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Abstract

Empirical evidence on the effect of venture capital involvement on firms’ patent productivity has been
mixed. We aim to assess this effect through simultaneous models that predict firms’ ability to attract
venture capital likelihood and its relation to the likelihood to patent and the number of patents applied
for and being granted. While prior research has estimated these equations separately, we allow for
endogeneity of venture capital investment. Only in simple models with separate equations we confirm
prior findings of a positive impact of venture capital on patenting, which has been interpreted as
coaching or “smart money”. If we account for endogeneity, this effect becomes insignificant or
negative. Our results support the view that venture capital follows patent signals to invest in
companies with commercially viable products instead of actively contributing to patent production
after the investment. Other relevant predictors for patenting activities are market size and product
development time. Expected growth plays a minor role, whereas strong industry competition increases
the number of patents if the firm is patenting, but not the likelihood to patent.
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1. Introduction

Does venture capital contribute to innovation output in firms? This question, although simple to ask,
has a rich underlying structure, since reverse causation between firms’ patenting behaviour and their
ability to attract venture capital places econometric obstacles in the way to identifying causes and
effects. Main themes relevant to this question are signalling of firm quality through patents, selection
of patent-producing investments by venture capital (VC) funds and coaching by VC funds to improve
firms’ patenting rates. Several studies find a positive relation between patenting activity and VC-
financing (Kortum and Lerner, 2000; Baum and Silverman, 2004; Ueda and Hirukawa, 2008; Popov
and Roosenboom, 2009; Bertoni, Croce and D’ Adda, 2010). This effect can be explained by all three
mechanisms. First, VC firms might actually be able to coach their portfolio companies, thereby
increasing patent output. This is the real economic effect of “smart money” that government
intervention in the VC market aims to achieve. Increasing patenting rates, however, can be explained
by at least two other mechanisms: Venture capital firms might be exceptionally good at selecting
promising portfolio companies. These companies produce an above-average number of patents after
the investment simply because investors were able to forecast this output without actively contributing
to it. Finally, cross-sectional studies often find increased patenting activity in firms with VC
involvement. In this case, causality can run from patenting to a higher probability of obtaining VC
financing, because patents granted or pending can be strong signals of firm quality for investors. This
signalling function of patents is now widely accepted and repeatedly found in the literature. The
reverse impact of venture capital on innovation has proved difficult to assess, because a control group

of firms with identical characteristics apart from the venture capital “treatment” is hard to establish.

We aim to tackle causality problems by explicitly accounting for endogeneity of VC investments.
Incorporating the investor’s decision to invest or, stated differently, the firm’s ability to signal its
quality to investors into a simultaneous model should help distinguish signalling from selection and
coaching effects. Baum and Silverman (2004) propose to disentangle these effects by investigating
whether start-up characteristics that predict VC investments coincide with the influences of these
same characteristics on firm performance. They argue that coaching might be at work if
characteristics that affect VCs’ investment decisions are different from those affecting firms’ post-
investment performance. We build on this idea by modelling both mechanisms simultaneously.
Furthermore, we add to the literature by modelling firms’ patenting as two sequential decisions, in

which firms first decide whether to patent and then determine the intensity of their patenting.

Studies trying to establish a control group of firms that do not obtain VC financing but are otherwise
identical often rely on propensity score matching or comparable algorithms to identify similar firms
(Engel and Keilbach, 2007; Peneder, 2010). Firms with VC investors are usually collected first, and

only thereafter a sample of control firms is matched by various firm characteristics. Instead, we



collect information on both types of firms at the same time by sampling from the population of US
and UK small and medium-sized enterprises (SMEs). From a life-cycle perspective of a firm, this
seems more plausible. A major difference to ex-post matching is that we first identify firms that
actually seek finance. Within this sample, we can investigate the impact of venture capital on

patenting performance.

Contrary to prior research, the effect of venture capital on patenting is insignificant or negative if we
account for endogeneity. We can only find prior findings of a positive impact of venture capital on
patenting in results for separate equations. Our results support the view that venture capital follows
patent signals to invest in companies with commercially viable products instead of actively
contributing to patent production. Other relevant predictors for patent applications and grants are
market size and product development time. Expected growth plays only a minor role. However,
industry competition seems to increase efforts to produce more patents. Our findings are in line with
Stuck and Weingarten (2005), venture capital investors themselves, who argue that even
technologically experienced venture capitalists act like businesspeople, avoiding risks and focusing on

entrepreneurs that have value propositions that can be realised within the fund’s lifetime.

The remainder of this paper is organised as follows. Section 2 reviews prior literature from a
methodological point of view and yields insights into variables that might drive patenting and venture
capital investments. We present our dataset and methodology in section 3 and discuss our results in

section 4. Section 5 summarises and concludes.

2. Related literature

The literature related to our research question falls into two categories corresponding to our patenting
and venture capital equations. In this section, we briefly review this literature on the determinants of
venture capital investments and on the decision to use patents to protect the firm’s intellectual
property. Most authors study either the impact of VC on patenting behaviour or the signalling effect
of patents for VC investments. A few take endogeneity into account, but with other outcome variables
in mind, such as sales growth, or with an industry or country focus. In the following overview of the
literature, we put an emphasis on relevant independent variables and modelling decisions like

estimation of count data and endogenous binomial choice situations.

Patent productivity

Among the first studies to empirically study the relation between R&D and patenting behaviour are
Scherer’s (1965a, 1965b) contributions. He regresses the number of patents granted to Fortune 500
firms in 1959 on 1955 firm data and finds an elasticity of patent grants to the number of R&D



employees scaled by sales with an indication of diminishing returns to R&D input intensity. While he
explicitly considers the time lag between the inception of an invention and the patent approval by the
US Patent Office, not all studies that followed have done so. Pakes and Griliches (1980) include
current and lagged R&D expenditure and find a strong cross-sectional contemporaneous effect of
R&D expenditures on patent applications, but a less strong one in a time-series context. Pakes (1981)

shows this contemporaneous effect for patent grants.

Scherer (1965b) discusses the recurring theme of how to treat zero patent counts in log-linear
specifications of R&D input (employees) and output (patents) and finds large differences in
estimation results. Zeros usually appear in firm-level studies, whereas studies modelling production
functions on a country or industry basis (for example, Kortum and Lerner, 2000) rarely encounter zero
cell counts. Some authors choose to drop offending zeros from their sample, while others assume that

observing zero patents really means one patent, or a fraction (Zhang, 2009).

Hausman, Hall and Griliches (1984) suggest using Poisson and negative binomial models and find a
strong influence of contemporaneous R&D expenditures and patent applications. Negative binomial
models that allow for random or “fixed” firm effects perform best. Comparing different specifications,
they find that most of the variation in their panel data is found in the between firms (cross-sectional)
dimension but there is also additional variability in the time dimension. Unobserved heterogeneity
between firms is particularly important in our model setup, since it might be correlated with both

patenting and VC investments.

Bound, Cummins, Griliches, Hall and Jaffe (1984) estimate a more traditional OLS model, in which
the logarithm of R&D explains the number of patent grants in logs. They set the log of patents to zero
whenever patents are zero and allow for a different intercept for these firms. Their results indicate a
highly significant impact of R&D, while firm size measured by gross plant value is also positive and
significant. Similar to Hausman, Hall and Griliches (1984), they try Poisson and negative binomial
specifications but find large variation in estimated parameters, which they attribute to the large
number of zero patents (half their sample). Sample separation into high R&D (>USD2m) and low
R&D firms leads to more coherent estimates across specifications, but much smaller positive

coefficients for R&D in small firms.

Scherer (1983) plots the relative frequency of patenting in groups of firm’s lines of business that are
selected on the basis of R&D expenditures. His graph shows the typical sigmoid-type relation
between R&D and the propensity to patent. We follow this line of thinking by modelling this most
basic decision to patent. In his linear regressions of patent grants he finds that patenting rises roughly
proportionately with R&D effort within individual industries. Company diversification appears to

increase patenting activities, whereas industry concentration is associated with fewer patents. Brouwer



and Kleinknecht (1999) estimate probit models for having at least one patent application and Poisson
models for the number of applications. They find that firm size given by the (log) number of
employees is the most significant predictor of applications, followed by R&D expenditures as a
percentage of sales. R&D collaborations, sales of innovative products and firms operating in high-tech

sectors are all associated with a higher propensity to patent.

While much research has focused on the patenting behaviour of firms, fewer studies have
incorporated venture capital as an explanatory variable. The importance of venture capital and
business angels in situations of asymmetric information between firm insiders and investors has long
been recognised (Sahlman, 1990; Gompers, 1995; Hellman, 1998, Gompers and Lerner, 1999, 2001;
Kaplan and Stromberg, 2003, 2004). These equity investors seem to be able to increase firm value
beyond the provision of financial resources (see also Bergemann and Hege, 1998; Riyanto and
Schwienbacher, 2006; Schwienbacher, 2008). The literature broadly agrees that for small innovative
firms venture capitalists are much more skilled than large banks at screening firms and providing
value-added to their portfolio companies (Gorman and Sahlman, 1989; MacMillan, Kulow and

Khoylian, 1989; Bygrave and Timmons, 1992; Keuschnigg and Nielsen, 2004; Ueda, 2004).

One of the most prominent studies on the relation between VC financing and patenting is Kortum and
Lerner’s (2000) empirical account of venture capital and its contribution to the patent production
function. With the benefit of aggregation by industry and thus avoiding zero patent counts, they find a
positive and significant effect of VC financing on patent grants. However, both patenting and venture
funding could be related to unobserved technological opportunities, thereby causing an upward bias in
the coefficient on venture capital. In regressions that exploit a policy shift in venture fund legislation
to construct an instrumental variable, they again find a positive impact on patenting. Ueda and
Hirukawa (2008) show that Kortum and Lerner’s findings become even more significant during the
venture capital boom in the late 1990’s. They further estimate models of total factor productivity
(TFP) growth, but do not find that VC investment affects total factor productivity growth. Popov and
Roosenboom (2009) find similar, albeit weaker results for European countries and industries. Finally,
Hirukawa and Ueda (2008) estimate autoregressive models for TFP growth and patent counts by
industry. Although TFP growth appears to be positively related to future VC investment, they find
little evidence that VC investments precede an increase in patenting. To the contrary, lagged VC

investments are often negatively related with both TFP growth and patent counts.

Firm-level studies on venture capital and patenting have appeared only recently. Lerner, Sgrensen and
Stromberg (2008) estimate various models, including Poisson and negative binomial models, for
patents granted and patent citations in firms that experienced leveraged buyouts (LBOs). They find an
increased number of citations for patents applications after the LBO and no decrease in patent

originality and generality after the investments. Patent counts do not seem to change in a uniform



direction. Engel and Keilbach (2007) use propensity score matching and balanced score matching to
compare German venture-funded firms to non-VC ones with respect to innovation output and growth.
VC-funded firms apply for ten times as many patents as matched non-VC firms. However, this
difference is only weakly significant. Caselli, Gatti and Perrini (2009) use a similar matching
procedure to assess the difference in patenting and related growth variables in venture-backed IPOs of
Italian firms. They find a higher average number of patents in venture-backed firms than in their
matched counterparts. They argue, however, that VCs select firms based on patents rather than
promote continued innovation after the investment. Zhang (2009) estimates a log-linear tobit model of
patents before and after an IPO with endogenous VC investment. Venture capital appears to be
positively related to patents in the pre-IPO period, but not thereafter. Significant variables are the
percentage of shares owned by the VC, R&D expenditures and dummy variables for bank-affiliated,
corporate, independent or foreign venture capital funds. The assumption of firms always having at
least one patent when taking logs may bias these results. Bertoni, Croce and D’ Adda (2010) estimate
random effects logit models for the likelihood of observing one or more patents and random effects
negative binomial models for the number of patents, depending on lagged patent stock and lagged VC
backing, in a panel of Italian technology firms. Patent applications depend on VC backing, size
(employees), the founders’ technical work experience, founders’ university education and cash flow.
In summary, research using firm-level information is mixed but indicates that the positive findings of
prior studies could be driven by venture firms’ selecting investee companies based on patents instead

of fostering innovation after the investment.

Venture capital investment

The second equation of our model determines whether venture capitalists decide to invest in a firm or,
when seen from the investee’s perspective, the firm is able to attract venture capital to fund its growth.
The literature on venture capital finance emerged during the venture capital revolution in the 1990’s
(Gompers and Lerner, 2001). As in the literature on patenting, early papers started to look at the
determinants of VC finance without regard to patents. For example, although Hellmann and Puri
(2000) do not study the impact of patents directly, they find that innovator firms are more likely to

attract venture capital than imitator firms and obtain venture capital much earlier in their life.

Baum and Silverman (2004) are the first to estimate models for VC financing and patent applications
and grants on the same dataset. Their VC model suggests that the amount of VC finance obtained
depends on lagged patents granted and applied for, R&D expenditures, R&D employees, government
research assistance, the amount of sector-specific venture capital, horizontal and vertical alliances,
and being a university spin-off. Age is negatively related to venture capital, as are net cash flow,

diversification and industry concentration. Mann and Sager (2007) confirm the positive impact of



patenting on VC-related performance variables, including the number of financing rounds, total
investment and exit status. A start-up firm’s prior patenting attracts larger amounts of VC funds in

Cao and Hsu’s (2011) study of venture-backed firms.

In Baum and Silverman’s (2004) negative binomial models for patent applications, the most
significant predictors are lagged applications, having a corporate parent, being a university spin-off,
government assistance and, with negative coefficients, age, cash flow, diversification and industry
concentration. The latter finding is in line with Scherer (1983) who finds a negative relation between
concentration and patenting in some specifications, whereas he finds a positive coefficient for
diversification. Patent grants and applications strongly predict future patent grants, in addition to

sector-specific VC financings and, negatively, industry concentration.

Two other studies that relate patents to outcome variables associated with venture funding are those
by Hiussler, Harhoff and Miiller (2009) and Hsu and Ziedonis (2008). Haussler et al. use a
proportional hazards model to estimate the time to VC financing and find a positive effect of patent
applications on the hazard rate. They test various measures of patent quality, of which both the
average number of citations and the share of opposed patents reduce the time until the first VC
investment occurs. Results of Hsu and Ziedonis’ (2008) study of VC-financed semiconductor start-
ups suggest that patent applications increase both the likelihood of obtaining initial capital from a

prominent VC and of going public.

Closely related to our model are studies that employ binary models for the likelihood of obtaining
venture capital. As part of their matching procedure, Engel and Keilbach (2007) estimate a probit
model for VC involvement that predicts a positive association with patents as well as the founder’s
education. Colombo and Grilli (2010) show results for similar probit models, in which founders’
managerial education and the firm’s objective to exploit a technological opportunity help predict the
likelihood of VC investments. Patenting, however, does not appear among their predictors. Peneder
(2010) aims to assess the impact of venture capital on firm growth by matching VC- and non-VC
funded firms. While estimating propensity scores for his matching procedure in a probit model, he
finds a positive impact of patents, employment and a firm’s credit rating on the likelihood of VC
financing, and a negative effect of age, cash flow and return on capital employed. Finally, Audretsch,
Bonte and Mahagaonkar (2009) have results for separate probit models for venture capital and
business angel investments. In both cases, patents predict VC financing if the company is at the
prototyping stage in its life cycle. Furthermore, firms obtain capital from venture funds or business

angels if they were founded by a team rather than a single person.



3. Data and methodology

This paper builds on a unique comparative survey of UK and US businesses jointly carried out by the
Centre for Business Research of the University of Cambridge and the Industrial Performance Center
of MIT in 2004-2005." The basis for the sampling was the Dun & Bradsheet (D&B) database, which
contains company-specific information drawn from various sources, including Company House,
Thomson Financial and press and trade journals. The sample covered manufacturing and business
service sectors and was collected through a telephone survey between March and November 2004
(response rate: 18.7% for the US and 17.5% for the UK), which was followed by a postal survey of
large firms in Spring 2005 leading to a total sample of 1,540 US firms and 2,129 UK firms. We use
only those firms in our analyses that sought finance during the two years prior to being interviewed.
This leaves us with a total sample of 940 firms, 513 in the US and 427 in the UK. A separate set of
analyses contains firms that were successful in obtaining any kind of finance, including venture
capital. There are 814 firms in this sample, 452 in the US and 362 in the UK. The survey lists venture
capital funds and business angels as a source of external finance. We incorporate this information as
an endogenous binary variable in our models. Firms answered the survey questions almost
completely. Minor gaps in the data, however, would have prevented us from using about 10 percent of
the survey responses. To avoid having to drop observations due to missing values, we impute missing
values by random regression imputation (Gelman and Hill, 2006). The number of imputations is
generally very low and always below 2 percent per variable. If values are missing in our dependent

variables, we drop these observations.

Patent data are taken from the European Patent Office’s (EPO) Worldwide Patent Statistical Database
(PatStat). It contains information on 68.5 million applications by 17.3 million assignees and inventors
from 1790 to 2010, although the European Patent Office states that both numbers are likely to be
substantially smaller due to a large number of duplicate entries or entries for referential consistency of
publications in the database. One restriction concerns the most recent patent data: Most countries have
a 18-month period between the application of a patent and the first publication, which induces
selection problems if one uses data within this period. We observe patenting behaviour only until
2008 and therefore do not suffer from this limitation. Since there are no firm identifiers available in

PatStat, we have to rely on company names to match patent information to the survey data.

[Insert table 1 about here]

Table 1 shows descriptive statistics for patenting activities and independent variables. In our sample,
147 firms applied for patents during the three-year survey period (¢), while 135 firms filed patent
applications in the three-year period before that (z-7) and 170 thereafter (r+/). Patent grants can be

" Cosh et al. (2006) contains a full description of the survey design, sampling and instrument.



identified in 116, 91 and 144 firms, respectively, within, before and after the survey period. 94 firms
received venture capital or business angel financing. A simple cross-tabulation of an indicator for VC
financing and an indicator for patenting activity at r shows that 44.8 percent of VC-financed firms

were applying for patents whereas only 12.3 percent of those without VC involvement did so.

We select explanatory variables based on the literature on venture capital and patenting. Prior studies
often used a very limited number of explanatory variables, sometimes limited to R&D expenditures
only. We extend the scope of economically plausible predictors for the propensity to patent. R&D
intensity is a variable of first choice. Since prior research used various measures, including the log of
R&D expenditures, R&D expenditures scaled by size variables, or the number of R&D employees, we
choose a combination of these, which best suits our estimation equations: We first proxy for size by
the logarithm of employment and control for R&D intensity by the percentage of R&D staff and a
dummy indicating the presence of R&D expenditures. This structure avoids including multiple size-
dependent measures, since variables enter our Poisson specification multiplicatively. We try to
account for the arrival of technological opportunities by including an estimate of the firm’s growth
opportunities, as reported by the company. Other variables are more straightforward controls for age,
country, whether a firm was founded as a university spin-off and whether a firm belongs to the
manufacturing sector, defined as ISIC Rev. 3.1 codes 15-37. Similar to Scherer (1983), we use the
amount of international sales to measure market size and control for industry concentration by the
number of competitors. We measure CEO education by a dummy variable indicating whether the
CEO has a university degree. Product development time enters our equations, since it might play a
role in attracting VC financing (Hellman and Puri, 2000). Finally, we include lagged patent
applications and grants as proxies for the part of a firm’s knowledge stock that is used to produce new
patents. Baum and Silverman (2004) also argue that lagged dependent variables help account for

unobserved heterogeneity (Jacobson, 1990).

Estimation

Previous research shows that the vast majority of firms do not patent, which causes many
observations of zero patents in a large proportion of firms. This in turn leads to model instability and
error distributions that do not meet the model’s assumptions if these excess zeroes are not properly

addressed (Bound, Cummins, Griliches, Hall and Jaffe, 1984; Hausman, Hall and Griliches, 1984).

We suspect that there might be a two-step process for patenting, in which firms first decide whether to
patent at all and then produce patents according to a Poisson or similar distribution. At the same time,
we have to deal with endogenous VC investments, which complicates models that are no longer
analytically tractable. We model patenting activity as a binary variable that depends on firm and

industry characteristics as well as an endogenous binary variable that indicates whether or not a firm



received venture capital financing. This endogenous switching process is more general than
comparing firms by propensity score matching (Engel and Keilbach, 2007). If firms self-select into
the patenting regime, a third equation models the number of patent applications or grants produced
according to an overdispersed Poisson distribution. The patenting equations in this recursive trivariate

system of equations are
PatN; 41 = Poisson(X;:8y + 81 Paty + 8zln (Py) + 6NV Ci + wyy),

where PatNj, is the number of patent applications or patents granted, and

Pat;ppq = I(Xyyo + v1Paty + yoIn (Py) + 6VCiy + € > 0),

where Pat;; is a dummy variable indicating whether firm i applied for one or more patents or,
depending on context, received at least one patent grant in period t, and I(-) is the indicator function
which equals one if the condition in parentheses holds and zero otherwise. Endogenous venture
capital investment is captured by an indicator variable (V' C;;), and X;; represents exogenous variables.

The simultaneously determined venture capital investment is

VCit = 1(ZitPo + B1Pati + foIn (Py) + vie > 0),

where Z;; is a vector of exogenous explanatory variables which can contain some or all of the
elements in X;;. Endogeneity of venture capital financing is accounted for by allowing arbitrary
correlation between the error terms. Since the error terms’ variance is not identified in binary models,
the error terms &;; and v;; are normalised to have a variance of one. We allow for arbitrary
contemporaneous correlation between €;;, v;; and w;;, which are assumed to follow a trivariate
normal distribution. Heterogeneity in expected means of patent counts is thus correlated with the
decision to patent and VC financing. It also introduces a way to account for overdispersion in Poisson
models (Miranda and Rabe-Hesketh, 2006). Identification in semiparametric models of binary choice
variables often relies on exclusion restrictions (Heckman, 1990; Taber, 2000), but in our parametric
case the functional form is sufficient for identification. Imposing additional restrictions on our model
can in fact cause spurious results, since variables included in the VC equation but excluded from the
patenting equation would affect the outcome equation through VCj; if these variables are not truly
independent from patenting. We therefore choose the exogenous variables in both equations to be
identical (X;; = Z;;). We report results for our models in three steps: Single-equation probit models
serve as (most likely biased) benchmarks against which to compare simultaneous models. We first

estimate a bivariate recursive probit model for VC financing and patenting using the Stata command
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biprobit. Estimation of our trivariate simultaneous model is done by maximum simulated likelihood

(Train, 2009).

Our data are constrained to a cross-section by survey design. However, we are able to match patent
data from PatStat for the periods before and after the survey period. We use the subscript ¢t mainly to
conceptually distinguish between these periods. As the original data were obtained mainly by
interviews over a period of almost a year, there is some variation in the time period the firms are
referring to when answering questions regarding their patenting and other economic activities “over
the last three years”. Therefore, an observation designated by subscript t for one firm does not

necessarily lie at exactly the same point in time as that for another firm.

4. Empirical results

The effect of endogenising venture capital investments can best be seen from performing three sets of
estimations. Table 2 shows results from separate regressions for the likelihood of obtaining VC
finance and the likelihood to patent. Table 3 shows models with identical regressors but allowing for
contemporaneous error correlation between the venture capital equation and the patenting equations.
Finally, table 5 includes an additional equation for the number of patents conditional on the existence

of patenting activities in a firm.

[Insert table 2 about here]
Separate equations — Patenting

If patenting activity is estimated in univariate probit regressions, venture capital appears to increase
the likelihood of both patent applications and grants apart from future applications, where we find a
positive but insignificant effect. This is in line with prior research which often finds a
contemporaneous effect of venture capital on patenting (Zhang, 2009; Bertoni, Croce and D’ Adda
2010, Kortum and Lerner, 2000). This result is also expected if VC funds select portfolio companies
based on the number of patents. Coefficients between models do not vary much, which indicates that

venture funding has a similar effect on applications and grants.

We find a strong persistence in patenting, both in patents and grants. If firms patent in one period,
they tend to do so in the next, with coefficients being stable across models. An indicator for prior-
period patenting is significant in all specifications, while applying for or receiving a large number of

patents in one period increases the likelihood of observing at least one patent in the next. These

* Stability of estimation results was achieved with 100 random draws from a truncated trivariate standard normal
error distribution. Further estimation details including likelihood function and MSL methodology are available
from the authors upon request.
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effects can be interpreted in two ways: On one hand, prior patenting can proxy for unobserved
heterogeneity between firms in their ability to produce innovations. Other variables in our models
might not capture all aspects of firms’ internal processes and external market characteristics that lead
to patenting behaviour. On the other hand, knowledge in the form of existing patents often is an input
factor for new patents. Existing patents can signal the size of this otherwise difficult to measure
knowledge stock. Since this stock of productive capacity depreciates over time, it is reasonable to
assume that recent additions to the patent stock explain present and future patenting best, which is

what we find in our results.

The percentage of R&D staff and the existence of R&D expenditures are two other ways of measuring
knowledge-producing capacity in firms. Consistent with prior studies, we find evidence for
productivity effects of both R&D measures, which is very strong for the impact of R&D staff on
concurrent patent applications and grants as found by Hausman, Hall and Griliches (1984). R&D staff
helps predict the current productivity but not future patent output. There is a positive but insignificant
effect on future patent grants, which might indicate that R&D staff exerts a positive impact on the
quality of patent applications, which translates into a larger number of grants for firms with dedicated

R&D staff. However, future applications cannot be predicted by current R&D staff.

A company’s age does not seem to change the likelihood of patenting, although we observe a slightly
significant effect on future applications. This negative finding is consistent with the literature
(however, Baum and Silverman (2004) find a negative effect of age on patent applications and a
positive one on grants). If patenting was to depend on firm age, we would expect a start-up effect
early in the life of firms that are founded to exploit some technological opportunity. We tried a
dummy variable indicating whether a firm was only founded during the sample period but found no
influence on patenting activity. Employment yields different results for current and future patenting.
As in Bound, Cummins, Griliches, Hall and Jaffe’s (1984) study, we find a positive effect on future
applications, but none for grants or current patenting. We suspect that size is not a driving factor for
patenting, but rather other firms and market characteristics. Other observed variables do not seem to
explain variation in patenting that size would explain if these variables were excluded. Collinearity in
our models is generally low (variance inflation factors well below 5) and dropping significant

variables from the models does not significantly change the effect of size.

There appears to be no effect of industry either. Manufacturing is sometimes found to show a higher

tendency to patent than the service sector. However, many technology firms operate under SIC codes
assigned to service industries, which could blur the boundaries between patenting and non-patenting

industries. A more fine-grained decomposition of industries into additional—possibly high-tech—

sectors might help discover effects for some of these. Unfortunately, our sample size does not admit
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adding individual two-digit SIC codes and composing industry dummies based on the likelihood of

patenting would defeat the purpose of estimating this likelihood.

There is an increased likelihood of receiving patent grants in US firms, which we do not find for
applications or concurrent patenting activity. Also somewhat puzzlingly, the CEO’s higher education
seems to increase the likelihood of being granted one or more patents (see Bertoni, Croce and
D’Adda, 2010 for a similar result), but neither concurrent applications nor future applications or

grants.

University spin-offs can be seen as a vehicle to exploit the commercial potential of inventions made
within universities or public-private collaborations. We would therefore expect a positive impact on
granted patents, if not on patent applications. Unlike in results presented by Baum and Silverman
(2004), in none of our models the spin-off indicator produces a significant impact. This could be due
to the small number of university spin-offs in our sample (=20). Another explanation can be found in
the time pattern of patenting in spin-offs. If a spin-off company is formed to exploit a patent after it
has been granted, the relation between spin-off and patents would be stronger for past patents than for
future ones. Indeed, we find a correlation between past patent grants and university spin-offs in a

separate analysis, but not for future patent applications or grants.

Patenting activity is strongly associated with product market characteristics. Firms that operate
nationally or internationally are more likely to engage in patent production than local or regional
firms. There is little difference between models for concurrent and future applications and grants.
Products that need a long development time are more often protected by patents than those with a
short time to market. Again, this is reasonable from a firm’s perspective to protect its intellectual
property. Protection from imitation should be most prominent in industries with many competitors.
However, firms in concentrated markets could also try to deter potential competitors from entering
their market by erecting fences of accumulated patents (Scherer, 1983). While Scherer (1983) finds
evidence for a link between industry concentration and the number of patents only in models that do
not control for sectors, Baum and Silverman (2004) find fewer patents in concentrated industries.
Effect of competition in our models, however, is negative but insignificant. We test the hypothesis
that competition is more relevant if the firm operates internationally, but do not find significance for

such an interaction.

Expected firm growth as estimated by the firm does not appear to affect the likelihood to patent. This
result can be interpreted as firms using patents not to prepare for future growth, but to defend
themselves against competitors or potential market entrants. In the latter case, we would not expect to

see a relation between patenting and growth opportunities.
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Prior studies found conflicting evidence on the impact of profitability on patenting. Bertoni, Croce
and d’Adda (2010) show a positive relation between net cash flow and patents, whereas Baum and
Silverman (2004) report a negative one. We also tried a proxy for profitability constructed from pre-
tax profits scaled by assets, but did not find significant results. Consequently, we decided to drop this

variable from our models due to the large amount of missing values in survey responses on profits.

Separate equations — Venture capital investment

A firm’s knowledge stock is similarly predictive for venture capital investment as it is for patenting
activity as shown in the right part of table 2. R&D expenditures and R&D staff strongly predict VC
investments, as does the CEO’s education. Patenting attracts VC investments, although it seems to be
the fact that a company applies for patents, and not the number of applications or grants, that predicts
VC investments. Patent grants do not predict venture capital investments, although they are often said
to convey a stronger signal about firm quality than applications, which are often rejected by patent

offices.

Venture capital involvement can be found in young firms, in line with prior research, but being a
university spin-off again does not lead to a greater likelihood of being a target for investments.
Although comparable to other predictors in its effect size, we find a slightly significant spin-off

indicator in only one specification.

Interestingly, venture capital funds appear to invest in large firms more often than in smaller ones.
This finding can be explained in light of our sample of small and medium-sized companies. Since our
sample contains firms with 10 to 1000 employees, we can expect that most tiny firms never need or
obtain funding by VCs, whereas the proportion of VC-financed businesses is likely to be larger for
medium-sized firms. There is no contradiction to the finding that VC funds primarily invest in young
and small firms. Conditional on being a portfolio company, it is likely that a firm is young and small.
From an unconditional perspective of a firm that may or may not attract venture capital, this does not

need to be the case.

Venture funds predominantly target firms operating in industries with non-manufacturing SIC codes.
Firms in international market with few competitors seem to be attractive investments, although
coefficients for industry competitiveness do not become significant. Expected growth does not seem
to play a role in VC investments, which is surprising, since venture capital is often seen as capital that
helps young companies exploit their product’s market potential. Firms with a long product
development time are neither more nor less likely to obtain venture capital. Although collinearity is

no large problem in these models, there is some correlation between product development time and
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R&D efforts, which causes development time to become a significant predictor of VC investments if

R&D variables are dropped from the regression.

Simultaneous equations — Patenting and VC

Instead of predicting patenting behaviour and venture capital investments separately, we now turn to a
set of equations that predicts both variables simultaneously. Allowing for potential endogeneity of VC
investments in the patenting equations, we find largely unchanged results in the VC equation.
Differences for patenting activities are particularly striking for coefficients on endogenous venture

capital investments.

[Insert table 3 about here]

Venture capital does not seem to increase patenting activity and even decreases the likelihood of filing
patent applications after the investment. Studies on an industry level have found a positive association
(Kortum and Lerner, 2000; Ueda and Hirukawa, 2008 for TFP growth), while results for sample of
individual firms are mixed. Future patent grants are not negatively affected by venture capital, but
may decrease several years later when patent authorities decide about applications. Estimation
uncertainty might explain the diminished influence of venture capital, since there is one more
parameter (the error correlation) to estimate in the simultaneous model compared to the separate
models. Moreover, estimated correlations are low and insignificant in both models for concurrent
patenting. In our models for future applications and grants, however, correlations are positive and
substantial, albeit significant only for applications. The impact of this correlation can be seen in the
coefficients for venture capital, which change considerably when estimated simultaneously, but less
so for concurrent patenting. The negative sign of this change in models for concurrent applications
and grants is as would be expected if the error correlation was positive. In such a case, coefficients for
VC would exhibit an upward bias, which would be reduced if we account for endogeneity of VC
investments. Although this effect is not picked up by the Wald test for p, we suspect that a positive

error correlation between the two equations drives our results.

Introducing cross-equation correlation harmonises coefficients for some variables between models.
Age is now insignificant in all models for patenting, while the importance of R&D increases. The
positive effect on patent grants for US firms becomes weaker in a simultaneous model but is still
weakly significant. Firm size, however, increases its effect size, but only on future patent applications.
We do not have an explanation for this result, but we can rule out collinearity as a cause of spurious

effects. The effect of employment on future patenting also exists in simple bivariate correlations
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between employment and patenting variables, whose sizes roughly mirror the coefficients in our

multivariate models.

[Insert table 4 about here]

Since we perform our regressions on a sample of firms that sought external finance and not only those
that obtained it, we perform a set of robustness on this subsample. Whether or not a firm obtains
finance can have a profound impact on its ability to start or sustain patenting activities. Results shown
in table 4 confirm our findings in table 3. Three small changes appear, however, in the patenting
equations. First, firms founded as university spin-offs experience a higher likelihood of applying for
patents than in our earlier results. Due to the small group of spin-offs in our sample, this result has to
be taken with a grain of salt, but indicates the plausible mechanism that spin-offs that are able to
attract sufficient funding can afford to realise their development plans. Second, effect size of
development time decreases slightly, but loses its significance. Third, coefficients on product market
competition all increase in magnitude, and the one predicting future applications is slightly significant

now.

Simultaneous equations — Patent counts, patenting and VC

Estimating the system of equations simultaneously allows us to add an equation for the number of
patents, which would otherwise be econometrically unstable due to the large number of zero patents.
Results of our basic equations — for the likelihood to patent and for VC investment — in the trivariate
system shown in table 5 are qualitatively unchanged compared to the bivariate case. Venture capital
investment decreases the probability of future patenting activities even more compared to the bivariate
case in table 3, but loses some of its significance (f = -1.547, std. err. = 0.958, P = 0.106). If we use
past applications instead of current ones to predict future patenting activity, we find a negative

coefficient which is slightly significant.

If we look at the number of patents applied for or being granted given that a firm patents at all, our
results support the view that venture capital follows patent signals to invest in companies with
commercially viable products instead of initiating patenting programmes. While the number of patent
applications does not react to venture capital investments, we find a positive impact on the number of
patents granted one period ahead. In our alternative model using past application to predict future
ones, we find a detrimental effect of VC on the decision to patent, but a positive one on the number of
patents filed once firms decide to patent. In summary, the evidence suggests that venture capital
portfolio firms tend to stop their patenting activities, whereas they increase their efforts to obtain

patent grants.
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[Insert table 5 about here]

Estimated model parameters provide strong support for simultaneously modelling VC investment,
patenting and the number of patents. In all models tested for patent applications, error correlations
between the first (VC) equation and the second and third are highly significant. External shocks
leading to VC investment correlate positively with the likelihood to patent, but negatively with the
number of patents applied for. For patent grants, a similar negative correlation exists between VC
investment and the number of grants, but not between VC investment and the probability of observing

any number of grants.

Control variables for future patent counts behave mostly as expected and give additional insights into
firms’ patenting decision. While manufacturing firms and service firms appeared — counterintuitively
— equally likely to patent, we can now see that being a manufacturing firm does indeed increase the
number of patents. The insignificant effect of size on observing future patent grants can be explained
by the number of patents granted to larger firms. Our two R&D variables associate themselves nicely
with the relevant equation: The existence of R&D programmes mainly predicts patenting in general,
while the proportion of R&D staff explains the number of applications and grants produced. In line
with results presented by Baum and Silverman (2004) we find a positive impact of competition on the
number of patents, but not on the decision to patent. Similarly, firms tend to protect their position in

the market by choosing to patent if their relevant market is large.

5. Conclusion

The mechanisms by which firms signal their quality to investors through patents and how venture
capital funds influence these firms’ patenting behaviour have been studied extensively in the
literature. Because firm’s patenting activity might not be independent from venture capitalists’
decisions to invest based on patent signals, these two decisions should be made at the same time
instead of separately. We take causality problems in firm’s patenting behaviour into account by
explicitly allowing for endogeneity of VC investments. Incorporating the investor’s decision to invest
into a simultaneous model helps distinguishing signalling from selection and coaching effects. As a
second contribution to the literature, we model patenting as a two-step process, in which firms first
decide whether to use patents as a protection mechanism and then determine the number of

application they file.

We find that venture capital does not increase the likelihood of patenting, contrary to studies on
aggregate patenting and venture capital investment (Kortum and Lerner, 2000). A positive effect can
only be found if potential endogeneity of VC financing is ignored. Instead, venture capital even

appears to exert a negative influence on future patent applications. Venture capital funds seem to
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primarily select portfolio companies based on the signalling function of patents and thereby help them
to commercialise their ideas. This signalling function of patents is most strongly associated with
patent applications rather than granted ones. The number of patents appears not to play a major role in
attracting venture capital, but it is the fact that a firm patents at all that makes them attractive targets

for investments.

Our results for determinants of patenting mostly confirm prior research. Firm size is positively related
to future patent applications and R&D efforts measured by the existence of R&D expenses and the
percentage of R&D staff are highly significant. Where Baum and Silverman (2004) finds mixed
evidence for an age effect on applications and grants, we decompose this effect into a non-significant
one on the likelihood to patent and a negative and significant one for the number of grants obtained.
No effect on the number of applications can be found in our sample. The founder’s education
increases the likelihood to patent only in one model. Results for university spin-offs are similarly
inconclusive. The proportion of scientific staff, however, explains the number of patent applications
and grants, while having an R&D programme determines whether a firm patents. Finally, the effect of
industry competition is positive for the intensity of patenting, confirming results by Baum and
Silverman (2004) and Scherer (1983). We test two new variables, product development time and

market size, which both positively predict patenting activity.

Results for the VC investment equation are very robust in all specifications. VC investment depends
on whether a firm applies for patents, but not on patenting volume. Interestingly, patent grants do not
predict venture capital investments, although theoretically they should convey a stronger signal about
firm quality than applications. Venture capital funds invest in companies operating in non-
manufacturing sectors in international markets, whose CEOs tend to have university degrees.
Unexpectedly, within-industry competition does not change the likelihood of VC investments, nor

does expected growth.

By modelling the VC’s decision to invest and the portfolio company’s patenting activity
simultaneously, we are able to answer the question of what comes first, patents or VC investment, in
favour of patenting. Furthermore, our model greatly reduces the possibilities in which selection by
VCs might drive a change in observed patenting behaviour, because estimating the correlation
between the error terms in both equations controls for unobserved simultaneous variance in VC
financing and patenting. If VC firms react to some unobserved company characteristic that can be
subsumed in the error term of the switching equation, this unobserved heterogeneity is taken into
account when estimating the outcome model for patenting activity. Error correlation between the VC
equations and our two patenting equations are both highly significant, which supports our estimation

strategy.
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We find evidence for a two-step decision process in patenting: In the first step, firms decide whether
or not to patent, and it is this decision which determines the likelihood of VC financing. Only after a
firm has established an R&D programme, an estimation of the number of patents yields sensible
results. Models aiming to explain a firm’s patent count should thus incorporate a mechanism that

determines whether a firm patents at all before estimating the number of patent applications or grants.
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Table 1. Descriptive statistics

Variable Mean Median Std. Dev. Min Max  Description

Patent applications in t+1 4.139 0 34.243 0 779 Number of patent applications by the firm in the period three years after the survey.

Patent grants in t+1 2.770 0 30.340 0 889 Number of patent grants to the firm in the period three years after the survey.

Patent applications in t 3.293 0 25.356 0 526 Number of patent applications by the firm in the period three years prior to the survey.

Patent grants in t 1.203 0 9.996 0 273 Number of patent grants to the firm in the period three years prior to the survey.

Patent applications in t-1 2.250 0 14.968 0 349 Number of patent applications by the firm in the time period between six years and three
years prior to the survey.

Patent grants in t-1 0.527 0 3.858 0 94 Number of patent grants to the firm in the time period between six years and three years
prior to the survey.

VC/BA investment 0.102 0 0.303 0 1 A venture capital fund or business angel invested in the firm over the three-year period
prior to the survey.

Age (Log) 2.936 2.996 0.858 0.693 5.720 The natural logarithm of the firm's age in years.

Size (Log(Employees)) 3.848 3.714 1.059 1.099 6.804 The natural logarithm of the number of employees in the most recent financial year.

US firm 0.546 1 0.498 0 1 The firm has its headquarters in the United States. Dummy variable.

Manufacturing sector 0.699 1 0.459 0 1 The firmis operating in the manufacturing sector. Dummy variable.

R&D expend. (yes/no) 0.732 1 0.443 0 1 The firm has R&D expenditures. Dummy variable.

R&D staff (in %) 0.074 0 0.176 0 1 Full-time R&D staff as a percentage of total staff.

CEO has a degree 0.635 1 0.482 0 1 The firm's Chief Executive or MD has a degree. Dummy variable.

University spin-off 0.021 0 0.144 0 1 The firmis a university spin-off. Dummy variable.

Market size 1.747 2 0911 0 3 Size of the firm's market. Coded as ordinal O=local, 1=regional, 2=national,
3=international, treated as cardinal.

Competitors (Log) 1.990 1.792 1.002 0 6.909 Number of companies that the firm regards as serious competitors plus one, in logs.

Product dev. time 0.971 1 1.048 0 4 Average time it takes to develop a new product from conception to the market. Coded as
ordinal O=less than 6 months to 4=more than 5 years, treated as cardinal.

Expected growth 3.117 3 1.007 0 4 Growth expected for national employment over the next 10 years. Coded as ordinal 0=a

lot smaller the 4=a lot larger, treated as cardinal.
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Table 2. Patenting and VC investments — Separate equations

This table presents probit models for patent applications, patent grants and for the likelihood of observing venture capital or business angel investments over a three-year period. For example,
patent applications in t-1 refer to the number of patent applications within a period six years and three years prior to the survey. If not stated otherwise, independent variables are measured at
time ¢. Significance levels: *** p<0.01; ** p<0.05; * p<0.1.

Patenting activity Venture capital or business angel investment
Applications Grants Applications Grants VC/BA VC/BA VC/BA VC/BA
in t+1 int+1 int int investment investment investment investment
VC/BA investment 0.219 0.627#** 0.459%* 0.437+*
Patent applications in t
(Log) 0.501%** -0.102
Patent applications >0 in t 0.991%%*x* 0.598***
Patent grants in t (Log) 0.579%** -0.155
Patent grants >0 in t 1.234%*% 0.363
Patent applications in
t-1 (Log) 0.500%** -0.090

Patent applications >0 in t-1 0.938#** 0.416%*
Patent grants in t-1 (Log) 0.767+** -0.085
Patent grants >0 in t-1 1.081%#%** -0.172
Age (Log) 0.154* 0.026 -0.070 -0.046 -0.334%#%* -0.348%%* -0.353%* -0.3447%%%
Size (Log(Employees)) 0.139%* 0.026 0.055 0.080 0.203*** 0.199%** 0.198%#* 0.204**
US firm 0.116 0.338%* 0.146 0.111 -0.328%** -0.318%%* -0.315%%* -0.307%%*
Manufacturing sector 0.040 0.180 0.243 0.147 -0.377+%* -0.34 7% -0.340%* -0.332%%*
R&D expend. (yes/no) 0.453%* 0.366* 0.466%* 0.635%* 0.455%* 0.484+* 0.475%* 0.518%**
R&D staff (in %) 0.076 0.574 1.535%** 1.422%%% 0.649%* 0.828** 0.796%** 0.908***
CEO has a degree 0.104 -0.242 0.098 0.522%%* 0.357** 0.364** 0.364** 0.398**
University spin-off 0.105 -0.272 0.541 0.233 0.465 0.493 0.458 0.556*
Market size 0.233%** 0.317#%* 0.211#* 0.348%##* 0.213** 0.220%* 0.208** 0.246%**
Expected growth 0.055 0.047 -0.023 0.037 0.021 0.010 0.002 0.004
Product dev. time 0.173%** 0.136%* 0.123* 0.214%%** 0.054 0.060 0.061 0.069
Competitors (Log) -0.068 -0.049 -0.068 -0.072 -0.051 -0.066 -0.053 -0.071
Intercept -3.626%** -3.048%** -2.739%** -4.026%** -2.027%** -1.93 7% -1.916%** -2.015%%%*
Observations 940 940 940 940 940 940 940 940
Log likelihood -258.638 -227.172 -222.204 -183.864 -236.211 -238.690 -238.266 -239.216
Chi-sq. test 237.990 210.240 241.160 215.210 106.520 110.050 104.670 103.400
P-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Pseudo R? 0.418 0.436 0.455 0.477 0.238 0.230 0.231 0.228




Table 3. Patenting and VC investments — Simultaneous equations
This table presents bivariate recursive probit models for patent applications, patent grants and for the likelihood of observing venture capital or business angel investments over a three-year
period. For example, patent applications in t-1 refer to the number of patent applications within a period six years and three years prior to the survey. If not stated otherwise, independent

variables are measured at time ¢. Significance levels: *** p<0.01; ** p<0.05; * p<0.1.

Applications
in t+1

VC/BA investment -0.808%**
Patent applications in t (Log) 0.431%**
Patent applications >0 in t 1.075%**
Patent grants in t (Log)
Patent grants >0 in t
Patent applications in t-1 (Log)
Patent applications >0 in t-1
Patent grants in t-1 (Log)
Patent grants >0 in t-1
Age (Log) 0.058
Size (Log(Employees)) 0.174%%%*
US firm 0.029
Manufacturing sector -0.069
R&D expend. (yes/no) 0.504%*
R&D staff (in %) 0.274
CEO has a degree 0.175
University spin-off 0.267
Market size 0.260%**
Expected growth 0.052
Product dev. time 0.169%**
Competitors (Log) -0.072
Intercept -3.342%%%
Observations 940
Log likelihood -493.322
Chi-sq. test 350.570
P-value 0.000
p(Vit, €it) 0.572
P-value for p(v;;, ;) (Wald test) 0.012
Pseudo R? 0.327

Patenting activity

Grants
in t+1

0.007

0.544%**
1.256%%*

-0.024
0.049
0.292*
0.117
0.400%*
0.720*

-0.196

-0.148
0.334%**
0.045
0.139%*

-0.055

-2.927H%%

940
-465.464
310.240
0.000
0.337
0.187
0.347

Applications
int
0.327

0.496%**
0.9497%#*

-0.080
0.060
0.139
0.231
0.473%**
1.563%**
0.106
0.561
0.215%*

-0.023
0.124*

-0.069

-2, 722

940
-460.450
333.710
0.000
0.072
0.788
0.358

Grants
int
0.215

0.764%**
1.068%**
-0.065
0.090
0.097
0.126
0.650%*
1.482%%**
0.538#**
0.276
0.3597%#*
0.037
0.216%**
-0.074
-4.007%%%*
940
-423.040
330.640
0.000
0.124
0.724
0.360

Venture capital or business angel investment

VC/BA investment enters the main equations as an
independent variable in columns 1-4, respectively.

-0.103
0,644

-0.33 8%k
0.197%%**
-0.345%*
-0.377%**
0.459%*
0.651%*
0.379%*
0.449
0.208**
0.045
0.049
-0.054
-2.069%**

-0.159
0.402*

-0.348%#%%*
0.205%**
-0.317%%*
-0.364%#%%*
0.484%*
0.793%**
0.367+*
0.471
0.223%*
0.010
0.061
-0.062
-1.969%**

-0.090
0.422%*

-0.350%**
0.199%:#*
-0.315%*
-0.3447%%*
0.474%*
0.794+*
0.366%*
0.455
0.208**
0.004
0.061
-0.053
-1.933%%%

-0.086
-0.165
-0.343%%%
0.205%**
-0.311%%*
-0.333%%
0.513%**
0.918%***
0.396%*
0.557*
0.243%**
0.006
0.070
-0.070
-2.018%%*
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Table 4. Robustness tests — Firms obtaining finance only
This table presents bivariate recursive probit models for patent applications, patent grants and for the likelihood of observing venture capital or business angel investments over a three-year
period. The sample we use in these regressions contains firms that obtained any type of external financing in the same period. If not stated otherwise, independent variables are measured at time

t. Significance levels: *** p<0.01; ** p<0.05; * p<0.1.

Applications
in t+1

VC/BA investment -0.855%%*
Patent applications in t (Log) 0.423%%**
Patent applications >0 in t 1.115%**
Patent grants in t (Log)
Patent grants >0 in t
Patent applications in t-1 (Log)
Patent applications >0 in t-1
Patent grants in t-1 (Log)
Patent grants >0 in t-1
Age (Log) 0.081
Size (Log(Employees)) 0.185%%*%*
US firm 0.081
Manufacturing sector -0.208
R&D expend. (yes/no) 0.406%*
R&D staff (in %) 0.211
CEO has a degree 0.112
University spin-off 0.211
Market size 0.336%**
Expected growth 0.092
Product dev. time 0.162%**
Competitors (Log) -0.109*
Intercept -3.420%%%*
Observations 814
Log likelihood -437.519
Chi-sq. test 343.260
P-value 0.000
P(Vir €ir) 0.615
P-value for p(v;;, ;) (Wald test)  0.021
Pseudo R? 0.369

Patenting activity

Grants
in t+1

-0.048

0.563%***
1.275%%*

-0.006
0.044
0.308*
0.213
0.547+*
0.857*

-0.132
0.160
0.372%**
0.125
0.107

-0.104

-3.432%%%

814
-402.332
266.140
0.000
0.367
0.101
0.381

Applications
int
0.196

0.570%**
0.696%**

-0.079
0.026
0.164
0.219
0.698%#**
1.879%**
0.122
1.104%*
0.213**

-0.035
0.153%*

-0.080

-2.7752%%%

814
-402.515
306.520
0.000
0.123
0.730
0.388

Grants
int
0.484

0.736%**
1.194%%*
-0.036
0.089
0.178
0.095
0.503*
1.526%**
0.428*
0.615
0.371%##*
-0.017
0.183%*
-0.113
-3.788%%k
814
-364.169
327.260
0.000
0.024
0.946
0.392

Venture capital or business angel investment

VC/BA investment enters the main equations as an
independent variable in columns 1-4, respectively.

-0.102
0.63 1+**

-0.336%**
0.153%**
-0.369%*
-0.419%%%*
0.411%*
0.710*
0.413**
0.383
0.250%*
0.057
0.080
-0.069
-1.862%%%*

-0.133
0.409

-0.34 7%
0.155%*
-0.332%%*
-0.405%**
0.450%*
0.807%*
0.402%*
0.437
0.261#**
0.016
0.090
-0.075
-1.733%%%

-0.124
0.558%*

-0.353%%*
0.154%*
-0.330%*
-0.380%**
0.428%*
0.834%*
0.386%*
0.394
0.242%#*
0.010
0.097
-0.058
-1.706%**

-0.019
-0.211
-0.349%%%*
0.157**
-0.327%%*
-0.388%**
0.488%*
0.945%**
0.418%*
0.541
0.282%**
0.004
0.098
-0.084
-1.732%%%
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Table 5. Patent counts, Patenting and VC investments — Simultaneous equations
This table presents results for a trivariate system of equations including a Poisson model for the number of patents and a bivariate

recursive probit model for the decision to patent and the likelihood of observing venture capital or business angel investments over
a three-year period. Patent applications in t-1, for example, refer to the number of patent applications within a period six years and
three years prior to the survey. If not stated otherwise, independent variables are measured at time ¢.
Significance levels: *** p<0.01; ** p<0.05; * p<0.1.

Applications Grants Applications Grants Applications Grants
int+1 int+1 int int in t+1 int+1

Patent count
VC/BA investment (8N) 0.235 0.596%** 1.052%** 1.154%%%* 0.551%** 0.904%**
Patent applications in t (Log) 0.758%**
Patent applications >0 in t -0.495%%*
Patent grants in t (Log) 0.576%**
Patent grants >0 int 0.153
Patent applications in t-1 (Log) 0.437%%* 0.596%%**
Patent applications >0 in t-1 -0.833%#* -0.369%*
Patent grants in t-1 (Log) 0.771%%* 0.565%*%*
Patent grants >0 in t-1 0.022 0.015
Age (Log) -0.094 -0.372%%% 0.061 0.113 -0.27 7% -0.147
Size (Log(Employees)) -0.044 0.180%** 0.159%* 0.118 0.167%** 0.289%**
US firm 0.210 0.271* 0.138 0.272 0.346%** 0.078
Manufacturing sector 0.306%** 0.4297%%% 0.030 0.134 0.126 0.158
R&D expend. (yes/no) 0.092 -0.408 -0.857** 0.498 -0.338 -0.109
R&D staft (in %) 0.927#%* 0.437%* -0.280 0.584* 0.6927%** 1.125%%%*
CEO has a degree -0.187 -0.231 -0.343 0.026 -0.400* -0.087
University spin-off -0.401* 0.134 0.107 -0.008 -0.210 0.050
Market size -0.075 0.087 0.499%** -0.043 0.063 0.304%%*
Expected growth -0.082 -0.098 0.137%* 0.180%* -0.194%%% 0.100
Product dev. time -0.067 -0.028 0.097%* 0.070 0.028 0.005
Competitors (Log) 0.134%#* 0.244%** 0.097 -0.222%* 0.166%* 0.181%%*
Intercept 1.216%* 1.145 0.329 -1.553 1.824%%* -1.172
Patenting
VC/BA investment (61) -1.547 0.242 -0.443 0.317 -0.933* 0.403
Patent applications in t (Log) 0.568%**
Patent applications >0 in t 1.568%**
Patent grants in t (Log) 0.569%#*
Patent grants >0 int 1.283%%*
Patent applications in t-1 (Log) 0.488%*** 0.425%%*
Patent applications >0 in t-1 1.150%%* 0.824%%*
Patent grants int-1 (Log) 0.773%%% 0.883%#*
Patent grants >0 in t-1 1.O71%%%* 0.688%*#*
Age (Log) 0.056 -0.002 -0.167 -0.057 -0.038 -0.009
Size (Log(Employees)) 0.275%* 0.032 0.106 0.096 0.245% %% 0.041
US firm -0.020 0.304%* 0.073 0.108 0.073 0.353%*
Manufacturing sector -0.166 0.156 0.147 0.119 0.088 0.183
R&D expend. (yes/no) 0.755%* 0.392% 0.562%* 0.637* 0.572%* 0.410*
R&D staft (in %) 0.411 0.709* 1.932%** 1.483%** 1.300%** 1.418%*%*
CEO has a degree 0.300 -0.216 0.193 0.520%* 0.246 -0.096
University spin-off 0.461 -0.194 0.906%** 0.316 0.734 0.033
Market size 0.383%#* 0.327%** 0.260%* 0.360%** 0.407%** 0.373%%**
Expected growth 0.100 0.041 -0.036 0.043 0.058 0.066
Product dev. time 0.241%* 0.146%* 0.154%* 0.208%** 0.235%** 0.203%**
Competitors (Log) -0.122 -0.049 -0.095 -0.079 -0.091 -0.057
Intercept -4.786%** -3.004##* 2. 847 -4.051%%* -4.158#** -3.313%**

continued on next page
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Table 5. Patent counts, Patenting and VC investments — continued from previous page

Applications Grants Applications Grants Applications Grants
in t+1 int+1 int int in t+1 int+1

VC/BA investment
Patent applications in t (Log) -0.101
Patent applications >0 in t 0.670%**
Patent grants in t (Log) -0.171
Patent grants >0 int 0.427%%
Patent applications in t-1 (Log) -0.103 -0.099
Patent applications >0 in t-1 0.473%%* 0.542%%*
Patent grants in t-1 (Log) -0.066 -0.214*
Patent grants >0 in t-1 -0.160 0.025
Age (Log) -0.324%%* -0.337%* -0.327#%% -0.352%%% -0.328%##* -0.336%**
Size (Log(Employees)) 0.199%#* 0.202%** 0.220%** 0.215%** 0.208%** 0.217%**
US firm -0.357%%* -0.304%* -0.321%* -0.319%* -0.307** -0.308%**
Manufacturing sector -0.367%%* -0.367%** -0.385%*%* -0.312%* -0.364%** -0.325%*
R&D expend. (yes/no) 0.442%#* 0.473%* 0.461%* 0.505%* 0.446%* 0.520%%*
R&D staft (in %) 0.695%* 0.780%* 0.903%** 0.88 1% 0.8117%%* 0.779%*%
CEO has a degree 0.384%#* 0.350%* 0.345%* 0.390%* 0.407%** 0.372%%*
University spin-off 0.491 0.471 0.395 0.582%* 0.369 0.506
Market size 0.209%* 0.241%** 0.215%* 0.247%** 0.235%%%* 0.266%**
Expected growth 0.066 0.020 0.017 0.013 0.043 0.028
Product dev. time 0.042 0.063 0.080 0.072 0.046 0.076
Competitors (Log) -0.069 -0.072 -0.046 -0.083 -0.072 -0.094
Intercept -2.153%** -2.019%#% -2.122%%% -2.043%%% -2.169%%** -2.152%%%
Model parameters
Var(g;) * 2.100 1.050 1.337 1.004 1.624 1.045
Var(w;,) 0.976%** 0.709%* 1.280%** 1.068*** 1.378%** 1.227%%%*
p(Vip, €it) 0.724%%* 0.217 0.5027%** 0.060 0.620%%* 0.207
p(Vir, wig) -0.292%** -0.568%##* -0.677#%%* -0.727%%* -0.469%#* -0.698#H*
p(&it, wir) -0.139%* -0.310%* -0.578%**%* 0.196 -0.2807%#* -0.039
Observations 940 940 940 940 940 940
Log likelihood -1011.2 -882.9 -940.2 -739.1 -1070.7 -948.0
Chi-sq. test 4552.8 4094.2 3530.3 1561.2 4396.3 4600.2
P-value 0.000 0.000 0.000 0.000 0.000 0.000

T Error variance tested against Hy: Var(w;;) = 1 (equal variances in the VC and patenting selection models)
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