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ABSTRACT

Drawing on the idea that capabilities are context-specific to the competitive environment this
paper argues that entrepreneurial scientists and business entrepreneurs will react differently to
venturing opportunities afforded by technological change. It also suggests that the value of
capabilities of venture founders will differ based on the technological change faced at venture
entry. We show that prior to a dramatic technological shift, talented entrepreneurial scientists are
more likely to enter; after a shift, the flow of scientists reverses, as they are then less likely to
enter. Ventures founded after a technological shift are worth more. Our results hold even after
controlling for the changes in the types of capabilities that are favored by investors. The findings
provide support for linking the origin of capabilities with the competitive environment, and for
viewing capabilities as an input in addition to a determinant of organizational outcomes.
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INTRODUCTION

“[...] when the market is in such a big disruption as it is now, that’s the only time a
company like ours has a chance to cut into the business. There is really no existing
supplier [that can meet the demands for a car like the Volt]. They can’t get it from Sanyo
or Panasonic. They have to shop around, so that opens the door for an opportunity for
someone like us. It’s a very unusual time. It’s only going to last for a certain period of
time [...]”” (Shirouzu, 2008.)

Why are firms more innovative in periods of technological ferment? Are skilled scientists more
intensively sought after by external stakeholders or, in contrast, are external stakeholders more
intensively sought after by skilled scientists? In answering this question, we view capabilities as
context-dependent, their value as influenced by the timing of the market environment (Collis,
1994), and their availability as influenced by the fugacious nature of technological opportunities.
That opportunity is fleeting in situations of technological disruption is well illustrated by the
reflections above of the CEO of the clean technology firm that had just raised its first round of
venture capital funding. These reflections convey the idea that those who own scientific
capabilities have a different opportunity set, that this opportunity set certainty varies with the
stage of the technology, and also that the economic value of applying those capabilities,
especially in new ventures, is different (Beckman, 2006). In this paper we study new venture
activity, and the science or business capabilities of the venture founders, to answer which type of
entrepreneur is more likely to shoulder the risk of a new venture when faced with a dramatic

technological change, and what are the motives behind the decision.

The founding of new ventures is a situation in which the life cycle of organizational capabilities
originates (Helfat and Peteraf, 2003), and provides a fertile setting in which to answer those
questions and understand the patterns of capability development. To examine the early

availability of capabilities, we focus on individual capabilities in relation to entrepreneurial



activity. Individual capabilities that foster knowledge brokerage (Koka and Prescott, 2002) and
knowledge recombination (Reagans, Zuckerman and McEvily, 2004; Nerkar and Paruchuri,

2005; Obstfeld, 2005) become increasingly valuable in periods of disruptive innovation.

Our overall argument is that though previous research has clearly shown that capabilities will
impact organizational performance differently depending on the environmental and temporal
context (Barney, 1991; Teece, Pisano, and Shuen, 1997; Helfat, 2000), this research has paid
limited empirical attention to the potential differences in the availability of these capabilities
depending on the prevailing technological context. While the key for future organizational
success is matching individual capabilities to the requirements of the market (Helfat and
Lieberman, 2002), it is also important to understand the factors that impact the availability of
such inputs to the origins of organizations. In particular, the knowledge that scientists or business
entrepreneurs may have about ‘how’ (Roberts, 1991) and ‘where’ (Shane, 2000) to exploit a new
technology will affect entrepreneurial risk taking decisions depending on the prevailing

environmental conditions (Sorenson and Audia, 2000; Dobbin and Dowd, 1997.)

To begin to understand the origin of organizational capabilities, in this paper we build a theory
that explains the impact of individual capabilities on entrepreneurial risk taking in situations of
disruptive technological change. To test our theory, we identifying the periods of technological
change in three high-tech industries; then we use a novel dataset of individual capabilities in new
ventures to examine who creates new ventures before and after large events of technological

change, and why.

The results of this paper inform managers and public policy makers about strategies to navigate,
or create, disruptive technologies. Recently, much of the focus on disruptive technologies has

been put on the interaction of nanotechnology, biosciences, and clean technology as the remedy



to slow down the emissions of carbon dioxide to the atmosphere. It is striking that transportation
and energy alone, two industries characterized by conservatism and by long periods of
incremental change, contribute almost 40% of global carbon dioxide emissions. Radical
innovations in these two industries, resulting from strong R&D investments, would go a long
way in reducing the level of emissions and could open entirely new markets valued in the
hundreds of billions of dollars. Overall, economists estimate that we should invest one percent1
of global GDP in R&D and other initiatives, every year, in order to trigger those radical
innovations (Stern, 2007.) Although there is an agreement that capital funding is a pre-requisite
for the creation of waves of technological disruption, no existing academic research to date has
explored how we should allocate capital among scarce scientific talent, or along the waves of
disruption. Our results point to the existence of information-based mechanisms that achieve the
most efficient allocation of scarce scientific talent along the waves of technological disruption by

means other than pecuniary compensation.

The outline of the paper is as follows. We first provide a brief discussion of the impact of
capabilities on entrepreneurial risk-taking, and describe how the context of technological change
allows us to examine the impact of capabilities on overall entrepreneurial entry and performance.
We then formulate our predictions of why the capabilities of new ventures change during the
technology cycles. Finally, we describe our identification of periods of technological change and

our empirical tests and present our findings and conclusions.

! This figure is not exempt of controversy (e.g., Weitzman, 2007; Toi and Yohe, 2007.). However, when asked about
the preferred destination for their assets in the next ten years, most venture capitalists answer clean technologies in
the Asia-Pacific rim (Deloitte & Touche, 2007.) Moreover, institutional investors seem to agree that more funds
should be directed towards clean technology as the demand for energy increases along with the development of
emerging economies. As an illustration of this trend, the California Public Employees’ Retirement System has
already placed $1 billion in clean technology firms (e.g., geothermal, bio-diesel or nanotechnology) through
different private equity vehicles (Read, 2007.)



CAPABILITIES AND THE TECHNOLOGY LIFE CYCLE

Organization’s capabilities will originate in the capabilities of the individuals who initially
participate in the formation of the new venture. For example, in his study of de novo entry into
the automobile industry, Klepper (2002) showed that firms founded by individuals with previous
experience in the automobile industry outperformed all other firms that entered into the market.
The organizational and solution tasks required by the market environment will influence when
individuals decide to participate in a new venture. Entrepreneurial entry is a risky venture for
individuals, who weigh the anticipated likelihood of success and predicted returns of the
applicability of their capabilities to the industry environment (Greiner, 1972). In sum, initial
capabilities are critical not only because they influence the attractiveness of a venture (Kimberly,
1980), but because organizational capabilities originate from the availability and influx of

individuals with specific capabilities who are willing to undertake the entrepreneurial risk.

The individual capabilities (Boeker, 1988; Eisenhardt and Schoonhoven, 1990; Gompers, et al,
2006; Beckman, Burton, and O’Reilly, 2007), the experience (Jones-Evans, 1996; Chandler,
1996; Burton, Sorensen and Beckman, 2002; Gompers, et al., 2006), the skills (Chandler and
Jansen, 1992; Cooper, Gimeno-Gascon and Woo, 1994), and the social capital (Shane and Stuart,
2002) of the founding team shape a firm’s strategy, structure, and actions and attenuate the risk
of failure in ventures’ early stages (Sapienza, et al., 2006). Routines, competencies, and practices
that are developed by a new firm evolve from the experiences and capabilities of the founders
(Baron, et al., 1996; Burton, et al., 2002; Shane and Stuart, 2002; Beckman, 2006), despite
arguments that posit that successful firms outgrow their founders (Churchill and Lewis, 1983.)
Accordingly, firm performance depends in part on the initial capabilities of the founders, and in

part on the impact the individuals have on the formation of an organization’s initial capabilities.



Firm performance also depends on the timing of a firm’s founding through the effect of timing
on the firm’s social structure (Stinchcombe, 1965), on the firm’s organizational structure (Meyer
and Brown, 1977), on the firm’s organizational strategy (Romanelli, 1993), on the firm’s
adaptability (Tucker, Singh, and Meinhard, 1990; Swaminathan, 1996), and, of course, through
the effect of timing on the type of competences demanded by the industry (Anderson and
Tushman, 1990; Cattani, 2005). Given the strong impact of timing, Shane and Venkataraman
(2000) conclude that the patterns of entry intensity must reflect changes in the overall
opportunity structure of the industry. This opportunity structure, the technological literature
argues, change over the life of a technology (Abernathy and Utterback, 1978). On occasions
those changes crystallize in the emergence of a new dominant design, in which case the industry
is said to progress from a stage of technological ferment to a stage of incremental change
(Abernathy and Clark, 1985; Henderson and Clark, 1990; Christensen, Suarez, and Utterback,

1998).

In this paper, we define term ‘period of convergence’ to refer to the transitions between stages of
technological ferment and stages of incremental change. Finally, although researchers have
begun to recognize that these transitions are in part the result of entrepreneurs’ own attempts to
shape the boundaries of their markets (Rao, 1994; Rindova and Fombrun, 2001; Santos and
Eisenhardt, 2006), in this paper we consider technological shifts in general, an periods of
convergence in particular, as strictly exogenously, and not the result of collective entrepreneurial
action. Such collective action would be difficult to coordinate and implement by new ventures in

the industries we study.

NEW TECHNOLOGY AND CAPABILITY INFLOWS



Capabilities are often tacit and inimitable in nature (Dierickx and Cool, 1989), cannot be fully
encoded in organizational routines (Cohen and Levinthal, 1990; Kogut and Zander, 1992) and
are as important as the idea or business plan in explaining entrepreneurial success ( Boeker,
1988; Eisenhardt and Schoonhoven, 1990; Baron and Hannan, 2002). However, the importance
of certain capabilities is moderated by environmental conditions; certain individual capabilities
that are an important source of rents in some environments (Barney, 1991; Pennings, Lee, and
Van Witteloostuijn, 1998; Hitt, Bierman, Shimizu, and Kochhar, 2001; Forbes, 2005) may

become a liability when the environment changes (Hitt, et al., 2001; Gimeno, et al., 1997).

When analyzing the value generated by managers’ capabilities, researchers in the resource based
view distinguish between scarcity or Ricardian rents (Rumelt, 1987; Peteraf, 1993) and
specialization or quasi-rents (Barney, 1991; Castanias and Helfat, 1991; Klein, Crawford and
Alchian, 1987; Monteverde and Teece, 1982). The value generated by managers’ capabilities is
related to the valuation that the firm faces in the capital markets. Managerial rents exists because
an arm-length distribution of those rents takes place between the managers and the investors; if
managers existed aplenty and investors could appropriate the totality of the rents, no venture
would perform better than any other, while if rents were derived from skill specialization,
appropriating the totality of the managerial rents would leave no incentive for the manager to
apply effort in the first place (Castanias and Helfat, 1991). As a result of the arm-length
distribution of managerial rents, the value generated by managers’ capabilities has a reflection in
the economic valuation that capital markets offer for a participation in a firm. By bidding up the
value of the capabilities of certain entrepreneurs, venture capitalists may favor the inflow of the
entrepreneurs that are more apt to exploit the technology, which explains why venture capitalists

play such an active role in influencing the evolution of funded ventures (MacMillan, Kulow and



Khoylian, 1988; Hellman and Puri, 2000). Drastic technological shifts affect the optimal strategy
and the ‘optimal’ entrepreneur (Abernathy and Utterback, 1978; Tushman and Anderson, 1986).
Prior to a period of convergence, venture capitalists may prefer to fund talented scientists to face
the technological challenges (Roberts, 1991). After the convergence, venture capitalists may
prefer to fund talented business-trained teams to face the challenges associated with the

generation of economies of scale. Hence, we would expect:

H1A: Venture capitalists place more value on technological capabilities before a

convergence than afterwards.

H1B: Venture capitalists place more value on business capabilities after rather than before

a convergence.
OPPORTUNITY AND CAPABILITY INFLOWS

Entrepreneurial activity is innovation driven by recognized opportunity. Psychological traits,
(e.g., Begley and Boyd, 1987), social position (e.g., Hannan and Freeman, 1977; Aldrich and
Zimmer, 1986), or access to information (Kirzner, 1973), influence the ability of individuals to
detect new opportunities and become entrepreneurs (Shane, 2000.) In high technology industries,
where technical knowledge is distributed according to the social matrix conformed by scientist
and engineers, individuals exposed to relevant information flows tend to be skilled individuals
(Ardichvili, Cardozo and Ray, 2003) or experienced individuals (Shane, 2000; Burton,
Sonrensen and Beckman, 2002.) As an illustration of this, Stuart and Ding (2006) find that
scientists are more likely to join new ventures when they are affiliated with high status
institutions. We conjecture that high status scientists are closer to sources of opportunities in

periods of ferment, are faster to make decisions based on their perception of the existence of



opportunity (Eckhardt and Shane, 2003), and are faster to seek the external resources that they

need to create new companies:

H2A: Pre-convergence management teams are made up of more talented scientists than
post-convergence management teams, even after controlling for differences in venture

capitalists’ willingness to fund scientifically skilled teams in each of the two stages.

We make a symmetric argument for high status business trained individuals in periods of

incremental change:

H2B: Post-convergence management teams are made up of more talented business-trained
individuals than pre-convergence management teams, even after controlling for differences

in venture capitalists’ willingness to fund business-skilled teams in each of the two stages.
DATA AND METHODS

To examine how technological convergence periods affect the inflows of capabilities into new
ventures, we assembled a cross-industry, longitudinal dataset of venturing activity. To construct
our dataset, we first selected the population of new ventures in three knowledge-intensive
industries: biotechnology; semiconductors (chip designers and small manufacturers); and
wireless telecommunications (small service providers and small equipment manufacturers
operating with a diversity of wireless-based technologies). We chose these three industries
because in each of them specialized technical knowledge is considered a valuable resource, and
because each has undergone marked periods of technological transformation, as shown by
previous research in the case of semiconductors (Tushman and Anderson, 1986; Henderson,
1993; Hall and Ziedonis, 2001) and biotechnology (Kaplan, Murray and Henderson, 2003), and

by previous research in analog-to-digital transitions similar to the one that occurred in the
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wireless industry (Tripsas and Gavetti, 2000; Kaplan and Henderson, 2005). We then gathered
venturing data using Venture Economic’s VentureXpert database. This database provides
comprehensive information of ventures’ management team, investment, and exit in the private
equity industry from 1969 on. We selected the population of all venture capital-funded
companies that received seed, start-up, or early-stage funding for the first time during the period
1980 to 2003, and for which VentureXpert reported information on the identities of managers
and board members. The resulting sample included 221 biotechnology startups, 345
semiconductor startups, and 455 wireless startups. For each of the ventures in the dataset, the
record in VentureXpert provides the date of the first venture capital funding received by the
venture, the valuation of the venture, the names, titles and positions of key personnel, and the

names and titles of the external board members.

To examine the inflow of capabilities, we collected human capital data from UMI ProQuest
Digital Dissertations, security offerings SEC files , and ventures’ websites. We searched the
academic background information for each of the individuals associated with a venture. Our
criteria for selecting individuals that formed the founding management group were individuals
who held positions above the level of vice-president, including those identified as founder, CEO,
external board member, president, or chairman. We chose this cutoff because at that high a level,
individuals are more likely to be considered founding team members or members of the top
management team. To gather background information on the individuals in the founding
management, we conducted a web search for the backgrounds of all the individuals occupying
high-level positions. We then searched the backgrounds of all individuals identified in
VentureXpert as having a PhD or a medical degree (unfortunately, VentureXpert does not

identify which individuals have a graduate business degree). Finally, we searched for the vita of
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all the individuals in companies that eventually went public. Of the 6,178 individuals identified

in the founding management groups, a total of 3,169 had a PhD or an MBA.

Model

In this section we describe our model to study the inflow of technological capabilities; the
description of the model that studies the inflow of business capabilities is completely analogous,
the only difference being that business capabilities take the role of technical capabilities, and

viceversa.

Our theory suggests that more scientists will seek funding when they detect unmet demand in
periods of technological ferment. Therefore, our theory suggests a direct relationship between the
stage of the technology cycle and the scientific skills of the management. In order to test our
theory we must test the direct effect of the technology lifecycle on the capabilities of the teams,
which we do by estimating a behavioral equation that establishes a relationship between, on the
one hand, the technological capabilities of a venture and, on the other hand, the stage of the

technology and the economic valuation demanded by the founding team.

The first alternative explanation of the observed temporal pattern of change in the inflow of
skills, which we call the ‘value explanation’, suggests that external stakeholders perceive more
value in scientists in periods of technological ferment and are willing to offer greater economic
valuations for ventures with scientifically skilled managers, which induces the entry of these
scientifically skilled teams. To control for the ‘value explanation’, we write a second behavioral
equation that establishes a relationship between, on the one hand, the economic valuation that the
venture faces in the market and, on the other hand, the level of fit between the capabilities and

the stage of the technology. If a market for capabilities exists, that is, if the capabilities of the
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founding team ‘adjust’ to equate the valuation demanded and the valuation offered, then this

second equation controls for the alternative ‘value explanation’ (Heckman, 1974.)

A market for capabilities exists in the context of venture capital firms if scientific talent is scarce
and if scientists are responsive to pecuniary incentives. While the second statement seems
uncontroversial, the first one requires further attention. If scientific talent is scarce the valuation
of scientists might be affected not only by the degree of fit between skill and task, but also by the
relative pools of supply and demand for scientific talent. This means, for example, that if venture
capitalists want to invest in ventures with scientific talent, they might need to offer greater

economic valuations.

Since the economic valuation is nothing else that a claim on a stream of future cash flows, the
relevant question is whether the scarcity of a financial security (e.g., the claim on the stream of
future cash flows generated by the scientists) affects its market price (the economic valuation of
the scientist.) Finance researchers have analyzed this issue in different contexts. For instance,
while mutual fund purchases have a positive impact in stock prices (Wermers, 1999), a ‘bullish’
bond market does not necessarily lead to higher bond prices. However, in the case of venture
capital markets, Gompers and Lerner (2001) found that the buying pressure on the pool of

portfolio companies increases the valuations of those companies.

Given this last result, we consider safe to assume that the buying pressure on the pool of
scientific ventures will increase the economic valuations of those ventures. In sum, we consider
safe to assume that the market for scientific capabilities exists, and that the preferences of
external stakeholders are likely to affect not only which ventures get funded but also at which

price.
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The second alternative explanation to our theory, which we call the ‘selection explanation’,
suggests that external stakeholders perceive more value in scientists in periods of technological
ferment and that they select more teams with scientific skills without affecting the economic
valuations. The ‘value explanation’ and the ‘selection explanation’ are, by definition,
incompatible. Since previous literature offers support for the existence of a market for scientific
capabilities, when venture capitalists increase the rate of funding of scientific ventures they
necessarily must have an impact on the economic valuation of those ventures. As a result, since
we control for the ‘value explanation’, we do not believe it necessary to control for the ‘selection
explanation’. Nonetheless, this does not mean that we do not need to address the issue of sample

selection bias, which we do some paragraphs below.

We model ventures’ technological capabilities as influenced by the stage of development of the
technology in the industry and by the economic valuation demanded by the founding team. Since
the model explicitly accounts for pecuniary incentives —in the form of economic valuation, the
variables that account for the stage of development of the technology are a proxy for scientists’
ability to recognize opportunities at those stages. The proxy is appropriate as long as two
conditions are met: first, the stage of the technology at the industry level is an exogenous factor
that affects the ventures but over which individual ventures have no influence; second, scientists’
opportunity recognition capabilities are independent of pecuniary incentives. We believe both
conditions are reasonable. The equation used to model ventures’ technological capabilities reads

as follows,
(1) TechCap=by+b; Valuation+b.Pre+b,Post+b,S+b;C+er

In equation (1), the variables represented by vector C control for the size of the firm and the age

of the firm at the time of receiving its first round of venture capital funding. The variables
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represented by vector S control for the State where the venture is created and for the founding

density of similar ventures.

We model the financial valuation offered to the venture as influenced by the technological
capabilities of the venture, by the stage of development of the technology, and by the interaction
of the technological capabilities and the stage of development. The stage of development of the
technology is a proxy of investors’ assessment of the opportunity at different stages. The
interaction between the technological capabilities and the stage of the technology is a proxy of
investors’ willingness to fund ventures with technological capabilities at different stages. The

equation used to model the financial valuation reads as
(2) Valuation=ay+a, TechCap+a.Pre+a,Post+a,D+a;C+a; . TechCap*Pre+a;, TechCap*Post+e,

In equation (2), the vector C is the same vector that was described above, and the variables
represented by D control for the availability of capital in the industry, investors’ level of

resources, business capabilities of the venture, and experience of the founding team.

Hypothesis 1A suggests that venture capitalists prefer scientists to face the challenges that the
venture will encounter in periods of technological uncertainty prior to a convergence. This
hypothesis will be supported if a;.>a;,. Hypothesis 2A suggests that prior to a convergence the
founding teams are made up of more talented scientists because scientists are more capable of
recognizing unmet customer demands in periods of technological uncertainty. This hypothesis

will be supported if b>b,,.

A model analogous to the one presented above, but with the role of business capabilities and
technical capabilities interchanged, is used to test hypotheses 1B and 2B. Hypothesis 1B

suggests that venture capitalists prefer business-trained individuals to face the challenges that the
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venture will encounter in periods of industry consolidation after a convergence. This hypothesis
will be supported if a;.<a;,. Hypothesis 2B suggest that after a convergence the founding teams
are made up of more talented business-trained individuals because business-trained individuals
are more capable of recognizing unmet customer demands in periods of industry consolidation.

This hypothesis will be supported if be<b,.
Model estimation

Technological Capabilities are endogenous in equation (2) and Valuation in equation (1). To
address the endogeneity, we proceed to solve the reduced system of equations that can be derived
from (1) and (2), and then to infer the coefficients of the structural system represented by (1) and
(2) (Greene, 2002, p. 652). The technology dummies (Pre, Post) that appear in equation (2) are
interacting with TechCap, one of the endogenous variables of the model. This specific
interaction introduces a non-linearity in the reduced-form system of equations. Non-linear
equations can be solved using non-linear least squares (e.g., Marquardt, 1963, and references
therein). Economic valuation and technological capabilities are left-censored variables. Tobit
estimator is appropriate to estimate single-equation models in which the dependent variable is
left-censored. In our case, we have a model of two equations in which one, and possibly the two
endogenous variables are left-censored. Therefore, in addition to OLS, we present our results
using Tobit estimator for each of the two linearized reduced-form equations. All the details of

model estimation have been presented in appendixes 2 and 3.

Sample selection. We do not observe the technological capabilities of firms that do not get
funded, but only of the small percentage of firms that get funded. For this reason, our empirical
strategy may be affected by selection bias (Heckman, 1974, 1979), even though our equations

explicitly model the influence of investors’ preferences on the inflow of capabilities.
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We believe that the bias effect of sample selection in our analysis are under control or can be
ameliorated for three reasons. First, we analyzed in detail a period of technological convergence
—the emergence of fabless SOC firms, see appendix 5 for details; for this analysis, we used a
targeted sample of firms that used different sources of funding; we selected the firms using
specific keywords, not the source of funding. 83 of the firms used venture capital funding, and
23 did not. We collected extensive background data of the individuals that funded the targeted
sample of fabless firms; we collected information of 195 founders: 136 founders of venture
capital backed firms, and 59 founders of firms that were funded through other means. We did not
find differences between founders of the two groups in the number of publications, patents, years
of experience, or type of degree, which suggests that the sample selection bias is under
reasonable levels or inexistent. If our analysis had found large differences in the ‘talent’ of
founders, as measured by publications, patents, years of experience or degree, this would clearly

raise red flags.

Second, we test our hypotheses using a difference of coefficients. If the selection criterion
introduces bias and the source of bias is similar before and after the periods of convergence, then
taking the difference of coefficients should attenuate in part the impact of the bias. The bias in
the Pre and Post coefficients will be similar —and, therefore, partially eliminated when taking
differences, if the technology shock is exogenous in the model, which is precisely the
fundamental working assumption that we are using in this paper. Even when this condition does
not hold, and the bias in the Pre and Post coefficients differ significantly, we also test our
hypotheses using a diffs-in-diffs approach using the results for technical and business
capabilities. We believe that this later approach is very robust to the existence of bias caused by

sample selection.
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Third, approximately half of the ventures in our sample have null technological capabilities,
which means that this factor by itself cannot be the main source of selection in the sample. In
these conditions, placing technological capabilities on the left hand side of a regression should
limit the concerns caused by the missing variable problem of sample selection (Heckman, 1974.)
A completely different situation would result if, for example, all the ventures in the sample had
positive technological capabilities, in which case we should be very concerned with the
possibility that the error term were correlated with the regressors (the formal details of this

argument are presented in Appendix 4).
Dependent Variables

Technical Capabilities. We measure the technical capabilities of the venture’s founding
management teams using the number of individuals with graduate technical backgrounds (PhD
or MD), as well as the quality of those individuals’ academic backgrounds. To measure the
quality of their backgrounds, we created a measure based on the universities’ rankings provided
by the Gourman Report (Gourman, 1997; Di Gregorio and Shane, 2003), which provides a
measure of the quality of the graduate programs per university. The report includes different
scores for different graduate programs, and is based on an evaluation of a number of critical
factors such as research productivity, faculty, curriculum and funding. We computed different
quality scores for each of the industries considered. The quality score in biotechnology was
computed as the average of the 1997°s Gourman rankings of the focus university in two relevant

league tables, the ‘medical schools’ league table, and the ‘molecular genetics’ league table.” The

2

[Biotechnology Score of Technical Skill]y = ( [Medical School Rank]y+[Molecular Genetics]y ) / 2

[Wireless Score of Technical Skill]y = ( [Engineering]y+[Electrical Engineering]y+[Computer Sciences]y )/ 3
[Semiconductors Score of Technical Skill]y = ( [Material Sciences]y+[Electrical Engineering]y+[Physics]y ) / 3
[Score of Managerial Skill]y = ( [Gourman Score]y+[WSJ]+[FT]y+[BW]y )/ 4

18



quality score in wireless was obtained in a similar fashion using the league tables in
‘engineering’, ‘electrical engineering,” and ‘computer sciences.” The quality in semiconductors
was obtained using the league tables in ‘electrical engineering,” ‘material sciences,” and
‘physics.” The quality of the university, computed as the average of the relevant league tables,
was then normalized to a range between 0 and 1, with ‘1’ indicating the highest quality and ‘0’
indicating lowest quality. Once this university-level quality measure was built, we measured the
technical quality of an individual as the technical quality of the university attended by the
individual to pursue the PhD degree; and we measured the technical quality of a start-up as the

sum of the technical qualities of its individuals.

Managerial Capabilities. We measured the managerial capabilities of a venture using the
number of individuals with graduate business degrees (MBA), as well as the quality of those
degrees. To measure the quality of the business degrees, we proceeded in a similar manner as we
used to measure the quality of the technical degrees. First, we created an MBA quality score
based on the average of the business school rankings from four sources: the Gourman rankings

of business schools, and the rankings of the graduate business schools in the Wall Street Journal,

Financial Times, and Business Week. We then normalized this average to a range between 0 and

1, with ‘1’ indicating the highest quality and ‘0’ indicating lowest quality. Thus, the technical
capability of the founding management team of a new venture was measured as the sum of the
technical qualities of its individuals. Similarly, the business capabilities were measured as the

sum of the business qualities of its individuals.
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Value of Venture was measured by the value of the venture, expressed in 2003 thousand dollars,
as appraised by the venture capitalists immediately before the venture received its first round of
funding. The value of the venture before receiving its first round of funding is a frequently used
indicator of ventures’ future profits expected by the venture capitalists (Gompers and Lerner,
2001; Inderst and Mueller, 2004). This ‘pre-money valuation’ is computed as the difference
between the valuation of the venture immediately after it received the first capital (roughly
equals the venture’s share price times the number of shares outstanding) and the capital received
by the venture. The pre-money valuation, as computed by the difference of those two amounts, is

a proxy for the value of the venture because the market for small venture funding is not efficient.
Periods of technological convergence

Periods of technological convergence capture the transition between periods of technological
ferment and periods of incremental change (Tushman and Anderson, 1986.) We measured

technological convergence periods as periods of high level of technological change.

Figure 1 illustrates our measure of technological change in the computer industry in the period
that goes from 1920 to 1980, along with the discontinuities identified by Tushman and Anderson.
The arrows numbered by 1, 2 and 3 mark the scientific and technological inventions that lead to
the Tushman and Anderson discontinuities —the invention of the bipolar transistor, the invention
of the integrated circuit, and in the invention of the memory chips. Visual inspection of figure 1
suggests that the peaks in our measure of technological change are strongly associated with the
landmark scientific inventions, and not with other type of events (e.g., regulatory changes), that
can also have an enormous impact in the type of industry entrants (e.g., Dobbin and Dowd,

1997.)
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Insert figure 1 about here

To measure the level of technological change we use an indicator of the level of technological
opportunity given by the growth in venturing intensity. The growth in venturing intensity is an
imperfect proxy of the level of technological opportunity because it captures other phenomena
that introduce noise, such as the effect of capital markets. This noise is likely to be cross-
correlated with the true value of technological change. For instance, capital markets are likely to
react after a technological change (Benner, 2007), therefore easing or tightening the funding
conditions for subsequent innovators. This cross-correlation between the noise and the true value
of technological change has two negative effects on the inferences made from the estimates of
our model. First, the estimated coefficients may be attenuated (Bound and Krueger, 1991) and
biased. Second, the results of inference tests that involve differences of coefficients may
overestimate the statistical significance of the F-test (Bertrand, Duflo and Mullainathan, 2004).
To ameliorate the bias and to obtain conservative estimates of the true value of the differences of
coefficients F-tests, we apply a structural vector autoregression model (VAR) to eliminate the
sources of noise. The structural VAR approach eliminates two sources of noise. First, it
discriminates the first wave of ventures of a new technology from the subsequent waves; second,
it filters out the confounding effect of capital accessibility. A full description of the method is
provided in appendix 1, while a detailed analysis of how the method identifies one specific

period of convergence —the emergence of fables firms- is provided in appendix 5.

As we said, high levels of the measure of technological change signal the onset of periods of
technological convergence. We identify periods of technological convergence for each of the
three industries. We assume that a venture was funded before a technological convergence if it

was funded for the first time in the six months prior to a convergence; we assume that it was
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funded after a technological convergence if it was funded for the first time in the six months after
a convergence. We repeated our analysis using windows of one year to make our results coherent
with the time granularity used by Gompers and Lerner in their 2001°s analysis. By using a one
year window, we partially mitigate the concerns with short-term market frictions that might
interfere with the behavior of the market for scientific capabilities. Figure 4 provides a detailed
depiction of the periods of convergence in the three industries, the number of ventures in the
sample in periods of pre- and post- convergence using 6-month windows, as well as a qualitative

description of the main events of technological change in each of the industries.

Insert figure 4 about here

Control Variables

Experience. We measured an individual’s experience as the accumulated number of times that
the individual acted as manager or board member in other startups in the sample prior to the
funding of the focus startup. For the purpose of computing experience, we used an extended
version of our dataset that includes all venture capital-backed firms in the period 1976-2004. We

measured experience at the firm level as the sum of the experience of its individuals.

Capital accessibility. This variable captures the changes in the accessibility to capital that new
ventures experience over time, but only those changes that are not related to technological
change. Hence, this term represents the changes in capital supply that are induced by factors
external to the technology such as, for example, changes in the relative attractiveness of
investors’ alternative use of funds — the cost of capital. As with our measure of technological
convergence, this variable is calculated using the structural VAR model of new innovative

activity.
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VC’s level of resources captures the resources of the venture capital syndicate that provides the
funds to the venture. This variable controls for the self selection effects, which may result when
different types of venture capitalists systematically fund different types of ventures (Baum and
Silverman, 2004; Ber and Yafeh, 2004; Hochberg and Ljungqvist, 2006), and systematically
assign them different valuations. We control for the level of VC resources using four proxies of
size and reputation, which are the number of people working for the venture capitalists providing
the funding, the number of venture capital organizations providing the funding (Lerner, 1994;
Kogut, Urso, and Walwer, 2005), the joint amount of capital under management, and the
reputation of the law firm that advised the venture in the funding. Since some of these proxies
are highly correlated, and our focus is not the effect of each of them individually, we use
principal components to reduce the dimensionality of the measure. We perform the principal
components analysis separately for wireless and semiconductors on the one hand, and for
biotechnology on the other, using all early-stage venture capital deals since 1980, and retaining
the main component as our measure of VC’s level of resources. This main component explained

44% of the variation in the IT industry, and 49% of the variation in the biotechnology industry.

Venture size is a control variable that captures the size of the venture at the time of first funding.

It is measured as the total number of individuals associated to the venture.

State dummy is a control that takes the value of one if the venture was founded in California or
Massachusetts, and is important because the venture capital markets in these two States are more

active and competitive than in other states, and the location may affect valuations.

Venturing intensity captures the intensity of creation of new ventures and is measured by the

growth rate in the level of venturing activity.
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Found captures the level of information that we have about the venture and it is measured by the
count of individuals in the venture that we were able to find in UMI ProQuest Digital

Dissertations, in the SEC files, or in the ventures’ websites.

Venture age at funding captures the age of the venture at the time of receiving its first round of
venture capital funding and it is measured by the number of years in the interval that goes from

founding to funding.

Summary statistics and pairwise correlations for the variables in the model can be found in
Tables 1 and 2. As is apparent from Table 1, the average venture has very similar stocks of
technological and business capabilities (1.16 and 1.25, respectively). Although not reported in
the table, the average number of scientists and MBA’s per venture is, respectively, 3.55 and 2.62.
Clearly, the average stocks of technological and business capabilities are smaller than the
average number of scientist and MBA’s because capabilities are computed by weighting the
number of scientists or MBA’s by the acadmic ranking of the graduate institutions attended by
the individuals. The average number of individuals in the venture’s team is 9.9, and the average
number of individuals for which we found background information is 3.8. The average pre-
money valuation in the sample is $15.3 million dollars. The distribution of valuation is
dramatically skewed, with ten firms valued at more than $100 million dollars. We report the
results for the case in which we include all firms, and we repeat our analysis in the reduced
sample that excludes firms valued at more than $100 millions to make sure that our results are

not driven by the existence of outliers in the distribution of valuation.

Insert table 1and 2 about here

RESULTS

24



The primary focus of the study is on the inflow of technological and business capabilities.
Evidence of the variation in the inflows of individual capabilities with the timing of funding of
the venture can be found in table 4. The average pre-convergence venture has 37% more PhD’s
(or MD’s) than its post-convergence counterpart (3.16 pre, 1.97 post) and the difference is
statistically significant (p<0.1%). When the number of scientists in the venture is weighted by
the academic ranking of the graduate schools, the difference of technological capabilities is 38%
(1.68 pre, 1.03 post), and the difference is also statistically significant (p<0.1%). As table 4

shows, the difference of business capabilities is not statistically significant.

Insert table 4 about here

Next we report the results of the empirical analyses that test our hypotheses. We first analyze the
data to examine levels of support for hypotheses 1A and 2A related to the flow of technological
capabilities. Then analyze the data to examine levels of support for hypotheses 1B and 2B related

to the flow of business capabilities.
Flow of Technical Capabilities

To test the entry choice of founders with technical capabilities, we examined the factors that
influenced the technical capabilities of the venture teams. Table 5 shows the result of the
estimation of the model of technological capabilities and economic valuation. Model 1 in table 5
shows the results for the baseline case in which investors are not allowed to have time changing
preferences for technological capabilities. This model includes industry effects and year effects
and the coefficients were estimated applying OLS in each of the reduced-form linear equations,
and then backing up the structural coefficients in the usual way. Table 5 only displays the

structural coefficients. Model 2 in table 5 incorporates the two-way interaction terms between
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technological capabilities and the pre- and post- dummies in the equation than models the
economic valuation. By including the interaction terms, we are allowing investors to have time-
changing preferences for the inflows of technological capabilities. The two-way interactions
introduce a non-linearity in the reduced-form equations, which have to be approximated by a
linear expression. The linear approximation includes the interaction of the Pre- and Post-
dummies with all the other variables of the model and for this reason we decide not to include
year effects. We estimate the coefficients applying OLS on each of the linear approximations; we
recovered the structural coefficients from the reduced-form coefficients as usual. Model 3 in
table 5 is similar to model 2 but we include a control variable to capture the age of the venture at
the time of obtaining its first funding round. We obtain the coefficient estimates applying OLS
on each of the linear approximations, and we recover the structural coefficients in the usual way.
Model 4 in table 5 is similar to model 3 but we obtain the coefficient estimates using Tobit on

each of the linear approximation of the reduced-form equations.

Hypothesis 1A stated that investors place more value on technological capabilities in pre-
convergence ventures than in post- ventures. Hypothesis 2A stated that pre-convergence
management teams are made up of more talented scientists than post-convergence management
teams, even after controlling for venture capitalists’ changing willingness to fund teams with
technological capabilities. As indicated by the difference of two-way interaction terms in the
equation of economic valuation, investors place the same value on technological capabilities
independently of when the venture was funded. As indicated by the difference of Pre and Post
coefficients in the equation of technological capabilities (models 3 and 4), the inflow of
technological capabilities is more intense in pre-convergence ventures than in to post-

convergence ventures, and the difference is statistically significant. Hence, evidence supports
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hypothesis 2A, but not 1A. Although the timing does not influence the value of technological
capabilities, we nonetheless find that investors appraise pre- and post- ventures differently,
placing more value on pre-convergence ventures than in post-convergence ones. Therefore, the
model seems to suggest that investors recognize the stage of technological uncertainty that
precedes the convergence, although this does not translate in investors’ enlisting talented

scientists in the venture to cope with technological risk.

Our evidence supports the role of technological capabilities in the recognition of unmet customer
demands in models 3 and 4, which are the models that control for venture age. We analyzed the
distribution of ventures’ age at the time of funding and found that half of the ventures in the
sample were one or more years old at the time of receiving their first round of venture capital
funding. Since the motivations of an older firm to seek capital funding in periods of
technological opportunity might differ from the motivations of younger firms, we repeated the
analysis for each of the two subsamples (<1 year old, >1 year old). In the case of older firms we
found support for the role of technological capabilities in the recognition of unmet customer
demands. By contrast, in the case of younger firms, we obtained the opposite effect. The two

analyses are displayed in models 5 and 6 of table 5.

To make sure that our results are not driven by the existence of outliers in the distribution of
valuation, we repeated the analysis using a reduced sample that excluded the ten firms in the
sample that reported valuations above $100 millions. Visual inspection of the distribution
revealed that these ten firms might be outliers of the distribution. We obtained similar results to
the ones we have just reported. For the subgroup of firms one or more years old, we found that

the inflow of technological capabilities is significantly stronger before the convergence than
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afterwards (difference= 1.07, p<1%). Interestingly, for the firms that were less than one year old,

we found no differences in the inflows of capabilities before and after the convergence.

Insert table 5 about here

Further analysis of table 2 indicates that Venture Size controls for differences in the inflow of
technological capabilities, but not for differences in economic valuation. Venturing Intensity is
not significant in any of the models analyzed, which suggests that changes in the stock of
capabilities is not related by competition among new ventures to attract the capabilities, in which
case we would observe a negative relationship, neither is related to a ‘call effect’, in which case
we would observe a positive relationship. State dummy is positive and significant in model 1,
which reflects the clustering of universities and technology centers in California and
Massachusetts. Although the reduced-form model for economic valuation is statistically
significant in all cases except in model 1, none of the control variables in the structural equation

of economic valuation is statistically significant in isolation.
Flow of Business Capabilities

Table 6 shows the result of the estimation of the model of business capabilities and economic
valuation. The structure of table 6 is analogous to the structure of table 5 and we only describe
the main findings here. Model 1 shows the results for the baseline case in which investors are not
allowed to have time-changing preferences for business capabilities. Model 2 allows investors to
have time-changing preferences for the inflows of business capabilities. Model 3 includes a
control variable to capture the age of the venture at the time of obtaining its first funding round.

Model 4 uses Tobit estimator on each of the linear approximation of the reduced-form equations.
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Models 5 and 6 analyze, respectively, the subsample of ventures that were one or more years old

at the time of funding, and the subsample of ventures than were less than one year old.

Hypothesis 1B stated that investors place more value on business capabilities after rather than
before the convergence. As indicated by the difference of two-way interaction terms in the
equation of economic valuation, we do not find evidence of investors placing different value on
business capabilities depending on when the venture was funded. Hypothesis 2B stated that post-
convergence management teams are made up of more talented business-trained individuals than
pre-convergence management teams, even after controlling for venture capitalists’ changing
willingness to fund business-skilled teams. As indicated by the difference of Pre and Post
coefficients in the equation of business capabilities, the inflow of business capabilities is more
intense in pre-convergence ventures than in to post-convergence ventures, but the difference is

not statistically significant in any case. Therefore, we do not find support for H1B or H2B.

Insert table 6 about here

As occurred with the model of technological capabilities, State dummy is positive and significant
in model 1, which reflects the clustering of universities and technology centers in California and
Massachusetts. The analysis of younger and older firms reveals geographical differences in the
inflows of business capabilities. The inflow of business capabilities among older firms is
stronger in those two States; it is similar across States when we analyze younger firms. Venture
Size controls for differences in the inflow of business capabilities, but not for differences in
economic valuation. The reduced-form model for economic valuation is statistically significant
in all cases except in model 1, but none of the other control variables in the structural equation of

economic valuation is statistically significant in isolation.
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Robustness checks

In table 7 we displayed the results of the robustness checks. All the tests in this section use the
subsample of ventures that are worth less than $100 millions. Model 1 is the baseline model. In
this model, we still find support for the scientists’ opportunity detection hypotheses, but at much
lower levels of statistical significance than when we use the whole sample. Model 2 restricts the
sample to those firms that are 1 year old or older. In this case, we find strong support for the
scientists’ opportunity detection hypothesis. We also find that venture capitalists are valuing
scientist more in post-convergence periods, which suggests that venture capitalists are appraising
the scarcity or Ricardian rents of technological capabilities, and not the fit between the scientific
skills and the task, also known as quasi-rents (Peteraf, 1993). Model 3 restricts the sample to
firms that are 1 year old or younger. In this case, we find not support for the scientists’
opportunity detection hypothesis. Model 4 uses the sample of firms 1 year old or older, and in
addition uses 1 year long windows of pre- and post- convergent periods (instead of the 6 months
windows we had been using). We find some support for the scientists’ opportunity detection
hypothesis. Model 5 uses the sample of firms 1 year old or older, and in addition selects those
deals in which the level of resources of the venture capitalists were above the median level. We
find strong support for the scientists’ opportunity detection hypothesis; we also find a positive
and significant coefficient associated with technological capabilities in the value equation;
finally, we find that venture capitalist place much more value on technological capabilities after
rather than before, in other words, they are valuing scarcity, not quasi-rents. Finally, Model 6
uses the sample of firms 1 year old or older, and in addition selects those deals in which the level
of resources of the venture capitalists were below the median level. We still find strong support

for the scientists’ opportunity detection hypothesis. In sum, the scientists’ opportunity selection
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hypothesis holds for firms that are 1 year old or older, as we already knew; the results are robust
to the selection of different lengths of pre- and post- convergence periods; last, but not least, the
strong support of the scientists’ opportunity detection hypothesis for the two subsamples of
venture capitalists suggests, once again, that our results are not driven by sample selection bias.
In effect, if our results were driven by sample selection bias, we would expect the scientists’
opportunity recognition hypothesis to be more strongly supported for the weakest investors, not
for the investors with the greatest level of resources who have a stronger hand in deciding which

firms to select.

Insert table 7 about here

DISCUSSION

Ventures funded during pre-convergence periods are valued significantly lower than ventures
funded during post-convergence periods. The negative effect of pre-convergence entry and the
positive effect of post-convergence entry indicate that investors recognize the transition between
stages of technological ferment and incremental change, and that they perceive a high level of
technological risk associated with early entry into the new market segment. Despite this result,
our analysis does not find a strong difference in the value that investors attribute to technological
capabilities before and after the convergence period. When those differences are found, they act
in the opposite direction that we hypothesized. This may be evidence that investors place less
emphasis in the fit between individual capabilities and task than in the scarcity of those
individual capabilities in certain industry stages. In sum, we could not find evidence that
investors attempt to remedy technological risk in the pre-convergence stage by enlisting talented

scientists to cope with that risk, although we found some evidence that investors attempt to
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remedy the scarcity of talented scientists in periods of incremental change by bidding up their
valuations. Interestingly though, the effect of scarcity is more acute among venture capitalists
with high level of resources; by contrast, it goes in the “right direction” —venture capitalists
enlisting skilled scientists in periods of ferment- when venture capitalists have low levels of
resources. This may suggest that specialized venture capital firms, which usually are smaller, are
more likely to contribute to the efficient allocation of talented scientists to periods of
technological ferment. By contrast, generalists venture capital firms, which usually are much
larger, tend to erode the efficiency in the allocation by bidding up the value of scientists in

periods of incremental change.

The findings of the study, however, show that potential scientists do choose to apply their
capabilities depending on the context of their respective industries. Individuals with technical
capabilities are more likely to seek funding prior to a technological convergence, when they
might have privileged access to uncertain technological opportunities; they are less likely to seek
funding after a convergence. In contrast, individuals with business skills show no statistical
differences in their patterns of entry pre- and post-convergence. These findings suggest that,
beyond extrinsic motives, the variation in the inflow of technological capabilities is related to
changes in the industry context and in the ability of talented scientists to detect unmet customer
demands in each particular context. Overall, these findings strongly suggest that founding teams
are made up of individuals who have greater exposure to opportunities, rather than individuals

who are more capable of exploiting a given technology.

The relationship between the changes in the inflow of technological capabilities and the changes
in the industry context emerges in those models that control for the age of the venture at the time

of founding (models 3 and 4 in table 5). Although venture age is non-significant in the two

32



structural equations, it is remarkable that its inclusion in the model is determinant in revealing
the role of the industry context and the ability of scientists to detect unmet customer needs. We
studied the distribution of venture age and found that half of the ventures in the sample were one
or more years old at the time they received their first round of venture capital funding. The
motivations of an older firm to seek capital funding in periods of technological opportunity are
likely to differ from the motivations of younger firms. While in the former case, the firms may
be seeking to exploit existing complementary assets (Teece, 1986, Tripsas, 1997), in the latter
case, the firm is raising funds in order to develop a new idea or concept. Our findings show that
the relationship between industry context and the inflows of technological capabilities, with
more capable ventures seeking funding before a technological convergence, holds for the
subsample of older firms. In the case of younger firms, we found no difference in the inflow of
technological capabilities. We believe that this last finding may result from the existence of
different technology cycles for firms of different maturity levels. The technology cycle of
younger firms might be delayed with respect to the technology cycle of older firms, which
implies that the stage of greater technological opportunity occurs earlier for the older firms than

for the younger ones.

These results have some interesting implications. The first implication touches upon the issue of
firm survival in periods of technological change. It is commonly accepted that organizational
inertia precludes tightly coupled organizations from adapting to technological change (Tushman
and Romanelli, 1985.) If, as we find in this paper, the most skilled scientists enter the industry in
periods of technological ferment, it is possible that technological change might be magnified by
scientists’ job career decisions. This poses two questions to the scholars of technological change.

First, what implications does it have for the failing firms that the event of technological change is
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magnified by the actions of the scientists of other firms? Second, why don’t the scientists of
tightly coupled organizations participate in the periods of technological ferment as intensively as

the scientists of the new ventures? Those two questions deserve further and deeper research.

The second is the link between environmental needs and the access to capabilities. In our study,
the competitive dimension that varies is the importance and relevance of technology. Individuals
decide where to apply their capabilities, and as a result, organizations will have more access to
capabilities in those situations in which the opportunity structure appears to favor those
capabilities. This interpretation is borne out by additional analyses showing that it is the highly
skilled individuals who show the greatest differences in the timing of entry. The greater presence
of technical capabilities in pre-convergence ventures is due to an increase in the overall inflow of
science-trained individuals. By contrast, the reduction in technical capabilities in post-
convergence ventures is associated with highly capable science-trained individuals choosing to
apply their capabilities in other domains. Individuals have multiple opportunities to gain returns
from their capabilities, and are more likely to undertake entrepreneurial risk during periods in
which they believe their capabilities are critical to the demands of the environment. This finding
is consistent with previous research that shows that issues of proximity and personal contact are
ways in which science-trained individuals gather information on when their capabilities are
needed and valued by the environment (Stuart and Ding, 2006; Burton, Sorensen and Beckman,

2002).

The third implication builds upon the limited impact of individual business capabilities in our
results. The inflow of business capabilities is smaller for ventures created both before and after a
convergence, and the data shows no significant change in the inflows with the arrival of the

convergence. There are two reasons for this. Firstly, we found no evidence of a main effect of
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business capabilities on valuations, while we found, under certain conditions, evidence of a main
effect in the case of technological capabilities. In other words, business capabilities, as we are
measuring them, don’t seem to matter much. Secondly, the inflow of business capabilities among
older firms shows a positive and significant California-Massachusetts effect, while the inflow of
business capabilities among younger firms doesn’t. Our interpretation is that ventures acquire
business capabilities over time, especially after the first year, and that ventures in those States are
more likely to attract talented business-trained individuals. Because they join the firms later,
business-trained individuals do not play as active a role in the identification of unmet demands as
scientists do; as a result, the timing of entry of business-trained individuals is less sensitive to the

change in technological opportunity than the timing of entry of scientists.

The fourth implication builds upon the role of venture capitalists in shaping the composition of
management teams. There is an extant literature that suggests that venture capitalists’ play a
crucial role in shaping ventures’ strategies and management teams once the venture capitalists
are on the board of those ventures (MacMillan, Kulow and Khoylian, 1988; Hellman and Puri,
2000). However, very little research has addressed the role of venture capitalists in shaping the
founding teams before or during the first round of investment. Our analysis finds no evidence
that venture capitalists attempt to shape the founding team by rewarding or penalizing different
types of capabilities. One explanation for the lack of results is that shaping the founding teams of
ventures ex-ante can be too complex or too expensive because there are clear costs involved in
the identification of individuals with the right skills. A consequence of venture capitalists’
‘waiving’ their influence in shaping the founding team might be the lack of alignment between
founding teams and industry conditions. While lack of alignment may imperil the survival of

those ventures during the early years, it is possible that the negative effect disappears once
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conditions change. In fast-paced environments, it may be futile to try to shape the optimal
composition of founding teams, especially if there are transaction costs involved in identifying
individuals with the right skills. We believe that these results can be interpreted in terms of
external stakeholders’ attempt at local adaptation in quickly changing environments. It is likely
that local adaptation is not an effective response to changes in the landscape when high levels of

interdependency exist or when changes in the landscape occur quickly (Levinthal, 1997.)

Nevertheless, this work has some limitations and unanswered questions that we hope to address
through future research. First, although this paper has attempted to collect a comprehensive
dataset of human capital data, the task of developing a complete longitudinal cross-industry
dataset is daunting. Subsequent information on individual backgrounds over the life of the
ventures would allow us to address questions of the shifts of top management team capabilities.
Another limitation is that we do not identify the backgrounds of the individuals with science
capabilities. Are individuals with science backgrounds entering from academic institutions,
existing large organizations, or other small ventures? A rich and critical area for future research
is an attempt at a greater understanding of the flow of individual capabilities due to changes in
the environmental context. Finally, in this paper we make arguments for the role of opportunity
recognition, but we chose not to explore the effect of the technology life cycle on the intrinsic
motives of entrepreneurs (e.g., Amabile, 1996; Gagne and Deci, 2005). Although scholars in the
sociology of science have identified different dimensions of intrinsic motives, such as
intellectual challenge and peer recognition (e.g., Dasgupta and David, 1994; Merton, 1973), and
although research has found evidence of the effect of intrinsic motives on labor supply and
equilibrium wages in innovative industries (e.g., Stern, 2004), our data does not allow us to

separate opportunity recognition from the effect of intrinsic motives.
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CONCLUSION

Why are firms more innovative in periods of technological ferment? Founders of new firms bring
with them important knowledge about technology, competition, industry suppliers, and, of
course, customer demands (Helfat and Lieberman, 2002). This knowledge is important because it
helps the founders to detect the unmet demands of the customers (Shane, 2000), and because it
helps them to efficiently exploit new technology (Roberts, 1991) and respond to industry
challenges. In this paper, we develop a model to explain the inflows of technological and
business capabilities into new ventures, and we explore whether skilled scientists are more seek
after by investors in periods of technological ferment, or whether they recognize more

opportunities.

Our findings show that firms are more innovative in periods of technological ferment not
because skilled scientists are more intensively sought after by external stakeholders, but because
external stakeholders are more intensively sought after by skilled scientists. The findings show
that the availability and importance of capabilities are context-specific. By empirically linking
capability inflows, organizational valuation, and entry timing, we provide insight into the early
individual capabilities that influence the origin of organizational capabilities and entrepreneurial
behavior. Our results demonstrate that capabilities seek out opportunities just as opportunities
seek out capabilities. When examining the importance of specific capabilities to a market
context, future research should be directed to untangle which performance differences are due to
fit of capabilities, and which are due to the greater availability of valuable and necessary

capabilities.

Researchers in the technology life cycle literature have argued that at the early stages of a

technology there is more room for radical product development but that, as industry matures,
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innovations achieve only minor modifications in product performance (Abernathy and Utterback,
1978; Klepper, 1982.) This stream of the literature has focused on identifying what type of
innovation firms engage in at different points along the technology cycle. Our work extends this
literature by observing that managerial capabilities are not passive stocks. Instead, owners of
specific individual capabilities are active resources seeking out solutions. In particular, skilled
scientists enter the industry at early stages not because of the technology imperative, but because
they are more willing to do so. Understanding the connection between industry evolution and
managerial choice provides insight into early influences on the origins of capabilities, and aids in
explaining why certain resources help to achieve sustainable performance advantages while

others are more short-lived.
Managerial implications

The results of this paper can help managers and public policy makers to develop strategies to
navigate, or to trigger, a radical wave of technological change. Recently, much of the focus on
disruptive technologies has been on the interaction between nanotechnology, biosciences, and
clean technology as the remedy to slow down the emissions of carbon dioxide to the atmosphere.
Capital funding is a necessary but not a sufficient component of innovation. Our results suggest
the existence of information-based mechanisms that make more to attract the most talented
scientists to periods of technological ferment than the pecuniary mechanisms. Pecuniary
compensation, we found, tends to attracts talented scientists to periods of incremental change,
when they are most scarce. These two mechanisms act in opposite directions and they may

neutralize each other.

We argued that the first information-based mechanism is embedded in the social structure of the

scientific community. We argued that this structure invites the most talented scientists to quit
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their jobs and join new ventures in those periods when new ideas are needed. The second
information-based mechanisms is suggested by the differences between specialist venture capital
firms, who contribute positively to the efficient allocation of talented scientists to periods of
technological ferment, and generalists venture capital firms, who erode the efficiency in the
allocation by bidding up the value of scientists in periods of incremental change. Rather than a
failure of the market for talented scientists, these differences point to the effect of knowledge
proximity between the external stakeholder and the investee firm in ensuring the most rational
deployment of resources. While the first mechanism is within the sphere of influence of public
policy makers — how do we ensure that the flows of information within the scientific community
build up the necessary momentum in periods of technological ferment? — the second mechanism
is within the domain of managers and investors — how do we ensure, beforehand, knowledge

proximity to the targeted sector in order to capitalize on the stage of technological ferment.
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APPENDIX 1: The Measurement of Technological Change

We measured technological convergence periods as periods of high levels of technological
change. To measure the level of technological change we use the filtered time series of growth in
the level of venturing intensity. The filter is necessary to eliminate two sources of noise:
secondary waves of venture activity that come after the primary wave (the one we are interested
in), and the confounding effect of capital accessibility. We implement the filter using a vector
autoregressive model (VAR) that assumes that the observable level of venturing intensity in an
industry is contingent on the level of technological change, and on the degree of accessibility to
financial capital,

Observable venturing intensity = f ( Unobservable technological change , Unobservable (Al.1)
capital accessibility )

The degree of capital accessibility, like the level of technological change, is not directly
observable. Instead, what we observe is firms’ capital slack, which will obviously depend on the
capital accessibility but which will also be codetermined by the unobservable level of
technological change,

Observable firms’ capital slack = f (Unobservable technological change , Unobservable (A1.2)
capital accessibility )

Equation (A1.1), which models the level of new venturing activity, captures the confounding
effect of financial cycles and the effect of access to capital on innovation. Equation (A1.2),
which models how much financial capital firms receive, captures the competitive nature of the
fund raising process (Inderst and Mueller, 2004). By simultaneously estimating and inverting
equations Al.1 and A1.2 (as we show next), it is possible to infer the unobservable variables in
the model (technological change and capital accessibility). High levels of the measure of
technological change signal the onset of technological convergence periods.

We opted for this VAR framework because it not only allows us to unravel the simultaneity
problem, but also to separate unexpected from predictable venturing activity. Our model has two
equations relating the latent exogenous and endogenous variables. The exogenous variables are
technological change and capital accessibility. The endogenous variables are venturing intensity
and firms’ capital slack. Our approach to solve the model, which we detail next, is formally
identical to that used by Blanchard and Quah (1989). The overall VAR model is shown below:

Ventuting_activity (t)= (A1.3)
Z izo Orcgpy X Technological_change(t - i)+
> Oenpmar X Capital_accessibility(t i)
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Firms'_capital slack” (t) = (Al.4)
Z 0B X Technological_change(t - i)—

> 7 oBeararq * Capital_accessibility(t —1)

with ar co=1. (Al.3) and (A1.4) are equivalent to the systems of equations that appears in
Blanchard and Quah (1989, eq. 1), with technological chance and capital accessibility playing
the role of the two uncorrelated disturbances. The expressions given by (A1.3) and (A1.4) are
also equivalent to the more familiar autoregressive expressions given below,

Venturing_activity”(t)= (A1.5)
z 18 ¥ Venturing_activity(t - i) +
Z 1850 ¥ Firms‘_capital_slack(t - i) +&(1)
Firms'_capital slack”(t)= (A1.6)
z 1, X Venturing_activity(t - i) +
Z i1 @) X Firms'_capital_slack(t - i)+ &, (1)

Q

O-gl & =34

In effect, upon estimating (A1.5) and (A1.6), it is always possible to obtain a moving average
representation which is uniquely identified because of Wold theorem. Blanchard and Quah show
in their paper how it is always possible to use this moving average representation to uniquely
identify the unknown coefficients and the unknown exogenous terms in equations (A1.3) and
(A1.4).

Technological change and capital accessibility are assumed to be strictly exogenous and to bear
no statistical or causal relationship with past values of the model’s observables. Hence, they
cannot be predicted using past values of the observables, and they are said to come as “surprises”
to the system. Technically, technological change and capital accessibility are assumed to be two
white noise processes (they are variance stationary processes with zero autocorrelation and cross-
correlations.)

The two endogenous variables in our model are (the growth rate in) venturing activity and firms’
capital slack. As a proxy for firms’ capital slack, we use the industry average of new entrants’
(log) initial received capital.

The ‘long-run’ constraint of the VAR model is a mathematical restriction imposed on the system
that allows us to distinguish technological change from capital accessibility. The restriction
applies to the coefficients acapirar that relate capital accessibility with venturing activity. By
virtue of the long-run restriction imposed on the coefficients, the effect of capital accessibility on
venturing activity in equation (A1.3) is short-lived; by contrast, the effects of technological
change on venturing activity, upon which we place no restrictions, may capture long-run effects.
Since technological convergence periods signal transitions between technologies and since long-
run effects on innovation often accompany those transitions, the times series of technological
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change inferred from the model is a good proxy of the timing and the magnitude of those
technological convergence periods.

APPENDIX 2: Model estimation

Reduced-form and structural coefficients: Technological Capabilities are endogenous in
equation (2) because, by virtue of equation (1), capabilities depend on the valuation, which itself
is obviously dependent on the error term e, in equation (2). This means that there exists an
indirect relationship between Technological Capabilities and the error term e, in equation (2). A
similar argument can be used to justify the endogeneity of Valuation in equation (1). To address
the endogeneity, we proceed to solve the reduced system of equations that can be derived from
(1) and (2), and then to infer the coefficients of the structural system represented by (1) and (2)
(Greene, 2002, p. 652). The reduced system of equations is obtained upon using equation (2) to
eliminate the Valuation term in equation (1), and equation (1) to eliminate the Technological
Capabilities term in equation (2):

(A2.3) TechCap={tytt;S+t4D+t.C+t.Pre+t,Post}/(z-t;cPre-t;,Post)

where to=(botbiag), ts=(b>), ta=(b1a2), te=(bs+bia3), t-=(b.+bia.), to=(bst+b1a,), z=1-a;by,
tlez(a-lebl)a t10=(310b1)

(A2.4)
Valuation={vy+vS+vqD+v . C+v.PretvyPre*S+v..Pre*C+v,Post+vy,Post*S+v,Post*C}/(
z-vicPre-vi,Post)

where vo=aptaibg, vi=(aibs), vg=(a2), ve=(astaibs), ve=(actabetarebotalebe), vse=(aicbz),
Vcez(aleb?;), V0=(a0+a1bo+a1ob0+a10bo)a V50=(3.10b2), Vcoz(alob?;), Zz(l'albl), Vlez(alebl), V10=(3.10b1)

Non-linearity: The technology dummies (Pre, Post) that appear in equation (2) are interacting
with TechCap, one of the endogenous variables of the model. This specific interaction introduces
a non-linearity in the reduced-form system of equations (3) and (4) because the technology
dummies appear in the denominator. Non-linear equations can be solved using non-linear least
squares which requires (e.g., Marquardt, 1963, and references therein), first, to linearize the non-
linear reduced-form system in the coefficients and, second, to estimate the reduced-form
coefficients of the linearized system (v’s and t’s) using any of the available estimators (e.g., OLS
or Tobit). In our case, the coefficients (v’s and t’s) are ‘reduced form coefficients’; that means
that upon estimating the v’s and t’s, an additional step is needed which consists on the estimation
of the structural coefficients (a’s and b’s) in equation (1) and (2). As shown in the equations
below, the linearized version of the reduced form equations include all possible two-way
interaction effects of Pre and Post with the other variables of the model (see details of how to
obtain the linearized equations in Appendix 2),

(A2.5) TechCap =
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(1/2)*(uptusS+ugD+u CHucPretuePre*S+ue Pre* C+ucgPre* D+u,PosttuysPost*S+uPost*CHueg
Post*D)

(A2.6) Valuation =

(1/2)*(wotwS+twyeD+w C+w.Pre+wePre*S+we . Pre* C+wePre* D+w,Post+wyPost*S+w, Post™
C+wogPost*D)

The reduced form equations (5) and (6) can be estimated using OLS or TOBIT, yielding two
vectors of reduced coefficients (u®"™**¢ and v*'"™**%) and two covariance matrixes (Q, and Q).
A random draw from the distributions N(u®"™* 03,) and N(v¥*"™**¢ ) ) can be used then to
estimate the structural coefficients. Structural coefficients are computed from this random draw
using algebraic expressions or a minimum distance estimator, whatever is feasible. In particular,
we derive the main effects in (1) and (2) using direct algebraic expressions, and we derive the
technology dummies and interaction effects in (1) and (2) using the minimum distance estimator.
The algebraic expressions for the main structural effects are:

a1=wy/ug
b 1 :ud/ Wg
Ap=Wo—alg
bo=up—biwo
ay=wy(1-a;by)
szU2(1 -albl)
A3=We—a1Uc
b3:uc_blwc

Meanwhile, to compute the minimum distance estimator, we compute the values of the structural
parameters that minimize the sum of distances between the random draw of the estimated
distributions, and the closed form expressions of the reduced form coefficients in terms of the
structural coefficients,

_ . T ~ -l T~ -1
{ac,a0,be,D0,21¢,810F = Arg.min. { uggr Qu~ Ugir + Waire Qw ™ Waisr }

where

random_draw closed_form_expressions

- (ueaueSauecauedaumuos,uomuod)

)randomidraw .

Udifr = (ueaueSauecauedaumuos’uouuod)

Wdiff = (WeaWeS9W605WedaW09W059W0(1:9WdOdf .
closed_form_expressions
(Weywes7wecywed7W07W057w007WOd)
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estimated

We repeat these steps multiple times using each time a different random draw from N(u ,
Q,) and N(v=*'"™# ) ) in order to obtain point estimates and standard deviations of the
structural coefficients. We found that our results were stable for a number of 25,000 iterations.

Sample selection. We do not observe the technological capabilities of firms that do not get
funded, but only of the small percentage of firms that get funded. For this reason, our empirical
strategy may be affected by selection bias (Heckman, 1974, 1979), even though our equations
explicitly model the influence of investors’ preferences on the inflow of capabilities. We do not
believe that sample selection bias is a concern in our case for two reasons. The main reason is
that approximately half of the ventures in our sample have null technological capabilities, which
means that this factor cannot be the main source of selection in the sample (the details of this
argument are presented in Appendix 3). Second, we test our hypotheses using a difference of
coefficients. If the selection criterion introduces bias and the source of bias is similar before and
after a wave of technological change, then taking the difference of coefficients should attenuate
in part the impact of the bias. The bias in the Pre and Post coefficients will be similar —and,
therefore, partially eliminated when taking differences, if the technology shock is exogenous in
the model, which is precisely the fundamental working assumption that we are using in this
paper.

Tobit estimator: We use Tobit estimator to estimate the reduced-form equations (5) and (6).
Economic valuation is left-censored because investors will not fund a venture which valuation
lies below a certain minimum. Since technological capabilities are non-negative and since half of
the ventures in the sample have null technological capabilities, it is possible that technological
capabilities are also left-censored. Tobit estimator is appropriate to estimate single-equation
models in which the dependent variable is left-censored. In our case, we have a model of two
equations in which one, and possibly the two endogenous variables are left-censored. Therefore,
in addition to OLS, we present our results using Tobit estimator for each of the two reduced-
form equations.

In sum, the algorithm that we followed can be described in three steps. In the first step we use
OLS or Tobit to estimate the linearized version of the reduced form equations; in the second step
we compute the main effects of the structural equations using available algebraic expressions; in
the third step we estimate the interaction effects of the structural equations using the minimum
distance estimator. We repeat steps two and three a large number of times in order to compute
the point estimates and the standard deviations of the structural coefficients.

APPENDIX 3: Linear approximation of the reduced-form model
The model of technological capabilities and economic valuation reads as

(A3.1) T=bytb;V+b.Pre+b,Pos+b,S+b3;C+er
(A3.2) V=aj+a,T+a.Pret+a,Pos+a,D+a;C+a;. TechCap*Pre+a;,TechCap*Pos+e,

where the variables represented by vector C control for the size of the firm and the age of the
firm at the time of receiving its first round of venture capital funding; the variables represented
by vector S control for the State where the venture is created and for the founding density of
similar ventures; and the variables represented by D control for the availability of capital in the
industry, investors’ level of resources, business capabilities of the venture, and experience of the
founding team.
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Linearized reduced form equation of technological capabilities: The equation of technological
capabilities (A2.1), upon substitution of the economic valuation given by (A2.2), reads as
follows

(A3.3)
T=bytb;(ap+a; T+a.Pret+a,Posta,D+a;C+a . T*Pre+ta; , T*Poste,)tb.Pret+b,Pos+b,S+b;C
+CT

which, upon rearranging terms, simplifies to

(A3.4) T=(bgt+b1ag+S(bz)+D(baz)+C(bs+b;as)+Pre(b.tbia.)+Pos(by+bia,))/(z-w)
where

z=1-a;b; and w=a.b;Pre+a;,b;Pos

The linear approximation is obtained by computing the Taylor approximation of the ratio 1/(z-w)
around small values of w/z

(A3.5) 1/(1-a;bj-a;cb Pre-a b  Pos)=1/(z-w)=(1/z)(1/(1-w/z))~(1/z)(1+w/z)=(1/z+w/z*)

and then introducing the linear approximation (A2.5) into (A2.4), which results in the following
linear expression

(A3.6)

T=(1/z)*(botbae+S(bz)+D(b1az)+C(bs+b;az)+Pre(betbiac+(botbiag)aicbi/z+(betbiac)arcb
1/2)+Pre*S(bacbi/z)+Pre*C((bs+bias)aicbi/z)+Pre*D(biaza;bi/z)+Pos(by+bia,+(botbiag)abi/z
+(botbia,)aiob1/z)+Pos*S(byaiobi/z)+Pos*C((bst+basz)ai,bi/z)+Pos*D(biaza;,bi/z))

Linearized reduced form equation of economic valuation: The equation of economic valuation
(A2.2), upon substitution of the technological capabilities term given by (A2.1), reads as follows

(A3.7)

V=ap+a;(bgt+b; V+b.Pre+b,Pos+b,S+b;C+er)+a.Pret+a,Posta,D+as;C+aje(botb; V+b.Pre+
boPos+b,S+bsC+er)*Pret+a;o(botb; V+b.Pre+b,Pos+b,S+bs;C+er)*Pos+e,
which, upon rearranging terms, simplifies to
(A3.8)

V=(apta;bgt+S(a;by)+D(a;)+C(asz+a;bs)+Pre(acta;betacbotacbe)+Pre*S(aby)+Pre*C(a;
bs)+Pos(a,ta;bytajbotalobe)+Pos*S(ajobr)+Pos*C(aobs))/(z-w)

where

z=1-a;b; and w=a.b,Pre+a;,b;Pos

52



The linear approximation is obtained by computing the Taylor approximation of the ratio 1/(z-w)
around small values of w/z and then introducing the linear approximation in (A2.8), which
results in the following linear expression

(A3.9)

V=(1/z)*(aptaibot+S(aibz)+D(a2)+C(as+a;bs)+Pre(a.+ab.tarcbotacbetaicbi(aptarbg)/zta
1ebi(acta;betacbotacbe)/z)+Pre*S(ajby+acbia;by/z)+Pre*C(a bstaicbi(az+a;bs)/z)+Pre*D(a; b
132/Z)+Pos(agtarbotalobotalobetalebi(agtabo)/ztalcbi(astaibotacbotaleb,)/z)+Pos*S(al batai,
bia;by/z)+Pos*C(ajbstai bi(az+a;bs)/z)+Pos*D(a;,b1a,/z))

APPENDIX 4: A formal argument to justify the limited impact of sample selection bias

Our argument builds upon Heckman’s (1974) framework and is proven by contradiction.
Heckman (1974) framework posits that a venture is selected into the sample when the offered
valuation for a null value of capabilities is greater than the reservation valuation for a null value
of capabilities. Consider a firm ‘i’ with null capabilities that is in the sample. It can be shown
rigorously that any firm ‘k’ that is similar to ‘1’ but that has a small but positive stock of
capabilities, should be also in the sample. By ‘similar’, we mean that the independent variables
take the same values. Now suppose that there are firms with positive and small capabilities
outside of the sample. Take any of those firms. Since there are many firms in the sample with
null capabilities, it is likely that a firm with null capabilities exists in the sample that is similar to
the firm with small capabilities outside of the sample. But by the argument above, the firm with
small capabilities should be in the sample. Therefore we have reached a contradiction.

This means that the selection criteria cannot be given strictly by the condition ‘offered valuation
at null capabilities > reservation valuation at null capabilities’. For example, extending
Heckman’s 1974 model, the selection criteria might take the form given by the inequality
‘offered valuation at null capabilities > reservation valuation at null capabilities+ Z’, where
elements in Z do not belong to the structural model. For the ventures in the sample with null
capabilities we know that ‘offered valuation = offered valuation at null capabilities’ and
‘reservation valuation = reservation valuation at null capabilities’. Since those ventures are in
the sample it means that ‘offered valuation = reservation valuation’. Therefore, for ventures in
the sample with null capabilities, the selection criteria reduces to ‘0 > Z’. In other words, for
ventures in the sample with null capabilities, the selection criteria does not involve a relationship
between the error terms and the independent variables of the structural model, as it occurs in
Heckman (1974), which means that ordinary least squares estimates of the reduced form
equations should not present a significant bias.

APPENDIX 5: Illustration of a period of technological convergence: EDA and the
emergence of fables SOC firms

The chosen period of convergence for detailed analysis is the year 2003 in the semiconductors
industry, and the technological event is the emergence of fables SOC firms.

Our goal in this section is to validate our measure of convergence by inquiring about the nature
of economic activity of firms created pre- and post- convergence, to explore the inflows of
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founders’ skills, and to assess the potential impact of sample selection. The analysis of this
period of convergence is in itself interesting because it witnessed the emergence of the firms that
designed the chips behind everyday camera cell phones, smartphones, and similar. The analysis
of this period of convergence is also very appropriate from a methodological standpoint because
our measure of technological change is forward looking, which means that our measure in 2003
is uncontaminated by future events.

Firms that entered pre- and post- convergence: We created a targeted census of ventures in the
semiconductor industry in the years 2001-2005 using a list of keywords (silicon, dielectric, nano-
, strained, CMOS, DFM, SoC, ASIC, EDA, fabless, FPGA.) We used three different industry
specialized publications as well as VentureXpert. We identified 84 firms from VentureXpert, and
23 firms in the industry publications that were never registered in VentureXpert. We searched for
the founders of those firms (195 founders in total) and built an extensive dataset with their
background information.

Fabless SOC technology: The underlying technological event that causes the period of
technological convergence in 2003 is the emergence of fabless ventures that resulted from the
relentless advancement in EDA technology (Electronic Design Automation.) ‘Fabless’ ventures
are vertically disintegrated firms that design semiconductor chips without owning a foundry.
Although these firms have existed since 1980, the advancement in EDA technology in the early
2000’s reduced dramatically the costs of designing chips, and made it advantageous for many
firms to enter into the design segment without owning a foundry. The advancement in EDA
systems, the existence of a market for intellectual property, and the availability of cell libraries,
coalesced to allow designers to develop more complex chips at a lower cost (Matcher and
Mowery, 2004.) For instance, in 2003 the International Technology Roadmap of Semiconductors
(ITRS, 2003) reported that the improvements in EDA technology that took place in the early
2000’s reduced the cost of a system-on-chip from $630 million to $20 millions. Examples of
these improvements are the availability of physical verification tools or radio-frequency design
tools (Sangiovanni-Vincentelli, 2003; Maliniak, 2002.)

As is frequently the case in other areas of science and technology (Fleck, 1979), it is not a single
event but a progression of events what allows a certain collective of scientists or engineers to
achieve a tipping point in terms of productivity or effectiveness. In the case of EDA technology,
the progression was characterized by incremental increases in the level of abstraction that is seen
by the designers (Hemani, 2004). The decade of 1980 saw the development of tools to design
logic gates. The decade of 1990 saw the widespread adoption of special languages to specify the
layout of very large system integration (VLSI) chips. In the late 1990’s and early 2000’s, IP
emerged as the main driver of productivity by allowing developers to quickly implement digital
signal processors (e.g., the Viterbi algorithm, the fast Fourier transform), video coders, USB
drivers, etc. In a movement that illustrates the importance of IP, in 2002 Magma —one of the
leaders in the EDA market segment, became the first firm to make available the IP libraries of
TSMC, which is the largest pure foundry in the world; and in 2003 Magma acquired Silicon
Metrics, a leader in the characterization and distribution of IP libraries. The adoption of the mix
of EDA and IP solutions after 2000 in different stages of the supply chain is clearly visible in
figure 3, which represents the dominant approach used in different stages of the supply chain
from the early 1980°s to 2010. The use of IP also allowed the inclusion of a programmable
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processor on a chip, commonly referred to as System-on-a-chip (SOC). The potential offered by
the reprogrammable nature of SOC’s triggered the emergence of a new breed of fabless firms
dedicated to design reprogrammable systems (e.g., a software radio). The main customer of those
SOC’s in the early 2000’s was of course the buoyant wireless industry.

Insert figure 3 about here

These fables firms enter the industry in hordes after 2002 despite the poor funding environment
and motivated by advances in the technology, which causes our measure to capture a period of
convergence in 2003. The term ‘period of convergence’ makes perfect sense in this context for a
number of reasons. First, 2002 witnessed the creation of OpenAccess Silicon Integration
Initiative, an industry initiative conceived to achieve interoperability between the multitudes of
vendors (Maliniak, 2002.) Today, one hundred of the most important firms in the EDA market
segment actively participate in this initiative. And second, firms found it very expensive to
develop chips in the 90nm node in 2003, which was already in use by Intel, IBM and others, and
settled instead in the 130nm node. 2003 was the first year in which the number of designs in
130nm equated the number of designs in 180nm (the previous industry node). Perhaps as a result
of designers’ uneasiness to advance to the 90nm node, the EDA industry experienced negative
growth in 2002 (-6.2%), which compares with positive growth in 2001, 2003 and 2004 (7.2%,
4.6% and 4.7%.)

Our qualitative interpretation is supported by the quantitative analysis of the nature of economic
activity of pre- and post-convergence firms that we summarize in table 3. We divided the
industry into ten market segments. Columns (1a to 1d) and (2a to 2d) show the summary of our
analysis for the market segments that experienced, respectively, positive or negative growth rates
in entry intensity. Table 3 suggests that the advancement in EDA technology fostered the
emergence of numerous fabless firms, especially after 2003 (column 1-d). The post-convergence
emergence of the fabless segment is partially but not totally counterweighted by the decline of
the segments in the second group (e.g., the SoC segment, which is the segment of firms that
design and manufacture chips.) This transformation in the nature of economic activity is, as we
have argued before, completely technology-driven, as it results entirely from the relentless
advancement in EDA technology.

In sum, the advances in EDA tools (e.g., IP), the decision of designers to stick to the current
130nm node, and the industry initiatives to achieve vendor compatibility, triggered a massive
movement of entry of fabless SOC firms targeting the wireless market. It is this massive wave of
entry the one that causes the identification of 2003 as a period of technological convergence by
our measure, as we will see next.

Identification of the period of convergence: In the top chart of figure 2 we have represented the
venturing activity. Its flatness suggests no clear technological change. The level of access to
capital drops dramatically in 2003; it is crucial to bear in mind this detail to understand how
identification works. In the bottom chart of figure 2 we have represented the decomposition of
venturing activity into its fundamental ‘components’ (this is what the VAR method
accomplishes.) The component associated to the U.S. economy evolves as expected as the
economy recovers from the 2001°’s recession. The level of access to capital (top chart in figure 2)
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drops dramatically in 2003 without this having an apparent impact on the level of venturing
activity. On the contrary, venturing intensity grows mildly in that year. Part, but not all, of the
growth is of course explained by the growth of the U.S. economy. The unexplained component
of growth —the residual- is what we denominate Technological Change. Technically speaking,
the residual peaks in 2003 to ‘compensate’ for the drop in access to capital. We use the name
‘Technological Change’ for the residual and not, for instance, ‘non-capital related venture
intensity’, because, as we showed in figure 1, the peaks in the residual are strongly correlated
with the landmark technical inventions (e.g., the invention of the bipolar transistor.) In sum, our
analysis suggests that a period of converge is identified when the industry is experiencing a level
of venturing intensity above and beyond the level that would be explained by capital accessibility
alone.

Insert table 3 about here

Founders’ skills and sample selection. The bottom rows in columns 1a-1b suggest that pre-
convergence founders in growing market segments had more technical skills (p=0.1) but less
business skills (p=0.003) than post-convergence founders. Exactly the opposite results can be
found for market segments with negative growth (bottom rows in columns 2a-2b). In sum,
growing market segments exhibit the temporal patterns of skill inflows that we would expect
(e.g., scientists first, business founders later); declining market segments exhibit just the opposite
temporal pattern of skill flows. Last but not least, since the census of firms that we explore is
made up of firms that received venture capital funding and firms that didn’t, our analysis
suggests that the sample selection bias is under reasonable levels; if our analysis had found
instead that business founders enter first and scientists later, this would rise clear red flags.

Moreover, we collected extensive background data of the individuals that funded the targeted
sample of fabless firms. As we said before, we collected information of 195 founders: 136
founders of venture capital backed firms, and 59 founders of firms that were funded through
other means. We did not find differences between those founders. For instance, the average
founder in our sample had 20.4 years of experience, and the differences between the first and the
second group were not significant (y=1.75, p=0.25 2-tailed t-test); the average founder had 74
publications, and the differences were not significant (y=-14.33, p=0.78 2-tailed t-test); the
average founder had 20.7 patents, and the differences were not significant (y=1.80, p=0.75 2-
tailed t-test); 30% of founders had a PhD, and the differences were not significant (y=2%,
p=0.77 2-tailed t-test); finally, 13% of founders had an MBA, and the differences were not
significant (y=1%, p=0.84 2-tailed t-test.) Again, this analysis suggests that the sample selection
bias is under reasonable levels or inexistent. If our analysis had found large differences in the
‘talent’ of founders, as measured by publications, patents, years of experience or degree, this
would also rise clear red flags.
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Table 1. Summary statistics

N Mean Std. Min Max
TechnologicalCapabilities 736 1.16 1.72 0.00 11.49
BusinessCapabilities 736 1.25 1.23 0.00 6.30
Valuation 736 15.73 43.62 0.04 857.73
Pre 736 0.21 0.41 0.00 1.00
Post 736 0.28 0.45 0.00 1.00
Found 736 3.85 4.15 0.00 24.00
VentureSize 736 9.93 4.78 1.00 28.00
State 736 0.58 0.49 0.00 1.00
VenturingIntensity 736 1.16 0.79 -1.44 2.40
CapitalAvailability 736 0.53 0.68 -2.48 1.84
VCresourcesl 736 0.11 0.97 -2.34 4.65
VCresources?2 736 0.06 1.02 -5.08 3.87
ScientistsExperience 736 1.89 3.35 0.00 27.00
ManagersExperience 736 2.61 3.97 0.00 28.00
OtherExperience 736 5.73 5.84 0.00 29.00
VentureAgeAtFunding 652 0.54 0.50 0.00 1.00
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Table 2. Pairwise correlations

TechnologicalCapabilities 1

Valuation -0.0362 1

Pre 0.1336%* -0.0437 1

Post -0.0681 0.1103* -0.2818* 1

Found -0.1639* 0.0001 -0.1106%* 0.0326 1

VentureSize 0.4034%* 0.0013 0.0674 -0.0418 0.3894* 1

State 0.0639 -0.0162 0.0109 -0.0513 0.1153* 0.0830%* 1
VenturingIntensity -0.1420%* 0.1615* -0.1267* 0.3727* 0.1417* -0.0411 -0.0770%
CapitalAvailability -0.0834%* 0.0455 0.0900%* 0.1185%* 0.0756%* 0.0245 -0.0027
VCresourcesl 0.0992* 0.0099 0.0304 -0.0111 0.1673* 0.2056%* 0.1543*
VCresources2 0.0434 0.0241 -0.0438 0.0122 0.1068%* 0.1254~* 0.1256*
BusinessCapabilities 0.2473%* -0.0551 0.0132 -0.0344 0.3177* 0.4977%* 0.1507*
ScientistsExperience 0.1589~* -0.0307 0.1229* -0.0501 -0.0885%* 0.2686%* 0.0103
ManagersExperience 0.0814%* -0.0123 0.0116 0.0017 0.2876%* 0.2938%* 0.0716
OtherExperience -0.1239%* 0.0609 -0.068 0.0775* 0.3312* 0.3659* -0.0207
TechnologicalCapabilities

Valuation

Pre

Post

Found

VentureSize

State

VenturingIntensity 1

CapitalAvailability 0.4560%* 1

VCresourcesl 0.0399 0.0471 1

VCresources2 0.0113 -0.0138 -0.0328 1

BusinessCapabilities -0.0198 0.017 0.2307* 0.1172%* 1
ScientistsExperience -0.0467 -0.0367 0.1324%* -0.0109 0.6707* 1
ManagersExperience 0.1139~* 0.0984%* 0.2107* 0.0789* 0.5429~* 1
OtherExperience 0.2155~* 0.1301~* 0.1336%* 0.0525 0.0933~* 0.3554~* 1
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Table 3. Electronic Design Automation and Fabless System-on-Chip firms

1-a 1-b 1-c 1-d 2-a 2-b 2-c 2-d
Market segments of positive growth in entry rates Market segments of negative growth in entry rates
PhD's per MBA's per . PhD's per MBA's per .
founder founder EntryRate  Diff founder founder EntryRate  Diff
fabless SoC Pre- 0.5 0.1 7.0 SoC Pre- 0.0 0.2 5.0
Post- 0.3 0.1 9.5 2.5 Post- 0.4 0.1 3.5 -1.5
EDA Pre- 0.5 0.0 3.0 System Pre- 0.5 0.0 2.0
Post- 0.5 0.2 5.5 2.5 Post- 0.0 -2.0
Materials Pre- 0.5 0.0 4.0 IC Pre- 0.0 0.0 1.0
Post- 0.4 0.4 4.0 0.0 Post- 0.0 -1.0
Design Pre- 0.0 Board Pre- 0.0 0.0 1.0
Post- 0.0 0.0 0.5 0.5 Post- 0.0 -1.0
Automation Pre- 0.0 Mechanical Pre- 0.5 0.5 1.0
Post- 0.0 0.3 0.5 0.5 Post- 0.0 -1.0
All Pre- 0.5 0.0 All Pre- 0.1 0.2
Post- 0.4 0.2 Post- 04 0.1
Difference 0.1 -0.2 Difference -0.2 0.1
(p=0.1) (p=0.003) (p=0.07) (p=0.12)
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Table 4. Venture creation and capabilities

Average Pre-discontinuity Post-discontinuity ~ F-test (Pre-Post=0)
venture venture

Technological Capabilities
(measured by number of PhD's or MD's) 2.07 3.16 1.97 14.69 (p<0.1%)
(measured by number of PhD's or MD's, weighted by academic 1.16 1.68 1.03 12.5 (p<0.1%)
ranking of graduate school)
Business Capabilities
(measured by number of MBA's) 1.96 2.01 1.77 1.55
(measured by number of MBA's, weighted by academic ranking of 1.25 1.26 1.16 0.59

graduate school)

60



Table 5. Model of technological capabilities and economic valuation

Endogenous variables of the model:

Technological capabilities and financial valuation

Model 1

Linear, OLS

Model 2

Non-linear, OLS

Model 3

Non-linear, OLS

Model 4

Non-linear,

Model 5, >1 year

TOBIT Non-linear,

old

Model 6, <1 year

old

TOBIT Non-linear, TOBIT

Constant
Valuation
Pre
Post
Difference (H2a)

State
VenturingIntensity
Found
VentureAgeAtFunding
VentureSize

Constant
TechnologicalCapabil
Pre
Post

difference

Pre*TechnologicalCap
Post*TechnologicalCap
difference (Hla)

CapitalAvailability
VCresourcesl
VCresources2
BusinessCapabilities
ManagersExperience
OtherExperience
Found
VentureAgeAtFunding
VentureSize

N

F or LR-chi2

R2

dummy years
dummy industries

N

F or LR-chi2

R2

dummy years

dummy industries

-0.98 (-0.37) 0.583 (1.335) 0.780 (1.845)% -0.31 (-0.48) -0.49 (-0.78) 0.503 (0.555)
0.013 (0.550) 0.010 (0.251) 0.013 (0.290) 0.028 (0.426) -0.00 (-0.22) 0.014 (0.158)
0.163 (0.816) 0.037 (0.299) 0.042 (0.252) -0.02 (-0.07) 0.298 (1.124) 0.082 (0.254)
-0.13 (=0.69) -0.15 (=1.27) -0.40 (-2.28)* -0.81 (=2.63)** -0.58 (=2.10)* 0.664 (2.431)*
0.300 (1.130) 0.190 (1.257) 0.443 (2.134)* 0.792 (2.038)* 0.884 (2.522)* -0.58 (-1.61)
0.233 (1.676) T 0.095 (0.361) 0.108 (0.605) 0.126 (0.431) 0.284 (0.873) -0.13 (-0.26)
-0.06 (-0.49) 0.125 (0.453) 0.192 (1.095) 0.230 (0.926) 0.449 (1.604) 0.080 (0.246)
-0.04 (-1.28) -0.00 (-0.01) 0.090 (1.548) 0.177 (2.128)*
-0.03 (-0.10) 0.042 (0.099
0.179 (7.586)*** 0.139 (4.473)*** 0.135 (4.680)*** 0.201 (4.750)*** 0.208 (3.762)*** 0.161 (2.568)*
-2.09 (-0.02) -18.3 (-0.56) -5.89 (-0.31) 4.127 (0.283) 9.787 (0.582) 3.745 (0.201)
-2.85 (-0.09) 32.78 (0.724) 10.97 (0.514) 6.404 (0.218) 9.242 (0.536) 1.954 (0.067)
2.756 (0.307) -10.9 (-1.07) -2.92 (-0.50) -0.63 (-0.15) -5.27 (-0.43) 0.631 (0.052)
3.368 (0.479) 2.428 (0.239) 6.437 (0.828) 9.391 (2.351)* 16.46 (1.788)t -20.9 (-1.36)
-0.61 (-0.04) -13.3 (-1.08) -9.36 (-1.03) -10.0 (-2.01)* -21.7 (-1.61) 21.59 (1.247)
4.492 (0.979) 1.702 (0.573) 0.224 (0.353) 2.13 (0.539) -1.45 (-0.35)
3.601 (0.805) 2.048 (0.495) 0.243 (0.426) 0.113 (0.023) 5.088 (1.241)
0.890 (0.173) -0.34 (-0.06) -0.01 (-0.02) 2.017 (0.371) -6.54 (-1.23)
-3.90 (-0.86) 1.756 (0.273) 0.749 (0.226) 0.456 (0.038) -1.06 (-0.22) 2.673 (0.242)
0.470 (0.201) -1.20 (-0.26) 2.008 (0.786) 1.996 (0.491) 1.442 (0.475) 3.410 (0.435)
0.754 (0.368) 0.792 (0.213) 0.159 (0.073) -0.02 (-0.01) -1.31 (-0.42) 2.093 (0.224)
-1.76 (-0.72) -1.68 (-0.36) -1.23 (-0.52) -1.23 (-0.30) -2.64 (-0.70) -0.86 (-0.14)
-0.19 (-0.26) -0.09 (-0.05) 0.038 (0.055) 0.051 (0.064) -0.39 (-0.29) 0.502 (0.182)
0.180 (0.362) 0.026 (0.028) 0.094 (0.239) 0.055 (0.090) 0.210 (0.261) -0.25 (-0.26)
-1.04 (-0.58) -0.13 (-0.08) -0.45 (-0.22) -0.14 (-0.03)
3.809 (0.751) 2.944 (0.526
1.066 (0.183) -4.64 (-0.71) -1.37 (-0.45) -1.18 (-0.20) -1.37 (-0.37) -0.51 (-0.12)
736 736 652 652 349 303
11.59%%** 18.27%%* 16.45%%% 399%** 219xx* 219% %%
0.49 0.46 0.47
included
included included included included included included
736 736 652 652 349 349
0.71 1.59% 2.87xx% 95* xx TLAAK 93** %
0.05 0.07 0.13
included
included included included included included included

(t-stat in parenthesis; T p<10%; * p<5%; ** p<1%,; *** p<.1%; 2-tailed significance test)
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Table 6. Model of business capabilities and economic valuation

Endogenous variables of the model: Business capabilities and financial valuation

Model 1

Linear, OLS

Model 2

Non-linear, OLS

Model 3

Non-linear, OLS

Model 4

Non-linear, TOBIT

Model 5, >1 year

Non-linear,

old

Model 6,
old

<l year

TOBIT Non-linear, TOBIT

Constant
Valuation
Pre
Post
Difference (H2b)

State
VenturingIntensity
Found
VentureAgeAtFunding
VentureSize

Constant
BusinessCapabilities
Pre
Post

difference

Pre*BusinessCap
Post*BusinessCap
Difference (Hlb)

CapitalAvailability
VCresourcesl
VCresources2
TechnoloCapabilities
ScientistsExperience
OtherExperience
Found
VentureAgeAtFunding
VentureSize

N

F or LR-chi2

R2

dummy years
dummy industries

N

F or LR-chi2

R2

dummy years

dummy industries

0.210 (0.099) 0.328 (1.276) 0.165 (0.576) -0.55 (-1.36) -0.22 (-0.46) -0.18 (-0.36
-0.00 (-0.08) -0.00 (-0.23) 0.012 (0.511) 0.021 (0.591) 0.014 (0.430) 0.003 (0.086
-0.14 (-0.88) -0.11 (-0.03) -0.24 (-0.46) -0.34 (-1.07) -0.07 (-0.33) -0.28 (-1.21)
0.001 (0.007) 0.183 (0.617) -0.50 (-0.61) -0.86 (=2.70)** -0.31 (=1.56) -0.47 (-1.18)
-0.14 (-0.69) -0.29 (-0.09) 0.258 (0.268) 0.516 (1.252) 0.242 (0.929) 0.184 (0.433)
0.192 (1.775)t 0.265 (1.573) 0.205 (1.298) 0.241 (1.087) 0.733 (2.605)** -0.09 (-0.40)
0.176 (1.444) 0.039 (0.419) -0.00 (-0.08) -0.01 (-0.14) -0.07 (-0.48) 0.203 (1.018)
0.093 (2.949)** 0.080 (3.360)*** 0.117 (2.755)** 0.140 (3.337)***
-0.24 (-1.30) -0.35 (-1.33)
0.093 (4.908)*** 0.089 (4.518)*** 0.114 (5.856)*** 0.161 (6.018)*** 0.109 (3.207)** 0.125 (2.842)**
-0.83 (-0.01) -0.91 (-0.03) 2.515 (0.147) 3.554 (0.145) 4.727 (0.671) 1.966 (0.097)
7.754 (0.373) 21.45 (0.329) -0.58 (-0.00) 1.199 (0.029) -2.43 (-0.32) 5.278 (0.111
3.633 (0.583) -1.91 (-0.18) 3.023 (0.602) 2.842 (0.737) 0.440 (0.129) 4.116 (0.686
3.671 (0.726) 14.41 (1.482) 7.453 (1.438) 8.718 (2.155)* 3.353 (0.565) 9.317 (1.282)
-0.03 (-0.00) -16.3 (-1.34) -4.42 (-0.68) -5.87 (-1.15) -2.91 (-0.44) -5.20 (-0.69
3.428 (0.479) 0.004 (0.001) -0.02 (-0.01) -0.41 (-0.17) -0.14 (-0.04)
-6.13 (-0.80) 1.265 (0.357) 0.590 (0.426) 1.522 (0.472) 2.310 (0.543)
9.559 (1.015) -1.26 (-0.32) -0.61 (-0.36) -1.94 (-0.51) -2.45 (-0.51)
-3.93 (-1.13) -0.85 (-0.16) -0.08 (-0.02) -0.09 (-0.02) 2.288 (0.709) -0.89 (-0.10)
-0.09 (-0.04) -2.23 (-0.56) 2.363 (0.584) 2.258 (0.477) 3.723 (1.382) 0.875 (0.226)
0.520 (0.284) 0.644 (0.206) 0.085 (0.031) -0.05 (-0.02) 1.940 (1.022) -1.31 (-0.33)
0.133 (0.076) -0.10 (-0.03) -0.25 (-0.09) -0.39 (-0.17) 099 (0.058) -0.35 (-0.10)
-0.14 (-0.18) -0.14 (-0.08) 0.043 (0.035) 0.081 (0.062) -0.28 (-0.37) 0.771 (0.362)
0.207 (0.509) 0.026 (0.034) 0.095 (0.177) 0.073 (0.128) -0.07 (-0.21) 0.083 (0.081
-1.82 (-0.87) -2.15 (-0.40) 0.627 (0.567) -0.95 (-0.15)
4.470 (0.245) 4.796 (0.364)
-0.36 (-0.18) -2.09 (-0.34) 0.170 (0.017) -0.12 (-0.01) -0.03 (-0.03) -0.32 (-0.04)
736 736 652 652 349 303
75T H*x 11.64%** 7.8 FF* 249xx% 133%%% 196%**
0.39 0.36 0.3
included
included included included included included included
736 736 652 652 349 349
0.69 1.44% 2., 45%%% 82k A 93 %A 64%*%
0.05 0.07 0.12
included
included included included included included included

(t-stat in parenthesis; T p<10%; * p<5%; ** p<1%,; *** p<.1%; 2-tailed significance test
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Table 7. Robustness checks: technological capabilities and economic valuation; only firms with valuation < $100 millions

Endogenous variables of the model: Technological capabilities and financial valuation

Model 4, >1 year Model 5, >1 year Model 6, >1 year
old; l-year old; VC's large old; VC's low
windows resources resources

Model 2, >1 year Model 3, <1 year

Model 1 o1d o1d

Non-linear, TOBIT Non-linear, TOBIT Non-linear, TOBIT Non-linear, TOBIT Non-linear, TOBIT Non-linear, TOBIT

Constant -0.64 (-1.00) -0.68 (-0.90) 0.507 (0.527) -0.58 (-0.73) -0.61 (-0.77) -1.09 (-1.09)
Valuation 0.061 (0.866) 0.004 (0.080) 0.043 (0.419) 0.009 (0.144) 0.030 (0.535) 0.028 (0.415)
Pre 0.008 (0.034) 0.175 (0.712) 0.116 (0.332) -0.00 (-0.01) 0.312 (0.994) 0.097 (0.249)
Post -0.37 (-1.57)tt -0.89 (=3.35)*** 0.424 (1.407) 11 -0.48 (-2.08)*** -1.06 (-3.00)** -0.85 (=2.07)*
difference (H2a) 0.378 (1.305)tt 1.070 (3.237)** -0.30 (-0.78) 0.484 (1.494)tt 1.381 (3.108)** 0.956 (1.872)t
State 0.199 (0.798) 0.304 (1.040) -0.02 (-0.06) 0.210 (0.557) 0.072 (0.241) 0.621 (1.276)
VenturingIntensity 0.261 (1.445)tt 0.443 (1.835)% 0.169 (0.599) 0.319 (1.047) 0.735 (2.544)* -0.03 (-0.10)
Found 0.096 (1.889)t 0.197 (2.630)** 0.128 (2.241)~* 0.049 (0.837) 0.277 (3.040)**
VentureAgeAtFunding -0.05 (-0.14)
VentureSize 0.210 (6.356)*** 0.204 (4.636)*** 0.165 (3.330)**~* 0.166 (2.797)** 0.169 (3.131)** 0.197 (2.683)**
Constant 6.604 (1.034) 11.70 (2.011)* 5.005 (0.440) 10.30 (1.090) 5.610 (0.986) 4.334 (0.290)
TechnologicalCapabil 1.644 (0.179) 4.180 (0.782) 1.515 (0.130) 4.114 (0.341) 3.656 (1.535)f1t 0.223 (0.021)
Pre -0.75 (-0.33) -2.73 (-0.63) -0.99 (-0.21) 1.322 (0.381) 5.109 (0.764) -0.25 (-0.06)
Post 1.035 (0.393) 2.314 (0.572) -1.23 (=0.27) -2.08 (-0.45) 3.450 (0.629) 1.979 (0.560)
difference -1.79 (-0.60) -5.04 (-1.06) 0.236 (0.043) 3.411 (0.620) 1.659 (0.194) -2.23 (-0.43)
Pre*TechnologicalCap 0.763 (0.737) 1.560 (1.137) -0.02 (-0.02) 0.146 (0.104) -1.47 (-0.75) 1.104 (0.782)
Post*TechnologicalCap 1.224 (1.048) 2.216 (1.581) 1t 0.088 (0.116) 2.630 (1.586) 1t 2.846 (1.561)t1 -0.79 (-0.62)
difference (Hla) -0.46 (-0.35) -0.65 (-0.41) -0.10 (-0.12) -2.48 (-1.21) -4.32 (-1.88)1 1.895 (1.076)
CapitalAvailability -0.17 (-0.13) -0.96 (-0.59) 1.163 (0.465) -2.41 (-0.96) -2.02 (-1.18) -1.07 (-0.39)
VCresourcesl 1.853 (0.926) 1.578 (1.443)tt 2.513 (0.730) 0.147 (0.101) 3.789 (2.196)* 0.518 (0.172)
VCresources2 -0.01 (-0.02) -0.78 (-0.77) 1.140 (0.638) -0.98 (-0.61) 3.072 (1.833) 1t -5.07 (-1.18)
BusinessCapabilities -1.49 (-1.18) -1.24 (-0.98) -1.60 (-0.71) -1.78 (-0.66) -1.53 (-1.02) -2.15 (-0.95)
ManagersExperience 0.313 (1.019) -0.29 (-0.70) 0.698 (0.658) -0.05 (-0.09) -0.17 (-0.44) 0.049 (0.055)
OtherExperience -0.00 (-0.06) 0.061 (0.264) -0.11 (-0.38) 0.084 (0.232) 0.219 (0.994) -0.25 (-0.55)
Found -0.22 (-0.32) -0.57 (-0.25) -0.61 (-0.35) -0.02 (-0.05) 0.262 (0.085)
VentureAgeAtFunding 3.238 (1.156)
VentureSize -0.35 (-0.20) -0.75 (-0.62) -0.32 (-0.16) -0.36 (-0.16) -0.41 (-0.72) 0.307 (0.134)
N 641 349 300 341 177 164
F or LR-chi2 387H** 219%** 220%** 204xx* 135% %% 129%**
R2
dummy years
dummy industries included included included included included included
N 641 349 300 341 177 164
F or LR-chi2 112%%%* TLx** 98** 68*** T3xxx 48t
R2
dummy years
dummy industries included included included included included included

(t-stat in parenthesis; T p<10%; * p<5%,; ** p<1%; *** p<.1%; 2-tailed significance test; T p<10%; 1-tailed significance test.



Figure 1. Periods of ‘convergence’ and landmark technical inventions
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Figure 2. Fabless SOC period of convergence

Semiconductors industry venturing activity
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Figure 3. Penetration of EDA in the semiconductor industry supply chain

Stage of the supply chain 1990 1995 2000 2005 2010
System Design OEM OEM OEM OEM OEM/Semi
Software OEM OEM OEM Semi Semi/IP
Chip Design OEM/Semi Semi Semi Semi Semi/IP
Architectural Tools and IP Semi Semi P IP EDA/IP
VLSI Design Tools Semi EDA EDA EDA EDA/IP
Physical Libraries Semi Semi P EDA/IP EDA/IP
Design for Manufacturing Semi Semi Semi EDA EDA/IP
Fabrication Semi Semi Foundry Foundry Foundry

OEM = Original Equipment Manufacturer
Semi = Original semiconductors firm

@, 2005, Tensilica, Inc.
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Figure 4. Periods of convergence and number of ventures

Biotechnology
Convergence Number of pre- Number of post-
T period Convergence Convergence
ventures ventures
H
o 1991Q2 1 2
1996Q1 13 10
4 1 I 1997Q2 11 12
|I 2000Q2-2000Q3 | 11 21
3 | 2001Q4 21 5
3 1N A ] e | o0 8 3
. ..4., ....mm I |'l Tl 2003Q3-2004Q1_| 10
|1 |' 1979-1980: Introduction of the recombinant human insulin and
o |.| | i lnlrll) , the recombinant human growth hormone.
ll"'|||'|. ||.| Nl'n 1985-1990: First recombinant vaccine and the first animal
A patent.
a 1990: Kick-off of human genome project.
1995-2000: First full gene sequence for the bacterium
i ' I Haemophilus influenzae, and the first animal cloning (‘Dolly,
the sheep’.)
Post-2000: Completion of the human genome sequence.
Wireless Convergence Number of pre- Number of post-
T period Convergence Convergence
| ventures ventures
H 1986Q2, 1987Q1 | 2 1
o 1991Q4,1992Q2 | 1 2
1996Q2 13 19
4 | m 1998Q3 26 26
1999Q3-2000Q1 | 33 81
: 1 1980: Introduction of analog cellular systems.
¥ _. 4 I | | we | 1981: Kick-off of GSM in Europe.
il thiashald | 1982-1983: FCC spectrum auctions.
| TN |] IT -| | Ull 'l 1991-1992: digital cellular systems.
K Il"IJ l."' jrl II| ; u\\w‘l‘lll L}\ 1996: Roll-out of mobile satellite
J|I'L |J| TRIRYA! 4 I 1, | 1998:2.5G/3G systems.
A 2000: Mobile internet.
2
TR
Semiconductors
Convergence Number of pre- Number of post-
T period Convergence Convergence
ventures ventures
L 1979Q3 1
o 1983Q4 1
1984Q2 1
4 m 1995Q2 7 6
1997Q1 9 10
3 I J"| 1999Q3 14 24
241 i |1 all 2000Q2-2001Q3 | 24 68
;| ey t-.-nhnb.-ﬁ rl I'II |l= |‘ 2003Q4 6
\! 1978: Intel 8086 (3000 nanometers)
o | U | l"lxﬁ rh"] bn'-, 1982: Intel 286 (1500 nanometers)
Jrv./l ul 1990: Intel 486 (1000 nanometers)
1995: Intel Pentium Pro (350 nanometers)
a 1997: Intel Pentium II (250 nanometers)

1999:
2000:
2003

Intel Pentium III (250 nanometers)
Intel Pentium 4(180 nanometers)
: EDA+fables SOC+(90 nanometers)
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