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1 Introduction

The production of science has become increasingly geographically distributed and
globally interconnected. For example, the percentage of science and engineer-
ing Ph.D. degrees granted by U.S. universities earned by foreign-born individ-
uals has nearly doubled since the 1980s (NSF NCSES). Diaspora networks have
driven the diffusion of knowledge and ideas around the globe (Kerr, 2008; Oettl
and Agrawal, 2008; Miguelez, 2018). And publications with authors from multi-
ple countries now account for 23% of global publications and 40% of U.S.-based
publications (NSF NCSES). Furthermore, there is growing evidence that interna-
tional collaboration and talent flows lead to higher-impact science (e.g. Hsiehchen,
Espinoza and Hsieh, 2015; Freeman and Huang, 2015), while access to frontier
knowledge—regardless of its geographic location—is critical for scientific progress
(Iaria, Schwarz and Waldinger, 2018).

As science becomes more international, however, it also becomes more sus-
ceptible to international conflict and geopolitical tensions with potentially signif-
icant, and yet difficult to measure, effects on innovation and the scientific work-
force. In this paper, we analyze the impact of rising geopolitical tensions be-
tween the United States and China on trainee mobility and retention, cross-border
knowledge flows, and scientist productivity. Using difference-in-difference empir-
ical frameworks carefully tailored to each outcome, we examine each dimension
from both a “U.S.” perspective and from a “China” perspective. Because many of
the policies contributing to rising U.S.-China tensions were rooted in nationalistic
goals to reduce reliance on the other country and to strengthen domestic scientific
capabilities, we examine how such tensions affect science in both countries. While
our analysis is structured to capture potential asymmetries, we focus in particu-
lar on understanding why the observed effects appear especially pronounced for
ethnically Chinese researchers and trainees in the U.S.

Understanding the impact of U.S.-China tensions on science is particularly im-
portant given that the relationship between the U.S. and China, until recently, was
arguably one of the most important scientific relationships in the world. About a

third of visa holders enrolled in U.S. Science and Engineering Ph.D. programs are

1


https://ncses.nsf.gov/pubs/nsb202332/characteristics-of-s-e-degree-recipients#s-e-degrees-by-race-and-ethnicity
https://ncses.nsf.gov/pubs/nsb202333/data#table-block

from China (NSF NCSES) while a quarter of U.S.-based Science and Engineering
publications have at least one author based in China (NSF NCSES). But around
2016, that relationship began to come undone, as we document in more detail in
Section 2.

To quantify the impact of U.S.-China tensions on the dimensions of mobility,
knowledge flows, and productivity, we rely on two rich data sources. For our
analysis of the effect on mobility, we analyze a collection of publicly posted curric-
ula vitae (CVs) on ORCID (Open Research and Contributor ID), a website where
academics can create and share a digital CV, containing information on employ-
ment and educational histories. Critically, these data allow us to examine mobility
for scientists at early stages of their careers, even before they have produced any
publications. In addition, for tracking changes in knowledge flows and scientists’
publication productivity, we utilize bibliometric data from Dimensions from Digi-
tal Science, a database of the metadata from scientific publications. In all analyses,
we focus on STEM research and trainees given the particular focus of the American
and Chinese governments on STEM.

We employ a difference-in-differences empirical design to quantify the impact
of these growing U.S.-China tensions on trainee mobility and retention, knowledge
flows, and scientist productivity. Such an approach is critical given the concurrent
development of Chinese science during this period. Simply estimating the correla-
tion between U.S.-China geopolitical tensions and, for example, the propensity of
Chinese students to study or work in the U.S., could lead to bias; as Chinese science
continues to advance, prospective Chinese Ph.D. students may become more likely
to stay in or return to China. Hence, for each major component of our analysis, we
are careful to both select an appropriate control group and to show event-study
plots documenting clear trend breaks. We consider the “treatment” to begin in
2016, but we are careful to include dynamic treatment effects to account for the
fact that tensions gradually escalated over several years, since rising U.S.-China
tensions encompassed more than a single discrete policy change.

Our analysis proceeds in four parts. First, we examine STEM trainee mobility
and retention. We find that ethnically Chinese students became 15% less likely to
enroll in U.S. doctoral programs after 2016 and, if they did enroll, 4% less likely
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to stay in the U.S. after graduation. Many shifted toward other anglophone des-
tinations instead. Second, we examine cross-border knowledge flows in both di-
rections. After 2016, China-based scientists significantly reduced citations to U.S.
research—particularly to recent and frontier work—while U.S.-based scientists’ ci-
tation of China-produced publications remained unchanged on average. Third,
we study scientific productivity. China-based researchers who previously relied
on U.S. science saw little to no decline in output. In contrast, ethnically Chinese
researchers in the U.S. became 8-11% less productive and were 10% more likely to
stop publishing entirely.

Finally, we probe the underlying mechanism behind these changes in mobil-
ity, citation patterns, and productivity. While formal U.S. government actions—
such as visa restrictions and the China Initiative—may have played a role, our
results suggest a broader mechanism at work. First, we show that many of the ob-
served effects begin around 2016, predating the most concrete policy interventions.
Second, the effects extend to individuals unlikely to be directly targeted by U.S.
enforcement actions, including ethnically Chinese scientists from third countries,
those without professional ties to China, and likely Chinese-Americans (identified
as having Chinese surnames but non-Chinese given names). Third, the magni-
tude of the effects varies by local political climate, with stronger declines in both
Chinese graduate applications and enrollments at U.S. institutions in Republican-
leaning states, consistent with the interpretation that perceived hostility plays a
key role. Fourth, prior research finds no evidence of increased F-1 visa denial
rates for Chinese students during this period that might explain the decline in
enrollment. Finally, we document a sharp divergence in perception and behav-
ior among ethnically Chinese scientists in the U.S., including reduced citation of
China-produced research and widespread self-reported fear. Taken together, these
patterns are most consistent with a chilling effect driven not by formal exclusion
but by perceived hostility and reputational risk, which operate through anticipa-
tory self-selection rather than policy enforcement.

This paper contributes to the broader literature on the effect of war, conflict,
and geopolitics on science. Prior work shows that international conflict can signifi-

cantly disrupt science. For example, World War I reduced international knowledge



flows and scientific cooperation, and lowered the productivity of scientists who de-
pended on frontier knowledge from abroad (laria, Schwarz and Waldinger, 2018).
In the lead-up to World War II, widespread academic emigration reshaped global
science (Waldinger, 2012; Becker et al., 2021): the expulsion of professors from Ger-
many damaged German Ph.D. student outcomes (Waldinger, 2010) and changed
the trajectory of U.S. science (Moser, Voena and Waldinger, 2014). The collapse of
the Soviet Union triggered an outflow of scientists from the USSR (Abramitzky and
Sin, 2014; Borjas and Doran, 2012; Ganguli, 2017), and more recently, the Russian
invasion of Ukraine has reduced productivity among Ukrainian scientists and con-
strained the exchange of scientific knowledge and ideas (Ganguli and Waldinger,
2023).

Our results build on this literature by showing that even geopolitical tensions
at a much lower level than the formal expulsion of academics or violent warfare
can lead to a significant shift in scientist mobility, knowledge flows, and produc-
tivity. The effect of tensions on these dimensions is likely to be driven by a mix of
explicit government policy that targets particular foreign groups, where it exists,
and nationalist or anti-foreign sentiment. The degree to which such sentiment may
affect the production of science-and whether there are important asymmetries in
terms of how seriously science in different countries is affected—is not well under-
stood. Our results suggest that bilateral geopolitical tensions, along with grow-
ing nationalist and anti-foreign sentiment, significantly impact scientific mobility
and productivity. Given the literature linking immigrants to innovation (Bernstein
et al., 2022; Hunt and Gauthier-Loiselle, 2010; Moser and San, 2020) and the evi-
dence indicating disastrous long-term effects on universities in the sending coun-
tries (Waldinger, 2016) and positive effects on universities and science in the re-
ceiving countries (Agrawal, McHale and Oettl, 2017), a change in where scientists
migrate has major implications for the global geography of science.

Our paper also contributes to the emerging literature on the effects of contem-
porary U.S.—China tensions. Recent work has examined the impact of the China
Initiative—an important policy launched in 2018 that disproportionately targeted
scientists of Chinese origin in the U.S.—on collaboration patterns and research pro-

ductivity (Aghion et al., 2023; Jia et al., 2024). We extend this work in two key ways.



First, we take a more comprehensive view of how tensions affect science by analyz-
ing effects on both the U.S. and China and across multiple dimensions: mobility,
knowledge flows, and productivity. Second, we document a novel mechanism: a
chilling effect driven not by formal policy, but by perceived hostility. Separately,
Sim and Hong (2025) show that U.S.—China tensions increased workplace effort
among high-skilled Chinese immigrants in the U.S. private sector, pointing to the
broader reach of geopolitical conflict beyond academia.

More broadly, our findings provide new evidence that negative sentiment and
perceived risk can reshape where scientists choose to study, work, and publish—
even in the absence of direct restrictions. This chilling effect operates through an-
ticipatory behavior and reputational concerns, rather than through formal exclu-
sion. It affects not just those with direct ties to China but also individuals who are
ethnically Chinese regardless of nationality or affiliation. While prior work has fo-
cused on war or explicit legal barriers, ours is among the first to show that ambient

geopolitical hostility alone can meaningfully disrupt global science.

2 Empirical Context

Our study focuses on the years surrounding a sharp downturn in U.S.-China re-
lations. Formal scientific cooperation between the two nations dates back to the
1979 U.S.—China Science and Technology Cooperation Agreement. By the 2010s,
each country was the other’s largest scientific research partner, and China was the
largest source of international students in U.S. STEM programs (USCET, 2023).
Starting around 2016, however, the relationship began to deteriorate.

First, anti-China rhetoric rose sharply during the 2016 U.S. presidential cam-
paign. Donald Trump repeatedly described China as an economic and strategic
threat, citing trade imbalances, IP theft, and espionage. His book Great Again:
How to Fix Our Crippled America, which outlined his political agenda, included
quotes such as, “there are people who wish I wouldn’t refer to China as our enemy.
But that’s exactly what they are.” This narrative translated into policy. Beginning
in 2018, the U.S. imposed tariffs on Chinese goods, kicking off the U.S.-China trade
war, and pursued a broader confrontational stance.

More relevant to this paper, the U.S. Department of Justice launched the "China
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Initiative" in 2018 to investigate (typically) Chinese and Chinese-American scien-
tists under suspicion of IP theft on behalf of the Chinese government. Figure Al
tallies the cases charged under the initiative, according to the MIT Technology Re-
view.! Though only 77 cases were brought, the initiative fueled widespread con-
cern about racial profiling and was ultimately shut down in 2022. During this
period, the U.S. also revoked student visas® and barred entry for some Chinese
scholars®. In 2018, the State Department imposed new restrictions limiting the du-
ration of F-1 visas for Chinese students in sensitive STEM fields.* These actions
contributed to an increasingly hostile climate, especially for ethnically Chinese sci-
entists in the U.S.

Consistent with this series of events, anti-Chinese sentiment in the U.S. ticked
up from around 55% in 2015 to 81% in 2024, according to the Pew Research Cen-
ter.” The changing policy environment and sentiment had a particularly striking
impact on the experience of ethnically Chinese scientists working in the U.S. Fac-
ulty protests against investigations of Chinese scholars cited concerns regarding a
growing “chilling effect” on academic research by creating a hostile environment
for Chinese and Chinese-American researchers in the U.S.6

Importantly, these changes have not been entirely one-sided. Many of the U.S.
policies were a response to, for example, forced technology transfer in China and
significant corporate espionage by China in the United States.” The Chinese gov-
ernment has also implemented a wide range of nationalist policies intended to
improve self-reliance. For example, the Thousand Talents Program, which began
to develop in the early 2000s, and the Junior Thousand Talents Program, imple-
mented in 2013, have long aimed to encourage Chinese (senior and junior, respec-

tively) academics to return to China from abroad. As a more recent example, in

Thttps:/ /www.technologyreview.com /2021/12/02 /1040656 / china-initative-us-justice-
department/

2https: / /www.nytimes.com/2018/07/25/us/politics / visa-restrictions-chinese-students.html

3https: //www.nytimes.com/2019/04/14/world/asia/china-academics-fbi-visa-bans.html

4https: / /www.science.org/content/article/more-restrictive-us-policy-chinese-graduate-student-
visas-raises-alarm

Shttps:/ /www.pewresearch.org/global /2024 /05/01 /americans-remain-critical-of-china /

6See, for example, letters by faculty at Stanford, Yale, University of Pennsylvania, and Princeton.

’See  for example https://www.nytimes.com/2017/08/01/business/trump-china-trade-
intellectual-property-section-301.html
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March 2020, China’s government changed its incentive scheme for academics in
China to no longer encourage publication in international journals. But these poli-
cies have typically not targeted the U.S. explicitly until recently, and they have
been of a more gradual nature. For this reason, we view the primary treatment in
our analysis as originating on the U.S. side.

Given this backdrop of escalating rhetoric, policy shifts, and rising hostility—
particularly from the U.S. side—we treat the 2016 onset of U.S.—China geopolitical
tension as a bundled “treatment” comprising changes in policy, political rhetoric,
and public sentiment. Because this treatment evolved gradually over time, we
employ dynamic treatment effects and then later investigate which specific mech-

anisms best explain the observed effects.

3 Data

Our analysis investigates how the rise of U.S.-China tensions starting in 2016 im-
pacted STEM trainee mobility (graduate student enrollment and retention), knowl-
edge flows (the usage of scientific works), and scientific productivity in STEM
fields. For analyzing trainee mobility, we utilize data from curricula vitae (CVs)
posted on Open Research and Contributor ID (ORCID), a website where academics
can publicly post their CV in a standardized format. For the latter two outcomes,
we utilize scientific publications data from Dimensions, a database of metadata on
the near-universe of scientific works published in academic journals. From those
two raw data sources (CV data and Publications data), we construct five datasets
for our analysis. Figure Al provides an overview of these constructed datasets
while Table 1 provides basic summary statistics for each. Details about their con-

struction are provided below.

3.1 CV Data

We construct two datasets from the curriculum vitaes (CVs) available in ORCID.
Each CV in ORCID includes an individual’s name as well as their self-reported
educational background and employment history. Based on that information, we
constructed additional variables for our analysis. We marked if and when the in-

dividual enrolled in a degree program, if this program was in the U.S,, if this pro-
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gram was at the doctoral level, and whether the individual held a job in the U.S.
immediately after studying at a U.S. institution. In addition, we assigned them an
academic field based on their listed department and inferred based on their name
if they were ethnically Chinese. Specifically, we imputed each individual’s ethnic-
ity using an algorithmic name classifier and created a flag for if this ethnicity was
Chinese. Additional details of the procedures for determining field and inferring
ethnicity are provided in Appendix A .4.

The ORCID website contains over 15 million CVs. We collected the publicly
available CVs posted on the site as of 2022. We restricted to individuals reporting
complete educational backgrounds, which amounts to 1.8 million CVs. We further
restrict to those who graduated from STEM programs, a total of 836,495 CVs.®

Our analysis of trainee mobility draws on two datasets constructed from OR-
CID CVs. The first is the Doctoral Student dataset dataset, which includes indi-
viduals who entered doctoral programs between 2008 and 2019. To be included,
individuals must report at least one prior degree pursued within 10 years of their
Ph.D. enrollment; we use the location of this prior degree as a proxy for national-
ity. This measure of nationality is conceptually and empirically distinct from our
measure of ethnicity, which we infer algorithmically based on name. The dataset
includes 129,223 individuals.

The second dataset, the U.S. Graduates dataset, includes individuals who com-
pleted a degree at a U.S. institution between 2008 and 2019 and took a job within
three years of graduation. That dataset contains information about 50,890 individ-
uals. Tables 1(a) and 1(b) present simple descriptions of both datasets.

Because individuals must actively create an ORCID profile and fill out a digital
CV, our Doctoral Student and U.S. Graduates datasets are not representative of the
full population. Appendix Table A10(a) shows that ORCID users tend to have
more publications and a higher likelihood of grant funding than non-users. While
our sample is selected, this group aligns with our focus on the individuals most

likely to contribute to future science.

8The following 11 fields are considered STEM: Agriculture, Biological Sciences, Biomedical and
Clinical Sciences, Chemical Sciences, Earth Sciences, Engineering, Environmental Sciences, Health
Sciences, Information and Computing Sciences, Mathematical Sciences, and Physical Sciences.
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Table 1: Basic Summary Statistics Across Datasets

Panel A: Doctoral Students Mean SD Panel B: U.S. Graduates Mean SD
Ph.D. first year 2,012.79  2.88 Job first year 2,014.92 3.16
Enrolls in U.S. university 0.24 0.43 Jobin U.S. 0.85 0.35
Enrolls in U.K. university 0.09 0.29 Job in U.K. 0.01 0.10
Enrolls in non-U.S. anglo. university 0.17 0.37 Job in non-U.S. anglo. country 0.03 0.16
Ethnically CN 0.16 0.37 Ethnically CN 0.18 0.38
Observations 129,223 Observations 50,890

Panel C: Publication-Citation Shares Mean SD Panel D: U.S.-U.K. Publications Mean SD
Citing U.S. 0.50 0.50  U.S. publication 0.83 0.38
Share of raw references 0.13 0.15  Cite share to CN 0.02 0.04
Share of recent references 0.09 0.15  Recent cite share to CN 0.03 0.07
Share of frontier references (1%) 0.19 0.28 Frontier cite share to CN (1%) 0.01 0.06
Share of recent frontier references (1%) 0.16 0.29  Recent frontier cite share to CN (1%) 0.02 0.09
Observations 4,237 614 Observations 2,833,730

Panel E: China-based Researcher Panel Mean  SD Panel F: U.S.-based Researcher Panel Mean SD
Num Pubs 2.15 2.78 Num Pubs 0.92 1.89
Num Pubs in US-based journals 0.65 1.25 Num Pubs in US-based journals 0.54 1.30
Num Impact Factor wt Pubs 447 653 Impact Factor wt Pubs 2.64 6.68
Impact Factor wt US-based Pubs 1.54 3.50 Impact Factor wt US-based Pubs 1.70 5.08
Predom. Cite US 0.50 0.50 Ethnic CN 0.17 0.37
Observations 83,839 Observations 1,913,212

Notes: This table provides basic descriptive statistics for the data described in Section 3. The
unit of analysis for each dataset is in the panel title. Panels (a) and (b) summarize the data for
analyzing trainee mobility (student or graduate level), Panels (c) and (d) for scientific knowledge
flows (publication-share and publication level), and Panels (e) and (f) for researcher productivity
(researcher by year level).

Given the importance of ethnically Chinese scientists in this paper, we might
be concerned that ORCID users who are ethnically Chinese differ from those who
are not ethnically Chinese, and specifically, that they might have noticeably dif-
ferent research outcomes prior to the onset of rising tensions in 2016. Appendix
Table A10(b) shows the mean attributes of these two groups. Reassuringly, while
ethnically Chinese researchers also tend to have stronger research outcomes, we do
not observe interactions between ORCID self-selection and being ethnically Chi-
nese.

As an additional check on the validity of our constructed data, we compare our
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insights to those provided by publicly available established sources. Reassuringly,
doctoral stay rates inferred from our U.S. graduates dataset are similar to those
reported by NSFE. Specifically, for the cohort of nationally Chinese STEM doctoral
students graduating from U.S. universities in 2012,° the NSF reported a stay rate
of 83%; we similarly observe that 83% of post-graduation jobs taken in 2012 by
Chinese doctoral graduates were in the U.S. For nationally Indian graduates, the
rates are 83% and 79.1% respectively. That these rates are comparable validates

our retention measure and underlying data.

3.2 Publications Data

We construct three datasets using the bibliometric information about published
scientific works available in Dimensions.!" For each publication in their database,
Dimensions provides the names of the authors, the publishing journal, the scien-
tific field(s) of the publication, the publishing year, the addresses of the authors,
and the list of papers cited in the references and bibliography. In addition, Di-
mensions provides algorithmically disambiguated author identifiers enabling the
tracking of authors across publications.

As of 2023, the Dimensions data contains over 1.8 billion citations across 140
million publications. Of those, we focus on the 51 million published between 2008
and 2019. For each publication, we construct additional variables based on the
publication’s metadata. We create a flag for whether all of the authors list first
affiliation addresses in China,!'! the U.S., or the U.K. (which is our primary control
country). We refer to these publications as being written by China-based, U.S., or
U K research teams respectively. For each author on each publication, we also flag
if that author’s modal address country between 2008 and 2012 was either China or
the U.S. If the modal country for an author during that time was China, we call the
researcher “China-based.” We similarly define “U.S.-based” researchers. Note that

our labels such as ‘China-based researcher’ or ‘China-based research team’ refer

92012 is the last year before our treatment year (2016) for which complete data on this outcome is
available from NSF.
19Dimensions is similar to other bibliometric databases such as Web of Science and Scopus, but it
has been shown to have a wider coverage of scientific journals represented in their data (Singh
et al., 2021).
111n all of our analyses, when we refer to “China” as a location, we are referring to mainland China.
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to institutional affiliation, not ethnicity or nationality. For example, a researcher
working at a Chinese institution is labeled ‘China-based’ regardless of their ethnic
background or country of origin.

Using this data, we create three datasets. First, for analyzing if China-based
research teams changed their usage of U.S.-produced scientific works, we create a
dataset which we call the Publication-Citation Shares dataset. Following the method-
ology of Iaria, Schwarz and Waldinger (2018), for each publication in Dimensions,
we create two observations. The first observation contains measures of how much
the focal publication references scientific papers produced by research in the U.S,,
and the second observation contains measures of how much the focal publication
references scientific papers produced by research in the U.K. Publications that do
not reference any previous works are removed. Further, we focus only on the ob-
servations produced from the references of STEM publications authored by China-
based research teams between 2011 and 2019. This amounts to 4,237,614 observa-
tions from 2,118,807 publications.

We compute four measures of the usage of science from these countries: raw,
recent, frontier, and recent frontier. The raw measure captures the share of the pub-
lication’s total references that cited papers produced in the U.S. and the U.K. Re-
cent citations refer to those published within the preceding five years. The frontier
and recent frontier measures restrict these same calculations to citations of high-
impact research, defined following Iaria, Schwarz and Waldinger (2018) as research
in the top percentile of its field’s citation distribution. More details on these usage
measures are provided in Appendix A.2.

Second, to examine if U.S.-China tensions impacted the usage of Chinese sci-
ence by U.S. research teams, we create a dataset which we call the U.S.-U.K. Publi-
cations dataset. This dataset contains STEM publications authored by U.S. and U.K.
research teams between 2011 and 2019. For each publication, we again compute
multiple measures of the usage of science (raw, recent, frontier, and recent fron-
tier) but in reverse: measuring usage of China-produced science among U.S. and

U.K. publications.!? This dataset includes 2,833,730 publication observations and

12We define a publication as being produced in China primarily according to the publication’s
corresponding author. See Appendix A.2 for details.
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enables us to track how researchers in the U.S. and U.K. changed their usage of
China-produced scientific knowledge.!3

Finally, to examine if U.S.-China tensions have impacted the productivity of
China-based and U.S.-based scientists, we create a panel dataset which we call
the Researcher Panel. The observations in this dataset are created by constructing a
strongly balanced panel of the authors listed in publications in the Dimensions
data in the years between 2008 and 2019."* For each researcher-year observa-
tion, we include the number of publications by that author in that year, as well
as quality-adjusted measures, such as the number of publications weighted by the
impact factors of the publishing journals.

To analyze the productivity impact of U.S.—China tensions on China-based re-
searchers, we restrict the Researcher Panel to China-based STEM scientists who
published at least five papers between 2008 and 2012!¢ and at least one publication
between 2013 and 2019.

For the analysis of U.S.-based researchers, we apply a different restriction. Be-
cause treatment status in this case is based on ethnicity rather than citation pat-
terns, we do not require pre-2013 publication activity. We include all U.S.-based
STEM researchers who published at least once between 2013 and 2019.

For both panels of China-based and U.S.-based STEM researchers, we apply
the Coarsened Exact Matching (CEM) method (Iacus, King and Porro, 2012) to
match on pre-analysis observables, as will be described in more detail later, to
ensure that the treatment and control researchers are comparable groups. Af-
ter the CEM procedure, the final China-based STEM researcher panel includes
11,977 unique individuals with 83,839 researcher-year observations. The final U.S.-
based STEM researcher panel includes 273,316 unique individuals with 1,913,212

researcher-year observations.

13Unlike the Publication-Citation Shares dataset, the U.S.-U.K. Publications dataset is not disaggre-
gated into shares. This is because we are interested in citations to only one country—China—
among these publications.

14Our analysis focuses on the 2013-2019 period. We use the years 2008-2012 for computing metrics,
such as how active researchers were and where they were located.

15We define a researcher’s field as the modal field of their publications.

16The restriction on pre-analysis period publications ensures a sufficient number of observations to
identify treatment status, as further detailed in Section 4.3.
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Table 1 Panels (c)-(f) present basic summary statistics of these data. Appendix
Tables A5 and Appendix A7 report the balance between the treated and control
group after the CEM procedure. More detailed explanations and summary statis-

tics for all five datasets can be found in Appendix A.

4 Analysis and Results

We now present the results of our difference-in-differences analyses, structured
around the three key outcomes: trainee mobility, cross-border knowledge flows,
and researcher productivity. For each, we pair difference-in-differences estimates
with event-study plots to assess pre-trends and trace dynamic effects. In the mo-
bility and U.S.-based productivity analyses, treatment is defined by ethnicity (in-
ferred from names), while in the China-based productivity analysis, treatment is
based on researchers’ pre-period reliance on U.S. versus U.K. science. In the knowl-
edge flows analysis, treatment is assigned at the publication or publication-share
level based on the citing or cited country respectively. A comprehensive set of ro-
bustness checks, including placebo tests, sensitivity analyses, and alternative sam-
ple restrictions, is presented in Section 4.4.

In the following sections, we explain our approach to analyzing each outcome

in detail. A summary of these approaches can also be found in Table A2.

4.1 STEM Trainee Mobility
4.1.1 Enrollment in U.S. Doctoral Programs

Attracting talented trainees—and retaining them post-graduation-has long been
seen as economically and competitively important for the U.S. to retain its edge in
scientific research (Black and Stephan, 2010). But the U.S.-China tensions described
in Section 2 suggest that the U.S. may have become a less attractive destination for
Chinese STEM trainees. Therefore, we examine how growing U.S.-China tensions
starting in 2016 affected the enrollment of ethnically Chinese students in doctoral
programs at U.S. universities relative to their non-ethnically Chinese counterparts
with the following difference-in-differences model estimated on observations from
the Doctoral Student dataset:

13



Y; = B1Treat; + BpPosty + B3(Treat; Post;) + v Xt + €; (1)

In this equation, i is a doctoral student and Post;; is defined as an indicator of
whether the student began their doctoral studies in 2016 or later. The outcome
of interest is Y;, which is an indicator for whether the student enrolled in a U.S.
doctoral program. The treatment group for this analysis are students who are eth-
nically Chinese, and the control group are students who are not ethnically Chinese.
Xi; contains fixed effects for the year of enrollment, the scientific field of a student’s
doctoral studies, and the country where the student received their prior academic
degree. Note that, as described in Section 3.1, we define treatment based on ethnic-
ity (inferred from names), while separately controlling for nationality—proxied
by the location of individuals” prior degrees. This approach isolates the effect of
rising U.S.—China tensions from broader shifts in the appeal of U.S. doctoral pro-
grams.

Table 2 presents the results from estimating Equation 1. Column (1) reports
the estimated impact on the likelihood of enrolling in a U.S. doctoral program to
be -3.5 percentage points (SE = 0.78). This amounts to a 15% decline relative to
the sample mean. Table 2 Columns (2) and (3) report the estimated effects on the
likelihood of enrolling in a university located in the U.K. or non-U.S. anglophone
country respectively.

The estimated effect on the likelihood of enrolling in a U.K. university (Col-
umn 2) is 0.9 percentage points (SE = 0.4), while the effect for non-U.S. anglophone
universities (Column 3) is 2.2 percentage points (SE = 0.67). The latter represents a
13% increase over the sample mean. Taken together, these findings are consistent
with the explanation that other anglophone universities substituted for U.S. uni-
versities among ethnically Chinese Ph.D. students after 2016. They also suggest
that the results are not due to an increase in the appeal of Chinese universities; the
Chinese STEM trainees not going to the U.S. appear to attend other anglophone
universities rather than staying in China. An additional robustness check show-
ing no increase in the propensity to enroll in China after 2016 further supports this

view (Appendix Figure A3).
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Table 2: Main Treatment Effects on Trainee Mobility Among
Ethnically Chinese Doctoral Students

(@) (@) [€)] ) (@)
Enrollsin U.S.  Enrollsin UK. Enrolls in Anglo.  Enrollsin U.S.  Enrolls in U.S.

Treatment = Ethnically CN 0.0323 -0.0198 -0.0238 0.0249

(0.00466) (0.00376) (0.00483) (0.00510)
Treatment = Ethnically CN x -0.0348 0.00924 0.0218 -0.0309
Post-2016 (0.00782) (0.00404) (0.00670) (0.00804)
Treatment = Top Quality 0.132
Ethnically CN (0.0105)
Treatment = Top Quality -0.0565
Ethnically CN x Post-2016 (0.0173)
Field & Cohort FE Y Y Y Y Y
Prior Country FE Y Y Y Y Y
Prior University Rank FE N N N Y N
Model OLS OLS OLS OLS OLS
Mean DV 0.239 0.0910 0.169 0.265 0.265
Observations 129204 129204 129204 92069 92069

Notes: This table presents difference-in-differences estimates of the impact of Chinese ethnicity
on the probability of enrolling in a U.S. university post-2016. Standard errors are clustered at the
field-year level. Dependent variables are listed in the column headers.The sample includes all
STEM doctoral students from 2008-2019.

We further investigate whether changes in the quality of students enrolling in
U.S. doctoral programs drive these results in Table 2. In Column (4), we control for
students’ prior degree university rank by decile and find that the estimated impact
of U.S.-China tensions on the likelihood of enrolling in a U.S. doctoral program
is not significantly different: -3.1 percentage points (SE = 0.80). In Column (5),
we redefine the treatment group to be those ethnically Chinese doctoral students
whose prior degree was from a top decile university, while keeping the control
group unchanged. Among these students, the estimated impact on the likelihood
of enrolling in a U.S. doctoral program grows to -5.7 percentage points (SE = 1.7).
This suggests that the impact was strongest among students from top-quality uni-
versities.!”

Both to examine pre-trends and to trace the dynamic effects, we estimate the

following event-study model specification:

17Tn additional analyses performed, available upon request, we show that the fraction of students
enrolling in doctoral programs from prominent Chinese universities is falling over time.
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Y; = BTreat; + 20214 Ol(t = k)Treat; + 2021:9 TL(t = k) Treat; + vXit + € (2)
k=2008 k=2016
The variables in this equation are the same as in Equation 1. In this specifica-
tion, the J; coefficients capture any baseline differences in U.S. enrollment rates
between ethnically Chinese and non-ethnically Chinese students in the pre-2016
period, while the T coefficients trace out the dynamic effects of U.S.—China ten-
sions in the years after 2016.

Figure 1(a) plots the estimated J; and T coefficients from Equation 2. Prior to
2016, the rates at which ethnically Chinese and non-ethnically Chinese students
enrolled in U.S. doctoral programs followed similar trends. Beginning in 2016,
however, the rate that ethnically Chinese students enrolled in U.S. programs be-
gan declining (relative to that of non-ethnically Chinese students) and continued
declining through at least 2019. For example, in 2018, the probability that an eth-
nically Chinese doctoral student enrolled in a U.S. program had decreased by five
percentage points relative to the rate in 2015.

The results in this section document that U.S.-China tensions emerging in 2016
decreased the enrollment of ethnically Chinese students in U.S. doctoral programs,
but the economic significance of our results can be difficult to interpret. A back-
of-the-envelope estimate of the number of nationally Chinese doctoral students
displaced during our treatment period leverages the coefficient from Table 2 Col-
umn (1) combined with NSF NCSES data'® data to reason that 5,760 nationally
Chinese STEM students did not attend U.S. doctoral programs between 2016 and
2019 as a result of U.S.-China tensions.?

We also observed that ethnically Chinese students enrolled in non-U.S. anglo-

Bhttps:/ /ncses.nsf.gov/pubs/nsb202332/ figure /HED-23

19We restrict our estimation to nationally Chinese doctoral students given the absence of annual
data on ethnically Chinese matriculation patterns, understanding the former to be an approxi-
mate subset of the latter. We assume that the 34,510 nationally Chinese students enrolled in U.S.
doctoral programs in 2015, per NSE, were at that point evenly split across cohorts in five-year
doctoral programs. Since nationally Chinese students are a smaller group than ethnically Chi-
nese students, we should consider this projection as a lower bound. At the same time, given the
selected nature of the ORCID sample and the data we draw from it, we generalize our results to
broader populations with caution.
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Figure 1: Event Studies for Student Enrollment and Retention

(a) DV: Enrollment (b) DV: Retention

Notes: Panel (a) reports event-study coefficients from a regression predicting enrollment in a U.S.
university among doctoral students (Equation 2). The treated group is ethnically Chinese doc-
toral students, and the control group is non-ethnically Chinese doctoral students. The regression
includes fixed effects for research field, doctoral cohort, and prior country. Panel (b) reports event-
study coefficients from a regression predicting whether a U.S. graduate’s first post-graduation job
remains in the U.S. The treated group is ethnically Chinese U.S. graduates, and the control group is
non-ethnically Chinese U.S. graduates. The regression includes fixed effects for research field and
job start year. Standard errors are clustered at the field-year level in both regressions.

phone universities at increased rates in the years following 2016. These patterns
are consistent with a shift in Chinese STEM talent from the U.S. to other anglo-

phone countries following the rise in U.S.—China tensions.

4.1.2 Retention of U.S. Graduates

Retaining trained and talented scientists may be equally as important for a nation’s
economic competitiveness as attracting such talent. Table 3 displays the results
from estimating Equation 1 on the U.S. Graduates dataset. The outcome here is
whether a graduate’s first post-degree job is in the U.S., and each observation is
an individual graduating from a U.S. institution. As in the previous section, we
define the treated group as ethnically Chinese individuals and the control group

as non-ethnically Chinese individuals. We include fixed effects for the year of the
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Table 3: Main Treatment Effects on U.S. Retention for Post-U.S.
Graduation Jobs

M o) Q)
Job in U.S. Job in U.K. Job in Anglo.

Treatment = Ethnically CN -0.00119 -0.00613 -0.0131

(0.00767) (0.00188) (0.00308)
Treatment = Ethnically CN x -0.0360 0.00330 0.00845
Post-2016 (0.00946) (0.00222) (0.00363)
Field FE Y Y Y
Job Year FE Y Y Y
Model OLS OLS OLS
Mean DV 0.853 0.00949 0.0255
Observations 50890 50890 50890

Notes: This table presents difference-in-differences estimates of the impact of U.S.-China tensions
on the probability that an ethnically Chinese student’s post-graduation job is in the U.S post-2016.
Standard errors are clustered at the field-year level. Dependent variables are listed in the column
headers.The sample includes all U.S. STEM graduates from 2008-2019.

graduate’s first post-graduation job and the scientific field of their earned degree.
Column (1) reports the estimated impact of treatment on the likelihood that a U.S.
graduate’s first job remains in the U.S. as -3.6 percentage points (SE = 0.95). This
amounts to a 4% decline from the sample mean.

Figure 1(b) plots the corresponding event-study coefficients from estimating
Equation 2 on the U.S. Graduates dataset. The plot shows estimates that are not
significantly different from zero until after 2016, highlighting that the rate that
ethnically Chinese graduates’ jobs remained in the U.S. tracked with that of non-
ethnically Chinese graduates prior to 2016. Following 2016, however, a statisti-
cally significant divergence emerges, with relative stay rates for ethnically Chinese
graduates declining through 2019.

Since the relative rate at which ethnically Chinese U.S. graduates remained in
the country decreased, where did they take jobs instead? Table 3 Columns (2) and
(3) report the estimated effects of U.S.-China tensions on the likelihood that a U.S.
graduate’s first job is in the U.K. or in a non-U.S. anglophone country, respectively.
Only the latter is statistically significant: Column (3) estimates a 0.85 percentage
point increase (SE = 0.36) in the probability of taking a job in a non-U.S. anglophone
country. This amounts to an increase over the sample mean of nearly 33%.

These results, while somewhat noisier than those for doctoral enrollment, are
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consistent with substitution: after 2016, ethnically Chinese U.S. graduates appear

more likely to take positions in other anglophone rather than remain in the U.S.

4.2 Knowledge Flows and the Usage of U.S. and Chinese Research

Prior literature indicates that the mobility of scientists correlates with the diffusion
of scientific knowledge (Bernstein et al., 2022; Hunt and Gauthier-Loiselle, 2010;
Moser and San, 2020; Agrawal, McHale and Oettl, 2017). In particular, graduates of
foreign doctoral programs who return home may bring back new ideas, scientific
techniques, and personal connections, which can influence their future work. We
investigate if the rise in U.S.-China tensions, and the subsequent decline in the
mobility of graduate students and trained scientists, also influenced knowledge
flows between researchers in the U.S. and China.

We examine how China-based research teams’ usage of scientific works pro-
duced in the U.S,, as well as how U.S.-based research teams’ usage of works pro-
duced in China, changed because of worsening U.S.-China tensions. In these anal-
yses, we make comparisons using U.K.-authored research and researchers as con-
trols for their counterparts from the U.S. The U.K. serves as a suitable control for
the U.S. in this analysis for a number of reasons. First, the U.S. and the U.K. en-
joy similar levels of government support and national preference for research as
reflected in their R&D workers per capita (Appendix Figure A2(a)). Second, both
pursue similar types of research as evidenced in the field composition of their pub-
lications (Figure A2(b)). Third, the U.S. and the U.K. are the top two destinations
for nationally Chinese researchers studying abroad (Figure A2(c)). Beyond these
quantitative similarities, the U.S. and the U.K. share a common language and cul-

tural lineage.

4.2.1 Knowledge Flows from U.S.-Produced Science to Researchers in China

Following the approach of laria, Schwarz and Waldinger (2018), we estimate a
difference-in-differences model using observations from the Publication-Citation
Shares dataset in which the focal publications were written by research teams in
China. In this analysis, we compare the references on these publications by China-

based teams to U.S. papers versus to U.K. papers. Specifically, we estimate the
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following specification:
Yij = 131 T}’(Zﬂi’i]' + ﬁzPOStit + ﬁg(Treat;}POStit) + ’)/Xijt + €ij 3)

In this equation, i is a scientific publication authored by a research team in China,
and j represents either the U.S. or U.K. The outcome of interest is Yij, which is
the share of publication i’s references that cite papers produced in country j. The
treatment group for this analysis contains the observations for which j = U.S,,
and the control group contains observations where j = U.K. The variable Post;; is
defined as an indicator for if publication i came out in 2016 or later. Xj; contains
tixed effects for the citing publication. The parameter of interest in this equation
is B3, which can be interpreted as the effect of U.S.-China tensions on the share
of references among publications by China-based research teams that cite U.S.-
produced papers (versus U.K.-produced papers).

This difference-in-differences approach, as well as setting up the analysis to ex-
amine the relative share of references to U.S. papers versus U.K. papers, addresses
two potential identification concerns. First, norms regarding citing previous work
change over time. By including fixed effects for the year of publication, we negate
any concern that these changes are impacting our estimates of the treatment ef-
fect. Second, Chinese research has been increasing in quality over time. Therefore,
regardless of any geopolitical changes, researchers in China may be increasingly
relying on China-produced research rather than research produced elsewhere. By
comparing the relative share of U.S.-produced papers to U.K.-produced papers in
the reference lists of publications by China-based research teams, we isolate the
impact of U.S.-China tensions on the usage of U.S. research from the general trend
in Chinese researchers relying less on foreign research.

Table 4 shows estimated coefficients from Equation 3 using publications au-
thored by research teams in China. Column (1) estimates the impact of growing
U.S.-China tensions on the share of references to papers published in the U.S. to be
-0.014 (SE = 0.004). This corresponds to an 11% decline relative to the overall sam-

ple mean and a 6.5% decline relative to the average citation share to U.S. papers
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Table 4: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams

DV: Share Size
(1) (2) (3) (4)

Raw Recent Frontier Recent Frontier

Treated = Citing U.S. 0.182 0.125 0.281 0.247

(0.0137) (0.0150) (0.0186) (0.0231)
Treated = Citing U.S. -0.0138 -0.0140 -0.0142 -0.0321
x Post-2016 (0.00438) (0.00256) (0.00514) (0.00553)
Citing Paper FE Y Y Y Y
Model OLS OLS OLS OLS
Mean DV 0.126 0.0853 0.193 0.162
Observations 4237614 4042500 3332908 2303014

Notes: This table presents difference-in-differences coefficients describing how the share of refer-
ences citing U.S.-produced papers on publications by China-based research teams changed after
2016. Standard errors are clustered at the field level. Dependent variables are listed in the column
headers. The sample includes citation shares to U.S. and U.K. papers on China-based publications.
The analysis period is 2011-2019. The treated group includes citation shares to U.S. papers, and the
control group includes citation shares to U.K. papers.

among publications by China-based research teams.?’ Column (2) reports the es-
timated impact of U.S.-China tensions on the share of recent references, defined as
references to papers published in the previous five years, to be -0.014 (SE = 0.003)
or a 16% decline from the sample mean and a 10% decline from the China-U.S.
average. That this decline is greater (in percentage terms) suggests that increas-
ing U.S.-China tensions may have had greater influence on the dissemination of
recent research. To test if the results are driven by a reduction in citing low-quality
research, we repeat the analyses from Columns (1) and (2) using dependent vari-
ables capturing citations to papers in the top 1% of their field’s citation distribu-
tion, which we call “frontier research” and “recent frontier research.” Columns (3)
and (4) report the estimated impacts on these quality-adjusted shares, revealing a
significant reduction in citations to frontier U.S.-produced research and suggesting
that this concern is unfounded.

We also estimate an event-study model in order to trace the dynamic effects of
U.S.-China tensions and to examine the evidence in support of the parallel trends
assumption underlying the previous difference-in-differences estimates. The event-

study model specification is as follows:

20We provide the percentage change relative to the China-U.S. average given the sizable level dif-
ference between the average China-U.S. and China-U K. citation rates.
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2014 2019
Yij = ,BTreatij + Z Sl(t = k) Treatij + Z Tl (t = k)Treatij + ’)’Xijt + € 4)
k=2008 k=2016

The variables in this equation are the same as Equation 3.

The event-study coefficients confirm that the change in citations to U.S.-produced
papers by publications written by China-based research teams came about as an
abrupt change, starting in 2016, and has continued to decline in the years since.
Figure 2(a) shows the estimated coefficients when the dependent variable is the
raw share of each publication’s reference list. These shares move in parallel in the
years prior to 2016, but following that year there is a dramatic decline in the rate
of citing U.S.-produced papers. By 2018—just two years after tensions began to
rise—the share of references to U.S. papers in publications by China-based re-
search teams had already declined by 6.3% relative to 2015 (coefficient = -0.014,
SE = 0.004). Appendix D includes event studies for citations to recent, frontier,
and recent frontier research. The results remain negative and statistically signifi-
cant for all versions, but the magnitude of the impact for recent frontier research
more than doubles. This implies that the impact of U.S.-China tensions on publi-
cations by China-based research teams was particularly pronounced for citations
to works on the scientific cutting edge. This pattern supports the interpretation
that rising tensions disrupted actual knowledge flows, rather than simply altering
citation practices. If the shift were purely behavioral, we would expect a uniform
decline across all references. Instead, the drop is concentrated in citations to re-
cent and frontier U.S. research—precisely the kinds of knowledge most essential

for keeping up with the scientific frontier.

4.2.2 Knowledge Flows from China-Produced Science to Researchers in the
U.S.

Did U.S. research teams similarly change their usage of China-produced scientific

knowledge? To investigate that question, we compare the share of references in the
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Figure 2: Event Studies for Knowledge Flows

(a) China-based Teams Building on (b) U.S.-based Teams Building on
U.S. Science Chinese Science

Notes: Panel (a) reports event-study coefficients from a regression predicting the citation share to
U.S. papers in publications by China-based research teams. The treated group is citation shares to
the U.S., and the control group is citation shares to the U.K. The regression includes fixed effects
for the citing publication. Panel (b) reports event-study coefficients from a regression predicting
the share of references to China-produced papers in publications by U.S. and U.K. research teams.
The treated group is U.S. publications, and the control group is U.K. publications. The regression
includes fixed effects for publication year and research field. Standard errors are clustered at the
field level in both regressions.

publications of U.S. research teams made to China-produced papers with the share
of references in the publications of U.K. research teams made to China-produced
papers.

This approach is different than the one that we used for analyzing if the usage
of U.S.-produced research by China-based research teams had changed. In that
analysis, we examined the share of references to U.S.-produced papers versus the
share of references to U.K.-produced papers on publications by China-based re-
search teams, which allowed us to account for secular trends—such as the rising
quality and quantity of scientific works produced in China—that might decrease
the share of references to foreign works more generally. In analyzing the U.S.-side,
a similar approach would not be appropriate since no other country could plausi-

bly model a counterfactual case given the unique changes occurring in China’s sci-
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entific production over the past two decades. Therefore, instead, we examine the
share of references to China-produced papers in the publications of U.S. and U.K.
research teams. In doing so, we can control for the changes in China-produced
science, while isolating the effect of U.S.-China tensions on the usage of China-
produced scientific works in U.S. research.

We estimate the difference-in-differences model for this analysis adapting the
specification in Equation 3 with observations from the U.S.-U K. Publications dataset.

Specifically, we estimate the following:

Y; = B1Treat; + BaPosty + B3(Treat; Post;;) + vXit + €; (5)

In this equation, i is a scientific publication authored by a U.S.- or U.K.-based re-
search team. The outcome of interest is Y;, which is the share of publication i’s
references that go to papers produced in China. The treatment group contains
the set of observations in which publication i is authored by a U.S.-based research
team, and the control group contains observations where publication i is authored
by a U.K.-based research team. The variable Post;; is defined as an indicator for if
the publication i came out in 2016 or later. Xj; contains fixed effects for the year and
the scientific field of the publication. The parameter of interest from this equation
is B3, which can be interpreted as the effect of U.S.-China tensions on the share of
references to China-produced papers among publications by U.S. research teams,
relative to UK. research teams.

Table 5 shows the estimates when the dependent variable is the raw share of
references, the share of recent references, the share of frontier references, and the
share of recent frontier references. The coefficients are all small in magnitude, vary
in direction, and none reaches statistical significance. Figure 2(b) and Panels (d)-(f)
in Appendix Figure A6, which display the leads and lags from event-study models
of Chinese citation shares among U.S. and U.K. publications, show a similar pat-
tern. These plots reveal a mild and statistically insignificant decrease in the rate
that U.S. publications (relative to U.K. publications) cite China in 2018 and 2019.

Both Figure 2(b) and the associated event study plots demonstrate that follow-

ing the rise in U.S.-China tensions, U.S. researchers did not meaningfully change
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Table 5: Main Treatment Effects on Knowledge Flows among U.S.
and U.K. Publications

DV: Share Size

(1) 2 @) @
Raw Recent Frontier Recent Frontier
Treated = U.S. Publication -0.000472 -0.000363 -0.000552 -0.000451
(0.000601) (0.000831) (0.000344) (0.000577)
Treated = U.S. Publication -0.000194 0.000190 -0.000132 -0.000248
X Post-2016 (0.000682) (0.00101) (0.000529) (0.000855)
Field & Year FE Y Y Y Y
Model OLS OLS OLS OLS
Mean DV 0.0166 0.0264 0.0109 0.0166
Observations 2833136 2755769 2348683 1826175

Notes: This table presents difference-in-differences coefficients describing how the share of ref-
erences citing China-produced papers on U.S. publications changed after 2016. Standard errors
are clustered at the field level. Dependent variables are listed in the column headers. The sample
includes all publications by U.S. or U.K. research teams between 2011 and 2019.

their citation habits with respect to China-based scientific sources. The small and
statistically insignificant coefficients both before and after 2016 demonstrate that
the propensities of the U.S. and the U.K. to cite Chinese research moved in parallel
throughout this period.

Ultimately, the results from this section reveal a shift in knowledge flows,
demonstrated by a change in the works that China-based researchers used in their
publications. Since 2016, China-based researchers have decreased their usage of
U.S.-produced science in the citations of their publications. As this decrease can
be seen in the relative usage of U.S.-produced research versus U.K.-produced re-
search, the shift goes beyond any contemporaneous increase in the quality of Chi-
nese science that may be causing Chinese researchers to rely less on science from
non-Chinese sources more generally. In contrast, U.S. researchers did not change
their usage of China-produced research in a statistically significant manner. This
implies that the majority of the effect of U.S.-China tensions after 2016 were felt in
the knowledge flows from the U.S. to China and much less so on the knowledge
flows from China to the U.S.
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4.3 Productivity Impact on STEM Researchers

Scientific productivity is a core driver of technological progress and national com-
petitiveness. In this section, we examine how rising U.S.-China tensions affected
the research output of scientists in both countries. There are multiple mechanisms
by which productivity could have been affected: reduced international collabora-
tion, fewer cross-border trainees, visa barriers, a decline in cross-border knowl-
edge flows, and a broader chilling effect shaped by fear, discrimination, or reputa-
tional risk.

Our empirical strategy focuses on the groups most plausibly exposed to the
mechanisms above: (1) China-based researchers who were highly reliant on U.S.-
produced science—a group shown in the previous section to experience a sharp
decline in access to U.S. research, and (2) ethnically Chinese researchers based in
the U.S., who appear especially vulnerable to perceived hostility and institutional
barriers. For each, we estimate difference-in-differences models using matched
control groups to isolate the effect of geopolitical tensions on publication produc-

tivity. We describe the approach in detail below.

4.3.1 Productivity Impact on China-based Researchers

For assessing the impact of rising U.S.-China tensions on the productivity of China-
based researchers, we analyze both the extensive margin, which we define as sci-
entists stopping research altogether, as well as the intensive margin, which we
define as changes in the number of publications produced by scientists each year.
The data used for these exercises are the sub-sample of observations from the Re-
searcher Panel associated with research-active China-based scientists: researchers
who are China-based STEM scientists, who published five or more publications
between 2008 and 2012 and at least one publication between 2013 and 2019.2!
Based on our findings in the previous section, we define the treated group

5th

as “U.S.-reliant” researchers, defined as those who are above the 75™ percentile

within their field for the portion of their citations that go to papers from the U.S.

2IWe define “research active” scholars as those with at least one publication between 2008 and 2019.
To ensure sufficient publications to identify reliance, we restrict the sample to researchers with at
least 5 publications during 2008-2012.
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and are below the 25t

percentile for their field for their citation share to papers
from the UK. In turn, we define the control group as “U.K.-reliant” researchers,
defined as researchers above the 75t percentile in citation share within the field to
the U.K. and below the 25" percentile in citation share within the field to the U.S.
To isolate the effect of the rise in tensions and boost the precision of our es-
timates, we match researchers from the treated and control observations by em-
ploying the CEM procedure from Iacus, King and Porro (2012). Specifically, we
match researchers from the treated and control groups based on the following ob-
servables: number of publications produced between 2008 and 2012 (binned into
deciles), career age as of 2012 (in four bins),??> the number of actively publishing
years between 2008 and 2012, if the researcher is affiliated with a university, if the
researcher is located in a Tier 1 city,”* and if in a New Tier 1 city.”> In addition, we
included the level and the growth rates for the number of publications and impact-
factor-weighted publications between 2013 and 2015 as covariates in the match.
A comparison of the treatment and control groups across these covariates can be
found in Appendix Table A5. Ultimately, the sample on which we analyze the
productivity impact on matched China-based researchers contains 11,977 unique
individuals. Of those, 5983 are in the treated group (“U.S.-reliant” researchers)
and 5,994 unique individuals in the control group (“U.K.-reliant” researchers).
For the extensive margin, we estimate the following Cox Proportional Hazard

model:
h(t | Treat;) = ho(t) exp(B - Treat;) (6)

In Equation 6, h(t | Treat;) is the the hazard function of failure at time ¢, conditional
on the treatment status. The failure event is defined by the researcher stopping
publishing altogether. f(t) is the baseline hazard function, Treat; is a binary indi-

cator of treatment status. In the China-based researcher analysis, Treat; equals one

22Defined as the number of years since their first publication.

23The number of years between 2008 and 2012 that a person published at least one publication.

2 Tjer 1 cities include Beijing, Shanghai, Guangzhou, Shenzhen.

2New Tier 1 Cities include Chengdu, Chongging, Hangzhou, Wuhan, Nanjing, Tianjin, Suzhou,
Xi’an, Changsha, Shenyang, Qingdao, Zhengzhou, Dalian, Dongguan, Ningbo.
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if the China-based researcher is “U.S.-reliant", zero if the China-based researcher is
“U.K.-reliant”. B is the coefficient of interest that measures the hazard of stopping
publication associated with treatment status.

Columns (1) and (2) of Table 6 show the results. U.S.-reliant China-based re-
searchers faced an increased, but not statistically significant, hazard of stopping
publication altogether (B = 0.079, SE = 0.049). When the outcome is restricted to
publishing in U.S.-based journals (Column 2), the hazard rises to 12% (B = 0.115,
SE = 0.062), a statistically marginal effect indicating that U.S.-reliant researchers
were more likely to disengage from U.S.-based journals following the rise in ten-
sions. Appendix Figures A9(a) and A9(b) report the Kaplan-Meier Curves that
show survival step function curves for the treated and control groups.

For the intensive margin, we estimate the following difference-in-differences

specification predicting publication counts for active researchers:

Yj; = P1Treat; + BaPost;; + B3(Treat;;Postiy) + vXit + €; (7)

In Equation 7, i is a researcher and ¢ is the year. The outcome of interest is Y,
which is the number of publications researcher i published in year t in the baseline
specification. Post;; is defined as an indicator for 2016 or later. Treat;; refers to the
U.S.-reliant researchers. X;; contains individual fixed effects and year fixed effects.
Because the outcome of interest is a count variable, we estimate this specification
using a Poisson (PPML) model.

Columns (3)-(6) of Table 6 show the intensive margin results from difference-
in-differences models, where the dependent variable varies across each column.
Column (3) reports a small and statistically insignificant effect on overall publica-
tion counts (B = -0.024, SE = 0.016), suggesting that U.S.-China tensions had little
impact on the productivity of U.S.-reliant China-based researchers relative to their
U .K.-reliant counterparts.

While the overall effect on the treated group’s productivity is small and not
statistically significant, it is possible that China-based researchers changed where
they published their works. For example, these researchers may have found it

more challenging to publish in U.S.-based journals after 2016. To test this, Column
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(4) restricts the outcome to publications in U.S. journals,? yielding an even smaller
and again insignificant effect (8 = -0.003, SE = 0.027). Finally, we investigate the
impact on the quality of scientific production by weighting publications according
to the impact factors of the journals in which they appeared.?” Results are similarly
null when using impact-factor-weighted outcomes (Columns 5-6).

To document the dynamic effects and assess the pre-trends, we estimate the

following event-study specification with variables defined similarly to Equation 7:

2015 2019
Y; = BTreat;+ Y &A(t =k)Treat;+ Y wl(t =k)Treat; + vXir +€¢;  (8)
k=2013 k=2016

Figures 3(a) and (b) plot the coefficients from Equation 8. While the average
treatment effect is not statistically significant, the event study shows a slight de-
cline with noisy estimates, suggesting that the productivity impact among China-
based researchers could become more negative if the trend continues.

Ultimately, these results indicate that the rise in tensions—and specifically the
decline in access to U.S. research—did not, or at least had not yet by 2019, signifi-
cantly affected the productivity of U.S.-reliant China-based researchers.

4.3.2 Productivity Impact on U.S.-based Researchers

We next examine whether rising U.S.—China tensions affected the productivity of
ethnically Chinese STEM researchers in the U.S. As with the analysis of China-
based researchers, we focus on a sub-sample of the Researcher Panel: U.S.-based
STEM researchers with at least one publication between 2008 and 2019. For this
analysis, we define the treated group as ethnically Chinese researchers and the
control group as non-ethnically Chinese researchers.

Again, we match each treated researcher with a non-ethnically Chinese control

26The country of the journal is determined by the location of its publishing house.

Z’Given that we are analyzing recent years, we do not use forward citations to the publications
themselves for quality weighting as the forward citations of recent publications would be trun-
cated.
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Table 6: Main Treatment Effects on Productivity among
China-based Researchers

Extensive Margin Intensive Margin

(1) (V)] (3) 4 (a (6)
Pubs U.S. Pubs Pubs U.S. Pubs IF wted Pubs IF wted U.S. Pubs

US-Reliant=1 0.079 0.115

(0.049) (0.062)
US-Reliant=1 x Post-2016=1 -0.024 -0.003 -0.005 -0.005

(0.016) (0.027) (0.018) (0.032)

Indiv FE N N Y Y Y Y
Year FE N N Y Y Y Y
Model Cox Cox Poisson Poisson Poisson Poisson
CEM Y Y Y Y Y Y
Mean DV 2,018.594 2,018.200 3.298 1.120 6.891 2.667
Observations 9,566 9,566 54,276 48,408 54,276 48,408

Notes: Robust standard errors in parentheses and clustered at the person level. The dependent variable is in column header.

The analysis sample is China-based researcher panel. The analysis period is 2013-2019, where the post treatment period is
2016-2019. “U.S.-Reliant” refers to the China-based researchers whose fraction of pre-2013 raw citation share is above the
within-field 75t percentile to U.S. papers and below the 25t percentile to U.K. papers. The control group is China-based
researchers with above 75 percentile within field U.K. citation share and below 25t percentile within field U.S. citation
share. Column (1) and (2) report the estimated coefficients from a Cox proportional hazards model. The failure event in
this analysis is defined as stopping publication. The analytical sample is the matched CEM sample. Column (3)-(6) reports
the estimated coefficients from Poisson model. The regression is weighted by the CEM matching weight. Intensive margin
specifications also include the treatment indicator, the post dummy, year fixed effects, and individual fixed effects.

researcher using Coarsened Exact Matching based on characteristics measured be-
tween 2008 and 2012. These include research output (number and growth of pub-
lications and impact-factor-weighted publications), collaboration patterns (num-
ber of coathors, number of foreign coauthors, number of China-based coauthors),
career age, and institutional factors (university affiliation, ever having a foreign
address, ever receiving foreign funding).

Table A7 in the Appendix reports the summary statistics of the covariates to
show balance across matched treatment and control groups. In total, the sam-
ple on which we analyze the productivity impact on U.S.-based researchers con-
tains 1,913,212 observations, with 45,177 unique ethnically Chinese individuals
and 228,139 unique non-ethnically Chinese individuals.

Table 7 Columns (1)-(2) report extensive margin effects (Equation 6) using a
Cox hazard model. Column (1) shows a 10% (B = 0.095, SE = 0.011) increase in the
hazard of stopping publishing altogether for ethnically Chinese scientists in the
U.S., while Column (2) shows a 7% increase in the hazard of stopping publishing
in U.S.-based journals (8 = 0.072, SE = 0.011, equivalent to a hazard ratio of 1.0747).
Both estimates are statistically significant at the 1% level. Appendix Figures A9(c)
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Table 7: Main Treatment Effects on Productivity among U.S. based

Researchers
Extensive Margin Intensive Margin
@ 2 3 @ . (5{ 4 . (61 4
wte wte
Pubs U.S. Pubs Pubs U.S. Pubs Pubs U.S. Pubs
Ethnic CN=1 0.023 0.022
(0.006) (0.006)
Ethnic CN=1 x Post-2016=1 0.095 0.072 -0.082 -0.112 -0.087 -0.117
(0.011) (0.011) (0.009) (0.010) (0.011) (0.013)
Indiv FE N N Y Y Y Y
Year FE N N Y Y Y Y
Model Cox Cox Poisson Poisson Poisson Poisson
CEM Y Y Y Y Y Y
Mean DV 2,017.898 2,017.670 1.075 0.766 3.176 2.488
Observations 273,316 273,316 1,889,902 1,509,991 1,889,902 1,509,991

Notes: The dependent variable for each model is listed in each column header. The sample is the U.S.-based researcher
panel from 2013-2019. The treatment group (“Ethnic CN”) comprises researchers identified as ethnically Chinese by name;
the control group is non-ethnically Chinese researchers. Column (1) and (2) report the estimated coefficients from Cox
proportional hazards models, where the failure event is defined as stopping publication. The analytical sample is the
matched CEM sample. Columns (3)-(6) report the estimated coefficients from a Poisson model. The regressions are weighted
using CEM. Intensive margin specifications also include year fixed effects, and individual fixed effects. Robust standard
errors are in parentheses and clustered at the person level.

and A9(b) report the Kaplan-Meier Curves that show survival step function curves
for the treated and control groups.

A back-of-the-envelope calculation suggests that this decline corresponds to
1,858 additional ethnically Chinese researchers stopping publishing. To get this
estimate, we multiply the number of ethnically Chinese researchers who would
have dropped out in the absence of rising tensions by the 10% hazard.?®

Columns (3)-(6) of Table 7 show the results of estimating Equation 7 on the in-
tensive margin using the difference-in-differences approach. Across all four mea-
sures of productivity, shown in Columns (3)-(6), U.S.-China tensions had a sta-
tistically and economically significant negative effect on the productivity of U.S.-
based ethnically Chinese researchers. The estimated declines range from -0.082
(SE = 0.009) for overall publication count to -0.117 (SE = 0.013) for impact-factor-
weighted U.S.-based publications. These effects correspond to an 8.2% decrease
in overall productivity and an 8.7% decrease in the production of impact-factor-

weighted publications, relative to matched non-ethnically-Chinese counterparts.

28The number of ethnically Chinese who would have dropped out is calculated by N x r x p, where

: : : __ 1 _ _No. researchers in 2013 :
N is the sample size, the baseline dropout rate r = 1 — % f asearchers in 2019~ and percent Chinese
__ No.ethnically Chinese researchers in 2013
- No. researchers in 2013
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Figure 3: Event-Study Plots for Productivity Impacts

China-based Researchers

(a) DV: Pubs (b) DV: IF wt Pubs

U.S.-based Researchers

(c) DV: Pubs (d) DV: IF wt Pubs

Notes: This plot reports event-study coefficients from Poisson regressions. The dependent variable
is indicated in the subfigure titles. Panels (a) and (b) use the China-based researcher panel; the
treated group is U.S.-reliant researchers and the control group is U.K.-reliant researchers. Panels (c)
and (d) use the U.S.-based researcher panel; the treated group is the U.S.-based ethnically Chinese
researchers and the control group is the matched non-ethnically Chinese researchers. Regressions
include individual and year fixed effects. Standard errors are clustered at the individual level.

The corresponding event study graphs (Figures 3(c) and (d)) show a clear trend

break beginning in 2016, with declines in productivity persisting through 2019.%
We also perform a back-of-the-envelope calculation for estimating the decline

in the number of publications among active ethnically Chinese researchers. Specif-

ically, we multiply the estimated coefficient by each post-treatment year’s total

2Event study graphs for other outcomes of interest are available upon request.
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publications produced by ethnically Chinese researchers. Summing these prod-
ucts, an eight percent decrease in productivity equates to 92,197 publications that
could have been published by ethnically Chinese researchers after 2015.3

Both Table 7 and Figures 3(c) and (d) demonstrate that, following the rise in
U.S.-China tensions, both productivity and publication quality of ethnically Chi-
nese STEM researchers in the U.S. decreased relative to that of non-ethnically Chi-
nese STEM researchers.

These results underscore a striking asymmetry in the effect of U.S.-China ten-
sions on scientific productivity. Despite a documented decline in access to U.S.
research, China-based researchers who had previously relied heavily on U.S. sci-
ence show no significant drop in output (yet). In contrast, U.S.-based ethnically
Chinese researchers experienced meaningful declines in both publication volume

and quality.

4.4 Robustness Checks

Alternative Explanations. We test whether factors unrelated to U.S.-China tensions—
such as domestic improvements in China, crowd-out from other countries, or chang-
ing research quality—could explain our findings. For the mobility results, one
possibility is that students chose to remain in China due to better domestic oppor-
tunities or policies like the Thousand Talents Program. However, Appendix Figure
A3 shows no increase in the propensity to enroll in Chinese universities after 2016,
suggesting that they are not simply choosing to stay home. Another possibility is
increased competition from India, which could have displaced Chinese applicants
from U.S. doctoral programs due to fixed program sizes. Yet Figure A4(a) shows
no uptick in the share of Indian enrollment after 2016, suggesting that this kind
of crowd-out is unlikely to explain the observed relative decline in Chinese enroll-
ment. A third possibility is that retention trends among Chinese graduates simply
reflect a broader shift away from U.S. employers among all international students,
perhaps due to worsening labor market conditions or increased opportunities else-
where. But Figure A4(b) shows that post-graduation stay rates for Indian students

are stable or rising. This suggests the effect is specific to Chinese graduates rather

30Note that this back-of-the-envelope calculation implicitly that all papers are solo-authored. Thus,
this figure could be higher than the true impact.
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than a general pattern among international STEM degree recipients.

We also consider whether changes in Chinese research quality explain our
knowledge flows results. If Chinese science improved dramatically during this
period, Chinese researchers might simply cite less foreign work overall. However,
our design directly addresses this by comparing U.S. citation shares to those of the
U.K., which serves as a benchmark. But results are also unchanged when we in-
clude field-year fixed effects, separate field and year fixed effects, or field-specific
time trends (Appendix Table A14).

Sensitivity to Definitions and Sample Construction. We test robustness to alter-
nate measurement definitions and sample restrictions. First, in our mobility anal-
yses, we allowed up to ten years between a student’s prior degree and doctoral
study, and up to three years between U.S. degree completion and post-graduation
employment. To test whether these windows affect our results, we restrict to sam-
ples allowing only a one-year lag at most. The results are unchanged in magnitude
and significance (Appendix Table A11 Columns (1)-(2)).

Second, when analyzing the retention of ethnically Chinese U.S. graduates, we
included students earning degrees at any level. One might wonder if our results
are primarily driven by earners of bachelor’s and master’s degrees rather than
research-oriented doctorates. Appendix Table A12 repeats the main analysis using
only U.S. graduates from doctoral programs, finding similar declines in trainee
retention alongside increases in mobility to other anglophone countries.

A third concern might be that comparisons with students from countries that
rarely send doctoral students to the U.S. might distort our estimates. While our
baseline models include country fixed effects to address this, we further test ro-
bustness by restricting the sample to students from regions with strong U.S. STEM
enrollment—Asia, Africa, and Latin America. Table A1l (Column 3)) shows no
significant change in the estimated post-2016 enrollment decline for ethnically Chi-
nese students.

Next, in our knowledge flows analysis, we test sensitivity to our definition of
frontier research using thresholds of 3% and 5% rather than 1% and find similar
declines in U.S. citation shares (Appendix Table A13).
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Finally, in the productivity analysis of China-based researchers, we define U.S.-

reliant scientists as those with U.S. citation shares above the 75t

percentile (and
UK. shares below the 25™ percentile). We repeat the analysis using alternative
thresholds—50/50 and 90/10—and find similar results: no statistically significant
changes in productivity under any definition (Appendix Table A16). Likewise,
when we use recent citation shares instead of cumulative shares to define U.S.

reliance, results remain unchanged (Appendix Table A16).

Parallel Trends and Pre-Treatment Tests. A key identifying assumption behind
our difference-in-differences framework is that, in the absence of treatment, the
treated and control groups would have followed parallel trends. To assess the
plausibility of this assumption, we implement several diagnostic tests. First, we
estimate event study models for each outcome, plotting pre-treatment coefficients
to test for baseline trend similarity. Across analyses of mobility, knowledge flows,
and productivity, we find that pre-2016 coefficients are small and statistically in-
distinguishable from zero.

Second, we apply the “pretrends” test developed by Roth (2022) to assess the
statistical power of our design to detect violations of the parallel trends assump-
tion. This test does not test for the presence of pre-trends per se, but rather helps
evaluate how much power our design has to detect them, and how likely it is that
conditioning on passing a pre-trends test could induce spurious results. We report
this diagnostic in Appendix Figures A5, A7, and A10 Panels (a) and (d).

Third, we apply the “HonestDiD” sensitivity test developed by Rambachan
and Roth (2023), which evaluates how robust our estimates are to potential vio-
lations of the parallel trends assumption. Since the HonestDiD framework is de-
signed for sharp interventions, its application to our setting—where treatment un-
folds gradually—is imperfect. We therefore interpret these results cautiously and
primarily as a stress test rather than a formal validation (Appendix Figures A5, A7,
and A10 Panels (b) and (e)).

Finally, we conduct placebo tests to assess whether our findings could plausi-
bly arise by chance. In these tests, we randomly reassign treatment status across

observations—preserving sample size and covariate structure—and re-estimate

35



our main specifications 1000 times. This procedure generates a distribution of
placebo treatment effects under the null hypothesis of no true effect. In every case,
the treatment effect from our actual data lies in the far tail of this distribution, well

outside the range of estimates produced under random assignment (Appendix Fig-
ures A5, A7, and A10 Panels (c) and (f)).

4.5 Disentangling the Mechanism

Until this point, we have treated the 2016 onset of geopolitical tension as a bun-
dled "treatment" comprising a range of loosely correlated policy changes, political
rhetoric, and social sentiment. In this section, we unpack that bundle to explore
the underlying mechanism more directly. Given the especially pronounced effects
for ethnically Chinese individuals—both students making mobility decisions and
researchers already working in the U.S.—we ask: what explains these outcomes,
and why were they concentrated among this group?

While no single root mechanism can be pinpointed, we find evidence consis-
tent with a chilling effect shaped by fear, discomfort, and perceived hostility affect-
ing ethnically Chinese scientists and students regardless of nationality or direct ties
to China. This chilling effect appears to operate not through formal exclusion, but
through anticipatory self-selection and disengagement, shaping decisions about
where to study, where to work, and how (or whether) to continue participating in
scientific research. Importantly, this chilling effect may not reflect true anti-Chinese
sentiment but instead reflect the perception of anti-Chinese sentiment in the U.S. Be-

low, we outline five categories of evidence consistent with this interpretation:

Timing of Effects Relative to Onset of Formal Policies. The effects we observe
begin to emerge in 2016, before the rollout of most formal U.S. government actions
targeting Chinese scholars or institutions. The most prominent formal policies
aimed at Chinese nationals and institutions all begin in 2018: the China Initiative;
new F-1 visa restrictions for students in sensitive STEM fields, introduced by the
U.S. State Department; and the U.S.-China trade war. The fact that meaningful
changes in enrollment, retention, and knowledge flows predate these formal pol-

icy shifts suggests that these formal policies alone are unlikely to be the primary
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Table 8: Heterogeneous Effects by Direct Ties to China

Enrolls in U.S. Number of Pubs
(2) 3) 4 (5)
Treatment = Treatment = Treatment = Treatment = Treatment =
Ethnically CN Ethnically CN Ethnically CN Ethnically CN Ethnically CN

With CN Tie Without CN Tie With CN Tie Without CN Tie  Non-CN First Name

Treatment 0.0386 0.0261
(0.00684) (0.00517)

Treatment x -0.0393 -0.0226 -0.0815 -0.0865 -0.0553
Post-2016 (0.00958) (0.00904) (0.00906) (0.0183) (0.0113)
Unit of Analysis  Doctoral Student  Doctoral Student  Researcher-Year  Researcher-Year Researcher-Year
Fixed Effects Y Y Y Y Y
Model OLS OLS Poisson Poisson Poisson
Mean DV 0.233 0.236 1.083 1.079 1.084
Observations 123877 113336 1828988 1636859 1722322

Notes: Robust standard errors are in parentheses. For doctoral students in Columns (1) and (2), “CN Tie” is defined as
having listed any education in China prior to the terminal degree. The control group is non-ethnically Chinese doctoral
students, and standard errors are clustered at the field-year level. For researchers in Columns (3)-(5), "CN tie" is defined
as meeting any of four criteria: having any Chinese coauthor, having any Chinese grant, citing China-produced science, or
having a prior Chinese address. The control group is non-ethnically Chinese scholars matched using CEM. Standard errors
are clustered at the person level.

driver of the observed changes among ethnically Chinese students and scholars.
Instead, the data are consistent with a mechanism in which rhetoric, public senti-
ment, and perceived risk generated behavioral responses in advance of any con-

crete government action.

Effects Extend Beyond Those Directly Targeted. ~We find that the effects are not
confined to individuals explicitly targeted by U.S. policy. First, as shown in Columns
(1) and (2) of Table 8, the decline in U.S. doctoral enrollment is evident not only
among ethnically Chinese students educated in China but also among ethnically
Chinese students in other countries with no direct institutional ties to China. Sec-
ond, mobility declines are steepest among students with strong outside options—
specifically, those from top-ranked undergraduate institutions—as previously shown
in Column (5) of Table 2. If formal restrictions were the main driver, we would
expect a more uniform drop in the enrollment of nationally Chinese students. In-
stead, the disproportionate decline among top-tier students suggests that those
with strong outside options may have self-selected away from the U.S. in response
to perceived reputational or professional risk.

Third, as shown in Columns (3)-(4) of Table 8, we observe declines in pro-
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ductivity among U.S.-based ethnically Chinese scientists regardless of whether
those individuals have had coauthors in mainland China, received Chinese gov-
ernment funding, cited China-produced research in their work, or previously held
a mainland China address. This uniform decline across both affiliated and un-
affiliated researchers points to a broader chilling effect in which ethnically Chi-
nese scientists—irrespective of their direct connections to mainland China—may
perceive themselves as vulnerable, leading to reduced productivity even in the
absence of formal targeting. Notably, we also observe similar declines among re-
searchers who are likely to be second-generation Chinese—those with ethnically
Chinese last names but non-Chinese first names®! in Column 5—suggesting that
the chilling effect extends to individuals who may never have had direct ties to
China.??

While our primary interpretation emphasizes perceived hostility, the decline
in productivity among ethnically Chinese researchers in the U.S. may also reflect a
compounding mechanism related to reduced access to Chinese graduate students.
As shown earlier, Chinese trainees are increasingly opting for non-U.S. destina-
tions. Given the central role that graduate students play in academic research—
particularly in lab-based STEM fields—this shift may disproportionately affect fac-
ulty who have historically relied on Chinese students in their research teams. Im-
portantly, prior work shows that ethnic ties and shared backgrounds play a mean-
ingful role in advisor-student matching and academic science (e.g., Freeman and
Huang, 2015; Gaule and Piacentini, 2018; Fry and Glennon, 2025), suggesting that
ethnically Chinese faculty may be more affected by the declining pipeline of Chi-
nese graduate students than their non-Chinese peers. As such, the chilling effect
on productivity may be amplified not only by perceived hostility but also by the

erosion of a key source of research support.

Heterogeneous Effects by Political Climate. We find that the chilling effect varies

meaningfully with local political context. In particular, the effects are significantly

31For details on how we classified these researchers and for sensitivity tests to that classification,
see Appendix E.

32These patterns hold when using impact-factor-weighted publication counts; results are available
upon request.
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larger in Republican-leaning (red) states, which are also perceived to have more
anti-Chinese sentiment and restrictive policies targeting Chinese nationals.>> As
shown in Columns (1) and (2) of Table 9, the decline in doctoral enrollment among
ethnically Chinese students is much more pronounced in these states than in Democrat-
leaning (blue) states.

Importantly, we also observe evidence of a decline in interest before enrollment
decisions are made. Using department-level Ph.D. application data from one red-
state university and one blue-state university, Columns (3) and (4) of Table 9 show
no relative decline in Chinese applications at the blue-state university but a sharp
relative drop at the red-state university after 2016.3* This provides more evidence
of a chilling effect: the decline occurs at the application stage, before admission
decisions or visa processes could plausibly intervene.

Together, these findings suggest that local political climate—shaped by rhetoric
and policy—meaningfully influences student behavior, amplifying the chilling ef-
fect in certain states. They also underscore that the observed declines appear not
to be driven by changes in acceptance or visa policy, but rather by a shift in where

students choose to apply in the first place.

No Change in Visa Denials. The effects we observe are also unlikely to be driven
by changes in visa policy, in the form of either formal changes in visa policy or
changes in the rejection rate. Importantly, any changes would need to be both
China-specific (or our control group would experience the same effect) and take
effect around 2016. There were visa restrictions announced for Chinese students
in 2018, but that was two years after we begin to see changes in U.S. doctoral en-
rollment. While formal policy changes came later, one might still wonder whether
visa denials quietly increased during this period. However, Figure 4 of Bier (2024),

based on data from Chen, Howell and Smith (2023), shows no evidence of a discon-

33For example, a 2023 Florida law halted recruitment of Chinese students and sparked widespread
concern. See: Qin and Mazzei (2023). https://www.nytimes.com/2023/12/15/us/florida-law-
chills-chinese-student-recruitment.html

34We requested doctoral application data from U.S. universities, using sunshine laws for public in-
stitutions and direct outreach for private ones. Only two universities provided department-level
application data by nationality for the time period of interest. We restricted analysis to STEM
doctoral programs in arts and science, engineering schools, and related divisions, excluding pro-
fessional schools. This analysis was reviewed by the Boston University IRB (Protocol #7974X).
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Table 9: Heterogeneous Effects by Political Climate

Enrolls in U.S. In(# of Applications)
O @ G @)
Blue State Univ. Red State Univ. Blue State Univ. Red State Univ.

Treatment = Ethnically CN 0.0141 0.0103

(0.00487) (0.00476)
Treatment = Nationally CN 0.164 0.167

(0.177) (0.112)

Treatment x Post-2016 0.00494 -0.0348 0.305 -0.381

(0.00597) (0.00566) (0.249) (0.156)
Unit of Analysis Doctoral Student  Doctoral Student ~ Degree Program-Year ~ Degree Program-Year
Fixed Effects Y Y Y Y
Model OLS OLS OLS OLS
Mean DV 0.124 0.138 3.181 2.659
Observations 92069 92069 377 709

Notes: Columns (1) and (2) present difference-in-differences estimates of the impact of Chi-
nese ethnicity on the probability of enrolling in a U.S. university post-2016, split by its state’s
political leanings. Fixed effects are included for the doctoral cohort, field, prior country, and
prior university ranking. In Columns (3) and (4), we regress the log-transformed number of
applications to STEM doctoral programs at two universities on the treatment—the applicant being
a Chinese national—the interaction term, as well as fixed effects for both year and degree program.

tinuity in F-1 visa rejection rates for Chinese students relative to other international
students in 2016.

Perceptions: Survey Evidence and Behavioral Signatures of Fear. Finally, we
draw on contemporaneous survey evidence, which reveal a high and dispropor-
tionate level of fear and uncertainty among Chinese and Chinese-American scien-
tists working in the U.S. In one 2021 survey, 50.7% of Chinese scientists reported
considerable fear of U.S. government surveillance, compared to just 11.7% of non-
Chinese scientists (Lee and Li, 2021). Another survey found that 72% of U.S.-based
scientists of Chinese descent “do not feel safe as academic researchers,” 42% are
“fearful of conducting research,” and 61% have considered leaving the United
States (Xie et al., 2023). These perceptions appear widespread even among those
not directly affected by formal investigations, pointing to a generalized chilling
effect that extends beyond policy enforcement.

This perception of being at risk also manifests in more subtle behavioral adap-
tations. For example, while we documented earlier that U.S.-based research teams

on average show no significant change in their citations to Chinese research after

40



2016, we find in Table A15 that U.S.-based teams with ethnically Chinese coauthors
are significantly less likely to cite Chinese work. This drop is difficult to explain
in terms of scientific relevance or access and is instead consistent with a reputa-
tional or anticipatory avoidance mechanism, where individuals modify their cita-
tion practices to avoid signaling ties to China. Taken together, the survey evidence
and this behavioral response offer both direct and indirect indications of a chilling

effect driven by identity and perception rather than policy alone.

5 Discussion and Conclusion

Our results reveal that U.S.-China tensions, by the end of 2019, had already signif-
icantly disrupted international science, reducing cross-border talent and knowl-
edge flows, and diminishing the productivity of ethnically Chinese scientists in
the U.S. Specifically, ethnically Chinese graduate students became both less likely
(15%) to attend a U.S.-based doctoral program and, if they did attend a U.S.-
based program, were less likely (4%) to stay in the U.S. after graduation. China-
based researchers cite U.S. science less frequently—particularly recent, frontier
work—while U.S. scientists continue citing China-produced research at similar
rates. Productivity impacts were asymmetric: U.S.-based ethnically Chinese re-
searchers were 8-11% less productive and 10% more likely to stop publishing,
while China-based researchers reliant on U.S. science did not see comparable de-
clines.

These patterns suggest a "chilling effect" driven by perceived hostility and rep-
utational risks, rather than formal policy alone. We find supporting evidence
across five dimensions: (1) effects appear before most formal policies took ef-
fect, (2) they extend to ethnically Chinese researchers and students with no ties to
China, (3) vary by local political climate, including early declines in applications
to U.S. graduate programs in more conservative states, (4) cannot be explained
by visa denials, and (5) align with survey data showing widespread fear among
Chinese scientists in the U.S.

Our findings contribute to the literature on how conflict and nationalism affect
science, offering new evidence that even relatively low-level geopolitical friction

can meaningfully disrupt international science. These effects are likely a lower
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bound: the loss of top STEM talent may play out beyond our study window. In
addition, tensions have only intensified since 2019, initially fueled by anti-Asian
sentiment during the COVID-19 pandemic and now deepened by renewed nation-
alist policies under the second Trump administration and continued decoupling
efforts by China. For instance, the Trump administration recently introduced tar-
geted restrictions on Chinese nationals in STEM fields, including the revocation of
F-1 visas for certain applicants and increased scrutiny of research visas connected
to Chinese institutions. On the Chinese side, policies such as the “Delete America”
directive continue to push for technological self-reliance and the removal of U.S.
technology from Chinese systems.

These findings also carry clear policy implications. By documenting asymmet-
ric declines in talent and knowledge flows, we provide early empirical evidence
of scientific decoupling. Even in the absence of formal exclusion, we observe sub-
stantial behavioral shifts among ethnically Chinese researchers and trainees. More
explicit barriers—such as the recent revocation of F-1 visas for some international
students—are likely to intensify these effects. Policies aimed at safeguarding na-
tional research and innovation may inadvertently drive away talent, reduce access
to frontier ideas, and weaken scientific productivity. Countries that maintain neu-
trality may benefit from redirected flows; indeed, Anglophone countries appear
to be attracting ethnically Chinese trainees who might once have gone to the U.S.,
potentially shifting the geography of innovation.

Important questions remain. We do not fully quantify how these changes have
affected the quality composition of talent in the U.S., or precisely trace how mo-
bility shifts impact knowledge flows and productivity. Future work should exam-
ine these linkages and assess the broader welfare implications. While this paper
highlights several adverse consequences for science, those costs must ultimately
be balanced against national security concerns, particularly in domains where col-
laboration may pose real risks. More granular field classifications could help poli-

cymakers balance openness and security.
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Supplemental Appendix

A Data Construction

In this section, we provide additional details on the construction of the datasets
used for analysis. Figure A1l provides an overview of these constructed datasets,

and Table A2 describes how each is leveraged in our empirical analyses.

Table A1l: Summary of Data Sources & Sample Construction

Notes: This figure summarizes the data sources and constructed data sets used across all analyses.
Data sets for analyses of trainee mobility (enrollment and retention) derive from ORCID. Data sets
for analyses of knowledge flows and researcher productivity derive from Dimensions from Digital
Science.
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Table A2: Applied Differences-in-Differences Across Analyses

Sample Main DV Treated Control
China Doctoral Students Enrolls in U.S. Ethl.ucally Non—Efchmcally
Student Chinese Chinese
Mobilit i - i
Y u.s. U.S. Graduates Job in U.S. Ethlpcally Non Efchmcally
Chinese Chinese
China | Publication-Citation Size Citing U.S. Citing UK.
Shares
Knowledge Citation Sh
Flows LS US-UK. aon Share fo Us. UK
e Publications Publication Publication
Research
. China-Based - Predominantly Predominantly
Researcher China Researchers # of publications Citing U.S. Citing U.K.
Productivity U.S.-Based # of publications Ethnically Non-Ethnically
Researchers P Chinese Chinese

Notes: This table describes the basic components of each differences-in-differences analysis con-
ducted in Section 4. in each analysis. The treatment period begins in 2016. More detailed consider-
ations (e.g., fixed effects) are described alongside each analysis.

A.1 Enrollment and Retention Dataset

We use ORCID data to analyze enrollment in U.S. doctoral programs and post-
graduation job placement, as described in Section 3.1 of the main text. We sum-
marize key steps and note additional construction details not included in the main
body. Detailed summary statistics on both samples are provided in Table A3(a)
and Table A3(b).

From the 2022 ORCID release, we parse educational and employment histories
from publicly available CVs. We restrict to individuals with complete educational
records (n = 1.8M)—i.e., if each of their education spells includes both start and end
dates—and who are in STEM fields (n = 836,495). Degrees are classified based on
keywords in the degree title (e.g., a doctoral degree would contain "Ph.D.," "PhD,"

"Doctoral", etc.).

Doctoral Student Dataset. We identify individuals whose unique terminal de-

gree® is a doctorate and who have at least one prior degree listed. We infer nation-

%Based on which began last for a given individual.
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Table A3: Summary Statistics for Mobility Analysis Datasets

Mean SD p25 p50 p75 Count
Ph.D. first year 2,012.79 2.88 2,010 2,013 2,015 129,223
Ph.D. last year 2,017.22 2.89 2,015 2,017 2,019 129,223
Treatment = ethnically Chinese 0.16 0.37 0 0 0 129,223
Origins
Prior degree in U.S. 0.18 0.38 0 0 0 129,223
Prior degree in China 0.11 0.32 0 0 0 129,223
Prior degree in India 0.10 0.30 0 0 0 129,223
Prior degree in U.K. 0.07 0.26 0 0 0 129,223
Destinations
Enrolls in U.S. university 0.24 0.43 0 0 0 129,223
Enrolls in U.K. university 0.09 0.29 0 0 0 129,223
Enrolls in Chinese university 0.07 0.25 0 0 0 129,223
Enrolls in Indian university 0.08 0.27 0 0 0 129,223
Enrolls in non-U.S. anglo. university 0.17 0.37 0 0 0 129,223
Research fields
Science & Engineering program 0.79 0.41 1 1 1 129,223
Medicine/Health program 0.21 0.41 0 0 0 129,223
(a) Doctoral Students Dataset (Enrollment)

Mean SD p25 p50 p75 Count
Job first year 2,014.92 3.16 2,013 2,016 2,018 50,890
Graduation year 2,014.46 3.30 2,012 2,015 2,017 50,890
Ethnically CN 0.18 0.38 0 0 0 50,890
Terminal degree is Ph.D. 0.71 0.45 0 1 1 50,890
Lag from degree to job 0.46 0.80 0 0 1 50,890
Destinations
Jobin U.S. 0.85 0.35 1 1 1 50,890
Jobin U.K. 0.01 0.10 0 0 0 50,890
Job in China 0.02 0.13 0 0 0 50,890
Job in non-U.S. anglo. country 0.03 0.16 0 0 0 50,890
Research fields
Science & Engineering program 0.77 0.42 1 1 1 50,890
Medicine/Health program 0.23 0.42 0 0 0 50,890

(b) U.S. Graduates Dataset (Retention)

Notes: Panels (a) and (b) describe basic summary statistics for observations in the Doctoral Students
and U.S. Graduates data sets, respectively. In Panel (a), the unit of observation is a doctoral student
originating from anywhere in the world. In Panel (b), the unit of observation is a U.S. graduate
seen to subsequently take a job anywhere in the world.

ality from the location of this prior degree. Enrollment location (U.S., U.K., China,
etc.) is also derived from the terminal degree institution. To proxy for univer-
sity quality, we match the prior (i.e., the pre-doctoral degree) institutions to 2023

research rankings from SCIMago.

U.S. Graduates Dataset. We identify individuals whose unique terminal degree
is from a U.S. institution and who lists a job within three years of graduation. Loca-
tion of post-graduate employment is based on the job entry immediately following
the U.S. degree.
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A.2 Knowledge Flows Dataset

We use bibliometric data provided by Dimensions from Digital Science to construct
citation-based measures of cross-border knowledge flows, as outlined in Section
3.2 of the main text. Dimensions is a comprehensive bibliometric database that that
includes metadata and citation links for over 140 million publications across fields
and countries (Thelwall, 2018; Singh et al., 2021).36 Its extensive coverage and
algorithmic author disambiguation make it well suited to longitudinal analyses of
researcher behavior.?”

Publication references serve as a large-scale and observable proxy for scientific
knowledge flows in the form of trace data (Iaria, Schwarz and Waldinger, 2018).
As such, we derive datasets from Dimensions describing the citation behavior of
publications written by Chinese, U.S., and U.K. research teams between 2011 and
2019, proceeding in two steps: (1) identifying publications by research teams in
each nation and (2) quantifying the degree to which each cites papers from foreign
countries.

First, for each publication in Dimensions, we create flags for whether all of the
authors with address data list their first affiliation address as being in China, the
U.S., or the U.K. We refer to these publications as being written by China-based,
U.S., or UK. research teams respectively. We discard publications where authors
list addresses from more than one of these three countries (e.g., publications where
all authors claim a Chinese address but one author also claims a U.S. address).
Further, we discard publications that are not categorized as belonging to a STEM
field.

We then employ four measures of how publications build on research pro-
duced in the U.S., the UK., or China. Given a focal (citing) publication, we iden-
tify the (cited) papers on its reference list. For each cited paper, we assign an ori-
gin country based on the first affiliation address of its corresponding author. If

the cited paper has no corresponding author, but involves researchers exclusively

3More information about the Dimensions database can be found in Hook, Porter and Herzog
(2018) and Herzog, Hook and Konkiel (2020).

3”Most publications in Dimensions are in English, which should be considered when interpreting
patterns of international knowledge flows. See https://www.digital-science.com/tldr/article/
in-the-spotlight-english-as-the-lingua-franca-in-science/ for more details.

49


https://www.digital-science.com/tldr/article/in-the-spotlight-english-as-the-lingua-franca-in-science/
https://www.digital-science.com/tldr/article/in-the-spotlight-english-as-the-lingua-franca-in-science/

Table A4: Summary Statistics for Knowledge Flows Datasets

Mean SD p25 p50 P75 Count

Treated = citing U.S. 0.50 0.50 0 5 1 4,237,614
Share of raw references 0.13 0.15 0 .0667 2 4,237,614
Share of recent references 0.09 0.15 0 0 125 4,042,500
Share of frontier references (1%) 0.19 0.28 0 0 .333 3,332,908
Share of recent frontier references (1%) 0.16 0.29 0 0 25 2,303,014
Citing paper attributes

Publication year 2,015.69 2.56 2,014 2,016 2,018 4,237,614
Number of fields 1.24 0.46 1 1 1 4,237,614
Field: biology 0.11 0.31 0 0 0 4,237,614
Field: biomedical 0.21 0.41 0 0 0 4,237,614
Field: chemistry 0.20 0.40 0 0 0 4,237,614
Field: engineering 0.38 0.48 0 0 1 4,237,614
Field: health 0.02 0.15 0 0 0 4,237,614
Field: physics 0.07 0.26 0 0 0 4,237,614
Science & Engineering program 0.81 0.40 1 1 1 4,237,614
Medicine/Health program 0.22 0.42 0 0 0 4,237,614

(a) Summary Statistics for Publication-Citation Shares Dataset
Mean SD p25 p50 p75 Count

Publication year 2,015.05 2.59 2,013 2,015 2,017 2,833,730
Number of fields 1.25 0.48 1 1 1 2,833,730
U.S. publication 0.83 0.38 1 1 1 2,833,730
Cite share to CN 0.02 0.04 0 0 .0137 2,833,730
Recent cite share to CN 0.03 0.07 0 0 0 2,756,324
Frontier cite share to CN (1%) 0.01 0.06 0 0 0 2,349,159
Recent frontier cite share to CN (1%) 0.02 0.09 0 0 0 1,826,557
Share of references citing U.S. 0.47 0.22 .325 48 622 2,833,730
Share of references citing U.K. 0.08 0.14 0 .0408 .103 2,833,730
Research fields

Field: biology 0.14 0.35 0 0 0 2,833,730
Field: biomedical 0.48 0.50 0 0 1 2,833,730
Field: chemistry 0.08 0.27 0 0 0 2,833,730
Field: engineering 0.13 0.34 0 0 0 2,833,730
Field: health 0.15 0.35 0 0 0 2,833,730
Field: physics 0.06 0.24 0 0 0 2,833,730
Science & Engineering program 0.48 0.50 0 0 1 2,833,730
Medicine/Health program 0.57 0.50 0 1 1 2,833,730

(b) Summary Statistics for U.S.-U.K. Publications Dataset

Notes: Panels (a) and (b) describe basic summary statistics for observations in the Publication-
Citation Shares and U.S.-U.K. Publications data sets, respectively. In Panel (a), the unit of observa-
tion is a publication-citation share to either U.S.- or U.K.-produced papers. In Panel (b), the unit of
observation is a publication authored by a U.S. or U.K. research team.

from one country, we assign that country. Otherwise, we leave the cited paper’s
origin country blank. Then, for each citing paper, we use the assigned locations
of its references to construct four measures of usage per country. First, we cal-
culate the “raw” usage of a given country’s research by dividing the number of
cited papers assigned to that country by the total number of cited papers. Second,
we calculate the “recent” usage of a country’s research by dividing the number of

cited papers assigned to that country and published within five years of the cit-
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ing publication by the total number of similarly recent cited papers. Third, we
calculate the “frontier” usage of a country’s research by dividing the number of
cited papers assigned to that country and landing in the top 1%, 3%, or 5% of their
tield’s citation distribution (using Dimensions’ field citation ratio measure) by the
total number of cited papers at similar frontiers. Finally, we calculate the “recent
frontier” usage of a country’s research by dividing the number of cited papers as-
signed to that country and satisfying both of these restrictions by the total number
of cited papers satisfying these restrictions.

In Table A4(a), we provide summary statistics on the dataset used for an-
alyzing the changing usage of U.S.-produced research by China-based research
teams (the Publication-Citation Shares Dataset). An observation in this dataset is a
publication-citation share, where the citation share represents either references to
U.S.-produced papers or references to U.K.-produced papers. These citation shares
come from the publications of China-based research teams.

In Table A4(b), we provide summary statistics on the dataset used for analyz-
ing the changing usage of China-produced research by U.S. research teams (the
U.S.-U.K. Publications Dataset). An observation in this dataset is a publication writ-
tenby a U.S. or U.K. research team, and the outcome of interest is the share of their

references citing China-produced papers.

A.3 Productivity Dataset

We use the Dimensions database to construct a strongly balanced panel of STEM
researchers between 2008 and 201938 (the Researcher Panel) and measure changes
in publication productivity before and after the rise in U.S.-China tensions. As
mentioned above, Dimensions provides comprehensive publication metadata and
author disambiguation, which supports author-level tracking over time and across
institutions. We require that researchers have at least one publication during our
sample period: between 2013 and 2019 to be included in the panel.

We identify China-based and U.S.-based researchers based on their modal af-

filiation country between 2008 and 2012 and assign them to academic fields us-

3We choose 2019 as the end year to avoid shocks to scientific productivity associated with COVID-
19.

51



ing the modal field of their publications. We restrict to researchers operating in
STEM fields. For each researcher-year observation, we include the number of pub-
lications, the number of U.S.-based publications, and the impact-factor-weighted

versions of both.

China-based Researcher Panel. ~We further filter the Researcher Panel to a sub-
sample of China-based researchers who published five or more publications be-
tween 2008 and 2012 (our pre-analysis period), to ensure a sufficient number of
observations to identify treatment status. For each China-based researcher, we cal-
culated the share of references on their 2008-2012 publications that cite the U.S.,
U.K., and China, locating cited papers using the same approach as in Section A.2.
We define the treatment group as China-based researchers whose pre-2013 refer-
ences heavily relied U.S. papers (above the 75th percentile within their field for
the U.S. and below the 25th for the U.K.) and the control group as those whose
references predominantly cited U.K. papers (above the 75th percentile for the U.K.
and below the 25th for the U.S.). To increase comparability, we match treated and
control researchers using the coarsened exact matching (CEM) described in Iacus,
King and Porro (2012).

The matching covariates include: the number of publications between 2008
2012 (binned into deciles); proxied career age as of 2012 (in four bins); the number
of active publishing years from 2008-2012; whether the researcher has a univer-
sity affiliation; whether the researcher is located in a Tier 1 City, or a New Tier 1
City; and both the level and growth rates of total and impact-factor-weighted pub-
lications from 2008-2012. The CEM algorithm matched 11,975 individuals, out of
which 5,982 who heavily relied on scientific papers from the U.S. and 5,993 who
heavily relied on papers from the U.K. We use matching weights generated by
the CEM algorithm in the associated regression analyses. Balance statistics are re-
ported in Tables A5 and A6.

U.S.-based Researcher Panel. We filter the Researcher Panel to U.S.-based re-
searchers. We define ethnically Chinese researchers® as the treatment group and

match these researchers to non-ethnically Chinese researchers the same field using

3See Section A .4 for ethnicity imputation details.
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Table A5: China-based Researcher Panel Descriptive

Statistics: CEM Matching Variables

(12 @] (€) @)
All Matched ~— Matched-Untreated  Matched-Treated
Num Pubs in 2008-2012 13.20 8.081 8.135 8.027
(10.31) (4.124) (4.147) (4.101)
Career Age 7.282 5.895 5.953 5.837
(4.401) (3.449) (3.533) (3.363)
Num Active Years in 2008-2012 3.807 3.429 3.429 3.430
(1.077) (1.012) (1.013) (1.011)
1[University] 0.655 0.657 0.657 0.657
(0.475) (0.475) (0.475) (0.475)
1[Tier 1 Cities] 0.351 0.348 0.326 0.370
(0.477) (0.476) (0.469) (0.483)
1[New Tier 1 Cities] 0.344 0.351 0.351 0.352
(0.475) (0.477) (0.477) (0.478)
Growth Rate of Num Pubs 2008-2012  -0.00771  -0.00910 -0.00838 -0.00982
(0.113) (0.107) (0.108) (0.105)
Num Pubs 4.001 1.959 1.933 1.986
(5.222) (1.689) (1.692) (1.686)
Growth Rate of TF-wt Pubs 2008-2012  -0.00520  -0.00789 -0.00675 -0.00904
(0.149) (0.143) (0.142) (0.144)
Num Impact Factor Weighted Pubs 8.714 3.801 3.603 3.999
(13.27) (3.637) (3.499) (3.761)
Observations 136,736 11,977 5,994 5,983

Notes: Standard deviation in parentheses.

Table A6: China-based Researcher Panel Descriptive

Statistics: Outcome Variables

(M

@) 3) @)
Matched Matched-Untreated  Matched-Treated

All
Num Pubs 4.00T 1.959 1.933 1.986
(5.222) (1.689) (1.692) (1.686)
Num Pubs in US-based journals 1.180 0.599 0.513 0.686
(1.879) (0.793) (0.718) (0.854)
Num Impact Factor Weighted Pubs 8.714 3.801 3.603 3.999
(13.27) (3.637) (3.499) (3.761)
Impact Factor Weighted US-based Pubs 3.001 1.328 1.057 1.599
(5.951) (1.969) (1.622) (2.230)
Observations 136,736 11,977 5,994 5,983

Notes: Standard deviation in parentheses.

CEM on a rich set of pre-2016 characteristics.

The matching variables include: total publications 2008-2012; proxied career

age as of 2012; the number of active publishing years 2008-2012; whether the

researcher has a university affiliation; fraction of the coauthors that are foreign;

number of distinct foreign coauthors; whether the researcher has a Chinese coau-
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Table A7: U.S.-based Researcher Panel Descriptive Statistics :

CEM Matching Variables
) @ © @)
All Matched  Matched-Untreated ~ Matched-Treated
Num Pubs in 2008-2012 8.968 3.669 3.526 4394
(15.90) (4.801) (4.639) (5.490)
Career Age 10.29 4.481 4.366 5.062
(9.795) (4.359) (4.228) (4.930)
Num Active Years in 2008-2012 2.823 1.972 1.925 2.209
(1.503) (1.191) (1.162) (1.300)
1[University] 0.440 0.422 0.414 0.463
(0.496) (0.494) (0.493) (0.499)
Fraction of Foreign Coauthors 0.127 0.0258 0.0212 0.0486
(0.210) (0.101) (0.0919) (0.135)
Num of Distinct Foreign Coauthors 4.103 0.409 0.323 0.844
(11.96) (1.827) (1.574) (2.732)
[lem] 1[Have Foreign Address] 0.261 0.0385 0.0306 0.0756
(0.439) (0.193) (0.172) (0.264)
Fraction of Foreign Coauthors 0.127 0.0258 0.0212 0.0486
(0.210) (0.101) (0.0919) (0.135)
1[Have Foreign Funding] 0.286 0.0601 0.0475 0.123
(0.452) (0.238) (0.213) (0.329)
1[Have Coauthors with Foreign Funding] 0.810 0.738 0.720 0.830
(0.393) (0.440) (0.449) (0.376)
Growth Rate of Num Pubs 2008-2012 -0.0347  -0.0568 -0.0536 -0.0728
(0.349) (0.288) (0.284) (0.307)
Num Pubs 2.108 0.929 0.898 1.087
(3.721) (1.358) (1.337) (1.451)
Growth Rate of IF-wt Pubs 2008-2012 -0.0585  -0.0946 -0.0889 -0.123
(0.561) (0.473) (0.464) (0.519)
Num Impact Factor Weighted Pubs 6.563 2.579 2.444 3.259
(15.39) (4.530) (4.381) (5.166)
Growth Rate of Num CN Collab 2008-2012  0.00710  0.000178 0.000101 0.000569
(0.162)  (0.0254) (0.0198) (0.0439)
Num Chinese Collaborator 0.228 0.0183 0.00675 0.0764
(1.808) (0.256) (0.126) (0.558)
Growth Rate of Num Collab 2008-2012 -0.0581 -0.113 -0.107 -0.142
(0.683) (0.622) (0.614) (0.661)
Num Collaborator 9.360 4115 3.924 5.075
(17.56) (5.997) (5.783) (6.901)
Observations 749,589 273,316 228,139 45,177

Notes: Standard deviation in parentheses.

thor; whether the researcher listed any foreign address; whether the researcher
listed any foreign funding; and whether the researcher has coauthors with foreign
funding. We also match on the level and growth rates (2008-2012) of publica-
tions; impact-factor-weighted publications; number of collaborators; and number

of Chinese collaborators. The algorithm matched 231,296 individuals, out of which
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Table A8: U.S.-based Researcher Panel Descriptive Statistics:
Outcome Variables

] @ (€] @)
All Matched ~ Matched-Untreated ~ Matched-Treated
Num Pubs 2.108 0.929 0.898 1.087
(3.721) (1.358) (1.337) (1.451)
Num Pubs in US-based journals 1.197 0.564 0.546 0.655
(2.394) (0.940) (0.928) (0.990)
Num Impact Factor Weighted Pubs 6.563 2.579 2.444 3.259
(15.39) (4.530) (4.381) (5.166)
Impact Factor Weighted US-based Pubs 4.133 1.702 1.619 2.123
(11.43) (3.445) (3.348) (3.873)
Observations 749,589 273,316 228,139 45,177

Notes: Standard deviation in parentheses.

129,032 individuals are non-ethnically Chinese and 29,587 individuals are ethni-
cally Chinese. The generated CEM weights are applied in the regression analysis.

Balance statistics are reported in Tables A7 and AS8.

A.4 Ethnicity & Field Imputation

This paper uses measures of ethnicity and scientific field distilled from self-reported
names and departments, respectively. To impute ethnicity, we employ the Python
package ethnicseer using individuals’ full names.’

To infer scientific fields for ORCID researchers, we leverage academic depart-
ment data self-reported on education spells. We use the FoR (Field of Research)
framework from ANZSRC (Australian and New Zealand Standard Research Clas-
sification) to map unstructured department data onto 22 distinct research fields.
When a researcher’s listed department contains multiple relevant substrings, we

rely on the last one to infer field.
B Empirical Context and Research Design Checks
This section provides additional context and validation for our research design.

Geopolitical Context and Policy Timing The China Initiative was formally launched

in 2018, but investigations targeting Chinese scientists had already begun years

40We use ethnicseer because it can classify ethnicity with the granularity our analysis requires (e.g.,
Chinese ethnicity instead of Asian). Reassuringly, Torvik and Agarwal (2016) find that ethnicseer
agrees with Ethnea 94% of the time for ethnically Chinese names.
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Figure A1: China Initiative Cases Collected by MIT Technology
Review’s China Initiative Database

Notes: This figure graphs the number of distinct cases listed in the MIT Technology Review’s China

Initiative database for the years 2010 to 2021. The count of cases are displayed according to the
category of legal issue in the case. We bin cases involving any type of espionage, research integrity
issue, or hacking into respective categories. Distinct cases are defined as legal cases with distinct
court docket numbers. This figure utilizes data from the following article: Eileen Guo, Jess Aloe,
and Karen Hao, "The US crackdown on Chinese economic espionage is a mess. We have the data
to show it," MIT Technology Review, December 2, 2021, https:/ /www.technologyreview.com/2021/
12/02/1040656/ china-initative-us-justice-department/.

earlier. Figure Al tallies these cases, as documented by the MIT Technology Re-
view, and shows that enforcement actions linked to the China Initiative were un-
derway well before the initiative’s formal launch in 2018. This contributed to a
growing sense of fear and uncertainty among Chinese and Chinese-American sci-

entists, consistent with the early behavioral changes we document.

ORCID Sample Representativeness Our mobility analysis relies on ORCID CVs.
There are good reasons to expect that researchers who create ORCID profiles dif-
fer systematically from those who do not. To assess this selection, we compare re-
searchers in the Dimensions database with and without ORCID profiles. As shown
in Table A10(a), ORCID users tend to be more research-active—they publish more,
receive more grants, and have more affiliations. This selection is not a major con-

cern for our study, as we are most interested in research-active individuals—those
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Table A9: Inspecting Selection Bias in ORCID Data

No ORCID Has ORCID Total

10,125,703 (84.6%) 1,841,893 (15.4%) 11,967,596 (100.0%)
Years active after 2008 2.735 5.570 3.171
Publications slifetime) 4.989 15.308 6.577
Pre-2016 publications 1.801 3.072 1.997
Post-2016 publications 3.187 12.230 4.579
SJR-weighted publications (lifetime) 10.334 34.811 14.102
Pre-2016 SJR-weighted publications 3.675 6.822 4.160
Post-2016 SJR-weighted publications 6.659 27.989 9.942
# of grants (lifetime) 0.071 0.252 0.099
# of research organizations (lifetime) 1.074 2.132 1.237
STEM field 0.755 0.816 0.765
HASS field 0.101 0.161 0.110
Missing field 0.143 0.023 0.125
Missing publications 0.077 0.008 0.066
Ethnically CN 0.198 0.133 0.188

(a) Split by ORCID Status

Non-ORCID Non-ORCID ORCID ORCID

Non-Eth. CN Eth. CN Non-Eth. CN Eth. CN
8,121,699 (67.9%) 2,004,004 (16.7%) 1,597,553 (13.3%) 244,340 (2.0%)
Years active after 2008 2.703 2.865 5.497 6.045
Publications (lifetime) 4.829 5.641 14.752 18.941
Pre-2016 publications 1.798 1.812 3.004 3.513
Post-2016 publications 3.028 3.828 11.742 15.424
SJR-weighted publications (lifetime) 9.784 12.566 32.683 48.726
Pre-2016 SJR-weighted publications 3.667 3.708 6.600 8.279
Post-2016 SJR-weighted publications 6.117 8.858 26.084 40.447
# of grants (lifetime) 0.073 0.060 0.246 0.296
# of research organizations (lifetime) 1.019 1.296 2.082 2.454
STEM field 0.721 0.894 0.797 0.938
HASS field 0.119 0.029 0.177 0.058
Missing field 0.160 0.077 0.026 0.004
Missing publications 0.078 0.073 0.009 0.004
Has OI%SID 0.000 0.000 1.000 1.000
Ethnically CN 0.000 1.000 0.000 1.000

(b) Split by ORCID and Chinese Ethnicity

Notes: These tables provide summary statistics for researchers whose first publication in Dimen-
sions was after 2008. Panel (a) divides the sample by whether or not the researcher in Dimensions
lists an ORCID profile. Panel (b) additionally divides the sample by whether or not they are ethni-
cally Chinese. In this table, an ethnically Chinese researcher is one whose last name in Dimensions
is among China’s top 150 most frequent surnames.

likely to contribute to the global scientific enterprise and to be responsive to geopo-
litical shifts. However, this also means that our findings may not generalize to the
broader population of all STEM graduates or early-career researchers.

A potential threat to validity would arise if selection into ORCID varies by eth-
nicity in a way that interacts with our outcomes. Table A10(b) addresses this con-
cern, showing that while ethnically Chinese researchers are modestly underrepre-
sented, their research profiles among ORCID users are not systematically different

from non-Chinese users in ways that would bias our estimates.
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Figure A2: National Research Similarities Between the U.S. and U.K.

(a) Researchers in R&D (per million (b) National Research Attention to
people) Various Fields

(c) Chinese Students’ Preferred Overseas Study Destinations

Notes: Panel (a) presents the number of researchers (per million people) for various countries be-
tween 2008 and 2019. The data is sourced from the World Bank via the UNESCO Institute for Statis-
tics (UIS). Panel (b) graphs the fraction of countries” impact-factor-weighted publications belonging
to each of the selected STEM fields. Publications are weighted by the SJR score of their publishing
journal. The data is constructed using Dimensions from Digital Science. Panel (c) graphs the results
of a survey gathering destination country preferences for (nationally) Chinese students studying
abroad. The data is sourced from Statista.

Use of the U.K. as a Comparison Country We use U.K.-authored publications

and researchers as a comparison group to benchmark trends in U.S. citation flows
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and publication activity. We believe that the U.K. is a suitable control due to similar
researchers per capita (Figure A2(a)), field composition (Figure A2(b)), and promi-
nence as a destination for Chinese STEM students (Figure A2(c)). These parallels
help isolate U.S.-specific effects from broader global shifts.

C Additional Mobility Results and Robustness Checks

To probe the robustness of our mobility findings, we conduct a range of additional
tests, each described in the main text. These include restricting to students and
graduates with no lag between prior degree and enrollment or graduation and
job (Table A11, Columns (1)—(2)), limiting the enrollment sample to individuals
from typical U.S. sender countries (Table All, Column (3)), and testing whether
increased domestic university quality in China explains declining U.S. enrollment
(Figure A3). We also evaluate potential crowd-out by Indian applicants (Figure
A4(a)) and rule out broader international trends by comparing Chinese and Indian
retention patterns post-graduation (Figure A4(b)). Table A12 shows robustness to
restricting our sample to those we are certain are doctoral students. Finally, we
show formal diagnostic checks to assess the identifying assumptions underlying

our difference-in-differences design (Figure A5).
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Table A11: Lag Sensitivity Tests and Focusing On Sender Countries

) @) o)
Enrolls in U.S. Jobin U.S. Enrolls in U.S.

Treatment = Ethnically CN 0.0331 0.00592 0.0512

(0.00497) (0.00748) (0.00773)
Treatment x Post-2016 -0.0379 -0.0385 -0.0396

(0.00810) (0.00960) (0.00879)
Unit of Analysis Doctoral Student U.S. Graduate Doctoral Student
Field FE Y Y Y
Cohort FE Y Y Y
Prior Country FE Y - Y
Model OLS OLS OLS
Sample No La% to PhD No Lag to Job Africa, Asia, LatAm Only
Mean DV 0.259 0.863 0.117
Observations 91940 45537 63902

Notes: Standard errors clustered at the field-year level are in parentheses. The dependent variable
is in the column heading. Column (1) restricts to students beginning their doctoral degree less than
one year following the completion of their prior degree. Column (2) restricts to U.S. graduates be-
ginning their first post-graduation job less than one year following the completion of their degree.
Column (3) restricts to only students with prior degrees from typical U.S. sender countries. The
analysis period is 2008-2019, and the post-treatment period is 2016-2019.

Figure A3: Event Study for Propensity to Enroll in a Chinese
University

Notes: This plot reports event-study coefficients from a regression predicting enrollment in a Chi-
nese university. The treated group is ethnically Chinese doctoral students, and the control group
is non-ethnically Chinese doctoral students. The regression includes cohort, prior degree country,
and field fixed effects. Standard errors are clustered at the field-year level.
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Figure A4: Mean U.S. Enrollment and Retention by Nationality

(a) Doctoral Students Enrolling in U.S. (b) Post-Graduation Jobs in U.S.

Notes: Panel (a) plots the raw fraction of new doctoral students enrolling in U.S. universities by
nationality. Panel (b) plots the raw fraction of post-graduation jobs taken with U.S. employers by
the graduate’s nationality.

Table A12: Main Treatment Effects on Mobility among Ethnically
Chinese U.S. Graduates (Ph.D. Only)

M ) 36)
Jobin U.S. Job in U.K. Job in Anglo.
Ethnically CN=1 0.0206 -0.00825 -0.0158
(0.00689) (0.00223) (0.00351)
Ethnically CN=1 x -0.0304 0.00396 0.00820
Post-2016=1 (0.00955) (0.00264) (0.00424)
Field FE Y Y Y
Job Year FE Y Y Y
Model OLS OLS OLS
Mean DV 0.845 0.0121 0.0297
Observations 36015 36015 36015

Notes: Robust standard errors in parentheses without clustering. The dependent variable is in the
column heading. The analysis sample is all U.S. graduates subsequently taking jobs after 2008. The
analysis period is 2008-2019, where the post treatment period is 2016-2019.
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Figure A5: Statistical Robustness Checks for Mobility Analyses

(a) Enrollment pretrends Test (d) Retention pretrends Test
(b) Enrollment HonestDiD Test (e) Retention HonestDiD Test
(c) Enrollment ritest Test (f) Retention ritest Test

Notes: These figures report the outcomes of three statistical tests assessing the robustness of the
mobility analyses’ main results. We visualize the possibility of a parallel trends violation in Panels
(a) and (d) (pretrends test), conduct a sensitivty analysis of the difference-in-differences estimate in
Panels (b) and (e) (HonestDiD test), and assess the validity of our treatment construct in Panels (c)
and (f) (permutation test).
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D Additional Knowledge Flows Results and Robust-

ness Checks

We conduct several additional robustness checks to confirm that our knowledge
flow results are not sensitive to modeling choices or alternate definitions. As
described in the main text, we show that our findings are robust to varying the
threshold for defining “frontier” research (Table A13), adjusting fixed effects spec-
ifications (Table A14), and using alternate dependent variables for citation shares
(Figure A6). Formal pretrend diagnostics, HonestDiD bounds, and placebo per-
mutation tests further support our identification strategy (Figure A7).

Beyond robustness, Table A15 and Figure A8 (which presents the event-study
plot corresponding to Column (1) of Table A15) provide evidence of a distinct pat-
tern: U.S. publications with at least one ethnically Chinese author show a signifi-
cant post-2016 decline in citations to China-produced research. This effect is absent
in the broader U.S. sample and is consistent with the mechanism discussed in Sec-
tion 4.5—specifically, a chilling effect manifesting as anticipatory disengagement

or reputational risk avoidance among ethnically Chinese scientists.

Table A13: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams (Other Frontier Thresholds)

DV: Share Size

M @ () )
Frontier (3%) Recent Frontier (3%) Frontier (5%) Recent Frontier (5%)
Treated = citing U.S.=1 0.247 0.211 0.231 0.194
(0.0188) (0.0223) (0.0182) (0.0211)
Treated = citing U.S.=1 -0.0130 -0.0273 -0.0124 -0.0255
x Post-2016=1 (0.00463) (0.00456) (0.00448) (0.00446)
Citing Paper FE Y Y Y Y
Model OLS OLS OLS OLS
Mean DV 0.172 0.140 0.161 0.130
Observations 3718356 2939138 3854408 3224622

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The analysis sample is citations shares to U.S. or U.K.
papers among Chinese publications. The analysis period is 2011-2019, where the post treatment
period is 2016-2019. “Treated" refers to citation shares to U.S. papers, with those to U.K. papers
serving as the control group.
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Table A14: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams (Fixed Effect Configurations)

Share Size
1) (2) 3)
Raw Raw Raw

Treatment = Citing U.S. 0.182 0.182 0.182

(0.0137) (0.0137) (0.0137)
Post-2016 -0.00853

(0.00129)
Treatment = Citing U.S. x -0.0138 -0.0138 -0.0138
Post-2016 (0.00438) (0.00438) (0.00438)
Unit of Analysis Pub-Cite Share Pub-Cite Share Pub-Cite Share
Fixed Effects Field-Year Trends Field-Year FE Field & Year FE
Model OLS OLS OLS
Mean DV 0.126 0.126 0.126
Observations 4237614 4237614 4237614

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The analysis sample is citation shares to U.S. or U.K.
papers among Chinese publications. The analysis period is 2011-2019, where the post treatment
period is 2016-2019. “Treated" refers to citation shares to U.S. papers, with those to U.K. papers
serving as the control group.

Table A15: Main Treatment Effects on Knowledge Flows among
U.S. Research Teams with Ethnically CN Researchers

DV: Share Size
(1) (2) (3) 4

Raw Recent Frontier Recent Frontier

Treated = U.S. publication=1 -0.00513 -0.00752 -0.00358 -0.00467

(0.00158) (0.00232) (0.00123) (0.00216)
Treated = U.S. publication=1 -0.00650 -0.00872 -0.00441 -0.00861
x Post-2016=1 (0.00236) (0.00359) (0.00195) (0.00355)
Field & Year FE Y Y Y Y
Model OLS OLS OLS OLS
Sample Has Eth. CN Author  Has Eth. CN Author ~ Has Eth. CN Author =~ Has Eth. CN Author
Mean DV 0.0263 0.0408 0.0174 0.0266
Observations 652433 644473 586249 471328

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The sample is all publications with U.S. or U.K. re-
search teams involving at least one ethnically Chinese coauthor during the analysis period. The
analysis period is 2011-2019, and the post treatment period is 2016-2019. “Treated” refers to publi-
cations in the U.S., with U.K. publications serving as the control group.
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Figure A6: Event-Study Coefficients for Knowledge Flows (Recent,
Frontier, and Recent Frontier)

(a) CN Pubs - Recent Cites (d) U.S. Pubs - Recent Cites
(b) CN Pubs - Frontier Cites (e) U.S. Pubs - Frontier Cites
(c) CN Pubs - Recent Frontier Cites (f) U.S. Pubs - Recent Frontier Cites

Notes: These plots report event-study coefficients from regressions predicting adjusted sizes of
citation shares on Chinese (U.S.) publications to U.S. (Chinese) papers. In Panels (a)-(c), the treated
group is citation shares to U.S. papers, and the control group is citation shares to U.K. papers. In
Panels (d)-(f), the treated group is U.S. publications, and the control group is U.K. publications.
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Figure A7: Statistical Robustness Checks for Chinese Reliance on
U.S. Science Analysis

(a) pretrends Test (b) HonestDiD Test

(c) ritest Test

Notes: These figures report the outcomes of three statistical tests assessing the robustness of the
China-to-U.S. knowledge flows section’s main results. We visualize the possibility of a parallel
trends violation in Panel (a) (pretrends test), conduct a sensitivty analysis of the difference-in-
differences estimate in Panel (b) (HonestDiD test), and assess the validity of our treatment construct
in Panel (c) (permutation test).
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Figure A8: Main Treatment Effects on Knowledge Flows among
U.S. Research Teams with Ethnically CN Researchers

Notes: This plot reports event-study coefficients from a regression predicting the unadjusted share
of references to Chinese papers on U.S. and U.K. publications. The treated group is U.S. publica-
tions with at least one ethnically Chinese coauthor, and the control group is U.K. publications with
at least one ethnically Chinese coauthor. The regressions include fixed effects for publication year
and research field. Standard errors are clustered at the field level.

E Additional Productivity Results and Robustness Checks

We conduct a range of additional checks to validate our main productivity results.
For China-based researchers, we show that the null result is robust to alternative
definitions of U.S. reliance—both in terms of threshold (Table A16 Column (1)—
(2)) and whether we use recent or raw citation shares (Table A16 Column(3)-(6)).
Kaplan-Meier plots (Figure A9) visually confirm the patterns in extensive margin
estimates from the Cox models in Tables 6 and 7. Formal pretrend diagnostics,
HonestDiD bounds, and placebo permutation tests further support our identifica-
tion strategy (Figure A10).

In additional analyses performed, available upon request, we provide evi-
dence that supports the finding that productivity declines are not limited to eth-
nically Chinese researchers with clear links to China. We focus on U.S.-based
researchers with Chinese surnames but non-Chinese first names — individuals
likely to be second-generation or otherwise socially assimilated. Identifying this
group presents challenges; machine learning-based ethnicity classifiers like ethnic-

seer (which we use in the rest of the paper), which perform well when predicting
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Table A16: China-based Researcher Main Treatment Effects by
Varying Reliance Definition

US.-Reliant= U.S.-Reliant = U.S.-Reliant =
Cite Share Cite Share Recent Cite Share
to US to US to US
above 50pct above 90pct above 75pct
(1) (2) 3) @) (53 (6)

Pubs Pubs Pubs U.S.Pubs IF wted Pubs  IF wted U.S. Pubs
U.S.-Reliant =1 x Post-2016=1 -0.006 0.017 -0.021 0.004 -0.011 -0.009

(0.007) (0.057) (0.022) (0.032) (0.024) (0.036)
Indiv FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Model Poisson Poisson Poisson Poisson Poisson Poisson
CEM Y Y
Mean DV 3.675 1.531 2.029 0.781 4.105 1.788
Observations 411,845 14,336 71,218 54,943 71,218 54,943

Notes: The analysis sample is the China-based researcher panel. Treatment (U.S.-Reliant) is defined
using alternative measures, as indicated in the column headers. Regressions are weighted by the
CEM matching weights. Standard errors are in parentheses and clustered at the person level.

overall ethnicity from full names, are not designed to separately assess surname
and given name. As a result, they struggle to accurately estimate ethnicity sepa-
rately for first and last name.

To address this, we adopt a dictionary-based approach that explicitly evaluates
the first and last name independently. This allows for more precise detection of
second-generation immigrants who often retain their ethnic surname but adopt an
English given name. However, the method’s effectiveness depends on the breadth
of the underlying name dictionaries. Reassuringly, our results—first presented in
Table 8 using the most aggressive dictionary—remain robust to more conservative
versions that include only the most common Chinese names. As we move from a
more conservative to a more aggressive name-matching approach, we reduce false
negatives—correctly identifying more individuals with Chinese names (especially
those with rare, diaspora, or non-standard romanizations)—but this comes with a
modest increase in false positives. In all cases, the control group remains fixed, en-
suring that any changes in estimated effects are attributable solely to adjustments
in treatment group classification. Across specifications, we continue to find a sig-
nificant post-2016 decline in both publication counts and impact-factor-weighted
output, consistent with a chilling effect that operates through perceived identity,

not formal affiliation. Tables showing these results are available upon request.
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Figure A9: Kaplan-Meier Survival Curve

China-based Researchers
(a) DV: Pubs (b) DV: U.S. Pubs

U.S.-based Researchers
(c) DV: Pubs (d) DV: U.S. Pubs

Notes: The Kaplan-Meier curves display the estimated survival probability over time. The failure event is to stop publishing
anywhere in the world in Panel (a) and (c), and stop publishing in U.S.-based journals in Panel (b) and (d).
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Figure A10: Statistical Robustness Checks for U.S.-based Researcher
Productivity Analyses

(a) pretrends Test
DV: Num Pubs

(b) HonestDiD Test
DV: Num Pubs

(c) ritest Test
DV: Num Pubs

(d) pretrends Test
DV: IF wt Pubs

(e) HonestDiD Test
DV: IF wt Pubs

(f) ritest Test
DV: IF wt Pubs

Notes: These figures report the outcomes of three statistical tests assessing the robustness of the
productivity analyses” main results. The dependent variables are number of publications, and
impact-weighted publications. We visualize the possibility of a parallel trends violation in Panels
(a) and (d) (pretrends test), conduct a sensitivty analysis of the difference-in-differences estimate in
Panels (b) and (e) (HonestDiD test), and assess t}ig validity of our treatment construct in Panels (c)

and (f) (permutation test).
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Figure S1: Fraction of Nationally Chinese Doctoral Students
Coming From Top Chinese Universities

Notes: This figure plots the raw fraction of new doctoral students from China whose prior degree
was at a top Chinese university, split by whether or not they enrolled in a U.S. doctoral program. A
doctoral student comes from a top Chinese university if their prior degree university is associated
with China’s “985“ or “211” education projects. We observe the fraction of Chinese doctoral
students with these credentials to be falling over time.
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Figure S2: Additional Event-Study Plots for Productivity Impacts

China-based Researchers

(a) DV: U.S. Pubs (b) DV: IF wt U.S. Pubs

U.S.-based Researchers

(c) DV: U.S. Pubs (d) DV: IF wt U.S. Pubs

Notes: This plot reports event-study coefficients from Poisson regressions. The dependent variable
is indicated in the subfigure titles. Panels (a) and (b) use the China-based researcher panel; the
treated group is U.S.-reliant, and the control group is U.K.-reliant researchers. Panels (c) and(d) use
the U.S.-based researcher panel; the treated group is the U.S.-based ethnically Chinese researchers,
and the control group is the matched non-ethnically Chinese researchers. Regressions include in-
dividual and year fixed effects. Standard errors are clustered at the individual level.
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Table S1: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams (Fixed Effect Configurations) -

Recent
Share Size
1 @) ®)
Raw Raw Raw

Treatment = Citing U.S. 0.125 0.125 0.125

(0.0150) (0.0150) (0.0150)
Post-2016 -0.00682

(0.00141)
Treatment = Citing U.S. x -0.0140 -0.0140 -0.0140
Post-2016 (0.00256) (0.00256) (0.00256)
Unit of Analysis Pub-Cite Share Pub-Cite Share Pub-Cite Share
Fixed Effects Field-Year Trends Field-Year FE Field & Year FE
Model OLS OLS OLS
Mean DV 0.0853 0.0853 0.0853
Observations 4042500 4042500 4042500

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The analysis sample is citation shares to U.S. or U.K.
papers among Chinese publications. The analysis period is 2011-2019, where the post treatment
period is 2016-2019. ‘Treated’ refers to citation shares to U.S. papers, with those to U.K. papers
serving as the control group.

Table S2: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams (Fixed Effect Configurations) -

Frontier
Share Size
(1) (2) 3)

Raw Raw Raw

Treatment = Citing U.S. 0.281 0.281 0.281
(0.0186) (0.0186) (0.0186)
Post-2016 -0.00611
(0.000875)

Treatment = Citing U.S. x -0.0142 -0.0142 -0.0142
Post-2016 (0.00514) (0.00514) (0.00514)
Unit of Analysis Pub-Cite Share Pub-Cite Share Pub-Cite Share
Fixed Effects Field-Year Trends Field-Year FE Field & Year FE
Model OLS OLS OLS
Mean DV 0.193 0.193 0.193
Observations 3332908 3332908 3332908

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The analysis sample is citation shares to U.S. or U.K.
papers among Chinese publications. The analysis period is 2011-2019, where the post treatment
period is 2016-2019. ‘Treated’ refers to citation shares to U.S. papers, with those to U.K. papers
serving as the control group.
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Table S3: Main Treatment Effects on Knowledge Flows among
Publications by China-based Teams (Fixed Effect Configurations) -
Recent Frontier

Share Size
(1) (2) (3)
Raw Raw Raw

Treatment = Citing U.S. 0.247 0.247 0.247

(0.0231) (0.0231) (0.0231)
Post-2016 -0.00718

(0.00141)
Treatment = Citing U.S. x -0.0321 -0.0321 -0.0321
Post-2016 (0.00553) (0.00553) (0.00553)
Unit of Analysis Pub-Cite Share Pub-Cite Share Pub-Cite Share
Fixed Effects Field-Year Trends Field-Year FE Field & Year FE
Model OLS OLS OLS
Mean DV 0.162 0.162 0.162
Observations 2303014 2303014 2303014

Notes: Robust standard errors in parentheses with standard errors clustered at the field level. The
dependent variable is in the column heading. The analysis sample is citation shares to U.S. or U.K.
papers among Chinese publications. The analysis period is 2011-2019, where the post treatment
period is 2016-2019. ‘Treated’ refers to citation shares to U.S. papers, with those to U.K. papers
serving as the control group.
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Figure S3: Statistical Robustness Checks for U.S. Reliance on
Chinese Science Analysis

(a) pretrends Test (b) HonestDiD Test

(c) ritest Test

Notes: These figures report the outcomes of three statistical tests assessing the robustness of the
knowledge flows section’s main results. We visualize the possibility of a parallel trends violation
in Panel (a) (pretrends test), conduct a sensitivty analysis of the difference-in-differences estimate
in Panel (b) (HonestDiD test), and assess the validity of our treatment construct in Panel (c) (per-
mutation test).
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Figure S4: Statistical Robustness Checks for China-based
Researcher Productivity Analyses

(a) pretrends Test
DV = Num Pubs

(b) HonestDiD Test
DV = Num Pubs

(c) ritest Test
DV = Num Pubs

(d) pretrends Test
DV = IF wt Pubs

(e) HonestDiD Test
DV = IF wt Pubs

(f) ritest Test
DV = IF wt Pubs

Notes: These figures report the outcomes of three statistical tests assessing the robustness of the
China-based productivity analyses’ main results. The dependent variable is number of publica-
tions and number of impact-weighted publications. We visualize the possibility of a parallel trends
violation in Panels (a) and (d) (pretrends test), conduct a sensitivty analysis of the difference-in-
differences estimate in Panels (b) and (e) (HonespigiD test), and assess the validity of our treatment
construct in Panels (c) and (f) (permutation test).



Figure S5: Mechanism Event Study for U.S.-based Researchers
Productivity

Treatment = Ethnically CN with China Tie

(a) DV: Pubs (b) DV: IF wt Pubs
Treatment = Ethnically CN without China Tie

(c) DV: Pubs (d) DV: IF wt Pubs

Treatment = Ethnically CN with Non-Chinese First Name

(e) DV: Pubs (f) DV: IF wt Pubs
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Table S4: U.S.-based Researcher Mechanism Robustness

Impact Factor wt Pubs

1) 2 3
Treatment = Ethnic CN Treatment = Ethnic CN Treatment = Ethnic CN
With China Tie Without China Tie Non-CN First Name
Treatment=1 X Post-2016=1 -0.081 -0.123 -0.062
(0.011) (0.023) (0.014)
Indiv FE Y Y Y
Year FE Y Y Y
Model Poisson Poisson Poisson
CEM Y Y Y
Mean DV 3.201 3.160 3.187
Observations 1,829,121 1,636,726 1,722,322
(@) DV: Impact wt Pubs
Pubs TF wt Pubs
(3) 4)
Treatmet = Treatmet = Treatmet = Treatmet =
Ethnic CN Ethnic CN Ethnic CN Ethnic CN
Non-CN First Name  Non-CN First Name  Non-CN First Name  Non-CN First Name
(Conservative) (Middle) (Conservative) (Middle)
Treatment=1 X Post-2016=1 -0. -0.069 -0.081 -0.076
(0.009) (0.010) (0.012) (0.012)
Indiv FE Y Y Y Y
Year FE Y Y Y Y
Model Poisson Poisson Poisson Poisson
CEM Y Y Y Y
Mean DV 1.078 1.081 3.181 3.184
Observations 1,826,468 1,776,677 1,826,468 1,776,677

(b) Non-Chinese First Name Results by Different Threshold Definitions

Notes: The analysis sample is the U.S.-based researcher panel. Regressions are weighted by the
CEM matching weights. Standard errors are in parentheses and clustered at the person level.
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