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Abstract

Using the data from Crunchbase, the leading platform for detailed information on early-

stage firms, we document evidence of geographic dispersion and industry declustring

of new startups over time. We show that this trend is associated with investment in-

centives of local angel investors. Specifically, angel investors are more likely to provide

early-stage fundings to a firm dissimilar to its geographic peers. We find that this re-

sult is attributable to the different diversification preferences of angel investors. Angel

investors make geographically concentrated investments with industry diversification,

while venture capital investors make industry-concentrated investments with relatively

greater geographic diversification.
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1 Introduction

Recent agglomeration literature has greatly expanded into entrepreneurial agglomeration

based on the Marshallian spillovers.1 Earlier studies highlight that the entrepreneurial ag-

glomeration is highly localized and benefits from common input sharing, quality of match-

ing in local labor markets, and knowledge spillovers (Jaffe, Trajtenberg, and Henderson,

1993; Rosenthal and Strange, 2008; Kolympiris, Kalaitzandonakes, and Miller, 2011). En-

trepreneurial finance is also thought to play an important role in the agglomeration of innova-

tion and entrepreneurship as spatial proximity helps with screening of ventures, monitoring

and advising of portfolio firms, and thus mitigating information asymmetry and moral haz-

ard (Hochberg, Ljungqvist, and Lu, 2007, 2010; Chen, Gompers, Kovner, and Lerner, 2010).

These agglomeration benefits still strongly persist, such that Silicon Valley has continuously

been the nation’s leading technology hub. However, we are seeing a gradual declustering of

firms especially in high-tech industries with many startups.2

The recent declustering of startups is in part driven by high-tech firms’ decreased re-

liance on the proximity to physical resources. For example, Silicon Valley’s own products

and services, such as cloud computing, video-conferencing, and online collaboration, have

made it possible to exploit the traditional benefits of geographic knowledge spillover possible

in ventures anywhere, where living costs and competition are lower (The Economist 2018).

More importantly, the difficulty of accessing traditional financing and, to some extent, ven-

ture capital (VC) financing as VCs tend to locate near crowded tech hubs, raises relative

benefits of launching business in areas where other early-stage financing might be accessible.

In this paper, we empirically document whether entrepreneurship is geographically declus-

tering and examine how the new startup dynamics affect entrepreneurial location choice,

access to early-stage financing, and success of firms as a result. To this end, we offer an al-

1See for example, Glaeser, Kerr, and Ponzetto (2010); Carlino and Kerr (2015); Chatterji, Glaeser, and
Kerr (2014) among others.

2The Economist (September 1, 2018), “Silicon Valley is changing, and its lead over other tech hubs
narrowing.”
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ternative perspective on a trade-off between agglomeration and access-to-financing benefits.

In doing so, we highlight the rising role of angel investors, who are geographically spread

over the nation, in paving the way for the geographic dispersion and industry declustering

of new startups.

We use the startup firm data from Crunchbase, the leading platform for superb infor-

mation on early-stage firms for the sample period from 2007 to 2018. The information

provided by the database includes founding years, geographic locations, detailed industry

classifications, early-stage financing rounds, and founder and team members. The data

is gathered from investment firms that submit monthly portfolio updates to Crunchbase,

community contributors, artificial intelligence and machine learning of the online informa-

tion, and Crunchbase’s own data team. The Crunchbase database not only provides the

most extensive data on startup firms with a greater focus on high-tech sectors but also has

the distinct advantage of identifying their business characteristics in great detail over other

databases.

Particularly, Crunchbase tags firms with multiple industry classifications composed of

47 broad industry groups and 742 detailed industries. Using these detailed industry clas-

sifications, we create an industry vector of 742 elements for each firm and compare those

industry vectors across firms within a Metropolitan Statistical Area (MSA). To examine

industry declustering in an MSA, we develop a cosine-similarity measure of these industry

vectors. It is important to note that the similarity measure is time varying as the geographic

peers change over time due to the new entries of firms. This is an important component of

externality in this measure that later serves as an identification strategy for casual interpre-

tations.

We first document two stylized facts on similarity. First, we find that startup firms

geographically spread throughout the country over time. Although a few big MSAs, such as

San Francisco, New York, and Los Angeles, are still leading in terms of the total numbers

of firms and new startup foundations, we note that other MSAs, such as Boston, Chicago,
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Washington DC, Miami, Austin, Dallas, Atlanta, and Boulder, have emerged as new startup

hubs.3 Second, we show that MSA similarity scores have decreased significantly over time.

These results overall are consistent with the interpretation that industry clustering that is

first introduced by Porter (1990) began to retrogress more recently. The literature thus far

highlights the unrealistic cost of living and the heightened competition for talent (Kerr and

Robert-Nicoud, 2020) in the areas of severe business clustering as possible reasons for the

industry declustering. In this paper, we attempt to examine other driving forces by focusing

on the financing channel.

We further examine how a firm’s similarity to potential peers in a given MSA affects

the firm’s location choice. We find that in general a firm is more likely to enter into a

market when the potential peers of the market is similar to itself based on our similarity

measure. This overall effect is consistent with industry clustering. However, the effect has

been reversed over time and becomes negative in the more recent period. We also find that

the negative impact of potential similarity of a market on the firm entry decision to the

market is particularly stronger when the market has a stronger angel-investor presence than

any other early-stage investors including VC.

Next, we examine how a firm’s business similarity to geographic peers is associated with

the type of early-stage financing. We expect the startup similarity to geographic peers to be

associated with angel financing relative to VC financing, based on our entry model results

above. Our main analyses show that startup firms are more likely to receive angel financing

when they are dissimilar to their geographic peers. A one standard deviation decrease in a

firm’s similarity to its geographic peers is related to a 27.9% increase in the unconditional

likelihood of receiving angel financing in the subsequent year. In contrast, a one standard

deviation increase of the similarity relates to a 16.9% increase in the unconditional likelihood

of receiving VC funding in the subsequent year. We take into account that angel financing

and VC financing can be sequential for some firms and thus consider only the first funding

3We find our list of MSAs with a high startup concentration very similar and consistent with that of Kerr
and Robert-Nicoud (2020).
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rounds of all firms or subsets of firms that exclusively receive angel fundings or VC fundings

only. We find the results are robust to using these refined samples. Also, these effects are

likely causal because changes in our measure of similarity to geographic peers are exogenously

given beyond the firm’s initial entry decision depending on the industry characteristics of

newly entered of firms each year.

We propose that the relation between business similarity to geographic peers and types

of funding can be attributed to the mechanism based on unique portfolio preferences of

angel investors. Unlike VC investors who specialize in a small number of industries and use

various control mechanisms to reduce portfolio risks, angel investors’ small scale and diverse

expertise and experiences may raise coordination frictions between them and their portfolio

firms. Therefore, we predict that angel investors are more likely to create portfolio by

investing in geographically close firms to facilitate interaction with them but by diversifying

over portfolio-firm industries within the close proximity.

To test this prediction, we examine investor-level portfolios using the same Crunchbase

data. We find that portfolio preferences are significantly different between angel investors

and VC investors. More specifically, angel investors’ portfolios are associated with greater

industry dissimilarity but smaller geographic distance. On the other hand, VC investors

maintain their portfolios under higher business similarity but are less likely to restrict their

portfolio firms based on geographic distance. More importantly, we find that angels with

funded firms in close proximity but diverse in industry also tend to have higher success rates

as measured by exits through IPOs or acquisitions. Notably, this relationship is not observed

for any other types of investors. This final result suggests that a regional business declustering

of firms allow angel investors to form an optimal portfolio, which in turn, improves the success

of startups funded by angels.

Overall, the results support the idea that firms that are dissimilar to geographic peers are

more likely to be considered favorably by angel investors. This mechanism may incentivize

new entrepreneurs to start business in a market with less industry clustering especially when
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angel investors’ presence is greater in the market. Considering a significant increase in the

number of angel investors (Figure 1), who are widespread throughout the country, we ascribe

our evidence of geographic dispersion and industry declustring of new startups to spreading

angel financing.

Our paper relates to the three areas in the finance and economics literature. First, our pa-

per adds to the entrepreneurial agglomeration literature. The recent agglomeration literature

expands on the intellectual spillover (Marshall, 1920) and shows that entrepreneurial activi-

ties are much more localized than other economic forces linked to agglomeration (Rosenthal

and Strange, 2008; Glaeser et al., 2010; Kolympiris et al., 2011; Carlino and Kerr, 2015;

Chatterji et al., 2014). Particularly, VC has been extensively studied as an important factor

of entrepreneurial agglomeration as VC tends to locate closely to tech hubs and attract new

startups in proximity (Chen et al., 2010; Hochberg et al., 2007, 2010). We complement the

earlier studies and expand the literature by documenting a gradual declustering of startup

firms over time while the traditional agglomeration benefits still exist. We link this phe-

nomenon with the emergence of angel investors as the rising source of early-stage financing,

which attracts startups away from more expensive and competitive tech hubs and trades off

the traditional agglomeration benefits with funding opportunities.

Second, our paper is closely related to studies on angel investors. Studies on angel

investors are relatively underdeveloped due to the data limitations on angel financing, com-

pared to the extensive work on VC financing (Hellmann, Schure, and Vo, 2021; Lindsey and

Stein, 2019). The previous studies on angel investors focus on the real effects of angel financ-

ing and success of angel-financed startups. Lindsey and Stein (2019) show that a reduction

in a market’s pool of angel investors is negatively associated with firm entry into the market

and local employment. In contrast, Denes, Howell, Mezzanotti, Wang, and Xu (2020) find

that angel investor tax credits have no significant effect on entrepreneurial activity. Our

study may reconcile the gap between the two studies to some extent by showing that the

effectiveness of angel financing, in part, depends on the startup clustering dynamics and
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similarity of firms in the area. Furthermore, our paper complements earlier studies of angel

investors by showing that the local startup dynamics and similarity are important factors in

angels’ funding decisions (Bernstein, Korteweg, and Laws, 2017) and successful exits (Kerr,

Lerner, and Schoar, 2014).

Lastly, our paper broadly connects to the literature on early-stage financing and financial

contracting. We consider the preferences of angel investors in creating and diversifying their

investment portfolios and show that the industry diversification motive of angel investors

is closely related to business declustring. These investment preferences of angel investors

that are summarized as geographic concentration and industry diversification are contrary

to those of VC investors who prefer industry specialization (Sorenson and Stuart (2001);

Hochberg et al. (2007); Chen, Gompers, Kovner, and Lerner (2009)). The difference in

investment preferences highlights potential limitations of angel investors’ financial contracts,

where the use of risk-sharing mechanisms in VC contracts, such as syndication and staged

financing (Lerner (1994); Lerner (1995); Kaplan and Stromberg (2001); Cornellii and Yosha

(2003)) is limited.

Our paper proceeds as follows. In Section 2, we discuss our data and sample selection.

Section 3 discusses our measure of business similarity to geographic peers and presents the

results on the business similarity and firm entry decisions. Section 4 examines the relation

between the business similarity and types of early-stage financing. Section 5 presents the

results on entrepreneurial outcomes. Section 6 concludes.

2 Data and Sample

2.1 Crunchbase Data

We collect our main data on startup firms and their funding information from Crunchbase.

Crunchbase is a crowdsource platform started in 2007 and provides information about pri-

vate and public companies and investors. Its parent company is TechCrunch which is an
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online newspaper focusing on high-tech and startup companies. TechCrunch originally oper-

ated Crunchbase as its online encyclopedia for startup company information. Although the

initial data relied on web searching and scraping, now Crunchbase collects data directly from

its wide network of partners covering companies, executives, entrepreneurs, and investors.

Furthermore, Crunchbase maintains high quality data through machine learning algorithms

to validate data for accuracy and anomalies daily and ensures capturing notable funding

rounds, acquisitions, and exits through following over 2,000 of the top news publications.

Lastly, Crunchbase covers the most comprehensive set of startup firms, especially high-tech

startups. However, the coverage is not just restricted to the well-known innovation hubs in

California as shown in the Appendix Table A1.

Crunchbase data has been used by academics in finance for research in early-stage financ-

ing. Kaplan and Lerner (2016) introduce Crunchbase as the best known source of venture

capital financing. Further, the use of the data has expanded since covering details of all types

of early-stage financing beyond venture capital financing. Davis, Morse, and Wang (2020)

use detailed startup financing types, venture debt in particular, from Crunchbase to study

startup firms’ capital structure decisions and successes. Ewens, Nanda, and Rhodes-Kropf

(2018) use the startup team member characteristics for examining VC portfolio strategies.

Wang (2018) uses the Crunchbase data for tracking entrepreneurship decisions. In this pa-

per, we further make extensive use of Crunchbase for the detailed industry classifications to

create our unique business similarity measure. We also benefit from the detailed location

information of firms and investors and funding information by different investor types from

Crunchbase.

We access the snapshot of information on 753,938 organizations on Crunchbase as of

April, 2019 with unique Crunchbase identifiers (uuid). The organizations are further cat-

egorized into company, investor, and school. We keep organizations whose primary role is

“company.” Each company receives a unique Crunchbase identifier (uuid), and all infor-

mation such as investors and funding rounds is categorized into a node that also receives
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a unique identifier. We utilize these identifiers to connect firms to their funding investors

and rounds information. Besides, Crunchbase also provide detailed information on exits

including IPOs and acquisitions and founder and team member information.

Despite the fact that Crunchbase provides the most comprehensive data of early-stage

startup companies, one may be concerned with the possibility that firms on Crunchbase

(i.e., self-select to be listed on Crunchbase) are systematically different. However, for this

selection issue to explain our main results, the bias has to be correlated both with the

business similarity and financing choice. This seems unlikely. First, the similarity measure

is a dynamic measure affected not only by the firm’s choice but also by the neighboring

firms’ choices. Hence, a firm’s choice to be on Crunchbase does not seem to correlate with

our similarity measure in any clear way. Second, being on Crunchbase does not guarantee

an access to financing or any specific type of financing. We find that 18% of firms in our

sample have at least one funding record, and the funding type covers a wide spectrum from

seed money to post-IPO debt financing.

2.2 Sample Selection

We restrict our sample to firms that have non-missing headquarter location, valid zip code,

and founding year. Our final sample comes down to 160,023 unique firms founded between

2007 and 2018.4 We extend the data with investor and funding information, which results in

about 1.5 million firm-year observations. About 18% of the sample firms have at least one

funding record (denoted funding sample) and corresponding funding investor information.

Table 1 describes firm age and funding information for the funding sample. The average

(median) age of our sample firms is 11 (9). It is important to note that Crunchbase includes

not only startups but also public firms and that we also consider those public firms as

geographic peers. Also, some of the private firms in our sample are very old. For example,

4Although Crunchbase provides information on founding activities even before 1990, we intentionally
restrict our sample to the period after 2007 when Crunchbase launched in July of 2007. Our results are
robust to including the data before 2007.
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Scovill Fasteners was founded in 1802, and thus skews the age distribution to the right.

Firms in the funding sample have on average two funding records. The average age at

the first funding record is four, and about half of all reported funding records constitutes

first-funding.

[Insert Table 1 Here]

We then summarize funding data from angel and VC investors separately in detail. A

smaller fraction of firms in the funding sample receive funding from angel investors than from

VCs (15% vs 60%). Firms are younger (2.8 vs 4.3 years-old) at the time they receive angel

financing than VC financing. The comparison of funding amounts and geographical distance

between funded firm and corresponding investors are consistent with earlier studies. The

median size of angel financing is smaller than that of VC financing ($970,000 vs $5.7 million),

whereas the angel investors tend to fund firms that are in significantly closer geographic

proximity than do VC investors (88 miles vs 480 miles).

3 Business Similarity

3.1 Business Similarity Measure

One unique feature of Crunchbase is its industry classification of each firm. Since a large

proportion of Crunchbase firms are startups, they do not use conventional industry classifica-

tions such as SIC or NAICS code. Instead, Crunchbase has created more technology-oriented

industry classifications of its own. There are 46 broad classification, which covers anything

from Consumer Goods to Information Technology, and total 742 finer sub-classifications.

See Appendix A for the 742 industries and their groups. For example, Information Tech-

nology further breaks down into Cloud Data Services, Cyber Security, Data Integration,

Sales Automation, Video Conferencing, etc.. Thus, Crunchbase industry classifications pro-

vide very detailed industry coverage from conventional industries, such as consumer goods,
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to high-technology industries that better capture wide variety of business within startup

companies. Firms can have multiple categories that describe their business at the time of

creating company profile and are allowed to update them over time. In our sample, firms on

average report three categories (median of 2.73). Only about 10% of firms report more than

5 categories.

Using this big advantage of 742 detailed industry classifications provided by Crunchbase,

we create a business similarity measure for each firm-year. We first create a vector of 742

elements for each firm where each element corresponds to one of the 742 industries. Each

element receives 1 for the reported category and 0 otherwise. Then, we use these vectors

to compute the cosine similarity score of a pair of a given firm and its geographic peer.

Suppose that there are N firms in an MSA in a year. A given firm i’s industry vector can

be represented by a vector of vi with element h (1 ≤ h ≤ 742) being one if firm i’s industry

classifications by Crunchbase include the category h and zero otherwise. Then, we compute

the firm-to-firm business similarity using the vectors of vi and vj for a pair of firm i and firm

j based on the product cosine similarity:

Pairwise Business Similarityi,j = (vi · vj). (1)

The pairwise business similarity ranges from zero to one. We end up with N −1 pairwise

business similarity scores for each firm and then take the average of them to denote a firm’s

similarity to its geographic peers within MSA for a given year. We compute the similarity

scores for each startup company from 2007, the year in which Crunchbase was found, but

consider all firms founded before 2007 as existing geographic peers. As new firms are added

to an MSA the similarity measure evolves over time for both the existing and new firms in

the data. The economic interpretation of the similarity variable is that it serves as a proxy

for how close a firm is to its geographic peers within MSA in terms of Crunchbase industry

classifications; higher values of similarity suggest that the firm clusters closely with its peers
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within MSA.

We begin by documenting the geographic dispersion of firms and industry declustering of

new startups over time. Figure 2 displays a series of heat-maps of both the number of firms

on the left column (panels (a), (c), and (e)) and the business similarity on the right column

(panels (b), (d), and (f)) by state and over time. First, we find that startup firms become

geographically dispersed over time. In 2007, a large number of our sample firms are located

in California, Texas, and New York. These states continue to attract new startups in the

next decade, but the number of startup firms also starts increasing in Illinois, Florida, and

Massachusetts in 2012 and continue to grow in 2018. Second, we also see that the business

similarity of firms decrease over time but not necessarily only in the states where the number

of firms grows significantly.

[Insert Figure 2 Here]

Further, Figure 3 shows clearly decreasing trends of business similarity in all 416 MSAs

and in a few selected MSAs that are known to have extensive startup activities including

San Francisco, New York, and Los Angeles. We note that this trend is not just driven by

these few selected MSAs but widely observed. Although the numbers of firms have been

steadily increasing across the county and in the notable MSA areas, we find that similarity

scores move up and down over time, indicating that the increase in the number of firms

mechanically drives a decrease in similarity scores.

[Insert Figure 3 Here]

The decreasing business similarity is numerically summarized in Table 2. In the beginning

of our sample period, the average (median) MSA-level similarity score is 0.0412 (0.0314).

Over the decade, the MSA-level similarity scores decrease to the average (median) score of

0.0372 (0.0297). This is a 9.59 percentage point decrease from the value in 2007. This stylized

fact also holds when we expand out our sample period back to 1990 using Crunchbase’s

backdated firm data. This trend does not seem to be driven mechanically by increasing
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number of firms over time nor by firms choosing to locate in MSAs with greater number

of investors. Overall, the average of similarity scores in the full sample is 0.0384 with the

standard deviation of 0.033 from approximately 1.5 million firm-year observations.

[Insert Table 2 Here]

3.2 Similarity and Entry Decision

In this section, we examine firms’ entry decisions to a specific MSA and implications of

potential business similarity on firms’ final choice of location. We expect that firms are

likely to consider its business similarity to local incumbent firms at the time in the area as

an important factor in choosing a location to launch its business. We thus examine firms’

entry decisions by focusing on business similarity and also considering other local dynamics

that are known to affect location choices.

To explore firms’ entry decisions, we consider a cross-sectional data at the time of the

entry year t and compute a firm’s similarity to incumbents in each of 416 MSAs in the year

prior to the entry. Hence, each firm has 416 cross-sectional observations. Our dependent

variable, Entryi,m,t, is an indicator, which is equal to one if the MSA m is chosen by entering

firm i at entry year t and zero otherwise. We also compute firm i’s potential business

similarity scores to all incumbent firms in MSA m at entry year t. Then, for a pair of firm i

and MSA m, we take the average of Pairwise Business Similarityi,j defined in Equation (1)

where vi is the industry vector of firm i and vj is that of an incumbent firm j in MSA m.

We denote the average business similarity for pairs of firm i and all incumbent firms in MSA

m by Similarityi,m,t. Incumbent firm data are lagged one year at time t− 1 relative to firm

i’s entry year t. We specifically estimate the following regression:

Entryi,m,t = α + βSimilarityi,m,t + γΓm,t−1 + εi,m,t, (2)

where Γm,t is a set of MSA-level control variables in the year prior to firm i’s entry year
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t, including the number of incumbent firms, number of investors, net job creations from

Business Dynamics Statistics, and per capita personal income from Bureau of Economic

Analysis. We also control for local innovation ecosystem dynamics measures from Andrews,

Fazio, Guzman, Liu, and Stern (2019). Depending on specifications, we include MSA and

entry-year fixed effects separately or MSA-by-year fixed effects. The results are presented

in Table 3. In columns (1) to (4), we include MSA and entry-year fixed effects separately

to examine the effects of MSA factors in firm entry decisions. In columns (5) and (6), we

include MSA-by-year fixed effects, and thus all those MSA factors are subsumed. Standard

errors are clustered by MSAs to account for time-series correlation within MSAs.

[Insert Table 3 Here]

Column (1) of Table 3 shows that firms are more likely to enter an MSA if its business is

more similar to those of incumbent firms in that MSA. The coefficient on Similarity is posi-

tive and statistically significant at the 1% level. This relationship is economically significant.

A one standard deviation increase in similarity (0.037) is associated with an increase in the

probability of entry by 0.03 percentage point, which is equivalent to a 12% increase from the

unconditional probability of 0.24 percentage points.5 Other than the similarity measure, we

do not find that MSA characteristics of the number of incumbent firms, number of investors,

net job creations, and per capita personal income matter for the entry decision. In column

(2), we additionally include three innovation ecosystem measures. Entrepreneurship Quality

Index (EQI) is the average quality of startups in an area, RECPI is the expected number of

successful growth of startups in an area, and Regional Ecosystem Acceleration Index (REAI)

is the expected number of growth events, such as an IPO or acquisition at a meaningful val-

uation. We find that, of the three innovation ecosystem measures, RECPI strongly factors

into firms’ entry decisions. We note that the coefficient estimate for Similarity becomes

5The probability of a random choice of one MSA out of the total 416 MSAs is 0.0024. The standard
deviation of Similarity in this analysis, 0.037, is different from that in Table 2 because we consider all
potential similarity scores of a firm to all incumbent firms in both chosen and unchosen MSA locations for
this analysis.
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even slightly greater with the inclusion of innovation ecosystem measures.6 Overall, in the

first two columns of analyses in Table 3, we find that the business similarity, RECPI, and

the number of local investors are important factors in firm entry decisions.

Next, in columns (3) and (4), we further investigate whether the business similarity effect

on firms’ entry decisions change over time by interacting the similarity measure with indicator

variables for time periods. Column (3) includes MSA and year fixed effects, and column (4)

includes most stringent MSA-by-year fixed effects. The positive effect of similarity shown in

the previous results progressively weakens over time, especially in the more recent period from

2015 to 2017. The magnitude of the estimated coefficient for Period[2015−17]×Similarity

(-0.111) is as large as that for Similarity alone (0.129), indicating that the positive effect of

similarity on firm entry decision is almost muted in the recent years.

[Insert Figure 4 Here]

Importantly, we find that the negative significant effects are much stronger in MSAs where

the ratio of angel investors to VC investors is greater than the year’s median, to the extent

that the aggregated effect of similarity becomes negative eventually. The coefficient plot in

Figure 4 reinstates this result more precisely by each year. In the beginning of our sample

period in 2007, the triple interaction-term coefficient is slightly negative but statistically

insignificant. Over time, however, the coefficient becomes more negative and statistically

significant starting in 2013. These results are particularly important for our main analysis

later where we examine the relation between business similarity and funding types. The fact

that dissimilarity plays a significant role in firm entry decisions when the presence of angel

investors is relatively strong foreshadows one of our main empirical findings that business

dissimilarity enhances the likelihood of angel financing.

6The number of observations decreases when local economic variables and innovation ecosystem measures
are included as control variables. The former is due to non-matching MSAs, and the latter is due to the fact
that the innovation ecosystem data ends in 2016.
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3.3 Identification for Angel Investor Presence

In this section, we explore the possibility of angel investors as one of the driving forces of

the geographic spread and business declustering of new startups. Based on our results in the

previous section, strong presence of angel investors is significantly associated with a decrease

in business clustering. Following Denes et al. (2020), who find that angel investor tax credits

increase angel investments, we exploit the staggered introductions and expiration of angel

tax credit programs in the U.S. states during our sample. The angel tax credit program

data are from Denes et al. (2020), and we use specifically states maximum angel tax credit

percentages. We repeat the regression in Equation (2) but replace the main variable of

interest with the interaction between Similarity and either an indicator variable for a state-

level angel tax credit program or the maximum angel tax credit percentage in a given year.

Table 4 presents the results. Columns (1) to (3) correspond to the regressions where the

indicator for angel tax credits (1(Angel Tax)) is used, and columns (4) to (6) correspond

to regressions where the continuous variable of maximum angel tax credit percentages is

used. Depending on specifications, we include MSA and entry-year fixed effects separately

or MSA-by-year fixed effects. Standard errors are clustered by MSAs to account for time-

series correlation within MSAs

[Insert Table 4 Here]

We first find in column (1) that a state’s introduction of angel tax credit programs

magnifies the negative effect of Similarity on a firm’s entry to an MSA in the state. When

the state has an angel tax credit program, a one standard deviation decrease in similarity

(0.037) is associated with an increase in the probability of entry by approximately 0.02

percentage point, or a 8.5% increase from the unconditional probability of a random entry.

In column (2), the effect becomes much stronger when the presence of angel investors is

strong in the MSA. The estimated coefficient of 1(Angel Tax) × High Angel × Similarity

translates into a 38.6% increase in the likelihood of an entry with a one standard deviation
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decrease in similarity where the MSA has both strong presence of angel investors and state-

wide angel tax credit programs. Column (3) reinforces the results in column (2) by replacing

the separate MSA and year fixed effects with the MSA-by-year fixed effects. We find the

effects in column (3) is almost identical to that in column (2). We note that angel tax credit

itself is not significantly associated with firm entry decisions.

Using a continuous variable of angel tax credit percentages in the next three columns, we

find consistent results. Column (4) shows that a one standard deviation decrease in similarity

and a 10% increase in state-wide angel tax credit percentages increase the likelihood of a

startup entry to the MSA by 2.4%. In column (5), the effect is about four times as large as

that in column (4) when the MSA has strong presence of angel investors. We also find that

our results are intact when including the MSA-by-year fixed effects in column (6).

Overall, the results in Sections 3.2 and 3.3 show strong evidence that angel investors

significantly affect startup entries to the locations in which they are unique relative to local

peers in terms of business similarity. We address the concern that local economic factors

(potentially omitted variables) may impact dissimilarity and the angel investors’ presence

in a specific location simultaneously by using a stringent regression specification with MSA

and year fixed effects and also exploiting staggered implementations of angel tax credit

polices in a difference-in-differences approach. Importantly, these results serve as motivating

economic insights that some special features of angel financing may benefit startup firms that

differentiate themselves from local peers–i.e., angel investors’ positive role for promoting local

entrepreneurship of unique characteristics.

4 Similarity and Financing

4.1 Funding Types

In this section, we examine how business similarity affects startup firms’ access to financing

by funding investor types. Each investor (whether an organization or a person) in Crunchbase
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reports one or more investor type. We group the 22 detailed investor types into three

groups broadly: angel, venture capital, and others. Angels include fund providers of “pre-

seed”, ”seed”, and ”angel” investments, and VC include fund providers of any “series-X”

rounds. Others include investment banks, hedge funds, pension funds, private equities, and

accelerators.

Figure 5 first provides some insights into the relation between business similarity and

the access to differing funding types. Overall, we find from the figures that VC financing is

the most frequent financing type for startup firms in our sample. Figure (a) shows that the

probability of receiving angel funding is higher when an MSA has lower similarity among

firms. Conversely, the probability of receiving VC funding is slightly higher when an MSA

has high similarity among firms. Similarly, as shown in Figure (b), the fraction of funding

provided by angel investors is also higher in the low-similarity MSA group, whereas the

fraction of funding provided by VC investor is higher in the high-similarity MSA group.

Next, we further investigate these findings in regression analyses. Specifically, we consider

the following regression specification:

Fundingi,t = α + βSimilarityi,m,t + γLn(firms)m,t + εi,t, (3)

where Fundingi,t is one of the dependent variables that we consider including an indicator

variable for funding received from one type of investor in a year, the average fraction of

funding received from the type of investor weighed by the size of each funding round in a

year, the fraction of the total amount of funding received from the type of investor in a year,

and the total amount of funding in million dollars received from the type of investor in a

year. Similar to the previous analyses, our main variable of interest is Similarityi,m,t, which

is the average business similarity for pairs of firm i and all incumbent firms in MSA m. The

specification includes the log number of firms, G Index and EG Index in MSA m at year

t as control variables. A firm’s total funding amount received in a year is also controlled
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when the dependent variable is the total amount of funding in million dollars received from a

given type of investor. Firm and year fixed effects are also included, and standard errors are

clustered by MSAs. Table 5 present the results. Columns (1) to (4) estimate the regression

only using firm-year observations with any reported funding in the Crunchbase data (i.e.,

conditional on receiving at least one funding), and columns (5) to (8) use our full sample by

replacing observations with no fund data from the Crunchbase with zeros.

[Insert Table 5 Here]

In Panel A of Table 5, we focus on the funding provided by angel investors. In column

(1), we find that a decrease in business similarity increases a firm’s access to angel financing.

The coefficient estimate for Similarity implies that a one standard deviation (0.033) drop

in similarity scores increases the probability of receiving funding from angel investors by

28%. Column (2) shows that the total amount raised from angel investors as a percentage

of all funding amount in a given year increases by about 18%. We also find in column (3)

that the total funding amount from angel investors increases by about $155,000 for a one

standard deviation decrease in business similarity. When we consider unconditional funding

results in the next four columns, results are consistent although the magnitudes of the effects

are smaller. We find that a one standard deviation decrease in similarity scores implies an

increase of 0.5% in the likelihood of angel funding, 0.4% in the percentage of the angel

funding amount in the total funding amount, and $2,409 in the total funding amount. All

estimated coefficients of Similarity are statistically significant at the 1% level.

On the other hand, when we consider VC funding in Panel B of Table 5, we find strikingly

opposite results to those with angel financing. That is, a decrease in business similarity

decreases firms’ access to VC financing. In columns (1) and (2), we find that an increase

in similarity scores is significantly associated with an increase of VC funding. For example,

in column (1), the coefficient estimate for Similarity implies that a one-standard deviation

increase in similarity scores increases the probability of receiving VC funding by 17%. The

results in column (2) shows that the amount of funding raised from VC investors as a fraction
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of the total funding amount increases by 22.5% for a one-standard deviation increase in

similarity scores. Also in column (3), the total funding amount received from VC investors

increases by $8.7 million dollars, when a firm’s similarity score to local peers increase by

a one standard deviation. However, the unconditional VC funding results in columns (4)

to (6) become statistically insignificant for most but for the total funding amount result in

column(6). The total VC funding amount increases by $124,443 for one-standard deviation

increase in similarity scores.

One may be concerned that angel funding and VC funding are sequential for some firms

and thus VC funding generally follows by angel funding. To address this concern and focus

on the initial funding opportunity sets, we now examine how business similarity affects the

type of the first funding by restricting the sample to only the very first funding observations.

We repeat the regression in column (1) of Panels A and B of Table 5 with the first-funding

sample and report the results in Table 6.

[Insert Table 6 Here]

The dependent variables in Table 6 are all indicator variables for the first funding that is

received from a given investor type. The odd columns include the funding year and founding

year fixed effects, and the even columns include funded firms’ MSA and investors’ MSA fixed

effects additionally. In the first four columns, we consider all first funding observations,

while, in the next four columns, we exclude funding observations that are received from

multiple types of investors. In columns (1) and (2), we find that the coefficient estimates

for Similarity are negative and significant in predicting angel funding as the initial funding

of a firm. These results indicate that a lower business similarity score of a firm to its

local peers increases the probability that the first funding is received from angel investors.

In contrast, columns (3) and (4) show that the coefficient estimates for Similarity are

positive and significant in predicting initial VC funding. These results are consistent with

a higher business similarity score of a firm to its local peers increase the probability that

the first funding is received from VC investors. The magnitude of the effect, for example in
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columns (1) and (3), implies that a one standard deviation increase (0.029) in similarity scores

decreases the probability of receiving angel funding as the first funding by about 1 percentage

point but increases the probability of receiving VC funding as the first funding by about 2.5

percentage points. When we reduce possible noise from the mixed types of investors by

excluding first funding observations from multiple investor types, the corresponding results

in columns (5) and (7) strengthen to a decrease of 1.4 percentage points in the likelihood of

the first angel funding and an increase of 3 percentage points in the likelihood of the first

VC funding, respectively.

Alternatively, one may be concerned that our main results are driven by the correlation

between the similarity and funded firm quality, which affects the demand for certain type

of early-stage financing. Specifically, one may be concerned that the low similarity of firms

in an MSA translates into low competition in an MSA, therefore indicating a lack of high

quality firms that would have chosen to receive funding from VC otherwise. We rule out this

possibility in Table 7.

[Insert Table 7 Here]

The dependent variable is EQI, which measures the MSA-level entrepreneurship quality,

re-scaled by multiplying the index by 100. We regress the EQI on MSA-level similarity and

find that high MSA-level similarity actually lowers the regional entrepreneurship quality,

even after controlling for a number of MSA-level economic variables and entrepreneurial

indices, such as entrepreneurship cohort potential index and regional ecosystem acceleration

index. The coefficients range from -0.054 to -0.083, strengthening with more control variables.

The coefficient of -0.083 translates into a 6% decrease in the entrepreneurial quality for

a one standard deviation increase in MSA similarity. This result has two implications.

First, our main result is not driven by low quality firms choosing to receive angel funding

over VC funding. Second, given that the EQI is measured as the probability of observing

growth outcome, i.e. IPO success, conditional on firms’ characteristics at birth, the negative

correlation between MSA-level similarity and EQI is likely to convey fiercer entrepreneurial
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environment for survival when regional similarity is high.

Collectively, the results from Tables 5, 6, and 7 provide strong evidence that angel in-

vestors and VC investors have the opposite preferences with respect to business similarity.

That is, angel investors prefer firms that stand out from their local peers as unique busi-

nesses, while VC investors are more likely to finance firms with similar businesses to those

of their local peers.

4.2 Mechanism: Investor Portfolio Preferences

Thus far, we show that business dissimilarity facilitates the access to angel financing but

reduces the access to VC financing. In this section, we propose economic explanations to

the stark contrast between fundings from the two types of investors. Our explanations

focus on different organizational characteristics of angel investors and venture capitalists

that constitute two very important investors in start-ups and dynamic substitutes for each

other (Hellmann et al., 2021).

Angel investors are high net-worth individuals who are accredited investors defined by

the Securities and Exchange Commission Rule 501. Hence, different from professional VCs

that might be geographically concentrated in specific locations (i.e., their own industry clus-

tering), private angel investors are more likely to be widely dispersed.7 Also, angel investors

tend to invest in companies in close proximity to their home as MIT Entrepreneurship Cen-

ter (2000) and Kauffman Foundation (2002) show in their reports that most active angel

investors investigate opportunities and memberships in their local areas and do not invest

in opportunities outside a 1-2 hours driving distance from home. Furthermore, angel in-

vestors are more diverse individuals with widely varying investment styles and behaviors,

experiences, personality, and networks even among the experienced angel investors and thus

tend to consider investment opportunity sets based on their personal expertises (MIT En-

7Wharton Entrepreneurship and Angel Capital Association (2017) identified that 63% of angel investors
were located outside California, New York, and Boston, with a sizable presence in Great Lakes, Southeast,
and Mid-Atlantic.

21



trepreneurship Center, 2000).

On the other hand, VCs are characterized by specializing in a particular industry (Soren-

son and Stuart (2001), Hochberg et al. (2007), Hochberg et al. (2010)). Therefore, to diversify

the portfolio risks coming from the industry concentration, they use a few important con-

trol mechanisms, such as convertible securities, syndications, and staging of capital infusion

(Gompers, 1995), in addition to contractual provisions (Kaplan and Stromberg, 2001) and

monitoring through board seats (Lerner, 1995). Individual angel investors have limitations

on the full exploitation of these control mechanisms, which makes the large organizational

differences from VCs. For example, Wong (2002) finds that there are fewer staged financing,

where most consecutive rounds do not have angel investors as follow on investors (especially

when the subsequent financing round involves VC participation), that only 0.59 board seats

are added in angel investment rounds on average, compared to 1.12 seats for VC rounds, and

that contractual provisions, such as first refusal provisions, contingent equity stakes, and full

ratcheting protections, are less common in angel fundings.

Therefore, high dissimilarity of local firms helps improve angel investors’ portfolio di-

versification across industries of funded firms, while keeping the geographic proximity very

close. In other words, the local business dissimilarity naturally offers mitigation of potential

coordination frictions that might arise from investing in firms not in their close proximity.

Therefore, angel investors are more likely to prefer adding dissimilar startup firms in their

existing portfolios than similar firms, all else equal. On the other hand, the same incentive to

maintain an investment portfolio that consists of geographically concentrated funded firms

is significantly weaker for VCs because they specialize in a narrow industry. As Sorenson

and Stuart (2001) show that VCs that build axial positions tend to invest more frequently

in spatially distant companies, VCs tend to reach out to targets in relatively distance. We

examine these intuitions in our data and find the results consistent with these underlying

channels. We present the results in Table 8.

[Insert Table 8 Here]

22



In Panel A of Table 8, we first examine individual investors’ portfolio preferences. In

columns (1) and (2), we consider business similarity of funded firms in each investor’s port-

folio. The funded firm business similarity in a portfolio is the average firm business similarity

to all other firms in the portfolio. This test is cross-sectional across investors, and thus the

sample consists of one observation per investor. Besides, if an investor has only one funded

firm, we drop the investor from the analysis, as business similarity with other funded firms

can not be computed in this case. In column (1), we consider all three types of investors,

angel, VC, and other investors with the other type as a control group. In column (2), we

only contrast angel investors and VCs with VCs as a control group.

Column (1) shows that VCs have strong preference to fund companies with similarity

industry classifications relative to angel and other investors. In column (2) when we compare

between angels ad VCs, we find that funded firms in angel investors’ portfolios are relatively

more dissimilar compared to those in VC portfolios. The coefficient estimate for Angel in

column (2) indicates that our business similarity score is lower by 2.3 percentage points, or

24.7% from the unconditional mean of portfolio-firm similarity at 0.093.

We repeat analogous tests in columns (3) and (4) by replacing the dependent variable

with the average geographical distance between a given investor and the funded firms in its

investment portfolio. Both columns (3) and (4) show that angel investors have significantly

stronger preference to maintain geographical proximity between themselves and funded firms

than VC or other types of investors do. For example, the coefficient estimate for Angel in

column (2) implies that the distance between angel investors and their portfolio firms is

about 124 miles closer, or 17% shorter compared to the distance between VCs and their

portfolio firms.

In Panel B of Table 8, we consider funding-level observations instead to examine business

similarity and geographic distance between existing portfolio firms and newly funded firms.

Consistent with the results in Panel A, we find in columns (1) and (2) that angel investors’

preference for dissimilar firms in their investment portfolios is strong relative to VCs and
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other types of investors. Similarity, we continue to find in columns (3) and (4) that angel

investors fund new firms when they are in close proximity to existing firms in their portfolios.

For example, in column (4) angel investors choose to invest in a firm that is approximately

39 miles closer to the funded firms in their existing portfolios relative to VC investors.

Overall, results in Table 8 show strong evidence that angel investors and VC investors

are opposite in terms of their portfolio preferences; Angel investors prefer firms that are

dissimilar each other in their portfolios but in close proximity geographically, while VC

investors seek for industry similarity without focusing on the geographic proximity. This

stark contrast in portfolio preferences is likely due to the difference in the extent to which

other risk-sharing control mechanisms are feasible or available to them. The evidence in this

section supports the conclusion that business similarity plays an important role to determine

the types of early-stage financing and reinstates that the easier access to angel financing with

the increased dissimilarity may contribute to industry declustering of entrepreneurship across

the country.

5 Entrepreneurial Outcome

In this section, we further investigate investment outcomes of angel investors focusing on

whether the close-distance and diverse-industry investment strategies lead to more successful

exits of their investments. Specifically, we examine the likelihood of a funded firm’s exit

through an IPO or acquisition and whether an angel investment is followed by a subsequent

investment round. We estimate the following regression specification for this analysis:

Outcomej = α+β1Angelj+β2Close&Dissimilarj+β3Angelj×Close&Dissimilarj+γΓj+εj , (4)

where Outcomej is one of the dependent variables that we consider including an indicator

variable for a subsequent funding after investor j makes a funding, the average IPO exit

rate among all funded firms by investor j, and the the average successful exit rate including

both IPO and acquisitions exist among all funded firms by investor j. Our main variable
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of interest is Close&Dissimilarj which is an indicator variable if investor j’s investment

portfolio is identified to follow both the close-distance strategy and the diverse-industry

strategy. An investor’s portfolio is considered to follow the close-distance strategy if the

average distance among the funded firms in the investor’s portfolio is below the median of

all portfolios of investors of the same type. Likewise, an investor’s portfolio is considered to

follow the diverse-industry strategy if the overall similarity score among the funded firms in

the investor’s portfolio is below the median of all portfolios of investors of the same type. We

then consider the interaction between Close&Dissimilarj and the angel investor indicator

(Angel) to examine whether the close-distance strategy and the diverse-industry strategy

only concerns angel investment strategies. Γj is a set of control variables at the investor

level including the log number of total investments made by investor j, the log of investing

years since investor j made her first investment, and the log of the average funding amount

made by investor j. Table 9 present the results.

[Insert Table 9 Here]

Columns (1) and (2) report the regression results for subsequent investments. In Column

(1), we examine the close-distance strategy and the diverse-industry strategy separately,

and in Column (2) we consider the intersection between the two strategies combined as in

Close&Dissimilar. First, we note that the angel investor indicator is positive and significant

in predicting subsequent funding rounds. This indicates that angel funding is more likely to

come before any other funding types, which is discussed in the previous section regarding

possible sequential investments between angel and VC. More importantly, we find that the

interaction term of Angel with Dissimilar is significantly positive at the 1% level, implying

that the diverse-industry strategy has a positive effect on the likelihood of an interim success

of a funded firm by an angel manifested as the incidence of the next funding round. The

economic effect translates into a 13.0 percentage point increase in the likelihood that a

funded firm in the angel investor’s portfolio receives the next round of funding. However,

we do not find that the close-distance strategy has a significant effect on the likelihood of a
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subsequent funding. In Column (2), when we consider the close-distance strategy and the

diverse-industry strategy together, we find the effect of the combined strategy has a similar

effect on the likelihood of a subsequent funding round. The economic magnitude of the

combined-strategy effect is estimated at an 11.6 percentage point increase, or 17% from the

unconditional mean.

In Columns (3) and (4), we report results from the analogous tests by replacing the

dependent variable with the fraction of firms with eventual IPO exits in the investor’s port-

folio. We note that angel investors in general have significantly lower IPO exit rates relative

to other types of investors. Unlike the previous results for the subsequent funding in Col-

umn (1), we find each of the close-distance strategy and the diverse-industry strategy has

a significantly positive effect on the IPO exit rate of an angel investor’s portfolio. The es-

timated effects are 3.4 percentage point increases in the portfolio’s IPO exit rate for both

the close-distance strategy and the diverse-industry strategy. When we combine the two

strategy in Column (4), the effect becomes an 3.2 percentage point increase in the IPO exit

rate for angle investors. We find consistent, if not stronger, results by additionally consid-

ering a funded firm’s being acquired as a successful outcome in Columns (5) and (6). Angel

investors’ successful exit rates, both in IPO and acquisition exits, increase by 3.1 and 7.0

percentage points by following the close-distance strategy and the diverse-industry strategy,

respectively. When the two strategies are combined in Column (6), the increase in successful

exits is estimates at 5.9 percentage points, or 27% from the unconditional mean exit rate.8

Also, we note that these strategies, separately or combined, do not increase the likeli-

hood of successful outcomes for non-angel investors, the majority of which is VC investors.

Therefore, results in this section show strong evidence that the close-distance and diverse-

industry strategy indeed is an optimal investment strategy for angel investors only. Overall,

these results are consistent with the interpretation that angel investors by diversifying their

8There may be a concern that investors with only one investment may drive our results. However,
our similarity score cannot be computed when there is only one investment, and thus the case falls into
Dissimilar = 0. We also find consistent results after excluding investors with only one investment.
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portfolios over the dimension of industry classifications (with maintaining close geographical

proximity to funded firms) can optimally include the net-present-value positive investments

from their investment opportunity sets. Without forgoing optimal investment opportunities

with proper diversification, we find angel investors can significantly improve their successful

exit rates.9

6 Conclusion

In this paper, we introduce a new measure for startup business similarity using detailed in-

dustry classifications available from the Crunchbase data. This measure allows us to examine

time-varying and across-region firm similarity and its effects on the types of early-stage fi-

nancing. We find that increasingly more startup firms tend to enter a regional market when

the local peers are more dissimilar to them. This unique trend appears to be associated with

local angel investment opportunities as our evidence shows that dissimilar startup firms are

more likely to be funded by angel investors.

We propose a possible mechanism for this finding based on different diversification prefer-

ences of angel investors. Angel investors make geographically concentrated investments with

industry diversification, while venture capital investors make industry-concentrated invest-

ments with geographic diversification. Finally, we show that successful exit rates of angel

investors significantly increase when they stick to these investment preferences. Collectively,

our results offer a new insight that angel finance has an important implications for startup

firms’ entry decisions.

9Consistent with this interpretation, the average number of investments is significantly greater at 3.69
for angel investors with the combine close-distance and diverse-industry strategy, relative to 3.05 for angel
investors with no such strategy.
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Figure 1: Growth of Angel Investors and Angel Funding Over Time

The figure shows the cumulative angel funding amount and number of angle investors in Crunchbase over
our sample period 2007-2018. In Panel (a), the darker blue bar represents the cumulative number of unique
angel investors, and the lighter blue bar represents the cumulative number of funding financed by our
sample angel investors. The red line shows the cumulative total dollar amount of angel funding in $ billion.
In Panel (b), we show the number of MSAs with at least one Crunchbase angel investor over time. The
total number of MSAs is 416.

(a) Cumulative Aggregate Funding Amount and
Number of Angels

(b) Number of MSAs with Angel Investor Presence
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Figure 2: Changes in Firm Concentrations and Similarity by State

The figure shows changes in the similarity measure and the number of firms by state over the last three
decades. Each map in panel (a), (c), and (e) is a snapshot of state-level average number of firms in given
year, and each map in panel (b), (d), and (f) is a snapshot of state-level average similarity in given year.

(a) Number of firms, 2007 (b) Average similarity, 2007

(c) Number of firms, 2012 (d) Average similarity, 2012

(e) Number of firms, 2018 (f) Average similarity, 2018
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Figure 3: Similarity over Time

The figure shows time trends of firm similarity and the number of firms for the entire MSAs overall in (a) and
San Francisco, New York, Los Angeles MSAs that are the top 3 active areas for startup activities in (b), (c),
and (d), respectively. The solid line is our similarity measure. The short dash line is the total number of firms.

(a) All MSAs (b) San Francisco MSA

(c) New York MSA (d) Los Angeles MSA
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Figure 4: Similarity, Angel Investor, and Entry, over Time

The figure shows the effects of firm similarity and MSA percentage of angel investors on entry decisions.
We consider the regression of firm entry in an MSA on similarity, high angel, year dummies, and their
interactions terms. Entry is an indicator variable equal to 1 if a given MSA is an entering location and 0
otherwise. Similarity is the similarity measure for all entry firm-MSA pairs, measured using existing firms
in the year prior to an entry. HighAngel is an indicator variable equal to one if the MSA’s percentage
of angel investors is greater than the year median and zero otherwise. Each bar represents the magnitude
of the coefficient estimates for the triple interaction terms among year, HighAngel, and Similarity. A
capped spike shows the 90 percent confidence interval.
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Figure 5: Funding by Investor Types in High vs. Low Similarity MSAs

The figures show the firm-year level funding investor types (Panel (a)) and the average fraction of funding
raised from each type of investors (Panel (b)) by the similarity measure. The figures are constructed using
firms in our sample that have any funding records. Panel (a) shows that the probability of a firm raising
angel funding is higher in low similarity MSAs than in high similarity MSAs. In contrast, the probability of
a firm raising vc funding is lower in low similarity MSAs than in high similarity MSAs. Panel (b) shows that
the fraction of funding amount raised from angel investors is larger for firms in low similarity MSAs than
in high similarity MSAs. In contrast, the fraction of funding amount raised from vc investors is smaller for
firms in low similarity MSAs than in high similarity MSAs.

(a) Funding by investor type (b) Fraction of funding by investor type
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Table 1: Summary Statistics of Crunchbase Variables

The sample consists of 1,494,853 firm-year observations and 160,023 unique firms between 2007-2018. The
table present descriptive statistics on firm-level funding and funding by investor types using only the firms
that report at least one funding round during the sample period. Fractionof funding is the fraction of firm-
year funding amount provided by the given investor type. Distance to investors is the distance measured in
miles between the funded firm and the given type of funding investor.

mean sd p50 min max N

Firm-level
Funded age (snapshot in 2018) 11.64 11.57 9 0 216 29,072
Number of funding 2.016 1.458 1 1 29 24,029
Age at funding 4.800 9.049 3 0 207 24,029
Age at first funding 4.029 9.061 2 0 207 24,029
Age at last observed funding 5.620 9.202 4 0 207 24,029
Fraction of first funding (funding-level) 0.537 0.499 1 0 1 48,444

Funding-level: Angel
Angel (dummy) 0.155 0.361 0 0 1 64,174
Age 2.788 4.428 2 0 207 9,934
Fraction of first funding 0.186 0.389 0 0 1 33,788
Age at first funding 2.108 4.880 1 0 207 6,284
Number of investors 2.024 2.072 1 1 61 9,934
Funding amount (‘000s) 2,756.64 11,590.64 970.00 0.20 582,200 9,934
Fraction of funding 0.431 0.325 0.333 0.013 1 9,934
Distance to investors (miles) 553.2 794.6 88.3 0 3,293.9 9,636

Funding-level: VC
VC (dummy) 0.602 0.489 1 0 1 64,174
Age 4.329 5.348 3 0 181 38,639
Fraction of first funding 0.567 0.495 1 0 1 33,788
Age at first funding 3.284 5.932 2 0 181 19,171
Number of investors 2.374 1.665 2 1 31 38,639
Funding amount (‘000s) 12,863.50 48,459.23 5,700.00 0.50 4,620,000 38,639
Fraction of funding 0.524 0.329 0.5 0.012 1 38,639
Distance to investors (miles) 749.8 811.1 478.7 0 4,971.7 38,298
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Table 2: Summary Statistics of Business Similarity

The sample consists of 1,494,853 firm-year observations and 160,023 unique firms between 2007-2018. The
table summarizes our similarity measure over the entire sample period and separately over the three decades.
Similarity is defined at the firm-year level and is measured as the average of all pairwise cosine similarity
scores between the firm and each of all other firms in a given MSA using Crunchbase categories/industries
as vectors. The number of firms is measured at the MSA-level.

Similarity Number of firms

mean sd p50 mean sd p50 N

2007 0.0412 0.0372 0.0314 2,636 2,563 1,850 84,034
2008 0.0406 0.0365 0.0312 2,879 2,791 2,008 90,040
2009 0.0400 0.0354 0.0310 3,175 3,079 2,262 97,155
2010 0.0395 0.0345 0.0309 3,519 3,415 2,480 104,939
2011 0.0390 0.0337 0.0309 3,922 3,820 2,654 113,300
2012 0.0386 0.0330 0.0308 4,373 4,271 2,876 122,329
2013 0.0382 0.0324 0.0307 4,827 4,718 3,170 131,341
2014 0.0378 0.0319 0.0303 5,246 5,128 3,365 139,816
2015 0.0375 0.0316 0.0300 5,616 5,489 3,561 146,873
2016 0.0373 0.0314 0.0298 5,867 5,736 3,699 151,704
2017 0.0372 0.0313 0.0297 6,077 5,945 3,784 155,566
2018 0.0372 0.0314 0.0297 6,204 6,076 3,835 157,756

2007-2010 0.0403 0.0359 0.0311 3,079 3,024 2,165 376,168
2011-2014 0.0384 0.0327 0.0306 4,631 4,575 2,987 506,786
2015-2018 0.0373 0.0314 0.0298 5,947 5,826 3,699 611,899

Full sample 0.0384 0.0330 0.0304 4,779 4,958 3,131 1,494,853
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Table 3: Entry Decision

The table presents cross-sectional regressions of entry decision on similarity. The sample is firm-MSA-entry
year level observations for the 81,718 entering firms between 2007-2018. Entry is an indicator variable equal
to 1 if a given MSA is an entering location and 0 otherwise. Similarity is the similarity measure for all
entry firm-MSA pairs, measured using existing firms in the year prior to an entry. The control variables are
measured in the year prior to the entry year. Columns (1) through (3) controls for the local economic and
entrepreneurial ecosystem (Andrews et al., 2020) effects. Columns (4) and (6) examine the similarity effect on
entry decision over time. Ln(Investors) is the log (1+ number of CB investors). Ln(Firms), Ln(NetJobs),
and Ln(PersonalIncome) are the log of total number of firms, net job creation, and per capita personal
income (thousands), respectively. High Angel/V C is an indicator variable equal to one if the MSA’s ratio
of angel investors to VC investors is greater than the year median and zero otherwise. Period is an indicator
variable for the respective time periods. All standard errors are clustered at the MSA-level.

Entry × 100
(1) (2) (3) (4)

Similarity 0.794∗∗∗ 0.808∗∗∗ 0.129∗∗∗ 0.127∗∗∗

(0.190) (0.194) (0.029) (0.029)

Ln(Firms) 0.072 0.061 0.070
(0.092) (0.150) (0.063)

Ln(Investors) 0.003 -0.003 0.011
(0.026) (0.021) (0.029)

Ln(Net Jobs) 0.002 0.001 0.001
(0.002) (0.003) (0.002)

Ln(Personal Income) 0.159∗ -0.023 0.179
(0.083) (0.095) (0.117)

Entrepreneurship Quality Index 7.884
(14.454)

Regional Entrepreneurship Cohort Potential Index 0.077∗∗∗

(0.019)

Regional Ecosystem Acceleration Index 0.000
(0.000)

Period[2009-11] × Similarity -0.012 -0.007
(0.040) (0.041)

Period[2012-14] × Similarity -0.047 -0.051∗

(0.030) (0.030)

Period[2015-17] × Similarity -0.111∗∗∗ -0.112∗∗∗

(0.035) (0.035)

Period[2009-11] × High Angel/VC × Similarity -0.621 -0.723
(0.836) (0.804)

Period[2012-14] × High Angel/VC × Similarity -1.563∗ -1.652∗∗

(0.848) (0.831)

Period[2015-17] × High Angel/VC × Similarity -2.571∗∗∗ -2.623∗∗∗

(0.957) (0.958)

Observations 17662847 9648875 17662847 17662847
Adjusted R2 0.049 0.046 0.049 0.049
MSA FE Y Y Y N
Year FE Y Y Y N
MSA-by-Year FE N N N Y

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1
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Table 4: Angel Tax Credit and Entry Decision

The table presents cross-sectional regressions of entry decision on similarity. The sample is firm-MSA-entry
year level observations for the 81,718 entering firms between 2007-2018. Entry is an indicator variable equal
to 1 if a given MSA is an entering location and 0 otherwise. Similarity is the similarity measure for all
entry firm-MSA pairs, measured using existing firms in the year prior to an entry. The control variables are
measured in the year prior to the entry year. Columns (1) through (3) controls for the local economic and
entrepreneurial ecosystem (Andrews et al., 2020) effects. Columns (4) and (6) examine the similarity effect on
entry decision over time. Ln(Investors) is the log (1+ number of CB investors). Ln(Firms), Ln(NetJobs),
and Ln(PersonalIncome) are the log of total number of firms, net job creation, and per capita personal
income (thousands), respectively. High Angel/V C is an indicator variable equal to one if the MSA’s ratio
of angel investors to VC investors is greater than the year median and zero otherwise. Period is an indicator
variable for the respective time periods. All standard errors are clustered at the MSA-level.

Entry × 100
(1) (2) (3) (4) (5) (6)

Similarity 1.004∗∗∗ 0.099∗∗∗ 0.093∗∗∗ 0.978∗∗∗ 0.105∗∗∗ 0.099∗∗∗

(0.292) (0.024) (0.023) (0.276) (0.023) (0.023)

Ln(Firms) 0.078 0.062 0.084 0.069
(0.093) (0.075) (0.095) (0.076)

Ln(Investors) 0.003 0.011 0.003 0.011
(0.026) (0.039) (0.026) (0.039)

Ln(Net Jobs) 0.002 0.002 0.002 0.002
(0.002) (0.002) (0.002) (0.002)

Ln(Personal Income) 0.145∗ 0.142∗ 0.143∗ 0.141∗

(0.081) (0.082) (0.080) (0.082)

1(Angel Tax) -0.010 -0.011
(0.013) (0.007)

1(Angel Tax) × Similarity -0.554∗ -0.008 -0.003
(0.294) (0.034) (0.034)

1(Angel Tax) × High Angel/VC × Similarity -2.507∗∗ -2.490∗∗

(1.112) (1.127)

Angel Tax -0.028 -0.029
(0.037) (0.019)

Angel Tax × Similarity -1.587∗ -0.075 -0.064
(0.819) (0.088) (0.089)

Angel Tax × High Angel/VC × Similarity -6.874∗∗ -6.816∗∗

(3.066) (3.103)

Observations 17662847 17662847 17662847 17662847 17662847 17662847
Adjusted R2 0.049 0.049 0.049 0.049 0.049 0.049
MSA FE Y Y N Y Y N
Year FE Y Y N Y Y N
MSA-by-Year FE N N Y N N Y

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1
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Table 5: Similarity and Funding Types

The table shows results from the firm-year level regressions of funding characteristics on similarity. The main
variable of interest is Similarity. In each panel, columns (1)-(4) only use observations with any reported
funding, and columns (5)-(8) uses all sample observations by replacing no-funding observations with zeros.
1(InvestorType) is a dummy variable that is equal to one if funding is received from the respective investor
type and zero otherwise. %Funding is the fraction of the total funding amounts received from the given
investor type in a year. $Funding is the total amount of funding in millions from the given investor type in
a year. $TotalFunding is the total funding amount in millions received in a year. All specifications control
for G and EG Indexes. Standard errors are clustered at MSA-level.

Panel A: Angel Funding

(1) (2) (3) (4) (5) (6)
1(Investor Type) %Funding $Funding 1(Investor Type) %Funding $Funding

Similarity -8.440∗∗∗ -5.502∗∗∗ -4.766∗∗∗ -0.172∗∗∗ -0.113∗∗∗ -0.073∗∗∗

(1.297) (0.820) (1.312) (0.065) (0.039) (0.028)

Ln(Firms) -0.577∗∗∗ -0.348∗∗∗ -0.419∗∗∗ -0.022∗∗∗ -0.013∗∗∗ -0.010∗∗∗

(0.099) (0.053) (0.071) (0.006) (0.003) (0.002)

$ Total Funding -0.025∗∗ -0.010
(0.012) (0.013)

Firm FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Observations 23,580 23,580 24,111 1,492,394 1,492,394 1,492,394
Adjusted R2 0.378 0.444 0.153 0.159 0.139 0.136

Panel B: VC Funding

(1) (2) (3) (4) (5) (6)
1(Investor Type) %Funding $Funding %Investor Type %Funding $Funding

Similarity 5.134∗∗∗ 6.825∗∗∗ 264.218∗∗∗ -0.099 -0.062 3.771∗

(1.544) (2.028) (64.614) (0.116) (0.102) (1.961)

Ln(Firms) -0.134∗∗ 0.039 33.634∗∗∗ -0.056∗∗∗ -0.055∗∗∗ -0.019
(0.064) (0.056) (2.722) (0.019) (0.016) (0.094)

$ Total Funding 199.366∗∗∗ 146.531∗∗∗

(14.594) (36.186)
Firm FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Observations 23,580 23,580 24,111 1,492,394 1,492,394 1,492,394
Adjusted R2 0.425 0.446 0.239 0.223 0.210 0.316

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1

40



Table 6: Similarity and First Funding Type

The table shows the results from the firm-year level regressions of funding characteristics on similarity. The sample is restricted to first funding
observations only. Columns (1)-(4) include all first funding observations, whereas columns (5)-(8) exclude firms that have the first funding funded by
multiple types of investors. The main variable of interest is Similarity. 1(Angel) and 1(V C) are dummy variables that are equal to one if funding is
received from the respective investor type and zero otherwise. Note that the first funding may be funded by more than one type of investors, in which
case we cannot include investor-level FE. All specifications control for G and EG Indexes. Standard errors are clustered at funded firm MSA-level.

All first funding First funding by single investor type

(1) (2) (3) (4) (5) (6) (7) (8)
1(Angel) 1(VC) 1(Angel) 1(VC)

Similarity -0.391∗∗∗ -0.242∗∗ 0.945∗∗∗ 0.868∗∗∗ -0.475∗∗∗ -0.366∗∗∗ 1.026∗∗∗ 0.760∗∗∗

(0.108) (0.106) (0.143) (0.133) (0.091) (0.071) (0.180) (0.147)

Ln(Firms) 0.016∗∗∗ -0.075 0.039∗∗∗ 0.002 -0.003 -0.037 0.034∗∗∗ -0.038
(0.005) (0.047) (0.007) (0.059) (0.004) (0.040) (0.007) (0.061)

Funding year FE Y Y Y Y Y Y Y Y
Founding year FE Y Y Y Y Y Y Y Y
Firm MSA FE N Y N Y N Y N Y
Investor MSA FE N N N N N Y N Y
Observations 23,377 23,314 23,377 23,314 17,598 17,444 17,598 17,444
Adjusted R2 0.057 0.073 0.051 0.081 0.021 0.106 0.051 0.155

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1
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Table 7: Similarity and MSA-level Entrepreneurship Quality

The table presents MSA-year-level regression of Entrepreneurship Quality Index on MSA similarity. The
dependent variable is MSA-level Entrepreneurship Quality Index measure from Andrews et al. (2019), which
is available until 2013. Standard errors are clustered at MSA-level.

(1) (2) (3)
EQI×100 EQI×100 EQI×100

MSA Similarity -0.054∗∗ -0.059∗∗ -0.083∗∗

(0.024) (0.026) (0.041)

Ln(Firms) -0.008 -0.064∗

(0.014) (0.038)

Ln(Investors) 0.002 -0.001
(0.002) (0.003)

Ln(Personal Income) 0.034∗∗∗ 0.003
(0.013) (0.011)

Regional Entrepreneurship Cohort Potential Index 0.004∗∗∗

(0.000)

Regional Ecosystem Acceleration Index -0.000∗∗∗

(0.000)
MSA FE Y Y Y
Year FE Y Y Y
Observations 3536 3372 2054
Adjusted R2 0.838 0.838 0.778
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Table 8: Angel vs. VC Portfolio Preferences

The table shows results from the regressions of investor portfolio characteristics on investor type. Regression
in Panels A and B are at the aggregate investor level and each funding level, respectively. We consider
within-investor industry category similarities in columns (1) and (2) and the geographic distance in columns
(3) and (4). For those measures, we consider all fundings during the entire sample period by each investor
in Panel A and previous fundings by each investor before making a given funding in a given year in Panel
B. The sample in columns (1) and (3) consists of all investor types, and the sample in columns (2) and (4)
consists of only vc and angel investors. Angel and V C are indicator variables. $Funding is the average
funding amount, Ln(Investments) is the log of the total number of investments, and Ln(InvestingY ears)
is the log of the years since the first investment. Ln(Investments) and $Funding in Panel B only consider
previous investments before a given funding year. All standard errors are clustered at investor MSA-level.

Panel A: Investor-level
(1) (2) (3) (4)
Industry Similarity Geographic Distance

Angel 0.008 -0.023∗∗ -114.078∗∗∗ -123.766∗∗∗

(0.011) (0.011) (43.250) (31.571)

VC 0.036∗∗∗ 20.161
(0.011) (25.572)

Ln(Investments) -0.057∗∗∗ -0.061∗∗∗ -10.109 -10.594
(0.005) (0.006) (7.804) (7.053)

Ln(Investing Years) -0.020 -0.058∗∗∗ -88.678 -83.946
(0.019) (0.015) (57.983) (72.637)

$Funding 0.000 0.001∗∗ 3.587∗∗∗ 4.456∗∗∗

(0.000) (0.000) (0.458) (1.129)

Observations 7356 6158 12294 10628
Adjusted R2 0.077 0.085 0.068 0.061
Investor MSA FE Y Y Y Y

Panel B: Funding-level
(1) (2) (3) (4)
Industry Similarity Geographic Distance

Angel -0.019∗∗∗ -0.018∗∗∗ -151.806∗∗∗ -53.539∗∗∗

(0.005) (0.004) (35.308) (15.180)

VC 0.001 -103.844∗∗∗

(0.004) (29.421)

Ln(Investments) -0.012∗∗∗ -0.013∗∗∗ 24.494∗∗∗ 25.728∗∗∗

(0.002) (0.001) (8.351) (7.974)

Ln(Investing Years) 0.014∗∗ 0.010∗∗∗ 77.516∗∗∗ 67.372∗∗∗

(0.005) (0.002) (16.928) (20.146)

$Funding 0.000 0.000∗∗ 3.380∗∗∗ 2.166∗∗

(0.000) (0.000) (0.746) (0.974)

Observations 46061 39857 45335 39258
Adjusted R2 0.573 0.582 0.251 0.256
Firm FE Y Y Y Y
Funding year FE Y Y Y Y
Investor MSA FE Y Y Y Y
Funded MSA FE Y Y Y Y

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1 43



Table 9: Outcome of Investments

The table shows results from the regressions of successful outcomes on investor portfolio characteristics.
Regression are at the aggregate investor level with one observation per investor. We consider within-investor
industry category similarities and the geographic distance as portfolio characteristics. For those measures, we
consider all fundings made by each investor during the entire sample period. Angel is an indicator variable
for angel investors. Ln(Investments) is the log of the total number of investments by a given investor,
Ln(InvestingY ears) is the log of the years since the first investment of a given investor, and $Funding is
the average funding amount made by a given investor. All standard errors are clustered at investor MSA-
level.

(1) (2) (3) (4) (5) (6)
1(Subsequent Funding) Exit Rate - IPO Exit Rate - IPO/Acq.

Angel 0.081∗∗∗ 0.095∗∗∗ -0.068∗∗∗ -0.045∗∗∗ -0.051∗∗∗ -0.023∗∗

(0.009) (0.007) (0.005) (0.006) (0.011) (0.010)

Close -0.004 -0.034∗∗∗ -0.034∗∗∗

(0.010) (0.005) (0.012)

Close × Angel -0.024 0.034∗∗∗ 0.031∗∗∗

(0.019) (0.005) (0.010)

Dissimilar -0.074∗∗∗ -0.043∗∗∗ -0.061∗∗∗

(0.009) (0.005) (0.008)

Dissimilar × Angel 0.130∗∗∗ 0.034∗∗∗ 0.070∗∗∗

(0.011) (0.005) (0.012)

Close&Dissimilar -0.051∗∗∗ -0.039∗∗∗ -0.056∗∗∗

(0.009) (0.006) (0.009)

Close&Dissimilar × Angel 0.116∗∗∗ 0.032∗∗∗ 0.059∗∗∗

(0.018) (0.006) (0.016)

Ln(Investments) 0.173∗∗∗ 0.173∗∗∗ 0.001 -0.001 -0.007∗ -0.009∗∗∗

(0.008) (0.008) (0.002) (0.002) (0.004) (0.003)

Ln(Investing Years) -0.120∗∗∗ -0.117∗∗∗ -0.116∗∗∗ -0.114∗∗∗ -0.676∗∗∗ -0.673∗∗∗

(0.040) (0.040) (0.010) (0.010) (0.028) (0.028)

$Funding -0.000∗∗ -0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.000∗ 0.000∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Mean of the Dep. Var. 0.665 0.041 0.221
Observations 12554 12554 12554 12554 12554 12554
Adjusted R2 0.216 0.213 0.077 0.066 0.106 0.103
Investor MSA FE Y Y Y Y Y Y

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1
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Table A1: Geographic Distribution of Crunchbase Firms

Sample Firms All Firms in Crunchbase
State Count % Cum% State Count % Cum%

California 40,591 25.4 25.4 California 62,332 25.6 25.6
New York 16,910 10.6 35.9 New York 26,890 11.1 36.7
Texas 10,713 6.7 42.6 Texas 16,038 6.6 43.3
Florida 8,270 5.2 47.8 Florida 12,406 5.1 48.4
Massachusetts 7,846 4.9 52.7 Massachusetts 11,449 4.7 53.1
Illinois 6,500 4.1 56.8 Illinois 10,065 4.1 57.2
Pennsylvania 4,655 2.9 59.7 Washington 7,041 2.9 60.1
Washington 4,528 2.8 62.5 Pennsylvania 6,865 2.8 62.9
Colorado 4,409 2.8 65.3 Colorado 6,399 2.6 65.6
Georgia 4,147 2.6 67.8 Georgia 6,329 2.6 68.2
New Jersey 4,137 2.6 70.4 New Jersey 5,979 2.5 70.6
Virginia 4,008 2.5 72.9 Virginia 5,703 2.3 73
Ohio 3,341 2.1 75 Ohio 4,954 2 75
North Carolina 3,058 1.9 76.9 North Carolina 4,435 1.8 76.8
Maryland 2,734 1.7 78.6 Michigan 3,953 1.6 78.5
Michigan 2,629 1.6 80.3 Maryland 3,919 1.6 80.1
Arizona 2,544 1.6 81.9 Arizona 3,886 1.6 81.7
Minnesota 2,321 1.5 83.3 Minnesota 3,453 1.4 83.1
Connecticut 1,944 1.2 84.5 Utah 2,993 1.2 84.3
Utah 1,942 1.2 85.8 Tennessee 2,990 1.2 85.5
Tennessee 1,932 1.2 87 District of Columbia 2,888 1.2 86.7
Oregon 1,847 1.2 88.1 Oregon 2,882 1.2 87.9
Wisconsin 1,709 1.1 89.2 Connecticut 2,736 1.1 89
Missouri 1,655 1 90.2 Wisconsin 2,600 1.1 90.1
District of Columbia 1,649 1 91.2 Missouri 2,556 1.1 91.2
Indiana 1,536 1 92.2 Indiana 2,318 1 92.1
Nevada 1,428 0.9 93.1 Nevada 2,217 0.9 93
South Carolina 913 0.6 93.7 South Carolina 1,541 0.6 93.7
Delaware 806 0.5 94.2 Kentucky 1,270 0.5 94.2
Kansas 796 0.5 94.7 Alabama 1,168 0.5 94.7
Kentucky 784 0.5 95.2 Louisiana 1,166 0.5 95.1
Alabama 740 0.5 95.6 Delaware 1,140 0.5 95.6
Louisiana 704 0.4 96.1 Kansas 1,132 0.5 96.1
Oklahoma 683 0.4 96.5 Oklahoma 1,099 0.5 96.5
New Hampshire 672 0.4 96.9 New Hampshire 969 0.4 96.9
Iowa 625 0.4 97.3 Iowa 896 0.4 97.3
Nebraska 532 0.3 97.6 Nebraska 804 0.3 97.6
Arkansas 525 0.3 98 Arkansas 768 0.3 97.9
Idaho 415 0.3 98.2 Idaho 630 0.3 98.2
Rhode Island 398 0.2 98.5 New Mexico 617 0.3 98.5
New Mexico 395 0.2 98.7 Rhode Island 582 0.2 98.7
Maine 361 0.2 98.9 Maine 559 0.2 98.9
Hawaii 288 0.2 99.1 Hawaii 466 0.2 99.1
Vermont 273 0.2 99.3 Vermont 381 0.2 99.3
Montana 235 0.1 99.4 Montana 341 0.1 99.4
Mississippi 204 0.1 99.6 Mississippi 328 0.1 99.5
Wyoming 179 0.1 99.7 Wyoming 258 0.1 99.7
South Dakota 149 0.1 99.8 North Dakota 248 0.1 99.8
North Dakota 140 0.1 99.9 South Dakota 233 0.1 99.8
West Virginia 118 0.1 99.9 West Virginia 193 0.1 99.9
Alaska 105 0.1 100 Alaska 172 0.1 100
Total 160,023 Total 243,23745



Table A2: Robustness - Soft-cosine Similarity

The table shows results from the firm-year level regressions of funding characteristics on soft-cosine similarity
score. The main variable of interest is SoftSimilarity. In each panel, columns (1)-(4) only use observa-
tions with any reported funding, and columns (5)-(8) uses all sample observations by replacing no-funding
observations with zeros. 1(InvestorType) is a dummy variable that is equal to one if funding is received
from the respective investor type and zero otherwise. %Funding is the fraction of the total funding amounts
received from the given investor type in a year. $Funding is the total amount of funding in millions from
the given investor type in a year. $TotalFunding is the total funding amount in millions received in a year.
All specifications control for G and EG Indexes. Standard errors are clustered at MSA-level.

Panel A: Angel Funding

(1) (2) (3) (4) (5) (6)
1(Investor Type) %Funding $Funding 1(Investor Type) %Funding $Funding

Soft Similarity -3.691∗∗∗ -2.317∗∗∗ -1.470∗∗∗ -0.096∗∗∗ -0.064∗∗∗ -0.036∗∗∗

(0.537) (0.339) (0.456) (0.021) (0.012) (0.010)

Ln(Firms) -0.786∗∗∗ -0.448∗∗∗ -0.556∗∗∗ -0.012∗∗∗ -0.007∗∗∗ -0.006∗∗∗

(0.166) (0.079) (0.122) (0.003) (0.002) (0.001)

$ Total Funding 0.000 0.000
(0.000) (0.000)

Firm FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Observations 18682 18682 19138 1396889 1396889 1396889
Adjusted R2 0.386 0.455 0.141 0.160 0.140 0.115

Panel B: VC Funding

(1) (2) (3) (4) (5) (6)
1(Investor Type) %Funding $Funding %Investor Type %Funding $Funding

Soft Similarity 1.704∗∗∗ 2.690∗∗∗ 169.129∗∗∗ -0.082 -0.059 1.860∗

(0.619) (0.760) (49.208) (0.053) (0.049) (0.992)

Ln(Firms) -0.178 0.009 28.194∗∗∗ -0.042∗∗ -0.037∗∗ -0.167
(0.118) (0.101) (6.219) (0.018) (0.016) (0.131)

$ Total Funding 0.206∗∗∗ 0.094∗∗∗

(0.065) (0.028)
Firm FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Observations 18682 18682 19138 1396889 1396889 1396889
Adjusted R2 0.445 0.469 0.402 0.223 0.211 0.269

Standard errors in parentheses
∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1
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A Crunchbase Industry Classification

Crunchbase maintain its company data using more than 700 Industries and 47 Industry Groups. See https:
//support.crunchbase.com/hc/en-us/articles/360043146954. Industry Groups are broader subjects
that encompass multiple industries. Industries are more specific market segments. Company profiles can
belong to multiple industries and industry groups.

Industry Group Industries
Administrative Services Archiving Service, Call Center, Collection Agency, College Recruiting, Courier Service,

Debt Collections, Delivery, Document Preparation, Employee Benefits, Extermination
Service, Facilities Support Services, Housekeeping Service, Human Resources, Knowledge
Management, Office Administration, Packaging Services, Physical Security, Project Man-
agement, Staffing Agency, Trade Shows, Virtual Workforce

Advertising Ad Exchange, Ad Network, Ad Retargeting, Ad Server, Ad Targeting, Advertising, Ad-
vertising Platforms, Affiliate Marketing, Local Advertising, Mobile Advertising, Outdoor
Advertising, SEM, Social Media Advertising, Video Advertising

Agriculture and Farming Agriculture, AgTech, Animal Feed, Aquaculture, Equestrian, Farming, Forestry, Horti-
culture, Hydroponics, Livestock

Apps App Discovery, Apps, Consumer Applications, Enterprise Applications, Mobile Apps,
Reading Apps, Web Apps

Artificial Intelligence Artificial Intelligence, Intelligent Systems, Machine Learning, Natural Language Process-
ing, Predictive Analytics

Biotechnology Bioinformatics, Biometrics, Biopharma, Biotechnology, Genetics, Life Science, Neuro-
science, Quantified Self

Clothing and Apparel Fashion, Laundry and Dry-cleaning, Lingerie, Shoes
Commerce and Shopping Auctions, Classifieds, Collectibles, Consumer Reviews, Coupons, E-Commerce, E-

Commerce Platforms, Flash Sale, Gift, Gift Card, Gift Exchange, Gift Registry, Group
Buying, Local Shopping, Made to Order, Marketplace, Online Auctions, Personalization,
Point of Sale, Price Comparison, Rental, Retail, Retail Technology, Shopping, Shopping
Mall, Social Shopping, Sporting Goods, Vending and Concessions, Virtual Goods, Whole-
sale

Community and Lifestyle Adult, Baby, Cannabis, Children, Communities, Dating, Elderly, Family, Funerals, Hu-
manitarian, Leisure, LGBT, Lifestyle, Men’s, Online Forums, Parenting, Pet, Private
Social Networking, Professional Networking, Q&A, Religion, Retirement, Sex Industry,
Sex Tech, Social, Social Entrepreneurship, Teenagers, Virtual World, Wedding, Women’s,
Young Adults

Consumer Electronics Computer, Consumer Electronics, Drones, Electronics, Google Glass, Mobile Devices,
Nintendo, Playstation, Roku, Smart Home, Wearables, Windows Phone, Xbox

Consumer Goods Beauty, Comics, Consumer Goods, Cosmetics, DIY, Drones, Eyewear, Fast-Moving Con-
sumer Goods, Flowers, Furniture, Green Consumer Goods, Handmade, Jewelry, Lingerie,
Shoes, Tobacco, Toys

Content and Publishing Blogging Platforms, Content Delivery Network, Content Discovery, Content Syndication,
Creative Agency, DRM, EBooks, Journalism, News, Photo Editing, Photo Sharing, Pho-
tography, Printing, Publishing, Social Bookmarking, Video Editing, Video Streaming

Data and Analytics A/B Testing, Analytics, Application Performance Management, Artificial Intelligence,
Big Data, Bioinformatics, Biometrics, Business Intelligence, Consumer Research, Data
Integration, Data Mining, Data Visualization, Database, Facial Recognition, Geospa-
tial, Image Recognition, Intelligent Systems, Location Based Services, Machine Learning,
Market Research, Natural Language Processing, Predictive Analytics, Product Research,
Quantified Self, Speech Recognition, Test and Measurement, Text Analytics, Usability
Testing

Design CAD, Consumer Research, Data Visualization, Fashion, Graphic Design, Human Com-
puter Interaction, Industrial Design, Interior Design, Market Research, Mechanical De-
sign, Product Design, Product Research, Usability Testing, UX Design, Web Design

Education Alumni, Charter Schools, College Recruiting, Continuing Education, Corporate Training,
E-Learning, EdTech, Education, Edutainment, Higher Education, Language Learning,
MOOC, Music Education, Personal Development, Primary Education, Secondary Edu-
cation, Skill Assessment, STEM Education, Textbook, Training, Tutoring, Vocational
Education

Energy Battery, Biofuel, Biomass Energy, Clean Energy, Electrical Distribution, Energy, Energy
Efficiency, Energy Management, Energy Storage, Fossil Fuels, Fuel, Fuel Cell, Oil and
Gas, Power Grid, Renewable Energy, Solar, Wind Energy

Events Concerts, Event Management, Event Promotion, Events, Nightclubs, Nightlife, Reserva-
tions, Ticketing, Wedding
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Financial Services Accounting, Angel Investment, Asset Management, Auto Insurance, Banking, Bitcoin,
Commercial Insurance, Commercial Lending, Consumer Lending, Credit, Credit Bureau,
Credit Cards, Crowdfunding, Cryptocurrency, Debit Cards, Debt Collections, Finance,
Financial Exchanges, Financial Services, FinTech, Fraud Detection, Funding Platform,
Gift Card, Health Insurance, Hedge Funds, Impact Investing, Incubators, Insurance, In-
surTech, Leasing, Lending, Life Insurance, Micro Lending, Mobile Payments, Payments,
Personal Finance, Prediction Markets, Property Insurance, Real Estate Investment, Stock
Exchanges, Trading Platform, Transaction Processing, Venture Capital, Virtual Currency,
Wealth Management

Food and Beverage Bakery, Brewing, Cannabis, Catering, Coffee, Confectionery, Cooking, Craft Beer, Di-
etary Supplements, Distillery, Farmers Market, Food and Beverage, Food Delivery, Food
Processing, Food Trucks, Fruit, Grocery, Nutrition, Organic Food, Recipes, Restaurants,
Seafood, Snack Food, Tea, Tobacco, Wine And Spirits, Winery

Gaming Casual Games, Console Games, Contests, Fantasy Sports, Gambling, Gamification, Gam-
ing, MMO Games, Online Games, PC Games, Serious Games, Video Games

Government and Military CivicTech, Government, GovTech, Law Enforcement, Military, National Security, Politics,
Public Safety, Social Assistance

Hardware 3D Technology, Application Specific Integrated Circuit (ASIC), Augmented Reality,
Cloud Infrastructure, Communication Hardware, Communications Infrastructure, Com-
puter, Computer Vision, Consumer Electronics, Data Center, Data Center Automation,
Data Storage, Drone Management, Drones, DSP, Electronic Design Automation (EDA),
Electronics, Embedded Systems, Field-Programmable Gate Array (FPGA), Flash Stor-
age, Google Glass, GPS, GPU, Hardware, Industrial Design, Laser, Lighting, Mechanical
Design, Mobile Devices, Network Hardware, NFC, Nintendo, Optical Communication,
Playstation, Private Cloud, Retail Technology, RFID, RISC, Robotics, Roku, Satellite
Communication, Semiconductor, Sensor, Sex Tech, Telecommunications, Video Confer-
encing, Virtual Reality, Virtualization, Wearables, Windows Phone, Wireless, Xbox

Health Care Alternative Medicine, Assisted Living, Assistive Technology, Biopharma, Cannabis, Child
Care, Clinical Trials, Cosmetic Surgery, Dental, Diabetes, Dietary Supplements, Elder
Care, Electronic Health Record (EHR), Emergency Medicine, Employee Benefits, Fertil-
ity, First Aid, Funerals, Genetics, Health Care, Health Diagnostics, Home Health Care,
Hospital, Medical, Medical Device, mHealth, Nursing and Residential Care, Nutraceuti-
cal, Nutrition, Outpatient Care, Personal Health, Pharmaceutical, Psychology, Rehabili-
tation, Therapeutics, Veterinary, Wellness

Information Technology Business Information Systems, CivicTech, Cloud Data Services, Cloud Management,
Cloud Security, CMS, Contact Management, CRM, Cyber Security, Data Center, Data
Center Automation, Data Integration, Data Mining, Data Visualization, Document Man-
agement, E-Signature, Email, GovTech, Identity Management, Information and Com-
munications Technology (ICT), Information Services, Information Technology, Intrusion
Detection, IT Infrastructure, IT Management, Management Information Systems, Mes-
saging, Military, Network Security, Penetration Testing, Private Cloud, Reputation, Sales
Automation, Scheduling, Social CRM, Spam Filtering, Technical Support, Unified Com-
munications, Video Chat, Video Conferencing, Virtualization, VoIP

Internet Services Cloud Computing, Cloud Data Services, Cloud Infrastructure, Cloud Management, Cloud
Storage, Darknet, Domain Registrar, E-Commerce Platforms, Ediscovery, Email, Inter-
net, Internet of Things, ISP, Location Based Services, Messaging, Music Streaming, On-
line Forums, Online Portals, Private Cloud, Product Search, Search Engine, SEM, Seman-
tic Search, Semantic Web, SEO, SMS, Social Media, Social Media Management, Social
Network, Unified Communications, Vertical Search, Video Chat, Video Conferencing,
Visual Search, VoIP, Web Browsers, Web Hosting

Lending and Investments Angel Investment, Banking, Commercial Lending, Consumer Lending, Credit, Credit
Cards, Financial Exchanges, Funding Platform, Hedge Funds, Impact Investing, Incuba-
tors, Micro Lending, Stock Exchanges, Trading Platform, Venture Capital

Manufacturing 3D Printing, Advanced Materials, Foundries, Industrial, Industrial Automation, Indus-
trial Engineering, Industrial Manufacturing, Machinery Manufacturing, Manufacturing,
Paper Manufacturing, Plastics and Rubber Manufacturing, Textiles, Wood Processing

Media and Entertain-
ment

Advice, Animation, Art, Audio, Audiobooks, Blogging Platforms, Broadcasting,
Celebrity, Concerts, Content, Content Creators, Content Discovery, Content Syndication,
Creative Agency, Digital Entertainment, Digital Media, DRM, EBooks, Edutainment,
Event Management, Event Promotion, Events, Film, Film Distribution, Film Produc-
tion, Guides, In-Flight Entertainment, Independent Music, Internet Radio, Journalism,
Media and Entertainment, Motion Capture, Music, Music Education, Music Label, Music
Streaming, Music Venues, Musical Instruments, News, Nightclubs, Nightlife, Performing
Arts, Photo Editing, Photo Sharing, Photography, Podcast, Printing, Publishing, Reser-
vations, Social Media, Social News, Theatre, Ticketing, TV, TV Production, Video, Video
Editing, Video on Demand, Video Streaming, Virtual World

Messaging and Telecom-
munications

Email, Meeting Software, Messaging, SMS, Unified Communications, Video Chat, Video
Conferencing, VoIP, Wired Telecommunications
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Mobile Android, Google Glass, iOS, mHealth, Mobile, Mobile Apps, Mobile Devices, Mobile
Payments, Windows Phone, Wireless

Music and Audio Audio, Audiobooks, Independent Music, Internet Radio, Music, Music Education, Music
Label, Music Streaming, Musical Instruments, Podcast

Natural Resources Biofuel, Biomass Energy, Fossil Fuels, Mineral, Mining, Mining Technology, Natural Re-
sources, Oil and Gas, Precious Metals, Solar, Timber, Water, Wind Energy

Navigation and Mapping Geospatial, GPS, Indoor Positioning, Location Based Services, Mapping Services, Navi-
gation

Other #REF!
Payments Billing, Bitcoin, Credit Cards, Cryptocurrency, Debit Cards, Fraud Detection, Mobile

Payments, Payments, Transaction Processing, Virtual Currency
Platforms Android, Facebook, Google, Google Glass, iOS, Linux, macOS, Nintendo, Operating

Systems, Playstation, Roku, Tizen, Twitter, WebOS, Windows, Windows Phone, Xbox
Privacy and Security Cloud Security, Corrections Facilities, Cyber Security, DRM, E-Signature, Fraud Detec-

tion, Homeland Security, Identity Management, Intrusion Detection, Law Enforcement,
Network Security, Penetration Testing, Physical Security, Privacy, Security

Professional Services Accounting, Business Development, Career Planning, Compliance, Consulting, Customer
Service, Employment, Environmental Consulting, Field Support, Freelance, Intellectual
Property, Innovation Management, Legal, Legal Tech, Management Consulting, Out-
sourcing, Professional Networking, Quality Assurance, Recruiting, Risk Management,
Social Recruiting, Translation Service

Real Estate Architecture, Building Maintenance, Building Material, Commercial Real Estate, Con-
struction, Coworking, Facility Management, Fast-Moving Consumer Goods, Green Build-
ing, Home and Garden, Home Decor, Home Improvement, Home Renovation, Home Ser-
vices, Interior Design, Janitorial Service, Landscaping, Property Development, Property
Management, Real Estate, Real Estate Investment, Rental Property, Residential, Self-
Storage, Smart Building, Smart Cities, Smart Home, Timeshare, Vacation Rental

Sales and Marketing Advertising, Affiliate Marketing, App Discovery, App Marketing, Brand Marketing, Cause
Marketing, Content Marketing, CRM, Digital Marketing, Digital Signage, Direct Mar-
keting, Direct Sales, Email Marketing, Lead Generation, Lead Management, Local, Local
Advertising, Local Business, Loyalty Programs, Marketing, Marketing Automation, Mo-
bile Advertising, Multi-level Marketing, Outdoor Advertising, Personal Branding, Public
Relations, Sales, Sales Automation, SEM, SEO, Social CRM, Social Media Advertising,
Social Media Management, Social Media Marketing, Sponsorship, Video Advertising

Science and Engineering Advanced Materials, Aerospace, Artificial Intelligence, Bioinformatics, Biometrics, Bio-
pharma, Biotechnology, Chemical, Chemical Engineering, Civil Engineering, Embedded
Systems, Environmental Engineering, Human Computer Interaction, Industrial Automa-
tion, Industrial Engineering, Intelligent Systems, Laser, Life Science, Marine Technology,
Mechanical Engineering, Nanotechnology, Neuroscience, Nuclear, Quantum Computing,
Robotics, Semiconductor, Software Engineering, STEM Education

Software 3D Technology, Android, App Discovery, Application Performance Management, Apps,
Artificial Intelligence, Augmented Reality, Billing, Bitcoin, Browser Extensions, CAD,
Cloud Computing, Cloud Management, CMS, Computer Vision, Consumer Applications,
Consumer Software, Contact Management, CRM, Cryptocurrency, Data Center Automa-
tion, Data Integration, Data Storage, Data Visualization, Database, Developer APIs,
Developer Platform, Developer Tools, Document Management, Drone Management, E-
Learning, EdTech, Electronic Design Automation (EDA), Embedded Software, Embedded
Systems, Enterprise Applications, Enterprise Resource Planning (ERP), Enterprise Soft-
ware, Facial Recognition, File Sharing, IaaS, Image Recognition, iOS, Linux, Machine
Learning, macOS, Marketing Automation, Meeting Software, Mobile Apps, Mobile Pay-
ments, MOOC, Natural Language Processing, Open Source, Operating Systems, PaaS,
Predictive Analytics, Presentation Software, Presentations, Private Cloud, Productivity
Tools, QR Codes, Reading Apps, Retail Technology, Robotics, SaaS, Sales Automation,
Scheduling, Sex Tech, Simulation, SNS, Social CRM, Software, Software Engineering,
Speech Recognition, Task Management, Text Analytics, Transaction Processing, Video
Conferencing, Virtual Assistant, Virtual Currency, Virtual Desktop, Virtual Goods, Vir-
tual Reality, Virtual World, Virtualization, Web Apps, Web Browsers, Web Development

Sports American Football, Baseball, Basketball, Boating, Cricket, Cycling, Diving, eSports, Fan-
tasy Sports, Fitness, Golf, Hockey, Hunting, Outdoors, Racing, Recreation, Rugby, Sail-
ing, Skiing, Soccer, Sporting Goods, Sports, Surfing, Swimming, Table Tennis, Tennis,
Ultimate Frisbee, Volley Ball

Sustainability Biofuel, Biomass Energy, Clean Energy, CleanTech, Energy Efficiency, Environmental
Engineering, Green Building, Green Consumer Goods, GreenTech, Natural Resources,
Organic, Pollution Control, Recycling, Renewable Energy, Solar, Sustainability, Waste
Management, Water Purification, Wind Energy
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Transportation Air Transportation, Automotive, Autonomous Vehicles, Car Sharing, Courier Service, De-
livery Service, Electric Vehicle, Ferry Service, Fleet Management, Food Delivery, Freight
Service, Last Mile Transportation, Limousine Service, Logistics, Marine Transportation,
Parking, Ports and Harbors, Procurement, Public Transportation, Railroad, Recreational
Vehicles, Ride Sharing, Same Day Delivery, Shipping, Shipping Broker, Space Travel,
Supply Chain Management, Taxi Service, Transportation, Warehousing, Water Trans-
portation

Travel and Tourism Adventure Travel, Amusement Park and Arcade, Business Travel, Casino, Hospitality,
Hotel, Museums and Historical Sites, Parks, Resorts, Timeshare, Tour Operator, Tourism,
Travel, Travel Accommodations, Travel Agency, Vacation Rental

Video Animation, Broadcasting, Film, Film Distribution, Film Production, Motion Capture,
TV, TV Production, Video, Video Editing, Video on Demand, Video Streaming
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B Variable Definition

Variable Name Definition
Similarity A firm-MSA-year level business similarity measure computed by taking the average of

cosine similarity scores between the focal firm and each of the rest of firms in a given
MSA-year using 742 Crunchbase industry categories.

Industry Similarity A within-investor industry similarity of portfolio firms.
Angel An indicator variable equal to one if given investor’s Crunchbase investor type includes

angel and zero otherwise.
VC An indicator variable equal to one if given investor’s Crunchbase investor type includes

venture capital and zero otherwise.
Ln(Firms) The natural logarithm of the number of firms in Crunchbase.
Ln(Investors) The natural logarithm of the number of investors in Crunchbase.
Ln(Net Jobs) The natural logarithm of the number of net job created in an MSA from the Business

Dynamics Statistics (BDS) from the public Census data.
Ln(Personal Income) The natural logarithm of per capita personal income obtained from the Bureau of Eco-

nomic Analysis.
Entrepreneurship Quality
Index (EQI)

MSA-year level average entrepreneurial quality obtained from Andrews et al. (2019).

Regional Entrepreneur-
ship Cohort Potential
Index (RECPI)

MSA-year level expected number of growth events given the start-up characteristics of a
cohort at birth obtained from Andrews et al. (2019).

Regional Ecosystem Ac-
celeration Index (REAI)

MSA-year level ratio of the realized growth events to expected growth events (RECPI)
obtained from Andrews et al. (2019).

Angel Tax An indicator variable is equal to one if a firm resides in a state where there is angel
tax credit (Denes et al., 2020). AngelTax is a continuous variable of angel tax credit
percentages.

Investor Type An indicator variable equal to one if funding is raised from a given investor type and zero
otherwise.

%Investor Type The average fraction of the funding amounts received from the given investor type,
weighted by the size of each funding round in a year.

%Funding The fraction of the total funding amounts received from the given investor type in a year.
$ Total Funding The total funding amount received in a year (in millions).
Geographic Distance A distance in mile between an investor and funded firm.
Ln(Investments) The natural logarithm of the total number of investments of a given investor.
Ln(Investing Years) The natural logarithm of the number of years since the first investment record.
Subsequent Funding An indicator variable equal to one if a given firm has record of any type of subsequent

funding.
Exit Rate-IPO (Acq) The average IPO (Acquisition) exit rate among all funded firms for given investor.
Close An indicator variable equal to one if an investor’s portfolio firms consist of below median

average distance between the investor and portfolio firms and zero otherwise.
Dissimilar An indicator variable equal to one if an investor’s portfolio consists of firms with below

median average similarity and zero otherwise.
Close&Dissimilar An indicator variable in the intersection of Close and Dissimilar.
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