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ABSTRACT

Online platforms such as preprint servers have become an important way to disseminate new 
scientific knowledge prior to peer review. However, little is known about how attention to 
preprints may vary across authors from different countries of origin, particularly relative to 
evaluation in expert-controlled systems such as scientific journals. This study explores how 
readers allocated attention across preprints in the initial months of the COVID-19 pandemic, a 
time when there was an increase in demand for new research and a corresponding increase in the 
use of preprint platforms around the world. We find that, after controlling carefully for article 
quality and topic as well as the prominence of the preprint’s ultimate publication outlet, preprints 
with authors from Chinese institutions receive less attention, and preprints with authors from U.S. 
institutions receive more attention, than preprints with authors from the rest of the world. In an 
exploration of potential mechanisms driving the observed effects, we find evidence that when 
evaluation is more constrained, in terms of lack of knowledge or expertise and increase in time 
pressure, audiences tend to make greater use of preprint authors’ country of origin as a proxy for 
quality or relevance. The results suggest that geographic biases may persist or even be 
exacerbated on platforms designed to promote unfettered access to early research findings.
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1. Introduction  

Digitization and the rise of the internet have radically changed the nature of distribution in several 

industries. Platforms such as Spotify, Amazon Kindle Direct, and Kickstarter have helped reduce the 

influence of intermediaries, while user ratings on these and other platforms have helped substitute for expert 

reviews of products and services, raising questions about the impact of such platforms on product quality 

and the match between producers and consumers (Mollick and Nanda 2016; Greenstein and Zhu 2018; 

Greenstein et al 2021; Rajagopalan et al 2011; Lee et al 2015). Traditional modes of dissemination of 

scientific knowledge are also being disrupted in several ways. The most recent major shock to scientific 

communication came with the COVID-19 pandemic, in which the demand for rapid communication of 

research results helped fuel the growth of preprint platforms.   

Historically, the diffusion of scientific research has taken place through academic journals that serve a dual 

mission as distributors of content and as quality filters that use peer review by experts to evaluate 

submissions. However, academic publishing has in recent years come under criticism for the barriers to 

access caused by high subscription prices (McCabe and Snyder 2014; McCabe and Snyder 2018; Johansson 

et al 2018), lags in the publication process (Powell 2016; Vale 2015), and claims of bias against certain 

types of authors (Peters and Ceci 1982; Ross et al 2006; Lee et al 2013; Card et al 2020; Tomkins et al 

2017; Huber et al 2022), including against authors from particular countries (Link 1998, Harris et al 2017). 

Some have argued for open-access publications with more transparent (and potentially crowd-sourced) 

review processes.2  

Preprint servers have emerged to allow authors to share their work directly with readers anywhere in the 

world within days of completion of a manuscript. These free and open online platforms distribute recent 

scientific research articles that have yet to be vetted by peer review. This could in principle help to decouple 

the distribution function of academic journals from their roles as arbiters of quality, and could potentially 

reduce biases in knowledge diffusion, especially against authors from particular countries. However, the 

diffusion of knowledge on preprint servers may not be completely disintermediated, as these open platforms 

may give rise to different methods of filtering quality and new mechanisms of evaluation (such as discussion 

on social media platforms like twitter and references in online news articles). In addition, research has 

suggested that when expert evaluation is removed, users become more reliant on status cues (Simcoe and 

Waguespack 2011). During an expert discussion on the emergence of preprints during the COVID-19 

pandemic,3 Dr Eric Topol of the Scripps Research Institute comments: “I can pretty well look at 10 preprint 

 
2 One notable example of such a model is the Wellcome Open Research portal (wellcomeopenresarch.org). 
3 https://medium.com/qxmd/read-by-qxmd-now-includes-preprints-but-not-just-any-preprints-fc841e24e017 last 
accessed on 8.30.22 
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titles and authors and zoom in on one because I know these people, or I know their work.” WebMD’s Dr 

John Whyte responds with the question: “But most people don’t have your expertise, so do we need to create 

some type of curation?” Despite the growing role of preprint servers in the diffusion of new knowledge, 

little is known about whether knowledge diffuses more broadly when access is unfettered, or when research 

is assessed in an institutionalized, mostly anonymous manner by experts. Relatedly, it is not known whether 

readers are more or less biased against authors from certain countries of origin on open platforms than one 

would expect if they were using the same evaluation criteria as expert-controlled systems.  

In this paper we analyze patterns of knowledge diffusion on a preprint platform for a set of 4,443 articles 

that first appeared as preprints during the early months of the COVID-19 pandemic, when there was a surge 

in demand for new research and preprints became a widely accepted form of scientific communication. We 

ask whether there are asymmetries in readership on preprint platforms compared to recognition of the same 

piece of knowledge through more curated channels such as journals. We focus on the role of authors’ 

country of origin: in particular, China, as one of the largest contributors to the platform and a powerhouse 

of modern science, in the allocation of attention. We explore whether audiences pay less attention to 

preprints authored by scientists based in China, which could be the case if readers have unfavorable attitudes 

towards Chinese science, or if Chinese articles are less actively promoted online, for reasons unrelated to 

quality. We compare the allocation of attention to Chinese preprints to that of preprints authored by 

scientists based in the U.S. and the rest of the world.  

Several features of our research design help us to control for the underlying quality or importance of the 

preprint. First, we account for a host of features of the preprint that might affect its quality. Second, we 

analyze a sample of carefully matched “topic twins” - Chinese and non-Chinese articles with the same 

research question and method – which allows us to carefully control for the importance of the research 

question and the rigor of the method. Third, we directly compare attention on open preprint platforms with 

evaluation on expert-controlled systems by holding constant the quality of the journal in which the preprint 

is eventually published. This allows us to ask whether two preprints that are eventually revealed to have 

met the same criteria for publication in an expert-controlled system (in peer-reviewed journals) receive the 

same amount of attention as preprints, or whether preprint readers are biased against preprints from certain 

countries. We also compare the determinants of preprint downloads and citations received by the published 

version of the article as of July 2022.  

We find that preprint servers hosted a large number of Chinese-authored preprints in the early months of 

the pandemic, and were visited by large numbers of users from around the world, giving readers unrestricted 

access to many of the earliest findings on COVID-19. This period was a time in which the judicious 

allocation of attention to research was critically important. However, we find biases in attention related to 
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country of origin. In particular, Chinese-authored preprints received less attention (measured by downloads 

of the preprint) than preprints by authors from other countries, and particularly less than U.S.-authored 

preprints, after controlling for all factors observable to a user of the preprint server, including the author’s 

institution rank, the author’s prior reputation and social network, the access authors have to nearby (early) 

COVID-19 cases, and the readability of the writing of the abstract of the preprint.  

This relationship holds even after controlling for the impact factor of the journal of ultimate publication of 

the preprint, implying that for two articles that meet the same standards of quality after peer review, the 

Chinese article received less attention as a preprint. By contrast, there is no difference in the number of 

forward citations received by the published version of the preprint, which is particularly striking since 

citations could also be negatively affected by author country of origin bias. Finally, Chinese preprints 

receive less attention even in the sample of highly similar topic twins. These findings imply that there are 

differences in the allocation of attention specific to preprint servers that are strongly correlated with author 

country of origin and are larger than would be expected based on the eventual publication outcomes of the 

preprint. This has important implications for the diffusion of knowledge. 

We consider several theoretical perspectives and associated mechanisms through which author country 

might affect attention to a preprint, independent of quality. We fail to find evidence that the results are 

driven by differences in authors’ prominence or networks, or mechanically by differences in the size of the 

preprint audience across countries. Instead, our evidence suggests that the attention gap for Chinese 

preprints seems to be larger when there are indications that the article has a relatively less sophisticated 

audience on the platform and when there are high search costs owing to the large quantity of un-vetted 

work. Our results suggest that readers whose ability to evaluate preprints is constrained may rely on 

alternative signals of preprint quality – for example stereotypes, or news or social media mentions -- to 

curate their attention to preprints. 

To elaborate, we show that U.S.-affiliated preprints on which all authors have Asian-ethnicity names also 

receive less attention than U.S. preprints without all Asian-ethnicity name teams. However, this difference 

appears to be driven by the audience’s decision to view an abstract when author institution and country of 

origin are not visible, while PDF downloads of the preprint conditional on viewing the abstract appear not 

to be affected by author ethnicity. In addition, we find that preprint mentions in tweets and news articles 

tend to be lower for Chinese authored preprints, and these variables account for much of the variation in 

the rate of attention to the preprint. Further, we document that attention to preprints among non-scientist 

audiences, and attention on days with more preprint posting, tend to be more biased against Chinese 

preprints.  
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The findings in our study thus contribute to the literature comparing evaluation on expert and open 

platforms. A growing literature examines how evaluation and consensus takes place on open platforms 

(Greenstein et al 2021; Lee et al 2015) and compares the accuracy of evaluation on expert and open 

platforms (Mollick and Nanda 2016). Closely related to our study, Greenstein and Zhu (2018) compare 

biases in the production of knowledge by crowds and experts in the context of articles posted on Wikipedia 

and on Encyclopaedia Britannica. They find that articles posted on Wikipedia tend to be more biased than 

articles on similar topics found in Encyclopaedia. We build on this research by demonstrating that 

evaluators on open and expert controlled systems may exhibit different biases against different kinds of 

producers, which has implications for the management of these systems.   

As science becomes increasingly global, one major challenge is how decision makers can assess work 

produced by scientists at lesser-known institutions. Our findings suggest that audiences who use status cues 

or respond to promotion on social media to allocate their attention to early work could be overlooking 

potentially important science emanating from China in particular, which is home to a rising proportion of 

global scientific findings (Xie and Freeman 2019). To the extent that scientists and decision makers are 

standing on the shoulders of familiar giants, the progress of global science, public health and economic 

advances could be limited.  

 

2. Theory 

Alternative models of science communication. Scientific knowledge is complex, fast-changing, and 

uncertain (Polanyi 1958; Zucker and Darby 1996; Jones 2009; Freedman et al 2015). How audiences 

allocate finite attention and select which articles to read, therefore, is a core question in the economics of 

innovation.  

One way that audiences can select which articles to read is to rely on quality assessments or certification 

from experts. In addition to their role in disseminating research, scientific journals provide such a quality 

stamp, with articles going through a process of peer-review and expert evaluation prior to publication.  

While a reliance on experts to vet research before it is disseminated widely can be helpful insofar as experts 

weed out poor quality research, the journal selection process has been criticized as being biased in favor of 

certain types of papers or authors. While a few studies document biased decision making by experts in 

conference acceptances and attention (Peters and Ceci 1982; Ross et al 2006; Lee et al 2013; Harris et al 

2017), two key studies document these biases in journal acceptance decisions. Card et al (2020) document 

that female authored manuscripts are more likely to be cited, holding constant the editor and reviewer 

decisions, suggesting that female authors are held to a higher standard than male authors. Similarly, Link 
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(1998) finds that U.S. reviewers tend to rank U.S. papers more highly than non-U.S. papers in the peer 

review process.  

In addition to potential bias of experts in the evaluation process, academic publishing has in recent years 

come under criticism for the barriers to access caused by high subscription prices (McCabe and Snyder 

2014; McCabe and Snyder 2018; Johansson et al 2018) and significant lags in the publication process 

(Powell 2016; Vale 2015). 

In part as a response to these problems associated with journals, some observers are suggesting that science 

communication is moving away from the model of publication in peer-reviewed journals and toward 

posting of new findings, analysis and code with debate on open platforms.4 With low costs to 

communicating research findings, these open platforms enable the rapid dissemination of findings and new 

data, and in many ways could render journals obsolete in their role as communication devices. With minimal 

checks on the substance of the research prior to release of new findings, and no posting fee, these platforms 

are accessible to a wide range of knowledge producers. Similarly, anyone can view and comment on others’ 

research, and beyond public discussion there exist limited formal coordination or certification devices to 

direct audience attention.  

On the one hand, these emerging models of science communication present an opportunity to level the 

playing field for producers. Access to articles is free and open, allowing users to evaluate articles on their 

merits without the intermediary of the journal. A potentially broader range of evaluators on an open 

platform could lend itself to an appreciation of more diverse research approaches and findings (Boudreau 

et al 2016; Li and Agha 2015), and in some contexts decision making by crowds of individuals has been 

found to be at least as accurate as that of experts (Rajagopalan et al 2011; Mollick and Nanda 2016). 

Greenstein et al (2021) and Greenstein and Zhu (2018) show that slant in Wikipedia articles becomes less 

salient over time, attributing this change to a shift in the composition of producers initiated by individuals 

encountering opposite views. Thus, a transition towards open models of science communication presents 

the opportunity to reduce biases that exist in traditional distribution channels.  

On the other hand, we might expect that evaluation, and relatedly the diffusion of new knowledge, is more 

biased on open platforms relative to expert-controlled systems. Several factors might drive a difference 

between the two. The audience on open platforms could have a different taste or assessment of quality than 

that of experts. Recent research in the context of science funding finds that experts, and particularly those 

in an applicant’s immediate scientific area, are better able to discern quality of projects (Li and Agha 2015; 

Li 2017). Another possible reason is that the quantity and quality of work that appears on these platforms 

 
4 See, for example, “The Scientific Paper is Obsolete,” (James Somers, The Atlantic, April 5, 2018). 
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are different. This can influence the extent to which audiences rely on observable signals to allocate their 

attention (Bartoš et al 2016). Together these factors suggest that sorting through and selecting which work 

to devote attention to presents a challenge on open platforms.  

To mitigate this increased uncertainty and to alleviate time or knowledge constraints that open platforms 

breed, audiences could rely more on informational, or status, cues. Simcoe and Waguespack (2011) show 

that contributions to electronic engineering message boards by high-status authors are more likely to be 

mentioned in an online forum when attention is scarce. Relatedly, Agrawal et al (2016) find a bias against 

low-income country workers in online contract labor market platforms. Further, non-Black hosts on the 

property rental platform Airbnb have been found to be able to charge more than Black hosts, holding 

constant location and quality of the rental property (Edelman and Luca 2014), and sellers with dark-skinned 

hands receive fewer and lower offers for products on Craigslist than sellers with lighter-skinned hands 

(Doleac and Stein 2013).  

More broadly, although not pertaining to evaluation or attention, research from other settings suggests 

crowds can be more biased than experts under certain conditions. For example, Greenstein and Zhu (2018) 

find that articles edited by crowds on Wikipedia tend to be more biased than similar articles produced by 

experts at Encyclopedia Britannica.  

Furthermore, online platforms often lend themselves to different methods to filter quality and alternative 

patterns of promotion. Audiences increasingly use discussion on social media platforms like twitter and 

online news articles to guide their attention.5 Lee et al 2015 find that crowds tend to follow their friends 

when rating online products, which: “raise(s) questions about the reliability of ratings as unbiased indicators 

of quality and advocate(s) the need for techniques to debias rating systems.”  

Insofar as audiences rely more on status cues and online promotion to allocate their attention to new 

research, and insofar as these cues depart from actual quality of underlying research, this could mean that 

these platforms replicate or even exacerbate biases observed in traditional models of science 

communication.  

Author country of origin and the diffusion of new knowledge.  

It is possible that author country of origin can influence the rate of attention to new knowledge. There are 

a number of mechanisms through which this could occur.  

Lower attention to Chinese articles on online platforms in particular could be due to biased preferences or 

unfavorable attitudes towards Chinese authors. Despite the notable rise in scientific output in China since 

 
5 See Sugimoto et al (2017) for a review of the literature on use of social media by researchers. 
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the 1990s, reports of fraudulent science and misconduct have been highly publicized, lowering the global 

reputation of Chinese scientists (Hvistendahl 2013). Zhang (2021) quotes a Chinese geneticist who was 

concerned about how the creation of human-rabbit embryos “had been turned into an emblem of China’s 

‘barbarian biology’ and how regional and institutional differences in policy enforcement are ignored 

abroad. These broad-brush views have damaged Chinese scientists’ chances of publication, collaboration, 

and fellowships.” (Zhang 2021 p. 9). Peng et al (2021) shows that papers by East-Asian-named authors are 

significantly less likely to be accepted at a top journal. Qiu et al (2022) find that publications by Chinese 

authors in chemistry journals are under-cited by U.S. researchers. 

Another possible reason why we may see lower attention to preprints from certain countries of origin could 

reflect the influence of traditional and social media on attention, and the fact that authors from some 

countries of origin face barriers to activity on twitter, and are less likely to be mentioned by news media 

(Peng et al. 2020). 

We seek to shed light on whether there is observable country of origin bias on open platforms relative to 

evaluation in expert-controlled systems such as scientific journals, and whether this is mitigated for papers 

with more sophisticated audiences and on less crowded days. 

 

3. Setting, Data, Measures and Descriptive Statistics  

a. Setting and Data 

To study these questions, we use data on attention to COVID-19 preprint articles posted on the platforms 

medRxiv.org and bioRxiv.org. The COVID-19 pandemic led to an urgent need for scientific research 

related to the virus. The rapid spread and severity of the disease has forced researchers, clinicians, and 

policy makers to quickly scale up efforts to combat the virus with limited time for evaluation and analysis. 

Although the peer review process, traditionally the mechanism through which scientific contributions are 

screened for accuracy and relevance, has accelerated, alternative platforms have emerged to help decision-

makers in research and public health initiatives access knowledge as soon as it is produced, in the form of 

preprint articles.  

The use and acceptance of preprint platforms as a form of scientific communication increased in the early 

months of the pandemic and preprint servers such as medRxiv.org and bioRxiv.org hosted approximately 

6,000 new COVID-19 articles by the end of June 2020 (see Appendix Figure A-1 for an illustration of the 

preprint server landing pages). Not only did the scale of use of the platforms increase, but the diversity of 

producers and users also increased at the start of the pandemic. In December 2019, around 50 percent of 

preprints in biomedical and health sciences were produced by authors based in the U.S., while in May 2020, 
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just over 10 percent of preprints were authored by U.S. researchers. As for users of the platform, between 

December 2019 and May 2020 the number of page views increased from 2.8 million to 12 million between 

December 2019 and May 2020, with downloads emanating from around the world. A broad variety of 

stakeholders used preprint servers as a source of information about COVID-19, including policy makers, 

journalists, social media “influencers” and bloggers, as well as researchers from a variety of disciplines 

(Ravinetto et al 2021).  

However, with this flurry activity came a great deal of uncertainty surrounding articles posted on these 

preprint platforms.6 For example, epidemiologist Marc Lipsitch has described the surge of COVID-19 

preprints as a “firehose”. Anthony Fauci, head of the US National Institute of Allergy and Infectious 

Diseases (NIAID) said: “Eleven o’clock, 12 o’clock comes and you have 25 of these things to read…You 

can’t ignore them…[but] it gets a little confusing what you can really believe.”7  

We explore the allocation of attention to preprints with a particular focus on Chinese authored preprints in 

the context of the COVID-19 crisis. Chinese scientists were responsible for many of the earliest findings in 

the COVID-19 pandemic and posted many of them in English on preprint platforms. This attention to 

Chinese science was in many ways unprecedented and far outweighed attention to other, non-U.S. authored 

preprints, and renders our tests a conservative estimate of any bias, given that the world was watching 

Chinese science.  

The sample of COVID-19 preprints8 used in this study comprises 4,443 preprints posted on medRxiv.org 

and bioRxiv.org between 13th January and May 31st 2020. Figure 1 (and Appendix Figure A-2) illustrate 

the explosion of production of preprints related to COVID-19 in the early months of 2020, which follows 

the trend in the increase in COVID-19 cases worldwide. We collect information on each preprint on the 

author affiliation and other preprint characteristics, as well as corresponding information on the number of 

times each article is downloaded each month and how many times the preprint is referenced in news articles 

as well as the number of tweets referencing each preprint.  

b. Measures  

Dependent Variables.  

Figure A-3 presents a schematic of the process through which a potential reader might access a preprint: 

first, viewing search results (which display titles and author names only), then deciding which abstracts to 

view, and then which articles to download and read. A reader of an article may then discuss it on twitter, or 

 
6 See “Coronavirus Tests Science’s Need for Speed” (Wudan Yan, New York Times, April 14, 2020).  
7 Lipsitch and Fauci quoted in Kupferschmidt (2020). 
8 Those preprints classified by the preprint server staff prior to posting as related to COVID-19 research. 
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reporters may mention it in the news media. This online/media discussion then diffuses awareness of the 

article which then feeds back into more abstract views and more downloads. 

We capture this process by collecting information on the number of times each preprint abstract is viewed, 

and the number of times the full preprint is downloaded each month for the five months after its initial 

posting using the statistics on each preprint posted by the preprint servers. We also calculate the number of 

downloads per abstract view, to help us understand what factors influence the decision to read a preprint 

after having viewed more detailed information about it (including authors’ affiliations). However, our main 

measure in most specifications is the number of preprint downloads, since is the construct that most directly 

captures diffusion of knowledge conveyed in a preprint. 

We use Altmetrics data to measure the number of times a preprint was mentioned on Twitter (aggregated 

at the monthly level),9 by type of tweeter. We classify tweeters as ‘scientists’ or ‘non-scientists’ by 

extracting words such as ‘scientist’ and ‘researcher’ from individual tweeter’s bios. Similarly, using 

Altmetrics data we measure the number of times a preprint was mentioned in a news article. We classify 

mentions in news articles into those in scientific and non-scientific news sources by manually classifying 

the outlets in which preprints were mentioned.  

Author country. We explore the role of authors’ country of origin in knowledge diffusion. Specifically – 

we examine the extent to which attention is moderated by a preprint having a Chinese or a U.S.-based 

author. We generate the Chinese or U.S. author dummies for each preprint using address information from 

the preprint authors’ affiliations. A Chinese author dummy takes the value of 1 for a given preprint if there 

is at least one author in the author list who is affiliated with an institution in China, and 0 otherwise. If an 

article has authors listed in both China and the U.S., it is classified as having both Chinese and U.S. authors.  

In additional models we use author name ethnicity as a proxy for country of origin and we use alternative 

measures of Chinese and U.S. authors, including whether the whole team is based in China and the U.S., 

and whether the first or last author is based in China or the U.S. For the measure of name ethnicity, following 

a tradition in studies of innovation, we adopt a name analysis approach using the NamePrism API (Ye et al 

2017; Ye and Skiena 2019). This approach assigns a potential ethnic identity to each scientist name 

according to the most probable country of the origin of the name. We assign this probable name ethnicity 

to each author on each preprint and generate two measures of U.S. based, Asian name ethnicity authors. 

The first is an indicator that takes the value of 1 if a preprint has a team in which all authors have an Asian 

name ethnicity assignment, and also have at least one author based in the U.S. The second is an indicator 

 
9 The number of tweets collected per preprint is capped at 10,000. Only one preprint received over 10,000 tweets in 
the sample. 
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that takes the value of 1 if a preprint has a team in which all authors have an Asian name ethnicity 

assignment, and also have at least one U.S. author, but none of the authors are based in China.  

Control variables. We attempt to account for underlying quality of the research in addition to any features 

of the preprint that the audience observes at the time of downloading.  

It could be the case that scientists from different countries of origin have different networks or different 

prior reputations which could affect the extent to which audiences pay attention to their work. We attempt 

to account for this by including measures at the preprint level for the first and last authors’ reputation and 

network at the start of the pandemic (end of 2019). Specifically, by extracting data from the Dimensions 

database we measure each preprint’s first and last authors’ H-index,10 cumulative number of citations and 

Altmetrics citations (a measure of research visibility). For each preprint’s first and last author we also use 

Dimensions data to measure the number of unique coauthors, number of unique U.S. based coauthors, and 

the number of unique countries of coauthors or affiliations.11 

Another main concern with using our measure of country of origin is that some locations have better access 

to crucial inputs into the scientific process, in this case – proximity to COVID-19 cases. Access to inputs 

could influence attention through either a signaling mechanism or improving the actual quality of the work. 

To the extent that U.S. or Chinese authors have better access to patients who form the basis for research, 

this could confound our results. Therefore, we control for preprint authors’ access to cases through 

measuring their proximity to the outbreak at the time of doing the research. To measure proximity to the 

outbreak, after extracting the city and country of each author of each preprint, we match each author on 

every preprint to the cumulative number of COVID-19 cases by country. For the U.S., Canada, Australia 

and China, we count cases by region (e.g. state or province). We identify the number of cases 6 days prior 

to the posting of the preprint (to account for a lag in research time) using data from the repository for the 

2019 Novel Coronavirus Visual Dashboard operated by the Johns Hopkins University Center for Systems 

Science and Engineering (JHU CSSE).12 We calculate the percentage of all global cases on that day in the 

author’s country of origin (or region). If there are authors from multiple countries or regions on a given 

 
10 The H-index is an author level metric that measures the productivity and citation impact of their publications. It is 
the maximum of H, where H is the number of articles by an author that have been cited at least H times.  
11 The data on preprint first and last authors’ reputation and network was gathered using the Dimensions preprint 
author identifier. Generating a list of unique coauthors for each preprint author was a challenge owing to the lack of 
unique identifiers of coauthors, and incomplete information on institutional affiliation for a significant proportion of 
the coauthors. We calculated the number of coauthors based on the number of unique coauthor names. However, 
this is probably an overestimate, due to differences in how names are listed on different publications. In Table A-8 
we explore alternative measures, such as using unique last names only to calculate the number of coauthors. Results 
are robust to these alternative measures.  
12 Supported by ESRI Living Atlas Team and the Johns Hopkins University Applied Physics Lab (JHU APL). 
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preprint we take the maximum cases across preprint authors 6 days prior to posting as the number of 

COVID-19 cases in author country of origin (or region).  

Beyond access to critical inputs, the quality, or rank, of an author’s institution is likely to influence the 

quality of the work due to the kinds of resources available at higher ranked institutions. To account for the 

quality of the institution of the preprint author(s), each author in every preprint article is matched to 

institution rankings using the 2019 Scimago Institutions Research Rankings13 database as well as the Nature 

Publishing Index.14 We create measures corresponding to the highest-ranking institution of any author 

associated with a given preprint, as well as the ranking for the first and last author of a given preprint. In 

the majority of specifications we use a dummy variable representing the quality of the institution that takes 

the value of 1 if an author in the preprint is affiliated with an institution that is in the top 50 globally ranked 

institutions, according to the Scimago Institutions Research Rankings (details of institutions in this top 50 

globally ranked institution list are provided in Appendix Table A-1), and another dummy variable that takes 

the value of 1 if an author is affiliated with an institution in the top 50 to 100 globally ranked institutions. 

Additional measures include a dummy variable that takes the value of 1 is an author is affiliated with an 

institution in the top 50 ranked institutions in the Nature Publishing Index, and a raw measure of the highest 

Scimago rank of the authors in a given preprint. We also include specifications where we include a dummy 

variable that takes the value of 1 if an author of the preprint has been awarded a prestigious scientific prize 

(the Nobel Prize, a Lasker Prize, a Breakthrough Prize, or a Wolf Prize in medicine or biological sciences) 

since the year 2000 (Table A-7).  

We include a measure of whether the authors provide the data associated with the preprint (or whether it is 

publicly available data), as this could influence audience’s assessments of the quality of the preprint. We 

also include a measure of the number of authors associated with a preprint, whether the author team is 

international or domestic, defined as having multiple country affiliations across preprint authors, as this 

could also influence both quality of the preprint (larger teams have more expertise available to them) and 

the audience’s perceptions of the quality.  

As audiences can see the abstract text before downloading the full PDF, we measure the clarity of the 

writing in the text in the abstract. All things equal, audiences may consider a clearly written piece of prose 

with simple sentence structure indicative of the underlying quality or comprehensiveness of the research. 

More readable academic articles are cited more frequently (Dowling et al 2018; McCannon 2019), and 

 
13 The Scimago Institutions Research Ranking incorporates a variety of research output measures in an index at the 
institutional level and ranks just under 6,500 global institutions across academic, private and government sectors. 
We use the 2019 Research Ranking in this study.  
14 The Nature Index tracks contributions to research articles published in 82 high-quality natural science journals 
and provides absolute and fractional counts of article publication at the institutional level.  
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more likely to be published in higher ranking journals (Fages 2020). To measure writing clarity, we follow 

an approach laid out in Hengel (2022) and use five common and reliable readability measures for text: 

Flesch Reading Ease, Flesh-Kincaid, Gunning Fog, SMOG (Simple Measure of Gobbledegook) and Dale-

Chall.15 In order to simplify interpretation and avoid problems associated with co-linearity, we use mainly 

the Dale-Chall measure in main analysis and the remainder of the measures in ancillary analysis (found in 

Table A-9).  

To account for the possibility that attention is allocated to more relevant or topical issues, and an author’s 

country influences whether they are more likely to engage in more popular topics, we measure similarity 

between the topics addressed in preprints using a latent semantic analysis procedure which generates a 

similarity measure of the words used in the title of the preprint. Specifically, after removing common, short, 

and generic words, we measure the cosine distance between every single pair of titles in the dataset by 

generating component vectors of words across the corpus of titles. We retain pairs that have a similarity 

level greater than 0.25,16 and for each Chinese authored preprint that has at least one other preprint with a 

similarity level greater than 0.25, we generate a topic identifier that is unique for the Chinese authored 

preprint and the non-Chinese authored similar preprints (retaining a maximum of 10 preprints per Chinese 

authored preprint). We run an identical procedure for abstract texts and verified manually that clusters of 

preprints covered similar topics. As an example, one cluster in our sample comprises preprints that examine 

the incubation period of the novel coronavirus using simulation methods and epidemiological data. The 

preprints in the cluster are similar in that they all attempt to estimate the incubation period of the disease, 

but some of the preprints differ in the methods used to estimate incubation period and the data used. We 

also employ graduate students in public health to identify matches between preprints in terms of research 

question, and to additionally distinguish several “topic twin” preprints which have the same research 

question and topic, and “topic and method twins” which have the same research question and employ the 

same methodology.  

In addition, for each COVID-19 and control preprint article we construct preprint-level variables, such as 

scientific discipline and the month the preprint was posted as well as the number of months passed since 

the posting of the preprint.  

 
15 The Flesch Reading Ease formula ranks text in ascending order, whilst the remainder rank them in descending 
order. We multiply the latter set of scores by -1 so that for all reading scores a higher score corresponds to clearer 
writing.  
16 Just under 85% of the sample of preprints had at least one other preprint with similarity score >0.25. We chose 
this cutoff by manually inspecting the clusters of preprints at different similarity levels and ruling out clusters in 
which preprints bore limited similarity in terms of topic or methods.  
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Publication outcomes. Finally, we collect data on the ultimate publication outcome of the preprint from 

the preprint platform and through manual checks of published COVID papers. The preprint platform uses 

an algorithm to scrape all published papers at high frequency and matches these to preprints on the platform 

based on titles and authors. We complement this data with matches we find through implementing a similar 

approach to match to COVID-19 publications found in the NIH’s COVID-19 portfolio.17 For preprints that 

do have a matched publication, we identify the 2019 source (journal) normalized impact factor per paper 

(SNIP), a measure of the frequency with which the average article in a journal has been cited in a particular 

year corrected for field differences, developed by Elsevier Scopus.18 This allows for a measure of the 

outcome of the peer-review evaluative process of the preprint to which we can compare preprint attention 

measures. We also gather details on the number of forward citations at the time of writing of this paper 

(July 2022) (and the publication date) of each published preprint using data from the NIH’s COVID-19 

portfolio.19 

c. Descriptive Statistics  

Mirroring the rise in the rate of COVID-19 cases, the preprint servers medRxiv and bioRxiv observed a 

spectacular growth in the rate of posting of scientific articles related to COVID-19 in the first six months 

of 2020 (Figure A-2a-b). Notably, the Chinese province with the first known cases, Hubei province, 

produced 261 preprints by May 2020, mostly in February and March 2020. Beyond Hubei region, a 

dominance of China on the preprint platforms in the early months of 2020 was in stark contrast to their 

relative absence just prior to the crisis (Table A-2). By the end of May 2020, authors from 94 countries in 

the world had posted preprints on the two servers.  

Table 1 provides some descriptive statistics about the COVID-19 preprints. Preprints have an average of 

eight authors. Around thirty percent of preprints have an international team, and twenty four percent of 

preprints have authors from top 50 ranked institutions. Figure A-4 illustrates the lifecycle of downloads and 

abstract page views following posting on the preprint server. In general, attention measures tend to be 

greatest in the month of posting, rapidly declining following the first month.  

Twenty four percent of preprints in our sample have Chinese authored preprints, and as compared to U.S. 

authored preprints, these preprints tend to have larger teams, authors with a less prominent international 

reputation, and tend to be in lower ranked institutions (Table 1). Preprints by China-based authors are also 

more likely to have been posted in early months of the pandemic. These differences between preprints from 

 
17 https://icite.od.nih.gov/covid19/search/ 
18 https://www.scopus.com/sources.uri 
19 The citation data for nine preprints was missing in this original data collection, and their citation data was 
collected in April 2023. We include a dummy for these articles in the regressions in which citations is the dependent 
variable. 
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different countries provide motivation to include as many control variables as possible in the baseline 

specifications pertaining to reputation of authors and institutions.  

4. Results 
In what follows, we first begin by establishing the existence of country of origin effects on downloads. We 

then turn to elucidating the mechanisms through which these country of origin effects occur.  

a. Empirical strategy  

Our central analysis explores whether a preprint’s authors’ country of origin influences the rate of attention 

to the preprint. Specifically, we measure whether there is a relationship between preprint downloads and 

the authors’ country of origin. We use the following general empirical framework to assess this relationship 

(equation 1).  

Yit = b0 + b1Chinai + b2U.S.i + Xit¶ + eit                   [1] 

Where Yit is the number of downloads (or tweets and news in ancillary analysis) per preprint i in time t, 

and Chinai is a dummy that takes the value of 1 if preprint i has any author affiliated with a Chinese 

institution, and U.S.i is a dummy that takes the value of 1 if preprint i has any author affiliated with a U.S. 

institution.20 We control for the first and last authors’ network and reputation, the percentage of global 

COVID-19 cases in the author’s country of origin (or region) at the time of research, the maximum research 

ranking of paper i author(s)’ institutions, and Xit, a set of preprint-specific control variables reflecting the 

life cycle of preprints and the pandemic as well and variables representing the scientific field, team structure 

and other features of the preprint.  

To directly compare attention on preprint platforms with evaluation criteria in scientific journals, in most 

specifications we include a dummy variable at the preprint level for whether the preprint has been published 

in a peer reviewed journal at the time of writing, and if so, the source normalized journal impact factor 

(SNIP) of the ultimate publication outlet.  

In addition to looking at the total citations received by the published version of the article, as an alternative 

comparison to diffusion through expert controlled platforms, we also consider a number of other outcome 

variables that help us to understand the mechanisms for the country of origin effects. Comparing the number 

of abstract views with the number of PDF downloads per abstract view allows us to consider the possibility 

that author name ethnicity alone influences downloads, because only author names and preprint titles are 

visible at the initial search result stage, but author names and institutions are visible at the abstract view 

stage (the point at which a viewer decides to download a PDF -- see figure A-3). 

 
20 Alternative definitions of authors’ country of origin are explored in appendices.  
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To distinguish between preprints with a more sophisticated or technical audience and those with a less 

specialized, less scientific readership, we make use of data on the number of tweets about a preprint by self-

identified scientists and compare them to tweets by non-scientists, as well as the number of references in 

new articles in science news outlets as compared to non-science news outlets. 

Most of the dependent variables of interest are skewed and non-negative. Due to the large skew in outcomes 

and following tradition in the study of scientific and technical change, we present estimates based on 

ordinary least squares models with inverse hyperbolic sine transformation of the dependent variables. 

Standard errors are clustered at the preprint level (Abadie et al 2017). 

b. Main findings  

In Table 2 we explore the role of preprint author country of origin in attention on preprint platforms. 

Specifically, we ask whether a U.S., or China affiliation results in more or less attention than average. The 

coefficients on U.S. and China show that in general attention is greater for preprints with U.S.-based 

authors, and lower for preprints with China-based authors (column 1).  In terms of the magnitude of these 

differences, column 1 implies that Chinese authored preprints receive just under 10% fewer downloads per 

month as compared to other preprints. This corresponds to just under 100 fewer downloads per month, or 

500 in the 5 months following posting of the preprint.  

We attempt to further account for variation in underlying quality of the work in several ways. In doing so, 

we control for a significant amount of the information available to readers at the time that they would decide 

to download the preprint, and other variables that may affect the actual quality of a preprint.  

First, in case attention is driven by alternative factors which could be correlated with author country of 

origin, such as access to early cases in the first few months of the pandemic, we control for author country 

of origin (or region) COVID-19 cases in column 2, which we argue is a shifter in the cost of doing high 

quality research through enabling access to patients and samples. We find that an author’s country of origin 

(or region) percentage of global COVID-19 cases is significantly associated with the pdf downloads of an 

article, and that the negative coefficient on Chinese author becomes more salient.  

Second, we include controls in the regression framework for differences in the preprint author and 

institution in column 3. Namely, we control for preprint author institution rank, if we consider that authors 

at higher ranked institutions are either more able to produce high quality research or have greater access to 

resources, or that author or institution reputation is driving the result. We find that downloads are strongly 

correlated with the rank of the authors’ institution. We also include controls on the team structure (the 

number of authors, and whether the team is international in nature). This could influence the quality of the 

preprint as well as the attention to the preprint, if authors self-promote or if having more or more diverse 
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authors means a larger reach of the preprint. While we find that preprints with larger author teams are more 

likely to be downloaded, those with international teams are less likely to be downloaded. This finding is 

surprising if we think that a more international team is more likely to have a broader audience, but it could 

reflect a preference for a fully U.S.-based team. We account for the possibility that attention is driven by 

the preprint authors’ reputation or network by including controls for the first and last authors’ H-index, 

cumulative citations, and visibility scores, as well as their number and countries of coauthors at the time of 

the start of the pandemic. The negative association between Chinese author and downloads becomes 

significantly more negative after accounting for these author and author institution level controls. This 

suggests that there are relatively more top ranked institutions and well recognized authors in preprints 

authored by Chinese scientists as compared to the rest of the world, and that on average preprints coming 

from these higher ranked institutions and authors receive more attention.  

Third, we account for the readability of the writing in the abstract text and whether the data is made publicly 

available. If Chinese authors (or any non-native English speakers) have lower quality of writing due to the 

need to write in English, or if they are less likely to share their data, or if they are more likely to present 

novel methods or findings, this could be driving the observed relationship between country of origin and 

attention. A glance at the coefficients for different countries of authorship suggests this is not a primary 

driver of our results: preprints with Canadian, British and Indian authors (where English is an official 

language) do not have significantly higher rates of download (Table A-13). The results remain robust to the 

inclusion of the abstract readability measure and whether the data is made publicly available (column 4), 

implying that the writing quality or novelty in the abstract and data availability is not driving the observed 

effects. Interestingly, our coefficient on our readability metric (the Dale-Chall score) is negative and 

significant at the 1% level, implying that more readable articles are downloaded less. However, our 

estimated relationship between downloads and readability may reflect differences in the complexity of a 

topic/subject area better than writing quality. At the broad field level, the most readable set of preprints in 

our sample are those in epidemiology/public health, and the least readable are in biology, according to the 

Dale-Chall score. 

Fourth, we include a dummy variable at the preprint level for whether the preprint has been published in a 

peer reviewed journal at the time of writing, and if so, the source normalized journal impact factor (SNIP) 

of the ultimate publication outlet. As revealed in column 5, after including these controls the coefficient on 
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Chinese authors remains negative. Thus, we can infer that the gap in attention between Chinese and non-

Chinese authored preprints in preprints is greater than the evaluation gap in the same published articles.21  

We restrict the sample in column 6-7 to just preprints that appear in peer-reviewed journals at the time of 

writing. We report that for this subset of 2,622 preprints, there remains a significant negative relationship, 

similar in magnitude to the main results, between downloads and Chinese authors. Interestingly, in this 

subset of preprints the relationship between U.S. author and downloads is no longer positive and statistically 

significant. This suggests that the relationship between downloads and U.S. authorship is driven by the 

subset of articles which have not yet been published in peer reviewed journals. It may be that U.S. affiliation 

matters more when quality is more uncertain, authors are lower profile or because a preprint is taking longer 

to be published.  

Finally, in column 7 we measure the relationship between forward citations and country of origin. Including 

the same set of controls as we include in the PDF download analysis, we find no statistically significant 

China bias for citations (Figure 2 provides graphical illustrations of the regression results). 

More generally, our data suggest a substantial amount of noise in the relationship between downloads on 

preprint servers and the ultimate publication outcomes of preprints as measured by journal SNIP or total 

citations received by the published version of an article. The unconditional correlation between inverse 

hyperbolic sine transformed PDF downloads of a preprint and the SNIP of the preprint’s eventual journal 

of publication is 0.28, implying that SNIP explains approximately 7.7% of the variation in downloads. 

Although this correlation rises to 0.38 for the most technical articles in our dataset (those with an abstract 

with a Dale-Chall score above the 90th percentile of 13), it appears that downloads of the typical preprint 

are primarily driven by factors other than the criteria used by peer reviewers to assess quality.  

Topics and twins. It is possible that some topics are of greater interest (or of more interest to the preprint 

audience) than others. To the extent that authors from different countries of origin tend to focus their 

research on different topics, this could be driving our result. We compare the rate of attention to a preprint 

with Chinese authors to attention to preprints with similar topics but with authors from elsewhere in the 

world in Table 3.  

As described earlier, we generate several clusters of papers that have similar topics, of varying cluster size. 

We allow for the fact that a single preprint could fall into multiple clusters of preprints, and in these 

instances the preprint is duplicated in our dataset, but we cluster the standard errors at the preprint level. 

 
21 We present results of analysis using alternative measures of country of origin, institution rank, author reputation, 
author network, readability, and journal quality in Tables A-6 through A-10. Robustness tests with alternative samples 
are provided in Table A-11, and analysis of the mediators of the China bias are shown in Table A-12. 
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The regression models include a topic fixed effect, which is generated by using semantic analysis in which 

we assign similarity measures of preprint titles and abstracts (columns 1 and 2), and so coefficients can be 

interpreted as the difference in downloads of a Chinese authored preprint to downloads of a preprint 

produced in the same month on a similar topic by non-China-based authors. Even after accounting for the 

prominence of the ultimate publication outlet of the preprint, the results reveal a large negative relationship 

between downloads and Chinese authors.  

In columns 3-6 of Table 3, and following Bikard (2018), we narrow our focus to pairs of articles that we 

term “topic twins.” The negative effect for China-based authors persists in this sample of preprints matched 

on topic. In our most restrictive sample of twins, we identified 44 Chinese authored preprints with at least 

one topic and method twin, for a total of 99 preprints in this subsample. Even in this narrowly restricted 

sample, we continue to estimate negative differences (albeit not statistically significant owing to the large 

standard errors) between preprints with Chinese authors and other preprints (column 4).22  

Audience country of origin. We consider the possibility that the results are driven by a preference for 

work that is produced in the same country, as opposed to a bias against Chinese authors. Approximately 

20% of visits to medRxiv/bioRxiv over the entire sample period came from the U.S., although this varied 

by month and by site.23 It is well documented knowledge diffusion declines with distance. This dynamic 

exists for a few possible reasons. First, much of the knowledge captured in scientific papers is tacit, and so 

requires some human-to-human contact, which tends to decay over distance. In addition, authors and their 

social circles tend to communicate research and drive attention, which is more likely to be communicated 

within social circles which tend to be geographically close. Second, audiences may think that research 

produced closer to home is more relevant or more trustworthy than that produced far away. Therefore, to 

the extent that preprint website audiences are not evenly distributed throughout the world, this could be 

driving our results.  

We obtain data on the country of origin of the audience of the preprint websites from Google Analytics.24 

While we do not have data on the country of origin of downloads to individual preprints, we have 

information on the aggregate numbers of page views across each site from each country in each month. In 

Figure 3 (regression results found in Appendix Table A-13) we plot the coefficients of the regression of 

 
22 Each set of “twins” contains a China-based preprint and another preprint. Only 18 of the 58 clusters of 
topic/method twins contain one article with a U.S.-based author (for 5 preprints there are two U.S.-based authors, 
and for 35 pairs there is no US-based author), which makes it difficult to reliably identify the effect of having a U.S. 
author conditional on including a twin fixed effect (given that the fixed effect is collinear with the U.S. dummy for 
all but 18 pairs). 
23 See Appendix Figure A-5, which shows that 13 percent site visits in January, and 16 percent in February across 
both preprint servers, came from China. 
24 This data was generously provided by the preprint sites for the purposes of our research.  
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PDF downloads on author country and a host of control variables against the (log of the) number of server 

page views in the country of the preprint authors in the month that the preprint is posted. There appears to 

be little relationship between the country of origin of the preprint authors and the size of the audience from 

the preprint authors’ country,25 implying that something other than a relatively audience in China (as 

compared to the U.S.) could be driving our result.  

c. Potential mechanisms  

Before discussing potential mechanisms underlying the relationship between author country of origin and 

attention, we briefly examine the process by which audiences make their selection of which preprints to 

download. Audiences access the preprint page (where they can download a preprint) via the combined 

medRxiv or bioRxiv landing page or search result page which shows a regularly updated list of titles and 

author names of preprints (Figure A-1a), from which they can select a preprint page to visit, or they might 

be brought directly to a preprint page by an external platform such as twitter and news (Figure A-1b).26 

After arriving on the preprint page, audiences see the abstract of the preprint and author country of origin 

details, and they have the option to download the PDF. Figure A-3 displays a schematic of this process. 

In Table 4 we assess how the China bias presents itself at these different stages. In columns 2 and 3 we 

consider whether Asian name ethnicity of authors, regardless of country of origin, influences the rate of 

PDF downloads of a preprint. We find that preprints with U.S. authors and in which all team members are 

assigned Asian name ethnicity by our algorithm tend to be downloaded less than other preprints with U.S. 

authors, even accounting for whether or not there are China-based authors on the team.  

In column 4 we see that the lower rate of abstract views of Chinese authored preprints is almost identical 

in magnitude to the rate of abstract views of preprints authored by U.S. based researchers with Asian name 

ethnicity. These differences based on author name ethnicity is notable given that author names and preprint 

titles are the only visible aspects of a preprint before arrival on the abstract page of the preprint. That said, 

PDFs of preprints with authors based in the U.S. with Asian name ethnicity are not less likely to be 

downloaded, conditional on the number of abstract views, whilst preprints with China-based authors are 

less likely to be downloaded (column 5). This suggests that the choice to download a preprint conditional 

on being on the abstract page is driven by the observable author institution and country of origin details.   

 
25 However, it is possible that home country bias could still play a role if users in some countries are more biased in 
favor of preprints from their own countries than users in other countries. For example, if U.S. users have a strong 
pro-U.S. bias, while China-based users do not have a pro-China bias. 
26 Users can also sign up for email notifications of newly posted articles, these email notifications arrive as a list of 
titles and author names, with no institutional affiliation or other detail about authors (similar to the display of 
information on the site landing page). 
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We now consider several mechanisms that could be driving this reliance on author country of origin 
information as audiences allocate attention.  

 

i. Twitter and news mentions 

We consider the extent to which a lower rate of downloads to Chinese authored preprints is driven by 

differential promotion in online arenas such as tweets and online news. Given that one way to arrive on a 

preprint page is via external media, insofar as authors in China face barriers to activity on twitter and are 

less likely to be mentioned by news media, this could drive lower rates of attention to Chinese authored 

preprints. Consistent with prior research in this area (Peng et al. 2020), we see that Chinese authored 

preprints are less likely to be mentioned in tweets and news as compared to other preprints (Table 5 columns 

1-2). The inclusion of tweets and news mentions as control variables in the regression of PDF downloads 

on author country of origin reveals that at least some of the China bias is accounted for by these selective 

social media promotions (column 4), although there is still a significant negative coefficient on Chinese 

authors (column 4), implying that other factors also contribute to the relatively lower attention to Chinese 

authored preprints.27  

Interestingly, when we control for tweets and news, the China bias in abstract downloads observed earlier 

becomes statistically insignificant (column 5), whereas the choice to download a PDF, conditional on being 

on an abstract page is still slightly lower for China-based authors (column 6). This implies that the arrival 

on the abstract page could be driven by external platforms, whereas the decision to download the PDF is 

still somewhat affected by the visible author country of origin information.  

Together this evidence is suggestive that, although online promotions appear to partially drive the allocation 

of attention across preprints, some readers are separately influenced by unfavorable attitudes towards 

China-based authors. It is worth noting that, if our results were explained entirely by restrictions on access 

to twitter in China, we would not expect to observe any difference in abstract views for authors with Asian 

name ethnicity from U.S. institutions (however we do observe a lower rate of attention to these authors in 

Table 4). We argue that increased uncertainty, arising from knowledge or time constraints, could be driving 

the reliance on stereotypes and as well as online promotions in preprint platforms. We therefore consider 

 
27 We also found that holding the preprint characteristics fixed using a preprint fixed effect, on months when the 
preprints receive more mentions on tweets, they also receive more PDF downloads (Table A-15). Although this 
relationship cannot be interpreted causally, it does suggest a role for external platforms in diffusing knowledge 
holding constant the inherent time-invariant characteristics of a preprint.  
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the extent to which the effect of the country of origin on attention is mitigated for papers with more 

sophisticated audiences and on less-crowded days. 

 

ii. Audience sophistication 

We ask whether the presence of different types of evaluators and audiences on open platforms could be 

driving the lower attention to Chinese authored preprints. Non-expert, or “less sophisticated” audiences 

could have a different taste or assessment of quality than that of experts. We explore whether this can 

explain our main finding in a few different ways.  

We use a variety of outcomes to attempt to tease out whether knowledge diffuses differently amongst 

different audience “types”. Namely, we divide tweets and news mentions into those by scientists or science 

outlets respectively, and the remainder. We find that the China bias amongst non-scientist tweets and non-

science news is much larger than that in scientist tweets and science news (Table 6 columns 1-428). We also 

divide the sample of preprints into those with above and below median technical nature of the abstract 

(above and below median Dale-Chall abstract score) and run the main regression on each sample separately. 

We present the results in Table 6, columns 5 and 6. The results reveal that the China bias is much more 

prevalent in the sample of preprints with less technical abstracts. We interpret this result as suggestive that 

the China bias is driven by less sophisticated audiences, who would be more focused on less technical (more 

readable) preprints.  

 

iii. Crowding 

To the extent that biases are driven by scarce attention, we would expect to see greater reliance of 

informational cues when there are time constraints amongst audience members. We test this by evaluating 

whether the China bias increases on days when more preprints are released. Table 7 reveals that on average, 

preprints are less likely to be downloaded on days when more preprints are released. More importantly 

though, Chinese authored preprints suffer a greater negative effect of crowding than other preprints (column 

3). This is consistent with our argument that the greater quantity and unknown quality of work on preprint 

platforms may lead audiences to rely on external cues to a greater extent, contributing to the China bias. 

 

d. Taste-based or statistical discrimination 

 
28 The difference between the Chinese author coefficient in the specification with non-scientist tweets as an 
outcome, and scientist tweets as an outcome is 0.12, and the difference is statistically significant at the 1% level 
(estimated using a fully interacted stacked regression).  
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Until this point we have assumed that lower attention to Chinese articles could be due to biased preferences, 

or taste-based discrimination, which arise from audience members’ unfavorable attitudes towards a 

particular group of knowledge producers (Becker 1957). However, could the difference in downloads of 

Chinese articles reflect statistical discrimination, that is, discrimination based on the belief that the average 

quality of Chinese articles is lower or the variance in quality is higher (Phelps 1972)?29 To test this 

hypothesis, we use information about the publication outcomes of articles posted on bioRxiv prior to the 

pandemic.30 This has the advantage of representing the knowledge that was available to users of the platform 

prior to the pandemic, and most closely approximates what users might have known about the publication 

outcomes of Chinese-authored preprints prior to the pandemic.  

Although we find that Chinese authored preprints in the pre-COVID preprint sample are 14%  less likely 

to be published than other preprints (Table A-3),31 among those preprints that were eventually published, 

there is no significant difference in the journal SNIP of Chinese (mean SNIP of 1.361) and non-Chinese 

articles (mean SNIP of 1.431).32 Insofar as audiences are discounting Chinese articles at a rate proportional 

to the pre-COVID publication rate we might expect to see around 14% fewer downloads of Chinese 

authored preprints in our sample. That said, if avoidance of preprints by China-based authors is explained 

by statistical discrimination based on a sophisticated understanding of the publication rates of previously 

posted preprints, we would also expect to see variation in attention to China-based authors in proportion to 

publication rates for other groups of authors, such as those from lower ranked Chinese institutions. As noted 

by Bartoš et al. (2016), conventional models of statistical discrimination would predict that available signals 

of quality should reduce discrimination, and we would expect that preprints by well-known authors from 

the very top Chinese institutions would receive as many downloads as comparable authors outside China. 

As shown in Table A-12 we observe no additional bias against Chinese authors from lower ranked 

 
29 Theories of statistical discrimination posit that employers will discriminate against job applicants of specific 
ethnicities if they believe that the average ability of applicants in these ethnicities is lower, and if the cost of 
obtaining more information on a particular applicant is high (Phelps, 1972, p. 659). Aigner and Cain (1977) 
extended this concept to include differences in the variance of skills across groups. 
30 MedRxiv was founded only in 2019, so we cannot reliably examine pre-covid preprints on this server. 
31 Table A-3 also finds that controlling for publication outcomes, the China bias is greater in COVID preprints as 
compared to preprints posted before COVID. This is consistent with the idea that during the pandemic, the increase 
in (general) attention to preprints as well as an increase in the posting of preprints could have led to a greater 
reliance on external cues, exacerbating biases.  
32 Similarly, we also restrict attention to COVID-19 articles with the idea that users of the platforms in April and May 
would have had access to information on the publication outcomes of articles posted in earlier months. We assess 
whether the download patterns in April and May accurately reflect information revealed about differences in average 
quality of articles posted in January and February. While we find no statistically significant difference in the SNIP of 
Chinese-authored and other articles published prior to April 2020, we do find that Chinese articles posted in January 
and February are 14.4% less likely to be published by April 2020 (relative to non-Chinese articles first posted in the 
same months). This is very similar to the pre-COVID differences in publication rate and so we can tentatively infer 
that audiences are not learning new information about Chinese articles in the first few months of the pandemic.  
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institutions (and no reduction in the bias for high-ranked institutions or other signals of author quality for 

China-based authors). This is more consistent with preference-based discrimination because it is not 

mitigated by observable signals of author quality.  However, in contrast to labor market contexts in which 

racial discrimination may reflect employers’ preferences to work with people from particular groups, it is 

unclear why readers would prefer to read articles from a particular country of origin all else equal. Our 

results may instead be consistent with “attention discrimination” (Bartoš et al. 2016), in which decision-

makers allocate initial attention to information about candidates based on beliefs about group 

characteristics.33 This is consistent with our finding that name ethnicity alone is associated with the decision 

to view the abstract of a preprint, but not with downloads conditional on abstract views. It is also consistent 

with the idea that institution rank does not mitigate China bias, because biased readers appear to be avoiding 

articles at the abstract view stage based on name ethnicity, and not allocating effort to learn more about the 

quality of China-based authors (e.g. by reading the abstract and viewing information on institutional 

affiliations).34 35   

To summarize, we use a variety of tests and outcomes to better understand the mechanism driving a 

relatively lower attention to Chinese-authored preprints. We combine data on author name ethnicity, 

abstract views and PDF downloads to provide evidence consistent with the idea that author name ethnicity 

affects the decision to view an abstract upon arrival at the preprint landing page, but not the choice to 

download a preprint conditional on being on the abstract page. That choice is however affected by the 

observable author institution country of origin details visible on the abstract page. Data on tweets and news 

mentions reveal that online promotions fully explain lower abstract views among China-based authors (the 

 
33 Bartoš et al. (2016) find that minority names reduce attention paid by employers to resumes, and develop a model 
in which this is motivated by beliefs about lower expected benefits of allocating attention to minority groups. 
34 See Brandon et al. (2022) for a similar finding of little heterogeneity across education levels in callback rates for 
resumes with stereotypically Black names. In a result similar to our findings about the effects of knowledge and time 
constraints in Tables 6 and 7, (Bartoš et al. (2016) show experimentally that attention discrimination is larger when 
more effort is required to gather information about a candidate. 
35 In supplementary analysis, we also evaluate the extent to which the China bias could stem from perceptions of 
political influence or censorship, particularly during the COVID-19 pandemic, which might raise concerns about the 
generalizability of the results. As of April 2020, China’s Ministry of Education required COVID research to be cleared 
by officials before submission for publication (Zhang 2021). If users of preprint platforms were concerned that the 
reliability of preprints was compromised by censorship, they may have reduced attention to Chinese articles for this 
reason. We investigate this mechanism in the following ways. First, we identify any differences in attention to articles 
posted prior to April 2020, as these preprints were not affected by the Ministry of Education vetting policy. Second, 
we classify preprints as potentially politically sensitive if they contain a list of words relating to the origins of COVID-
19 or the success of China’s pandemic response. Results estimated in the sample restricted to preprints posted in 
months prior to April are similar to those based on preprints posted between January and May inclusive. We interact 
a dummy for preprints about COVID origins with the Chinese author dummy and find a positive interaction effect. 
Readers thus appear to have been attracted to, rather than avoidant of, Chinese articles about the origins of the 
pandemic. We also observe that preprints relating to public health and pandemic control measures from China do not 
receive significantly less attention than other Chinese-authored preprints after accounting for the general level of 
interest in their subject matter (Table A-14). 
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preprint’s first page), but only partially explain country of origin bias in PDF downloads (after audiences 

see more institutional details). Lastly, we use data on tweeter and news ‘type’ and the number of preprints 

posted each day to show that the reliance on country of origin becomes more relevant under more 

constrained conditions (e.g. when the audience is less sophisticated or there is more competition for 

attention). Taken together, this evidence suggests a role for attention-based country of origin discrimination 

that goes beyond barriers to twitter access in China and pure home country bias. 

 

Discussion  

The rising use of online platforms designed to disseminate early research findings makes it possible for 

researchers anywhere in the world to find an audience immediately and at no cost. However, the challenge 

of sifting through the large volume of preprints posted during the COVID-19 pandemic raises the question 

of how audiences allocate attention. In contrast to the evaluation criteria in scientific journals, and citations 

in peer reviewed journals, which are restricted to people who are on the forefront of science, downloads on 

open platforms may be driven by alternative social cues or proxies for quality, which could be biased. This 

study explores the relationships between author country of origin and the diffusion of knowledge on new 

platforms. Measuring rates of attention to preprints in the context of the first months of the COVID-19 

pandemic, we find that the country of origin of preprint authors is a determinant of attention. Specifically, 

we find that preprints with Chinese based authors tend to receive less attention than would be predicted by 

the prominence of the eventual publication outlet of the article compared to those with authors from the rest 

of the world, even after accounting for measures including the social network of authors, the proximity of 

Chinese scientists to early COVID-19 cases, and the topic of the articles.  

We find support for the idea that the evaluation constraints and uncertainty associated with less-expert 

audiences and different quantity and quality of work on preprint platforms lends itself to more bias in 

evaluation against Chinese articles as compared to that in scientific journals. More practically, a cautionary 

tale is offered that open, uncurated platforms and discussion of new research on social networks such as 

twitter may help level the playing field for global scientists, but they appear to do so in an uneven way. The 

emergence of rapid reviews and alternative forms of curation of new findings are one way to overcome 

some of the challenges associated with online science communication platforms. Future research should 

seek to understand the relative costs and benefits of these novel mechanisms.  

In contexts where the latest findings from scientists are critical, it is important to understand how the design 

of platforms for science communication influences the allocation of attention. To respond to global 
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challenges such as pandemics or the consequences of climate change, we must consider how tradeoffs 

between openness and quality certification may determine how new scientific findings reach audiences.
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Figures & Tables 

Figure 1. Rate of attention to COVID-19 preprints  

 

Note: We plot the number of preprints posted by different country of origin of authors in the early months of 2020. 

Figure 2. Rate of attention to COVID-19 preprints  

 

Note. We plot the coefficients with standard error bars of the regression of pdf downloads and citations (the latter 
includes only the sample of published preprints) on different ‘types’ of authors (and a full suite of controls including 
posting month, scientific field, first and last author network and reputation, COVID-19 cases in author’s location, 
institution rank, data availability, size and international nature of team, readability scores of the abstract, and SNIP 
of journal).  
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Figure 3. PDF downloads and authors’ country audience size  

 

Note. We plot the author country coefficient of the regression of pdf downloads on author country, and a full suite of 
controls including preprint age (in months) fixed effects, month of posting and scientific field, as well as a control 
for the source of the preprint (medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, 
COVID-19 cases in author’s location, institution rank, data availability, size and international nature of team, 
readability scores of the abstract and SNIP of eventual publication outlet, against the log of the total medRxiv and 
bioRxiv pageviews coming from the authors’ country (or in the case of multiple author countries, the country with 
the highest page views) between January and May 2020.
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Table 1. Descriptive statistics of COVID-19 preprints  

Note: Our study sample consists of the full set of 4,443 preprints on COVID-19 related topics posted prior to May 
31, 2020 on the preprint servers bioRxiv.org and medRxiv.org. The number of observations in the right panel adds 
to more than 4,443 because preprints can have authors from more than one region. The bottom two rows display 
statistics for published articles only.

Variable  
Full sample  
(N=4,443) 

 
 
 

Chinese 
author 
(N=1,053) 

U.S. 
author 
(N=1,502) 

Rest of 
world 
author 
(N=2,102)  

 Mean Std 
Dev 

Min  Max Mean 

Month posted  4.15 0.95 1 5 3.47 4.22 4.39 
Number of authors 8.57 9.11 1 178 11.50 9.97 6.61 
International team 0.31 0.46 0 1 0.37 0.45 0.25 
First and last author average H-index 15.56 15.28 0 162 11.94 19.52 14.60 
First and last author average citations 3023 7168 0 141,695 1709 4435 2667 
First and last author average Altmetrics citations 1019 3131 0 90,582 391 1564 913 
First and last author average number of coauthors 291 664 0 12,719 161 352 306 
First and last author average number of coauthors’ 
and affiliation countries 

10 11 0 95 6 12 11 

Author in top 50 ranked institutions  0.24 0.43 0 1 0.30 0.45 0.098 
Ranking of last author institution 548 1033 0 6156 628 504 538 
Ranking of first author institution 576 1074 0 6156 698 567 523 
Data made publicly available   0.61 0.49 0 1 0.55 0.60 0.63 
Biology 0.16 0.37 0 1 0.17 0.19 0.15 
Medicine 0.42 0.49 0 1 0.53 0.39 0.38 
Epidemiology or public health 0.39 0.49 0 1 0.28 0.39 0.45 
Pharmaceuticals 0.0086 0.092 0 1 0.012 0.012 0.0048 
        Number pdf downloads per month 936 7,174 0 658,207 1,180 1,295 569 
Number abstract views per month 1,948 12,727 0 743,364 2,796 2,453 1,218 
Number pdf downloads in first month 2,270 14,547 0 658,207 2,340 3,438 1,389 
Number abstract views in first month 4,915 21,922 0 574,400 6,279 6,639 3,182 
Is published in a peer reviewed journal  0.59 0.49 0 1 0.53 0.64 0.59 
Source normalized impact factor of journal 
(conditional on publication)  

1.61 1.88 0 16.04 1.57 1.98 1.36 

Number forward citations (conditional on 
publication) 
N 

100 109 0 14,153 186 121 70 
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Table 2. Relationship between author country of origin and PDF downloads of COVID-19 preprints36 
 (1) (2) (3) (4) (5) (6) (7) 
Dependent Variable:  
(IHS transformed)   

PDF downloads Citations 

Sample All preprints Published preprints 
U.S. author 0.29*** 

(0.033) 
0.29*** 
(0.033) 

0.10*** 
(0.035) 

0.093*** 
(0.035) 

0.083** 
 (0.035) 

0.015 
(0.044) 

0.038 
(0.062) 

Chinese author -0.099** 
(0.038) 

-0.13*** 
(0.038) 

-0.22*** 
(0.039) 

-0.22*** 
(0.039) 

-0.17*** 
(0.038) 

-0.21*** 
(0.052) 

0.093 
(0.079) 

Author region % of global COVID-
19 cases 

 0.70*** 
(0.15) 

0.45*** 
(0.14) 

0.44***      
 (0.14) 

0.43*** 
(0.13) 

0.45*** 
(0.17) 

0.52 
 (0.32) 

Author in top 50 ranked institution   0.18*** 
(0.039) 

 0.18***  
(0.039) 

0.13*** 
(0.039) 

0.15*** 
 (0.050) 

0.14** 
(0.069) 

Author in top 50-100 ranked institution   -0.0084 
(0.058) 

-0.013 
(0.058) 

-0.022 
(0.056) 

-0.024 
 (0.071) 

0.037 
(0.094) 

Number of authors   0.031*** 
(0.0024) 

0.030*** 
(0.0023) 

0.026*** 
(0.0021) 

0.026*** 
(0.0025) 

0.022 
(0.094) 

International team   -0.089*** 
(0.031) 

-0.084*** 
(0.031) 

-0.078** 
(0.031) 

-0.084** 
(0.040) 

-0.030 
(0.058) 

Data publicly available    0.013 
(0.032) 

0.0042 
(0.032) 

-0.0044 
 (0.044) 

0.076 
(0.064) 

Readability    -0.052*** 
(0.014) 

-0.046*** 
(0.013) 

-0.019 
(0.018) 

-0.11*** 
(0.028) 

Published in peer reviewed journal     -0.0029 
(0.033) 

  

Source Normalized Impact Factor of 
publication 

    0.11*** 
(0.014) 

0.11*** 
(0.014) 
 

0.18*** 
(0.024) 
 

First and last author network and 
reputation controls 

  X X X X X 

Mean of dependent variable  935.66 1112.43 108.73 
Nb observations 22,215 22,215 22,215 22,215 22,215 13,110 2,622      
Nb preprints 4,443 4,443 4,443 4,443 4,443 2,622 2,622 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed monthly pdf 
downloads as the dependent variable in columns 1-6, and total citations in column 7. All models include a full set of fixed 
effects for calendar month of preprint posting, and preprint age (in months), as well as a control for the source of the 
preprint (medRxiv.org/bioRxiv.org) and the scientific field of the preprint. Columns 6-7 are based on 2,622 published 
preprints only. Column 7 also includes journal publication month fixed effects. Standard errors are clustered at the level 
of the preprint. The mean of the untransformed dependent variable is provided.   

 
36 Unreported coefficients for column 5 provided in Table A-4. Results and full coefficients reported of a specification 
with all control variables inverse hyperbolic sine transformed provided in Table A-5.  
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Table 3. Attention and preprint topic  

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. The sample 
of preprints are those that are identified as having other ‘similar’ preprints based on title words in column 1, abstract words in 
column 2, or manually identified topic and topic and method twins in columns 3-6. Each cluster of similar preprints contains at 
least one Chinese-authored preprint, and at least one non-Chinese authored preprint. Preprints can be duplicated across clusters, 
and standard errors are clustered at the level of the preprint. All models include a full set of preprint age (in months) fixed effects, 
month of posting and scientific field, a control for the source of the preprint (medRxiv.org/bioRxiv.org), controls for first and last 
author network and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international 
nature of team, readability scores of the abstract, whether or not the preprint is published in a peer-reviewed journal at the time of 
writing, and SNIP of eventual publication outlet. Columns 5-6 include a fixed effect for month of publication in peer-reviewed 
journal. Specifications also include a fixed effect for the unique identifier for the group of preprints that the preprint falls into 
based on the overlap in title or abstract words, or for the twin set of preprints. The mean of the untransformed dependent variable 
is provided. 

 (1) (2) (3) (4) (5) (6) 

Dependent 
variable: 
(IHS transformed)   

PDF downloads Citations 

Matched sample Title 
Similarity 

Abstract 
Similarity 

Topic twins Topic and 
method twins 

Topic twins Topic and 
method twins 

       
Chinese author -0.20*** 

(0.056) 
-0.26*** 
(0.065) 

-0.38*** 
(0.073)  

-0.26 
(0.18) 

0.17 
(0.16) 

0.063 
(0.39) 

Controls X X X X X X 
       
Mean of dependent 
variable 

1242.87 1254.06 1518.67 1756.71 111.11 120.00 

Nb observations  50,395 17,590 2,070 580 414 116 
Nb preprints 3,097 879 304 99 304 99 
Nb clusters 920 392 207 58 207 58  
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Table 4. Author name ethnicity and attention to COVID-19 preprints 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. The 
independent variable “U.S. author, all Asian name ethnicity” takes the value of 1 if any preprint author is affiliated with a U.S. 
institution, and if all authors are assigned Asian name ethnicity according to the NamePrism name analysis approach. All models 
include a full set of fixed effects for month of posting, preprint age (in months) and scientific field, as well as a control for the 
source of the preprint (medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, COVID-19 cases in 
author’s location, institution rank, data availability, size and international nature of team, readability scores of the abstract, 
whether or not the preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. 
Standard errors are clustered at the level of the preprint. The mean of the untransformed dependent variable is provided.    

 (1) (2) (3) (4) (5) 

Dependent variable:  
(IHS transformed)   

PDF downloads Abstract 
views 

PDF download 
per abstract 

view 
      
U.S. author 0.083** 

(0.035) 
0.11*** 
(0.037) 

0.099*** 
(0.036) 

0.12*** 
(0.033) 

-0.0055 
(0.0089) 

Chinese author  -0.17*** 
(0.038) 

-0.16*** 
(0.038) 

-0.18*** 
(0.038) 

-0.099*** 
(0.034) 

-0.033*** 
(0.0091) 

U.S. author, all Asian name 
ethnicity  

 -0.18*** 
(0.066) 

 
 

-0.18*** 
(0.056) 

0.00065 
(0.017) 

U.S. author, all Asian name 
ethnicity, no Chinese coauthors  

  -0.22** 
(0.085) 

  

Controls X X X X X 
      
Mean of dependent variable 935.66 935.66 935.66 1948.76  0.54 
Nb observations  22,215 22,215 22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443 4,443 4,443 



 37 

Table 5. Knowledge diffusion via external platforms  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. The 
dependent variable in column 1 is the number of tweets about the preprint, in column 2 it is the number of news articles that 
reference the preprint, in column 3-4 it is the number of pdf downloads, in column 5 it is the number of times a preprint’s abstract 
was viewed, and in column 6 it is pdf downloads per abstract view. Every column includes a full set of fixed effects for month of 
posting, preprint age (in months) and scientific field, as well as a control for the source of the preprint 
(medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, COVID-19 cases in author’s location, 
institution rank, data availability, size and international nature of team, readability scores of the abstract, whether or not the 
preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are 
clustered at the level of the preprint. The mean of the untransformed dependent variable is provided.   

  

 (1) (2) (3) (4) (5) (6) 
Dependent variable: 
(IHS transformed)   

Tweets News 
articles 

PDF downloads  
   

Abstract 
downloads 

PDF per 
abstract 

download 
       
U.S. author 0.050 

(0.036) 
0.040** 
(0.018) 

0.083** 
(0.035) 

0.051** 
(0.024) 

0.057*** 
(0.018) 

-0.0061 
(0.0084) 

Chinese author -0.20*** 
(0.040) 

-0.039* 
(0.021) 

-0.17*** 
(0.038) 

-0.078*** 
(0.026) 

-0.016 
(0.020) 

-0.032*** 
(0.0089) 

Tweets (IHS 
transformed) 

   0.42*** 
(0.0097) 

0.43*** 
(0.0088) 

0.0025 
(0.0027) 

News articles (IHS 
transformed) 

   0.28*** 
(0.014) 

0.26*** 
(0.011) 

0.015*** 
(0.0043) 

Controls X X X X X X 
       
       
Mean of dependent 
variable 

32.76 1.00 935.66 935.66 1948.76  0.54 

Nb observations  22,215 22,215 22,215 22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443 4,443 4,443 4,443 
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Table 6. Audience and attention  

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. The dependent 
variable in columns 1 and 3 represent the monthly number of tweets and news references by non-scientists and non-science outlets, 
respectively. The dependent variable in columns 2 and 4 represent the monthly number of tweets and news references by scientists and 
science outlets, respectively. In columns 5 and 6 the sample of preprints is split into those with below and above median measure of 
the Dale-Chall readability score. All models include a full set of preprint age (in months) fixed effects, month of posting and scientific 
field, as well as a control for the source of the preprint (medRxiv.org/bioRxiv.org), controls for first and last author network and 
reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature of team, readability 
scores of the abstract, whether or not the preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual 
publication outlet. Standard errors are clustered at the level of the preprint. The mean of the untransformed dependent variable is 
provided.   

  

 (1) (2) (3) (4) (5) (6) 

       

Dependent variable:  
(IHS transformed) 

Non-scientist 
tweets 

Scientist 
tweets  

Non-science 
news 

Science 
news 

PDF downloads 

Sample Full sample Below median 
technical 
abstract 

Above median 
technical 
abstract 

U.S. author 0.047 
(0.037) 

0.0093 
(0.018) 

0.028** 
(0.014) 

0.012** 
(0.0058) 

0.078 
(0.052) 
 

0.10** 
(0.047) 

Chinese author -0.20*** 
(0.040) 

-0.080*** 
(0.020) 

-0.030* 
(0.017)  

-0.010 
(0.0065) 

-0.26*** 
(0.054) 

-0.10** 
(0.053) 

Controls X X X X X X 
       
Mean of dependent 
variable 

31.05 1.71 0.53 0.085 891.20 980.11 

Nb observations  22,215 22,215 22,215 22,215 11,105 11,110 
Nb preprints 4,443 4,443 4,443 4,443 2,221 2,222 
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Table 7. The role of crowding in the allocation of attention  

 

 

 

 

 

 

 

 

 

 

 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. The dependent 
variable is the IHS transformed number of pdf downloads. Column 2 controls the number of preprints released on the same day as 
preprint i, while column 3 adds the interaction of this variable with the dummy for Chinese authorship. All models include a full set of 
preprint age (in months) fixed effects, month of posting and scientific field, as well as a control for the source of the preprint 
(medRxiv.org/bioRxiv.org), first and last author network and reputation, COVID-19 cases in author’s location, institution rank, data 
availability, size and international nature of team, readability scores of the abstract, whether or not the preprint is published in a peer-
reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are clustered at the level of the 
preprint. The mean of the untransformed dependent variable is provided.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 (1) (2) (3) 
Dependent variable:  
(IHS transformed)   

PDF downloads 

U.S. author 0.083** 
(0.035) 

0.083** 
(0.034) 

0.085** 
(0.034) 

Chinese author -0.17*** 
(0.038) 

-0.18*** 
(0.038) 

-0.015 
(0.087) 

Number of preprints released on the same 
day 

 -0.0038*** 
(0.0011) 

-0.0031*** 
(0.0011) 

Chinese author X number of preprints 
released on the same day 

  -0.0036** 
(0.0016)  

Mean of dependent variable 935.66 
 

Nb observations  22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443 
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APPENDICES  

 

Table A-1. Top 50 ranked global institutions in the Scimago 2019 research ranking list  

Rank Institution Country 

1 Chinese Academy of Sciences  CHN 

2 Centre National de la Recherche Scientifique  FRA 

3 Ministry of Education of the People's Republic of China CHN 

4 Harvard University  U.S.  

5 American Cancer Society U.S.  

6 Russian Academy of Sciences  RUS 

7 Helmholtz Gemeinschaft  DEU 

8 Harvard Medical School U.S.  

9 Tsinghua University  CHN 

10 Stanford University  U.S.  

11 Max Planck Gesellschaft  DEU 

12 Consejo Superior de Investigaciones Cientificas  ESP 

13 University of Oxford GBR 

14 University College London GBR 

15 University of Michigan, Ann Arbor  U.S.  

16 Johns Hopkins University  U.S.  

17 University of Toronto CAN 

18 The University of Hong Kong  HKG 

19 National Institutes of Health  U.S.  

20 Peking University  CHN 

21 University of Washington  U.S.  

22 Massachusetts Institute of Technology  U.S.  

23 University of Cambridge  GBR 

24 Shanghai Jiao Tong University  CHN 

25 University of California, Los Angeles  U.S.  

26 Veterans Affairs Medical Centers  U.S.  

27 Zhejiang University  CHN 

28 Universidade de Sao Paulo BRA 

29 University of Pennsylvania  U.S.  
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30 Columbia University  U.S.  

31 Imperial College London GBR 

32 University of California, Berkeley  U.S.  

33 Institut National de la Sante et de la Recherche Medicale  FRA 

34 University of California, San Diego  U.S.  

35 University of Tokyo  JPN 

36 University of Sydney AUS 

37 Yale University  U.S.  

38 Cornell University  U.S.  

39 Consiglio Nazionale delle Ricerche  ITA 

40 National University of Singapore  SGP 

41 University of Melbourne AUS 

42 University of Maryland, Baltimore U.S.  

43 University of California, San Francisco  U.S.  

44 Sorbonne Universite  FRA 

45 Duke University  U.S.  

46 University of Wisconsin, Madison  U.S.  

47 The University of British Columbia CAN 

48 The University of Queensland  AUS 

49 Graduate University of the Chinese Academy of Sciences CHN 

50 Swiss Federal Institute of Technology CHE 
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Table A-2. COVID-19 preprint characteristics as compared to pre-COVID-19 preprint characteristics  

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: difference of means test compares mean values across COVID-19 preprints and preprints posted just prior to COVID-19 (second 
half of 2019). *,**, *** represent significance at the 0.1, 0.05 and 0.01 level respectively.  

  

 COVID-19 preprints 
(N=4,443) 

Preprints prior to 
COVID-19 (2019) 

(N=10,637) 
Variable Mean Std Dev Mean  Std Dev 
Number of authors 8.568*** 9.112 7.758 9.297 
Chinese authors 0.237*** 0.425 0.0807 0.272 
U.S. authors 0.338 0.473 0.516*** 0.500 
International team 0.308 0.462 0.386*** 0.487 
Authors in top 50 ranked institutions  0.242 0.429 0.360*** 0.480 
Data made publicly available   0.609*** 0.488 0.195 0.396 
Biology  0.164 0.370 0.738*** 0.440 
Medicine 0.420*** 0.494 0.125 0.331 

Number pdf downloads per month 935*** 7,174 35 1,196 
Number abstract downloads per month 1,948 *** 12,727 202 4,333 
Number pdf downloads in first month 2,269*** 14,546 50 2,245 
Number abstract downloads in first 
month 

4,915*** 21,922 652 9,582 
Number tweets per month 
N 

16.84*** 75 3 10 
Number tweets in first month 50.15*** 130 12 18 
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Table A-3. China bias in pre-COVID (2018) preprints  

 

 

 

 

 

 

 

 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. All models 
include a full set of preprint age (in months) fixed effects, month of posting and scientific field, controls for author’s institution rank, 
size and international nature of team, and SNIP of eventual publication outlet. Standard errors are clustered at the level of the preprint. 

 

  

 (1) (2) (3) 
Dependent Variable:  PDF 

downloads 
Publication  SNIP 

U.S. author 0.014 
(0.013) 

0.010 
(0.012) 

0.047** 
(0.019) 

Chinese author -0.072*** 
(0.021)  

-0.14*** 
(0.025) 

-0.057 
(0.039) 

Controls   X   X X 

Mean of the dependent variable   12.04 0.55 1.43 
Nb observations  71,568 11,928     6,524 
Nb preprints 11,928 11,928     6,524 
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Table A-4. Unreported coefficient in main analysis regression (from main Table 2 - column 5) 

 

  Variable PDF downloads 
  
Medrxiv -0.063 (0.074) 
Epidemiology/public health  -0.18** (0.079) 
Medicine -0.043 (0.074) 
Pharmaceuticals 0.12 (0.14) 
Other subject  0.067 (0.12) 
Last author cumulative citations -0.0000024 (0.0000027) 
Last author h-index  0.0040*** (0.0014) 
Last author altmetrics score 0.000016*** (0.0000052) 
Last author number coauthor or affiliation countries -0.00024 (0.0016) 
Last author number coauthors -0.000082*** (0.000017) 
First author cumulative citations 0.0000023 (0.0000073) 
First author h-index  0.0018 (0.0024) 
First author altmetrics score 0.000019 (0.000016) 
First author number coauthor or affiliation countries -0.0011 (0.0025) 
First author number coauthors -0.000015 (0.000030) 
First author/last author maximum number U.S. 
based coauthors 

0.00022 (0.00017) 
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Table A-5. Main analysis regression with inverse hyperbolic sine transformed control variables  

 

  Variable PDF downloads 
  

U.S. author 0.074* (0.038)  
Chinese author -0.23*** (0.040) 
Author region % of global COVID-19 cases (IHS transformed)  0.43*** (0.15) 
Author in top 50 ranked institution 0.14*** (0.039)  
Author in top 50-100 ranked institution -0.047 (0.057)  
Number of authors (IHS transformed) 0.30*** (0.020) 
International team -0.096*** (0.032) 
Data publicly available -0.0018 (0.032) 
Readability (IHS transformed) -0.15* (0.081) 
Published in peer reviewed journal -0.17** (0.043) 
Source Normalized Impact Factor of publication (IHS transformed) 0.30*** (0.034) 
Medrxiv -0.087 (0.075) 
Epidemiology/public health  -0.12 (0.081) 
Medicine  -0.025 (0.076) 
Pharmaceuticals 0.099 (0.14) 
Other subject  0.082 (0.12) 
Last author cumulative citations (IHS transformed) 0.030 (0.023) 
Last author h-index (IHS transformed) -0.036 (0.053) 
Last author altmetrics score (IHS transformed) 0.028*** (0.012) 
Last author number coauthor or affiliation countries (IHS transformed) -0.037 (0.029) 
Last author number coauthors (IHS transformed) -0.024*** (0.0075) 
First author cumulative citations (IHS transformed) -0.012 (0.024) 
First author h-index (IHS transformed) 0.028 (0.050) 
First author altmetrics score (IHS transformed) 0.028*** (0.011) 
First author number coauthor or affiliation countries (IHS 
transformed) 

-0.050 (0.030) 
First author number coauthors (IHS transformed) 0.015* (0.0084) 
First author/last author maximum number U.S. based coauthors (IHS 
transformed) 

0.013 (0.011) 
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Table A-6. Alternative measures of author country of origin 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome 
variables. All models include a full set of preprint age (in months) fixed effects, as well as a control for the source of 
the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and last author network 
and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature 
of team, readability scores of the abstract ,whether or not the preprint is published in a peer-reviewed journal at the 
time of writing, and SNIP of eventual publication outlet. Standard errors are clustered at the level of the preprint. 

 (1) (2) (3)  (4)  (5) (6)  
Dependent variable  PDF downloads  
Country of origin measure 
used  

Any author Single 
country team  

First 
author 

Last 
author 

Only 
middle 

author(s) 

Coefficient Nb 
preprints 

U.S. author 0.083** 
(0.035) 

0.13*** 
(0.046) 

0.11*** 
(0.041) 

0.081** 
(0.038) 

0.0099 
(0.058) 

 1,502 

Chinese author -0.17*** 
(0.038) 

-0.097** 
(0.048) 

-0.17*** 
(0.042) 

-0.14*** 
(0.042) 

-0.0020 
(0.088) 

 1,053 

First, not last, author U.S.      0.048 
(0.083) 

142 

First, not last, author China      -0.25*** 
(0.072) 

162 

Last, not first, author U.S.       -0.0034 
(0.072) 

231 

Last, not first, author China      -0.12 
(0.10) 

65 

First and last author U.S.       0.13*** 
(0.044) 

835 

First and last author China      -0.16*** 
(0.046) 

724 

Only middle author U.S.       0.038 
(0.060) 

294 

Only middle author China      -0.080 
(0.089) 

102 

Controls  X X X X X  X  

Mean of the dependent 
variable 

935.66   

Nb preprint-month observations  22,215 22,215 22,215 22,215 22,215 22,215  
Nb preprints 4,443 4,443 4,443 4,443 4,443 4,443  



 

 47 

Table A-7. Alternative measures of institution and author reputation   

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. All models include a full set of preprint 
age (in months) fixed effects, as well as a control for the source of the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and 
last author network and reputation, COVID-19 cases in author’s location, data availability, size and international nature of team, readability scores of the abstract, 
whether or not the preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are clustered at 
the level of the preprint.

 (1) (2)  (3) (4) (5) (6)  
Dependent variable  PDF downloads 

Reputation measure used  Any author in 
top 50 ranked  
Scimago 

Any 
author in 
top 100 
ranked 
Nature 

 Log 
Scimago 
rank 
(highest 
rank 
amongst 
authors) 

Log first author 
Scimago rank 

Log last author 
Scimago rank 

Any prize 
winning 
author 

 

U.S. author 0.083** 
(0.035) 

0.097*** 
(0.034) 

 0.11*** 
(0.033) 

0.12*** 
(0.033) 

0.12*** 
(0.033) 

0.12*** 
(0.032) 

 

Chinese author -0.17*** 
(0.038) 

-0.18*** 
(0.038) 

 -0.16*** 
(0.038) 

-0.16*** 
(0.038) 

-0.16*** 
(0.038) 

-0.16*** 
(0.038) 

 

Reputation measure  0.13*** 
(0.039) 

0.078*** 
(0.034) 

 -0.000021 
(0.000017) 

-0.000012 
(0.000013) 
 

-0.000012 
(0.000013) 

-0.47*** 
(0.18) 

 

Controls X X  X X X X  

Mean of the dependent variable 935.66  

Nb preprint-month observations  22,215 22,215  22,215 22,215 22,215 22,215  
Nb preprints 4,443 4,443  4,443 4,443 4,443 4,443  
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Table A-8. Alternative measures of first and last authors’ networks 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. Column 2 transforms the counts of First 
and Last authors’ coauthors using the IHS. Column 3 uses only the coauthors’ last names in the computation of coauthor counts (to correct for potential 
differences in the way names are reported). Column 4 counts the number of total coauthors the focal author has published with, not excluding repeat appearances 
by the same coauthor. Column 5 uses the fraction instead of the count of coauthors from the U.S. Column 6 counts the number of unique coauthor names, 
excluding publications that have author lists in the 99th percentile of total number of authors across all publications. All models include a full set of preprint age 
(in months) fixed effects, as well as a control for the source of the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and last 
author network and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature of team, readability score, 
whether or not the preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are clustered at 
the level of the preprint.

 (1) (2) (3)  (4) (5) (6) 
Dependent variable       

Network measure used  First author/last 
author unique 
coauthors (pre-
2019)  

Inverse hyperbolic 
sine transformation 
of the first 
author/last author 
unique coauthors 
(pre-2019) 

First author/last 
author unique 
coauthor last 
names (pre-
2019) 

First author/last 
author unique 
coauthor names, 
without duplicate 
name removal (pre-
2019) 

First author/last 
author fraction of 
coauthors based in 
the U.S. (pre-2019) 

First author/last 
author unique 
coauthor (excluding 
publications with 
>99th percentile 
number of authors) 
(pre-2019) 

U.S. author 0.083** 
(0.035) 

0.095*** 
(0.035) 

 0.083** 
(0.035) 

0.091*** 
(0.035) 

0.073** 
(0.037) 

0.092*** 
(0.035) 

Chinese author -0.17*** 
(0.038) 

-0.18*** 
(0.038) 

 -0.18*** 
(0.038) 

-0.17*** 
(0.038) 

-0.17*** 
(0.038) 

-0.18*** 
(0.038) 

First author number coauthors 
measure 

-0.000015 
(0.000030) 

0.019** 
(0.0080) 

 -0.000029 
(0.000042) 

-0.000043 
(0.000014) 

0.023 
(0.16) 

-0.000014 
(0.000094) 

Last author number coauthors 
measure 

-0.000082*** 
(0.000017) 

-0.013** 
(0.0067) 

 -0.00012*** 
(0.000025) 

-0.0000055*** 
(0.00000020) 

0.38 
(0.25) 

-0.000060 
(0.000044) 

Controls  X X  X X X X 

Mean of the dependent variable 935.66 

Nb preprint-month observations  22,215 22,215 22,215 22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443  4,443   4,443   4,443 
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Table A-9. Alternative measures of readability 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome 
variables. All models include a full set of preprint age (in months) fixed effects, as well as a control for the source of 
the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and last author network 
and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature 
of team, readability scores, whether or not the preprint is published in a peer-reviewed journal at the time of 
writing,and SNIP of eventual publication outlet. Standard errors are clustered at the level of the preprint.

 (1) (2) (3)  (4) (5) 
Dependent variable    PDF downloads 

Readability measure used  Dale-Chall 
score  

Flesch 
score  

Flesch 
Kincaid 
Score 

Smog score Gunning 
fog score  

U.S.  author 0.083** 
(0.035) 

0.092*** 
(0.035) 

 0.091*** 
(0.035) 

0.090*** 
(0.035) 

0.090*** 
(0.035) 

 

Chinese author -0.17*** 
(0.038) 

-0.18*** 
(0.038) 

 -0.17*** 
(0.038) 

-0.17*** 
(0.038) 

-0.17*** 
(0.038) 

 

Readability measure -0.046*** 
(0.013) 

0.0014 
(0.0012) 

 0.0030 
(0.0050) 

-0.00079 
(0.0068) 

0.00035 
(0.0046) 

 

Controls  X X  X X X  

Mean of the dependent variable  935.66  

Nb preprint-month observations  22,215 22,215 22,215  22,215 22,215  
Nb preprints 4,443 4,443 4,443  4,443 4,443  
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Table A-10. Alternative measures of journal quality 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome 
variables. All models include a full set of preprint age (in months) fixed effects, as well as a control for the source of 
the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and last author network 
and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature 
of team and readability scores of the abstract, whether or not the preprint is published in a peer-reviewed journal at 
the time of writing. Standard errors are clustered at the level of the preprint.

 (1) (2) (3)  (4) 
Dependent variable  PDF downloads 

Journal quality measure used  Source 
normalized 
impact factor 
(SNIP) 

SCimago 
Journal 
Ranking  
(SJR) 

Citations 
average 
publication 
in journal 
received in 
previous 3 
years (Cite 
Score) 

With 
journal 
fixed 
effects 

U.S.  author 0.083** 
(0.035) 

0.082** 
(0.034) 

 0.087** 
(0.035) 

-0.046 
(0.051) 

 

Chinese author -0.17*** 
(0.038) 

-0.17*** 
(0.038) 

 -0.17*** 
(0.038) 

-0.25*** 
(0.064) 

 

Journal quality measure 0.11*** 
(0.014) 

0.059*** 
(0.0063) 

 0.049*** 
(0.0056) 

  

Controls  X X  X X  

Mean of the dependent variable  935.66  

Nb preprint-month observations  22,215 22,215 22,215  13,110  
Nb preprints 4,443 4,443 4,443  2,622  
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Table A-11. Robustness tests 

 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome 
variables. All models include a full set of preprint age (in months) fixed effects, as well as a control for the source of 
the preprint (medRxiv.org/bioRxiv.org) and the scientific field, as well as controls for first and last author network 
and reputation, COVID-19 cases in author’s location, institution rank, data availability, size and international nature 
of team, readability scores of the abstract, whether or not the preprint is published in a peer-reviewed journal at the 
time of writing, and SNIP of eventual publication outlet. Column 2 also includes posting day fixed effects. Standard 
errors are clustered at the level of the preprint.

 (1) (2) (3)  (4) 
Dependent variable  PDF downloads   
Sample    Excluding >1 

month after 
preprint 
posting 

Excluding 
outliers in the 

top 5% of 
downloads 

U.S.  author 0.083** 
(0.035) 

0.078** 
(0.034) 

0.084** 
(0.036) 

0.042 
(0.028) 

Chinese author -0.17*** 
(0.038) 

-0.18*** 
(0.038) 

-0.18*** 
(0.40) 

-0.15*** 
(0.032) 

Controls  X X X X  

Posting day fixed effects   X    

Mean of the dependent variable 935.66 935.66 1752.70 397.63 

Nb preprint-month observations  22,215 22,215 8,886 21,105 
Nb preprints 4,443 4,443 4,443 4,221 
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Table A-12. Mediators of the China Bias   

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. All models 
include a full set of preprint age (in months) fixed effects, as well as a control for the source of the preprint 
(medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, COVID-19 cases in author’s location, 
institution rank, data availability, size and international nature of team, readability scores of the abstract, whether or not the 
preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are 
clustered at the level of the preprint. 

 

 

 

 

  

 (1) (2) (3) (4) (5) (6) (7) 
Dependent Variable  PDF downloads  

U.S.  author 0.083** 
(0.035) 

0.091** 
(0.035) 

0.082** 
(0.035) 

0.082** 
(0.035) 

0.083** 
(0.035) 

0.083** 
(0.035) 
 

0.088** 
(0.035) 

Chinese author -0.17*** 
(0.038) 

-0.14*** 
(0.048) 

-0.18*** 
(0.039) 

-0.17*** 
(0.042) 

-0.20*** 
(0.046) 

-0.20*** 
(0.040) 

-0.84*** 
(0.31) 

Chinese author X 
international team  

 -0.092 
(0.066) 

      

Chinese author X Nb. 
previous U.S.  coauthors  

  0.00053 
(0.0011) 

     

Chinese author X author in 
top 50 ranked institution 

   -0.0091 
(0.075) 

    

Chinese author X first 
author/last author H-index  

    0.0014 
(0.0015) 

   

Chinese author X Source 
Normalized Impact Factor 
(SNIP) of publication 
outcome 

     0.026 
(0.021) 

  

Chinese author X 
Readability score 

       -0.057** 
(0.026) 

 

Mean of the dependent variable 935.66 
         
Nb preprint-month 
observations  

22,215 22,215 22,215 22,215 22,215 22,215 22,215 

Nb preprints 4,443 4,443 4,443 4,443 4,443 4,443 4,443 
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Table A-13. The role of other, non-Chinese countries of origin 

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. All models 
include a full set of preprint age (in months) fixed effects, as well as a control for the source of the preprint 
(medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, COVID-19 cases in author’s location, 
institution rank, data availability, size and international nature of team, readability scores of the abstract, whether or not the 
preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Columns (3)-(6) 
include only preprints that have been published in a journal at the time of writing and include journal publication month fixed 
effects.   

 (1) (2) (3) (4) (5) (6) 

Dependent Variable PDF downloads Citations 
U.S.  author 0.083** 

(0.035) 
0.055 
(0.036) 

0.058 
(0.096) 

0.038 
(0.062) 

0.047 
(0.066) 

-0.16 
(0.18) 

Chinese author -0.17*** 
(0.038)  

-0.21*** 
(0.040) 

-0.22*** 
(0.041) 

0.093 
(0.079) 

0.11 
(0.083) 

0.083 
(0.083) 

Canadian author  -0.038 
(0.14) 

-0.041 
(0.14) 

 -0.32 
(0.26) 

-0.33 
(0.26) 

Brazilian author  0.030 
(0.16) 

0.029 
(0.16) 

 -0.036 
(0.21) 

-0.040 
(0.22) 

Japanese author  -0.17 
(0.14) 

-0.17 
(0.14) 

 -0.27 
(0.21) 

-0.27 
(0.21) 

British author  -0.052 
(0.045) 

-0.059 
(0.047) 

 0.099 
(0.084) 

0.073 
(0.086) 

French author  -0.12* 
(0.066) 

-0.18* 
(0.067) 

 0.19* 
(0.11) 

0.19* 
(0.11) 

Italian author  -0.23*** 
(0.057) 

-0.23*** 
(0.057) 

 -0.18 
(0.14) 

-0.053 
(0.11) 

Indian author  -0.017 
(0.058) 

-0.018 
(0.058) 

 -0.059 
(0.11) 

-0.48*** 
(0.14) 

German author  -0.011 
(0.066) 

-0.013 
(0.066) 

 -0.051 
(0.13) 

0.047 
(0.13) 

Singaporean/Korean/ 
Thai/Malaysian/Hong Kong/Taiwanese author 

 0.0024 
(0.071) 

0.0038 
(0.071) 

 -0.087 
(0.13) 

-0.088 
(0.13) 

Percentage of audience from author country in 
posting month 

 0.15 
(0.27) 

  0.65 
(0.52) 

Mean of the dependent variable 935.66 935.66 935.66 108.73  108.73 108.73 
Nb preprint-month observations  22,215 22,215 22,215   2,622   2,622   2,622 
Nb preprints   4,443 4,443 4,443 2,622 2,622 2,622 
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Table A-14. Political influence in Chinese authored preprints   

Note: Estimates stem from ordinary least squares models with inverse hyperbolic sine transformed outcome variables. All models 
include a full set of preprint age (in months) fixed effects, as well as a control for the source of the preprint 
(medRxiv.org/bioRxiv.org), controls for first and last author network and reputation, COVID-19 cases in author’s location, 
institution rank, data availability, size and international nature of team, readability scores of the abstract, whether or not the 
preprint is published in a peer-reviewed journal at the time of writing, and SNIP of eventual publication outlet. Standard errors are 
clustered at the level of the preprint.  

 (1) (2) (3) (4) (5) (6) (7) 
Dependent Variable  PDF downloads 
Sample Full sample  
USA author 0.083** 

(0.035) 
0.084** 
(0.034) 

0.083** 
(0.035) 

0.082** 
(0.035) 

0.082** 
(0.035) 

0.084** 
(0.035) 

0.087** 
(0.035) 

Chinese author -0.17*** 
(0.038) 

-0.12* 
(0.069) 

-0.18*** 
(0.038) 

-0.18*** 
(0.038) 

-0.18*** 
(0.038) 

-0.13*** 
(0.042) 

-0.63* 
(0.32) 

Chinese author X Apr/May/Jun posting 
date  

 -0.087 
(0.079) 

     

Chinese author X origin (abstract 
contains word “origin”)  

  0.21 
(0.14) 

    

Chinese author X origin (abstract 
contains word “origin” plus other key 
words) 

   0.24 
(0.21) 

   

Chinese author X origin (abstract 
contains word “origin” and manually 
screened for relevance) 

    0.53* 
(0.28) 

  

Chinese author X policy      -0.21*** 
(0.071) 

-0.18** 
(0.074) 

Chinese author X readability       -0.042 
(0.027) 

Mean of the dependent variable    935.66    
        
Nb preprint-month observations  22,215 22,215 22,215 22,215 22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443 4,443 4,443 4,443 4,443 
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Table A-15. Signal salience for different audiences 

 

Note: Estimates stem from ordinary least squares models with outcome variables inverse hyperbolic sine transformed. All models 
include a full set of preprint fixed effects, and preprint age (in months) fixed effects. Standard errors are clustered at the level of 
the preprint.

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

Dependent variable:   PDF downloads Abstract 
views 

Pdf download 
per abstract 
view 

Non-scientist tweets 0.17*** 
(0.0068) 

0.18*** 
(0.0072) 

0.19*** 
(0.0063) 

-0.00055 
(0.0021) 

Scientist tweets 0.097*** 
(0.0067) 

0.094*** 
(0.0074) 

0.090*** 
(0.0063) 

0.0022 
(0.0026) 

Non-scientist tweets X 
Chinese author 

 -0.036*** 
(0.011) 

-0.039*** 
(0.0089) 

0.0026 
(0.0037) 

Scientist tweets X 
Chinese author 

 0.013 
(0.016) 

-0.0050 
(0.014) 

0.0079 
(0.0050) 

Preprint fixed effects X X X X 
     
Mean of dependent 
variable 

935.66 935.66 1948.76 0.54 

Nb observations  22,215 22,215 22,215 22,215 
Nb preprints 4,443 4,443 4,443 4,443 
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Figure A-1. BioRxiv and MedRxiv landing pages 

  

Panel A. MedRxiv and BioRxiv COVID-19 preprints   Panel B. Preprint page  
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Figure A-2. COVID-19 preprints posted on bioRxiv.org and medRxiv.org  

 

Panel A. COVID-19 preprints and global COVID-19 cases   

 

 

Panel B. COVID-19 preprints and author country COVID-19 cases 

Note:  

Panel A. We plot the total number of COVID-19 preprints published in each month in early 2020, and the global 
cumulative cases of COVID-19 at the end of each month. 

Panel B. We compute the log of the cumulative number of COVID-19 related preprints produced by authors affiliated 
with each country by the last day of each month, and plot against the log of the cumulative number of COVID-19 cases in 
each country on the last day of the month.  
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Figure A-3. Process through which a readers access a preprint 

 

 

 

 

Figure A-4. Average rate of attention per preprint, following posting of preprint 

 

 

Note: We plot the average number of pdf downloads and abstract views for each COVID-19 preprint each month after 
posting on the preprint server.  
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Figure A-5. Monthly page views to preprint servers 
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