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Abstract

We study whether compatibility between corporate and environmental
characteristics matters in the context of Belgian venture capital-backed
firms. We investigate two research questions: (1) Does the joint evolu-
tional pattern of companies, industries, and products affect rates of re-
turn?; (2) Does the compatibility between their stages influence the invest-
ment outcome? Panel data analysis shows a significant influence of factor
compatibility on profitability. Firms yielding similar performances are
rather homogeneous, but their factor sensitivity depends on their quan-
tile. Our conjoint analysis of returns suggests that certain combinations
of factors collapse into classifiable situations corresponding to patterns
described in the management science literature.

Keywords: Venture Capital; Return; Strategy; Entrepreneurship; Evo-
lution; Compatibility.

JEL classification: L22, L25, M13, G30.
EFM classification: 800, 810
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1 Executive summary

The extant literature does not provide a clear distinction between the returns
obtained by venture capital investors and the revenues generated at the level
of the individual invested firms on two dimensions. First, little attention is
paid to the specific return generating process of target companies backed by
venture capitalists. Second, we cannot observe in detail how, in the presence of
a venture capitalist, the risk factors affecting the company interact with each
other in corporate revenue creation. In an attempt to fill these two gaps, this
paper analyzes the financial returns of Belgian companies backed by venture
capitalists over the period of 1995 to 2002.

To understand how the returns are generated at the portfolio company level,
we manually collect a financial data on 228 companies from the BELFIRST
database. Our sample of the venture backed companies displays two desirable
characteristics: (i) these companies are non-quoted, illiquid, with considerable
variation in the financial statements; (ii) these companies operate in a much
more uncertain environment with presumable single activity.

We closely follow a large body of the management science literature (Markides
and Gerosky 2005; Low and Abrahamson 1997; Zahra 1996; Srivastava and Lee
2005; Lévesque and Shepherd 2004; Durand and Coeurderoy 2001) to set up the
empirical research design. First, we posit that companies, markets and products
evolve over time and follow clear patterns and evolutional stages. Secondly, we
retrieve proxies for these stages from the financial statements. Third, we link the
factors to the returns of the companies that had been financed by the venture
capitalists.

We report evidence that the return factors, although they are themselves
clearly distinct from each other, display and interdependent impact on returns.
In other words, the influence of one return factor taken separately is also con-
tingent on the value of other two factors and this is reciprocal. This type of
analysis allows the construction of twelve possible combinations that collapse
into stable and unstable states of the world. These stable and unstable states
can be qualitatively explained by the correspondence level between the strategy
of the company and its environment.

Our main results suggest a positive relation between future returns and
the industrial growth rate (environment), and a negative relation between the
returns and the financial health (company) and technological standpoint of the
company (product). The analysis of the conjoint influence of the evolutional
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factors identifies the array of compatible and incompatible cases, which are
partly explained by Pecking Order Theory types of explanations.

We can empirically track the changing patterns of the influence of the return
factors according to the performance of the firm relative to its peers, through
a quantile regression technique. The major result of this analysis is that top
performing portfolio companies have had much more favorable combination of
external conditions and internal return factors to generate superior returns and
vice versa. By proceeding with a breakdown of the factors contingent on each
other, we further support the hypothesis that the evolutionary combination be-
tween the company maturity, the product, and the environment indeed matters
in the context of small and medium venture-backed firms.

The results offer a link between the strategic management and the financial
analysis, which is useful for the practitioners. This study clarifies the directions
of the influence of the return factors, defined from the strategic management
viewpoint on the financial return of the company. This, leads to a more precise
modeling of returns, precious in situations dealing with highly uncertain envi-
ronment. A very favorable industry-product combination reduces the impact
of financial leverage on the rate of return, while on the other hand, a product
mismatch in a growing industry brings financial risk to the forefront in the de-
termination of the required rate of return. Furthermore, whenever the maturity
of the company does not match the environment, the level of product mastering
is largely irrelevant. Finally, the influence of the industrial growth rate on the
returns of the company depends on the level of the development of the product
and the maturity of the company.
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2 Introduction

Venture capital may be generically defined as a specific type of investment made
either by professional investors (this is often referred to as formal venture cap-
ital or captive venture capital) or by business angels (sometimes referred to as
entrepreneurial investment, private equity or informal venture capital) in non-
quoted firms (start-ups, small businesses etc.) to capture the effects of their
perceived long-term growth potential. This long-term growth potential is rep-
resented by the returns on investments of this kind.

While the returns to private equity or venture capital invested portfolios is a
concern of the limited partners, who invest in the venture/private equity funds,
the return generated by the individual company itself is a matter of the general
partner, who invests in the targets. It is arguably accepted that top returns
to venture capital/private equity are higher than the return to public equity
(Fleming 2004; Kaplan and Schoar 2005; Cochrane 2005; Mason and Harrison
2002). Yet, long-term private returns do not appear to outperform their public
peers (Moskowitz and Vissing-Jørgensen 2002). A problem with such studies is
that they adopt a portfolio view of the returns (Mason and Harrison 2002). It
is, however, important to make a clear distinction from the beginning between
the returns to investors and the operating returns of venture capital-backed
companies.

The absence of such an explicit distinction has led to two important gaps
in the current research stream on the returns of venture capital. First, little is
known about the regular returns generated at the level of the investee. This
issue has been addressed to some extent by Mason and Harrison (2002) who
study the returns of business angel investors in the UK. The recent study of
Hand (2007) covers the determinants of the round-to-round returns to the pre-
IPO US biotech companies. Second, to date, we have not fully grasped how
different factors that influence the return generating process at an investee level
interact from the financial viewpoint.

The literature in management science seems to be much more advanced in
the explanation of the issue (Markides and Gerosky 2005; Low and Abraham-
son 1997; Zahra 1996; Srivastava and Lee 2005; Lévesque and Shepherd 2004;
Durand and Coeurderoy 2001). These studies call upon the evolutional aspect
or, equally, on the notions of the life cycles of a company, of a product and of
an external environment (i.e. a market), claiming that the future outcome of a
venture is affected by the appropriateness of or by the compatibility between the
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life cycle stages of the company, product and market factors. Thus, the return,
which reflects the exposure of the firm’s activities to systematic risk factors, is
contingent on a particular combination of the return determinants at a given
point in time.

Yet, this kind of approach is still mostly qualitative. A natural acid test is to
check whether a contingent approach to cost of capital holds when confronted
with different situations. Our paper aims at performing this type of acid test
and at filling the aforementioned gaps. Specifically, we examine regularities
in returns recorded by the firms backed by a venture capitalist as a function
of the internal financial factors relevant to the VC-backed firm and external
factors of industry evolution. We investigate in turn two research questions:
(1) Do companies, industries, and products have imperfectly correlated evolu-
tional patterns (Agarwal and Bayus 2002; Filson 2002; Dekimpe and Hassens
1995) with distinct stages (Shneider et al. 2002) that affect the expected rate
of return?; (2) Does the joint compatibility between these stages influence the
outcome of investment?

In analyzing returns, researchers often deal with either available information
regarding recent IPOs, or data regarding the venture capital funds themselves
(Kerins et al. 2004; Cochrane 2005; Gompers and Lerner 1997). The use of
post-IPO information introduces a well known selection bias, since companies
that have gone public must be considered as successful. Using the VentureOne
database, which contains the data on the financing rounds of VC-backed firms
in the US, Cochrane (2005), manage to assess the extent of the correction for
the selection bias with the help of the Maximum Likelihood approach. This
article follows an alternative approach. We build and use our own hand-picked
database of returns on non-quoted VC-backed firms in Belgium.

In order to assess the influence of evolutional factors on returns, and so to
address our first research question, we establish an empirical design that links
the factors and the returns of the VC-backed firms and verifies the stability and
significance of their relation. Then, we use the quantile regression technique to
gain a better understanding of the joint empirical distribution of the returns of
VC-backed firms set against the internal and external factors of evolution. With
the identified evolutional factors, we investigate their compatibility in the return
generation process through a truncated regression setup. We use the same basic
model, where we create variables that reflect the sample partitioning on the basis
of particular combinations of the variables. Evidence on differential responses of
the return variable provides an empirical answer to our second research question.
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The remainder of the paper has the following structure: section 3 sets up
the theoretical foundation of the model and the data we use. Section 4 deals
with the results and quantile regression analysis. In Section 5, we investigate
the outcome of different combinations of variables. Finally, Section 6 concludes.

3 Data sources and modeling

We are concerned with the joint “evolution”, i.e. the continuous process of de-
velopment, of different entities. The “entities” we consider here are the company
financed by an equity stake taken by a venture capitalist, the product this com-
pany develops and sells, and the industry this company operates in. We assume
that evolution has distinct stages and thus companies, products and industries
evolve. The purpose of the analysis is to determine how the conjoint evolution
of these entities, and so the stages they are at at a given point in time, are
reflected in the regular return. In other words, a favorable combination of the
stages should lead to a higher return, while a bad combination would lead to a
lower one1.

If evolutional factors, or more precisely the compatibility of evolutional fac-
tors, explains the success of a venture, then it is the same for the return. In the
simplest form, we could write this mapping as:

E [Rventure] = f (EVind, EVpr, EVco) (1)

where, EVi stands for the evolutional factor of the company (subscript co),
product (subscript pr), or industry (subscript ind). The following discussion
outlines what we mean in practice by the evolution of each factor.

Qualitative approaches distinguish the stages of a company’s evolution ac-
cording to the company size, number of employees, access to external capital,
type of ownership, and a number of other criteria (see Greiner 1972; van de Ven
and Poole 1995; Gersick 1991 for more details on subject). The venture capital
literature usually classifies ventures as being at the seed stage (idea and start-
up), early stage (right after creation), or expansion/development stage, followed
by the MBO/MBI and pre-IPO stage. Since this paper is focused on the first

1Although, we use freely the terms “good” and “bad” combination, we leave appart the
qualitative descriptions of these states. The reader is refered ot the (Shneider et al. 2002;
Markides and Gerosky 2005) for the initial insights about the compatibility matter. As will
be shown in the sections to come, these “good” and “bad” combinations will correspond to a
particular “states of the world”.
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three stages, this automatically leads us to consider mostly illiquid companies,
which are expected to experience significant changes in their financial situation.

The notion of a product life cycle is a well developed one in marketing science
(Klepper 1996; Segerstrom et al. 1990; Anderson and Zeithaml 1984; Asiedu and
Gu 1998). Typically, product life cycles are modeled as an S-curve evolution
pattern, starting with early development, then the experience of rapid growth,
followed by maturity and ultimately the reaching of the final stage. In order
to define the evolutional stage of a product, two criteria are often used in the
literature: the ratio of sales volume against time (see Cox (1967); Swan and
Rink (1982); Tellis and Crawford (1981) for more details on subject) or, as
in Shneider et al. (2002), the change of product performance over investments
targeted to its development. Our paper adopts the latter approach. From such
a perspective, the product would show weak performance at the beginning of
its evolution. Then, as the technology is being mastered, the product would
show a significant increase in its performance. Subsequently, at some level the
product would achieve its maximum potential and additional investments would
not bring changes to performance. Finally, some products might be used for
extremely special applications that require large additional capital expenditure,
but the overall performance of the product would fall.

Finally, industry evolution can be defined in quite a similar way: in the
beginning there are no companies. Then, with time, we observe the creation
of a considerable number of new small-sized companies. Subsequently, due to
competition and consequent consolidation, the industry becomes mature with
several large players that dominate. Finally, the size of an industry shrinks
towards then end of its life cycle2.

The previous discussion provides indications of how to identify quantifiable
proxies for the evolution patterns of a company, of a market, and of a product.
Accounting measures represent good candidates for empirical purposes. This
usefulness is confirmed by the quite common usage of accounting data in em-
pirical research, e.g. for stock valuation (Frankel and Lee 1998; Jiang and Lee
2005), to predict financial distress (Beaver et al. 2005; Hol 2007), or finally to
explore the successes and survivability of start-ups and VC-backed firms (Reid

2In fact, the original idea of Shneider et al. (2002) is to use market evolution as a com-
patibility factor instead of industry evolution. Our deviation is deliberate: for an empirical
quantitative study we need (i) quantifiable entities on which the information is (ii) compa-
rable and (iii) available at all. Looking to the markets, we could hardly find data collected
at a regular frequency, that is comparable from one market to another, and that is widely
available. Such considerations lead to the use of industry evolution as an approximation to
the market evolution.
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and Smith 2000; Manigart et al. 2000, 2002). Valuation models frequently use
dividend yields, market-to-book ratios, or price-to-earnings ratios, and are of-
ten completed with dividend with dividend discount models and residual income
models (see Frankel and Lee (1998) for more details on the subject). Success
and survival determinants in the Manigart et al. (2002) study are considered
from the point of view of measures such as long term debt ratio, cash ratio,
net return of total assets before taxes and so on. We proceed in a quite similar
way, with one exception: selecting the best available accounting measure with
respect to the whole sample.

Data

We use a list of 619 Belgian companies with venture capitalist participation
in 2004. We consequently reduced this list, eliminating financial institutions,
real-estate sector, MBO companies, quoted companies, and kept only those with
VC type investment. Using the BELFIRST database of Belgian companies, we
collected the available financial information on these firms. The use of a sample
of Belgian companies is justified by the fact that all companies in Belgium are
obliged to deposit financial statements in the National Bank of Belgium. This
mandatory and standardized disclosure guarantees the reliability and homogene-
ity of the data. Whenever several firms shared the same name, we eliminated
them unless we are able to identify one that had been financed with venture
capital. As we were constructing a panel sample, we kept all companies in
the sample, even though some of them had missing data. A large number of
companies in the sample had only one or two observations in 2003 and 2004.
Anticipating outlier values that such firms could introduce into the estimations,
we decided to limit the sample to the period 1995-20023. After applying these
filters, we got at a final sample of 228 companies and a total of almost 1589
observations4.

One particularity in Belgium is that companies often have different fiscal year
ends. This leads to a situation where one company reports at 31/03, another
one at 30/06 and so on. Another feature of the data is that some companies
may have a first accounting year of a length different from 12 months. In order

3Indeed, tanking the 2003 and 2004 observations into account considerably weakens the
significance of the estimation, without any change in the qualitative insights obtained from
the estimates.

4The number of observations depends on the variable under consideration, since there are
considerable missing data issues in the sample. The figure given above corresponds to the
maximum number. The minimum number of observations is 807. The sample adjustment
procedure also reduces the number of observations taken into account.
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to obtain comparable data, we used a prorata interpolation technique, which
brings accounting figures to a single calendar basis, set at Dec. 31. Only 23
companies out of 228 were in such situation. Hence, this correction is not likely
to bring a considerable bias in the estimations.

Among the variety of the accounting measures available on each company
in the sample, we selected three that correspond to the traditional dimensions
of financial analysis, which fit the evolution logic and possess the property of
“best available”. These are (i) cash flow over equity5 as a measure of return (the
dependent variable), (ii) solvency ratio as a proxy of size and financial state of
the company as it evolves6, (iii) value added to assets as a proxy for product
evolution, and (iv) industrial assets as a measure of industry evolution.

Cash flow to equity, subsequently denoted CF
E , shows the ability of a com-

pany to distribute dividends and is often used to determine the company’s value
through the approach by multiples. In an evolutional context, start-ups will
show weak values of this ratio since current activities generate negative, no, or
little cash. As a company expands and explores its growth opportunities, it will
generate more and more extra cash (free cash flow), which could be used either
to repurchase equity or for dividend allocation. Since we examined unquoted
companies, most of which were in the expansion stage, we would have expected
them to display considerable variations regarding this ratio. We therefore chose
this measure as the dependent variable for our evolutionary model.

The solvency ratio, as provided by the database and denoted SR, represents
the proportion of equity in the total book value of the assets of the company.
Because it simultaneously includes an equity part and book value, it represents
a good proxy to capture the capital structure and size effects. In an evolutionary
context, we would expect start-ups to exhibit volatile solvency ratios. On the
other hand, for developing companies, this ratio may drift as they grow because
they become more and more flexible in managing their debt (Goddard et al.
2005).

The link of the value-added to assets ratio with product evolution is more
subtle. We consider that a company’s product requires a certain “technology”.
When technology and product are young, production costs are high, the mas-

5As noted by Prof. S.Manigart during the BFRF 2008, the negative values of the equity
may stipulate the awkward behavior of this measure. Hopfully, BELFIRST reports NA if the
equity of a company is negative. We are thankfull to Prof. S.Manigart for this important
remark.

6The solvency ratio as provided by the database does not correspond to the traditional
definitions. This shall be explained later in the text.
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tering of technology is weak and consequently the value added is low. This
may be observed by the ratio of value-added over assets, called

[
V A
A

]
. In the

non-quoted case we would expect the assets of the company to be mostly of op-
erating kind. Therefore we assume that they are used to produce only the main
output of the company. Thus, within an evolutional context, young products
will show low values of this ratio and more mature products will show higher
values. A special category of non-imitable or highly specialized products (like
some high-tech industrial solutions that do not require large personnel costs)
will also be reflected by high and stable values of this ratio7, but this is due
more to extremely high prices of such products. In an evolutional context these
are the products located at the most advanced stage (Riahi-Belkaoui 1999).

In order to approximate industry evolution we collected information about
industrial sectors from the National Institute of Statistics (Belgium) for the
period 1995-2002. The variable we used is the change in the log of industrial
assets, denoted Δ(LOGIND). Our logic is driven by the fact that young and
developing industries have a weak asset value and a high asset growth rate.
Thus, if we take the first difference of the level of industrial assets, we get
some insight into the evolution of the industry. All Belgian companies have a
NACE identifier that links the firm’s activities to its industry. When a company
was found to have several codes, i.e. it was operating in several industries, we
evaluated the corresponding industry variable through the average of industrial
assets in the industries in which the company was active.

Model

Standard tests show a presence of serial correlation for all four variables8, which
needs to be accounted for. Therefore, the basic empirical model is set in the
following way:

[
CF
E

]

i, t

= Ci + !
[

CF
E

]

i, t−1

+ "i, t (2)

where subscripts t and i denote the time and company, respectively.
Secondly, the residuals of the (2) are used as the response variable to control

for the dependency between the regressors we use in our principal model:
7We note that such firms may have continuous negative cash flows over equity ratios (so

continuous negative returns), and due to the nature of their activity they realize their growth
potential in later stages (see for instance Hand (2007)); we note later that only 7% (16 firms)
in the sample are the R&D companies and are not necessarily in the beginning of their life
cycle, hence we do not expect significant abberations in the estimations.

8Data and tests are available upon request.
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"i, t = #i + #1SRi, t−1 + #2

[
V A
A

]

i, t−1

+ #3∆(LOGIND i, t−1) + ui, t (3)

Finally, we reconfigure the principal model using (2) and (3) such that:

[
CF
E

]

i, t+1

= ! i + ! 1SRi, t + ! 2

[
V A
A

]

i, t

+ ! 3∆(LOGIND i, t)+ ! 4ui, t +vi, t+1

(4)
Consider this relation in more detail. Equation (4) posits that the future

value of the cash flow over equity of some company i depends on the current
values of the evolutional factors. The first beta (! i) represents the fixed effect
constant, followed by the common factor loadings, which are assumed to be
constant over time and cross-section. The term ui, t should be considered as an
independent variable in (4), since its value is determined earlier in (2) and (3).
By taking the expectation of the equation (4), and provided that the sample
is large enough to respect the market equilibrium condition such that required
returns = expected returns, we get a first proxy for the equation (1) assuming
that the three evolutionary variables are have linear and independent influences
on the cost of capital. This particular constraint will be relaxed in Section 4.

4 Disjoint determinants of rates of return

4.1 Panel regressions

As a first step, we identify the various sectors of industry that are represented
by the 228 firms in our sample. Table 1 summarizes the results of this check.

INSERT TABLE 1 ABOUT HERE

With only 35 sectors, we do not achieve a complete representation of all the
NACE 60 classification, and the sample is not balanced across sectors. Most
companies are concentrated in the high technology sector and in servicing ac-
tivities (about 16% and 25%, respectively). Note in particular the considerable
weight of the R&D sector and bulk trade sectors. Thus, we may not expect sim-
ilar statistical properties of the sub-samples of the firms across the industrial
clusters. Indeed, there are significant differences in the variance of the variables
when the sample is categorized by cross-sections. This would logically lead to
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heteroskedasticity issues. We therefore use White’s cross-section heteroskedas-
ticity consistent estimates of covariance matrix. The results of our unbalanced
panel estimation procedure are presented in Table 2.

INSERT TABLE 2 ABOUT HERE

The sample is now reduced from 7 to 6 years (1997 to 2002). This is partly
due to our three-step modeling process, which excludes two periods while es-
timating equations (2) and (3). In addition, the adjustment procedure for the
panel data balances the sample between the start and end dates9. This leaves us
with 118 cross-sections and a total of 475 observations, which provide us with a
sufficient variability to capture the causality between the variables. All variables
appear to exert a statistically significant influence on the dependent variable at
5% (for the constant, solvency ratio, industry evolution and residuals of previ-
ous regressions) and 10% thresholds (for the proxy of product evolution). The
formal test of the equality of all coefficients to 0 rejects the null, as well as the
tests setting cross-equality between coefficients. We obtain the R2 of nearly 70%
(unadjusted) and about 60% (adjusted) indicating a large portion of total vari-
ance explained by our model10. The Durbin-Watson statistics (1.98) indicates
no autocorrelation in the residuals. This was an expected result, since we have
deliberately included the residuals of regression (3) in the equation (4). Overall,
the regression model we had previously formulated achieves a high significance
level.

For all cross-sections, the solvency ratio (SR) has a negative sensitivity co-
efficient of about -1.6. It is statistically significant at all reasonable thresholds.
The value of the solvency ratio itself has two major determinants here: the book
value of equity and the book value of total assets. Since total assets cannot be
negative and the observations with negative equity have dropped off the sample
(since there is no return indicator), the sign of the ratio in the sample is always
positive. The increase in this ratio results in a lesser return, since the increase
is associated with a decrease in debt. This seems to comply with Modigliani
and Miller capital structure theory. The decrease in this ratio hence has a pos-
itive impact on the returns. This relation reinforces the interpretation of the
dependent variable as a proxy for the cost of capital at the aggregate level: an

9More precisely, must exclude the first (1995) and last (2004) observations.
10We also performed the redundant fixed effects test: assuming the irrelevance of the fixed

effects, we rejected the null after performing the test with cross-section F-statistic of 5.27 with
a p-value of 0% and with a cross-section chi-square of 479.85 that also rejects the joint null
impact of the fixed effects.
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increase in leverage mechanically triggers an increase in systematic risk, thereby
increasing the firm’s hurdle rate.

The value-added over (total) assets ratio proxies for the degree of mastering
of the production technology of the company. The model, however, shows that
the dependent variable is negatively related to the variate under consideration.
Moreover, the negative interrelation is statistically significant at any reasonable
level. We therefore find evidence that a positive change in the value added is
associated with a systematic decrease in the future cash flow to equity ratio,
although the influence is economically quite limited. In other words, the more
mature the product of a company, the lower the future return that can be
achieved on this product. Such evidence indicates that, in our sample, mature
products generate stable returns, which do not exceed by much the industrial
mean returns, and do not enable the company to extract a significant rent. By
contrast, higher returns are achieved by the high tech firms that, by nature,
mostly deal with developing products. This type of result is perfectly in line
with the conventional wisdom in the venture capital industry.

Industry evolution in our model shows the highest factor loading of 0.83. It
is, however, only statistically significant at the 10% threshold. The loading
shows that an increase in industry size positively affects the future returns
of the company. This is perfectly consistent with our assumption that young
companies in growing markets will demonstrate high performance, since they
are, at the same time, market makers and explorers of the potential of a new
market.

4.2 Quantile regression

The previous subsection has dealt with the modeling of the conditional mean
function (panel regression). We now turn to a more specific technique to model
the conditional quantile function. The reason for such a manoeuvre is, as noted
in Landajo et al. (2008), there are strong reasons to believe that the underly-
ing bivariate relation between the return and its determinants (assets) is not
“linear and strictly proportional” in its nature. This very fact denies the sin-
gle OLS logic in the context of our sample. In contrast to the standard OLS
approach, quantile regressions allows evaluation of the internal heterogeneity
within the joint distribution. If companies in the sample behave differently in
lower and upper quantiles, OLS regression will not show this because of its
primary assumptions. Therefore, we have to move to this more sophisticated
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tool to estimate this internal discrepancy, and to better grasp the interrelation
between the factors affecting returns. As will be shown later, there are clear
patterns in their behavior with respect to the quantile of interest of the joint
density.

Quantile regression techniques were initially developed by Koenker and Bas-
set (1978), as a further development in the techniques of regression analysis.
The core idea is to minimize the sum of absolute errors, weighted according to
the quantile of interest. The weights depend on the quantile of interest and the
estimation itself is made via numerical methods. This technique was recently
applied to the analysis of a cross-section of stock market returns in Barnes and
Hughes (2002). We proceed with the application of this method to our panel of
venture backed firms.

In general the quantile model with fixed effects, proposed by Koenker (2004)
in application for longitudinal data is formulated in the following way:

Qyit = $i + x"it ! (%) (5)

As Koenker notes,

“In this formulation the α’s have a pure location shift effect on conditional quantiles
of the response. The effect of the covariates xit are permitted to depend upon the
quantile, τ , of interest, but the α’s do not”

The estimation of this kind of model is done via the minimization of the following
expression11:

min
(α,β)

T∑

t=1

N∑

i=1

&τ (yit − $i − x"it ! (%)) (6)

Where &τ (u) = u(%− I (u < 0)) is the piecewise linear quantile loss function,
which can be simply rewritten as:

&(u) =

{
%· u if u > 0

(%− 1) · u if u < 0
(7)

The term u here stands for the absolute deviation. Unlike OLS, this quantile
regression does not require any special assumptions about the joint distribution
of regressors. Therefore, as the %varies, the quantile regression estimator allows
tracing the conditional distribution over different quantiles, taking into account

11In his paper, Koenker also includes the weighting coefficient to control the importance of
the quantiles; we skip it in this paper.
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the marginal cases. We follow Koenker (2004), who suggests the use of linear
programming for this problem. As for the quantile regression estimators applied
to the longitudinal data, Koenker (2004) shows that the estimators have the
following asymptotic property:

√
mn(!̂ (%)− ! (%)) ! N (0, Ω(%)) (8)

The covariance matrix estimator, while dealing with a finite small sample
case, as noted in Barnes and Hughes (2002), is based on the bootstrapped
design matrix, which can be easily implemented. Note that quantile regression
technique uses a complete data set for the parameter estimation process for the
whole set of quantiles; hence, there is no sample truncating procedure.

We use the simplified formulation of the basic model, as given by the equa-
tion (4) without the terms defined by equation (2) and (3). Table 3 shows
the behavior of the parameter of the model and of the bootstrapped standard
errors across the series of quantiles12. Figure 1 below, provides a more visual
representation of the process of the coefficients.

INSERT TABLE 3 ABOUT HERE

INSERT FIGURE 1 ABOUT HERE

A clear trend emerges for all three independent variables: increasing for the
product-related ratio V A

A , decreasing for the solvency-related ratioSR, and bell-
shaped for the industry-related measure(∆(LOGIND )). The visual impression
is confirmed by the simple OLS regression of the values of the coefficients against
their quantile number (squared for ∆(LOGIND )).

The SR coefficient displays a slight but steady and significant decrease. This
means that in upper quantiles of the profitability ratio, the impact of the sol-
vency ratio on the future return is greater than in the lower quantiles. In other
words, firms that have the greatest the highest level of returns have the poorest
lagged solvency ratio loadings and hence the benefits of debt (since this is the
only determinant of the solvency ratio in our case) impacts them most. From
the point of view of classical corporate finance theory, one would expect to see
a constant relation between the solvency ratio and the firm’s expected returns
(see, for instance, the Modigliani-Miller theory, which posits a linear relation
between leverage and the cost of capital). The decrease in the sensitivity of the

12For the sake of visuality we rescaled the variables to show explicitly the trends.
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least profitable firms brings in a VC-related explanation: firms that witness a
worsening of their debt service capacity are unlikely to obtain additional debt
capital, and this worsens their future returns. The involvement of the venture
capitalist in this operation will probably trigger major reorganizations, which
will eventually boost subsequent profitability.

A similar reasoning holds for the impact of the product-related ratio: the
most successful firms appear to bear the highest impact of the value-added
ratio, which is also consistent with our supposition at the beginning. The ratio
shows a reverting pattern while moving from the lower quantiles (least profitable
firms) to the upper quantiles (most profitable firms). This pattern, as shown
by the supplementary regression is itself significant. We thus conclude that less
profitable firms (cash burners) will be hurt by the developed products, and that,
on the other hand, mature firms will profit most from selling mature products.

The impact of the industry evolution variable seems to be higher in the mid-
dle of the joint distribution, that is for the "median firm". This non-monotonic
(increasing then decreasing) pattern matches a life-cycle type of interpretation.
Firms with the highest level of sensitivity to industry growth are likely to be
found neither among the riskiest firms - those that primarily depend on com-
pany development, as shown by the high level of sensitivity to SR - nor among
the least risky firms - those that can extract a rent from a very specific niche
product, belonging to a declining industry whose evolution is largely irrelevant.
The following table summarizes the "archetypes" extracted from the quantile
regressions.

TABLE 4 HERE

Overall, the “evolutionary story” featuring a joint influence of the three evo-
lutionary variables is being supported to a large extent by the panel regression
model we have constructed. The quantile regression approach already suggests
that differences in expected returns correspond to very specific patterns. It
remains to be rigorously tested whether particular combinations are likely to
bring additional return potential, which would lead to a “compatibility story”
with stronger insight. Such testing is undertaken in the next section.

5 Conjoint determinants of rates of return

The original presentation of the model does not enable us to assess how the
compatibility of the various triplets. Loosely speaking, equation (4) represents
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the variant of the hedonic model with three factors. This specification allows us
to asses the significance of the selected factors for our sample and the general
significance of the simple additive model without any reference to the possible
compatibility.

In this section, we stick to the linear functional approach but are mainly
interested conditional effect of the factors on each other. Such view considers
the effect of the independent variable under consideration with respect to the
location of other regressors13. We therefore consider the following specification
of the model:

[
CF
E

]

i, t+1

= ! i +

+ ! ++
1 SRi, t × D+

V A/A × D+
IND + ! +−
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+ ! +−
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+ ! −−3 ∆(LOGIND i, t)× D−
SR × D−

V A/A

! 4ui, t + vi, t+1

With, D •
• representing the dummy variable that is equal to 1 if the cor-

responding conditioning independent variable is lower/higher than its median
(according to the sign of the sub-index) and 0 otherwise. Such specification
enables us to isolate the effect of the given factor conditional on other factors.
The results of the estimation are presented in Figure 214.

INSERT FIGURE 2 ABOUT HERE

This specification allows us to perform two kinds of analyses. First, an
analysis of significant relations enables the identification of strong dependence

13The sample could not allow us to get to a finer level of granularity, i.e. to examine betas
conditional on the joint location of all three evolutionary variables at the same time.

14The detailed results are reported in the Table 5 in the appendix.
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relations, whatever the direction of the combination. Second, a closer analysis
of the signs and values of the conditional sensitivity coefficients enables us to
differentiate the compatible and incompatible combinations. The merger of the
two analyses provides us with a global picture of strong and weak compatibility
and incompatibility relations between product, company and industry variables.

5.1 Strength of conditional relations

The estimation suggests an interesting pattern for each variable. First, consider
the impact of the solvency ratio conditional on the value-added over assets
and industry growth rate (Panel A). The SR coefficient appears to be very
sensitive to the firm’s positioning in product-related variable (V A

A ) whenever
the industry-related variable (∆(LOGIND )) is above the median: coefficient
! −+

1 = −1.531 (significant at 1% level) versus ! ++
1 = −1.082 and is insignificant.

So, in the fastest growing industries, the impact of the financial situation of the
company on the company’s expected rate of return appears to be influenced
by the novelty of the product. A very favorable industry-product combination
reduces the impact of financial leverage on the rate of return, while on the other
hand, a product mismatch in a growing industry brings financial risk to the
forefront in the determination of the required rate of return.

We apply a similar reasoning to the value-added over assets ratio conditional
on the other two variables (Panel B). Only one combination - mature company
with a growing market - seems to combine with the product-related variable
(V A

A ) to exert some influence on profitability. None of the other betas is signif-
icant. The product-related variables differentiate firms whenever they belong
to the most promising quadrant. Otherwise, neither the corporate nor the in-
dustrial context seem to influence the impact of product mastering. In other
words, the evidence shows that whenever the alchemy between corporate health
and industry growth is not obtained, the level of product development does not
help.

Finally, Panel C reveals that the influence of industry growth on profitability
depends dramatically on product development for firms with weak solvency
ratios: for firms below the median of SR , the sensitivity coefficient of the
industry-related index conditional on high product value-added is equal to an
insignificant ! −+

3 = 0.038 while the corresponding sensitivity coefficient for
firms with weak product mastering ! −−3 = 2.674 (significant at the 1% level).
Figure 3 recombines the insights from the regression by plotting all components
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together.

INSERT FIGURE 3 ABOUT HERE

Each part of the graph represents the significance of each coefficient condi-
tional on the location of the other two variables included in the truncated model.
The greyed areas represent the zones of significance for the corresponding com-
bination of conditioning variables. Taking the whole picture into consideration,
we can see where the interaction pattern between variables likely results in a
strong dependence relation. In this tri-dimensional (cubic) framework, it ap-
pears that stronger combinations obtain for one half of the cube, i.e. for firms
with a product-related ratio (VA/A) below the median. The extremes are ob-
served in two cases: the strongest one for SR > M SR, V A

A < M V A/A, and
d(Logind) > M d(Logind) (all three conditional betas are significant), and the
weakest one for SR < M SR, V A

A > M V A/Aand d(Logind) > M d(Logind) (none
of the conditional betas is significant). This intermediary result for the strength
in conditional relations must be associated with the analysis of compatibility in
the next subsection.

5.2 Compatibility of conditional relations

Using the information in Figure 3, we can identify the situations that lead to
compatible or incompatible combinations of the evolutionary variables. Incom-
patible situations arise when a particular combination of the two conditioning
variables leads to a particularly strong negative or weak positive effect for the
third one. If the beta is strongly negative, a high value of the correspond-
ing variable is particularly penalizing, while the opposite holds if the beta is
weakly positive. On that basis, we identify three cases of incompatibility: (i)
when SR > M SR, (V A

A ) < M V A/A, and d(Logind) > M d(Logind) - because of
the large negative value of ! −+

1 ; (ii) when SR > M SR, (V A
A ) > M V A/A and

d(Logind) > M d(Logind) - because of the large negative value of ! ++
2 ; and (iii)

when SR < M SR, (V A
A ) > M V A/A, and d(Logind) < M d(Logind) - because of

the low positive value of ! −+
3 . Cases (i) and (ii) indeed collapse to form an

incompatible combination, indexed (NC1) between a high solvency ratio and a
high industrial growth. Irrespective of the product stage, a company with low
leverage does not achieve high expected rates of return in a blossoming indus-
try. The intuition underlying this result can be understood in the context of
the Pecking Order Theory introduced by Myers and Majluf (1984). A firm that
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needs to invest for growth, as is the case here, will first look for retained earnings
because this type of internal financing does not convey negative information to
the market. If external funding is needed, then the company has a preference for
debt that will suffer less than equity from the presence of asymmetric informa-
tion. A firm with high solvency ratio will presumably have primarily relied on
inside funding, and might have insufficiently invested in product development
to meet the demands of a growing market. The surprising finding is that this
investment-requirement mismatch seems to be only remotely related to product
development.

Case (iii) relates to a different issue, indexed (NC2). The company is not
financially sound but achieves high value-added on its products, but these dy-
namic elements (high financial and operating leverage) do not fit in a low growth
environment. When the market is not supportive, it turns out that the lever-
age effect penalizes the company perhaps because of the associated cost of
financial distress. By contrast, compatible situations occur when a particu-
lar combination of the two conditioning variables leads to a weakly negative
of strongly positive impact on the third variable, when it takes a large or a
low value, respectively. Four situations meet either of these conditions: (i)
when SR < M SR, (V A

A ) > M V A/A, and d(Logind) > M d(Logind) - because of
the small negative value of ! ++

1 ; (ii) when SR < M SR, (V A
A ) < M V A/A, and

d(Logind) > M d(Logind) - because of the small negative value of ! −+
2 and be-

cause of the large positive value of ! −−3 ; (iii) when SR > M SR, (V A
A ) < M V A/A,

and d(Logind) < M d(Logind) - because of the small negative value of ! +−
2 ; and

(iv) when SR < M SR, (V A
A ) < M V A/A, and d(Logind) < M d(Logind) - because

of the small negative value of ! −−2 .
As for the incompatibility cases, these four triplets correspond, in fact, to

two main situations: (C1) when solvency is weak and industry growth is high,
whatever the value-added ratio, and (C2) when industry growth is weak and
the value-added is also weak, irrespective of the firm’s solvency. Situation (C1)
takes the counterpoint of (NC1): from a Pecking Order Theory point of view,
the firm gets ready to finance growth by going to its banker early enough.
Situation (C2) can also be contrasted with case (NC2): if the industry and
product development are both weak, the fit between the firm’s operations and
its environment is good, probably because it enjoys rent from the massive sale
of a product with a low margin, which is a typical condition for survival in
this kind of environment. This fit appears to be remotely affected by financial
leverage, as indicated by Figure 3. Combining the results of this subsection with
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the previous one, we get Figure 4.

INSERT FIGURE 4 ABOUT HERE

Note that the crucial variable that determines the strength of the effect is
product mastership. If this variable is weak, then compatibility is good and
strong whatever the firm’s solvency and the level of industry growth. This
is true except in the case where the effect is very strong but negative: the
combination of high industry growth with low operating and financial leverage
((V A

A ) < M V A/A, SR < M SR). This mismatch between a lingering company
and a demanding market appears to constitute the most deleterious combination
for the profitability drivers of the venture-backed company.

6 Conclusions and future research

Overall results, in line with conventional wisdom, suggest a positive relation
between future returns and the industrial growth rate, and a negative relation
between the returns and the financial health and technological advancement of
the company. Interesting patterns have been revealed with the help of the quan-
tile regression technique. Yet, they are not always statistically significant. The
influence of evolutionary variables on profitability is increasing for the product
proxy (not significant over quantiles) and decreasing for the industry (not signif-
icant) and company proxy (significant). The analysis of the conjoint influence of
the evolutional factors identified the “ensemble” of compatible and incompatible
cases, which are partly explained by the Pecking Order Theory.

The extensions of our evolutionary framework are naturally tied to its limi-
tations. The assumptions of the evolutional framework are essentially nonpara-
metric, and look more like those of a neural network rather than those of classical
valuation techniques. It is possible that the linear compatibility hypothesis is
not appropriate, or that it is just too qualitative, and may not be interpreted in
a straightforward manner. In other words, the combination may not matter or
may matter differently. A related issue is the identification of the right proxies
to capture the evolutional process, the choice of which, in our paper, is driven
by availability issues.

The compatibility function is set in a straightforward way - a linear re-
gression model without any sophisticated mathematical modeling; this, though,
seems to be a plausible starting point for further investigation in the light of the
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reported results. The limitations of the BELFIRST database also matter. The
sample starts in 1995 and concerns only Belgian companies financed with ven-
ture capital; a cross-country comparison would definitely shed more light on the
matter. In particular, it is possible that companies in emerging countries would
display a distinct form of behavior with respect to the compatibility framework.

Finally, the investor’s attributes remain beyond the scope of this paper.
These, however, constitute an important point of consideration, since it is the
risk attitudes and goals of the investor that also influence the performance of
the company (this is especially true in Belgium, where a significant part of the
venture capital industry is driven by public agencies). The disaggregation of
the "investor" block in the analysis, is an important step to be carried out in
further investigation. Also, we have not accounted for the cross-correlations
between the venture capital returns. This is, however, the crucial point for the
portfolio management of investors. Overall, there are substantial paths for the
future development of more accurate compatibility models.
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Appendix A: tables

Table 1: Companies distribution across industrial sectors
Industrial sector Number of companies % of total
1. Agriculture and hunting 2 0.88%
2. Food industry 3 1.32%
3. Textile industry 1 0.44%
4. Clothing industry 1 0.44%
5. Wood industry 2 0.88%
6. Editing, printing, reproduction 6 2.63%
7. Chemical industry 8 3.51%
8. Mineral production 3 1.32%
9. Metal works 7 3.07%
10. Equipment and machinery production 3 1.32%
11. Electrical machinery production 4 1.75%
12. Communication equipment production 2 0.88%
13. Medical equipment production 3 1.32%
14. Automobile construction 1 0.44%
15. Furniture production 2 0.88%
16. Recycling recuperation 1 0.44%
17. Construction 5 2.19%
18. Automobile trade and repair 1 0.44$
19. Bulk trade except automobiles 28 12.88%
20. Retail trade except automobiles 8 3.51%
21. Hotels and restaurants 3 1.32%
22. Terrestrial transports 1 0.44$
23. Transport services 3 1.32%
24. Post and telecommunications 3 1.32%
25. Auxiliary finance 1 0.44%
26. Rent without operators 1 0.44%
27. IT activities 37 16.23%
28. R&D 16 7.02%
29. Services for enterprises 59 25.88%
30. Public administration 1 0.44%
31. Education 1 0.44%
32. Health and social actions 1 0.44%
33. Wastes management 1 0.44%
34. Culture and sport activities 8 3.51%
35. NA 1 0.44%

Industrial sectors are in accordance with NACE-BEL 60 classification. Sectors that
are not present in the sample are not reported in the table. The most important
clusters in the sample are “Service for enterprises” (about 26%), “Research and de-
velopment” (about 7%), “IT activities” (about 16%) and “Bulk trade except automo-
biles” (about 13%). The percentages are computed as the fractions of total of the
228 companies in the sample and not as the percentages of the total of the economy.
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Table 2: Estimation output
Coefficient

Cross-section fixed constant, βi 1.004*** (0.141)
Solvency , SRi, t -1.593*** (0.452)
Value-added over assets ratio, V A

A i, t
-0.084* (0.049)

Industrial growth rate, ∆(LOGINDi, t ) 0.828*** (0.192)
Adjusted R-squared 0.580
Estimations are completed using the standard panel estimation
procedure with cross-section fixed effects (βi ) and with the consis-
tent covariance matrix estimates (White estimates). The sample
was adjusted following the leads and lags in the specification. The
final sample contains the information for the years from 1997 to
2002 with 118 cross-sections included. A ***, **, and * indicates
that the coefficient is significant at 1%, 5%, and 10% respectively.
Standard errors are in parentheses.
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Table 4: Archetypes of VC-backed firms
Determinant

Quantile Company Product Industry
high high low medium

median medium medium high
low low high low

Table 5: Decomposition of the effects
Coefficient

βi 0.903*** (0.184)
β++
1 SRi, t ! D+

V A/A ! D+
IND -1.082 (0.747)

β+−
1 SRi, t ! D+

V A/A ! D−
IND -1.224** (0.497)

β−+
1 SRi, t ! D−

V A/A ! D+
IND -1.531** (0.600)

β−−1 SRi, t ! D−
V A/A ! D−

IND -1.225** (0.513)

β++
2

h
V A
A

i

i, t
! D+

SR ! D+
IND -0.206*** (0.070)

β+−
2

h
V A
A

i

i, t
! D+

SR ! D−
IND -0.082 (0.054)

β−+
2

h
V A
A

i

i, t
! D−

SR ! D+
IND -0.078 (0.100)

β−−2

h
V A
A

i

i, t
! D−

SR ! D−
IND -0.061 (0.062)

β++
3 ∆(LOGINDi, t ) ! D+

SR ! D+
V A/A 0.989 (0.911)

β+−
3 ∆(LOGINDi, t ) ! D+

SR ! D−
V A/A 0.798** (0.317)

β−+
3 ∆(LOGINDi, t ) ! D−

SR ! D+
V A/A 0.038 (0.284)

β−−3 ∆(LOGINDi, t ) ! D−
SR ! D−

V A/A 2.674*** (0.782)

Adjusted R-squared 0.5874
Each independent variable is multiplied by the dummy variable
that equals to 1 or 0 according to the location of the other two
independent variables. A ***, **, and * indicates that the coef-
ficient is significant at 1%, 5%, and 10% respectively. Standard
errors in parentheses.
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Appendix B: figures

Figure 2: Radar charts
Panel A: Estimate for β••

1 with respect to the location of the other two variables.

Panel B: Estimate for β••
2 with respect to the location of the other two variables.

Panel C: Estimate for β••
3 with respect to the location of the other two variables.

Three radar charts represent the values of the coefficients estimated from the cited earlier
model . The bolded nodes represent the statistically significant estimates. Blank ones are not
significant.
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Figure 4: Compatibility overall

The boxes represent the integrated information from previous sections. Light red (incompat-
ible) and dark red (strongly incompatible) boxes represent the cases as described by the NC1
and NC2. Light and blue boxes refer to the cases as described by C1 and C2.
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