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ABSTRACT 

Does more activity in open source lead to more entrepreneurial activity and, if so, how much, 
and in what direction? This study measures how participation on the GitHub open source 
platform affects the founding of new ventures globally. We estimate these effects using cross-
country variation in new venture foundings and open source participation. The study finds that a 
1 percent increase in GitHub commits (code contributions) from people residing in a given 
country generates a 0.1-0.5 percent increase in the number of technology ventures founded 
within that country, a 0.6 percent increase in the number of new financing deals, a 0.97 percent 
increase in financing value, a 0.3 percent increase in the number of technology acquisitions, and 
a 0.1-0.5 percent increase in the number of global and mission-oriented ventures. The analysis 
develops an approach to identification based on various instrumental variables and shows that 
these associations can support causal inferences. We conclude that OSS contributes to different 
rates of entrepreneurship around the world and therefore can act as a policy lever to improve 
economic development and can also indicate promising investment opportunities. 
 
  

                                                        
1 nlangburdwright@hbs.edu, sgreenstein@hbs.edu, fnagle@hbs.edu.We thank Rem Koning for helpful comments. 
We also would like to thank Maggie Kelleher for excellent copy-editing.  All errors remain our own. 
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I. Introduction 

Open source software (OSS) became mainstream without much fanfare, long after its much 

studied and publicized birth and adolescence (DiBona and Ockman, 1999, DiBona, Stone, and 

Cooper, 2005). It has become increasingly common in mainstream software development and 

applications. Two decades of experience have routinized resource sharing (Lakhani and Wolf, 

2003, Lakhani and von Hippel, 2003) and communications between programmers with different 

backgrounds, (Aksulu and Wade, 2010, Krogh et. al., 2012). Open source reduces time to develop 

new software modules, eliminates hassles from negotiating intellectual property, and reduces 

friction associated with raising capital for software development (Nagle, 2019b; Wen, Ceccagnoli, 

and Forman, 2016). Today open source has become an essential component of artificial 

intelligence, a key piece of web-enabled commerce, embedded in virtually every smart-phone 

application, and a necessary component of big data.  It has been readily apparent to many 

participants for some time that OSS reduces costs and frictions for a wide range of business 

activities. 

While the benefits to participating in open source communities have been documented 

within the US and several developed high-income countries (Lerner and Schankerman, 2010, 

Nagle 2019b), the exclusive focus on a narrow geographic setting requires updating. Online labor 

markets have operated at global scale for many decades, and large programmer workforces have 

grown in the middle income countries of central Europe and Asia, generating tens of billions of 

dollars of services a year, often facilitated by online platforms (Agrawal, Lacetera, and Lyons, 

2016, Stanton and Thomas, 2020, Barach, Golden and Horton, 2020). Just like their counterparts 

in the US, programmers around the globe employ open source tools, speak in the vocabulary of 
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open source languages, and interact with open source libraries as a routine part of their 

employment.  

Has this expansion of open source to many more countries had any consequence for those 

countries? According to the conventional view, open source confers benefits to the programmer 

communities beyond merely providing employment opportunities. Yet, despite the evidence of the 

breadth of participation around the world, analysis has not held this conventional view up to 

scrutiny. In this study, we focus on one of the primary channels through which open source benefits 

a region, namely, through the contributions it makes to the growth of entrepreneurial activity. Does 

entrepreneurship grow more in the countries where open source thrives among the programming 

communities, and, if so, how much variance in entrepreneurial activity is associated with variance 

in open source participation, if any? Conversely, does the increased prevelance of open source in 

a country crowd-out opportunities for start-ups and thereby diminish entrepreneurship? If it has 

any impact on entrepreneurship, does open source benefit all entrepreneurship to the same degree, 

or only some types that align especially well with the experience open source programmers 

receive? Can we find evidence of a correlation between these activities, and if so, is it evidence of 

a causal link? What direction does open source participation cause entrepreneurship to take across 

the globe, if any?  

Figure 1 illustrates the last year of data from our study, 2016, and can motivate these 

research questions. The figure displays the correlation between a broad measure of open source 

participation in a country and a broad measure of entrepreneurship in that country, displayed in 

log-log scale, where each dot represents activity in one of 199 countries. We ask the reader to 

momentarily focus on the forest and not the trees in these raw data, and defer until later (obvious) 

questions about definitions and details (which we address in the paper). We color those countries 
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by their income level – blue for high income, red for middle, and purple for low – to illustrate the 

central puzzles behind our study. Countries in higher income groups, scattered throughout the 

graph, but mostly concentrated in the top right corner of the figure, have been the primary focus 

of past studies on open source and economic development (e.g. Lerner and Schankerman, 2010). 

The figure suggests the limits to the literature’s focus on these geographies. Inferences based solely 

on comparing the experience in a few high income countries examine only a fraction of experience.  

The figure also frames several puzzles an investigation must address. Income plays a role 

in explaining the positive association between entrepreneurship and open source, but does it fully 

explain it by itself?  If not, what does a  robust statistical model contain, and what inference 

emerges about the role of open source in encouraging entrepreneurship? Inference would be 

incomplete without comparing the impact of open source with the experience in many middle 

income countries, as well as places where open source seems not to trigger any entrepreneurship, 

as in many low income countries. What does that range of observation lend to our understanding? 

Additionally, the United States is in the top and upper right of the figure, and occupies the status 

as outlier, a status that highlights whether inferences made with observations from the US are 

generalizable to other parts of the world. A related question will concern us in this study: if the US 

were removed from a statistical analysis, is there any robust statistical relationship between 

entrepreneurship and open source participation? Readers will recognize that these questions 

require careful analysis, and cannot be resolved with one graph. To our knowledge, no study has 

scratched the surface of this relationship on a truly global scale. 

This study pioneers a systematic approach to analyzing global participation in open source 

and global entrepreneurship. While there are a variety of ways to measure open source 

participation and entrepreneurship within the US, none of them provide a viable approach to 
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measuring activity outside US borders. We seek to understand the broader-level – rather than 

country-specific – relationship between open source and entrepreneurship, taking into account the 

rich variation across countries that has yet to be fully harnessed by other studies. In doing so, we 

may enhance the external validity of our findings, as well as shed light on open source trends 

surpassing traditional geographies of focus, with implications for their economic development 

(though the latter is not the focus of our analysis). Our study develops data sets from two 

underexplored sources that combined yield a novel time series panel dataset from 2000-2016.  To 

measure open source participation, we utilize data from the largest open source repository 

currently in existence, GitHub. GitHub is the largest repository of OSS in the world, and it is 

widely adopted across countries. Although there are other smaller repositories, Github represents 

the bulk of activity in OSS. We provide further justifications in the text, but the general justification 

is straightforward: to the best of our knowledge, no other source of data can provide a standardized 

proxy for open source participation over time and across the globe. For entrepreneurship, we use 

the Crunchbase database. Once again, our justification is similar. Crunchbase measures the bulk 

of activity, and, to the best of our knowledge, no other source provides a standardized proxy for 

entrepreneurial activity over time and across the globe. We provide further justifications in the 

text, and they largely stress making progress on a big topic where previously it has been limited.  

As the first study to explore their global relationship, our research goals must be both 

descriptive and analytical. The goals motivate collection of additional information to serve as 

country-level correlates and controls. The study proceeds in steps, starting with establishing 

association and progressing towards causation. We first examine the relationship between country-

wide open source activity and the broadest economy-wide measures of entrepreneurial activity. 

After examining the broad relationship, we examine increasingly narrow and specific aspects of 
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this entrepreneurial activity, including whether firms focus on OSS specifically, whether they 

aspire to a global or mission orientation, and whether they are high quality, as evidenced by 

entrepreneurial financing. We next focus on statistical identification to support causal inference, 

developing an instrumental variable (IV) approach. These instruments combine supply and 

demand-side levers that would increase open source use without independently increasing 

entrepreneurship. We next apply this IV approach, and then we estimate an Arellano-Bond (1991) 

GMM estimator, which (by design) generates an additional lagged instrument.  

The broad results are striking. The study establishes a robust association between GitHub 

participation and entrepreneurship, and this holds for both broad and narrow positive effects on 

entrepreneurship. We find that a one percent increase in GitHub commits (code contributions) in 

a given country is associated with a 0.1-0.5 percent increase in technology ventures in that country 

– approximately 12.7 new IT ventures (broad) and 0.02 new open source ventures (narrow) per 

year per country on average. In terms of other narrow effects, perhaps the results are more 

surprising. A one percent increase in GitHub commits is associated with a 0.6 percent increase in 

the number of new venture financing deals, a 0.97 percent increase in venture financing value, and 

a 0.3 percent increase in the number of technology acquisitions, suggesting 16.7 new financing 

deals, $1.3 billion in new venture financing, and 1.3 acquisitions per country per year on average. 

Furthermore, a one percent increase in GitHub commits leads to a 0.1-0.5 percent increase in the 

number of global and mission-oriented ventures, indicating that increases in OSS activity not only 

impact the rate of entrepreneurship, but also the direction these new firms take. We also find 

support for a causal relationship, but, unsurprisingly, it is bounded for some of the narrower and 

specific measures. These results involve nuance, and we defer the explanation to the text, which 

contains details. 
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Overall, this study points towards OSS as a potential factor partially accounting for 

diverging growth rates in entrepreneurship in countries around the world and contributes to several 

research agendas. As noted, it provides the first econometric approach to assessing the relationship 

between OSS and entrepreneurship across the globe using large-scale data. We add to the small 

number of studies that have measured it with causal statistical methods. The emphasis on broad 

and narrow entrepreneurship channels also is novel for studies of global entrepreneurial activities. 

While prior research has highlighted the role of geographically localized studies of OSS (Nagle, 

2019a; Lerner and Schankerman, 2010, Kogut and Metiu, 2001), no research has implemented a 

practical way to extend these insights into statistical tests of worldwide activity of 

entrepreneurship. We contribute statistical evidence for why entrepreneurial development comes 

from entrepreneurs in some countries, and, relatedly, why entrepreneurship occurs in some 

countries more than others. Although OSS contributions on GitHub only capture the tip of the 

iceberg of all coding activity in a country, it captures a critical path through which programmers 

can learn to work in teams with other programmers, rather than just writing code by themselves. 

In addition, our results contribute to unpacking the economic importance of the subset of intangible 

inputs to innovation that includes unpriced digital goods like OSS (Greenstein and Nagle, 2014; 

Keller et al, 2018; Robbins et al, 2018). Finally, this study also contributes to policy studies of 

OSS, as it highlights a possible lever that governments can use to help enhance the levels of 

entrepreneurship in their locales and identifies some of the underlying reasons why such policies 

lead to heterogeneous outcomes. 

We also contribute to the methodology of studying OSS. As a statistical matter, we 

demonstrate that OSS participation can serve as a valuable predictor variable for quality ventures 

and entrepreneurial ecosystems around the world. This study demonstrates how to match large-
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scale GitHub platform data with commonly-used and publicly available firm-level and country-

level data to measure the impact of OSS. The implementation of our instrumental variable strategy 

is novel, and, as no instrumental strategy is ever the last word on a challenging topic such as this, 

we view that as methodological advance significant for inspiring further research. Similar 

implementations could be extended in a variety of directions to accommodate different data sets.  

The paper is organized as follows. Section II provides an overview of the literature on open 

source software and arguments for why the impact on entrepreneurship could be positive or 

negative. Section III presents the empirical framework and data used in the analysis. Section IV 

discusses the results. Section V concludes and discusses policy and managerial implications.  

 

II. Conceptual Framework 

Why should we expect there to be a relationship between OSS and entrepreneurship, either 

positive or negative? The answer guides our data construction and informs the expectations of 

statistical relationships. Though current data do not permit us to isolate these potential 

mechanisms, we argue that the importance of the activity merits understanding the high-level 

relationship between OSS and entrepreneurship. We further discuss the potential broad and narrow 

applications of these effects.  

Effects of OSS on Entrepreneurship  

We might expect open source to have a positive effect on entrepreneurship through several 

possible mechanisms, labeled here as the following: human capital, complementary attributes, and 

information channels.  

Human Capital 
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OSS may both attract high skilled participants, who possess familiarity with online tools 

necessary for starting a company (selection effect), and who also develop such skill through 

experience (experience effect). The selection effect arises because OSS attracts those who already 

have acquired the skills to start entrepreneurial businesses. Participating has extrinsic value due to 

the access to career and venture financing opportunities through reputational signaling (Lerner and 

Tirole, 2002; Blatter and Niedermayer, 2009; Mehra, Dewan and Freimer, 2011; Bitzer and 

Geishecker, 2010; Hann, Roberts, and Slaughter, 2013).  

The experience effect suggests people acquire internet-specific skills and experience through 

participating in OSS (Krogh et. al., 2012; Lakhani and Wolf, 2003; Lakhani and von Hippel, 2003; 

Marlow and Dabbish, 2013; Nagle, 2018). Interacting with other OSS community participants 

raises the quality of the IT-savvy programmers, and increases opportunities to obtain the human 

capital necessary to start a business.  

Both effects yield the same prediction: the pool of potential entrepreneurs increases when the 

pool of participants in OSS increases. We expect that to manifest as a statistical relationship: higher 

participation in OSS yields more potential entrepreneurs, which yields more actual 

entrepreneurship.  

Complementary Attributes 

A host of complementary activities support and enhance OSS, such as peer coders, community 

infrastructure, and a feedback and recognition system. These complementary resources raise the 

quality of participant engagement on the OSS platform. More participation in OSS requires the 

availability of equipment for programming/online activities and interaction with other contributors 

to a project, and these same assets also play a role in founding entrepreneurial ventures. For 

example, during exploratory interviews with OSS developers conducted by one of the authors, one 
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developer noted meeting his future company co-owners at an open source conference and gaining 

access to future clients through his profile and activity on GitHub. Hence, higher participation in 

OSS can denote a higher availability of these assets, which contributes to a large pool of potential 

entrepreneurs.  

Information Sharing 

 Most OSS communities pursue some form of knowledge sharing, both for pragmatic gain as 

a means of completing a project and for an ideal pursued as an end in itself. In the first case, OSS 

communities efficiently facilitate information flows through re-sharing programming solutions, 

ultimately reducing costs of IT development (Haefliger, Krogh, and Spaeth, 2008). Similar to 

above, this sharing increases the quality of IT-savvy programmers and improves the development 

of human capital. Through this pragmatic channel, more participants in OSS increases information 

sharing—both tacit and explicit (Faraj, Krogh, Monteiro, and Lakhani, 2016)—and experience 

with programming communities  increases the pool of potential entrepreneurs, as well as the 

quality of human capital. OSS also enables standardization, which reduces barriers to information 

sharing (Varian and Shapiro, 2003).  

Exposure to the OSS platform also may enable “exploratory” flows of information by exposing 

participants to potential entrepreneurial ideas (March, 1991). For example, a participant on GitHub 

may explore a need for more advanced machine learning capabilities for textual analysis and start 

a company that provides such data mining analytics software and/services. In exploratory 

interviews, one developer acknowledged that he got the idea to start a software warehouse from 

observing the gaps in coding libraries on an open source platform. Another obtained the idea to 

start a blockchain company by observing the lack of easily accessible open source blockchain 

solutions for small companies. Information sharing for intrinsic value, rooted in community 
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motivations (Krogh et. al., 2012), may also generate more mission-driven2 startups, but which may 

or may not be financially valuable.  

Costs of OSS to Entrepreneurship  

 On the other hand, OSS may reduce entrepreneurship rates around the world because of 

substitute demand channels of human capital and competition.  

Human Capital Substitute Channels 

 The increasing mainstreaming of OSS, with large companies ever more actively 

participating in OSS projects and even acquiring OSS platforms, as Microsoft and IBM have done 

with GitHub and RedHat respectively in the last year, increase opportunities for OSS contributors 

to gain employment with these entities. Thus, the same extrinsic career motivations that may attract 

high human capital to participate in OSS may also incentivize them to become workers for 

incumbent companies, rather than start their own companies as entrepreneurs  (Lerner and Tirole, 

2002; Blatter and Niedermayer, 2009; Mehra, Dewan and Freimer, 2011; Bitzer and Geishecker, 

2010; Hann, Roberts, and Slaughter, 2013).  

Competition 

 The free and open nature of OSS can also reduce software comparative advantages of 

companies leveraging this software. Anticipating the low barriers to entry of OSS, participants on 

OSS platforms may become disincentivized from becoming entrepreneurs. This lack of advantage 

reduces prospects for investment, survival, and profit. Indeed, software companies leveraging OSS 

need to create a comparative advantage in different areas of their business, whether it be through 

the provision of better-quality complementary services, access to unique data, differentiated 

                                                        
2 We define “mission-driven” as startups engaged in socially-impactful activities, such as promoting gender 
equality, economic opportunity, environmental sustainability, improved health, education, and access to finance. 
Below we discuss the exact operalization of this measure.  
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positioning of their services to users, or other add-ons, which OSS participants may consider too 

difficult amid stiff competition from peer participants.  

The Net Effect – Broad and/or Narrow 

A great deal of entrepreneurial activity would occur whether or not OSS contributes to it, and 

the levels vary around the world. Existing studies stress the role of factors such as human capital, 

institutional and regulatory environment, and economic wealth in explaining this variance. We 

explore the role of OSS in helping to explain this variance as well.  

The literature has established that technology entrepreneurship varies in the scope of its 

aspiration. Some research narrowly focuses on IT-specific issues in downstream IT application 

markets that focus on a particular industry (Wen, Ceccagnoli, and Forman, 2016). Other writing 

focuses on broad markets that use IT as an input or service to complement the outcome, traversing 

industry boundaries (Athey and Stern, 2018; Lerner and Schankerman, 2010, Skinner and Staiger, 

2007). It is an empirical question whether broad (cross-industry/markets) or narrow (single 

industry/market) dominates worldwide activity. If OSS affects entrepreneurship, it will have 

consequences for the broad or narrow nature of new ventures. For example, if OSS is an important 

channel for creating valuable firms, we expect it to affect more IT-intensive activity, and we expect 

it to generate attractive firms with high valuation. If OSS acts as an important channel for sharing 

information for its intrinsic value within specific communities, OSS may be particularly important 

for predicting mission-driven startups.  

As one of the earliest papers to look worldwide at this phenomenon, empirical measurement 

will start broadly, and then become increasingly narrow. First, we examine all activity. Second, 

we examine OSS-specific entrepreneurial activity. Third, we examine “valuable” activity reflected 
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in financing outcomes. Fourth, we examine IT activity with global and mission orientations to 

better understand the direction this entrepreneurship takes.  

The entire framework adds up to the following: if we observe OSS encourage broad based and 

narrow entrepreneurship, then we conclude its major spillovers go to the economy at large. If we 

observe OSS encourage more broad-based entrepreneurship, but not narrow entrepreneurship, 

then, we conclude its effects are relevant but bound to specific segments of society. If we observe 

that OSS does not encourage broad based entrepreneurship, but does encourage narrow 

entrepreneurship, then we conclude it is important only for a fraction of ventures. If we observe 

OSS encourages neither broad based or narrow entrepreneurship, then we conclude it is irrelevant 

in stimulating entrepreneurship, or may discourage it by drawing programming talent away from 

entrepreneurship.  

 

III. DATA AND EMPIRICAL FRAMEWORK 

Dependent Variables 

 The main dependent variable of interest is the amount of entrepreneurship in a country in 

a year. We measure this as the number of new technology ventures founded per year in a given 

country. We use country-level data on entrepreneurial formation from Crunchbase, a frequently 

used data source for studies of entrepreneurship (e.g., Yu, 2019; Scott, Shu, & Lubynsky, 2019). 

The Crunchbase database has grown in popularity in the venture capital industry (quickly 

becoming a primary data source for investors), as well as in scholarly research where it has been 

used in over 90 scientific articles including in entrepreneurship (Dalle, et. al., 2017; Yu, 2019; 

Scott, Shu, & Lubynsky, 2019; Koning, Hasan, and Chatterji, 2019). The latter source enables a 

variety of broad and narrow definitions of country-wide entrepreneurship. 
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This data comes with a number of well-known biases that necessitate econometric 

corrections. The Crunchbase dataset launched in May 2007, and contributors have backfilled data 

on companies founded prior to that date, allowing the database to be used for studies spanning a 

wide period of time, such as Block, et. al. (2009)’s study on the impact of the 2007 financial crisis. 

That necessitates controls for time, and sensitivity to the orthoganility of these errors and our 

control variables, which motivates a range of robustness tests. Relative to other commercial and 

public databases on firms, Crunchbase focuses on younger firms with more detailed information 

that is updated on a daily basis because of the partially crowdsourced nature of the dataset. Like 

other firm-level databases such as Orbis and Amadeus, the dataset suffers from inconsistencies 

across countries and sectors and survival bias, but in aggregate, its VC funding statistics by country 

and year are similar to alternative sources (Dalle, et. al., 2017; Kalemli-Ozcan, et. al., 2015; Kaplan 

and Lerner, 2016).  

Crunchbase classifies new companies into categories of varying granularity. In light of our 

concerns about broad/narrow relationships, we utilize two: the broad “economy-wide” (IT) 

category and the narrow “specific implementation” (OSS) category. “Economy-wide” (hereafter 

labeled as IT) includes information technology (such as cloud data services, network security, and 

data integration), hardware, and software3, while the narrow sub-category of software only 

includes companies focused on open source software (or OSS). They differ in their scope of 

technology provisions, the first covering technologies with broad applicability and the latter a 

subset with narrow and specific scope. As it turns out, the concern about broad and narrow may 

                                                        
3 Examples of sub-categories in our sample include: business information systems, cloud data services, and video 
chat (information technology); natural language processing, task management, and open source (software); and 
cloud infrastructure, data center automation, and network hardware (hardware).  
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be misplaced. These two dependent variables are highly correlated (0.6), and, therefore, 

statistically point in similar directions.  

We try a further narrowing of the endogenous variable, and try to reduce measuring 

spurious activity for startups with little economic importance. If open source activity has an impact 

on new ventures, we would expect some fraction of these to obtain high values. Again, no single 

best approach dominates, and so we aim to capture the tip of this iceberg by measuring this in two 

ways -  entrepreneurial financing and acquisitions.  

We use the Preqin database to measure financing using 1) the total value of all venture 

investments in information technology companies that occurred in a given country in a given year; 

and 2) the total number of venture investments in information technology  companies in a given 

country in a given year. Preqin claims to cover 70 percent of all capital raised in the private equity 

industry, with 85 percent of the data gathered via Freedom of Information Act requests targeting 

public pension funds (thus helping to reduce self-reporting bias) and the rest come directly from 

fund managers; the data have been used by other studies such as Axelson, et. al., 2013 and 

Chakraborty and Ewens, 2017. Unlike when we consider the impact on number of new 

entrepreneurial ventures, when using these financing measures, we make no distinction between 

OSS focused entrepreneurship and non-OSS focused entrepreneurship. We use these measures to 

understand OSS’s impact on the quality of broader entrepreneurship.  

Next, we narrow our endogenous variable further to focus on acquired ventures, as one 

proxy of quality. For acquisitions, we use data from Crunchbase on the number of acquisitions of 

IT (including information technology, hardware, and software, as above) companies. Crunchbase 

logs transaction-level data on events in which any of the companies it covers are acquired; we 

aggregate these events to the country of interest in a given year.  
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Our final set of measures assess the direction of new startups, and consider whether they 

are global (i.e. targeting worldwide problems versus local country/region problems) or mission-

oriented (e.g. targeting socially impactful problems). This reflects a very narrow conception of 

startups, stressing the idealistic origins of open source communities. We implement this measure 

through textual analysis of Crunchbase company descriptions. Open source participation may 

affect the mission or global orientation of new ventures given that the OSS ecosystem places 

importance on the community benefits and culture (Krogh et. al., 2012).  

Crunchbase includes a company description – usually taken from the company’s website 

or other online presence. We construct the global and mission variables through two approaches: 

word searches of the company descriptions4 and a supervised logistic regression algorithm.5  

All these variables match the exogenous variables at the same unit of observation, which 

is the year and country. For consistency, we aggregate any data measured at more granular levels 

to the yearly level, and then we log the variable to help address skew. In practice, we take 

log(1+VARIABLE) to account for observations with a value of 0. 

Independent Variables  

 We use the GitHub platform, the largest repository of OSS on the globe, as our empirical 

setting for the primary variable of interest. It provides a consistent and standardized measure of 

activity in open source in a given country in a given year. The globally comprehensive nature of 

                                                        
4 Global orientation is measured through the use of the words  “international” and “worldwide” in the company 
descriptions. Mission orientation is measured through the use of the words “empower,” “gender,” “women,” and 
“climate” in the company descriptions.  
5 We manually train the logistic regression algorithm on roughly 1,000 startup descriptions by classifying each firm 
as mission-oriented (1/0) and/or global-oriented (1/0). We then take 20 percent of these data as test data and see how 
accurate our algorthim is at classifying these data based on the logistic regression function derived from the other 80 
percent, compared to what we actually manually coded this 20 percent. This yields a test accuracy rate of 
approximately 93% accuracy for global orientation and 95% accuracy for mission orientation. While there is no 
standard test error accuracy, generally above 50 percent indicates that classification performs better than random. 
We then apply this logistic regression function to the rest of our data to get a universal measure of global and 
mission orientation for our study.  
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these data is one of the strengths of the dataset. While frequently used in technical studies of OSS 

(e.g. Medappa and Srivasta, 2019), to our knowledge, it has rarely served as a global source of 

data for business and economic studies (For a close exception, see Nagle, 2019a). 

GitHub is the most widely used repository for hosting OSS projects. Created in 2008, GitHub 

quickly became the central repository for most major open source projects (Github, 2019). It also 

became a repository for open source projects founded before 2008, which moved to the platform 

to take advantage of its useful tools. Based in San Francisco, it contains 35 million public 

repositories, as of March 2020 (https://github.com/search?q=is:public), and, including private 

repositories, passed more than 100 million total in 2018.6 Microsoft purchased GitHub in June 

2018, for $7.5 billion, and it is now led by Nat Friedman, reporting to Scott Guthrie, executive 

vice president of Microsoft Cloud and AI.  

Facilitating the sharing of information is the site’s primary purpose, so, unsurprisingly, much 

of the information and code on Github is useful. To contribute to OSS projects hosted on GitHub, 

participants must create user profiles with basic information about themselves and their 

backgrounds. Given the open and free nature of OSS, anyone across the world can use and 

contribute to code on GitHub, and that enables measures of the country-level contributions and 

local embrace of the OSS ethos. Prior research has shown that roughly 50 percent of participants 

include the country in which they reside in their profile (Nagle, 2019a). While it would be ideal if 

100 percent of participants included their country, no evidence suggests a lack of reporting biases 

the sample in any meaningful way.7 This permits measurement of a wide range of contributions 

                                                        
6 Private repositories generally contain proprietary code owned by companies and do not meet the definition for 
open source software. 
7 In particular, there would be a bias concern if there was evidence that people from some countries over-reported 
their country, while people from other countries under-reported their country in a systematic way. 
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associated with different countries and enables our country-level empirical analysis. And it 

motivates us to pursue a wide range of tests in the search for robust statistical patterns. 

The principal independent variable of interest is OSS participation. We measure participation 

as the number of new commits (on average one line of code) made to OSS projects hosted on 

GitHub yearly by developers that have self-identified as living in a given country from 2000-2016.8 

We obtain these data from the Google BigQuery hosting of the GHTorrent database, which is a 

mirror of all of the activity on GitHub. The data prior to 2008 reflect projects that were founded 

before the formation of GitHub and were migrated to the platform.9 We aggregate the data to the 

yearly level, and compute log(1+VARIABLE). 

Control Variables 

 To control for various characteristics that may affect new venture formation, independent 

of GitHub participation, we include several country-level controls in our analysis.  

The size of a country and its economy influences both entrepreneurship and the availability 

of resources to fund entrepreneurship. Therefore, we include country-level GDP per capita and 

population data, sourced from the World Bank.  

The size and sophistication of a country’s internet should also influence potential 

entrepreneurs and their experience. Therefore, we control for internet connectivity via the number 

of internet users per capita, sourced from the International Telecommunications Union.  

The level of skill and experience of the population also shapes entrepreneurship. The 

Human Capital Index,10 sourced from the United Nations, measures the general skill level of the 

                                                        
8 A commit can be numerous lines of code and a commit can represent the deletion of lines of code. On average, 
however, commits consist of a change to one line of code (Nagle, 2018). 
9 This necessitates testing results with and without the ealiest data. The results generally hold if we only use data 
from 2008 onwards only.  
10 The Human Capital Index is only available in 2003, 2004, 2005, 2008, 2010, 2012, 2014, 2016, and 2018. We 
impute the values for the unavailable years as averages of the index values of the years before and after.  
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workforce.11 We also include an institutional variable reflecting the cost of business startup 

procedures, sourced from the World Bank (as a percent of GNI per capita). 12  

Many factors shape entrepreneurship each year (independent of the country), such as the 

general state of demand for IT applications, the general optimism of investors, and the state of 

political uncertainty. We do not measure any of these factors directly, but instead, the empirical 

specification also includes year fixed effect to capture general secular trends shared across all 

entrepreneurs in all countries.  

Data Sample 

The data sample consists of 3,383 observations, encompassing a panel of 199 countries 

over 17 years (2000 to 2016). The panel becomes unbalanced due to missing observations among 

some of the exogenous variables.  

The sample draws from a wide variety of levels of development and environments. High-

income countries comprise a significant share of the sample (68 countries comprising 34 percent 

of the sample) due to data availability, but do not dominate the dataset. A similar statement holds 

for countries from Europe and Central Asia (55 countries comprising 28 percent of the sample).  

With the country limitations imposed by the Human Capital Index and cost of starting a business 

data, our sample includes a similar representation of countries, with high-income countries 

covering a significant share of the sample (58 countries comprising 31 percent of the sample for 

the first and 68 countries comprising 34 of the sample for the latter), and similarly for European 

and Central Asian countries (51 countries comprising 27 of the sample for the first and 54 countries 

comprising 27 of the sample for the latter)  

                                                        
11 This index is comprised of the adult literacy rate, combined enrollment ratio of primary, secondary, and tertiary 
schooling, expected years of schooling, and average years of schooling. 
12 We also consider ICT patent applications to the USPTO, but we exclude it from the main specification because of 
its high correlation with the log of IT ventures dependent variable (a 0.87 correlation).  
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 In consutructing this data we face a trade-off between the number of control variables and 

sample size. For example, GDP per capita data cover 191 countries, the internet users data cover 

198 countries, the Human Capital Index data cover 186 countries, and the cost of new business 

procedures data cover 198 countries. These four variables share coverage in 183 countries. We 

choose to maximize the number of control variables in order to control for potentially unobserved 

variables. We find that doing this does not reduce the spread of observations across disparate 

settings, preserving an important feature of the data.  

We also lose observations due to missing variables in some years, especially among Sub-

Saharan and upper middle-income countries. That further reduces the number of observations in 

the final sample for specifications with all control variables included, which consists of 2,656 

observations. Once again, it continues to sample from a disparate set of circumstances. We 

consider this a good feature, as it retains variance along a novel dimension for studies of open 

source.  

Empirical Specification 

To start, we initially establish descriptive patterns. After finding robust associations, we 

utilize a variety of econometric tools to help us approach causal interpretations.  

We begin with an OLS model, regressing the main logged dependent variables on logged 

GitHub commits, as shown in Equation 1.  

  !"#	 = 	&"# + ()*+,-."# + 	/01+2034"# + 5# + 	6   (1) 

Where )*+,-."#  indicates logged GitHub commits in country i in time t. Yit is the vector of logged 

endogenous variables indicating new venture formation, and in further analysis, funding 

rounds/revenue, and the global/mission orientation of new ventures. /01+2034"# is the vector of 

controls, including logged GDP per capita, logged population, logged internet usership as a percent 
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of the population, human capital index, and the logged cost of starting a new business as a percent 

of GNI. 5# reflects year fixed-effects. The OLS uses robust standard errors clustered at the country 

level. 

While this OLS specification provides a description of statistical associations, it faces two 

factors that cloud causal interpretation of the estimates. First, unobservable factors could lead 

residents of a country to both contribute to GitHub and begin new ventures. While we include 

many control variables, the control variables do not measure all the factors that affect both. Second, 

there is endogeneity in the time variation, as there is potential unobserved path dependency in 

GitHub commits and new venture formation. We would expect both factors to impart a positive 

bias in the OLS estimate, which achieves identification off variation “between” countries. One 

generic approach to this concern, including country fixed-effects in the estimates to identify 

“within” estimates, fails here due to insubstantial variation in many variables within a country over 

time. 

 Therefore, we take two approaches to identification. First, after OLS, we pursue a 2SLS 

instrumental variable design, and due to our research question, we focus on instrumenting for the 

relationship between GitHub participation and entrepreneurship using seven different instruments. 

We regress the instruments (discussed below) on GitHub commits (in the first stage), and then use 

the result in an estimate similar to equation 1 in the second stage. Second, we also consider the 

GMM estimator developed by Arellano and Bond (1991) that helps to account for the correlation 

between countries from one year to the next. We implement the Arellano-Bond model both without 

and with the seven additional instrumental variables.  
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Instruments 

 This study employs a number of instruments. These instruments are valid and satisfy the 

exclusion restriction if they change the level of  open source without independently affecting 

entrepreneurship. We expect the “between” variance to dominate “within” variance (which we 

later confirm in the data), so we are most concerned about avoiding instruments that shape 

unmeasured country-specific factors encouraging both open source and entrepreurship, despite use 

of controls. The factors that increase both – human capital and business institutions – will not be 

valid instruments, generally speaking.  

We consider both the supply-side and demand-side drivers of open source usage, and use 

the logic of supply and demand for open source to anticipate satisfying the exclusion restrictions. 

As the first study to consider global variance in entrepreneurship and open source, we favor an 

exploratory approach that yields broad lessons, attempting more instruments than the minimum.  

 We also examine an additional concern about serial correlation in errors between 

contiguous years of observations, and explore how these may shape estimates – for which we use 

the Arrelleno-Bond model, which generates an additional set of instruments. This latter approach 

comes with the drawback that it imposes a strict model that reduces the size of the data set to only 

countries for which we have complete data, and, as intended, reduces the effective variance for 

identifying coefficients, which we expect will diminish the precision of estimates.    

Supply-Side Instruments 

Three of the instruments are interaction instruments comprised of variables that would 

reduce costs to open source participation. These include high human capital, digital skills,13 and 

                                                        
13 The digital skills variable is aggregated from the World Economic Forum’s Global Competitiveness Index, which 
is on a 1-7 scale, where 1 indicates that the active population does not at all possess sufficient digital skills (e.g., 
computer skills, basic coding, digital reading), and 7 indicates it does to a great extent. It is only available for 2017, 
so we use a single aggregated value for each country. We then calculate above and below median values.  
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internet users. Each is defined as above-median14 levels of human capabilities, either broadly 

reflected in human capital or narrowly reflected in digital skills or internet users, and each is 

interacted with below-median economic growth. The literature has used such interaction 

instruments in a variety of scenarios (e.g. Angrist and Krueger, 1991).  

These three instruments follow a related logic. Each should increase open source use 

through the supply-side. High human capital, digital skills, and internet connectivity in a country 

increase the potential supply of capable open source contributors, while the combination with weak 

economic growth increases probability for those skills to become oriented towards open source 

use because of lay-offs, less demands on work time, and aspiration to signal skills to potential 

employers (Lerner and Tirole, 2002). At the same time, weak economic growth should not increase 

entrepreneurship because economic downturns should discourage the demand for, and increase the 

challenges to, raising capital for starting a new enterprise. Low demand also may decrease the 

optimism over near-term increases in the level of final demand for an entreprenuer’s product, 

which may be tied to low optimism for country-wide building of digital infrastructure that 

complements many software businesses (Greenstein, 2020). These instruments cover the entire 

span of the dataset (2000-2016). 

Further, we construct two additional instruments by using the method developed by Bartik 

(1991), which employs trade relationships between countries as exogenous shifters in the potential 

supply of labor with a specific skill. More specifically, we identify each country’s top three trading 

partners from the prior year, and consider the OSS activity in those countries. The first instrument 

is created by averaging the total number of GitHub commits of the top three trading partners in the 

prior year. The second is created by averaging the growth rate of GitHub commits from two years 

                                                        
14 Above median reflects the top two quartiles of the country-year dataset and below median reflects the bottom two 
quartiles of the country-year dataset.  
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prior to the prior year in those three countries. According to the logic of the Bartik instrument, 

large trading partners will have an increased influence on the exposure of individuals in the focal 

country to external ideas (in this case, OSS), hence exogenously shifting the likelihood of 

individuals in the focal country to engage with such practices.15  

Demand-Side Instruments 

The next two instruments encompass demand-side pulls on open source use, reflected in 

government-level open source policies employed by 64 countries around the world from 2000 to 

2009. We use the OSS related policies, approved and implemented at the country level as captured 

in an aggregated database constructed by Lewis (2010).16  We treat countries without policies in 

this database as 0 for the entire time period. For countries that do have such a policy, the value of 

the instrument is 0 before the policy comes into place and 1 after (and including) the year when 

the first policy is employed. For example, Argentina implemented its first open source policy in 

2004 (an advisory policy), so the policy instrument was 1 from 2004 onwards and 0 in 2003 and 

earlier.  

We restrict analysis using this instrument from 2000 to 2009 due to unavailable data on 

OSS policies after 2009. Open source policies should increase open source participation in the 

respective country. It also is consistent with Nagle’s (2019a) study examining the impact of one 

such policy in France. The instrument fulfills the exclusion restriction because the only way that 

the open source policy should affect new venture formation is through participants increasing their 

engagement with open source. This assumption holds to the extent that the timing for 

                                                        
15 Although we test these two Bartik instruments separately, additional analysis including both in the same 
regression leads to similar results. 
16 These policies are categorized as either advisory, research and development (R&D), preference, or mandatory. Of 
these policies, the mandatory instrument has the strongest relationship with open source contributions, as we would 
expect as such policies put more stringent demand requirements for open source. The ultimate instrument is 
aggregated across the four categories of policies as a binary variable. 
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implementing the policies is independent of any entrepreneurial activities, and in that sense 

resembles Athey and Stern’s (2013) assessment of software piracy policies across countries. For 

robustness, we also include a form of the open source policy instrument interacted with weak 

economic growth. As discussed above, weak economic growth may have a positive push on open 

source use, but should not have an independent positive impact on entrepreneurship. These two 

instruments encompass the period of 2000-2009 because of the span of the open source policy 

data. Other experiments with demand-side instruments did not pan out.17 

The supply-side instruments combining weak economic growth, high digital skills, and high 

internet users cover 193 countries and overlap entirely with the sample of 183 countries (including 

all controls) from 2000-2016. The two demand-side instruments including the open source policies 

encompassing the 2000-2009 period limit the sample to 181 countries. Due to missing 

observations, the analysis using the supply-side instruments consists of 2,647 observations and the 

demand-side instruments, including 1,508 observations using only the policy instrument, and 

1,504 observations using only the policy instrument interacted with weak economic growth. For 

the Bartik instruments, because they rely on activities in the prior year (or prior two years in the 

case of the growth instrument), the number of observations is reduced to 2,089 for the instrument 

using raw OSS contribution levels, and 1,854 for the instrument using OSS contribution growth 

levels. 

 

                                                        
17 One important and surprisingly weak candidate instrument relates to a language change on the GitHub platform. 
On July 13, 2010, the GitHub platform announced switching to English-only. Then, on November 18, 2016, the 
GitHub platform announced support for several other languages: Japanese, French, Serbian, German, Swedish, 
Croatian, Polish, and Dutch (GitHub, 2010; 2016). We also tested continuous versions of the instrument, using data 
from the UN and an academic study on Twitter on percentage of country populations speaking/engaging in certain 
languages (Mocanu, et. al., 2013). These continuous data are available only for a subset of countries (approximately 
half). We also tried out a variety of related instruments for this analysis across demand- and supply-side channels, as 
suggested by a variety of readers. We found them weak. Details available upon request.  
 



 

 

26 

 

IV. RESULTS 

Summary Statistics 

 Table 1 provides summary statistics. Given the large number of countries and length of 

time covered by this study, the variables have skewed distributions. For example, the average 

number of GitHub commits per year is 74,000 though the range is 0- 33,724,640. As noted earlier, 

we take the natural log of the variables to manage the skewed distribution.  

[Insert Table 1] 

Correlations among the variables indicate a positive relationship between the main 

dependent variables (log IT and OSS ventures) and logged GitHub contributions (Table 2). 

Additionally, all of the controls and instruments positively correlate, except for the cost of business 

startup procedures. The strongest relationship is between log GDP per capita and log interest users 

(0.78). Table 2 places further limitations on our empirical exercise, as it suggests we face 

considerable multi-collinearity in potential exogenous variables and controls, and we quickly 

exhaust the gains from “adding additional controls.” It also suggests identification requires a 

limited set of exogenous variables. In response, and to aid comparability across different 

endogenous variables, we adopt the same set of exogenous variables and controls across all 

estimates.  

[Insert Table 2] 

 

New Venture Formation 

 Table 3 shows OLS estimates that indicate a positive and statistically significant 

relationship between logged GitHub commits and logged IT ventures (columns 1-3) and logged 

OSS ventures (columns 4-6). Table 3 shows three sets of estimates for each of these dependent 
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variables: the first with no controls, the second with a small set of controls—which  have less than 

0.5 correlations with other variables in the specification—and  the third with the full set of controls. 

All include year fixed-effects. As we would expect, adding additional controls reduces the 

magnitude of the coefficient on GitHub commits. More controls account for more of the omitted 

variables that may affect both open source participation and new venture formation.  

The magnitude of the estimates in OLS appears to be large. With the full set of controls, a 

one percent increase in GitHub commits is associated with a 0.5 percent increase in IT ventures 

and a 0.08 percent increase in OSS ventures. The coefficient on IT ventures exceeds the coefficient 

on OSS ventures, likely because the latter is a narrower category, and OSS contributions affect 

both. A simple simulation helps ground the estimates. Taking the coefficients from columns 3 and 

6 in Table 3, an increase of roughly 74,000 Github commits (1 percent of the average in our 

sample) is associated with an increase in roughly 12.7 new IT ventures and 0.02 new open source 

ventures per year per country on average18.  

Figure 2 shows the fixed effects by year19. It contains a plausible pattern. These indicate a 

reduction in the growth of new ventures during the technology-related economic downturn in the 

early 2000s and the Great Recession in the mid-2000s, growth thereafter with flattening of growth 

during the latter part of the recovery, and lastly a reduction in growth in recent years. The latter 

trend, in particular, interests us, as it matches declines in business dynamism seen in advanced 

economies such as the United States (Decker, Haltiwanger, Jarmin, and Miranda, 2018).  

[Insert Table 3] 

                                                        
18 There are 25.72 new IT ventures and 0.22 new OSS ventures per year per country on average in our sample.  
19 The figure shows the coefficients on year fixed effecfts on the y-axis (from regressing logged IT venture founding 
on logged github commits) and year on the x-axis.  
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 Next, we use the instruments to address unobservables and potential endogeneity issues. 

Table 4 shows the first stage estimates of the seven instruments, including controls20 and year 

fixed-effects. These estimates confirm that the instruments fulfill the relevance assumption, with 

a statistically significant and positive coefficient on the log of GitHub commits. 

[Insert Table 4] 

 Table 5 shows the second stage results, which yield a positive and statistically significant 

coefficient on the log of GitHub commits across all models. Columns 1-7 use the natural log of all 

IT ventures founded in that country/year as the outcome. A one percent increase in GitHub 

commits is associated with a 0.6-1.2 percent increase in the formation of IT new ventures and a 

0.1-0.3 percent increase in the formation of OSS new ventures. The second stage coefficients are 

higher in magnitude than they were in the OLS, which may reflect the reduction in measurement 

error that may have caused attenuation bias in the OLS estimates (as happens in Bloom, 

Schankerman, and van Reenan, 2013).  

[Insert Table 5] 

We estimate similar specifications using the Arellano-Bond estimator (Arellano and Bond, 

1991). This model uses a one-period lag of the dependent variable (IT/OSS ventures in this case) 

as a control. It is also another instrument, because it uses two-period lags as instruments in a 

generalized method of moments (GMM) estimation, an approach employed in a variety of IT-

related studies (e.g., Tambe and Hitt, 2012; Nagle, 2019b). We find the results using this model to 

be consistent with those shown in the main OLS results for IT ventures, though the coefficients 

are smaller, as expected if unobserved factors correlated over time within country. Although some 

of the coefficients become not statistically significant at the 5% level, which may be due in part to 

                                                        
20 The controls include all those in the main specification (as shown in Columns 3 and 6 in Table 3).  
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the small number of OSS firms being founded in general, the estimate continues to suggest the 

importance of the relationship. A simple simulation can illustrate. A 10% change in Github 

commits leads to a 0.2-1% change in the endogenous variable. Table 6 shows that the coefficients 

on the lagged dependent variables are significant, adding support to the use of the Arellano-Bond 

model. 

[Insert Table 6] 

Table 7 shows the results when using the Arellano-Bond model combined with the 

instrumental variables discussed above. It represents the strictest model tested because it includes 

the full set of control variables from Table 3 columns 3 and 6, instruments from Table 4, and the 

lagged versions of the dependent variables using the Arellano-Bond GMM estimation. The 

coefficients on Github continue to retain statistical significance at the 5% level for IT ventures for 

two of the instruments using OSS policy, and at the 10% level using the Bartik OSS growth 

instrument, and their magnitude remains qualitatively similar with instruments. As with the results 

in Table 6, using the Arellano-Bond method with instruments offers less support for the impact on 

founding of OSS related ventures, which may be due to the small number of foundings of such 

companies in general. Interestingly, the coefficients on the lagged dependent variables become 

mostly not statistically significant when including these additional instruments, suggesting that the 

instruments also help reduce the endogeneity in the dependent variable lags that is inherent in 

panel data.  

[Insert Table 7] 

Overall, the estimates in Tables 3-7 generate a similar qualitative conclusion, irrespective 

of specification, controls, and instruments, with the statistical precision of the estimates becoming 

weaker with stricter controls for endogeneity and correlated errors. As one examines across 
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countries, more open source software in a country predicts more entrepreneurship. The variety of 

estimates also suggest an economically important relationship, even when controlling for different 

econometric implementations. We conclude, therefore, that there is a broad relationship in this 

data that holds for not only open source software-related entrepreneurship but also broader IT 

entrepreneurship.  

Financing and Acquisitions 

 Next we examine how open source participation affects the value of new ventures. We do 

this by relating open source participation to IT financing and acquisitions.  

In the OLS estimates in Table 8, columns 1-3, we use the specification with all controls 

(the same as Table 3, column 3) and find that a one percent increase in GitHub commits is 

associated with a 0.62 percent increase in the number of new financing deals, a 0.97 percent 

increase in venture value21, and 0.34 percent increase in the number of acquisitions. All of these 

coefficients carry statistical and economic significance. A one percent increase in Github commits 

leads to 16.7 new financing deals, $1.3 billion in venture financing, and 1.3 acquisitions per year22. 

[Insert Table 8] 

 In the instrumented estimates, included in Table A1, one percent increase in GitHub 

commits is associated with a 0.6-1.4 percent increase in the number of new financing deals, a 1.1-

2.6 percent increase in the venture value, and a 0.5-0.9 percent increase in IT acquisitions. Using 

the Arellano-Bond model, Table A4 shows a qualitatively similar coefficient estimate for the 

number of venture deals and venture value, and for the sake of brevity, we do not elaborate.  

                                                        
21 This variable indicates the amount of financing provided in USD.  
22 These values are calculated by multiplying the coefficients by the average number of financing deals (26.03), 
venture value in millions of USD (1324.7), and number of acquisitions (3.87) per year in the sample.  
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The results suggest open source software contributes to more of this narrow 

implementation of the definition of entrepreneurship. So far, we conclude that opensource software 

not only broadly predicts entrepreneurial ventures, but it also predicts more narrow valuable 

entrepreneurial ventures.  

Direction of New Ventures 

 We next test whether OSS encourages global and mission-oriented new ventures. In the 

OLS estimates (Table 8 Columns 4-11), we show that GitHub commits have a positive and 

statistically significant association with both global and mission-oriented new ventures.  

A one percent increase in GitHub commits is associated with a 0.1-0.5 percent increase in 

global IT and OSS ventures. A one percent increase in GitHub commits is associated with a 0.1 

percent increase in mission IT ventures using the word search approach and supervised algorithmic 

approaches. The word search approach for global ventures yields more conservative estimates 

because this approach covers only a subset of possible terms that indicate potential global and 

mission orientations. The algorithmic approach allows us to capture more synonymous terms and 

phrases.  

 The 2SLS estimates (Tables A2 & A3)  show that the supervised algorithm approach 

maintains statistically significant coefficients on both global and mission-oriented ventures. A one 

percent increase in GitHub commits is associated with a 0.1-1.1 percent increase in global IT and 

OSS new ventures (Table A2) and a 0.1-0.2 percent increase in mission IT new ventures (Table 

A3). These statistically and economically significant estimates exist using all of the instruments 

for global orientation and for two of the instruments for mission IT new ventures. However, these 

results lose significance using the Arellano-Bond model (Table A5).  
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Once again, the results estimate a relationship similar in magnitude to the previous 

findings. They indicate that OSS affects IT-specific entrepreneurial ventures, especially those with 

global or mission-oriented outlooks. Once again, and unsurprisingly, they lose statistical precision 

as the models become more strict. Overall, we conclude that OSS predicts more narrowly global 

and, to a more limited extent, mission-oriented ventures.  

V. Discussion and Policy/Managerial Implications   

Our results find that nearly all implementations of the relationship between OSS and 

entrepreneurship, whether broad or narrow, are statistically significant and economically 

important. The lower occurrence rate of the narrow measures of entrepreneurship put bounds on 

the ability to ascertain a definitive causal relationship. A one percent increase in GitHub commits 

is associated with the formation of roughly 12.7 new IT ventures and 0.02 new open source 

ventures per year per country on average, reflecting broad effects. The same one percent increase 

in GitHub commits is associated with higher quality ventures reflected in 16.7 new financing deals, 

$1.2 billion in venture financing, and 1.3 acquisitions per country per year on average. It also leads 

to 0.1-0.5 percent increase in the number of global and, to a limited extent, mission-oriented 

ventures, reflecting narrow effects. Overall, this evidence suggests that OSS stimulates 

entrepreneurship and has important economy-wide effects.  

Worldwide variance in entrepreneurship arises due to many causes. We contribute an 

additional cause to this variance: OSS participation. For a wide set of specifications, participation 

in OSS activities predicts entrepreneurship, and the evidence suggests participation is not merely 

coincident with other factors that affect entrepreneurship. Thus, open source participation should 

be treated as an independent factor shaping the prevalence of entrepreneurship around the world, 
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important for both the development of local economies and the selection of cross-border 

investments.  

A simulation can illustrate the importance of the relationship between OSS and 

entrepreneurship. Table A6 reveals country-specific predictions for the number of new ventures 

for countries in our sample (where 2016 GitHub commits are available and non-zero). We 

construct these estimates by calculating the estimated percent change in new ventures for each 

country in 2016 using the full specification OLS model from equation 1, which we then multiply 

by the average number of ventures in 2016 in each country. The predicted values differ within 

income groups because of variations in 2016 GitHub commits, number of IT ventures, cost of 

starting a business, internet users, human capital, population, and cost of starting a business, in 

addition to GDP per capita. Large countries with an active digital presence and high human capital 

such as the United States, the United Kingdom, and India have the highest predicted venture 

numbers. A 1% change in participation yields several new ventures. Smaller countries with less 

developed digital footprints and human capital, such as Zambia, Bahrain, and Ethiopia, have the 

lowest predicted venture values. In a lower mid-income country, such as Ukraine, this model 

forecasts that a one percent increase in its 2016 GitHub commits would yield 0.14 more IT firms. 

This simulation reinforces the observation that the ability of OSS alone does not boost 

entrepreneurship; it also depends on underlying economic and institutional indicators.  

The scope of this study focuses on the worldwide effects of OSS on entrepreneurship, but 

we can only scratch the surface of this relationship. Though we find robust statistical evidence of 

a relationship, we do not identify the exact mechanisms behind this relationship. Several possible 

mechanisms can be consistent with our findings. OSS may enable more productive uses of human 
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capital, complementary attributes, and information channels. Future studies may further 

investigate and quantify these mechanisms.  

Some of the effects on entrepreneurship that we observe may generalize to other types of 

crowd platforms through a variety of channels. For example, crowdfunding platforms likely would 

lead to the formation of new ventures through complementary attributes via access to financing, 

more so than through information flows or human capital. Alternatively, innovation contest 

platforms would likely lead to new venture formation more through exploratory information flows 

over complementary attributes. Crowd platforms across categories tend to have global coverage 

and therefore likely would exhibit a rise in globally-oriented ventures. Some crowd platforms may 

be more likely to yield mission-oriented ventures, particularly those with a community orientation, 

such as crowdfunding platforms where investors can form alliances and open source platforms 

where teams build software projects together, relative to others that have more of a traditional 

transactional orientation such as freelancer platforms.  

Investors seeking to invest in emerging entrepreneurial ecosystems around the world may 

look to open source trends as a predictor. Policymakers seeking to build entrepreneurial 

ecosystems may use open source platforms as a channel of development, contributing to the 

formation of both broad and narrow (e.g., high quality and/or mission-oriented) based ventures. 

Policies that reduce barriers to and/or incentivize participation in OSS, whether it be through open 

source policies (as shown in the instruments) or improvements in internet connectivity, may be 

important stimulants to realize the benefits of OSS for entrepreneurship.  

There is ample room for further research to assess the mechanisms behind these outcomes 

to inform both development policy and managerial decisions. While open source lowers costs for 

entrepreneurs, high barriers to entry can arise from other causes and reduce entrepreneurship. 
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Agglomeration economies result in the concentration of innovative firm activity geographically 

with the emergence of entrepreneurial clusters (Marshall, 1920; Saxenian, 1994; Glaeser and Kerr, 

2009; Delgado, et. al., 2010). They also concentrate market power among several large “superstar” 

firms enabled by network effects and low marginal costs that increase barriers to entry and weaken 

dynamism in new business formation (David, Dorn, Katz, Patterson, and Reenen, 2017; Decker, 

et. al., 2016). More OSS code may make it easier for larger global companies to quickly enter new 

domains, to the detriment of smaller, local firms.  Future work could explore whether large firms 

benefit from open source just as much or more than small ones. 

This research also highlights a range of open questions about the geographic and country-

specific features of open source. Many countries, such as India, China, Russia, Korea, and the 

Ukraine, contain large open source communities. We expect to observe careful studies of the 

micro-mechanisms that lead communities within those countries to either successfully start 

entrepreneurial efforts, or fail due to local institutional barriers or resouce shortages. How much 

of entrepreneurship suffers in countries that lack the digital infrastructure to support rapid 

interaction with international repositories, such as in Africa, or, increasingly, in countries where 

repressive governments interfere with internet traffic? Relatedly, how much do countries suffer 

from lack of appropriate education or investment in the institutions that enable the development of 

appropriate human capital? Further, our efforts draw attention to the need for more investigation 

into the general supply and demand of OSS on a global scale. Existing research has left these 

questions unexplored. We have seen the rapid change in technology deepen gaps among countries, 

and this study shows the potential role of digital goods like OSS in either exacerbating or 

narrowing these gaps.  
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TABLES 
Table 1: Summary Statistics 

   

Variables
# of 
Countries N Mean SD Min. Max.

Log GitHub 199.00 3383.00 0.94 1.72 0.00 10.43
GitHub Commits (1000's) 199.00 3383.00 74.26 820.77 0.00 33724.64

Log IT Ventures 199.00 3383.00 1.02 1.57 0.00 8.12
IT Ventures 199.00 3383.00 25.31 171.34 0.00 3357.00
Log OSS Ventures 199.00 3383.00 0.08 0.33 0.00 3.61
OSS Ventures 199.00 3383.00 0.23 1.76 0.00 36.00

Log Population 199.00 3378.00 15.32 2.34 9.15 21.04
Population 199.00 3378.00 33900000.00 130000000.00 9420.00 1380000000.00
Log GDP Per Capita 191.00 3179.00 8.50 1.53 5.27 12.16
GDP Per Capita 191.00 3179.00 13992.67 21744.30 193.87 191586.60
Log Internet Users 198.00 3252.00 2.73 1.36 0.00 4.60
Internet  Users 198.00 3252.00 29.23 28.25 0.00 98.32
Human Capital Index 186.00 3063.00 0.72 0.23 0.00 1.42
Log Cost Startup 198.00 2906.00 3.29 1.49 0.00 7.34
Cost Startup 198.00 2906.00 64.27 106.56 0.00 1540.20

Below Median Econ. 
Growth X Above Median 
Human Capital Instrum. 193.00 3196.00 0.31 0.46 0.00 1.00
Below Median Econ. 
Growth X Above Median 
Digital Skills Instrum. 193.00 3196.00 0.36 0.48 0.00 1.00
Below Median Econ. 
Growth X Above Median 
Internet Users Instrum. 193.00 3196.00 0.31 0.46 0.00 1.00
Below Median Econ. 
Growth X OSS Policy 
Instrum. 193.00 3196.00 0.14 0.34 0.00 1.00
OSS Policy Instrum. 199.00 3383.00 0.23 0.42 0.00 1.00
Log Bartik (Raw) 176.00 2467.00 4.02 2.38 0.00 9.42
Log Bartik (Growth) 174.00 2206.00 0.00 0.01 0.00 0.15

Log Number of Financing 
Deals 199.00 3383.00 0.65 1.37 0.00 8.68
Number of Financing Deals 199.00 3383.00 26.03 260.55 0.00 5901.00
Log Value of Financing 
Deals 199.00 3383.00 1.15 2.43 0.00 12.69
Value of Financing Deals 199.00 3383.00 1324.75 14648.30 0.00 324737.20

Log Number of Acquisitons 199.00 3383.00 0.26 0.84 0.00 6.98
Number of Acquisitions 199.00 3383.00 3.87 37.93 0.00 1073.00

Log Number of Global IT 
Ventures 199.00 3383.00 1.01 1.57 0.00 8.12
Number of Global IT 
Vetures 199.00 3383.00 25.09 170.47 0.00 3344.00
Log Number of Global OSS 
Ventures 199.00 3383.00 0.07 0.33 0.00 3.61
Number of Global OSS 
Ventures 199.00 3383.00 0.22 1.76 0.00 36.00
Log Number of Mission IT 
Ventures 199.00 3383.00 0.10 0.39 0.00 3.83
Number of Mission IT 
Ventures 199.00 3383.00 0.32 2.26 0.00 45.00
Log Number of Mission 
OSS Ventures 199.00 3383.00 0.00 0.05 0.00 1.10
Number of Mission OSS 
Ventures 199.00 3383.00 0.00 0.07 0.00 2.00

Global and Mission Ventures

Instruments

Financing Deals

The following table presents summary statistics for all dependent, independent, control, and instrumental variables used in 
subsequent regressions. The values cover 2000-2016. The maximum number of countries covered by these variables is 199 and 

the minimum is 174. In instrumental variables noting "high" and "low" value combinations of variables, "high" reflects the top two 
quartiles across the country-year dataset and "low" reflects the bottom two quartiles across the country-year dataset. All variables 
vary by year, except digital skills, which is aggregated at the country level given the lack of availability of sufficient yearly data.

Table 1: Summary Statistics, 2000-2016

New Ventures

Controls
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Table 2: Correlations 

     

 

Log GitHub
Log IT 
Ventures

Log OSS 
Ventures

Log 
Population

Log 
GDP 
Capita

Log 
Internet 
Users

Human 
Capital 
Index

Log Cost 
Startup

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth 
X Above 
Median 
Digital 
Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 

OSS Policy 
Instrum.

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Log 
Financing 
Deals

Log Venture 
Value

Log Number 
of 
Acquisitions

Log Number 
of Global IT 
Ventures

Log Number 
of Mission 
IT Ventures

Log Number 
of Mission 
IT Ventures

Log Number 
of Mission 
OSS 
Ventures

Log GitHub 1.00
Log IT Ventures 0.67 1.00
Log OSS Ventures 0.40 0.57 1.00
Log Population 0.34 0.39 0.25 1.00
Log GDP Capita 0.42 0.62 0.29 -0.12 1.00
Log Internet Users 0.56 0.55 0.24 -0.06 0.78 1.00
Human Capital Index 0.23 0.48 0.21 -0.02 0.68 0.53 1.00
Log Cost Startup -0.53 -0.46 -0.22 0.01 -0.60 -0.73 -0.45 1.00
Weak Econ. Growth x 
High Human Capital 
Instrum. 0.34 0.45 0.26 -0.02 0.52 0.42 0.51 -0.34 1.00
Weak Econ. Growth x 
High Digital Skills 
Instrum. 0.25 0.28 0.19 -0.16 0.39 0.31 0.24 -0.25 0.59 1.00
Weak Econ. Growth x 
High Internet Users 
Instrum. 0.50 0.46 0.26 -0.01 0.55 0.62 0.36 -0.49 0.65 0.60 1.00
Weak Econ. Growth x 
OSS Policy Instrum. 0.55 0.55 0.36 0.21 0.45 0.42 0.31 -0.41 0.54 0.41 0.59 1.00
OSS Policy Instrum. 0.53 0.58 0.30 0.30 0.42 0.44 0.33 -0.44 0.30 0.18 0.34 0.74 1.00
Log Bartik (Raw) 0.60 0.21 0.05 0.06 0.23 0.53 -0.07 -0.36 0.07 0.15 0.36 0.18 0.16 1.00
Log Bartik (Growth) -0.09 -0.09 -0.04 -0.03 -0.13 -0.14 -0.09 0.12 -0.05 -0.03 -0.06 -0.04 -0.06 -0.11 1.00
Log Financing Deals 0.79 0.84 0.59 0.37 0.53 0.51 0.34 -0.47 0.40 0.29 0.44 0.58 0.60 0.33 -0.07 1.00
Log Venture Value 0.73 0.82 0.55 0.34 0.55 0.50 0.35 -0.45 0.40 0.29 0.44 0.56 0.58 0.30 -0.06 0.96 1.00
Log Number of 
Acquisitions 0.62 0.72 0.67 0.28 0.45 0.36 0.28 -0.38 0.37 0.29 0.37 0.53 0.48 0.17 -0.04 0.82 0.78 1.00
Log Number of Global 
IT Ventures 0.67 1.00 0.57 0.39 0.62 0.55 0.48 -0.46 0.45 0.28 0.46 0.55 0.58 0.21 -0.09 0.84 0.82 0.72 1.00
Log Nmber of Global 
OSS Ventures 0.40 0.57 1.00 0.25 0.29 0.24 0.21 -0.22 0.26 0.19 0.26 0.35 0.30 0.05 -0.04 0.59 0.55 0.67 0.57 1.00
Log Number of 
Mission IT Ventures 0.49 0.66 0.67 0.28 0.32 0.28 0.22 -0.25 0.26 0.19 0.27 0.34 0.32 0.13 -0.04 0.65 0.61 0.72 0.66 0.67 1.00
Log Number of 
Mission OSS Ventures 0.13 0.15 0.31 0.07 0.06 0.06 0.05 -0.08 0.07 0.02 0.06 0.10 0.08 0.01 -0.01 0.17 0.14 0.19 0.15 0.31 0.25 1.00

The following table presents correlations between the main dependent, independent, control, and instrumental variables used in subsequent regressions. 

Table 2: Correlations
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Table 3: OLS Estimates 

 

 
 

 

1 2 3 4 5 6
Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log GitHub 0.829*** 0.588*** 0.490*** 0.115** 0.0865*** 0.0799***
(0.0425) (0.0400) (0.0385) (0.0350) (0.0217) (0.0211)

Log Population 0.145*** 0.221*** 0.0119* 0.0186**
(0.0269) (0.0287) (0.00478) (0.00578)

Human Capital Index 1.354*** 0.0000872 0.0144 -0.0900*
(0.203) (0.276) (0.0264) (0.0415)

Log Cost Startup -0.177*** 0.00143 -0.0112 0.000840
(0.0409) (0.0465) (0.0104) (0.0114)

Log GDP Capita 0.238** 0.0223*
(0.0737) (0.0102)

Log Internet Users 0.302*** 0.0150
(0.0691) (0.0101)

_cons 0.738*** -1.564*** -4.972*** 0.0593*** -0.0748 -0.360**
(0.0899) (0.455) (0.792) (0.0174) (0.0677) (0.132)

N (Country x Year) 3383 2758 2656 3383 2758 2656
N (Country) 199 186 183 199 186 183
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Robust standard errors, clustered by country

The following table presents OLS estimates regressing log GitHub commits on the founding of IT and OSS ventures, 
reflecting the extent of entrepreneurial activity associated with open source activity.  Columns 1 and 4 present estimates 
without controls. Columns 2 and 5 present a small set of controls (which have less than 0.5 correlation with any other 
variables in the regression). Columns 3 and 6 present a large set of controls (which have less than 0.8 correlations with 

any other variables in the regression). All columns include robust standard errors, clustered by country. Time fixed 
effects are relative to the year 2000. The regressions are not perfectly balanced by year, due to missing data in the control 

variable datasets. 

Table 3: OLS Estimates

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001
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Table 4: First Stage for Policy & Economic Condition Instruments  

      

1 2 3 4 5 6 7
Log GitHub Log GitHub Log GitHub Log GitHub Log GitHub Log Bartik (Raw) Log Bartik (Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum. 0.788***

(0.0953)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum. 0.429***

(0.0896)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum. 0.626***

(0.103)

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010) 0.920***

(0.146)

OSS Policy 
Instrum. 
(Before 
2010) 0.440***

(0.110)

Log Bartik 
(Raw) -0.0916*

(0.0432)

Log Bartik 
(Growth) 7.464*

(3.542)

_cons -7.864*** -8.481*** -8.116*** -1.671*** -2.089*** -11.23*** -12.38***
(0.856) (0.904) (0.903) (0.437) (0.510) (1.105) (1.102)

N (Country 
x Year) 2651 2651 2651 1504 1508
N (Country) 183 183 183 181 181 168 166
F 43.10 39.91 38.97 9.053 7.458 42.31 46.49
Controls Yes Yes Yes Yes Yes Yes Yes
Time Fixed 
Effects Yes Yes Yes Yes Yes Yes Yes
Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following regressions show the first stage estimates, regressing instruments on the endogenous variable GitHub. These 
first stage regressions support the relevance assumption because the instruments have a statistically significant positive 
coefficient on GitHub commits. All first stages cover the 2000-2016 span of data, except for those including the weak 

economic growth and OSS policy instrument and the OSS policy instrument alone, which cover 2000-2009. All first stage 
regressions use robust standard errors, clustered by country. The regressions are not perfectly balanced by year, due to 

missing data in the control variable datasets. The control variables include all those in the main specification.

Table 4: First Stage Regressions
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Table 5: Second Stage Estimates 

 

 

  

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below Median 
Econ. Growth 
X Above 
Median Digital 
Skills Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log GitHub 0.707*** 0.865*** 0.627*** 0.902*** 1.112*** 1.195* 0.739** 0.138*** 0.205** 0.151*** 0.234*** 0.156* 0.325* 0.103*
(0.101) (0.202) (0.138) (0.120) (0.288) (0.462) (0.233) (0.0318) (0.0613) (0.0425) (0.0601) (0.0749) (0.137) (0.0467)

Log Population 0.144*** 0.0872 0.172*** 0.250*** 0.224*** -0.0662 0.0992 -0.00225 -0.0260 -0.00692 0.0122 0.0220 -0.0823 0.00904
(0.0404) (0.0691) (0.0508) (0.0305) (0.0436) (0.203) (0.108) (0.00923) (0.0179) (0.0124) (0.00912) (0.0129) (0.0569) (0.0181)

Human Capital 
Index -0.135 -0.234 -0.0850 0.0334 0.0696 -1.188 -0.489 -0.127* -0.169* -0.136* -0.0310 -0.0442 -0.594* -0.209

(0.289) (0.341) (0.288) (0.263) (0.255) (0.841) (0.726) (0.0515) (0.0739) (0.0582) (0.0308) (0.0331) (0.269) (0.119)

Log GDP Capita 0.138 0.0638 0.176 0.117 0.0855 -0.120 0.128 -0.00502 -0.0364 -0.0112 0.00194 0.0122 -0.101 0.0117
(0.0796) (0.114) (0.101) (0.0620) (0.0606) (0.280) (0.139) (0.0159) (0.0291) (0.0201) (0.00902) (0.0120) (0.0705) (0.0226)

Log Internet Users 0.344*** 0.376*** 0.328*** 0.419*** 0.406*** 0.527** 0.333** 0.0267* 0.0403 0.0294 0.0150 0.0210 0.0999 0.0194
(0.0681) (0.0815) (0.0772) (0.0670) (0.0681) (0.182) (0.120) (0.0133) (0.0206) (0.0156) (0.0140) (0.0158) (0.0543) (0.0199)

Log Cost Startup 0.0455 0.0775 0.0294 0.00305 0.0238 0.0915 0.000754 0.0126 0.0261 0.0153 0.0108 0.00292 0.0321 -0.00749
(0.0502) (0.0600) (0.0492) (0.0431) (0.0532) (0.0846) (0.0674) (0.0103) (0.0143) (0.0114) (0.00923) (0.0107) (0.0313) (0.0155)

_cons -3.122** -1.761 -3.810** -4.643*** -4.103*** -1.975 -2.050 0.142 0.716 0.255 -0.195 -0.388 1.027 -0.0656
(1.014) (1.763) (1.400) (0.700) (0.835) (3.626) (2.804) (0.254) (0.480) (0.334) (0.197) (0.266) (0.928) (0.471)

N (Country x Year) 2719 2719 2719 1502 1506 2089 1854 2719 2719 2719 1502 1506 2089 1854
N (Country) 183 183 183 181 181 168 166 183 183 183 181 181 168 166
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

Robust standard errors, clustered by country

The following estimates show the second stage regressions using the instruments identified in Table 4 for two dependent variables: log IT ventures and log OSS ventures. Unless otherwise noted (by the instrument description), 
the regressions cover the period of 2000-2016. They all include time fixed effects and robust standard errors clustered by country. Time fixed effects are relative to the year 2000. The regressions are not perfectly balanced by 

year, due to missing data in the control variable datasets. 

Table 5: Second Stage Regressions 
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Table 6: Arellano-Bond Without Instruments 
      

 
 
  

1 2 3 4 5 6
Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Lagged Log Ventures 0.405*** 0.356*** 0.288*** 0.0852* 0.0637 0.0609
(0.0615) (0.0658) (0.0591) (0.0378) (0.0434) (0.0426)

Log GitHub 0.102*** 0.101*** 0.0416 0.0150 0.0218 0.0142
(0.0195) (0.0281) (0.0391) (0.0139) (0.0175) (0.0174)

Log Population 0.303 -0.137 0.190 0.108
(0.356) (0.387) (0.118) (0.124)

Human Capital Index -0.226 -0.288 -0.109 -0.0940
(0.485) (0.517) (0.0798) (0.0764)

Log Cost Startup 0.0150 -0.00425 -0.0309 -0.0330
(0.0149) (0.0169) (0.0187) (0.0190)

Log GDP Capita -0.422** -0.180*
(0.164) (0.0730)

Log Internet Users -0.214** -0.00259
(0.0726) (0.0136)

_cons 0.494*** -4.079 7.667 0.0486** -2.878 0.0337
(0.0649) (5.602) (6.454) (0.0169) (1.852) (2.066)

N (Country x Year) 2985 2334 2246 2985 2334 2300
N (Country) 199 186 183 199 186 183
Time Fixed Effects Yes Yes Yes Yes Yes Yes

Table 6: Arellano-Bond Without Instruments

The following table presents Arellano Bond estimates regressing log GitHub commits on the founding of IT and OSS 
ventures, reflecting the extent of entrepreneurial activity associated with open source activity.  Columns 1 and 4 present 

estimates without controls. Columns 2 and 5 present a small set of controls (which have less than 0.5 correlation with any 
other variables in the regression). Columns 3 and 6 present a large set of controls (which have less than 0.8 correlations 
with any other variables in the regression). All columns include robust standard errors, clustered by country. Time fixed 

effects are relative to the year 2000. The regressions are not perfectly balanced by year, due to missing data in the control 
variable datasets. 

Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001
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Table 7: Arellano-Bond With Instruments 
      

 
 
  

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below Median 
Econ. Growth 
X Above 
Median Digital 
Skills Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log IT 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Log OSS 
Ventures

Lagged Ventures 0.289*** 0.291*** 0.290*** -0.0409 -0.0300 0.282*** 0.308*** 0.0615 0.0608 0.0616 0.0770 0.0768 0.0596 0.0555
(0.0591) (0.0589) (0.0590) (0.0796) (0.0798) (0.0615) (0.0629) (0.0425) (0.0425) (0.0425) (0.0831) (0.0822) (0.0422) (0.0413)

Log GitHub 0.0423 0.0430 0.0423 0.154** 0.154** 0.00332 0.0926*** 0.0151 0.0129 0.0147 0.0673 0.0704 0.0159 0.00794
(0.0390) (0.0389) (0.0389) (0.0529) (0.0524) (0.0463) (0.0219) (0.0197) (0.0198) (0.0198) (0.0452) (0.0490) (0.0211) (0.0129)

Log Population -0.116 -0.123 -0.117 0.000501 0.0342 -0.747 0.675 0.0919 0.0960 0.101 -0.0434 -0.0396 0.169 0.00667
(0.387) (0.386) (0.386) (0.569) (0.569) (0.525) (0.349) (0.127) (0.124) (0.126) (0.246) (0.250) (0.172) (0.222)

Human Capital 
Index -0.290 -0.276 -0.293 -0.421 -0.428 0.349 0.0356 -0.108 -0.118 -0.106 0.0323 0.0321 -0.126 -0.101

(0.517) (0.517) (0.517) (0.434) (0.437) (0.265) (0.139) (0.0881) (0.0923) (0.0873) (0.0392) (0.0380) (0.121) (0.111)

Log GDP Capita -0.398* -0.400* -0.391* 0.160 0.205 -0.402 -0.126 -0.209* -0.198* -0.201* -0.111 -0.120 -0.212* -0.280**
(0.161) (0.162) (0.161) (0.181) (0.181) (0.206) (0.172) (0.0812) (0.0807) (0.0813) (0.105) (0.107) (0.0963) (0.105)

Log Internet Users -0.213** -0.208** -0.211** -0.0767 -0.0752 -0.210** -0.0942 -0.00312 -0.00467 -0.00350 -0.0602 -0.0613 0.00205 0.00834
(0.0723) (0.0718) (0.0717) (0.0527) (0.0530) (0.0684) (0.0508) (0.0252) (0.0248) (0.0248) (0.0327) (0.0316) (0.0295) (0.0259)

Log Cost Startup -0.00407 -0.00408 -0.00431 0.00341 0.00300 0.00489 -0.0219 -0.0340 -0.0336 -0.0338 -0.0229 -0.0231 -0.0357 -0.0325
(0.0169) (0.0169) (0.0169) (0.0152) (0.0152) (0.0182) (0.0187) (0.0191) (0.0190) (0.0190) (0.0209) (0.0206) (0.0216) (0.0204)

_cons 7.124 7.225 7.072 0.260 -0.661 15.92 -8.458 0.503 0.363 0.295 1.863 1.880 -0.560 2.496
(6.460) (6.433) (6.440) (9.198) (9.207) (8.911) (5.494) (2.217) (2.148) (2.184) (4.321) (4.432) (2.783) (3.762)

N (Country x Year) 2246 2246 2246 1122 1122 1903 1807 2246 2246 2246 1122 1122 1903 1807
N (Country) 183 183 183 181 181 168 166 183 183 183 181 181 168 166
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following estimates show the second stage regressions using the strong instruments identified in Table 4 for two dependent variables: log IT ventures and log OSS ventures. Unless otherwise noted (by the instrument 
description), the regressions cover the period of 2000-2016. They all include time fixed effects and robust standard errors clustered by country. Time fixed effects are relative to the year 2000. The regressions are not perfectly 

balanced by year, due to missing data in the control variable datasets. 

Table 7: Arellano-Bond - With Instruments
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Table 8: OLS Estimates – Financing and Global/Mission Orientation 
      

 
 

1 2 3 4 5 6 7 8 9 10 11
Log Number Deals Log Venture Value Log Acquisitions Log Global IT Log Global OSS Log Global IT Log Global OSS Log Mission IT Log Mission OSS Log Mission IT Log Mission OSS

Log GitHub 0.615*** 0.971*** 0.340*** 0.140*** 0.00690 0.491*** 0.0798*** 0.0885*** 0.00150 0.111*** 0.00396
(0.0335) (0.0539) (0.0460) (0.0267) (0.00397) (0.0385) (0.0209) (0.0237) (0.00106) (0.0238) (0.00211)

Log Population 0.0983*** 0.187*** 0.0318* 0.0447*** 0.00113 0.219*** 0.0182** 0.00134 -0.000186 0.0234*** 0.000551
(0.0225) (0.0447) (0.0157) (0.0116) (0.000677) (0.0288) (0.00579) (0.00276) (0.000156) (0.00667) (0.000354)

HumanCapitalIndex -0.459** -0.899** -0.400** -0.101 -0.00815 0.00208 -0.0882* -0.0623 0.00103 -0.100 0.0000148

(0.159) (0.333) (0.138) (0.0850) (0.00462) (0.276) (0.0411) (0.0339) (0.000937) (0.0538) (0.00359)

Log GDP Capita 0.207*** 0.474*** 0.174*** 0.0516* 0.00197 0.234** 0.0222* 0.0229* 0.000179 0.0236 0.000241
(0.0497) (0.101) (0.0419) (0.0201) (0.00106) (0.0737) (0.0101) (0.00980) (0.000243) (0.0140) (0.000922)

Log Internet Users 0.0435 0.0685 -0.0804* 0.0458 0.00161 0.302*** 0.0141 -0.0259** -0.000636 0.0199 -0.00150
(0.0478) (0.0953) (0.0368) (0.0232) (0.00140) (0.0690) (0.0102) (0.00947) (0.000595) (0.0140) (0.00134)

Log Cost Startup -0.00552 -0.00450 -0.0284 0.00542 0.00191 0.00120 0.000963 -0.00384 0.000278 0.000907 -0.00145
(0.0329) (0.0637) (0.0312) (0.0168) (0.00210) (0.0466) (0.0113) (0.00865) (0.000240) (0.0119) (0.000886)

_cons -2.624*** -5.532*** -1.307** -0.946*** -0.0357 -4.905*** -0.354** -0.0913 0.000105 -0.433** -0.00201
(0.530) (1.116) (0.441) (0.226) (0.0202) (0.793) (0.131) (0.105) (0.00174) (0.145) (0.0108)

N (Country x Year) 2652 2652 2652 2652 2652 2652 2652 2652 2652 2652 2652
N (Country) 183 183 183 183 183 183 183 183 183 183 183
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Table 8: OLS Estimates - Financing and Global/Mission Orientation

* p<0.05, ** p<0.01, *** p<0.001

The following table presents OLS estimates regressing log GitHub commits on log number of funding rounds, log venture value, log acquisitions by the large technology players, log global IT and OSS ventures, and log mission 
IT and OSS ventures. Estimates cover the 2000-2016 time period.  The regressions are not perfectly balanced by year, due to missing data in the control variable datasets. 

Mission - Word Search Mission - Supervised Algorithm 

Robust standard errors, clustered by country
Standard errors in parentheses

Global - Word Search Global - Supervised Algorithm Financing and Acquisitions
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FIGURES 
Figure 1: GitHub Commits vs. New IT Venture Formation 2016 

   

 

 
Figure 2: Logged New IT and OSS Ventures 2001-2016 
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APPENDIX 
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Table A1: Second Stage Estimates – Financing  
      

  

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Log Number 
Deals

Log Number 
Deals

Log Number 
Deals

Log Number 
Deals

Log Number 
Deals

Log Number 
Deals

Log Number 
Deals

Log Venture 
Value

Log Venture 
Value

Log Venture 
Value

Log Venture 
Value

Log Venture 
Value

Log Venture 
Value

Log Venture 
Value

Log 
Acquisitions 

Log 
Acquisitions 

Log 
Acquisitions 

Log 
Acquisitions 

Log 
Acquisitions 

Log 
Acquisitions 

Log 
Acquisitions 

Log GitHub 0.715*** 0.985*** 0.620*** 1.128*** 1.406*** 0.598 1.230** 1.184*** 1.674*** 1.109*** 2.052*** 2.624*** 0.954 2.418* 0.509*** 0.762*** 0.482*** 0.899*** 0.824*** 0.649* 0.884*
(0.0921) (0.166) (0.149) (0.123) (0.260) (0.365) (0.413) (0.174) (0.307) (0.278) (0.248) (0.492) (0.668) (0.998) (0.0999) (0.182) (0.133) (0.121) (0.174) (0.299) (0.370)

Log 
Population 0.0627 -0.0338 0.0966 0.0626** 0.0275 0.115 -0.180 0.111 -0.0641 0.138 0.125* 0.0529 0.195 -0.495 -0.0285 -0.119* -0.0187 0.00434 0.0138 -0.0948 -0.219

(0.0384) (0.0586) (0.0574) (0.0225) (0.0363) (0.157) (0.192) (0.0744) (0.109) (0.108) (0.0487) (0.0727) (0.288) (0.466) (0.0285) (0.0573) (0.0392) (0.0167) (0.0260) (0.128) (0.172)

Human 
Capital 
Index -0.526** -0.696** -0.467** -0.220 -0.168 -0.758 -2.151* -1.046** -1.352** -0.998** -0.470 -0.364 -1.688 -4.847* -0.508** -0.666** -0.491** -0.167 -0.178* -1.337* -1.975*

(0.175) (0.232) (0.178) (0.122) (0.130) (0.704) (1.018) (0.360) (0.459) (0.370) (0.271) (0.277) (1.309) (2.393) (0.174) (0.248) (0.178) (0.0935) (0.0876) (0.617) (0.916)

Log GDP 
Capita 0.163* 0.0356 0.208* 0.0728 0.0339 0.255 -0.0785 0.379** 0.148 0.415* 0.226** 0.144 0.575 -0.210 0.0954* -0.0237 0.108 0.0337 0.0434 0.0637 -0.0684

(0.0642) (0.0943) (0.0912) (0.0389) (0.0380) (0.207) (0.218) (0.127) (0.180) (0.174) (0.0834) (0.0750) (0.383) (0.557) (0.0464) (0.0865) (0.0578) (0.0204) (0.0245) (0.144) (0.207)

Log Internet 
Users 0.0609 0.116 0.0415 0.0924 0.0729 0.0352 0.258 0.108 0.208 0.0930 0.156 0.118 0.0707 0.583 -0.0475 0.00410 -0.0531 -0.0157 -0.00972 0.0191 0.0962

(0.0523) (0.0668) (0.0621) (0.0483) (0.0538) (0.148) (0.185) (0.105) (0.132) (0.121) (0.0911) (0.104) (0.276) (0.462) (0.0388) (0.0584) (0.0415) (0.0335) (0.0348) (0.105) (0.171)

Log Cost 
Startp 0.0151 0.0698 -0.00405 0.00252 0.0307 -0.0368 0.0432 0.0398 0.139 0.0245 0.0378 0.0954 -0.0634 0.115 0.00577 0.0569 0.000233 0.00757 0.0000476 0.00437 0.0161

(0.0366) (0.0459) (0.0445) (0.0255) (0.0341) (0.0751) (0.0782) (0.0745) (0.0929) (0.0881) (0.0560) (0.0659) (0.140) (0.182) (0.0311) (0.0425) (0.0343) (0.0171) (0.0220) (0.0691) (0.0718)

_cons -1.783 0.543 -2.599 -1.282** -0.582 -2.985 4.626 -3.731* 0.486 -4.379 -3.235** -1.791 -5.796 12.04 0.142 2.318 -0.0934 -0.196 -0.383 2.038 5.350
(0.914) (1.468) (1.403) (0.446) (0.649) (4.094) (4.874) (1.765) (2.723) (2.632) (0.987) (1.343) (7.524) (12.01) (0.705) (1.445) (0.964) (0.304) (0.469) (3.134) (4.431)

N (Country 
x Year) 2651 2651 2651 1504 1508 2089 1854 2651 2651 2651 1504 1508 2089 1854 2651 2651 2651 1504 1508 2089 1854
N (Country) 183 183 183 181 181 168 166 183 183 183 181 181 168 166 183 183 183 181 181 168 166
Time Fixed 
Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following estimates show the second stage regressions using the strong instruments identified in Table 4 for two dependent variables: log number of funding rounds, log venture value, and log acquisitions by large technology companies. Unless otherwise noted (by the instrument description), the 
regressions cover the period of 2000-2016. They all include time fixed effects and robust standard errors clustered by year. Time fixed effects are relative to the year 2000. The regressions are not perfectly balanced by year, due to missing data in the control variable datasets. 

Table A1: Second Stage Regressions - Financing
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Table A2 Second Stage – Global Orientation 
     

  

Below Median 
Econ. Growth 
X Above 
Median Human 
Capital Instrum.

Below Median 
Econ. Growth 
X Above 
Median Digital 
Skills Instrum.

Below Median 
Econ. Growth 
X Above 
Median 
Internet Users 
Instrum.

Below Median 
Econ. Growth 
X OSS Policy 
Instrum. 
(Before 2010)

OSS Policy 
Instrum. 
(Before 2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below Median 
Econ. Growth X 
Above Median 
Human Capital 
Instrum.

Below Median 
Econ. Growth X 
Above Median 
Digital Skills 
Instrum.

Below Median 
Econ. Growth X 
Above Median 
Internet Users 
Instrum.

Below Median 
Econ. Growth X 
OSS Policy 
Instrum. (Before 
2010)

OSS Policy 
Instrum. (Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Log Global IT Log Global IT Log Global IT Log Global IT Log Global IT Log Global IT Log Global IT Log Global OSS Log Global OSS Log Global OSS Log Global OSS Log Global OSS Log Global OSS Log Global OSS

Log GitHub 0.709*** 0.867*** 0.628*** 0.902*** 1.115*** 1.192** 0.749** 0.136*** 0.203*** 0.149*** 0.227*** 0.153* 0.324* 0.104*
(0.0999) (0.201) (0.138) (0.119) (0.288) (0.458) (0.234) (0.0313) (0.0604) (0.0418) (0.0593) (0.0737) (0.136) (0.0462)

Log Population 0.141*** 0.0844 0.170*** 0.247*** 0.220*** -0.0666 0.0927 -0.00198 -0.0257 -0.00660 0.0124 0.0217 -0.0829 0.00817
(0.0401) (0.0687) (0.0510) (0.0304) (0.0435) (0.201) (0.109) (0.00912) (0.0176) (0.0122) (0.00910) (0.0129) (0.0563) (0.0178)

Human Capital 
Index -0.137 -0.236 -0.0857 0.0384 0.0752 -1.179 -0.510 -0.124* -0.166* -0.133* -0.0292 -0.0416 -0.591* -0.207

(0.286) (0.338) (0.286) (0.261) (0.252) (0.832) (0.725) (0.0504) (0.0725) (0.0570) (0.0302) (0.0326) (0.266) (0.117)

Log GDP Capita 0.136 0.0617 0.174 0.115 0.0839 -0.119 0.121 -0.00408 -0.0354 -0.0102 0.00340 0.0131 -0.101 0.0115
(0.0790) (0.113) (0.101) (0.0614) (0.0603) (0.278) (0.139) (0.0156) (0.0286) (0.0197) (0.00891) (0.0118) (0.0698) (0.0221)

Log Internet Users 0.342*** 0.374*** 0.325*** 0.417*** 0.404*** 0.523** 0.333** 0.0254 0.0389 0.0280 0.0139 0.0196 0.0985 0.0179
(0.0675) (0.0811) (0.0767) (0.0662) (0.0674) (0.180) (0.120) (0.0130) (0.0202) (0.0153) (0.0139) (0.0157) (0.0537) (0.0195)

Log Cost Startup 0.0456 0.0775 0.0291 0.00326 0.0244 0.0895 0.000259 0.0124 0.0258 0.0150 0.0108 0.00334 0.0321 -0.00744
(0.0498) (0.0597) (0.0490) (0.0429) (0.0530) (0.0838) (0.0671) (0.0100) (0.0140) (0.0111) (0.00904) (0.0104) (0.0309) (0.0151)

_cons -3.058** -1.700 -3.760** -4.594*** -4.044*** 2.608 -1.799 0.132 0.703 0.243 -0.209 -0.392 2.339 -0.0363
(1.008) (1.755) (1.400) (0.692) (0.832) (5.343) (2.800) (0.250) (0.471) (0.329) (0.197) (0.265) (1.423) (0.467)

N (Country x Year) 2651 2651 2651 1504 1508 2089 1854 2651 2651 2651 1504 1508 2089 1854
N (Country) 183 183 183 181 181 168 166 183 183 183 181 181 168 166
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following estimates show the second stage regressions using the strong instruments identified in Table 4 for two dependent variables: log global IT ventures and log global OSS ventures. Unless otherwise noted (by the instrument description), the regressions 
cover the period of 2000-2016. They all include time fixed effects and robust standard errors clustered by year. Time fixed effects are relative to the year 2000. The regressions are not perfectly balanced by year, due to missing data in the control variable datasets.  

Table A2: Second Stage - Global Orientation
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Table A3: Second Stage – Mission Orientation  

  

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Digital Skills 
Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Human 
Capital 
Instrum.

Below Median 
Econ. Growth 
X Above 
Median Digital 
Skills Instrum.

Below 
Median 
Econ. 
Growth X 
Above 
Median 
Internet 
Users 
Instrum.

Below 
Median 
Econ. 
Growth X 
OSS Policy 
Instrum. 
(Before 
2010)

OSS Policy 
Instrum. 
(Before 
2010)

Log Bartik 
(Raw)

Log Bartik 
(Growth)

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Log Mission 
IT

Log Mission 
IT

Log Mission 
IT

Log Mission 
IT

Log Mission 
IT

Log Mission 
IT

Log Mission 
IT

Log Mission 
OSS

Log Mission 
OSS

Log Mission 
OSS

Log Mission 
OSS

Log Mission 
OSS

Log Mission 
OSS

Log Mission 
OSS

Log GitHub 0.142*** 0.220** 0.143** 0.144** 0.0345 0.254 0.180* 0.00567 0.00126 0.00269 0.00905 0.00259 0.0209 0.00887
(0.0388) (0.0735) (0.0509) (0.0513) (0.0792) (0.143) (0.0701) (0.00371) (0.00530) (0.00427) (0.00676) (0.00774) (0.0123) (0.00608)

Log Population 0.0124 -0.0152 0.0123 0.0295* 0.0434* -0.0336 -0.00694 -0.0000557 0.00152 0.00101 -0.000283 0.000534 -0.00625 -0.00119
(0.0119) (0.0208) (0.0160) (0.0114) (0.0179) (0.0589) (0.0299) (0.00110) (0.00176) (0.00138) (0.000508) (0.000708) (0.00478) (0.00267)

Human Capital 
Index -0.120 -0.169* -0.121 -0.0540 -0.0730 -0.403 -0.290 -0.00107 0.00168 0.000790 0.00410 0.00295 -0.0274 -0.00586

(0.0613) (0.0850) (0.0641) (0.0378) (0.0477) (0.260) (0.186) (0.00355) (0.00534) (0.00425) (0.00345) (0.00288) (0.0225) (0.0132)

Log GDP Capita 0.00926 -0.0273 0.00919 0.0126 0.0269 -0.0477 -0.0138 -0.000566 0.00152 0.000845 -0.000915 -0.0000380 -0.00880 -0.00291
(0.0187) (0.0331) (0.0236) (0.0111) (0.0169) (0.0716) (0.0370) (0.00142) (0.00199) (0.00145) (0.000648) (0.000524) (0.00616) (0.00365)

Log Internet Users 0.0261 0.0420 0.0261 0.0435* 0.0522* 0.0619 0.0276 -0.00115 -0.00206 -0.00177 -0.00117 -0.000696 0.00392 -0.000457
(0.0165) (0.0240) (0.0183) (0.0175) (0.0221) (0.0481) (0.0315) (0.00136) (0.00130) (0.00158) (0.000927) (0.000966) (0.00438) (0.00220)

Log Cost Startup 0.00705 0.0226 0.00708 0.00726 -0.00394 0.0120 -0.00955 -0.00111 -0.00200 -0.00172 -0.00137 -0.00202 0.000753 -0.00150
(0.0111) (0.0163) (0.0120) (0.00962) (0.0118) (0.0298) (0.0182) (0.00108) (0.00114) (0.00144) (0.00140) (0.00164) (0.00225) (0.00118)

_cons -0.166 0.500 -0.165 -0.537* -0.807* 0.217 0.467 0.0127 -0.0253 -0.0130 0.0162 0.0000674 0.101 0.0520
(0.296) (0.541) (0.399) (0.243) (0.364) (0.971) (0.762) (0.0246) (0.0418) (0.0267) (0.0103) (0.0102) (0.0797) (0.0758)

N (Country x Year) 2647 2647 2647 1502 1506 2089 1854 2647 2647 2647 1502 1506 2089 1854
N (Country) 183 183 183 181 181 168 166 183 183 183 181 181 168 166
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Robust standard errors,  clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following estimates show the second stage regressions using the strong instruments identified in Table 4 for two dependent variables: log mission IT ventures and log mission OSS ventures. Unless otherwise noted (by the 
instrument description), the regressions cover the period of 2000-2016. They all include time fixed effects and robust standard errors clustered by year. Time fixed effects are relative to the year 2000. The regressions are not 

perfectly balanced by year, due to missing data in the control variable datasets. 

Table A3: Second Stage - Mission Orientation
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Table A4: Arellano-Bond - Financing  

    

1 2 3

Log Number 
Deals

Log Venture 
Value

Log 
Acquisitions

Lagged Log 
Financing 0.383*** -0.000725 0.267**

(0.0522) (0.0717) (0.0892)

Log GitHub 0.228*** 0.412*** 0.161***
(0.0241) (0.0625) (0.0258)

Log Population 0.121 -0.381 0.186
(0.273) (0.699) (0.234)

Human Capital 
Index 0.00542 0.177 0.0830

(0.153) (0.313) (0.0890)

Log Cost Startup -0.232 0.0287 -0.175
(0.197) (0.297) (0.100)

Log GDP Capita -0.136** -0.195 -0.212***
(0.0505) (0.107) (0.0372)

Log Internet Users -0.0509** -0.0868 -0.0339*
(0.0174) (0.0563) (0.0136)

_cons 0.717 7.228 -0.788
(4.819) (11.95) (4.163)

N (Country x Year) 2246 2246 2246
N (Country) 183 183 183
Time Fixed Effects Yes Yes Yes
Robust standard errors, clustered by country
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following table presents Arellano Bond estimates 
regressing log GitHub commits on financing outcomes. All 

columns include robust standard errors, clustered by country. 
Time fixed effects are relative to the year 2000. The 

regressions are not perfectly balanced by year, due to missing 
data in the control variable datasets. 

Table A4: Arellano-Bond Financing
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Table A5: Arellano-Bond - Global and Mission Ventures   

 

1 2 3 4
Log Global 
IT

Log Global 
OSS

Log Mission 
IT

Log Mission 
OSS

Lagged 
Global/Mission 
Ventures 0.293*** 0.0716 0.0917 -0.223**

(0.0597) (0.0452) (0.0506) (0.0773)

Log GitHub 0.0431 0.0181 0.0476** -0.00114
(0.0384) (0.0202) (0.0181) (0.00154)

Log Population -0.129 0.114 -0.0384 -0.00663
(0.384) (0.125) (0.119) (0.0168)

Human Capital 
Index -0.296 -0.0940 0.00897 0.0185

(0.518) (0.0795) (0.113) (0.0206)

Log Cost Startup -0.375* -0.178* -0.0708 -0.0209
(0.159) (0.0777) (0.0978) (0.0217)

Log GDP Capita -0.217** 0.00330 -0.0615* -0.0115
(0.0740) (0.0263) (0.0289) (0.00762)

Log Internet Users -0.00596 -0.0326 0.0162 -0.00191
(0.0174) (0.0187) (0.0113) (0.00237)

_cons 7.146 -0.165 1.368 0.322
(6.350) (2.162) (2.131) (0.356)

N (Country x 
Year) 2247 2247 2247 2247
N (Country) 183 183 183 183
Time Fixed Effects Yes Yes Yes Yes

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

The following table presents Arellano Bond estimates regressing log 
GitHub commits on financing outcomes. All columns include robust 

standard errors, clustered by country. Time fixed effects are relative to the 
year 2000. The regressions are not perfectly balanced by year, due to 

missing data in the control variable datasets. 

Table A5: Arellano-Bond Global and Mission Ventures

Robust standard errors, clustered by country
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Table A6: Predicted Increase in the Number of Ventures with 1% Increase in 2016 GitHub Commits 
 

Country Income Level 
Predicted Increase 
in Ventures in 2016 

United States High income 180.559 
United Kingdom High income 33.371 
India Lower middle income 30.582 
Germany High income 17.143 
Brazil Upper middle income 13.678 
France High income 11.150 
Canada High income 10.386 
Australia High income 8.862 
China Upper middle income 7.051 
Netherlands High income 5.875 
Spain High income 5.779 
Japan High income 4.802 
Singapore High income 3.368 
Italy High income 3.308 
Sweden High income 2.823 
Finland High income 2.614 
Belgium High income 2.452 
Poland High income 2.335 
Indonesia Lower middle income 2.272 
New Zealand High income 2.252 
Ireland High income 2.138 
Denmark High income 1.785 
Norway High income 1.754 
Korea, Rep. High income 1.748 
Austria High income 1.535 
Mexico Upper middle income 1.361 
Portugal High income 1.281 
Malaysia Upper middle income 0.991 
Israel High income 0.966 
United Arab Emirates High income 0.932 
Estonia High income 0.929 
Czech Republic High income 0.905 
Georgia Lower middle income 0.892 
Switzerland High income 0.715 
Hungary High income 0.689 
Romania Upper middle income 0.671 
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Greece High income 0.657 
Vietnam Lower middle income 0.654 
Colombia Upper middle income 0.594 
Philippines Lower middle income 0.587 
Argentina High income 0.483 
Russian Federation Upper middle income 0.466 
Chile High income 0.460 
Thailand Upper middle income 0.452 
Bulgaria Upper middle income 0.393 
Pakistan Lower middle income 0.343 
Nigeria Lower middle income 0.299 
Bangladesh Lower middle income 0.297 
Turkey Upper middle income 0.251 
Lithuania High income 0.237 
Uruguay High income 0.230 
South Africa Upper middle income 0.228 
Luxembourg High income 0.188 
Slovenia High income 0.170 
Saudi Arabia High income 0.166 
Sri Lanka Lower middle income 0.161 
Cyprus High income 0.145 
Ukraine Lower middle income 0.144 
Slovak Republic High income 0.131 
Peru Upper middle income 0.127 
Latvia High income 0.125 
Kenya Lower middle income 0.101 
Belarus Upper middle income 0.085 
Nepal Low income 0.075 
Iceland High income 0.072 
Ecuador Upper middle income 0.064 
Lebanon Upper middle income 0.060 
Iran, Islamic Rep. Upper middle income 0.060 
Croatia High income 0.051 
Egypt, Arab Rep. Lower middle income 0.051 
Ghana Lower middle income 0.047 
Costa Rica Upper middle income 0.047 
Panama High income 0.045 
Malta High income 0.037 
Guatemala Upper middle income 0.032 
Qatar High income 0.023 
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Kazakhstan Upper middle income 0.021 
Myanmar Lower middle income 0.020 
Morocco Lower middle income 0.019 
Jordan Upper middle income 0.019 
Uganda Low income 0.019 
Cameroon Lower middle income 0.016 
Tunisia Lower middle income 0.015 
Kuwait High income 0.013 
Paraguay Upper middle income 0.013 
Armenia Upper middle income 0.012 
Cambodia Lower middle income 0.011 
Honduras Lower middle income 0.008 
Senegal Low income 0.008 
Albania Upper middle income 0.008 
Kyrgyz Republic Lower middle income 0.007 
Oman High income 0.007 
Ethiopia Low income 0.006 
Bahrain High income 0.006 
Mongolia Lower middle income 0.004 
Zambia Lower middle income 0.003 

 
Source: Calculation by author. The table shows countries for all available and non-zero 2016 GitHub commits.  
 
 


