
Brain Circulation and Knowledge Creation: Evidence

from Elite Chinese Scientists

Shihang Ru∗ Heiwai Tang† Bernard Yeung‡ Xinbei Zhou§

July 2026

Abstract

This paper examines how brain circulation contributes to frontier scientific develop-

ment by analyzing the return of overseas Chinese scientists from 2003 to 2022. Using

bibliometric data from leading scientific journals, we document China’s rising pres-

ence in global science alongside a substantial influx of returnees, particularly from the

United States. We show that returnees are positively selected for research quality

and maintain high productivity post-return, although both selection and post-return

performance vary substantially across fields. Crucially, local scholars’ research quality

increases persistently upon first direct collaboration with returnees, including among

scholars who were already internationally connected. Beyond direct collaboration,

greater exposure to returnees within an institution is associated with research-quality

gains among local scholars, broader research participation, and greater frontier output

at receiving institutions. These knowledge spillovers show that high-skilled migration

generates value not only by reallocating talent, but also by reshaping local research

networks and institutional environments.
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“When our thousands of Chinese students abroad

return home, you will see how China will transform

itself.”

— Deng Xiaoping (as recounted in Robert Lenzner,

“The China Hand,” Forbes, 31 October 2005, 79)

1 Introduction

No country has more at stake in knowledge migration than China, which has sent more

students abroad than any other country since the reform era reopened overseas study in

1978.1 Historically, the flow ran overwhelmingly one way: only a minority of those who

went abroad had returned by the early 2000s (Cao, 2008)—especially the scientists: 92%

of the Chinese who earned U.S. science and engineering doctorates in 2002 remained in the

United States in 2007, the highest stay rate of any country, on the eve of China’s talent

programs (Finn, 2010). Stay rates nevertheless remain high: among temporary-visa holders

from China who earned U.S. science and engineering doctorates in 2017–2019, 83% were still

residing in the United States in 2023, approximately five years after graduation (National

Center for Science and Engineering Statistics, 2025).

These stakes turn on an old question: when a country’s brightest minds leave, does

knowledge leave with them—or come back multiplied? Talent is more productive at the

frontier, so departures drain; but returnees carry the frontier home, a phenomenon known

as “brain circulation” in the social sciences (Prato, 2025; Saxenian, 2005).2 Whether brain

circulation can offset the losses from brain drain is therefore an empirical question, shaped

by both the scientists who return and the environments that receive them.

Against this backdrop, China rolled out a series of policies to draw these scientists back,

following a familiar playbook at an unfamiliar scale.3 The 2006 Medium- and Long-Term

1Roughly 6.6 million Chinese students had studied overseas by 2019, and China remains the largest
origin country of internationally mobile students today; of those who had completed their studies by 2019,
86% had returned—a cumulative share driven largely by the high return rates of recent, much larger cohorts
(Ministry of Education of the People’s Republic of China, 2020; UNESCO, 2025).

2Frontier location raises scientists’ output, particularly for those from lower-income countries (Agarwal
and Gaule, 2020; Kahn and MacGarvie, 2016). Emigration can also benefit origin countries without any
return, by raising the payoff to human capital investment at home (Beine et al., 2008) and through diaspora
networks that transmit knowledge across borders (Agrawal et al., 2011; Kerr, 2008; Zweig et al., 2004); see
Docquier and Rapoport (2012) and Gibson and McKenzie (2011) for surveys, and Shin and Moon (2018) on
the term “brain circulation.” In our context, the circulating “brains” are scientists who studied or worked
at overseas institutions and published in high-quality scientific outlets.

3South Korea’s state-led repatriation of overseas scientists from the 1960s and Taiwan’s recruitment
of U.S.-trained engineers into Hsinchu are the canonical precedents (Saxenian, 2005; Yoon, 1992); return
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Plan established the broader policy agenda (Cao et al., 2006), and two flagship recruitment

programs put it into practice. The Thousand Talents Program, launched in 2008, targeted

established Chinese-born scholars at leading overseas universities, while the Young Thousand

Talents Program, introduced in 2011, extended the model to researchers under age 40, typ-

ically at the postdoctoral or assistant-professor stage (Jia, 2018). Together, these programs

sought to bring not only scientists, but also their overseas training, frontier experience, and

international networks into Chinese research institutions (Zweig et al., 2004)

This recruitment drive unfolded amid a broader transformation of Chinese science. Over

the past two decades, China rose from the periphery of elite science to its center—since

2016 the world’s largest producer of scientific papers (National Science Board, 2018), and

since 2023 the leader of the Nature Index annual tables in the natural sciences (Woolston,

2023). Whether, and through which channels, the returning diaspora contributed to this

rise is the subject of this paper. Specifically, we ask three questions. First, is China’s rise

reflected in the growing presence of Chinese scholars in elite journals, and has this rise been

accompanied by an increasing flow of returnees? Second, does China attract back its top

researchers? Where do returnees lie in the global research-quality distribution, and how

do they perform after returning? Third, do returnees improve science in China? If so, do

they do so through direct collaboration with local coauthors or through broader institutional

spillovers?

To study these questions, we use bibliometric data from leading scientific journals to

document the rise in the quantity, prominence, and quality of scientific output by Chinese

authors from 2003 to 2022. 4 Our sample comprises journals included in the Nature Index.5

We focus on the five highest-ranked journals by the 2022 Journal Impact Factor (JIF) in

the Journal Citation Reports6 with complete Scopus7 coverage over the sample period in

Chemistry, Physics, and Life Sciences, and three multidisciplinary journals spanning all

incentives remain a live policy instrument elsewhere (Bassetto and Ippedico, 2024).
4In the final years of our sample, rising US–China tensions and the tightening research-security environ-

ment in the United States may also have pushed some scholars toward return (Flynn et al., 2024; Jia et al.,
2024; Kitajima and Okamura, 2025; Xie et al., 2023); disentangling this push from China’s pull requires a
different empirical design, and we leave it to future work.

5The Nature Index tracks institutional contributions to research articles published in a selected list of
high-quality journals using “Share” and “Count” metrics, updated monthly through a twelve-month rolling
window. For the “Share” metric, each article’s contribution is split equally between all authors, adjusted
for multiple affiliations, to measure proportional contribution. The included journals are selected by an
independent panel of active leading researchers by survey based on reputation, regardless of publishers. The
current revised list was released in June 2023, including 145 journals in natural and health sciences. See
https://www.nature.com/nature-index/faq for more details.

6https://jcr.clarivate.com/jcr/browse-journals.
7https://www.scopus.com/
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scientific fields, which we label as “General”. 8 By focusing on these elite journals, we capture

contributions at the forefront of science. From these records, we construct the paper’s central

measure of scholar quality: an author’s cumulative citation share—the citations earned by

her papers, split equally among coauthors and expressed as a share of all citations to papers

published in the same years. Adjusting for coauthorship prevents double-counting credit,

and normalizing within publication year makes quality comparable across cohorts whose

papers have had different lengths of time to accumulate citations.

We begin by establishing four stylized facts.9 First, Chinese scholars’ presence, defined

as the share of papers in these elite outlets with at least one China-affiliated co-author, rose

sharply from 2003 to 2022, particularly in Chemistry. Second, Chinese scholars affiliated

with Chinese institutions account for most of the increase in Chinese authors’ citation-share

contribution. Third, high-quality Chinese scholars became increasingly likely to return from

the U.S. to China, a pattern driven by Chemistry, absent in Physics, and reversed in Life

Sciences. Finally, post-return performance is also field-specific: returning chemists outper-

form matched U.S.-based stayers, returning life scientists underperform, and the Physics

comparison depends on the benchmark group. These patterns show that China’s rise in

frontier science coincided with a growing and, in aggregate, increasingly positively selected

returnee flow, while revealing sharp differences across fields in who returned and how they

performed.

We then turn to how returnees affect the local scientific communities they join. The

first channel is direct collaboration. We study changes in local scholars’ research quality

among those who already had non-local international coauthors before their first returnee

collaboration; internationally connected scholars who never coauthor with a returnee serve

as controls. This design distinguishes the returnee increment from the general benefit of

international exposure. We use Sun–Abraham as our preferred estimator and report TWFE

and Callaway–Sant’Anna estimates as benchmarks. The estimates indicate a positive and

persistent post-collaboration premium. The displayed leads are jointly insignificant, although

the isolated estimate at τ = −6 is negative and significant. Under the preferred estimator,

the coefficient rises from 0.081 in the collaboration year to 0.143 at τ = 3. The qualitative

conclusion is robust across estimators, although the longer-run magnitude and dynamics

vary.

A second channel operates through broader exposure within institutions. We consider

local scholars who, as of the preceding year, had no observed returnee or non-local inter-

8Appendix Table A1 reports the complete list of journals.
9Throughout the paper, “Chinese” applied to individual scholars or authors denotes name-based eth-

nicity, independent of location or citizenship, while “China-affiliated” and “Chinese institution” refer to
institutional affiliation in a given year. Section 3 defines both categorizations precisely.
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national coauthorship, allowing us to study institutional exposure before entry into either

collaboration network. Because returnees disproportionately sort into stronger institutions,

simple comparisons would confound returnee exposure with preexisting institutional quality.

We therefore exploit two sources of variation: institutions differed in their field composi-

tion before the policy era, while national returnee inflows subsequently varied sharply across

fields. Interacting these pre-policy field shares with post-2009 field-level inflows provides an

instrument for institutional returnee exposure. Our preferred specification jointly absorbs

author and institution fixed effects, comparing changes in a scholar’s quality given returnee-

induced changes in her institution, net of other preexisting institutional differences. The

estimate is positive and economically significant—a single policy-induced returnee added at

the median institution is associated with a meaningful improvement in the research per-

formance of a local author with no prior collaboration with returnees or overseas authors.

Identification is concentrated in Physics and Chemistry, and the estimated effect keeps the

same sign under alternative field specifications. Extending the same exposure design to all

local scholars yields a positive response even after conditioning on prior returnee and inter-

national collaboration histories.10 At the institution level, greater predicted exposure is also

associated with broader participation in frontier research and greater publication output.

The evidence therefore suggests that brain circulation strengthens scientific capacity

through multiple complementary channels rather than through the productivity of returning

scientists alone: through persistent gains among local collaborators, broader improvements

among institutionally exposed scholars, and expanded frontier research participation and

output at receiving institutions.

This paper contributes to three related literatures. First, it adds to the work documenting

China’s growing role in global science. Earlier studies show the rapid expansion of Chinese

scientific output and R&D capacity (Tollefson, 2018; Xie and Freeman, 2018; Xie et al.,

2014; Zhou and Leydesdorff, 2006). Recent work shows that this rise extends to elite outlets,

especially in engineering and the physical sciences, but also emphasizes field heterogeneity

and uneven international uptake: Nagaraj and Yao (2026) document China’s growing share of

top-journal publications while showing that Chinese research remains less globally integrated

in topics and citations, and Qiu et al. (2022) document cross-border citation frictions in

Chemistry. Related measurement work cautions that citation-based rankings are sensitive

to field normalization and home bias in citations (Qiu et al., 2024; Wagner et al., 2022). We

provide complementary evidence by focusing on elite scientific journals across major natural-

science fields and by linking China’s growing frontier presence, as proxied by publication-

10Because predicted exposure itself raises entry into both networks, we read the conditional comparison
as descriptive rather than as a causal decomposition.
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citation shares, to the mobility, selection, and post-return performance of Chinese scientists.

Second, the paper contributes to research on Chinese diaspora scientists, return migra-

tion, and brain circulation. Early work emphasizes that overseas study and work generate

“transnational human capital” through foreign training, technology transfer, and interna-

tional networks (Zweig et al., 2004). Subsequent studies document both the ambition and

limits of China’s efforts to convert high-end brain drain into brain gain (Cao, 2008; Zweig

and Wang, 2013; Zweig et al., 2020). More recent bibliometric evidence shows that returning

scientists publish higher-impact work than domestic counterparts and help embed China in

international collaboration networks (Cao et al., 2020), while related studies examine Chinese

diaspora scientists (Xie and Freeman, 2020, 2023) and overseas returnees (Shi et al., 2023).

Related quasi-experimental evidence links the return of U.S.-trained African scientists to

higher publication output among local colleagues (Fry, 2023) and temporary international

mobility among Chinese doctoral students to larger collaboration networks and greater re-

search output (Gu et al., 2024). Most closely related, Giorcelli et al. (2026) use historical

exit restrictions and bilingual bibliometric data to study how the Great Return Wave of

1940–1957 shaped Chinese scientific output and field development. We add to this literat-

ure by studying contemporary return migration and jointly measuring returnee selection,

post-return performance, direct collaboration effects on China-based scholars, and broader

institutional exposure, while also accounting for changes in the observed local-author pool.

Third, the paper relates to the economics literature on high-skilled migration, scientific

networks, and innovation (Docquier and Rapoport, 2012). Studies of forced migration from

Nazi Germany show that the loss of scientific human capital depressed research output in

sending countries (Waldinger, 2016) while émigrés reshaped invention in receiving countries

(Moser et al., 2014), and Becker et al. (2024) show that professional networks facilitated

high-skilled emigration by transmitting non-public information across destinations. A re-

cent review of causal evidence finds that high-skilled emigration can benefit origin countries

through human-capital formation, linkages, knowledge transfer, and return migration, with

effects that depend on skill type and origin-country institutions (Batista et al., 2025), and

greater visibility of scientific achievement can reduce information frictions in the allocation

of scientific talent (Hager et al., 2024). More broadly, high-skilled migrants and inventors are

internationally mobile (Akcigit et al., 2016) and contribute to innovation in destination eco-

nomies (Gaulé and Piacentini, 2013; Hunt and Gauthier-Loiselle, 2010; Prato, 2025; Terry et

al., 2026), though policy-induced inflows do not mechanically translate into firm-level innova-

tion gains (Doran et al., 2022), and frontier location itself shapes scientists’ productivity and

return decisions (Gaulé, 2014; Kahn and MacGarvie, 2016). Our paper differs by studying

return migration to a rapidly upgrading origin country and by estimating not only movers’
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own performance, but also their effects on local collaborators and recipient institutions.

The rest of the paper is organized as follows. Section 2 provides institutional background

on China’s talent policies. Section 3 describes the data and presents the stylized facts.

Section 4 presents the main empirical analysis: direct collaboration, exposure among locals

without prior collaboration, pooled exposure effects across all local scholars, and institution-

level research participation and output. Section 5 concludes.

2 Institutional Background

In 2006, China launched the Medium- and Long-Term Plan for the Development of Science

and Technology (2006–2020) (MLP), committing the country to becoming an “innovation-

oriented society” by 2020. To do so, the government set targets of raising R&D expenditure

to 2.5% of GDP and reducing dependence on imported technology to below 30% (Cao et al.,

2006). Central to the plan was the concept of zizhu chuangxin (indigenous innovation, 自

主创新), reflecting a strategic pivot toward the development of frontier capabilities (Liu

et al., 2011). Reinforcing this S&T agenda, the National Medium- and Long-Term Talent

Development Plan (2010–2020), jointly issued by the CCP Central Committee and the State

Council in 2010, explicitly aimed to transform China’s labor force from one driven by low-cost

manufacturing into one anchored by high-skill, innovation-intensive sectors (Wang, 2011).

Talent recruitment was a central pillar of these plans. Two flagship programs illustrate

the approach. The Thousand Talents Program (TTP,千人计划, Qianren Jihua), launched in

2008 by the CCP Central Organization Department, targeted Chinese-born scholars holding

full professorships or equivalent senior positions at leading overseas universities (Jia, 2018).

Candidates were required to secure an institutional affiliation in China before applying,

and only one domestic institution could sponsor a given candidate. According to the 2011

Detailed Rules for the Thousand Talents Program, the initiative offered competitive salaries,

start-up research funding, and housing subsidies, aiming to recruit 2,000 overseas talents

over five to ten years (Central Organization Department of the Communist Party of China

[COD], 2011, trans. CSET). In 2011 the scheme was complemented by the Young Thousand

Talents Program (YTTP, 青年千人计划, Qingnian Qianren Jihua), which extended the

model to Chinese-origin researchers under age 40, typically at the postdoctoral or assistant-

professor stage (Jia, 2018). By the end of their active period, the TTP and YTTP had

collectively attracted several thousand overseas scientists to Chinese institutions. More than

7,000 individuals had been recruited under the TTP within a decade of its launch (Jia, 2018),

and Shi et al. (2023) studied 721 awardees out of the 3,576 offers made under the YTTP

between 2011 and 2017.
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The emphasis on return migration reflects a broader view of overseas-trained scientists

as vessels of transnational human and social capital rather than merely an additional labor

supply. Foreign training, international publication experience, access to frontier technology,

and overseas professional networks made returnees especially valuable as China sought to

internationalize its science system (Zweig et al., 2004). Consistent with this view, biblio-

metric evidence similarly shows that returnees produce higher-impact work than comparable

domestically trained scholars and remain more deeply embedded in international collabora-

tion networks (Cao et al., 2020). However, the literature also cautions against viewing talent

recruitment programs as mechanically generating brain gain. The attraction and integra-

tion of top scientists depended on research environments, academic governance, institutional

autonomy, and organizational receptiveness, and many elite overseas scholars returned only

part-time or chose not to return permanently (Cao, 2008; Zweig and Wang, 2013; Zweig

et al., 2020). Consequently, institutions, not national policy alone, are the relevant unit for

understanding how returnee inflows translate into local scientific production.

We therefore treat these talent attraction programs as an institutional backdrop for ana-

lyzing the return of overseas-trained scientists to China between 2003 and 2022. Although

the policy initiatives were nationally designed, implementation was decentralized to univer-

sities and research institutes. Candidates required institutional sponsors, and the support

available to returnees depended on the laboratories, research teams, and disciplinary en-

vironments into which they were embedded (COD, 2011; Jia, 2018). Prior evidence from

both the Changjiang Scholar Program and evaluation of the YTTP shows substantial het-

erogeneity across universities in their ability and incentives to recruit returnees, reflecting

differences in resources, prestige, host support, and the match between a candidate’s ex-

pertise and local research priorities (Jia, 2018; Shi et al., 2023; Xin, 2006). Consequently,

returnee inflows varied considerably across institutions and fields, despite a common national

policy framework.

Ideally, one would observe each scientist’s formal participation in the TTP or YTTP.

In practice, however, these records are incomplete, inconsistently disclosed, and difficult to

track because the programs were subsequently reorganized and renamed. Moreover, our

objective is not to assess the effectiveness of these talent programs per se, but rather to

evaluate the broader effects of brain circulation on China’s scientific output. We therefore

use 2008—the launch of the TTP—as the regime-change date, as it marks the beginning of

a nationwide policy commitment to attracting overseas Chinese scholars back to China.
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3 Data and Stylized Facts

We collect publication records from Scopus based on selected journals’ ISSNs and publication

year (see Appendix Table A1). Using the Nature Index as the benchmark set of frontier

scientific journals, we retain, within Chemistry, Physics, and Life Sciences, the five highest-

ranked journals by the 2022 Journal Impact Factor with complete Scopus coverage over

the sample period and include three broad General journals. For each article, we retrieve

the title, publication year, journal volume, author names, affiliations, citation counts (as of

March 2025), and a brief description. Each publication, author, and institution is assigned a

unique EID, author ID, and affiliation ID, respectively. Institution names and countries are

linked through affiliation IDs. For authors listing multiple affiliations on a paper, we treat

the first affiliation as the primary one. The final data set comprises 602,730 publications,

1,204,800 scholars, and 64,652 institutions.

Scholars’ ethnicity is estimated by NamSor,11 a European name-recognition software

launched in February 2014. For a given full name, the NamSor Diaspora API estimates the

most likely ethnicity, recognizing that a last name linked to an ethnicity may belong to a

second- or third-generation migrant with a first name less common among that ethnicity’s

descendants.

Using unique author IDs, we assemble an author-year panel that tracks publication his-

tories in the selected journals in our sample. Because authors may publish multiple papers

in a given year and none in others, the panel is unbalanced. For the analysis, we classify

authors’ ethnicities and the countries of their affiliations into Asian and non-Asian groups.

Each author-year observation is thus characterized by two dimensions: the author’s eth-

nicity12 and the country13 of their affiliated institution at the time of publication. This

structure allows us to examine collaboration patterns across ethnic and geographic groups

and to document four stylized facts about China-affiliated research and ethnically Chinese

scientists.

11https://namsor.app/. Independent validation exercises support the use of NamSor while also document-
ing classification error. Bursztyn et al. (2024) find that fewer than 1 percent of 250,000 voter records were
misclassified in the error category relevant to their origin analysis. Comparing NamSor with alternative race
and ethnicity inference methods against self-reported data, Rieke et al. (2022) find such inferences broadly
informative but imperfect. In an affiliation-based benchmark of 88,699 researchers, Sebo (2023) report 85
percent correct ethnicity classification for researchers affiliated with Chinese institutions.

12Asian ethnicities include Bangladeshi, Bhutanese, Burmese, Cambodian, Chinese, Indian, Indonesian,
Japanese, Korean, Laotian, Malays, Mongolian, Nepalese, Pakistani, Sri Lankan, Thai, and Vietnamese. The
top six most common Asian ethnicities among unique scholars are: Chinese (21.45%), Japanese (5.60%),
Indian (4.30%), Korean (3.43%), Vietnamese (0.52%), Bangladeshi (0.39%)

13Asian countries include most East, Southeast, and South Asian countries: Bangladesh, Bhutan, Brunei
Darussalam, Cambodia, China, India, Indonesia, Japan, Laos, Malaysia, Maldives, Mongolia, Myanmar,
Nepal, Pakistan, Philippines, Singapore, South Korea, Sri Lanka, Thailand, and Viet Nam.
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The four facts are organized around the first two questions posed in the introduction.

Facts 1 and 2 take up the first: China’s rise at the frontier is real, sustained, and driven

by China-based scholars. Facts 3 and 4 take up the second: return migration grew and

increasingly drew high-quality scholars, and returnees’ post-return success is concentrated

in the field where China is already strongest.

Throughout the paper, we distinguish ethnicity from research location. An ethnically

Chinese author is an author classified as Chinese by NamSor; this name-based classification

is probabilistic and does not measure citizenship or nationality. A China-affiliated author is

an author whose assigned affiliation country in a given author-year is China: we first identify

the primary affiliation on each paper and then use the modal affiliation country when an

author publishes multiple papers in the same year. A China-affiliated paper has at least

one China-affiliated author. When both the ethnicity and affiliation conditions hold in an

author-year, we refer to a China-affiliated ethnically Chinese author.

3.1 Fact 1: Rising presence of Chinese scholars

Between 2003 and 2022, Chinese science moved from the margins of elite journals toward

their center: the share of papers with at least one China-affiliated author rose more than

fivefold, and by the end of the sample nearly half of Chemistry papers had one (Figure 1).

We measure this presence on two margins. We define the paper share as the fraction of

papers in a given year with at least one China-affiliated author, and the author share as the

fraction of author-paper observations accounted for by ethnically Chinese authors.

First, the China-affiliated paper share rose drastically, from 4.47% of all papers published

in 2003 to 27.34% in 2022. We categorize China-affiliated papers into three mutually exclus-

ive groups: “China-Only” (all authors are China-affiliated), “China-US” (at least one author

is China-affiliated and at least one is U.S.-affiliated), and “China-ROW” (at least one author

is China-affiliated and at least one is affiliated with a non-China, non-U.S. institution, but

none is U.S.-affiliated). Figure 1a shows that the China-Only paper share rose from 2.66%

in 2003 to 16.51% in 2022. The shares of China-US and China-ROW papers also increased,

though more slowly. The growth of these internationally coauthored papers indicates the

increasing integration of China-affiliated researchers into the global scientific community.

Second, Figure 1b shows that the share of all author-paper observations accounted for

by China-affiliated ethnically Chinese authors rose from 3.50% to 21.29%, pointing to a

substantial strengthening of domestic research capacity. In contrast, the share accounted for

by ethnically Chinese authors affiliated with institutions in non-Asian countries increased

more modestly, from 5.79% to 7.42%.
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(a) China-Affiliated Paper Share (b) Chinese Author Share by Affiliation

Note: Figure 1a shows the annual share of papers with at least one China-affiliated author and decom-
poses it into three mutually exclusive groups: China-Only, China-US, and China-ROW. Figure 1b shows
the annual share of author-paper observations accounted for by ethnically Chinese authors, together
with two selected affiliation subsets: China-affiliated ethnically Chinese authors and ethnically Chinese
authors affiliated with institutions in non-Asian countries.

Figure 1
China-Affiliated Papers and Ethnically Chinese Authors

Moreover, these trends exhibit substantial cross-field heterogeneity. Figure 2 shows that

the increase is concentrated in Chemistry, where the China-affiliated paper share reaches

48.91% and the ethnically Chinese author share reaches 58.31% by the end of the sample

period. The growth in General and Physics is more moderate, while that in Life Sciences

remains the slowest, with the China-affiliated paper share increasing from 2.28% in 2003 to

7.46% in 2022.

3.2 Fact 2: Increasing contribution of Chinese scholars

Presence, however, is not influence: does the publication surge translate into citation-

weighted contribution? It does, and the growth is home-grown: the citation share of China-

affiliated ethnically Chinese authors rose roughly tenfold over the sample period, while the

share of their U.S.-affiliated counterparts stayed broadly flat (Figure 3). Following standard

practice in the literature, we use citation counts as a proxy for the scientific influence and

quality of papers in our dataset. To quantify the contributions of authors from different

ethnic backgrounds, we construct a Citation Share measure. Assuming equal contributions

across coauthors, we compute the Citation Share for ethnicity e in each publication year as

follows:

CS
e(k)
t =

∑Nt

i=1 cit ∗ s
e(k)
it∑Nt

i=1 cit
=

∑Nt

i=1 cit ∗
a
e(k)
it

ait∑Nt

i=1 cit
(1)
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Note: In each field, “China-affiliated papers” denotes the annual share of papers with at least one
China-affiliated author, and “Ethnically Chinese authors” denotes the annual share of author-paper
observations accounted for by ethnically Chinese authors.

Figure 2
China-Affiliated Paper and Ethnically Chinese Author Shares by Field

where cit is the total citation count of paper i published in year t, measured as of March 2025.

Since Scopus reports cumulative citations at the date of data retrieval rather than annual

flows, cit is a fixed value for each paper i with publication year t; it is not a time-varying

measure. seit is the share of authors with ethnicity e in paper i: aeit is the number of authors

with ethnicity e on paper i published in year t, ait is the paper’s total number of authors,

and Nt is the total number of papers published in year t. Eq. (1) measures the share of

total citations in publication year t attributable to authors of ethnicity e. Because citations

proxy for scientific influence and paper quality, the measure captures ethnicity e’s share of

high-impact contributions to scientific discovery. The same approach can be applied at the

institutional level by replacing ethnicity e with institution k, thereby measuring the Citation

Share of scholars affiliated with institutions across different countries.

We examine the contributions of ethnically Chinese scientists by grouping them according

to their institutional affiliation at the time of publication. Specifically, we compare the

Citation Share of ethnically Chinese authors affiliated with institutions in China, the United

States, and all other countries, which we collectively label “Rest of the World (ROW)”.

Figure 3 plots the year-by-year evolution of these Citation Share series, calculated using

Eq. (1).
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The blue line in Figure 3 shows that the Citation Share of China-affiliated ethnically

Chinese authors rose sharply from 0.023 in 2003 to 0.246 in 2022. The Citation Share

of ethnically Chinese authors affiliated with institutions outside China and the U.S. also

increased, although more modestly. In contrast, while U.S.-affiliated ethnically Chinese

authors accounted for the largest Citation Share at the beginning of the sample period, their

share remained broadly stable and declined slightly in recent years. Overall, the combined

Citation Share of ethnically Chinese authors increased by 230.23% over the sample period,

underscoring their increasingly important role in advancing frontier scientific research.

Note: This figure compares the Citation Share of ethnically Chinese authors affiliated with institutions
in China, the U.S., and all other countries (“ROW”), calculated using Eq. (1).

Figure 3
Citation Share of Ethnically Chinese Authors by Affiliation Country

3.3 Fact 3: High-quality Chinese scholars are more likely to return

Behind this home-grown rise stands a growing—and increasingly selected—flow of returnees.

To show this, we first construct an individual author-quality measure and then examine

return migration among ethnically Chinese authors.

To compare research performance across scholars, we construct an Author Quality meas-

ure based on each scholar’s cumulative citation share across all papers included in our sample.

Assuming equal contributions among coauthors, the Author Quality of author j in year t is
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defined as follows:

AQjt =
t∑

s=2003

∑njs

i=1
cis
ais∑Ns

i=1 cis
(2)

where cis is the total lifetime citation count of paper i published in year s, measured as of

March 2025, the end of our time window; ais is the number of coauthors of paper i in year

s; njs is the number of papers published by author j in year s; and Ns is the total number

of papers published in year s. To facilitate comparisons across authors within a publication-

year cohort, author j’s citation share is normalized by total citations in the same year s.

Accordingly, author j’s quality index in year t is the cumulative citation share of all papers

she published up to year t. For each year t, we compute the median Author Quality, medt,

among all active authors and define HighQuality jt = 1{AQjt > medt}. Thus, HighQuality jt

identifies authors in the upper half of the active-author quality distribution in year t. We

also construct field-specific medians to measure an author’s quality relative to peers within

the same field.

We infer authors’ cross-country mobility from changes in the countries of their publication

affiliations14 This affiliation-based approach follows recent large-scale work using bibliomet-

ric records to measure international scholarly mobility (Sanliturk et al., 2023). We define a

returnee as an ethnically Chinese author whose assigned affiliation changes from an institu-

tion outside China to one in China within our observed publication panel. This definition

records observed publication-affiliation mobility rather than a scholar’s complete migration

or employment history. Figure 4 plots annual inflows of returnees by origin country. Two

features stand out. First, inflows rise in every year of the sample, from 31 returnees in 2004

to 1,409 in 2022. Second, most returnees were previously affiliated with U.S. institutions.

Appendix Table A2 reports the corresponding annual counts and cumulative totals; by 2022,

we identify 9,963 returnees, including 5,504 from the U.S.

Because the U.S. has long been the world’s leading destination for scientific education and

research, the remainder of this subsection focuses on the subset of returnees whose assigned

affiliation changes from the U.S. to China. We refer to these scholars as U.S.-to-China

returnees. We define Returnjt as an indicator equal to one in the year scholar j becomes a

U.S.-to-China returnee, zero during the scholar’s observed U.S.-affiliated pre-return years,

and missing after the return.15

14We treat the first affiliation as primary for authors with multiple affiliations in one paper. If an author
has different primary affiliations for papers published in the same year, we keep the modal affiliation country
within a year as the main location and assign by alphabetical order if there are ties. We focus on the last
movement for authors with multiple cross-country movements in their publishing history.

15The regression sample consists of all author-year observations during scholar j’s observed U.S. tenure.
For scholars who first appear outside the U.S. and later move to the U.S., observations before the first
observed U.S. affiliation are excluded; for U.S.-to-China returnees, post-return years are right-censored. For
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Note: This figure shows annual inflows of ethnically Chinese returnees by the region of their assigned
affiliation immediately before moving to China. The three mutually exclusive origin groups are the U.S.,
other non-Asian countries, and other Asian countries. Appendix Table A2 reports the corresponding
annual counts and cumulative totals.

Figure 4
Annual Inflows of Ethnically Chinese Returnees by Prior Affiliation Region

We investigate whether the propensity of ethnically Chinese scientists to return from the

U.S. to China varies with author quality. Since migration decisions are endogenous, we do

not seek to identify a causal effect. Instead, we estimate the following linear probability

model to describe the quality ranking of U.S.-to-China returnees:

Returnjt = α+
2022∑

s=2004

βsHighQuality jt1{t = s}

+ λHighQuality jt +
2022∑

s=2004

γs1{t = s}+ η1CareerAgejt + ϵjt

(3)

For this migration specification, the median defining HighQuality jt is computed after exclud-

ing all author-year observations following an observed U.S.-to-China return, while retaining

the return year itself. Our parameter of interest is βs, the coefficient on the interaction

between above-median quality and the year indicator. In this linear probability model, βs

is the percentage-point difference in the probability of returning from the U.S. to China

between above-median- and below-median-quality ethnically Chinese authors in year s, rel-

ative to the 2003 difference. To proxy for seniority, we include CareerAgejt, defined as year

scholars who have always been affiliated with U.S. institutions, the variable takes 0 for all years in the sample.
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t minus the year of author j’s first observed publication.

We estimate Equation (3) using simple Ordinary Least Squares (OLS) with clustered

standard errors at the individual author level. The estimated βs coefficients are plotted over

time in the black dashed line in Figure 5; the corresponding all-field regression table is repor-

ted in Appendix Table A3. Overall, there is an upward trend in the estimated β coefficients,

implying that higher-quality U.S.-affiliated ethnically Chinese authors become increasingly

likely to return to China relative to their lower-quality counterparts, especially toward the

end of the sample period. For example, in 2022, the return probability gap between higher-

and lower-quality U.S.-affiliated ethnically Chinese authors was approximately 2.8 percent-

age points larger than in 2003.16

Note: This figure plots the estimated coefficients βs in Equation (3) for ethnically Chinese authors in
the observed U.S.-affiliated risk set. Each coefficient is the above- versus below-median difference in the
probability of becoming a U.S.-to-China returnee in year s, relative to the corresponding difference in
2003. The yearly median used to define above-median quality excludes post-return author-year observa-
tions.

Figure 5
Author Quality and U.S.-to-China Return Probability

We further examine field heterogeneity by separately estimating Equation (3) using sub-

samples of different fields f ∈ {General, Chemistry, Physics, LifeSciences}, also using

16One might worry that the rising β̂s reflects a growing pool of high-quality ethnically Chinese scientists
at U.S. institutions rather than genuine quality selection in return migration. Since HighQualityjt is defined
relative to the within-year median and year fixed effects absorb aggregate time trends in return rates, this
concern is largely addressed by the regression design. Consistent with this, Appendix Figure A1 shows that
the count of high-quality ethnically Chinese scholars affiliated with U.S. institutions remained relatively
stable over the sample period.
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OLS with clustered standard errors at the individual author level. The estimated β coeffi-

cients for each field are also plotted in Figure 5. Among U.S.-affiliated ethnically Chinese

authors, high-quality chemists are significantly more likely to return to China from 2010

onward. In 2022, the return probability gap between higher- and lower-quality chemists was

about 4.7 percentage points larger than in 2003. By contrast, there is no significant change

in the return probability gap for authors publishing in General journals. Moreover, the cor-

responding gaps for physicists and life scientists decline significantly over time. In 2022, the

quality gaps for physicists and life scientists were about 4.2 and 2 percentage points smaller

than in 2003, respectively.

3.4 Fact 4: Returnee performance varies across fields

In this subsection, we study the post-return performance of U.S.-to-China returnees. Since

some authors have publications in different fields, the analysis is conducted at the author-

field level: we treat each author-field pair as a separate entity. For example, if author j has

published in Chemistry and Physics, we distinguish between them as jchem and jphy. This

approach results in 7,219 returnee-field pairs for the 5,504 U.S.-to-China returnees.

For each returnee-field pair moving to China in year t, we obtain the pre-return quality

index in the respective field in the last year of publication before the return, denoted as

AQjf,t−, following Equation (2). We also obtain end-of-sample author quality AQjf using

Equation (2), considering all publications in the dataset. We define the returnee’s change

in quality as SCjf,t = AQjf − AQjf,t−. Next, we identify two matched U.S. stayers: one

ethnically Chinese author and one author whom NamSor does not classify as ethnically

Chinese. Each matched author has observed publication affiliations that remain in the U.S.,

publishes in the same field and pre-return year t− as returnee-field pair jf , and has the

closest author quality to AQjf,t− (nearest-neighbor matching with replacement), denoted by

AQj′f,t−. We similarly obtain end-of-sample quality AQj′f and calculate SCj′f,t = AQj′f −
AQj′f,t− for each matched stayer.

We define ∆j = SCjf,t − SCj′f,t to measure the difference between the quality change of

U.S.-to-China returnee j, who returned in year t, and that of matched U.S. stayer j′. We

scale the difference by 10,000 for presentation. We study field heterogeneity in post-return

performance using the following OLS specification, estimated separately for the matched

ethnically Chinese and non-Chinese U.S.-stayer comparison groups:

∆j =α +
4∑

f=2

γf1{field = f}j +Xj + εj (4)
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where General is the omitted field category, so α captures the adjusted post-return perform-

ance gap for General and each γf captures the difference for field f relative to General. Xj is

a set of author-level controls. These are YearsSinceReturnj = 2025− tj, the number of years

between U.S.-to-China returnee j’s move in year tj and the citation measurement date, and

two indicators for the returnee’s initial position in the quality distribution. HighQuality jf,t−

equals one when the returnee’s pre-return field-specific quality exceeds the median among

authors publishing in the same year, while TopDecilejf,t− equals one when it is at or above

the corresponding 90th percentile.

Post-return performance mirrors the selection pattern of Fact 3. Returning chemists

outperform their matched U.S. stayers and returning life scientists fall behind, under both

comparison groups; physicists sit in between, and the verdict depends on the benchmark:

U.S.-to-China returnee physicists marginally outperform matched ethnically Chinese U.S.

stayers but underperform matched non-Chinese U.S. stayers (Figure 6; throughout, a positive

coefficient indicates returnees outperforming matched stayers).

These estimates come from our preferred specification of Equation (4), which includes

the author-level controls in Xj and clusters standard errors at the field level; Appendix

Table A4 reports the full results, benchmarking returnees against matched ethnically Chinese

U.S. stayers in the top panel and matched non-Chinese U.S. stayers in the bottom panel,

with and without controls. One estimate warrants caution: for returnees who previously

published in top general-science journals, the point estimate is negative relative to matched

U.S. stayers but statistically insignificant in the preferred specification. The robust statement

is therefore comparative—Chemistry returnees perform significantly better than General-

journal returnees, while General-journal returnees do not show the same positive post-return

performance.

Why might General-journal returnees fare worse? Some had been embedded in research

teams with prominent U.S.-based scientists before returning, and operating more independ-

ently as principal investigators afterward could make it harder to maintain publication re-

cords in these most competitive outlets. Given the imprecision of the General estimate,

we treat this mechanism as suggestive. The clearer message lies in the tie-back to Fact

3: Chemistry—the one field in which return migration increasingly selected high-quality

scholars—is also the field in which returnees thrive after returning, while Physics and Life

Sciences, where quality selection weakened over time, show no comparable post-return ad-

vantage (Figure 5).

Viewed as a whole, the four facts describe a rise at the frontier that is increasingly home-

grown, fed by return migration that is growing, positively selected, and concentrated where

China is already strongest. What the facts cannot say is whether returnees cause any of
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Note: This figure plots the estimated field coefficients for U.S.-to-China returnees from the preferred
specification in column (3) of Appendix Table A4. This specification includes the author-level controls in
Xj and reports standard errors clustered at the field level. Error bars are 95% confidence intervals. The
left panel compares returnees with matched ethnically Chinese U.S. stayers; the right panel compares
them with matched non-Chinese U.S. stayers.

Figure 6
Field Heterogeneity in the Post-Return Performance of U.S.-to-China Returnees

the local gains they coincide with: selection—into return, and into institutions—is precisely

what raw comparisons confound. Section 4 takes up that question.

4 Brain Circulation of Returnees

Building on the stylized facts from the previous sections, we examine how returnees are

associated with the research performance of local China-based scholars and their host insti-

tutions.

We define a local China-based scholar as an ethnically Chinese author whose assigned

publication affiliation remains in China throughout every author-year observed in our sample.

“Local” therefore refers to the observed publication panel, not necessarily the scholar’s com-

plete career or residence history. We study returnees and local scholars in four steps. First,

we examine direct collaboration at the individual level. After a local scholar begins coauthor-

ing with returnees, their research quality rises persistently, even among scholars who already

had non-local international coauthors. This pattern is consistent with returnees providing

specialized expertise, tacit knowledge of the publication process, and access to international

research networks.
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Second, we examine whether returnees generate spillovers within host institutions, focus-

ing on local scholars who had not previously coauthored with either a returnee or a non-local

international scholar. Because returnees endogenously sort into higher-quality institutions

with stronger existing research environments, we use a shift-share instrument based on in-

stitutions’ pre-policy field composition and national post-2009 returnee inflows, excluding

the focal institution’s own returnees. In this no-prior-collaboration risk set, policy-induced

institutional returnee exposure is associated with higher local-author quality.

Third, we expand the estimation sample to all local scholars. The pooled total-effect

estimate is positive and remains positive after lagged returnee and non-local collaboration

histories are added. Finally, we aggregate the data to the institution–year level and show

that higher predicted returnee exposure is associated with broader research participation and

more fractionally counted publication output. Across these margins, the evidence indicates

direct collaborator gains, positive exposure effects among locals without prior collaboration,

a positive net response across the full local-scholar panel, and an expansion in the scale of

research activity at more-exposed institutions.

4.1 Direct Collaboration with Returnees

We begin with the direct collaboration channel: whether local scholars’ research quality

changes after they first coauthor with a returnee. The outcome is log Author Quality,

logAQjt, where AQjt is the cumulative citation-share-based measure defined in Eq. (2). We

first estimate an event-study design around the year of first returnee collaboration in the full

local-scholar sample, shown in Appendix Figure A2. These unconditional estimates are pos-

itive, but they do not by themselves isolate a returnee-specific channel because first returnee

collaboration may coincide with entry into broader international coauthorship networks. We

therefore use a stricter incremental design as our main specification: among local scholars

who already had non-local international coauthors before their first returnee collaboration,

we ask whether returnee collaboration adds further gains beyond existing international coau-

thorship exposure.

Specification. Let T ret
j and T int

j denote the year of author j’s first coauthorship with a

returnee and with any non-local international author, respectively. The estimation sample

excludes returnees. For treated authors, event time is τj = t−T ret
j . To estimate the returnee

increment, we define the risk set

Sret = {j : T int
j < T ret

j } ∪ {j : T int
j < ∞, T ret

j = ∞},
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where the second set contains internationally connected authors who never coauthor with a

returnee and therefore serve as controls. On this risk set, we estimate:

logAQjt =
∑
τ ̸=−1

βτ1{τj = τ}+ γ · IHS(Cintl
j,t−1) + δ · IHS(Call

j,t−1)

+ ξ1(PreIntl j × t) + ξ2(PreIntlk × t) + µj + λt + εjt (5)

where Cintl
j,t−1 is the lagged cumulative count of distinct non-local international coauthors,

absorbing ongoing foreign exposure; Call
j,t−1 is the lagged cumulative count of all coauthors,

controlling for overall collaboration scale. IHS(·) is the inverse hyperbolic sine transform-

ation,17 which accommodates zeros. PreIntl j and PreIntlk denote author- and institution-

level pre-policy (2003–2005) international network shares.18 Both are interacted with the

raw publication-year variable t ∈ {2003, . . . , 2022} to absorb differential linear trends by

authors’ and institutions’ pre-policy international exposure. µj and λt are author and year

fixed effects.

Equation (5) summarizes the common outcome, controls, and fixed effects. Our preferred

implementation replaces the single set of event-time indicators with cohort-by-event-time in-

teractions and aggregates them using the interaction-weighted estimator of Sun and Abraham

(2021). This avoids using already-treated cohorts as controls when treatment effects differ

across first-collaboration cohorts. We report the conventional two-way fixed-effects (TWFE)

implementation of Eq. (5) as a benchmark and the group-time ATT estimator of Callaway

and Sant’Anna (2021) as a complementary robustness estimator. We display exact event

times from τ = −6 through τ = 3, omit τ = −1, and include the tails τ ≤ −7 and τ ≥ 4 as

nuisance bins. Never-treated authors are the comparison group in the preferred estimator.

Standard errors for the preferred estimates are clustered by author; the TWFE benchmark

uses two-way clustering by author and institution. The post-collaboration inference is similar

when the clustering dimension is changed.

Because authors may publish across multiple fields within a year, the event study is

estimated on the pooled author-year panel rather than assigning each observation to a single

field. Author fixed effects absorb time-invariant differences in field specialization, and year

fixed effects absorb shocks common across fields. They do not separately absorb changes in an

author’s field mix or field-specific year shocks; the estimates should therefore be interpreted

as pooled across fields.

17The inverse hyperbolic sine transformation is defined as IHS(x) = sinh−1(x) = ln
(
x+

√
x2 + 1

)
.

18Let InternationalCollabjτ equal one if author j coauthored with at least one non-local international

scholar in year τ . Then PreIntl j ≡ 1
3

∑2005
τ=2003 InternationalCollabjτ . The institution-level measure PreIntlk

is the average of InternationalCollabjτ across author-year observations at institution k during 2003–2005; k
indexes author j’s institution in the relevant publication year.
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Figure 7
Returnee Collaboration Premium across Event-Study Estimators

Results. Figure 7 reports all three estimators while identifying Sun–Abraham as preferred.

Sun–Abraham and TWFE use the same 44,749 author-year observations (10,185 authors);

Callaway–Sant’Anna uses 32,623 pair-balanced observations (7,786 authors) supported by

its group-time comparisons. The preferred estimates are close to zero from τ = −5 through

τ = −2. The coefficient at τ = −6 is an exception: it is negative and statistically significant

(−0.065, s.e. 0.025). Nevertheless, a joint Wald test of all five displayed leads does not reject

zero (χ2(5) = 8.40, p = 0.136), and the result is still weaker when the isolated τ = −6 lead

is excluded (p = 0.857). The early-lead deviation warrants caution, but there is no evidence

of a differential trend immediately before collaboration.

From the collaboration year onward, the preferred coefficients are positive and precisely

estimated: 0.081 at τ = 0, 0.093 at τ = 1, 0.105 at τ = 2, and 0.143 at τ = 3 (all p < 0.001).

The TWFE benchmark is close in both level and shape, with corresponding estimates of
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0.095, 0.110, 0.122, and 0.153. Callaway–Sant’Anna also yields positive post-collaboration

estimates, but its path rises more steeply: 0.071, 0.176, 0.198, and 0.243 at event times

0–3. The qualitative conclusion is therefore robust across estimators, while the longer-

run magnitude and dynamics are estimator-dependent. Appendix Table A5 shows that

this difference persists when Sun–Abraham and TWFE are re-estimated on the Callaway–

Sant’Anna observation sample, so it is not explained solely by sample composition. Allowing

not-yet-treated authors to join the Callaway–Sant’Anna comparison group produces a very

similar path.

The control set also matters quantitatively. Removing the lagged collaboration-stock

controls produces substantially larger post-collaboration estimates, whereas replacing total

coauthor stock with local coauthor stock yields a path close to the preferred specification

(Appendix Table A6). Because collaboration stocks can themselves respond after treatment,

we do not interpret differences across these specifications as a causal decomposition. The

preferred controlled estimates provide a conservative measure of the returnee increment

conditional on observed network growth.

For completeness, we estimate an analogous specification for the incremental effect of

international collaboration among authors already connected to returnees. Treated authors

satisfy T ret
j < T int

j < ∞, while returnee-connected authors with no observed international

collaboration form the comparison group. We replace the event indicators with sj = t −
T int
j and control for IHS(Cret

j,t−1), where Cret
j,t−1 is the lagged cumulative count of distinct

returnee coauthors. Appendix Figure A3 reports Sun–Abraham and TWFE estimates for

this symmetric design. The preferred coefficients rise from 0.025 at s = 0 to 0.082 at s = 3;

the year-zero estimate is imprecise, but the estimates from s = 1 onward are positive and

significant. This trajectory is flatter and smaller than the returnee increment, consistent

with the returnee premium reflecting something beyond general foreign collaboration.

4.2 Spillovers onto Locals Without Prior Collaboration

In addition to direct collaboration, returnees may affect local scholars’ quality through in-

direct institutional channels, including knowledge diffusion through seminars or mentoring

and competition over grants, lab space, and graduate students. In this section, we exam-

ine the net relationship between institutional returnee exposure and outcomes among local

China-based scholars.

Field composition matters for both the economics of spillovers and the empirical design.

Section 3.4 shows that returnees’ post-return performance is not uniform across scientific

fields: Chemistry is the strongest positive case, General-journal returnees do not show the
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same positive pattern, and the Physics and Life Sciences estimates depend more on the

benchmark group. This field heterogeneity suggests that the institutional consequences of

returnee inflows should depend not only on how many returnees an institution receives,

but also on the disciplinary environment in which the national returnee wave arrives. The

IV strategy below uses this source of variation by interacting institutions’ pre-policy field

composition with post-2009 national returnee inflows by field, so that institutions that were

more specialized before the policy period in fields with larger subsequent returnee waves

receive stronger predicted exposure.

Design. For a local author j affiliated with institution k in year t, let Rk,t−1 denote the

cumulative number of returnees affiliated with institution k through year t− 1. We use the

lagged log institutional returnee stock, Xk,t−1 = ln(1+Rk,t−1),
19 to proxy for indirect expos-

ure intensity. This variable is endogenous: returnees disproportionately sort into already-

strong institutions with higher-quality local scholars, and external funding shocks may simul-

taneously attract returnees and boost local output. We address this using a Bartik-Borusyak-

Jaravel-Hull (BHJ) shift-share instrument (Borusyak et al., 2022; Goldsmith-Pinkham et al.,

2020):

Zk,t−1 =
∑
f

skf ×Gkf,t−1, (6)

where skf is institution k’s pre-policy (2003–2005) publication share in field f , defined as

skf =
publications of institution k in field f, 2003–2005

total publications of institution k, 2003–2005

The field-specific leave-own-institution-out shock is Gkf,t−1 =
∑t−1

s=2009(N
ret
f,s − Rown

kf,s). Here

N ret
f,s is the total number of returnees entering any institution in field f in year s, and Rown

kf,s

is the number entering institution k in that field and year. Thus, Gkf,t−1 is the cumulative

national returnee inflow in field f , net of returnees entering institution k, from 2009 through

year t − 1. By construction, the instrument is zero before 2009. In words, cross-institution

variation in Zk,t−1 is driven by k’s pre-existing field specialization interacted with policy-

induced national inflows by field, excluding the focal institution’s own returnee inflow from

the shock.

Identification requires that, conditional on author and institution fixed effects and pre-

policy international network trends, an institution’s 2003–2005 field composition affects sub-

19We use ln(1 + x) rather than IHS for institution-level returnee-stock measures, because these variables
are nonnegative cumulative exposure counts and the log-plus-one scale gives a direct semi-elasticity inter-
pretation. Both transformations retain zero-stock observations and are numerically similar away from zero;
we reserve IHS for sparse author-level collaboration-stock controls.
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sequent local-author quality only through leave-own-institution-out post-2009 returnee in-

flows. The main threats are that institutions specialized in high-returnee fields may have

been on different quality trajectories even before the policy shock, or may have been af-

fected by other post-2009 shocks specific to the same fields. We assess the first concern

using a placebo event-study test for differential pre-2009 trends and use Rotemberg-weight

and leave-one-field-out checks to describe which field shocks drive the estimate. We do not

include unrestricted year fixed effects in the baseline first-stage and second-stage equations

(Eqs. (7) and (8)): absorbing publication-year effects leaves too little residual cross-field

exposure growth to support a usable first stage.

Average effects. Section 4.1 establishes that scholars who directly coauthor with re-

turnees experience large quality gains. To isolate the indirect channel—the effect of in-

stitutional returnee exposure on scholars with no observed direct collaboration history as

of the previous year—we restrict to author-years in which the local scholar had not yet

coauthored with either a returnee or a non-local international scholar by year t − 1 (the

no-prior-collaboration risk set). This restriction removes the conflation between direct and

indirect margins. The first-stage specification on this risk set is:

Xk,t−1 = πZk,t−1 +W′δ + µj + ηk + ujkt, (7)

where µj and ηk denote author and institution fixed effects. The control vector W includes

both PreIntl j × t and PreIntlk × t from Eq. (5), allowing authors and institutions with

different pre-policy international exposure to follow different linear trends. Standard errors

are clustered two-way, by author and by institution.

The baseline second-stage specification is:

logAQjkt = βIVX̂k,t−1 +W′γ + µj + ηk + εjkt, (8)

with the same fixed effects, controls, and clustering. Author fixed effects absorb stable dif-

ferences in research specialization, career stage, and long-run productivity, while institution

fixed effects absorb persistent differences in institutional research environments. Thus βIV

is identified from changes in exposure experienced by the same author, net of time-invariant

differences across institutions, within the no-prior-collaboration risk set.

Table 1 reports the estimation results for 42,340 author-year observations, covering 16,431

local scholars at 217 institutions. The OLS association is positive, but it may partly reflect

non-random placement: returnees tend to enter institution-field cells in which the institu-

tion already had greater pre-policy publication strength. Appendix Table A7 documents this
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pattern by showing that, within fields, institutions with larger shares of Chinese publications

in 2003–2005 subsequently receive more returnees and larger shares of their field’s post-2009

returnee inflow. The relationship is not significant for simply receiving any returnee, indic-

ating that the sorting occurs primarily along the intensive margin. The shift-share design

addresses this sorting concern by interacting predetermined institutional field specialization

with national field-level returnee inflows, net of the focal institution’s own inflow. The result-

ing first stage is positive and statistically significant, with a Kleibergen–Paap F -statistic of

16.17, and the underidentification test rejects its null. The reduced form is also positive and

statistically significant: scholars who had not yet entered returnee or non-local international

collaboration networks experience higher research quality as predicted institutional exposure

rises. Together, the first stage and reduced form are consistent with institution-mediated

benefits extending beyond returnees’ own coauthors.

Using the shift-share instrument to isolate changes in institutional returnee stock, we

obtain a 2SLS coefficient of 1.764. Because both author quality and 1 + Rk,t−1 enter in

logs, the estimate implies that a 1% increase in 1 + Rk,t−1, induced by the instrument, is

associated with approximately 1.76% higher author quality. To give the magnitude a more

intuitive scale, consider the sample-median lagged returnee stock of 10. An instrument-

induced increase from 10 to 11 returnees implies an approximately 16.6% increase in author

quality.20 This is an economically large response and should not be interpreted as the effect

of adding an arbitrary returnee to any institution; it applies to the field-composition-induced

variation isolated by the instrument. Because the first stage is moderate, we place greater

weight on the weak-instrument-robust Anderson–Rubin test, which rejects a zero effect at

the 1% level. The direction of the institutional response is therefore more firmly supported

than its exact magnitude.

The magnitude in Column (4) of Table 1 should therefore be read as the average spillover

to non-collaborating scholars from policy-induced returnee exposure—authors who had not

yet coauthored with returnees or with non-local international scholars. It likely bundles

two channels: spillovers transmitted directly from returnees and spillovers transmitted in-

directly through colleagues who collaborate with returnees or with non-local international

coauthors. Either channel may operate through mechanisms such as seminar participation,

shared research resources, mentoring, and changes in local research culture.

Robustness Checks. We report four diagnostics, detailed in Appendix A.7, that address

distinct concerns about the shift-share design. First, we examine whether the estimated

20Here, ln(12/11) = 0.087. Applying the estimate gives an exact author-quality change of exp(1.764 ×
0.087)− 1 = 0.166.
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Table 1
Institutional Returnee Exposure for Locals Without Prior Collaboration

(1) (2) (3) (4)
OLS First stage Reduced form 2SLS

ln(1 +Rk,t−1) 0.477∗∗∗ 1.764∗∗∗

(0.049) (0.348)
Zk,t−1 (×10−4) 4.422∗∗∗ 7.802∗∗∗

(1.100) (0.530)

First-stage / KP F 16.17 16.17
KP underidentification LM 16.98
Anderson–Rubin F (β = 0) 216.37
Observations 42,340 42,340 42,340 42,340
Author fixed effects Yes Yes Yes Yes
Institution fixed effects Yes Yes Yes Yes
Pre-policy international trends Yes Yes Yes Yes

Notes: The unit of observation is a local-scholar–year. The sample consists of local scholars who, as
of t − 1, had no prior collaboration with either returnee or non-local international coauthors. The
dependent variable is log author quality. Institutional returnee exposure is Xk,t−1 = ln(1 + Rk,t−1),
where Rk,t−1 is the lagged cumulative returnee stock at institution k. The instrument Zk,t−1 is the
leave-own-institution-out shift-share exposure defined in Equation (6). All specifications include author-
and institution-level pre-policy international-network trends. Standard errors are two-way clustered by
author and institution. The KP underidentification test has p < 0.001; the weak-instrument-robust
Anderson–Rubin test of β = 0 also has p < 0.001. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

response is sensitive to how we absorb persistent differences across authors and institutions.

Appendix Table A8 compares specifications with author fixed effects, institution fixed ef-

fects, and both sets of fixed effects on the same estimation sample. The coefficient remains

positive and statistically significant across all three specifications, showing that the positive

relationship is not driven by a particular fixed-effects structure. We retain the specifica-

tion with both sets of fixed effects because it absorbs persistent author and institutional

heterogeneity.

Second, institutions with greater predicted exposure might already have been on different

quality trajectories before the post-2009 returnee inflow. We assess this concern with a

placebo event-study test based on the time-invariant exposure index Ek =
∑

f skf × Rpost
f .

Here skf is institution k’s 2003–2005 pre-policy publication share in field f , and Rpost
f is the

total leave-own-institution-out national returnee inflow in that field accumulated over the

full post-2009 sample period. We standardize the field-level shocks across fields and scale
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the resulting index by its cross-institution standard deviation. We then estimate:

logAQjkt =
∑

τ ̸=2008

βτ (Ek × 1[t = τ ]) + δ1
(
PreIntl j × t

)
+ δ2

(
PreIntlk × t

)
+ µj + ηk + λt + εjkt.

The coefficients βτ trace whether scholars at institutions with greater eventual exposure

followed different quality paths relative to 2008. The specification uses the 2004–2019 sample

and absorbs author, institution, and publication-year fixed effects; the year effects remove

the common China-wide quality trend before we test for differential deviations from it.

Appendix Figure A4 plots the estimates. The four pre-policy coefficients for 2004–2007

are jointly insignificant, with F (4, 210) = 0.759 and p = 0.553, providing no evidence that

more-exposed institutions were already on different quality trajectories before the policy

period.

Third, we ask which field-specific shocks provide the identifying variation. Following

Goldsmith-Pinkham et al. (2020), we compute Rotemberg weights that express the overall

2SLS coefficient as a weighted average of estimates based on the individual field shocks

(Appendix Table A9).21 The reconstructed weighted average is 1.764, exactly matching

the reported 2SLS estimate. Physics and Chemistry account for 50.2% and 42.4% of total

absolute weight, and their field-specific just-identified estimates are both positive, at 1.629

and 1.667, respectively. General and Life Sciences carry only 7.2% and 0.2% of absolute

weight. The overall estimate should therefore be interpreted as a field-composition-weighted

policy-rollout response driven mainly by the Physics and Chemistry components of national

returnee inflows, rather than as a homogeneous spillover averaged evenly across fields.

Finally, because the Rotemberg decomposition is concentrated in two fields, we test

whether either one is individually essential to the result. We remove each field component

from the instrument in turn and re-estimate the same specification (Appendix Table A10).22

Relative to the full-instrument estimate of 1.764, the estimates are 1.656 without General,

1.861 without Chemistry, 1.958 without Physics, and 1.754 without Life Sciences. Thus,

no field exclusion reverses the sign or materially changes the point estimate. Excluding

Chemistry or Physics weakens the first stage, but the corresponding reduced forms remain

positive and the weak-instrument-robust Anderson–Rubin tests continue to reject a zero

21The Rotemberg weights capture the contribution of each field’s post-2009 returnee shock to the overall
IV estimate.

22For each check, we subtract one field-specific shock component from the lagged shift-share instrument,

Z
(−f)
k,t−1 = Zk,t−1−Zkf,t−1, while retaining the same estimation sample, controls, author and institution fixed

effects, and two-way clustered standard errors. The check removes a field’s contribution to the instrument,
not observations from that field.
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effect.

Overall, the diagnostics support a positive exposure response in the specification with

both author and institution fixed effects while clarifying what identifies it. The baseline

first stage is moderate, the placebo test provides no evidence of differential pre-trends, and

no field exclusion reverses the sign. At the same time, the Rotemberg weights show that

identification comes predominantly from Physics and Chemistry. A remaining limitation is

that unrestricted year fixed effects absorb too much of the exposure variation to support

a usable baseline first stage. Identification therefore relies on cross-institution differences

in pre-policy field composition interacted with the common post-2009 policy rollout. We

interpret β̂IV = 1.764 accordingly: as a field-composition-weighted response of local-author

quality to policy-induced institutional returnee exposure, net of persistent author and in-

stitution heterogeneity, among scholars who had not yet entered returnee or international

collaboration networks.

4.3 Pooled Effects across All Local Scholars

Sections 4.1 and 4.2 study distinct margins: the returnee-collaboration premium among

already internationally connected scholars and institutional exposure among scholars who

had not yet entered either collaboration network. We now turn to the unrestricted local-

scholar panel and ask whether these channels produce a net quality response across all

observed local scholars. We estimate Equations (7) and (8) directly on all eligible local-

scholar-years. The pooled specification retains the same leave-own-institution-out instru-

ment, baseline network trends, author and institution fixed effects, and two-way clustering.

The all-local sample contains 125,284 author-years, representing 37,476 local scholars at 228

institutions.

Our first specification estimates the pooled total response across all local scholars, al-

lowing institutional returnee exposure to operate through direct collaboration, broader in-

stitutional spillovers, and any offsetting displacement effects. Panel A of Table 2 reports

the results. The shift-share instrument remains strongly predictive of institutional returnee

stock, while the positive reduced form and the weak-instrument-robust Anderson–Rubin

test both support a positive quality response. Using the instrument to isolate changes in re-

turnee stock yields a 2SLS coefficient of 1.489. At the pooled-sample median of 18 returnees,

an instrument-induced increase from 18 to 19 implies an approximately 7.9% increase in

local-author quality.

We next ask whether the positive response remains after conditioning on scholars’ ob-

served collaboration histories. Panel B adds lagged indicators that equal one once a scholar
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has coauthored with either a returnee following the latter’s return to China or a non-local

international scholar and remain one thereafter. The instrument remains relevant, and both

the reduced-form and 2SLS estimates remain positive. The 2SLS coefficient falls to 1.096,

which corresponds to an approximately 5.8% quality difference for the same increase from

18 to 19 returnees. This decline should not be interpreted as the share mediated by col-

laboration, because collaboration histories may themselves respond to institutional returnee

exposure. Indeed, Appendix Table A11 shows that predicted exposure is positively associ-

ated with first observed entry into both networks. We therefore treat the first specification

as the policy-relevant pooled total response and the collaboration-adjusted specification as

descriptive accounting for how that response changes after conditioning on collaboration

history. The central result is that the positive institutional-exposure relationship extends

to the full local-scholar panel and remains positive after persistent author and institution

heterogeneity are jointly absorbed.

Comparing the two designs is informative about where spillovers may be strongest. Both

pooled estimates are smaller than the corresponding estimate for scholars with no prior

returnee or non-local international collaboration in Table 1. Taken at face value, this pattern

suggests that the marginal institutional response is strongest before scholars enter either

collaboration network. Because the estimates come from different risk sets and reflect field-

composition-weighted variation, however, we treat the comparison as suggestive rather than

exact.
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Table 2
Pooled Institutional Exposure Effects across All Local Scholars

(1) (2) (3) (4)

OLS First stage Reduced form 2SLS

Panel A: Total Effects

ln(1 +Rk,t−1) 0.524∗∗∗ 1.489∗∗∗

(0.049) (0.214)

Zk,t−1 (×10−4) 5.460∗∗∗ 8.140∗∗∗

(1.060) (0.500)

First-stage/KP F 26.35 26.35

Anderson–Rubin F 260.60

KP underidentification LM 25.73

Panel B: Collaboration-history-adjusted accounting

ln(1 +Rk,t−1) 0.376∗∗∗ 1.096∗∗∗

(0.034) (0.180)

Zk,t−1 (×10−4) 4.790∗∗∗ 5.250∗∗∗

(1.100) (0.430)

Prior returnee collaborationj,t−1 0.470∗∗∗ 0.051∗∗∗ 0.410∗∗∗ 0.354∗∗∗

(0.011) (0.016) (0.013) (0.019)

Prior international collaborationj,t−1 0.475∗∗∗ 0.171∗∗∗ 0.485∗∗∗ 0.298∗∗∗

(0.012) (0.017) (0.011) (0.040)

First-stage/KP F 18.88 18.88

Anderson–Rubin F 147.92

KP underidentification LM 23.06

Observations 125,284 125,284 125,284 125,284

Author fixed effects Yes Yes Yes Yes

Institution fixed effects Yes Yes Yes Yes

Pre-policy international trends Yes Yes Yes Yes

Notes: The unit of observation is a local-scholar–year. All columns use the same pooled sample of local scholars. Institu-

tional returnee exposure is Xk,t−1 = ln(1 + Rk,t−1), where Rk,t−1 is the lagged cumulative returnee stock at institution

k; Zk,t−1 is the leave-own-institution-out shift-share exposure. Coefficients and standard errors on Zk,t−1 are multiplied

by 104. The two collaboration-history controls are lagged absorbing indicators for any prior qualifying collaboration of

the indicated type. All regressions include author- and institution-level pre-policy international-network trends and absorb

author and institution fixed effects. Standard errors are two-way clustered by author and institution. The KP underiden-

tification and Anderson–Rubin tests reject their respective null hypotheses in both panels at p < 0.001. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.

4.4 Institutional Research Participation and Output

The preceding analyses focus primarily on the intensive margin: how research quality changes

among observed local scholars as they collaborate with or become institutionally exposed to

returnees. Returnee inflows may also operate along an extensive margin by expanding the set

of scholars participating in frontier research. We therefore aggregate the local-scholar pub-

30



lication panel to the institution–year level and examine whether predicted returnee exposure

is associated with a broader active-author pool and greater publication output.

We estimate reduced-form specifications to assess whether institutions with different

levels of shift-share exposure experience different changes in research participation and out-

put:

Ykt = ρZk,t−1 + ηk + λt + εkt, (9)

where k indexes institutions and t indexes publication years. Zk,t−1 is the lagged leave-

own-institution-out predicted returnee exposure defined in Eq. (6): it combines institution

k’s 2003–2005 publication shares across fields with cumulative post-2009 national returnee

inflows in those fields through t − 1, after removing institution k’s own returnees from

each field-level inflow. The terms ηk and λt denote institution and publication-year fixed

effects. Thus, ρ is identified from differential changes across institutions after absorbing

persistent institutional differences and shocks common to all institutions in a publication

year. Standard errors are clustered by institution.

We consider three outcomes. ActiveAuthorskt is the number of distinct local China-

based scholars with at least one sampled publication affiliated with institution k in year t.

NewAuthorskt counts scholars active at institution k in year t who first entered our sampled

publication panel at any point after 2008; it is therefore a measure of the active stock of post-

2008 entrants, not the number entering the panel in year t. FractionalPaperskt is the sum of

local authors’ fractional authorship credits: each local author on paper i receives 1/ait, where

ait is the paper’s total number of authors, and these credits are summed within institution

k and year t. This measure avoids counting a paper once for every local coauthor and is our

preferred institution-level measure of publication output. It measures institutional research

scale and can reflect both expansion of the active-author pool and changes in publication

activity among participating scholars.23

Table 3 shows that higher predicted returnee exposure is associated with more active

local authors, more active scholars who entered the publication panel after 2008, and greater

fractional paper output, with all three estimates statistically significant at the 1% level. This

provides suggestive evidence of broader institutional research participation and greater fron-

tier publication output. The institution-level evidence therefore complements the positive

author-level results above: higher predicted exposure is associated not only with intensive-

margin quality responses among observed scholars, but also with broader participation and

greater research output at the institutional level.

23The dependent variables used are log(1 + ActiveAuthorskt), log(1 + NewAuthorskt), and log(1 +
FractionalPaperskt).
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Table 3
Predicted Returnee Exposure and Institutional Research Expansion

(1) (2) (3)

Active local Newly observed Fractional

authors local authors paper output

Zk,t−1 (×10−4) 5.508∗∗∗ 5.083∗∗∗ 4.958∗∗∗

(1.379) (1.651) (1.114)

Observations 3,807 3,807 3,628

Adjusted R2 0.769 0.825 0.805

Institution fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

Notes: The unit of observation is an institution–year. Each column reports a reduced-form regression

of the indicated outcome on the lagged leave-own-institution-out shift-share exposure Zk,t−1, as defined

in Equation (6). All dependent variables are in log(1 + x) form. Active local authors are distinct local

China-based scholars with at least one sampled publication at institution k in year t. Newly observed

local authors are active local scholars whose first publication anywhere in the sampled journal panel

occurs after 2008; this is a publication-panel definition, not a hiring measure. Fractional paper output

credits each local author with 1/ait of paper i, where ait is the paper’s total number of authors, and sums

these credits within an institution–year. All specifications absorb institution and publication-year fixed

effects. Standard errors, clustered by institution, are in parentheses. Reported coefficients and standard

errors are multiplied by 104. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

5 Conclusion

This paper examines how brain circulation contributes to frontier scientific development by

studying the return of overseas Chinese scientists during China’s rise as a global scientific

power. Using bibliometric data from leading scientific journals from 2003 to 2022, we doc-

ument a profound transformation in China’s position in frontier science and investigate the

role of returning scientists in that transformation.

Our findings lead to four main conclusions. First, China’s growing presence in elite

scientific journals has been accompanied by a substantial increase in the return of overseas

Chinese scientists, many from the United States. Second, these returnees are positively selec-

ted for research quality, though the degree of selection varies markedly across scientific fields.

Third, returnees themselves remain highly productive after returning, even compared with

their similarly qualified overseas peers, again with important field heterogeneity. Finally, and

most importantly, the benefits of brain circulation extend well beyond the returnees them-

selves. Local scholars who collaborate with returnees experience persistent improvements
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in research quality, while policy-induced exposure to returnees also raises the productivity

of local researchers who have never directly collaborated with them. Institutions receiving

greater returnee exposure likewise expand both frontier research participation and publica-

tion output. Taken together, these findings suggest that brain circulation strengthens sci-

entific capacity through multiple complementary channels rather than through the individual

productivity of returning scientists alone.

More broadly, our results suggest that the economic value of high-skilled return migration

depends not simply on bringing talented individuals home, but on how effectively their know-

ledge diffuses through local scientific communities. Returnees transmit frontier knowledge

through collaborations, institutional interactions, and intangible contributions that raise the

quality of the broader research environment. At the same time, the considerable hetero-

geneity across scientific fields indicates that these gains depend critically on the absorptive

capacity of receiving institutions and disciplines. Brain circulation is therefore neither an

automatic nor a uniform consequence of talent-recruitment policies; its benefits arise when

returning scientists are embedded in research environments capable of transforming indi-

vidual human capital into collective scientific progress.

Although our analysis focuses on China, the implications extend well beyond a single

country. As governments around the world increasingly compete for highly skilled scient-

ists through immigration policies, diaspora engagement, and talent-recruitment programs,

understanding how knowledge moves with people has become a central question in the eco-

nomics of innovation. Our evidence suggests that evaluating such policies requires looking

beyond the careers of recruited scientists themselves to the broader externalities they gen-

erate within research institutions and local scientific ecosystems.

Several questions remain open. We measure scientific impact through publications in

elite journals, but future work could investigate whether these knowledge spillovers trans-

late into technological innovation, patenting, entrepreneurship, industrial productivity, or

broader economic growth. More evidence is also needed on the organizational mechanisms

through which returnees influence their institutions, including mentoring, laboratory forma-

tion, graduate-student training, and research leadership. Finally, our results reveal substan-

tial differences across scientific fields that remain only partially understood. Explaining why

some research environments convert brain circulation into sustained scientific advancement

while others do not remains an important challenge for future research.

Ultimately, the traditional distinction between ”brain drain” and ”brain gain” is too

narrow to capture the dynamics of modern scientific development. The international mo-

bility of scientists creates value not only by reallocating talent across countries but also by

transmitting knowledge, reshaping collaborative networks, broadening the diversity of skills
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and scientific perspectives, strengthening research environments, and expanding the produc-

tion of frontier science. The principal contribution of high-skilled migration may therefore

lie less in moving talented individuals than in transforming the networks, institutions, and

knowledge diffusion processes through which scientific discovery is produced.
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Gaulé, P., and Piacentini, M. (2013). ‘Chinese Graduate Students and U.S. Scientific Pro-

ductivity’, The Review of Economics and Statistics, Vol. 95(2), pp. 698–701. https:

//doi.org/10.1162/REST a 00283

Gibson, J., and McKenzie, D. (2011). ‘Eight Questions about Brain Drain’, Journal of Eco-

nomic Perspectives, Vol. 25(3), pp. 107–128. https://doi.org/10.1257/jep.25.3.107

36

https://doi.org/10.1063/1.2435680
https://cset.georgetown.edu/publication/detailed-rules-for-the-thousand-talents-program-high-level-foreign-expert-project/
https://cset.georgetown.edu/publication/detailed-rules-for-the-thousand-talents-program-high-level-foreign-expert-project/
https://cset.georgetown.edu/publication/detailed-rules-for-the-thousand-talents-program-high-level-foreign-expert-project/
https://doi.org/10.1257/jel.50.3.681
https://doi.org/10.1257/jel.50.3.681
https://www.osti.gov/servlets/purl/971617
https://www.osti.gov/servlets/purl/971617
https://doi.org/10.3386/w32622
https://doi.org/10.3386/w32622
https://doi.org/10.1287/orsc.2022.1580
https://doi.org/10.1287/orsc.2022.1580
https://doi.org/10.1016/j.econlet.2014.07.014
https://doi.org/10.1016/j.econlet.2014.07.014
https://doi.org/10.1162/REST_a_00283
https://doi.org/10.1162/REST_a_00283
https://doi.org/10.1257/jep.25.3.107


Giorcelli, M., Huang, Y., and Li, B. (2026). The Return(s) of Superstar Scientists (Working

Paper) (April 30, 2026). University of California, Los Angeles and Peking University.

Retrieved July 22, 2026, from https://drive.google.com/file/d/1jmG8zrDL9dna4ai5

Y5G-qOPnyO7ec8fn/view

Goldsmith-Pinkham, P., Sorkin, I., and Swift, H. (2020). ‘Bartik instruments: What, when,

why, and how’, American Economic Review, Vol. 110(8), pp. 2586–2624.

Gu, J., Pan, X., Zhang, S., and Chen, J. (2024). ‘International mobility matters: Research

collaboration and scientific productivity’, Journal of Informetrics, Vol. 18(2), pp.

101522. https://doi.org/10.1016/j.joi.2024.101522

Hager, S., Schwarz, C., and Waldinger, F. (2024). ‘Measuring Science: Performance Metrics

and the Allocation of Talent’, American Economic Review, Vol. 114(12), pp. 4052–

4090. https://doi.org/10.1257/aer.20230515

Hunt, J., and Gauthier-Loiselle, M. (2010). ‘How much does immigration boost innovation?’,

American Economic Journal: Macroeconomics, Vol. 2(2), pp. 31–56.

Jia, H. (2018). ‘What is China’s Thousand Talents Plan?’, [NatureJobs Career Guide: China].

Nature. https://doi.org/10.1038/d41586-018-00538-z

Jia, R., Roberts, M. E., Wang, Y., and Yang, E. (2024). ‘The impact of US–China tensions

on US science: Evidence from the NIH investigations’, Proceedings of the National

Academy of Sciences, Vol. 121(19), pp. e2301436121.

Kahn, S., and MacGarvie, M. J. (2016). ‘How Important Is U.S. Location for Research in

Science?’, The Review of Economics and Statistics, Vol. 98(2), pp. 397–414. https:

//doi.org/10.1162/REST a 00490

Kerr, W. R. (2008). ‘Ethnic Scientific Communities and International Technology Diffusion’,

The Review of Economics and Statistics, Vol. 90(3), pp. 518–537. https://doi.org/10

.1162/rest.90.3.518

Kitajima, K., and Okamura, K. (2025). ‘The altering landscape of US–China science collab-

oration: from convergence to divergence’, Humanities and Social Sciences Commu-

nications, Vol. 12(302). https://doi.org/10.1057/s41599-025-04550-3

Liu, F.-c., Simon, D. F., Sun, Y.-t., and Cao, C. (2011). ‘China’s innovation policies: Evolu-

tion, institutional structure, and trajectory’, Research Policy, Vol. 40(7), pp. 917–931.

https://doi.org/10.1016/j.respol.2011.05.005

Ministry of Education of the People’s Republic of China. (2020, December). Statistics on

Chinese Learners Studying Overseas in 2019 [6.56 million Chinese pursued overseas

study between 1978 and 2019; of the 4.9 million who completed their studies, 4.23

million (86.3%) returned to China]. http://en.moe.gov.cn/news/press releases/2020

12/t20201224 507474.html

37

https://drive.google.com/file/d/1jmG8zrDL9dna4ai5Y5G-qOPnyO7ec8fn/view
https://drive.google.com/file/d/1jmG8zrDL9dna4ai5Y5G-qOPnyO7ec8fn/view
https://doi.org/10.1016/j.joi.2024.101522
https://doi.org/10.1257/aer.20230515
https://doi.org/10.1038/d41586-018-00538-z
https://doi.org/10.1162/REST_a_00490
https://doi.org/10.1162/REST_a_00490
https://doi.org/10.1162/rest.90.3.518
https://doi.org/10.1162/rest.90.3.518
https://doi.org/10.1057/s41599-025-04550-3
https://doi.org/10.1016/j.respol.2011.05.005
http://en.moe.gov.cn/news/press_releases/202012/t20201224_507474.html
http://en.moe.gov.cn/news/press_releases/202012/t20201224_507474.html


Moser, P., Voena, A., and Waldinger, F. (2014). ‘German Jewish émigrés and US invention’,

American Economic Review, Vol. 104(10), pp. 3222–3255.

Nagaraj, A., and Yao, R. (2026, January). The Geography of Science (Working Paper

No. 34694). National Bureau of Economic Research. https://doi.org/10.3386/w34694

National Center for Science and Engineering Statistics. (2025). Most U.S.-Trained Science

and Engineering Doctorate Recipients on Temporary Visas Remain in the United

States (tech. rep. No. NSF 25-325). National Science Foundation. https://ncses.nsf

.gov/pubs/nsf25325

National Science Board. (2018). Science and Engineering Indicators 2018 (tech. rep. No. NSB-

2018-1). National Science Board. Alexandria, VA. https://www.nsf.gov/statistics/2

018/nsb20181/permissions

Prato, M. (2025). ‘The global race for talent: Brain drain, knowledge transfer, and growth’,

The Quarterly Journal of Economics, Vol. 140(1), pp. 165–238.

Qiu, S., Steinwender, C., and Azoulay, P. (2022). Who Stands on the Shoulders of Chinese

(Scientific) Giants? Evidence from Chemistry (Working Paper). National Bureau of

Economic Research. https://doi.org/10.3386/w30772

Qiu, S., Steinwender, C., and Azoulay, P. (2024). Paper Tiger? Chinese Science and Home

Bias in Citations (Working Paper). National Bureau of Economic Research. https:

//doi.org/10.3386/w32468

Rieke, A., Southerland, V., Svirsky, D., and Hsu, M. (2022). ‘Imperfect Inferences: A Prac-

tical Assessment’, Proceedings of the 2022 ACM Conference on Fairness, Accountab-

ility, and Transparency, pp. 767–777. https://doi.org/10.1145/3531146.3533140
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A Appendices

A.1 Complete Journal List

Table A1
Journal List

Journal Name Published in Impact Factor 2022
General
Nature UK 69.60
Science USA 63.71
Proceedings of the National Academy of Sciences USA 12.79
Chemistry
Nature Materials UK 47.66
Advanced Materials Germany 32.09
Angewandte Chemie - International Edition in English UK 16.82
Journal of the American Chemical Society USA 16.38
Nano Letters USA 12.62
Physics
Physical Review Letters USA 9.19
Astronomy and Astrophysics Netherlands 6.24
Monthly Notices of The Royal Astronomical Society: Letters UK 5.24
European Physical Journal C Italy 4.99
Applied Physics Letters USA 3.97
Life Sciences
LANCET UK 202.73
New England Journal of Medicine USA 176.08
Journal of the American Medical Association USA 157.34
Nature Medicine UK 87.24
CELL USA 66.85
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A.2 Chinese Returnee Origin

Table A2
Chinese Moving to China by Origin

Year U.S. Non-Asia Asia Total
2004 13 10 8 31
2005 38 24 11 73
2006 52 38 19 109
2007 92 42 27 161
2008 93 51 18 162
2009 105 62 27 194
2010 169 82 33 284
2011 155 87 55 297
2012 246 120 58 424
2013 261 145 60 466
2014 280 148 58 486
2015 338 170 64 572
2016 367 177 76 620
2017 451 218 78 747
2018 472 276 73 821
2019 489 312 82 883
2020 586 399 76 1,061
2021 574 460 129 1,163
2022 723 558 128 1,409
Total 5,504 3,379 1,080 9,963
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A.3 Composition of High-Quality Chinese Scientists in the U.S.

Note: This figure shows the number of high-quality Chinese au-

thors affiliated with China and the U.S. over time. Each author’s

quality index is calculated using Equation (2). A “high-quality”

author is one whose annual quality index exceeds the yearly me-

dian.

Figure A1
High-Quality Chinese Authors by Country of Affiliation
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A.4 Return Probability and Above-Median Quality

Table A3 reports the all-field regression underlying the black dashed line in Figure 5. The

above-median quality indicator is constructed using yearly medians that exclude post-return

author-year observations.

Table A3
Return Probability and Above-Median Quality, All Fields

(1)
All fields

Above median x 2004 -0.00162
(0.00138)

Above median x 2005 0.00362∗

(0.00194)
Above median x 2006 -0.000472

(0.00218)
Above median x 2007 0.000530

(0.00277)
Above median x 2008 0.00258

(0.00258)
Above median x 2009 -0.00110

(0.00273)
Above median x 2010 -0.00326

(0.00332)
Above median x 2011 -0.00166

(0.00301)
Above median x 2012 0.00895∗∗∗

(0.00328)
Above median x 2013 0.00541

(0.00333)
Above median x 2014 0.00297

(0.00340)
Above median x 2015 0.00773∗∗

(0.00384)
Above median x 2016 0.00906∗∗

(0.00394)
Above median x 2017 0.0124∗∗∗

(0.00411)
Above median x 2018 0.0116∗∗∗

(0.00398)
Above median x 2019 0.0200∗∗∗

(0.00401)
Above median x 2020 0.0134∗∗∗

(0.00413)
Above median x 2021 0.0163∗∗∗

(0.00416)
Above median x 2022 0.0276∗∗∗

(0.00486)

Observations 166602
Adjusted R-squared 0.034
Year fixed effects Yes
Age proxy control Yes
SE clustered by Author
Median sample Excludes post-return author-years

Notes: The dependent variable equals one when a Chinese scholar returns from the United States to China. High

quality is defined using the yearly median cumulative publication quality after excluding post-return author-years

from the median calculation. The 2003 interaction is omitted as the reference category. The model includes year

fixed effects, the above-median indicator, and age proxy. Standard errors are clustered by author.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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A.5 Field-Heterogeneous Post-Return Performance

Table A4
Field Heterogeneous Post-return Performance

Chinese Stayers
∆j ∗ 10, 000 (1) (2) (3)

Chemistry 0.572∗∗∗ 0.564∗∗∗ 0.564∗∗∗

(0.0790) (0.0787) (0.00351)
Physics 0.186∗∗ 0.0905 0.0905∗

(0.0911) (0.0922) (0.0368)
Life Sciences -0.118 -0.142 -0.142∗∗

(0.141) (0.140) (0.0278)
General -0.411∗∗∗ -0.609∗∗∗ -0.609

(0.0578) (0.0846) (0.347)

Non Chinese Stayers
∆j ∗ 10, 000 (1) (2) (3)

Chemistry 0.757∗∗∗ 0.739∗∗∗ 0.739∗∗∗

(0.0932) (0.0929) (0.00761)
Physics -0.0894 -0.155 -0.155∗∗∗

(0.108) (0.109) (0.0177)
Life Sciences -0.555∗∗∗ -0.598∗∗∗ -0.598∗∗∗

(0.166) (0.166) (0.0468)
General -0.337∗∗∗ -0.450∗∗∗ -0.450

(0.0683) (0.0998) (0.368)

Observations 7219 7219 7219
Controls N Y Y
Clustering N N Y

Notes: The dependent variable is the scaled average difference between the change in author quality of returnee
j from the year of return to the end of the sample period and the change in author quality of a matched Chinese
stayer (top panel) or matched non-Chinese stayer (bottom panel). Matching is nearest-neighbor matching with
replacement based on returnee j’s quality index in field f in the last pre-return publication year t−. General is the
omitted field category. The General row reports the estimated level for General-journal returnees, i.e., the constant
term, while the Chemistry, Physics, and Life Sciences rows report differences relative to General. Controls include
years returned and two indicators for the returnee’s initial ranking. Results are robust to excluding controls reused
five or more times (4.3% of Chinese-stayer observations). Standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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A.6 Direct-Collaboration Event-Study Robustness

The explicit risk set in Section 4.1 contains treated scholars whose international collabora-

tion precedes their first returnee collaboration and internationally connected scholars who

never coauthor with a returnee. Before controls, this risk set contains 91,636 author-year

observations from 39,643 authors. Requiring the common outcome and controls leaves 51,992

observations from 17,428 authors before estimator-specific singleton and support restrictions.

Later event times are necessarily identified from earlier treatment cohorts.

Common-sample comparison. Table A5 re-estimates Sun–Abraham and TWFE on the

32,623 observations used by the never-treated Callaway–Sant’Anna specification. Callaway–

Sant’Anna remains steeper after the collaboration year, so the difference in longer-run dy-

namics is not explained solely by its smaller estimation sample. Using never-treated and

not-yet-treated authors together as controls yields a very similar Callaway–Sant’Anna path;

for example, the estimate at τ = 3 is 0.241, compared with 0.243 under never-treated con-

trols.

Control sensitivity. Table A6 compares the legacy stock controls in Eq. (5), a specifica-

tion retaining only the predetermined pre-policy network trends, and a specification replacing

total coauthor stock with local coauthor stock. Omitting the lagged collaboration stocks sub-

stantially increases the estimated post-collaboration path. Replacing total stock with local

stock produces estimates close to the preferred results. Since collaboration stocks may re-

spond to treatment, these contrasts are sensitivity checks rather than a causal mediation

exercise.

Broader sample and symmetric comparison. Figures A2 and A3 report Sun–Abraham

and TWFE estimates for two supplementary designs. Figure A2 uses the full always-China

author sample and estimates:

logAQjt =
∑
τ ̸=−1

βτ1{τj = τ}+ γ · IHS(Cintl
j,t−1) + δ · IHS(Call

j,t−1)

+ ξ1(t× PreIntl j) + ξ2(t× PreIntlk) + µj + λt + εjt. (10)

Unlike the returnee-increment design, this specification imposes no restriction on prior inter-

national collaboration. The preferred estimates are positive after first returnee collaboration,

although the path dips at τ = 1 before increasing to 0.154 at τ = 3. The estimate at τ = −6

is negative, whereas the remaining displayed leads are close to zero.
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Table A5
Event-Study Estimators on the Callaway–Sant’Anna Common Sample

Event time Sun–Abraham TWFE Callaway–Sant’Anna

τ = −6 -0.087 -0.064 -0.004
( 0.030) ( 0.037) ( 0.021)

τ = −5 -0.072 -0.051 -0.017
( 0.028) ( 0.026) ( 0.018)

τ = −4 -0.022 -0.010 0.013
( 0.022) ( 0.024) ( 0.018)

τ = −3 -0.005 -0.003 -0.011
( 0.019) ( 0.022) ( 0.014)

τ = −2 0.003 -0.002 0.003
( 0.015) ( 0.019) ( 0.015)

τ = 0 0.122 0.120 0.071
( 0.010) ( 0.013) ( 0.011)

τ = 1 0.124 0.124 0.176
( 0.014) ( 0.015) ( 0.018)

τ = 2 0.132 0.128 0.198
( 0.016) ( 0.016) ( 0.025)

τ = 3 0.177 0.169 0.243
( 0.020) ( 0.020) ( 0.033)

Observations 32,623 32,623 32,623
Authors 7,786 7,786 7,786

Notes: All estimators are evaluated on the pair-balanced observation set used by the never-treated
Callaway–Sant’Anna specification. The outcome, controls, event-time window, and clustering conven-
tions follow Figure 7.

Table A6
Control Sensitivity of Post-Collaboration Estimates

Sun–Abraham TWFE

Event time Legacy Predetermined Local stock Legacy Predetermined Local stock

τ = 0 0.081 0.133 0.078 0.095 0.145 0.091
τ = 1 0.093 0.289 0.074 0.110 0.305 0.090
τ = 2 0.105 0.302 0.085 0.122 0.325 0.101
τ = 3 0.143 0.334 0.119 0.153 0.355 0.128

Notes: Legacy includes lagged international- and total-coauthor stocks. Predetermined retains only the
two pre-policy network-trend controls. Local stock replaces total-coauthor stock with the lagged stock
of local coauthors. All columns retain author and publication-year fixed effects.
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Notes: The figure compares the preferred Sun–Abraham estimator with conventional TWFE on a com-

mon complete-case sample of 98,274 observations from 25,705 authors. The specification controls for

lagged international- and total-coauthor stocks, includes author and year fixed effects, and includes pre-

policy network trends. Sun–Abraham standard errors are clustered by author; TWFE standard errors

are clustered two-way by author and institution. Exact event times from −6 through 3 are shown, with

event time −1 normalized to zero. Bars denote 95% confidence intervals.

Figure A2
Event Study in the Broader Returnee Design

Figure A3 estimates the international-collaboration increment on

S int = {j : T ret
j < T int

j < ∞} ∪ {j : T ret
j < ∞, T int

j = ∞}.

The first set contains authors whose returnee connection precedes their international col-

laboration; the second contains returnee-connected authors who never collaborate inter-

nationally during the sample period and serve as controls. The specification replaces the

returnee event indicators with event times relative to first international coauthorship and

controls for the lagged cumulative stock of returnee coauthors. Sun–Abraham and TWFE are

nearly identical in this design. The preferred estimates rise from 0.025 in the international-

collaboration year to 0.082 at event time 3, a smaller path than the returnee increment in

Figure 7.
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Notes: The figure compares the preferred Sun–Abraham estimator with conventional TWFE on a com-

mon complete-case sample of 28,869 observations from 7,760 returnee-connected authors. The specific-

ation controls for lagged returnee- and total-coauthor stocks, includes author and year fixed effects,

and includes pre-policy network trends. Sun–Abraham standard errors are clustered by author; TWFE

standard errors are clustered two-way by author and institution. Exact event times from −6 through 3

are shown, with event time −1 normalized to zero. Bars denote 95% confidence intervals.

Figure A3
International-Collaboration Increment after a Returnee Connection

49



A.7 Shift-Share Exposure Diagnostics

This appendix reports diagnostics for the joint author- and institution-fixed-effect shift-share

exposure design used in Section 4.2. The instrument combines four field-specific returnee-

inflow shocks using institutions’ pre-policy field composition. Table A7 documents the sorting

pattern behind the positive OLS association. Table A8 compares author-, institution-, and

joint-FE estimates on the identical joint-FE estimation sample. Figure A4 tests whether

no-prior-collaboration local scholars at institutions with higher eventual field-mix exposure

were already on different quality trajectories before the policy onset. Tables A9 and A10

report the Rotemberg decomposition and leave-one-field-shock-out checks for the preferred

joint-FE specification.

Table A7
Returnee Sorting by Pre-Policy Institution-Field Strength

(1) (2) (3) (4)
Count Log count Allocation share Any returnee

Pre-policy institution share of field publications 10.709∗∗∗ 0.385∗∗∗ 0.394∗∗∗ 0.003
(2.996) (0.073) (0.101) (0.008)

Observations 1,480 1,480 1,480 1,480
R-squared 0.420 0.199 0.349 0.074
Field FE Yes Yes Yes Yes
SE clustered by Institution Institution Institution Institution

Notes: The unit of observation is an institution-field cell. The regressor is institution k’s share of all Chinese publications
in field f during 2003–2005, measured in percentage points. Outcomes are the post-2009 number of returnees assigned
to the institution-field cell, log(1 + returnee count), institution k’s percentage-point share of all post-2009 returnees in
field f , and an indicator for receiving any post-2009 returnee in the field. All specifications include field fixed effects.
Standard errors, clustered by institution, are in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table A8
Fixed-Effect Comparison on the Joint-FE Estimation Sample

(1) (2) (3)

Author FE Institution FE Author + institution FE

ln(1 +Rk,t−1) 1.200∗∗∗ 0.252∗∗∗ 1.764∗∗∗

(0.044) (0.061) (0.348)

KP F 684.92 33.98 16.17

Observations 42,340 42,340 42,340

Pre-policy international trends Yes Yes Yes

Two-way clustering Yes Yes Yes

Notes: All columns use the exact estimation sample selected by the preferred author-plus-institution-FE model.

The sample consists of local-scholar–year observations with no prior returnee or non-local international collabora-

tion by year t− 1. Each column instruments Xk,t−1 = ln(1 +Rk,t−1), the lagged log institutional returnee stock,

with the same leave-own-institution-out shift-share exposure and includes the same pre-policy international-network

trends. Standard errors are two-way clustered by author and institution. This table isolates the fixed-effect com-

parison from differences in estimation samples; column (3) is the preferred specification. ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Notes: The figure plots coefficients from the placebo event-study specification in Section 4.2.

Eventual field-mix exposure is interacted with year indicators, with 2008 omitted as the

reference year. The regression absorbs author, institution, and publication-year fixed ef-

fects and includes trends based on the pre-policy international-network measures. Standard

errors are clustered two-way by author and institution. The sample is restricted to no-

prior-collaboration author-years observed during 2004–2019. A joint test of the 2004–2007

exposure interactions yields F (4, 210) = 0.759, p = 0.553.

Figure A4
Shift-Share Exposure Pre-Trend Diagnostic

Table A9
Rotemberg Weights for the No-Prior Joint-FE Shift-Share IV

Field shock Rotemberg weight Absolute weight share Just-identified IV estimate

General -0.084 0.072 0.366

Chemistry 0.497 0.424 1.667

Physics 0.590 0.502 1.629

Life Sciences -0.003 0.002 -1.940

Reconstructed weighted average 1.764

Notes: This table reports Rotemberg weights for the no-prior-collaboration author-plus-institution-FE shift-share IV

specification in Table 1. The sample contains 42,340 local-scholar–year observations in which the scholar had no prior

returnee or non-local international collaboration by year t−1. Outcome, treatment, total-instrument, and field-component

residuals absorb author and institution fixed effects and the pre-policy international-network trends. The Rotemberg

weight measures each field-specific shock’s contribution to the overall just-identified IV estimate. Absolute weight shares

normalize the absolute weights to sum to one. The reconstructed weighted average equals the preferred 2SLS estimate

up to rounding.
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Table A10
Leave-One-Field-Shock-Out Diagnostics for the No-Prior Joint-FE IV

Instrument KP F Reduced form AR p-value 2SLS coefficient Observations

Full instrument 16.17 0.000780∗∗∗ < 0.001 1.764∗∗∗ 42,340

(0.000053) (0.348)

Exclude General shock 23.72 0.000809∗∗∗ < 0.001 1.656∗∗∗ 42,340

(0.000049) (0.272)

Exclude Chemistry shock 9.90 0.000971∗∗∗ < 0.001 1.861∗∗∗ 42,340

(0.000082) (0.482)

Exclude Physics shock 8.34 0.000655∗∗∗ < 0.001 1.958∗∗∗ 42,340

(0.000065) (0.548)

Exclude Life Sciences shock 16.43 0.000779∗∗∗ < 0.001 1.754∗∗∗ 42,340

(0.000053) (0.343)

Notes: Each alternative instrument subtracts one field-specific shock component from the lagged shift-share in-

strument, Z
(−f)
k,t−1 = Zk,t−1 − Zkf,t−1, while retaining the exact preferred joint-FE sample. The outcome is log

author quality and the endogenous regressor is lagged log institutional returnee stock. All specifications absorb

author and institution fixed effects, include author- and institution-level pre-policy international-network trends,

and use two-way clustered standard errors by author and institution. AR p-values test a zero effect using weak-

instrument-robust Anderson–Rubin inference. The Chemistry- and Physics-exclusion 2SLS magnitudes should be

interpreted cautiously because their first stages are weaker. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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A.8 Collaboration-History Controls as Potential Post-Treatment

Variables

Panel B of Table 2 conditions on lagged indicators for whether a local scholar has previously

collaborated with a returnee or a non-local researcher. These controls need not be predeter-

mined: policy-induced institutional returnee exposure may itself affect whether and when

scholars enter either collaboration network. We examine this possibility using reduced-form

linear-probability regressions for first observed collaboration entry.

For collaboration type c ∈ {Returnee,NonLocal}, we estimate

FirstCollabcjkt = ρcZk,t−1 + δ1c
(
PreIntl j × t

)
+ δ2c

(
PreIntlk × t

)
+ µj + ηk + uc

jkt, (11)

where j indexes local scholars and k their affiliated institution in year t. The regressor Zk,t−1

is the same lagged leave-own-institution-out shift-share exposure used in the pooled quality

regressions. The specification absorbs author fixed effects µj and institution fixed effects

ηk, includes linear time trends interacted with the author- and institution-level pre-policy

network measures, and clusters standard errors two ways by author and institution. It does

not include calendar-year fixed effects.

The outcome and estimation sample are defined separately for each collaboration type.

A returnee collaboration occurs when scholar j co-authors a paper in year t with a returnee

after that scientist has returned to China. A non-local collaboration occurs when scholar

j co-authors a paper in year t that includes both a China-based author and an author

affiliated outside China. FirstCollabcjkt equals one when the relevant collaboration occurs

in year t and the scholar has no observed qualifying collaboration through year t − 1; it

equals zero in earlier at-risk author-years. Authors leave the corresponding risk set after

their first observed qualifying collaboration, while authors who never collaborate remain in

the risk set throughout their observed histories. “First” therefore means the first qualifying

collaboration observed in our publication panel, not necessarily the first such collaboration

over the scholar’s entire career.

Appendix Table A11 reports the results. The returnee-entry regression contains 72,255 at-

risk author-years and 8,564 observed entries; the non-local-entry regression contains 63,353

at-risk author-years and 9,084 observed entries. The coefficients on predicted exposure,

multiplied by 104, are 2.401 (s.e. 0.143) and 2.364 (s.e. 0.157), respectively, with both p <

0.001. Thus, predicted institutional exposure is positively associated with subsequent entry

into both collaboration networks. These regressions do not identify causal mediation or

the direction of bad-control bias. Rather, they show that the collaboration-history controls

respond empirically to the exposure, supporting our treatment of the collaboration-adjusted
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estimates as descriptive accounting rather than a causal decomposition.

Table A11
Policy Exposure and Entry into Direct Collaboration

(1) (2)

Returnee collaboration Non-local collaboration

Zk,t−1 (×104) 2.401∗∗∗ 2.364∗∗∗

(0.143) (0.157)

Observed entries 8,564 9,084

At-risk observations 72,255 63,353

F -statistic 280.04 226.49

Author fixed effects Yes Yes

Institution fixed effects Yes Yes

Pre-policy international trends Yes Yes

Notes: Each column is a linear-probability reduced form estimated on the corresponding at-risk sample. The

dependent variable equals one when the indicated collaboration occurs in year t and the scholar has no observed

qualifying collaboration through t− 1, and zero in earlier at-risk years; observations after first entry are excluded.

Returnee entry requires co-authorship with a returnee after that scientist has returned to China. Non-local entry

requires co-authorship on a paper containing both a China-based author and an author affiliated outside China.

“First” refers to the first qualifying collaboration observed in the publication panel. Coefficients and standard

errors on the leave-own-institution-out exposure Zk,t−1 are multiplied by 104. All specifications absorb author

and institution fixed effects, include author- and institution-level pre-policy network trends, omit calendar-year

fixed effects, and cluster standard errors two ways by author and institution. These regressions document that

collaboration histories respond to predicted exposure; they are not causal mediation estimates. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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