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Abstract

80% of all journals are not freely available—even though access to existing knowledge is
crucial for pushing the research frontier. In this paper, we examine the impact of Sci-Hub,
an online platform providing free access to scientific articles, on knowledge creation. Using
data on 300 million geo-coded download requests, and the near-universe of scientific arti-
cles we employ an instrumented difference-in-differences design. We find that Sci-Hub
has significantly changed consumption patterns of scientific works, with a substitution
of references from open- to closed-access publications. In turn, greater access to frontier
knowledge resulted in higher-quality research output as measured by citations, but not

more publications.
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1 Introduction

The creation of new ideas is the central pillar of modern economic growth (Romer, 1990; Jones,
1995). New insights are generated using existing knowledge (Mokyr, 2011) and, in particular,
knowledge created by scientific “giants’ (Azoulay, Graff Zivin and Wang, 2010; laria, Schwarz
and Waldinger, 2018) which ultimately fuels industrial innovation (Ahmadpoor and Jones,
2017; Bryan and Ozcan, 2021). With the rise of the internet, the marginal cost of distributing sci-
entific articles has dramatically declined. However, access to the latest research is still severely
restricted. Only about 20% percent of peer-reviewed academic journals are published under
open access, the practice of providing online access to scientific information free of charge.!

The remaining 80% of journals are only available behind—often very expensive—paywalls.

To what extent do monetary and legal restrictions inhibit further knowledge production? De-
spite potentially grave impacts, rigorous evidence on this question is surprisingly scant. The
key reason is that researchers’ journal-access conditions are typically tied to their characteris-
tics and those of the academic institutions they are associated with. Hence, any comparison
across researchers with different journal-access conditions would be subject to endogeneity

and omitted-variables concerns.

In this paper, we overcome this challenge by focusing on a natural experiment. We study
how the consumption and production of new scientific insights are transformed when vast
amounts of existing knowledge become freely available through Sci-Hub. Sci-Hub is an online
media tool developed in Almaty, Kazakhstan, that offers free access to most scientific articles
worldwide. Launched in 2011, the website has garnered a global audience with roughly 3
million paper downloads per day.? For identification, we employ an instrumented difference-
in-differences design using a global panel of subnational units from 2000 to 2022. Specifically,
we rely on the fact that knowledge of Sci-Hub diffused through social networks. As a result,
traffic to the website is larger in places with greater social connectivity to Almaty, Kazakhstan.
We find that Sci-Hub had a significant and quantitatively large impact on the type of research
consumed: doubling Sci-Hub intensity in a given region leads researchers to include five per-
centage points more closed-access papers in their reference lists. In return, we find that greater
diffusion of frontier research transitions into the production of higher quality research as mea-

sured by citations.

10wn calculations based on Scopus data from 2020.

2Source: sci-hub.se/stats, accessed on 26th of November 2022. For comparison, JSTOR counted approximately
600,000 daily downloads in 2019 (source: about.jstor.org/librarians/journals/, accessed on 14th of January 2023).
PubMed received approximately 3 million searches and 2.5 Mio unique visitors per day in 2017 (Fiorini, Lipman
and Lu, 2017).



The primary data underlying our empirical exercises are Sci-Hub server log files. Starting
from 2011, the year Sci-Hub went online, until 2017 we observe 300 million access requests
worldwide. Each data point contains the time, date, paper, and, most importantly, the IP’s
associated geolocation. Mapping these downloads, we build a global time-varying measure
of Sci-Hub intensity for sub-national regions worldwide. The second primary data source
is OpenAlex. OpenAlex is the successor project to Microsoft Academic Graph and includes
global information on scientific articles. We use these data to construct measures of citations

to closed-access papers and the geography of newly written scientific articles.

Leveraging our large data, we start by documenting four facts. First, we show that mone-
tary restrictions are pervasive, yet particularly binding for top-quality journals. On average,
only 20% of journals operate under open access regimes and the figure drops to 9% in the top
percentile of all journals, as measured by impact factor. If scientists had bulk access through
their libraries and institutions, this would not be a significant issue for knowledge creation.
However, our second fact speaks against an equal distribution of access. We find that insti-
tutions in lesser developed regions are much less likely to have JSTOR subscriptions, a com-
mon online library with bulk access to almost 3000 journals.®> Third, the unequal distribution
of access does not simply mimic an unequal distribution of demand for high-quality knowl-
edge. Our analysis of the freely available articles on Sci-Hub yields that most downloads per
researcher stem predominantly from developing and emerging countries. Differences in de-
mand are particularly large for high-quality journals: researchers from low-income countries
are four times more likely to download papers from the top 1% of journals than researchers
in high-income countries. Finally, we document significant differences in the production of
high-quality research across less and highly-developed regions. Among top journals, close to
90% of papers are written by authors based in developed countries, while the share is reduced
to approximately 50% at below-median quality journals. Taken together, these empirical pat-
terns motivate the question of whether and to what extent access restrictions cause the unequal

distribution of high-quality knowledge production.

We answer this question using an instrumented difference-in-differences framework. We do
so because Sci-Hub traffic across the world is not randomly distributed. We, therefore, iso-
late quasi-exogenous variation through social networks. Akin to papers in the existing me-
dia literature (Enikolopov, Makarin and Petrova, 2020; Miiller and Schwarz, 2020), we argue
that social connections often drive technology adoption. Since Sci-Hub was founded in Al-

maty, Kazakhstan, and does not operate with large marketing budgets, knowledge of its exis-

3Source: https:/ /about jstor.org/librarians/journals/, accessed on 25th of January 2023.



tence diffused globally via social networks. For one such network we have high-quality data:
anonymized friendship links measured by Facebook. We show that social connectedness to the
Almaty region is a strong predictor for Sci-Hub intensity. This allows us to examine the effect
of Sci-Hub on knowledge creation under the identifying assumption that scientific outcomes in
regions with different degrees of social connectedness to Almaty would have followed parallel

trends without the rise of Sci-Hub.

We conduct several tests on the validity of the identification strategy. First, we show that social
connectedness is not associated with differential scientific trends in the ten years prior to the
launch of Sci-Hub. Second, we run horse races with connectedness to major cities in countries
neighboring Kazakhstan. We consistently find that Almaty is a strong predictor of Sci-Hub
traffic, whereas other regions show no or slightly negative correlation. Third, we run placebo
regressions using all other subnational regions for which Facebook provides data. In this exer-
cise, again, Almaty emerges as a robust predictor, alleviating concerns of Facebook connections
per se predicting Sci-Hub take-up. Fourth, the same picture emerges when estimating placebo
reduced form equations: connectedness to Almaty predicts changes in scientific outcomes af-
ter 2011, whereas connectedness to other regions does not. Finally, throughout our analyses,
we control for a host of covariates. In particular, we include year-by-country fixed effects and
subnational fixed effects. Hence, all identifying variation is the differential impact of connect-

edness on subnational regions within a country over time.

Following the platform’s launch, regions with higher Sci-Hub traffic started referencing more
paywalled papers. The estimates are quantitatively large. Doubling Sci-Hub traffic leads to a
five percentage point increase in the share of references to closed-access publications, where
the pre-period mean is 68 percent. We also identify heterogeneous effects that support the
channel at work. First, the effects are largest in fields where paywalls are more pronounced.
Second, we show that the largest reference gains accrue to papers published most recently and
in higher-ranked journals. Notably, we estimate decreases in references to low-quality journals.
This is consistent with the theory that open access allows scientists to screen papers based on
their complete merit rather than relying solely on titles and abstracts (McCabe and Snyder,
2021). This suggests two key benefits of the platform. Sci-Hub enables scientists to read and
reference significantly more frontier research, which would not have been possible in its ab-
sence. At the same time, the informational value of citations has increased since researchers

cite fewer papers ‘unseen’.

Next, we investigate the potentially beneficial effects of Sci-Hub on follow-on research. Using



the same strategy outlined before, we demonstrate that regions with greater connectedness
to Almaty not only reference more high-quality works, but also receive more citations them-
selves. Comparing publications published in 2010 versus 2015, papers from a region with
twice as many friendship links as another see a differential increase in citations of almost 10%.
However, we do not find that these papers are published in relatively higher-ranking journals.
We also do not find that scientists start relocating to relatively better institutions. These find-
ings suggest that quality improvements take more time to manifest in these other dimensions.
Alternatively, it is possible that gatekeeping mechanisms are at play, where editors have yet
to recognize the enhanced quality of work, allowing for more publication success in higher-
ranking journals. Finally, we do not observe evidence for greater spillovers of scientific in-
sights to industry-use. Yet, we remain cautious in drawing firm conclusions from these results

because the underlying patent data may not represent global innovation activities accurately.

We contribute to several strands of literature. First, we add to studies on the economics of
science. Much of the earlier work in this field has focused on understanding the academic
publishing industry more broadly (McCabe, 2002; Bergstrom and Bergstrom, 2004; Jeon and
Menicucci, 2006) including the role of open access journals (McCabe and Snyder, 2005). In re-
cent years, the literature has become more empirical and examined how research quantity
and quality are affected by peers (Waldinger, 2012), intellectual property rights (Williams,
2013; Murray et al., 2016; Biasi and Moser, 2021), international cooperation (Iaria, Schwarz
and Waldinger, 2018; Yin et al., 2021; Jia et al., 2022), income inequality (Agarwal and Gaule,
2020) and competition (Hill and Stein, 2021). We add to this literature by examining the effect

of a key pillar of knowledge creation: access to previous knowledge.

While our study is not the first to study the relevance of open access, most prior empirical
research on open access has focused on the effects on specific journals or papers rather than
on researchers.* The large majority of papers do not rely on (quasi-)experimental variation.
Notable exceptions are Davis et al. (2008), and Davis (2011), who vary open access status for
specific papers experimentally. Surprisingly, while open access papers gain more views and
downloads, they are not cited more often. McCabe and Snyder (2014) use a difference-in-
differences design with journal-level variation and find increases in citations of approximately

5

8% when journals move from paid to open access.” However, their conclusions are drawn

from a sample of journals mostly publishing work in ecology, botany, and biology. In a close

4For a systematic review, see Langham-Putrow, Bakker and Riegelman (2021).

SConsistent with our empirical results, open access decreased citations to journals of lower quality. In a follow-
up study, McCabe and Snyder (2021) investigate this seemingly surprising result more closely. They argue that
some scientists previously cited closed-access publications based on abstract inspection only. Once journals moved
to open access, closer inspection of actual content likely prevented such “cites unseen”.

4



exercise to ours, Bryan and Ozcan (2021) show that open access mandates imposed by the Na-
tional Institutes of Health (NIH) significantly increased industry-use of biomedical academic
research. However, they do not find an effect on scientific citations. A likely cause for these
heterogenous results is differences across scientific fields. In our analysis across all fields, we
find an average impact of open access on follow-on science. Additionally, we advance the
scope and quality of existing evidence by focussing on a global natural experiment with long

time horizons.

Finally, we add to the literature studying the effects of media. Initially documenting the
broader effects of specific technologies such as radio (Stromberg, 2004; Yanagizawa-Drott,
2014; Adena et al., 2015), TV (Gentzkow, 2006; DellaVigna and Kaplan, 2007; Enikolopov,
Petrova and Zhuravskaya, 2011; Durante, Pinotti and Tesei, 2019) and the spread of the internet
(Falck, Gold and Heblich, 2014; Guriev, Melnikov and Zhuravskaya, 2021), more recent work
has focused on specific digital tools such as Twitter (Miiller and Schwarz, 2020; Cagé et al.,
2022), Facebook (Miiller and Schwarz, 2021), VKontake (Enikolopov, Makarin and Petrova,
2020; Bursztyn et al., 2019) or Craigslist (Seamans and Zhu, 2014; Djourelova, Durante and
Martin, 2021) with a tremendous variety of different outcomes. Here, we focus on a novel
digital platform, an academic file-sharing website, that is widely used across the world. We
are unaware of other studies documenting the causal effects of digital media on scientific out-

comes.

The paper is structured as follows. First, we give a brief account of the background. Then, we
outline the data construction in Section 3. Section 4 discusses the empirical strategy, and the

results are shown in Section 5. Section 6 concludes.

2 Background

Reading research published in non-open-access journals requires previous payment for spe-
cific articles or a journal subscription. Subscriptions can be costly because five publishers con-
trol 56 percent of the market (Sample, 2012; Stoy, Morais and Borrell-Damian, 2019). Hence,
there is substantial variation in access to research across universities and countries. While
publishers partly serve an economically meaningful purpose—ensuring qualitative scientific
standards, curating and disseminating academic works—they do not internalize the benefits
of offering free access. As a result, knowledge through openly accessible publications is likely

an under-provided public good.



Inhibited by access restrictions, in 2011, a young graduate student from Almaty, Kazakhstan,
founded Sci-Hub. Sci-Hub is a so-called shadow library, an online platform that contains il-
licit collections of scientific papers downloadable for free by anyone with an internet con-
nection. Sci-Hub is by far the world’s largest and most prominent shadow library. In 2016,
it hosted more than 50 million academic papers covering roughly 85% of all closed-access
papers, and in 2017 the platform had roughly 500,000 daily visitors (Bohannon, 2016; Him-
melstein et al., 2018). By October 2022, the website counted approximately 3 million daily
downloads worldwide.® To put these numbers into perspective, the traffic is comparable in
magnitude to websites such as JSTOR or PubMed. Specifically, JSTOR counted approximately
600,000 daily downloads in 2019”7 whereas PubMed received approximately 3 million searches

and 2.5 million unique visitors per day in 2017 (Fiorini, Lipman and Lu, 2017).

Despite considerably large traffic, to this date, academic file-sharing platforms are still not
known by a large number of researchers. A recent study by Segado-Boj, Martin-Quevedo and
Prieto-Gutiérrez (2022) reached out to roughly ninety thousand scientists around the world to
document the use of pirated document repositories. Even in the arguably positively selected
sample of 3,300 respondents, only a little over half indicated ever having used such a platform.
The remainder did not partly because of ethical concerns (46%) but also simply because they

didn’t know such platforms existed (36%).

Sci-Hub was neither the first nor is it the only shadow library. While other shadow libraries
existed beforehand, they either focused on hosting illicit copies of academic books, like Library
Genesis or were only available to tech-savvy users. Sci-Hub obtains scholarly work through
leaked authentication credentials for educational institutions (Elbakyan, 2017). These creden-
tials enable Sci-Hub to use institutional networks and gain access to the content of restricted-
access journals. Academic work through this channel is subsequently incorporated into the
Sci-Hub database and made available through the website. The ease of use was likely a key
factor for Sci-Hub becoming the most prominent shadow library for journal publications. In

Appendix Figure A.1 we illustrate Sci-Hub’s front page.

Despite its rapid spread, Sci-Hub was not met with unequivocal appreciation. Large publish-
ers pushed back against the platform in courts around the world. As a result, Sci-Hub lost
numerous legal disputes, and the platform had to cycle through at least 54 different domain
names. In particular, the Eastern District Court of Virgina (2017) “[...] ordered that any person

or entity in privity with Sci-Hub [...], including any Internet search engines, web hosting, and Inter-

bSource: sci-hub.se/stats, accessed on 26th of November 2022.
7Source: about.jstor.org/librarians /journals/, accessed on 14th of January 2023



net service providers, [...1, and domain name registries, cease facilitating any or all domain names and
websites through which Defendant Sci-Hub engages in unlawful practices.” Yet, to this date, the

platform has remained online.

3 Data

Our main analysis relies on an annual global panel of subnational units from 2000 to 2022.
The panel results from three primary data sources. First, we use publicly available log files
from Sci-Hub that record micro-level download activity from 2011 to 2013 and 2015 to 2017.
For each download, we know the date and geographic location of the download and the work
retrieved. We observe more than 300 million download requests across 100,000 unique geo-
graphic locations within our observation period. Second, we collect data on global scholarly
output. Drawing on data from OpenAlex, the successor of Microsoft Academic Graph, we
construct for each sub-national unit measures on publications, citations, and references. For
all measures, we distinguish between open- and restricted-access status as well as quality and
tield of research. Third, to implement our identification strategy, we add information on social
network linkages between sub-national regions and Almaty, the founding place of Sci-Hub.
These data are drawn from an anonymized snapshot of all active Facebook users and their

friendship networks.

3.1 Measuring Sci-Hub Activity

Sci-Hub log files were made available in three batches. First, logs of Sci-Hub usage from
September 1, 2015, through February 29, 2016, were released as part of a descriptive study
in Science (Bohannon, 2016). Log files for 2017 were released on January 18 and updated on
May 15, 2018. Finally, log files from 2011 to 2013 were released on January 27, 2020. overall,

the log files cover 1,394 days of Sci-Hub usage, and 300 million recorded resolved requests.

The log files contain three unprocessed pieces of information for all resolved requests.® First,
the log files record the exact download date of each request from which we identify the corre-
sponding download year. Second, data entries include the geographical location from which
the download was made based on the IP address of the download device. Unfortunately, it

is impossible to determine whether the location determined from the IP address matches the

8Appendix Figure A.2 shows the structure of an entry in the Sci-Hub log-files and describes how it is subse-
quently processed.



actual location of the Sci-Hub user. For example, the two locations diverge if a virtual pri-
vate network (VPN) is used. While VPN usage probably introduces noise in downloads, it is
unlikely to invalidate our identification strategy and bias our results. First, VPNs were not
as ominous and easy to use as they are today. Second, and more importantly, for our results
to be affected, VPN usage would need to (1) differently change in high versus low connected
sub-national units to Almaty after the introduction of Sci-Hub (conditional on all covariates)
while also (2) being correlated with our outcomes of interest. So far, we do not have any ev-
idence of this backdoor mechanism. Moreover, Elbakyan herself has stated that less than 3%
of Sci-Hub users rely on VPNs (Bohannon, 2016). After pre-processing the log files, we ob-
serve downloads across more than 100,000 unique geographic locations, which we spatially
aggregate into subnational units in a final step. The reason we aggregate data by regions, as
opposed to institutions, is that we cannot directly link downloads to individual institutions.
The third entry in the log files is the DOI of the downloaded paper that allows attaching paper-

and journal-specific characteristics to each download.

Figure 1 shows the daily number of resolved requests across the time span for which log files
are available. Comparing the horizontal axis labeling between Panels (a) and (b) shows the
rapid increase in Sci-Hub usage from its onset in late 2011 to our last observations in late 2017.
The oscillating pattern reflects usage peaks during the week and a leveling off of research
activity on weekends. Days with zero requests represent server outages. On average, each
researcher performs 4.1 downloads, a total of 217 downloads per research institution (see Panel

A of Table 1).

3.2 Measuring Global Research Output

To construct outcome measures, we draw on OpenAlex. OpenAlex is a fully open catalog of
global research output. The platform replaced Microsoft Academic Graph (MAG), which was
discontinued at the end of 2021. Its database was initially based on MAG’s existing records, but
subsequently, coverage was improved by incorporating data from Crossref, ORCID, Pubmed,
arXiv, and DOA]J, among many others. OpenAlex hosts all kinds of scholarly output, including
journal articles, books, datasets, and theses. At the end of 2022, OpenAlex indexed close to 300

million works.

Recent bibliometric studies show that OpenAlex significantly increased MAGs coverage (Schei-
dsteger and Haunschild, 2022), which already, before its discontinuation, outperformed subscription-

based platforms such as Scopus, Web of Science and Dimension in terms of coverage (Martin-



Martin et al., 2021). With Google Scholar unavailable for bulk data usage, OpenAlex appears

to be the most suitable alternative to studying global research patterns.

To construct measures of global research output, we download a snapshot of the entire Ope-
nAlex database as of August 2022 (roughly 300 gigabytes of compressed data). The unit of ob-
servation within OpenAlex’s database is a scholarly work, a journal article, a book, a dataset,
or a thesis. To each work, multiple publication-specific information is attached. Importantly,
this includes the publication year, the host venue (in most cases, journals), and a list of refer-
enced works.? The list of referenced works allows us to back out the number and quality of
citations for each work. In our main analyses, we focus specifically on journal publications

and exclude non-scholarly works.

Each article is connected to a set of authorship objects, each representing an author and their
affiliated institution at the time of publication. Based on the affiliation of authors and the

geolocation of institutions!”

, we assign publications to sub-national units. Each work is only
counted once per institution for articles with multiple co-authors from the same affiliation. If
an author has multiple affiliations across sub-national units, the publication is assigned to each
sub-national unit separately. Appendix Figure A.3 gives an overview of the information we
extract from each entry in OpenAlex. The key output measures we construct are the number
of references and citations. For clarity, we denote references as citations from an author in a
given region to other papers—this can be interpreted as knowledge consumption. Citations,

on the other hand, are citations received by an author in a given region from other researchers.

Here, we treat citations as a measure of scientific quality and impact.11

Matching Open-access Status, Quality, and Field We corroborate each work with journal-
specific metrics provided by Scopus’s'? yearly ranking of peer-reviewed journals. All journal
measures retrieved through Scopus are fixed in 2011 to rule out that our results are driven
by time trends in either of these metrics. For example, in 2011 the journal ranking list included

19,941 journals, identifiable by the time-invariant ‘International Standard Serial Number’.

9OpenAlex provides several other pieces of information we do not utilize, e.g., the paper title or the paper
abstract. A complete list of available characteristics can be found here.

10For each of the 109,000 institutions covered by OpenAlex, a separate database provides a mapping from insti-
tution identifiers to geolocations.

'We acknowledge that citations are an imperfect measure of quality. Nonetheless, citations are correlated with
several meaningful characteristics that imply greater quality. Specifically, they are correlated with positive peer
reviews (Card and DellaVigna, 2020), perceived influence (Teplitskiy et al., 2022), and how much a given paper
impacts the language of subsequent papers (Gerrish and Blei, 2010).

12Scopus is Elsevier’s abstract and citation database

132011 is the earliest year for which Scopus journal metrics are available.


https://docs.openalex.org/about-the-data/work

We extract three key measures. First, Scopus computes a measure of scientific influence for
each scholarly journal that accounts for the number of citations received by a journal and the
importance or prestige of the journals from which such citations come. Based on this citation
score, journals are assigned field-specific quality percentiles. Second, Scopus reports open-
access status for covered journals. Open-access status is based on whether the journal is listed
in the Directory of Open Access Journals and/or the Directory of Open Access Scholarly Re-
sources.'* Third, journals are assigned fields based on the “All Science Journal Classification’
(ASJC) system. In total, there are 333 possible minor fields, which can be aggregated into 27
major fields. Finally, all journal metrics are matched to works from OpenAlex based on the

ISSN, which is recorded in both data sources.

Additional Measures In addition, we utilize the OpenAlex database to construct educational
measures describing the scientific landscape in sub-national units. Precisely, we measure the
number of researchers in sub-national units as of 2010 by counting the unique number of au-
thors recorded in OpenAlex between 2008 and 2012. Moreover, we construct measures for the
number of research institutions per sub-national unit, the number of research institutes above
the 95th percentile per sub-national unit (measured by citations), and whether a sub-national

unit has any research institute.

Aggregation The final step aggregates publication, citation, and reference data across years
and sub-national units. Panels A and B of Table 3 provide summary statistics on the number
of research institutes and researchers in sub-national units. Panels C, D, and E of Table 3 give
an overview of global research activity across sub-national units. A researcher produces, on
average, 1.53 publications per year, of which 67% are published in peer-reviewed journals and
of which 56% are open-access. Each paper references, on average, 17 publications, of which
32% are open-access publications. The mean number of citations is 14.47, most originating

from peer-reviewed publications.

3.3 Measuring Connectedness to Almaty

To measure social ties between sub-national units we use the Social Connectedness Index

(CON) as introduced by (Bailey et al., 2018). The index builds on aggregated and anonymized

4This ignores for now that some journals have a mixed open-access policy where authors can pay a fee to have
their publication openly accessible. For example, ‘Nature’ charges authors up to 9,500 Euros to make research
papers free to read.
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information from the universe of Facebook (FB) friendships as of April 2016. Given Face-
book’s scale, with 2.1 billion active users, the index provides a large-scale representation of

global friendship networks measurable at a sub-national level.
In particular, the Social Connectedness Index, constructed as follows,

FB-Friends; ; . i
with max CON; = 1,000,000

CON! =
' FB-Users; x FB-Users; i)j

measures the relative probability of a FB friendship between sub-national unit i and sub-
national unit j.!° Sub-national units for European countries are based on the European Nomen-
clature of Territorial Units or Statistics (NUTS2, 2018). Countries outside Europe are divided
into sub-national units based on the Database of Global Administrative Areas (GADM1 Ver-
sion 2.8, 2015). Countries with a population of less than 1 million are not divided. For each
pair of sub-national units, we observe CON{ . For example, sub-national unit i with twice the
social connectedness index of sub-national unit i’ would be twice as likely to have a friend in

sub-national unit j.

Using the Social Connectedness Index has two caveats. First, the Social Connectedness Index
is not available for other periods. In that sense, we are limited to cross-sectional variation.1®
Second, the Social Connectedness Index is unavailable for countries that restrict FB usage.
Figure 2 Panels (b) and (c) give a spatial overview of raw and residualized connectedness
between subnational regions and Almaty. Notably, there is no information on Russia, China,

and Iran, among others.

Table 1 Panel B provides summary statistics of CON{ for Almaty, Nur-Sultan (the Kazakh

capital), Kazakhstan'?, and all other capitals in Central Asia.

3.4 Additional Data Sources

We extend the panel with many additional variables that primarily function as control vari-
ables. First, we collect global nighttime light emission data at a resolution of 30 arc-seconds

to create a proxy for differences in economic development (Li et al., 2020). Second, we utilize

15Note that the index contains a small amount of random noise and is rounded to the nearest integer to ensure
that no single individual or friendship link can be identified from the data.

16We discuss threats to identification in greater detail in Section 4.

7The Social Contentedness Index for Kazakhstan results from aggregating sub-national connectedness mea-
sures of Kazakhstan weighted by their population shares. In particular, the index can be aggregated to larger

geographical units using the following formula: CON{ = L, X, PopShare, x PopSharer/_ X CON:[ .

11



gridded population data at a resolution of 30 arc seconds (CIESIN, 2020). Both measures are
projected on sub-national units. Third, we gather geographic details for each sub-national unit.
Specifically, we compute the latitude and longitude of each sub-national unit’s geographic cen-
troid and the distance of each centroid to Almaty. We also compute measures for the area of
a sub-national unit and whether a sub-national unit contains a country’s capital. Finally, we
classify countries into developed, emerging, and developing regions to gauge heterogeneous
effects. To tie our hands, the classification is based on data by the International Monetary Fund
(2011), and the United Nations (2011). The geographic distribution is shown in Appendix Fig-
ure A 4.

3.5 Dealing with Zero Observations

All count variables with a skewed distribution are transformed using the natural logarithm,
adding one in case of zero observations. As a robustness test, we additionally apply the in-
verse hyperbolic sine transformation with arcsinh(Y;) = In (Yj; + (Y2 + 1)1/2). We are aware
that marginal effects from linear regressions using log(1 + Y) or arcsinh(Y) transformations
with zero observations can be sensitive to the scaling of the outcome if treatment affects the
extensive margin (Chen and Roth, 2022; Mullahy and Norton, 2022).18 However, in our setting,
the main effect is likely to operate through the intensive margin, attenuating concerns that the
estimates are distorted due to scale dependence. In particular, Sci-Hub affects existing research
dynamics but is unlikely to impact research dynamics in regions with no prior research output.
We provide two pieces of evidence to substantiate this argument. First, we empirically check
if treatment affects the extensive margin by regressing an indicator for generating any past
research output on an indicator for having any Sci-Hub download in the observation period.
Appendix Table A.3 shows Sci-Hub usage does not affect the probability of (first-time) en-
tering the academic landscape, implying that treatment does not affect the extensive margin.
Second, when disaggregating our results across regions in Figures 10 and Appendix Figure
A.9, we find a null effect in developing countries where most regions have no or only minimal
research output, giving credence to the claim that Sci-Hub mainly changes existing research

patterns.

18In particular, Chen and Roth (2022) show that if the scale of non-zero values is large, a change from a zero to
a typical non-zero value of the outcome has a huge impact, with the treatment effect placing substantial weight on
the extensive margin.
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4 Empirical Strategy

To identify the causal effect of Sci-Hub on knowledge consumption and creation, we apply
an instrumented difference-in-differences framework. The first difference we harness is time.
Sci-Hub only gained traction after 2011, so we compare observation units in the years before
and after the platform’s launch. The second difference is Sci-Hub intensity across sub-national
regions. However, Sci-Hub web traffic is likely endogenous to knowledge creation, our out-
come variables of interest. To circumvent endogeneity, we capture exogenous variation in the
number of Sci-Hub downloads using social connectedness to Almaty, Kazakhstan. We rely on
an anonymized snapshot of all Facebook friendships between subnational regions to construct

the instrument.

Kazakh graduate student Alexandra Elbakyan founded Sci-Hub in Almaty, from where it is
run until today, with a small team of developers. As a result, researchers with pre-existing
social ties to Almaty were more likely to be early adopters of Sci-Hub. Relying on path de-
pendence in technology adoption (Arthur, 1989), early exposure to Sci-Hub continues to be
a strong predictor of sub-national Sci-Hub usage today (akin to Miiller and Schwarz, 2020;
Enikolopov, Makarin and Petrova, 2020). In the case of Sci-Hub, technological path depen-
dence may have been particularly strong because diffusion outside of social networks was
severely hampered by legal actions to stop the site from operating. In practice, we estimate the

following first-stage equation:
In Down;; = a1 + ,Bl In CON?lmaty X 1y~02010 + Z&{n) In COl\Tf1 X L¢>0010 + Xi2010'7t + & (IV1)
n

where In Down;; is the log number of Sci-Hub downloads in sub-national region i in year ¢.
Our instrument is constructed as the log of social connectedness between region i and Almaty
interacted with a post-2010 dummy. Additionally, we control for the social ties of region i
with all neighboring country capital regions n of Almaty'?, each interacted with a post-2010
dummy. By this, we isolate the idiosyncratic variation of connectedness to Almaty that cannot

be attributed to, for example, general friendship linkages to metropolitan areas in Central Asia.

The specification extensively controls for possible unobserved factors affecting both Sci-Hub
downloads and social ties to Almaty. In particular, oy includes fixed effects for subnational
regions, to capture time-invariant factors, and country-year fixed effects to absorb country-

specific factors that vary over time (e.g. national higher education reforms). Finally, we control

YNeighboring country capitals of Almaty are Nur-Sulatan, Bishkek, Ashgabat, Tashkent, and Moscow (for
which no FB user data exist).
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flexibly for several covariates?) measured in 2010 interacted with year dummies. Unexplained
y y P

variation enters the error ¢;;, clustered at the sub-national level.

In the second step, we use predicted Sci-Hub intensity from Equation (IV1) to estimate the

following two-stage least squares regression:
InY; = as + ‘52 In ITOVWI# + Z(Sén) In CC)l\H1 X Ts>0010 + Xino100t + it (Iv2)
n

Here, Yj; constitutes scientific outcomes, but mainly the share of references to restricted-access
journals from region i and the log number of citations to region i. The coefficient of interest is

B2. The control variables are akin to Equation (IV1).

Identifying Assumption The identifying assumption is that in the absence of Sci-Hub, high
versus low connected regions to Almaty would have followed parallel trends in scientific out-
comes. This implies that conditional on covariates and fixed effects, social ties to Almaty are

orthogonal to 7;; in Equation (IV2).

Reverse causality A key limitation of the design is that our measure of social connectedness
is built on a Facebook snapshot from 2016. We implicitly assume that the network structure has
been stable over the years. The existing literature supports this assumption (see, e.g., Kuchler,
Russel and Stroebel 2022). It is also doubtful that Sci-Hub shaped the Facebook network struc-
ture meaningfully. The overall fraction of scientists in the general population would need to
be unreasonably large. Similarly, Bailey et al. (2021) show that even large-scale international

trade appears to be no key driver of network formation on Facebook.

5 Results

In this section, we present the main results on the relationship between Sci-Hub downloads

and subsequent knowledge creation.

20The list of control variables includes measures for (1) education (any research institute, number of research in-
stitutes, number of research institutes in the 95-100 percentile range, number of researchers in 2010), (2) geography
(latitude and longitude of geographical center, distance to Almaty, capital status, area), (3) population (population
in 2010), and (4) development (nighttime light emission in 2010).
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5.1 Motivating Facts

Before diving into the causal analysis, we document several empirical facts to motivate our
causal analysis. First, we use journal-level data. We ask, how is open access status distributed
across journals? We find that on average only 20% of all journals make published articles avail-
able for free. Beyond this first data moment, Figure 3 Panel (a) shows large heterogeneity in
open access regimes across two dimensions: field and journal quality. We document that open
access is most prevalent in the life and health sciences and slightly less so in the physical and
social sciences. Fairly consistent across fields, we find that the number of open-access journals
dwindles toward the top of the journal quality distribution. In the highest cited percentile of
journals only 9% operate under open access. Scientific knowledge is not only highly restricted
across fields but these restrictions are particularly severe for knowledge residing in top jour-
nals. In Appendix Figure A.5 we further document that open-access journals have become

gradually more common over the past decade but remain a small share of all journals.

If scientists had universal access through affiliated libraries, these paywalls would not neces-
sarily harm the consumption and production of new scientific insights. However, in Figure 3
Panel (b) we show that this appears not to be the case. We proxy for library access using insti-
tutional JSTOR subscriptions in 2012. JSTOR is an online library covering roughly 12 million
items and access to almost 3000 journals. While incomplete, bulk access through JSTOR still
allows researchers to read a large number of scholarly works without individual fees. We find
that JSTOR subscriptions are largely unequally distributed across universities. While 30% of
all institutions in developed regions have subscriptions, the fraction is reduced to roughly 10%
in lesser developed regions. In Appendix Figure A.6 we show that the unequal distribution
of JSTOR access across regions of different economic levels holds even when fixing the quality
of institutions. Comparing universities with similar citation levels, the probability of a JSTOR

subscription still depends largely on the economic environment.

Does the unequal distribution of bulk access simply mimic heterogeneous demand for scien-
tific articles? To answer this question, we turn to the Sci-Hub data. For each downloaded
paper, we add information on the respective journal’s quality. In Figure 3 Panel (c), we show
the distribution of downloaded papers by varying degrees of journal quality. Unsurprisingly,
we find that articles from top journals are in disproportionately high demand. We further
disaggregate downloads by different origins. The data clearly shows that Sci-Hub traffic per
researcher is much higher in lesser-developed regions of the world. Individuals in developing

regions download four times more papers (per researcher) than individuals in highly devel-
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oped regions. This suggests that demand for closed-access papers exists beyond legitimate
channels and is large. Moreover, the differential traffic indicates that the constraints are partic-

ularly binding for scholars in lesser developed regions of the world.

Finally, we turn to the production of scientific knowledge. In Figure 3 Panel (d), we show frac-
tions of peer-reviewed publications by papers’ origins and respective journal quality. We find
that most papers written originate from industrialized, developed regions. This is true across
different levels of quality, but it is increasing among top journals. While roughly 50% of papers
in below-median level journals stem from developed regions, this fraction increases to close to
90% in the top one percentile of journals. The remainder of papers is predominantly written
in middle-income countries. This suggests that the least developed regions lack the means to
conduct scientific activities at a larger scale and researchers from middle-income countries face
difficulties publishing in the highest echelons of scientific journals. These patterns are likely
shaped by a multitude of different factors. Yet, in the subsequent analyzes, we show that
access-restrictions play a meaningful role in explaining the geography of scientific knowledge

production.

5.2 Effects on Knowledge Consumption

To what extent does Sci-Hub affect scientists in their research downstream? In this section, we
isolate the effect of the platform on a measurable scientific outcome: references. We argue that
once scientists learn of Sci-Hub and use the platform extensively, they start referencing more

paywalled papers in their articles—Sci-Hub reshapes global knowledge consumption.

First Stage To make a causal claim, we rely on the identification strategy outlined in section
4. First, we estimate equation (IV1) to show that connectedness to Almaty is a meaningful
driver of Sci-Hub traffic. The dynamic event study estimates are shown in Figure 4 Panel (a).
According to the point estimates, connectedness is a strong and highly significant predictor
that grows in magnitude over time. Note that by construction, we cannot estimate pre-trend
coefficients because both the platform and downloads did not yet exist before 2011. Moreover,
we, unfortunately, do not observe granular download data in 2014 and after 2017. Particularly
in recent years, it is not clear how the correlation would behave if data were available. On the
one hand, we would expect social networks” importance to decline in the long run. However,
recent survey evidence in an arguably positively selected sample still documents a lack of

knowledge about pirating websites as one of the leading factors for not having used such
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services (Segado-Boj, Martin-Quevedo and Prieto-Gutiérrez, 2022).

Complementary to the event study, Figure 4 Panel (b) shows a binned scatterplot of the first
stage correlation, again focusing on our most demanding specification. The figure illustrates
the range of variation and provides evidence that the linear model is a good approximation of
the data. The corresponding static estimates are presented in Table 4. The most demanding
specification in Panel A column 8 suggests that an increase in connectedness by 1% is associ-
ated with a 0.34% higher Sci-Hub traffic with an F-statistic of approximately 40. Conditional on
connectedness to neighboring country capitals and educational metrics, the coefficient remains
consistent when introducing additional control variables. In Appendix Table A.1 we show that

the first stage is not sensitive to applying the inverse hyperbolic sine transformation.

Design Validity We perform several exercises to support our identification strategy. A key
concern is that the observed correlation is not an artifact of connectedness to Almaty, but be-
ing more connected in general. We provide two pieces of evidence against this argument.
First, we run a horse race. In particular, we regress the log number of Sci-Hub downloads on
connectedness to Almaty, the unofficial capital of Kazakhstan, simultaneously accounting for
connectedness to other regions with capital cities in Central Asia. The results of this exercise
are shown in Table 5. We find that connectedness to Almaty is the only consistent, positive and
large predictor of Sci-Hub downloads. All remaining coefficients are small and close to zero or
even negative. This is true for direct neighboring capital cities, column (5), and more distant,
non-neighboring capital cities, column (6). For all remaining analyses, we continue to use the
tirst-stage estimates from column (5) with direct neighboring capitals as controls to capture the

idiosyncratic variation of connectedness to Almaty and not Central Asia.

Second, we re-estimate the first-stage equation by independently considering social ties to
all other sub-national units (while controlling for social ties to neighboring capital regions).
This exercise allows us to compare the estimate for Almaty with all other regions in our data.
In Figure 5, it is evident that the Almaty-correlation is a highly distinct outlier in the near-
normal distribution of placebo estimates. We conclude that diffusion through social networks
was driven by social links to Almaty, which cannot be explained by connectedness to similar

regions in Central Asia or network connectedness in general.

Reduced Form We depict the dynamic reduced form in Figure 6 Panel (a). With the launch

of Sci-Hub in 2011, we see a quick and quantitatively large rise in the share of references to
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restricted access publications from highly connected regions. Scientists start referring to previ-
ously restricted works at much greater rates. Taking the point estimates at face value, doubling
a region’s connectedness to Almaty is associated with an increase of roughly twelve percent-
age points in the share of restricted access references in the later sample periods. The event
study also shows that regions with different levels of connectedness are not on diverging out-
come trajectories before the Sci-Hub launch. Instead, we identify considerably stable pre-trend
coefficients before 2011 that are overall close to zero. This reassures that the parallel trends as-
sumption appears to hold, at least in the pre-period.?! The static equivalents to the dynamic
reduced form effects are displayed in Panel A of Table 6. In the static reduced form, we find an
average increase in restricted access references of a little less than 5% when a region doubles
connectedness to Almaty. Note that the sample here is restricted to years before the launch of
Sci-Hub and years in the post-period for which we observe Sci-Hub downloads (2011-2013 and
2015-2017). Within this subsample the static reduced form coefficient equals the average of the

event study coefficients for 2011-2013 and 2015-2017 which explains the smaller magnitude.

As before, we also conduct a placebo exercise. In particular, we estimate the static reduced
form coefficient for connectedness to all other regions in our data. The result is depicted in
Figure 7. Akin to the first-stage placebo estimates, we find that the uptake in closed-access
references is driven by connectedness to Almaty and appears not to be explained by connect-

edness to other regions.

Returning to Figure 6, in Panel (b), we further show no effect of connectedness to Almaty on
the total number of references—scientists do not appear to consume more papers. Instead, we
find a pattern of substitution. Connected researchers read more paywalled work and reference
more of these in their research (Panel (c)). This comes at the detriment of references to open-
access publications. Panel (d) indicates a drop in these references in the post-period. Note,
that the shift in reference patterns occurs two to three years after the launch of Sci-Hub. This
is consistent with lower usage rates in the early years but is also consistent with academic

publication lags.

IV Combining our first stage and reduced form results, Panel B of Table 6 displays the 2SLS
estimates on references for our most demanding specification. We find that doubling Sci-Hub
traffic is associated with a 4.6% point increase in the share of restricted access references. Note

that this is a pooled estimate for the post-period in which we observe Sci-Hub downloads

21In Appendix Section B, we show robustness to potential non-linear violations of the parallel trends assumption
following Rambachan and Roth (2022).
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(2011-2013 and 2015-2017). Since the reduced form effect is particularly strong in later years
(post 2017), we would, in all likelihood, obtain even larger estimates if more recent Sci-Hub
data were available. This becomes evident when implementing the two-sample 2SLS approach
in which we keep the otherwise missing years (Angrist and Krueger, 1992; Inoue and Solon,
2010). In Appendix Table A.5 we find that doubling Sci-Hub is associated with an 8% point
increase in the share of restricted access references using the alternate approach. Finally, in

Appendix Section A we discuss and show robustness to weak-IV considerations.

Heterogeneity by Quality and Age We have previously shown that the overall number of
references is not affected by Sci-Hub. Instead, scientists switch from open- to more closed-
access publications in their reference lists. Next, we ask, which exact types of works are being
substituted. To answer this question, we break down all references along two dimensions, the
quality deciles of their respective journal and the relative age of the publication (the differ-
ence in the publication year between a referenced article and the referencing article). We then
run the baseline 2SLS regression on all these subgroups of different references. The estimates
are plotted in Figure 8. We observe an intuitive but remarkable pattern: the positive effect
on restricted-access references is highly concentrated in high-quality journals (top two deciles)
and articles published most recently (two to four years ago). Once researchers learn of Sci-Hub,
they start reading and referencing frontier research at much greater rates. On the other hand,
Sci-Hub is associated with significant reductions in low-quality references—this can be rec-
onciled by incomplete information about an article’s relevance and quality before purchasing
it. Prior to Sci-Hub many scientists likely cited papers solely based on abstracts and titles.??
Importantly, references to high-quality open-access publications remain unaffected. Hence,
scientists appear not to unconsciously select restricted access publications as references but
merely start citing more high-quality work. Since most high-quality work is paywalled, we

then, in turn, document substitution from open- to closed-access papers.

Heterogeneity by Field Fields differ in their prevalence of open- versus closed-access jour-
nals. We argue that these differences should moderate the impact of Sci-Hub. The intuition
is that in fields where there are relatively more restricted access publications, the pool of suit-
able closed-access references is relatively larger too. Hence, we should observe quantitatively
larger effects in fields with ex-ante greater rates of restriction. We test this in our data. In par-

ticular, we estimate separate 2SLS regressions for different fields. In Figure 9, we show that the

22This is consistent with theory and evidence by McCabe and Snyder (2021).
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increase in the share of restricted-access references is particularly large in fields with higher

restriction rates and this relationship is statistically significant at the 95% level.>

Heterogeneity by Region Finally, we explore how Sci-Hub affects reference lists in different
income regions. In Figure 10, we disaggregate the reduced form effect allowing for different
responses in developed, emerging, and developing countries (Panels (a), (b) and (c)). We find
that increases in the share of references to paywalled papers are driven by developed and
emerging regions. Interestingly, the point estimates and dynamics are very similar in both
regions, whereas absent in developing countries. In the latter, we see no measurable impact
on the share of restricted access references. Note, however, that our instrument lacks relevance

for this subgroup (Appendix Table A.2).

In Appendix Figure A.9 we also show disaggregated results for the number of total refer-
ences, restricted-access and open-access references. Notably, our analysis reveals that the fac-
tors driving the increase in the share of restricted-access references vary between developed
and emerging economies. In developed regions we see a level shift: reference lists get longer
and presumably more wholistic, due to an increase in the number of restricted-access refer-
ences. Open-access references remain unaffected. However, in emerging regions, we observe
a pattern of pure substitution where open-access references are replaced by restricted-access

references without any increase in the total number of both.

5.3 Effects on Knowledge Production

The evidence gathered so far documents that Sci-Hub has profoundly impacted what researchers
read and reference. We now ask whether exposure to higher-quality articles, in turn, affects the
creation of new scientific insights. To answer that question, we estimate the effect of Sci-Hub

on the creation of new scientific works.

Citations First, we assess the effects of Sci-Hub on citations, a standard quality measure of
scientific output. In Figure 11 we present reduced form estimates of the effect of connected-
ness to Almaty on the number of citations accruing to researchers in a given region. If access
to frontier research leads to higher quality works, we would expect increases in citations to

regions with higher connectedness. Indeed, this is what we find. To interpret the magnitude,

2In Appendix Figure A.10 we further show disaggregated 2SLS for the raw numbers of open- and restricted-
access references.
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consider two similar regions with the exception that one has twice as many friendship links
to Almaty as the other. Comparing publications published in 2010 versus 2015, papers from
the higher-connected region see a differential increase in citations of almost 10%. We doc-
ument similar effects and magnitudes both in the total number of citations, including from
non-scholarly sources, and citations from only peer-reviewed journals. In Figure 12, we again
show that it’s specifically connectedness to Almaty that predicts increases in citations whereas

other regions generally do not.

In Table 7 we show associated 2SLS estimates. Note, that in this exercise, we again lose a sub-
stantial fraction of the sample, namely 2014 and all years after 2017. Hence, we do not have
sufficient power to reject the null hypothesis of no effect at the standard levels of statistical sig-
nificance. Nonetheless, the estimate is helpful for interpreting the reduced form effect through
the lens of Sci-Hub. On average, doubling Sci-Hub traffic is associated with roughly 12% more
citations from peer-reviewed journals. When employing the two-sample 2SLS approach, we

estimate an increase of roughly 14% significant at the 90% level (Appendix Table A.5).

Finally, we investigate heterogeneity by splitting the sample into regions of different economic
development. In particular, we introduce interactions with indicator variables for developed,
emerging, and developing countries with connectedness to Almaty. The results are presented
Figure 13.2* Allowing for heterogeneous effects, we find positive and significant increases in
citations concentrated in high- and middle-income countries following 2011, but not in low-
income countries. Taken together, we interpret the results as evidence for quality increases
in high Sci-hub traffic regions. Yet, even if one remains agnostic about whether citations re-
flect quality: At a minimum, the results imply greater recognition of work from previously

disadvantaged regions.

Number of Publications Next, we investigate potential increases in the number of publi-
cations. Loosening monetary constraints through costless downloads may allow scientists to
reshift resources. Researchers may be able to hire more research assistants or purchase more
scientific equipment. Such investments may then increase research output as measured by the
number of publications. To test this idea, we estimate equation IV2 using the number of newly
written articles in a given region as the main outcome. The corresponding estimates are shown
in Table 8. Columns (1) and (2) show that we don’t find any effects of Sci-Hub on the number
of new publications (both peer and non-peer-reviewed articles). The estimates are relatively

small and even slightly negative. Doubling Sci-Hub traffic is associated with an insignificant

24Corresponding static estimates are shown in Appendix Table A.6.
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reduction in peer-reviewed publications by roughly 1%.

We also test for distributional shifts. If greater access transitions into better papers, we would
not necessarily see more publications but a shift in the publishing outlets. To test this idea
we classify publications based on journal quality quintiles measured by impact factors. The
disaggregated results are shown in Table 8 where columns (3)-(7) denote ascending quality
quintiles. Again, we do not observe significant changes in the distribution of outlets in which
researchers publish. If anything, we estimate slight reductions in newly written articles across

the full journal-ranking spectrum.

5.4 Effects on Migration and Innovation

Thus far, we have documented the effects Sci-Hub on different scientific outcomes. We might
reasonably expect other dimensions, specifically scientist migration, and industrial innovation,
to be affected. First, we ask whether greater increases in the quality of publications affect
scientists” migration opportunities. Second, we investigate spillovers of greater access into

patent citations of scientific articles.

Migration To investigate migration, we rely on changes in the affiliation of scientists in Ope-
nAlex. We classify moves among research institutions along three dimensions: whether a
researcher changes her affiliation within the same subnational region, within the same country
or whether she moves to a developed country. The results are shown in Table 9. First, we
find no effect of Sci-Hub traffic on the total number of researchers in a region. Second, we
investigate outflows based on where the receiving institution is situated. We find no effect on
moves within a subnational region, to other institutes and universities in the country nor to

universities in developed regions.

It is important to note that we did not conduct a large-scale linking exercise for scientists,
and therefore our findings may not provide a complete picture of migration opportunities.
Specifically, if a scientist changes universities and is assigned a new identifier in OpenAlex,
our data analysis may not accurately reflect their migration choices. Hence, we caution readers

to keep this limitation in mind when interpreting these results.

Innovation Prior evidence documents that articles published under open-access accrue more
patent citations—put differently, spillovers from science to industry are more pronounced

(Bryan and Ozcan, 2021). We test, whether the spread of Sci-Hub has similarly impacted
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industry-use of scientific insights along two dimensions. First, we test whether patents from
regions with high Sci-Hub usage cite more restricted-access publications. Second, we check

whether publications from these regions receive more patent citations.?

In Table 10 we find no measurable impact of Sci-Hub on the share of restricted-access ref-
erences in patents. Likewise, we do not detect distributional shifts in references to higher-
quality scientific publications. In Table 11 we also find no indication that publications from

high-intensity Sci-Hub regions attract more patent citations.

There are several plausible explanations that can rationalize these results. First, the analysis is
built on relatively "scarce” data. We only observe patents from OECD-countries, as opposed to
the near-universe of publications. Secondly, firms” budget-constrains may be less binding. In
all likelihood, paywall fees take up a far smaller share of research budgets within firms and
industrial R&D labs than among scientists. We interpret the fact that references to open-access

journals take up only about 5% of all references as evidence in favor of this argument.?®

6 Conclusion

This paper studies the rise of Sci-Hub, an academic file-sharing website. Using a wealth of
data sources, we build a global panel of scientific input and output at the sub-national level
that spans two decades. In an instrumented difference-in-differences framework, we show

that Sci-Hub has meaningfully shifted global knowledge consumption and production.

Our analysis suggests three tentative lessons about the impact of open access on knowledge
creation. First, regions exposed to Sci-hub see a quantitatively significant rise in the share of
references to restricted access publications. In particular, researchers substitute low-quality
closed-access references and low-quality open-access references with closed-access articles at
the research frontier. Second, we document that greater exposure to frontier research has re-
sulted in higher-quality subsequent publications as measured by citation increases. Third, we
do not find evidence for journal outcomes, migration opportunities, or industry-use of scien-
tific insights being majorly affected. Nonetheless, taken together, our results suggest that open-
accessible research is likely an underprovided public good within academic research. With a
slowdown in disruptive science afoot (Park, Leahey and Funk, 2023), the policy takeaway is

clear: Governments should actively implement measures to reduce closed-access rates.

25We discuss data construction and results in greater detail in Appendix D.
26Gee Appendix Table A.11.
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7 Figures

Figure 1: Sci-Hub Downloads over Time
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Note: The figure shows the average daily Sci-Hub downloads by year. The figure includes all downloads recorded
in Sci-Hub log files from 2011 to 2013 and 2015 to 2017.
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Figure 2: Descriptive by Sub-national Units
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Note: Panel (a) shows the spatial distribution of Sci-Hub downloads across sub-national units. Panel (b) depicts
how social ties to Almaty vary across sub-national units. Panel (c) depicts the residualized variation (conditional
on country fixed effects). The borders of Kazakhstan are marked by a black line. The location of Almaty is marked
by the white square outlined in black.
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Figure 3: Four Facts.
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Note: Panel (a) shows the fraction of open-access journals by quality across fields pooled from 2011 to 2022 account-
ing for year fixed effects. Panel (b) shows the fraction of JSTOR subscribers per research institute across developing,
emerging, and developed regions in 2012. Panel (c) shows the average annual Sci-Hub downloads per researcher
by journal quality in the different regions. The sample includes all peer-reviewed scientific papers recorded in
Sci-Hub log files from 2011 to 2013 and 2015 to 2017. Panel (d) shows the fraction of peer-reviewed publications
by journal quality across regions. The figure includes all publications between 2000 and 2022 that are recorded in
OpenAlex and are assigned to a journal.

Sources: Journal access and quality data are from Scopus. Journals are declared as open-access status if the journal
is listed in the Directory of Open Access Journals and/or the Directory of Open Access Scholarly Resources. Jour-
nal quality percentiles are based on the average number of citations from peer-reviewed articles per publication.
Country classifications of sub-national units into developed, emerging, and developing regions is based on data by
the International Monetary Fund (2011), and the United Nations (2011). JSTOR subscription data come from the JS-
TOR website as recorded by the Internet Archive in 2012 and the underlying number of institutes from OpenAlex.
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Figure 4: First Stage — Visual Evidence

(a) Event Study (b) Binned Scatterplot
8 . .
. Point Estimate 4 PB:0.340**
= ———4 95% Confidence Interval T F-statistic: 40.251
! s —statistic: 40.
} Binsize: 809
6 T ') 2
| K
T T
» I
g b g
% (Y %
54 T b S
a Tl [ 3
3 by s
3 B =}
! a
o -2
2 o
1 -3
T
I
. -4
l -4 -3 -2 -1 0 A 2 3 4
Resi ized C dness x Post 2010

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Note: Panel (a) shows point estimates and confidence intervals of the dynamic effects corresponding to the speci-
fication in Table 4 Panel A column (8). Panel (b) plots the residuals and coefficient estimate of the corresponding
static difference-in-differences model. Standard errors are clustered by subnational region. Bars represent 95%

confidence intervals.

Figure 5: First Stage — Placebo Estimates for the Effect of Connectedness on Sci-Hub
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Note: Panel (a) shows the distribution of point-estimates when re-estimating Equation IV1 by iteratively replacing
social connectedness to Almaty with social ties to all other sub-national units. We replace social ties to Almaty’s
neighboring capital regions with respective other neighboring capital regions. For each region, we control for
social ties to respective neighboring capital cities. Panels (b) to (d) show the distribution of point-estimates within
specific regions. Classification of sub-national units into developed, emerging, and developing regions is based on
data by the International Monetary Fund (2011), and the United Nations (2011). In all figures, the dotted red line
corresponds to the point estimate in column 8 of Table 4.
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Figure 6: Reduced Form — Effects of Connectedness on References
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Note: The figure shows reduced form event study estimates for the outcomes and specification displayed in Table 6
Panel A. The post-2010 indicator is replaced with a full set of annual indicators, omitting 2010, the year before Sci-

Hub was established. Standard errors are clustered by subnational region. Bars represent 95% confidence intervals.
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Figure 7: Reduced Form — Placebo Estimates for the Effect of Connectedness on References
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Note: Panel (a) shows the distribution of point-estimates when re-estimating the reduced form effect by iteratively
replacing social connectedness to Almaty with social ties to all other sub-national units. We replace social ties to
Almaty’s neighboring capital regions with respective other neighboring capital regions. The outcome is the share
of restricted-access references. Panels (b) to (d) show the distribution of point-estimates within specific regions.
Classification of sub-national units into developed, emerging, and developing regions is based on data by the
International Monetary Fund (2011), and the United Nations (2011). In all figures, the dotted red line corresponds
to the point estimate in Panel A column 4 of Table 6.
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Figure 8: Change in Reference Dynamics by Age and Quality
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Note: The figure shows disaggregated 2SLS estimates for the number of open-access and restricted-access references
according to the specification in Panel B of Table 6. Specifically, the number of references is disaggregated by age
and quality of the referenced papers. The age corresponds to the year difference between the publication of the
referencing paper and the referenced paper. Reference quality deciles are based on journal quality percentiles
provided by Scopus, which are based on the average number of times a journal is cited per publication. Each tile
represents a separate regression in which the dependent variable is the number of open access or restricted access
references of age a (indicated on the y-axis) and quality g (indicated on the x-axis). Effect sizes are indicated by
color codes, with blue indicating a negative effect and red a positive effect. The p-value for each estimate is stated

on top of each tile.
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Figure 9: Change in Reference Dynamics by Field
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Note: The figure shows disaggregated 2SLS estimates for the share of restricted-access references as in Panel B of
Table 6. Each scatter represents a separate regression in which the dependent variable is the share of restricted
access references in a field. Effect sizes are indicated on the vertical axis. The baseline share of open-access journals
is displayed on the horizontal axis. The size of each scatter indicates the size of a field, measured by the total
number of publications in 2010. A grey outline indicates that the estimate is significant at 5%. The red dotted line
is the size-weighted correlation between the baseline share of restricted access publications and the corresponding
25SLS estimate.
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Figure 10: Reduced Form — Effects of Connectedness on Share of Restricted-access References

by Region.
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share of restricted access references allowing for heterogeneity in developed, emerging, and developing regions.

Standard errors are clustered by subnational region. Bars represent 95% confidence intervals.
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Figure 11: Reduced Form — Effects of Connectedness on Citations
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Note: The figure shows reduced form event study estimates for the outcomes and specification displayed in Table 7
Panel A. The post-2010 indicator is replaced with a full set of annual indicators, omitting 2010, the year before Sci-
Hub was established. Standard errors are clustered by subnational region. Bars represent 95% confidence intervals.
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Figure 12: Reduced Form — Placebo Estimates for the Effect of Connectedness on Citations
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Note: Panel (a) shows the distribution of point-estimates when re-estimating the reduced form effect by iteratively
replacing social connectedness to Almaty with social ties to all other sub-national units. We replace social ties
to Almaty’s neighboring capital regions with respective other neighboring capital regions. The outcome is the
log-number of peer-reviewed citations. Panels (b) to (d) show the distribution of point-estimates within specific
regions. Classification of sub-national units into developed, emerging, and developing regions is based on data by
the International Monetary Fund (2011), and the United Nations (2011). In all figures, the dotted red line corre-
sponds to the point estimate in Panel A column 3 of Table 7.

Figure 13: Reduced Form — Effects of Connectedness on Citations by Region.
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Note: The figure shows reduced form event study estimates for the effect of log connectedness to Almaty on cita-
tions allowing for heterogeneity in developed, emerging and developing regions. Standard errors are clustered by
subnational region. Bars represent 95% confidence intervals.
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8 Tables

Table 1: Sci-Hub and Social Connectedness — Summary Statistics

Mean SD Min Max N
(1) ) 3) 4) ®)
Panel A: Sci-Hub Downloads
Total (in 1,000s) 2.76 24.79 0.00 1,169.48 14,537
Total 2011 (in 1,000s) 0.01 0.15 0.00 4.61 2,437
Total 2012 (in 1,000s) 0.39 3.51 0.00 122.83 2,437
Total 2013 (in 1,000s) 0.43 2.69 0.00 62.68 2,437
Total 2015 (in 1,000s) 1.62 8.96 0.00 235.02 2,437
Total 2016 (in 1,000s) 1.06 7.29 0.00 230.98 2,437
Total 2017 (in 1,000s) 12.95 58.21 0.00 1,169.48 2,437
Per Institute 216.86 1334.49 0.00 44,279.00 9,329
Per Researcher 4.13 16.01 0.00 198.73 8,277

Panel B: Social Connectedness Index (in 1,000s)

Almaty (KAZ) 0.43 5.47 0.00 210.27 2,437
Kazahkstan (KAZ) 0.63 6.85 0.00 114.22 2,437
Kazahkstan excl. Almaty (KAZ) 0.68 7.64 0.00 130.65 2,437
Nur-Sultan (KAZ) 0.65 9.54 0.00 344.26 2,437
Bishkek (KGZ) 1.33 21.45 0.00 491.63 2,437
Ashgabat (TKM) 5.40 129.01 0.00 4,362.62 2,437
Tashkent (UZB) 0.98 12.73 0.00 338.63 2,437
Dushanbe (TJK) 1.95 41.59 0.00 1,324.88 2,437
Kyiv (UKR) 047 5.66 0.00 201.34 2,437
Ulaanbaatar (MNG) 5.99 63.32 0.00 869.56 2,437

Note: In Panel A the table provides summary statistics for Sci-Hub downloads across our observation period.
Panel B provides summary statistics for the Social Connectedness Index for Almaty, Kazakhstan, and Central Asian
capitals.
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Table 2: Publication Measures — Summary Statistics

Mean SD Min Max N
1) () 3) 4) &)

Panel A: Research Institutes
Any 0.64 0.48 0.00 1.00 56,051
Total 18.70 79.69 0.00 2,641.00 56,051
Total > 95th Percentile 0.72 5.11 0.00 195.00 56,051
Panel B: Researchers
Researchers (in 1,000s) 1.25 5.36 0.00 189.97 56,051
Per Institute 50.79 92.34 0.00 2,731.50 36,087
Panel C: Publications
Total (in 1,000s) 1.98 8.92 0.00 295.30 56,051
Per Institute 73.23 127.90 0.00 2,997.00 36,087
Per Researcher 1.53 0.82 0.00 28.00 30,105
Share Peer-reviewed 0.67 0.24 0.00 1.00 30,103
Share Restricted-access 0.56 0.25 0.00 1.00 30,103
Panel D: References
Total (in 1,000s) 48.60 242.04 0.00 9,457.02 56,051
Per Institute 1580.89 3411.23 0.00 105,389.00 36,087
Per Researcher 25.85 20.22 0.00 484.00 30,105
Per Publication 16.85 10.08 0.00 228.00 30,103
Share Peer-reviewed 0.85 0.19 0.00 1.00 29,114
Share Restricted-Access 0.68 0.15 0.00 1.00 29,114
Panel E: Citations
Total (in 1,000s) 40.75 219.04 0.00 6,133.67 56,051
Per Institute 1092.33 2376.46 0.00 39,514.20 36,087
Per Researcher 22.58 32.20 0.00 940.50 30,105
Per Publication 14.47 18.61 0.00 536.50 30,103
Share Peer-reviewed 0.94 0.09 0.00 1.00 53,287
Share Cross-citations 0.29 0.32 0.00 2.48 53,287

Note: The table provides summary statistics for research measures retrieved through OpenAlex and described in
Section 3. In particular, Panels A and B show summary metrics for the number of research institutes and researchers
in sub-national units. Panels C, D, and E summarize various publication, citation, and reference measures. Across
all variables, the unit of observation are sub-national units from 2000 to 2022.
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Table 3: Control Variables — Summary Statistics

Mean SD Min Max N
1) 2 @) (4) ©)

Panel A: Education
Any Research Institute 0.64 0.48 0.00 1.00 2,437
Research Institutes, 2010 18.99 80.23 0.00 2,253.00 2,437
Research Institutes > 95th Percentile, 2010 0.88 5.49 0.00 188.00 2,437
Researchers (in 1,000s), 2010 1.31 5.36 0.00 110.82 2,437
Panel B: Geography
Capital 0.08 0.27 0.00 1.00 2,437
Area (in 10,000 km?) 8.81 89.73 0.00 3,493.19 2,437
Latitude 17.06 22.76 —53.80 71.78 2,437
Longitude 21.25 67.84 —176.22 177.98 2,437
Distance to Almaty (in 1,000 km) 7.38 3.81 0.00 17.72 2,437
Panel C: Population
Population (Million), 2010 2.11 7.57 0.00 204.35 2,437
Population Density (per km?), 2010 0.43 2.05 0.00 41.28 2,437
Panel D: Development
GDP* (USD Billion), 2010 25.48 68.04 0.00 1,004.07 2,437
GDP* per Capita (USD), 2010 21.76 185.37 0.00 8,910.61 2,437

Note: The table provides summary statistics for all control variables in Section 3. Time-varying variables are fixed

in 2010.

Table 4: First Stage Estimates

) ©)

©)

(4)

(5)

(6)

@)

®)

In CON Almaty x Post 2010 0.617***  0.646*** (0.755%*  (0.458*** (0.297*** (0.304*** 0.341** (.340%**
(0.020) (0.019) (0.075) (0.076)  (0.052)  (0.053) (0.054)  (0.054)
Observations 41,341 41,341 40,440 40,440 40,440 40,440 40,440 40,440
Number of Clusters 2,437 2,437 2,384 2,384 2,384 2,384 2,384 2,384
F-statistic 912.118 1180.114 100.849  36.685 32.264 32.807 40.154 40.251
Fixed Effects
Sub-national - v v v v v v v
Year x Country - - v v v v v v
CON Neighb. Capitals - - - v v v v v
Controls in 2010 x Year FE
Education - - - - v v v v
Geography - - - - - v v v
Population - - - - - - v v
Development - - - - - - - v

Note: The table displays regression results from Equation (IV1) across various specifications. Standard errors are
clustered at the sub-national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 5: First Stage Estimates — Horse Race

Dependent Variable: In Downloads

) 2 (3) (4) () (6)

In CON Almaty x Post 2010

In CON KAZ excl. Almaty x Post 2010

0.274%% (.285%* 0.322%% (.307** 0.340** 0.319***
(0.042)  (0.048)  (0.050) (0.047)  (0.054)  (0.056)
- -0.022 - -

(=) (0054)  (-) (=) (=) (=)

In CON Nur-Sultan x Post 2010 — -0.074* — -0.069*  -0.072*
(-) (-) (0.039) (-) (0.039)  (0.039)
In CON Bishkek x Post 2010 — — — -0.067*  -0.059*  -0.066*
(-) (=) (-) (0.036) (0.036) (0.036)
In CON Ashgabat x Post 2010 — — — -0.020 -0.017 -0.018
(-) (=) (-) (0.014) (0.014) (0.014)
In CON Tashkent x Post 2010 - — — 0.033 0.049 0.033
(-) (-) (-) (0.038)  (0.040) (0.042)
In CON Dushanbe x Post 2010 — — — — — 0.005
(=) (=) (=) (=) (=) (0.030)
In CON Ulaanbaatar x Post 2010 — — — — — 0.041
(=) (=) (=) (=) (=) (0.037)
In CON Kyiv x Post 2010 - - — — - 0.027
(-) (=) (=) (=) (-) (0.051)
Observations 40,440 40440 40,440 40,440 40,440 40,440
F-statistic 42.063 34.805 41.232 41.923 40.251 32.035
Fixed Effects
Sub-national v v v v v v
Year x Country v v v v v v
Controls in 2010 x Year FE v v v v v v

Note: The table displays regression results from Equation (IV1) across various specifications. Standard errors are
clustered at the sub-national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 6: Change in Reference Patterns

Number of References Share
o p Restricted-
pen- Restricted- access
Total access access References
1) (2) 3) 4)
Panel A: Reduced Form
In CON Almaty x Post 2010 0.038 -0.026 0.066 0.047***
(0.041) (0.032) (0.040) (0.010)
Observations 40,440 40,440 40,440 19,420
Panel B: 2SLS
In Downloads 0.111 -0.077 0.193 0.046***
(0.121) (0.094) (0.121) (0.012)
Observations 40,440 40,440 40,440 19,420
F-statistic 40.251 40.251 40.251 30.898
Panel C: OLS
In Downloads -0.014* -0.012* -0.010 0.002**
(0.009) (0.008) (0.008) (0.001)
Observations 40,440 40,440 40,440 19,420
Fixed Effects
Sub-national v v v v
Country x Year v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Year FE e v v v

Note: The table displays regression results from Equation (IV2) for various reference measures. Across all panels,
the sample is limited to years for which download data are available. Standard errors are clustered at the sub-
national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 7: Change in Citation Patterns

Number of Citations

Total Non-peer- Peer- Cross-
ota reviewed reviewed field
1 2) 3) 4)
Panel A: Reduced Form
In CON Almaty x Post 2010 0.036 0.007 0.041 -0.031
(0.028) (0.024) (0.028) (0.040)
Observations 40,440 40,440 40,440 40,440
Panel B: 2SLS
In Downloads 0.107 0.019 0.121 -0.092
(0.083) (0.072) (0.083) (0.118)
Observations 40,440 40,440 40,440 40,440
F-statistic 40.251 40.251 40.251 40.251
Panel C: OLS
In Downloads -0.007 0.002 -0.006 -0.011
(0.006) (0.006) (0.006) (0.009)
Observations 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v v v
Country x Year v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Year FE e v v v

Note: The table displays regression results from Equation (IV2) for various citation measures. Across all panels, the
sample is limited to years for which download data are available. Standard errors are clustered at the sub-national
level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 8: Change in Publication Patterns

Peer- By Journal Quality (in Quintiles)
reviewed Q1 oY Q3 Q4 Q5
) (2) ) (4) (5) (6) (7)

Total

Panel A: Reduced Form

InCON Almaty x Post2010  -0.007  -0.001  -0.009  -0009  -0.006  -0.002  -0.008
(0.026)  (0.025) (0.014) (0.015) (0.019) (0.021)  (0.021)

Observations 40,440 40,440 40,440 40,440 40,440 40,440 40440

Panel B: 2SLS

In Downloads -0.020 -0.004 -0.026 -0.027 -0.019 -0.006 -0.023
(0.077)  (0.074) (0.041) (0.045) (0.056) (0.061)  (0.061)
Observations 40,440 40,440 40,440 40,440 40,440 40,440 40,440
F-statistic 40.251 40.251 40.251 40.251 40.251 40.251 40.251
Panel C: OLS
In Downloads -0.005 -0.004 0.019*** 0.010**  0.004 -0.002 0.003
(0.006)  (0.006)  (0.004) (0.005) (0.005) (0.005) (0.005)
Observations 40,440 40,440 40,440 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v Ve v ve v v
Country x Year v v v v v v v
CON Neighb. Capitals v v v v v v v
Controls in 2010 x Year FE v v v v v v v

Note: The table displays regression results from Equation (IV2) for various publication measures. Across all panels,
the sample is limited to years for which download data are available. Standard errors are clustered at the sub-
national level. Significance levels are indicated as follows: *** p < 0.01,** p < 0.05,* p < 0.1.
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Table 9: Migration Patterns

Stock of Outflows
Researchers Subnational Country Developed
1 2) 3) 4)

Panel A: Reduced Form
In CON Almaty x Post 2010 0.000 0.014 0.003 0.007

(0.022) (0.012) (0.010) (0.009)
Observations 40,440 40,440 40,440 40,440
Panel B: 2SLS
In Downloads 0.000 0.041 0.008 0.020

(0.065) (0.035) (0.029) (0.028)
Observations 40,440 40,440 40,440 40,440
F-statistic 40.251 40.251 40.251 40.251
Panel C: OLS
In Downloads -0.005 0.004 0.005 0.008**

(0.004) (0.003) (0.003) (0.003)
Observations 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v v v
Country x Year v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Year FE v v v v

Note: The table displays regression results from Equation (IV2) for various migration measures. Across all panels,
the sample is limited to years for which download data are available. Standard errors are clustered at the sub-
national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 10: Patents - Share of Restricted-access References

Share Restricted-access References among ...

all References of Quality
Ref
eferences o1 2 Q3 04 Q5
D 2) 3) 4) &) (6)

Panel A: Reduced Form
In CON Almaty x Post 2010 0.016 0.279** 0.002 -0.005 0.030 -0.011

(0.018) (0.139) (0.077) (0.065) (0.036) (0.021)
Observations 5,280 1,651 2,641 3,388 4,288 4,961
Panel B: 2SLS
In Downloads 0.012 0.127* 0.001 -0.003 0.021 -0.008

(0.014) (0.073) (0.043) (0.042) (0.028) (0.015)
Observations 5,280 1,651 2,641 3,388 4,288 4961
F-statistic 13.839 10.929 9.259 10.834 9.994 14.126
Panel C: OLS
In Downloads 0.002 -0.006 -0.002 -0.001 -0.000 -0.003*

(0.003) (0.008) (0.006) (0.005) (0.004) (0.002)
Observations 5,280 1,651 2,641 3,388 4,288 4961
Fixed Effects
Sub-national v v v v v v
Country x Year v v v v v v
CON Neighb. Capitals v v v v v v
Controls in 2010 x Year FE v v v v v v

Note: The table displays regression results from Equation (IV2) for the share of restricted-access references in
patents among various groups. Across all panels, the sample is limited to years for which download data are
available. Standard errors are clustered at the sub-national level. Significance levels are indicated as follows: ***
p <0.01,* p <0.05*p <0.1
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Table 11: Patent to Publication Citations

Peer- Quality of Cited Reference
reviewed Q1 Q Q3 Q4 Q5
ey 2) (©) (4) (@) (6) @)

Total

Panel A: Reduced Form

InCON Almaty x Post2010 -0.011  -0.010  -0.012** -0.004 -0.001  0.001  -0.004
(0.012)  (0.012)  (0.006) (0.007) (0.008) (0.009)  (0.011)

Observations 40,440 40,440 40,440 40,440 40,440 40,440 40,440
Panel B: 2SLS
In Downloads -0.032 -0.028 -0.035**  -0.013 -0.003 0.002 -0.013
(0.035)  (0.035) (0.017)  (0.020) (0.025) (0.027)  (0.033)
Observations 40,440 40,440 40,440 40,440 40,440 40,440 40,440
F-statistic 40.251 40.251 40.251 40.251 40.251 40.251 40.251
Panel C: OLS
In Downloads -0.004 -0.004 -0.001 0.006**  0.009*** 0.002 -0.003
(0.004)  (0.004)  (0.002) (0.003)  (0.003) (0.003)  (0.004)
Observations 40,440 40,440 40,440 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v v v v v v
Country x Year v v v v v v v
CON Neighb. Capitals v v v v v v v
Controls in 2010 x Year FE v v v v v v v

Note: The table displays regression results from Equation (IV2) for the log-number of patent to publication cita-
tions. Patent citations are restricted to in-text citations referenced by inventors. Across all panels, the sample is
limited to years for which download data are available. Standard errors are clustered at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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A  Weak Instrument Considerations

It is well known that t-ratio tests over-reject when instruments are weak (Bound, Jaeger and
Baker, 1995; Staiger and Stock, 1997). The discussion on dealing with potentially weak instru-
ments revolves around two parameters: the first-stage F-statistic and the endogeneity coef-
ficient p, measuring the correlation between structural and first-stage residuals. Within this
framework, a high degree of endogeneity calls for a strong instrument, i.e., a high first-stage
F-statistics. In contrast, ‘low” endogeneity is reconcilable with a low first-stage F-statistic. In
particular, conventional (unadjusted) IV standard errors sufficiently account for weak instru-
ments unless endogeneity is ‘extraordinarily high’, defined as |p| > .565 (Angrist and Kolesér,
2021). However, because it might be challenging to bound p a priori, numerous frequentist
methods exist to adjust standard errors and confidence intervals for potential inference distor-

tions (Anderson and Rubin, 1949; Lee et al., 2022).

We address potential weak instrument concerns twofold. First, we report 95-percent confi-
dence intervals [f1, oy of the endogeneity parameter p. Table A.4 shows that our specification
exhibits moderate to high levels of endogeneity, exceeding the threshold of |p| > .565 when
considering our main specification. The high degree of endogeneity might be not surprising
given that knowledge creation is a highly endogenous process. At the same time, the high
degree of endogeneity justifies our instrumental variable approach and offers an explanation

for the stark difference between OLS and 2SLS estimates we see in Tables (6)—(7).

Complementing the bounding exercise on p, Table A.4 reports p-values of the Anderson-Rubin
F-test (Anderson and Rubin, 1949) as well as tF-adjusted standard errors (Lee et al., 2022).The
procedure by Anderson-Rubin yields confidence intervals with undistorted coverage for any
pair of values p and F. On the other hand, tF-adjusted standard errors assume a worst-case
endogeneity scenario, i.e., |o| = 1, and accordingly adjust the conventional 2SLS standard
errors by an adjustment factor based on the first-stage F-statistic and the considered signifi-

cance level.?

Under both procedures, our results stay significant at the 1-percent level even
when considering a worst-case endogeneity scenario of [p| = 1 as assumed when computing

tF-adjusted standard errors.

27Both procedures yield correct coverage under arbitrarily weak instruments; however, the expected length of
the Anderson-Rubin confidence interval is infinite, while the corresponding tF interval is finite (Lee et al., 2022).
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B Parallel Trends

In our main event study with the share of restricted access citations as outcome, visual in-
spection of pre-period coefficients suggests that regions with high and low connectedness are
generally on similar outcome trajectories prior to the launch of Sci-Hub. However, the pre-
period coefficient for 2005 pinpoints a temporary significant difference. To investigate poten-
tial violations of the parallel trends assumption more systematically we follow the approach
in Rambachan and Roth (2022). Intuitively, their procedure assumes that parallel trend viola-
tions in the post-period are not much larger than violations in the pre-period. More formally,
they propose to bound possible changes in the slope across two subsequent periods by some

parameter M following:
AP(M) := {6 :|(651 — 6) — (6r — 6_1)| < M, Vt} (A1)

This allows the construction of confidence intervals valid under partial identification. Setting
a reasonable value for M, we adopt the procedure in Dustmann et al. (2022). First, we take
the estimated pre-trend coefficients and the associated variance-covariance matrix. Under the
assumption of jointly normally distributed errors, we simulate the average absolute trend de-
viation in the pre-period. We then set M at the median of the average trend deviations. This

procedure yields a value of M* = 0.014.

In Figure A.8 we show associated confidence sets for the average treatment effect for the full
post-period at different values of M. Our result is robust to different values, even allowing for

a trend violation that is more than ten times the size of M*.

C Two-sample IV

One challenge we face is that Sci-Hub Downloads are only available for six years — that is 2011
to 2013 and 2015 to 2017 — while missing for all other years post-2010. Although our instru-
ment and dependent variables are observable across the whole sample period, the missing
download observations translate to the 2SLS estimates. To see this, consider a setting where
the endogenous regressor, X is only observed for a subset of observations, denoted by Xp.
Further assume, that the dependent variable, Y and the instrument, Z, are observed across
all observations, denoted by Y,;; and Z,);. In this setting, even though the outcome and the

instrument are observed across all observations, the standard 2SLS estimate utilizes only ob-
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servations of the sample for which X is non-missing, that is, f251° = (X! b

sub sub
% _ -1
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However, as laid out in Angrist and Krueger (1992), instrumental variables estimation on the
whole sample is still possible even when only information on Y and Z but not X is available.
The idea is to estimate the first-stage regression on the restricted sample, but perform the
subsequent prediction step on the whole sample, that is, X1 = Zui(Z’ 1. Zeuww) " Zeub Xsub-

sub
The 2SLS estimate then follows from 25 = (X!, X.n) X L Yan .

To transfer this idea to our setting, we slightly adjust our empirical model in (IV1) by replacing
year fixed-effects with decade fixed-effects. In particular, in a setting with any kind of year
tixed-effects it is not possible to predict the first stage on the whole sample because in years
with missing Sci-Hub downloads, observations are missing for all observations. Hence, we

estimate the following first-stage regression

InDown;; = o + ‘51 In CON?lmaty X T4=0010 + Z(Sén) In C()l\H1 X T4=0010 + Xi20107d(t) + &t
n
(2SIV)

where now a = a; + ()4 with d(t) mapping years to decades. Our sample period can
roughly be divided into two decades defined by the years before and after t = 2010. All other
variables are defined as in IV1. We conduct inference on B using a clustered-bootstrap with

1,000 replications.

In Tables A.5-A.9 we compare estimates using the standard 2SLS with the two-sample 2S5LS
approach across our main outcome tables. Qualitatively the results are robust across both
approaches with slightly higher point estimates when utilizing the missing observations in the

two-sample 2SLS approach.

D Patents

Data Collection We rely on two external data sources. First, we utilize ‘'OECD REGPAT’
database as of August 2022 (for Economic Co-operation and Development, 2022). The database

covers patents application from 1977 to 2022 from applicants and inventors in OECD countries

ZBInoue and Solon (2010) proposes a slightly modified estimator by introducing a correcting matrix C' to adjust
for finite sample differences of the covariance matrix of Z between the two samples. However, in our setting Z
is identically distributed across both samples since connectedness is constant across sub-national within pre- and
post-treatment periods.
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tiled to either (1) the European Patent Office (EPO) or filed (2) under the Patent Co-operation
Treaty (PCT).? For all patents the ‘OECD REGPAT’ database contains regional identifiers
based on the address provided in the patent application. The regional identifiers correspond to
the 2013 version of the Nomenclature of territorial (NUTS) for European countries and OECD’s
Territorial Level 3 (TL3) for other countries. We construct a spatial crosswalk for both identi-

fiers to align the data with the sub-national unit structure described in Section 3.

Second, we utilize data on the citations from USPTO and EPO patents to scientific articles since
1836 and 1978, respectively. For a detailed description of the extraction of scientific articles
from patents, we refer the interested reader to Marx and Fuegi (2022) and the explanations
therein. We perform two steps to utilize the openly accessible dataset in our analysis. First, we
match patents to the ‘OECD REGPAT’ database using their unique patent publication number.
Next, we corroborate referenced scientific articles — identified by their Microsoft Academic
Graph identifier and corresponding with the OpenAlex identifier — with the paper and journal
characteristics (again fixed in 2011) described in Section 3. We restrict references along two
dimensions. First, we exclude references included by patent office examiners who are unlikely
to face access restrictions and therefore less likely to be Sci-Hub users.?’ Further, mirroring the
approach in Bryan and Ozcan (2021), we only consider in-text references and exclude front-

page references.

Lastly, we aggregate the combined data into a panel of sub-national units across years. As in
the case of publications, patents with multiple inventors residing in the same sub-national unit
are only considered once. Patents with numerous inventors residing in different sub-national

units are considered separately.

Patent References Mirroring our approach to publications, we evaluate whether inventors
in regions with high Sci-Hub usage (induced through high social connectedness to Almaty)
adjust their reference dynamics by citing more restricted-access research post-2010. Column
(1) of Table 10 documents changes in the share of restricted-access references among all scien-
tific references listed in patents. Both the reduced form and the 2SLS estimate indicate that the
share of restricted-access references is unchanged. Next, we check in columns (2)—(6) whether

the share of restricted-access references adjusts when disaggregating references across quality

2In cases where we observe patents filed to the EPO that are also protected under PCT, we only consider the
latter.

30There are two ways how references can be assigned to a patent. First, references can be listed by the applicant.
Second, when checking the patent’s validity, the patent office examiner can include scientific literature related to
the patent.
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quintiles. Again, we find no meaningful change in reference dynamics except for a positive
effect for references from inventors in the 1st quality quintile, significant at the 10% level.
However, the latter estimate turns insignificant when adjusting for multiple hypothesis test-
ing. These findings might be explained by access restrictions being less binding for inventors
(especially those working for large cooperations) compared to researchers working in an aca-

demic environment.
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E Additional Figures

Figure A.1: Sci-Hub Screenshot
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users latest read
66,577 Mechanisms of Cisplatin-Induced Ototoxicity and Otoprotection / Front.
in 1h Cell. Neurosci.. Sheth 2017

20:18:59 Mechanisms of Cisplatin-Induced Ototoxicity and Otoprotection /
Front. Cell. Neurosci. Sheth, 2017

20:18:59 The Role of Adenosine Receptors in Psychostimulant Addiction /
Front. Pharmacol. Ballesteros-yafez, 2018

20:18:59 Adenosine and the Cardiovascular System / Am J Cardiovasc Drugs
Reiss, 2019

20:18:59 Keep an eye on adenosine: Its role in retinal inflammation /
Pharmacology & Therapeutics Santiago, 2020

20:18:59 The Supply Chain Network on Cloud Manufacturing Environment Based
on COIN Model with Q-Learning Algorithm / 2017 5th International Conference
on Enterprise Systems (ES) Jingi, 2017

20:18:59 An Examination of Seamless Ferritic tube and Austenitic alloy tube
plate joining by Friction Welding process / Materials Today: Proceedings
Senthil kumaran, 2018

20:18:59 Phosphodiesterase 4 inhibitors for the treatment of chronic
obstructive pulmonary disease: a review of current and developing drugs /
Expert Opinion on Investigational Drugs Mulhall, 2015

20:18:59 Adenosine regulation of the immune response initiated by ischemia
reperfusion injury / Perfusion Boros, 2015

20:18:59 The Signaling Pathways Involved in the Anticonvulsive Effects of
the Adenosine A1 Receptor / IJMS Spanoghe, 2020

20:18:59 Adenosine receptors and diabetes: Focus on the A2B adenosine
receptor subtype / Pharmacological Research Merighi, 2015

20:18:59 Craniofacial Comparisons in 22-Month-0ld Lip-Operated Children with
Unilateral Comnlete Cleft Lin and Palate and Unilateral Tncomnlete Cleft Lin

Note: The figure shows a screenshot of Sci-Hub’s front page as of November 3, 2022.

Figure A.2: Sci-Hub Data Structure
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publisher, open access, Classification
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Note: The figure shows the structure of an entry in the Sci-Hub log-files download and describes how it

is subsequently processed.
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Figure A.3: Research Output Classification Example
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Even before the Great Recession, US employment growth was
unimpressive. Between 2000 and 2007, the economy gave back the
considerable employmem gains achieved during the 1990s, with a
historic contraction in manufacturing employment being a prime
contributor to the slump. We estimate that import competition
from China, which surged after 2000, was a major force behind both
recent reductions in US manufacturing employment and—through
input-output linkages and other general equilibrium channels—
weak overall US job growth. Our central estimates suggest job
losses from rising Chinese import competition over 1999-2011 in
the range of 2.0-2.4 million.
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In particular, without the competitive equilibrium assumption, the in-
crease in imports may drive some producers out of the market, and this may
have a negative impact on firms that are their customers, creating negative
downstream effects. Conversely, if there are declines in the prices of goods
being imported more intensively from China, this may create positive
downstream effects as customers using these goods as inputs can expand
their operations.

Ultimately, whether there are downstream effects or not is an empirical
question, and our results do not provide much evidence for sizable down-
stream effects.
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Figure A.4: Country Classification

Classification
¥ Developed
B Emerging
M Developing

No Classification

Note: The figure shows the classification of countries into developed, emerging, and developing regions.
In particular, developed regions are all countries classified as ‘least developed’ by the United Nations
(2011). All remaining countries are classified as developed, or emerging regions based on the distinction

of ‘advanced” and ‘emerging’ economies by the International Monetary Fund (2011). Light white lines
indicate borders of sub-national units.

59



Figure A.5: Fraction of Open-Access Journal by Fields across Years
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Note: The figure shows the fraction of open-access journals by fields across years.
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Figure A.6: Fraction of JSTOR Subscribers by Institution Quality and Region
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Note: The figure depicts the fraction of JSTOR subscribers by institution quality and region.
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Figure A.7: Share of Restricted-access References — Visual Evidence

(a) Reduced Form (b) 2SLS
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Note: Panel (a) shows point estimates and confidence intervals of the dynamic effects corresponding to the speci-
fication in Table 4 Panel A column (8). Panel (b) plots the residuals and coefficient estimate of the corresponding
static difference-in-differences model. Standard errors are clustered by subnational region.

Figure A.8: Sensitivity to Non-Linear Parallel Trend Violations
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Note: This figure implements Rambachan and Roth (2022) and depicts confidence sets for the static reduced form
regression at different values of M. The outcome is the Share of Restricted-access References. For details see
Appendix B.
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Figure A.9: Reduced Form Event Studies by Region (Count Variables)
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Note: The figure shows reduced form event study estimates with corresponding 95% confidence intervals for the
outcomes and specification displayed in Table 6 Panel A. The post-2010 indicator is replaced with a full set of annual

-2

indicators, omitting 2010, the year before Sci-Hub was established. Standard errors are clustered by subnational

region.



Figure A.10: Change in Reference Dynamics by Field and Sub-field
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Note: The figure shows disaggregated 25LS estimates for the number of open-access and restricted-access references
according to the specification in Panel B of Table 6. Each scatter represents a separate regression in which the
dependent variable is the number of open access or restricted access references in a field. Effect sizes are indicated
on the vertical axis. The share of open-access journals is displayed on the horizontal axis. The size of each scatter
indicates the size of a field, measured by the total number of publications in 2010.
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F Additional Tables

Table A.1: First Stage Estimates — Inverse Hyperbolic Sine Transformation

) 2) (3) (4) ©) (6) (7) (8)

ihs CON Almaty x Post 2010  0.596** 0.613** 0.823** 0.507+* 0.323** 0.331*** 0.379*** 0.378***
(0.062) (0.059) (0.132) (0.104) (0.075) (0.076) (0.082) (0.081)

Observations 41,344 41,344 40444 40444 40,444 40,444 40,444 40,444
Number of Clusters 195 195 142 142 142 142 142 142
F-statistic 92.375 107.196 38.627 23964 18541 18.806 21.228 21.745
Fixed Effects

Sub-national - v v v v v v v
Year x Country - - v v v v v v
CON Neighboring Capitals - - - v v v v v
Controls in 2010 x Year FE

Education - - - - v v v v
Geography - - - - - v v v
Population - - - - - - v v
Development - - - - - - - v

Note: The table displays regression results from Equation (IV1) across various specifications using the inverse
hyperbolic sine transformation. Standard errors are clustered at the sub-national level. Significance levels are
indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table A.2: First Stage Estimates by Region

Dependent Variable: In Downloads

1) ) ©) 4) ©) (6) ) 8)

InCON Almaty x Post 2010 x Developed ~ 1.217%%* 1.257+* 1,624** 1.344%%% 0414+ 0.473** 0.567*** .638***
(0.026) (0.026) (0.160) (0.172) (0.116) (0.123) (0.118) (0.121)

In CON Almaty x Post 2010 x Emerging ~ 0.539*** 0.575%** 0.960*** 0.768** 0.522*** 0.527*** 0.576*** 0.569***
(0.025) (0.024) (0.150) (0.148) (0.088) (0.089) (0.091) (0.090)

In CON Almaty x Post 2010 x Developing ~ 0.088*** 0.138*** 0.073** -0.061  0.040  0.041  0.059* 0.049
(0.016) (0.016) (0.030) (0.045) (0.033) (0.033) (0.033) (0.032)

Observations 41,341 41,341 40,440 40,440 40,440 40,440 40,440 40,440
Number of Clusters 2437 2437 2384 2384 2384 2384 2384 2,384
F-statistic 846.423 995.093 50.187 32.212 14.160 14.636 18.184 19.712
Fixed Effects

Sub-national - v v v v v v v
Year x Country - - v v v v v v
CON Neighb. Capitals - - - v v v v

Controls in 2010 x Year FE

Education - - - - v v v v
Geography - - - - - v v v
Population - - - - - - v v
Development - - - - - - - v

Note: The table displays regression results from Equation (IV1) by region and across various specifications. Stan-
dard errors are clustered at the sub-national level. Significance levels are indicated as follows: *** p < 0.01, **
p <0.05*p <0.1.
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Table A.3: Extensive Margin Effects of Sci-Hub Downloads

Dependent Variable: Any Publication

1) 2) 3) 4) @) (6)

Any Download 0.525%** 0.342%** 0.010 0.009 0.009 0.009

(0.034) (0.029) (0.006) (0.006) (0.006) (0.006)
Observations 2,799 2,735 2,735 2,735 2,735 2,735
Number of Clusters 222 158 158 158 158 158
Fixed Effects
Country - v v v v v
Controls in 2010
Education - - v v v v
Geography - - - v v v
Population - - - - v v
Development - - - - - v

Note: The table displays the results from regressing an indicator for having procured any research (until 2022) on
an indicator for having any Sci-Hub download (until 2022). Standard errors are clustered at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A.4: Weak IV Robustness — Effect on Share of Restricted-access References

Dependent Variable: Share Restricted-access References

1) ) (3) (4) ©) (6) (7) (8)

Panel A: 2SLS Estimate

In Downloads 0.0234* -0.024*** 0.026*** 0.049*** 0.049*** 0.047*** 0.046*** 0.046***
(0.002) (0.002) (0.003) (0.015) (0.010) (0.010) (0.009) (0.009)

Observations 20,463 20413 19,420 19,420 19420 19,420 19,420 19420
F-statistic 983.565 1760.168 139.658 11.890 22981 24268 31.087 30.898

Panel B: Weak IV Considerations

Endogeneity Parameter p
max{|pL|, |oul} 0.420 0.500 0.520 0900  0.760 0.750 0.720 0.720

Anderson-Rubin Inference
p-value <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001

tF-adjusted Standard Errors
5-percent Significance (0.002) (0.002) (0.031) (0.031) (0.013) (0.012) (0.010) (0.010)
1-percent Significance (0.003) (0.002) (0.088) (0.088) (0.017) (0.016) (0.013) (0.013)

Fixed Effects
Sub-national - v

v
Year x Country - - v

ANEN

v v
v v

ANEN
SNEN

CON Neighb. Capitals

-
«
-
-
-

Controls in 2010 x Year FE

Education - - - - v
Geography - - - - -
Population - - - - - -
Development - - - - - -

2NN
BENENEN
SNENENEN

Note: Panel A displays 2SLS estimates based on Equation (IV2). Panel B reports three measures to discover and
account for the presence of weak instruments. First, we report bound on the endogeneity parameter p by following
Online Appendix Section A.8.3 of Lee et al. (2022). In particular, we use 95-percent tF confidence intervals end-
points [B1, By] to compute the endpoints p(B1) and p(By;). Second, we report p-values of the Anderson-Rubin
F-test of endogenous regressors (Anderson and Rubin, 1949). Third, we construct tF-adjusted standard errors for
5-percent and 1-percent significance levels using first-stage F-statistics and critical values provided in Lee et al.
(2022). Standard errors are clustered at the sub-national level. Significance levels are indicated as follows: ***
p <0.01,* p <005 *p <0.1
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Table A.5: Two-sample IV Estimates — References

Number of References Share
o P Restricted-
pen- Restricted- access
Total access access References
1) 2) 3) 4)
Panel A: 2SLS
In Downloads 0.110 -0.083 0.194 0.047***
(0.120) (0.093) (0.120) (0.012)
Observations 41,341 41,341 41,341 20,408
Number of Clusters 2,437 2,437 2,437 1,461
F-statistic 41.339 41.339 41.339 31.652
Panel B: Two-Sampe 2SLS
In Downloads 0.080 -0.177 0.233** 0.080***
(0.128) (0.130) (0.117) (0.016)
Observations 56,051 56,051 56,051 28,859
Number of Clusters 2,437 2,437 2,437 1,461
F-statistic 41.339 41.339 41.339 31.652
Fixed Effects
Sub-national v v v v
Country x Decade v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Decade FE v v v v

Note: The table displays regression results from Equation (2SIV) across various specifications using the inverse
hyperbolic sine transformation. Standard errors are bootstrapped with 1,000 replications at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.

69



Table A.6: Change in Citation Patterns by Region

Number of Citations

Total Non-peer- Peer- Cross-
ota reviewed reviewed field
1) 2 3) (4)
Panel A: Reduced Form
In CON Almaty x Post 2010 x Developed 0.035 0.004 0.035 0.119
(0.056) (0.054) (0.056) (0.085)
In CON Almaty x Post 2010 x Emerging 0.069 0.028 0.075 -0.101
(0.047) (0.045) (0.046) (0.073)
In CON Almaty x Post 2010 x Developing -0.010 -0.017 -0.006 0.003
(0.027) (0.020) (0.027) (0.033)
Observations 40,440 40,440 40,440 40,440
Panel B: 2SLS
In Downloads x Developed 0.058 0.003 0.065 0.067
(0.075) (0.069) (0.075) (0.111)
In Downloads x Emerging 0.088 0.020 0.102 -0.133
(0.085) (0.076) (0.084) (0.122)
In Downloads x Developing -0.206 -0.294 -0.133 0.071
(0.483) (0.371) (0.479) (0.563)
Observations 40,440 40,440 40,440 40,440
F-statistic 19.712 19.712 19.712 19.712
Panel C: OLS
In Downloads x Developed -0.007 -0.013 -0.008 -0.011
(0.009) (0.009) (0.009) (0.015)
In Downloads x Emerging -0.007 0.009 -0.005 -0.009
(0.008) (0.007) (0.007) (0.012)
In Downloads x Developing -0.012 -0.016 -0.012 0.004
(0.028) (0.023) (0.027) (0.030)
Observations 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v v v
Country x Year v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Year FE v v v v

Note: The table displays regression results from Equation (IV2) for various citation measures by region. Across all
panels, the sample is limited to years for which download data are available. Standard errors are clustered at the
sub-national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table A.7: Two-sample IV Estimates — Publications

Peer- By Journal Quality (in Quintiles)
reviewed Q1 Q Q3 RY Q5
(1) () ©) (4) (5) (6) 7)

Total

Panel A: 2SLS

In Downloads 0.023 -0007 -0.029 -0030 -0.021 -0.008 -0.026

(0.076)  (0.073) (0.040) (0.044) (0.056) (0.061)  (0.060)
Observations 41341 41,341 41,341 41,341 41,341 41,341 41,341
Number of Clusters 2437 2437 2437 2437 2437 2437 2437
F-statistic 41339 41339 41339 41339 41339 41339  41.339

Panel B: Two-Sampe 2SLS

In Downloads -0.054  -0.031 -0.026 -0.051 -0.053  -0.022 -0.014
(0.096) (0.057) (0.033) (0.063) (0.058) (0.071) (0.071)
Observations 56,051 56,061 56,061 56,061 56,051 56,061 56,051
Number of Clusters 2,437 2,437 2,437 2,437 2,437 2,437 2,437
F-statistic 41.339 41.339 41339 41339 41.339 41.339 41.339
Fixed Effects
Sub-national v v v v v v v
Country x Decade v v v v v v v
CON Neighb. Capitals v v v v v v v
Controls in 2010 x Decade FE v v v v v v v

Note: The table displays regression results from Equation (2SIV) across various specifications using the inverse
hyperbolic sine transformation. Standard errors are bootstrapped with 1,000 replications at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A.8: Two-sample IV Estimates — Citations

Number of Citations

Total Non-peer- Peer- Cross-
ota reviewed reviewed field
1) 2) 3) 4)
Panel A: 2SLS
In Downloads 0.108 0.018 0.122 -0.096
(0.082) (0.071) (0.082) (0.117)
Observations 41,341 41,341 41,341 41,341
Number of Clusters 2,437 2,437 2,437 2,437
F-statistic 41.339 41.339 41.339 41.339
Panel B: Two-Sampe 2SLS
In Downloads 0.134 0.046 0.139* -0.082
(0.083) (0.076) (0.078) (0.143)
Observations 56,051 56,051 56,051 56,051
Number of Clusters 2,437 2,437 2,437 2,437
F-statistic 41.339 41.339 41.339 41.339
Fixed Effects
Sub-national v v v v
Country x Decade v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Decade FE v v v v

Note: The table displays regression results from Equation (2SIV) across various specifications using the inverse
hyperbolic sine transformation. Standard errors are bootstrapped with 1,000 replications at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table A.9: Two-sample IV Estimates — Citations by Region

Number of Citations

Total Non-peer- Peer- Cross-
ota reviewed reviewed field
(1) 2 ®) 4)
Panel A: 2SLS
In Downloads x Developed 0.056 0.000 0.064 0.063
(0.075) (0.068) (0.074) (0.109)
In Downloads x Emerging 0.087 0.017 0.102 -0.137
(0.086) (0.076) (0.085) (0.122)
In Downloads x Developing -0.229 -0.314 -0.152 0.054
(0.492) (0.379) (0.487) (0.568)
Observations 41,341 41,341 41,341 41,341
Number of Clusters 2,437 2,437 2,437 2,437
F-statistic 20.418 20.418 20.418 20.418
Panel B: Two-Sampe 2SLS
In Downloads x Developed 0.088 0.019 0.091 0.115
(0.059) (0.079) (0.088) (0.129)
In Downloads x Emerging 0.120 0.058 0.126** -0.115
(0.063) (0.065) (0.062) (0.132)
In Downloads x Developing -0.421 -0.252 -0.380 -0.235
(0.724) (0.659) (0.765) (0.660)
Observations 56,051 56,051 56,051 56,051
Number of Clusters 2,437 2,437 2,437 2,437
F-statistic 20.418 20.418 20.418 20.418
Fixed Effects
Sub-national v v v v
Country x Decade v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Decade FE v v v v

Note: The table displays regression results from Equation (2SIV) across various specifications using the inverse
hyperbolic sine transformation. Standard errors are bootstrapped with 1,000 replications at the sub-national level.
Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table A.10: Migration Patterns by Region

Stock of Outflows
Researchers Subnational ~ Country Developed
@ @) ) 4)
Panel A: Reduced Form
In CON Almaty x Post 2010 x Developed 0.057 0.036 -0.008 -0.029
(0.042) (0.032) (0.032) (0.023)
In CON Almaty x Post 2010 x Emerging 0.021 0.023 0.002 0.018
(0.039) (0.022) (0.019) (0.017)
In CON Almaty x Post 2010 x Developing -0.018 0.006 0.008 0.008
(0.020) (0.010) (0.010) (0.010)
Observations 40,440 40,440 40,440 40,440
Panel B: 2SLS
In Downloads x Developed 0.049 0.051 0.000 -0.013
(0.058) (0.037) (0.034) (0.025)
In Downloads x Emerging 0.011 0.043 0.013 0.034
(0.068) (0.036) (0.030) (0.028)
In Downloads x Developing -0.330 0.094 0.146 0.128
(0.371) (0.171) (0.166) (0.161)
Observations 40,440 40,440 40,440 40,440
F-statistic 19.712 19.712 19.712 19.712
Panel C: OLS
In Downloads x Developed -0.000 -0.014** -0.012* -0.015%**
(0.006) (0.006) (0.005) (0.004)
In Downloads x Emerging -0.006 0.008* 0.009** 0.014x**
(0.006) (0.004) (0.004) (0.004)
In Downloads x Developing 0.026* 0.028*** 0.025** 0.027***
(0.014) (0.011) (0.010) (0.009)
Observations 40,440 40,440 40,440 40,440
Fixed Effects
Sub-national v v v v
Country x Year v v v v
CON Neighb. Capitals v v v v
Controls in 2010 x Year FE v v v v

Note: The table displays regression results from Equation (IV2) for various migration measures by region. Across
all panels, the sample is limited to years for which download data are available. Standard errors are clustered at
the sub-national level. Significance levels are indicated as follows: *** p < 0.01, ** p < 0.05,* p < 0.1..
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Table A.11: Patent Measures — Summary Statistics

Mean SD Min Max N
1 2) ®) (4) ©)

Panel A: Patent References (per Patent)

Total 1.09 2.17 0.00 97.00 10,344
Referenced by Applicant 0.10 0.32 0.00 11.00 10,344
Referenced by Examiner 0.99 2.07 0.00 97.00 10,344
Referenced on Front 1.02 2.12 0.00 97.00 10,344
Referenced on Body 0.13 0.42 0.00 18.50 10,344
Quality Q1 0.01 0.04 0.00 1.00 10,344
Quality Q2 0.03 0.07 0.00 2.00 10,344
Quality Q3 0.06 0.13 0.00 3.00 10,344
Quality Q4 0.19 0.38 0.00 11.00 10,344
Quality Q5 0.62 1.46 0.00 64.00 10,344
Peer-reviewed 0.92 1.91 0.00 79.00 10,344
Restricted-access 0.86 1.79 0.00 71.00 10,344
Open-access 0.05 0.16 0.00 8.00 10,344
Panel B: Patent Citations (per Publication)

Total 0.69 24.55 0.00 2,501.00 27,170
Cited by Applicant 0.54 19.98 0.00 1,935.00 27,170
Cited by Examiner 0.15 4.71 0.00 566.00 27,170
Cited on Front 0.57 20.39 0.00 2,072.00 27,170
Cited on Body 0.21 8.15 0.00 880.00 27,170
Citing Q1 0.01 0.18 0.00 17.91 27,170
Citing Q2 0.02 0.84 0.00 120.00 27,170
Citing Q3 0.03 0.53 0.00 62.00 27,170
Citing Q4 0.08 1.91 0.00 174.00 27,170
Citing Q5 0.49 20.30 0.00 2,229.00 27,170

Note: The table provides summary statistics for patent citations and references as described in Section D. Across all
variables, the unit of observation are sub-national units from 2000 to 2020. In the case of references, observations
are limited to OECD countries.
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