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Employer Learning, Sorting, and Productivity:

Evidence from Computer Scientists

Alice H. Wu*

August 6, 2026

Abstract

How does employer learning affect the allocation of talent and aggregate produc-
tivity? I study this question in the labor market for computer science (CS) Ph.D.s,
using the job histories and post-Ph.D. publications of 31,000 graduates from 2000 to
2021. Publishing a CS conference paper raises the probability that a researcher moves
to a top tech firm in the following year, especially for workers who start at less pro-
ductive firms in industry. The increase in upward mobility upon publication is larger
for less experienced workers and for scarcer signals, such as first authorship or papers
with a matched patent. These patterns are consistent with predictions from an equi-
librium search model with public employer learning. Estimating the model, I find that
learning from post-Ph.D. publications accounts for 14% of overall CS publications, as
it reallocates high-ability researchers to employers that provide more opportunities to
publish. This contribution exceeds that of initial sorting, underscoring that much of
worker ability is revealed on the job rather than at entry.

*University of Wisconsin - Madison. I am deeply grateful to Larry Katz, Claudia Goldin, Elie Tamer, and
David Card for their invaluable guidance and encouragement. I thank Anna Le Sun for exceptional research
assistance, and thank Chris Taber, John Kennan, Rasmus Lentz, Chao Fu, Mandy Pallais, Jesse Shapiro,
David Cutler, Louis Kaplow, Francesca Miserocchi, Antonio Coran, Omeed Maghzian, Jacob Weber, Ayushi
Narayan, Audrey Tiew, Ariel Gomez, four anonymous scientists from industry, and seminar participants for
helpful discussions and comments. This work was supported by research grants from the Lab for Economic
Applications and Policy, and Harvard Stone Program in Wealth Distribution, Inequality & Social Policy. All
errors are my own.



1 Introduction

Identifying talent is critical to how labor is allocated across firms. A large body of research
suggests that workers’ abilities are only partially revealed prior to labor market entry, and
that substantial learning by employers occurs over the first decade or so of work (e.g., Al-
tonji and Pierret 2001; Farber and Gibbons 1996; Lange 2007). Existing tests of employer
learning, however, rely on indirect correlates of ability (Pinkston 2009; Schönberg 2007).
The public signals that learning models assume employers observe are rarely visible to
researchers. This missing-data challenge makes it difficult to measure employer learning
directly, let alone to quantify its consequences for the efficiency of talent allocation that
theoretical frameworks emphasize (e.g., Terviö 2009; Waldman 1984).

This paper asks how much employer learning matters for sorting and productivity. I
address the missing-data challenge by building a new dataset that combines the employ-
ment histories of Ph.D.s in computer science (CS) with their publications in major con-
ference proceedings. Comparing similar coworkers, I show how publications produced on
the job affect inter-firm mobility. I build an equilibrium search model with public employer
learning, which incorporates information frictions into sequential auction frameworks (Pos-
tel–Vinay and Robin 2002; Bagger, Fontaine, Postel-Vinay, and Robin 2014). The model
guides my empirical tests for employer learning and allows me to quantify structurally the
impact of learning on aggregate publication productivity.

Every year about 4,000 Ph.D.s graduate in CS or closely related fields in the United
States.1 The majority of new CS Ph.D.s enter the private sector, but they often keep pub-
lishing at academic conferences.2 These conferences are peer-reviewed and, in most CS
fields, matter more than journals (Ernst 2013; Vrettas and Sanderson 2015). Roughly half
of papers at major CS conferences since 2000 involve at least one Ph.D. author from the
industry. Initial information from the Ph.D. degree is less predictive of future research
success in CS than in economics.3 Publications after the Ph.D. reveal additional informa-
tion about research ability, and to my knowledge, this is the first paper to use them to test

1The number is based on the Survey of Earned Doctorates by the National Science Foundation (Online
Appendix Figure OA.1). Throughout this paper, I refer to computer scientists as workers who have a Ph.D.
in Computer Science or Electrical Engineering (including EECS) in the United States.

2According to the Survey of Doctoral Recipients (Figure OA.1), the share of new CS Ph.D.s entering the
industry has been increasing over the past 20 years and has exceeded 50% since 2017.

3Using the data on economists in Sarsons (2017), I find that Ph.D. school and cohort fixed effects can
explain about 18.8% of the variation in publications before tenure in economics. The same characteristics
can explain only 5.5% of the variation in publications five years after a CS Ph.D.
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directly for employer learning.
My empirical analysis builds on a new equilibrium on-the-job search model with in-

formation frictions about worker ability. Firms differ in productivity and workers differ
in research ability, which is unknown to all. As in sequential auctions (Postel–Vinay and
Robin 2002), workers and firms are forward-looking, and a worker accepts an outside of-
fer when the expected match value with the new employer exceeds that with the current
employer. The key departure from existing search models is employer learning. Given
the same opportunities to work on research, higher-ability workers publish more, and firms
observe the publications and update the market belief accordingly. Belief updates, how-
ever, do not map one-to-one into wages: two workers with the same belief can be paid
differently due to their bargaining positions. Learning can instead be measured through
job-to-job transitions. If offer arrivals increase with market belief, the equilibrium features
positive assortative matching between workers and firms. The structural estimates support
this assumption: offers from top industry firms increase with market belief, as do offers
from academia to postdocs and workers in industry. Positive assortative matching implies
that workers who publish are more likely to move up the job ladder — the basis for my test
of public learning.

I combine Ph.D. dissertations, public LinkedIn profiles, and post-Ph.D. research out-
put for 31,000 computer scientists who graduated between 2000 and 2021. I test for public
employer learning by comparing the job mobility of workers who produce a paper with
similar coworkers who do not. Any publication this year predicts higher job-to-job (J2J)
mobility across firms within one year, conditional on experience, position characteristics,
education, and firm-year fixed effects — comparing coworkers at the same firm and time.
The effect is strongest for workers in industry but outside the top firms. I define top firms
throughout as {Alphabet (Google), Meta (Facebook), Amazon, Apple, Microsoft, IBM}
— the “big tech” firms over the 2000–2022 sample period. These firms are also among the
most valuable employers based on revealed preference from J2J flows (Page, Brin, Mot-
wani, and Winograd 1999; Sorkin 2018) — the first five are exactly the five highest-valued,
and IBM ranks thirteenth.4

For workers at non-top firms in the industry, publishing a paper today predicts a 3.9
percentage points (p.p.) higher probability of moving to a different employer and a 2.1 p.p.

4Despite ranking below other top firms according to the PageRank algorithm, IBM has a strong research
division that employs about 3,000 researchers and was still the second-most-valuable tech company in 2011
(Macrotrends LLC 2026; Raghavan, Khare, and Gambetta 2025).

2



higher probability of moving to a top firm within one year — nearly doubling the mean
upward mobility rate of coworkers. An event study around the first publication after the
Ph.D. shows a 3.3 p.p. rise in moves to top firms within a year, and the increase continues
through year five. These patterns provide strong evidence for public employer learning
from publications as positive signals about worker ability.

For workers already at top firms, publishing does not raise retention, but it predicts
moving to a research-scientist role within top firms rather than an engineering one. Aca-
demics are also more likely to move to top firms upon publishing, suggesting that top firms
recruit high-ability researchers from both industry and academia (Miserocchi, Noray, and
Wu 2026).

The benchmark model also predicts that mobility responses increase with the scarcity
of the signal. I test this with two types of scarce signals: (1) whether the worker is listed
as first author, and (2) whether the publication has a matched patent application. First
authorship raises upward mobility from non-top to top firms by a further 1 p.p., relative to
coworkers who publish but are not first authors. The impact of first authorship on sorting to
top firms is more immediate and persistent for workers from academia, where author order
is more informative of intellectual contribution rather than management hierarchy.

The second scarce signal is a matched patent application. About 25% of papers by
industry researchers are accompanied by a patent application filed by their employers. Such
papers are more highly cited in later years, suggesting higher quality. Workers whose first
publication after the Ph.D. has a matched patent show a steeper rise from non-top to top
firms than coworkers with a paper alone, though the gap between the two groups is not
statistically significant. The gap is significant when research output is measured over the
past three years instead: authors who publish a paper with a matched patent in that window
are 1.0 p.p. more likely to move to a top firm the next year, whereas those with papers
alone show a smaller 0.3 p.p. increase.

The lagged mobility response to the signal of research ability provided by a combined
paper and patent application is partly driven by the delay in information about patenting.
By default, the United States Patent and Trademark Office (USPTO) publishes patent ap-
plications 18 months after their initial filing.5 The presence of a matched patent application
is therefore revealed later than the paper itself, offering a test for asymmetric learning be-
tween the incumbent and outside employers.6 Authors of papers with a matched patent are

5Title 35 U.S.C. 122 (AIPA 1999).
6Workers rarely advertise undisclosed patent applications on LinkedIn, seemingly respecting non-
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less likely to move than other authors within a year, when only the paper is public. But
in three years, once most patent applications are disclosed, they are more likely to leave
their original employers and enter top firms. An event study around the USPTO disclosure
date itself, however, shows no jump in mobility. The evidence is therefore mixed: outside
employers do not appear to react to the patent disclosure per se; recognizing high-quality
work may simply take them longer than it takes the incumbent.

Given the robust evidence for employer learning from publications, I focus on public
learning in the structural analysis and ask how much it matters for aggregate publication
productivity, as a measure of productive efficiency. Answering this requires linking the
sorting of heterogeneous workers across firms to publication output. Motivated by the
reduced-form analysis, I extend the benchmark model to consider three employer groups
— academia, non-top firms, and top firms — each representing a separate job ladder and
providing workers with different opportunities to publish. Key model parameters include
the within-group and cross-group offer arrival rates, which vary with employer belief. Pub-
lication productivity depends not only on worker ability but also on employer group, so the
sorting of workers across groups matters for overall publication output.

The model is estimated by the simulated method of moments, matching publication
output, upward and downward mobility within each group, and transitions across the three
groups. The estimated model reproduces the empirical relationship between publications
and job-to-job transitions. The main counterfactual shuts off belief updating from publi-
cations; I compare its impact on productivity with that of initial sorting and initial observ-
ables, computing each channel’s average marginal contribution following Shapley (1953).
Employer learning from post-Ph.D. publications has the highest Shapley value: it raises
mean publications per worker-year by 14%, led by a 20% increase in academia and a 17%
increase at top firms. These gains come from a larger share of high-ability workers reaching
top firms and academia later in their careers.

The second-most-important mechanism is initial sorting, which allows the first place-
ment to reflect information observed by employers at hiring but not by econometricians.
It accounts for 12% of overall publication output, but matters less for publication and job
transitions as workers gain experience. This dynamic path is consistent with Altonji and
Pierret (2001), who show that information available at labor market entry becomes less
correlated with earnings as employers learn.

This paper makes two main contributions. First, I contribute to the employer learning

disclosure agreements.
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literature by providing evidence of public employer learning from CS researchers’ career
trajectories after publications. Early works by Altonji and Pierret (2001) and Farber and
Gibbons (1996) attributed the increasing correlation between wages and AFQT scores (ob-
served by researchers but not by firms) over time to employer learning. The underlying
model of these studies posits that employers update their beliefs when new signals arrive,
but these signals are rarely observable except from within-firm personnel records (Kahn
and Lange 2014). In the CS labor market, I observe publications that are produced on the
job and signal workers’ research ability. By relaxing the perfect-competition assumption
often made in employer learning models, I derive predictions on changes in job mobility
following publications from the model equilibrium, and use them to test for public learning
even in the absence of individual wage data.

Second, this paper provides a tractable model that considers search frictions and in-
formation frictions simultaneously. Most search models assume that worker ability is
known, with Bagger et al. (2014) as an exception in that they have idiosyncratic produc-
tivity shocks. Pinkston (2009) considers asymmetric learning in sequential auctions and
derives pure bidding strategies as in Milgrom and Weber (1982) when outside firms hold
private information of their own. Without such information, outside bidders may adopt
mixed strategies as in Hendricks and Porter (1988) and Li (2013). However, these papers
are restricted to common-value auctions, and once firms differ in productivity, it is unclear
how wages are set. Relaxing the common-value assumption is important in this setting,
where high-ability researchers sort to top firms and academia. I therefore take one step
forward by introducing symmetric employer learning into a sequential auction model. Un-
der information symmetry and efficient contracting, the steady-state equilibrium remains
tractable and accounts for the evolution of employer beliefs. I use the estimated model to
quantify the role of employer learning in sorting and productivity, an exercise that can be
extended to other labor markets.

2 An Equilibrium Search Model with Employer Learning

I lay out a model of the sorting of workers to firms in a labor market with both search
frictions and learning about worker ability. Workers are engaged in on-the-job search as in
Postel–Vinay and Robin (2002), Bagger and Lentz (2019), and Bagger, Fontaine, Postel-
Vinay, and Robin (2014). Employers update their beliefs over time, conditional on public
signals, as in Kahn (2013); Kahn and Lange (2014); Schönberg (2007). In the steady-
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state equilibrium under public learning, I characterize the sorting between heterogeneous
workers and firms and derive testable predictions on worker mobility upon the revelation
of productivity signals.

2.1 Environment and Timing

The labor market is populated by rational, risk-neutral, and forward-looking workers and
firms, who share a discount rate ρ > 0. Time is discrete with an infinite horizon.

Workers. There is a unit mass of workers in every period. When workers enter
the labor market, they are endowed with a time-invariant research ability θ ∈ [0,1] that is
unknown to all agents, including the worker herself. The labor market only knows that
θ is drawn from a Beta distribution with shape parameters (α0,β0); the common prior is
therefore Beta(α0,β0).7

Firms. Firms vary by productivity φ ∈ [φ ,φ ] and have an additively separable produc-
tion technology across workers. Firms provide each employee N independent opportunities
to publish each period. Letting Y denote the number of publications a worker produces in a
period, the distribution of Y conditional on research ability θ is Binomial(N,θ). The flow
value of a match between a firm with productivity φ and a worker with ability θ is:

m(φ ,θ) = φ · (1+E[Y |N,θ ] ·η) (1)

where η > 0 is the additional return per publication, proportional to φ . In the benchmark
model, N is common across employers; Section 5.1 presents an extended model with em-
ployer heterogeneity in N. I estimate that academic employers and top firms in industry
provide more opportunities to publish than other employers, so the allocation of workers
across employers matters for overall publication productivity.

Information Set. I focus on symmetric learning, in which all agents observe the same
information. Workers are characterized by the cumulative number of publications since
labor market entry, denoted by S, and the number of years they have been employed, t.
Under the assumptions of a common prior and common N across employers, the pair (S, t)
is a sufficient statistic for the market belief about worker ability. Labor market entrants start
off with S = 0, t = 0, and the common prior Beta(α0,β0). Under Bayesian updating from
the binomial-distributed signals, the posterior belief for workers in state (S, t) is Beta(α0+

7The mean of the prior belief is α0
α0+β0

and the variance is α0β0
(α0+β0)2(α0+β0+1) . Holding the mean fixed, the

variance is decreasing in α0 +β0: the sum of the shape parameters measures the precision of the belief.
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S,β0+t ·N−S).8 Following Bagger et al. (2014), I assume that the state remains unchanged
for the unemployed, whereas for the employed, real experience increases from t to t + 1
and S accumulates with realized publications.

Offer Arrivals. Job offers are drawn from a continuous distribution F with support
[φ ,φ ], density f , and complementary CDF F(φ). An unemployed worker draws an offer
with probability λ0 ∈ (0,1). An employed worker receives an outside offer with probability
λ1(π) ∈ (0,1), where π is the posterior mean of the employer belief and equals E[θ |S, t] =

α0+S
α0+β0+N·t for those in state (S, t). The dependence on π can be derived from a model with
endogenous search intensity (Bagger and Lentz, 2019): workers with a more favorable
belief have stronger incentives to search to match with more productive firms.9 Bagger et al.
(2014) similarly allow λ1 to increase with worker ability to generate positive assortative
matching. I characterize the equilibrium sorting under the assumption that λ1 is increasing
in the posterior mean, which is supported by the structural estimates (Section 5).

Timing of Events. At the beginning of each period, a measure µ of entrants with ex-
perience t = 0 is randomly matched with firms drawn from F ; µ equals the probability that
an experienced worker permanently exits the labor market, so the labor force is stationary.
For workers with at least one year of experience, each period unfolds as follows:

1. Production and signals. The employed produce at their employers, and on-the-job
publications y ∈ {0,1, . . . ,N} are realized and publicly observed; the state moves
from (S, t) to (S+ y, t +1), where S denotes cumulative publications before this pe-
riod. The unemployed do not publish and the state remains unchanged.

2. Shocks. The employed face mutually exclusive shocks: permanent exit (µ), layoff
into unemployment (δ ), displacement with a new employer drawn directly from F

(κ), and the arrival of an outside offer (λ1(E[θ |S+y, t +1])).10 The unemployed exit
with probability µ or draw an offer with probability λ0, with µ +λ0 < 1.

3. Job transitions are realized, and the next period begins.
8The Beta-Bernoulli or Beta-Binomial update scheme has a wide range of applications. Katz (1985) uses

it to model the possibility of recall after layoffs. More recently, Lim (2025) uses it to represent college
students’ learning about their STEM abilities from course grades.

9Online Appendix B.3 presents a richer model with endogenous search intensity.
10The shocks are mutually exclusive draws from a single lottery, with µ +δ +κ +supλ1 < 1. The κ shock

introduces involuntary job-to-job transitions down the job ladder; Bagger and Lentz (2019) refer to it as an
advance layoff notice.
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2.2 Value Functions

In the steady state, wage contracts are renegotiated sequentially upon mutual agreement
(Postel–Vinay and Robin 2002). Following Bagger and Lentz (2019) and Lindenlaub and
Postel-Vinay (2023), I focus on the joint value of a match V (φ ,S, t), where φ is firm pro-
ductivity and (S, t) summarizes the state of the worker. Under efficient contracting, a new
match is formed only if it yields a joint value exceeding that of the current match.

Wages are set by generalized Nash bargaining, and workers have bargaining power
γ ∈ (0,1). Outside offers from inferior firms may increase the wage but do not change the
joint value.11 The worker leaves firm φ upon receiving an offer from firm φ ′ that yields a
higher joint value, i.e., V (φ ′,S, t)>V (φ ,S, t). She moves to φ ′ and uses the current match
value V (φ ,S, t) as her bargaining position.

The bargaining process also applies to the unemployed, whose outside option is the
value of unemployment U(S, t) when negotiating with any arriving firm. The value of an
unemployed worker in state (S, t) is:

U(S, t) =b+
λ0 γ

1+ρ

∫
φ

φ

(
V (φ ′,S, t)−U(S, t)

)
dF(φ ′)+

1−µ

1+ρ
U(S, t) (2)

in which b denotes unemployment benefits, and the value of exiting the labor market is
normalized to zero. Unemployment benefits are assumed to be low enough that V (φ ,S, t)≥
U(S, t) in all states (S, t), so the unemployed accept any arriving offer.

The joint value between a worker in state (S, t) and a firm of productivity φ in steady
state is the sum of the expected flow output (1) and the next-period continuation value, dis-
counted by factor 1+ρ . Relative to existing on-the-job search models, the key innovation
is to allow market beliefs about worker ability to evolve based on public signals. The con-
tinuation value, accounting for all scenarios described in the timing of events, is a weighted
average over realized signals y ∈ {0,1, . . . ,N}, with marginal likelihood Pr(Y = y|S, t) as
weights, given employer belief θ ∼ Beta(α0 + S, β0 + t ·N − S).12 Outside offers arrive

11Meeting a less productive firm may improve the worker’s bargaining position and generate a higher
wage (Cahuc, Postel-Vinay, and Robin 2006; Bagger et al. 2014). Wage setting does not affect mobility
under efficient contracting: the worker at φ can capture V (φ ′,S, t)+γ · (V (φ ,S, t)−V (φ ′,S, t)) when an offer
from φ ′ with V (φ ′,S, t)<V (φ ,S, t) arrives. She does not leave the original firm, and the joint value remains
V (φ ,S, t). Lentz, Maibom, and Moen (2026), for example, simply assume that meetings with inferior firms
do not lead to a wage increase.

12Given belief θ ∼ Beta(α0 +S, β0 + t ·N −S) and Y |θ ∼ Binomial(N,θ), the probability that the worker
produces y publications in a period is Pr(Y = y|S, t) =

(N
y

)B(α0+S+y,β0+(t+1)·N−S−y)
B(α0+S,β0+t·N−S) , where the beta function

B(a,b) :=
∫ 1

0 θ a−1(1−θ)b−1dθ .
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with probability λ1(E[θ |S+ y, t +1]), evaluated at the posterior mean.

V (φ ,S, t) (3)

= m(φ ,E[θ |S, t])︸ ︷︷ ︸
flow

+
N

∑
y=0

Pr(Y = y|S, t) δ +κ

1+ρ
U(S+ y, t +1)︸ ︷︷ ︸

unemployed

+
N

∑
y=0

Pr(Y = y|S, t) κ

1+ρ
· γ

∫
φ

φ

(
V (φ ′,S+ y, t +1)−U(S+ y, t +1)

)
dF(φ ′)︸ ︷︷ ︸

surplus from involuntary J2J

+
N

∑
y=0

Pr(Y = y|S, t)λ1(E[θ |S+ y, t +1])
1+ρ

· γ
∫

φ

φ

(
V (φ ′,S+ y, t +1)−V (φ ,S+ y, t +1)

)
dF(φ ′)︸ ︷︷ ︸

surplus from bargaining with a higher-value firm

+
N

∑
y=0

Pr(Y = y|S, t)1−µ −δ −κ

1+ρ
V (φ ,S+ y, t +1)︸ ︷︷ ︸

match value at φ

.

The joint value is strictly increasing in firm productivity φ (Lemma 1 in Appendix B.1).
Hence workers accept an outside offer if and only if it comes from a more productive firm.

2.3 Steady-State Equilibrium

The steady-state distributions of workers across firms are derived from flow-balance equa-
tions. Workers are characterized by ability θ , cumulative publications S, and real experi-
ence t. Denote by u(θ ,S, t) the density of unemployed workers with ability θ in public
state (S, t), and by l(θ ,S, t) the density of the employed.

Entrants are characterized by (S, t) = (0,0), with ability drawn from the population
distribution Beta(α0,β0); because they are assumed to start with a job, u(θ ,0,0) = 0 and
l(θ ,0,0) ∝ θ α0−1(1−θ)β0−1. At experience level t > 0, the flow-balance equation for the
employed with public state (S, t) and true ability θ is:

l(θ ,S, t) = λ0 u(θ ,S, t)+(1−µ −δ )
min(N,S)

∑
y=0

Pr(Y = y|θ) l(θ ,S− y, t −1) (4)

On the left-hand side, all the currently employed in state (S, t) constitute the outflow, as ex-
perience increments to t +1. The inflow on the right-hand side comprises the unemployed
whose state remains unchanged at (S, t), and the employed previously in state (S−y, t−1),
which is updated to (S, t) upon producing y publications. By solving the system of flow-
balance conditions recursively for the unemployed and the employed, I show that the ratio
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l(θ ,S,t)
l(θ ,0,0) equals the probability of accumulating S publications in tN trials times the proba-
bility of remaining in the labor force through t years of experience (Lemma 2 in Online
Appendix B.1).

The joint distribution of workers and firms in steady state depends on inflows from
prior beliefs, introducing a recursive structure that links the joint distribution across public
states. Denote by G(φ |θ ,S, t) the distribution of firms conditional on worker ability θ and
public state (S, t). I show that conditional on the public state, G(φ |θ ,S, t) is independent of
ability θ (Lemma 3) and the following holds:

G(φ |S, t) ∝F(φ) ·
(

λ0δ

µ +λ0
+κ

)
(5)

+(1− δ̃ −λ1(E[θ |S, t]) ·F(φ))
min(N,S)

∑
y=0

(N
y

)((t−1)N
S−y

)(tN
S

) G(φ |S− y, t −1).

The first term on the right-hand side, proportional to sampling distribution F(φ), captures
inflows from unemployment and involuntary J2J moves. The second term captures the
flows of the employed from prior (S−y, t −1) to posterior (S, t), accounting for exogenous
separation risks (δ̃ := µ + δ + κ) and poaching by more productive firms, which occurs
with probability λ1(E[θ |S, t]) ·F(φ).

At any experience t ≥ 1, G(φ |S, t) < F(φ) for all φ ∈ (φ ,φ): workers are more con-
centrated at productive firms than the offer distribution would suggest, a result that is well
established in equilibrium search models (e.g., Postel–Vinay and Robin 2002). If λ1 is
constant, the conditional distribution is independent of the cumulative signals S, and hence
of the employer belief. Proposition 1 establishes positive assortative matching under the
assumption that λ1 is increasing in the posterior mean.

Proposition 1 (Positive Assortative Matching) Assume the offer arrival rate λ1 is in-

creasing in the posterior mean. For all φ ∈ (φ ,φ), at any experience t ≥ 1, the following

holds:

a) Given cumulative signals S,S′ ∈ {0,1, . . . , tN},

S > S′ ⇒ G(φ |S, t)< G(φ |S′, t). (6)

b) Let G(φ |θ , t) denote the distribution of firms conditional on true ability θ and expe-

rience t. For any θ ,θ ′ ∈ (0,1),

θ > θ
′ ⇒ G(φ |θ , t)< G(φ |θ ′, t). (7)
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Proof in Appendix B.2. This equilibrium result establishes positive assortative matching
between firms and workers (a) with more cumulative signals S, and (b) with higher underly-
ing ability θ , both in the first-order stochastic dominance sense. This analytical result under
employer learning complements Bagger et al. (2014), who show PAM numerically when
offer arrival rates increase with human capital, and Lindenlaub and Postel-Vinay (2023),
who establish PAM via multi-dimensional matching.

The assumption that λ1 increases with the posterior mean E[θ |S, t] can be rationalized
by endogenous search intensity as in Bagger and Lentz (2019) and Lentz (2010): given the
supermodular production function (1), workers with a higher employer belief gain more
from moving to more productive firms and therefore search harder. Alternatively, firm pro-
ductivity could be two-dimensional: workers who publish more are more likely to cross
belief thresholds and enter firms that are more productive in research, as in assignment
models (Gibbons and Waldman 1999; Gibbons and Katz 1992). I sketch both ideas in Ap-
pendix B.3. The structural estimates in Section 5 show that job arrival rates from top firms
strongly increase with the posterior employer belief, further supporting this assumption.

2.4 Predictions on Job Mobility

The steady-state sorting results in Proposition 1 have direct implications for worker mo-
bility across firms following signal realization, which I formalize as testable predictions
below. The predictions are derived under the assumption that λ1 is differentiable and in-
creasing in the posterior mean (λ ′

1 > 0). The last two predictions additionally require λ1 to
be locally linear.13 The proofs are in Appendix B.4.

Prediction 1 (Job Mobility in Response to Publications) Relative to coworkers with

the same prior, workers who publish more exhibit higher mobility across firms and are

more likely to move to more productive firms.

Prediction 1 follows directly from the steady-state worker flows and the assumption that
λ1 increases with the posterior mean. Consider coworkers who share the same employer
belief Beta(α,β ) and the same opportunities to publish N. The posterior mean given y new

13Based on the structural estimates in Section 5, the 95-th percentile of posterior mean is 0.40, and the
semi-elasticity of offer arrivals from top firms is 1.36 (equation 12). For π ∈ [0,0.40], the exponential factor
exp(1.36π) is nearly linear in π: a linear approximation has slope 1.80 and R2 = 0.995, with a RMSE less
than 0.015 against a total variation of 0.72. Local linearity is therefore a good approximation at the estimated
arrival rates.
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publications is α+y
α+β+N , which is increasing in y. Under the assumption λ ′

1 > 0, workers
who produce more publications face a higher arrival rate of outside offers and are more
likely to move to more productive firms, as long as the current firm satisfies φ < φ .

Prediction 2 (Belief Precision) Given a current belief Beta(α,β ), the update in the poste-

rior mean based on publications is smaller for workers with a more precise belief, measured

by α +β . If λ1 is locally linear, the smaller belief update translates to a smaller mobility

response to publications.

Consider two workers who share the same current belief and the same N, and who produce y

and y′ publications, respectively. The gap in their posterior means, |y−y′|
α+β+N , is smaller when

the belief precision α+β is higher.14 If λ1 is increasing and locally linear, a smaller change
in the posterior mean translates into a smaller change in the arrival rate of outside offers, and
hence a smaller mobility response. Since the belief precision α +β rises with experience
as opportunities to publish accrue, this prediction implies that the mobility response to a
publication is stronger for less experienced workers. It can also be tested by comparing
workers whose ability is assessed more precisely at entry, such as graduates of well-known
schools versus others.

Prediction 3 (Signal Scarcity) The update in the posterior mean based on publications is

larger when there are fewer opportunities to produce such signals, i.e., when N is lower.

If λ1 is locally linear, the larger belief update translates into a larger mobility response to

signals.

When there are fewer opportunities to publish, each new publication generates a larger
change in the posterior mean. In the benchmark model, N is common across employers. I
relax this in the structural model and estimate that there are more opportunities to publish
in academia than in industry, and at top firms than at non-top ones. This prediction can
be tested by comparing the mobility responses to publications across these origins, and by
exploring rarer signals such as first-authored papers or publications with a matched patent.

3 Data

This section describes the data I collected on the career trajectories and research outputs of
Ph.D. computer scientists. I discuss the matching between Ph.D. dissertations and public

14Holding the posterior mean fixed, a larger α +β implies a smaller belief variance αβ

(α+β )2(α+β+1) .
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LinkedIn profiles, and measures of on-the-job research based on conference publications
and patent applications.

3.1 Ph.D. Graduates in CS Fields

I focus on Ph.D. graduates in CS and closely related fields, who, like economics Ph.D.s,
may take a tenure-track or postdoc job in academia, or a job outside academia that can
also be research-intensive.15 The share of new CS Ph.D.s entering industry as opposed
to academia has been increasing over the past two decades and has been over 50% since
2017. On the ProQuest Theses and Dissertation Database, I identified about 68,000 Ph.D.
dissertations in computer science or electrical engineering from the top 60 CS schools in
the United States, between 2000 and 2021.16 Each dissertation record includes the full
name of the doctoral recipient, institution, and year of Ph.D.

3.2 Public LinkedIn Profiles of CS Ph.D.’s

I developed a program that queries public profiles on LinkedIn Recruiter Lite, a subscription-
based recruiting platform that provides access to LinkedIn’s member database with ad-
vanced search filers. For each person in the dissertation sample, I submitted a query by
the person’s full name, Ph.D. institution, and degree information.17 About 51% of the
queries returned at least one LinkedIn profile, resulting in 31,000 fully matched profiles for
graduates between 2000-2021.18

Each profile is formatted as a résumé, containing public information on education and
employment history. I constructed a longitudinal dataset of post-Ph.D. job history for the
fully matched individuals. On average, a CS Ph.D. has 1.9 industry employers, 0.2 postdoc
employers, and 0.3 tenure-track employers after Ph.D. (Online Appendix Table OA.1). For
each worker×year observation, I identify the primary employer and the corresponding job

15See Online Appendix Figure OA.2 for research scientist job ads. CS Ph.D.s may also work as engineers,
but they often start as senior software engineers or research engineers, the latter of whom can also publish.

16I use the ranking of CS departments on CSRankings. Appendix Tables OC.1-OC.2 display the number
of dissertations by year and by institution.

17With a Recruiter Lite subscription, I searched for a small batch of graduates each time and viewed the
returned profiles on the platform. Appendix Figure OC.1 shows a sample query.

18A profile is considered matched to the graduate only if the full name and Ph.D. institution match exactly,
and the year of Ph.D. is the same if available on the profile. The matching rate is higher for cohorts after 2006
(Figure OC.2). Differences between matched and unmatched graduates are small: the unmatched publish 0.8
more papers on average (3.6% relative to the mean) and have 0.8 p.p. higher share of academic affiliations (a
2% difference).
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title.19 A job-to-job transition is defined as a change in one’s primary employer from one
year to the next. About 13% of workers at non-top firms transition to a new employer per
year, whereas workers at top firms or in academia are less mobile (Table OA.2).

3.3 On-the-job Research

To measure the research output of Ph.D. computer scientists, I collected papers published in
80 CS conferences and two machine learning journals, all of which are used by CSRankings
to rank CS departments. Unlike in economics, conference proceedings are the primary
publication venue in computer science for most subfields and are widely recognized as
a key criterion for academic promotion (Computing Research Association 1999; Amato,
Daescu, Gini, Hayes, Larson, Li, Lin, Lopresti, Siek, Spafford, and Zorn 2025). I searched
for papers at each conference/journal×year on Scopus, a large-scale publication database
produced by Elsevier.20 Each publication record includes a complete list of authors and
their affiliations, which indicate the employer of an author at the time of publication.

To match papers with education and job histories, I cleaned and harmonized institution
names from all three sources: author affiliations on CS publications, Ph.D. institutions
on ProQuest, and employers on LinkedIn. A paper is labeled as pre-Ph.D. research if it
was published before graduation and the author affiliation matches her graduate school.
After Ph.D., a paper is considered on-the-job research if the author affiliation matches her
employer at the time of publication.21 About 30% of matched computer scientists have at
least one on-the-job research publication after the Ph.D. (Table OA.1). At the person-year
level, the publication rate is higher at top firms: 11% of employees at top firms publish at
least one paper per year, versus 3% at non-top firms (Table OA.2).

4 Empirical Evidence of Learning and Sorting

Using publication and job records of CS Ph.D. graduates, I show that on-the-job publi-
cations predict higher upward mobility across a range of outcomes, providing evidence

19If there are multiple employers in a year, I rank them in descending order by (1) full-time position (over
contract or visiting), (2) months worked at the employer during the year, and (3) tenure at the employer.

20I am especially grateful to Anna Sun for her help with the Scopus Search API.
21The publication cycle is substantially shorter in computer science, making it unlikely for a dissertation

chapter to be published as conference proceedings years later. I further check whether coauthors on a paper
are affiliated with the Ph.D. school or with the current employer. Roughly 1% of post-Ph.D. publications
have the majority of coauthors affiliated with the Ph.D. school and are excluded from on-the-job research.
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for the model predictions on public employer learning. I then exploit patents matched to
publications to test for asymmetric learning; the evidence is weaker than that for public
learning.

4.1 Job Mobility in response to Publications

Prediction 1 states that workers who publish are more likely to move, and to move up,
relative to similar coworkers. I test this prediction by regressing year-to-year job transitions
on an indicator for any publication this year, conditional on experience after the Ph.D.,
current position characteristics, demographics, Ph.D. school×cohort, and firm×year fixed
effects.

FIGURE 1. Any publication on job outcomes next year
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Notes: This figure shows the predictive effect of any publication this year on (a) moving to a differ-
ent employer, and (b) moving to a top firm in the next year. Each regression controls for a quartic
in experience since the Ph.D. (divided by 10), indicators for current position characteristics (aca-
demic, engineer, scientist, manager, and senior), gender, and region of bachelor’s degree, with Ph.D.
school×cohort fixed effects and firm×year fixed effects. Each panel reports the pooled estimate in
the full sample and then the estimates separately by whether workers are at non-top firms, at top
firms, or in academia this year. 95% confidence intervals are computed from robust standard errors
clustered at the Ph.D. school×cohort level.

Workers who publish this year are 1.5 p.p. more likely to change employers the next
year than similar coworkers, according to the pooled estimate in panel (a) of Figure 1. I
then estimate the regression separately by worker origin. Those who publish a paper while
working for a non-top firm in industry are 3.9 p.p. more likely to move. The effect is also
positive for academics. But there is no effect for workers already at top firms, consistent
with the model, in which workers at the top have no more productive firms to move to.
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Panel (b) shows that workers who publish are not moving randomly. Any publication
predicts a 2.1 p.p. increase in moving to a top firm the next year for workers at non-top
firms, and a 0.6 p.p. increase for academics, suggesting that top firms also draw productive
researchers from academia, not just from other firms in industry.

These mobility responses also hold at the intensive margin. Appendix Figure OA.3
shows similar findings when publication output is measured by the asinh of publications
at the worker-year level. The contrast between workers publishing at non-top firms and
top firms can also be driven by a larger belief update at places with fewer opportunities
to publish, in support of Prediction 3: non-top firms are estimated to provide one to three
fewer opportunities to publish than top firms per year in Section 5.

4.1.1 Upward Mobility from Non-top to Top Firms

Workers at non-top firms show the strongest association between publications and job
mobility. I therefore estimate how upward mobility to top firms evolves around the first
publication one to three years after the Ph.D., using a dynamic difference-in-differences
model:22

Mit = ∑
l ̸=0

βl D(l)
it + ∑

l ̸=0
γl D(l)

it ·Publishedi +αi +µt + εit (8)

where Publishedi = 1 for workers who publish a paper at event time l = 0. The con-
trol group comprises workers without a publication in the first three years after the Ph.D.,
for each of whom I draw a placebo event time from an ordered logit, following Kleven,
Landais, and Søgaard (2019).23 The event dummy D(l)

it = 1 when calendar time t is l

periods from the first (real or placebo) publication. The model is estimated on workers em-
ployed by non-top firms at l = 0, with worker fixed effects, which also absorb origin-firm
effects. The identifying assumption is that, in the absence of the publication signal, treated
workers would have followed career trajectories parallel to those of control workers, whose
placebo event times are drawn conditional on initial characteristics.

Panel (a) of Figure 2 shows the dynamic effects of the first publication on employment
by top firms at the annual level. There is no differential pre-trend between workers with and
without a publication within three years of the Ph.D. One year after the first publication,

22I drop publications in the Ph.D. year, which are typically dissertations rather than on-the-job research.
23 Among workers with a publication within three years, I estimate an ordered logit regression of years

to the first publication on characteristics of the first job, and Ph.D. school×cohort fixed effects. For workers
without a publication in three years, I draw a placebo event time (1, 2, or 3 years after the Ph.D.) from the
fitted categorical probabilities of this model.
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authors are 3.3 p.p. more likely to be employed by a top firm. Upward mobility continues
to rise over the following years and stabilizes around 9 p.p. by year five. Zooming in on
quarterly data, panel (b) shows that transitions to top firms begin four quarters after the
publication and continue to rise for about four years.24 This profile is consistent with the
search model: beliefs update when the paper is published, but outside offers arrive at finite
rates, so transitions to top firms accumulate over time rather than jump on impact. These
results hold when I replace worker fixed effects with origin-firm fixed effects, comparing
publishing and non-publishing coworkers (Figure OA.4).

The event study thus provides further evidence that workers who publish at non-top
firms experience a substantial and persistent increase in upward mobility.

FIGURE 2. Employment by top firms after the first publication
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Notes: This figure shows the difference-in-differences estimates of {γl} in equation (8) — the dy-
namic effects of the first publication on employment by top firms. All workers are employed by
non-top firms at event time l = 0 and have a job record in every period between −1 and 3. The
treated publish their first paper 1–3 years after the Ph.D. while employed by non-top firms at 0. The
controls publish none within three years of the Ph.D. and are assigned a placebo event time from an
ordered logit on characteristics of the first job and Ph.D. school×cohort fixed effects. Panel (a) is
annual, and panel (b) quarterly. Standard errors are robust and clustered at the worker level.

4.1.2 Retention at Top Firms and Other Mobility Outcomes

Publication is not associated with overall retention at top firms. Decomposed by role,
however, the picture changes: the first two panels of Appendix Figure OA.5 show that
employees of top firms who publish are 3.5 p.p. more likely to become research scientists,

24I use the conference date to identify the quarter of publication. For the control group, I assign a random
quarter in the placebo event year.
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and 0.7 p.p. less likely to become engineers, than comparable coworkers. Publications thus
predict which role a worker holds within a top firm, not whether she stays. Vesting stock
options may also encourage workers to switch roles internally rather than leave the firm.

The scientist-versus-engineer contrast also holds for workers outside top firms, who
after publishing are more likely to enter top firms as research scientists than as engineers
— further evidence that publications help top firms identify and channel high-ability re-
searchers into research roles.

Using wage records from H-1B visa and green card petitions for foreign workers, I
define a move to a higher-wage firm as an alternative measure of upward mobility. Panel
(c) of Figure OA.5 mirrors the pattern in Figure 1: workers who publish at non-top firms
are 2.3 p.p. more likely to enter a higher-wage employer the next year. Excluding moves
to top firms (which often pay higher wages), panel (d) shows that the effect falls below 0.8
p.p. for workers at non-top firms and below 0.5 p.p. for academics. This contrast confirms
that upward mobility to higher-wage firms operates mostly through transitions to top firms.

The last two outcomes in Figure OA.5 concern promotions, defined as a move to a
more senior job title or to a higher-paid position based on posted wages for foreign workers.
Any publication predicts a 2.5 p.p. increase in promotion to a senior job title for workers
at non-top firms, and a 1.8 p.p. increase for workers at top firms (panel (e)). For moves
to a higher-wage position, panel (f) shows that the effect of any publication exceeds 3 p.p.
for workers at non-top firms and academics, but is near zero at top firms. Because posted
wages miss pay variation within firm×position, this near-zero effect at top firms need not
indicate an absence of advancement: combined with the results on becoming a scientist
versus an engineer (panels (a)–(b)), it is plausible that workers who publish at top firms
advance their careers by transferring to a research role.

Together, these results support Prediction 1: workers who publish outside the most
productive firms are more likely to move, and to move up to top firms. Even within top
firms, publication predicts internal shifts towards research roles.

4.2 Heterogeneity Analysis

4.2.1 Heterogeneity by Worker Characteristics

Prediction 2 states that the mobility response to publication output is smaller for workers
with more precise beliefs. To test this prediction, I consider several characteristics that are
correlated with the precision of employer beliefs. For each characteristic C, I regress next
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year’s employment outcome on any publication this year, C, and their interaction, using the
same controls and firm×year fixed effects as described under Figure 1.

Figure 3 plots the interaction coefficients for two measures of upward mobility from
non-top firms: panel (a) for employment by a top firm next year, and panel (b) for employ-
ment as a research scientist at a top firm.

FIGURE 3. Heterogeneity in Mobility Response by Worker Characteristics
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Notes: The sample comprises workers currently at non-top firms. The first row reports the baseline
effect of any publication this year on (a) employment at top firms and (b) employment as a research
scientist at a top firm next year, using the specification described under Figure 1. Each subsequent
row adds to that specification an interaction between any publication and one worker characteristic,
together with its main effect; the plotted coefficient is the interaction term. Experience is years
since the Ph.D. divided by 10. Top Ph.D. equals 1 for the top eight programs (CMU, MIT, Berkeley,
Stanford, Princeton, Cornell, Georgia Tech, and UIUC). BA in US/Asia indicate whether the worker
obtained her bachelor’s degree in the U.S. or Asia, respectively. Gender is identified from name and
profile picture. First author indicates being listed first on the paper.

The first characteristic, labor market experience, proxies for belief precision: as oppor-
tunities to publish accrue over time, employers form a more precise belief about a worker’s
research ability. For both outcomes, more experienced workers show a smaller increase in
upward mobility one year after publishing. Among workers more than ten years past the
Ph.D., publishing has little effect, consistent with evidence that employer learning matters
more early in the career (e.g., Lange 2007).

I consider a few other characteristics that may reflect varying degrees of precision of
the prior beliefs about worker ability. The labor market may hold more precise priors about
graduates from the top eight CS Ph.D. programs in the U.S. Any post-Ph.D. publication
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raises transitions to top firms less for these graduates than for others, while its effect on
becoming a research scientist at top firms does not differ. Workers with a bachelor’s degree
from Asia see a stronger increase in mobility to top firms after publishing, consistent with
less precise priors about workers educated abroad, but this gap does not extend to becoming
a research scientist at a top firm. The estimates for the gender interaction are noisy and
centered around zero, providing no evidence for statistical discrimination in the form of
less precise beliefs about either gender.

4.2.2 First Author versus Others

There are fewer opportunities to be the first author on a paper than to publish at all. I
exploit that scarcity to test Prediction 3: fewer opportunities to produce a signal generate a
larger belief update, and if the offer arrival rate is locally linear, a larger mobility response.
The last row in Figure 3 shows that for workers at non-top firms, first authorship raises
upward mobility to top firms by 1.1 p.p. (t = 1.5), and the probability of becoming a
research scientist at a top firm by 1.7 p.p. (t = 3.0). The effect of first authorship is thus
concentrated in the research-scientist outcome.

Focusing on the first publication one to three years after the Ph.D., I estimate a dy-
namic difference-in-differences regression that allows the dynamic effects to differ between
first authors and other authors:

Mit =∑
l ̸=0

βl D(l)
it + ∑

l ̸=0
γ

first
l D(l)

it ·Publishedi ·FirstAuthori (9)

+ ∑
l ̸=0

γ
others
l D(l)

it ·Publishedi · (1−FirstAuthori)+αi +µt + εit .

Panel (a) of Figure 4 shows that first authors from non-top firms move up at similar
rates to other authors in the first year after publication, but follow a steeper trajectory over
years two to five. Panel (b) shows the same event study for workers whose first publication
is in academia. There, first authors move to top firms at higher rates than other authors
even in the first year, and the gap persists over the following decade. The sharper contrast
in academia may reflect that author order is more informative about individual contributions
there: industry employers may set author order by internal hierarchy or even conceal talent
strategically, as in Waldman (1984), weakening the signal content of first authorship.
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FIGURE 4. Event Study: Moving to Top Firms, First Author vs. Others
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Notes: This figure plots the difference-in-differences estimates of {γfirst
l } for first authors, and

{γothers
l } for other authors, from equation (9). Panel (a) focuses on workers employed by non-

top firms at event time l = 0, and panel (b) on workers in academia at l = 0. The treated publish
their first paper 1–3 years after the Ph.D. The controls are assigned a placebo event time from the
ordered logit described in Footnote 23. All workers have a job record in every year between -1 and
3 relative to the event time. Standard errors are robust and clustered at the worker level.

4.3 Additional Signals: Patent Applications matched to Papers

Firms often file patent applications to protect the inventions disclosed in a publication.
Papers with a matched patent application show a steeper rise in citations after the first year
(Appendix Figure OC.3), suggesting that the authors’ employers observe more about a
work’s quality and commercial value than is disclosed in the paper, and file for a patent to
secure exclusive rights.

I identify patent applications matched to CS papers by comparing team members, af-
filiations, and content similarity.25 About 25% of papers by CS Ph.D.s in industry, and 5%
of papers by those in academia, are accompanied by a patent application. Appendix Table
OA.3 provides examples: a matched pair may have different titles but similar abstracts, and
the patent application often adds technical details and clarifies which contributions of the
paper are claimed as inventions.

Since there are fewer opportunities to produce papers with a matched patent, I test
Prediction 3 by replacing FirstAuthori in regression (9) with an indicator for whether the
first publication has a matched patent application. Panel (a) of Figure 5 shows the estimates

25I follow the prediction-based matching of Marx and Scharfmann (2024); the matching procedure is
described in Appendix C.2.
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for workers at non-top firms: those whose first publication has a matched patent are 1.5 p.p.
more likely to move to a top firm within a year than coworkers who publish without one,
and the gap widens to 5.2 p.p. by year five, though it is never statistically significant at the
5% level.

FIGURE 5. Event Study: Moving to Top Firms, Matched Patent or Not
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Notes: This figure shows the difference-in-differences estimates from equation (9), replacing the
first-author indicator with an indicator for whether the first publication has a matched patent appli-
cation (MPi). I plot the dynamic effects {γMP

l } for workers with MPi = 1 and {γothers
l } for other

authors. Panel (a) covers workers employed by non-top firms at l = 0, and panel (b) on workers in
academia at 0. All workers are required to have a job record in every year between -1 and 3 relative
to the event time. Standard errors are robust and clustered at the worker level.

Researchers in academia provide a placebo test. Academia does not hire or promote
researchers based on patents, and academics have more discretion over whether to patent
their work. The number of matched patents is therefore not an employer-set opportunity
constraint N in academia, and the scarcity mechanism in Prediction 3 does not apply. Panel
(b) shows the estimates for workers in academia at l = 0: a matched patent does not predict
higher transitions to top firms, suggesting that top firms do not place much weight on
patenting when screening candidates from academia.

Beyond serving as a rarer signal, the matched patent also arrives with a lag: patent ap-
plications are disclosed by the USPTO with an 18-month delay by default, so for a window
the incumbent employer — who makes the patenting decision — knows of the patent ap-
plication while outside firms do not. I find no evidence that workers advertise unpublished
patent applications on LinkedIn, and conversations with industry professionals indicate that
recruiters respect non-disclosure agreements and avoid asking about unpublished applica-
tions. I exploit this lag to test for asymmetric learning.
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Focusing on the first publication within three years of the Ph.D., I re-estimate regres-
sion (9) at the quarterly level around the conference date, when the paper becomes public.
Panel (a) of Figure 6 shows that among workers at non-top firms, those with a matched
patent are over 1 p.p. more likely to be at a top firm four quarters after the paper date than
authors without one, and the gap persists thereafter. As in the annual event study (panel (a)
of Figure 5), the gap is not significant.

FIGURE 6. (Quarterly) Event Study around Paper versus Matched Patent
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Notes: Panel (a) shows the difference-in-differences estimates of regression (9), replacing the first-
author indicator with an indicator for whether a worker’s first publication 1-3 years after Ph.D. has
a matched patent application. Event time 0 is the quarter the paper is published (using conference
dates). The controls are workers without a publication 1–3 years after the Ph.D. and I assign a
placebo event quarter. Panel (b) restricts to workers who publish within 3 years, and the event time
0 is the quarter a matched patent is published by the patent office. The controls for (b) are workers
whose first publication is not matched to any patent application. For the controls, I draw a placebo
quarter of patent revelation by estimating a Poisson regression of quarters until patent disclosure on
initial worker and job characteristics.

Panel (b) instead centers on the quarter the patent application is disclosed by USPTO. I
focus on workers who publish 1-3 years after Ph.D., so the comparison is between matched-
patent and paper-only authors. I assign a placebo event quarter to each worker in the paper-
only group.26 The difference-in-differences estimates show no increase in upward mobility
to top firms around the patent disclosure date. The absence of a jump makes it hard to
pin down when the information gap closes — it does not appear to close when the patent

26Among workers with a patent matched to their first publication, I estimate a Poisson regression of
the number of quarters between paper and patent disclosure on characteristics of the first job and Ph.D.
school×cohort fixed effects. For each worker in the paper-only group, I draw a placebo event time from a
Poisson distribution with mean equal to the predicted value.
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application becomes public.
Looking beyond the first publication after the Ph.D., I find some evidence of asymmet-

ric learning based on the relationship between lagged innovation outputs and employment
outcomes. At non-top firms, workers who publish a paper with a matched patent are 3.5
p.p. less likely to leave in one year than paper-only coworkers (column 1 of Table 1). In-
cumbent employers may match outside offers to retain workers they privately know to be
better than the market believes.

TABLE 1. Papers & Matched Patents on Job Mobility

Move to a different firm at (t+1) Employed by Top Firms at (t+1)

(1) Nontop (2) Top (3) Academia (4) Nontop (5) Top (6) Academia

Research Output at t
Paper+Patent 0.0088 -0.0172∗∗ 0.0043 0.0133∗∗ 0.0136∗∗ -0.0007

(0.0108) (0.0073) (0.0082) (0.0067) (0.0062) (0.0028)
Paper only 0.0446∗∗∗ 0.0039 0.0100∗∗∗ 0.0213∗∗∗ -0.0000 0.0034∗∗

(0.0076) (0.0052) (0.0035) (0.0043) (0.0044) (0.0014)

Research Output at [t−3, t−1]
Paper+Patent 0.0236∗∗∗ 0.0102∗ 0.0041 0.0103∗∗ -0.0044 0.0059∗∗

(0.0074) (0.0056) (0.0063) (0.0046) (0.0051) (0.0026)
Paper only 0.0044 0.0055 0.0134∗∗∗ 0.0035 -0.0041 0.0053∗∗∗

(0.0042) (0.0036) (0.0032) (0.0022) (0.0033) (0.0012)
Mean 0.1223 0.0690 0.1038 0.0251 0.9479 0.0090
N 1.34e+05 5.21e+04 7.23e+04 1.34e+05 5.21e+04 7.23e+04
Adjusted R2 0.1126 0.0253 0.1139 0.0307 0.0190 -0.0340

Notes: This table presents regressions of employment outcomes at t + 1 on indicators for research
output at t, and at [t − 3, t − 1]. The sample is at the person×year level, including years with full-
time employment after the Ph.D. “Paper only” is an indicator for a worker having any paper but no
matched patent. “Paper+Patent” is an indicator for publishing a paper with a matched patent. The
[t −3, t −1] block defines the analogous indicators over the prior three years. Columns (1)-(3) use a
move to a different firm as the dependent variable. Columns (4)-(6) use employment by a top firm at
t +1. I estimate separate regressions for workers currently at non-top firms, top firms, or academia.
All regressions use the same controls and fixed effects described under Figure 1. Standard errors
are robust and clustered at the Ph.D. school×cohort level.

In contrast, a matched patent filed in the past three years is more likely to be public.
Workers with a matched patent during that period are 2.4 p.p. more likely to move in the
next year (column 1), and 1.0 p.p. more likely to enter a top firm (column 4), relative
to coworkers without a paper; both gaps are statistically significant. The gaps between
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authors with papers alone in [t −3, t −1] and coworkers without papers are closer to zero,
conditional on controls for research output at t. These patterns echo the higher upward
mobility among authors with a matched patent in Figures 5(a) and 6(a). But the absence of a
jump at patent disclosure in Figure 6(b) casts doubt on whether the information asymmetry
is truly about the matched patent, or more generally reflects that outside employers take
more time to recognize higher-quality research.

In summary, Section 4 emphasizes the role of publications after the Ph.D. in predicting
J2J transitions and upward mobility to top firms, especially for workers at non-top firms.
These patterns provide evidence for employer learning from public information — confer-
ence publications — consistent with the predictions from the benchmark model that focuses
on symmetric learning in an equilibrium search framework. The evidence for asymmetric
learning is less clear, and hence I focus on public learning in the structural analysis.

5 Structural Analysis of the Impact of Learning on Produc-
tivity

The empirical analysis so far highlights the differential impact of publications on job mo-
bility for workers in academia, non-top industry firms, and top firms. Publishing today
also strongly predicts future output — authors produce about 5 times as many publications
over the next five years as coworkers without a publication, across origins (Figure OA.6)
— but this reduced-form persistence cannot separate employer learning from fixed ability
differences.

I present a model extension that distinguishes between groups of employers and allows
transitions across groups to depend flexibly on market belief. I estimate the model and
assess how much employer learning from publications contributes to sorting of workers
across firms, and in turn to aggregate publication productivity.

5.1 Model Extension

To take the model to the data, I introduce a segmented labor market with three groups
of employers: academia (A), non-top industry firms (I), and top industry firms (T ). The
three groups provide different opportunities to publish, so aggregate publication output
depends on labor market sorting. Within each group, employers are sorted by productivity
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into rungs of a job ladder as in the benchmark model. In addition, cross-group shocks
reallocate workers across (A, I,T ), depending on employer belief and experience.

Separating academia from industry is natural: workers in academia move less fre-
quently and publish more (Table OA.2). The split between non-top and top firms in industry
is less standard but is justified by two empirical patterns. First, ranking industry employers
by revealed preference or average wages, I find that workers who publish at non-top firms
are more likely to move to a top firm but not to higher-ranked non-top firms within I. Sec-
ond, academics who publish are more likely to move to top firms but not to other firms in
industry. Both patterns suggest that top firms occupy a distinct position in hiring from both
industry and academia: were top firms simply the highest rung of a single industry ladder,
publications would predict upward mobility throughout the ladder rather than to T alone.

I assume employers observe workers’ initial characteristics X , such as educational
background and pre-Ph.D. publications, as well as additional signals that may not be ob-
served by econometricians but are important for the first placement after the Ph.D. For la-
bor market entrants with characteristics X starting in group k ∈ {A, I,T}, employers share
a prior θ ∼ Beta(α(X ,k),β (X ,k)), in which the shape parameters depend on both X and
the first employer group.

Given the heterogeneity in the opportunities to publish across groups, employer learn-
ing now depends on a worker’s job history. Letting Nkt denote the number of i.i.d. Bernoulli
trials for workers in group k at experience t, the number of publications conditional on abil-
ity θ is distributed according to Binomial(Nkt ,θ). Suppose the current employer belief is
Beta(α,β ). The posterior becomes Beta(α + y,β +Nkt − y) for a worker who produces y

publications while employed in group k at experience t.27

Denote by Λkk′(E[θ |α,β ], t) the probability with which a worker with employer belief
Beta(α,β ) and employed in group k receives a job offer from group k′. The diagonal
terms Λkk play the role of λ1 in the benchmark model: they are within-group offer arrival
rates, and the worker only accepts offers that yield a higher joint value than her current
match. The off-diagonal terms Λkk′ for k ̸= k′ are arrival rates of cross-group offers. I
assume workers cannot bargain across groups, so the cross-group offers are “Godfather”
shocks that workers do not refuse (e.g., Jolivet, Postel-Vinay, and Robin 2006).28 A worker

27Because the prior varies with (X ,k) and opportunities vary across groups, cumulative publications and
experience are no longer sufficient statistics for the employer belief; the belief parameters (α,β ) themselves
serve as the public state.

28For workers who receive a cross-group offer, I assume the fallback option is unemployment and there-
fore the offer from a different group is always accepted. Without this assumption, comparing an offer from

26



exposed to such a shock draws her new employer in k′ from the offer distribution Fk′ .
I also denote by Λ0k the rate at which an unemployed worker receives an offer from

group k, the analog of λ0 in the benchmark model. Workers are laid off at a rate δ common
to all groups, while the within-group involuntary J2J rate κk is group-specific.

To keep the state space finite, I cap experience at t = 10: beyond that point, both the
employer belief and the experience level remain fixed. This treats t = 10 as an absorbing
state and is motivated by the empirical finding that employer learning matters most for less
experienced workers (e.g., Altonji and Pierret 2001; Lange 2007). The steady-state flow-
balance equations extend those in the benchmark model (equations (4)–(5)) by tracking
inflows and outflows across the three groups. Full details of the model extension are in
Appendix D.

5.2 Identification and Estimation

I estimate the model by the simulated method of moments (SMM). I discuss the model pa-
rameters (Appendix Tables A.2-A.3) and the moments that identify them (Appendix Table
A.1) in detail below.

5.2.1 Job Ladders

Following Bagger and Lentz (2019) and Sorkin (2018), I rank firms by their empirical job-
to-job (J2J) transitions using the PageRank algorithm (Page, Brin, Motwani, and Winograd
1999), which assigns a higher value to firms that receive a greater net inflow from other
firms. This procedure has a revealed-preference interpretation consistent with the model:
under efficient contracting, workers accept within-group outside offers only when the new
match yields a higher joint value, and the joint value is strictly increasing in firm productiv-
ity (Lemma 1).29 Net J2J flows therefore reveal the productivity ranking, with PageRank
summarizing these flows into firm-level values.

I run the PageRank algorithm separately for industry and for academia, excluding
firms outside the largest connected component. The highest-valued industry employers are

industry with a current job in academia, for example, would require modeling non-wage amenities and id-
iosyncratic preferences.

29The flow output (1) rises with firm productivity φ , while the gain from poaching declines with φ . Lemma
1 shows that the former force dominates, because the mutually exclusive shock probabilities sum to less than
one. The argument extends to each employer group in the extended model, whose joint value is presented in
equation (A.16) in Appendix D.
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Alphabet, Facebook, Amazon, Apple, and Microsoft, all of which are labeled as “top firms”
in the analysis so far.30 IBM ranks slightly lower but remains one of the largest employers
of CS Ph.D.s and invests heavily in publishing and patenting. I place these six firms in T ,
assuming that they have the same productivity and opportunities to publish. I then partition
non-top firms into six rungs in I based on their PageRank values. The rungs serve as a
discrete approximation to the continuous productivity distribution in the model.

The top 20 academic employers according to PageRank comprise 12 U.S. public uni-
versities, 5 U.S. private universities, and 3 universities overseas. Given the distinct mobility
patterns of postdocs relative to tenure-track and tenured positions, I use job titles to place
all postdocs and non-tenure-track researchers at the bottom rung of the academic ladder.31

I sort the remaining academic positions into three rungs based on PageRank values.

5.2.2 Employer Beliefs and Publication Opportunities

Workers are endowed with research ability θ ∈ [0,1] drawn from Beta(α(X ,k),β (X ,k))

given initial characteristics X and the group k of their first job at t = 0. The vector X

includes the ranking of a worker’s Ph.D. institution, pre-Ph.D. publications, and demo-
graphics. The model does not explicitly address how new Ph.D.s are placed into their first
jobs. I take the first employer as given, and parameterize the shape parameters in the prior
as follows:

α(X ,k) = exp(a′X +αk), β (X ,k) = exp(b′X +βk) (10)

where a and b are coefficient vectors on the observables X , while αk,βk are common among
workers initially placed in group k ∈ {A, I,T}. Employers may observe additional infor-
mation about new Ph.D.s that drives the initial sorting. This parameterization allows such
unobserved heterogeneity, but restricts it to be common at the employer-group level. The
combination of a higher αA and a lower βA in academia than in other groups would suggest
that workers placed in academia are higher-ability on average.

Given the opportunities to publish in each group at t = 0, (NA0,NI0,NT 0), the param-
eters in (10) are identified by matching the first and second moments of the number of
publications at t = 0 separately by group, and the regression coefficients of publication

30The top five remain the same if I use PageRank to provide a single ranking over academic and industry
employers. Figure OA.7 shows a positive relationship between the value returned by PageRank and mean
wages according to H-1B records.

31For example, a postdoc at Carnegie Mellon University (CMU) is assigned to the lowest rung of the
academic ladder despite CMU’s high PageRank.
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output (quantity and indicator) on X and group dummies (see Step 1 in Table A.1). In an
outer loop, I consider 285 possible (NA0,NI0,NT 0), each of which has Nk0 ∈ {2, . . . ,10}
and NI0, NT 0 ≤ NA0.32

For t ≥ 0, the opportunities to publish in each group are parameterized as:

Nkt =
[

Nk0 × exp(νk1t +νk2t2 +νk3t3)
]

(11)

where [·] denotes rounding to the nearest integer. The unrestricted coefficients in (11) are
identified from the group-specific means of publications across experience levels and the
regression coefficients of publications on a polynomial of experience.33

5.2.3 Labor Market Transitions

Given employer belief Beta(α,β ), cross-group transition rates Λkk′ are parameterized as
functions of the posterior mean π := E[θ |α,β ] = α

α+β
and experience t:

Λkk′(π, t) = rkk′,t ·Λkk′,0 · exp(Λkk′,1π). (12)

The sequence {rkk′,t} is set to the empirical decay profile of cross-group transition rates
with experience. In the exponential form above, Λkk′,1 is the semi-elasticity of the cross-
group transition rate with respect to the posterior mean π . The specification can be viewed
as the reduced form of a discrete-choice model in which workers draw idiosyncratic prefer-
ences over groups from a Type-I Extreme Value distribution, as in Card, Cardoso, Heining,
and Kline (2018) and Lentz et al. (2026): when the transition probabilities are small, Λkk′,1

approximates the coefficient on π in the utility of choosing k′ relative to the origin k.34 The
semi-elasticities Λkk′,1 are identified by the empirical relationships between transition rates
and publication output, measured either as the inverse hyperbolic sine (asinh) of publica-
tions or as a binary indicator for any publication. The baseline constants Λkk′,0 are directly
identified by the average cross-group transition rates.35

32The restriction that there are at least as many opportunities to publish in academia as in either industry
group trims the grid search. It does not drive the estimates, as the selected triple (4,2,3) is interior to the
restriction. Ability differences across groups are separately captured by group-specific priors as in equation
(10), which are identified jointly with Nk0’s from the first and second moments of publications at t = 0.

33I fit a cubic polynomial for T , a quadratic for A (νA3 = 0), and a linear profile for I (νI2 = νI3 = 0). All
unrestricted coefficients are estimated (Table A.3).

34Suppose the deterministic utility of choosing k′ over the origin k is u(π) = a+bπ , normalizing the utility
of staying in k to zero. Under Type-I EV idiosyncratic preferences, the choice probability of moving from k
to k′ is p(π) = exp(u(π))/(1+ exp(u(π))). The semi-elasticity d log p/dπ = b(1− p)≈ b when p is small.

35As shown in Table A.3, ΛIA,0 (industry to academia) and ΛAI,0,ΛAT,0 (academia to non-top and top
industry firms, for tenure-track/tenured workers) are set to the empirical means because these transition rates
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The within-group offer arrival rates ΛAA and ΛII are also parameterized as in (12).36

The baseline constants Λkk,0 are identified from origin-specific transition rates to higher-
ranked rungs within k ∈ {A, I}. The semi-elasticities Λkk,1 are identified by the empirical
relationship between within-group upward mobility and publication output.

Within academia, postdocs (at the lowest rung of A) have higher J2J rates than tenure-
track workers. For each destination k ∈ {A, I,T}, I allow a postdoc premium Λ

p
Ak,0 on the

baseline constant and a separate semi-elasticity Λ
p
Ak,1, so that the arrival rate for postdocs is

Λ
p
Ak(π, t) = rAk,t · (ΛAk,0 +Λ

p
Ak,0) · exp(Λp

Ak,1π). The postdoc-specific parameters are iden-
tified from origin-specific J2J rates and from the interaction of publications with postdoc
status in mobility regressions (Table A.1).37

The offer distributions FI and FA are parameterized as Fk( j) =
∑ j′≤ j exp(vk( j′))
∑ j′′ exp(vk( j′′)) , where

j indexes the rungs in group k and vk(0) is normalized to 0. The remaining vk( j) are
identified from origin-specific upward and downward J2J moves within each group.

The remaining transition probabilities do not vary with the employer belief and are
estimated directly from the data (Table A.3). The layoff rate δ is identified by the empir-
ical employment-to-unemployment (E2U) rate. The involuntary J2J rate κk is identified
by the rate of involuntary downward J2J moves within each group.38 The rates at which
the unemployed receive offers from each group, {Λ0k}, are identified by the empirical
unemployment-to-employment (U2E) rates. The labor market exit rates, µ for t < 10 and
µ at t = 10, are identified by the rates at which workers leave the labor force.

5.2.4 Estimation Procedure

The model is estimated by the simulated method of moments (SMM). I randomly assign
75% of computer scientists in the data to a training set and the remainder to a holdout
sample for validation.39 There are 42 continuous parameters, along with the integer triple

are close to zero in the data and difficult to estimate reliably given the boundary constraint at zero. I assume
ΛIA,0 = ΛTA,0 and ΛIA,1 = ΛTA,1.

36ΛT T is dropped given the assumption that top firms in T share the same productivity φ .
37ΛAA,0 (within-academia upward J2J for tenure-track/tenured workers) is set to the empirical mean, which

allows the postdoc premium Λ
p
AA,0 to be identified separately via SMM.

38Since top firms share the same productivity, within-T reshuffling is irrelevant, and I set κT = 0. Involun-
tary moves from T to I are instead captured by a cross-group constant ΛT I , identified by the empirical T -to-I
transition rate.

39The estimation sample contains 26,528 computer scientists who graduated between 2000 and 2021, have
a job record in the year after the Ph.D., and are ever employed by a firm in the largest connected component.
Table OA.1 shows that the estimation sample is similar on average to the full sample of graduates in the same
window.
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of initial publication opportunities N⃗0 := (NA0,NI0,NT 0), which is selected by grid search
as described below. The estimator minimizes the weighted distance between the empirical
moments, computed from the training set, and their simulated counterparts.40

The model parameters in Table A.1 are estimated in two steps. First, I focus on N⃗0 and
the 14 parameters that enter the prior in equation (10). For each candidate N⃗0, I simulate
labor market entrants by bootstrapping workers at t = 0 with replacement from the training
data, taking their initial employer and observables X as given. I draw true ability θ from
Beta(α(X ,k),β (X ,k)) given a guess of the prior parameters, and publication output from
Binomial(Nk0,θ) for workers who start in group k. The moments for this step concern
publication outputs at t = 0 and their relationship with the observables X and group k (Step
1 in Table A.1). I screen all 285 candidate triples from a single initial guess of the prior
parameters, keep the best-fitting triples, and re-estimate the prior parameters under each N⃗0

from multiple initial guesses; the best combinations are carried to the next step.
The second step estimates the remaining 28 parameters — the experience profiles of

publication opportunities in (11), the transition rates, and the offer distributions — from
publication outputs and labor market transitions in the full panel, where experience t ∈
{0, . . . ,10} (Step 2 in Table A.1). Given parameters from the first step and a guess of
the remaining parameters, I simulate the full panel by initializing entrant cohorts as in the
first step and advancing incumbent workers through the timing of the model: the mutually
exclusive shocks are realized — labor market exit, layoff, and advance layoff notice at
exogenous rates, and outside offers arriving at rates that depend on the current posterior
mean; workers transition to new employers as applicable; publication output is drawn from
Binomial(Nkt ,θ); and employer beliefs are updated via conjugate Beta-Binomial updating.
I simulate 50 periods and drop the first 25 as burn-in, so that the simulated panel reaches
its stationary distribution. Further details are in Appendix E.

In both steps, I minimize the weighted distance between the simulated and empirical
moments via the L-BFGS-B algorithm, a quasi-Newton technique that supports box con-
straints on parameters (Byrd, Lu, Nocedal, and Zhu 1995; Zhu, Byrd, Lu, and Nocedal
1997). All simulation draws are held fixed across parameter evaluations, so that changes
in the objective reflect the parameters rather than simulation noise. To reduce the risk of
converging to a local minimum, I start the optimization from multiple initial guesses in
both steps, refine the search from the best-performing parameter vectors, and report the
estimates that achieve the best fit in the holdout sample (Tables A.2-A.3).

40See equation (A.21) in Appendix E for the shrinkage weight matrix.
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5.3 Model Fit

I assess how well the estimated model reproduces the empirical moments, focusing on (1)
publication output and the resulting belief updates, (2) transitions to top firms, and (3)
transitions between academia and industry. The model matches the publication moments
closely and reproduces the empirical mobility responses to publication signals.

5.3.1 Publication Outputs and Employer Beliefs

The first set of moments concerns publication output across employer groups and experi-
ence. The grid search in Step 1 estimates 4 opportunities to publish for entrants starting in
academia, 3 for those starting at top firms, and 2 for those starting at non-top firms (Fig-
ure 7). Almost all simulated publication moments at t = 0 fall within the 95% CI of the
empirical moments in the training set; the exceptions are the share with any publication
in academia and the second moment of publications in industry (Figure OA.8). Table A.2
reports the estimated prior parameters in (10). Entrants with more pre-Ph.D. publications
have higher prior means, as do entrants starting in academia or top firms relative to non-top
firms; other characteristics show no significant impact. The coefficients entering the shape
parameter β are weakly identified, which accounts for the missed moments above.

FIGURE 7. Opportunities to Publish
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Notes: This figure shows the estimated number of opportunities to publish (Bernoulli trials) for
workers in each group k. The initial {Nk0} are estimated via a grid search in Step 1, and the changes
with experience parameterized in (11) are estimated in Step 2 (see Table A.1).
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Based on the estimates of equation (11) in Step 2, the opportunities to publish in
academia, NAt , continue to rise and stabilize at 8 per year between t = 4 and t = 8, falling
slightly to 7 at t ≥ 9 (Figure 7). At top firms, NTt increases from 3 to 4 in the first year and
drops back to 3 after five years. At non-top firms, NIt never rises and equals 1 at t ≥ 5. The
gap between academia and industry, and between top and non-top firms within industry,
therefore widens over the career.

Figure 8 shows that the estimated model closely traces the experience profiles of mean
publication output by employer group, measured in the holdout sample. Most simulated
moments fall within the 95% bootstrapped CI of the empirical moments. Consistent with
the greater opportunities to publish in academia, the research productivity gap between
academics and workers in industry widens over the first five years of their careers. Those at
top firms are more likely to publish than those at non-top firms, and the gap between them
shrinks only modestly after t = 6.

FIGURE 8. Publication Output by Employer Group and Experience
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Notes: This figure shows the empirical (solid) versus simulated (dashed) mean number of publica-
tions by real experience t, separately by employer group. The empirical moments are measured in
the 25% holdout sample, which does not enter the SMM objective. Error bars are 95% bootstrapped
confidence intervals around the empirical moments.

The priors based on initial placement and characteristics increase with true ability θ ,
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as shown in the binned scatter plot for t = 0 in Figure OA.9. Once the labor market ob-
serves on-the-job publications, the posterior means become more aligned with true ability,
approaching the 45-degree line after five years of experience.

Following Lange (2007), I also examine the speed of employer learning, which de-
pends on the number of opportunities to publish under the Beta-Binomial update scheme.
Panel (a) of Figure 9 shows the regression coefficient of the posterior mean on true ability,
separately by experience and employer group. The coefficient converges towards one in
all three groups, consistent with Figure OA.9. The convergence is faster for workers in
academia and top firms, which provide more opportunities to publish than non-top firms
(Figure 7).

Panel (b) of Figure 9 shows that employer beliefs become more precise over time, as
the mean standard deviation of beliefs falls. At t = 0, uncertainty is greater for workers in
academia or top firms. Precision improves quickly once the labor market observes post-
Ph.D. publications, and the improvement is largest in academia, which provides the most
opportunities to publish. The standard deviations converge across groups after t = 5.

FIGURE 9. Belief Update by Employer Group
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Notes: This figure shows the convergence of employer beliefs towards true ability and the precision
of beliefs over experience. Given belief Beta(α,β ), the posterior mean is α

α+β
and the standard

deviation is
√

αβ

(α+β )2(α+β+1) . Panel (a) plots the coefficient from regressing the posterior mean on
true ability θ in the simulated panel, separately by experience and employer group. Panel (b) plots
the mean standard deviation of beliefs.
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5.3.2 Job-to-Job Transitions to Top Firms

The estimated semi-elasticity of moving from non-top to top firms with respect to the pos-
terior mean is 1.36 (s.e. 0.40), indicating that workers with higher employer beliefs sort into
top firms (ΛIT,1 in Table A.3). A key moment for identifying ΛIT,1 is the regression coef-
ficient of mobility from non-top to top firms on publication output each period, measured
by the asinh of publications.

TABLE 2. Transitions to Top Firms: Data versus Simulations

From Industry-Nontop From Academia

(1) Train (2) Holdout (3) Sim (4) Train (5) Holdout (6) Sim

Asinh(Paper) 0.0323∗∗∗ 0.0314∗∗∗ 0.0325∗∗∗ 0.0249∗∗∗ 0.0162∗∗ 0.0333∗∗∗

(0.0054) (0.0087) (0.0018) (0.0041) (0.0068) (0.0013)

Asinh(Paper) × t -0.0019∗∗ -0.0029∗∗ -0.0011∗∗∗

(0.0008) (0.0013) (0.0002)

Asinh(Paper) × Tenure -0.0249∗∗∗ -0.0161∗∗ -0.0325∗∗∗

(0.0042) (0.0068) (0.0013)

Experience -0.0013∗∗∗ -0.0010∗∗∗ -0.0017∗∗∗

(0.0001) (0.0002) (0.0000)

Tenure-track -0.0163∗∗∗ -0.0191∗∗∗ -0.0112∗∗∗

(0.0012) (0.0023) (0.0003)

Constant 0.0324∗∗∗ 0.0294∗∗∗ 0.0351∗∗∗ 0.0192∗∗∗ 0.0218∗∗∗ 0.0147∗∗∗

(0.0009) (0.0016) (0.0003) (0.0012) (0.0022) (0.0003)

Observations 109,899 36,043 1,996,372 46,517 16,083 747,289

Adjusted R2 0.0024 0.0015 0.0028 0.0133 0.0118 0.0144

Notes: This table shows the regressions of transitions to top firms (T ) from non-top industry firms

(I) in columns (1)–(3) and from academia (A) in columns (4)–(6). Columns (1) and (4) are estimated

on the 75% training sample used to estimate the model; columns (2) and (5) on the 25% holdout

sample; and columns (3) and (6) on the simulated data. Each simulation has 1,250 workers entering

the market each period and runs for 50 periods. I drop the first 25 periods of each simulation

and concatenate the simulated panel across 6 rounds with different seeds to reduce the impact of

simulation noise. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

The first three columns of Table 2 present this regression, estimated on the training
data, the holdout sample, and the simulated data, respectively. The coefficient on As-

35



inh(Paper) in the simulated data matches the training coefficient and falls within the 95%
CI of the holdout estimate. Comparing workers with 0 versus 1 publication, the estimates
imply a roughly 3 p.p. increase in the probability of moving to top firms in the next year.
Consistent with Figure 3, the marginal effect of publications decreases with experience.

I also estimate event-study regressions around the first publication, among workers
employed at non-top firms when publishing their first paper after the Ph.D. The event-study
coefficients are not targeted in the estimation and thus provide an out-of-sample check on
the model. As shown in panel (a) of Figure OA.10, the share of authors employed by
top firms reaches 6% in the first year after publication and 20% within five years, in both
the data and the simulation. Following the difference-in-differences analysis in Figure 2,
I assign a placebo event time to workers without publications and plot the estimates for
employment at top firms of publishing authors relative to non-publishing workers. The
model underestimates the immediate 2.5 p.p. increase by about 1 p.p., but the overall
trajectories are similar: most simulated estimates are smaller than the empirical ones yet
fall within their 95% CIs.

For postdocs in academia (the omitted category in columns 4-6 of Table 2), publi-
cations are also positively associated with transitions to top firms. The estimated model
overestimates this relationship by 0.8 p.p. (column 6), though the simulated coefficient sits
at the edge of the 95% CI of the training estimate (column 4). Tenure-track and tenured
workers are 1.6–1.9 p.p. less likely than postdocs to move to top firms on average. The
model underestimates this gap by 0.5 p.p., but matches the finding that publications have
roughly zero impact on mobility to top firms for faculty.

5.3.3 Transitions between Industry and Academia

Workers who publish in industry are more likely to move to academia, and the effect is
larger for the less experienced, as shown in columns (1)–(3) for those at non-top firms
and columns (4)–(6) for those at top firms (Table 3). The 1.97 p.p. estimated effect of
publications on transitions from non-top firms to academia in the simulated data (column
3) is very close to the 2.00 p.p. estimate in the training data (column 1) and falls within
the 95% CI of the holdout estimate (column 2). For workers at top firms, the effect of
publications on transitions to academia is smaller in each sample; the simulated estimate
(column 6) is about one standard deviation above the training estimate and within one
standard deviation of the holdout estimate.
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TABLE 3. Transitions between Industry and Academia

Non-top to Academia Top to Academia Academia to Non-top

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Train Holdout Sim Train Holdout Sim Train Holdout Sim

Asinh(Paper) 0.0200∗∗∗ 0.0342∗∗∗ 0.0197∗∗∗ 0.0141∗∗∗ 0.0220∗∗∗ 0.0178∗∗∗ -0.0211∗∗∗ -0.0014 -0.0030∗∗

(0.0040) (0.0085) (0.0012) (0.0034) (0.0069) (0.0010) (0.0049) (0.0103) (0.0015)
Asinh× t -0.0018∗∗∗ -0.0024∗∗ -0.0014∗∗∗ -0.0010∗∗ -0.0020∗∗ -0.0013∗∗∗

(0.0006) (0.0012) (0.0001) (0.0005) (0.0009) (0.0001)
Asinh× tenure 0.0168∗∗∗ -0.0005 0.0016

(0.0049) (0.0104) (0.0015)
Experience -0.0010∗∗∗ -0.0010∗∗∗ -0.0008∗∗∗ -0.0007∗∗∗ -0.0006∗∗∗ -0.0008∗∗∗

(0.0001) (0.0001) (0.0000) (0.0001) (0.0002) (0.0000)
Tenure-track -0.0976∗∗∗ -0.0998∗∗∗ -0.1001∗∗∗

(0.0028) (0.0048) (0.0008)
Constant 0.0118∗∗∗ 0.0120∗∗∗ 0.0102∗∗∗ 0.0071∗∗∗ 0.0064∗∗∗ 0.0100∗∗∗ 0.1109∗∗∗ 0.1102∗∗∗ 0.1142∗∗∗

(0.0006) (0.0010) (0.0002) (0.0009) (0.0014) (0.0003) (0.0027) (0.0047) (0.0008)

Observations 109,899 36,043 1,996,372 35,535 11,470 804,882 46,517 16,083 747,289
Adjusted R2 0.0036 0.0066 0.0031 0.0063 0.0103 0.0059 0.0506 0.0551 0.0506

Notes: Columns (1)–(3) show the regression estimates of transitions from non-top firms to academia on publication output; columns
(4)–(6), transitions from top firms to academia; and columns (7)–(9), transitions from academia to non-top firms. The first column in
each set (columns 1, 4, 7) is estimated on the 75% training sample used to estimate the model; the second column on the 25% holdout
sample; and the last column on the simulated data, constructed as described in the notes to Table 2. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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In contrast with the transitions to top firms in Table 2, academics who publish more
are less likely to move to non-top firms in industry. The estimates on Asinh(Paper) for
postdocs range from −2 p.p. in the training data to 0 p.p. in the holdout sample; the
simulated estimate is negative and closer to the holdout estimate (column 8). For faculty,
the relationship between publications and transitions to non-top firms remains negative
across columns (7)–(9). The model matches the 10 p.p. baseline gap between postdocs and
faculty in transitions to non-top firms.

Overall, the model reproduces the key features of the data: publication differences
across academia, non-top firms, and top firms; the evolution of publications with experi-
ence; and the rise in transitions to top firms and to academia with publications. In Step 1,
14 of 17 simulated moments fall within the 95% bootstrapped CIs of the training moments
(Figure OA.8), versus 12 holdout moments within the same intervals. In Step 2, 31 simu-
lated moments fall within the 95% CIs of the 52 training moments, slightly fewer than the
35 holdout moments within the same intervals. At least some of the misses reflect sam-
pling noise rather than misspecification. The model fits less well on rung-specific upward
and downward moves among non-top firms. Given the goal of quantifying the impact of
employer learning from publications on productivity, it is reassuring that the publication
moments and the job-to-job transitions between academia, non-top firms, and top firms are
well matched.

5.4 How Much Does Employer Learning Matter for Productivity?

Given the estimated model, overall publication productivity depends on how workers with
varying ability sort among academia, non-top firms, and top firms over time. To quantify
how much employer learning matters for productivity, I provide a Shapley-value decompo-
sition of six mechanisms shaping sorting across employers:

1. Employer learning from publications after Ph.D.;

2. Initial sorting across academia, non-top firms, and top firms;

3. Inclusion of gender in priors;

4. Inclusion of whether the bachelor’s degree is from the U.S. in priors;

5. Inclusion of Ph.D. institution ranking in priors;

6. Inclusion of pre-Ph.D. publications in priors.
The first mechanism is employer learning from on-the-job publications: when it is

shut down, market beliefs remain fixed at the prior regardless of realized publications. The
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second mechanism is initial sorting: when it is on, I take each worker’s first job at t = 0
as given, thereby allowing employers to observe more about entrants than econometricians
can see in the data — for example, interview signals that matter for the initial placement.
When it is off, I randomly assign the first job, preserving the aggregate allocation of entrants
across employers, and market priors are formed from initial observables alone.

Mechanisms 3–6 govern the information used to form priors. The estimated model
uses priors based on all initial observables, as parameterized in equation (10); the distribu-
tion of true ability is held fixed in all counterfactuals.41

I estimate the average marginal impact of each mechanism on publication and sorting
outcomes, following Shapley (1953).42 I compute counterfactual outcomes under all 26 =

64 subsets of mechanisms.43 Letting Γ̂ denote the estimated model parameters, the Shapley
value of mechanism m ∈M= {1, . . . ,6} for outcome Zit is:

SVm = ∑
C⊆M\{m}

|C|!× (|M|− |C|−1)!
|M|!

×
(
E
[
Zit |C∪{m}; Γ̂

]
−E

[
Zit |C; Γ̂

])︸ ︷︷ ︸
Change in mean outcome when adding mechanism m

(13)

The first column of Table 4 shows that allowing employers to update beliefs from
on-the-job publications raises mean publications per worker-year by 0.03, a 14.28% gain
relative to the benchmark with all mechanisms active. By employer group, learning raises
publication output by 20% in academia, and by 17% at top firms, while lowering it by 32%
at non-top firms — or 337 more publications per year in academia and 103 more at top
firms, which together more than offset the 87 fewer at non-top firms.

The overall gain is driven by stronger sorting of higher-ability workers into top firms
and academia, where they publish more than at non-top firms (Figure 8). For workers in the
top 15% of the ability distribution, employer learning increases employment at top firms
by 12.49% ten years after the Ph.D., and by 19.96% among those who start at non-top
firms. The academic employment of this higher-ability group also increases by 18.60%.
Meanwhile, the bottom 85% become less likely to end up at top firms (−3.29%) or in

41Appendix E explains how counterfactual priors are constructed when an observable is omitted. In a
counterfactual without pre-Ph.D. publications, for example, the market prior is replaced by the Beta distribu-
tion matching the mean and variance of ability conditional on the remaining observables — i.e., integrating
over the omitted characteristic. The prior mean is preserved, while the prior precision falls by the ability
dispersion that the omitted characteristic accounted for.

42Shapley values have been applied to attribute model prediction or goodness of fit to individual features
(e.g., Grömping 2007, Lindeman and Gold 1980). Huneeus, Kroft, and Lim (2021) also use Shapley values
to decompose earnings inequality outcomes across multiple sources in their counterfactual analysis.

43For example, if the active set is {1,3,4,5,6}, employers form priors based on all initial observables and
update their beliefs from post-Ph.D. publications, but workers are randomly assigned their first job.
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TABLE 4. Shapley Values of Employer Learning and Initial Information

Employer Initial Initial Observables

Outcome Learning Sorting Female Bachelor Ranking Publications

Mean Publications per Worker-Year

All 0.0314 0.0261 0.0001 0.0001 0.0001 0.0017
14.28% 11.87% 0.06% 0.05% 0.06% 0.78%

Academia 0.1373 0.1493 0.0007 0.0007 0.0004 0.0076
20.28% 22.04% 0.10% 0.10% 0.06% 1.12%

Industry Non-top -0.0136 -0.0132 -5e-5 -4e-5 -0.0001 -0.0007
-31.86% -30.94% -0.12% -0.10% -0.19% -1.75%

Industry Top 0.0405 0.0110 0.0001 1e-5 0.0004 0.0022
17.24% 4.69% 0.03% 0.01% 0.17% 0.93%

Total Publications per Year

Academia 337.3 350.0 1.7 1.6 1.2 18.5
21.04% 21.83% 0.11% 0.10% 0.07% 1.15%

Industry Non-top -87.1 -82.8 -0.3 -0.2 -0.5 -4.8
-32.34% -30.74% -0.12% -0.09% -0.19% -1.80%

Industry Top 103.0 26.4 0.2 0.0 1.0 5.7
17.17% 4.39% 0.03% -0.01% 0.16% 0.94%

Employment at Top Firms

Top 15% at t=10 0.0339 -0.0014 -0.0001 -0.0001 0.0003 0.0027
12.49% -0.50% -0.04% -0.02% 0.12% 1.00%

Bottom 85% at t=10 -0.0075 -0.0001 3e-5 -3e-5 -0.0002 -0.0004
-3.29% -0.04% 0.01% -0.01% -0.08% -0.19%

Employment at Top Firms | First Job at Non-top

Top 15% at t=10 0.0538 -0.0095 9e-7 0.0001 0.0005 0.0033
19.96% -3.51% 0.00% 0.02% 0.20% 1.23%

Bottom 85% at t=10 -0.0092 0.0001 0.0001 -3e-5 -0.0003 -0.0003
-4.38% 0.07% 0.02% -0.02% -0.13% -0.14%

Employment in Academia

Top 15% at t=10 0.0551 0.0505 0.0004 0.0003 0.0002 0.0044
18.60% 17.05% 0.12% 0.09% 0.08% 1.50%

Bottom 85% at t=10 -0.0060 -0.0100 -3e-5 -5e-5 1e-5 -0.0006
-3.55% -5.87% -0.02% -0.03% 0.01% -0.34%

Notes: This table shows the estimated Shapley values (equation 13) of each mechanism. For each outcome,
the first row reports the Shapley value in levels and the second row in percent, measured relative to the mean
of the outcome when all mechanisms are active. Total publications per year are computed by rescaling the
simulated totals so that the number of simulated observations matches the panel of 26,528 Ph.D. computer
scientists who graduated between 2000 and 2021. Because the allocation of workers across groups varies
across counterfactuals, the percentage changes in total publications differ from those in per-worker output.
Top 15% and Bottom 85% refer to the distribution of true ability θ .
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academia (−3.55%).
The second most important mechanism is initial sorting. If workers are instead allo-

cated randomly across groups at entry, overall publication output per worker-year decreases
by 11.87% (second column of Table 4). Initial sorting raises publication output in academia
by 22%, or 350 more publications per year, and at top firms by 5%; together these more
than offset the loss at non-top firms. The larger contribution in academia reflects stronger
state dependence there: workers starting in academia are higher-ability on average (Table
A.2), so randomizing their initial placement substantially lowers publication output.

The most important initial characteristic is the number of publications before the Ph.D.
Including it in priors improves overall publication output by 0.78% and raises the employ-
ment of top 15% workers at top firms by 1% and in academia by 1.5%. Other observables,
including Ph.D. ranking, matter little, with Shapley values below 0.20% in magnitude.

5.4.1 Employer Learning versus Initial Sorting

Figure 10 shows the share of workers who start at non-top firms and are employed at top
firms at each t, with employer learning and initial sorting each turned on versus off.

FIGURE 10. Counterfactual Upward Mobility of Workers starting at Non-
top Firms
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Notes: This figure shows the share of workers employed by top firms (T ) by ability group and
experience, among workers starting at industry non-top firms at t = 0. Dashed lines average across
the 25 = 32 sets of mechanisms in which the panel’s mechanism is active; dotted lines average
across the 32 sets in which it is off. Top 15% and bottom 85% refer to the distribution of true ability
θ . The mechanism is employer learning from post-Ph.D. publications in the left panel and initial
sorting in the right panel.
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In the left panel, shutting down learning (dotted lines) reduces the share of the top 15%
at top firms by 2.5 p.p. at experience t = 2 and by 5 p.p. at t ≥ 5. The share of the bottom
85% at top firms is slightly higher without post-Ph.D. learning, but as Table 4 shows, having
more lower-ability workers at top firms lowers overall publication productivity.

In the right panel of Figure 10, turning off initial sorting has little impact on the upward
mobility of the bottom 85%, but increases that of the top 15% by roughly 1 p.p. at t ≥ 5.
This small increase arises because random assignment places more higher-ability workers
at non-top firms at entry, so the pool starting at non-top firms is more positively selected
and more of them subsequently move up to top firms.

I further compare the contributions of these two mechanisms at each experience level.
The Shapley value of post-Ph.D. employer learning for the publication productivity of the
top 15% (left panel of Figure OA.11) rises from about 3.3% at t = 2 to 19.8% at t =

10, as employers accumulate more signals and beliefs move further from the prior. The
contribution of initial sorting starts higher, at about 12%, but begins to decline after t = 5.
The fading value of initial sorting for publication and sorting outcomes (right panel of
Figure OA.11; Figure OA.12) echoes the canonical findings in Farber and Gibbons (1996)
and Altonji and Pierret (2001) that wages become less correlated with the information
available at labor market entry as experience accumulates. For the bottom 85%, employer
learning contributes negatively to publication output, as it moves them away from top firms
and academia. The contribution of initial sorting again fades with experience.

The Shapley decomposition shows that employer learning from on-the-job publica-
tions accounts for 14% of the publication output of computer scientists, a larger contribu-
tion than that of initial sorting. Even for a highly educated group whose ability might be
expected to be revealed by the education system (Arcidiacono, Bayer, and Hizmo 2010),
there is much for the labor market to learn after entry.44 Taken together, these results sug-
gest that employer learning is a substantial source of productivity gains in the first decade
after the Ph.D., operating through the reallocation of higher-ability workers to employers
that provide more publishing opportunities.

44Research success in CS requires keeping up with rapid technological advances in AI, and graduating
from a top school is less predictive of research success than in economics (Footnote 3).
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6 Conclusion

This paper provides empirical evidence of employer learning and quantifies its impact on
sorting and allocative efficiency in the labor market for computer scientists. Combining
Ph.D. dissertations, public LinkedIn profiles, and post-Ph.D. publication records, I examine
how employers react to public signals of worker research ability.

Publishing at major CS conferences significantly increases the inter-firm mobility of
workers at non-top firms and the probability of moving to a top tech firm. Event-study
analysis further shows that the impact of a publication is immediate and persistent, and
stronger for scarcer signals such as first-authored papers. These empirical patterns support
the predictions of an equilibrium search model with employer learning.

I estimate an extended structural version of the model in which academia, non-top
firms, and top firms provide workers with different opportunities to publish. Based on the
structural estimates, the research output of early-career computer scientists would drop by
14% if the labor market could not update beliefs about worker ability from publications.
Initial sorting and other initial observables matter less, suggesting that much of worker
ability is revealed on the job rather than at entry. The search model with employer learning
developed here can be adapted to study information frictions and (mis)allocation in other
labor markets: even for a high-skilled group like Ph.D. computer scientists, uncertainty
about worker ability is prevalent in the first few years of a career and, if resolved slowly,
can generate inefficient allocation of labor in the longer term.

The findings also speak to a current shift in industry. In the large language model era,
industry labs have become more reluctant to publish at academic conferences, reducing
workers’ opportunities to send public signals of research ability. Through the lens of the
model, fewer opportunities to publish imply that higher-ability workers who do not start at
top employers are more likely to stay hidden, lowering allocative efficiency. The implica-
tions for the value of credentials and for inequality across workers are questions for future
research.
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Appendix Table A.1. Moments for Identifying Model Parameters

Empirical Moments Parameters Identified

Step I. Publication Output by Entrants at t = 0

Publications (Y ) by Group k ∈ {A, I,T}

E[Y |k, t = 0], E[Y 2|k, t = 0], Pr(Y > 0|k, t = 0) (NA0,NI0,NT 0); prior parameters a, b,
αk, βk in (10)

Relationship between Publications and Observables X

OLS coefficients on X in regressions of asinh(Y ) on X and dum-
mies for k

Coefficients a, b in prior (10)

OLS coefficients on X in regressions of 1[Y > 0] on X and dum-
mies for k

Coefficients a, b in prior (10)

Step II. Publication Output and Labor Market Transitions at t = 0,1, . . . ,10

Publications

OLS coefficients from regressions of Y on a polynomial of expe-
rience (cubic for T , quadratic for A, linear for I)

Changes in publication opportunities
Nkt with experience (11)

E[Y |k] pooled over t ∈ {0, . . . ,10}, for k ∈ {I,T} Parameters in Step I and in (11)

Origin-specific Job-to-Job Transitions

Downward J2J from each rung in I FI( j)
Upward J2J from each rung in I FI( j), ΛII,0
J2J to top firms (T ) from each rung in I ΛIT,0
Downward J2J from each rung in A FA( j)
Upward J2J from each rung in A FA( j), ΛAA,0 for non-postdocs, Λ

p
AA,0

for postdocs
J2J to non-top industry firms (I) from each rung in A ΛAI,0, Λ

p
AI,0

J2J to top firms (T ) from each rung in A ΛAT,0, Λ
p
AT,0

Coefficients from Regressions of Mobility on Publication Output

From Industry Non-top (I)

J2J to top firms on asinh(Y ) and interaction with t, for workers in
I

ΛIT,1

J2J to top firms on 1[Y > 0], for workers in I, pooled over t ΛIT,1
Upward J2J within I on asinh(Y ) and interaction with t ΛII,1

From Academia

Upward J2J within A on asinh(Y ) and interaction with postdoc
status

ΛAA,1, Λ
p
AA,1

Between Academia and Industry

J2J from industry (I/T ) to academia on asinh(Y ) ΛIA,1
J2J to top firms on asinh(Y ) and interaction with postdoc status,
for workers in A

ΛAT,1, Λ
p
AT,1

J2J to top firms on 1[Y > 0], among postdocs Λ
p
AT,1
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Appendix Table A.2. Estimated Parameters (Step I)

parameter Estimated via SMM Estimate SE

Publication Opportunities

(NA0,NI0,NT 0) X (4,2,3)

Shape Parameters in (10)

a0 (αI non-top) X -2.3596∗∗∗ 0.1948
a f emale X -0.3820∗∗ 0.1789
abachelor X -0.2192 0.3166
arank X -0.3217∗ 0.1648
apre−pubs X 3.2008∗∗∗ 0.7665
aA (αA −αI , acad rel. to non-top) X 0.6229∗∗∗ 0.1662
aT (αT −αI , top rel. to non-top) X 0.3263 0.2015
b0 (βI Non-top) X -0.0726 0.2176
b f emale X -0.1550 0.3647
bbachelor X -0.2230 0.5197
brank X -0.1760 0.2782
bpre−pubs X 0.2185 0.4523
bA (βA −β I, acad rel. to non-top) X -0.0133 0.2256
bT (βT −βI , top rel. to non-top) X -0.0391 0.2615

Effect on Log-Odds of Prior Mean

j(i,0) ∈ A 0.6362∗∗∗ 0.1238
j(i,0) ∈ I -2.2869∗∗∗ 0.0951
j(i,0) ∈ T 0.3654∗∗∗ 0.1091
female -0.2269 0.2428
bachelor in the US 0.0038 0.2320
Ph.D. ranking -0.1457 0.1334
Papers before PhD 2.9824∗∗∗ 0.3337
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01
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Appendix Table A.3. Estimated Parameters (Step II)

Parameter SMM Estimate SE

Changes of Publication Opportunities with Experience (11)

νA1 on t X 0.2332 0.7313
νA2 on t2 X -0.0182 0.1004
νI1 on t X -0.0693 See Figure 7
(νT 1, νT 2, νT 3) on (t, t2, t3) X (0.3191, -0.0812, 0.0048)

Exogenous Separations

Layoff δ 0.0035
Involuntary J2J (κI ,κT ,κA) (0.0500, 0, 0.0228)
Exits (µ,µ) (0.0176, 0.0601)
Job Arrival Rates: Origin = Industry

ΛII,0 X 0.1913∗∗∗ 0.0062
ΛII,1 X -0.9527∗∗∗ 0.2913
ΛIT,0 X 0.0281∗∗∗ 0.0018
ΛIT,1 X 1.3593∗∗∗ 0.4044
ΛIA,0 = ΛTA,0 0.0134
ΛIA,1 = ΛTA,1 X 2.0467∗∗∗ 0.7917
(ΛT I,0,ΛT I,1) (0.0450, 0)
Job Arrival Rates: Origin = Academia

ΛAA,0 0.0797
ΛAA,1 X -0.1738 0.4557
ΛAI,0 0.0090
ΛAI,1 X -0.2404 0.8221
ΛAT,0 0.0023
ΛAT,1 X 0.4865 2.1855
Postdoc premiums

Λ
p
AA,0 X 0.0521∗∗ 0.0235

Λ
p
AA,1 X 2.4417∗ 1.4473

Λ
p
AI,0 X 0.1671∗∗∗ 0.0097

Λ
p
AI,1 X -0.0731 0.5752

Λ
p
AT,0 X 0.0210∗∗∗ 0.0073

Λ
p
AT,1 X 2.7337 3.8978

Job Arrival Rates: Origin = Unemployment

Λ0A 0.0943
Λ0I 0.1079
Λ0T 0.0182

Offer distribution: Fk( j) = ∑ j′≤ j fk( j′), fk( j) = exp(vk( j))
∑ j′ exp(vk( j′))

vA(0) = vI(0) 0
vA(1) X -1.4590 4.7849
vA(2) X -1.2235 2.7252
vA(3) X 0.3052 0.2444
vI(1) X -1.8747∗∗∗ 0.4883
vI(2) X -0.5711∗∗∗ 0.1060
vI(3) X -1.3385∗∗∗ 0.4913
vI(4) X -1.7624∗∗ 0.7928
vI(5) X 0.1025 0.0811
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01 50



Online Appendix

Appendix A. Additional Results

Table OA.1. Descriptive Statistics: Matched Computer Scientists

All Estimation Sample
Mean SD Mean SD

Gender from Name or Picture
Female 0.130 0.336 0.127 0.334
Male 0.707 0.455 0.708 0.455

Education
Year of Ph.D. 2011.435 5.868 2011.466 5.746
Ph.D. in CS (∋ EECS) 0.531 0.499 0.530 0.499
Ph.D. in EE 0.469 0.499 0.470 0.499
Bachelor in the U.S. 0.399 0.490 0.377 0.485
Bachelor in Asia 0.509 0.500 0.532 0.499

Research Outputs Post Ph.D.
Papers Post PhD 2.357 8.662 2.574 9.080
First-Authored Papers 0.336 1.318 0.364 1.381
Paper-Patent Matches 0.251 1.577 0.281 1.656
Any Paper 0.290 0.454 0.310 0.462
Any First-Authored Paper 0.150 0.357 0.161 0.367
Any Paper-Patent Match 0.076 0.265 0.084 0.278

Employment Post Ph.D.
Yrs with Full-time Employment 10.857 5.850 11.162 5.713
Tenure-track Employers 0.258 0.560 0.257 0.563
Postdoc Employers 0.181 0.426 0.198 0.443
Top Firms 0.330 0.562 0.373 0.584
Nontop Firms 1.529 1.374 1.548 1.373

Observations 30,871 26,528

Notes: This table summarizes the sample of Ph.D. computer scientists whose doctoral dissertations
can be matched to a LinkedIn profile with employment records after the Ph.D. The first two columns
summarize the full sample of graduates from the top 60 CS departments in the U.S. between 2000
and 2021. I use the full sample throughout Section 4. The estimation sample comprises those who
have a job record in the year after the Ph.D. and are ever employed by a firm in the largest connected
component of employers; this restriction is imposed because the PageRank value of a firm, which is
used to group employers in the structural estimation, is identified only within the largest connected
component. I use the estimation sample in the structural analysis in Section 5.
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Table OA.2. Descriptive Statistics: Worker-Year Panel

Currently employed by: Nontop Firms Top Firms Academia
Mean SD Mean SD Mean SD

Experience (yrs since Ph.D.) 7.051 5.180 6.731 4.942 6.682 5.233

Current Position
Tenure-track 0.000 0.011 0.000 0.015 0.667 0.471
Postdoc 0.000 0.000 0.008 0.090 0.163 0.370
Research Scientist 0.228 0.419 0.291 0.454 0.082 0.275
Engineer 0.514 0.500 0.636 0.481 0.036 0.186
Manager 0.148 0.355 0.178 0.383 0.013 0.114
Senior Position 0.489 0.500 0.367 0.482 0.045 0.207

Research Outputs
Any paper 0.029 0.168 0.114 0.318 0.201 0.401
Asinh(paper) 0.034 0.213 0.146 0.447 0.290 0.644
Any first-authored paper 0.009 0.093 0.034 0.181 0.047 0.211
Any paper with a matched patent 0.009 0.093 0.037 0.190 0.015 0.121

Transitions between t and t +1
New employer next yr 0.130 0.337 0.069 0.253 0.101 0.302
Employed by top firms next yr 0.022 0.148 0.948 0.222 0.008 0.092
Research scientist at top firms next yr 0.005 0.067 0.010 0.097 0.004 0.060
Engineer at top firms next yr 0.015 0.121 0.023 0.151 0.004 0.063
Move to a higher-wage firm 0.035 0.183 0.033 0.179 0.031 0.172
Move to a higher-wage position 0.045 0.207 0.023 0.149 0.057 0.232
Promotion to senior roles 0.038 0.192 0.042 0.201 0.007 0.086

Observations 194,209 54,252 86,719

Notes: This table summarizes the worker×year panel for the matched Ph.D.s. The first two columns
report means across worker×year observations for workers currently employed by a non-top firm in
industry. The second pair covers workers at top firms, and the third workers in academia (including
postdocs, tenure-track positions, and other roles).
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Table OA.3. Examples of CS Papers and Matched Patent Applications

Papers Matched Patent Applications

Firm Team Text
Dist.

Title M/Yr Title Filing
M/Yr

Published
M/Yr

Yahoo 100% 0.233 UNBIASED ONLINE AC-
TIVE LEARNING IN DATA
STREAMS

08/2011 ONLINE ACTIVE LEARNING
IN USER-GENERATED CON-
TENT STREAMS

10/2011 05/2013

Adobe 80% 0.273 FORECASTING HUMAN DY-
NAMICS FROM STATIC IM-
AGES

07/2017 FORECASTING MULTIPLE
POSES BASED ON A GRAPHI-
CAL IMAGE

04/2017 10/2018

Microsoft 100% 0.247 FROID OPTIMIZATION OF IM-
PERATIVE PROGRAMS IN A
RELATIONAL DATABASE

12/2017 METHOD FOR OPTIMIZA-
TION OF IMPERATIVE CODE
EXECUTING INSIDE A RELA-
TIONAL DATABASE ENGINE

05/2017 11/2018

Adobe 80% 0.273 FORECASTING HUMAN DY-
NAMICS FROM STATIC IM-
AGES

07/2017 FORECASTING MULTIPLE
POSES BASED ON A GRAPHI-
CAL IMAGE

04/2017 10/2018

Google 70% 0.146 VARIABLE RATE IMAGE
COMPRESSION WITH RE-
CURRENT NEURAL NET-
WORKS

05/2016 IMAGE COMPRESSION WITH
RECURRENT NEURAL NET-
WORKS

02/2016 01/2019

Yahoo 100% 0.233 UNBIASED ONLINE AC-
TIVE LEARNING IN DATA
STREAMS

08/2011 ONLINE ACTIVE LEARNING
IN USER-GENERATED CON-
TENT STREAMS

10/2011 05/2013

IBM 100% 0.121 A TAG BASED APPROACH
FOR THE DESIGN AND COM-
POSITION OF INFORMATION
PROCESSING APPLICATIONS

09/2008 FACETED, TAG-BASED AP-
PROACH FOR THE DESIGN
AND COMPOSITION OF
COMPONENTS AND APPLI-
CATIONS IN COMPONENT-
BASED SYSTEMS

10/2008 04/2010

Notes: This table presents examples of CS papers and matched patent applications. “Firm” refers to the
common affiliation of authors, which is matched to the assignee of the matched patent. “Team” is defined
as the fraction of inventors on a patent application who are matched with authors on the paper. Research
assistants or interns may be authors on a paper but excluded from inventors on a patent application. “Text
Dist.” is measured by the distance between the embedded vector for a paper’s title and abstract, and that of
a patent’s. The word embedding was done via OpenAI’s Ada V3 model (“text-embedding-3-small”). The
timestamp “M/Yr” for a paper is the month/yr when it is published at a conference. “Filing M/Yr” for a
patent application is based on the earliest filing or priority date, and in “Published M/Yr” a patent application
becomes public for the first time.
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Figures

Figure OA.1. CS PhDs in NSF Surveys
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(b) Share Employed by Business, Age 30-34
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Notes: Panel (a) plots the number of new Ph.D.s by discipline in the Survey of Earned
Doctorates. Panel (b) shows the share of graduates employed by business between age
30-34, using data from the Survey of Doctoral Recipients.

Figure OA.2. Research Scientist Job Postings

(a) Amazon Science (b) Google Research
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Figure OA.3. Publication output – asinh(papers) on job outcomes next year

(a) Move
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Notes: This figure repeats Figure 1, measuring publication output by the inverse hyperbolic sine
of the number of publications this year rather than by an indicator for any publication. The out-
comes are (a) moving to a different employer and (b) moving to a top firm in the next year, and the
specification is the one described under Figure 1. Each panel reports the pooled estimate and the es-
timates separately by whether workers are at non-top firms, top firms, or in academia this year. 95%
confidence intervals are computed from robust standard errors clustered at the Ph.D. school×cohort
level.

Figure OA.4. Employment by Top Firms among Workers who Publish at
Non-top Firms at 0
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Notes: This figure shows the difference-in-differences estimates for the dynamic effects of the first
publication 1-3 years after Ph.D. on employment by top firms, without controlling for worker fixed
effects in equation (8). Instead, the regressions control for origin firm fixed effects ( j(i,0) at event
time), a quartic polynomial in experience, position characteristics, demographics and Ph.D. school
× cohort fixed effects. The estimation sample is the same as for Figure 2.
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Figure OA.5. Additional Employment Outcomes in t +1 on Any Paper in t
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Notes: This figure shows the predictive effect of any publication this year on additional job outcomes in the
next year, using the regression described under Figure 1. Panels (a) and (b) define the outcomes as becoming
a research scientist or an engineer at a top firm; among workers currently at top firms, panel (a) is estimated
on those not yet in a research role and (b) on those not yet in an engineering role. Panels (c) measures moves
to a higher-wage firm, using wages posted for foreign workers in H-1B and green card petitions. Panel (d)
excludes transitions to top firms from moves to a higher-wage firms. Panels (e)-(f) measure promotion to a
more senior job title or to a higher-wage position. Each panel reports the pooled estimate and the estimates
separately by whether the worker is currently at a non-top firm, a top firm, or in academia.
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Figure OA.6. Future Publications in [t +1, t +5] on Any Papers in t
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Notes: This figure shows the predictive effect of any publication this year on publications in the
next five years. The regression model is explained in detail under Figure 1. Panel (a) shows the
estimates for the total number of papers in the next five years, and panel (b) shows the estimates for
the citation-weighted publication counts. For each publication I use the citation that it will receive
within one year.

Figure OA.7. Ranking Firms: PageRank versus Wages
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Notes: This figure shows a binned scatter plot of the percentile rank of firms by PageRank value
against their percentile rank by mean wages, computed from posted wages for foreign workers.
The six top firms (T ) are shown individually. Their PageRank values place them at the top of the
distribution, above what their wage ranks alone would imply.
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Figure OA.8. Empirical versus Simulated Moments
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Notes: The 95% confidence interval around each empirical moment is constructed from 1,000 boot-

strapped sample in the training set.
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Figure OA.9. Employer Beliefs versus True Ability
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Notes: This figure is a binned scatter plot of the posterior mean of employer beliefs against true
ability θ in the simulated panel, at different levels of real experience t. Given belief Beta(α,β ), the
posterior mean is α

α+β
.

Figure OA.10. Employment by Top Firms around First Publication
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Notes: Panel (a) shows the event-study estimates for employment by top firms around the first publication
after the Ph.D., among workers employed at non-top firms when publishing their first paper (event year
0). Panel (b) shows the dynamic difference-in-differences estimates. The control group comprises workers
without a publication after the Ph.D.; I use an ordered logit to assign each a placebo event year, conditional
on initial characteristics.
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Figure OA.11. Shapley Values (Relative to Benchmark) by Experience
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Notes: This figure shows the estimated Shapley values of employer learning and initial sorting by
real experience, separately for workers in the top 15% and bottom 85% of the distribution of true
ability. The outcome in the left panel is the mean number of publications per worker-year; in the
right panel, the share of workers employed by top firms. Shapley values are expressed as a fraction
of the benchmark mean outcome when all mechanisms are active.

Figure OA.12. Shapley Values (Relative to Benchmark) for Employment in
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Appendix B. Benchmark Model

The benchmark model is introduced in Section 2. This appendix derives the flow-balance
equations in steady state and proves the equilibrium results: Propositions 1 and Predictions
1, 2 and 3.

B.1 Value Function and Flow-balance Equations

Joint value is increasing in firm productivity.

Lemma 1 establishes that the joint value defined by (3) is strictly increasing in firm pro-
ductivity. A worker therefore accepts an outside offer if and only if the poaching firm is
more productive: voluntary turnover is efficient and moves workers up the job ladder. This
justifies the integral limits in (3), the poaching probability in the flow-balance equations
below, and the revealed-preference interpretation of job-to-job flows in Section 5.

Lemma 1 Assume the mutually exclusive shocks satisfy µ + δ +κ +λ1(E[θ |S, t]) < 1 at

every state (S, t), µ +λ0 < 1, and the offer distribution F has a continuous density f . Then

the joint value V (φ ,S, t) is differentiable and strictly increasing in φ at every (S, t), with

∂V (φ ,S, t)
∂φ

=
∂E[m(φ ,θ)|S, t]

∂φ
(A.1)

+
N

∑
y=0

Pr(y|S, t) ·
1− δ̃ − γλ1

(
α0+S+y

α0+β0+(t+1)N

)
F(φ)

1+ρ

∂V (φ ,S+ y, t +1)
∂φ

where δ̃ := µ+δ +κ . The derivative is bounded: ∂V (φ ,S,t)
∂φ

∈
[

1+ηN α0+S
α0+β0+tN ,

(1+ρ)(1+ηN)

ρ+δ̃

]
.

Proof:
The expected flow payoff E[m(φ ,θ)|S, t] = φ (1+ηNE[θ |S, t]) is bounded by φ(1+ηN)

and strictly increasing in φ , with ∂

∂φ
E[m(φ ,θ)|S, t] = 1+ηN α0+S

α0+β0+tN .
Existence and uniqueness. A candidate (U (n),V (n)) assigns a bounded value to un-

employment in any state (S, t) and to employment in any state (φ ,S, t). Denote by T the
mapping from a candidate to the right-hand sides of (2) and (3) at every state; the equilib-
rium values are, by definition, its fixed point.T satisfies Blackwell’s sufficient conditions
on bounded candidates with the sup norm over all states: (1) it is monotone (collecting
terms on the RHS of (2) and (3), every coefficient on the candidate is nonnegative), and (2)
adding a constant c to the candidate adds 1−µ

1+ρ
·c. T is therefore a contraction with modulus
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1−µ

1+ρ
< 1. Starting from (U (0),V (0))≡ (0,0) and letting (U (n+1),V (n+1)) = T (U (n),V (n)),

the iterates converge uniformly to the unique bounded fixed point (U,V ) satisfying (2) and
(3).

Differentiability. Suppose V (n)(·,S, t) is continuously differentiable for every (S, t)
(true at n = 0). For a differentiable candidate v := V (n)(·,S+ y, t + 1), the poaching term
in (3) differentiates as d

dφ

∫ φ

φ

(
v(φ̃)− v(φ)

)
dF(φ̃) =−F(φ)v′(φ). Hence V (n+1)(·,S, t) is

continuously differentiable, with

∂V (n+1)(φ ,S, t)
∂φ

= (1+ηNE[θ |S, t])+
N

∑
y=0

Pr(y|S, t)
1− δ̃ − γλ1(

α0+S+y
α0+β0+(t+1)N )F(φ)

1+ρ
· ∂V (n)(φ ,S+ y, t +1)

∂φ
.

(A.2)

Equation (A.2) is an affine recursion in the derivatives with coefficients that are nonnegative
and sum to at most 1−δ̃

1+ρ
< 1. The sequence

{
∂

∂φ
V (n)

}
is therefore itself generated by

a contraction with modulus 1−δ̃

1+ρ
and converges uniformly over all (φ ,S, t) to the unique

bounded solution of (A.1). Since V (n) → V uniformly and ∂

∂φ
V (n) converges uniformly,

the limit V (·,S, t) is continuously differentiable with derivative equal to the limit (Theorem
7.17 in Rudin 1976), establishing (A.1).

Monotonicity and bounds. Starting from ∂

∂φ
V (0) ≡ 0, every iterate of (A.2) is non-

negative by induction, since the recursion has nonnegative intercept and nonnegative co-
efficients; the uniform limit therefore satisfies ∂V (φ ,S,t)

∂φ
≥ 0 at every state. Substituting

∂V (φ ,S+y,t+1)
∂φ

≥ 0 into (A.1) yields ∂V (φ ,S,t)
∂φ

≥ 1 + ηNE[θ |S, t] > 0: the joint value is
strictly increasing in φ at every state. Taking the supremum over states in (A.1) and us-
ing coefficients at most 1−δ̃

1+ρ
gives sup ∂

∂φ
V ≤ (1+ηN)+ 1−δ̃

1+ρ
sup ∂

∂φ
V , hence sup ∂

∂φ
V ≤

(1+ρ)(1+ηN)

ρ+δ̃
. □

Flow-balance Equations

In steady state, the inflow to unemployment equals the outflow. Denote by u(θ ,S, t) the
density of workers with ability θ and public state (S, t). Entrants are characterized by
(S, t) = (0,0) and because they are assumed to start with a job, u(θ ,0,0) = 0. At any t ≥ 1,
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the flow-balance equation is:

(µ +λ0) ·u(θ ,S, t)︸ ︷︷ ︸
outflow

= δ

min(N,S)

∑
y=0

Pr(Y = y|θ) · l(θ ,S− y, t −1)︸ ︷︷ ︸
inflow from empl

. (A.3)

The outflow comprises unemployed workers who either exit the market for good (with
probability µ) or receive an outside offer (with probability λ0). The inflow comprises
workers who in the previous period are employed with experience t −1, produce y signals
such that the market belief is updated to Beta(α0 +S,β0 +N · t −S), and are laid off after
the belief update.

Denote by l(θ ,S, t) the density of workers with ability θ and public state (S, t). At
t = 0, given population distribution θ ∼ Beta(α0,β0), l(θ ,0,0) ∝ θ α0−1(1− θ)β0−1. At
t ≥ 1, the flow-balance equation for the employed with public state (S, t) and true ability θ

is:

l(θ ,S, t) = λ0u(θ ,S, t)+(1−µ −δ )
min(N,S)

∑
y=0

Pr(Y = y|θ) · l(θ ,S− y, t −1) (A.4)

=

(
1−µ − µδ

µ +λ0

)min(N,S)

∑
y=0

Pr(Y = y|θ) · l(θ ,S− y, t −1)

All currently employed workers in state (S, t) constitute the outflow, as the state ad-
vances to (S+y, t+1). The inflow on the right-hand side comprises the unemployed whose
state remains unchanged at (S, t), and the employed previously in state (S−y, t −1), which
is updated to (S, t) upon producing y publications. Workers who experience the advance
layoff notice or κ shock remain employed and hence stay within l(θ ,S, t). The second
equation is established by plugging in (A.3).

Lemma 2 l(θ ,S, t) =
(

1−µ − µδ

µ+λ0

)t
·
(tN

S

)
θ S(1−θ)tN−S · l(θ ,0,0).

Proof:
(Base) Consider l(θ ,S, t) at t = 1:

∀S ∈ [0,N] : l(θ ,S,1) =
(

1−µ − µδ

µ +λ0

)
Pr(Y = S|θ) · l(θ ,0,0)

=

(
1−µ − µδ

µ +λ0

)(
N
S

)
θ

S(1−θ)N−S · l(θ ,0,0).
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(Inductive step) Suppose at some t ≥ 1, l(θ ,S, t) =
(

1−µ − µδ

µ+λ0

)t
·
(tN

S

)
· θ S(1−

θ)t·N−S · l(θ ,0,0). Then by the flow-balance equation (A.4),

l(θ ,S, t +1) =
(

1−µ − µδ

µ +λ0

)
·

min(N,S)

∑
y=0

Pr(Y = y|θ) · l(θ ,S− y, t)

=

(
1−µ − µδ

µ +λ0

)t+1

·
min(N,S)

∑
y=0

(
N
y

)
·
(

tN
S− y

)
︸ ︷︷ ︸

(∗)

·θ S(1−θ)(t+1)N−S · l(θ ,0,0)

By Vandermonde’s identity, (∗) =
((t+1)N

S

)
. Therefore,

l(θ ,S, t +1) =
(

1−µ − µδ

µ +λ0

)t+1

·
(
(t +1)N

S

)
θ

S(1−θ)(t+1)N−S · l(θ ,0,0).

□

Define G(φ ,θ ,S, t) as the density of workers who have ability θ , are characterized by
state (S, t) and are employed working for firms with productivity ≤ φ . In steady state, the
flow-balance condition is:

G(φ ,θ ,S, t) =λ0 F(φ) ·u(θ ,S, t)︸ ︷︷ ︸
from unempl

+κ ·F(φ)
min(N,S)

∑
y=0

Pr(y|θ) l(θ ,S− y, t −1)︸ ︷︷ ︸
from involuntary J2J

(A.5)

+(1− δ̃ −λ1(E[θ |S, t]) ·F(φ))
min(N,S)

∑
y=0

Pr(y|θ)G(φ ,θ ,S− y, t −1)︸ ︷︷ ︸
retained from the employed

where the exogenous separation risk δ̃ := µ + δ + κ . Dividing the equation above by
l(θ ,S, t) yields the conditional distribution of firms:

G(φ |θ ,S, t) =F(φ)
λ0

δ

µ+λ0
+κ

1−µ − µδ

µ+λ0

(A.6)

+(1− δ̃ −λ1(E[θ |S, t]) ·F(φ))
min(N,S)

∑
y=0

Pr(y|θ) · l(θ ,S− y, t −1)
l(θ ,S, t)

G(φ |θ ,S− y, t −1)
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At t = 0, entrants draw offers from the sampling distribution F , so G(φ |0,0) = F(φ). At
t > 1, G(φ |S, t)< F(φ).

Lemma 3 Conditional on public state (S, t), the distribution of firms is independent of

worker ability θ : G(φ |θ ,S, t)≡ G(φ |S, t).

Proof:
(Base) At t = 0, G(φ |θ ,0,0)≡ F(φ). At t = 1,

G(φ |θ ,S,1)=F(φ)

λ0
µ+λ0

δ +κ

1−µ − µ

µ+λ0
δ
+
(

1− δ̃ −λ1(E[θ |S,1])F(φ)
) Pr(S|θ) l(θ ,0,0)

l(θ ,S,1)
F(φ).

By Lemma 2, Pr(S|θ)×l(θ ,0,0)
l(θ ,S,1) =(1−µ− µδ

µ+λ0
)−1 is independent of ability θ . So G(φ |θ ,S,1)=

G(φ |S,1).
(Inductive step) Suppose at some t ≥ 1, G(φ |θ ,S, t) = G(φ |S, t). Then for any θ ,θ ′,

using the flow-balance equation (A.6),

G(φ |θ ,S, t +1)−G(φ |θ ′,S, t +1)

=
(

1− δ̃ −λ1(E[θ |S, t +1])F(φ))
)

×
min(N,S)

∑
y=0

G(φ |S− y, t)
(

Pr(y|θ)l(θ ,S− y, t)
l(θ ,S, t +1)

− Pr(y|θ ′)l(θ ′,S− y, t)
l(θ ′,S, t +1)

)

in which the ratio Pr(y|θ)l(θ ,S−y,t)
l(θ ,S,t+1) = (1−µ − µδ

µ+λ0
)−1 · (

N
y)(

tN
S−y)

((t+1)N
S )

is independent of ability θ .

Therefore, G(φ |θ ,S, t +1)−G(φ |θ ′,S, t +1) = 0. □

Lemma 3 establishes equation (5) for G(φ |S, t) in the main text.

B.2 Proof of Proposition 1

The key assumption for Proposition 1 is that on-the-job offer arrival rate λ1 is increasing in
posterior mean E[θ |S, t] when employers observe S publications by workers with t years of
real experience.
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Proof of Proposition 1(a): S > S′ ⇒ G(φ |S, t)< G(φ |S′, t).

(Base) At t = 1, by Lemma 2, Pr(S|θ) l(θ ,0,0)
l(θ ,S,1) =

(
1−µ − µδ

µ+λ0

)−1
, independent of signals

S. Thus the difference satisfies

G(φ |S,1)
F(φ)

− G(φ |S′,1)
F(φ)

=−
(
λ1(E[θ |S,1])−λ1(E[θ |S′,1])

)
· F(φ)(

1−µ − µδ

µ+λ0

) . (A.7)

S > S′ implies the posterior mean E[θ |S,1] = α0+S
α0+β0+N > E[θ |S′,1]. Under the assumption

that λ ′
1 > 0, (A.7) is negative.

(Inductive step) At t ≥ 2, suppose G(φ |S, t − 1) < G(φ |S′, t − 1) for any S > S′. By
equation (A.6), the difference between G(φ |S, t) and G(φ |S′, t) satisfies:

G(φ |S, t)−G(φ |S′, t) =
(

1− δ̃ −λ1(E[θ |S, t]) ·F(φ)
)min(N,S)

∑
y=0

(N
y

)((t−1)N
S−y

)(tN
S

) G(φ |S− y, t −1)

−
(

1− δ̃ −λ1(E[θ |S′, t]) ·F(φ)
)min(N,S′)

∑
y=0

(N
y

)((t−1)N
S′−y

)(tN
S′
) G(φ |S′− y, t −1)

Under the assumption that λ1 is increasing in the posterior mean,
(

1− δ̃ −λ1(E[θ |S, t]) ·F(φ)
)
<(

1− δ̃ −λ1(E[θ |S′, t]) ·F(φ)
)

for any S > S′ and φ < φ . It therefore suffices to show that

∑
min(N,S)
y=0

(N
y)(

(t−1)N
S−y )

(tN
S )

G(φ |S− y, t −1) is decreasing in S.

The weight
((t−1)N

S−y )(
N
y)

(tN
S )

is the probability of drawing (S − y) “good” items among S

draws without replacement from tN items, of which (t −1)N are “good” and N are “bad”.
Let XS denote the number of good items in S such draws. I construct a coupling of XS and
XS′ for S′ < S. Place the tN items in a random sequence, and let zn indicate whether the
n-th item is good. Define

X̃S′ = ∑
k≤S′

zk, X̃S = X̃S′ +
S

∑
k=S′+1

zk.

These have the same marginal distributions as XS′ and XS, and Pr(X̃S ≥ X̃S′)= 1, so XS ≻FOSD

XS′ by Strassen’s theorem (Strassen 1965).
By the inductive hypothesis G(φ |S, t − 1) < G(φ |S′, t − 1) for S′ < S ≤ (t − 1)N, so
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G(φ |x, t −1) := 1−G(φ |x, t −1) is increasing in x. Using the expectation characterization
of XS ≻FOSD XS′ ,

S

∑
x=0

Pr(XS = x)G(φ |x, t −1)>
S

∑
x=0

Pr(XS′ = x)G(φ |x, t −1),

which, writing x = S− y, is equivalent to

min(N,S)

∑
y=0

(N
y

)((t−1)N
S−y

)(tN
S

) G(φ |S− y, t −1)<
min(N,S′)

∑
y=0

(N
y

)((t−1)N
S′−y

)(tN
S′
) G(φ |S′− y, t −1).

In combination with λ1 increasing in the posterior mean, this implies G(φ |S, t)<G(φ |S′, t),
completing the induction. □

Proof of Proposition 1(b): θ > θ ′ ⇒ G(φ |θ , t)< G(φ |θ ′, t).

By Lemma 3,

G(φ |θ , t) =
tN

∑
S=0

Pr(S|θ , t) ·G(φ |θ ,S, t) =
tN

∑
S=0

Pr(S|θ , t) ·G(φ |S, t) (A.8)

Proposition 1(a) has established that G(φ |S, t) is decreasing in signals S. It suffices to
show that S|(θ , t)≻FOSD S|(θ ′, t) for any θ > θ ′ at any t ≥ 1.

Denote by Sθ a random variable with distribution Binomial(tN,θ) given any t ≥ 1. I
construct a coupling for Sθ and Sθ ′ where θ > θ ′. Consider tN independent Uni f orm(0,1)
variables, denoted by u1, ...,utN . Define S̃θ = ∑

tN
i=1 1[ui ≤ θ ]. Since θ > θ ′, ui ≤ θ ′ implies

ui ≤ θ . So S̃θ ′ ≤ S̃θ almost surely. By Strassen’s theorem, Sθ ≻FOSD Sθ ′ .
So for any θ > θ ′, Sθ ≻FOSD Sθ ′ , and since G = 1−G is increasing in S,

θ > θ
′ ⇒

tN

∑
S=0

Pr(S|θ , t) ·G(φ |S, t)>
tN

∑
S=0

Pr(S|θ ′, t) ·G(φ |S, t)

⇒G(φ |θ , t)< G(φ |θ ′, t).

□
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B.3 Theoretical Motivations for λ ′
1 > 0

Model 1 – Endogeneous Search Efforts

Following Bagger and Lentz (2019), suppose job offers for the currently employed are
generated through a choice of search intensity, e, at cost c(e) = ζ

2 e2. The arrival rate of
outside offers is λ1(e) = λ̄1 · e with λ̄1 > 0. TThe search intensity maximizes the joint
value:

V (φ ,S, t) =max
e≥0

N

∑
y=0

Pr(y|S, t) · λ1(e)
1+ρ

γ

∫
φ

φ

(V (φ ′,S+ y, t +1)−V (φ ,S+ y, t +1))dF(φ ′)︸ ︷︷ ︸
expected surplus from bargaining with a higher-φ firm

−c(e)

+other terms in (3), independent of e (A.9)

Taking the FOC w.r.t. search effort e,

e∗(φ ,S, t) =
λ̄1

ζ

γ

1+ρ

N

∑
y=0

Pr(y|S, t)
∫

φ

φ

(V (φ ′,S+ y, t +1)−V (φ ,S+ y, t +1))dF(φ ′).

Lentz (2010) shows that when the production technology is supermodular, search intensity
is increasing in worker skill. In this model, the flow value (equation 1) is supermodular,
and so is the expected flow E[m(φ ,θ)|S, t] = φ(1+η ·N α+S

α+β+Nt ) in φ and S. Workers with
more publication records (hence more favorable market belief) search more in expectation
of higher match value at more productive firms. The assumption that λ1 is increasing with
posterior mean is therefore justified in a model with endogenous search intensity. A model
with endogenous search intensity can therefore rationalize the assumption that λ1 increases
with the posterior mean.

Model 2 – Two-dimensional Firm Productivity

Suppose firms vary by baseline productivity φ and the opportunities to publish N. Follow-
ing Gibbons and Waldman (1999) and Gibbons and Katz (1992), I assume the flow output
is additive in baseline production and research production:

m(φ ,N,θ) = φ +η(N) ·θ (A.10)
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where η(N) represents returns to publications and η ′(N)> 0. Consider two types of firms,
1 and 2, with φ1 > φ2, N1 < N2. Assuming efficient turnover conditional on public infor-
mation, workers with prior Beta(α,β ) at firm 1 accept offers from firm 2 if the posterior
mean satisfies:

α + y
α +β +N1

>
φ1 −φ2

η(N2)−η(N1)
. (A.11)

Based on the inequality above, holding the belief precision α + β fixed, there are
thresholds at k = 0, ...,N1 defined as:

rk(α +β ) := (1+
N1

α +β
) · φ1 −φ2

η(N2)−η(N1)
− k

α +β
. (A.12)

The thresholds decrease in k and summarize which workers move from firm 1 to firm 2
when offers arrive:

α

α +β
> rk(α +β ) ⇒ ∀y ≥ k :

α + y
α +β +N1

>
φ1 −φ2

η(N2)−η(N1)
.

Suppose offers arrive with a constant probability λ1. The probability that a worker
with ability θ and employer belief Beta(α,β ) moves from firm 1 to firm 2 voluntarily is:

λ1 ·
N1

∑
y=0

Pr(y|N1,θ)×1
[

α

α +β
> ry(α +β )

]
,

which is non-decreasing in the prior mean α

α+β
, holding the belief precision α + β and

ability θ fixed. Workers with a more favorable employer belief are more likely to move to
firms that provide more opportunities to publish. Although the offer arrival rate λ1 is held
fixed, in equilibrium there are more transitions to firms with N2 > N1 from workers with
higher beliefs.

B.4 Proofs of Predictions on Job Mobility

I derive three predictions on job mobility under the assumption that λ1 is differentiable
and increasing in the posterior mean of the employer belief, E[θ |S, t]; Predictions 2–3
additionally assume λ1 is locally linear over the range of posterior means induced by one
period of signals. The predictions characterize job mobility in the steady-state equilibrium.
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Proof of Prediction 1 (Job Mobility in Response to Publications)

Consider a pair of coworkers at some firm with productivity φ < φ , who share the same
employer belief Beta(α,β ). Suppose they produce y and y′ publications, with y > y′. The
posterior mean given y is higher: E[θ |α,β ,y] = α+y

α+β+N > E[θ |α,β ,y′]. In the next period,
a worker moves to a more productive firm either upon receiving an outside offer above φ ,
with probability λ1(E[θ |α,β ,y]) ·F(φ), or upon the involuntary κ shock with a draw above
φ , with probability κ ·F(φ). Since µ , δ , and κ do not vary with the employer belief, these
channels are identical across the two workers and cancel in the comparison. The difference
in job mobility, and in upward mobility, between the two workers is therefore

F(φ) ·
(
λ1(E[θ |α,β ,y])−λ1(E[θ |α,β ,y′])

)
,

which is positive since λ1 is increasing and F(φ)> 0 for φ < φ . Workers with more pub-
lications thus exhibit both higher job mobility and higher upward mobility than coworkers
at the same firm with the same prior. □

Proof of Prediction 2 (Belief Precision)

Consider two coworkers who share the same current belief and the same N, and who pro-
duce y and y′ publications, respectively, with y > y′. The gap in their posterior means,

y−y′
α+β+N , is smaller when the belief precision α +β is higher. The difference in J2J or up-

ward mobility between the two workers, as derived above, is F(φ)·
(

λ1(
α+y

α+β+N )−λ1(
α+y′

α+β+N )
)

.

By the Mean Value Theorem, there exists ξ ∈
[

α+y′
α+β+N ,

α+y
α+β+N

]
such that

λ1

(
α + y

α +β +N

)
−λ1

(
α + y′

α +β +N

)
= λ

′
1(ξ )×

y− y′

α +β +N︸ ︷︷ ︸
(∗)

(A.13)

in which the term (*) is decreasing in the belief precision α +β . When λ1 is locally linear
over the relevant range, λ ′

1(ξ ) is approximately constant across the two comparisons, so the
difference in mobility responses is governed by the term (*). Comparing beliefs with the
same mean but different precision, the mobility response to the same gap in publications is
therefore smaller when the belief is more precise. □
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Proof of Prediction 3 (Signal Scarcity)

By (A.13), the mobility response to an additional publication equals λ ′
1(ξ ) times the change

in the posterior mean, 1
α+β+N , which is decreasing in the number of opportunities to pub-

lish, N. When λ1 is locally linear, λ ′
1(ξ ) varies little across the comparison, so a lower N

generates a larger change in the posterior mean and a larger mobility response. □

Appendix C. Data

C.1 Data Sources

Doctoral Dissertations. Appendix Table OC.1 displays the number of dissertations by
year. For school×year cells with particularly low or missing data on ProQuest, I col-
lected about 15,000 additional Ph.D. graduates from school-specific sources, such as de-
partment websites or dissertation repositories. For example, the number of new disserta-
tions from Carnegie Mellon University dropped from 100 to 30 in 2014, so I supplemented
these with additional records from KiltHub, CMU’s open-access repository. Appendix Ta-
ble OC.2 provides a detailed breakdown of dissertations collected from ProQuest versus
school-specific sources. The total number of Ph.D. graduates in the sample stays around
3,000–3,300 per year from the top 60 schools since 2006 (Appendix Figure OC.2).

LinkedIn Profiles With the Recruiter Lite subscription, LinkedIn allowed me to view
public profiles within my third-degree connections. To expand coverage, I sent connection
requests before querying to individuals likely to be linked to CS Ph.D. graduates, including
authors at CS conferences, professors in CS departments, and research scientists at various
companies. If an individual is on LinkedIn but falls outside my third-degree connections,
the search result indicates “Out of Network.” There were about 1,800 out-of-network pro-
files in total, out of 50,000 queries that returned at least one profile. I manually checked
a random sample of these profiles and found that most had fewer than 100 connections on
LinkedIn, suggesting they are not active users and are less likely to report a complete job
history.

Publications Data. The main data source of research papers is Scopus, an abstract
and citation database of peer-reviewed literature launched by Elsevier in 2004. For each
conference/journal × year, I submitted a query via the Scopus Search API, which returns
a list of papers with information such as authors, title, abstract, ISSN, DOI, number of
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Table OC.1. Number of Profiles by Year

PhD Graduates LinkedIn Profiles

Yr. PhD ProQuest Websites Potential Profiles Out-of-network Matched Profiles

1980 595 140 254 11 185
1981 640 156 241 25 166
1982 639 156 272 23 200
1983 662 191 250 18 178
1984 702 173 285 25 193
1985 772 211 335 38 218
1986 920 208 384 45 238
1987 1002 179 432 26 321
1988 1393 85 559 40 380
1989 1571 68 610 61 399
1990 1873 68 717 50 535
1991 2040 69 832 58 616
1992 2162 88 859 65 643
1993 2179 88 923 61 706
1994 2244 89 981 59 753
1995 2303 91 1066 56 813
1996 2190 99 1097 79 819
1997 2100 92 1043 51 801
1998 2158 91 1116 59 839
1999 2151 85 1099 48 859
2000 2038 92 1104 51 853
2001 1778 97 1064 52 840
2002 1764 88 990 44 795
2003 1924 112 1138 43 922
2004 2194 159 1322 44 1095
2005 2462 152 1645 62 1310
2006 2779 232 1892 65 1516
2007 2900 251 2087 67 1669
2008 2726 201 1967 60 1571
2009 2499 293 1792 42 1429
2010 2508 541 1932 48 1570
2011 2500 575 1965 46 1609
2012 2523 554 2046 31 1653
2013 2426 801 2133 25 1726
2014 2388 940 2215 28 1724
2015 2274 1038 2213 44 1711
2016 2258 853 2084 27 1599
2017 2266 1019 2182 24 1646
2018 2197 939 2086 26 1598
2019 2107 1160 2118 37 1613
2020 2193 1108 2035 43 1561
2021 1971 1071 1823 38 1321
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Table OC.2. Number of Profiles by School (ProQuest vs. School-specific
Dissertation Database or Websites)

ProQuest Dissertations School-specific Sources

School # Dissertations LinkedIn Profiles Matched # Dissertations LinkedIn Profiles Matched

austin 2028 990 845 1671 762 635
berkeley 3169 1949 1618 836 369 272
caltech 721 435 296 402 184 112
cmu 2357 1537 1259 2332 920 695
cornell 1738 962 685 481 203 125
git 2379 1426 1174 2300 1230 946
maryland 2421 1380 1143 895 233 169
michigan 2520 1403 1082 1052 331 244
mit 3726 2259 1684 769 353 251
nyu 478 272 200 147 58 48
oregon 412 196 144 233 157 76
princeton 1297 818 637 88 44 35
psu 1734 1012 807 181 91 65
purdue 2448 1387 825 202 87 77
rutgers 837 507 377 350 103 64
ucsb 1450 904 758 61 20 15
uiuc 3541 2070 1630 2359 776 451
umass 826 480 336 296 192 131
utah 714 418 296 48 20 12
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Figure OC.1. LinkedIn Platform

Notes: This figure shows the outputs of one query on the LinkedIn Recruiter Lite platform. The
query includes the full name of a CS Ph.D. and keywords about a "Ph.D." degree and about CS such
as "computer science" or "electrical engineering". The search is also restricted to CMU, where the
person receives the Ph.D. degree. This query returns two profiles. The first profile returned perfectly
matches the name and education info, whereas the second person has a very different name. If the
fuzzy partial text match score between the actual full name and that on a LinkedIn profile falls below
50 (out of 100), the scraper would not collect that profile.

Figure OC.2. Number of PhD Dissertations and Matched LinkedIn Profiles
by Graduation Year
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Notes: The blue line (top) shows the number of Ph.D. recipients in Computer Science
or Electrical Engineering identified in ProQuest dissertation database or various school-
specific sources (Appendix Table OC.2) by graduation year from 1980 to 2021. The
yellow line plots the number of Ph.D.s who are matched with a public LinkedIn profile by
full name, Ph.D. institution, year of graduation.
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citations, volume, issue, and publication date. Scopus also provides affiliation IDs at the
paper × author level. I then submitted a query for each affiliation ID via the Affiliation
Search API, which returns the corresponding institution’s name and location. I consider a
paper by author i affiliated with j as her on-the-job research if (1) j can be matched with
an employer of i on her LinkedIn profile; and (2) author i is employed by j at the time of
publication.

If a paper has multiple authors, I flag it when the majority of coauthors come from
i’s Ph.D. institution, which is likely to indicate a publication of her dissertation, especially
if it happens within the first year after Ph.D. I also flag papers where coauthors come
from a different industry employer, and remove papers that are matched with a worker’s
previous employer rather than her current one. For example, a person who moves from
Yahoo to Microsoft might list Microsoft as her affiliation at the time of publication, but if
her coauthors come from Yahoo, the work was likely done at Yahoo rather than Microsoft.
Such papers typically include a note such as “This work was done when X was at ...”.

To evaluate paper quality, I collected citations from Scopus, which covers both journal
articles and conference papers. Citations from other conference papers are particularly
important in computer science. For each paper, I counted the number of citations by year
since publication, excluding self-citations.

Patents Data. To obtain a more complete picture of innovation activity, I collected
data on patent applications submitted to the United States Patent and Trademark Office
(USPTO) by matched computer scientists. I required the assignee (firm) on the patent
application to match the inventor’s employer as shown on LinkedIn, and the year of the
initial filing to fall within her tenure at the firm. The main datasets I used for patent records
are:

1. Patent Examination Research Dataset (PatEX) 2022, sourced from the Public Patent
Application Information Retrieval (PAIR) system (Miller 2020);

2. Patent Assignment Dataset 2023 (Marco et al. 2015);

3. PatentsView December 2025 Release.

Public PAIR was retired by the USPTO in 2022. I used the 2022 release of the patent
examination dataset to capture publicly-viewable patent applications that were published
by the USPTO by June 2023. I merged it with Patent Assignment Dataset to identify the
assignees that would own the patents if granted. Patent applications are typically filed by
individuals and then assigned to their employers, who become the assignees.
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Since patent applications are published with an 18-month delay by default, PAIR 2022
disproportionately misses applications filed in 2021–2022 that had not yet been made pub-
lic by the USPTO at the time of the data release. To get a more complete picture of patenting
activity throughout 2022, I used the PatentsView 2025 release to identify additional patent
applications filed by computer scientists in my analysis sample. PatentsView also pro-
vides the most up-to-date patent abstracts, which are useful for the paper-patent matching
described below.

A key advantage of using PAIR rather than PatentsView for earlier years is that PAIR
contains provisional applications, which offer a low-cost way to secure an early priority
date before submitting a formal patent application. Without records of provisional appli-
cations, the recorded filing date can be misleading. Inventors have a 12-month window
after filing a provisional to submit a corresponding nonprovisional application claiming
its priority. The nonprovisional is then published 18 months after the priority date by de-
fault. PAIR, and the PatEX dataset derived from it, was therefore particularly useful for
identifying whether and when a provisional application was filed.

C.2 Matching CS Publications with Patent Applications

I matched CS publications with patent applications in four steps. First, I identified potential
matches by merging the paper-author panel with the patent application-inventor panel by
individual full name, allowing a ± three-year window between paper publication and patent
filing. I restricted both panels to papers and patents contributed by matched computer
scientists in the ProQuest-LinkedIn sample. I preserved the full author and inventor teams
so that I could measure the overlap between authors on the paper and inventors on the
patent application, a key predictor of a true match.

Second, I converted the title and abstract of each paper and each patent application
into embeddings using OpenAI’s “text-embedding-3-small”, transforming text into 1536-
dimensional numeric vectors. I then measured the ℓ2 distance for each potential paper-
patent pair.

Third, I built a labeled dataset to train and evaluate predictive models of paper-patent
matching. I randomly drew 470 potential matches and recruited four research assistants
to label whether each patent application was closely related to the findings of the corre-
sponding CS publication. I asked the RAs to review the patent records on Google Patents
or the original USPTO documents to compare the patent claims with the contributions of
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the paper. In addition, I used the patent-paper pairs (PPP) dataset from Marx and Scharf-
mann (2024), who match publications from OpenAlex with granted patents from USPTO
records. I found 42,625 CS paper-patent pairs in PPP, of which 2,400 were labeled as true
matches.45

I estimated several models that predict a true paper-patent match using (1) the distance
between paper and patent abstract embeddings, (2) the share of authors on a paper who also
appear as inventors on the corresponding patent application, (3) the share of inventors who
appear as paper authors, (4) team size on the paper and the patent, and the interactions be-
tween (1) and (2)-(4). The performance of each model on a held-out test set is summarized
below. The most important predictors in the random forest model are the distance between
embeddings and the team overlap measures (2)–(3), which are also the most significant in
the regressions.

Table OC.3. Performance of Models that Predict a Paper-Patent Match

Model auc ypred_cutoff TP FP F1

Linear 0.994416 0.300000 0.913242 0.001766 0.941176
Linear Ridge 0.994418 0.300000 0.913242 0.001766 0.941176
Linear Lasso 0.994399 0.300000 0.914764 0.001373 0.944969
Logit 0.994028 0.425000 0.933029 0.001766 0.951863
Logistic Ridge 0.993977 0.425000 0.933029 0.001766 0.951863
Logistic Lasso 0.993847 0.425000 0.934551 0.002060 0.950464
Random Forest 0.992736 0.500000 0.943683 0.000883 0.964230
Ensemble 0.994382 0.350000 0.939117 0.001471 0.957331

I used the average predicted probability across linear regressions, logistic regressions,
and the random forest model as the ensemble probability score. The optimal threshold
appears to be 0.350.

Applying the ensemble to the panel of ProQuest-LinkedIn computer scientists, I es-
tablished a paper-patent linkage if the following conditions are satisfied:

1. The worker is listed as both an author on the paper and an inventor on the corre-
sponding patent application.

45I identified CS matches based on conference name or ID associated with each publication record on Ope-
nAlex. OpenAlex is less consistent than Scopus in its coverage of CS conference proceedings. In addition,
the PPP dataset is restricted to granted patents rather than patent applications. For these reasons, I built a more
comprehensive dataset of CS paper-patent application pairs using Scopus and USPTO application records,
replicating the predictive models in Marx and Scharfmann (2024) as closely as possible.
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2. The predicted probability from the ensemble exceeds 0.350.

Figure OC.3 shows that papers with a matched patent are of higher quality on average.
In the first year, they receive roughly the same number of citations as those without a
matched patent. However, the gap begins to widen around two years after the paper appears,
which coincides with the disclosure of patent applications (Figure OC.4). The quality
difference between papers with or without a matched patent suggests two mechanisms:
first, incumbent employers have private information about a paper’s quality and act on it
by filing for a patent; second, it takes time for outsiders to recognize valuable research, and
the divergence in citations emerges around the same time as the revelation of a matched
patent.

Figure OC.3. Citations Received by Papers With vs. Without a Matched
Patent Application
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Figure OC.4. Publication of Patent Applications that are Matched to CS
Papers
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Notes: This figure shows the fraction of patent applications matched to a CS paper that have been published (blue) or
granted (yellow) by month since the earliest patent filing date. The jump in the share published at 18 months since
the initial filing is consistent with the 18-month rule in 35 U.S.C. 122 of the American Inventors Protection Act (AIPA
1999). About 20% of matched patent applications are disclosed later than 18 months. The non-compliance is driven by
applicants who file a non-publication request at the time of the initial filing, as explained by Exception B of 35 U.S.C.
122 (b). Such applications will be published when the US patent office makes a final decision about whether a patent
can be issued or the application should be rejected.

Appendix D. Model Extension

This appendix presents the full details of the extended model introduced in Section 5.1. I
describe the value functions, the flow-balance equations for all three employer groups and
across all experience levels (including the entry condition at t = 0 and the terminal state at
t = 10), and the joint distribution over firm productivity within each group.

D.1 Value functions

Since the opportunities to publish vary by employer group, cumulative publications S and
experience t are no longer sufficient statistics for the state of the workers. Instead, the
public state is (α,β , t), where α,β are shape parameters of the employer belief.
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Unemployed

Unemployed workers with experience t and employer belief Beta(α,β ) receive job offers
from each group k ∈ {A, I,T} with probability Λ0k. The value of unemployment is:

U(α,β , t) =b+
Λ0I γ

1+ρ

∫
φ∈I

(VI(φ ,α,β , t)−U(α,β , t))dFI(φ) (A.14)

+
Λ0T γ

1+ρ

(
VT (φ ,α,β , t)−U(α,β , t)

)
+

Λ0A γ

1+ρ

∫
φ∈A

(VA(φ ,α,β , t)−U(α,β , t))dFA(φ)

+
1−µt

1+ρ
U(α,β , t)

where top firms share productivity φ ≡ φ . Rearranging yields:

(ρ +µt) ·U(α,β , t) (A.15)

= (1+ρ)b+ γ ∑
k∈{A,I,T}

Λ0k (E[Vk(φ ,α,β , t)|φ ∈ k]−U(α,β , t))

Relative to (2) in the benchmark model, the value of unemployment now accounts for
transitions into each group k ∈ {A, I,T} with group-specific offer arrival rates Λ0k. Equa-
tion (A.15) applies at all experience levels t ∈ {1,2, . . . ,10}, where µt = µ for t < 10 and
µ10 = µ captures higher attrition at the terminal state.

Employed

The value function for the employed workers is group-specific. For workers with employer
belief Beta(α,β ) at experience t, the value of matching with a firm with productivity φ in
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group k is:

Vk(φ ,α,β , t) (A.16)

=E[mk(φ ,θ , t)|θ ∼ Beta(α,β )]︸ ︷︷ ︸
flow

+
Nkt

∑
y=0

Pr(y|α,β ,Nkt) ·
δ +κk +∑k′ ̸=k Λkk′(π(y), t +1)

1+ρ
·U(α + y, β +Nkt − y, t +1)︸ ︷︷ ︸

unemployment

+
Nkt

∑
y=0

κkγ ·Pr(y|α,β ,Nkt)

1+ρ

(
E[Vk(φ

′,α + y,β +Nkt − y, t +1)]−U(α + y,β +Nkt − y, t +1)
)︸ ︷︷ ︸

surplus from involuntary J2J within k

+
Nkt

∑
y=0

γ ·Pr(y|α,β ,Nkt)

1+ρ
∑

k′ ̸=k
Λkk′(π(y), t +1)

(
E[Vk′(φ

′,α + y,β +Nkt − y, t +1)]−U(α + y,β +Nkt − y, t +1)
)︸ ︷︷ ︸

surplus from moving to another group k’

+
Nkt

∑
y=0

γ ·Pr(y|α,β ,Nkt)Λkk(π(y), t +1)
1+ρ

∫
φ k

φ

(
Vk(φ

′,α + y,β +Nkt − y, t +1)−Vk(φ ,α + y,β +Nkt − y, t +1)
)

dFk(φ
′)︸ ︷︷ ︸

surplus from moving up within k

+
Nkt

∑
y=0

Pr(y|α,β ,Nkt) ·
1−µt −δ −κk −∑k′ ̸=k Λkk′(π(y), t +1)

1+ρ
·Vk(φ ,α + y,β +Nkt − y, t +1)︸ ︷︷ ︸

staying

where posterior mean π(y) :=
α + y

α +β +Nkt
.

Workers employed in k with public state (α,β , t) produce signal y with probability Pr(y|α,β ,Nkt)=(Nkt
y

)B(α+y,β+Nkt−y)
B(α,β ) . The current output flow mk(φ ,θ , t) = φ ·(1+E[Y |θ ,Nkt ] ·η) varies by

employer group due to the heterogeneity in the opportunities to publish Nkt . The posterior
belief Beta(α + y,β +Nkt − y) varies by k and t for the same reason. At t = 10, the public
state no longer evolves: production continues but signals no longer update the belief, so the
continuation values and arrival rates on the right-hand side of (A.16) are evaluated at the
current state (α,β ,10), and µ10 = µ .

The main change relative to joint value (3) in the benchmark model is the introduction
of cross-group moves at rates Λkk′(π, t) for k′ ̸= k. I assume workers cannot bargain across
groups, so a worker hit by a cross-group shock compares the new offer against unemploy-
ment rather than her current match. Under this assumption, the worker always accepts
the cross-group offer.46 This keeps the model tractable by avoiding direct comparisons of
match values across groups, which would involve non-wage amenities and idiosyncratic

46Within-group transitions remain efficient: workers accept offers from more productive firms within the
same group. The argument of Lemma 1 applies group by group: the cross-group terms in (A.16) are inde-
pendent of the current φ and drop out of the derivative, whose within-group coefficient 1− µt − δ − κk −
∑k′ ̸=k Λkk′(π(y), t +1)− γΛkk(π(y), t +1)Fk(φ) is nonnegative when the shock probabilities sum to at most
one at every posterior.
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preferences over employers (Card, Cardoso, Heining, and Kline 2018; Lentz et al. 2026).

D.2 Flow-balance Equations in Steady State

Denote by u(θ ,α,β , t) the density of unemployed workers with ability θ and public state
(α,β , t), and by lk(θ ,α,β , t) the density of workers employed in group k. At labor market
entry, all workers are employed. Entrants are characterized by priors (10) with shape pa-
rameters depending on initial characteristics and the initial placements. Since workers start
employed, u(θ ,α,β ,0)≡ 0.

For t ∈ {1, . . . ,9}, the flow-balance equation for unemployed workers equates the out-
flow (workers exiting permanently and workers receiving job offers) with the inflow from
layoffs:

(µt + ∑
k∈{A,I,T}

Λ0k) ·u(θ ,α,β , t) (A.17)

= δ · ∑
k∈{A,I,T}

Nk(t−1)

∑
y=0

Pr(y|θ ,Nk(t−1)) lk(θ ,α − y,β − (Nk(t−1)− y), t −1).

Since the public state (belief and experience) is held fixed once workers accumulate
ten years of experience, the flow-balance equation for the unemployed at t = 10 is:

(µ + ∑
k∈{A,I,T}

Λ0k) ·u(θ ,α,β ,10) (A.18)

=δ · ∑
k∈{A,I,T}

Nk9

∑
y=0

Pr(y|θ ,Nk9) lk(θ ,α − y,β − (Nk9 − y),9)+ ∑
k∈{A,I,T}

δ · lk(θ ,α,β ,10).

Unlike (A.17), the right-hand side also includes inflows from workers already in the ab-
sorbing state (θ ,α,β ,10), since both belief and experience remain fixed after t = 10.

For workers employed at experience t ∈ {1, . . . ,9}, the outflow from group k of work-
ers with ability θ , experience t, and employer belief Beta(α,β ) is the density lk(θ ,α,β , t),
since experience increments from t to t+1 by the end of the period. The inflow comes from
three sources: hires from unemployment, stayers in k whose belief is updated to Beta(α,β ),
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and movers from other groups k′ ̸= k.

lk(θ ,α,β , t) =Λ0k ·u(θ ,α,β , t)︸ ︷︷ ︸
from unemployment

(A.19)

+(1−µt −δ − ∑
k′ ̸=k

Λkk′(π, t))
Nk(t−1)

∑
y=0

Pr(y|θ ,Nk(t−1)) · lk(θ ,α − y,β − (Nk(t−1)− y), t −1)︸ ︷︷ ︸
stayers in k

+ ∑
k′ ̸=k

Λk′k(π, t)
Nk′(t−1)

∑
y=0

Pr(y|θ ,Nk′(t−1)) · lk′(θ ,α − y,β − (Nk′(t−1)− y), t −1)︸ ︷︷ ︸
from other k′ ̸=k

At t = 10, the outflow comprises workers who exit the labor market permanently, workers
laid off into unemployment, and workers who transition to other groups k′ ̸= k. The inflow,
in addition to the three sources on the right-hand side of (A.19), includes workers hired
from other groups in the absorbing state.

(µ +δ + ∑
k′ ̸=k

Λkk′(π,10)) · lk(θ ,α,β ,10) (A.20)

=Λ0k ·u(θ ,α,β ,10)︸ ︷︷ ︸
from unemployment

+(1−µ −δ − ∑
k′ ̸=k

Λkk′(π,10))
Nk9

∑
y=0

Pr(y|θ ,Nk9) · lk(θ ,α − y,β − (Nk9 − y),9)︸ ︷︷ ︸
stayers in k from t = 9

+ ∑
k′ ̸=k

Λk′k(π,10)
Nk′9

∑
y=0

Pr(y|θ ,Nk′9) · lk′(θ ,α − y,β − (Nk′9 − y),9)︸ ︷︷ ︸
from other groups at t = 9

+ ∑
k′ ̸=k

Λk′k(π,10) · lk′(θ ,α,β ,10)︸ ︷︷ ︸
from other groups in absorbing state

At top firms (k = T ), whether the share of workers at top firms increases with posterior
mean π = α

α+β
depends on whether the cross-group inflow rates ΛIT from industry non-

top firms and ΛAT from academia rise more steeply with π than the outflow rates from
top firms — ΛT I and ΛTA. Parameters in Λkk′(π, t) are identified from transitions between
groups and the response of these transitions to publications (see Table A.1). The semi-
elasticities of moving to top firms with respect to posterior mean are strongly positive for
workers at non-top firms and for postdocs in academia (Table A.3).

83



Appendix E. Estimation Details

Empirical Moments and Bootstrapped Variance

Table A.1 reports the empirical moments from the training data. I run 1,000 bootstrap
replications that resample workers with replacement and report the bootstrapped standard
error of each moment. Denote by Σ̂ the bootstrapped variance–covariance matrix of the
empirical moments.

Weight Matrix

The SMM objective is the weighted distance between the empirical and simulated mo-
ments. I weight the moments by a shrinkage matrix Ωω that blends the diagonal of Σ̂ with
the identity matrix:

Σω := ω · K

tr(Σ̂)
diag(Σ̂)+(1−ω) · I, and Ωω :=

[
tr
(
Σ−1

ω

)
K

·Σω

]−1

(A.21)

where K is the number of moments in each step. The diagonal component is rescaled to
have trace K, matching the identity, so that the two components are on the same scale;
the second line normalizes the weight matrix so that tr(Ωω) = K. The shrinkage toward
the identity prevents moments with very small bootstrapped variances from dominating
the objective. In practice, I never invert Σω explicitly: I factor the bracketed matrix as
LL′ via the Cholesky decomposition and evaluate the objective g′Ωωg, where g is the gap
between simulated and empirical moments, by solving two triangular systems — faster and
more stable numerically. The shrinkage weight ω is selected from {0,0.1,0.3,0.5,0.7,0.9}
based on model fit in the holdout sample in both steps.

Simulation

In the first step, each simulation initializes 25 cohorts of 1,250 labor market entrants by
bootstrapping workers at t = 0 with replacement from the training data. The second step
simulates the full panel for 50 periods, with a new entrant cohort in each period, and drops
the first 25 periods as burn-in. All simulation draws are held fixed across parameter eval-
uations: true ability θ is drawn by applying the inverse CDF of Beta(α(X ,k),β (X ,k))
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to fixed uniform draws, publication outcomes are generated from fixed pools of uniform
draws, and the bootstrap row indices for entrant cohorts are fixed.

Initial Guesses and Refinement

Initial guesses are generated from quasi-random (Sobol) draws over the full parameter box,
together with local Gaussian perturbations of varying magnitudes around a baseline guess.
In the first step, I screen all 285 candidate triples N⃗0 = (NA0,NI0,NT 0) from a single initial
guess of the prior parameters, keep the top 15 triples, and re-estimate the prior parameters
under each triple from 24 initial guesses (360 combinations in total). The best 45 combi-
nations of N⃗0 and estimated prior parameters — across triples and initial guesses — are
carried to the second step. In the second step, I run one iteration of the optimization from
23 initial guesses of the remaining 28 parameters for each candidate carried over. I then
refine the search from the top 30 full parameter vectors, minimizing the distance in steps 1
and 2 sequentially, and report the estimates that achieve the best overall fit in the holdout
sample in Table A.2 and A.3.

Counterfactual market beliefs

Let Xi = (1,Wi,acadi, topi) collect worker i’s initial characteristics and initial placement.
The estimated model specifies ability as

θi | Xi ∼ Beta
(
α(Xi),β (Xi)

)
, α(X) = ea′X , β (X) = eb′X ,

and in the benchmark the market prior coincides with this distribution. Each counterfactual
specifies an information set: the observed entries XO are the components of W the market
retains, plus (acad, top) if initial sorting is on; the remaining entries XU are unobserved.
The distribution of true ability is unchanged in very counterfactual; only the market’s prior
changes.

Exact belief. Given only XO = xO, the Bayes-consistent prior is the conditional mixture

p(θ | xO) =
∫

Beta
(
θ ; α(xO,xU),β (xO,xU)

)
dF(xU | xO),
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with first two moments, by iterated expectations,

m(xO) = E
[

α(X)
α(X)+β (X)

∣∣∣xO

]
, E[θ 2 | xO] = E

[
α(X)(α(X)+1)

(α(X)+β (X))(α(X)+β (X)+1)

∣∣∣xO

]
,

and v(xO) = E[θ 2 | xO]−m(xO)
2.

Empirical implementation. I replace F(xU | xO) with the empirical distribution within
cells of the estimation sample at t = 0: cell c(i) collects workers matching i exactly on
observed binary characteristics and on quantile bins of observed continuous ones. With nc

workers in cell c,

m̂c =
1
nc

∑
i∈c

αi

αi +βi
, v̂c =

1
nc

∑
i∈c

αi(αi +1)
(αi +βi)(αi +βi +1)

− m̂2
c ,

where (αi,βi) =
(
α(Xi),β (Xi)

)
. Because the mixture is not a Beta distribution, I assign the

market the Beta prior matching its mean and variance:

s̄c =
m̂c(1− m̂c)

v̂c
−1, aE = m̂c s̄c, bE = (1− m̂c) s̄c.

Every entrant drawn from cell c receives prior Beta(aE ,bE), updated conjugately by sub-
sequent publications. When initial sorting is off, the first job is drawn independently of Xi

from the empirical placement distribution, and (acad, top) are excluded from XO, since a
random placement is uninformative.

Belief precision. Within each cell, the mean of the prior is preserved. By the law of
total variance, v̂c = E[Var(θ | X) | c] +Var

(
m(X) | c

)
: hiding characteristics converts

the between-worker dispersion in expected ability they explained into additional prior
uncertainty, so the belief precision s̄c lies below the full-information precision. Aggre-
gating, Ec[v̂c] = EX [Var(θ | X)] +Ec[Var(m(X) | c)], strictly exceeding the average full-
information variance whenever hidden characteristics predict ability within cells.
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