UC Berkeley
UC Berkeley Previously Published Works

Title
Higher education’s influence on social networks and entrepreneurship in Brazil

Permalink
https://escholarship.org/uc/item/69gq720im

Journal
Social Network Analysis and Mining, 13(1)

ISSN
1869-5450

Authors

Reddy, Michelle
Nardelli, Julio C
Pereira, Yuri L

Publication Date
2022

DOI
10.1007/s13278-022-01011-6

Copyright Information

This work is made available under the terms of a Creative Commons Attribution License,
availalbe at https://creativecommons.orag/licenses/by/4.0/

Peer reviewed

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/6gq720jm
https://escholarship.org/uc/item/6gq720jm#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

Social Network Analysis and Mining (2023) 13:2
https://doi.org/10.1007/513278-022-01011-6

ORIGINAL ARTICLE q

Check for
updates

Higher education’s influence on social networks and entrepreneurship
in Brazil

Michelle Reddy’ - Julio C. Nardelli? - Yuri L. Pereira® - Leonardo B. Oliveira® - Thiago H. Silva? - Marisa Vasconcelos® -
Mark Horowitz®

Received: 17 May 2022 / Revised: 13 September 2022 / Accepted: 26 November 2022
© The Author(s), under exclusive licence to Springer-Verlag GmbH Austria, part of Springer Nature 2022

Abstract

Developing and middle-income countries increasingly emphasize higher education and entrepreneurship in their long-term
development strategy. Thus, our work focuses on the influence of higher education institutions (HEIs) on startup ecosystems
in Brazil, an emerging economy. As traditional data to perform this type of study, such as surveys, are challenging to get, we
propose an alternative approach. Given the growing capability of social media databases such as Crunchbase and LinkedIn
to provide startup and individual-level data, we draw on computational methods to mine data for social network analysis.
Our approach enables different types of analysis. First, we describe regional variability in entrepreneurial network charac-
teristics. Second, we examine the influence of elite HEIs in economic hubs on entrepreneur networks. Third, we investigate
the influence of the academic trajectories of startup founders, including their courses of study and HEIs of origin, on the
fundraising capacity of startups. We find that HEI quality and the maturity of the ecosystem influence startup success. We
also observe that elite HEIs have a powerful influence on local entrepreneur ecosystems. Surprisingly, while the most nation-
ally prestigious HEISs in the South and Southeast have the longest geographical reach, their network influence remains local.
This means that investments in entrepreneurship, in the Brazilian context, tend to remain concentrated in wealthier cities,
and may actually reinforce or increase regional inequalities. We also find that the startup ecosystem in the wealthier South
and Southeast is more diverse in terms of sectors, which is more advantageous to economic development. Our approach
can be helpful, especially in countries with limited studies of the interaction between startups and institutional factors sup-
porting them. In terms of policy recommendations, we would recommend more investment at the regional level in terms of
cultivating entrepreneurship, given the limited spillover from wealthier regions.
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1 Introduction

Entrepreneurship and higher education are increasingly
viewed as drivers for long-term sustainable economic
development, not only in high-income, knowledge-based
economies but also in emerging economies as well as
developing countries. Overall, there is a growing policy
interest in the relationship between higher education insti-
tutions and universities to foster entrepreneurship. The
“triple helix of university—industry—government interac-
tions” with entrepreneurship at the center has become a
global economic model (Lee and Mirza 2021). Interest in
entrepreneurship has not only economic goals—entrepre-
neurship has also been poised to be the solution to social
problems. Disillusion with politics and government fail-
ure to address poverty and wider politics has catalyzed
increased interest in social entrepreneurship (for Economic
Co-operation and Development 2008). Therefore, entre-
preneurship has been viewed as not only the solution to
underdeveloped markets but also the solution to poverty.
Entrepreneurship creates a form of capital generating new
knowledge, innovation spillovers, and diverse business
activity (David et al. 2004).

Entrepreneurship reflects a growing dominant ideol-
ogy in global development that views individuals, rather
than state planning, as drivers of development (Hwang
2006). While twentieth-century global development poli-
cies largely focused on the development of human capi-
tal and in particular, the role of education, in terms of
fostering development, at present, entrepreneurship is
increasingly becoming a defining feature of global devel-
opment discourse in the twenty-first century. Institutional
theorists argue that world cultural norms of empowered
individualism reflect that entrepreneurship has become
perceived as something that all individuals can engage
in. However, research on entrepreneurship has tended to
neglect the wider socioeconomic and institutional context
for entrepreneurship to take place (Brandl and Bullinger
2009). For example, regional inequalities within a country
are increasing viewed as a challenge to attaining develop-
ment goals. Even within high-income countries, regional
inequality is a major challenge to inclusive growth.

While policymakers have turned to universities as the
engines of entrepreneurial development as well as regional
development (Schaeffer et al 2018), the role of the univer-
sity in generating entrepreneurial development has become
debatable more recently. For instance, Wadie and Paday-
achee (2017) argue that universities are only weakly influ-
ential in the regional entrepreneurial ecosystem. The study
of entrepreneurial activity in developing countries, the
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institutional context, and the resulting influence on devel-
opment is primarily constrained by limited data availabil-
ity (Dvoulety et al 2018). In response, this study uncov-
ers the types of entrepreneurial activities across regions
in Brazil, an emerging economy with high variations in
regional development, and the relationship of elite higher
education institutions (HEISs) to the regional entrepreneur
ecosystem and beyond.

Is entrepreneurship easily distributed throughout a
country, or might it exacerbate already-existing regional
inequalities by naturally finding its strongest base in
regions with institutional and socioeconomic advantages?
The influence of entrepreneurship on development may
vary across time and across regions (Bjgrnskov and Foss
2016; Hartog et al 2010; Vivarelli 2013). While numerous
studies note the importance of organizations and institu-
tions to foster and disseminate entrepreneurship knowl-
edge (see, e.g., Mitra and Formica 1997), there is lim-
ited study of startup ecosystems, that is, the interaction
between startups and institutional factors supporting them
(Tripathi et al. 2019). Having the appropriate data to make
a proper study is challenging in terms of studying startup
ecosystems, as conventional data collection methods like
questionnaires and interviews do not scale well, i.e., to
study large areas, such as countries or the entire world, or
have fine-grained data is typically costly and slower. Thus,
computational methods exploring public data on the Web
become especially important because they usually offer
valuable data cheaper and faster. These new methods, such
as Web crawlers, text mining, and complex network analy-
sis enable the study of the relationship between entrepre-
neurship and higher education in places where these types
of study tend to be scarce, such as in developing countries.
This study explores online social networks and open data
to tackle this challenge in the Brazilian context.

If entrepreneurship is heralded as the pathway toward sus-
tainable development, to what extent do higher education
institutions (HEIs) influence entrepreneur networks? Will
elite HEIs perpetuate existing inequalities, particularly across
regions, by having more influence on startup ecosystems?
Using social network analysis and mining public Web data of
Brazilian entrepreneurs, we hypothesize that entrepreneur net-
works in regionally disadvantaged areas, such as the Brazilian
Northeast, are closely linked with networks from top universi-
ties in the wealthier Southeast. We also examine whether the
nature of networks will vary by region, given their varying
levels of development, as some regions have more access to
capital and others to natural resources. In addition, we test our
assumption that at the regional level, elite HEIs will influence
startups through the social networks formed through HEIs.
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Notably, we discuss how elite HEIs, according to national edu-
cational quality rankings, influence regional entrepreneurial
ecosystems. Overall, we investigate the nature of these net-
works within Brazil and examine how universities contribute
to Brazil’s regional entrepreneur networks. Specifically, we
aim to address the following questions:

i) To what extent do HEIs influence entrepreneurial net-
works within and outside their region?

ii) How do entrepreneur networks vary by region in Brazil?

iii) Are entrepreneur networks mostly embedded in elite
HEI networks?

As networks provide entrepreneurs with information, capi-
tal, and services, we examine entrepreneur networks in Latin
America’s largest startup ecosystem, Brazil, in this study
(Lechner and Dowling 2003; Renzulli and Aldrich 2005). We
chose Brazil because there is limited, if any, empirical analysis
of the conditions fostering high-tech regions in middle-income
countries. In particular, Brazil is a suitable case because
while specific regions are middle-income, others, such as the
Northeast, have GDPs similar to low-income countries. Given
these stark contrasts, we look at HEIs and their influence on
regional entrepreneur networks. Our Brazil analysis explores
HEI influence on high-tech ecosystems in both a middle- and
low-income context. We draw on Neumeyer et al (2019)’s defi-
nition of an entrepreneurial ecosystem as a “social network of
individuals with reciprocal ties.”

We propose using computational methods to mine public
data from an online database regarding entrepreneurs in Brazil
and triangulate with information publicly available in a social
media network, as well as with official open data from Brazil’s
Ministry of Education. While (Dvoulety et al 2018) examine
the established business ownership rate, we look exclusively at
startups. First, we download data regarding our target Brazil-
ian startup ecosystems from Crunchbase (Crunchbase 2019)
database. Second, we collect relevant data from LinkedIn to
enrich our initial data on startup ecosystems. Finally, we add
information about the General Index of Courses, an official
indicator of quality concerning HEIs in Brazil. Note that the
use of computational methods here is significant since Brazil is
a continental country, and conventional data collection meth-
ods like questionnaires and interviews do not scale well. First,
we characterize Brazil’s entrepreneur network at the national
level. Then, we create a framework for investigating the influ-
ence of HEIs, particularly elite HEIs, degree programs, and
educational quality, on entrepreneur networks. Overall, our
study contributes to education, entrepreneurship, and devel-
opment research. In addition, our approach to data collection
and modeling can be useful in locations with limited studies
of the interaction between startups and institutional factors
supporting them.

2 Related work
2.1 Brazil

This study focuses on Brazil, given Brazil’s position as an
emerging economy with high levels of regional inequal-
ity. The leading market segments for Brazilian startups
are Education (EdTechs), Health and Wellness (Health-
tech), Finance (FinTechs), Agribusiness (AgTechs),
E-commerce, Development of Software, Human Resources
(RHTech), Communication and Marketing, and Civil Con-
struction and Management (ABStartups 2021). Startups
are mostly concentrated in the Southeast (51.1%), South
(26.5%), Northeast (13.4%), Midwest (5.4%), and North
(3.6%) (ABStartups 2021). Overall, the South and South-
east regions together represent 69.9% of the national GDP,
and approximately 70% of goods and services produced
in one year are concentrated in only five of the 27 federal
units in the country (IBGE 2019).

The OECD (2020) notes that small- and medium-sized
enterprises are critical for economic growth and social
inclusion in Brazil, yet neglects to examine regional vari-
ation in terms of entrepreneurial ecosystems. Given a
national public policy priority toward entrepreneurship
in achieving economic growth, for example, as reflected
in the microempreendedor individual (MEI) 2008 policy,
Brazil has also invested in entrepreneurship education.
According to the OECD (2020), Brazil has a strong entre-
preneurial education infrastructure, for instance, govern-
ment policies aimed at fostering entrepreneurship educa-
tion include the National Programme for Entrepreneurship
Education (Programa Nacional de Educacao Empreende-
dora), which reached four million students at 6,000 institu-
tions at all levels of education (OECD 2020).

Entrepreneurship has become a taken-for-granted norm
in global development policy, however, does entrepre-
neurship lead to development, or does entrepreneurship
continue to reflect existing regional inequalities? While
(Dvoulety et al 2018) did not find any impact of entre-
preneurship on Human Development Index (HDI), they
acknowledge the need to study the role of institutions
when analyzing entrepreneurship in developing coun-
tries. As a result, our study examines higher education
institution quality as an input rather than as an outcome.
Regions with higher education institutions perceived as
higher quality may be more likely to have a more robust
startup ecosystem, and the influence of these universities
might even extend into other regions. The success of start-
ups may very well be preconditioned by existing levels of
human capital, such as the availability of quality higher
education in a region. We examine how higher education
institutions influence startup creation and regional startup
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ecosystems. Brazil is characterized by spatial inequali-
ties, most notably among regions, and evident in the stark
contrast between the Brazilian North and Northeast and
the economic hub of the South and Southeast, despite
improvements in recent years (Simone Affonso da Silva
2017). Educational inequality, in particular, is well docu-
mented, particularly in Brazil (Sanderson 2017) and across
emerging economies (Balestra et al 2018), and globally in
terms of higher education access (McCowan 2007; Nations
Educational, Scientific and Cultural Organization (UNE-
SCO) 2016; Msigwa and Faustina 2016). Overall, there
are limited empirical data to support the claim that entre-
preneurship stimulates development—see, for example,
Hafer (2013), Thurik and Wennekers (2004), and Wen-
nekers et al. (2010, 2005), and the role of universities in
fostering regional ecosystems in developing countries has
been largely understudied.

2.2 The entrepreneurial university

The entrepreneurial university is a global phenomenon
due to the internal development of the university (Etzkow-
itz et al 2000) and as the transition to a knowledge-based
economy became a goal for sustainable economic develop-
ment (Labra et al 2016). Entrepreneurial activities enhance
national and regional economic growth as well as univer-
sity finances (Etzkowitz et al 2000). Knowledge-intensive
entrepreneurship is argued to drive innovation and economic
growth. However, the distribution of entrepreneurial activity
is often concentrated geographically rather than spreading
evenly throughout a country (Saxenian 2018; Audretsch et al
2006). Just as Brazil made strides in terms of startup growth
in the past decade, it has exponentially increased access to
higher education. Yet, Brazil remains a country with a high
degree of economic inequality, particularly between regions.
Other resource-rich countries—such as Qatar (Julia et al
2018), Malaysia, and Saudi Arabia (Kumar and van Wel-
sum 2013)—increasingly invest in higher education to move
toward a knowledge-based economy and away from natural
resource dependency.

The influence of universities on science and technol-
ogy-based industries is well documented (see, e.g., Rosen-
berg and Nelson 1994). However, the spatial allocation of
entrepreneurship, particularly in developing economies,
is less understood (Fischer et al 2019). University—indus-
try linkages include the movement of university graduates
into commercial firms and faculty entrepreneurship, fac-
ulty involvement on advisory boards, industry gifts sup-
porting university research, and student training, among
others (Porter et al 2005). Proximity to research-intensive
universities is viewed as a source of expertise for tech
entrepreneurs (Etzkowitz and Leydesdorff 1998). There
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is a tendency for the research and development efforts of
organizations to spill over into the innovation efforts of
other organizations (Jaffe 1986), which can occur across
industries but is particularly acute within regions, and
amplified when key participants are research organiza-
tions (Dasgupta and David 1994; Owen-Smith and Powell
2004). However, the role of universities in shaping entre-
preneurial activity varies by national level of development
(Gonzalez-Pernia et al 2015), and this may very well be
the case in terms of variation in regional development.
In particular, HEIs, and their relationship with industry,
might be more advantageous in certain regions than in
others (Porter et al 2005), mainly if more elite universities
are clustered in economically wealthy regions. Overall,
the geography of entrepreneurial activity is argued to be
quite different in developing countries as opposed to devel-
oped countries (Valliere and Peterson 2009; Crescenzi and
Rodriguez-Pose 2012; Gonzalez-Pernia et al 2015).

The technological revolution enabled new entrepreneur-
ial initiatives worldwide, creating an enabling environ-
ment for business without the startup costs of the larger
firms that dominated the economic landscape of the mid-
twentieth century in developed countries (Commission of
the European Communities 2013). While technology is
vital in the rise of entrepreneurship worldwide, as Banerji
and Reimer (2019) note, importance of social networks
in entrepreneurship is intuitive. In particular, potential
funding agencies predict startup success by examining the
social networks of founders (Banerji and Reimer 2019),
and networks provide information and opportunities (Burt
2000; Larson 1991), and legitimacy (Klyver et al 2008).

Numerous studies have also observed the role of social
ties in entrepreneur networks. In particular, Zimmer and
Aldrich (1987) note the importance of social networks in
all three aspects of entrepreneurial success: launching a
startup, turnover, and sustainability. These findings hold
across several cultural contexts, for instance, in China
(Bates 1997), as well as for ethnic minorities in the USA
(Light 1984). Therefore, our study results are potentially
helpful for other cultural contexts, particularly middle-
income and developing countries.

2.3 Theoretical framework

Entrepreneurial success is commonly explained through
the lens of human capital theory (Unger et al 2011).
Human capital consists of knowledge, skills, and health
that enable individuals to be economically produc-
tive (Bank 2021). For instance, human capital assists
with procuring entrepreneurial opportunities, acquiring
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financial backing to launch ventures, and accumulating
new knowledge (Alvarez and Barney 2007; Marvel et al
2016). However, most existing work on entrepreneurs and
their networks focuses exclusively on high-income coun-
tries, where human capital is in higher supply. At the same
time, many resource-rich and emerging economies have
high levels of inequality, which could potentially be exac-
erbated by the network dominance of startups in capital
cities or more well-off regions. As Thornton (2022) sug-
gests, entrepreneurs need three types of capital: human
capital, social capital, and financial capital, and it takes
social capital to be able to recruit the best human capital
and secure financial capital’.

Social relationships are central to entrepreneurship, and
entrepreneurs tend to find organizations where they live or
in sectors they have worked in, leading industries to be clus-
tered in certain places (Sorenson 2018). Universities are part
of the ecosystem involved in the formation of social capital
between networks of entrepreneurs. Sociologist James Cole-
man defines social capital as the intangible resources that are
embedded in relationships or social institutions, for instance,
family members, fellow students, etc. (Coleman 1988). For
this study, we define social capital as “both the networks of
relationships and the resources found and available in these
networks” (Nahapiet and Ghoshal 1998; Batjargal 2003) in
Hernandez-Carrién et al (2020). Therefore, unpacking the
role of social capital through social network analysis might
better illuminate variation in regional entrepreneur ecosys-
tems in contexts of high inequality.

Social capital theory and network analysis have been
largely under-utilized in entrepreneur ecosystem research
(Neumeyer et al 2019). Social network analysis enables us
to examine the dissemination of social capital from elite uni-
versities to local startups through examining nodes and the
strength of their ties. While social capital and networks are
argued to benefit entrepreneurs, critics maintain that social
capital and strong-tie networks can create barriers for disad-
vantaged groups. Indeed, in our study we find strong bond-
ing capital (within-group ties) between elite universities and
the local startup ecosystem in high-income regions and weak
bridging capital (outside-group ties) between regions. The
combination of strong bonding capital and weak bridging
capital has been argued to lead to disconnected social clus-
ters in entrepreneurial ecosystems (Light and Dana 2013),
and our study, conducted on a more macro level, finds a
combination of strong bonding capital and weak bridging
capital between regions in the overall national entrepre-
neurial ecosystem within a country, Brazil. The favorable
effects of social capital are argued to vary with different
types of ventures (Morris et al 2018) as well as race and

! https://sites.fuqua.duke.edu/dukeven/selected-topics/value-social-
capital/.

ethnicity (Light and Dana 2013) , and given the variation
within regional ecosystems within Brazil in terms of types of
ventures (sectors of intervention) and regional variations in
race and ethnic composition, we find that that the favorable
effects of social capital vary from region to region. What
may seem like an appropriate sector of intervention in one
region might be different from another based on differences
in cultural legitimacy.

Departing from previous studies, we propose an innova-
tive methodological approach by mining Crunchbase data,
LinkedIn data, and the index of higher education institution
(HEI) quality. Our approach can be applied in different areas
of the globe faster than traditional methods that explore, for
instance, surveys or interviews. Thus, enabling the under-
standing of factors supporting startups in places with limited
or no previous studies on the topic, such as in several devel-
oping countries. The analysis performed in Brazil’s context
demonstrates the utility and potential of our approach.

3 Data and methods
3.1 Overview

Building a network of connections between HEIs and start-
ups is challenging due to limited data on students’ activities
during or after graduation. Although some HEIs have career
centers, which follow the evolution of the alumni network,
these data are decentralized and confidential due to regula-
tions regarding data protection. In addition, Brazil is a large
country with more than 2,450 HEIs. Consequently, creat-
ing an alumni network through interviews, online question-
naires, or contacting the career centers of these institutions
could fail because of the geographic distance, the lack of
adequate contacts, and the cost of maintaining a structure
capable of collecting this information.

Therefore, a computational methodological approach
using public data available on the Web, such as Crunchbase
and LinkedIn, combined with the georeferencing of HEIs
and startups, is a promising methodology as it scales easily
throughout the country and can provide a large amount of
information about the trajectory of the alumni network effi-
ciently and with low operating costs. For example, it is pos-
sible to obtain a person’s complete academic background and
entire professional trajectory in a single LinkedIn profile.

We explore three datasets in this study, namely:

Crunchbase Crunchbase is a global database updated
daily that contains information about companies, funders,
and staff (Eugene and Yuan 2012; Dalle et al 2017). As a
partially crowd-sourced database, Crunchbase is increas-
ingly used for academic and commercial purposes (Dalle
et al 2017). We acquired a commercial license enabling
unlimited access in addition to advanced search functions

@ Springer
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in Crunchbase. We procured all available data of Brazil-
ian companies up to August 26, 2018. For 3375 companies
throughout Brazil, we include company name; LinkedIn pro-
file URL; founding date; company type (or category); the
total of investments received; and headquarters location. As
Crunchbase uniquely links other data sources such as Twitter
(Tata et al 2016, 2017) and LinkedIn (Nuscheler 2016; Dalle
et al 2017), we linked Crunchbase with LinkedIn to examine
the characteristics of startup founders, their universities, and
social networks.

LinkedIn LinkedIn, as a popular social network of profes-
sional contacts, provided the educational information of the
company founders. We collected the profiles of employees
that held titles such as CEO, owner, and founder with the
LinkedIn profile URL obtained through Crunchbase. In the
end, this yielded 1,177 profiles, and the main data collected
were: degree type/level (e.g., Bachelor, Master or Ph.D.);
degree area (e.g., Sociology or Computer Science); gradua-
tion year; and the name of the alma mater. Multiple degrees
for the same profile were common. We collected all informa-
tion on the LinkedIn profiles.

IGC The General Index of Courses (IGC INEP 2019b;
OECD 2018) is the official quality indicator for HEIs in Bra-
zil. Annually, the National Institute of Educational Studies
and Research (INEP (OECD 2018; INEP 2019c¢)) performs
the Census of Higher Education (CENSUP (INEP 2019d)),
which is used to calculate the IGC, a metric of HEI qual-
ity. We used the IGC to classify HEIs as elite or nonelite
institutions.’

3.2 Data pre-processing

For data pre-processing, we first obtained the geolocation
of companies and HEI addresses. We used Google Geocode
API to yield formatted address and geographic coordinates
(e.g., latitude and longitude). We also standardized the name
field. As Crunchbase has over 1,400 different categories for
companies, we matched Crunchbase categories to categories
used by the Brazilian Association of Startups (Abstartups)
(ABStartups 2018). Since LinkedIn users report their edu-
cational background by open response, we standardized the
names of HEIs using the IGC list, from the INEP Web site
(INEP 2019a), and searched phonetically, using manual cod-
ing when necessary, to match IGC and Linkedin HEI names.

Here, we describe our methodological approach to iden-
tifying startup ecosystems. Most studies of entrepreneur
networks are rich in interview and survey data (Banerji and
Reimer 2019), see, for example, Zimmer and Aldrich (1987),
Bates (1997), and Light (1984). Recent access to databases

2 Stanford and USP are absent from IGC rank. Yet, due to their aca-
demic excellence (Times Higher Education 2019), we regarded them
as elite HEISs.
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Table 1 Dataset overview
Startup creation period 2004 to 2018
Number of startups 1,547
Number of founders 454
Number of HEIs 146
Number of degrees obtained by founders 648
w ' Number of startups
’ p ® 10-50
Brazil a
e © 51-100

- ® 101-200

Q
% @ . @ 201-400
© >=401

Fig.1 Map of Brazilian ecosystems. The redder and larger the circle,
the greater the number of startups. The center of the circle indicates
the location of the ecosystem

Bolivia

such as LinkedIn and Crunchbase facilitates more generaliz-
able results, given the ability to generate a larger sample size
(Banerji and Reimer 2019). Thus, we draw on LinkedIn and
Crunchbase databases and use social network analysis to test
our main research questions.

We use our own data collection process, i.e., raw data
extraction, transformation, and loading clean data into a cen-
tralized database. We also draw on computational methods
known in the literature to solve some particular problems:
To extract the main activity of startups, we use LDA topic
analysis, a natural language processing method. To examine
the structure of the entrepreneurship network, we construct
complex network models, which fit well in cases where we
want to investigate how the elements of a system interact
with each other. To measure the influence of HEIs on the
network, we use complex network metrics such as degree
centrality, intermediation, and proximity. To measure the
reach of links, we use a method of calculating the central-
ity of nodes based on geographic distance. To assess the
students’ academic trajectory similarity, we used the cosine
similarity calculus to measure the similarity between two
vectors and provides a better fit, in this case, than the Euclid-
ean distance.

We examined startups that are at most 15 years old. From
the 3375 companies we extracted from Crunchbase, we
selected only 1957 (57.98%). Next, we grouped the startups
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Fig.2 Brazilian ecosystems by city. Mature ecosystems are in the
cities where the number of startups is greater than the national mean
(green line), in contrast to emerging ecosystems

Table 2 Mature startup ecosystems

Ecosystem Region Size? Fundraising
S#o Paulo Southeast 458 $2.6B

Rio de Janeiro Southeast 323 $283.6M
Belo Horizonte Southeast 151 $33.8M
Porto Alegre South 114 $11.1M
Curitiba South 95 $67.3M
Floriandpolis South 94 $43.5M
Size stands for the number of startups

Table 3 Top emerging ecosystems

Ecosystem Region Size Fundraising
Brasilia Center-West 39 $3.7M
Recife Northeast 38 $8.5M
Campinas Southeast 36 $13.4M
Fortaleza Northeast 28 $105.4K

SJ Campos Southeast 25 $4.1IM
Goiania Center-West 22 no info.
Barueri Southeast 21 $10.9M
Joinville South 21 $41.3M
Uberlandia Southeast 15 $2.6M

Jodo Pessoa Northeast 14 $194.8K

by city and considered those cities with at least ten startups
as ecosystems. Then, we examined only startups associated
with our ecosystems. This yielded 21 ecosystems covering
1, 547 startups (45.83%) of our initial set. We then collected
founders’ data from LinkedIn, yielding 146 HEIs and 648
academic degrees of founders. Table 1 summarizes our

o

8 -
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X o ® Extension
o = MBA
8 = Master
> 3 Bachelor
(0]
©
» QA
[}
2
3 &1
[V

Before startup After startup
creation creation

Fig.3 Founders’ degrees

dataset numbers. Figure 1 shows the geographical distribu-
tion of the ecosystems present in our dataset.

To address the gap regarding the number of startups
among Brazilian systems, we divided the ecosystems into
mature and emerging ecosystems. Figure 2 illustrates the
difference between the two groups. Ecosystems with 74
startups or more—above the green line, which represents
the average number of the observed distribution—are con-
sidered mature ecosystems. According to Crunchbase, the
largest ecosystems (Table 2) are in Brazilian state capitals
such as Sao Paulo (SP); Rio de Janeiro (RJ); Belo Horizonte
(MG); Porto Alegre (RS); Curitiba (PR); and Florian6po-
lis (SC). Together, they comprise 79.82% of startups and
97.05% of total fundraising. All of the largest ecosystems
are located in the South or Southeast, the economic hub of
Brazil. The emerging ecosystems, on the other hand, encom-
pass 15 cities (Table 3). Emerging ecosystem locations are
more diverse in terms of region and city size, ranging from
regional capitals such as Brasilia (DF), Fortaleza (CE), and
Goiéania (GO) to smaller cities such as Uberlandia (MG),
Joinville (SC), and Séo José dos Campos (SP).

4 Results

Section 4.1 explores the network relationship between start-
ups and HEIs, and the academic trajectory of startup found-
ers. Section 4.2 analyzes the relationship between startups
and HEIs. Finally, we investigate how educational quality
influences the success of an ecosystem in Sect. 4.3.

4.1 Network characterization

Here, we analyze founders in terms of HEI, major, and
degree nature (type and level). Figure 3 shows the degrees
held by company founders before and after company crea-
tion. The most common degree is the Bachelor’s degree,
followed by the MBA and then other master’s degrees.
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We find that most founders obtain their Bachelor’s degree
before startup creation (Fig. 3, left). Most startups were
opened during undergraduate studies. After startup crea-
tion (Fig. 3, right), the demand for other courses increased
50% (Master), 23% (MBA), 156% (Extension?), and 647%
(Ph.D.).

This suggests that, after launching a startup, some found-
ers may look for new educational opportunities that may
add value to their business. Many startups employ disrup-
tive technologies and non-traditional business strategies,
e.g., MVP and lean-startups, and Brazilian undergraduate
courses, which are the predominant types before or dur-
ing startup creation, currently do not cover all these novel-
ties. Therefore, to be well prepared and obtain better per-
formances in the startup market, which is uncertain and

3 In Brazil, extension courses are certified programs that do not
require a Bachelor’s degree, like continuing studies in the U.S.

@ Springer

extremely competitive, founders might seek to improve
themselves by taking these courses even after their compa-
nies are founded.

Figure 4 presents the founders’ bachelor degree areas,
before startup creation. Most degrees come from STEM
(Science, Technology, Engineering, and Mathematics) (=
59%) and social sciences (*39%). Computer Science is the
most popular course of study among startup founders, and
many other courses are related to Computer Science (e.g.,
Computer engineering). Nearly half of startups are in IT or
Telecom, perhaps drawing on the computer science back-
ground of many founders and their networks (Fig. 5).

In a next step, we also examine whether founders of the
same startup have similar academic trajectories, indicat-
ing a likely social relationship from university. For each
founder, we consider an academic trajectory vector where
the ith position represents the number of degrees concluded
in HEI i. We then measure the academic trajectory similar-
ity between each pair of founders of the same startup using
cosine similarity; then, we average those values aggregating
by startup. Figure 6 shows the cumulative distribution func-
tion (CDF) of this average similarity coefficient.

Note that approximately 55% of the startups have nonzero
cosine similarity, which means that founders had at least one
common HEI in their academic trajectory.

By further investigating the data, we found that, for the
same group startups, 83% of them have contemporary found-
ers (i.e., studied at the same HEI during the same period).
Many founders may have met while at university, through
acquaintances, or other university affiliations, such as being
in the same social network even after university. This sup-
ports existing studies which indicate that entrepreneurs
tend to have other entrepreneurs within their social circle,
particularly given social costs, as starting a company can
appear to differ from the established path of working for
a company and having a consistent salary, (AmitaiEtzioni
1987; Toby and Waverly 2006; Aleksandra Kacperczyk
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2013; Olav Sorenson 2018). Relatedly, Easley and Wang
indicate that students having mentors who were entrepre-
neurs were more likely to become entrepreneurs (Eesley
and Wang 2017). Convincing employees with permanent
work to join a startup also relies upon personal connections
(Ruef et al. 2003; Ruef 2010) and the quality of the startup
depends heavily on early employees (Olav Sorenson 2018),
therefore benefiting founders with the most extensive social
networks (Michael and Olav 2014). Despite the ability to be
mobile, entrepreneurs tend to locate their businesses in the
places where they have the most connections (their home-
town or where they attended university or graduate schools,
which, at the same time, enhances their success (Claudio
and Olmo 2007; Johan et al. 2017; Michael and Olav 2009;
Olav 2018).

4.2 Relationship between HEIls and startups

In this section, we analyze the network relationship between
HEISs and startups. We use social network analysis to com-
pare the described ecosystems in terms of academic trajecto-
ries, connectivity, and spatial distribution. Finally, Sect. 4.3
analyzes the success of ecosystems as a function of HEI
quality rankings.
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4.2.1 Network approach

We use an undirected bipartite graph G = (U, V, E), where
nodes v; € V are startups, nodes u; € U are HEIs, and
an edge e;; = (v;, u;) exists from node v, to u; if a startup
v; founder is a HEI u; alum. For our analysis, we consider
two networks of this kind: (i) Undergrad comprising
only Bachelor degrees of founders (Fig. 7) and (ii) A11-
Degrees including any founder degree (Fig. 8). Both net-
works also include the HEIs that issued the degrees.

4.2.2 HEls centrality

Table 4 shows the top ten HEIs according to networks’
degree, closeness, and betweenness centralities (Newman
2010).

Degree centrality reflects the importance of a node
through its number of connections. Notably, in our net-
work, HEIs are only linked to startups. Therefore the
degree centrality reflects the direct influence of the HEI
in the startup formation. We found that University of Sao
Paulo (USP), top-ranked, is the most central node in both
Undergrad and Al11-Degrees networks (Table 4).
In addition, an international HEI figures top-ranked on

@ Springer
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Table 4 Top 10 HEIs by degree, Ranking  Degree Closeness Betweenness
closeness, and betweenness
centrality Undergrad  All-degrees Undergrad All degrees Undergrad  All degrees
01 USP USP FGV/SP FGV/SP UFSC UNIRIO
02 UFRGS PUC/SP UNESP STANFORD FGV/SP FGV/SP
03 UFRJ UFRGS USP IBMEC UNESP PUC/SP
04 PUC/SP FGV/SP UFRJ UFMG USP STANFORD
05 UESC UFRJ UAM UFRJ UAM USP
06 UFMG UFSC MACKENZIE PUC/SP PUC/RS UFRJ
07 PUC/RS UEMG UFMG USP UFRJ UFRGS
08 PUC/PR IBMEC FDMC INSPER PUC/SP UFSC
09 PUC/MG STANFORD  AIEC/FAAB MACKENZIE UFRGS UFMG
10 FGV/SP PUC/PR PUC/SP UAM UFMG IBMEC
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All-Degrees: Stanford University. Upon closer exami-
nation, we find that these founders took extension courses
at Stanford.

Broadly, closeness centrality captures the distance to
all other nodes in the network. Here, the closeness central-
ity suggests that more elite HEIs reach (or influence) the
network faster. In terms of undergraduate degrees among
founders, Universidade Estadual Paulista (UNESP), though
not top-ranked according to degree centrality, appears in
the second position in terms of closeness centrality, likely
because UNESP is present in 24 cities. Additionally, among
the top-ranked HEIs in terms of founder undergraduate
degrees, there is AIEC/FAAB (AIEC 2019), an HEI that
offers online courses nationwide. Finally, FGV/SP, Stan-
ford, and IBMEC are the most central HEIs among A11 -
Degrees. This is likely due to their online course delivery
and the high ranking of their business programs.

Betweenness centrality tells how often a node is within
the shortest path with another in the network. In our study,
this metric unveils HEIs that connect distinct social circles
and then foster entrepreneurship. Here, Universidade Federal
de Santa Catarina (UFSC) is the most central in Under-
grad, and Federal University of the State of Rio de Janeiro
(UNIRIO) in A11-Degrees (Table 4). Finally, centrality
top-ranked HEIs, in general, are most elite (IGC > 4) HEIs.
(There are two exceptions whose IGC = 3, though: AIEC
and FDMC.) Also, 95 HEIs of 146 are located in major cit-
ies in the South or Southeast of Brazil, the economic hub
of the country.

4.2.3 HEls spatial degree centrality

We draw on definitions by Lima and Musolesi (2012) for our
spatial degree analysis below. Eachnode i,i € Vori € U in
our affiliation network G = (U, V, E), is assigned a set of j
neighbors nodes, i.e., the neighbors of node i is the set of
nodes j that are reachable from i through the out-link ¢; € E.
All of them are represented by points on Earth
P, = {pg),p(li), ...,pgl)}, expressed through latitude and
longitude.

For the spatial degree analysis, we first define a spatial
neighborhood S as a circular region specified by its center
and radius. Given a node i, its spatial coordinates (latitude
and longitude) represent the center of a spatial neighborhood
S; with a certain radius. The intersection P; N S; contains all
the points, i.e., nodes representing HEIs and startups, fall-
ing inside the region S; that are neighbors of i in G. In this
way, we can compute the spatial degree centrality C of node
i with spatial neighborhood S as:

Cis=1P; NS, 1)
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Fig.9 Spatial degree analysis for different spatial neighborhood §

In this study, we are interested in the average spatial degree
centrality C for HEIs. Thus, for our network G = (U, V, E)
this metric is expressed as:

= 1
Cys= m Z Cus> )

uelU

where the set U represents HEIs.

Figure 9 shows the spatial degree considering different
non-overlapping spatial ranges, meaning the ranges are
circle and expanding annular rings around each HEI. This
analysis takes into account a network composed of startups
that founders obtained any degree from any HEI in the 15
years before the startup creation. Most of the connections are
short distance, up to 250 km, suggesting that the influence
of HEIs are mostly local. However, we find that elite HEISs,
such as PUC/SP, UNICAMP, and IBMEC, have the longest
spatial ranges; therefore, their influence is more likely to
extend beyond their local ecosystem and into other regions.

In addition, we calculate the similarity of connections in
the network concerning the nodes’ state, using the assorta-
tivity coefficient (Newman 2003). In general, the coefficient
lies between —1 and 1. The network has perfect assortative
mixing patterns when the assortativity coefficient is 1. The
assortativity coefficient by state is 0.72 for the same network
studied in the spatial analysis. This means that the majority
of connections happen between nodes from the same state,
corroborating with what is observed by the spatial degree
centrality analysis. Thus, HEISs, in general, have more influ-
ence within their region.

The most central nodes are elite HEIS, i.e., institutions
with excellence in teaching and research. Teaching is the
main means of training the workforce, and research is an
instrument of innovation. For example, USP offers more
than 183 undergraduate courses and 239 graduate programs,
with more than 80,000 students. USP is directly involved in
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the local innovation ecosystem with startup incubators and
acceleration programs, which are extracurricular activities to
stimulate and train young entrepreneurs, hackathon competi-
tions, lectures, and workshops involving public agents, inno-
vation agencies, companies, teachers, and students. Also, the
top-ranked universities tend to attract the most highly ranked
students on the national exam, who then may be more likely
to form more successful startups.

4.3 Elite HEl alumni and enhanced startup
fundraising capabilities

We also examine how education quality drives the success
of an ecosystem. We assume that HEIs with higher edu-
cational quality rankings are perceived as more elite. We
calculated the Pearson correlation between the HEIs” IGC
and the HEIs’ degree centrality and constructed a scatter
plot in Fig. 10. The Pearson correlation is moderate and
around 0.56 (p-value < 0.001). Figure 10 also plots the

@ Springer

linear regression, with a 95% confidence interval of the best-
fit line. These findings suggest that elite HEIs (high-ranked
IGC) have more startup connections and overall support our
hypothesis that elite HEIs have more influence on startup
ecosystems.

We also analyzed the fundraising capability (k) of start-
ups. Equation 3 describes how « is calculated for a given
startup i:

F

Lt,

K, = ———,
‘T LixE, 3)

where k; is the fundraising capability for startup i up to time
t, (now), F; the total fund raised in the life cycle (from crea-
tionup tot,), L, , startup age in months, and E; current num-
ber of employees. This equation was also used by Perotti
etal. (2015).

Figure 11 shows a cumulative distribution function of
k for startups whose founders are elite HEIs alumni. A
founder, or a group of founders from the same company, is a
product of an elite HEI if the average IGC of all HEIs she/he
attended is over or equal to four. There is a positive correla-
tion between mature ecosystems and fundraising capability.
In addition, startups whose founders are elite HEI alumni
tend to increase k. Finally, the combination of a mature eco-
system and elite HEI affiliation correlates with better fund-
raising capability, again supporting our hypothesis that elite
HEIs have more influence on regional startup ecosystems.

4.4 Regional analysis

We investigate regional variation in startup sectors. First, we
examine the extent to which Brazilian regions focus on dif-
ferent sectors. Some sectors, for instance, might lead to faster
or more sustainable economic growth. In addition, the diver-
sity of firms is necessary for high rates of economic growth
(Ingrid and Andre 2007), as Niveditha diversity enhances
competition between firms leading to broader and higher
quality of goods and services. Second, we examine whether
there is more sector diversity for startups in wealthier
regions of the country with more elite universities—namely
in the South and Southeast in Brazil. For this analysis, we
use the words listed in Categories field of Crunchbase as
input to a latent Dirichlet allocation (LDA) model (Blei et al
2003). LDA is a generative statistical model to infer the top-
ics in a collection of documents automatically. We used LDA
to infer the startup niche per regionl.*

For each document with categories representing a certain
startup, we put all words into lowercase, tokenized them, and
removed stopwords, i.e., words which does not add much

4 Brazil is officially divided into five regions: Center-West, North,
Northeast, South, and Southeast. More info at Duran (2013).
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meaning to a sentence and words that might be considered
stopwords in the startup sector (such as technology and ser-
vice). Then, we ran the LDA algorithm using topicmodels
package (Hornik and Griin 2011) written in R, and the best
number of topics k returned by the algorithm using a coher-
ence metric, implemented by fextmineR package,” which
approximates semantic coherence or human understandabil-
ity of a topic. The highest coherence score for our dataset
was k = 20. The most representative words of each topic are
presented in Fig. 12.

We then assigned one topic to each startup, analyzing the
probability of each word in the startup corpus belonging to

3 https://www.rtextminer.com.

18—SAAs; 19—Medical; 20—ICT

each of the identified topics. We selected the topic with the
highest aggregated probability, given all words that describe
that startup as its representative topic/area.

Figure 13 shows the distribution of topics per region.
As we can see, this distribution is not uniform, i.e., some
regions tend to have startups associated with particular top-
ics more than others. For instance, the North region focuses
on topics 11, 12, 13, 17, and 20 related to health, automobile
industry, energy, fashion, and ICT. Northeast region is char-
acterized by topics 1, 2, and 6 that consists of the subjects
finance, consulting, and agriculture, respectively, while West
Centre region focuses on topics 8 (event), 14 (management)
and 19 (medical). Finally, South and Southeast regions do
not show a focus on certain topics (except for agriculture in
South region). In general, they show a uniform distribution
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Fig. 13 Distributions of the per- 11
centage of LDA topics among D North . South . Center-West
regions of Brazil 129

D Northeast

Percentage

1- Finance
2- Consult.
3- Retail
4- Mobile

among the 20 topics. These results indicate that there are
regions in Brazil that tend to concentrate more startups in
certain areas, while in South and Southeast regions there is
more higher diversity.

5 Discussion

The inequality trend in Brazil is also observed in the devel-
opment of startup ecosystems. Although startups concen-
trate on more developed locations such as economic capitals
(Table 2), there are also locations outside them (3). This may
be evidence that entrepreneurship is an activity that spreads
across the country and that regional differences favor certain
sectors and create opportunities. For example, the Midwest
is a region with a lot of agricultural activity, which might
favor the development of AgZechs and possibly stimulate the
creation of startups in diversified sectors of commerce. The
North and Northeast regions have the lowest human develop-
ment index (HDI) in the country (IPEA et al 2016), which
could help to explain the concentration of startups in the area
of health, education, consulting for small and medium busi-
nesses, and financial services; i.e., possibly to meet emerg-
ing market needs due to the lack of health, education and
income conditions that characterize human development in
these regions. As noted by Tolbert et al (2011); Facchini
et al (2021), research on the influence of institutional cul-
tural norms on entrepreneurship remains limited. Interven-
ing in certain types of sectors may seem more legitimate
for an organization in one region rather than another. While
institutional theory maintains that global norms and culture
diffuse ideals into concrete scripts that become taken-for-
granted, there are regional variations in the types of start-
ups formed and therefore there is a need for further work
examining the spread of entrepreneurship culture and why
organizations and networks are different from one regional
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ecosystem to another. The global entrepreneurial script may
well be defined differently based on the regional ecosystem.

In the Southeast region, which concentrates most of the
Brazilian GDP (IBGE 2019), the financial sector is predomi-
nant (FinTechs), which involves credit and payment services,
possibly because the concentration of wealth favors this type
of activity. Also, large urban centers such as Sao Paulo (SP),
Rio de Janeiro (RJ), and Belo Horizonte (MG) are places
where disruptive education services (EdTechs), health and
wellness (HealthCare) ) have increasingly sought after by
the population. The South, the country’s second economy
(IBGE 2019), stands out for its AgTechs as the states of Rio
Grande do Sul, Santa Catarina, and Parana are major agri-
cultural producers. The health and wellness services startups
and the real estate sector also stand out, possibly to meet the
population’s needs.

A recent study by ABStartups (2021) revealed that the
main market segments for Brazilian startups are Education
(EdTechs), Health and Wellness (Healthtech), Finance (Fin-
Techs), Agribusiness (AgTechs), E-commerce, Development
of Software, Human Resources (RHTech), Communication
and Marketing, and Civil Construction and Management.
The study also revealed that startups are primarily concen-
trated in the Southeast (51.1%), South (26.5%), Northeast
(13.4%), Midwest (5.4%), and North (3.6%), which is a
result consistent with the one presented in this article. How-
ever, it was carried out traditionally using questionnaires.

In this study, we investigate how HEIs contribute to Bra-
zil’s regional entrepreneur networks and their nature. Our
original hypothesis suggested that entrepreneur networks in
regionally disadvantaged areas, such as the North and North-
east of Brazil, will be closely linked with networks from
elite HEIs in the wealthier South and Southeast. Though
we find that elite HEIs, such as PUC/SP, UNICAMP, and
IBMEC have the most extended spatial ranges, their network
influence is still primarily local and, for instance, does not
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extend to the North and Northeast. Most of the connections
between HEIs and startups are local, and the most elite HEI
within the region tends to have the most influence within the
regional network. We also found a strong presence of Stan-
ford University in our networks, likely reflecting the global
influence of this university and Silicon Valley in business
education, technology, entrepreneurship, and innovation.
In terms of variability among regional entrepreneur eco-
systems, we found that the nature of networks varied by
region, given their varied level of development. While IT
and Telecom are the most common sectors across regions,
there is more variation among startup sectors in the wealth-
ier Southeast than in other areas. In addition, the most eco-
nomically disadvantaged area in the Northeast has a strong
presence of health startups, likely due to historical under-
development. This possibly is an avenue for future research
regarding the potential of startups aimed at alleviating gaps
in social service provision in low-income contexts.
Overall, we find support for our hypothesis that regional
elite HEIs (the HEI with the highest educational quality
rankings in the region) influence regional startup ecosystems
and the fundraising capability of founders. We also found
that most startup founders were contemporaries while at uni-
versity, meaning that they overlapped during their course of
study or met through social networks during or after their
studies. We found that most startup founders studied com-
puter science, likely reflective of the strong presence of IT
and telecom startups in Brazil. In addition, there are oppor-
tunities for investment in regional entrepreneur ecosystems,
and missed opportunities for stronger network tie between
regions in terms of diversifying sectors of interventions.

6 Methodological limitations

Our methodology aims to understand the relationship
between startups and universities in areas where this type
of study is difficult to perform, particularly in developing
countries. However, it is essential to acknowledge some limi-
tations of our data, which could represent potential limita-
tions to our methodology.

Regarding the limitations of our dataset, though Crunch-
base is the most comprehensive data source for startups,
it does not include all existing startups. The platform has
a lower percentage of startups registered for developing
and emerging economies. Also, as we rely on data entered
by individual users on LinkedIn to furnish information on
founders, it is important to say that not all founders in our
dataset have LinkedIn profiles. The ones with profiles may
be entry mistakes or misinformation. However, we believe
that profile mistakes are rare, given that startup founders
would risk their credibility by inputting false information.

7 Future work

Overall, a big question is whether entrepreneurship facili-
tates sustainable development, or does it expand existing
regional inequalities. Our study begins to examine this but
in future, it would also be interesting to deepen the analysis
of the national entrepreneurship network and the impacts
on the economy and society in terms of wealth generation
and social well-being, such as the increase in quality of life
indices. This could influence public policies and government
strategies for sustainable economic growth and the reduction
of regional inequalities. Future work might more specifically
investigate whether national and university policies invest
more in entrepreneurship education at elite universities, as
well as the efforts by HEIs to influence startup ecosystems.
At the regional level, future work could examine differences
in university—startup linkages.

At a more micro-level, future work could also uncover
what explains the variation in success of founders in under-
privileged regions like the Northeast. Once could examine
entrepreneurial orientation (EO), which is characterized by
5 dimensions: innovation, proactivity, capacity to take risks,
autonomy, and competitive aggressivity. Another promis-
ing direction would be to investigate, in greater detail, the
profile of the founders, identifying, in their academic and
professional trajectory, the most important points that led
them to become an entrepreneur and, above all, successful.
This is known in the literature as entrepreneurial orienta-
tion, and the strategies employed in this study, such as using
public data available on the Web and text mining techniques,
could contribute to this line of research, as they scale easily
to obtain massive data and further processing and analysis.
This could help guide a more assertive educational experi-
ence in training young talents to create innovative businesses
or even entrepreneurs who wish to increase their skills.

8 Conclusion

In this study, we take a unique conceptual approach to
examine the influence of HEIs on entrepreneur networks in
Brazil, a middle-income country with low-income regions.
We employ an innovative methodological approach by min-
ing publicly available data from Crunchbase, LinkedIn, and
the official index of higher education institution quality, to
construct and examine the social networks of startup found-
ers. We find that most of the founders were contemporar-
ies at the same HEI and that entrepreneurs frequently seek
additional training after startup creation. We observe that
the most influential nodes in the network are elite HEISs,
though they usually remain within a more localized geo-
graphical range. The most nationally prestigious HEIs in
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the South and Southeast have the longest spatial range into
other regions yet remain fairly local, nor do they extend into
the economically disadvantaged North and Northeast. One
explanation may be that the startup ecosystem in the eco-
nomic capitals located in the South and Southeast is not
yet saturated. Perhaps once there is more saturation in this
emerging market context, there will be more spillover into
other regions. In addition, we find that HEI quality and the
maturity of the ecosystem influence startup success. While
our mature startup ecosystems are in the wealthier South
and Southeast, we see some regional movement in the top
emerging ecosystems.

Our findings, therefore, inform research in emerging,
developing, and developed countries aiming to stimulate
higher education and entrepreneurship, particularly in a con-
text of regional inequality. We find support for the notion
that contemporaries at HEIs, particularly elite HEIs, have
powerful influences on entrepreneurial social networks.
Our findings contribute to education, entrepreneurship, and
development research more globally than studies exclusively
focused on high-income countries by examining entrepre-
neur networks in a middle-income country, Brazil, that also
has low-income regions.

Appendix A: Full university names
and abbreviations

Universidade de Sdo Paulo (USP)

Universidade Anhembi Morumbi (UAM)

Unidervsidade Estadual Paulista (UNESP)

Universidade Presbiteriana Mackenzie (MACKENZIE)

Faculdade Milton Campos (FDMC)

Faculdade de Administracdo de Brasilia (FAAB)

Fundagao Getulio Vargas de Sao Paulo (FGV/SP)

Instituto de Ensino e Pesquisa (INSPER)

Instituto Brasileiro de Mercado de Capitais (IBMEC)

Associagdo Internacional de Educag¢ido Continuada

(AIEC)

Universidade Federal do Minas Gerais (UFMG)

Universidade Federal do Rio de Janeiro (UFRJ)

Universidade Federal do Santa Catarina (UFSC)

Universidade Federal do Grande do Sul (UFRGS)

Universidade Federal do Estado do Rio de Janeiro

(UNIRIO)

Pontificia Universidade Catélica de Parana (PUC/PR)

o Pontificia Universidade Catdlica de Sao Paulo (PUC/
SP)

e Pontificia Universidade Catélica de Minas Gerais
(PUC/MG)

e Pontificia Universidade Catdlica de Rio Grande do Sul

(PUC/RS)
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Appendix B: Startup sectors by region
See Figs. 14, 15, 16, 17, and 18.

Appendix C: Summary of all ecosystems
studied

See Table 5.
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Fig. 16 Center-West. Others: biotechnology, agribusiness, HR tech,
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Fig. 17 Northeast. Others: HR Tech, lawtech, financial services,
entertainment, real state, retail/wholesale, industry/energy, profes-
sional services, education
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Table 5 Summary of all ecosystems studied

Ecosystem State Region # of startups Fundraising
Séo Paulo SP  Southeast 458 $2.6B
Rio de Janeiro RJ  Southeast 323 $283.6M
Belo Horizonte MG  Southeast 151 $33.8M
Porto Alegre RS  South 114 $11.1IM
Curitiba PR South 95 $67.3M
Florianépolis SC  South 94 $43.5M
Brasilia DF  Center-West 39 $3.7M
Recife PE  Northeast 38 $8.5M
Campinas SP  Southeast 36 $13.4M
Fortaleza CE Northeast 28 $105.4K
Sdo José dos Cam- SP  Southeast 25 $4.1IM
pos
Goiania GO  Center-West 22 no info.
Barueri SP  Southeast 21 $10.9M
Joinville SC  South 21 $41.3M
Uberlandia MG Southeast 15 $2.6M
Jodo Pessoa PB  Northeast 14 $194.8K
Ita PB  Northeast 11 $2.8M
Jussara BA  Northeast 11 $130.1K
Salvador BA  Northeast 11 $1.8M
Blumenau SC  South 10 $1.3M
Sorocaba SP  Southeast 10 $530.3K

Appendix D: Classification and framework
details

Classification

The classifications we used in this regard were to outline the
startup ecosystems, the startups’ market segments, the clas-
sification of HEIs regarding teaching and research quality,
and the classification of courses.

The first concept is the startup ecosystem, a set of start-
ups located in the same city. Ecosystems were classified
as “mature” or “emerging,” depending on the number of

startups. Mature ecosystems were those whose number of
startups was more significant than the national average. It is
important to note that mature ecosystems are found in the
capitals of the South and Southeast states, Brazil’s wealthi-
est regions.

The startup industry was extracted from CrunchBase’s
raw data and refined through a topic mining algorithm called
LDA, which is part of the natural language processing (NLP)
discipline.

The HEIs were classified as “elite or not” based on the
IGC, which is the official index of the Ministry of Education
to assess the quality of HEIs. They were also ranked in uni-
versities, colleges, and university centers. A more detailed
description of the composition of the IGC is presented as
follows:

CPC—An indicator that assesses the course of study on
a scale from 1 to 5. For the calculation, the following are
considered: Enade Concept (student performance in the
Enade test—nationwide test); Difference Indicator between
Observed and Expected Performance (IDD); faculty (infor-
mation from the Higher Census on the percentage of mas-
ters, doctors, and work regime) and students’ perception of
their training process (information from the Enade Student
Questionnaire).

IGC—An indicator that evaluates the educational insti-
tution. The following are part of the IGC calculation: the
average of the CPCs of the last three years of Enade (2016,
2017, and 2018) related to the evaluated courses of the insti-
tution; the average of the evaluation concepts of the master’s
and doctoral programs awarded by the Coordination for the
Improvement of Higher Education Personnel (Capes), in the
last available triennial evaluation; and distribution of stu-
dents among the different levels of education, undergraduate
and graduate courses.

The classification of bachelor’s, master’s, Ph.D.’s, MBA,
or extension courses was carried out according to the
courses’ descriptions in the Linkedin profile.

Framework

The framework consists of acquiring public data available on
the Web, and processing and calculating complex network
metrics, among other metrics. The following items are the
main steps of our framework:

Load the raw data from Crunchbase.

Loading of raw Linkedin data.

Loading of raw IGC data.

Extraction of categories of startups employing LDA.
Extraction of courses from Linkedin profiles.
Consolidation of clean data on a single basis.

A e
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7. Enrichment of the base with georeferencing data from
startups.
8. Enrichment of the base with IGC from HEIs.
9. Construction of networks.
10. Calculation of centrality metrics.
11. Calculation of startup fundraising.
12. Data analysis and insights discussion.

Our framework was created from the combination of dif-
ferent elements identified in traditional models (Schaeffer
et al 2018; Conceigao et al 2017; Avnimelech and Feldman
2015), models based on analysis of social networks (Didnez-
Gonzélez and Camelo-Ordaz 2019; Hayter 2015; Soetanto
and Van Geenhuizen 2015; Lyu et al 2019; Minguillo and
Thelwall 2015; Porter et al 2005) and alumni networks
(Rubens et al 2011) to create informal links between uni-
versities and startups, and investigation of the influence of
HEIs in these network structures.

Appendix E: HEI quality and the maturity
of the ecosystem

This is the algorithm used for the task studying the HEI
quality and the maturity of ecosystems:

1. For each startup, calculate the fundraising (k).

2. For each ecosystem, tick “Elite HEI” if there is at least
one HEI with maximum IGC (IGC =5).

3. Calculate startup fundraising CDFs and break them
down into emerging ecosystems with or without elite
HEISs, and mature ecosystems with or without elite HEIs.

4. Plot the comparative CDFs between these four possibili-
ties: mature ecosystem (with or without elite HEI) and
emerging ecosystem (with or without elite HEI).
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