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ABSTRACT 
 

Startup locational choice is a central question for entrepreneurial strategy.  To realize the growth potential 
of their venture, social embeddedness provides founders with a ‘home field advantage,’ while 
agglomeration economies in regions such as Silicon Valley offer unique access to resources and new 
networks.  For firms born in environments lacking a strong entrepreneurial ecosystem, founders must trade 
off these two effects in choosing between staying at home versus moving to a richer cluster.  This paper 
sheds light on this choice by assessing the determinants and consequences of migration for a systematic 
sample of growth-oriented startups from 1988 to 2014.  Specifically, I draw a sample of firms that (a) adopt 
Delaware jurisdiction (a corporate governance choice that is associated with a growth orientation), and 
(b) for which I can track whether the firm moves from their original location to another state within the 
first few years of founding.  Within this sample, 4% of firms migrate across state lines in their first two 
years.  I then use a machine learning approach that allows me to estimate the consequences of migration 
for migrants compared to non-migrant firms born in the same time and place and that look strikingly similar 
at founding.  Relative to a baseline equity growth rate of 1.4% (where equity growth is measured as the 
realization of an IPO or significant acquisition event), migrants to Silicon Valley experience a 5.8 
percentage point increase in the likelihood of an growth outcome (i.e., from 1.4% to 7.2%).  Migration is 
also associated with an increase in patenting, product commercialization, venture financing and sales, and 
smaller but still positive effects are also found for migrant firms to other destinations.  In fact, these firm 
performance benefits raise the question as to why entrepreneurial migration is not more common.  A 
potential resolution to this puzzle lies in the recognition that the interests of founders may be distinct from 
simply maximizing the growth potential of those firms that they found.  Migrating the firm (usually) requires 
migration by the founder, which comes with its own costs and benefits.  Conditional on an initial estimate 
of the underlying growth potential of the firm, migration is more common among younger founders versus 
older founders who may have more location-specific commitments.  This finding raises a new agenda for 
entrepreneurial strategy: since founders not only choose but also have to implement the strategy, even in 
the absence of a traditional principal-agent relationship, are there differences between founder incentives 
and incentives to realize the growth potential of the firm? 
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I. INTRODUCTION 

Entrepreneurship in the United States is characterized by a significant clustering of high 

potential startups in a small number of geographic regions (Chinitz, 1961; Gleaser and Gottlieb, 

2009; Guzman and Stern, 2016), most famously Silicon Valley (Guzman and Stern, 2016).  An 

enormous literature has not only documented this clustering, but also identified many of its key 

drivers (Marshall, 1920; Saxenian, 1994; see Chatterji, Glaeser, and Kerr (2014) for a review). 3  

However, despite this concentration, firms with significant growth potential are of course 

founded in many other locations as well, resulting in a fundamental entrepreneurial strategy 

choice for a startup and its founders.  If a startup is not founded in its ideal location, should the 

firm and founders relocate to a more favorable startup hub, such as Silicon Valley? 

Two core effects induce a tradeoff between staying in their initial location and moving to 

a new destination. 

On the one hand, the social and economic networks of founders in the initial location 

provide startups prioritized access to valuable resources and information, resulting in a ‘home 

field advantage’ (Michelacci and Silva, 2007; Dahl and Sorenson, 2012; Klepper, 2005).  Even 

when hubs such as Silicon Valley might be a ‘better’ location for startups founded in those hubs, 

the loss of home field advantage might make it beneficial for the startup to remain in its original 

location, and not move.   

On the other hand, the agglomeration benefits of regions such as Silicon Valley are real, 

and, even if they can only be partially accessed, they nonetheless offer a rich set of potential 

benefits for those firms (and founders) willing and able to move.  Locating in a startup cluster 

provides the firm access to markets, talent, innovation, financing, and mentoring, that may allow 

it to realize its growth potential with higher probability.   To the extent that migrant startups are 

able to capture at least some agglomeration benefits, then migration, particularly to Silicon 

Valley, might be a beneficial strategy.   

                                                
3 Some of these drivers include culture (Saxenian, 1994; Florida, 2003), cost of living (Diamond, 2016; Moretti and 
Hsieh, 2015), localized knowledge (Sorenson and Audia, 2000; Belenzon and Schankerman, 2013; Kerr and 
Kominers, 2015; Forman et al, 2016), economic clusters (Delgado et al, 2014), the supply of entrepreneurship 
(Chinitz, 1961; Guzman and Stern, 2015, 2016), natural advantages (Gleaser et al, 2014), localized financing 
(Sorenson and Stuart, 2003; Chen et al, 2010), and institutions (Marx et al, 2011). 
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The central objective of this paper is to shed light on this tradeoff by considering the 

choice of migration and its value for startups and their founders in a systematic population of 

startups with high growth intention founded between 1988 and 2014.   

I begin with a simple model of regional choice in which an entrepreneur seeks to 

maximize wealth through a startup.   The preliminary insights of this model are straightforward 

and intuitive: firms with higher initial quality (i.e., underlying potential for growth) are more 

likely to move, and, conditional on initial quality, firms tend to leave less developed 

entrepreneurial ecosystems, and move to high agglomeration destinations.  More subtly, the 

model highlights that migration must not only be beneficial for the firm, it must also compensate 

the founder for any loss of wealth associated with the move.   The separate incentives of 

founders from the firms that they found places limits on the extent to which firms choose to 

migrate even if it is beneficial for them.  In particular, older founders, who tend to have more 

local wealth and commitments, would find it harder to move due to higher migration costs, even 

though these costs are uncorrelated to the startup. And, when they move, they will do so only if 

their startups have a particularly large benefit from migration (such as a being a very high 

potential firm). 

I study this empirically using business registration records for firms that register under 

Delaware jurisdiction across 26 US states, from 1988 to 2014.  Registering under Delaware 

constitutes a simple governance choice associated with high growth intention.4  The states 

represent 70% of US GDP, and include nine of the ten most populated states.5  To measure and 

control for the selectivity and heterogeneity of startups before migration, I use the 

entrepreneurial quality approach in Guzman and Stern (2015, 2016, 2017).  The key idea of this 

approach is that, in the process of founding a company, entrepreneurs must make observable 

choices that are directly informed by their self-assessed potential and ambition for their firm 

(such as whether to be a corporation or an LLC).  Using machine learning, it is possible to 

                                                
4  In the process of choosing a jurisdiction for their company, founders benefit from registering the firm in Delaware 
due to the ease of use Delaware Corporate Law provides in writing of complex contracts.  These complex contracts 
are more useful for large firms or firms interacting with investors such as venture capitalists.  On the other hand, for 
companies that expect to remain small, being in Delaware jurisdiction requires extra costs and the need to have two 
registrations (another one in the state of operation), imposing unnecessary costs and fees.  This creates a natural 
separating equilibrium, with only growth-oriented companies choosing to register in Delaware.   
5 Appendix figure A1 is a map of all the states in the sample. 
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develop a weighting algorithm for these early choices in their value to predict ex-post outcomes, 

and, hence, develop estimates of the quality of a company at founding. 

I implement this approach using a random forest, with equity growth as an outcome 

variable (equal to 1 of a firm achieves an IPO or acquisition and zero otherwise) and 820 firm 

observables at founding.  The training sample is a random 50% subset of non-migrants.  

Entrepreneurial quality is the predicted value of this model, and can be interpreted as the 

probability of equity growth for a startup when it stays at home.  The performance of the model 

is striking.  The ROC score is 0.85 for the hold-out sample, suggesting the algorithm accounts 

for 70% of the variation in outcomes, and 43% of growth firms are in the top 5% of the quality 

distribution.  All follow on analyses are performed in the hold-out sample. 

This paper delivers three empirical insights on the dynamics of U.S. startup migration, 

the role of migration on startup performance, and the conditions under which their founders are 

likely to choose to undertake this migration. 

First, I document that a non-trivial share of U.S. startups with high growth intention 

migrate, with patterns that are consistent with profit maximizing firms seeking agglomeration 

economies.  On average, 4% of startups move in their first two years.  The likelihood of 

migration is higher for firms of higher ex-ante quality (who benefit more from agglomeration), 

and for companies born in less developed startup ecosystems.  Conditional on migration, 

migrants tend to seek those destinations with a highest density of local high growth startups. 6 

Second, I find empirical evidence of a positive role of migration on performance across a 

range of outcomes and destinations, with a higher benefit for migrants to Silicon Valley.   Using 

a machine learning approach to compare migrants to non-migrants born in the same time and 

place and who look strikingly similar at founding, I find migrants have 3 times higher odds of 

achieving equity growth compared to those that stay at home.  Migration to Silicon Valley 

specifically leads to a 4 times increase in the odds of equity growth, while migration to other 

destinations increases the odds by 2 times.  Migrants also have a higher likelihood of achieving 

other outcomes—including financing, innovation, commercialization of products, and a high 

level of sales—and, within destinations, perform better when they locate geographically close 

other high growth local startups.  A series of tests show that the estimation approach controls 

                                                
6 Guzman (2017) also documents these patterns and provides further analysis on the MSA-characteristics that attract 
growth-oriented startup migrants. 
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well for ex-ante differences and suggest only a minor, if any, role of unobservables in affecting 

the estimates.  In particular, the necessary size of unobservables to make the effect go away is 

much less than the remaining variation in the data, and event-studies show no productivity 

differences between migrants and non-migrants before migration. 

Finally, I study the tradeoffs faced by wealth maximizing founders in choosing to migrate 

their startups, focusing on the possibility that personal wealth in their home location (unrelated to 

their startup) would preclude them from moving. 7  The expected value of migration to Silicon 

Valley on founder wealth is $1.2 million, but whether this is enough to make founders move is 

not clear.  Because older founders tend to have a higher level of local wealth (e.g. owning a 

home or the income of a spouse), there are simple testable predictions on the relationship of age 

and migration that should provide evidence that the loss of localized wealth (or utility) is a 

binding constraint in choosing to move: for two similar firms, younger migrants should be more 

like to move, and, conditional on migration, older migrants should be higher quality (these 

predictions are also motivated in the theoretical model).  Using a hand-collected dataset that 

recreates founder history and the founder’s age at firm founding, I confirm these relationships.   

This tradeoff highlights a novel challenge in implementing entrepreneurial strategies.  

While corporate strategy research often posits principal-agent problems at the center of a 

company’s inability to choose and implement a profitable strategy, the challenge startups face is 

almost the opposite: there is no principal-agent problem because the founder is both principal 

and the agent, but the dual incentives between the founder’s personal wealth and the startup’s 

profits places limits on the ability of a startup to pursue profit maximizing choices.  

 This paper adds to a growing literature on strategic location choice and startup 

performance, including Kulchina (2014, 2015), Hernandez and Kulchina (2017), Michelacci and 

Silva (2007), and Dahl and Sorenson (2012).  Whereas prior work often focused on differences 

in the locational history of founders and the performance of the firms they found (e.g. Dahl and 

Sorenson (2012)), my paper focuses on comparing firms after founding.  Doing so allows me to 

interpret the estimates as the effect of location on the performance of startups, separately from 

the role of this location in allowing individuals to have better ideas to begin with.8  My paper is 

                                                
7 Examples could be the cost of losing spousal income, or owning a home. The results could also be expanded to 
utility to include the cost of moving children, being away from loved ones, and others. 
8 Sorenson and Audia (2001) provide evidence of the role of location in helping entrepreneurs have better startup 
ideas. 
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also the first to focus exclusively on migrant startups with high growth intention, whereas prior 

studies have focused on more general samples of firms that, while including a small portion of 

high growth companies, are mostly companies in the local economy.  The Delaware firms in this 

study are a good reflection of growth-oriented entrepreneurship, and Silicon Valley represents 

the destination of choice for many ambitious entrepreneurs.  Finally, this paper is the first to 

highlight the importance of founder incentives in implementing entrepreneurial strategies, and 

how profit maximization in the startup can sometimes be incompatible with wealth maximization 

for founders.  This insight has broad applicability to understand the process of choosing and 

executing entrepreneurial strategies for startups.  

 Beyond entrepreneurial strategy, the insights in this paper are applicable to series of other 

research domains.  In particular, they contribute to the economic literature studying migration of 

firms and workers, and the economic benefits of doing so (Roback, 1982; Glaeser and Maré, 

2001; Guzman, 2017; Diamond, 2016; Moretti and Wilson, 2017), and to the growing literature 

documenting the agglomeration of entrepreneurship and innovation in US regions, its causes, and 

consequences (Moretti, 2012; Hsieh and Moretti, 2015; Forman et al 2016; Diamond, 2016; 

Guzman and Stern, 2015, 2016, 2017).   

The rest of the paper proceeds as follows.  Section II is a simple choice model providing 

intuition on the economic incentives of migration for firms and founders.  Section III explains 

the approach to measure entrepreneurial quality at firm founding.  Section IV covers the data.  

Section V covers the incidence of migration across firms, outcomes and age.  Section VI 

estimates entrepreneurial quality.  Section VII studies the selectivity into migration given firm 

and state characteristics.  Section VIII uses machine learning to estimate the benefit of migration 

for migrants vs non-migrants, for all U.S. destinations and to Silicon Valley.  Section IX reports 

heterogeneity in these effects.  Section X estimates the role of age in the incidence and quality of 

migrants.  Finally, Section XI concludes.  

 

II. A SIMPLE ECONOMIC MODEL OF MIGRATION CHOICE  

The relevant economic margins of this paper can be appreciated through a simple model 

of founder location choice.  There is a world composed of 𝑁 regions 𝑟# … 𝑟%&' , each with 

different levels of agglomeration economies 𝜏) that are valuable to startups (hereafter ‘regional 

quality’).  A wealth maximizing founder has been living region 𝑟# and founds a company to sell 
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a product at unit price in any region.  The startup has a positive entrepreneurial quality 𝜃.  This 

value represents the intrinsic potential of the firm, given its technology, the founder’s ambitions, 

managerial talent, and other considerations.  The value of the firm depends on both regional 

quality and entrepreneurial quality, through the relationship 𝑌) = 𝜃𝜏).  The founder also has 

personal wealth 𝑥 attached to 𝑟# such as the purchase of a home or the income of a spouse, and 

no wealth in any other destination.  This wealth is uncorrelated to the startup’s entrepreneurial 

quality. 

The founder maximizes wealth 𝑊 by choosing region 𝑟∗ such that 

𝑟∗ = argmax
)

𝑊(𝑌); 𝜏), 𝜏#, 𝑥, 𝜃) 

𝑊 𝑌); 𝜏), 𝜏#, 𝑥, 𝜃 = 𝑌) − 𝑌# − 𝑑#,) − 𝑀𝑥, 𝑀 = 𝟏[𝑟∗ ≠ 𝑟#]	  	   

Where 𝑌# is firm value in region 𝑟#, 𝑑#,) is a pair-wise ‘distance’ reflecting the cost to 

move (bore by the firm), 𝑀 is an indicator variable equal to 1 if the firm migrates, and −𝑥 is the 

wealth loss of leaving home for the founder. 

The Firm Determinants of Migration.  I first consider firm migration ignoring any role of 

founder wealth (i.e. 𝑥 = 0).  A firm chooses to move if the benefit of moving (𝛥𝑌#,) = 𝑌) − 𝑌# −

𝑑#,)) is positive for some region, and moves to the region where 𝛥𝑌#,) is highest.  

Four intuitive relationships are predicted by the model.  

•   The value of migration is higher for higher quality firms CD
CE
= 𝜏) − 𝜏# > 0 . 

•   Firms located in low quality regions are more likely to move CD
CGH

= −𝜃 < 0 .	   

•   Firms are more likely to move to high quality regions CD
CGK

= 𝜃 > 0 .	   

•   Firms are less likely to migrate when the cost of migration is higher CD
CLH,K

< 0 .	  	   

 
Migration and Founder Wealth. Now consider a founder with localized wealth (𝑥 > 0), 

and assume there exists an optimal region to which it is profitable for the firm to move 

𝛥𝑌#,) > 𝛥𝑌#,&),	  	  	  𝛥𝑌#,) > 0 .  Now, the fact that it is profitable for the firm to move is not 

enough to warrant migration.  Instead 𝛥𝑌#,) must also be large enough to compensate for the loss 

of local wealth (i.e. 𝛥𝑌#,) > 𝑥).  As a result, there are a range of values under which companies 

might not migrate, even if profitable.  
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This issue is a unique challenge in entrepreneurial strategy.  Corporate strategy research 

often focuses on principal-agent problems as the cause for established firms not undertaking a 

profitable strategy.  Startups avoid profitable strategies due to almost the opposite reason: the 

principal and the agent are the same person, and therefore there are no principal-agent issues, but 

dual incentives of personal wealth maximization and startup profit maximization for founders 

limit their ability to choose profitable firm strategies.   

Age of Founding and Migration. Finally, we can include age of founder 𝑦 to study the 

relationship between age and migration.  If the founder accumulates local wealth through his or 

her life such that 𝐸 𝑦𝑥 > 0, then two predictions are apparent 

1.   Older founders (more local wealth) are less likely to migrate. 

 CO )∗P)
CQ

|E,GK < 0  
 

2.   Older migrants (with more local wealth) have higher quality than younger 

migrants9 	  SE
ST
|UV' > 0 . 

This model can be easily expanded to include personal utility instead of wealth (e.g. the 

cost of being away from loved ones), with all insights following through directly. 

 

III. ESTIMATING ENTREPRENEURIAL QUALITY 

Entrepreneurial quality is defined as the at founding likelihood that a firm will succeed.10  

This is influenced by the innovations embedded in the firm, its human capital, managerial 

ambitions, and other aspects.  This section outlines an empirical approach to measure 

entrepreneurial quality, borrowing closely from Guzman and Stern (2015, 2016, 2017).   

The entrepreneurial quality approach combines three interrelated insights.  First, as the 

challenges to reach a growth outcome as a sole proprietorship are formidable, a practical 

requirement for any entrepreneur to achieve growth is business registration (as a corporation, 

partnership, or limited liability company).  This practical requirement allows me to form a 

population sample of entrepreneurs “at risk” of growth at a similar (and foundational) stage of 

the entrepreneurial process.  Second, it is possible to distinguish among business registrants by 

                                                
9 Because the gains from migration are increasing in quality, and the cost of migration increasing in localized wealth 
(e.g. older) the necessary threshold to warrant migration is higher for higher levels of localized wealth. 
10 Other definitions are, of course, in principle possible.  
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observing choices the founders do at or close to the time of registration informed by their own 

ambitions and expectations for the firm.  Examples of these choices include whether the founders 

name the firm after themselves (eponymy (see Belenzon, Chatterji, and Daly, 2017a, 2017b)), 

whether the firm is organized in order to facilitate equity financing (e.g., registering as a 

corporation or in Delaware), or whether the firm seeks intellectual property protection (e.g., a 

patent or trademark).  Third, I leverage the fact that, though rare, it is possible to  observe 

meaningful growth outcomes for some firms (e.g., those that achieve an IPO or high-value 

acquisition).  

Combining these insights, I measure entrepreneurial quality by estimating the 

relationship between observed growth outcomes and startup characteristics using the population 

of at-risk firms.  Specifically, for a firm i born in region 𝑟 at time t, with at-birth startup 

characteristics 𝐻X,Y , I observe growth outcome 𝑔X,),Y[\ s years after founding and estimate:  

 	  𝜃X,Y = 	  𝑃 𝑔X,Y[\ 𝐻X,Y = 	  𝑓 𝛼 + 𝛽𝐻X,Y    

I use this model to create estimates of quality as the predicted the probability of achieving a 

growth outcome given observed startup characteristics at founding (a value	  𝜃X,Y).  Finally, I use 

the agglomeration of high quality local startups in a region as a measure of the local economic 

cluster, and define regional quality as 𝜏),Y =
'
%K,b

𝜃X∈)(Y) X,Y
 for all firms founded in region 𝑟 at 

time 𝑡. 

 

IV. DATA 

I use data on business registration records across 26 U.S. states, representing 70% of U.S. 

GDP, from 1988 to 2014.11  Business registration records are public records created 

endogenously when a firm is registered as a corporation, partnership, or limited liability 

company, with the Secretary of State of any U.S. state.12  Several related entrepreneurship 

studies use business registration records to study the founding and location of startups.13  I focus 

my analysis on the subset of startups that register under Delaware jurisdiction.  In the process of 

choosing a jurisdiction for their company, founders benefit from registering the firm in Delaware 

                                                
11 A map of  all states in the data is included in Appendix Figure A1. 
12 In fact, it is the act of registering a firm itself that legally creates the firm. 
13 See, for example, Guzman and Stern (2015, 2016, 2017), Catalini et al (2017), Stern and Tartari (2017), Fazio et 
al (2016), Andrews et al (2017), Guzman (2017), and Marinoni and Voorheis (2017). 
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due to the ease of use Delaware Corporate Law provides in writing of complex contracts.  These 

complex contracts are more useful for large firms or firms interacting with investors such as 

venture capitalists.14  On the other hand, for companies that expect to remain small, being in 

Delaware jurisdiction requires extra costs and the need to have two registrations (another one in 

the state of operation), imposing unnecessary costs and fees.  This creates a natural separating 

equilibrium, with only growth-oriented companies choosing to register in Delaware.  

Accordingly, while Delaware companies represent only about 4% of all firms, they account for 

50% of all publicly listed firms, and over 60% of all VC financing (see Catalini, Guzman, and 

Stern, 2017).  Delaware firms are also 50 times more likely to achieve an IPO or be acquired 

than non-Delaware firms (Guzman and Stern, 2016).  

The dataset is composed of 488,960 firms.  I enhance this data by using a name-matching 

algorithm15 to merge business registrations with several other datasets, including three types of 

intellectual property filings from the U.S. Patent and Trademark Office (trademark applications, 

patent applications, and patent assignments), and datasets of all IPOs in the U.S. (SDC New 

Issues), a substantive portion of M&A in the U.S. (all SDC Mergers and Acquisitions), venture 

capital activity (ThompsonReuters VentureXpert), and sales (Infogroup USA annual files).  

With this data at-hand, I develop a series of measures documenting a startup’s 

characteristics at founding and its subsequent performance.  

Firm Observables at Founding. From business registration I create 3 binary measures 

indicating whether a firm is a corporation (rather than an LLC or partnership), an LLC, and 

eponymous (named after the founder).  I also create 12 measures of firm name length, including 

a continuous measure of the number of words in the firm name, the square of the number of 

words, and 10 binary indicators for whether the name is exactly 1 through 10 words long.  I 

create industry measures by using the approach of Guzman and Stern (2015), who use a large 

sample of firms with NAICS codes to create a name-based algorithm that allows categorizing 

firms to different groups of US CMP clusters (Delgado et al, 2014) based on their name.  I create 

13 binary measures, one for each of the following groups: Agriculture and Food, Automotive, 

                                                
14 In fact, venture capitalists most often require that portfolio companies are in Delaware because their contracts are 
specifically written for Delaware Corporate Law. 
15 The matching approach builds on the existing approaches of Kerr and Fu (2008) and Balasubramanian and 
Sivadasan (2012). Further details are available on the Supplementary Materials of Guzman and Stern (2015, 2016) 
as well as Andrews et al (2017). 
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Chemicals, Clothing, Consumer Apparel, Distribution and Shipping, Energy, High Technology, 

Local Industries, Mining, Paper and Plastic, Publishing, and Services.  I also create 5 more 

measures for names associated to specific high tech industries that have accounted for a 

meaningful share of high growth entrepreneurship in this time period: IT, Biotechnology, E-

Commerce, Medical Devices, and Semiconductors.  Finally, I create six measures from 

intellectual property filings.  Three indicate whether the firm applies for a patent in their first 

year, has a patent assigned (from a prior inventor) in their first year, and files for a trademark in 

their first year.  The other three indicate whether the firm applies for more than one patent, is 

assigned more than one patent, or applies for more than one trademark in their first year. 

This leads to a total of 40 measures observable at the time of firm founding, which can be 

combined in 780 ways in two-way in interactions, for a total of 820 observable measures at 

founding. 

Measures of Firm Performance.  I include six outcome measures based on the firms’ 

observed performance six years after founding.16  IPO and Acquisition are two binary variables 

equal to 1 if the firm has an IPO or an acquisition within six years.17  The key outcome of 

interest, Equity Growth, is simply the union of these two sets.18  It is equal to 1 if a firm achieves 

an IPO or an acquisition and zero otherwise.  Though rare, equity growth represents a highly 

desirable outcome for entrepreneurs with high growth intention, and matches closely to the 

definition of ‘success’ in entrepreneurial strategy.  I also include four more outcomes.  Follow-on 

Patent is equal to 1 if the firm files or acquires (is assigned) one or more patents, excluding the 

first year window used for at-birth observables.  Follow-on Trademark is equal to 1 if the firm 

files one or more trademarks, excluding the first year window.  Venture Capital, is equal to 1 if 

the firm receives venture capital.  And High Sales is equal to 1 if the firm achieves $1 million or 

more in sales (as reported by Reference USA). 

Finally, I bring all of these measures together in a latent performance estimate under the 

belief that each one is partially informative about some unobservable performance.  To do so, I 

                                                
16 Six years after founding represents a reasonable range to observe a large share of successes, but still allow 
observing outcomes for many recently founded firms. The Data Appendix of Guzman and Stern (2016) shows that 
results are not sensitive to this specific window of time. 
17 Significant testing is performed in Guzman and Stern (2015) to compare the differences in outcomes between 
including all acquisitions and only those over a certain threshold of target value. The results are virtually identical 
independent of which is included. Therefore I include all acquisitions. 
18 The matching process is careful to only match events in correct locality, and, in the case of migrant firms, only in 
the destination region.  
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use the first principal component of a principal component analysis covering all prior outcomes.  

Latent Performance is the predicted value of this first principal component, standardized to a 

standard deviation of 1. 

Measuring Migration. To track migration, I use the fact that companies do not only need 

to register in the state in which they are founded, but in every state they setup business activity, 

including opening an office, renting real-estate, hiring people, or setting up a local bank account.  

These registrations include at least the name of the firm, registration date, the address of the 

firm’s office within the state, and the address of principal office (headquarters).  Because 

Delaware corporate law specifically requires companies to name themselves sufficiently 

different from one another,19 and because companies must register with their true name in each 

state,20 the matching across registries is very simple and allows high confidence that two 

Delaware firms under the same name in two different states are the same firm. 

I operationalize migration through three conditions: (1) The first state in which the firm 

registers is assumed to be the birth state, and its registration date the date of founding; (2) if a 

firm then registers in a second state with its principal office in this new state, this is considered a 

migration as long as the firm lived in the birth state for at least 3 months; (3) the date of 

registration in the destination state is the migration date.  This limits the analysis to migration of 

registered firms across states, but with an ability to see the specific destination address (and 

hence also the destination MSA).  Focusing on cross-state migrations allows me to generally 

abstract away from migrations within the same economic region. 

I develop two measures documenting migration. Migrant (Anywhere) is equal to 1 if the 

firm moves to any destination within the first two years since founding, and Migrant to Silicon 

Valley is equal to 1 if a firm moves to Silicon Valley in the first two years since founding.  

Table 1 shows summary statistics for some of the key variables, and for all migrant firms 

who migrate in the first two years. 

 

 

                                                
19 The logic for it is that (1) similar names would confuse people engaging in transactions with firms and (2) a new 
firm should not be able to impersonate another firm by virtue of having a similar name. 
20 The only exception to this are cases where this firm name is already taken by a local firm. In this case, I would 
simply not document this migration as there will not be a Delaware firm of the name of the migrant. This is very 
rare. 
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V. THE INCIDENCE OF MIGRATION ACROSS FIRMS, OUTCOMES, AND AGE 

Table 2 shows the average migration rate from ages 0 to 15 years old, for all firms 

founded on or before 2001 in the data (to avoid censoring).  Two results stand out.  First, 

migration is not rare, the total migration rate is 10%.  This number is suggestive of an important 

economic phenomena.  Second, migration is more common in the early stages of a firm.  6.7% 

(or 67% of all migrants) occurs within the first 5 years, and 4.2%—almost half of all migration—

within the first two years.  Figure A1 looks at this with more detail by separating by quarter of 

age.  A pattern of monotonically decreasing migration rates with age holds across age and at 

multiple thresholds of firm quality.21  

Figure 1 reports the incidence of migration across different firm-level high growth 

outcomes.  Migrants are significantly more likely to reach these outcomes.  Panel A reports all 

migrants.  Relative to a baseline incidence of migration of 4.2%, 10.1% of the firms that achieve 

equity growth are migrants, 6.5% of the firms that raise VC financing are migrants, and 7.7% of 

the firms that patent are migrants.  Panel B focuses only on the rates of migration of non-

California firms to Silicon Valley.  Only 0.2% of the firms move to Silicon Valley. Yet, these 

firms represents 2.9% of all equity growth outcomes, 2.5% of all VC financing, and 1.8% of all 

patenting.  Given the large differences between the incidence of migration and growth outcomes, 

it is possible there is a value for startups in changing location, but it is first necessary to control 

for the heterogeneous quality of firms and their local ecosystems. 

 

VI. ESTIMATING THE ENTERPRENEURIAL QUALITY OF U.S. FIRMS THROUGH 

MACHINE LEARNING  

I estimate entrepreneurial quality using a random forest, a type of machine learning 

model (Breiman, 2001).  Given the large number of observable measures available at firm 

founding (820 in total) it is necessary to do variable regularization to guarantee the estimator has 

common support in prediction.   Regularization also allows the model to avoid overfitting by 

eliminating tightly correlated covariates.  Many regularization methods are available; I use the 

double-LASSO approach of Belloni et al (2014) due to its secondary benefit of also selecting a 

                                                
21 Table 1 and Figure A1 are also presented in Guzman (2017). 
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set of controls that can be included directly in an OLS regression to estimate treatment effects.  

LASSO Controls is defined as the set of 91 variables selected by this procedure.22 

Entrepreneurial Quality Estimates. The model uses Equity Growth as the outcome 

variable and LASSO Controls as the independent variables.  I build this model using a 50% 

random sub-sample of non-migrants.  The predicted estimates can be interpreted as the 

likelihood of success when the firm stays at home. 

Table 3 reports two simple logit models to highlight some interesting relationships.  

Column 2 reports the relationship of the main variables on the odds of achieving equity growth 

outcomes.  The relationships are striking.  Firms with a short name are 42% more likely to grow, 

and corporations are 7.6 times more likely to grow.  Firms with a patent are almost 5 times more 

likely to grow, and firms with a trademark 2.8 times.  Firms whose name is associated to the 

traded economy are 18% more likely to grow.  In terms of targeted innovative sectors, firms with 

a name associated to biotechnology are 130% more likely to grow, firms in e-commerce 31%, 

firms in IT 53%, and firms in semiconductors 56% more likely to grow.  Interestingly firms in 

medical devices are 19% less likely to grow.  Bringing some of these estimates together, a 

biotechnology corporation with a patent and a trademark is 426 times more likely to achieve a 

high growth equity outcome than a Delaware incorporated LLC.   

The random forest has an in-sample ROC of 0.86. The ROC score is 0.in the hold-out 

(non training) sample, and 0.77 when estimated only with migrants.  These are reasonably good 

performance estimates for each group, further suggesting that the patterns of success between 

migrants and non-migrants are similar.  The out of sample ROC of 0.85 implies 70% of the 

variation in outcomes is accounted for in the model.  Figure 2A reports the ROC curve for all 

firms in the hold-out sample.  All analyses in this paper are performed in the hold-out sample.   

Figure 2B studies the predictive performance of this model through an out of sample 10-

fold cross validation procedure.  In this procedure, the model is divided into ten random non-

overlapping samples and estimated ten times using each sample as a hold-out test sample once. 

The performance of the model is evaluated by comparing predicted values of the model to 

realized values in the hold-out samples.  Figure 2B plots the distribution of firms that achieve 

                                                
22 Following the Stata code provided by Belloni et al (2014), I run two LASSO regressions on the full dataset, one 
with Equity Growth as an outcome and another one with Migrant (Anywhere) as an outcome variable, and consider 
as LASSO Controls all variables that are selected in any of the two procedures. 
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growth out of sample across 5% groups of the predicted quality distribution.  The relationships 

are dramatic.  The top 5% of the out of sample quality distribution accounts for 43% of all 

growth firms, and the top 10% for 59%.   

To measure the quality of regions.  I use directly the public datasets provided through the 

Startup Cartography Project (see Andrews et al (2017)).  These datasets follow a similar 

procedure as above but, rather than including only Delaware firms, include the total production 

of local firms in each location (ZIP Code or state) and year. 

 

VII. THE DETERMINANTS OF ENTREPRENEURIAL MIGRATION  
 
 We can now assess the empirical determinants of startup migration in the United States.  

Figure 3 presents a series of scatterplots of observables and its relationship to migration rates.  

Figure 3A is a binned scatterplot of firm quality in 5 percent bins and the average rate of 

migration for each bin.  The relationship between migration rates and quality is positive, 

suggesting better firms are more likely to migrate.  Figure 3B is the binned scatterplot of birth 

state quality and the average rate of migration.  The fit is negative, suggesting firms are more 

likely to leave low quality regions.  Finally, Figure 3C plots, within a year, the share of all 

movers that move to a destination state and the quality of that state in that year.  The fit is once 

again positive.  Conditional on migration, firms would appear more likely to move to higher 

quality states. 

These relationships are sharpened in Table 4, which presents a linear probability model 

with Migrant (Anywhere)  as the dependent variable, controlling for year, state, and state-year 

pair fixed-effects.  Standard errors are clustered at the state level.  In concordance with the 

scatterplots, firm quality has a positive and statistically significant relationship to migration, and 

state of birth quality a negative one, though insignificant at standard thresholds (p=0.12).  My 

preferred specification is Column 2.  The results suggest that increasing quality by one log-point 

(about two thirds of a standard deviation) leads to an increase in the likelihood of migration of 

1.2%.  Given a mean migration rate of 3.3% (in the full sample), this a 36% change from this the 

baseline.   

The data suggests migration patterns that are indicative of migrants seeking the 

agglomeration benefits of high quality ecosystems, with high quality firms moving away from 

regions of low agglomeration to regions of high agglomeration. 
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VIII. THE ROLE OF MIGRATION ON STARTUP PERFORMANCE 

How much is the performance of migrants improved after migration?  The central 

challenge in answering this question is the need to estimate a counterfactual performance of the 

migrant if it had stayed home.  Simple comparisons are biased because the choice to move is 

obviously not random, and is correlated with firm and destination quality.  In this section, I use 

entrepreneurial quality estimates and the LASSO Controls to compare migrants to non-migrant 

firms that are born in the same time and place, and look strikingly similar at birth.   

The estimator, like all machine learning approaches, falls under a ‘selection on 

observables’ class of estimators.  Selection on observables estimators are valid under two 

conditions: common support and unconfoundedness.  Under standard tuning parameters, the 

variable regularization performed in Section VI through double LASSO achieves common 

support.  Unconfoundedness, however, is often the key concern: it is usually hard to guarantee 

that the researcher has controlled for enough covariates to make treatment ‘as good as random’.  

This assumption has historically been unpalatable in econometrics.  However, recent increases in 

the availability of high dimensional data and improvements in machine learning methods for 

causal inference (Chenozukhov et al, 2014; Athey and Imbens, 2016) have made considerable 

progress in alleviating these concerns, and machine learning estimators today can often get close 

to the true parameter.  For example, in a recent test comparing selection on observables to 

experimental (true) estimates of relative risk in peer effects in social media, Eckles and Bakshy 

(2017) show that while a ‘classic’ selection on observables estimator would have an error of 

200%, the error in machine learning estimator using high-dimensional data is 10% and the 95% 

confidence interval includes the true parameter.  

In this section, I first use two different machine learning estimators to assess the impact 

of migration on the migrants.  Then, I present a series of tests probing at the potential role of 

unobservables in driving the effect.  These tests suggest that, though some unobservables will 

always exist, their effect is small and they are unlikely to be driving the estimate.  Finally, I 

study the role of migration across a series of other outcomes of interest, including innovation, 

commercialization, financing, and sales. 



    18 

The Value of Migration for Migrants. Table 5 reports a linear probability model with 

Equity Growth as the dependent variable and migration as the independent variable.  Standard 

errors are clustered at the state level.  

Panel A is the impact of migration to any destination on growth.  Column 1 reports the 

unconditional effect.  Migration is associated with a 4.1 percentage points (p.p.) higher 

likelihood of equity growth.  The mean value of growth for all firms is 0.81%.  Using this as a 

baseline suggests migration leads to a 5X increase in the odds of success.  

However, this estimate is biased for two reasons.  The first source of bias is selection.  

The sample average of Equity Growth is the wrong baseline to compare the coefficient to.  Since 

the migrants are higher quality than non-migrants, the coefficient should instead be compared to 

the quality of migrant firms—their expected growth if they had stayed local.  This value is 1%, 

and decreases the implied effect in odds to 4.1 (Column 2).  The second source of bias is a lack 

of control for other heterogeneity between migrants and non-migrants, as well as their source 

regions.  Column 3 includes the quality of firms as a control, and Column 4 also includes state-

year fixed effects to compare migrants to non-migrants that are born in the same place and time.  

The effect drops to 3.1 p.p. implying a 3.1 increase in odds of success from migration.  Column 5 

is the preferred estimates, using the LASSO Controls directly rather than the measure of quality 

to control for at-founding differences.  The estimate is indistinguishable from Column 4.  

Columns 6 and 7 report similar regressions that use a logit model rather than OLS.  The change 

odds-ratios are quite similar to the odds estimated from the OLS model.  

Panel B performs the same analysis separating migrants to Silicon Valley and migrants to 

other destinations.  For migrants to Silicon Valley, the unconditional effect is 6.75 percentage 

points which implies as 8.3X increase in the odds of growth using the mean quality of all firms. 

Adjusting for all relevant margins reduces the estimated effect drops to 5.7 p.p. Relative to a 

baseline quality of Silicon Valley migrants of 1.4%, this implies a 4.1X increase in odds.  Logit 

estimates again show very similar estimates, though with a little more variation.  In contrast, the 

effect for migrants to other destinations is lower.  Migration to other destinations leads to a 2.3 

p.p. increase in the likelihood of growth.  With a baseline quality of 1%, this implies an increase 

in odds of 2.3X. 

Tests of Unobservables.  I now study whether unobservables could be driving these 

results.  The concerns for unobservables are mainly of two types.  The first is whether we are 
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truly able to account for enough observables to make firms comparable at founding.  The second 

is that, even if the firms are perfectly comparable at founding, unobserved productivity shocks 

after founding could increase both migration and performance, causing a misattribution of the 

effect of migration.  

I begin with the first concern—whether the current approach can account for enough 

differences at founding.  We already have some information on this from the predictiveness of 

the machine learning model.  Simply put, if the machine learning did a poor job in accounting for 

differences in potential at founding, then the model would have low predictive accuracy.  

However, the model is able to account for 70% of the area under the curve in out of sample 

testing, such that at most unobservables that are correlated to migration and performance can 

account for 30% of the variation in the data.23 

Panel C of Table 5 uses the approach of Oster (2016) to estimate the size of 

unobservables necessary for two scenarios: for the coefficient to become zero, and for the 95% 

confidence interval to include zero (even if the coefficient is positive).  Though estimating this 

requires extra assumptions,24 we can compare the resulting estimate of unobservables to how 

much variation is left from the area under the curve, and assess how feasible it is for 

unobservables to drive the result.  Unobservables need to be 10 times larger than observables for 

the effect of all migrants to become barely insignificant, and 25 times larger than observables for 

migrants to Silicon Valley.  Given that the AUC is 70%, this means unobservables can be at 

most about 40% the size of observables25.  The ample difference between these two estimates 

suggests there is not enough unobservable variation left to make the results zero or even close to 

it. 

For the second concern—the possibility of productivity shocks after founding—I perform 

two tests.  The first, presented in Figure 4A, is an event-study on the rate of patent applications 

for a matched sub-sample of migrants and non-migrants who move at age 2.  If unobservable 

productivity shocks lead to migration, then we would expect migrants to increase their patenting 

before migration reflecting their increased productivity.  The trends, however, are very similar 

                                                
23 Conversely the remaining unobservables could also be simply noise, uncorrelated to treatment. 
24 Specifically, the approach of Oster (2017) assumes the unobservables are not more correlated with outcomes as 
the observables, and makes specific assumptions on the size of an R2 that is able to account for all observables. To 
estimate the 95% confidence interval, I also assume standard errors would be the equal to the estimated ones. 
25 e#%

g#%
= 42%. 
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before migration and only diverge afterwards, suggesting that there are few productivity shocks, 

at least as reflected in the rate of firm patenting.  

For the second test, I compare the impact of migration for firms that move at different 

ages.  If firms are matched well at founding, but diverge after founding due to unobservables, 

these unobservables are likely to increase as firms age.  We would then expect the bias created 

by  unobservables to artificially increase the estimated benefit of migration for migrants as we 

look at migrants that move at older ages.  Conversely, if the effect of migration is constant across 

forms who move at different ages we can assume there is little role of these types of 

unobservables ‘creeping in’ on the estimate.  In Figure 4B I report separate coefficients for 

migrants moving at different semester ages, from semesters 1 through 7.  The effect is quite 

constant, consistent with productivity shocks that bias the measure upward not being a main 

concern in my setting.  

 Other Outcomes. Table 6 estimates the value of migration for follow-on patenting, 

follow-on trademark, venture capital financing, high sales, and a measure of ‘latent profits’ that 

brings together all of these outcomes.  Panels A and B study migrants to Silicon Valley, and all 

migrants, respectively.  Migration to Silicon Valley also results in substantial improvements 

across these outcomes.  For example, migrants to Silicon Valley are 11 p.p. more likely to 

innovate (patent), 8 p.p. more likely to commercialize a product (trademark), 8 p.p. more likely 

to raise venture capital financing, and 11 p.p. more likely to reach a high level of sales.  These 

effects represent about 3 to 8 times the mean value of each outcome variable.  The widespread 

effects are consistent with the benefit of migration to Silicon Valley improving the productivity 

(and performance) of firms, rather than benefits simply on equity outcomes, through the benefits 

of localized agglomeration. 

The effects for all migrants in Panel B are, once again, lower than Silicon Valley, though 

still quote meaningful. 

  

IX. HETEROGENEITY AND BOUNDARY CONDITIONS 

Section VIII documented meaningful differences in the performance of migrants 

compared to non-migrants.  This section reports the boundary conditions of this effects, focusing 

on migration to Silicon Valley.  I focus on three sources of heterogeneity: the quality of the firm, 

the timing of migration, and the micro-location decisions in the destination.  
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In Figure 5 I investigate the benefit of moving to Silicon Valley across the firm quality 

distribution.  To do so, I run a kernel regression at equally spaced 5 percentile points of the 

percentile distribution of quality, from the 5th to the 95th percentile.  The outcome variable is 

Equity Growth and standard errors are clustered at the state level.  The results show that the 

value of migration on performance is highly increasing in quality.  The bottom 40% of quality 

shows no difference in performance after migration, even in this growth-oriented sample of 

Delaware firms.  The top 60% does show benefits, which are monotonically increasing as we 

move up the quality distribution.  The highest benefit of migration is at the 95th percentile of the 

quality distribution (the highest point evaluated), where migration leads to a 11% higher change 

of an equity growth outcome.   

In Figure 6, I study differences in the value of migration across different ecosystem 

conditions.  To do so, I study how the effect of moving to Silicon Valley changes before and 

after the dot-com bust26 by running an OLS model of migration on performance with individual 

coefficients for each year of migration,27 for the years 1996 to 2006.  An important requirement 

to be able to draw comparisons is that the quality of migrants is consistent across years.  Figure 

6A shows this is roughly the case.  

Figure 6B reports the ability of migrants of different years to achieve equity growth 

outcomes.  The patterns before and after the dot-com bust are striking.  While there was a large 

benefit of moving to Silicon Valley during the boom years, this benefit becomes negligible in the 

‘bust’ years.  Figure 6C shows the benefit of moving to Silicon Valley for a different outcome, 

VC financing.  The pattern here is different.  The benefit raises up to 2001 (the year the bubble 

burst) and then recedes gradually.  Both patterns match well anecdotal accounts of the time 

period and general intuition: while there was a sharp drop in IPOs and acquisitions after the 

bubble bust, some VC financing continued after 2001 as VCs unloaded the capital already 

fundraised.   

Figures 6D, 6E, and 6F look at outcomes less related to the boom and bust process of 

equity markets: innovation (the filing and acquisition of patents), commercialization (the filing 

                                                
26 This allows me to abstract away from the impact of the 1992 recession, the housing crisis in 2007-2008, and the 
more recent acceleration of the Silicon Valley ecosystem since 2010. Guzman and Stern (2016) show more national 
patterns across time. 
27 LASSO controls, origin state quality, and origin state fixed effects are included. Founding year fixed-effects 
cannot be included since they are highly correlated with migration year, the key variation under study. While this 
could cause upward bias in the coefficients, it should not affect comparisons of the coefficients across time. 
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of new trademarks), and sales.  Interestingly, these outcomes show little movement across time, 

suggesting the effects of Silicon Valley on the ‘real economy’, such as knowledge spillovers or 

access to markets are less cyclical.  This is also intuitive: though the IPO market crashed in 2001, 

the scientists and engineers in the region continued to work and—presumably—produce after 

2001. 

Together, these results provide further support for a role of agglomeration on the 

performance of migrants, but also highlight how these benefits are not homogeneous, but instead 

dependent on the outcome in question and the condition of the local ecosystem at the time of 

migration.   

As a final piece of analysis, I consider the micro-location choices of migrants.  Since 

knowledge spillovers deteriorate quickly with distance,28 location within Silicon Valley should 

also matter for performance.  Figure 7 shows the location of all Delaware startups born in Silicon 

Valley (Fig. 7A) and the destination location of the startups that moved to Silicon Valley (Fig 

7B).  Table 7 studies how locating to a better ZIP Code (one with a higher quality and quantity of 

local startups) relates to the performance of firms, conditional on the characteristics of the 

migrant startup.  As expected, the local entrepreneurship in the destination ZIP Code is positively 

related to the performance of the migrant firm and significant. 

 
X. THE WEALTH BENEFIT OF MIGRATION TO SILICON VALLEY  

Startups with high growth intention are ultimately created by ambitious founders seeking 

to increase their wealth, making the founder incentives in maximizing wealth critical to 

understand startup choices.  What are the incentives of the founders in their choice to move, and 

how should entrepreneurs evaluate the benefit of migration to Silicon Valley on their own 

wealth?  

Assume that the entrepreneur is running a company to maximize his or her own wealth 

through the sale of stock in their startup, either through IPO or acquisition.29  Assume also that 

the wealth gained by successful venture-backed entrepreneurs after a company exit (estimated by 

Hall and Woodward (2010)) is a good guide for the returns successful growth-oriented 

                                                
28 Kerr and Kominers (2014) use citation patterns in Silicon Valley to show innovations travel only a short distance 
within the region; Arghazi and Henderson (2008) show that the knowledge-related value of location for advertising 
firms in New York City can drop quickly after a few blocks. 
29 The results are equivalent if the entrepreneur is maximizing profits, but attenuated if there are non-pecuniary 
benefits as long as those do not correlate to location. 
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entrepreneurs in general.  The average estimated gains of successful founders are $20 million 

dollars.30  Under risk neutrality, an increase of 5.8 percentage points on the probability of success 

(the benefit of migration) translates into an expected wealth increase of $1.2 million dollars.  

Would this be enough to compensate founders for migration?  Maybe.  This gain is lower, for 

example, than the extra cost of a single family home for founders moving from low-cost housing 

regions, such as Austin, Texas, to Palo Alto, California.31  Wealth maximizing founders would 

also then need to consider changes in spousal income, other family costs, and risk aversion.   

The model in Section II highlighted how, if wealth tends to increase with age, there are 

two predictions that would be true when this issue is binding: for firms of the same quality, born 

in the same location and time, migrant firms would have younger founders, and, conditional on 

migration, older migrant founders would tend to be of higher quality.  

Age of Migration. To test these predictions empirically, I create a new hand collected 

sub-sample of Silicon Valley migrants randomly matched to non-migrants with the same quality, 

region of birth, and year of birth.  For firms in this sub-sample I develop a detailed account of 

their history using a mix of LinkedIn, Crunchbase, AngelList, WayBackMachine, and historical 

Whois records.  The goal is to identify the original founder and the age of that person at firm 

founding.  In the case of multiple founders, I try to get to the founder with the ‘idea’ (in a way, 

the original entrepreneur), rather than simply the highest position in the company.32  The sample 

is composed of 200 firms, with 100 non-migrants and 100 migrants to Silicon Valley.  I estimate 

their age at founding by using the graduation date of their undergraduate degree plus 22 years.   

T-tests in Table 9 show migrants are younger than non-migrants on average even if the 

firms are of same quality (which is by design in this matched sample).  The age for non-migrants 

is 40 years old, an estimate close to Azoulay et al (2017).33  The age for migrants is lower, 36, 

and is statistically different from the non-migrant age in a two-sided t-test.  The main difference 

                                                
30 Specifically Hall and Woodward (2010) estimate the average gain at $6 million, and only 30% of the founders 
have a positive gain (so that 6/0.3=20). I am thankful to Susan Woodward for her help in confirming this 
calculation. 
31 In 2016, Zillow reports the average home value for a single-family home in Austin, Texas to be $323,900 and the 
average value in Menlo Park to be $2,019,900. 
32 Who is the founder with the idea requires looking closely at the history of each company. In general, for 
companies created around a central innovation I take the inventor of this innovation (e.g. in Google this would be 
Larry Page or Sergey Brin), for companies created around a market concept, I take the original CEO who thought 
about such idea (e.g. in Salesforce this would be Marc Benioff). 
33 Azoulay et al (2017) report the age of founders at founding for all high growth startups in the US using Census 
data, getting to a main value of 42. 
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seems to be in how many migrants are particularly young and particularly old—migrants are 

twice as likely to be under 30 and half as likely to be over 50 than non-migrants.  Table 9 

sharpens this result in a regression framework, controlling for firm quality, as well as state-year 

pair fixed-effects.  Column 3 is the preferred specification, where quality is controlled through a 

4th order polynomial.  The coefficient of age is -0.01 and significant.  Increasing age of founder 

from 20 to 40, for example, increases the likelihood of migration by 20 percentage points.  Given 

the mean migration rate of 50%, this is a meaningful effect.  The evidence also validates the first 

prediction: younger people are more likely to migrate for otherwise similar firms.  

I now turn to the second prediction, the quality of migrants across age.  Figure 8 shows 

the quality of migrants and non-migrants by age decade.  While the non-migrant quality seems 

basically flat, the migrant quality is increasing monotonically.  Table 10 reports OLS regressions 

with Ln(Firm Entrepreneurial Quality) as the dependent variable and Age of Founding and Is 

Migrant as the independent variables.  The preferred specification is Column 3, which includes 

an interaction term of Age of Founding and Is Migrant.  The coefficient is positive and 

significant suggesting that, within migrants, older migrants tend to be higher quality. 

The results in this section highlight a key tradeoff in entrepreneurial strategy: even if 

strategies are profitable and there are no principal-agent problems, under some conditions, the 

entrepreneur as a wealth (or utility) maximizing individual might make choices that are not 

consistent with his or her startup’s profit maximizing strategies.  This issue is important in a 

migration setting because moving itself is likely to create personal costs for the founder, a type 

of tradeoff that is not salient in many other entrepreneurial choices. 

A second key benefit of this tradeoff is that it makes the analysis more economically 

concordant.  Rather than relying on some curious disequilibrium across startups and regions, 

where moving to Silicon Valley is rare in spite of it being highly beneficial, this analysis 

suggests a story consistent with spatial equilibrium in entrepreneurial location choices.  Though 

there are positive benefits to migration on firm performance, founder costs make migration a 

negative value for founders, though less so when those costs are small (e.g. young founders), or 

the impact of migration is abnormally high (e.g. for very high quality startups).  

Understanding in more detail the characteristics of a spatial equilibrium on startup and 

founder location choices is a question for future research.  
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XI. CONCLUSION 

 Location choice is a central element of entrepreneurial strategy.  A startup’s performance 

does not only depend on its initial idea or the talent of its founders, but also on its interaction 

with the local ecosystem.  While prior research has emphasized the importance of local 

embeddedness in creating a ‘home field advantage’ for startups, this benefit must be traded off 

with the value of agglomeration in moving to higher quality ecosystems.  Using a large sample 

of U.S. startups with a signal of growth intention and a machine learning approach to measure 

the firms at founding, this paper presents evidence that agglomeration benefits dominate 

embeddedness for growth-oriented entrepreneurship.  Startups that move are more likely to 

succeed across a range of outcomes, particularly those that choose to go to Silicon Valley.  

Nonetheless, while the benefits to migration appear quite large, migration can also create large 

wealth costs for founders who have local wealth in the origin region.  These costs can make 

founders abstain from migrating, even if it is profitable for the firm.  The process through which 

founder incentives, though unrelated to the startup, limit a startup’s ability to undertake 

profitable strategies, is a promising area of future research. 

 An important caveat on these results is that the estimated benefits of agglomeration could 

be different for other sets of startup populations than the one studied in this paper.  In particular, 

prior studies using European samples of firms mostly in the local economy have found local 

embeddedness dominates agglomeration (e.g. Dahl and Sorenson, 2012; Michelacci and Silva, 

2007).  Potentially, this is related to the fact that inputs and demand conditions are more 

geographically homogeneous in local industries, making the value of agglomeration to be fairly 

homogeneous across regions for those firms (and hence little benefit, but much cost, from 

moving).  Anecdotal evidence also suggests Europeans place a higher value on social networks 

than Americans, further changing the relative balance of the two effects.  These differences in 

estimates highlight the importance of context when studying locational strategies in 

entrepreneurship. 

Even within growth entrepreneurship, there are several other sets of startups than the ones 

identified in this paper, for whose the value of migration might be different.  For example, 

engineers often move to Silicon Valley with the hopes of eventually becoming entrepreneurs 

themselves.  In this case, the benefit of migration is not only on the performance of the company 

but also on the type and quality of company the migrant entrepreneur creates from the get-go. 
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Future work should focus on understanding other margins of migration and how those compare 

to the one studied here.  

There are also many implications of the results of this paper for other areas of research 

and policy.  Two main ones are important to highlight.  First, these results suggest the possibility 

that there is meaningful misallocation in the location of startups, and that (due to costs of 

migration) these misallocations are persistent over time.  A series of recent papers show that 

large differences in U.S. housing costs have a negative effect on US productivity and welfare 

(Hsieh and Moretti, 2015; Diamond, 2016).  If high growth startups are also misallocated, and 

startups are not migrating due to the high costs of living at the destination, the impact of this 

misallocation to U.S. productivity could be meaningful.  

The results also highlight the value of regional policies that balance the development of 

new high growth startups with the likelihood that these startups stay.  The fact that many high 

growth startups do leave for Silicon Valley and a couple other clusters has been a persistent 

concern for regional entrepreneurship policymakers.  My results suggest this could be partially 

mediated by investing in entrepreneurs that have a high local attachment or are deeply embedded 

in the local community, so that they would prefer to stay even in the face of high agglomeration 

economies somewhere else.   
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 TABLE 1 

SUMMARY STATISTICS  
  All Firms  Migrants (2 years) 

   Mean Std. Dev.  Mean Std. Dev. 
Outcomes       

Equity Growth 1 if a firm achieves IPO or acquisition in 6 years 
(Source: SDC Platinum) 0.008 (0.089)  0.049 (0.216) 

Files Trademark 1 if a firm files a trademark in years 2-6 of life 
(Source: USPTO) 0.045 (0.206)  0.087 (0.283) 

Files Patent 1 if a firm files a trademark in years 2-6 of life 
(Source: USPTO) 0.037 (0.188)  0.069 (0.254) 

Gets VC 1 if a firm receives venture capital financing (Source: 
ThompsonReuters VentureXpert) 0.016 (0.126)  0.023 (0.148) 

High Sales 1 if a firm files a trademark in years 2-6 of life 
(Source: USPTO) 0.039 (0.194)  0.062 (0.240) 

 
Early Migration  

      

Migrant (Anywhere) 1 if a firm moved to a different state in the first two 
years 0.033 (0.179)  1.000 (0.000) 

Migrant to Silicon 
Valley 

1 if a firm moved to a different state in the first two 
years to Silicon Valley 0.002 (0.049)  0.988 (0.110) 

 
Other Migration 

      

Migrant in 5 Years 1 if a firm moved to a different state in the first five 
years (censored) 0.052 (0.223)  1.000 (0.000) 

Migrant Ever 1 if a firm moved to a different state ever (censored) 0.073 (0.260)  1.000 (0.000) 
 
Business Registration 
Observables 

 
     

Corporation 1 if a firm is a corporation 0.426 (0.494)  0.625 (0.484) 
Short Name 1 if a firm’s name is 3 words or less 0.579 (0.786)  0.528 (0.705) 
Delaware Jurisdiction  1.000 (0.000)  1.000 (0.000) 

 
Intellectual Property 

      

Patent 1 if a firm files for a patent or has a patent assigned in 
the first year of business activity. 0.025 (0.156)  0.025 (0.156) 

Trademark 1 if a firm files for a trademark or has a trademark 
assigned in the first year of business activity. 0.012 (0.108)  0.011 (0.103) 

Observations  488960   16243  
91 observables from business registration records and IP filings used on a double LASSO procedure to control for observables not included. 
Outcomes must be are achieved by the firm within six years of founding. Migration is equal to 1 if the firm changes headquarters as evidenced in 
changes in its business registration across stats. For migrant companies, only success in the destination region is counted (e.g. filing a patent where 
the assignee is in the destination region). Equity Growth is a binary measure equal to 1 if a firm achieves IPO or acquisition. IP is a binary measure 
indicating whether the firm files a trademark or a patent. VC outcomes are measured from Thompson Reuters VentureXpert and High Sales is a 
binary measure equal to 1 if the firm is reported as having over $1 Million USD in sales by year 6 in the Infogroup USA database.  

 

  



    

TABLE 2 
MIGRATION RATES FOR ALL FIRMS 

BORN BEFORE 2001* 
Does not migrate 89.9% 

  
Entrepreneurial Migration  

Migrates before 2 years of age 4.2% 
Migrates before 5 years of age 6.7% 

  
All Migration  

Migrates from age 6 to 15 10.1% 
*Migration rates estimated only for firms born 
before  2001 to allow at least 15 years for 
firms to migrate. 

  



    

TABLE 3 
ENTERPRENEURIAL QUALITY MODEL 

LOGIT REGRESSION 
DEPENDENT VARIABLE: EQUITY GROWTH 

 
  (1) (2) 

Business Registration   
Short Name 1.517** 1.419** 

 (0.0590) (0.0517) 
   

Corporation 10.44** 8.549** 
 (0.902) (0.672) 
Intellectual Property   

Patent  5.849** 
  (0.372) 
   

Trademark  3.827** 
  (0.319) 
Name Based Industry   

Local 0.817** 0.909 
 (0.0725) (0.0797) 
   

Traded 1.030 1.178** 
 (0.0607) (0.0664) 
   

Biotechnology 3.191** 2.252** 
 (0.293) (0.220) 
   

E-Commerce 1.418** 1.311** 
 (0.0842) (0.0818) 
   

IT 1.831** 1.534** 
 (0.153) (0.118) 
   

Semiconductors 2.385** 1.558* 
 (0.528) (0.358) 
   

Medical Devices 0.942 0.808** 
 (0.0691) (0.0610) 

   
State F.E. Yes Yes 
Year F.E. Yes Yes 
N 488960 488960 
pseudo R-sq 0.097 0.141 
Incidence rate ratios reported. Standard errors clustered 
at the state-year pair level. * p < .1 ** p < .05. 

 

 
  



    

 
TABLE 4 

QUALITY OF MIGRANTS AND NON-MIGRANTS 
LINEAR PROBABILITY MODELS 

DEPENDENT VARIABLE: MIGRANT (ANYWHERE) 
  (1) (2) (3) (4) 
Ln(Firm Entrep. Quality) 0.0173**  0.0122** 0.0114** 

 (0.00371)  (0.00253) (0.00253) 
     

Ln(State Entrep. Quality)  -0.0356** -0.0172  
  (0.0127) (0.0116)  
     

State F.E. No No Yes No 
Year F.E. No No Yes No 
State Year Pair F.E. No No No Yes 
Observations 263083 227758 227758 263083 
R-squared 0.006 0.014 0.069 0.084 
Standard errors clustered at the state level. Dependent variable is a binary measure equal 
to 1 if the firm migrates in the first two years of life. Firm Entrepreneurial Quality is the 
predicted value of performance from a machine learning model (random forest) in a 
trained to predict Equity Growth from at-founding characteristics. The sample used for 
training is excluded from this analysis. State Entrepreneurial Quality is the average 
quality of local firms born in that state and year, including both Delaware and non-
Delaware firms.* p < .1 ** p < .05 

 
  



    

TABLE 5 
PERFORMANCE OF MIGRANTS 

LINEAR PROBABILITY MODELS 
DEPENDENT VARIABLE: EQUITY GROWTH 

 
PANEL A: MIGRATION ANYWHERE 

    OLS    Logit (IRR) 
  (1) (2) (3) (4) (5)    (6) (7) 
Migrant (Anywhere) 0.0410** 0.0410** 0.0348** 0.0312** 0.0314**   6.340** 3.360** 

 (0.00794) (0.00794) (0.00801) (0.00771) (0.00760)   (1.712) (0.779) 
          

Ln(Firm Entrep. Quality)   0.0112** 0.0106**     3.278** 
   (0.00166) (0.00146)     (0.226) 
          

Ln(State Entrep. Quality)         0.524** 
         (0.0794) 

LASSO Controls      Yes     
State-Year F.E.    Yes Yes     
State F.E.          Yes 
Year F.E.          Yes 
N 232315 232315 232315 232315 232315    232315 197537 
R2 / Pseudo R2 0.002 0.002 0.020 0.031 0.049   0.012 0.207 
Mean Quality (All Firms) 0.00813                
Mean Quality (Migrants)  0.0101 0.0101 0.0101 0.0101     
Implied Increase in Odds 5.047 4.071 3.454 3.097 3.114    6.340 3.360 

          
PANEL B: MIGRATION TO SILICON VALLEY 

   OLS    Logit (IRR) 
  (1) (2) (3) (4) (5) (6)  (7) (8) 
Migrant to Silicon Valley 0.0675** 0.0675** 0.0609** 0.0583** 0.0577**   11.38** 1.844** 

 (0.0102) (0.0102) (0.00982) (0.00852) (0.00880)   (2.616) (0.265) 
          

Migrant Outside Silicon Valley      0.023**    
      (0.000341)    
          

Ln(Firm Entrep. Quality)   0.00915*
* 

0.00878**     1.093** 
   (0.00177) (0.00169)     (0.0629) 
          

Ln(State Entrep. Quality)         -0.537** 
         (0.184) 

LASSO Controls      Yes Yes    
State-Year F.E.    Yes Yes Yes    
State F.E.          Yes 
Year F.E.          Yes 
N 152298 152298 152298 152298 152298 232315   152298 130895 
R2 / Pseudo R2 0.003 0.003 0.016 0.029 0.041 0.048  0.012 0.176 
Mean Quality (All Firms) 0.00813                 
Mean Quality (Migrants)  0.0141 0.0141 0.0141 0.0141 0.00990    
Implied Increase in Odds 8.301 4.802 4.333 4.146 4.107 2.282   11.38 6.322 

          
PANEL C: OSTER TEST OF SIZE OF UNOBSERVABLES FOR EFFECT TO BE ZERO 

 
Size of Unobservables 

for effect to be zero 
Size of Unobservables for effect to be 

not-significant at p =.05 
All migrants (Comparing Panel A (3) with Panel A (5)) 18    10  
Migrants to Silicon Valley (Comparing Panel B (3) with Panel B (5)) 36        25   
 
Robust standard errors clustered at the state level are reported. Firm Entrepreneurial Quality is the predicted value of performance from a 
machine learning model (random forest) in a trained to predict Equity Growth from at-founding characteristics. The sample used for training 
is excluded from this analysis. State Entrepreneurial Quality is the average quality of local firms born in that state and year, including both 
Delaware and non-Delaware firms. Mean quality is the average expected performance for all firms in the sample. Pseudo R2 is the McFadden 
(1974) R2 estimate. Estimates of size of unobservables to be non-significant assume the standard errors of the effect are the same. * p < .1 ** 
p < .05 



    

 
 

TABLE 6 
PERFORMANCE OF MIGRANTS VS NON MIGRANTS 

OTHER OUTCOMES 
LINEAR PROBABILITY MODELS 

      
PANEL A: MIGRANT TO SILICON VALLEY 

 (1) (2) (3) (4) (5) 
DEPENDENT VARIABLE: Patent Trademark Venture Capital Sales Latent Profits 
Migrant to Silicon Valley 0.0944** 0.0739** 0.0728** 0.113** 0.854** 
 (0.0118) (0.0139) (0.0155) (0.0171) (0.0929) 
LASSO Controls Yes Yes Yes Yes Yes 
State, Year F. E. Yes Yes Yes Yes Yes 
Observations 152298 152298 152298 152298 152298 
R-squared 0.483 0.095 0.100 0.079 0.300 
Mean of Outcome 0.0260 0.0379 0.0105 0.0375 -0.0612 
      

PANEL B: MIGRANT ANYWHERE 
  (1) (2) (3) (4) (5) 
DEPENDENT VARIABLE: Patent Trademark Venture Capital Sales Latent Profits 
Migrant Anywhere 0.0451** 0.0766** 0.0245** 0.0509** 0.476** 
 (0.00644) (0.0108) (0.00601) (0.00718) (0.0473) 
LASSO Controls Yes Yes Yes Yes Yes 
State, Year F. E. Yes Yes Yes Yes Yes 
Observations 232315 232315 232315 232315 232315 
R-squared 0.520 0.107 0.121 0.079 0.343 
Mean of Outcome 0.0347 0.0434 0.0170 0.0380 -0.0120 
Robust standard errors clustered at the state level are reported. Outcomes of patent and trademark do not include the 
first year of observations for the firm (which are incorporated in the quality model). Sales is an indicator variable on 
whether the firm reaches 1 million dollars. Latent profits is the projection of the first principal component of the 
outcomes IPO, Acquisition, Patent, Trademark, Venture Capital, and Sales. * p < .1 ** p < .05 

 
  



    

 
TABLE 7 

SILICON VALLEY MICRO-LOCATION CHOICES AMONG MIGRANTS 
AND PERFORMANCE 

LINEAR PROBABILITY MODELS 
DEPENDENT VARIABLE: EQUITY GROWTH 

 
	   (1) (2) (3) 
Destination ZIP Code Local Entrepreneurship  0.0151 0.0416* 0.0310* 
       (Quality X Quantity) (0.89) (2.47) (2.07) 
    
Ln(Birth State Entrep. Quality)  0.00876  
  (0.67)  
    
LASSO Controls No Yes Yes 
State F.E.  No No Yes 
Moved Year F.E  No Yes Yes 
N 725 664 725 
Robust standard errors in parenthesis. * p < .1 **  p < .05 

 
 

TABLE 8 
AGE AT FOUNDING FOR MIGRANTS AND NON-MIGRANTS 

HAND COLLECTED SAMPLE  
  Non-Migrants   Migrants   Student's T-Test 
  Mean Std. Error   Mean Std. Error   t-statistic P-Value 
Ln(Firm Entrepreneurial Quality) -4.38 (0.099)   -4.24 (0.109)   -0.98 0.33 
Ln(State Entrepreneurial Quality) -7.95 (0.092)  -7.94 (0.086)  -0.04 0.97 
Age at Founding 39.81 (0.98)  36.32 (0.922)  2.59 0.01 
Age Under 30 0.13 (0.034)  0.25 (0.044)  -2.18 0.03 
Age 30 to 50 0.73 (0.045)  0.66 (0.048)  1.07 0.28 
Age Over 50 0.14 (0.035)   0.09 (0.029)   1.11 0.27 

 Obs 100  Obs 100    
Represents a sub-sample hand collected to estimate the age of founders at founding. The subsample initially consisted 
of migrants to Silicon Valley matched to non-migrants at the same quality, state and year of birth. I then search for 
the history of each company and find the original founder, then search for the employment history of that founder to 
estimate his or her age. The age is defined as 22 plus the number of years since college graduation. 

 
  



    

 
TABLE 9 

AGE AND MIGRATION 
LINEAR PROBABILITY MODEL  

DEPENDENT VARIABLE: IS MIGRANT 
  (1) (2) (3) 

Age at Founding -0.00942** -0.0100** -0.00996** 
 (0.00353) (0.00480) (0.00481) 
    

Ln(Entrepreneurial Quality)  0.0547  
  (0.0618)  
    

State Year F.E.  No Yes Yes 
Firm Quality 4th Order Polynomial  No No Yes 
N 200 200 200 
R2 0.033 0.564 0.669 
Robust standard errors clustered at the state level in parenthesis. * p < .1 **  p < 
.05 

 
 

TABLE 10 
AGE AND QUALITY FOR MIGRANTS VS NON-MIGRANTS 

LEAST SQUARES REGRESSIONS 
DEPENDENT VARIABLE: LN(FIRM ENTREPRENEURIAL QUALITY) 

 Migrants Non-Migrants All 
  (1) (2) (3) 
Age at Founding -0.0263** 0.0368* -0.0234** 

 (0.0106) (0.0204) (0.0106) 
    

Is Migrant   -1.625** 
   (0.671) 
    

Age at Founding X Is Migrant   0.0491** 
   (0.0179) 
    

State Year F.E.  Yes Yes Yes 
N 100 100 200 
R2 0.705 0.773 0.689 
Robust standard errors clustered at the state level in parentheses. * p < .1 ** p < 
.05 

 



A.   B. 

Note: Reports the share of moves represented in each of the outcome measures as well as migrants in general. 
Implied odds is simply the column divided by the value of All Firms and represents the higher likelihood of a 
migrant having an outcome than expected at random 

FIGURE 1



FIGURE 2 

A. ROC Curve for predictive model in out of sample non-migrant firms. 

B. Ten Fold Cross Validation 
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A.  

Note: This is a matched pair distribution. For each migrant that moves in semester 5 of life, four control firms are 
found that look exactly the same in observables and time of birth, then the share of firms that apply for a patent in 
each semester is computed. t=0 indicates the semester of migration.  

B. 

Note: Represents the by-semester of migration coefficients of an equivalent regression of Table 8, Column 3—a 
linear probability model with equity growth as an outcome and LASSO controls and State-Year pair fixed effects. 
Standard errors are clustered at the state-year pair level. 

FIGURE 4
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Notes: this kernel regression shows the effect across different points in the quality distribution of firms.
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FIGURE 7

Notes: This figure represents every address for which there is a Delaware firm in Silicon Valley. The color of the 
point is the aveage quality of firms, the size of the point is the number of firms founded in that address. The panel 
on the left represents all firms Delaware firms that are originally founded in Silicon Valley , and the panel on the 
right represents all migrants and their destination location. The scale of the points on the right is much larger than 
on the left to allow an easier comparability. 



FIGURE 8 



FIGURE A1 
 

States in Sample 
 
 

 

Note: All states in the data represented. The color represents the number of firms registered in Delaware in 

each state. 

  



FIGURE A2 

 

 
 

 
Note: this figure shows the share of migrant firms that migrate within each of the quarters of firm life at different 

levels of firm quality. Firms are required to live at least a quarter in their location of birth to be considered migrants. 

It is easy to see a monotonic decline in migration rates, suggesting migration is mostly entrepreneurial. 

  



FIGURE A3 
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TABLE A1 
MIGRATION AND FACTOR COSTS, MIGRATION COSTS, AND AMENITIES 

LINEAR PROBABILITY MODEL 
 

DEPENDENT VARIABLE: Migrant (Anywhere)  Migrant to Silicon Valley 
 (1)  (2) (3) 

Price of Labor     
  State R&D Tax Credit (t+1) -0.0773**    

 (-2.36)    
Migration Costs     
Ln(Distance to Palo Alto, CA)   -0.00225**  

   (-4.53)  
Quality of Living     
Ln(Snow Events+1)     0.000823** 

    (0.000192) 
     

Ln(Firm Quality) 0.00548**  0.00109** 0.00121** 
 (12.91)  (9.67) (10.14) 
     

Ln(State Entrep. Quality) -0.00694**  0.000694** 0.000146 
 (-2.04)  (2.98) (0.19) 
     

State F.E. Yes   No No 
Year F.E. Yes   Yes Yes 
Observations 359837   226079 211430 
R-squared 0.052   0.002 0.003 
Standard errors clustered at the state-year level. Dependent variable is a binary measure equal to 1 if the firm migrates in the 
first two years of life. * p < .1 ** p < .05 

 
  



TABLE A2 
PERFORMANCE OF MIGRANTS VS NON-MIGRANTS 

LOGIT MODEL 
DEPENDENT VARIABLE: EQUITY GROWTH 

INCIDENCE RATE-RATIOS REPORTED 
 

  All Firms   Delaware Firms 
  (1)   (2) (3) (4) (5) 
Migrant to Silicon Valley 408.2**  11.16** 7.908** 6.629** 6.135** 
 (68.96)  (1.825) (1.532) (1.165) (1.149) 
       
VC In First Two Years    5.413**  3.289** 
    (0.655)  (0.361) 
       
Patent    8.655**  1.656** 
    (0.703)  (0.171) 
       
Ln(Firm Entrepreneurial Quality)     2.057** 1.881** 
     (0.0529) (0.0518) 
     1.753** 0.483** 
Ln(State Entrepreneurial Quality)     (0.136) (0.0632) 
       
Year F.E.  No  No Yes No Yes 
State F.E. No  No Yes No Yes 
N 18562107   262459 262459 262459 262459 
Log-Likelihood -35068.1   -12224.4 -10843.5 -10769.4 -10323.7 
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