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New Venture Creation and Growth

Abstract

This study investigates the role of new venture creation in innovation. We model new venture creation to
derive some testable hypotheses and test these for a sample of new ventures in information and
communication technology (ICT) sector, using a novel and unique dataset. In the earliest venture creation
stage, new firms face fundamental trade-offs between introducing innovation, getting to break-even point
quickly, and reaching high levels of revenue. We first present an analytical model that illustrates why such
trade-offs arise. We then empirically analyze the earliest stage venture creation process applying a multi-
input, multi-output stochastic frontier model to account for unobserved heterogeneity across new ICT
ventures in four different countries. This approach allows us to identify a strong trade-off between
innovativeness on the one hand and speed to break-even point (profitability) and revenue on the other. We
find that proprietary resources, founders’ equity and labor (also known as “sweat equity”), are the main
drivers of new ventures’ multidimensional success. Our paper thus proposes that new venture creation is a
key bottleneck in the process of innovation and opens an important line of research to explain the (large)
unexplained variation in efficiency across new ventures in ICT.

JEL Codes: D22, 126, L.29, O31
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I. Introduction
New venture creation (NVC) is modeled rather simplistically in the theory of economic growth.
Although Schumpeter’s work stressed NVC as the source of change and sustainable growth in a
market economy (Schumpeter, 1934; Koellinger and Thurik, 2012; Acemoglu and Robinson, 2012;
Haltiwanger et al., 2013), macroeconomic growth models have not problematized the process of
new venture creation. Instead, they focus on either its drivers (new knowledge creation) or its
consequences (innovation and growth). The neoclassical Solow-Swan model ignored innovation.
Modern ideas-based endogenous growth models (Romer, 1990; 1994; Jones, 1995; 2005) put
innovation at their cores. But even the subclass of “Schumpeterian” growth models (Segerstrom et
al., 1990; Aghion and Howitt, 1992; Dinopoulos and Thompson, 1998; Aghion et al., 2014) have
viewed the process of new venture creation as a trivial step in the process (Acs and Sanders, 2012;
2013). In all these models, profitable opportunities to innovate automatically find an entrepreneur
who creates a new organization, in the same way as all vacancies in the labor market get filled and

all investment opportunities find an investor in equilibrium.

In this paper we want to zoom in on the venture creation process. To bring venture creation into
the mainstream models of innovation and growth, we take inspiration from the literature on

entrepreneurship. That literature studies how entrepreneurs create new ventures to introduce new



goods and services to the market (e.g., Lucas, 1978; Evans and Jovanovic, 1989; Baumol, 1990;
Levine and Rubinstein, 2016; Parker, 2018) and there is ample evidence that this process can be an
important bottleneck in turning promising ideas into innovations. If NVC is an important bottleneck
in the innovation process, a micro-economic understanding of what resources make entrepreneurs
successful in NVC will complement our macro-economic understanding of economic change and
growth.

In this paper we therefore start by outlining a theoretical framework to understand the
process of new venture creation in the form of a very simple mathematical model. We assume that,
due to asymmetries in information, only founder equity can finance the activities before break-even
and founder labor is necessary to bring down the uncertainty over a new venture’s value proposition
(innovativeness). This idea builds on the work by Evans and Jovanovic (1989) who argued that
entrepreneurial venturing can be understood as the founding team learning about the productivity
and profitability of the venture as they engage in the activity. We then link this idea to a standard
idea-based growth model set-up (e.g. Romer, 1990; Aghion and Howitt, 1992), where post-
innovation monopoly rents incentivize the innovators. Under those empirically reasonable
assumptions, we show that founders will choose to hire labor during the NVC to maximize the
(externally verifiable) value of their venture at break-even. This simple model generates some
straightforward and intuitive hypotheses on the trade-offs that founders face between the time to
break-even, the revenue when they do and the innovativeness of their idea. We then proceed to
build an empirical model to test these hypotheses in the data.

We thus conceptualize NVC as the transformation process by which entrepreneurs acquire

and organize resources to achieve the objective of establishing a viable new enterprise (Davidsson,



2016). NVC is therefore not a costless activity and inefficiencies in the process cause scarce
resources to be wasted; a point noted by de Meza and Southey (1996). The rapidly expanding
management literature on NVC (e.g., Shane and Venkataraman, 2000; Mcmullen and Dimov,
2013; Shepherd et al, 2019; Davidsson and Gruenhagen, 2020) has studied the process by
introducing different outcome measures (e.g., survival, profit, employment growth, investment,
innovation) and has added a plethora of control variables, such as founder (team) characteristics,
resource inputs, and environmental variables in different permutations. Entrepreneurship scholars
have also analyzed the motivations and characteristics of entrepreneurs, including their cognitive
and social abilities (e.g, Lazear, 2004; Hartog, van Praag, van der Sluis, 2010). Davidson and
Gruenhagen (2020) provide an overview of this literature. The 24 key papers in their list show how
the field that has focused on NVC processes as a sequence of steps over time. Notably, the empirical
contributions by Reynolds and Miller (1992), Carter et al. (1996), Davidson and Honig (2003),
Delmar and Shane (2004), Foo et al. (2009), Held et al. (2018) show a clear trajectory of collecting
time stamped data and of analyzing venture creation as a process that takes time. But this approach
remains limited in terms of theory framing: the empirical models remain ad hoc and do not link
outputs to inputs utilizing a quantifiable production function approach. Moreover, by applying
standard statistical methods, the estimates of the impact of (measured) factors on NVC outcomes
are necessarily the average effects for the average venture at the average levels and intensities of

input use. These papers thus (implicitly) attribute the (very large) deviations from the average to



random noise and symmetric measurement error, while we know that a large part of these errors
arises from (unobserved) heterogeneity across NVC processes.

We concentrate our attention on the earliest stage of the venture creation, operationalized
here as the time between the registration of the new company and attaining break-even; an approach
which is close to Reynolds (2018). Furthermore, we propose that Stochastic Frontier Analysis
(SFA), developed to study productivity performance across heterogeneous firms, can provide new
insights into NVC process. Traditional methods (implicitly) assume all observations come from
the same data generation process and that randomly distributed measurement error explains
deviations from the true model. SFA replaces that assumption with a less restrictive assumption on
the distribution of unobserved heterogeneity. We then illustrate our method using time stamped
data on new venture creation processes in the information and communication technology (ICT)
sector, taken from the Perfect Timing Database (Herrmann, 2019; Held et al., 2018; Herrmann et
al. 2020). The data allow for the analysis of multiple dimensions of both NVC objectives and of
resources and we identify the trade-offs among three objectives and alternatively two or four inputs.
Our method could be extended on both the dimensionality of the objectives/outputs and the
resources/inputs, thus allowing future researchers to build on our model and unpack the NVC-
process in a stepwise manner.

Using this approach, we find that the trade-offs in outputs between venture innovativeness
and revenue size, as well as between innovativeness and speed-to-break-even are strong, whereas
the trade-off between revenue size and ventures’ speed-to-break-even is much weaker. Moreover,

and in line with the resource-based view of the firm (Barney, 1991; Alvarez and Barney, 2005), we



find that, of the labour employed and capital invested, it is especially the “founders’ sweat”
(Bhandari and McGrattan, 2021) and equity that contributes to better outcomes.

We thus make four contributions in this paper. First, we show in an analytical model that,
at the efficient frontier, NVC should reveal trade-offs between time to break-even, revenue at break
even and innovativeness. Moreover, our model shows that these trade-offs are less stringent when
founder equity and labor are more abundant. We then confirm the existence of these trade-offs
between entrepreneurial objectives, especially between those related to long-term benefits
(associated with innovation) as against the short-term financial gains. The proposed framework
also allows us to estimate quantitatively sensible substitution and output elasticities for the inputs
considered. Third, we apply an empirical method for analyzing the transformation process of
multidimensional inputs into multidimensional outputs across heterogeneous units during the
earliest stage of NVC and demonstrate that it produces valuable insights. Fourth, we present and
use a new, detailed dataset on the earliest stage venture creation processes, the Perfect Timing
Database. This unique data source, published with this paper, allows researchers to link precise
details on acquisition of financial resources and team formation to speed, profitability, and
innovativeness of NVC in the ICT sector across four countries. We hope this dataset may serve as
a template for further data collection and analyses in this area.

The remainder of our paper is structured as follows. Section 2 presents our theory and
model. Section 3 presents our empirical methodology and data. Section 4 presents our empirical

results, and Section 5 concludes.



II. Theory and Model
II.1 Basic Set-up

In line with our empirical definition of the firm formation process, we assume a venture creation
process starts with the registration of a firm. At that point in time the founder(s) commit an amount
of founder equity, e, to the venture and starts supplying its exogenous supply of labor input, f,
inelastically to the venture. From that point onwards the founder(s) can decide to hire external
labor, h(t) at an exogenously given wage rate, w. The venture has a technology to create revenue
that we characterize by:

R(t) = 1(©)*r(e(t), f + h(D)

Where we assume that r(.) is positive and concave in both arguments and I(t)? is a draw from a
normal distribution with mean y and variance o (t)?, where o (t)? = uP ( ) Ot f(dr =tf ), where

we assume P(.) >0, P'(.) <0, P"(.) <0, such that the variance falls with time and founder
labor input to 0 as either goes to infinity. This process captures the Evans and Jovanovic (1989)
idea that working in their venture reveals the innovativeness of the venture to the founders. Total

costs for the venture are given by C(t) = wh(t) and the budget constraint for the venture is:
t

e(t)=eo+f R(T)dl’—ftC(‘[)dTZO

We assume that the founders want to maximize the value of their venture at the point of break-
even, R(t) = C(t). This value is given by:

11.2 Equilibrium

I1.3 Hypothesis Development and Trade-Offs



III.  Empirical Method and Data

II1.1 Empirical Method
In the model above we have derived our hypotheses under the assumption that NVC is an efficient
process and venture creation is a predictable and plannable process. Of course, in reality, every
new venture is unique and develops under deep uncertainty, also on behalf of the founders. The
success of the venture creation process depends to a large extent on the complex and unpredictable
interaction between founders’ talents and resources, the technology that is being explored and the
environment in which the venture is launched. We cannot usefully model this as a process where
the decision maker can rationally and efficiently employ resources by setting market prices equal
to (expected) marginal value products. Instead, the uncertainty must be reduced and although
external labor can be employed at market wages, it is the proprietary resources, committed to the
venture by the founders in a leap of faith, that drive the process. When testing the hypotheses
derived above, we need to take into account that in the data, all heterogeneity that is caused by the
complex interaction between such resources, the technology and the environment of the venture,
cause heterogeneity across NVC processes, potentially increasing their time to market or reducing
their revenue for given levels of innovativeness. Such “inefficiency” is to be expected. We do
assume, however, that it does not affect the trade-offs at the efficient frontier and will model this
as a level shock to the NVC.

To introduce our empirical method for doing so, it will be helpful to introduce some formal
notation. If we conceptualize a NVC process, /, as setting up a new organization, then, at that
admittedly high level of abstraction, it is a transformation process in which an entrepreneurial team

acquires and (re)arranges a set of N resources that we can represent by a Nx1 input vector x™;.



These inputs are used to achieve a set of M objectives that can be represented by an Mx1 vector of
yM;. We then follow production theory in assuming that the mapping of inputs into outputs is stable
over all i and can be described by a mathematical function, yM = AxY). Empirical research then
typically proceeds with the implicit assumption that all observations in a dataset (in our case
venture creation processes) are drawn from the same data generation process. That is, all venture
creation processes follow a common transformation process, and the variation across observations
can be used to identify the parameters of that process by assuming observations are randomly
distributed around the true model. Assuming that inputs are (log) linearly combined (a Cobb-
Douglas specification) into a single objective or performance measure, one would, for example,

estimate:!

Iny; =a+ X0 BnInxi +¢; (D

where i indexes the NVC processes over which we generalize. The empirical literature on NVC
processes then tries to identify relevant inputs (such as founder team characteristics, environmental
variables and investor inputs) by estimating the output elasticities  for inputs, which are theorized
to affect venture creation, in a dataset of nascent ventures. When we also reduce the number of
inputs to 1 for exposition purposes, Figure 1 below shows the familiar graph from Statistics 101.

{Figure 1}

!' It is possible to estimate more general specifications like the Constant Elasticity of Substitution or Translog specification, that
allows for the elasticity of substitution between inputs to be different from 1 or even dependent on the level of inputs used. In this
paper we keep that part of the modelling simple and develop our argument around a standard Cobb-Douglas specification. What
limits us in pursuing more complex models is primarily the size of the dataset.
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Regression analysis fits a curve through the data points available and interpret all points away from
that curve as randomly distributed errors in measurement, or specification. More sophisticated
studies could identify the marginal contribution of inputs to venture creation in regressions where
a dummy, or variable, distinguishes between different types of new ventures and estimate the
difference in output elasticities between these groups — again, interpreting the residual as a
random, normally distributed error.

Both approaches are problematic, however, if we cannot assume that the underlying data generating
process is similar across all units of observation. Importantly, the literature (Gartner, 1985;
Davidsson and Gruenhagen, 2020) has frequently made the point that the assumption of
homogeneity is particularly problematic for venture creation processes. Indeed, some would go so
far as to suggest that every venture creation process is unique and idiosyncratic; this would imply
generalization across these processes is impossible and one cannot learn from comparing across
NVC processes. This contrasts with traditional regression analysis, which assumes the same data
generating process across all observations but also that deviations from the true model occur only
through random measurement error. We seek a middle path between these views.

A way to recognize the role of heterogeneity in NVC processes, while at the same time learning
from generalization across instances of venture creation, is to model individual venture creation
processes as yielding different outcomes for the same vector of inputs. In production theory,
scholars have developed Stochastic Frontier Analysis (Farrell, 1957; Kumbhakar and Lovell, 2003)
just for such cases. Unlike the baseline Figure 1, Figure 2 shows how, using the same observations,

a stochastic frontier model separates between the firms at (area A) and below (area B) an “efficient

11



frontier”. The slope of the frontier represents the output elasticity of the input, whereas the model
allows for observations to lie below the line for a host of (unobserved) reasons.

{Figure 2}
By making some assumptions on the distribution of the additional, one-sided error term, the model

to be estimated is now:

Iny; =a+Yh_1BnInx] +& —v; ()

where the additional, error term v; is strictly positive, truncated normal, exponentially or half
normally distributed, and measures the vertical distance from observation i to the maximum
attainable output at the frontier. One advantage of this approach is that the output elasticities are
thus estimated at the frontier. That is, in our simple one-output example, we estimate the marginal
contribution of input factors to NVC output amongst the firms that attain the highest levels of
output in the sample.? The ventures at the frontier are also most likely to be constrained by the
measured inputs in trying to achieve the measured outcomes.

As can be verified visually by comparing Figures 1 and 2, the estimated parameters of the
transformation process can differ significantly between these methods. This is a consequence of
the bias created by estimating the parameters using data points for which, for unobserved reasons,

the input constraints were not, or less binding on the outcomes considered. If these (unobserved)

2 More precisely, all observations are used to estimate the slope of the frontier, but the estimation procedure takes into account
that not all observations are at the frontier. The assumption here is that all observations face the same output elasticity (slope), but
need not have the same intercept in their production function. This gives more weight to the observations close to the frontier in
estimating the common output elasticities, as their remaining distance to the regression line will reduce the likelihood function
most.
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external factors, for example different initial conditions, explain why the ventures in area B could
not operate at the frontier, then the missing variable bias can be addressed by accounting, in our
estimation method, for the unexplained distance from the frontier. If we do not allow for this,
missing variable bias could potentially affect the estimated trade-offs and substitution elasticities
in the venture creation process. The traditional estimation methods therefore yield biased and
imprecise results.

The Stochastic Frontier Analysis (SFA) method has the advantage that it does not require
the consideration of all possible factors in a complete model. Without controls, the distance to the
frontier captures a significant share of the unobserved heterogeneity and isolates the bias that would
otherwise affect our parameter estimates. Moreover, the one-sided error term gives us an indication
of the importance of unobserved heterogeneity. A final, and in the case of venture creation
processes, critical advantage of this approach is that it allows for multidimensionality, not only in
the input vector, but also in the outcome vector. We know from the literature reviewed by
Davidsson and Gruenhagen (2020), that founding teams can have a variety of different objectives.
To then estimate the importance of inputs in the process for achieving one or the other objective,
misses the point that the same resource inputs may have been employed to achieve objectives other
than the one being modelled. Again, that will bias estimated elasticities (down) and while this is
complicated to capture in standard regression models, multiple output frontiers are a
straightforward extension of the single output SFA model in equation (2).

Thus, building on the single output production frontier, Appendix A shows that, under
(mild) additional assumptions, notably that the frontier is homogeneous of degree one in outcomes,

one can also estimate a multiple output model:
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Iny! =a+ 3N Bulnxl+ 38 ¥y Int + & — v, 3)

Vit

As in the single objective case, the variance of v over the total variance can be interpreted as a
measure of importance of unobserved heterogeneity in factors that prevents venture from achieving
its objectives; that is of its inefficiency (Kumbhakar et al., 2015). In equation 3, the distance to the
frontier is —wv; < 0, which is not assumed to follow a standard normal distribution, N(0, c2).
Rather its distribution can be modelled alternatively as half (or folded) normal, truncated normal,
or exponential. ¢&; is the usual mean-zero normally distributed noise component, that is
independently and identically distributed (Kumbhakar and Lovell, 2003). Because the distribution
of v; is asymmetric, so is the distribution of the composite error term €; = & — v;.

Equation 3 is the frontier model we use to analyze which resources (inputs) contribute

towards new ventures’ achievement of their objectives.

[II.2 Data

To estimate our model, we utilize data on individual NVC processes, and to illustrate the
generalizability of our method to multiple outcome and input dimensions, we use observations on
three parallel outcomes, as well as a number of relevant input variables. We draw our proprietary
data from a unique firm-level dataset containing information on the start-up processes of 331 usable
observations on nascent ventures in ICT, collected with an explicit focus on how their activities
were sequenced. Founders were interviewed about their activities since the start of the venture
creation, in the period which we labelled above as the earliest stage NVC process. The interviews

were carried out in two waves between 2011 and 2018, based on computer-assisted telephone
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interviews in US, Germany, UK, and Italy. The population considered includes ICT-based ventures
of all legal forms apart from sole proprietorship, registered between 2004 and 2014. From this
population, founders were randomly selected and invited to participate in an interview about the
venture creation process. A structured interview guide was developed for a survey-based interview
on Computer Assisted Telephone Interviews (CATI). The interview guide made it possible to trace
how venture creation processes evolved on a monthly basis. The questionnaire records the venture
details and circumstances of venture creation, such as the venture’s location, year of registration,
legal form, business idea (product or service), novelty, and degree of innovativeness. It also
identifies its start (in our case: registration) and end date (in our case: achieving a break-even point)
of the earliest stage NVC. In line with the process-oriented entrepreneurship literature (Reynolds,
2018; Davidsson and Gruenhagen, 2020), we use the registration date as the start date of venture
creation. The end of the NVC process was defined as the point in time when the new venture
generates profits for more than 3 months.? If this had not occurred by the date of the interview, the
process of venture creation was categorized as ongoing, to a maximum of 84 months. The shortest
venture creation process in the sample is three months. Furthermore, the questionnaire traces — on
a monthly basis — how many founders, employees, and service providers worked for the venture
on a part-time or full-time basis respectively, and when. It also reports the different financial
sources that the venture acquired that we categorize into founder capital and loans and

subsidies/grants.

3 Tt is possible to estimate profit frontier models that explicitly model profit maximizing behavior (Kumbhakar et al., 2015), but
this would require information about prices of inputs and outputs that we do not have.
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We next describe how we constructed our dependent variables (objectives), our resource
inputs, as well as the explanatory variables in new venture creation processes. More detail can be
found in the online material with this article where we include the Stata™ do files we have
compiled to construct our variables and generate the results.

The dependent variables in equation (3) are the three objectives of the new venture. For the
Speed to Break Even Point (SPD), we calculate the time (in months) that elapsed between the
venture registration and the first month of three consecutive months of non-negative profits. As is
standard in the frontier analysis, we then cut off the extreme values (top and bottom 1%) so they
do not distort the frontier location, and computed speed to break-even point as:

SPD=1/MTP “4)
where MTP is months to non-negative profit. SPD would then take a value of 1 for the firm that
has the smallest number of months to non-negative profits (about 1) and will approach 0.01 for
firms that score the highest number of months. We present descriptive statistics in Table 1, and
the resulting variable in a histogram in Appendix B (Figure B1). The variable has a right skewed
distribution, suggesting that many firms are close to the slowest firms in completing their firm
formation process.

Our proxy for the second objective, revenue, is the level of revenue at the end of the venture
creation process as defined above, labelled REV. To ensure that our variable is well behaved, we
again drop the outliers above 99% and below 1% respectively. Figure B2 provides the histogram
of this variable, both in the original form and in the logarithmic transformation we will use in

estimations.
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Our proxy for the third objective, innovativeness of the venture (INN), is constructed as
follows. In the survey, founders were asked to assess whether their product or service was new to
the customers (CUS: l=yes, 2=no), indicate the novelty of their product or service (NOV:
I=radical, 2=incremental, 3=replicative), and to list if the firm was (1=yes, 0=no) developing a
new product (DPT), process (D), service (DSE), technology (DY) or application (DAN) and selling
the product or service abroad (DEX). Based on their answers, we defined our proxy for
innovativeness as:

INN=1+99*[(2-CUS) +(3-NOV) +DPT+DPS+DSE+DTY+DAN+DEX]/9 ®)
The variable takes a value of 100 for firms that have the maximum score on all components in the
index and takes a value 1 in the opposite case. Figure B3 presents a histogram. Our INN variable
has only 9 possible outcomes by construction. This, however, is enough to treat this variable as
more or less continuous for the purpose of our estimations. The distribution is relatively flat,
indicating that many new firms in our sample are not very innovative. Given that we have sampled
newly founded firms randomly, we would expect this from the empirical evidence.

To estimate equation (3), we also need to specify the inputs used in the production process.
We follow the standard micro-economics perspective, largely shared by the entrepreneurship
literature (Casson and Yeung, 2008), to classify the inputs needed by new ventures into two major
categories: labor and capital. The standard model of production posits that increases in both
categories of input, labor and capital, allows the firm to attain higher levels of its output (Estrin et
al., 2013). To measure these inputs, we use the labor and the financial capital (our proxy for capital)
utilized between the moment of registration and the end of the commercialization phase.

[TABLE 1]
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4. Results

We first estimate the model in equation 3 using two ‘naive’ estimators: corrected ordinary least
squares (COLS) and corrected median absolute deviation (CMAD) estimators (Kumbhakar et al.,
2015). The corresponding deviations from the frontier &; € [0,1] are presented in Appendix B. For
COLS, the frontier is defined as if there is no measurement error or noise around it, and by
construction, these estimates are sensitive to outliers (Kumbhakar et al., 2015). We can see this
when comparing the deviations from the frontier in COLS with those obtained from the CMAD
model, which is less sensitive to outliers. In the latter model, the distribution is more skewed.
Nevertheless, in both models the distribution of deviations from the frontier resembles a truncated
normal distribution: most firms are close to the frontier, but the density decreases in close proximity
to the frontier. This is illustrated in Figure B4, which also shows tests of the distributional
assumptions; we show that our data satisfy the conditions needed to justify the use of a frontier
framework. The interpretation we might offer with this result is that some ventures, arguably those
that care most about the outcomes we measure, operate at the frontier, but a substantial mass of
observations lies below the frontier. If all ventures were to use labor and capital efficiently to
achieve speed to break-even, revenue and innovativeness, then we would expect to see the mass of
firms clustered close to the frontier. The fact that they do not, gives us an indication either of
inefficiency or that other objectives and/or other inputs may have played a role in explaining why

not all firms operate at the estimated frontier. At the same time, for those that do, we may estimate
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the outcome elasticities for the inputs as well as trade-offs between the observed objectives using
our stochastic frontier model.

Table 2 presents the estimates of the frontier model where we first utilized the two inputs,
labor and financial capital, but estimated the coefficients utilizing alternative distributional
assumptions. This represents our benchmark model. The first two columns represent results of the
COLS and MAD models. The next three present the estimates with an assumed half-normal,
truncated normal, and exponential distribution for the one-sided residual distribution, respectively.

From the estimates of equation 3, we find the expected negative signs on trade-offs between
the output dimensions to be highly significant. To be specific, for the exponential distribution, we
find the estimated coefficient on the trade-off between speed to break-even and innovativeness
equal to -0.500. Similarly, we find the trade-off between speed to break-even and the level of initial
revenue with the estimated coefficient equal for the exponential distribution to -0.0425.# In a post-
estimation test on the difference of coefficients, we find the difference is significant at 0.1% for
the COLS and half normal distribution (Models 1 and 3 in Table 2) and at 1% for the MAD (Model
2), with weaker results at 10% for models based on a truncated and exponential distribution of

distance from the frontier (Models 4 and 5).

[TABLE 2]
We find strong general support for the idea that there is significant unobserved heterogeneity in

start-up performance; Distance from the common frontier accounts for about 75% of the variation

4 We cannot directly test the trade-off between initial revenue and innovativeness. This trade-off has to be excluded to avoid
perfect correlation. However, by implication given the sign of the other two trade-offs it must also be negative, as we also verified
by choosing the other outcome variables as our benchmark/dependent variable and running alternative models. No other results
were affected.
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in outcomes across new ventures. This 75% is basically the measure of our remaining ignorance;
it is the unexplained residual.

We next use our data to analyze in more detail the impact of factor inputs by taking more
careful account of the heterogeneity in both capital and labor inputs. Thus, we distinguish between
two forms of labor input: that of founders, and of hired labour (employees and service providers)
as inputs to the venture creation process.’ Furthermore, we analyze whether some forms of capital
are more valuable than others, with a two-way categorization into founder equity, and other forms
of finance (debt and grants).®

Starting with labor, while increases in all labor inputs should allow the new venture to attain
higher levels of all three objectives, the literature highlights the need to distinguish between the
entrepreneurial team and hired labor in the representation of the labor input (e.g., Bolzani et al.,
2019). Founders (i.e. owners and managers) may have greater directly relevant capabilities for the
new venture and may also be more strongly motivated and therefore work more productively than
paid employees or hired service providers (Santos and Carden, 2018). Alternatively, following the
logic of resource-based view (RBV) (Barney, 1991; Alvarez and Barney, 2005), it is the founders’
labor that is firm-specific and hard to source from outside, whereas hired labor constitutes a market
resource that is scarce, but does not constrain the choices of a venture at the frontier.

Similarly, we also expect different types of capital to have different effects on the objectives

achieved. We start from the idea that financial inputs will have a greater impact on output in the

5 We also experimented with models where we further distinguished between labor input and externally hired services. The
differences in coefficients between the two were insignificant, while labor input of founders remained significant. We therefore
report the more parsimonious models.

¢ Similar to labor, further distinctions in finance proved insignificant, while equity remained highly significant, which again led us
to report the more parsimonious model.

20



form of equity than of debt. Equity finance, especially founders’ equity investment, implies that
there is incentive compatibility between the providers of finance and the management of the
venture. Both downside risks and upside gains are shared equally. In contrast, when the new
venture takes on external debt, there is asymmetry in the gains and losses because debt is a fixed
financial-cost contract. This implies that providers of debt face a potential moral hazard problem,
because the borrowers may gamble. As a result, debt providers usually insist on collateral from the
debtors to protect themselves by securing their loans and debt finance comes with a higher risk of
foreclosure by banks’. Thus, depending on the way it is secured, debt may lead to too little or too
much risk taking and is less likely to lead to an optimum level of risk taking than with equity
finance. Government grants, although formally equity, face similar problems, if the granting bodies
are held accountable for how the money is spent (Parker, 2018).

Appendix C explains how we construct the categories of labor and of capital inputs. Our
dataset provides information on the first five founders, employees and service providers and we
are also able to compute founder equity, debt, and grants that were invested in the NVC process.
In the estimations that follow, we utilize the same estimation methods as in the benchmark model.
The results are reported in Table 3.

[TABLE 3]

We find support in Table 3 for the view that there is significant variation in the impact of

different categories of factor inputs on the new venture’s desired outcomes. We find that labor

input by founders, and capital input through (founder) equity, have a significantly greater effect

7 Entrepreneurs typically collateralize on their real estate assets. As Parker (2018) notes, this may induce them to take too little
risk.
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than the other categories of each input. Thus, we find that labor input by founders has a highly
significant positive impact on the output frontier (»p<0.001 in four models, and p<0.05 in MAD
model), in contrast to that of service providers’ and hired employees’ labor (coefficients are always
insignificant). To evaluate the difference between the two forms of labor formally, we need post-
estimation tests of the differences in coefficients. These are presented in two rows of Table 3
located below the coefficient’s rows. Correspondingly, these chi-square tests values of the
difference in coefficients are highly significant (at p<0.001) in all models but MAD (p<0.05). This
confirms the view that the labor effort of founders in the early stage is critical to the performance
of the new venture.

There is a parallel result for capital: the p value for the equity coefficients is always below
0.001 in models 1 to 5 reported in Table 3. In sharp contrast, the coefficients on other forms of
capital are always insignificant. Consistent with this, the chi-square tests on the difference in
coefficients indicate that founders’ equity finance matters more for entrepreneurial outputs in the

early phase than external equity, debt, or grants.

S. Discussion

The results confirm the importance of ‘sweat equity’ in line with recent findings by
Bhandari and McGrattan (2021). Likewise, the findings are also consistent with the RBV (Peteraf,
1993; Rumelt, 1984; Wernerfelt, 1984), in that it is the firm specific proprietary inputs that matter
most for the ventures that operate at the frontier. In contrast, factors that can be hired or attracted

in more or less open markets do not constrain the venture creation process as they can be adjusted

22



to fit the ventures’ needs and hired or acquired up to the point that marginal costs equal marginal
benefits.

More generally, we propose a novel modeling approach to help us gain a deeper
understanding of the earliest stage NVC process. We follow the literature and model the process
of venture creation as a transformation process over time in which resources constrain the degree
to which entrepreneurs can achieve competing objectives. Our approach allows us to link strategic
choices in the allocation and acquisition of resources to the achievement of entrepreneurial
objectives, and to systematically research the remaining sources of heterogeneity in the
performance during the venture creation processes.

We identified three entrepreneurial objectives, each critical in the earliest stage of the new
venture creation process: speed to break-even point, the initial level value of revenue when the
break-even point is hit, and the innovativeness of the venture’s offering. Our first set of results
confirm the existence of trade-offs at the frontier between these objectives. At the frontier, we
identify negative trade-offs between speed to break-even and the size of the initial revenue;
between speed to break-even and innovativeness; and between the size of the initial revenue and
innovativeness. We also find that the coefficient on innovation-speed to break-even is greater than
that on revenue-speed to break even, suggesting that the former trade-off is more binding than the
latter. This implies that, in terms of the entrepreneur’s strategic allocation of time and other
resources between these objectives (Levesque and Stephan, 2020), the opportunity cost of choosing
more innovative strategies in terms of lower speed to break-even is greater than the opportunity
cost of choosing strategies that generate higher levels of early revenue. This suggests that, while

entrepreneurs may emphasize different objectives in different stages of NVC processes, innovation
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is the most expensive in terms of resources.® In themselves, these findings are not new, but our
novel modelling approach allows us to quantify these trade-offs with more confidence that the
estimates are not biased by unobserved heterogeneity.

Our second set of results relates to what extent new ventures succeed in attaining the studied
combination of objectives. In our dataset we find that heterogeneity in this respect is very large.
For the half-normal and exponential models for which we estimated the ratio of variance in distance
to the frontier to variance in residual noise (1), the former plays a tangible role as reported in Table
2.

Our third set of results confirms the basic intuition both in the ‘sweat equity’ approach
(Bhandari and McGrattan, 2021) and in the Resource Based View of the firm (Peteraf, 1993) that
state it is the firm specific inputs that are relevant constraints on building the sustainable
competitive advantages that may sustain a new venture. We find that imitable resources available
on the external markets, such as hired labor and debt finance, do not contribute significantly to
achieving the objectives we have considered in our model. Instead, it is the labor inputs of the
founding team and its equity investments that drive ventures at the frontier of new venture creation.

These results re-affirm that indeed the new venture creation process should be considered
an important bottleneck in the process of innovation. If proprietary resources are what drives NVC,
then new ideas cannot find their way to the market unless entrepreneurs are willing and able to
organize and mobilize these resources around that idea. The trade-offs entrepreneurs face in

bringing new products and services to the market and thereby to create Schumpeter’s “gale of

8 The labor elasticity at the frontier ranges from 0.30 to 0.34, while the capital elasticity is 0.03 in all specifications of Table 2.
Our results thus indicate that outputs respond more strongly to a proportional change in labor than to a proportional change in
capital.
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creative destruction” constrain then in turning knowledge into innovation and ultimately economic
growth. And although entrepreneurship, like knowledge, human capital, and capital accumulation,
can never be more than a proximate cause of growth, identifying proprietary resources in new
venture creation as an important bottleneck also brings into focus a new set of institutions as
fundamental causes. The institutions that motivate entrepreneurs to apply proprietary resources
they need to build new ventures and challenge the status quo in markets, are the institutions that

help turn knowledge creation into actual growth.

6. Conclusions

This paper proposes that allowing for unobserved heterogeneity in venture creation
processes by estimating Stochastic Frontier models would be a major step forward in studying the
inherently heterogeneous venture creation process. Understanding what multidimensional vector
of inputs drives new ventures in achieving a multidimensional vector of objectives may go a long
way in understanding entrepreneurship, innovation and growth. It is our contention that, once we
understand how new ventures achieve their objectives, we can help them improve their
performance by choosing a more appropriate mix of objectives, setting initial configurations, as
well as by improving the environmental factors that prevent ventures from being best in class
relative to their objectives. Our work therefore has important implications for future researchers,
for practitioners and for policy makers. Our method is easily extended to contexts where different
objectives, resources, characteristics and environmental variables are deemed relevant: for

example, in social entrepreneurship one might consider multiple non-monetary objectives, whereas
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in corporate venturing one might zoom in on managerial talent and access to parent firm
distribution networks and knowledge base as strategic inputs.

Our primary aim in this work has been to analyze the new venture creation process in terms
of trade-offs among alternative objectives, dealing with resource heterogeneity and analyzing
heterogeneity in entrepreneurial performance. A secondary aim has been to operationalize that
approach empirically and to quantify the principal trade-offs and input-output relationships.
Furthermore, we have stressed the distinction between proprietary and market resources that are
subject to strategic decision making by entrepreneurs (i.e., labor and capital inputs that we further
differentiated between the imitable and proprietary). We have chosen not to go in the initial study
into the factors that drive the residual heterogeneity® but rather sought at this stage to quantify its
importance. Future research might focus on providing a fuller and more nuanced account of the
factors (for example at the level of the firm, region and industry) that might explain the trade-offs
at and distance to the frontier among start-up processes.

Our results also have important policy implications. While additional external resources
always allow entrepreneurs to achieve more of their objectives, such a policy will be less effective
than the state supporting and incentivizing the provision of both founders’ equity and labor. Also,
policy makers will be interested in factors that enhance the long-term prospects of new ventures by
making them more innovative, especially since this seems to trade-off especially sharply against

short-term factors like the need for company income (revenue) and speed to break-even point. Our

® Primarily because of sample size. In small samples, the conditional heteroskedastic estimators lack precision
for the parameters of variance.
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framework helps to understand how these objectives are inter-related and how interventions may

relax constraints and affect the way entrepreneurs may better handle these trade-offs.
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Table 1. Descriptive Statistics, ICT sector

Variable Obs Mean  Std. Dev. Min Max
Frontier

SPD: Speed to break-even point 499  0.203 0.183 0.011  0.982
INN: Innovativeness 563 31972 17.255 9.091 81.818
RVN: Revenue 363 15382 32259 0 400000
SPD: Speed to break-even point (log) | 499 -2.126 1.139 -4532 -0.018
INN: Innovativeness (log) 563 3.293 0.622  2.207 4.405
RVN: Revenue (log) 362  8.603 1.577 2303 12.899
INN - SPD (log difference) 499  5.396 1.399 2.869  8.572
RVN - SPD (log difference) 334 10.719 1.817 5.527 15.969
Inputs

Financial capital (log, scaled) 361 2.975 3.400 0.000 23.516
Equity capital (log, scaled) 366 1.089 1.013  0.000  4.508
Loans, grants (log, scaled) 361  2.869 3.272  0.000 14.926
Labour (log, scaled) 361 0.347 1.641 0.000 23.491
Founders labour (log, scaled) 363 0.885 0.884 -0.002  4.456
Employees and services (log, scaled) | 361 0.640 0.709 0.000  3.722
Explanatory variables for technical inefficiency

Spin-off 563  0.146 0.353 0.000  1.000
1 founder 403  0.330 0.471 0.000  1.000
2 founders 403  0.392 0.489 0.000 1.000
3 founders 403  0.171 0.377 0.000  1.000
4 and more founders 403 0.107 0.309 0.000 1.000
More than one sector 563  0.089 0.285 0.000 1.000
Germany 563  0.309 0.463 0.000 1.000
Italy 563  0.162 0.368 0.000  1.000
Netherlands 563  0.028 0.166  0.000  1.000
UK 563  0.231 0.422 0.000 1.000
Us 563  0.270 0.444 0.000 1.000
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Table 2. Estimates of the Productivity Frontier (Speed to Market). Benchmark models (ICT sector)

Dependent: Speed to Break-Even Point (log)

(D 2) 3) 4 )
OLS MAD Half-normal Truncated Exponential
Innovativeness - Speed (log difference) -0.5007%** -0.485%%* -0.5027%:%* -0.514%%* -0.500%**
(0.0231) (0.0283) (0.0238) (0.0255) (0.0231)
Revenue - Speed (log difference) -0.0407** -0.0342%* -0.0450%** -0.0505** -0.0425%*
(0.0142) (0.0173) (0.0146) (0.0169) (0.0143)
Capital (log scaled) 0.0340%*** 0.0309* 0.0306** 0.0276** 0.0325**
(0.0102) (0.0124) (0.0102) (0.00959) (0.00996)
Labour (log scaled) 0.304#** (0.342%%* 0.303#** 0.297#** 0.306%**
(0.0381) (0.0466) (0.0385) (0.0372) (0.0378)
Constant 2.400%** 2.385%** 2.769%** 3.228%** 2.599%#**
(0.0589) (0.0719) (0.0892) (0.0796) (0.0799)
logarithm of total variance -2.562%%* -2.185%**
(0.289) (0.179)
i 0.769%**
(0.0754)
A (variance in inefficiency / variance in noise) 1.600 0.569
R squared 0.884
Observations 331 331 331 331 331

Standard errors in parentheses
+ p<0.10; * p<0.05; ** p<0.01; *** p<0.001

33




Table 3. Estimates of the Productivity Frontier (Speed to Market). Models with Heterogenous Labour and Capital

Dependent: Speed to Break-Even Point (log) (1) 2 3) 4 (5)
OLS MAD Half-normal Truncated Exponential
Innovativeness - Speed (log difference) -0.518%** -0.489%** -0.523%** -0.536%** -0.518%**
(0.0236) (0.0324) (0.0244) (0.0251) (0.0234)
Revenue - Speed (log difference) -0.0379* -0.0515%* -0.0433%** -0.0423** -0.0401%**
(0.0150) (0.0206) (0.0156) (0.0142) (0.0150)
Equity (log scaled) 0.0499%** 0.0556%** 0.0467%** 0.0450%** 0.0486%**
(0.0106) (0.0145) (0.0102) (0.00976) (0.0102)
Loans and grants (log scaled) 0.00479 -0.00439 0.00498 0.00855 0.00410
(0.0130) (0.0179) (0.0131) (0.0113) (0.0127)
Founders' labour (log scaled) 0.308#** 0.280%#** 0.204#** 0.295%** 0.305%**
(0.0440) (0.0605) (0.0431) (0.0405) (0.0428)
Non-Founders' labour (log scaled) -0.0350 0.0402 -0.0274 -0.0481 -0.0312
(0.0457) (0.0629) (0.0441) (0.0413) (0.0448)
Constant 2.469%** 2.308#** 2.843%%* 3.228%** 2.650%**
(0.0598) (0.0822) (0.100) (0.0899) (0.0848)
Founders v. Non-founders: chi2 20.67%** 5.34% 19.70%*** 26.38%** 20,971 %**
Equity v. Loans & grants: chi2 6.71%* 6.27*% 6.06* 7.02%*% 6.98%*
logarithm of total variance -2.545%** -2, 1 15%**
(0.334) (0.177)
u 0.667***
(0.098)
A (variance in inefficiency / variance in noise) 1.626 0.521
Observations 329 329 329 329 329

Standard errors in parentheses; + p<0.10; * p<0.05; ** p<0.01; *** p<0.001
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Figure 1. Unobserved heterogeneity in NVC treated as noise

XMt

Figure 2. Explicit modeling of unobserved heterogeneity in NVC
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Appendix A

Suppressing the it subscripts to save on notation, we follow Bos, Lamers, Li, Sanders and
Schippers (2020) and define the distance to the frontier as:

M
D(y™,xV) = argmin (%= € £ (x")) (A1)
where yM = (y1, . . ., ym ) is the vector of M maximum attainable outputs using a vector of N
inputs or resources, X"=(x1, ..., Xxx). To separate the inputs from the outputs, we assume that

the distance function is homogeneous of degree one in yM so that we can divide by yM on both

sides. Dividing by the first output y1, we can then write:

DOMXY) _ (N Y2 Y3 yM
) p(a 2, ) (A2)

where A(-) is a parametric regression function. Taking the logarithms on both sides of the

equation and assigning a normally distributed disturbance term to the right-hand side, we have:

InD(yM,xN) —Iny; =1Inh (XN,f,f, ,}J’/—"l") —g (A3)

Finally, denoting InD(yM,xN)=—v; <0 and assuming the standard Cobb-Douglas

(loglinear) form for In h (XN, z—z, §—3, . J;—M), our empirical model becomes:
1 1 1
1 N n M yit
lnyi :a+2n=1:8nlnxi +Zm=2ymlny+1tt+gi_vi (3)
i

References to Appendix A

Bos, J., Lamers, M., Li, R., Sanders, M. and Schippers, V. (2020). ‘Towards Good
Governance: How Do Institutions Affect the Efficiency of Disaster Relief?” Maastricht
University Mimeo.
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Appendix B: Distributions
Figure B1. Distribution of the Speed to Break-Even Point Variable (ICT sector)
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Figure B2. Distribution of the Revenue Variable (ICT sector)
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Figure B3. Distribution of the Innovation Variable (ICT sector)
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Figure B4. Distribution of technical efficiency: COLS and CMAD (ICT sector)
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Figure BS. Error distribution from the OLS model (ICT sector)
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The distributional assumptions that need to hold for the application of the frontier model can
also be tested formally. As Figure BS5 illustrates, we can overlay a truncated normal distribution
on the actual distribution of errors from the OLS estimates. For a frontier function, we expect
a left-skewed error term, and indeed this is what we get. We can confirm that by applying
skewness and kurtosis tests for normality (D’Agostino, Belanger, and D’ Agostino, 1990;
Royston, 1992), for our data, the tests come significant below the p=0.05 level, implying a

frontier specification is justified.
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Appendix C: Specifying the Categories of Labor and Capital Inputs

Labor

First consider the founders. For each of the first five, we know the date they started and
ended or changed their commitment in the venture as well as whether they were engaged full
time or part time!?. We compute total founder labor input by assuming part time involvement

as 50%.
T
Ifft _ Ifft
t=0
where X ll[ T is 1 if founder i was engaged full time in month ¢ between start date 0 and end

date 7. Summing this over the entire firm formation period gives the person-months engaged
in the firm by founder i. We have information only for the first five members of the founding
team, but as there are very few firms with larger founding teams in our sample, we decided to
ignore labour input from founders 6 and beyond. Summing over the first five founders we get
for total full-time person months provided by the founder team:

5
XUt — ZXilfft
i=1

We can compute the number of part-time person months provided by the first five founders
and compute total founding team labor input as:

XYTt 4+ 0.5xUPt = xUf
This gives the number of full-time person months of labor input provided by the first five
founders on the assumption that a part time engagement is 50%.

Similarly, we have information on the first five members of employed staff. Here,
however, there are quite a few firms that employed more than five employees by the end of
their firm formation process, and we do not want to introduce strong bias in our data by
ignoring that. As we know the total number of employees in the firm, we decided to add this
number minus 5 multiplied by the average labor input of the first five employees. We

compute:
T
left _ left
t=0

and add over the first five employees to obtain:

5
l _ left
Xxlert = le.
i=1

and weighting all part time employees by 0.5 we obtain:

Xleft + 0_5Xlept — Xle
For service providers that were used, we do not have information on the intensity of their
contract. We only know if and how long they have been engaged by the founding team. We
therefore can only include the number of months during which a service provider was
engaged. Moreover, as before, we only have information on the first five of these service
providers. We compute the total number of months of external service engagement as:

10 Unfortunately, we do not have information on the exact number of hours.
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T
ls _ ls
Xi - E Xit
t=0

and add over the first five service providers to obtain:

5
Xls — ZXilS
i=1

where we again added the total number of service providers listed minus five times the
average engagement for the first five providers to obtain our proxy for externally sourced
labor inputs.

Total labor input in the firm formation process can then be computed as the sum of
the three labor inputs above. Finally, all labor input variables are divided by the number of
months between the start and end date of the venture creation process to create an average
labor intensity value that proxies for the average number of person months of labor engaged
in the firm during its formation period. If we did not do that, we would introduce a spurious
negative correlation between the speed to break-even point and amount of labor, as when the
start-up process takes longer, more month-person units are used.

Capital

For financial resources, we follow a similar procedure to compute total equity, formal
and informal debt, and grants that were employed in the firm formation process. For equity,
we obtained the start date and amount from the survey for the first five equity providers. The
duration for these financial engagements is to the end date of the firm formation process, as
equity does not leave the firm. For debt, we have the amount and the start and end date for
the loan for the first five loan providers. If the end date is after the end date of the firm
formation process, we only counted the months till the formation end date, 7.

T
kef __ kef
t=0

with X now denoting the amount of equity invested in month # by investor i, summing over
the first five investors we obtain:
5
kef — kef
Xkef = le.
i=1

such that X*/ is the total amount of Euros !! invested in the firm times the months these Euros
were invested. We know the number of equity investors in the firm and added that number
minus 5 times the average amount of equity invested when the number of equity providers
was above 5.

Similarly, but now with the complication that the loans may expire between registration date

and end date, we obtained for formal debt:
min (7;,T)

kfl kfl
t=0

' We used an exchange rate of 01-04-2019 at 1.12 dollar to the euro and 0.85 pound to the euro.
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where X! is the amount of formal debt provided in month 7 by lender i, and 7 is the
expiration date of the loan provided it falls before 7. Summing over the first five lenders we

obtain;
5
kfl _ kfl
Xkt = ZXl.
—

l

A similar procedure was followed for informal debt. For grants, we assume, as with
equity, that the financial resources stay in the firm from the date the grant is granted to the
end of the firm formation process. Again, if more than five grants were collected, we added
the average grant times the number of grants above 5. This, however, is extremely rare in our
dataset. As before, these values were then scaled by the number of months to obtain the
average amount of euros of equity, debt and grants engaged in the firm during the firm
formation process. Summing all the sources of finance gives the total capital input for our
benchmark equations.
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