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Abstract: 

Biotechnology firms operate in a high-risk and high-reward environment and are in a constant 

race to secure venture capital (VC) funds.  Previous contributions to the literature show that the 

VC firms tend to invest locally in order to monitor their investments and to provide operating 

assistance to their target firms.  Further, biotechnology is a knowledge-based industry that tends 

to exhibit spatial clusters, and the firms in such industries may collocate to benefit from gaining 

access to local markets for specialized inputs (e.g., skilled researchers) and from local knowledge 

spillovers and network externalities.  If such gains exist, we expect that the collocated firms 

should exhibit positively correlated performance, including in their ability to attract venture 

capital funds.  The purpose of this paper is to empirically measure the strength and spatial extent 

of the relationships among the amount of funds raised by proximate biotechnology firms.  We 

model these relationships with a spatial autoregression (SAR) model, and we control for 

characteristics of the biotechnology firms and the VC firms that provide their funds as well as 

site-specific factors.  Based on our fitted SAR model, we find that the amount of venture capital 

raised by a particular biotechnology firm is significantly influenced by the number of VC firms 

and the VC funding levels raised by biotechnology firms located within a 10 mile radius, but 

these relationships are not statistically significant beyond this range.   
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1. Introduction 

Biotechnology is a leading growth industry in the United States with high rates of new firm 

creation (Ernst_and_Young, 2009) and revenue growth  (Datamonitor, 2009).  The sustained 

development of the industry has been fueled by the country‟s leading position in global 

biotechnology innovation, top research and development (R&D) intensity and high quality of 

business climate (Scientific_American, 2009).   

Despite its impressive growth over the past 30 years, biotechnology remains a risky and 

capital intensive industry due to the high cost of developing new products, the lengthy product 

development process, and the uncertainties of achieving commercial success when the products 

are brought to market (Haussler and Zademach, 2007).  For example, the average R&D cost for 

the development of a new drug product exceeds $802 million (DiMasi et al., 2003) due to the 

complex science and the strict regulatory environment.  These industry characteristics are not 

conducive to successful debt financing arrangements (Carpenter and Petersen, 2002), but venture 

capital firms (VCFs) are attracted by the high-risk and high-reward nature of biotechnology 

investments (Amit et al., 1998; Gompers and Lerner, 2001; Lam, 1991; Timmons et al., 2003). 

The ample availability of venture capital has been a significant contributing factor to the growth 

of the US biotechnology industry (Audretsch, 2001; Champenois et al., 2006; Eliasson et al., 

1997; Valentin et al., 2008; Waxell and Malmberg, 2007).  Furthermore, VCFs do not contribute 

just financial capital but also valuable human capital and other forms of operating assistance to 

dedicated biotechnology firms (DBFs), especially through the early stages of their development 

(Carpenter and Petersen, 2002; Champenois et al., 2006; De Bettignies and Brander, 2007).   

In general, VCFs and DBFs tend to locate in close proximity and alternative theories 

have been proposed to explain this collocation.  First, VCFs tend to fund local target firms in 

order to reduce the impact of information asymmetries, principal-agent problems, and the costs 

of transit and other transaction costs (Sorenson and Stuart, 2001).  Second, VCFs and DBFs tend 
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to collocate in order to gain access to local markets for specialized inputs (e.g., skilled 

researchers) and to capture potential knowledge spillovers and network externalities (Sorenson 

and Stuart, 2001).  The qualitative existence of such spatial relationships has been discussed and 

empirically demonstrated in earlier papers (e.g. Gupta and Sapienza, 1992; Sorenson and Stuart, 

2001).  

Given these considerations, we may expect DBFs to raise more VC funds as the number 

of neighboring VCFs and DBFs increases because the local supply of venture capital will tend to 

expand and because these DBFs may perform better by capitalizing on local labor markets, 

knowledge spillovers and network externalities.  It may also be possible that their relative 

success in VC fund raising could spill over to other proximate DBFs.  Since knowledge 

spillovers, network externalities and local supply of VC have geographic boundaries, any gains 

in the VC funding of DBFs from such spatial relationships should be expected to wane as the 

incidence of collocation diminishes. The purpose of this paper is to examine the potential 

presence, strength and spatial extent of such relationships among the VC funding levels attracted 

by proximate DBFs in the United States.  

More specifically, we tackle three separate but related questions: First, do DBFs attract 

more VC funding as the number of VCFs located in close proximity increases?  Second, do 

DBFs attract more VC funding as the number of DBFs located in close proximity increases?  

Third, is the level of VC funding achieved by individual DBFs influenced by the level of VC 

accumulation of their neighbors?  In this last instance, we specifically want to know if the VC 

funding levels of proximate DBFs are positively correlated after controlling for the number of 

neighboring DBFs and VCFs.  We are interested in these three questions because if such spatial 

relationships existed they could have significant reinforcing effects on firm collocation, industry 

clustering, local employment growth, and wealth creation. 
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To empirically evaluate the potential presence and spatial extent of these relationships, 

we use an extended spatial autoregressive (SAR) model of firm-specific VC funding levels that 

allows the spatial correlation parameters to vary with distance.  The fitted SAR model also 

controls for the local supply and demand for VC by including firm-specific variables to represent 

the characteristics of the funding VCFs and neighboring DBFs as well as site-specific factors. 

The paper is organized as follows: in section 2, we review the relevant literature and 

present our research hypotheses.  In section 3, we specify the spatial econometric model used to 

test our research hypotheses, and we describe our data sources in section 4.  We then discuss the 

estimation and test results in section 5, and we offer concluding comments in section 6.  

2. Literature Review and Research Hypotheses 

We draw upon several distinct segments of the literature on venture capital funding to develop 

our testable hypotheses about the spatial relationships among VC funding levels for proximate 

DBFs.  Based on our review of this literature, we find that such relationships maybe associated 

with: (1) the potential gains for VCFs and DBFs to collocate and (2) the potential gains for DBFs 

to locate in close proximity to other DBFs.  In particular, the existing literature implies that we 

should expect the DBFs to be more successful and raise more VC funds as the number of 

neighboring DBFs and VCFs increases.  Further, the relative success of a DBF (as measured by 

its VC funding level) is expected to spillover to proximate DBFs while holding the number of 

neighbors constant.  In this section, we review the relevant literature and state our testable 

hypotheses.  We also review the related research on other factors that may affect firm-specific 

VC funding levels, and we use this evidence to help select appropriate explanatory variables for 

our empirical model in order to control for these effects. 
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2.1 Collocation among Biotechnology and Venture Capital Firms 

One segment of the relevant literature focuses on the critical role of VCFs in funding knowledge-

based industries such as biotechnology, and there are several dimensions to the VCF-DBF 

relationship that may contribute to the collocation of these firms.  For example, Sorenson and 

Stuart (2001) distinguish between the pre-investment and post-investment stages of the VCF 

decision process, and at each stage different factors may encourage collocation of the firms.  In 

the pre-investment stage, VCFs may join localized social networks and develop local 

professional relationships in order to reduce the costs of generating investment leads and limit 

the asymmetry of information.  The value of these networking relationships has also been 

recognized by other authors, including Owen-Smith and Powell (2004), Doring and 

Schnellenbach (2006), and Huggins and Johnston (2010).  As such, VCFs tend to operate locally 

(Sahlman, 1990), have a strong industry-specific and geographic focus (Gupta and Sapienza, 

1992), and often form local networks with other VCFs that can generate knowledge that is not 

publicly available (Shane and Cable, 2002).   

During the post-investment stage, spatial proximity between the VCFs and their target 

firms may reduce the cost of monitoring the investment outcomes.  As well, the VCFs tend to 

contribute considerable amounts of human capital in varying forms to the DBFs. These 

contributions may include filtering of information, screening of projects, and creation and 

dissemination of new knowledge (Macmillan et al., 1998) and can improve the potential success 

of the VCFs‟ investments.  A number of studies have demonstrated that these VCF managerial 

contributions improve wealth creation (De Bettignies and Brander, 2007; Lam, 1991; Wijbenga 

et al., 2003) and innovation efficiency (Kortum and Lerner, 2000; Langeland, 2007; Muller et al., 
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2004; Wonglimpiyarat, 2006).
1
  To this end, Haussler and Zademach (2007) conclude that 

regions with a balanced presence of VCFs and DBFs exhibit the best financial performance.
2
 

The VCFs are therefore expected to locate close to other VCFs and to DBFs.  In some 

cases, the VCFs may request that their target DBFs move to proximate locations in order to 

improve the chances of capturing these gains.  With the potential gains from the collocation of 

VCFs and DBFs in mind, we form the following hypothesis: 

H1: The level of VC funding for a DBF increases with the number of VCFs located in close 

proximity to the DBF. 

2.2 Collocation among Biotechnology Firms 

 In the past several years, a large number of studies have suggested that positive agglomeration 

externalities emanate from the spatial collocation of similar firms (e.g. Amin and Wilkinson, 

1999; Cooper and Folta, 2000; Rocha and Sternberg, 2005), particularly in knowledge-based 

industries which often rely on tacit knowledge.  For instance, researchers have reported that 

collocation of similar firms (among them DBFs) and other industry participants can produce 

efficiencies in knowledge creation (Coenen et al., 2004; Gittelman, 2007; McKelvey et al., 2003; 

Moodysson and Jonsson, 2007) and firm growth (Beaudry, 2001; Henderson, 1997).  The main 

argument in these studies is that geographic proximity assists the transmission of tacit knowledge 

(Adams and Jaffe, 1996; Aldrich and Wiedenmayer, 1993; Feldman, 1999; Fontes, 2005; Jaffe et 

al., 2005; Meyer and Rowan, 1977; Thornton, 1999; Zander and Kogut, 1995)
3 

because it 

facilitates frequent contacts which are considered a rich conduit of knowledge transfer.   

                                                      
1
 For studies analyzing the potentially negative effects of VC financing, see Wasserman (2003), Gompers (1996), 

Lee and Wahal (2004), Zacharakis and Meyer (1998), and Fischer and Pollock (2004).  
2
 In contrast, Dahlander and McKelvey (2005) criticize claims of the potential importance of spatial effects among 

VCFs and DBFs. 

3
 There are also contributions to the literature that raise doubts about the importance of tacit knowledge and positive 

spatial externalities (see Breschi and Lissoni, 2001; Håkanson, 2005). 
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Besides potential opportunities for knowledge spillovers, the spatial proximity of DBFs 

and other similar firms can also advance the formation and development of local markets and 

networking externalities.  For example, Sorenson and Stuart (2001) explain that firms in 

knowledge based industries may require specialized inputs (e.g., skilled researchers) that are 

scarce, and Feldman (2003) argues that existing DBFs can attract other DBFs which collocate in 

order to access these local input markets.  As well, several studies have demonstrated that 

networks can bring about numerous benefits to firms including the integration of diverse 

knowledge bases (Dahlander and McKelvey, 2005; Liebeskind et al., 1996).  Some researchers 

have concluded that spatial proximity can increase the probability of cooperation among high-

technology firms (Autant-Bernard et al., 2007), plausibly because geographical propinquity can 

reinforce the growth of a network (Boschma, 2005).  Accordingly, Boschma (2005) argues that 

“it is common to stress the importance of networks as vehicles of knowledge creation and 

diffusion”.  Finally, Huggins and Johnston (2010) provide additional empirical support to the 

proposition that firms often use local networks to source knowledge.   

It is important to note that the existing literature provides few explicit statements about 

the notion that agglomeration benefits and network externalities increase with the number of 

firms located in a region (e.g. Arthur, 1990).  Rather, the existence of such effects is implicitly 

maintained in many studies
4
 and the general view is that knowledge spillovers and network 

externalities increase with the number of collocating firms.  Otherwise, firms located in less 

dense regions must establish relationships with firms located elsewhere
5
 (Cooke, 2001; 

Echeverri-Carroll and Brennan, 1999; Gilding, 2008; Saxenian and Hsu, 2001). 

Given these considerations, it is possible that collocating DBFs could realize gains from 

knowledge spillovers and reap the benefits of specialized labor markets and larger networks in 

                                                      
4
 The discussion in Stuart and Sorenson (2003) related to knowledge spillovers is an example.  

5
 This is not to say that only firms located in spatially isolated regions establish distant relationships.  Gilding (2008) 

describes how network effects and institutional cluster composition may determine whether distant relationships are 

complements or substitutes for local connections.  
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areas where firm density is higher, which could help them be more efficient and attract more VC 

funds.  In this context, we hypothesize that: 

H2: The level of VC fund accumulation for a DBF increases with the number of other DBFs 

located in close proximity to the DBF.  

2.3 Conditional External Effects 

Hypotheses H1 and H2 consider the impact of the number of neighboring DBFs and VCFs on the 

amounts of VC funding raised by individual DBFs. Yet, conditional on the number of 

neighboring firms, there may be remaining agglomeration effects, knowledge spillovers and 

network externalities that can influence the level of VC funding of DBFs.  In some locations, the 

presence of anchor firms (Agrawal and Cockburn, 2003; Feldman, 2003) or public research 

organizations (Powell et al., 1996) lead to greater knowledge spillovers, innovation efficiencies 

and gains in VC funding acquisition.  Alternatively, congestion effects (Almeida and Kogut, 

1997; Beaudry and Breschi, 2003) could cause inefficiencies and reductions in the VC funding 

levels of proximate DBFs.  The effectiveness of a local network may also depend on the quality 

of the local firms.  If some DBFs are more effective in securing VC funds, they may be in a 

better position to transmit their knowledge and strengthen the positive feedback emanating from 

the network.  On the other hand, if local DBFs are struggling to attract VC funding they may not 

contribute as much to the local network, and they and their neighbors may jointly underperform.   

Thus, conditional on the number of neighboring firms, we expect VC funding levels for 

proximate firms to exhibit positive spatial correlation due to the presence of these spatial 

externalities. However, the existing literature indicates that knowledge flows, network 

externalities, and other agglomeration effects are expected to decline with distance and may have 

a finite geographic boundary (Anselin et al., 1997; Funke and Niebuhr, 2005; Keller, 2002).  For 

example, Delaney (1993) found that “most biotechs use information sources ...within a 50-mile 
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radius of the firm”.  Thus, we expect the magnitude of the spatial correlations among VC funding 

levels for proximate firms to decline with distance.  As we explain in the following section, we 

use an extended spatial autoregression model to measure the strength and spatial extent of these 

conditional relationships among the VC funding levels attracted by DBFs. 

2.4 Firm-Specific and Site-Specific Control Factors 

The literature has also identified several firm-specific characteristics of the VCFs that may 

influence the amount of VC funds allocated to target firms.  First, VCFs with large pools of 

capital tend to invest larger sums per target firm and they tend to invest more in distant targets 

because a narrow geographic scope might not be sufficient to exhaust their investment 

capabilities and existing capital pools (Gupta and Sapienza, 1992).  These distant DBFs are often 

in later stages of their business development.  Second, Sorenson and Stuart (2001) have 

demonstrated that VCFs which are involved in syndication networks are more likely to fund 

distant target firms.  Hence, the relative size and level of syndication of VCFs could help funded 

DBFs (both proximate and distant) increase their funding levels.  Third, older VCFs may be in a 

better position to improve the effectiveness of their funded DBFs because such VCFs are 

typically more experienced, more integrated in the VCF networks and more widely known 

(Sorenson and Stuart, 2001).  Along these lines, De Clercq et al. (2001) noted that as VCFs gain 

experience (and potentially enlarge their capital pool) with local investing, they try to replicate 

these experiences in distant locations.  As a result, older and more experienced VCFs could help 

funded DBFs increase their funding levels. 

The individual characteristics of the DBFs may also influence their level of VC funding. 

Smaller DBFs are expected to need and acquire lower levels of VC funding than larger DBFs. As 

a result, local VC funds may be directed towards young firms that are seeking early-stage 

investments (Gupta and Sapienza, 1992; Harrison and Mason, 2000; Lemarié et al., 2001; Plant, 

2007; Powell et al., 2002) while later-stage financing sought by more mature DBFs may require 
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syndication from more (and often distant) VCFs.  Similarly, DBFs with more promising 

innovations are expected to attract larger amounts of VC funding.  

We also recognize that VC funding levels may be affected by site-specific or region-

specific factors such as local tax rates or investment incentives.  Along with relevant DBF and 

VCF firm characteristics, we control for these factors by using several proxy variables in our 

empirical model.  

3. Methods and Procedures 

We use an extended spatial autoregression (SAR) model (Anselin, 2006) to examine the 

empirical support for the stated hypotheses, and the general form of our model is   

      

 

 

                                                                                                                          

where   is an     vector of dependent variables, each    is an     spatial weight matrix that 

defines the neighbors for the observed dependent variables, X is a matrix of control variables, 

and  is an     vector of error components that represent any unexplained variation in the 

observed VC funding levels.  In our application, the dependent variable is the natural logarithm 

of the total VC amount invested in each of the   observed DBFs (AMT). 

To represent hypothesis H1 in this model, we include a set of explanatory variables in 

matrix X that capture the number of neighboring VCFs (VC) residing in 10-mile rings from every 

DBF
6
.  The first VC variable (VC010) reflects the number of VCFs within 10 miles of the origin 

DBF, the second VC variable (VC1020) reflects the number of VCFs within 10.01 to 20 miles of 

the origin DBF, and so on.  The regression coefficients for these explanatory variables measure 

the marginal effect (semi-elasticity) of an additional neighboring VCF in this distance interval on 

                                                      
6
 The number of neighboring firms is a standard measure of density in the literature (see Baum and Mezias, 1992; 

Lomi, 2000; Sorenson and Audia, 2000).  
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the origin DBF‟s VC fund accumulation.  Under H1, we expect positive signs on these estimated 

coefficients, and their absolute magnitudes are expected to decrease as we move to spatial rings 

that are farther from the origin DBF.  Similarly, H2 is represented with corresponding variables 

that count the number of DBFs (NB_010, NB_1020, and NB_2030) in R=3 10-mile rings from 

every DBF.  Under H2, we expect positive signs on these estimated semi-elasticity coefficients, 

and their absolute magnitudes are expected to decrease as we move farther from the origin DBF. 

To represent the conditional external effects on VC funding (i.e., conditional on H1 and 

H2), we use the spatial lag terms in the SAR model.  The definition of neighbors in each spatial 

weight matrix
7
    is based on R=3 sequential 10 mile intervals or rings from the origin DBF.  

Given that the dependent variables are expressed in logarithmic form, the spatial correlation 

parameters    measure the elasticity between the VC funds raised by the origin DBF and the 

average level of VC funds raised by DBFs within a specified distance range from the origin 

DBF.  For example, the DBFs situated less than 10 miles from the origin DBF were considered 

as one set of neighbors (group i=1), and the corresponding parameter    measures the elasticity 

of the weighted average VC of these neighboring DBFs on the VC funds of the origin DBF.  The 

second set of neighbors (i=2) is composed of those firms 10.01 miles to 20 miles away from the 

origin DBF, and the corresponding parameter    measures the elasticity of the weighted average 

VC of those DBFs on the origin DBF VC accumulation.  The same procedure was repeated to 

identify subsets of neighboring firms within all three 10-mile rings for each DBF in the sample.  

Note that the standard specification of the SAR model (Anselin, 2006) only includes one set of 

neighbors (R = 1), but our extended model based on the ring structure allows us to measure the 

spatial extent of any relationship among the VC funding levels achieved by neighboring DBFs. 

                                                      
7
 If the distance between DBF   and DBF   falls within distance range i, then         equals 1.  Otherwise, the 

weight matrix element equals 0.  Then, the sum of each row in the matrix is normalized to one by dividing each      

by the row sum.  Thus, the product of the elements in row   and the vector of observed dependent variables 

represents the average value of the dependent variable for all DBFs defined as neighbors to DBF  . 
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Following the discussion in Section 2.3, we expect a positive sign for each    associated 

with a spatial ring that exhibits spatial correlation among the VC accumulations for neighboring 

DBFs.   A positive value for    implies positive correlation among the VC funds between 

proximate DBFs after controlling for the other factors, and this positive correlation may occur 

when the origin DBF and its neighbors jointly under-perform or when the origin DBF and its 

neighbors jointly over-perform.  We also use the estimated spatial correlation parameters to 

determine the threshold distance from the origin DBF where the spatial interdependencies are 

effectively exhausted.  In particular, we expect the magnitude of the     to decrease as we move 

farther away from the origin DBF, and this threshold distance is identified as the point where the 

subsequent     are statistically insignificant.  For example, if the    coefficient for the DBFs in 

the 10.01 mile to 20 mile range is statistically insignificant and the same holds for the subsequent 

  s, then we would conclude that the spatial correlation for VC funds among proximate DBFs 

holds up to about 10 miles from the origin DBF. 

The firm-specific factors for the VCFs discussed in Section 2.4 are represented with five 

explanatory variables included in matrix X.  First, we include a variable that measures the natural 

logarithm of the average distance from each DBF to the VCFs that fund it (VCDistance).  The 

variable represents the straight line distance from the location of each DBF to each financing 

VCF, and the weighted average assigns more weight to those VCFs that provided more funds.  

Second, we represent the approximate size of the VCFs that funded a given DBF with a variable 

that measures the average total amount invested to all firms by each VCF that funded the origin 

DBF (VCSize). Third, we include a variable that measures the average age of each VCF (as of 

2007) that funded the origin DBF (VCAge).  Fourth, we include a variable (VCSynd) that 

measures the average number of other DBFs a funding VCF of the origin DBF co-invested in 

through syndication.  Finally, we also include a dummy variable (Foreign) that equals 1 if the 

origin DBF received funds from non-US VCFs (and equals 0 otherwise).  Non-US funds are 
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viewed as a type of distant financing, which typically involves larger funding amounts.  Thus, we 

expect a positive sign on the coefficient for this dummy variable. 

As noted at the end of Section 2, we must also control for firm-specific factors associated 

with the individual DBFs and site-specific effects that may influence the VC accumulation of 

individual DBFs.  Accordingly, our model includes controls for the DBF‟s age in linear and 

quadratic form (Age and Age
2
), and age is used as proxy for a DBF‟s size.  We expect the 

coefficients for the age variable coefficients to be positive in the linear term and negative in the 

quadratic term (forming a concave marginal effect) so that firms rely less on VC funds as they 

mature and increasingly use alternative financing sources such as capital markets 

(Wonglimpiyarat, 2006).  Next, we include an explanatory variable to account for the DBFs level 

of innovation.  Government grants are generally awarded to firms with promising innovations 

and may serve as a signal of firm potential that leads to higher VC funds accumulation (Lerner, 

1999).  We use a dummy variable (SBIR) that equals one if the DBF received Small Business 

Innovation Research (SBIR) grants (and equals 0 otherwise), and we expect a positive sign on 

the coefficient for this variable.   

We also include four explanatory variables that serve as proxy variables for site-specific 

or region-specific effects on VC funding.  The first proxy is a dummy variable (Tax) that equals 

one if the DBF‟s state had an R&D tax credit from 1990 to 2007
8
, which represents the local tax 

incentives that can strengthen the DBFs‟ financial position and subsequently attract more VC 

funds.  We expect the sign of the coefficient for this variable to be positive.  The second proxy 

variable is an index that measures the relative cost of doing business in the DBF‟s state 

(Business), which serves as a proxy for the local macroeconomic environment
9
.  We expect the 

                                                      
8
 We use a dummy variable to represent the local tax effect instead of the local tax rate because the financial 

statements of the DBFs in our sample are not available.  Thus, we cannot calculate the effective tax rates for each 

firm. 
9
 Although the state level of aggregation for this variable might be too coarse to represent local factors, we were 

unable to identify other proxy variables that may capture such local effects and that were available for all of the 

observations in our sample. 
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coefficient for this variable to be positive because DBFs will face higher resource costs (i.e., 

labor, facilities) and require more funds in more expensive states.  The third proxy variable 

(University) measures the distance from each DBF to the nearest university.  DBFs that are close 

to universities may benefit from availability of affiliated facilities (e.g. incubators and research 

parks) and a broader science and technology base, so we expect a positive sign for the coefficient 

on this variable.  DBFs can also become more successful and achieve higher VC accumulations 

if the local business climate (e.g., zoning ordinances) is more conducive to business activities.  

We account for this effect on VC funds by including a fourth proxy variable that counts the 

average total number of non-biotech establishments in the DBF‟s zip code from 1992 to 2007 

(Establishments).  We expect the sign of the coefficient for this variable to be positive. 

Finally, we recognize that additional factors can affect the cost of doing business in ways 

that influence the VC funding levels of a given DBF, and we include two proxy variables to 

account these cost factors.  The first proxy variable controls for potential synergies where closely 

located DBFs receive funds from the same distantly located VCF(s).  Powell et al. (2002) found 

that “New York money is restless moving around to Boston, San Diego…California money goes 

to Boston…”  A detailed examination of our data revealed an interesting pattern where VCFs of 

region   often provided large funding amounts to very closely located DBFs residing in region  , 

where   is typically quite distant from  .  The variable is formulated as a cross-product or 

interaction variable and measures the sum of the distances between each firm‟s closest neighbors 

and their funding VCFs, and the variable is formed as  

                                                                                                                                                     

where       is the     cross-product variable for each of the   firms,     is an     non-

standardized spatial weight matrix that identifies the firms located within a 1 mile radius from 

the origin firm, and   is the     vector of the weighted distance for each firm from its 
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financing VCFs.       is increasing in both the number of firms in close vicinity and in the 

distance from funding VCFs, so it captures the potential increase of VC funds realized by firms 

closely surrounded by a large number of firms funded by distant VCFs.  As previously 

explained, distant VC transactions typically involve higher funding levels, so we expect the 

coefficient for this variable to be positive. 

 The second cost proxy variable accounts for potential cost efficiencies realized by VCFs 

when they invest in proximate firms.  Because proximity helps VCFs with monitoring the funded 

DBFs and reduces information asymmetries and other transaction costs, VCFs may invite local 

DBFs they invest in to locate close to each other in order to gain from these cost efficiencies.  

Hence DBFs located close to other DBFs funded by the same VCFs maybe in a position to 

accumulate more VC funds because the VCFs prefer to invest in proximate firms.  To account 

for this effect, we include a variable (LocalVC) that measures the number of DBFs located less 

than 10 miles from the origin DBF which were funded by VCF(s) located in the same radius that 

also funded the origin DBF.  A priori, the expected sign for this coefficient is positive.   

After we include these spatial lag components and explanatory or proxy variables, the 

complete specification of our fitted SAR model is: 
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Before concluding this section, we should note a few important points about the interpretation of 

the fitted SAR parameters (1, 2, and 3) in the empirical model.  Following Anselin (2001), we 

could also use the spatial error model (SEM), y = X + u, in which the spatial lags arise between 

the model error components (u) rather than the dependent variables (y).  The SEM and SAR 

models are both special cases of more general spatial regression models, and the SAR model 

may be converted to an SEM and vice versa.  Due to this equivalence, Anselin (2001) notes in 

his section 3.1 that the SAR model is appropriate when the purpose of the modeling exercise is to 

focus on the existence and strength of the spatial relationships (as in H1 and H2), and the SEM is 

appropriate when the spatial structure is not of primary importance and we only want to adjust 

for its presence.  For these reasons, we use the SAR models of the spatial relationships among 

the DBF funding levels to test our main research hypotheses. 

 The equivalence between the SAR and SEM specifications also implies that the spatial 

autoregressive components in our model may represent any determinants of the VC funding 

levels that are not captured by the specified controls in matrix X (i.e., the VCF-specific, DBF-

specific, and site-specific characteristics).  In the context of our model, these additional 

determinants may include agglomeration effects, knowledge spillovers and network externalities 

as well as the impact of omitted variables or imperfect proxies.  Due to these possibilities, we 

provide a detailed discussion of our selection of the plausible control factors in the next section, 

and we examine the potential impact of omitted variable bias in Section 5.2. 

 Finally, due to the spatial relationships in this model, a marginal change in one of the 

explanatory variables will directly affect the expected VC funds for the origin DBF as well as the 

funding levels for neighboring DBFs, which indirectly affect the origin DBF through a feedback 

loop.  Following the discussion of these feedback effects provided by LeSage and Pace (2009) in 

their Section 2.7, we can separately estimate the direct and indirect marginal effects on the 

expected VC funding levels for an origin DBF.  However, LeSage and Pace (2009) show that the 
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indirect effects depend on the number of neighbors, so they are firm-specific and rather 

cumbersome to evaluate in a concise fashion.  To limit complexity, we only report the direct 

spatial effects from our fitted SAR models in Section 5.  Accordingly, our estimates of the direct 

effects may also be interpreted as lower bounds on the total marginal effects.   

4. Data Sources and Preliminary Data Analysis 

We collected the total VC funding received by all firms in the US biotechnology industry from 

1990 to 2007 through Thomson‟s Financial SDC Platinum Database (SDC).  This information 

was used to construct the dependent variable (AMT) and the average VC funds received by 

neighboring DBFs that are used to test H1 and H2.  To form the distance-specific explanatory 

variables, we converted the addresses of each DBF and VCF in the database to geographic 

coordinates (obtained from http://www.batchgeocode.com/ ) and calculated the distance between 

each DBF and between each DBF and VCF.  The SDC database also provides the founding date 

of each DBF (to calculate each DBF‟s age) and whether or not a DBF had received non-US 

funds (to form Foreign).  The dummy variable indicating whether or not each DBF had received 

SBIR grants (SBIR) was constructed from information obtained from InKnowVation, Inc.  

The dummy variable for state-specific R&D tax credits (Tax) was obtained from each 

state government‟s taxation website.  The distance to each DBF‟s nearest university (University) 

was compiled from address information provided by the Association of University Technology 

Managers, and the addresses were converted to geographic coordinates using the tools at 

http://www.batchgeocode.com/ .  The cost of doing business index (Business) was collected from 

the Milken Institute website.  Finally, the total number of establishments at each DBF‟s ZIP code 

(Establishments) was collected from the U.S. Bureau of the Census.  

The final version of the database was restricted to all VC funding transactions without 

missing information on these variables, which yielded a dataset with 3,055 funding transactions 

http://www.batchgeocode.com/
http://www.batchgeocode.com/


 

18 

between 728 US-located VCFs and 816 US-located DBFs.  The database was also restricted to 

include DBFs founded after 1990 in order to focus on those DBFs that must rely on VC funding 

to some degree.  Also, the VC funding amounts were retained as nominal values in the data set.  

Although we may prefer to compare real monetary values over this lengthy sample period, much 

of the VC funding data are only available as aggregate amounts received since the founding of 

the firm, and we were unable to adjust the VC accumulations for inflation
10

.  

FIGURE 1 ABOUT HERE 

The map presented in Figure 1 indicates the location of the firms in our sample.  Many of 

the DBFs and VCFs reside in East Coast and West Coast cities, especially San Francisco, San 

Diego, Los Angeles, Boston, and New York.  However, some interior cities like Denver and 

Chicago are also populated with multiple VCFs and DBFs.  This spatial pattern in the data 

illustrates the previously mentioned evidence of spatial clustering in the biotechnology industry. 

Table 1 presents descriptive statistics for the dependent and explanatory variables.  Given 

the relatively large range of values for most of the variables, the sample is composed of firms 

with notable differences in total VC amount invested, age, and distance from the VCFs.  A 

significant portion of the DBFs had received SBIR grants (slightly more than 25 percent), and 

nearly 33 percent of the firms received foreign funds.  The modal value of the VCDistance 

variable shows that most of the DBFs received funds from nearby VCFs.  On average, the 

funding VCFs were in business for 18 years by 2007, had co-invested in about 12 DBFs with 

other VCFs and over time had provided close to one million dollars to their target companies.  

There are no considerable differences among the average VC amount accumulated by neighbor 

DBFs located at different distance ranges from the origin DBF.  At the same time, more VCFs 

                                                      
10

 We did estimate the regression models for DBFs founded in different periods (1990-1995, 1996-2000, and 2001-

2006), and these results are very similar to the results reported here. 
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and DBFs are located within 10 miles from the origin DBF, and the number of neighboring 

VCFs and DBFs decreases as the distance from the origin DBF increases.  On average, each 

DBF has 2.91 DBF neighbors that are funded by the same local VCF.   

It is worth noting that the modal values for the number of DBFs in the 10 to 20 mile and 

the 20 to 30 mile rings from the origin DBF are zero, which indicates that our dataset contains 

DBFs from more spatially disconnected regions.  In contrast, some DBFs have neighbors in all 

of the distance ranges considered (up to 30 miles from the origin), and most of these cases are 

located in the more spatially connected areas such as San Diego or Boston.  Given that all of 

these firms are included in the empirical analysis, we are able to account for the effects of 

proximity for firms with neighbors and without neighbors.    

TABLE 1 ABOUT HERE 

The spatial nature of our dependent variable is shown in Figures 2a and 2b, which are 

maps of the DBFs in the dataset classified by the percentile of the total amount of VC funds 

invested.  For example, the component of Figure 2b denoted as “Firms with VC Accumulation 

Between 60
th

 and 100
th

 Percentile” refers to those DBFs whose total VC amount exceeded the 

values accumulated by 60 percent of the other DBFs, and the “Firms with VC Accumulation 

Between 10
th

 and 30
th

 Percentile” legend of Figure 2a refers to those DBFs whose total VC 

amount exceeded the amounts collected by at least 10 percent of the firms but no more than 30 

percent of the other DBFs.  

FIGURE 2a AND FIGURE 2b ABOUT HERE 

As seen in Figures 2a and 2b, the highest VC amounts invested occurred in clusters, with San 

Diego being the most homogeneous.  In contrast, the East Coast clusters are more heterogeneous 

since both high and low VC funding amounts are observed.  We also find strong visual evidence 

of spatial autocorrelation due to the large number of values with the same magnitude that are 
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closely located.  For example, the San Diego and Seattle clusters are almost entirely composed of 

DBFs with VC funds above the 60
th

 percentile.   

An alternative way to assess the spatial dependencies among the dependent variables is 

Moran‟s scatter plot (Figure 3), which is based on neighboring DBFs located less than 30 miles
11

 

from the origin DBF.  The slope of the scatter plot reflects the global value of Moran‟s I statistic 

   

 

   

          

 

   

                  
 

   

                             

  

and the positive slope indicates that VC amounts invested in neighboring firms are positively 

related.  Note that a positive slope of Moran‟s I statistic can be generated by both high VC 

performance across neighbors and by poor funding performance across neighbors. That is, high 

VC funding amounts invested in neighbors are matched with high VC levels for the origin DBF 

(1
st
 quadrant), and low VC funds invested in neighbors are matched with low VC funds for the 

origin DBF (3
rd

 quadrant).  Observations in the 2
nd

 and 4
th

 quadrant of Figure 3 represent cases 

for which the origin DBF‟s VC level does not follow the same pattern with the neighbors‟ VC 

levels: high VC amounts for the origin DBF are matched with low VC levels for the neighbors 

and the reverse.  Most of these observations are either located in the heterogeneous East Coast 

clusters or they are fairly new DBFs with low VC accumulations surrounded by older and 

wealthier DBFs.   

                                                      
11

 Figure 3 changes only slightly when the neighbor-defining threshold is different than 30 miles.      
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Figure 3. Moran‟s I of Total Amount Invested for Threshold Level 30. 

 

5. Estimation Results  

There are several alternative estimation methods for SAR models that are commonly used in 

practice, and these include ordinary least squares (OLS), maximum likelihood (ML), methods of 

moments (MOM), and instrumental variable (IV) estimators.  OLS has several advantages in 

addition to its computational ease.  First, Lee (2002) proved in his Theorem 1 that OLS is 

consistent if the number of neighbors can become infinitely large as the sample size increases, 

which is not always plausible in all spatial models but is a reasonable assumption for our case 

(i.e., the number of neighboring firms within ten miles of an origin DBF is potentially 

unlimited).  Also, Anselin (2006) argues that the OLS estimator is relatively robust to variations 

in the model assumptions and may have desirable asymptotic properties relative to the standard 

ML estimator of the SAR model.  In contrast, the ML estimator is based on an explicit normality 

assumption for the model errors, and the Shapiro-Wilk statistics reported in Table 2 indicate that 
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the model residuals are significantly non-normal.  Finally, Franzese and Hays (2007) use Monte 

Carlo simulation experiments to show that the finite sample bias associated with the OLS 

estimator is reasonably small in moderately large samples (i.e., at least 50 observations) that 

have relatively small spatial correlation coefficients ( < 0.3).   Our fitted SAR models meet both 

of these conditions, and we use the OLS estimator for these reasons. 

The ordinary least squares (OLS) estimates for two versions of our SAR model are 

reported in Table 2.  Model 2 is the complete SAR specification presented in Equation (3), and 

Model 1 is a restricted version of the complete model that is used to evaluate the impact of 

potential omitted variables or imperfect proxies (discussed later in this section).  As a robustness 

check, we also computed the ML estimates for a version of the model that includes only the 

spatial lags for firms located in a 10 mile radius from the origin DBF     .  The results of this 

model are presented in the Appendix.  Given that the signs, magnitudes, and significance levels 

for the ML and OLS estimates are largely comparable, we consider the OLS estimation results 

reliable. 

TABLE 2 ABOUT HERE 

The Breusch-Pagan and White test results provide strong evidence of heteroskedasticity 

in the model errors, so we adjusted the OLS standard errors with White‟s heteroskedastic-robust 

variance estimator.  Also, Moran‟s I statistic is significantly positive, which provides evidence of 

spatial correlation in support of our SAR specification.  The spatial lags of log-AMT and the 

neighbor count variables (NB and VC) may be highly correlated, and we also report the 

collinearity diagnostics in Table 2.  The restricted set of explanatory variables in Model 1 have a 

condition number within the acceptable range (48.91), and the condition number for Model 2 is 

slightly higher (68.86).  Given the stability of the estimates reported in Table 2, this degree of 

collinearity does not appear to influence the estimation results.  To verify this conclusion, we 
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also estimated versions of the base regression model that only includes the NB or VC variables 

(without the SAR terms), and we found no substantial differences among those fitted models and 

the results reported in Table 2.  For reasons of parsimony, we do not report these model 

estimates here.  The detailed estimation results for the complete model and the restricted models 

are described in the following subsections.  

5.1. Model 2 (Complete Model) 

From the right column in Table 2, we find that the evidence in support of hypotheses H1 and H2 

from the fitted complete model is somewhat mixed.  In particular, the estimated coefficients for 

the three rings of neighboring VCFs (VC) are all positive, but only the first ring (i.e., VCFs 

within 10 miles of the origin DBF) has a statistically significant coefficient at the 1% level.  The 

economic value associated with this estimated semi-elasticity coefficient is meaningful --- one 

more VCF within 10 miles of the origin DBF increases the expected VC funding level for the 

origin DBF by 0.6 percent (approximately $224,000 at the mean of the dependent variable) while 

holding the neighboring VC funding levels constant.  Regarding hypothesis H2, the estimated 

coefficients for the three rings of neighboring DBFs (NB) are negative, small, and generally 

insignificant (one is significant at the 10% level).  Thus, the estimation results support H1 but do 

not support H2. 

Regarding the conditional external effects, we find that the estimated    coefficient for 

neighbors within 10 miles from the origin DBF is positive and significant at the 1% level.  The 

elasticity estimate implies that a one percent change in the average VC amount raised by the 

DBFs within 10 miles of the origin DBF is expected to generate a 0.274 percent change in the 

same direction in the origin‟s DBF VC accumulation.  To put this percentage change in 

perspective, we note that the mean of the dependent variable reported in Table 1 is $35.4 million. 

At this mean level of VC funding, the expected VC funding for a DBF increases by roughly 

$100,000 as the average funding level of the neighboring DBFs increases by $354,000 (i.e., one 
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percent of the mean).  Further, the estimated values of     and    are statistically insignificant 

and considerably smaller in magnitude.  These findings suggest that spatial correlations among 

the funding levels cease to exist beyond a 10 mile radius,
12

 which is consistent with our 

expectations stated in Section 2.3.  Further, the combined evidence for H1 and H2 as well as the 

conditional external effects imply that a key influence on VC funding levels of DBFs is the 

amount of funds attracted by neighbors rather than the number of neighboring firms. 

From the estimated coefficients for the VCF-specific control variables, we find that a one 

percent increase in the average distance between the funding VCFs and the origin DBF 

(VCDistance) is associated with a 0.208 percent direct increase in the VC funds accumulated by 

the origin DBF.  The Foreign dummy coefficient is also positive and strongly significant, which 

indicates that the presence of non-US funding sources is positively associated with total VC 

accumulation. This result is compatible with our expectations that distant funding sources tend to 

target more advanced DBFs that are in later stages of development.  On the other hand, the 

estimated size and age effects for the funding VCFs are not statistically significant.  Finally, the 

results imply that DBFs funded by VCFs that are active in syndication efforts attract more VC 

funds.  

Regarding the results for the DBF-specific control variables, the age variable was 

significantly positive in the linear term and significantly negative in the quadratic term, which 

suggests that a DBF‟s size (as represented by its age) has a concave relationship with total VC 

funding.  In particular, the expected VC funds peak when the DBF reaches 10.95 years of age. 

The SBIR dummy coefficient is positive and significant at the 5% level, and the expected 

funding level is roughly 23.2 percent higher for DBFs that receive SBIR grants.   

The coefficient for the cross-product variable (Cross) is positive but insignificant and the 

estimated magnitude is quite small.  In contrast, the coefficient for the number of local DBFs 

                                                      
12

 We also evaluated SAR models with spatial lags up to 60 miles from the origin DBF, and the estimated 

coefficients for these lags were consistently small and statistically insignificant. 
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receiving funds from the same local VCF (LocalVC) is positive and strongly significant, and the 

magnitude implies that having one more DBF within 10 miles of the origin DBF which receives 

VC funds from the same local VCF is expected to increase the VC funding level for the origin 

DBF by roughly 2.2 percent.  Finally, the estimated coefficients for the other control variables 

(Tax, University, Business, and Establishments) do not have significant explanatory power for 

VC fund accumulation. 

5.2. Model 1 (Restricted Model) 

As noted at the end of section 3, our model specification employs several proxy variables, and 

the OLS estimator is potentially subject to bias due to omitted variables or imperfect proxies.  To 

evaluate these potential impacts, we removed the explanatory variables associated with 

hypotheses H1 and H2 and refer to this restricted specification as Model 1.  From the left column 

of Table 2, we find that the estimated SAR coefficients (  ,   , and   ) are very similar in 

magnitude and statistical significance to the results for Model 2.  In particular, the estimate of 1 

increases by about 0.01 to 0.283 due to the potential upward bias from the omitted variables, the 

other SAR parameters are not significant, and the remaining coefficients are very similar to the 

results for Model 2. 

 In summary, although Model 2 may be subject to omitted variables or imperfect proxies, 

the results provided in Table 2 imply that the potential magnitude of any remaining bias in the 

model is expected to be very small.  Thus, we expect the positive and significant value of 1 

from Model 2 to represent substantive conditional external effects that may be due to firm 

heterogeneity, knowledge spillovers, network externalities, or related agglomeration effects.  
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6. Concluding Comments 

Several contributions to the existing literature on venture capital funding suggest that spatial 

collocation of DBFs and VCFs could influence the level of VC funding achieved by the DBFs.  

The magnitude of these relationships is also expected to wane with distance.  Although a few key 

empirical studies have demonstrated the existence of these relationships, there is very little prior 

research on the strength and spatial extent of these relationships.  The purpose of this paper is to 

examine the potential presence, strength and spatial extent of the relationships among the VC 

funding levels attracted by proximate DBFs in the United States.  

 Based on our fitted SAR model, we find that the level of VC funding of an individual 

DBF increases with the density of VCFs located within a 10 mile radius.  We also find that the 

VC funding levels are positively correlated with the VC funding levels attracted by DBFs in the 

same radius.  Beyond that point, the observed spatial correlations are not statistically significant 

and appear to exhaust themselves.  Thus, conditional on the number of neighboring DBFs and 

VCFs, the main factor that affects VC funding levels is the VC performance of those neighbors.  

Regarding the impact of the control factors in our model, we find that older DBFs that have 

received SBIR grants from the government and funds from distant VCFs with syndication 

experience, achieve significantly higher VC funding levels.  DBFs that are proximately located 

to other DBFs funded by the same local VCFs also achieve higher levels of VC funding. The 

site-specific characteristics used in this study do not have a significant impact on the VC funding 

levels of the DBFs. 

 Following our discussion of the fitted SAR model, the presence of the positive and 

significant spatial correlations in the VC funding levels of DBFs may be due to agglomeration 

effects, heterogeneity among the proximate firms, omitted variables, or imperfect proxies.  

However, the fact that these effects are only significant within a 10 mile radius of the origin DBF 

suggests that they are purely local in nature.  As such, region- and firm-specific omitted variables 
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or imperfect proxies as well as other non-local factors may be eliminated as potential sources of 

these observed spatial correlations.  Regardless of the source or cause of these spatial effects, our 

data and fitted model provide strong evidence that DBFs tend to collocate with other firms that 

exhibit similar performance.  Given the importance of VC funds for the development of DBFs 

and the general growth of the biotechnology industry, these spatial externalities could have 

significant reinforcing impacts on firm collocation, industry clustering, local employment 

growth, and wealth creation.  

 Our study expands our understanding of the geography of venture capital investing by 

measuring the strength and extent of the spatial interdependencies among VC funding levels of 

DBFs.  However, a critical issue remains unsolved.  Due to data limitations, we are unable to 

assess whether proximity to venture capital sources enhances the VC levels of DBFs or whether 

the agglomeration of DBFs attracts more VC funds.  In order to analyze this issue we would 

require some ex ante measure of the total VC funds available at each site to check whether DBFs 

attract VC funds.  At this time, such information is not available to us, and we leave this issue to 

future work.  

 Finally, we note that clusters among firms in a given industry have been defined in a 

number of ways in the existing literature, and the clustering factors used in other research include 

synergies among collocating firms, knowledge flows, and social ties.  In nearly all cluster 

definitions, the starting point is the region in which the cluster is located.  However, the 

particular definition of the spatial dimension varies considerably across studies, and Rocha‟s 

(2004) survey of the literature outlines the different approaches taken when defining cluster 

scope.  He also notes that clusters have been defined as science parks, cities, regions, and even 

whole continents (Gertler, 1995; Massey et al., 1992; Saxenian, 1994).  While the spatial scope 

for clusters is not the primary goal of the present work, our findings and measurement approach 

may help to inform further research on this issue.   
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8. Appendix 

 

Intercept -1.517 *** -1.237 **

(0.448) (0.543)

Age (years) 0.248 *** 0.242 ***

(0.045) (0.045)

Age
2
 (years) -0.012 *** -0.012 ***

(0.002) (0.002)

SBIR (binary) 0.229 ** 0.235 **

(0.110) (0.110)

R&D tax credit (binary) -0.144 -0.109

(0.250) (0.249)

Distance to closest university (miles) -0.002 -0.002

(0.002) (0.002)

Cost of doing business index 0.002 -0.001

(0.004) (0.005)

Total establishments 0.015 0.046

(0.060) (0.062)

Funding VCFs' Size 0.037 0.036

(0.026) (0.026)

Funding VCFs' Age 0.005 0.005

(0.006) (0.006)

Funding VCFs' Syndication Level 0.035 *** 0.035 ***

(0.005) (0.005)

Foreign (binary) 1.157 *** 1.170 ***

(0.107) (0.107)

Funding VCFs' Distance from DBF (miles) 0.215 *** 0.217 ***

(0.021) (0.021)

Log (CROSS) (miles) 0.024 0.023

(0.016) (0.017)

Number of DBFs funded by same local VCFs with origin DBF 0.025 *** 0.023 **

(0.008) (0.009)

ρ1 0.252 *** 0.229 ***

(0.042) (0.043)

Number of DBFs within 0 - 10 miles from origin DBF -0.002

(0.002)

Number of DBFs within 10.01 - 20 miles from origin DBF -0.001

(0.002)

Number of DBFs within 20.01 - 30 miles from origin DBF -0.004

(0.003)

Number of VCFs 0 - 10 miles from origin DBF 0.007 **

(0.003)

Number of VCFs 10.01 - 20 miles from origin DBF 0.005

(0.003)

Number of VCFs 20.01 - 30 miles from origin DBF 0.003

(0.003)

Number of Observations 795 791

Pseudo R-Square 0.531 0.537

Breusch-Pagan Test 143.68 *** 156.17 ***

Multicollinearity Condition Number 44.59 65.13

Moran's I 0.11 0.11

All Standard Errors are in Parentheses

*** .01 significance, ** .05 significance, * .10 significance

Appendix Table.  ML Estimates for Model 1 and Model 2. The Dependent Variable is the Natural Log of Venture Capital Funds 

Invested (Million $) in a Biotechnology Firm (DBF). 

Variables / Specification Model 1 Model 2
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Intercept -1.295 *** -1.355 ***

(0.486) (0.571)

Age (years) 0.234 *** 0.219 ***

(0.047) (0.048)

Age
2
 (years) -0.011 *** -0.010 ***

(0.003) (0.003)

SBIR (binary) 0.232 ** 0.233 **

(0.102) (0.102)

R&D tax credit (binary) -0.166 -0.162

(0.218) (0.221)

Distance to closest university (miles) -0.001 -0.001

(0.003) (0.003)

Cost of doing business index 0.000 0.002

(0.004) (0.005)

Total establishments 0.005 0.030

(0.062) (0.059)

Funding VCFs' Size 0.035 0.035

(0.055) (0.055)

Funding VCFs' Age -0.004 -0.004

(0.007) (0.007)

Funding VCFs' Syndication Level 0.033 *** 0.033 ***

(0.006) (0.006)

Foreign (binary) 1.117 *** 1.145 ***

(0.090) (0.091)

Funding VCFs' Distance from DBF (miles) 0.211 *** 0.208 ***

(0.038) (0.038)

Log (CROSS) (miles) 0.020 0.021

(0.017) (0.018)

Number of DBFs funded by same local VCFs with origin DBF 0.023 *** 0.022 ***

(0.006) (0.006)

ρ1 0.283 *** 0.274 ***

(0.061) (0.063)

ρ2 0.063 0.069

(0.047) (0.051)

ρ3 0.044 0.029

(0.034) (0.039)

Number of DBFs within 0 - 10 miles from origin DBF -0.003 *

(0.002)

Number of DBFs within 10.01 - 20 miles from origin DBF -0.001

(0.003)

Number of DBFs within 20.01 - 30 miles from origin DBF -0.004

(0.003)

Number of VCFs 0 - 10 miles from origin DBF 0.006 ***

(0.002)

Number of VCFs 10.01 - 20 miles from origin DBF 0.004

(0.003)

Number of VCFs 20.01 - 30 miles from origin DBF 0.001

(0.003)

Number of Observations 795 791

R-Square 0.530 0.533

Adj R-Square 0.520 0.519

Shapiro-Wilk Test 0.97 *** 0.97 ***

White's Test 399.50 ** 495.20 ***

Breusch-Pagan Test 105.40 *** 105.90 ***

Multicollinearity Condition Number 48.91 68.86

Moran's I 
a

0.11 *** 0.11 ***

All Standard Errors in Parentheses are White's Standard Errors 

a
 Calculation is based on a weight matrix with a 30 miles threshold level, and run with OLS.

*** .01 significance, ** .05 significance, * .10 significance

Variables / Specification Model 1 Model 2

Table 2.  OLS Estimates for Models 1 and 2. The Dependent Variable is the Natural Log of Venture Capital Funds Invested (Million $) 

in a Biotechnology Firm (DBF). 
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Figure 1. Biotechnology and Venture Capital Firms in the Dataset 

Red circles -  DBFs 

Green squares - VCFs 
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Figure 2a. Biotechnology Firms Classified According to their VC Funds Accumulation 

Red star – Firms with VC Accumulation Below 10
th

 Percentile 

Blue circle – Firms with VC Accumulation Between 10
th

 and 30
th

 Percentile  
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Figure 2b. Biotechnology Firms Classified According to their VC Funds Accumulation 

Red tick – Firms with VC Accumulation Between 30
th

 and 60
th

 Percentile 

Blue rectangle – Firms with VC Accumulation Between 60
th

 and 100
th

 Percentile  
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