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This paper analyzes how US universities contribute to the quantity and quality of VC-backed immigrant
entrepreneurship in the US. Using a novel data set that identifies immigration status and education history
for the near-universe of VC-backed founders in the US, we document several interrelated facts. First,
immigrants contribute disproportionately to US VC-backed entrepreneurship, accounting for approximately
20% of VC-backed companies. More than 75% of these immigrant entrepreneurs obtained post-secondary
education in the US, which suggests that higher education represents a primary entry channel for foreign
entrepreneurial talent into the country. Given these facts, we assess how universities shape both the
geographic distribution and the quality of immigrant entrepreneurship. Close to 40% of US-educated
immigrants start a company in the state of their alma mater, suggesting that place of education substantially
impacts immigrant entrepreneurs’ start-up location choice. Regarding firm quality, immigrant founders are
also more likely to found financially successful and scientifically innovative start-ups than their US-born
counterparts. Altogether, the results suggest that foreign students educated in US universities substantially
contribute to local and national VC-backed entrepreneurship, thereby identifying higher education’s global
scope as a potential tool to attract entrepreneurial talent and encourage entrepreneurial growth.
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1.1 Introduction

Immigrants play a vital role in innovation activities (Hunt and Gauthier-Loiselle, 2010; Bernstein
et al., 2020) and entrepreneurship (Kerr and Kerr, 2016; Azoulay et al., 2020a; Azoulay et al., 2020b; Kerr
and Kerr, 2020). Given the substantial contribution of immigrants in these areas, a set of natural questions
arises: what pathways do immigrant entrepreneurs take to arrive in the United States, and how has the
importance of these pathways changed over time? How do universities contribute to the quantity and quality
of high-potential immigrant entrepreneurship? Do certain regions of the United States benefit
disproportionately from high-skilled immigrant entrepreneurs, and if so, could the presence of local
universities help explain the geographic distribution of these benefits? The answers to these questions have
important implications for designing immigration policy and regulation, which have become increasingly
acrimonious topics in public discourse. They also have important implications for firms and universities
that recruit talent from abroad, as well as for local communities that hope to promote vibrant entrepreneurial

ecosystems.

To investigate these questions, we use a combination of unique datasets that allow us to (i) identify
immigrant and native-born founders of venture capital (VC)-backed companies in the US and (ii) more
closely study their educational backgrounds. Particularly, we combine a dataset from Infutor, which enables
us to proxy for the immigration status of individuals in the United States, with VentureSource, which
contains detailed information on the near-universe of VC-backed startups in the United States, including
the identities of the startup’s founder(s) and venture capital investors. We supplement these with manually
collected data and resume data from Emsi, a labor analytics firm, which collectively allow us to observe
details regarding the education and prior work experience of the entrepreneurs in our sample. Finally, the
United States Patent and Trademark Office (USPTO)’s PatentsView dataset enables us to link US patent
applications to VC-backed start-ups. These data together provide a rich and comprehensive source of
background information on VC-backed entrepreneurs that we leverage to understand the educational

experiences which high-skilled immigrants acquire before pursuing high-growth entrepreneurship.

Admittedly, our datasets do not allow us to study immigrant entrepreneurship on aggregate, since
VC-backed start-ups represent only a small fraction of new firms created in the US at any given time.'
Nonetheless, our focus on and comprehensive identification of VC-backed startups allows us to accurately
examine immigrants’ contributions to a particularly salient, relevant, and sought-after type of
entrepreneurship. To elaborate, as prior literature (largely focused on the US economy) has shown, the VC

ecosystem plays a crucial role in the US macroeconomy (Gornall and Strebulaev, 2015; Gompers and

! A 2013 public press article (Entis, 2013) estimates that 0.05% of startups in the US are funded by VCs.

2



Lerner, 2000), and VC-backed firms contribute disproportionately to the right tail of the firm size and
innovation distributions in the US economy (Akcigit et al., 2019). Venture-backed firms are also substantial
job creators in the US economy—focusing on the economic contribution of immigrant founders of venture-
backed firms highlights the job creating role that immigrants play in the economy, thereby bounding claims
that immigrants primarily take jobs away from natives (Azoulay et al., 2020). Finally, various policymakers,
representing localities ranging from Tel-Aviv to Bangalore, have endeavored to promote and foster high
growth-potential entrepreneurship. Accordingly, understanding the contribution of immigrants to this
important part of the economy is of interest per se. Additionally, while entrepreneurs who start venture-
backed firms may be a selected sample, the detailed dataset we assemble on VC-backed immigrant

entrepreneurs yields insights that are likely generalizable to high-skilled immigrants at large.

After assembling our novel dataset, we begin our analysis of the interplay between university
education, immigrant talent, and VC-backed entrepreneurship by (i) identifying VC-backed entrepreneurs’
immigration status and (ii) documenting two important facts about the immigrant entrepreneurs in our
sample. First, to proxy for an individual entrepreneur’s immigration status, we adapt Bernstein et al.
(2020)’s approach. Specifically, we use the Infutor-documented age at which individuals in our data set
received their social security numbers (SSN) to identify their immigration status. Specifically, we define
immigrants as those who received their SSN on or after their 18" birthday.> Mechanically, this approach
excludes child immigrants, i.e., foreigners who arrived in the United States as children. However, as we
discuss in more detail below, this limitation is unlikely to introduce significant biases into our empirical
results. Using this definition of immigrant, we estimate that approximately 20% of the VC-backed founders
in our sample are immigrants, broadly in line with previous research that estimates a similar immigrant
share in entrepreneurial and innovation activities (Kerr and Kerr, 2016). This initial fact suggests that

immigrant founders are important contributors to the US VC-backed entrepreneurship ecosystem.

Next, we further utilize our unique data on VC-backed entrepreneurs' educational histories to better
understand immigrants’ educational pathways towards high-potential entrepreneurship. We categorize each
immigrant entrepreneur in our sample into one of three “pathway” categories: those who first came to the
US for undergraduate study (Group 1/G1), those who first came for post-graduate education (Group 2/G2),
and those who first came after receiving their education in a foreign country (Group 3/G3). This
classification allows us to more closely explore the extent to which multiple distinct institutions (i.e.,

undergraduate programs vs. graduate programs vs. corporations) contribute as entry points to the pool of

2 Our core conclusions are not sensitive to our choice on individuals’ age. For example, changing the cut-off age to
16 or 22 does not materially affect the core results on immigrants’ contribution to VC-backed entrepreneurship on
the whole.



foreign-born entrepreneurial talent in the United States. This education-based classification method allows
us to document a second important fact: more than 75% of immigrant entrepreneurs for whom we have
education information received some form of education in the United States. Of this 75%, roughly half
received an undergraduate degree in the United States. The critical role played by higher education, and
increasingly undergraduate education, as a primary entry point for high-potential immigrant entrepreneurs
into the US provides new insights about the role of research universities in attracting high-skilled talent

from abroad.

Motivated by universities’ importance as a source of foreign entrepreneurial talent, we use the
remainder of the paper to explore how universities add to the quantity and quality of VC-backed
entrepreneurship in the United States. We begin this portion of the paper by exploring founders’ propensity
to start VC-backed companies in the state in which they received their final post-secondary education
degree. We find that approximately 35% of the founders in our sample found VC-backed firms in the state
where they were educated. This fact is not simply driven by Berkeley- and Stanford-educated entrepreneurs
founding companies in the Bay Area, or Harvard- and MIT-educated entrepreneurs founding companies in
Massachusetts. Instead, it captures a more general phenomenon that also applies to graduates of universities

in regions that are not hubs for VC investment.

To build upon this descriptive result concerning VC-backed founders’ geographic stickiness, we
also explore differences in would-be founders’ propensity to stay in their state of education across the
following groups: in-state natives, out-of-state natives, and immigrants.® We find that, relative to out-of-
state native founders, immigrant founders are less likely to migrate before founding their startup when
educated in venture capital hub states (defined in this paper to be California, Massachusetts, and New Y ork),
as opposed to other non-hub states. This disparity suggests that hub states benefit from immigrant
entrepreneurship, at the margin, partly because of post-education domestic migration. Finally, to provide
additional evidence of a distinct and clear connection between universities’ enrollment of foreign talent and
local entrepreneurial activities, we show that, holding demographic and local economic factors fixed,
current student enrollment in local universities, both foreign and native, predicts future local VC-backed
startup formation. There is little evidence of crowding out: enrolling more foreign students in local

universities is not correlated with fewer future native-founded VC-backed startups.

This evidence suggests that the presence of research universities has likely been an important

determinant of which areas have benefited most from the domestic migration of high-skilled founders,

3 In-state natives are natives who did not move out of state when completing their postsecondary education, whereas
out-of-state natives are natives who did.



especially those of non-US/foreign origin. More generally, this result provides additional evidence for the
role that universities play in local agglomeration economies. Universities are known to contribute to local
economies in a variety of ways, for example by training a skilled labor force, or by knowledge diffusion
from innovation activities (e.g., Hausman, 2020). Our results suggest that this agglomeration benefit

extends to attracting skilled immigrants, some of whom end up starting high-growth potential firms.

In the last portion of the paper, we study the marginal differences in venture quality between
companies started by immigrant and native entrepreneurs, and we examine the extent to which these
differences apply to all three distinct immigrant pathway groups (G1, G2, and G3). If one were to believe
that selection into immigration or the treatment effects of the immigrant experience might materially
influence the quality of VC-backed immigrant entrepreneurship, one might potentially be concerned that
the quality of VC-backed companies in the United States may be diluted if immigrant entrepreneurs are less
productive than their native counterparts. Using standard regression methods from the VC and innovation
literature, we find that immigrants are more likely to start (i) companies that reach financial success (IPO
and profitable acquisition) and (ii) companies that are more innovative, as encapsulated by several related
measures of patent output. The results suggest that, on average, immigrants tend to start more productive
companies than natives. The difference in productivity is most salient when comparing natives to
immigrants who arrived in the United State for graduate school (G2) or work (G3). This nuance highlights
the importance of immigrant entrepreneurs’ educational pathways in informing and predicting their quality
as VC-backed founders. The result is likely to be driven by a selection on quality effect (Borjas, 1989;
Borjas, 1991; Borjas and Bratsberg, 1996; Rosenzweig et al., 2006) because we also find that these groups
(i.e., G2 and G3) of immigrants tend to have more education than native founders and start companies in
different industries than native founders. In other words, G2 and G3 immigrant founders may be more adept

at selecting into and exploiting opportunities in more productive sectors of the economy.

From a policy perspective, our results emphasize the importance of immigrant entrepreneurs as
founders of high-growth potential startups. While a substantial focus in the current public discourse
revolves around work visas, such as the H-1B visa, our evidence suggests that student visas may deserve
even more attention, given the role of universities in bringing talented, high potential foreign students into
the country. Policy proposals in the past few years have sought to place restrictions on student visas for
foreigners. Given the substantial contribution of immigrant entrepreneurs educated in the United States, our
results suggest that such policies would likely carry significant costs for the country by restricting the supply
of talented potential entrepreneurs. Our results also suggest that there is a substantial temporal lag between
immigrant entrepreneurs’ entry into the US and the founding of their firms. Accordingly, the effects of

policies that increase or decrease the flow of immigrants may have very lagged but persistent effects on



immigrant entrepreneurship. Such policies’ effects would only show up decades after implementation and
would be hard to reverse in a short period of time. Finally, although our data and results focus on the US
economy, our empirical findings on the substantial nexus between university education, immigrant talent,
and VC-backed entrepreneurship could inform non-US policymakers seeking to effectively support

institutions and attract talent necessary to sustain vibrant domestic entrepreneurial hubs.

1.2 Literature Review and Contributions

Our paper contributes to several segments of academic research and literature. The first main
contribution is the collection of data that we use. We combine data from Infutor, VentureSource, Emsi, and
PatentsView to study the how universities contribute to the quantity and quality of high-potential immigrant
entrepreneurship in the United States. Although, the method that we use to identify immigrants introduces
some measurement error, when compared to direct identification in the Census Bureau’s Longitudinal
Employer-Household Dynamics (LEHD) data set (Kerr and Kerr, 2016), our data have several advantages.
It contains information on entrepreneurs’ education attainment, job titles, and work history, features not
available in the LEHD, which allow us to study the immigration and educational pathways that would-be
foreign entrepreneurs take to arrive in the United States. Additionally, given the cumbersome access
procedure that is required for researchers to use the LEHD, our collection of data offers a robust alternative

to study questions that are related to immigration, innovation, education, and entrepreneurship.

Second, our work addresses an unanswered question of significant policy importance: how do high-
potential immigrant entrepreneurs come to the United States? We answer this question by assembling our
detailed data that captures founders’ work and educational history. Our data allow us to identify immigrant
founders, summarize their educational background, and classify them according to their path of
immigration. Therefore, we can paint a detailed picture of how immigrant entrepreneurs came to the United
States and of the educational path that preceded their entry into high-growth entrepreneurship. Accordingly,
this paper highlights how American universities represent a key source of foreign entrepreneurial talent for
the country, a fact that possesses broad policy implications. In this light, our paper is related to the literature
on education and immigration, which has been mostly focused on the relationship between foreign students’
enrollment in American universities and their participation in the US labor force (Rosenzweig et al., 2006;
Bound et al., 2015; Shumilova and Cai, 2016). Our study of would-be immigrant entrepreneurs’ pathways
to America is particularly related to Hunt’s (2011) work that shows that the path and entry visa of
immigration matters for the innovative and intellectual contributions that immigrants produce while

residing in the United States.



As implied by its relation to Hunt (2011), our paper also adds the academic literature concerned
with the contribution that immigrant entrepreneurs make to innovation and technological advances in the
United States (Stephan and Levin, 2001; Kerr and Fu, 2008; Stephan, 2010; Balasubramanian and
Sivadasan, 2011; Akcigit and Kerr, 2010). In this paper, we document that immigrant founders are more
likely to hold STEM degrees, start information technology companies, and found startups that patent
inventions. These results suggest that immigrant entrepreneurship is a channel through which American
universities contribute to the commercialization of innovation and technology in the United States.
Additionally, our paper contributes to the literature that studies the impact of immigrant entrepreneurship

on local job growth and economic development (Kerr, 2010).

In addition, we show that, for both native-born and immigrant founders, education location is an
important determinant of startup location. In other words, founders are more likely to start their companies
in the state where they received their post-secondary education. This result contributes to the literature on
the determinants of firm location (Carlton, 1983; Bartik, 1985; Reynolds et al., 1994; Sorenson and Audia,
2000; Stuart and Sorenson, 2003; Masumba et al., 2009). Our work particularly complements several
papers’ findings. Specifically, Fini et al. (2022) find that likelihood of self-employment is higher among
those who study and stay in their home region. Eckhardt et al. (2022) find that the composition of university
students’ origin matter for the likelihood that those students will become entrepreneurs in their universities’
local economy. Overall, our work suggests that establishing high quality universities to attract both talented

native-born and foreign students may be a viable strategy to promote local high-growth firm creation.

Finally, our paper sheds light on the role of universities in bringing immigrants into the United
States’ entrepreneurial ecosystem. Our work thus contributes to a broader literature that focuses on
immigration, education, and entrepreneurship (Etzkowitz 1998; Di Gregorio and Shane, 2003; Bramwell
and Wolfe, 2008; Bound et al., 2021; Astebro et al., 2012; Grogger and Hanson, 2015; Guerrero et al.,
2015; Hanson and Slaughter, 2017; Lee and Easley, 2018; Kerr, 2020; Uhlbach et al., 2022). Prior work
has demonstrated that universities, through different levers (e.g., creating entrepreneurship-focused
academic programs or making early-stage equity investments in affiliate-founded spin-ofts) can contribute
to local economies by producing and supporting individuals, both students and faculty, who start high-
growth companies. Specifically, prior literature has been largely focused on the role that universities play
as providers of technologies that could be commercialized and converted into high-potential start-ups
(Audretsch et al., 2005; Tartari and Stern, 2021; Babina et al., 2022). We contribute to this line of work by
showing that universities contribute to the quantity and quality of high-potential entrepreneurship in the
United States at both the local and the aggregate level. In this light, our findings are most related to the

work by Baptista et al. (2011), which finds a positive correlation between the establishment of universities



and the entry/formation rate of knowledge-based firms. A key takeaway from our work is that the majority
of VC-backed entrepreneurs are educated in the United States; in fact, many are educated at top US
universities and choose to start firms in close proximity to their place of education. The role of universities
in bringing high-skilled immigrants to the United States complements the results of the literature, and
suggests that student visas, as well as immigration policies surrounding foreign students more broadly, are

a critical area on which immigration and entrepreneurship policy should focus.

The remainder of the paper is structured as follows. Section 2 describes our various data sources
and discusses the assembly of our dataset. Section 3 provides descriptive statistics of our dataset and
introduces two important facts about the immigrant share of VC-backed entrepreneurship in the US. Section
4 presents more rigorous empirical analyses on how immigrant and native-founded VC-backed startups
differ in their geographic distribution, financial success, and innovative activity. The section in particular
focuses on analyzing the extent to which US university education might influence immigrant founders’
startup activities along these dimensions. Finally, section 5 concludes by discussing policy implications and

potential avenues for future research.

2. Data

Our analysis of immigrant founders utilizes several data sources that help identify the immigration
status, educational background, and work history for nearly all founders of VC-backed companies in the
US. The first source is the Infutor database, which contains address history and information for US
residents. The Infutor database is especially useful for our study because we use it to construct a reasonable
proxy for the immigrant status of all individuals in our data. The second main data source we use is Dow
Jones VentureSource (VS), which is one of the main databases used to study VC-backed firms.
VentureSource provides information on VC-backed founders and their startups’ ultimate financial
outcomes. We also collect resume data for the vast majority of US-based founders in VS from Emsi, a labor
analytics firm. These data contain work history and education information for the founders in our sample.
We supplement these data with additional, hand-collected data on the education of founders for whom Emsi
does not have a resume. Finally, we obtain information on firm patenting from PatentsView, which provides
a publicly available database covering patents granted by the US Patent and Trademark Office (USPTO).
Having collected data from these various sources, we proceed to describe how we merge their key
components to obtain the final dataset that we use for our descriptive and empirical analysis of VC-backed
founders. We discuss these data and their uses within the final merged dataset for our analysis in more

detail below.



2.1 Data Sources
2.1.1 Infutor

The Infutor database provides a variety of information for more than 260 million US residents. The
data is aggregated from various sources including phone books, magazine subscriptions, and credit header
files. For each individual, the database contains the individual’s first and last name as well as complete
address history with date and exact street address for each location. The dataset also contains demographic
information for many individuals in the sample, including birth year, gender, and social security number
(SSN). Diamond et al. (2019) and Bernstein et al. (2020) have also utilized the Infutor data and have found
that the data appear to be largely representative of the overall US population. The address history appears
to be reasonably comprehensive starting in 1990, though some individuals have address information going
back to the 1980s. Other than the Census Bureau data that Kerr and Kerr (2020) use, Infutor data’s coverage
render it one of the most representative data sets with which to study the immigrant population in the US.

More details on the Infutor data set are provided in Appendix A.1.

Infutor data coverage likely skews towards property owners and individuals who are actively
participating or involved in the formal financial system within the US given that the data are collected from
credit header files. However, when considering the context of VC-backed entrepreneurship that underlies
our empirical analysis, the overrepresentation of these individuals should not be of significant concern
because property ownership and participation in the formal credit market represent de facto prerequisites
that facilitate entry into high-potential entrepreneurship (Chaney et al., 2012; Bell et al., 2019). Both
property ownership and activity in formal credit markets are likely highly correlated with participation in
VC-backed entrepreneurship. Therefore, empirical results from the Infutor-VS merged data examining the
demographic and educational backgrounds of VC-backed entrepreneurs (discussed in sections 3 and 4)
should not be biased by Infutor’s potential omission of individuals who (i) do not own property or (ii) do

not have credit files.

2.1.2 Dow Jones VentureSource

The Dow Jones VentureSource (VS) dataset contains information on the near universe of venture

capital fund investments in startups from around the world and is one of the two main datasets used in



academic research on the venture capital industry.® VentureSource has several distinct data files. First,
VentureSource tabulates investment data that contain information at the portfolio company (i.e., startup)
level on investments dates, investment amounts, and identity of venture capital firms participating in each
round. From these data, we can trace a startup’s funding history. VentureSource also collects a variety of
information on the portfolio company including company start date, company industry, business
description, and office location. Additionally, VentureSource collects information about individuals
associated with each startup, including venture capital investors, founders, board members, and senior
employees. For these individuals, VentureSource provides first and last names as well as information on
prior work experience, including names of past employers, past job titles, and the associated dates of
employment. We focus our analyses on startups that are based in the United States. Following other work
in the literature, we focus on firms that receive VC-backing funding from 1990 to 2019 because both Infutor
and VentureSource data has substantially more comprehensive coverage after 1990 (Gompers, Lerner, and
Scharfstein, 2005; Gompers, Kovner, Lerner, and Scharfstein, 2010; Amornsiripanitch, Gompers, and
Xuan, 2019). Overall, VentureSource provides information on 86,378 founders and 50,063 startups
globally. Of these, 53,273 founders and 31,095 startups are based in the US. 98% (over 30,000) of these

US-based startups were founded during the 1990-2019 period (i.e., the timeframe of our empirical analysis).

2.1.3 Emsi

The third data source that we use is Emsi resume data, which is provided by Emsi Burning Glass
Technologies, also called Lightcast.” The company specializes in providing labor market data such as
resume and job posting data for individuals and companies working or operating in the United States. The
Emsi dataset is the company’s primary resume data product. The data are gathered from various internet
sources. In practice, this gathering method likely implies that most of the Emsi data come from LinkedIn,
especially when focusing on a sample of VC-backed entrepreneurs. The data are updated every month. For
individuals who appear in the data, we have multiple pieces of “profile level” (i.e., individual level)
information. In addition to first name, middle name, and last name, the data cover job title, company, start
date, end date for all jobs reported in the individual’s work history, as well as degree, education institution,

start date, and end date for all degrees reported in the individual’s educational history.

For this project, we sent a list of all founders who appear in the VentureSource (VS) to Emsi so that the

company could match them to individuals within their entire universe of profiles. Emsi was able to uniquely

4 The other is Thompson VentureXpert.
3 The data can be found at https://www.economicmodeling.com/.
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match a subset of founders. In addition, we acquired approximately 5 million separate profiles from Emsi.
These profiles contain the complete education and work history information for all undergraduate alumni
from 50 leading universities in the US. Given these additional Emsi profiles and data, we use the procedure
described in Appendix A.2 to match additional founders in VS to Emsi profiles. In total, we are able match
61% of the VS founders who started at least one VC-backed company in the US to Emsi profile data. We
use this merged VS-Emsi founder-level data as well as hand-collected education information, which we

describe in more detail in section 2.1.5.

2.1.4 Founders’ Gender and Race/Ethnicity

Founders’ genders are primarily determined based on their first names. In cases of unisex names,
we determine gender by reading news articles and web pages mentioning or containing pictures of the
individual founders. For race/ethnic background, we use the name-matching algorithm developed by Kerr
and Lincoln (2010) to determine the most likely race/ethnicities of founders based on their last names.
Individual founders are classified into the following racial/ethnic groups: East Asians, Indian, Jewish,
Hispanic, and White. The name-matching algorithm does not allow us to identify all possible ethnicities.
For example, we often cannot determine whether a founder is White or African American based on last
name alone. Therefore, for all founders classified as White, we manually search for online pictures to
determine if the founder is White or Black. As discussed in prior research, the percentage of Black founders
in the VC-backed startup space is very small. More details on the gender and race/ethnicity identification

procedures are provided in Appendix A.3 and A.4.

2.1.5 Founders’ Education and Employment Data

For each founder in the VentureSource data, we collect information on educational history and
prior employment using both resume data from Emsi and hand-collected education and work experience
information from LinkedIn, Bloomberg Businessweek, and company websites. We collect education data
for 87% of the founders in our final merged sample (as well as for 92% of all founders in VentureSource).
For founders with complete background information, we observe their undergraduate institution,
undergraduate major, graduate institution(s), graduate degree(s), and year(s) of graduation, as well as prior
work history. We aggregate colleges, professional schools, and graduate schools up to the institution level.
For example, Harvard College and Harvard Business School are coded as Harvard University. Using

information on undergraduate and graduate majors, we classify degrees into three categories: STEM,
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business, and other. More details on the education data collection procedure are provided in Appendix A.5.

We also collect information on the geographic location of universities using the Google Maps API.

2.1.6 Patent and Other Supplemental Data

To obtain information on startup-level patenting activities, we link companies in VentureSource to
patent assignees in the USPTO PatentsView data by matching company names within both datasets. We
Derwent-standardize company names via methods based upon Hall, Jaffe, and Trajtenberg (2001). Other
research that matches patents with venture-capital backed firms employs a similar matching procedure (e.g.,
Bernstein Giroud and Townsend, 2016; Howell et al., 2020). Upon linking patenting VS startups to patent
assignees in PatentsView, we collect information on (i) whether a startup has filed any successful patent
applications (“patent indicator” or “patent rate”), (ii) the number of patents assigned to a startup (“patent
count”), and (iii) the number of patents assigned to a startup, weighted by forward patent citations (“citation
weighted patent count”). These collected variables on firm patenting activity also follow existing standards
in the literature. Prior work, including Hunt (2011) and Brown et al. (2019), has constructed “patent
indicator” variables to characterize the extensive margin of startup and individual-level patenting (i.e.,
whether a firm decides to enter into patenting activity), while patent count and citation-weighted patent
count measures remain standard for evaluating the productive output and scientific value of firms’

innovative patenting activities (Hall et al., 2001; Hall et al., 2005; Kogan et al, 2017).

Finally, we use several standard datasets to collect relevant state-level information for our empirical
analysis examining the relationship between local university enrollment and local startup activity. Native
and foreign student enrollment data are collected from two standard higher education datasets: College
Scorecard and the Integrated Postsecondary Education Data System (IPEDS). For each state-year pair, these
datasets provide the aggregate number of foreign student enrollees at the undergraduate and graduate levels,
as well as their share of total undergraduate and graduate enrollees. From these variables that identify
foreign and native student enrollment at the graduate and undergraduate level, we can study the correlation
between university enrollment and local entrepreneurship activity. We collect these data for the years 2000
to 2018 (we are unfortunately unable to collect analogous data for earlier years). In addition, data used to
construct local economic condition and demographic control variables at the state-year level are collected
from the U.S. Census Bureau’s American Community Survey, the Bureau of Labor Statistics’s Local Area
Unemployment Statistics, and the Bureau of Economic Analysis’s Regional Economic Accounts. Specific

variables include state-level income per capita, unemployment, labor force participation, US-born
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population share, and white population share during the 2000-2018 period. Appendix C.1 provides

additional details on these collected variables.

2.2 Merging Procedure and Identification of Immigrant Founders
2.2.1 Infutor-VS Merge and Identification of Immigrant Founders

In this section, we describe how we identify founders’ immigrant status. To determine immigrant
status of VC-backed founders in VentureSource, we match individuals from VentureSource with Infutor.
More specifically, to identify founders in the Infutor data, we use an iterative procedure that matches
individual-level observations using name, location, and age information. Infutor contains a list of an
individuals’ residential address history and date of birth. We use this information to match individuals into
VentureSource, which contains information on founders’ names and the locations of founders’ startup
firms. To further verify that our match is correct, we use supplementary information on individuals’
education graduation years (added to the VS founder data) to infer an approximate range for a founder’s
birth year. We use this graduation information to eliminate potential individual matches in Infutor whose

ages do not align with the ages of founders in the VentureSource data.

We are able to identify a unique match within Infutor for approximately half of the founders in
VentureSource. Some additional founders in VentureSource have multiple potential matches in Infutor. In
these instances, we classify founders as immigrants if more than 80% of potential matches in Infutor are
immigrants, native-born if less than 20% of potential matches are immigrants, and do not assign an
immigrant classification otherwise.® Overall, our merged dataset includes 70% of the US-based founders
in VentureSource. After further restricting the merged dataset to US-based founders in VentureSource with
non-missing education information, the resulting dataset, which we use as the starting point for our
analyses, accounts for 72% of US-based founders in VentureSource with non-missing education
information, as well as for 61% of all US-based founders in VentureSource (with or without education
information). In Appendix A.6, we discuss the procedure for matching our data in more detail. Appendix

A.7 provides a comparison between the matched and unmatched observations in our sample.

We follow the approach of Bernstein et al. (2020) when we identify VC-backed founders’
immigrant status using data from Infutor. This identification exploits the fact that from 1936 to 2011, social

security numbers (SSNs) were assigned using a specific formula. The first three digits of the (nine-digit)

¢ To minimize the risk of misclassifying founders’ age, we also do not assign a specific birth year or startup
founding age to founders in these “multiple match” instances.
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SSN (the “area number”) reflect the geographic region (state) in which the social security number was
assigned. The next two digits corresponded with a “group number,” while the last four digits are an
individual-specific serial number. Group numbers were assigned sequentially within a geographic region
over the given time period, i.e., for a given area number, the same group number was used for all SSNs
until all possible serial numbers (the last four digits), ranging from 0001 to 9999, were exhausted.
Accordingly, any combination of the first five digits of the SSN was only assigned during a certain year or
couple of years within a certain state. The mapping from the first five digits of an SSN to state and year(s)

in which the SSN was issued is publicly available.’

Using this mapping and the data from Infutor, we are able to estimate the age at which any
individual received her SSN using (i) an Infutor-provided date of birth variable and (ii) the year associated
with her SSN group number (detailed in the previous paragraph). We accordingly classify immigrants as
individuals who received their SSNs on or after the age of 18. We classify all individuals who received
their SSNs before the age of 18 as native-born. Our empirical results are not sensitive to the cutoff age we
use to distinguish between immigrants and native-born Americans, although the choice of cutoff age does

slightly influence the proportion of founders whom we identify as immigrants.®

Having ascertained the immigrant status of most VS founders, we arrive at the final sample for our
empirical analysis by utilizing the VS founders with non-missing information about (i) their immigration
status and (ii) their educational background. This final sample contains approximately 32,000 founders and
36,000 founder-company pairs. Overall, the sample covers 61% of approximately 53,000 US-based
founders in VentureSource, while it covers 72% of the approximately 46,000 US-based founders in
VentureSource with non-missing education information. Finally, this sample covers approximately 24,000
of the 31,000 US-based startups in VentureSource. A key innovation that our final merged dataset allows
us to make is the ability to identify the immigration pathways/US entry points of VC-backed immigrant
entrepreneurs in the US. To elaborate, the procedure described in the previous paragraphs first allows us
to divide our founders into two groups: natives and immigrants. Furthermore, our data’s education and
work history information enable us to sort immigrant founders into three pathway-based groups. Immigrant
founders who arrived in the US to receive an undergraduate degree are classified as Group 1 (G1).

Immigrant founders who did not receive an undergraduate degree from a US institution but instead arrived

7 We use data from the website www.ssn-verify.com to map from the first five digits of SSN to state and year, once
again following Bernstein et al. (2020).

$ While Bernstein et al. (2020) use a cutoff age of 20, we use a cutoff age of 18 to better capture individuals that may
have arrived in the United States for college. The number of foreign-born college students has increased dramatically
over the past thirty years.
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in the US to receive a postgraduate degree are classified as Group 2 (G2).’ Immigrant founders who did not
receive any postsecondary degree from a US institution are classified as Group 3 (G3). This group covers
immigrant founders who initially came to the United States for work.'® Throughout the paper, we focus
our sample on founders who have sufficient immigration status, education, and work information such that

we can categorize them as natives, G1, G2, and G3 immigrants.

2.2.2 Limitations and Caveats to Our Definition of Immigrant

While the US Census Bureau’s various datasets used in other immigrant-focused research directly
identifies individuals’ place of birth, entry visa, and subsequent visa history and allows researchers to
accurately identify immigration status with near certainty,'' Census data may not provide useful
comprehensive information about individuals’ complete within-US address and migration histories, which
our data can ascertain. Furthermore, access to these data is restricted and difficult to obtain for most
researchers. Additionally, we do find many prior papers that use such data to specifically study VC-backed
entrepreneurship. Consequently, we use an indirect method to identify and classify immigrants. This

indirect method may raise several potential concerns, which we discuss in detail below.

From the perspective of the United States’ population, the most conventional and accepted
definition of the term “immigrant” is an individual born outside of the United States. Comparing our
method’s classification of immigrant status to this conventional definition implies that we will, in principle,
misclassify several segments of the foreign-born population in the US. First, child immigrants, i.e.,

individuals who immigrated to the United States before the age of 18, would be classified as natives in our

° For example, an immigrant who receives his or her SSN during a short non-degree-granting program and, later,
returned to the US to complete a graduate degree would be classified as a Group 2 immigrant. An interesting group
of individuals are those who were born in the US, grew up abroad, and returned to the US for college. In principle,
this group of individuals is more likely to behave like Group 1 immigrants, but will be classified as natives, which
may introduce some biases into the statistical analyses presented in section 4. However, the bias is likely to be small
because, by size, this group of individuals is very small. The Center for Immigration Studies estimates that
approximately 36,000 women come to the US to give birth and leave. Compared to the total number of immigrants,
approximately 45 million, this number is very small, as this article notes: https://www.voanews.com/a/foreigners-
seeking-american-citizenship-children-flout-law-endanger-babies/3626080.html.

10 The reader may be concerned that we were unable to merge 30% of VS founders to individuals in Infutor. Appendix
Tables B.6-B.7 and Appendix Figures D.1-D.2 present a set of robustness checks where we include unmerged founders
who did not receive a postsecondary education degree from a US institution as Group 3 founders. This method
increased our Infutor match rate to 76% for all US-based founders in VentureSource and 79% for US-based founders
in VentureSource with non-missing education information. In result, 68% of all US-based founders in VentureSource
possess non-missing immigration and education information under this alternate method. Furthermore, the resulting
robustness analysis shows that our core results are largely unchanged.

" However, even the US Census data’s visa history information would be unable to disentangle whether immigrants
initially arrived in the US for undergraduate vs. graduate education. Our dataset’s ability to disentangle these
separate pathways represents one of its advantages vis-a-vis Census data.
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sample. This misclassification introduces the concern that any comparison that we make between our
indirectly identified group of native founders and our three (indirectly identified) groups of immigrant
founders may be biased. Hence, if child immigrants are not sufficiently similar to natives along certain
dimensions that we study (e.g., VC-backed entrepreneurs who are child immigrants are more successful
than native entrepreneurs), our analysis may mischaracterize the extent to which immigrants’ contributions

to VC-backed entrepreneurship might differ from natives’.

We believe that such statistical biases should be small. First, prior work has shown that, when
considering the innovative and entrepreneurial outcomes that this paper examines, child immigrants are
more similar to natives than to high-skilled immigrants who came to the US during adulthood for
postsecondary education. Hunt (2011) finds that, in terms of innovation, commercialization, and the
dissemination of knowledge through publication, child immigrants perform similarly to natives, while
immigrants who came to the US for postsecondary education outperform both groups. Furthermore, Blume-
Kohout (2016) find that child immigrants’ proclivity to start a STEM-oriented company is similar to
natives’, while the probability of starting a STEM-oriented company is higher among immigrants who
moved to the US for college. These two studies suggest that it is reasonable to assume that, in the context
of VC-backed entrepreneurship, child immigrants perform similarly to natives. Second, if any such
statistical bias were to remain in our estimates of immigrant entrepreneurs’ performance and contributions,
the size of such bias is likely to be small because child immigrants make up only a very small proportion
of the total immigrant population in the US (Budiman et al., 2020). Finally, as we discuss in more detail
below, where comparisons can be made, our descriptive and empirical results remain largely in line with
those from studies that use US Census data to identify immigrants (Kerr and Kerr, 2016; Azoulay et al.,
2020a; Azoulay et al., 2020b). Such similarity between our data and US Census data suggests that the
measurement error issues likely have at limited impact on our analysis. These facts help mitigate concerns

that our classification of child immigrants as natives may bias our results.

Additionally, our study classifies second-generation immigrants as natives. We find this grouping
standard and justified for several reasons. First, if child immigrants are sufficiently similar to natives along
the relevant dimensions of this study, then it almost certainly follows that second-generation immigrants
will be similar to natives along these dimensions. Second, per the natural definition of immigrants that we
highlight above, second-generation immigrants would be classified as natives. Key papers in the literature
on immigrant entrepreneurship also exclude second-generation immigrants from their analysis (Kerr and
Kerr, 2016; Azoulay et al., 2020a; Azoulay et al., 2020b). Thus, while the entrepreneurial activities of

second-generation immigrants may be an interesting research topic, it is well beyond the scope of this paper.
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Finally, another group of immigrants that our identification method misclassifies is undocumented
or unauthorized immigrants who do not have SSNs. Indeed, since we would not be able to identify such
immigrants’ immigration status in Infutor, any such individuals would be excluded from our merged
Infutor-VS dataset and would therefore not be considered in our empirical analysis. This omission should
not be a significant concern for our empirical analyses because it is extremely difficult for undocumented
immigrants to participate in the formal economy due to institutional frictions. Hence, it is intuitive to
conclude that unauthorized immigrants play no more than a negligible role as founders in the US VC-
backed entreprencurship ecosystem. Therefore, even if we were able to identify undocumented immigrants
in the Infutor data, it is unlikely that the same individuals would show up in the merged Infutor-VS dataset

used in our analysis.

3. Summary Statistics

In this section we present descriptive statistics on the characteristics of native and immigrant
founders in the sample used for our empirical analysis. This section has three goals. First, since the data
that we have assembled are new to the literature on immigrant entrepreneurship, it is worthwhile to
document stylized facts about VC-backed immigrant entrepreneurs in the United States which may be
informative for future research. Second, the section demonstrates that, when compared to prior work using
US Census data to evaluate total immigrant entrepreneurship, the descriptive statistics derived from this
new dataset are similar. In other words, the descriptive statistics help to verify that our method for
identifying immigrant entrepreneurs accurately classifies entrepreneurs’ immigrant status and yields
reasonable qualitative results. Third, this section provides suggestive evidence that (i) VC-backed
immigrant entrepreneurs differ from native entrepreneurs in important dimensions and (ii) universities
appear to serve as an important source of this distinctive foreign entrepreneurial talent within the US. We
thus use these descriptive findings to motivate and frame the more rigorous statistical analyses that we

present later in the paper.

3.1 Founder and Startup Characteristics by Immigration Status

We first summarize the main variables in our final sample (i.e., the merged Infutor-VS data,
restricted to founders with non-missing education information). Table 1A presents summary statistics on
various founder characteristics (e.g., demographics, educational background, startup activities) by

immigration status. Approximately 20% of the founders in our sample are immigrants. This share is higher
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than the US population’s aggregate immigrant share, which rose from under 10% to 13.7% percent during
the 1990-2018 period which we study (Budiman et al., 2020). Nonetheless, as we discuss in Appendix A.7,
due to data limitations, this number may slightly understate the proportion of immigrant founders in our
sample. Kerr and Kerr (2016) find that 28% of VC-backed startup founders are immigrants. Our results are
broadly consistent with Kerr and Kerr (2016), even though they define immigrant founders by recorded
country of birth. To reiterate, we in contrast define immigrants based on an individual’s age of SSN
attainment (detailed in section 2.2.1). Given this difference in definitions, we would expect to see a slight
difference in the proportion of founders reported as immigrants in the two samples, even if the true
proportions are identical. Each of these two approaches to defining immigrants contains advantages and
disadvantages. On the one hand, Kerr and Kerr (2016) identify those born abroad but brought to the US as
children as immigrants. While this identification more closely follows the conventional definition of
immigrant, policy reforms targeting this type of immigration may be difficult. On the other hand, we decide
to only identify individuals who voluntarily chose to come to the US as immigrants. This definition of
immigrant is certainly less conventional/intuitive, but it allows us to more directly examine how selection
into immigration and institutional entry points might influence future immigrant entrepreneurial activity.
This focus appears more likely to generate relevant insights that can directly guide various portions of

entrepreneurship, innovation, education, immigration, and talent recruitment policy.

Table 1A highlights several differences between native-born and immigrant founders in our sample.
First, immigrant founders have a slightly higher proportion of females than the native-born subsample
(though not statistically significant). Second, immigrant founders are more racially/ethnically diverse. Most
significantly, the proportions of Indian and East Asian founders are much higher among immigrant founders
than among native-born founders. In fact, the proportion of Indian founders in the immigrant subsample is
almost ten times higher than that of the native-born subsample. Similarly, the proportion of East Asian
founders is more than three times higher. This difference is not surprising since a significant influx of
immigrants from India and China arrived in the United States to pursue education and employment
opportunities, particularly in high-tech sectors over the 1990-2019 period. This table also demonstrates a
notable advantage to our approach of classifying immigrants using SSN relative to commonly
employed/alternative classification schemes which rely on name-based algorithms to proxy for immigration
status. A substantial proportion of immigrant founders (36%) in our sample are classified as White. These
are founders whom an ethnic classification algorithm a la Kerr and Lincoln (2010) may not identify as
immigrants. The high proportion of immigrant founders identified as White suggests a substantial presence
and contribution of immigrant entrepreneurs from Canada and Western European countries within the

United States’ VC-backed entrepreneurial ecosystem.
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In line with previous literature on immigrant founders’ productivity, conditional on being a VC-
backed founder, immigrants start more VC-backed companies than native founders on average.'?
Furthermore, the average success rate of immigrant-founded startups is 2 percentage points higher than that
of native-founded startups. Throughout our analysis, a founder’s startup is considered successful if (i) it
achieves an IPO or (ii) is acquired at a value that is greater than the value of its total VC investment.'®
Though more rigorous analysis is needed to corroborate the full implications, this descriptive result offers
preliminary evidence that immigrant founders might perform exceptionally well when compared to native-
born counterparts. Furthermore, we find that immigrants tend to be older than native-born founders at the
time that their firms obtain venture capital funding. The average founding age of immigrant founders is
43.8 years old, while the average age for native-born founders is 39.5 years old.'* Finally, consistent with
Azoulay et al. (2020a), we find that immigrant founders tend to start more innovative firms as measured by
patenting activity. On the extensive margin, immigrant founders are 3 percentage points more likely to start
a company that produces at least one patent within the first two years of existence. On the intensive margin,
immigrant founders start firms that produce 0.2 more patents within the first two years of existence than
firms started by native-born founders. This result preliminarily suggests that, even when abstracting away
from the economic effects of their financial success, VC-backed firms started by immigrant founders may
disproportionately benefit the US economy by producing more innovations than firms started by native-

born founders.

We next consider the sectors in which immigrant founders establish their startups. In Table 1B, we
present industry breakdowns for VC-backed startups founded by native-born and immigrant entrepreneurs.
Immigrants are significantly more likely to start a company in the IT sector than natives and significantly
less likely to start companies in the Business and Finance or the Consumer Services sectors. The proportion
of immigrant-founded companies that are in the IT sector (48.5%) is more than 30% higher than the
proportion of native-founded companies in IT (35.6%). The differences in Business and Finance (18.2% of

immigrant-founded companies vs. 22.5% of native-founded companies) and Consumer Services (12.3% of

12 Kerr and Kerr (2020) find that immigrants tend to start more companies than natives. Azoulay et al. (2020a) find
that, at every point of the firm size distribution, immigrants start larger companies than natives. Bernstein et al.,
(2020) and Hunt and Gauthier-Loiselle (2010) find that immigrant inventors produce more patents than native-born
inventors.

13 We consider M&A deals where the startup was valued at an inflation-adjusted dollar amount that is greater than the
total amount of money that was raised by VCs as successful acquisitions.

14 These numbers for founding ages are broadly in line with results found in other work. Azoulay et al. (2020b) find
that the average founders’ age of the fastest-growing companies in the United States is 45 years old. The number of
observations that has non-missing founding age values is lower because we do not ascribe a birth year or founding
age to VS founders who are not uniquely matched into Infutor. In other words, we do not take a position on which
Infutor individual’s birth year to use when a VS founder is matched to multiple Infutor individuals, and we therefore
ascribe a missing founding age value to these VS founders.
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immigrant-founded companies vs. 18.2% of native-founded companies) are equally striking.'® The result
logically extends the implications of prior research results, which find that high-skilled immigrants tend to
come to the United States to study in STEM fields and pursue STEM-related employment opportunities
(Hanson and Slaughter, 2017).

Table 2 shows the top ten and bottom ten states by number and proportion of immigrant founder-
startup pairs.'® To construct the top panel, we use data on each startup’s headquarter office address and
count the number of immigrant founder-startup pairs. The three states with the greatest number of VC-
backed startups in the sample are California, Massachusetts, and New York, and these states are also the
three states with the highest number of immigrant founder-startup pairs. In general, states that appear among
the top ten in number of immigrant founder-startup pairs tend to be coastal states and states that feature
prominently in the US VC ecosystem. On the other hand, states that appear among the bottom ten tend to

be smaller states and states in the south or middle of the country.

The top panel of Table 2, which counts founder-startup pairs, is highly influenced by many factors
including a state’s population size, economic affluence, and level of venture capital activity. The bottom
panel of Table 2 effectively controls for some of these factors by tabulating the top ten and bottom ten states
with the highest immigrant-founded fraction of total VC-backed startups. Within the top ten, California,
Massachusetts, and New York remain on the list, indicating that the largest VC hubs have not only a high
number of immigrant-founded VC-backed companies but also a high share of immigrant-founded startups
relative to the total number of startups.'” Furthermore, similar to the results in the top panel, states with the
lowest share of immigrant-founded startups are in the south and middle of the US.'® These results suggest
that venture capital hubs on the coasts, especially California, Massachusetts, and New York, appear to draw

the largest benefits from high-growth immigrant-founded companies.

To further contextualize the statistics presented in Table 1B, Appendix Table B.1 presents each
state’s total immigrant population and immigrant population share in 2018. The states are sorted by
immigrant population share, from largest to smallest. Comparing the state rankings that we present in Table

2 to those presented in Table B.1 suggests that the distribution of VC-backed immigrant entrepreneurs

15 Wadhwa et al. (2010) present the proportions of immigrant-founded companies that specialize in technological
and/or engineering endeavors.

16 Immigrant founder-startup pairs are observations at the founder level, i.e., if a company has two founders, then there
will be two founder-startup pairs in these analyses. Similarly, if a founder starts two companies in our sample, they
will be in the founder-startup pair analysis for both companies. Adjusting our analyses to be exclusively conducted at
the founder or startup level does not materially change our key results.

17 Delaware likely appears as a top ten state in the bottom panel because the data contain a few company registration
addresses as opposed to physical company headquarter addresses.

18 Results are similar if we instead use founders as the unit of observation.
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across states is highly influenced by each state’s immigrant share of population. For example, six states
appear in both top ten lists and five states appear in both bottom ten lists across the two tables. Also, states
that appear in the top and bottom ten lists in Table 2 are generally near, if not in, respectively, the top and

bottom ten lists in Table B.1.

3.2 Immigrant Founder Share Time Trends

In this section we consider how the aggregate national immigrant share of VC-backed startups and
founders has evolved over time. Figure 1 plots the share of immigrant founder-startup pairs by 5-year
cohorts from 1990 to 2019. From the 1990-1994 cohort to the 2000-2004 cohort, the share of immigrant
founder-startup pairs increased from around 20% to a peak of nearly 25%. This pattern is broadly consistent
with the findings of Kerr and Kerr (2016), who find that the proportion of immigrant founders among VC-
backed startups rose from 1995 until reaching a peak during the tech bubble. After this period, we find that
the share of immigrant founders dropped to around 17% between 2010 and 2014, before starting to rise
again in the most recent 2015-2019 cohort.

While much debate about the effects of H-1B Visa Reform Act of 2004 has received much media
attention, ' this reform is unlikely to have affected the trends we identify. More likley, factors such as (i)
the impact of various late 1990s crises (e.g., the 1997 Asian financial crisis, the dot-com bubble) on
immigrants’ already restrictive financial constraints and (ii) the 2000s and 2010s growth in non-US VC-
backed entrepreneurship more plausibly account for these trends. First, the average age at which immigrant
founders received their social security number is close to 26 years old. This age is a reasonably reliable
proxy for these immigrants’ age at entry into the United States. The average age at founding of a VC-backed
company for immigrants is greater than 40 years old, indicating that the majority of founders, even in the
latter part of the sample, likely immigrated to the United States before 2004. Therefore, it is unlikely that
the H-1B Visa Reform Act of 2004 is the primary driver of the change in the immigrant founder share
during our sample. However, as we discuss in section 4, we would expect the law’s effects on high-potential

entrepreneurship to more clearly manifest in the coming years.

Next, decomposing the aggregate trends shown in Figure 1, Figure 2 plots the share of each ethnic
group among immigrant founders by 5-year cohorts from 1990 to 2019. Ethnic composition of immigrant

entrepreneurs has changed substantially over time. First, the share of white immigrant founders has

19 The H-1B Visa Reform Act of 2004 reduced the US’s annual H-1B visa cap from 195,000 to 65,000 visas. H-1B
visas represent the primary channel through which high-skilled immigrants are legally authorized to work in
technically-oriented jobs in the US.
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decreased from nearly 50% to roughly 30% over the 1990-2019 period. Likewise, the share of ethnically
Jewish immigrant founders decreased from around 15% to slightly more than 10%. In contrast, the share
of Indians, East Asians, and Hispanics among immigrant founders significantly expanded over the same
timeframe. The share of Indian immigrant founders increased from 20% to more than 30%. The share of
East Asian immigrant founders rose from around 10% to more than 25%. The share of Hispanic immigrant
founders increased from less than 5% to more than 10%. The rise of Indian and East Asian entrepreneurs
is in line with results from prior work on trends in immigrant entrepreneurship (Wadhwa et al., 2007). It
also mirrors the trends in US college and graduate school admissions as the share of students from India,
China, and South Korea enrolling in US universities rose substantially over this period (Bound et al., 2021).
However, identification of the share of Hispanic immigrant entrepreneurs is a new result that, to the best of
our knowledge, has not been directly examined in prior academic research. At first glance, the increasing
share of Hispanic immigrant entrepreneurs that we find stands in contrast to aggregate trends and estimates
of Hispanic immigration. The aggregate share of Hispanic immigrants in the US population has been

trending downwards for a sustained period (Budiman et al., 2020).

3.3 Founder and Startup Characteristics by Immigration Path

Our primary contribution is to identify and impute immigrant entrepreneurs’ primary immigration
pathways into the US: college education, postgraduate education, and work. First, the immigrant founders
in our sample have all attained at least an undergraduate degree. This level of educational attainment already
differentiates them from the overall population of immigrants in the US, only 32% of which possessed a
bachelor’s degree in 2018 (Budiman et al, 2020). Nonetheless, the remaining heterogeneity in immigrant
founders’ educational profiles (e.g., the extent of their education in the US) could directly identify just how
critical a role US universities play in attracting high-quality, distinctly productive foreign-born
entrepreneurial talent. Since the identification of immigration pathways is new to the literature, we present
summary statistics on each pathway-based group of immigrant founders introduced in section 2.2.1. Table
3 A presents summary statistics of founder and startup characteristics by immigration pathway. The majority
of immigrant founders came to the United States first to pursue some type of university degree. Thirty-nine
percent of immigrant founders came to the United States first for undergraduate studies (G1 immigrants),
and 38% came first for postgraduate studies (G2 immigrants). Only 24% of immigrant founders received
their education entirely abroad before coming to the US for employment (G3 immigrants). These statistics
show that universities serve as the primary gatekeepers for foreign entrepreneurial talent relative to

companies. In turn, the statistics suggest that student visa policies and universities’ admission policies likely
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play a substantial role in determining the quality of entrepreneurial talent in the United States, even if work

visa policy currently draws more policy debate.

The ethnic composition of G1, G2, and G3 immigrant founders shows considerable heterogeneity.
A relatively higher share of G2 (46%) and G3 (28%) immigrant founders are Indian, while a lower share
of G1 founders (20%) are Indian.”® A higher share of G1 (19%) and G2 (20%) founders are East Asian,
whereas a lower share of G3 founders (12%) are.”' These statistics are consistent with trends in ethnic
composition of foreign undergraduate and graduate students in the United States (Bound et al., 2021). We
also find that ethnically white immigrants make up a large proportion of G1 (42%) and G3 (43%) founders,
relative to their share of G2 founders.?? In other words, white immigrant founders are likely to first enter

the US for undergraduate education or for work.

Using data on birth dates and the years in which founders received their SSNs, we calculate
founders’ ages when they received their SSNs. These ages should be close to the ages at which the founders
immigrated. The average age at which immigrants received their SSN increases monotonically as we move
from G1 to G3 as would be expected given group definitions. T-tests verify that differences in average entry
age across all three groups are statistically significant in all pairwise permutations with respect to (i) the
other immigrant groups and (ii) the native subsample. Additionally, there is a noticeable gap between
average SSN age and average founding age across all three immigrant founder groups, indicating that
immigrant founders generally stay and work in the United States for many years before starting their firms.
This delay between immigrating and founding suggests that changes in work visa policies (e.g., H-1B caps
in the US context) are unlikely to have an immediate effect on the rate of immigrant entrepreneurship or
the number of immigrant-founded companies. Over time, however, changes in H-1B quotas may have

strong lagged effects.

Productivity, as measured by average number of companies started and their success rate, appears
especially high for G2 and G3 immigrants, suggesting that immigration pathways may inform and predict
entrepreneurial skill/quality. Specifically, G2 and G3 founders enjoy statistically significant higher success
rates when compared to native and G1 founders, while G2 founders also start more companies than native
and G1 founders to a statistically significant degree. Innovative startup activities, as measured by the

patenting activity share (“patent rate’) and patent count associated with founded companies, is highest (to

20 T-tests of subsample differences in means verify that differences in the Indian share of G1 vs. G2, as well as G1
vs. G3 founders are statistically significant.

21 T-tests of subsample differences in means verify that differences in the East Asian share of G1 vs. G3, as well as
G2 vs. G3 founders are statistically significant.

22 T-tests of subsample differences in means verify that differences in the White share of G1 vs. G2, as well as G3
vs. G2 founders are statistically significant.
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a statistically significant degree) among G2 immigrant founders. This finding suggests that universities’
graduate programs indirectly contribute to the US’s innovation capacity by attracting individuals who are

very capable in starting high-potential companies that produce patents.

We also examine differences in educational backgrounds for immigrant founders by path of entry.
Table 3B summarizes founders’ education information across immigration status and path. A higher share
of immigrant founders’ majors in STEM fields, and a lower share majors in business-related fields when
compared to native-born founders. The largest difference appears when we compare Groups 2 and 3
immigrant founders to native-born founders. We find that 87.8% of G2 immigrant founders and 77.0% of
G3 immigrant founders have an undergraduate STEM degree compared to 64.4% for native-born founders.
Differences in STEM major share across all three mentioned groups are statistically significant. In addition,
higher share of immigrant founders holds some type of graduate degree when compared to native-born
founders. Additionally, a higher share of immigrant founders holds a technical post-graduate degree
compared to native-born founders. However, Gl immigrant founders (i.e., immigrant founders who come
to the US first for their undergraduate education), appear similar to (i.e. different to a statistically
insignificant degree from) native-born founders for the first measure (all other pairwise differences between
groups are statistically significant). Approximately 80% of G2 immigrant founders have a STEM masters
or Ph.D. degree. Similar shares of native-born, G1, and G2 founders earn an MBA (approximately 20%),

while a lower share (statistically significant) of G3 immigrant founders (8.3%) earn MBAs.

The bottom panel of Table 3B focuses on the likelihood that a founder received at least one degree
(undergraduate or post-graduate) from a top school.”> 32% of immigrant founders hold a top school degree
while 35% of native-born founders hold a top school degree. This difference is statistically significant,
indicating that on average immigrants are less likely to attend a top school. These averages, however, mask
substantial heterogeneity across groups and for various types of degrees. For top undergraduate colleges, a
higher share of G1 immigrant founders, to a statistically and economically significant extent, hold a degree
from a top college when compared to native-born founders (30.9% vs. 21.9%). For top graduate schools,
higher shares of G1 and G2 immigrant founders, to a statistically and economically significant extent, hold
a degree from a top university (26.4% and 37.9%) compared to native-born founders (23.0%). Analogous
conclusions are true for both MBA and non-MBA post-graduate degrees. These findings demonstrate that,
conditional on receiving their degree from a university in the US, immigrant founders are more likely to

attend a top university. This result is consistent with the idea that the population of US-educated immigrant

2 Following the definition in Gompers et al. (2016), we define top universities to include Ivy League schools, Amherst
College, California Institute of Technology, Duke University, MIT, Northwestern University, Stanford University,
University of California (Berkeley), University of Chicago, Williams College, Cambridge University, INSEAD,
London School of Economics, London Business School, and Oxford University.
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founders is likely to be drawn from the right tail of the non-US and global academic talent distribution

(Borjas, 1989; Borjas, 1991; Borjas and Bratsberg, 1996; Rosenzweig et al., 2006).

These summaries of educational attainment across our various founder groups provide several
important takeaways. First, G1 immigrant founders tend to appear more similar to native-born founders in
terms of educational backgrounds and startup characteristics. G2 and G3 immigrant founders, however,
appear quite different from native-born founders along these dimensions. Second, immigrant founders are
more likely to hold advanced degrees compared to native-born founders. Finally, across all three groups,
immigrant founders are more likely to major in STEM fields than are native-born founders to a statistically
significant degree. Altogether, the findings suggest that education-based immigration pathways could help
to explain some of the heterogeneity in the quality of immigrant-founded startups. In addition, as discussed
in section 3.4, observing the pathways that immigrant founders take to arrive in the United States further

enables us to evaluate the prominence of universities vs. companies as recruiters of foreign-born talent.

Finally, the breakdown of educational backgrounds across immigrant groups also foreshadow an
intuitively predictable breakdown of startups’ industry composition by founder group/type. Table 3C
presents the industry breakdowns for native-founded and immigrant founded companies (across the three
immigrant pathway groups). First, native-born founders and G1 immigrant founders generally appear to
start companies in similar proportions by industry. IT companies represent 35-40% of their startups,
Business and Finance 22%, and Consumer Services roughly 18%. This observation is consistent with the
fact that native-born founders and G1 immigrant founders have similar educational backgrounds. Second,
G2 and G3 immigrant founders are more likely to start companies in the IT sector (55.5% and 50.7%) than
native-born founders (35.5%) and are less likely to found Business and Finance (15.4% and 17.3%) or
Consumer Services (7.8% and 10.5%) companies than are native-born founders (22.0% and 18.0%
respectively). This fact suggests that G2 and G3 immigrant founders, who are much more likely to have
completed STEM undergraduate and post-graduate education, tend to establish more technologically

focused and STEM-oriented companies.

3.4 Immigration Paths Time Trends

In this section we explore temporal trends in the share of VC-backed immigrant founders belonging
to each pathway-based group (G1, G2, or G3) . Figure 3 plots the breakdown of immigrant founder-startup
pairs by immigration path over time, from 1990 to 2019. The figure tabulates immigrant founders by the
year they started their companies, not the year of entry into the US. The proportion of G1 immigrant

founders was stable in the early part of the sample but increased over the past decade. On the other hand,
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the proportion of G2 and G3 immigrant founders peaked in the 5-year period between 2000 and 2004 and

has declined since then.

The time trends described above are informative of underlying trends in immigrant founders. First,
the decline in the share of immigrant founders shown in Figure 1 is primarily driven by the decline in G2
immigrant founders who initially arrived in the United States for graduate education. Compared to G3
immigrant founders, G2 immigrant founders make up a much larger proportion of the sample and their
relative decline from the peak period has also been larger.”* This change drives the overall decline in
immigrant founder shares. Second, the proportion of G1 immigrant founders who initially arrived in the US
for their undergraduate education has been increasing steadily over the sample period. The time trends point
to the growing importance of undergraduate education as the primary channel for foreign entrepreneurial
talent to enter the US. The share of foreign students in US universities saw a dramatic jump in the late
1970s and again in the 2010s (Israel and Batalova, 2021). These trends have begun to reverse as the change
in new foreign student enrollment in US universities turned negative in 2016-2019. While this reversal is
unlikely to affect the supply of VC-backed immigrant founders in the US economy in the short run, the

long-term economic implications may cause more justifiable concern for US policymakers.?

4. Empirical Analyses and Results

The summary statistics from the previous sections provide suggestive evidence that (i) VC-backed
immigrant founders make exceptional and distinctive contributions to VC-backed entrepreneurship and (ii)
US universities are important contributors to the quantity and quality of foreign entrepreneurial talent.
Nonetheless, in this section we explore material linkages/connections (as opposed to completely spurious

correlations) between US university education and the activity of immigrant and native-founded VC-backed

24 Various explanations could account for this persistent decline. For example, the dot-com crash of 2000-2001

could have especially dissuaded G2 immigrants from pursuing what appear to be “risky” I.T. entrepreneurship, since
these immigrants may intuitively appear more financially constrained than their native and G1 counterparts.
Alternatively, the expanding global share of non-US VC funding during the 2000-2018 period, combined with
potential improvement in graduate education abroad, may have incentivized potential G2 immigrants against
migrating to the US. Nonetheless, precisely disentangling the specific mechanisms behind this decline is beyond the
scope of our paper, and we leave further investigation of the decline in the G2 immigrant share of US VC-backed
founders to future research.

25 Given differences in the industries that immigrants in each of the groups start firms in, one alternative explanation
is that changes in the industrial composition of firms funded by venture capitalists over time may account for the
increasing share of Group 1 immigrants and decreasing share of Group 3 immigrants over time. Figure D.3 in the
appendix suggests this is likely not to be the case. The figure plots industry composition-implied immigrant founder
group share over time. Per-period industry-implied founder group shares are calculated as the product of the full-
sample industry-group shares (e.g., share of Group 1 founder-startup pairs in the IT industry) and the per-period
industry shares (share of IT founder-startup pairs). The plot shows that industry-implied group shares are relatively
constant over time.
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startups. Accordingly, we present a set of statistical analyses which more rigorously show that universities
play a crucial role in adding to the quantity and quality of VC-backed entrepreneurship in the United States.
Furthermore, we demonstrate that university location plays a significant role in shaping the geographic
distribution of immigrant (and native) founded startups. Throughout this section, for ease of coefficient
interpretation, we use linear probability (i.e., OLS) regression models for analyses where the outcome
variable is an indicator variable. In the appendix, we show that all results are qualitatively similar when we
use probit regressions. For cases where the outcome variable is a count variable, we use Poisson regressions

(Cohn et al., 2021).

4.1 Universities and Local Entrepreneurship Activity

We begin our formal empirical analysis by exploring how universities attract and retain
entrepreneurial talent locally. In other words, we ask — do universities contribute to the quantity of
local/state-level entrepreneurship activity? Table 4 presents descriptive statistics on the probability that a
founder who is educated in a given state also starts a VC-backed company in the same state. The top panel
presents the relevant statistics for all states. The first row presents the share of founders who started at least
one VC-backed company in the state that they received their highest postsecondary education degree.
Across the three relevant groups (natives, Gl immigrants, and G2 immigrants), upon completion of their
education, more than one-third of founders did not migrate to another state to start their high-potential
venture. This headline number is in line with the finding that 45% of foreign students in the US extend their
visas to work in the same metropolitan area as their alma maters (Ruiz, 2014). The similarity may suggest
that universities attract a large proportion of foreign-born would-be entrepreneurs to remain in the same

state from graduation to founding.

The proportion of non-migrant founders is high when we compare it to the share of non-migrants
implied by “overall random motion” (ORM). To calculate the ORM share of non-migrants, we first assume
a counterfactual world in which migration patterns are uncorrelated with education state. In other words,
newly graduated founders are (i) not “sticky” to their education state when deciding where to establish a
startup and (ii) just as likely as any other founder to establish a startup in a given state. Hence, the probability
that a founder migrates to (or stays in) a given state is effectively assumed to equal that state’s overall share
of total US VC-backed startups in the entire sample (by definition between 0 and 1). Given this assumption,
we compute the counterfactual probability of non-migration for every founder in our final sample. We
average these probabilities within each group to find the associated ORM-implied non-migrant share. The

ORM-implied non-migrant shares are 11%, 13%, and 13% for natives, G1 immigrants, and G2 immigrants,
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respectively.?® The actual non-migrant shares are all statistically different from the ORM-implied non-
migrant shares as shown by the t-statistics that we present in the third row.?’ As a robustness check, we
perform the same statistical test against the group random motion (GRM) non-migrant share, which is the
group-specific version of ORM. That is, computation of the GRM-implied non-migrant share is identical
to computation of the ORM-implied share with one difference. Specifically, under GRM, we assume that a
newly graduate founder is just as likely as any other founder within his or her group (i.e., native, G1
immigrant, or G2 immigrant) to establish a startup in any given state when calculating non-migration
probabilities for each founder. Under GRM, we find the same qualitative results. Overall, the top panel of
Table 4 suggests that universities contribute to their local economies by attracting students who will

eventually start high-potential companies in the same/nearby locales.

The remainder of Table 4 presents the results of the analogous analyses that occur when one
restricts the sample to founders educated in California, Massachusetts, New York, and all remaining
(“Other”) states, respectively. The goal of this exercise is to explore whether the magnitude of geographic
stickiness towards state of education (exhibited in Table 4’s top panel) might differ between hub and non-
hub states. We consider the first three states to be venture capital hubs because they contain the highest
concentration of venture capital investment activity in the country. Even though the non-migrant share is
substantially higher among hub states, especially for California, we find that the same qualitative results
regarding geographic stickiness hold across hub states and non-hub states. In other words, since founders
across the entire country are disproportionately likely to remain in their state of education when founding
a company, research universities (not just leading research universities) play a critical role in attracting

high-potential VC-backed entrepreneurs to their local economies, even in non-hub states.

Hence, regardless of immigration status, would-be founders tend to start VC-backed companies in
the state where they completed their final postsecondary degree relative to ORM and GRM benchmarks.
To complement this finding, we more rigorously test the differences in the propensity to start high-potential
companies in their state of education across Natives, Gl immigrants, and G2 immigrants. We perform this

analysis by running variants of the following OLS regression:

26 Differences in the ORM-implied share across each group (Native, G1, and G2) stem from differences in the
distribution of founders’ education states across the three groups. For example, a relatively higher share of G1 and
G2 immigrants are educated in states that host many VC-backed startups (e.g., CA, MA), and the ORM probability
of non-migration for all founders educated in these states is, by construction, higher. This compositional difference
causes the ORM-implied share of non-migrants to be higher for G1 and G2 immigrants than for natives.

27 The t-statistics shown in the table summarize a t-test of whether the average of a founder-level non-migrant
indicator variable is equal to the ORM implied non-migrant share value within each of the three relevant groups.
The ORM implied non-migrant share is constant within each of the three relevant groups (i.c., natives, G1
immigrants, and G2 immigrants).
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NonMigrant;; = a + , X Immigrant;; + [, X InState Native;; + y X Controls + FE + €;;

Founder-company pairs are indexed by i and founding years are indexed by t. NonMigrant equals
one if the founder started a VC-backed company in the state in which he received his final postsecondary
degree. Founders are divided into three groups: immigrants, in-state natives, and out-of-state natives. We
use each native founder’s SSN state to determine whether he is an in-state and out-of-state founder; that is,
if the founder’s SSN state is the same as the state in which he received his final postsecondary degree, then
he is classified as an in-state founder.?® Otherwise, he is considered an out-of-state founder. We use out-of-
state native founders as the reference group. Naturally, since G3 immigrants do not have a US state of
education, the sample only includes native founders, G1 immigrant founders, and G2 immigrant founders.
We include a vector of control variables, detailed in Appendix C.1, that account for differences across
founders such as education and work experience. We also include industry, founding year, and state of
education fixed effects. The regression allows us to compare the difference in probability of migration

between these groups of founders.*’

Table 5 presents the regression results. Columns 1 and 2 present results for all states. In column 1,
we find that immigrant founders are not more likely to migrate, relative to out-of-state native founders. As
intuition about in-state residents’ geographic stickiness may suggest, in-state native founders are 15
percentage points (pp) more likely to stay in the same state, relative to the reference group. In column 2,
we explore the difference between G1 and G2 immigrant founders and find that G1 founders are 2
percentage points more likely to stay local, relative to the reference group, while G2 founders are roughly
2 percentage points less likely to stay.*” Compared to the unconditional non-migration probability of 0.338,
in-state founders are approximately 0.15/0.338 = 44% more likely to stay, G1 founders are roughly 6%
more likely to stay, and G2 founders are roughly 6% less likely to stay. Columns 3 and 4 presents analogous
results that restrict the sample to hub states (California, Massachusetts, and New York). Within this group
of states, immigrant founders are roughly 3.5 pp more likely to stay and start their first companies than out-
of-state native founders, even after conditioning on the state’s average immigrant share and capacity for
VC-backed entrepreneurship via the state FE. Compared to the non-migration probability of 0.516 within

hub states, immigrants are roughly 7% more likely to stay. Results from column 4 suggest that G1

28 A native founder’s SSN state is considered a decent proxy for his or her state of birth/childhood. Native founders
in VS matched to multiple Infutor individuals are automatically classified as out-of-state, since we do not take a
stand on which individual’s SSN state to use in this situation. Similar logic justifies why we do not assign every
matched founder a founding age. Thus, our proxy for in-state founders is, if anything, a conservative
measure/underestimate of whether a native founder was an “in-state” student at any point.

29 OLS regressions are used for ease of interpretation. Appendix Table B.2 presents analogous probit regression
results, which are qualitatively similar to the OLS regression results.

30 This final result is only statistically significant at the 10% level.
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immigrants are the main contributors to the coefficient on the immigrant variable in column 3. Columns 5
and 6 presents the results for non-hub states. We find that (i) immigrant founders are 2.6 percentage points
less likely to stay and start companies in these states, relative to out-of-state native founders and (ii) this
result is mainly driven by G2 immigrants. Compared to the non-migration probability of 0.21 in these non-
hub states, immigrants are roughly 12% less likely to stay. Taken together, the results presented in columns
3 through 6 suggest that non-hub states are, at the margin, losing immigrant would-be founders to hub
states, relative to out-of-state native would-be founders. Nonetheless, the results also show that G1
immigrant founders educated in non-hub states do not behave in a statistically significantly different manner

than out-of-state native founders when deciding whether to migrate before founding their startup.

So far, the results from this section suggest that universities contribute to their local economies by
retaining students who eventually start VC-backed companies within the same state. Therefore, to provide
additional evidence that there is a direct relationship between universities and local entrepreneurial activity,

we run variants of the following Poisson regression over the 2006-2018 timeframe:
Nip =a+ By XE}_g+ By X Ef;_s + v x Controls + FE + ¢

Each observation in the regression is a state-year pair. N;; is the number of VC-backed start-ups
that were founded in each year. The main variables of interest are the number of native students enrolled
and the number of foreign students enrolled, both undergraduate and graduate, at all universities in the state
in year t — 5. The goal of this regression is to provide suggestive evidence that student enrollment today is
associated with local high-potential entrepreneurship in the future. Of course, the number of VC-backed
start-ups founded in a state in a given year is likely to be correlated with local and national economic
conditions. To this end, we add time-varying controls for the state’s population, labor force participation
rate, unemployment rate, income per capita, White population share, and native-born population share in
each year (see Appendix C.2 for further details). Furthermore, we include state and founding year fixed

effects.’!

Table 6 presents the regression results. Column 1 presents the result for the association between all
start-up births and lagged enrollment. We find that both total native and foreign student enrollment are
associated with future VC-backed start-up formation. Specifically, interpreting the Poisson coefficients, we
can conclude that admitting 1,000 additional international students in universities within a state is correlated

with an approximately exp(1000*1.24e-05)-1 = 1.2 percentage points increase in the rate of new startup

31 The number of observations drops when we consider immigrant-founded startups because an increased number of
“zero” observations exacerbates statistical separation issues which prevent maximum likelihood/poisson estimates
from correctly converging. More detailed information on statistical separation can be found on the following
website: https://github.com/sergiocorreia/ppmlhdfe/blob/master/guides/separation_primer.md.
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creation in that state 5 years into the future. In contrast, admitting an additional 1,000 native-born students
in universities within a state only correlates with an approximately exp(1000*1.20e-06)-1 =0.12 percentage

points increase in the rate of new startup creation 5 years into the future in that state.

The remaining columns add further nuance to column 1’s finding. Results from columns 2 suggest
that greater native student enrollment today leads to a higher rate of native-founded start-up formation in
the future. The coefficient on foreign student enrollment is not statistically different from zero, which
suggests that immigrant student enrollment likely has at most a minimal crowding out effect on native VC-
backed entrepreneurship. Likewise, results in column 3 show that greater foreign student enrollment today
leads to a higher rate of immigrant-founded start-up formation in the future. Regression results presented
in columns 4 through 6 explores whether the baseline results are driven by undergraduate or graduate
enrollment. They suggest that undergraduate enrollment is the primary contributor to the relationship
between university enrollment and VC-backed entrepreneurship presented in columns 1-3. Of course,
throughout these regressions we cannot track which student enrollees become VC-backed entrepreneurs at
the individual level, and it remains unclear whether students’ entry into a founder vs. employee role within
the startup space, among other factors, primarily accounts for our results. Nonetheless, when considered
together with the statistical analyses presented in Table 4, Table 5 suggests that there is a direct connection
between university student enrollment and future local entrepreneurial activity, and it thus further highlights
the role that universities play as contributors to the sourcing and development of locally impactful

entrepreneurial talent.

4.2 Venture Performance by Immigration Status — Financial Success

Up to this point, our empirical results strongly suggest that universities are important contributors
to the quantity of immigrant VC-backed entrepreneurs. In this section we examine whether the supply of
foreign entrepreneurial talent that enters the United States through universities is of comparable quality to
the country’s native entrepreneurial talent. We estimate versions of the following OLS regression equation

to address this quality issue:
Vit = a + B X Immigrant;; + y X Controls + FE + €;;.

Each observation in the sample is a founder-startup pair indexed by i. Time in years is indexed by
t. We use the year of founding to assign a founder-startup pair to a given year. In this subsection, the

outcome variable Y, is a placeholder for various measures of financial success that we examine, which
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includes IPO probability and successful (i.e., profitable) acquisition probability.**> The variable of interest
is the immigrant indicator, which equals one if the founder is identified as an immigrant by the method
described in section 2. In the regression, we condition on the founder’s demographics such as race, ethnicity,
and gender. We follow the venture capital literature and condition on the founder’s schooling background,
which has been shown to be highly correlated with venture success (Gompers et al., 2016). In all
specifications, we include industry fixed effects to difference out variation in success rates across industry,
and we include year fixed effects to difference out temporal variation in success rate. Standard errors are
clustered at the founder level because our variable of interest, immigrant status, is assigned at the founder
level.** We also account for the variation in founding team size by directly conditioning on this information.

For ease of interpretation, we estimate linear probability (i.e., OLS) models.

Table 7 presents the regression results. Columns 1 and 2 present the results for Success, an indicator
variable that equals one if the startup goes public in an IPO or was acquired for more than its total
investment value by 2019. In column 1, the coefficient on the immigrant indicator is positive and
statistically significant. The economic magnitude is also sizable: immigrant-founded companies are 1.7
percentage points more likely to succeed than native-founded companies. Compared to the unconditional
success rate of 16.2% in the sample, the coefficient on the immigrant indicator represents a 10.5% relative
increase. It is important to note that one advantage of our immigrant classification method is highlighted in
this set of results. If we were to define immigration status using founders’ race and ethnicity, the regression
results would likely have been very different, as none of our specification’s coefficient estimates on the

race and ethnicity variables are statistically different from zero.

In column 2, we explore whether immigration pathway groups explain immigrants’ aggregate
startup success. We find that the positive immigrant coefficient in column 1 is largely driven by excess
success from G2 and G3 immigrant founders, though G1 immigrants also perform, at worst, similarly to
native-born founders. The remaining columns present regression analyses that further disaggregate and
decompose our definition of startup financial success. Columns 3 and 4 present results on the relationship
between immigration status and startup IPO probability. We find that, compared to natives, immigrant
founders are not more likely to start companies that eventually go public in an IPO. Results in columns 3
and 4 suggest that, although the immigrant indicator variable is not statistically different from zero, G3
immigrants are 1.2 percentage points more likely to start companies that will eventually go public. Once

again, the economic magnitude is large. The coefficient is equivalent to a 25% increase in IPO rate relative

321PO and successful acquisition probabilities are standard measures of startup financial success in the venture capital
literature (Hochberg et al., 2007; Gompers et al., 2010; Gompers et al., 2016; Amornsiripanitch et al., 2019).
33 All of our results are robust to clustering at the startup level.
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to the sample mean IPO rate of 4.8%. Results presented in columns 5 and 6 show that the positive
correlation between A/l Successes and the immigrant indicator variable is driven by success via

acquisition.**

There are several key takeaways from this set of regression results. First, on average, immigrant
founders are more likely to start financially successful companies as measured by going public in an IPO
or through a successful acquisition. This finding implies that immigrant entrepreneurs who enter the US do
not seem to lower the quality of US startups. Second, immigration pathways and educational backgrounds
seem to influence immigrant founders’ startup success. Specifically, immigrants who come to the US via
graduate school (G2) or work (G3) seem to be particularly apt in starting financially successful companies.
The result on G2 immigrants suggest that universities’ graduate programs are particularly important at

producing high quality entrepreneurs.

4.3 Venture Performance by Immigration Status — Patenting

In this subsection, we consider how a founder’s immigration status correlates with the innovative
production and potential of a startup as opposed to the startup’s financial success. To measure a startup’s
propensity for technical scientific invention, we use the USPTO patent data merged onto VentureSource to
identify (i) whether a startup filed a successful patent within 2 years of founding and (ii) how many patents
(unweighted or citation-weighted) a startup filed within this 2-year period. As we have discussed in section
3, within two years of establishment, immigrant founder startups are more likely to patent and file more
patents than their native-born counterparts. Given that there are differences in the propensity to found
companies in various industries between immigrants and native founders, it is necessary to control for
industry effects on patenting. We first provide preliminary descriptive evidence that within-industry
differences account for some portion of the observed difference in patenting between immigrant and native-
founded startups, but not all of the difference. Specifically, Appendix Table B.4 tabulates the immigrant
and native share of startups within each of the eight industry groups used in our analysis as well as the
average within-industry patenting likelihood (patent rate) and patent counts for immigrant and native-
founded startups. Immigrant-founded startups appear to (i) be more likely to patent and (ii) file more patents
than their native-born counterparts within seven of the eight industries. In addition, the share of immigrant-

founded startups in more patent-intensive industries (as measured by overall patent rates and count in

34 The number of observations differ in columns 5 and 6 because we exclude companies that reached the IPO stage.
Appendix Table B.3 presents probit regression results as a robustness check. We find that the results are qualitatively
similar.
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columns 8§ and 9) appears to be higher than the corresponding share in less patent-intensive industries. To
formally test the effect of these industry patterns, we use a regression specification analogous to the one
presented in the previous section to explore the conditional correlation between a startup’s innovation

output and founders’ immigration status. Table 8 presents the regression results.

In Table 8 we first consider the extensive margin of patenting: are immigrant founders more likely
establish startups that file at least one successful patent? Column 1 accordingly presents OLS regression
results for the conditional correlation between a startup’s probability of patenting (patenting status) and
immigration status. The outcome variable is an indicator variable that equals one if the startup associated
with the founder filed at least one ultimately successful patent within the first two years of founding. In this
definition, we evaluate whether a patent has a grant date to determine whether it is “ultimately successful.”
Although startup-level patent counts and citation-weighted patent counts (presented in columns 3-6) may
present more complete information about the scientific and economic value of a startup’s innovative
activity, our indicator measure of a startup’s patenting status better characterizes a startup’s decision on
whether to engage in any successful patentable innovative activity. Indeed, prior work on immigrant
invention and entrepreneurship (cf., Hunt, 2010; Hunt, 2011; Brown et al., 2019) has complemented
information on patent counts with this binary measure of inventor/startup patenting to portray a more
complete description of innovative activity differences based on immigration status. In addition, while we
focus on patents assigned to startups as opposed to patents directly invented by the founder, our focus on
patents filed within two years of startup founding helps to ensure with reasonable likelihood that the founder
was substantially involved in the creation and development of the patented invention, even if not directly
listed as an inventor on the patent application. Column 1 results suggest that immigrant founders are 1.2 pp
more likely to start companies that produce at least one successful patent in the early stages of their
development. Extending column 1’s findings, column 2 presents OLS regression results that explore the
differences in startup’ patenting status across immigration paths. The regression shows that the baseline

result is driven by G2 and G3 immigrants, which is consistent with the financial success results.*

Since immigrant-founded startups are more likely to enter patenting on the extensive margin than
their native-born counterparts, a natural follow-up question lies in evaluating how immigrant startups
compare to native startups on the intensive margin. In other words, do immigrant-founded startups produce
more patents and higher-quality patents than their native counterparts? Addressing this question could
suggest the extent to which differences in innovative ability, as opposed to uneven VC-signaling incentives,

could explain immigrant founders’ higher propensity to enter patenting on the extensive margin. If

35 Appendix Table B.5 (columns 1-2) presents probit regression results as a robustness check. We find that the
results are qualitatively similar.
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immigrant founders only have greater incentive to file at least one patent solely as a signal of entrepreneurial
quality to VCs than their native-born counterparts, they may be more inclined to file a single patent of
mediocre scientific quality. One might expect the aggregate intensive-margin quantity and quality of
immigrant founders’ patents to be lower. However, if immigrant founders’ entry into startup patenting arose
due to their innovative abilities, the aggregate quantity and scientific quality of their startups’ patents would
be similar to or higher than those of native founders’ startups. Therefore, we test whether immigrant-
founded startups’ unweighted and citation-weighted patent counts differ from those of native-founded

startups in columns 3-6 of Table 8 (and Appendix Table B.5).*°

Columns 3 and 4 present Poisson regression results where the dependent variable is patent count,
which is defined as the number of ultimately successful patent applications that the company filed within
the first two years of founding. The results are qualitatively similar. Immigrant founders’ startups produce,
on average, exp(0.1764-1) = 19% more patents (as measured by unweighted count) than their native-born
counterparts’ startups. Similar to the financial success result, the immigrant indicator variable tends to be
positively correlated with patenting (though the relationship is less statistically significant, and it provides
more information than founders’ race and ethnicity indicator variables because the race and ethnicity
variables are negative or statistically indistinguishable from zero). Columns 3 and 4 of Appendix Table B.5
display analogous results to columns 3 and 4 of Table 8, except that the regression sample is restricted to

startups with at least one patent.

Likewise, columns 5 and 6 present Poisson regression results where the dependent variable is
citation-weighted patent count. This outcome variable is defined similarly to patent count, except that each
ultimately successful patent is weighted by its associated number of forward citations when being counted.
This citation-weighted patent count follows standard methodology used in the innovation economics
literature to measure the scientific value of a firm’s patented inventions (Hall et al, 2001), and our
specifications’ inclusion of industry and year fixed effects resolves concerns about (i) differences in
industry citation practices and (ii) temporal truncation bias, both of which are often used to criticize citation-
weighted patent counts’ value as a measure of scientific quality. Accordingly, the goal of this exercise is to
explore the difference in the aggregate quality of patents produced by immigrant- and native-founded start-

ups. We find that there is no statistical difference in citation-weighted patent counts between the two groups.

36 The number of observations drops when we consider patent count variables because “zero” observations causes
statistical separation issues which prevent maximum likelihood/poisson estimates from correctly converging. More
detailed information on statistical separation can be found on the following website:
https://github.com/sergiocorreia/ppmlhdfe/blob/master/guides/separation_primer.md.
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Overall, these results suggests that immigrants tend to start companies that are more innovative on
the extensive margin, i.e., companies that are more likely to produce patents, even when controlling for
broad industry classifications via industry fixed effects. However, conditional on being in a more innovative
sector of the economy, immigrant-founded companies do not innovate decisively more on the intensive
margin. That is, though immigrant-founded startups do produce a moderately higher number of patents, the
patents that they produce are of comparable, not higher, scientific impact, as measured by citations.”’
Though immigrant founders do not conditionally outperform native founders in the scientific impact of
their patenting activity, the similar scientific quality of startup patents across these two founder groups,
combined with immigrant founders’ higher propensity to enter patenting on the extensive margin, suggest
that immigrant founders critically and substantially contribute to the aggregate innovative output of VC-

backed startups.

4.4 Founding Team Composition and Venture Performance

We have so far considered immigrant and native founders separately, and we have abstracted away
from the founding team synergies that immigrant and native founders might experience with themselves as
well as each other. Nonetheless, since founding team composition does matter for venture outcomes
(Delmar and Shane, 2006), we estimate the conditional correlation between founding team composition and
venture performance. We do so by running variants of the OLS and Poisson regressions from subsections
4.2 and 4.3. Specifically, we regress the same venture outcome variables used in the previous two sections

on a vector of founding team composition indicator variables:
Yy = a+ B, X Immigrant Min; + B, X Immigrant Maj,, + B, X Immigrant All;
+ y X Controls + FE + €;.

For this regression specification, the unit of observation is a startup i that was started in year t.**

The first variable of interest is Immigrant Min, which equals one if fewer than half of the founding team

37 Columns 3 through 6 of Appendix Table B.5 present Poisson regression results for patent count and citation-
weighted patent count using the sample of founder-company pairs that have at least one patent. All four regressions
show that, conditional on having at least one patent, there is no difference in patenting quantity or (citation-
measured) quality between immigrant- and native-found companies, which indicates that patenting activity does not
significantly differ on the intensive margin. The similarity of immigrant and native founders’ conditional patenting
behaviors on the intensive margin suggests that immigrant founders’ higher propensity to enter into patenting on the
extensive margin is likely not completely driven by the VC-signaling efforts mentioned in the previous paragraph.
38 Of the 23,675 founding teams/startups used in our empirical analysis, 17,729 (~75%) are founded entirely by
natives (single or multiple), 3,507 (~15%) are founded entirely by immigrants (single or multiple), and 2,439
(~10%) are co-founded by natives and immigrants. Of the 2,439 co-founded startups, 602 (~25%) have a founding
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is composed of immigrants. The second variable of interest is Immigrant Maj, which equals one if more
than half of the founding team is composed of immigrants. This second variable exclude cases where every
member of the founding team is an immigrant. The last variable, Immigrant All, equals one if every
member of the founding team is an immigrant. The sample naturally excludes startups where the
immigration status of every founder cannot be determined. Altogether, the reference group is composed of
start-ups that have all-native founding teams. Founder-level control variables such as demographic and
schooling variables are converted to their respective startup-level counterparts. For example, the East Asian
founder indicator variable for the founder-startup pair regression would be converted to equal one if at least

one East Asian founder was found on the team. Finally, we also condition on founding team size.

Table 9 presents the regression results. Columns 1 through 3 presents OLS regression results for
financial success outcomes. We find that the results presented in section 4.2 are largely driven by all-
immigrant founding teams. Columns 4 through 6 present OLS and Poisson regression results for patenting
outcomes. In line with the financial success results, we find that the results presented in section 4.3 are also
largely driven by all-immigrant founding teams. Overall, conditional on teams’ demographic information,
the results show that all-immigrant founding teams produce the most productive startups, suggesting that
shared immigration experience may influence founding team performance to a greater extent than other

factors, such as shared ethnic or racial background.*

4.5 Selection and Omitted Variable Bias

The regression results presented in sections 4.2 through 4.5 suggest that immigrant founders are
more likely to start financially successful startups, as measured by the probability of (i) going public in an
IPO or (ii) being acquired at a value greater than total VC investment. The results also suggest that
immigrant founders start more innovative companies, as measured by the likelihood of patenting and patent
count. Immigrant founders are therefore comparable, if not superior, in quality and entrepreneurial ability.
Thus, foreign entrepreneurial talent that enters the US venture capital ecosystem does not seem to dilute

the quality of startups that get funded.

team that is made up of mostly natives, 226 (~9%) have a founding team that is made up of mostly immigrants, and
the remaining 1,611(~66%) have a founding team with an identical number of natives and immigrants. Since there
are a small number of startups that are truly majority-immigrant co-founded, we categorize firms equally co-founded
by natives and immigrants as majority immigrant in our Table 9 analysis.

3 Appendix Table B.8 presents analogous probit regression results, which are qualitiatively similar and show that
the OLS findings are robust.
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It is important to note that the results reported above are conditional correlations and not causal
estimates of the treatment effect that immigration status has on VC-backed startup outcomes. The regression
results presented above may suffer from omitted variable bias (OVB) that stems from the unobservable
quality of each founder, for which we cannot control. OVB arises in this context because immigration status
is not randomly assigned and is hence not likely to be orthogonal to unobservable quality. Therefore, the
coefficients of interest that we discuss above can be thought of as the combined result the selection, which
manifests through the selection process of immigration, i.e., who chooses to immigrate, and treatment
effects, which can be characterized as the immigration process’s impact on a high-skilled individual’s

ultimate entrepreneurial ability.

Nonetheless, despite these OVB concerns, the regression results are still informative for the policy
questions that we consider. For an immigrant-receiving country such as the United States, policymakers
should care about both selection into high-skilled immigration and the treatment effect of such an
immigration process, so long as their combined influence on immigrant talent and ability is positive and
beneficial. In fact, understanding selection is perhaps more relevant than understanding the treatment effect
because policymakers in an immigrant-hosting country may sometimes find it preferable and perhaps less
costly to design policies that attract talented people (as opposed to policies that improve the immigration
process’s impact on foreigners’ economic performance and contributions in the host country). In the current
context, positive selection may play a large role, given that, as shown in previous sections, immigrant
founders are more likely to be better educated than native founders and, intuitively, immigrants to the US
via higher education are more likely to have relatively affluent backgrounds because substantial resources
are required for such undertakings. We believe that, regardless of the channel (selection or treatment), the
regression results show that immigrant entrepreneurs who come to the US, mostly via higher education, are
high quality individuals and, hence, universities are important contributor to both the quantity and quality

of VC-backed entrepreneurial talent.

5. Conclusion

In this paper, we assemble new data to document several novel facts about immigrant VC-backed
entrepreneurship in the United States. We show that higher education serves as an important contributor to
the quantity and quality of entrepreneurial talent. First, we document that one fifth of VC-backed startup
founders are immigrants. More importantly, we find that approximately 75% of immigrant founders came
to the United States via higher education. Using this second fact as motivation, we show that universities

contribute to local economies by enrolling students, both native and foreign, who tend to start VC-backed
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companies in the same state in which they received their final postsecondary education degree. Lastly, we
show that immigrant entrepreneurs are more likely to start financially successful and innovative companies,
which suggests that the foreign entrepreneurial talent that enters the United States through universities is,
on average, high quality. While our focus on VC-backed startups limits our ability to draw general
conclusions on the overall relationship between immigration and entrepreneurship, this focus allows us to
more precisely characterize immigrants’ contribution to a particularly valued, innovative, and

transformative subset of entrepreneurship.

Accordingly, our findings have several policy implications. Government policies that affect the
flow of foreign students into the United States are likely to affect the flow of entrepreneurial talent into the
country. Restricting the flow of foreign students into the United States or the ability of foreign students to
stay in the country after earning degrees would restrict an important source of innovative and
entrepreneurial talent that contributes to the US economy. Similarly, our results highlight that university
admissions decisions to admit high-skilled foreign students also carry important implications for the broader

economy in future years.

Our data’s coverage of the VC-backed entrepreneurial ecosystem in the US naturally renders these
implications most applicable for US policymakers. However, as other advanced economies, such as Israel,
the UK, the EU, and multiple Commonwealth countries, also house vibrant VC hubs and attract substantial
foreign talent through universities, these policy implications may also guide non-US policymakers seeking
to harness foreign students as a source of entrepreneurial talent. Nonetheless, we encourage future work to
more rigorously examine the extent to which our findings generalize to other advanced economies, as our
data do not allow us to directly analyze the linkages between immigration and VC-backed entrepreneurship

outside of the US.

Within the US, the beneficiaries of immigrant entrepreneurship in our sample have primarily been
coastal states. One driver of this fact is the presence of leading research universities, which tend to have a
larger share of immigrant students, on the coasts. A sizable proportion of immigrant founders tend to start
firms in the same states that they received their education. These results suggest that a potential lever that
can contribute to local economic growth is attracting high-skilled immigrant students to local universities.
However, given the long average lag between arrival in the US and starting a firm, it would likely take a
sustained effort over an extended period in order to observe the benefits of such a policy. Policies targeted
at attracting immigrant students are also likely not sufficient on their own. Broader policy changes to attract
capital and other resources must be implemented concurrently in order make a location attractive for

immigrants to remain in for the longer term.
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Our findings on the importance of US universities in attracting VC-backed entrepreneurs also
contains important implications for US policy surrounding work visas. Specifically, whereas US policy
discourse surrounding high-skilled work visas (e.g., the H-1B visa) largely frame such visas primarily as
tools to recruit new talent directly from abroad. Nonetheless, our findings show that US universities
represent a primary entry point for high-potential immigrant entrepreneurs. If our findings for future VC-
backed immigrant entrepreneurs generalize to the broader population of high-skilled immigrants in the US,
it may be sensible to recharacterize high-skilled work visas as tools to retain US-educated talent in policy
discourse. Such a reframing would naturally promote consideration of how to smooth the transition from

student to work visas.

Future research can address several remaining questions related to the importance of immigrant
entrepreneurs. First, the datasets (e.g., Infutor and Emsi) that are assembled in this paper provide a viable
alternative to the Census Bureau’s data for entrepreneurship and innovation researchers who are interested
in the intersection between these topics and immigration policy. Although the coverage of our data is
generally not as comprehensive as Census data, they are simpler to merge with other datasets, and, in some
panel-related dimensions (e.g., schooling, job titles, and work history), they contain more granular
information that may be useful to this line of research. Thus, we hope other researchers will use our
alternative data platform for additional researchers. Second, we have presented useful conditional
correlations. Specifically, we have established a positive relationship between foreign student enrollment
and local entrepreneurship activity as well as a positive correlation between immigration status and various
positive VC-backed startup outcomes. Future research can address the causal relationships between these
variables as well as the channel for these effects. Similar analyses can also be performed to study the
immigration path and economic contribution of foreign inventors, scientists, and other high-skilled workers.
Finally, because immigration pathways appear to influence immigrant founders’ startup outcomes, future

research should more fully explore the educational and vocational mechanisms that may drive this result.
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Figure 1: Immigrant Founder Share over Time

The figure plots the share of immigrant founders over time. Shares are calculated from all founder-startup
pairs in each 5-year cohort.

Immigrant Share over Time
1990-2018

15 2 .25 3
| | | |

A
|

.05

Immigrant Share of Company-Founder Pairs

0
|

I T I I T
1990 1585 2000 2005 2010 2015
Half-Decade Start Year

46



Figure 2: Immigrant Founder Share by Ethnicity over Time

The figure plots immigrant founders’ ethnicity breakdown over time. Ethnic groups’ shares of the
immigrant founder subsample are calculated from all founder-startup pairs in each 5-year cohort.
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Figure 3: Immigrant Founder Share by Immigration Path

The figure plots immigrant founders’ immigration path breakdown over time. Immigrant groups’ shares of
total VC-backed founders are calculated from all founder-startup pairs in each 5-year cohorts. Group 1
immigrant founders are those who came to the United States for undergraduate studies. Group 2 immigrant
founders are those who came to the United States for graduate studies. Group 3 immigrant founders are
those came to the United States for work. Number of immigrant founder-startup pairs in each immigrant
group is scaled by the total founder-startup pairs in each 5-year cohort.
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Table 1A: Founder Characteristics by Immigration Status

The table presents summary statistics for native-born and immigrant founders’ characteristics. Each
observation is a founder. PO Rate is the percentage of the founder’s startups that had gone public by 2019.
Success Rate is the percentage of the founder’s startups that, by 2019, either reached the IPO stage or were
acquired for more than the total amount of money invested, adjusted for inflation. Patent Rate is the
percentage of the founder’s startups that successfully filed at least one patent within two years of founding.
Patent Count is the number of patents filed by the founder’s startups within two years of founding. Citation-
Weighted Patents is defined as the number of patents, weighted by forward patent citations, filed by the
founder’s startups within two years of founding. Number of Firms counts the number of VC-backed
ventures that each founder had started throughout the sample. Founding Age is the average of the founder’s
age at the time that each of his startup was formed. Asterisks denote statistical significance level from t-
tests on differences in sample means, * is for 10%, ** is for 5%, and *** is for 1% level.

M @ 3 “4) ) (6)
Natives Immigrants Natives - Immigrants

N Mean N Mean Difference t-statistic
Female 26,439 0.09 6,199 0.10 -0.008 -1.81
Jewish 26,439 0.19 6,199 0.13 0.062%** 12.73
East Asian 26,439 0.05 6,199 0.18 -0.132%** -26.24
Indian 26,439 0.04 6,199 0.32 -0.283%** -46.93
Hispanic 26,439 0.04 6,199 0.07 -0.03 1 *** -9.05
White 26,439 0.70 6,199 0.34 0.356%** 53.45
# of Firms 26,439 1.11 6,199 1.14 -0.0303#** -4.44
Avg. Team Size 26,439 2.37 6,199 2.41 -0.035* -2.09
Founding Age 16,115 39.46 4,104 43.81 -4.347H%* -21.12
IPO Rate 26,439 0.04 6,199 0.05 -0.002 -0.80
Succes Rate 26,439 0.15 6,199 0.17 -0.026%** -5.20
Patent Rate 26,439 0.14 6,199 0.17 -0.032%** -6.39
Patent Count 26,439 0.47 6,199 0.70 -0.2271*** -4.46
Citation-Weighted Patents 26,439 14.33 6,199 17.80 -3.464* -2.06
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Table 1B: Industry Breakdown by Immigration Status

The table compares number and proportion of startups in each industry across native-born and immigrant
founders. Z-statistics from tests for differences across population proportions are presented in the final
column. Each observation is a founder-startup pair. Asterisks denote statistical significance level from t-
tests on differences in sample means, * is for 10%, ** is for 5%, and *** is for 1% level.

O] 2) 3) “) () (6)
Natives Immigrants Natives - Immigrants

N % N % Difference Z-statistic
Business and Financial Services 6,586 22.49% 1,285 18.22% 0.043%** 8.21
Consumer Goods 946 3.23% 133 1.89% 0.013%** 7.02
Consumer Services 5,318 18.16% 865 12.26% 0.0591*** 13.08
Energy 413 1.41% 85 1.21% 0.002 1.36
Health 4,990 17.04% 1,117 15.84% 0.012* 2.46
Industrials 600 2.05% 146 2.07% -0.0002 -0.13
IT 10,413 35.56% 3,421 48.50% -0.129%** -19.69
Unassigned 18 0.06% 1 0.01% 0.0005 2.33
Total 29,284 100% 7,053 100% - -

50



Table 2: Immigrant Founder Count and Share by State

The bottom panel presents the top and bottom ten states with the highest and lowest number of immigrant
founder-startup pairs. The bottom panel presents the top and bottom ten states with the highest and lowest
immigrant founder-startup pair shares. Shares are calculated as the proportion of immigrant founder-startup

Top 10 States by Count Bottom 10 States by Count

State Count State Count
CA 4,007 IA 4
MA 648 LA 3
NY 544 ID 1
TX 225 MS 1
WA 195 MT 1
PA 159 VT 1
NJ 127 WY 1

IL 114 ND 0
FL 108 SD 0
VA 104 \'AY 0

Top 10 States by Share Bottom 10 States by Share

State Share State Share
DE 29.4% ND 0.0%
CA 26.2% SD 0.0%
NJ 25.8% \VAY 0.0%
MA 19.2% ID 2.5%
OK 17.3% VT 2.5%
FL 17.0% MT 4.2%
MD 17.0% LA 5.6%
CT 16.2% SC 5.7%
NY 15.7% KS 6.7%
WI 15.2% KY 7.1%
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Table 3A: Founder Characteristics by Immigration Path

The table presents summary statistics for immigrant founders’ characteristics by immigration path. Each
observation is a founder. Group 1 immigrant founders are those who came to the United States for
undergraduate studies. Group 2 immigrant founders are those who came to the United States for graduate
studies. Group 3 immigrant founders are those came to the United States for work. IPO Rate is the
percentage of the founder’s startups that had gone public by 2019. Success Rate is the percentage of the
founder’s startups that, by 2019, either reached the IPO stage or were acquired for more than the total
amount of money invested, adjusted for inflation. Number of Firms counts the number of VC-backed
ventures that each founder had started throughout the sample. Patent Rate is the percentage of the founder’s
start-ups that successfully filed at least one patent within two years of founding. Patent Count is the average
number of patents filed by the founder’s startups within two years of founding. Founding Age is the average
of the founder’s age at the time that each of his startup was formed. Entry Age is the founder’s age when
he received his social security number.

)] @ 3) 4 ()] (6) )] (®)

Natives Group 1 Group 2 Group 3

N mean N mean N mean N mean
IPO Rate 26,439 0.04 2,391 0.04 2,346 0.05 1,462 0.06
Entry Age 15,916 9.58 1,225 22.23 1,759 24.04 1,094 28.96
Founding Age 16,115 39.46 1,235 45.21 1,771 41.78 1,098 45.50
Female 26,439 0.09 2,391 0.12 2,346 0.09 1,462 0.09
Jewish 26,439 0.19 2,391 0.15 2,346 0.10 1,462 0.13
East Asian 26,439 0.05 2,391 0.19 2,346 0.20 1,462 0.12
Indian 26,439 0.04 2,391 0.20 2,346 0.46 1,462 0.28
Hispanic 26,439 0.04 2,391 0.08 2,346 0.05 1,462 0.07
‘White 26,439 0.70 2,391 0.42 2,346 0.22 1,462 0.43
Success Rate 26,439 0.15 2,391 0.15 2,346 0.19 1,462 0.19
# of Firms 26,439 1.11 2,391 1.12 2,346 1.17 1,462 1.13
Patent Rate 26,439 0.14 2,391 0.13 2,346 0.21 1,462 0.17
Patent Count 26,439 0.47 2,391 0.49 2,346 0.94 1,462 0.64
Cite-W Patent Count 26,439 14.33 2,391 11.81 2,346 23.98 1,462 17.67
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Table 3B: Education Information by Immigration Status and Path

The table presents education information by immigration status and path. Each observation is a founder.
Group 1 immigrant founders are those who came to the United States for undergraduate studies. Group 2
immigrant founders are those who came to the United States for graduate studies. Group 3 immigrant
founders are those came to the United States for work. The summary statistics below are computed from a
series of indicator variables that are defined as follows. STEM equals one if the founder holds a STEM
undergraduate degree. Business equals one if the founder holds a business undergraduate degree. The
number of observations are smaller because major information is not available for all founders. All founders
that have a graduate degree have at least one undergraduate degree. Any Graduate Education equals one if
the founder holds at least one graduate degree. This category includes professional degrees such as M.D.
and J.D. MBA equals one if the founder holds an MBA degree. Non-MBA equals one if the founder holds
any non-MBA graduate degree. STEM Master’s equals one if the founder holds a STEM master’s degree.
Ph.D. equals one if the founder holds a doctoral degree. Top school is defined in the same as in Gompers
et al. (2016). Any Top School equals one if the founder holds a college or graduate degree from a top
school. College equals one if the founder holds a college degree from a top school. Any Top Graduate
Education equals one if the founder holds at least one graduate degree from a top school. MBA equals one
if the founder holds an MBA degree from a top school. Non-MBA equals one if the founder holds a non-
MBA graduate degree from a top school.

0] @ (€)] “4) &) (©) 0] ®)

Natives Group 1 Group 2 Group 3

N mean N mean N mean N mean
STEM Major 19,451 0.64 1,883 0.72 1,252 0.88 806 0.77
Business Major 19,451 0.28 1,883 0.26 1,252 0.05 806 0.13
Any Graduate Education 26,439 0.55 2,391 0.55 2,346 1.00 1,462 0.57
MBA 26,439 0.20 2,391 0.19 2,346 0.24 1,462 0.08
Non-MBA Graduate School 26,439 0.39 2,391 0.41 2,346 0.90 1,462 0.51
STEM Master's 26,439 0.16 2,391 0.22 2,346 0.41 1,462 0.23
PhD 26,439 0.12 2,391 0.12 2,346 0.39 1,462 0.18
Any Top School 26,439 0.35 2,391 0.42 2,346 0.38 1,462 0.04
Top College 26,439 0.22 2,391 0.31 2,346 0.01 1,462 0.01
Top MBA 26,439 0.10 2,391 0.11 2,346 0.13 1,462 0.01
Top Graduate School (non-MBA) 26,439 0.15 2,391 0.18 2,346 0.27 1,462 0.02
Any Top Graduate Education 26,439 0.23 2,391 0.26 2,346 0.38 1,462 0.03
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Table 3C: Industry Breakdown by Immigration Path

The table presents startup industry proportions by immigration status and path. Each observation is a
founder-startup pair. Group 1 immigrant founders are those who came to the United States for
undergraduate studies. Group 2 immigrant founders are those who came to the United States for graduate
studies. Group 3 immigrant founders are those came to the United States for work.

1) 2) 3) “)

Natives Group 1 Group 2 Group 3
Business and Financial Services 22.49% 21.69% 15.40% 17.27%
Consumer Goods 3.23% 2.70% 1.21% 1.70%
Consumer Services 18.16% 17.91% 7.83% 10.48%
Energy 1.41% 1.12% 1.54% 0.79%
Health 17.04% 14.42% 16.46% 17.09%
Industrials 2.05% 2.17% 2.08% 1.88%
IT 35.56% 39.98% 55.49% 50.73%
Unassigned 0.06% 0.00% 0.00% 0.06%
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Table 4: Education and Start-up Location

The table presents statistics for the propensity for founders to start VC-backed companies in the same state
where they received their final postsecondary education. The first panel presents the statistics for all states
and the remaining panels present the statistics for the group of states as marked in the State column. Actual
Non-Migrant Share is the percentage of founders in each group that started at least one company in the state
that they received their final postsecondary education. Overall Random Motion (ORM) Implied Non-
Migrant Share is the share of non-migrants implied by no geographic stickiness with respect to state of
education. To calculate this counterfactual share, we first assume that every individual is just as likely to
establish a startup in a given state as any other founder, for all states. This assumption implies the probability
that a founder is a non-migrant to be the share of total startups founded in the founder’s state of education.
The ORM-Implied Non-Migrant Share is accordingly the average of these probabilities across all
individuals within the specified education state and group. Actual - ORM t-statistic is the t-statistic from
the t-test that tests the statistical difference between the group’s Actual Non-Migrant Share and the imputed
ORM Implied Non-Migrant Share. GRM Implied Non-Migrant Share is the share of non-migrants implied
by no geographic stickiness with respect to state of education, conditional on group status. Calculation of
this share is analogous to calculating the ORM-Implied Non-Migrant Share, except that a founder’s
probability of non-migration is calculated to be the share of total startups founded by same-group (e.g.,
native, Group 1, Group 2, or Group 3) founders in the relevant state of education. Actual - GRM t-statistic
is the t-statistic from the t-test that tests the statistical difference between the group’s Actual Non-Migrant
Share and the GRM Implied Non-Migrant Share.

State Statistics Natives Group 1 Group 2
Actual Non-Migrant Share 36.5%  36.9%  32.7%
ORM Implied Non-Migrant Share 11.4% 13.4% 13.7%
All Actual - ORM t-statistic 88.9 27.4 23.8
GRM Implied Non-Migrant Share 10.9% 15.6% 17.6%
Actual - GRM t-statistic 90.7 25.4 20.0
Actual Non-Migrant Share 74.1%  824%  83.2%
ORM Implied Non-Migrant Share 42.0%  42.0% 42.0%
CA Actual - ORM t-statistic 51.3 25.4 26.9
GRM Implied Non-Migrant Share 38.4%  51.6%  60.1%
Actual - GRM t-statistic 57.0 19.4 15.1
Actual Non-Migrant Share 31.4%  27.3%  30.7%
ORM Implied Non-Migrant Share 9.3% 9.3% 9.3%
MA Actual - ORM t-statistic 28.5 7.8 7.7
GRM Implied Non-Migrant Share 9.3% 8.3% 9.9%
Actual - GRM t-statistic 28.5 8.2 7.4
Actual Non-Migrant Share 31.4% 31.3% 16.4%
ORM Implied Non-Migrant Share 9.5% 9.5% 9.5%
NY Actual - ORM t-statistic 22.6 7.4 2.8
GRM Implied Non-Migrant Share 10.0% 11.2% 4.6%
Actual - GRM t-statistic 222 6.8 4.9
Actual Non-Migrant Share 25.6% 19.2% 11.8%
ORM Implied Non-Migrant Share 1.7% 1.8% 1.8%
Other Actual - ORM t-statistic 65.1 15.3 10.9
GRM Implied Non-Migrant Share 1.9% 1.4% 1.3%
Actual - GRM t-statistic 64.8 15.6 11.4
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Table 5: Non-Migrant Regression Results

This table presents OLS regression results where the non-migrant indicator variable is regressed onto the
founders’ immigration status indicator variables. Each observation is a founder-startup pair. The dependent
variable equals one if the founder started his company in the same state that he received is final
postsecondary education degree. Immigrant equals one if the founder is an immigrant. In-State Native
equals one if the founder is a native founder who received his SSN in the same state that he received his
final postsecondary education degree. Group 1 equals one for immigrants who came to the United States
for college. Group 2 equals one for immigrants who came to the United States for a graduate degree. Group
3 immigrants are excluded from the sample. The reference group is composed of out-of-state native
founders. Demographic control variables include indicator variables for Female, Jewish, East Asian, Indian,
and Hispanic founders. Refer to Appendix C for control variable definitions. Standard errors are reported
in parentheses and clustered at the founder level. *, **, *** indicate statistical significance at the 10%, 5%,
and 1% levels, respectively.

€)) 2 (3) “) (5) (6)
All States All States Hub States Hub States Non-Hub States  Non-Hub States
Immigrant 0.0029 0.0365%** -0.0257***
-0.0082 -0.0127 -0.0099
Group 1 0.0201%** 0.0420%** -0.0029
-0.0093 -0.014 -0.012
Group 2 -0.0209* 0.0292 -0.0604***
-0.0119 -0.0189 -0.0133
In-State Native 0.1546%** 0.1547%** 0.1233%%** 0.1233%** 0.1792%%** 0.1793%**
-0.0074 -0.0074 -0.0107 -0.0107 -0.0101 -0.0101
Top School -0.0359%%* -0.0373 %% -0.012 -0.0125 -0.0861*** -0.0881*%*
-0.0063 -0.0064 -0.0087 -0.0088 -0.0089 -0.0089
MBA 0.0359%** 0.0377%** 0.004 0.0047 0.0717%** 0.0737***
-0.0068 -0.0069 -0.0102 -0.0103 -0.009 -0.0091
Other Graduate Degree -0.0290%*** -0.0272%** -0.0372%%* -0.0365%** -0.0196* -0.0175*
-0.0086 -0.0086 -0.0139 -0.014 -0.0105 -0.0105
STEM Master's 0.0424%** 0.0438%** 0.0667*** 0.0670%** 0.0188 0.0211%*
-0.0097 -0.0097 -0.0152 -0.0153 -0.0122 -0.0122
PhD 0.0152 0.0192* 0.0172 0.0185 0.0151 0.0204
-0.0109 -0.0109 -0.017 -0.017 -0.0136 -0.0138
Previous Start-up XP -0.0536%*** -0.0533 %% -0.0081 -0.0079 -0.0899%** -0.0897%***
-0.011 -0.011 -0.0179 -0.0179 -0.0133 -0.0132
Previous Founding XP 0.0257* 0.0260* 0.0014 0.0015 0.0405%* 0.0412%%*
-0.0141 -0.0141 -0.0228 -0.0228 -0.0164 -0.0164
Founding Team Size -0.0098*** -0.0099*** 0.0094*** 0.0094%** -0.0254*** -0.0255%**
-0.0021 -0.0021 -0.0034 -0.0034 -0.0025 -0.0025
Observations 32,401 32,401 14,528 14,528 17,867 17,867
R-squared 0.2412 0.2414 0.2249 0.2249 0.1378 0.1384
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Education State FE Y Y Y Y Y Y
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Table 6: University Enrollment and Future Entrepreneurship

This table presents Poisson regression results where measures of VC-backed start-up activity in year t are
regressed onto measures of students enrolled at local universities in year t — 5. Each observation is a state-
year pair. All Firms is the number of VC-backed start-ups in state i that were started in year ¢t. Native Firms
is the number of native-founded VC-backed start-ups in state i that were started in year t. Imm Firms is the
number of immigrant-founded VC-backed start-ups in state i that were started in year t. Total Native
Students is the number of native students enrolled in universities in state i in year t — 5. Total Foreign
Students is the number of foreign students enrolled in universities in state i in year t — 5. Native Graduate
Students is the number of native graduate students enrolled in universities in state i in year t — 5. Foreign
Graduate Students is the number of foreign graduate students enrolled in universities in state i in year t —
5. Native Undergraduate Students is the number of native undergraduate students enrolled in universities
in state { in year t — 5. Foreign Undergraduate Students is the number of foreign undergraduate students
enrolled in universities in state i in year t — 5. Refer to Appendix C for control variable definitions.
Standard errors are reported in parentheses and clustered at the state level. *, **, *** indicate statistical

significance at the 10%, 5%, and 1% levels, respectively.

0 @ 3) @) 5) ©)
All Firms Native Firms Imm. Firms All Firms Native Firms Imm. Firms
Total Native Students 1.20e-06*** 1.52e-06%** -2.68e-07
(4.07¢-07) (4.66e-07) (4.40e-07)
Total Foreign Students 1.24e-05%* 7.27e-06 3.04e-05%**
(5.95e-06) (5.81e-06) (8.65¢-06)
Native Graduate Students -1.60e-07 -8.44e-07 2.81e-06
(2.40e-06) (2.36e-06) (4.76e-06)
Foreign Graduate Students 4.69¢-06 4.45¢-06 3.44e-06
(1.12e-05) (1.13e-05) (1.69¢-05)
Native Undergraduates 1.27e-06%** 1.65e-06%** -4.32e-07
(4.41e-07) (5.03e-07) (6.06e-07)
Foreign Undergraduates 1.57e-05 8.19¢-06 4.18e-05%**
(1.15e-05) (1.14e-05) (1.33e-05)
Population -7.24e-08** -9.09e-08** 1.63e-08 -7.40e-08** -9.85e-08** 3.78e-08
(3.68¢-08) (3.89¢-08) (4.91e-08) (3.56¢-08) (3.88¢-08) (5.23¢-08)
LFPR -0.00500 -0.00532 0.000539 -0.000170 0.000668 0.000145
(0.0252) (0.0241) (0.0507) (0.0239) (0.0237) (0.05006)
Unemployment Rate 0.0790*** 0.0842%** 0.0719** 0.0834%** 0.0883%** 0.0779**
(0.0210) (0.0231) (0.0313) (0.0202) (0.0231) (0.0330)
Income per Capita -1.11e-05 -7.55e-06 -1.56¢-05 -1.30e-05 -8.54¢-06 -2.07e-05
(1.56e-05) (1.70e-05) (2.41e-05) (1.57e-05) (1.76e-05) (2.30e-05)
White Population Share 6.280* 5.045% 10.27* 6.042* 4.484 11.16*
(3.219) (2.732) (6.226) (3.197) (2.829) (6.218)
Native-Born Population Share 2.748 0.545 12.07 1.935 0.269 8.693
(5.675) (6.189) (10.36) (5.992) (6.579) (9.998)
Observations 650 650 559 650 650 559
State FE Y Y Y Y Y Y
Founding Year FE Y Y Y Y Y Y
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Table 7: Immigration Status and Venture Success — Financial Success

This table presents OLS regression results where measures of start-up financial success are regressed onto
founder’s immigration status. Each observation is a founder-start-up pair. Success equals one if, by 2019,
the start-up reached the [PO stage or was acquired for a larger amount than the total funds invested, adjusted
for inflation. IPO and Acquisition follow the same logic. Immigrant equals one if the founder is an
immigrant. Group 1 equals one if the founder is an immigrant who came to the United States for college.
Group 2 equals one if the founder is an immigrant who came to the United States for graduate school. Group
3 equals one if the founder is an immigrant who came to the United States for work. Refer to Appendix C
for control variable definitions. Standard errors are reported in parentheses and clustered at the founder

level. *, ** *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Q)] @ (€] “ O] (6)
Success Success IPO IPO Acqusition  Acqusition
Immigrant 0.0171%** 0.0022 0.0164***
(0.0055) (0.0032) (0.0051)
Group 1 0.0072 -0.0034 0.0102
(0.0074) (0.0041) (0.0069)
Group 2 0.0222%* 0.0018 0.0214%**
(0.0089) (0.0051) (0.0083)
Group 3 0.0299%** 0.0124** 0.0211**
(0.0101) (0.0062) (0.0095)
Top School 0.0177***%  0.0191***  0.0075***  0.0084***  0.0124***  0.0131%**
(0.0042) (0.0042) (0.0025) (0.0026) (0.0039) (0.0039)
MBA -0.0019 -0.0021 0.0046 0.0046 -0.0057 -0.0060
(0.0049) (0.0049) (0.0031) (0.0031) (0.0045) (0.0046)
Other Graduate Degree 0.0069 0.0063 0.0064* 0.0063* 0.0017 0.0013
(0.0061) (0.0061) (0.0038) (0.0038) (0.0056) (0.0057)
STEM Master's 0.0055 0.0054 -0.0033 -0.0032 0.0086 0.0084
(0.0072) (0.0072) (0.0045) (0.0045) (0.0067) (0.0067)
PhD 0.0089 0.0081 0.0060 0.0059 0.0043 0.0035
(0.0078) (0.0078) (0.0051) (0.0052) (0.0071) (0.0072)
Previous Start-up XP 0.0610%**  0.0607***  0.0399***  (0.0397***  0.0310***  0.0308%**
(0.0104) (0.0104) (0.0071) (0.0071) (0.0096) (0.0097)
Previous Founding XP -0.0377***  -0.0377***  -0.0256***  -0.0255%**  -0.0188* -0.0188*
(0.0119) (0.0119) (0.0078) (0.0078) (0.0112) (0.0112)
Founding Team Size 0.0222%**  (0.0222***  0.0142%**  (0.0142***  0.0117***  0.0117***
(0.0017) (0.0017) (0.0011) (0.0011) (0.0015) (0.0015)
Female -0.0067 -0.0067 -0.0017 -0.0016 -0.0056 -0.0056
(0.0059) (0.0059) (0.0037) (0.0037) (0.0054) (0.0054)
Jewish 0.0063 0.0064 -0.0035 -0.0035 0.0094** 0.0094**
(0.0050) (0.0050) (0.0029) (0.0029) (0.0046) (0.0046)
East Asian -0.0017 -0.0016 0.0019 0.0022 -0.0035 -0.0036
(0.0070) (0.0069) (0.0039) (0.0039) (0.0064) (0.0064)
Indian 0.0064 0.0049 -0.0030 -0.0032 0.0084 0.0072
(0.0071) (0.0072) (0.0040) (0.0040) (0.0067) (0.0068)
Hispanic 0.0109 0.0109 -0.0052 -0.0052 0.0154* 0.0154*
(0.0085) (0.0085) (0.0042) (0.0042) (0.0081) (0.0081)
Observations 36,333 36,333 36,333 36,333 34,576 34,576
R-squared 0.1271 0.1272 0.0979 0.0980 0.0714 0.0714
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table 8: Immigration Status and Venture Success — Patenting

This table presents OLS and Poisson regression results where measures of start-up patenting success are
regressed onto founder’s immigration status. Patent > 0 equals one if the start-up filed at least one patent
within the first two years of founding. Patent Count is the number of patent applications that the start-up
filed within the first two years of founding. Citation-Weighted Patents is defined as the number of patents,
weighted by forward patent citations, filed by the founder’s startups within two years of founding.
Immigrant equals one if the founder is an immigrant. Group 1 equals one if the founder is an immigrant
who came to the United States for college. Group 2 equals one if the founder is an immigrant who came to
the United States for graduate school. Group 3 equals one if the founder is an immigrant who came to the
United States for work. Refer to Appendix C for control variable definitions. Standard errors are reported
in parentheses and clustered at the founder level. *, **, *** indicate statistical significance at the 10%, 5%,

and 1% levels, respectively.

@ ) 3 “ O] Q)]
Patent > 0 Patent > 0 Count Count Cite-W Count Cite-W Count
Immigrant 0.0121** 0.1764** 0.0173
(0.0054) (0.0727) (0.1063)
Group 1 -0.0064 0.1470 -0.0088
(0.0071) (0.2174) (0.1831)
Group 2 0.0281%*** 0.2267* 0.0755
(0.0090) (0.1245) (0.1356)
Group 3 0.0244** 0.1397 -0.0363
(0.0097) (0.1086) (0.1984)
Top School 0.0121%**  (0.0139%** 0.1184* 0.1184** 0.1931** 0.1912**
(0.0041) (0.0042) (0.0678) (0.0596) (0.0881) (0.0882)
MBA -0.0030 -0.0041 -0.0860 -0.0910 -0.1371 -0.1422
(0.0048) (0.0048) (0.0710) (0.0676) (0.1156) (0.1157)
Other Graduate Degree 0.0173%**  (.0158*** 0.0931 0.0881 -0.0139 -0.0188
(0.0058) (0.0058) (0.0902) (0.0867) (0.1348) (0.1358)
STEM Master's 0.0207***  0.0201*** 0.1784* 0.1761%* 0.3977** 0.3958%**
(0.0070) (0.0070) (0.0914) (0.0914) (0.1566) (0.1573)
PhD 0.0483***  (0.0458%**  (.4382***  (.4308*** 0.3253** 0.3188**
(0.0081) (0.0082) (0.1030) (0.1127) (0.1438) (0.1426)
Previous Start-up XP 0.0335***  0.0331%**  (0.4785%**  (.4789*** 0.4227** 0.4238**
(0.0101) (0.0101) (0.1026) (0.1026) (0.1746) (0.1747)
Previous Founding XP 0.0160 0.0159 0.1648 0.1632 0.1883 0.1857
(0.0122) (0.0122) (0.1396) (0.1411) (0.1881) (0.1884)
Founding Team Size 0.0109%**  0.0109***  0.0631***  0.0634***  (0.0744%**  0.0747***
(0.0017) (0.0017) (0.0237) (0.0238) (0.0286) (0.0287)
Female -0.0108* -0.0107* -0.3278***  _0.3269***  -0.5206%**  -0.5199%**
(0.0061) (0.0061) (0.0790) (0.0798) (0.1551) (0.1549)
Jewish 0.0006 0.0006 -0.0089 -0.0090 0.1569 0.1566
(0.0048) (0.0048) (0.0689) (0.0691) (0.1145) (0.1145)
East Asian 0.0031 0.0027 -0.0733 -0.0799 0.0742 0.0648
(0.0077) (0.0077) (0.1020) (0.1021) (0.1837) (0.1924)
Indian 0.0001 -0.0039 0.1761 0.1639 0.0703 0.0532
(0.0073) (0.0074) (0.1422) (0.1699) (0.1248) (0.1247)
Hispanic -0.0022 -0.0021 -0.4359***  .0.4339***  _0.6069**  -0.6062**
(0.0094) (0.0094) (0.1093) (0.1106) (0.2661) (0.2661)
Regression Type OLS OLS Poisson Poisson Poisson Poisson
Observations 36,333 36,333 36,013 36,013 36,013 36,013
R-squared 0.0691 0.0695
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table 9: Founding Team Composition and Venture Success

This table presents OLS and Poisson regression results where measures of startup success are regressed
onto founding team composition indicator variables. Each observation is a startup. Immigrant Min equals
one if fewer than half of the founding team members are immigrants. Immigrant Maj equals one if more
than half of the founding team members are immigrants. Immigrant All equals one if every member of the
founding team is an immigrant. Demographic control variables include indicator variables for Female,
Jewish, East Asian, Indian, and Hispanic founders. Refer to Appendix C for control variable definitions.
Standard errors are reported in parentheses and clustered at the founder level. *, **, *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively.

() 2 3) “4) &) (6)
Success IPOs Acquisitions  Patent >0 Pat. Count Cite-W Count
Immigrant Min 0.0223 0.00826 0.0156 0.0106 0.0861 -0.0223
(0.0178) (0.0117) (0.0165) (0.0168) (0.173) (0.256)
Immigrant Maj 0.00983 0.000777 0.0109 0.0122 -0.00475 -0.319*
(0.00937) (0.00552) (0.00881) (0.00955) (0.115) (0.178)
Immigrant All 0.0213%** 0.00261 0.0200%** 0.0173%** 0.251* 0.162
(0.00705) (0.00387) (0.00662) (0.00702) (0.130) (0.164)
Founding Team Size 0.0195%**  0.0132***  0.00966*** 0.00279 0.00404 0.0304
(0.00367) (0.00228) (0.00341) (0.00362) (0.0627) (0.0833)
Top School 0.0179***  0.00726***  0.0127***  0.0129%** 0.158* 0.236**
(0.00481) (0.00272) (0.00449) (0.00481) (0.0954) (0.115)
MBA -0.00564 0.000856 -0.00636 -0.00683 -0.146* -0.192
(0.00525) (0.00305) (0.00488) (0.00518) (0.0845) (0.123)
Other Graduate Degree 0.00471 0.00215 0.00324 0.0190*** 0.223** 0.0972
(0.00665) (0.00389) (0.00619) (0.00638) (0.0925) (0.162)
STEM Master's 0.00843 0.00193 0.00723 0.0184** 0.0847 0.313**
(0.00726) (0.00439) (0.00676) (0.00719) (0.0922) (0.157)
PhD 0.00500 0.00690 -0.000747  0.0498*** 0.398%** 0.150
(0.00788) (0.00493) (0.00729) (0.00830) (0.0997) (0.143)
Previous Start-up XP 0.0570***  0.0361***  0.0303***  0.0283*%** 0.519*** 0.399%*
(0.0112) (0.00749) (0.0104) (0.0109) (0.123) (0.190)
Previous Founding XP -0.0369%**  -0.0242%** -0.0200* 0.0232* 0.214 0.273
(0.0126) (0.00816) (0.0117) (0.0129) (0.164) (0.196)
Regression Type OLS OLS OLS OLS Poisson Poisson
Observations 23,641 23,641 22,643 23,641 23,367 23,367
R-squared 0.122 0.093 0.069 0.070
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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A Data Appendix
A.1 Infutor
This appendix provides additional information about the Infutor data set.

The Infutor data set is provided by Infutor Data Solutions (https://infutor.com/). The data set provides

personal identification (i.e., name and social security) and address information for over 260 million
individuals who live in the United States. Infutor Data Solutions collects individual credit histories from
various credit card companies to assemble the data set. For each individual, the data set contains the

following information:

e First name, last name, middle initial, suffixes, and prefixes.

o Up to 10 aliases. An alias refers to an alternative version of a person’s first, middle, and last name.
For example, if a person’s primary name in Infutor were “Robert Smith,” the data may also list
“Bob Smith” as an alias. It is especially common for aliases to be used to record maiden names for
women who changed their last names after marriage.

e Up to 10 of the most recent residential addresses in chronological order. For some addresses we
can observe the approximate start and end dates of residence, though these measures appear to be
(i) non-comprehensive and (ii) somewhat imprecise.

e Birth year.

e The person’s social security number.

The data set’s address history coverage spans approximately 30 years. That is, for older individuals who
have extensive address histories, we observe every residential address occupied over the past 30 years, from
least to most recent, so long as the individual resided in no more than 10 addresses over this period. We
purchased the data in 2020, so the address information for most individuals starts as early as 1990 and ends

in 2020.

The figure below plots the distribution of individuals by birth year.
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A.2 VS-Emsi Founder Merge Procedure

This appendix describes the matching process between VentureSource (VS) and Emsi that we used to
identify additional VS founders in the Emsi data set. We perform this merge in order to obtain more
complete education information for a larger subset of founders in the VS data set. As mentioned in the
appendix that describes the Emsi data set, we initially sent a list of VS founders to Emsi to perform an
initial internal match, and Emsi was able to uniquely match a subset of the VS founders. Adding to this
initial Emsi-executed merging procedure, in the rest of this appendix we specifically describe our procedure
for matching initially unmatched VS founders to a second, more extensive Emsi data set of approximately
5 million individual profiles (initially collected for another project). These profiles contain the complete
education and work history information of all undergraduate alumni from 50 of the leading/top universities
in the US. We use the procedure described below to match additional founders between the VS data set and

the second Emsi data set with 5 million profiles.

In summary, the merge procedure described below takes the following steps. First, we standardize the
names of (i) individuals and VC-backed firms found in VS and (ii) individuals and any firms found in the
second Emsi data set. Next, we apply approximate string-matching methods to map individuals in VS to
individuals in Emsi. We identify unique matches between VS and Emsi individuals by applying various
similarity criteria using some combination of the individual name, educational history, and VC-backed firm

name information found in the two data sets.

Specifically, we successively implement four matching approaches outlined below (I to IV). The matching
approaches are implemented in the order presented below because this order reflects our preferences
regarding match criteria. That is, we first implement approach I and identify all unique founder matches
between VS and Emsi obtained from this approach. We then implement approach II for all VS + Emsi
founders not uniquely matched by approach I and accordingly identify a second set of unique founder
matches between VS and Emsi. We cumulatively iterate this process until we finish implementing step IV
for VS + Emsi founders not unique matched by approaches I, II, or III. The VS data that we use for this
merge also contains (i) immigration and birth year information obtained from the Infutor-VS merge and (ii)
education history information collected by SunTec and undergraduate research assistants. Specific merging

steps taken in each approach to identify unique VS-Emsi matches are detailed below:

I Matching on college and graduation year

1. Link founders in VS to Emsi profiles based on exact matches in (i) the first 3 letters of the first

name, (ii) the entire last name, and (iii) the undergraduate school ID. To create school IDs, we
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standardize school names to create a concordance between schools listed in Emsi and schools
listed in VS. Each unique institution in the concordance would receive a school ID.
2. From this initial VS-Emsi merge, only keep observations where the graduation years reported in
VS and Emsi are within 4 years of each other.
3. For each VS founder, identify a unique Emsi match from potentially multiple Emsi matches using
the following matching criteria in the following order:
a. First 3 letters of the first name, the last name, and the school ID.
b. Full first name, the last name, and the school ID.
c. Full first name, the last name, the smallest difference in graduation year, and the school
ID.
i. In step ¢, we only count a match as unique if it is the only potential match that
minimizes the difference in VS’s and Emsi’s reported graduation years.
4. In steps 3a-3c, we successively remove already unique matches at the end of each step, so that
subsequent steps only disambiguate initially matched Emsi profiles for VS founders that were not

already uniquely matched to a single Emsi profile via any preceding step.

II Matching on college with no graduation year

Many of the VS profiles do not have a college graduation year so we use the following approach to match

them.

1. Link founders in VS to Emsi profiles based on exact matches in (i) the first 3 letters of the first
name, (ii) the entire last name, and (iii) the undergraduate school ID.
2. From this initial VS-Emsi merge, drop observations where a founder’s imputed age at founding
(first founding year in VS — Emsi graduation year + 22) is less than 20 or greater than 60.
3. Also drop observations where the imputed birth year in Emsi (college graduation year — 22) is
more than 6 years older or younger than the VS-Infutor matched birth year.
a. In this step, we do not drop observations where the VS founder does not match into
Infutor and thus has a missing birth year.
4. For each VS founder, identify a unique Emsi match from potentially multiple Emsi matches using
the following matching criteria in the following order:
a. First 3 letters of the first name, the last name, and the school ID.
b. Full first name, the last name, and the school ID.
5. After step 4a, we remove already unique matches, so that step 4b only disambiguates initially
matched Emsi profiles for VS founders that were not already uniquely matched to a single Emsi

profile after step 4a.
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III Matching on business school education

1. Restrict observations to consider only individuals with business school education in both the
Emsi and VS datasets.
2. Link founders in VS to Emsi profiles based on exact matches in (i) the first 3 letters of the first
name, (ii) the entire last name, and (iii) the undergraduate school ID.
3. From this initial VS-Emsi merge, for each VS founder, identify a unique Emsi match from
potentially multiple Emsi matches using the following matching criteria in the following order:
First 3 letters of the first name, the last name, and the school ID.
b. Full first name, the last name, and the school ID.
c. Full first name, the last name, the smallest difference in graduation year, and the school
ID.
i. In step ¢, we only count a match as unique if it is the only potential match that

minimizes the difference in VS’s and Emsi’s reported graduation years.

IV Matching on the VC-backed firm

1. Link founders in VS to Emsi profiles based on exact matches in (i) the first 3 letters of the first
name, (ii) the entire last name, and (iii) the first 7 letters of the cleaned VC-backed firm name.
a. Company names are cleaned by capitalizing all letters, removing special characters and
spaces, and removing common corporate suffixes (e.g., “Inc.”).
2. From this initial VS-Emsi merge, drop observations where the job start date found in Emsi occurs
more than two years after the firm start year recorded in VS.
3. For each VS founder, identify a unique Emsi match from potentially multiple Emsi matches using
the following matching criteria in the following order:
a. First 3 letters of the first name, the last name, and the school ID.
b. Full first name, the last name, and the school ID.

c. Full first name, the last name, and job title.
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A.3 Gender Assignment Algorithm
This appendix section discusses the methodology used to assign gender to founders in our sample.

To assign gender to individuals in the VentureSource (VS) data set, we use a name-based algorithm called

Matchlt, which uses an individual’s first and last names to assign gender.

For individuals whom the algorithm could not assign a gender, we use undergraduate research assistants
(RA) to perform Google searches for the individual’s picture or profile on the internet. The RAs use the

following information to find the initially unassigned individuals via Google search.

e First Name
e Last Name

¢ Founding Company Name

After inputting the information above into Google, the RAs identify matching individual profiles and

pictures from the following three web sources:

e LinkedIn
e Bloomberg Businessweek

e Company websites

For the third web source listed above, we consider three categories/types of company websites to be suitable
for individual identification and matching purposes. The most preferred type of company website for
identifying a founder is the founding company’s website. The next most preferred choice is the venture
capital (VC) firm’s website since VS provides VC backer information for every start-up in its database. If
these first two choices fail to identify or match a founder, then we use any other company website to
ascertain a founder’s gender. For example, when a founder leaves his or her VC-backed company to take
another position at a prominent company and his or her profile appears on that company’s website, we use
the founder’s profile and picture on that company’s website to identify gender if no other website has

already identified the founder.

A person is considered a match if all three criteria inputted into Google are met (i.e., if a
LinkedIn/Bloomberg/company website profile yields an individual with the same first name, last name, and
founding company name as inputted into Google). For some VS founders, the search procedure identifies
multiple plausible profiles. This situation can occur if (i) the individual’s name (first and last) is very

common and (ii) the individual’s position within the founding company is not indicative of whether the
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individual is the founder or not. For these individuals, we manually inspect the work history information

provided by VS to infer a best match from the multiple plausible profiles (i.e., perform tiebreaks).

After finding LinkedIn, Bloomberg, and/or company website profiles for a founder, we use a combination
of profile pictures and pronouns to ascertain the founder’s gender. For LinkedIn, we use profile pictures to
determine gender. For Bloomberg Businessweek, we use pronouns to determine gender. For company

websites, we user both profile pictures and pronouns to determine gender.

Altogether, this procedure allows us to assign gender to 99.84% of the founders in our Infutor-VS merged
sample. Recall that 7065% of US-based VS founders were matched to individuals that appear in Infutor.
The main sample for almost all our analysis consists of individual observations in Venture Source that (i)
are associated with US-based start-ups, (ii) match into Infutor, and (iii) contain education + education
location data (whether hand-collected or obtained from Emsi). A small subset of this main sample (Group
3 immigrants) is dropped when considering geographic mobility from education state to start-up state (since
Group 3 immigrants are all tautologically migrants in this classification and therefore not very interesting

to analyze), but otherwise the main sample described above is consistent across our analyses in our revision.
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A.4 Race and Ethnicity Assignment Algorithm

This appendix section discusses the methodology used to assign race and ethnicity to founders in our

sample.

To assign race and ethnicity to individuals in the VentureSource (VS) data set, we use the name-based
algorithm from Kerr and Lincoln (2010), which uses an individual’s first and last names to assign

probabilities to the following race and ethnicity categories.

e White

e East Asian

e Indian

e Hispanic

e Jewish

e Middle Eastern
e Black

We assign a race or ethnicity to an individual based on the highest probability that the algorithm assigns.
For example, if the algorithm determined that the likelihood that an individual is East Asian is 67%, the
likelihood that the same individual is White is 33%, and that there is a 0% likelihood that the individual is

Indian, Hispanic, or Jewish, then we assume that the individual is East Asian.

For cases where the likelihoods between two ethnicities are identical, i.e., there is a tie, we employ
undergraduate research assistants (RA) to perform Google searches for the individuals’ photos and
determine the founder’s race and ethnicity via visual inspection. The RAs use the following information to

find the individuals via Google search.

e First Name
e [ast Name

e Founding Company Name

After implementing the Google search, the undergraduate RAs use the following categories of websites to

identify a founder’s photos and thereby assign ethnicity:

e LinkedIn

e Company websites

For the second website category listed above, we consider three types of company websites to be suitable

for ethnicity identification purposes. The most preferred type of company website for identifying a
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founder’s ethnicity is the founding company’s website. The next most preferred choice is the venture capital
firm’s website since VS provides venture capital backer information for every start-up in its database. If
the first two choices fail, then we use any other company website to ascertain a founder’s ethnicity. For
example, when a founder left his or her VC-backed company to take another position at a prominent
company and his or her profile appears on that company’s website, we use the founder’s picture on that

company’s website to identify his or her ethnicity.

A shortcoming of our ethnicity identification procedure is that the Kerr and Lincoln (2010) algorithm cannot
identify Black individuals well because Black and White individuals in the United States have very similar
names. Therefore, to identify Black founders among founders that were initially classified as White in our
sample, we employ undergraduate RAs to perform Google searches for the individuals’ photos. They follow
the same procedure as described above. The same approach is used for any other cases where the Kerr and
Lincoln (2010) algorithm cannot determine the person’s race and ethnicity. This situation arises when a

founder’s name is exceptionally uncommon.
Please refer to Kerr and Lincoln (2010) for more details on the name-based ethnicity assignment algorithm.

The procedure described above allows us to assign race and ethnicity to 99.45% of the founders in our
Infutor-VS merged sample. Recall that 70% of US-based VS founders were matched to individuals that
appear in Infutor. The main sample for almost all our analysis consists of individual observations in Venture
Source that (i) are associated with US-based start-ups, (ii) match into Infutor, and (iii) contain education +
education location data (whether hand-collected or obtained from Emsi). A small subset of this main sample
(Group 3 immigrants) is dropped when considering geographic mobility from education state to start-up
state (since Group 3 immigrants are all tautologically migrants in this classification and therefore not very
interesting to analyze), but otherwise the main sample described above is consistent across our analyses in

our revision.
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A.5 Education Data Collection Procedure

In this appendix, we outline the method that we used to collect VC-backed founders’ education information.

Among other information, the VentureSource (VS) data set provides the following information for each

founder.
1. First Name
2. Last Name

3. Founding Company Name

Before we begin the collection process, we clean the company names to eliminate common acronyms such

as “Inc.” and “SA”.

The three pieces of information listed above allow us to search for the founders on the internet and obtain

his or her education information. We specifically follow the steps outlined below.

Using a premium LinkedIn account, which allows us to see the full profiles of unconnected
individuals, we search for a given individual using first name, last name, and founding company
name information.

If we find a unique LinkedIn profile that matches the three criteria (i.e., first name, last name, and
founding company), then we use the profile to record education information, which includes start
year, end year, degree, major, and education institution. Education institutions are aggregated to
the institution level. For example, Harvard College would be recorded as Harvard University.
There are cases where the search turns up multiple plausible profiles. This situation can occur if (i)
the individual’s name (first and last) is very common and (ii) the individual’s position associated
with the founding company is not indicative of whether the individual is the founder or not. In this
case, we compare work history information provided in VS with work history information provided
by LinkedIn to infer a best match (i.e., perform tiebreaks). For most individuals in the dataset, VS
provides the five most recent previous positions that the person held before starting his or her VC-
backed company.

If we cannot find the individual on LinkedIn or if the person’s education information is not in
LinkedIn, then we use Google to search for the individual by first name, last name, and founding
company name.

We first consider Bloomberg Businessweek profiles found in the Google search results. An
individual is considered a match to a Businessweek profile if the three inputted criteria (i.e., first

name, last name, and founding company name) match the information in the Businessweek profile.
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Once again, the comparison between VS-provided work history information and Businessweek’s
provided work history information is used to perform tiebreaks.

6. If a Businessweek profile cannot be found, we proceed to examine company websites in the Google
search results. We specifically focus on information provided by three types of company websites.
The most preferred type of company website is the founding company’s website. The next preferred
type of company website is the associated venture capital firm’s website since VS provides venture
capital backer information for every start-up in its database. If these first two choices fail to identify
and match a given founder, then we use any other company website to ascertain the founder’s
education history. For example, when a founder left his or her VC-backed company to take another
position at a prominent company and his or her profile appears on that company’s website, we
record information about the founder’s education on that company’s website if no other website
already possesses such information. Finally, the same procedures as described in steps 2 and 3 are
used to verify matches in online profiles and perform tiebreaks between multiple plausible profiles

when necessary.

We hired SunTec India to perform the data collection. We direct SunTec to fill an excel spreadsheet which
contains the procedure outlined above so that the SunTec team can perform the data collection work. For
observations where SunTec was (i) unable to find education information or (ii) not confident that they had
found the correct person, we hired undergraduate research assistants to perform the procedure detailed

above to verify SunTec’s work.

Finally, for founders whose education information SunTec and undergraduate research assistants could not

find, we use resume data collected by EMSI Burning Glass to identify education history.

Out of the founders that appear in our merged Infutor-VS sample, we find undergraduate and/or graduate
education information for 87.47%. In addition, we find complete education (i.e., non-missing undergraduate
education) information for 78.06% of these founders. To classify the educational histories for a larger subset
of immigrant founders, we assume in our analyses that immigrants (i) without reported undergraduate
education but (ii) with reported graduate education obtained their undergraduate education abroad. This
assumption is grounded in the intuition that immigrants are more likely to disclose educational history in
the U.S. as opposed to abroad on LinkedIn or other online sources because individuals in the United States
are more likely to recognize American universities. Nonetheless, we admit that this assumption may cause
us to slightly understate the share of Group 1 immigrants in VC-backed entrepreneurship in the United

States over all time periods.
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Recall that 70% of US-based VS founders were matched to individuals that appear in Infutor. The main
sample for almost all our analysis consists of individual observations in Venture Source that (i) are
associated with US-based start-ups, (ii) match into Infutor, and (iii) contain education + education location
data (whether hand-collected or obtained from Emsi). A small subset of this main sample (Group 3
immigrants) is dropped when considering geographic mobility from education state to start-up state (since
Group 3 immigrants are all tautologically migrants in this classification and therefore not very interesting

to analyze), but otherwise the main sample described above is consistent across our analyses in our revision.
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A.6 Infutor-VS Merge Procedure

Here, we outline our procedure for merging the VentureSource dataset with the Infutor dataset, which
enables us to identify founders as immigrants. Our enhanced VentureSource dataset includes zip code, state
information, and year information for firms and founder’s educational institutions. The Infutor dataset
contains residential address history information (including zip code and state), as well as the years that an
individual resided at a particular address. Our merge procedure identifies potential matches across the two
datasets by using first and last name information, and filters potential matches by using location information

and age information.

Step 1: We first identify potential matches between the VentureSource and Infutor datasets. We consider a
person in the Infutor dataset a potential match for an observation in the VentureSource dataset if they share

the same last name, and they share the same first three letters of the first name.

Step 2: For all potential matches identified in Step 1, we apply age filters based on date of birth information
in Infutor, and graduation year information linked to VentureSource. The graduation year data are from

Emsi, where available, and hand-collected otherwise. The specific restrictions imposed are:

e All potential matches must imply college graduation ages between 16 and 25.
e All potential matches must imply MA graduation ages between 18 and 40.
e All potential matches must imply PhD graduation ages between 20 and 40.

e All potential matches must imply MBA graduation ages between 22 and 40.

Step 3: For all potential matches, we identify if the following criteria are satisfied across the two datasets:

A. First name (exact match)

w

Matching state of firm founding and state of residence

C. Matching state of firm founding and state of residence, where firm founding date is during time of
residence

D. Zip code of firm founding within 25, 50, or 100 miles of residence (using the NBER Zip Code
Distance Database)

E. Zip code of firm founding within 25, 50, or 100 miles of residence, matching founding date and

residence dates

Step 4: We impose the following criteria, in the order listed, and filter potential matches such that they meet
the listed criteria. At each point, we consider a match to be unique if imposing the listed criteria yields a

one-to-one match.
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1. Criteria B or D
Criterion D

Criteria Cor E

hall

Criterion E

Step 5: We run step 4 using all potential matches, then restricting to observations with more stringent age
filters (described below), then restricting the set of potential matches to having first names match exactly
(Criterion A), and finally restricting the set of potential matches to having first names match exactly and to
meet the more stringent age filters. This matching procedure yields a unique match for 45% of founders in

the VentureSource dataset.

The more stringent age filters are:
e All potential matches must imply college graduation ages between 18 and 24.
e All potential matches must imply MA graduation ages between 18 and 35.
e All potential matches must imply PhD graduation ages between 25 and 35.
e All potential matches must imply MBA graduation ages between 22 and 40.

Step 6: For founders without unique matches that have potential matches, we calculate the proportion of
potential matches who are immigrants that satisfy Criteria A (exact first name match) and E (residential zip
code within 100 miles of firm founding at time of founding). If this proportion exceeds 80%, we consider

the founder an immigrant, and if it is below 20%, we classify the founder as a native-born.

Including all steps listed above, we obtain an immigrant variable classification for approximately 70% of
observations in the VentureSource sample of US-based founders. More precisely, of the 53,372 founders
of US-based startups in VentureSource, 37,313 have an immigrant classification. When considering US-
based founders with non-missing education information in VentureSource, we obtain an immigrant variable
classification for approximately 72% of these founders. More precisely, of the 45,528 founders of US-based
startups in VentureSource with non-missing education information, 32,638 have an immigrant
classification. Overall, we obtain both immigration status and education information for approximately 61%

(32,638/53,372) of the founders in the VentureSource sample.

We base our approach in merging Venture Source and Infutor on Bernstein et al (2020)’s approach in

merging USPTO inventor data with Infutor. Using a similar methodology, Bernstein et al (2020) match
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approximately 68% of USPTO inventors residing in the US to Infutor, a similar proportion to the 70% of

US-based Venture Source founders whom we are able to match.

Trade-offs between type I and type II error ultimately dissuaded us from using alternative approaches for
our matching procedure. Weakening the criteria listed above may allow us to match a larger proportion of
individuals in Venture Source to Infutor, but it would also likely cause more Venture Source individuals to
be incorrectly matched to Infutor individuals. In other words, the merge’s type I (false positive) error would
likely increase, thereby introducing additional misclassification of the individuals’ immigration status.
Bernstein et al (2020) also consider how to balance the trade-off between type I and type II error in their
merge of USPTO inventor data with Infutor, so the similarity of our match rate to Bernstein et al (2020)’s
provides further suggestive evidence that our merging procedure’s balance between minimizing type I and

type Il error is reasonable and in line with prior literature’s efforts.
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A.7 Merged and Unmerged Observations

Our analysis in the paper focuses on founders in the VentureSource data for whom we are able to identify
immigration status by merging into the Infutor data. Table A.1 displays statistics on various characteristics
of founders in our final merged dataset, versus characteristics for founders that are not in the merged dataset.
Founders in our merged dataset are more likely to be educated in the US (91% versus 74%), slightly more
likely to start a successful firm that has an initial public offering or is acquired for more than the total
invested funds, adjusted for inflation, (15% versus 10%), more likely to attend a top school (34% versus

31%), more likely to be White (63% versus 58%), and less likely to be East Asian, Indian, or Hispanic.

The characteristics of the merged versus unmerged data suggest that data limitations may lead us to slightly
underestimate the contribution of immigrant founders to the VC ecosystem. For example, if we assume all
non-US educated founders in the unmerged sample are immigrants, the proportion of immigrant founders

in our data is around 21%, slightly higher than the figure reported in the main text.

Table A.1: Merged and Unmerged Observations

(@) 2 3 ) ) 6
Merged Unmerged Merged-Unmerged
N mean N mean Difference t-statistic
US Educated 32,638 0.91 12,890 0.74 0.171%%* 41.04
Success Rate 32,638 0.15 12,890 0.10 0.049%** 15.33
IPO Rate 32,638 0.04 12,890 0.02 0.022%** 12.99
Patent Rate 32,638 0.14 12,890 0.13 0.012%%* 3.38
Patent Count 32,638 0.52 12,890 0.40 0.114%** 4.97
Cite-W Patent Count 32,638 14.99 12,890 10.76 4.230%** 3.49
Founding Team Size 32,638 2.38 12,890 2.44 -0.058%** -4.69
Female 32,638 0.09 12,890 0.12 -0.024%** -7.40
Top School 32,638 0.34 12,890 0.31 0.036%** -7.35
No Graduate School 32,638 0.42 12,890 0.48 -0.058%** -11.20
White 32,638 0.63 12,890 0.58 0.056%** 10.91
Jewish 32,638 0.18 12,890 0.15 0.025%** 6.50
East Asian 32,638 0.07 12,890 0.12 -0.044%** -13.94
Indian 32,638 0.09 12,890 0.15 -0.062%** -17.45
Hispanic 32,638 0.04 12,890 0.11 -0.067%** -22.61
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B Appendix Tables
Table B.1: Immigrant Population and Share by State

This table presents the 2018 immigrant population number and share for each state. Data source: Nativity
in the United States Table B05012, US Census Bureau.

Immigrant Immigrant
State Population Share State Population Share
California 10,625,980 26.9 Kansas 209,362 7.2
New Jersey 2,033,292 22.8 Nebraska 138,953 7.2
New York 4,447,165 22.8 Pennsylvania 922,585 7.2
Florida 4,475,431 21.0 Michigan 695,217 7.0
Nevada 587,686 19.4 New Hampshire 83,002 6.1
Hawaii 266,147 18.7 Idaho 105,228 6.0
Massachusetts 1,198,148 17.4 Oklahoma 236,882 6.0
Texas 4,928,025 17.2 Towa 175,137 5.5
Maryland 915,191 15.1 Indiana 354,348 53
Washington 1,104,850 14.7 South Carolina 256,765 5.1
Connecticut 520,262 14.6 Tennessee 348,562 5.1
Illinois 1,791,313 14.1 Wisconsin 297,928 5.1
DC 97,846 13.9 Vermont 30,813 4.9
Arizona 960,275 13.4 Arkansas 143,709 4.8
Rhode Island 139,063 13.2 Ohio 555,583 4.8
Virginia 1,065,076 12.5 North Dakota 35,824 4.7
Oregon 432,410 10.3 Louisiana 195,027 4.2
Georgia 1,064,073 10.1 Missouri 258,390 4.2
Colorado 539,514 9.5 South Dakota 35,175 4.0
New Mexico 198,522 9.5 Kentucky 169,346 3.8
Delaware 91,230 9.2 Maine 47,418 35
Minnesota 484,192 8.6 Alabama 162,567 34
Utah 271,222 8.6 Wyoming 17,528 3.0
Alaska 60,784 8.2 Mississippi 70,860 2.4
North Carolina 824,177 7.9 Montana 23,366 2.2
West Virginia 27,605 1.5
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Table B.2: Non-Migrant Regression Results -- Probit

This table presents probit regression results where the non-migrant indicator variable is regressed onto the
founders’ immigration status indicator variables. Each observation is a founder-startup pair. The dependent
variable equals one if the founder started his company in the same state that he received is final
postsecondary education degree. Immigrant equals one if the founder is an immigrant. In-State Native
equals one if the founder is a native founder who received his SSN in the same state that he received his
final postsecondary education degree. Group 1 equals one for immigrants who came to the United States
for college. Group 2 equals one for immigrants who came to the United States for a graduate degree. Group
3 immigrants are excluded from the sample. The reference group is composed of out-of-state native
founders. Demographic control variables include indicator variables for Female, Jewish, East Asian, Indian,
and Hispanic founders. Refer to Appendix C for control variable definitions. Standard errors are reported
in parentheses and clustered at the founder level. *, **, *** indicate statistical significance at the 10%, 5%,
and 1% levels, respectively.

1) (2) 3) “) (5) (6)
All States  All States Hub States Hub States Non-Hub States Non-Hub States
Immigrant 0.0046 0.1098*** -0.1158%**
(0.0276) (0.0387) (0.0424)
Group 1 0.0660** 0.1263%** -0.0087
(0.0312) (0.0430) (0.0485)
Group 2 -0.0819%** 0.0884 -0.2975%**
(0.0410) (0.0578) (0.0636)
In-State Native 0.4804*** (0.4807*** (.3818*** (,3819%** 0.5471%** 0.5475%**
(0.0227)  (0.0227)  (0.0337)  (0.0337) (0.0297) (0.0297)
Top School -0.1236%** -0.1284***  -0.0337 -0.0350 -0.3629%** -0.3708%***
(0.0214)  (0.0215)  (0.0267)  (0.0269) (0.0376) (0.0376)
MBA 0.1186*** (.1248***  (0.0124 0.0144 0.2586*** 0.2670***
(0.0222)  (0.0223)  (0.0310)  (0.0313) (0.0316) (0.0316)
Other Graduate Degree  -0.0983*** -0.0920%** -0.1156*** -0.1137*** -0.0758* -0.0664
(0.0294)  (0.0295)  (0.0423)  (0.0425) (0.0408) (0.0408)
STEM Master's 0.1428*** (0.1469*** (.2055%** (.2063*** 0.0748 0.0822*
(0.0328)  (0.0329) (0.0464) (0.0465) (0.0475) (0.0477)
PhD 0.0575 0.0715%* 0.0524 0.0563 0.0721 0.0939*
(0.0368)  (0.0370)  (0.0515)  (0.0517) (0.0534) (0.0538)
Previous Start-up XP -0.1956%** -0.1944%**  _0.0262 -0.0257 -0.3844*** -0.3850%**
(0.0403)  (0.0403) (0.0556)  (0.0556) (0.0652) (0.0651)
Previous Founding XP 0.0991**  0.1001**  0.0044 0.0046 0.1827** 0.1858**
(0.0503)  (0.0503) (0.0702)  (0.0702) (0.0777) (0.0778)
Founding Team Size -0.0334%** _0.0336%** (.0290*** (.0290%**  -0.0992%** -0.0997***
(0.0071)  (0.0071)  (0.0104) (0.0104) (0.0105) (0.0105)
Observations 32,383 32,383 14,528 14,528 17,851 17,851
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Education State FE Y Y Y Y Y Y
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Table B.3: Immigration Status and Venture Success — Financial Success (Probit)

This table presents probit regression results where measures of start-up financial success are regressed onto
founder’s immigration status. Each observation is a founder-start-up pair. Success equals one if, by 2019,
the start-up reached the [PO stage or was acquired for a larger amount than the total funds invested, adjusted
for inflation. IPO and Acquisition follows the same logic. Immigrant equals one if the founder is an
immigrant. Group 1 equals one if the founder is an immigrant who came to the United States for college.
Group 2 equals one if the founder is an immigrant who came to the United States for graduate school. Group
3 equals one if the founder is an immigrant who came to the United States for work. Demographic control
variables include indicator variables for Female, Jewish, East Asian, Indian, and Hispanic founders. Refer
to Appendix C for control variable definitions. Standard errors are reported in parentheses and clustered at

the founder level. *, ** *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

)] @) (€)] “4) &) (©)
Success Success IPO IPO Acqusition  Acqusition
Immigrant 0.0755%** 0.0386 0.0794%**
(0.0246) (0.0373) (0.0265)
Group 1 0.0308 -0.0483 0.0534
(0.0352) (0.0558) (0.0377)
Group 2 0.0900** 0.0468 0.0955**
(0.0371) (0.0543) (0.0401)
Group 3 0.1255%** 0.1455%* 0.1003**
(0.0413) (0.0625) (0.0448)
Top School 0.0836***  (0.0888***  0.0857***  0.0960***  0.0698***  (.0724%**
(0.0192) (0.0194) (0.0289) (0.0293) (0.0208) (0.0210)
MBA -0.0060 -0.0067 0.0684* 0.0681* -0.0290 -0.0300
(0.0233) (0.0234) (0.0356) (0.0358) (0.0253) (0.0254)
Other Graduate Degree 0.0311 0.0285 0.0811%** 0.0771* 0.0084 0.0064
(0.0273) (0.0274) (0.0407) (0.0409) (0.0301) (0.0302)
STEM Master's 0.0248 0.0250 -0.0314 -0.0298 0.0425 0.0422
(0.0311) (0.0311) (0.0467) (0.0468) (0.0341) (0.0341)
PhD 0.0460 0.0433 0.0675 0.0651 0.0282 0.0256
(0.0330) (0.0333) (0.0475) (0.0478) (0.0367) (0.0370)
Previous Start-up XP 0.2598***  (0.2592%***  (.3934%**  (.3921***  (.1599%**  (.1597***
(0.0404) (0.0404) (0.0549) (0.0548) (0.0459) (0.0459)
Previous Founding XP -0.1451%%*  -0.1457***  -0.1799***  -0.1800%** -0.0890 -0.0895
(0.0491) (0.0491) (0.0677) (0.0677) (0.0556) (0.0556)
Founding Team Size 0.0952***  0.0950***  0.1509%**  (0.1505%**  0.0593***  (.0593%**
(0.0069) (0.0069) (0.0099) (0.0099) (0.0076) (0.0076)
Observations 35,995 35,995 35,989 35,989 34,238 34,238
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table B.4: Patenting by Industry and Immigrant Status

This table compares the patenting activities of immigrant vs. native-founded firms across different
industries. Columns 1 and 4 report the share of firms founded by immigrants vs. natives (respectively) in
the industry detailed on left. Columns 2 and 5 report the share of patenting firms among immigrant vs.
native-founded firms in the specified industry, while Columns 3 and 6 report the average number of patents
filed by immigrant vs. native-founded firms in the specified industry. Column 7 reports the total number of
firms in the specified industry, while columns 8 and 9 report the share of patenting firms and average
number of patents per firm in the specified industry, respectively. A firm is classified as immigrant-founded
if at least one of its founders is an immigrant, whereas native-founded firms are exclusively founded by
US-born entrepreneurs. A firm is classified as “patenting” if it files at least one ultimately successful patent
application within two years of founding. Likewise, a firm’s patent count is calculated as the number of
ultimately successful patent applications filed within two years of founding.

Immigrants Natives Total

Industry 1 (2 (3) ) (5) (6) ©) (®) ©)

Firm Share Patent Share Patent Count Firm Share Patent Share Patent Count Firm Count Patent Share Patent Count
Business and Financial Services 21.63% 0.102 0.378 78.37% 0.078 0.240 5095 0.083 0.240
Consumer Goods 14.93% 0.218 0.941 85.07% 0.136 0.679 797 0.148 0.679
Consumer Services 18.92% 0.072 0.168 81.08% 0.058 0.179 4113 0.061 0.179
Energy and Utilities 21.99% 0.452 1.685 78.01% 0.236 1.024 332 0.283 1.024
Healthcare 24.48% 0.222 1.064 75.53% 0.211 0.800 4000 0.214 0.800
Industrial Goods and Materials 23.52% 0.325 1.407 76.48% 0.248 0.958 523 0.266 0.958
Information Technology 31.50% 0.185 0.772 68.50% 0.142 0.612 8768 0.156 0.612
To Be Assigned 5.26% 0.000 0.000 94.74% 0.222 0.632 19 0.211 0.632
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Table B.5: Immigration Status and Venture Success — Patenting (Probit and Intensive Margin Test)

This table presents probit and Poisson regression results where measures of start-up patenting success are
regressed onto founder’s immigration status. Patent > 0 equals one if the start-up filed at least one patent
within the first two years of founding. Patent Count is the number of patent applications that the start-up
filed within the first two years of founding. Citation-Weighted Patent Count is defined as the number of
patents, weighted by forward patent citations, filed by the founder’s startups within two years of
founding(George please fill). Immigrant equals one if the founder is an immigrant. Group 1 equals one if
the founder is an immigrant who came to the United States for college. Group 2 equals one if the founder
is an immigrant who came to the United States for graduate school. Group 3 equals one if the founder is an
immigrant who came to the United States for work. Demographic control variables include indicator
variables for Female, Jewish, East Asian, Indian, and Hispanic founders. The sample used in the regressions
presented in columns 3 through 6 includes only companies that filed at least one patent within the first two
years of founding. Refer to Appendix C for control variable definitions. Standard errors are reported in
parentheses and clustered at the founder level. *, **, *** indicate statistical significance at the 10%, 5%,
and 1% levels, respectively.

@) 2) 3) “) (5) (6)
Patent > 0 Patent > 0 Count Count Cite-W Count Cite-W Count
Immigrant 0.0532%* 0.0869 -0.0351
(0.0244) (0.0637) (0.0992)
Group 1 -0.0328 0.1779 0.0875
(0.0356) (0.1935) (0.1654)
Group 2 0.1081*** 0.0713 -0.0283
(0.0356) (0.1166) (0.1285)
Group 3 0.1132%** -0.0176 -0.2026
(0.0414) (0.0917) (0.1822)
Top School 0.0620%**  (0.0708%** 0.0499 0.0373 0.0603 0.0428
(0.0192) (0.0195) (0.0654) (0.0557) (0.0755) (0.0752)
MBA -0.0139 -0.0178 -0.0722 -0.0716 -0.1228 -0.1252
(0.0238) (0.0239) (0.0650) (0.0599) (0.1013) (0.1010)
Other Graduate Degree ~ 0.0828***  (0.0768*** -0.0582 -0.0531 -0.0937 -0.0866
(0.0286) (0.0288) (0.0822) (0.0776) (0.1177) (0.1170)
STEM Master's 0.0976***  (0.0959*** 0.0540 0.0512 0.2347* 0.2314*
(0.0320) (0.0320) (0.0778) (0.0779) (0.1325) (0.1333)
PhD 0.1846%** (. 1754%** 0.1933%*%* 0.1954* 0.0299 0.0281

(0.0333) (0.0335) (0.0936) (0.1040) (0.1223) (0.1209)
Previous Start-up XP 0.1438%**  (.1417*%*  (0.2476*%**  0.2514***  0.2401* 0.2421%
(0.0403) (0.0403) (0.0874) (0.0878) (0.1335) (0.1335)

Previous Founding XP 0.0469 0.0470 0.1434 0.1380 0.1105 0.1049
(0.0469) (0.0469) (0.1238) (0.1195) (0.1517) (0.1519)
Founding Team Size 0.0504***  0.0504***  -0.0000 -0.0002 0.0215 0.0213

(0.0070)  (0.0071)  (0.0192)  (0.0193)  (0.0280)  (0.0282)

Regression Type Probit Probit Poisson Poisson Poisson Poisson
Observations 36,013 36,013 5,256 5,256 5,256 5,256
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table B.6: Immigration Status and Venture Success — Financial Success
(Alternate Immigrant Definition)

This table presents OLS regression results where measures of start-up financial success are regressed onto
founder’s immigration status, defined using an alternate method. Each observation is a founder-start-up
pair. Outcome variables are defined as before. Immigrant (Alternate) and Group 3 (Alternate) are defined
as their original iteration plus unmerged individuals who does not hold a postsecondary education from an
American university. As such, the set of founders who are classified as natives, Group 1, and Group 2
immigrants do not change. Demographic control variables include indicator variables for Female, Jewish,
East Asian, Indian, and Hispanic founders. Refer to Appendix C for control variable definitions. Standard
errors are reported in parentheses and clustered at the founder level. *, ** *** jndicate statistical
significance at the 10%, 5%, and 1% levels, respectively.

@) @) 3) “ 3 (©)]
Success Success IPO IPO Acqusition  Acqusition
Immigrant (Alternate) — 0.0157%** -0.0001 0.0166%**
(0.0044) (0.0025) (0.0042)
Group 1 0.0067 -0.0042 0.0107
(0.0072) (0.0041) (0.0068)
Group 2 0.0220%* 0.0006 0.0226%**
(0.0086) (0.0050) (0.0081)
Group 3 (Alternate) 0.0183*** 0.0020 0.0175%**
(0.0055) (0.0030) (0.0052)
Top School 0.0186***  0.0194***  0.0079***  0.0084***  0.0131***  0.0136%**
(0.0041) (0.0042) (0.0025) (0.0025) (0.0038) (0.0038)
MBA -0.0041 -0.0045 0.0040 0.0040 -0.0074* -0.0078*
(0.0047) (0.0048) (0.0029) (0.0029) (0.0043) (0.0044)
Other Graduate Degree ~ 0.0072 0.0066 0.0068* 0.0067* 0.0017 0.0013
(0.0059) (0.0059) (0.0037) (0.0037) (0.0055) (0.0055)
STEM Master's 0.0076 0.0073 -0.0033 -0.0034 0.0108* 0.0105
(0.0068) (0.0068) (0.0042) (0.0042) (0.0064) (0.0064)
PhD 0.0066 0.0056 0.0051 0.0049 0.0026 0.0017

(0.0075)  (0.0075)  (0.0049)  (0.0049)  (0.0069)  (0.0069)
Previous Start-up XP  0.0598***  0.0598***  0.0392%**  (0,0392%**  0.0302%**  (.030]***
(0.0100)  (0.0100)  (0.0068)  (0.0068)  (0.0093)  (0.0094)
Previous Founding XP  -0.0369%**  -0.0370%**  -0.0253*** .0.0253***  _0.0179*  -0.0180*
(0.0115)  (0.0115)  (0.0075)  (0.0075)  (0.0108)  (0.0108)
Founding Team Size ~ 0.0213%*%*  0.0213%**  0.0132%**  0.0131%**  0.0115%**  (.0]]5%**
(0.0016)  (0.0016)  (0.0010)  (0.0010)  (0.0014)  (0.0014)

Observations 39,880 39,880 39,880 39,880 38,056 38,056
R-squared 0.1258 0.1259 0.0974 0.0974 0.0714 0.0714
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table B.7: Immigration Status and Venture Success — Patenting

(Alternate Immigrant Definition)

This table presents OLS and Poisson regression results where measures of start-up patenting success are
regressed onto founder’s immigration status, defined using an alternate method. Outcome variables are
defined in the same way as before. Immigrant (Alternate) and Group 3 (Alternate) are defined as their
original iteration plus unmerged individuals who does not hold a postsecondary education from an
American university. As such, the set of founders who are classified as natives, Group 1, and Group 2
immigrants do not change. Demographic control variables include indicator variables for Female, Jewish,
East Asian, Indian, and Hispanic founders. The sample used in the regressions presented in columns 3
through 6 includes only companies that filed at least one patent within the first two years of founding. Refer
to Appendix C for control variable definitions. Standard errors are reported in parentheses and clustered at
the founder level. *, ** *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

(@) 2 3) “ 3 ()
Patent > 0 Patent > 0 Count Count Cite-W Count Cite-W Count
Immigrant (Alternate) 0.0018 0.0550 -0.0539
(0.0045) (0.0635) (0.0922)
Group 1 -0.0064 0.1326 -0.0393
(0.0070) (0.2216) (0.1836)
Group 2 0.0257*** 0.1922 0.0156
(0.0088) (0.1169) (0.1361)
Group 3 (Alternate) -0.0031 -0.0769 -0.1124
(0.0056) (0.0725) (0.1248)
Top School 0.0115***  (0.0114*** 0.1196* 0.0973* 0.1898** 0.1823**
(0.0041) (0.0041) (0.0684) (0.0588) (0.0868) (0.0868)
MBA -0.0000 -0.0016 -0.0653 -0.0780 -0.1246 -0.1303
(0.0046) (0.0046) (0.0674) (0.0650) (0.1120) (0.1121)
Other Graduate Degree 0.0199***  (.0182%** 0.1205 0.1115 0.0197 0.0151
(0.0057) (0.0057) (0.0862) (0.0834) (0.1299) (0.1311)
STEM Master's 0.0177***  0.0169** 0.1945%* 0.1916** 0.3745%* 0.3724**
(0.0067) (0.0067) (0.0880) (0.0882) (0.15006) (0.1509)
PhD 0.0520%**  0.0492%**  (.4438***  (.4296%** 0.2942%* 0.2875**
(0.0078) (0.0079) (0.0999) (0.1083) (0.1396) (0.1381)
Previous Start-up XP 0.0365***  0.0362***  (.4955***  (0.4910%** 0.4253** 0.4240**
(0.0099) (0.0099) (0.0998) (0.0997) (0.1707) (0.1709)
Previous Founding XP 0.0149 0.0146 0.1523 0.1504 0.1939 0.1918
(0.0118) (0.0118) (0.1354) (0.1371) (0.1843) (0.1846)
Founding Team Size 0.0106***  0.0107***  0.0620***  0.0638***  (0.0744***  (0.0751***
(0.0016) (0.0016) (0.0224) (0.0223) (0.0274) (0.0274)
Regression Type OLS OLS Poisson Poisson Poisson Poisson
Observations 39,880 39,880 39,542 39,542 39,542 39,542
R-squared 0.0682 0.0685
Demographic Controls Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
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Table B.8: Founding Team Composition and Venture Success — Probit

This table presents probit and regression results where measures of start-up success are regressed onto
founding team composition indicator variables. Each observation is a start-up. Immigrant Min equals one
if fewer than half of the founding team members are immigrants. Immigrant Maj equals one if more than
half of the founding team members are immigrants. Immigrant All equals one if every member of the
founding team is an immigrant. Demographic control variables include indicator variables for Female,
Jewish, East Asian, Indian, and Hispanic founders. Refer to Appendix C for control variable definitions.
Standard errors are reported in parentheses and clustered at the founder level. *, **, *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively.

@) 2 (€)] “4)
Success IPO Acquisition Patent > 0
Immigrant Min 0.0661 0.0547 0.0617 0.0286
(0.0671) (0.0964) (0.0747) (0.0693)
Immigrant Maj 0.0397 0.00861 0.0501 0.0561
(0.0417) (0.0627) (0.0454) (0.0414)
Immigrant All 0.103*** 0.0449 0.105%** 0.0802%*
(0.0337) (0.0527) (0.0359) (0.0329)
Founding Team Size 0.08271*** 0.148%** 0.0474%*** 0.0139
(0.0160) (0.0237) (0.0177) (0.0167)
Top School 0.0903*** 0.0889%** 0.0759%** 0.0691%**
(0.0236) (0.0367) (0.0255) (0.0233)
MBA -0.0245 0.0301 -0.0347 -0.0322
(0.0257) (0.0397) (0.0279) (0.0260)
Other Graduate Degree 0.0327 0.0605 0.0255 0.105%**
(0.0318) (0.0491) (0.0344) (0.0324)
STEM Master's 0.0274 0.00305 0.0270 0.0873%**
(0.0322) (0.0480) (0.0351) (0.0324)
PhD 0.0175 0.0610 -0.00858 0.19] %%
(0.0343) (0.0503) (0.0378) (0.0337)
Previous Start-up XP 0.249%** 0.374%** 0.160*** 0.129%*:*
(0.0451) (0.0636) (0.0507) (0.0455)
Previous Founding XP -0.141%*%* -0.150** -0.0964 0.0727
(0.0529) (0.0756) (0.0590) (0.0513)
Observations 23,364 23,359 22,369 23,367
Demographic Controls Y Y Y Y
Industry FE Y Y Y Y
Year FE Y Y Y Y
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C Regression Control Variable Definition

This section presents variable definitions for control variables included in regression tables that we present
in the main text. Variables are defined in the order of appearance and definitions are not repeated if the

same version of the same variables are used in subsequent tables.
C.1 Table 5: Non-Migrant Regression Results (Founder-Company Level Regressions)

Top School — Equals one if the founder received an undergraduate or graduate degree from a top school

defined according to Gompers et al. (2016).
MBA — Equals one if the founder holds an MBA degree.

Other Graduate Degree — Equals one if the founder holds a graduate degree that is not a MBA, PhD, or
STEM master’s degree.

STEM Master’s — Equals one if the founder holds a STEM master’s degree.
PhD — Equals one if the founder holds a PhD.

Previous Start-up XP — Equals one if the founder had worked at a VC-backed start-up as a non-founder

prior to his or her current venture.

Previous Founding XP — Equals one if the founder had started a VC-backed start-up prior to the current

venture.

Founding Team Size — The number of founders associated with the current venture.

Female — Equals one if the founder is female.

Jewish — Equals one if the founder is Jewish.

East Asian — Equals one if the founder is East Asian.

Indian — Equals one if the founder is Indian.

Hispanic — Equals one if the founder is Hispanic.

C.2 Table 6: University Enrollment and Future Entrepreneurship (State-Year Level Regressions)
Population — State-level population in a given year, as estimated by the U.S. Census Bureau.

LFPR — State-level labor force participation rate in a given year, as recorded by the U.S. Bureau of Labor

Statistics.
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Unemployment Rate — State-level unemployment rate in a given year, as recorded by the U.S. Bureau of

Labor Statistics.

Income per Capita — State-level income per capita in a given year, as recorded by the U.S. Bureau of

Economic Analysis.

White Population Share — White share of state population in a given year, as estimated by the U.S. Census

Bureau.

Native-Born Population Share — Native-born (i.e., non-immigrant) share of state population in a given year,

as estimated by the U.S. Census Bureau.
C.3 Table 9: Immigrant Founder Share and Start-up Outcomes (Start-up Level Regressions)

Top School — Equals one if at least one founder received an undergraduate or graduate degree from a top

school defined according to Gompers et al. (2016).
MBA — Equals one if at least one founder holds an MBA degree.

Other Graduate Degree — Equals one if at least one founder holds a graduate degree that is not a MBA,
PhD, or STEM master’s degree.

STEM Master’s — Equals one if at least one founder holds a STEM master’s degree.
PhD — Equals one if the founder holds a PhD.

Previous Start-up XP — Equals one if at least one founder had worked at a VC-backed start-up as a non-

founder prior to his or her current venture.

Previous Founding XP — Equals one if at least one founder had started a VC-backed start-up prior to the

current venture.

Founding Team Size — The number of founders associated with the current venture.
Female — Equals one if at least one founder is female.

Jewish — Equals one if at least one founder is Jewish.

East Asian — Equals one if at least one founder is East Asian.

Indian — Equals one if at least one founder is Indian.

Hispanic — Equals one if at least one founder is Hispanic.
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D Appendix Figures

Figure D.1: Immigrant Founder Share over Time (Alternate Immigrant Measure)

The figure plots the share of immigrant founders over time using an alternate measure of immigrant status.
The alternate measure of immigrant status adds unmerged individuals from the Infutor-VS merge who
reported no education in the US and counts them as immigrants. Shares are calculated from all founder-
startup pairs in each 5-year cohort. Relative to Figure 1, the overall immigrant share is consistently higher
by construction, but overall time trends remain generally the same.
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Figure D.2: Immigrant Founder Share by Ethnicity over Time (Alternate Immigrant Measure)

The figure plots immigrant founders’ ethnicity breakdown over time using an alternate measure of
immigrant status. The alternate measure of immigrant status adds unmerged individuals from the Infutor-
VS merge who were educated entirely outside of the United States and counts them as immigrants. Shares
are calculated from all founder-startup pairs in each 5-year cohort.
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Figure D.3: Industry Composition-Implied Immigrant Founder Share by Immigration Path

The figure plots industry composition-implied immigrant founders’ immigration path breakdown over time.
Per-period industry-implied group shares are calculated as the product of the full-sample industry-group
shares (e.g., share of Group 1 founders in the IT industry) and the per-period industry shares (e.g., share of
IT founder-startup pairs). Group 1 immigrant founders are those who came to the United States for
undergraduate studies. Group 2 immigrant founders are those who came to the United States for graduate
studies. Group 3 immigrant founders are those came to the United States for work.
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