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INNOVATION OBJECTIVES, KNOWLEDGE SOURCES,
AND THE BENEFITS OF BREADTH

ABSTRACT

Given the inherent risk of innovative activity, firms can improve the odds of success by
pursuing multiple parallel objectives. Since innovation draws on many sources of ideas, firms
also may improve their odds of successful innovation by accessing a large number of
knowledge sources. In this research study, we conduct one of the first firm-level statistical
analyses of the impact on innovation of breadth in both innovation objectives and knowledge
sources. The analysis utilizes detailed data on the innovation activities of firms for a broad
sample of firms and industries in the Finnish economy. The empirical results suggest that
broader horizons with respect to innovation objectives and knowledge sources are associated
with successful innovation.

INTRODUCTION
Innovation is a risky business. Industrial R&D often fails to achieve innovation. Given
the inherent risk of innovative activity, early research on the economics and management of
innovation argued that multiple objectives in innovation activity, or what Nelson (1961) termed
a “parallel-path strategy,” could improve the odds of success (see e.g., Jewkes, Sawers, and
Stillerman, 1958). More recently, Baldwin and Clark (2000, 2003) have emphasized the
benefits of conducting “multiple parallel searches” in innovation activity. Consistent with this
sensible but little-tested argument, recent empirical work has shown that at the industry level, a
greater range of innovation objectives is associated with greater rates of new product and
process introduction (Cohen and Malerba, 2001). These innovation objectives also can benefit
from a range of knowledge sources that provide the opportunity for technological advance
(Klevorick et al., 1995). As a consequence, access to a greater range of knowledge sources
may help firms to improve their odds of successful innovation. Here we conduct one of the
first firm-level statistical analyses of the impact on technological innovation of breadth in both
innovation objectives and knowledge sources. The results suggest that firms benefit from
technological broadening with regard to innovation objectives and knowledge sources.
A great deal of research in strategic management has examined technological search
and innovation in business firms. Much of the work on technological search has investigated
research and development (R&D) and patenting in different areas of scientific and
technological knowledge (e.g., Ahuja and Katila, 2004; Helfat, 1994; Henderson and
Cockburn, 1996; Rosenkopf and Nerkar, 2001). The knowledge based-view of the firm (see
e.g., Kogut and Zander, 1992; Grant, 1996) has focused attention on the importance of
knowledge sources of all types to innovative success, including but not limited to knowledge
gained from R&D. For example, knowledge useful in innovation may come from sources such
as customers (von Hippel, 1976;) and suppliers (Leiponen, 2000).
In addition to knowledge sources, innovation objectives affect the ability of firms to
successfully innovate. As in all endeavors, business and otherwise, objectives inform the

actions that people take, and therefore affect outcomes. Empirical research on technological
search, however, has focused little attention on the objectives that firms pursue in their
innovation activities, perhaps due to the difficulty of obtaining data about these objectives. In
this study, we combine an investigation of the role of knowledge sources in innovation with an
analysis of the role of innovation objectives.
Following the lead of early research on industrial innovation, we focus on the parallelpath strategy in innovation. We ask whether firms have greater innovation success when they
pursue a larger range of innovation objectives and obtain information from a larger range of
sources. Since firms that devote more resources to innovation may be able to pursue a greater
range of objectives and knowledge sources, our analysis controls for the amount of funding for
innovation activity within the firm.
We assess our basic proposition about the benefits of technological broadening using
unusually detailed data from a broad sample of Finnish manufacturing firms.

Although

empirical studies have investigated the association between knowledge sources and firm
innovation success (e.g., Laursen and Salter, 2003; Veugelers and Cassiman, 1999), empirical
research on firm innovation success has yet to incorporate the role of objectives or combine the
analysis of knowledge sources with an analysis of objectives. Innovation objectives and the
knowledge sources that firms use to try to achieve these objectives, however, are different
aspects of technological search. By separating them conceptually and empirically, we can
better understand the nature and consequences of innovation activity.
This study also takes an approach that differs somewhat from current prescriptions in
strategic management, which often highlight the benefits to firms of focusing on a narrow
range of businesses. Our analysis deals with specific types of business activities for which too
much focus may be counterproductive. In particular, business activities such as technological
innovation that are subject to high uncertainty may benefit from breadth of approaches.
In asking the question of whether greater innovation success is associated with a
parallel-path strategy for innovation objectives and knowledge sources, we first define what,
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for purposes of this analysis, we mean by the terms: innovation success, innovation objectives,
knowledge sources in innovation, and parallel paths (or breadth) in innovation activity. We
then draw on extant research on technological innovation to develop propositions about the
effects of breadth in firm innovation activity.

We also describe the data and empirical

methodology used to assess the association between innovation performance and breadth in
innovation objectives and knowledge sources.

Then we report and discuss the empirical

results, and conclude with implications for future research.

INNOVATION ACTIVITY
Our analysis pertains to innovations of a technological nature. To begin, we provide
definitions of innovation success, innovation objectives, knowledge sources in innovation, and
parallel paths (or breadth) in innovation activity.

Innovation Success
The success of a technological innovation can be considered along several dimensions,
including technical, commercial, and financial success (Mansfield et al., 1971). Projects that
meet with technical success, in the sense that a workable product or process results, may or
may not meet customer needs at a reasonable enough cost to permit commercialization. Even
then, the financial returns to the project may or may not exceed the cost of capital. In this
study, we focus on commercialization of technological innovations, either product or process,
within the firm as our measure of innovation success. This measure has the advantage that the
introduction of a new product or process by a firm is observable and quantifiable.

Innovation Objectives
An objective is an aim or a goal. Prior research on technological innovation and search
does not contain a comprehensive or detailed definition of different types of innovation
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objectives. We therefore propose the following typology as a starting point, depicted in figure
1.
Most effort directed toward technological innovation takes place within a particular
domain of science and technology, sometimes termed a “technological trajectory” (Dosi, 1988).
We analyze objectives within a single technological domain.

Within any particular

technological domain, studies of innovation activity often distinguish between product and
process innovation. This distinction suggests that, at the most general level, firms may have
goals or objectives regarding whether to pursue product innovation or process innovation or
both. Within these types of general objectives, firms also are likely to have more specific
objectives that they seek to accomplish. More specific product objectives may include goals
such as the development a completely new product or the improvement of an existing product.
More specific process objectives may include goals such reduction of labor costs or improved
manufacturing flexibility. Cohen and Malerba (2001) have used the term “technical goals”
with reference to these types of more specific objectives. In addition, to meet each of these
specific objectives, firms may undertake a number of individual innovation projects directed
toward the specific innovation objective.
The foregoing typology suggests that innovation objectives nest in a hierarchy from
most to least general. Although we could increase the number of levels in this typology, the
three-tiered hierarchy of objectives provides a useful starting point. As an example, within the
automotive sector, an auto company may seek product or process innovation or both. In the
product innovation area, more specific company objectives may include the introduction of
new cars or improvements to existing models. Within each of these more specific product
innovation objectives, such as the introduction of a new car, the company may run several
projects to develop different designs for a proposed new car.
The question of whether a parallel-path strategy of breadth of objectives is associated
with innovation success applies to each of these levels of innovation objectives: general
objectives, specific objectives, and projects. In this study, we analyze breadth in both general
4

and specific innovation objectives. Because of to data limitations, we are unable to investigate
the breadth of project level objectives; large sample data on individual technological innovation
projects within firms are hard to obtain. Even at the level of general and specific objectives,
individual firm data are relatively scarce.

Knowledge Sources in Innovation
We define knowledge sources in innovation as sources of information that the firm may
seek to use in the technological innovation process. In this research study, we examine
different types of knowledge sources that are connected to different parts of the firm’s value
chain or activity system. Examples include knowledge gained from the firm’s own R&D, as
well as information gained from sources such as competitors, customers, suppliers, and
universities. Similar to objectives, we can differentiate between general and specific types of
knowledge sources, as shown in figure 1. For example, at the most general level, research in
the knowledge-based view of the firm often differentiates between knowledge obtained from
within the firm versus knowledge obtained from outside of the firm.

More specific types of

knowledge from outside the firm may come from different stages of the value chain/activity
system, such as suppliers or buyers. Within each of these more specific sources of information,
firms may seek knowledge from different individual providers of information, such as different
customers or different suppliers. Thus, like objectives, knowledge sources nest in a hierarchy
from most to least general. In this study, we analyze breadth in both general and specific
knowledge sources.

Parallel Paths (Breadth) of Objectives and Sources
We define breadth in innovation activity in a manner that conforms with prior research.
In a classic study of sixty-one technological innovations, Jewkes, Sawers, and Stillerman
(1958) argued that “safety would seem to lie in numbers and variety of attack” (p. 184).
Nelson (1961) echoed this logic in his analysis of the benefits of pursuing multiple research
5

projects in industrial R&D, which he termed a “parallel-path” R&D strategy. Baldwin and
Clark (2003) have made a similar point regarding the benefits of “multiple design experiments”
in product innovation. We therefore investigate whether the benefits of “numbers and variety”
and “multiple experiments,” which we term “breadth” for short, apply to firm-level objectives
and knowledge sources in innovation activity. Empirically, we investigate whether firms that
have a greater number of different objectives and knowledge sources also have greater
innovation success. In addition, some of the theoretical arguments in favor of breadth in
objectives and sources imply diminishing returns to breadth. We therefore investigate whether
innovation objectives and sources display diminishing returns to breadth.

Finally, we

investigate whether the potential interaction between breadth in objectives and breadth in
sources has any additional benefit for innovation success.

TECHNOLOGICAL BROADENING IN INNOVATION SEARCH
Research has shown that it is difficult to predict the outcome of industrial research and
development projects ahead of time.

For example, in an in-depth study of research and

development (R&D) projects in 16 companies, Mansfield et al. (1971) found that the average
probability of commercialization was 37 percent.

Early RAND Corporation studies also

documented the difficulty of predicting R&D cost, technical performance of the innovation,
and development time (see Nelson, 1961). These studies documented that innovation activity
is risky and the likelihood of success is uncertain. In light of these risks, scholars have
proposed two reasons why breadth of innovation objectives may be associated with greater
innovation success. First, under conditions of uncertainty, firms may be able to increase the
likelihood and value of innovation success by sampling a range of objectives. Secondly, firms
may be able to offset diminishing returns to current research programs by pursuing a range of
objectives. In what follows, we explain these arguments and also discuss potential drawbacks
to breadth in innovation objectives.

Then we turn to arguments regarding breadth of

knowledge sources.
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Breadth of Innovation Objectives
The concept of technological opportunity, which denotes the potential for technological
advance in a particular environment, is helpful in analyzing the inherent risks of innovation
activity. Klevorick, Levin, Nelson, and Winter (1995) conceptualized the inherent risk of
innovation search as akin to drawing balls from an urn of innovation outcomes. The potential
for innovation, or technological opportunity, is the distribution of the values of the balls in the
urn. When the firm undertakes innovation activity, it does not know ahead of time which ball it
will draw from the urn. The firm may know the distribution of possible outcomes, but its draw
is a random variable. Although stylized, this depiction captures the basic logic of innovation
search: a firm cannot predict with certainty whether its innovation efforts (draws from the urn)
will produce a marketable product or a process that can be implemented. A few mathematical
models have analyzed this problem at the level of individual research projects directed toward a
specific innovation objective. We next explain these models and how the underlying logic of
these models applies to the general and specific objectives analyzed in this study.

Sampling of Innovation Objectives
Nelson (1961), Evenson and Kislev (1976), and Baldwin and Clark (2003) have used
order statistics to model research projects directed toward a particular innovation objective as
draws from a distribution of possible outcomes. The examples used in these models include
guided missile systems (Nelson, 1961), agricultural innovations (Evenson and Kislev, 1976),
and software designs (Baldwin and Clark, 2003). Nelson (1961) and Baldwin and Clark (2003)
provide an analysis of sampling from an initial distribution of innovation outcomes. Evenson
and Kislev (1976) include an additional analysis of the subsequent evolution of technologies
and basic science over time. Here we focus on the initial sampling from a distribution, which
can be either simultaneous or sequential (Baldwin and Clark, 2003), because this model
contains the essential logic having to do with breadth of innovation activity. Adding the
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analysis of subsequent technological development does not change the implications of the
models regarding breadth of innovation activity.1
In these sampling models, innovation projects have a distribution of payoffs. It is
helpful to think of a payoff as associated with a particular technological advance from a project
that results in an increase in revenues and/or a decrease in costs. A decision maker is faced
with a great deal of uncertainty about the ultimate payoff to any one individual research project
when deciding whether or not to pursue that particular research objective. In a model of this
type, the payoff to innovation is increasing in the number of objectives that the firm pursues,
because the likelihood of obtaining a favorable draw (an objective) from a distribution of
payoffs is increased as the number of draws increases. In this context, one can think of a
favorable draw as one that exceeds a critical value above which it is profitable to
commercialize an innovation. The greater the number of draws from the distribution, the more
likely it is that one of the draws will exceed the critical value needed for commercialization.
As a result, the pursuit of multiple objectives saves decision makers from putting all of their
eggs in one risky innovation basket. Any one innovation objective might not lead to success,
but one of many objectives might.
In the simplest form of Nelson’s model (1961), costs for each project are the same, with
constant returns to scale per project. If a firm devotes more funds to innovation activity, it can
afford greater breadth of projects than a firm that devotes fewer funds to innovation activity.
Because greater funding allows for greater breadth of objectives, the models imply that it is
important to control for funding of innovation activity in an empirical analysis.
In an extension to the model, Nelson (1961) modified it to include projects that have
different costs. Evenson and Kislev (1976) further show that the model can accommodate
economies of scale in projects. The simplest form of Nelson’s (1961) model also includes a
1

Nelson (1961), for example, recommended small initial outlays of funds before making a final decision to
proceed with a project, since early stages of development are often the least expensive and can yield valuable
information about the likely innovation costs, technical performance, and development time for the project. This
early (and unusual) real options type of analysis of innovative activity is not investigated in our analysis.
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fixed time period for each project, at which point the firm evaluates the various outcomes and
chooses to pursue the most promising projects. Nelson (1961) notes that the model can
accommodate differing time periods for different projects without changing the overall
conclusion regarding the benefits of breadth. Thus, even with realistic modifications regarding
costs and timing, the basic conclusions regarding the benefits of a parallel-path strategy do not
change.
The foregoing mathematical models deal with individual research projects directed
toward a specific technological objective. We argue that the logic of this sampling argument
also applies to the specific and general objectives introduced earlier. Specific objectives, for
example, may be subject to uncertainty about both costs and customer benefits. Some specific
objectives may turn out to be more difficult to achieve technically than others and therefore
have higher costs. Firms may also be uncertain about customer demand associated with
various specific innovation objectives. For example, it may be not clear ahead of time whether
customers would be willing to pay more for an added feature to an existing product or for an
entirely redesigned product. The sampling argument also applies to more general objectives,
such as those related to product and process innovation, since it may not be clear whether new
or improved product introduction or process-related cost reductions will have greater value. By
pursuing multiple objectives, firms improve the odds that any one objective may reach its goal.
It is worth noting that in these models, the aim is to increase the likelihood and value of
innovation success, given the inherent uncertainty that accompanies technological innovation
activity. The sampling models are particularly relevant for technological innovation because
empirical research has shown that the distribution of innovation success is highly skewed, and a
relatively few successes make up for a large number of failures (Scherer and Harhoff, 2000).
As a result, a larger number of independent draws from a distribution of innovation outcomes
increases the probability that at least one of the draws will come from the upper tail of valuable
outcomes. The logic of this argument is very different from risk reduction accomplished
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through portfolio diversification, wherein negative correlations of returns among businesses or
financial instruments reduce the overall variance of the returns to the portfolio. 2
Thus far, we have drawn an analogy between the sampling of different projects and the
sampling of different objectives.

Projects and objectives, however, are not necessarily

perfectly aligned. Individual projects may have multiple objectives. As an extreme example,
suppose that one innovation project includes every possible innovation objective. In this
situation, although the breadth of objectives is high, with only a single innovation project the
odds of technological success are not improved by having multiple objectives. This example is
unrealistic of course. In actuality, the greater is the number of different objectives that a firm
pursues, the less likely it is that any one project could equally well satisfy all objectives.
Particularly at the level of general objectives, a single project is likely to have difficulty
fulfilling equally highly valued product and process innovation objectives at the same time.
Even for specific objectives, it may be difficult for a single innovation project to equally well
fulfill a range of objectives, such as simultaneously improving the current features of an
existing product, adding new features to an existing product, and creating an entirely new
product. Therefore, we expect the overall logic of the sampling argument to apply to specific
and general objectives.
The analysis thus far deals with the risk that pursuing any one objective may fail to lead
to an innovation. An extension to the sampling argument deals with a somewhat different
situation when an objective meets with technological success and the firm continues to pursue
this objective in successive research. This sort of success from a particular technological
objective may carry a different sort of risk, namely, of diminishing returns to further innovative
activity, or “technological exhaustion” in the terminology of Evenson and Kislev (1976). For
instance, investments in improving the gasoline fuel efficiency of automobiles are likely to

The analysis of breadth of innovation objectives within the firm to reduce risk, however, implicitly relies on the
assumption that financial markets do not work well to diversify the risk of innovation failure (see for example,
Himmelberg and Petersen, 1994).

2
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experience decreasing marginal returns eventually, because prior innovative success has pushed
the firm further toward the limits of technical feasibility at reasonable cost.

If a car

manufacturer, however, simultaneously invests in other technological objectives such as
developing alternative automobile fuel sources, filters for exhaustion gases, and electronic
controls, the firm improves the potential to make significant innovations that raise the quality
or cost efficiency of an automobile. Thus, the pursuit of a broader range of objectives helps to
offset diminishing returns to depth of innovation activity in a single objective (Cohen and
Malerba, 2001).

Limits to Breadth
The foregoing arguments suggest that by having a greater number of different
objectives, firms can improve the prospects for innovation success.

But how much breadth

should a firm should pursue in its innovation objectives? If breadth of objectives had no
disadvantages whatsoever, firms would prefer to pursue an unlimited number of objectives if
they could. There are at least two potential drawbacks to breadth of objectives, however. The
first drawback has been noted in the more general innovation literature, which points to the
importance of cumulative learning in R&D (Cohen and Levinthal, 1990; Helfat, 1994; Nelson
and Winter, 1982). Since cumulative learning requires depth of innovation activity, there is
likely to be a tradeoff between depth and breadth of innovation objectives.
In addition to the need for cumulative learning, the sampling models themselves contain
another limitation to the benefits of breadth. In particular, the expected increase in the value of
an additional draw from a distribution of innovation payoffs decreases as the number of draws
(innovation objectives) increases. That is, the sampling argument implies that the marginal
benefit (e.g., an increment to sales) of adding another objective diminishes as a firm increases
the number of objectives. Intuitively, as the number of draws from the same distribution
increases, the more likely it is that the firm has already obtained high valued outcomes. The
probability of obtaining an even higher valued draw from an additional objective therefore
11

diminishes. In addition, the marginal cost of adding an innovation objective may increase as
the number of innovation objectives increases.3

Due to the complexity of managing a larger

variety of projects, organizational and managerial costs may increase. As costs increase, firms
may find it more difficult to profitably commercialize an innovation at a price that the market
will bear. Thus, as a result of both decreasing marginal benefits and increasing marginal costs,
increases in the breadth of innovation objectives may be subject to diminishing returns.
Mathematically, the combination of decreasing marginal benefits and increasing
marginal costs of breadth in innovation objectives implies that there is an optimal number of
innovation objectives to pursue (Nelson, 1961; Evenson and Kislev, 1976). This optimum
occurs at the number of objectives where the marginal benefit equals the marginal cost of
adding another objective. As a practical matter, it may be difficult for firms to know exactly
where this optimum is, and it is possible that they could exceed this optimum.
Finally, Nelson (1961) mentions the possibility that although the model assumes
independent draws from a distribution of innovation outcomes, different projects may in fact
have costs (or benefits) that depend on some of the same factors. Breadth has less benefit when
the projects have correlated outcomes than when projects have independent outcomes.
As the foregoing analysis indicates, the sampling models, although stylized, have a fair
amount of flexibility and can accommodate a range of modifications to the basic model. The
following proposition, which we investigate, summarizes the primary empirical implication of
the models:
Proposition 1: A greater number of different innovation objectives within the firm is
associated with greater innovation success.
We also investigate whether, conditional on Proposition 1, we observe the diminishing
returns to breadth predicted by these models.

3

Evenson and Kislev (1976), for example, model costs per objective as increasing in the number of objectives.
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Breadth of Knowledge Sources
The Yale survey on innovation has documented the wide range of knowledge sources
used in innovation at the industry level in the U.S. (Klevorick et al., 1995). The PACE survey
has documented similar breadth of knowledge sources for industry sectors in Europe (Arundel,
Van de Paal, and Soete, 1995). These knowledge sources include the firm’s own industrial
R&D and the scientists that perform this R&D, other firms in the same industry, customers,
suppliers, joint ventures and alliances, university research, government research laboratories
and agencies, and professional and technical societies. Similarly, our analysis focuses on types
of knowledge sources that are connected to different parts of the value chain or activity system.
Research on innovation and knowledge management suggests two reasons why multiple
knowledge sources may be associated with greater innovation success. First, the sampling
models that apply to innovation objectives also may apply to knowledge sources. Under
conditions of uncertainty, firms may be able to increase the likelihood and value of innovation
success by sampling a range of knowledge sources. Second, research on innovation through
knowledge recombination suggests that firms may benefit from complementarities and
synergies among knowledge sources. We next explain these arguments and discuss potential
disadvantages to breadth of knowledge sources as well.
Before turning to the arguments in support of breadth in knowledge sources, we note
that for these reasons to hold, knowledge obtained from different sources must differ to at least
some extent. Otherwise, firms could substitute knowledge from one source for another without
any benefit from multiple sources. Evidence suggests that technological knowledge from
different sources often does not fully overlap, however. For example, although academic
research provides knowledge essential to industrial innovative activity, basic academic research
generally does not directly provide solutions to the more applied sorts of problems on which
firms tend to focus (Mansfield, 1991; Pavitt, 1998). Even in a strongly science-based field such
as biotechnology, agreements with universities provide firms with access to basic scientific
knowledge, while agreements between firms typically focus on product-specific development
13

of basic research discoveries (Arora and Gambardella, 1990). Customers and suppliers provide
yet other sorts of knowledge (Leiponen, 2002).

Users, for example, provide feedback

regarding problems with, and desired modifications of, existing products (von Hippel, 1976).
Suppliers provide knowledge regarding inputs, including raw materials, plant and equipment,
product components, and subsystems. These differences in the sorts of information available
from alternate knowledge sources suggests that access to a number of providers of one type of
information (e.g., customers) provides less breadth of information than access to the same
number of providers of different knowledge sources (e.g., customers and universities). Thus,
for example, different customers are more likely to have overlapping information than are
customers and university scientists.
Not all knowledge from different sources is completely distinct of course. For example,
spillovers of knowledge from other firms in an industry can substitute for internal firm research
and development. The extent to which different knowledge sources are substitutes rather than
complements is an empirical question. The greater the ability of firms to substitute knowledge
from different sources, the more difficult it will be to find empirical support for the following
arguments that breadth of knowledge sources improves the likelihood of innovation success.

Sampling of Knowledge Sources
The first argument regarding the benefits of breadth in knowledge sources involves
sampling from a distribution of innovation payoffs as a metaphor for technological search,
similar to the logic of the models for innovation objectives. In particular, by sampling a greater
number of knowledge sources, the firm may improve its potential for innovation success. The
knowledge sources that a firm accesses may lead to ideas for new products and processes,
improve the efficiency of existing research projects, and help to overcome bottlenecks in
product and process development (Cohen and Malerba, 2001).

Although technological

opportunity and the potential for innovation are often viewed as associated with the science and
technology base in an industry, technological opportunity does not flow to firms automatically.
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Instead, individual firms may be able to improve their technological opportunity by accessing
various knowledge sources.

For example, even though university research may produce

knowledge useful for innovation in an industry, individual firms may vary in their access to this
knowledge. Firms with close contacts with university researchers therefore may gain useful
knowledge earlier than other firms.
When choosing knowledge sources, firms do not necessarily know ahead of time which
sources of knowledge hold the highest potential for innovation. This sort of uncertainty
suggests that application of a parallel-path strategy to knowledge sources may be helpful.4 In
particular, we can apply the mathematical models developed for innovation objectives to
knowledge sources with very little alteration. Thus, consider the situation where a firm has a
single innovation objective and has a choice of knowledge sources. Under conditions of
uncertainty regarding the payoff to individual knowledge sources, the structure of the sampling
models suggests that the payoff to innovation is increasing in the number of knowledge
sources. This occurs because the likelihood of obtaining a favorable draw from a distribution
of payoffs increases as the number of draws (knowledge sources) increases. By accessing a
greater number of knowledge sources, the firm improves the probability that one or more of the
sources will provide knowledge that has high innovation potential. As in the case of innovation
objectives, firms that devote more funds to innovation activity may be able to access a greater
number of knowledge sources, since it is costly to obtain knowledge. For example, in-house
R&D requires funds and so does the employment of marketing or sales representatives to
obtain feedback from customers. Thus, as for innovation objectives, it is important to control
for the amount of spending on innovation activity in the empirical analysis of breadth of
knowledge sources. Additionally, the model can accommodate different costs of accessing
different sources of knowledge. Moreover, an extension to the sampling argument suggests

4

Research on social networks also has shown the value of information from non-redundant sources, which enables
actors to span structural holes (Burt, 1982). For an application to alliances, see e.g., Baum, Calabrese, and
Silverman (2000).
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that breadth in knowledge sources might offset diminishing returns to depth of information
from any one source.
The sampling arguments given earlier for innovation objectives suggest that the same
disadvantages of breadth might apply to knowledge sources. First, cumulative learning and
depth of knowledge acquisition may apply to knowledge gained from specific sources, such as
in-house R&D for example. Therefore, firms may face a tradeoff between breadth and depth of
knowledge sources. In addition, diminishing returns may limit the benefits to breadth of
knowledge sources. The sampling argument regarding draws of knowledge sources from a
distribution of innovation payoffs implies that as a firm increases the number of draws from the
same distribution, the probability of obtaining a higher valued draw from an additional source
diminishes. Thus, the marginal benefit to innovation success from an additional knowledge
source may decline as the firm adds knowledge sources.

In addition, as the number of

knowledge sources increases, the firm may encounter increasing marginal costs due to
increased complexity of managing both the variety of knowledge and the relationships needed
to maintain access to these sources. As in the sampling models for innovation objectives, the
combination of decreasing marginal benefits with increasing marginal costs of breadth in
knowledge sources implies that there is an optimal number of sources. The same caveat applies
here as well. As a practical matter, it may be difficult for firms to know exactly where this
optimum is, and firms may exceed or fall short of the optimum number of sources.

Knowledge Recombination
The second and very different argument in favor of breadth of knowledge sources has to
do with possible complementarities among these sources. Knowledge sources are complements
when obtaining (or increasing the amount of) knowledge from one source increases the value of
knowledge from another source (the marginal payoff from the second source increases). Arora
and Gambardella (1990), Cohen and Malerba (2001), and Leiponen (forthcoming) use similar
definitions of complements in innovation activity more generally.
16

Most arguments regarding the benefit of complementary knowledge sources for
innovation success have to do with the idea that innovation proceeds through recombination of
existing knowledge (see e.g., Kogut and Zander 1992; Nonaka 1994). Schumpeter’s (1934: 6566) classic work describes innovation as a process of combining existing “materials and forces
within our reach” to produce “other things, or the same things by a different method.”
Recombination in innovation can include a range of combinations, including the combination
of highly disparate types of knowledge as well as the application of one area of knowledge to
another closely related area of knowledge. The latter sort of recombination is common in
industrial innovation, such as the application of refined oil technology to the refining of
synthetic fuels from coal (Helfat, 1997) and the application of audio recording to video
recording technology (Cusumano et al., 1992).

Since innovation often proceeds through

recombination of existing knowledge, it follows that accessing a greater number of different
knowledge sources could improve the potential for innovation success.
The knowledge recombination argument also has implications for diminishing marginal
returns to breadth of knowledge sources. For example, due to bounded rationality, as the
number of knowledge sources becomes large, scientists and engineers may find it more difficult
to figure out how to effectively combine all of the various knowledge sources.

In an

application of Kauffman’s (1993) NK model to the process of knowledge combination,
Fleming and Sorenson (2001) find that it becomes more difficult to combine technological
components when the number of interactions among components becomes large. Thus, the
marginal benefits of additional knowledge sources may eventually decrease.

In addition,

marginal organizational costs may increase as the firm adds knowledge sources, due to the
complexity of managing the various external relationships as well as the interaction between
internal and external knowledge sources. Increases in marginal costs in turn affect innovation
success, because it becomes more difficult to profitably commercialize an innovation at a price
that the market will bear.
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Finally, the recombination of knowledge sources has implications for complementarities
between particular types of knowledge sources, especially between knowledge internal and
external to the firm. The concept of absorptive capacity (Cohen and Levinthal, 1990) suggests
that organizations require prior related knowledge in order to absorb and exploit new
knowledge. Thus, the firm’s own prior R&D and innovative efforts may form the basis for the
capacity to assimilate and utilize scientific and technological knowledge from outside the firm.
This argument implies that the firm’s internal knowledge base and outside sources of
knowledge are complementary (Veugelers, 1997) and involve knowledge recombination.
Consistent with this argument, Arora and Gambardella (1990) found that pharmaceutical
companies with a larger internal knowledge base (measured by patents) were more active in
pursuing external linkages in biotechnology.
The following proposition summarizes the primary empirical implication of the both the
sampling and the knowledge recombination arguments regarding breadth in knowledge
sources:
Proposition 2: A greater number of different knowledge sources within the firm is
associated with greater innovation success.
We also investigate whether, conditional on Proposition 2, we observe diminishing
returns to breadth. In addition, in light of the arguments regarding absorptive capacity and
knowledge recombination, we examine whether internal and external sources of firm
knowledge have an interaction that has a positive association with innovation success.

Innovation Objectives and Knowledge Sources Combined
The analysis thus far has considered breadth of knowledge sources and breadth of
innovation objectives separately. The models of innovation objectives essentially hold the
number of knowledge sources constant. In addition, the logic regarding breadth of knowledge
sources essentially applies to each innovation objective that the firm holds.

The same

knowledge source may be useful in more than one innovation objective, however. Therefore,
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firms may obtain economies of scope from knowledge transfer between innovation objectives.
Firms that apply a given set of knowledge sources to a larger number of innovation objectives
may be able to multiply the benefits of their knowledge sources without incurring additional
costs of knowledge acquisition, relative to the application of the same set of knowledge sources
to a smaller number of innovation objectives.

We therefore investigate the following

proposition, which is conditional on a positive effect on innovation success of breadth in both
innovation objectives and knowledge sources5:
Proposition 3: The interaction of breath of innovation objectives and breadth of
knowledge sources is associated with greater innovation success.

DATA
The data used to test the hypotheses come primarily from the Finnish Community
Innovation Survey (CIS) collected by Statistics Finland in 1997 in connection with the
European Union, which sponsored CIS surveys in several member countries. Eurostat, which
is the official statistics and data collection agency of the European Union, coordinated the
development of the survey instrument and the data collection techniques.
The survey includes questions about innovation output, R&D activity, innovation
objectives, and knowledge sources related to innovation. The questions regarding innovation
output ask whether or not the firm introduced technological innovations of any type (product
and process), and what percent of firm sales derived from the introduction of technologically
new products. As the CIS data have become available, scholars have begun to use these data to
measure innovation output, as a complement to more traditional measures such as patents (e.g.,

5 The increased complexity of managing both a large set of objectives and a large set of knowledge sources may
also cause diminishing returns to set in. As a first step, we test for an interaction effect without taking account of
possible diminishing returns.
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Leiponen, 2000 and 2002; Mairesse and Mohnen, 2002; Veugelers and Cassiman, 1999).6
The Finnish CIS survey included questions about 10 different innovation objectives and
12 different knowledge sources at the firm level. Relatively few data sets contain information
on both innovation objectives and sources of knowledge for individual firms. For example, the
Yale survey data used by Cohen and Malerba (2001) contain information regarding innovation
objectives and knowledge sources only at the industry level. A recent study of innovation at
the firm level (Birkenshaw and Fey, 2002) contains survey data regarding three sources of
knowledge external to the firm, but does not include data on innovation objectives. Even some
of the other CIS surveys lack data on innovation objectives.
For the Finnish CIS, Statistics Finland surveyed all Finnish manufacturing firms with
more than 100 employees, as well as a random sample stratified by size and industry of the
remainder of the population of Finnish manufacturing companies. 72 percent of the firms
responded to the survey, a very high response rate for any sort of survey. The CEO or the
R&D manager of each firm filled out the survey. The survey covers the three year period of
1994-96. Our data include 1030 manufacturing firms and encompass all of the 2-digit SIC
code manufacturing industries in Finland.7 Because the data are confidential, the firms in the
survey are not identified by name. Table 1 reports the distribution of firms by industry. The
sample includes separate observations for subsidiaries of larger companies; the latter are termed
“business groups.” As a result, the firms in the sample are not widely diversified, and their
objectives and sources tend to represent those within a particular business area.
In addition to the Finnish CIS data, we use data from the Finnish Employment Register
for control variables related to employee education levels and degrees. Statistics Finland
Although patents reflect success in creating something new, they do not necessarily result in commercially viable
innovations (Griliches, 1990). Moreover, in most industries, firms do not rely heavily on patents (Levin et. al.,
1987). The CIS data provide a direct measure of success in commercializing innovations for a broad range of
industries. Kleinknecht, Montfort and Brouwer (2002) found that CIS innovation output (measured as the share of
sales revenue per employee derived from innovative products) was not correlated with the number of patent
applications per employee. This finding suggests that the CIS data provide useful complementary measures of
innovation success that more traditional measures may not capture.
7 As a check for reasonable responses to the survey questions, we required that firm R&D spending and export
revenues not exceed sales. This requirement eliminated one firm from the original sample.
6
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collected data from all employers in Finland regarding the educational attainment of their
employees.

EMPIRICAL METHODOLOGY AND VARIABLES
To investigate the main propositions regarding breadth of objectives and sources, we
regress measures of innovation success on measures of breadth in objectives and sources, while
controlling for other possible influences on innovation success. As explained in more detail
below, the CIS data contain a binary indicator of innovation success (including products and
processes) as well as a measure of the percent of sales from product innovations. We use probit
maximum likelihood estimation for the binary indicator and tobit maximum likelihood
estimation for the sales variable, which is censored because sales of new products can only be
zero or positive.
In addition, the structure of the question we are investigating may contain an inherent
sample selection problem: we generally do not observe the commercialization of an innovation
unless a firm has first attempted to innovate. Most studies of innovation outcomes, including
the many studies of patenting output, do not attempt to correct for the possibility of this sort of
sample selection bias. Implicitly, the studies assume that we only care about the determinants
of innovation success for firms that have attempted to innovate. In our analysis, we first
separate the firms that attempted to innovate from those that did not. Our primary sample
includes only the firms that attempted to innovate. But in addition, we address the sample
selection issue. The standard statistical approach for dealing with this problem is Heckman’s
(1979) two-stage sample selection methodology, using maximum likelihood estimation with
corrected standard errors (see e.g., Greene, 2000 and Wooldridge, 2003). 8 Using data for all
firms that completed the survey, we estimate a first-stage selection equation of the probability
that a firm attempted to innovate. Then for the firms that attempted to innovate, we estimate a
See Shaver (1998) and Mitchell and Shaver (2003) for examples of sample selection estimation in the strategic
management literature.
8
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second stage regression for innovation success conditional on the results of the first-stage
equation.9 We use LIMDEP version 8.0, which contains procedures for probit and tobit
regression with sample selection, to estimate all of the models.

Variables
Dependent Variable
To measure innovation success, we utilize two main proxy variables. The first is a
binary (0,1) variable, indicating whether or not the firm introduced any technological
innovations (product or process) during the 1994-1996 period. The survey provided a detailed
explanation to respondents of what constituted a technological innovation, as explained in the
footnote below.10 These innovations were new to the firm, and may or may not have been new
to the market. The survey also contains information about the percent of total firm sales
revenues in 1996 from the sale of technologically new products introduced during 1994-96.
The data in the regressions that use the sales revenue dependent variable are lagged in that sales
revenues in 1996 are regressed on right-hand side variables from the period 1994-96.

9

The sample selection methodology helps to control for the possibility that the estimated coefficients for breadth
of objectives and sources in the innovation success equation may be biased (upward in this case), because the
variables are observed only when the firm has decided to engage in innovative activity. This bias will occur if
unobservable or unmeasured factors affect both the likelihood that a firm attempts to innovate and the result of
such attempts. If such unobserved factors are present, the error terms in the two equations will be correlated. This
two-stage approach mitigates the potential problem that the coefficient estimates for innovation objectives and
knowledge sources might otherwise be interpreted as proxies for the likelihood that a firm has attempted to
innovate. Instead, we explicitly estimate the probability that a firm has attempted to innovate prior to inclusion of
innovation objectives and knowledge sources in the equation for innovation success.
10 The survey defines a product innovation as including both a technologically new product and a technologically
significant product improvement. A technologically new product is one whose purpose or technological
characteristics are clearly distinct from those of the existing products of the firm. The new product can be based
on a new technology, a new application of existing technologies, or application of new knowledge. A
technologically significant product improvement significantly improves on the characteristics or performance of
an existing product of the firm, and may include improvements in components, materials, or subsystems. The
survey defines a process innovation as one that is technologically new or that contains a fundamentally improved
method of production or product distribution. A process innovation may include (but is not limited to)
improvements based on changes in equipment, instruments, organization of production, or new knowledge. We
also require that the firm indicate that it developed the innovation primarily by itself, and that any associated
research and development was performed internally rather than outsourced or performed in collaboration with
other firms.
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The CIS survey data contain only the binary and sales types of measures used here. The
two dependent variables have different strengths and weaknesses. For example, use of the
product sales variable helps to reduce (but does not eliminate) the potential for endogeneity of
the explanatory variables. Such endogeneity could occur in a cross-section of data if the
outcome of successful innovation leads firms to add objectives and knowledge sources for
subsequent innovation. A common solution to this form of potential endogeneity utilizes
instrumental variables. Unfortunately, we do not have data with which to construct appropriate
instruments. The use of product sales as a dependent variable mitigates this concern to some
extent, however, since the variable includes only 1996 sales, while objectives and sources
include the years 1994 and 1995 in addition to contemporaneous data from 1996.
Additionally, the product sales variable has the advantage that it provides a measure of
the extent of commercial success, in contrast to the binary innovation variable which provides
only a minimum measure of innovation success (commercialization of at least one product or
process innovation). The product sales variable comes directly from a survey question that
asked firms to report the share of total firm sales revenues in 1996 from product innovations.
Among the firms that innovated, approximately 90 percent introduced product innovations,
indicating that use of a product sales variable is appropriate. Since close to half of the
innovating firms also had process innovations, however, product sales do not fully reflect
innovation success. In addition, the value of total firm sales in the denominator of the product
sales variable reflects any sales lost from discontinued products. The binary indicator of
innovation success, however, is not affected by discontinued products and includes process
innovations. By using both the binary innovation and the product sales variables, we obtain a
fuller picture of innovation success. If the results for both dependent variables are similar, we
can place greater confidence in the results.
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Explanatory Variables
The key explanatory variables in our study represent the number of different innovation
objectives that firms pursued and the number of different knowledge sources that firms
accessed. The CIS survey question regarding objectives asked respondents to identify the
importance of each of 10 possible technological objectives in their innovation activities. 11 The
right-hand side of table 2 lists the different objectives included in the survey, which correspond
to the specific objectives discussed earlier, such as expanding the product line or reducing labor
costs. These specific objectives easily cluster into more general objectives that are related to
product innovation, process innovation, and what we term business environment innovation.12
The latter, which includes fulfillment of government regulations and mitigation of
environmental impact, might involve either product or process innovations. Therefore we
analyze them separately.

For purposes of empirical analysis, we analyze the grouped

objectives on the left-hand side of Table 2 as general objectives, and we analyze the objectives
on the right-hand side of the table that come directly from the survey questions as specific
objectives.

We analyze breadth in general objectives separately from breadth in specific

objectives, since specific objectives nest within categories of general objectives.
Within each category of general objectives, some of the specific objectives included in
the survey may overlap with one another. For example, expanding the product assortment
could increase market share as well. If specific objectives in the survey overlap, a firm might
have answered that it had multiple specific objectives, when the firm actually had fewer
underlying objectives. This possibility works against our finding a positive association of
breadth in specific objectives with innovation success, because firms would have reported a
greater number of objectives than they actually had. Nevertheless, as a robustness check in the

11

The 10 objectives included in the CIS survey are very similar to the 11 objectives used in the Yale survey at the
industry level (see Cohen and Malerba, 2001).
12
Although some of the specific process objectives in Table 2 might contribute to product innovation, it seems
reasonable that the specific process-oriented objectives have process innovation as the primary goal. Similarly, the
specific product-oriented objectives are likely to have product innovation as the primary goal.
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empirical analysis, we conduct sensitivity tests to assess the importance of breadth of specific
objectives within broader categories of general objectives.
The CIS survey also asked respondents to identify the importance of each of 12 possible
sources of information used in innovation activities. The right-hand side of table 3 lists the
knowledge sources included in the CIS survey. This set of knowledge sources encompasses a
wide range of external sources, in addition to knowledge from within the firm and business
group.

We group these specific sources of information into more general categories of

knowledge sources, as shown on the left-hand side of the table. This grouping comes from the
United Kingdom (UK) CIS survey questionnaire. Veugelers and Cassiman (1999) also used
this grouping in analyzing the Belgian CIS data. (The Finnish CIS questionnaire lists the
specific knowledge sources without providing groupings.)

These groupings distinguish

between internal, market-mediated (from other firms), institutional (research institutes), and
other (publicly available) sources of knowledge.

We analyze breadth in general sources

separately from breadth in specific sources, since specific knowledge sources nest within
categories of general knowledge sources.
In assessing the impact on innovation of the number of innovation objectives and
knowledge sources, it is important to account for the fact that some objectives and knowledge
sources may have greater importance than others. If an innovation objective is relatively
unimportant to the firm, or if a knowledge source provides relatively little useful knowledge to
the firm, including them in the analysis would overstate the actual objectives and knowledge
sources relevant to innovation.
For each objective or knowledge source listed in the survey questionnaire, the firm was
asked to “evaluate the importance of the following objectives/sources of information for the
innovation activities of your firm” on a Likert scale from 0 (not important at all/not used) to 3
(very important). To account for the varying importance of different objectives and knowledge
sources, we adopted the approach used by Cohen and Malerba (2001) in their analysis of
industry level innovation objectives. For each of the specific innovation objectives shown in
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table 2, we created a binary indicator for whether the survey response indicated that the item
was important to the firm. A survey response of either 2 (important) or 3 (very important) for
an objective received a binary value of 1; survey responses of 0 (not important at all/not used)
or 1 (some importance) received a binary value of 0. We coded the survey responses for each
of the specific sources of knowledge shown in table 3 in the same manner.

For each of the

general objectives in table 2, the objective was assigned a value of 1 if at least one of the
specific objectives in that group of general objectives received a survey response of either 2 or
3. If none of the specific objectives in the group received a survey response of 2 or 3, then the
general objective was assigned a binary value of 0. We used the same procedure for the
general sources of knowledge.
The variable that measures breadth of specific objectives is the sum for each firm of the
binary values for the specific innovation objectives shown in table 2. The variable for breadth
of general objectives is constructed as the sum for each firm of the binary values of the general
objectives in table 2. The variable for the breadth of specific objectives has a maximum value
of 10 and the variable for the breadth of general objectives has a maximum value of 3. The
variable that measures breadth of specific knowledge sources is the sum for each firm of the
binary values for the specific sources of knowledge shown in table 3. The variable for breadth
of general knowledge sources is constructed as the sum of the binary values of the general
knowledge sources shown in table 3. The variable for the breadth of specific sources has a
maximum value of 12 and the variable for the breadth of general sources has a maximum value
of 4. As a robustness check on the results, we also constructed alternative variables for the
breadth of specific objectives and sources using the simple sums of the survey responses for
objectives and sources, respectively. The results using these alternative variables are very
similar to those reported here and are available upon request.
Tables 2 and 3 denote with an asterisk the specific objectives and sources that the
survey responses on average ranked as relatively more important. The answers to the survey
indicate that the specific innovation objectives that ranked as most important in the sample as a
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whole were those to improve existing products and open new markets. The most important
specific knowledge sources in innovation came from within the firm and from customers. Each
of these objectives and sources had a raw mean score above 2.0 (out of 3.0 on the Likert scale),
with a mean binary value above 0.75. Other somewhat important specific objectives and
sources (mean greater than 1.50 for the raw scores on the Likert scale and greater than 0.50 for
the binary values) included objectives to expand the product assortment, improve production
flexibility, reduce labor costs, and reduce material consumption, as well as knowledge sources
from competitors and suppliers.

Control Variables
In the analysis, it is important to control for factors other than breadth of objectives and
sources that may affect innovation success. These factors include firm size, R&D spending,
firm innovative capabilities, and industry of operation. Firm size is likely to be an important
predictor for the binary (0,1) innovation variable in particular. Because larger firms have
access to greater financial and human resources, these firms may have a greater ability to
achieve at least a single innovation. Firm size is measured as the logarithm of the number of
employees. In addition to firm size, because R&D spending is explicitly directed toward the
development of new products and processes, greater R&D expenditures may increase the
probability of successful innovation. Moreover, as noted earlier, firms that devote greater
funds to innovation activity will have a greater ability to pursue a greater number of different
objectives and sources.

Although R&D spending does not include all funds devoted to

innovation activity, which could take other forms, it should capture most direct spending on
innovation. R&D expenditures are measured in logarithmic form, since they tend to increase
with firm size.
Firms that have greater innovative capability also would be expected to have greater
innovation success on average. We control for firm innovative capability in two ways. First,
employee skills and knowledge are critical inputs to a capability for innovation. The quality of
27

employee skills relevant to innovation therefore may affect innovation success. Firms that have
employees with research skills gained through post-graduate education may have a greater
ability to innovate. We therefore include the percent of firm employees with postgraduate
degrees (Ph.D. or licentiate) as a proxy for the research training of employees.

In addition,

since the innovations in this survey are technological in nature, employee technical skills may
help a firm to innovate. We therefore include the percent of firm employees with college but
not postgraduate degrees in engineering, physical sciences, or life sciences as a proxy for the
technical training of employees.13 In addition to the employee skills variables, we include a
(0,1) dummy variable for whether the firm is a subsidiary of a larger company. Firms that are
subsidiaries of larger corporations (termed “business groups”) may have access to the resources
of other subsidiaries or of the corporate office that could improve the ability to innovate.14
Industry level factors also may affect the innovation success of individual firms,
including the extent of industry technological opportunity, appropriability of the returns to
innovation, and customer demand. The underlying state of technology and basic science
related to industry products and processes in part determines the potential for technological
progress (or technological opportunity) in an industry (Klevorick et al., 1995). In addition,
firms in industries with greater technological opportunity (e.g., high technology industries) may
pursue a greater number of different objectives due to the greater potential for technological
advance. These firms also may pursue greater breadth of knowledge sources in order to access
the greater underlying technological opportunity in the industry. By controlling for industry of
operation, we insure that we do not confound industry technological opportunity with breadth
of firm objectives and sources. In addition to technological opportunity, the ability of firms to
appropriate returns to innovation also varies by industry (Cohen and Levinthal, 1989). The
greater the appropriability of returns to innovation, the greater the incentive that firms have to
13 In Finland, the first degree for engineers and for most physicists and life scientists is a Master’s degree requiring
5 years of study. A licentiate degree requires the same coursework as a Ph.D. (2 years beyond the Master’s) but
requires only one year of research following coursework (rather than 2-3 years for a Ph.D.).
14
This dummy variable also controls for the fact that non-group firms have one less possible source of knowledge,
since they cannot draw on a business group.
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innovate. Customer demand for new products also affects the incentive to innovate (Adner,
2002). To control for industry level factors, we include a dummy variable for each 2-digit level
SIC industry in the sample.15
Finally, we control for the export orientation of the firm. The potential for greater sales
outside of Finland may increase the incentive to innovate. In addition, firms that export their
products abroad may face stronger competition than firms that sell only in Finland, which is a
small economy. Stronger competition in foreign markets also may provide greater incentive to
innovate. Export orientation is measured as the ratio of annual export revenues to total firm
sales.

Sample Selection Variables
Earlier we mentioned the possibility of sample selection bias, whereby the firm’s
propensity to engage in innovative activity might be reflected in its breadth of objectives and
sources. In the regressions for innovation success, inclusion of control variables that reflect the
propensity of firms to attempt innovation can help control for this form of sample selection
bias. Our analysis includes several such variables, including R&D spending (indicative of the
attempt to innovate), firm size (larger firms are more likely to create formal research
programs), employee research skills (firms with stronger employee research skills are more
likely to attempt innovation), and industry dummy variables (firms in more technologically
advanced industries may be more prone to attempt technological innovation).
In addition to including the foregoing control variables in the analysis of innovation
success, sample selection estimation techniques can be used to control for the fact that only
firms that attempted to innovate would likely have succeeded in commercializing a
technological innovation.

We therefore estimate a first-stage selection regression which

includes all firms that responded to the CIS survey. For this regression, we created a binary
15

The data make it difficult to utilize a more fine-grained classification of industry membership, which would
result in a significant number of industries with just one or a few firms.
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(0,1) dependent variable to indicate whether or not the firm attempted to innovate. This
variable has a value of 1 if the firm indicated that it had ongoing innovation projects or R&D
investments of any type (internal to the firm as well as collaborative and contract arrangements)
and a value of 0 otherwise. Forty-six percent of the firms in the sample received a value of 1
and were classified as innovation active. In addition, the selection equation includes a new
right-hand side variable, which is the percent of firm employees with non-technical college (but
not postgraduate) degrees other than in the technical areas of engineering, physical sciences,
and life sciences. Since firms that are more knowledge-intensive may be more likely to attempt
innovation, this variable provides an indicator of the extent to which firms are knowledgeintensive in their general employee base (as reflected in the percentage of college educated
employees). The selection regression also includes the other control variables used in the
second stage regression for innovation success, with the exception of the variables for R&D
spending and employee research skills. The latter variables are closely associated with internal
firm research and development activity and are likely to have a strong direct effect on
innovation success.16

Common Method Variance
All of the variables except those dealing with education come from the CIS survey,
which had a single respondent per company. We therefore conducted a standard check for
common method variance, which could inflate any observed correlations between the
dependent and independent variables. We used Harmon’s one-factor test to assess common
method bias. If common method variance is a serious problem, a factor analysis would
produce a single factor that accounts for most of the correlation between the dependent and
independent variables (see Podsakoff and Organ, 1986).
16 For the selection equation, we seek to predict the propensity to attempt innovation, rather than innovation
success. The latter generally is strongly affected by factors related to R&D. As a practical matter, it is not
possible to include R&D spending in both the selection equation and the main innovation success equation. The
model will not converge, most likely because R&D spending is highly collinear with the dependent variable in the
selection equation. Firms that attempt to innovate generally have R&D spending.
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For each of the dependent variables (the binary and the product sales innovation success
variables), we performed two factor analyses.

One factor analysis included the general

objectives and sources and a second factor analysis included the specific objectives and
sources. Since the specific objectives and sources are subsets of the general objectives and
sources, respectively, we did not include specific and general variables in the same analyses.
Each factor analysis also included all of the control variables used in the innovation success
regressions, including the education variables. We performed 4 factor analyses in total.
All but one of the factor analyses retained 4 factors with eigenvalues greater than 1.00.
For the factor analysis involving the binary dependent variable and the general objectives and
sources, the fourth factor had an eigenvalue of 0.98, just short of 1.00. In all of the analyses,
the first factor explained only 25 percent of the variance. Moreover, in each case, our intended
dependent variable did not load most strongly on the same factor as did the variables for
breadth of objectives and sources. These results suggest that common method variance is not a
substantial problem. The factor analyses thus indicate that our regression results regarding the
relationship between innovation success and the number of innovation objectives and
knowledge sources are not subject to an inherent common method bias in the responses to the
survey.

RESULTS
Descriptive statistics are reported in table 4, which includes all of the main variables
used in the analysis for the innovation active firms, as well as variables for which we have data
for the full sample of survey respondents. Only the firms that engaged in some innovation
related activity were asked to respond to the survey questions concerning innovation objectives
and knowledge sources used in innovation activity. If firms did not attempt to innovate, it is
unlikely that they had innovation objectives or knowledge sources related to innovation.
The descriptive statistics show that forty-six percent of the firms in the full sample
attempted to innovate. Nine percent of revenues for these innovation active firms derived from
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sales of new products. Since sixty-three percent of the firms that were innovation active
succeeded in innovating, this implies that new product introductions accounted for 14 percent
of revenues for the successful innovators.
On average, the innovation active firms had 2.3 general objectives and 5.5 specific
objectives. These firms also had an average of 2.9 general knowledge sources and 4.9 specific
knowledge sources. Table 5 reports correlation coefficients for both the innovation active firms
and the full sample of respondents, for the variables reported in table 4. The number of
innovation objectives and knowledge sources per firm have a relatively high positive
correlation at both the general (ρ = 0.36) and specific level (ρ = 0.41). The positive correlation
between the number of objectives and sources is not surprising.

Firms that have more

innovation activity may both pursue a greater number of innovation objectives and seek more
sources of knowledge for innovation.

The correlation between objectives and sources,

however, does make it more difficult to ascertain their independent statistical relationship to
innovation success.

Breadth of Objectives and Sources
Tables 6 and 7 report an initial set of probit and tobit regressions for the innovation
active firms.

These regressions investigate our main propositions that greater breadth of

objectives and sources is associated with greater innovation success.

Table 6 reports the

results for the general objectives and sources; table 7 reports the results for the specific
objectives and sources.

Statistical significance was assessed using two-tailed tests; most

coefficients referred to below attained significance at the 5 percent level or less, with a few
attaining significance at the 10 percent level or less.
Because the number of innovation objectives and knowledge sources are highly
correlated, we entered each variable separately in the regressions and then included them
together. For the general objectives and sources, the coefficients are positive and statistically
significant when the variables are entered separately in the regressions (probit and tobit).
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When the variables are entered together, both coefficients are positive and statistically
significant in the tobit regression. In the probit regression, however, general objectives are
significant but general sources are not.
For the specific objectives and sources (table 7), when the variables are entered
separately, the coefficient for objectives is highly significant in for both the probit and tobit
regressions. The coefficient for sources, however, is only significant in the tobit regression for
the product sales dependent variable. When specific objectives and sources are included
together in the tobit regression, the coefficient for objectives retains its significance but that for
sources does not. Multicollinearity between specific objectives and sources might explain this
latter result. Nevertheless, an evaluation of the marginal effects of the specific objectives and
sources when entered separately in the product sales regression suggests that the results for
objectives are stronger. The estimated marginal effect is 2.7 for objectives and 1.8 for sources,
with similar standard errors (slightly lower for objectives than sources).17 Although we must
interpret these numbers with caution, they provide additional evidence regarding the
importance of objectives in particular.
Of the control variables, the coefficient on R&D spending is positive and highly
significant in all of the regressions. The coefficient on the percent of employees with a
postgraduate degree (a proxy for research skills) also is statistically significant in all of the
regressions, although the degree of significance varies. Firm size, as measured by the number
of employees, is significant in the tobit but not the probit regressions. The business group,
export revenue, and college technical degree variables generally are not significant.
Tables 8 and 9 report the sample selection results that correspond to the regressions
reported in tables 6 and 7, respectively. The results with and without correction for sample
selection are very similar with regard to the statistical significance of the variables. In the first17 In addition, likelihood ratio tests produce similar results when one variable is added to an equation containing
the other variable. Adding objectives to the equation containing sources produces an increase in the log likelihood
ratio of 11.1 that is statistically significant at a level of less than 0.01. Adding sources to the equation containing
objectives, however, increases the likelihood ratio by only 0.3 and is not statistically significant.
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stage selection equations, all of the variables including that for employees with non-technical
college degrees are statistically significant except for the business group dummy variable.
Perhaps not surprisingly, the business group dummy variable has a high correlation with the
firm size variable (estimated ρ= 0.48 in the full sample of 1030 firms). Thus, multicollinearity
may account for the insignificance of the business group variable.

The key variable of

employees with non-technical college degrees is positive and statistically significant at
approximately the 5 percent level in the selection equations. Nevertheless, sample selection
estimation changes the statistical significance of the coefficient estimates for objectives and
sources very little relative to the probit and tobit results in tables 6 and 7. Of the six model
specifications, there is only one slight change in statistical significance of the variables: when
general objectives and sources are entered together in the probit regression, the coefficient on
general sources objectives becomes significant only at the 6 percent level. Since the statistical
significance of the results for our breadth variables are very similar with and without the
sample selection specification, from here on, we report the results of the probit and tobit
estimation for only the sample of firms that attempted to innovate.

Sensitivity Analyses
The regressions reported thus far indicate that breadth of innovation objectives and
knowledge sources has a positive relationship with innovation success. We noted earlier that
some of the specific objectives included in the survey questionnaire might overlap to some
extent, particularly within each of the three categories of general objectives. We therefore
conducted a sensitivity analysis to assess the relationship to innovation success of the breadth
of specific objectives within each category of general objectives. From the CIS survey, we
ascertained which firms that innovated had only product innovations, which firms had only
process innovations, and which firms had both product and process innovations. For each type
of innovation success, we investigated its relationship to breadth of specific product, process,
and business environment objectives.
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To conduct this analysis, we created three separate and mutually exclusive dependent
binary (0,1) variables to use in three separate regressions. The first dependent variable was
coded 1 if the firm had only product innovations and 0 otherwise. The second dependent
variable was coded 1 if the firm had only process innovations and 0 otherwise. The third
dependent variable was coded 1 if the firm had both product and process innovations and 0
otherwise. Some firms had no innovations and therefore received a value of 0 for all three
dependent variables. We also coded three new right-hand side variables to measure breadth of
specific product objectives, breadth of specific process objectives, and breadth of specific
business environment objectives. These variables were constructed in the same manner as the
original variable for breadth of specific innovation objectives, except that these new variables
apply only to a subset of objectives. For example, breadth of specific product objectives is the
sum of the binary scores for only the specific product innovation objectives. All three righthand side variables were included in each of the regressions for the three different dependent
variables. Because only 32 firms had process innovations only, this regression is difficult to
estimate with precision, but is included for completeness.
Table 10 reports the results of this sensitivity analysis. The results for breadth of
product and process objectives differed between dependent variables. For the dependent binary
variable indicating product only innovation success, the coefficient for product objectives was
positive and significant while that for process objectives was negative and significant. For the
dependent variable indicating both product and process innovation success, both product and
process objectives were positive and significant. Finally, in the regression indicating process
only innovation success, the coefficient for process objectives was positive while the
coefficient for product objectives was negative. (These coefficients were not significant due to
the small number of firms that had only process innovation success.) Taken together, the
regressions indicate that breadth of product objectives is positively correlated with product but
not process innovation success, and breadth of process objectives is positively correlated with
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process but not product innovation success. These results provide additional evidence that
breadth of specific objectives has a positive association with innovation success.
As yet another sensitivity analysis regarding our main proposition, we investigated
whether individual objectives and knowledge sources were positively associated with
innovation success. We sought to assess whether our results reflected the possibility that a
number of objectives and sources might have individually affected innovation success and
therefore could account for the significance of the breadth variables.
To investigate this possibility, we first created a (0,1) dummy variable for each type of
general and specific innovation objective and knowledge source, to indicate whether or not the
firm viewed that objective or source as important or very important.

For each specific

objective or source, if in our original coding the objective or source had received a binary score
of 1 (indicating an important or very important objective or source, and a 2 or 3 on the Likert
scale), the new dummy variable was coded as a 1, and 0 otherwise. For the each general
objective or source, if at least one specific objective or source in that category had received a
binary score of 1, the dummy variable for that general objective or source was coded as a 1, and
0 otherwise. We then entered these dummy variables into the main regression, for the general
and specific objectives and sources separately, as reported in Tables 11 through 14. The
omitted dummy variable in each regression is that for zero important objectives or sources.
The results for innovation objectives suggest that individual objectives are not strongly
associated with innovation success.

Of the general objectives, product objectives were

significant in the tobit but not the probit regression, while business environment objectives
were significant in the probit but not the tobit regression. Process objectives were significant in
neither regression. Of the 10 specific objectives, only three were significant in both the probit
and tobit regressions: replacing outdated products, expanding the product assortment, and
increasing production flexibility. Overall, the results for individual general objectives show a
lack of consistency between the probit and tobit regressions. For the specific objectives, a
relatively small number were significant in both the probit and tobit regressions.
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Taken

together, the results do not provide strong support for the importance of individual objectives,
whether general or specific. We do, however, find much more consistent support for the
proposition that breadth of objectives is associated with innovation success.
The results for knowledge sources also show that few individual general and specific
sources are consistently significant.

For general knowledge sources, internal sources are

significant in the probit but not the tobit regression, while other public sources are significant in
the tobit but not the probit regression. Other general sources are not significant. Of the 12
specific sources, knowledge from within the firm and from research institutes is significant in
the probit but not the tobit regression. Knowledge from the business group is significant in the
tobit but not the probit regression. (Knowledge from trade fairs also is significant in the tobit
but not the probit regression, but there are very few firms in this category.) Other specific
sources are not significant.

Overall, only one or two individual knowledge sources are

statistically significant in each regression. In addition, the results are inconsistent between the
probit and tobit regressions. Together these results suggest that individual sources are not
strongly associated with innovation success. This again supports the main proposition that
breadth of sources rather than any one source is associated with innovation success.

Diminishing Returns
Thus far, the empirical results support our main propositions regarding a positive
association with innovation success of breadth in objectives and knowledge sources. Next we
investigate the possibility of diminishing marginal returns to breadth of objectives and sources.
For this analysis, we used an approach that has the advantage that it does not impose a
particular functional form on the nature of any diminishing returns. We created (0,1) dummy
variables for each possible number of important or very important general objectives, specific
objectives, general sources, and specific sources. A value of 1 for each dummy variable
indicated that the firm had this number of objectives or sources; otherwise, the firm was
assigned a value of 0 for that dummy variable. As an example, for the analysis of specific
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objectives, we created a (0,1) dummy variable to indicate whether or not a firm had 1 important
or very important objective, another dummy variable to indicate whether or not a firm had 2
important or very important objectives, and so on. We entered each set of dummy variables
(for general objectives, specific objectives, general sources, and specific sources) into the
regressions separately in order to ascertain at which number of objectives and sources, if any,
the positive relation to innovation success diminishes. The omitted dummy variable in each
regression is that for zero important objectives or sources.
Tables 15 through 18 report the results regarding diminishing marginal returns. For the
general objectives and sources shown in tables 15 and 17, in both the probit and tobit
regressions, the marginal effects associated with each possible number of objectives and
sources indicate generally increasing rather than decreasing returns. The coefficients on the
dummy variables are positive, have similar standard errors, and tend to increase as the number
of general objectives and sources increase.
Since there are a relatively small number of general objectives and sources, this raises
the possibility that these results mask diminishing returns for the more narrowly defined
specific objectives and sources.

Tables 16 and 18 show that specific objectives and sources

also display generally increasing returns. In the probit regression, the coefficients on the
number of specific objectives increase over most of the range (with similar standard errors). In
the tobit regression, the coefficients show a generally upward although less smooth trend that
continues to rise as the number of objectives increases. The coefficients on the numbers of
sources also are generally increasing up to 8-10 sources (with similar standard errors) in the
probit and tobit regressions; the coefficient estimates decrease beyond that point, but since
there relatively few firms have these larger numbers of sources, we cannot draw strong
conclusions.
Overall, the results for objectives do not suggest diminishing returns and those for
sources provide at best weak evidence of diminishing returns. Perhaps the range of objectives
and sources in this study may not be associated with strongly diminishing returns; firms also
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may stop short of pursuing breadth of objectives and sources that would lead to diminishing
returns. Instead, we see evidence of generally increasing returns to a greater number of
different objectives and sources, both general and specific. These results therefore provide
additional support for the main propositions regarding the benefits of breadth in objectives and
sources.

Complementarities Among Knowledge Sources
Earlier we noted that internal and external knowledge sources may be complementary.
To assess complementarity between internal and external knowledge sources, we utilized the
dummy variables created earlier for each of the individual sources. A (0,1) dummy variable for
each type of general and specific knowledge source indicates whether or not the firm viewed
that knowledge source as either important or very important. As next explained, we interacted
the dummy variables for internal sources with dummy variables for each of the other
knowledge sources. To conserve space, we have not included these results in the tables.
(There are a large number of regressions, one per interaction term.)
For the general sources, we first interacted the dummy variable for sources from within
the firm and within the business group with each of the dummy variables for the other general
sources (one interaction per regression). None of the interaction terms involving general
sources are statistically significant in either the probit or tobit regressions. For the specific
sources, we first interacted the own-firm source with each of the other specific sources (one
interaction term per regression). Next we interacted the dummy variable for sources from
within the business group with the dummy variables for each of the other sources (one
interaction per regression). Of the 23 different interaction terms, only the interaction between
knowledge from within the firm and knowledge from databases was statistically significant and
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the coefficient was negative rather than positive.18 Overall, the results provide little evidence
of complementarity between internal and external knowledge sources.

Interaction Effects of Breadth
Finally, we investigated Proposition 3 regarding interactions between breadth of
objectives and sources. In the main probit and tobit regressions, we added an interaction term
between breadth of objectives and breadth of sources, first for general sources and then for
specific sources. As shown in tables 19 and 20, these interaction terms are insignificant. Thus,
we find no evidence of a positive interaction between breadth of objectives and breadth of
knowledge sources.
We also investigated the possibility that R&D spending or innovation capability might
have a positive interaction with breadth of objectives and sources. R&D expenditures were
statistically significant in the main regressions; employee postgraduate education generally was
significant as well. Perhaps firms benefit more from breadth of innovation activity if they also
devote more funds to research and have greater research capability through their employees.
Using the main probit and tobit regressions, for both general and specific objectives and
sources, we added interaction terms between R&D expenditures and breadth of objectives and
sources, and between employee postgraduate education and breadth of objectives and sources.
Tables 20 through 23 report these regressions. The only positive and significant interaction is
between employee postgraduate education and breadth of specific sources. Other interactions
were either insignificant or negative and significant. Overall, these results do not provide a
great deal of evidence of a positive interaction effect of R&D spending or research capability
with breadth of objectives and sources.

18

This interaction term was significant at the 0.05 level or less in both the probit and tobit regressions.
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DISCUSSION AND CONCLUSION
This research study has provided a conceptual framework for analyzing breadth of
objectives and knowledge sources in firm innovation activity, and has investigated initial
propositions based on the conceptual analysis. This is one of the first statistical studies at the
firm level to assess breadth of innovation objectives and knowledge sources together, and for a
large set of both objectives and sources. The results also have the advantage that they derive
from a broad sample of manufacturing industries.
The empirical results support the primary proposition of this study that greater breadth
of innovation objectives and knowledge sources is associated with innovation success at the
firm level. Greater breadth of innovation activity is significantly and positively correlated with
the probability that the firm succeeds in innovating and with the “value” of innovations
(measured as the percent of sales derived from newly introduced innovative products). These
results hold after controlling for many other factors that might affect firm innovation success,
including research funding and capability. The sample selection estimation and the control
variables in the main regressions further controlled for the propensity of firms to attempt
innovation, thus mitigating the potential impact of unobserved heterogeneity.

Moreover,

individual objectives and sources, both general and specific, were not consistently significant
predictors of innovation success, while breadth of objectives and sources were. This adds
further support for the main proposition. The investigation regarding diminishing returns to
breadth supplied yet more evidence supporting the benefits of breadth in objectives and
sources. Rather than diminishing returns, we instead found generally increasing returns to a
greater number of objectives and sources at both the general and specific level. Taken together,
the empirical evidence presented here strongly suggests that breadth of objectives and
knowledge sources is beneficial in managing the inherent uncertainty of innovation outcomes.
Our analysis has further contributed to the understanding of innovation success within
firms by empirically separating innovation activity and associated technological search into
innovation objectives and knowledge sources. The results regarding breadth of search are
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particularly strong for innovation objectives, both general and specific. Although research has
tended to focus much more on knowledge sources, our empirical results suggest that innovation
objectives may be as or even more important to innovation success.
These results also raise issues for future research in order to provide evidence beyond
this initial study, and to address limitations of the study. For example, it would be useful to
replicate these results beyond the Finnish economy, where there are fewer large firms than in a
country like the U.S. A sample that includes more large firms also could provide additional
evidence regarding diminishing returns to breadth of innovation objectives and knowledge
sources. Additionally, longitudinal data also would make it possible to trace how innovation
objectives and knowledge sources affect innovation success over time. Panel data could further
address potential endogeneity of objectives and sources.
The benefits of technological broadening identified in this study may have more general
implications as well. For example, our findings may have implications for exploration and
exploitation in learning (March, 1991) and for firm diversification strategy. In particular, to the
extent that breadth of objectives and sources is associated with new approaches to innovation,
this study identifies yet another possible benefit of exploration in innovation activity.

With

regard to diversification strategy, to the extent that diversified firms have greater breadth of
innovation activity because they are in multiple businesses, this may have a positive effect on
the likelihood of innovation success. Both of these possibilities might be useful to investigate
in future research.
Finally, the results of this study may have implications beyond the innovative activities
of firms. Other firm activities that are subject to high uncertainty regarding the likelihood of
future success may benefit from multiple objectives. In addition, firm activities that entail the
use of knowledge from different sources may benefit from breadth of knowledge sourcing.
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Figure 1 General Typology of Innovation Objectives and Knowledge Sources

Innovation Objectives
z General objectives
•

Specific objectives (directed toward general objectives)
-

Project objectives (directed toward specific objectives)

Knowledge Sources
z General sources
•

Specific sources (within general sources)
-

Individual providers of information (within specific sources)
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Table 1

Industry distribution of firms in the sample

Industry
Food
Textile
Wood
Paper
Printing, publishing
Oil, Chemical
Plastic, Rubber
Non-metallic minerals
Primary metals
Metal products
Machines, equipment
Electronics
Cars, vehicles
Furniture
Total

N (#
of
firms)
107
79
76
26
98
43
47
45
26
97
146
133
54
53
1030

Share of
Total N
10.4 %
7.7 %
7.4 %
2.5 %
9.5 %
4.2 %
4.6 %
4.4 %
2.5 %
9.4 %
14.2 %
12.9 %
5.2 %
5.1 %
100.0 %
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Table 2 Innovation objectives for innovation

General Objectives
Product innovation

Specific Objectives
Replace outdated products
Improve product quality*
Expand product assortment*
Enter new markets or increase market share*

Process innovation

Increase flexibility of production*
Reduce labor costs*
Reduce use of materials*
Reduce use of energy

Business environment innovation

Fulfill government regulation or standards requirements
Mitigate environmental damage

* Most or somewhat important specific objectives based on average survey responses (raw
mean score above 1.5, mean binary value above 0.50)
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Table 3

Knowledge sources for innovation

General Sources
Internal

Specific Sources
Own firm*
Business group

Market-mediated

Competitors*
Customers*
Consulting firms
Suppliers of equipment, materials, components, or software*

Institutional

Universities
Public or non-profit research institutes

Other (public)

Patents
Conferences, scientific/trade publications
Databases (e.g. Internet)
Trade fairs, exhibitions

* Most or somewhat important specific sources based on average survey responses (raw
mean score above 1.5, mean binary value above 0.50)
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Table 4

Descriptive Statistics

All Firms (N=1030)
Mean
4.15
0.43
0.24
0.2
7.3
3.5
0.46

Variable
Log # employees
Business group (0,1)
Export share of revenues
% of employees w/Ph.D
% of employees w/college technical/science degree
% of employees w/college non-technical degree
Innovation active firm

Std. Dev.
1.28
0.49
0.30
0.7
9.2
6.3
0.50

Minimum
2.30
0
0
0
0
0
0

Maximum
9.17
1
1
8.2
63.6
56.0
1

Innovation Active Firms (N=476)
Variable
Log # employees
Business group (0,1)
Export share of revenues
% of employees w/Ph.D
% of employees w/college technical/science degree
% of employees w/college non-technical degree
Innovation success (0,1)
Percent of product sales revenues from innovation
Log R&D expenditures
General objectives
General sources
Specific objectives
Specific sources

Mean
4.65
0.56
0.35
0.3
10.0
4.0
0.63
9.04
5.57
2.28
2.87
5.54
4.94
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Std. Dev.
1.38
0.50
0.33
0.9
10.4
5.6
0.48
15.66
3.31
0.80
0.98
2.38
2.28

Minimum
2.30
0
0
0
0
0
0
0
0
0
0
0
0

Maximum
9.17
1
1
8.2
63.6
40.7
1
100
14.40
3
4
10
12

Table 5

Correlation Coefficients

All Firms (N=1030)
1. Log # employees
2. Business group
3. Export share of revenues
4. % of employees w/Ph.D
5. % of employees w/college technical/science degree
6. % of employees w/college non-technical degree
7. Innovation active firm

1
1
0.48**
0.36**
0.14**
0.14**
0.08**
0.36**

2

3

4

5

6

1
0.25**
0.17**
0.22**
0.19**
0.25**

1
0.12**
0.28**
-0.02
0.35**

1
0.27**
0.29**
0.18**

1
0.12**
0.27**

1
0.06*

7

Innovation Active Firms (N=476)

1. Log # employees
2. Business group
3. Export share of revenues
4. % of employees w/Ph.D
5. % of employees w/college technical/science degree
6. % of employees w/college non-technical degree
7. Innovation success
8. Percent product sales revenues from innovation
9. Log R&D expenditures
10. General objectives
11. General sources
12. Specific objectives
13. Specific sources

1
1
0.51**
0.31**
0.06
0.07
0.04
0.18
0.02
0.62**
0.15**
0.29**
0.15**
0.33**

2

3

4

5

6

1
0.22**
0.15**
0.16**
0.16**
0.09
0.00
0.39**
0.03
0.24**
0.00
0.28**

1
0.08
0.22**
-0.08
0.10*
0.13**
0.38**
-0.04
0.14**
-0.01
0.17**

1
0.30**
0.39**
0.13**
0.18**
0.18**
-0.10*
0.20**
-0.10*
0.20**

1
0.08
0.19**
0.25**
0.33**
-0.07
0.11*
-0.10*
0.11*

1
0.00
1
0.07
0.44** 1
-0.02
0.34** 0.23**
-0.12* 0.17** 0.11*
0.10* 0.23** 0.16**
-0.11* 0.23** 0.20**
0.08
0.17** 0.19**

** denotes significance at the 1% level, * denotes 5% level
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8

9

10

11

12

1
0.15**
0.36**
0.12**
0.35**

1
0.36** 1
0.79** 0.39** 1
0.35** 0.82** 0.41**

Table 6

General objectives and sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general objectives
general sources
log likelihood
degrees of freedom
chi squared
% correctly predicted

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D
% employees college
technical/science degree
general objectives
general sources
log likelihood
σ

Innovation success (0,1) (probit maximum likelihood)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-1.137 (.447) .011
-.946 (.427) .027
-1.274 (.455) .005
.028 (.068) .676
.036 (.068) .592
.024 (.068) .724
-.128 (.151) .396
-.180 (.152) .236
-.152 (.153) .318
-.132 (.233) .569
-.194 (.230) .399
-.138 (.233) .554
.117 (.028) .000
.110 (.028) .000
.109 (.028) .000
.261 (.120) .000
.195 (.116) .091
.235 (.121) .052
.0055 (.0082) .504
.252 (.084) .003

.0047 (.0082) .565
.179 (.071) .012
13 industry dummies
-266.17
20
94.86 .00
68.91%

-264.75
20
97.69 .00
70.59%

.0053 (.0082) .514
.204 (.090) .023
.119 (.077) .122
-263.56
21
100.08 .00
70.80%

Percentage of product sales revenues from innovation (tobit maximum likelihood)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-18.100 (7.965) .023
-16.667 (7.774) .032
-22.395 (8.171) .006
-2.318 (1.133) .041
-2.144 (1.132) .058
-2.378 (1.130) .035
-2.788 (2.622) .288
-4.123 (2.633) .117
-3.491 (2.628) .184
.921 (3.884) .813
-.575 (3.856) .882
.641 (3.868) .868
2.780 (.517) .000
2.618 (.525) .000
2.573 (.522) .000
3.297 (1.270) .009
2.372 (1.275) .062
2.730 (1.282) .033
.184 (.125) .140
4.739 (1.460) .001

.166 (.125) .183
4.240 (1.283) .001
13 industry dummies
-1313.54
20.93 (.96) .00

-1313.76
20.89 (.96) .00
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.189 (.124) .129
3.564 (1.538) .021
3.241 (1.349) .016
-1310.84
20.78 (.95) .00

Table 7

Specific objectives and sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific objectives
specific sources
log likelihood
degrees of freedom
chi squared
% correctly predicted

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D
% employees college
technical/science degree
specific objectives
specific sources
log likelihood
σ

Innovation success (0,1) (probit maximum likelihood)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-1.320 (.447) .003
-.693 (.410) .091
-1.313 (.448) .003
.018 (.069) .797
.037 (.068) .583
.022 (.069) .751
-.103 (.153) .500
-.173 (.152) .252
.087 (154) .572
-.160 (.235) .496
0.206 (.230) .369
-.157 (.236) .506
.116 (.028) .000
.117 (.028) .000
.119 (.028) .000
.280 (.123) .023
.213 (.117) .068
.289 (.123) .019
.0064 (.0082) .435
.132 (.029) .000

.0048 (.0082) .558
.044 (.031) .154
13 industry dummies
-268.35
20
90.51 .00
69.75%

-258.62
20
109.97 .00
72.27%

.0065 (.0082) .429
.141 (.032) .000
-.024 (.035) .496
-258.39
21
110.43 .00
72.90%

Percent product sales revenues from innovation (tobit maximum likelihood)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-23.044 (7.721) .003
-12.861 (7.403) .082
-23.569 (7.725) .002
-2.650 (1.106) .017
-2.317 (1.127) .040
-2.727 (1.105) .014
-1.999 (2.560) .435
-4.518 (2.631) .086
-2.527 (2.595) .330
.949 (.3.767) .801
-.818 (3.836) .831
.788 (3.760) .834
2.693 (.504) .000
2.679 (.519) .000
2.620 (.507) .000
3.491 (1.240) .005
2.260 (1.278) .077
3.161 (1.269) .013
.217 (.122) .075
2.676 (.473) .000

.169 (.124) .175
1.799 (.535) .001
13 industry dummies
-1313.47
20.84 (.96) .00

-1303.03
20.32 (.93) .00
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.218 (.122) .073
2.433 (.517) .000
.663 (.575) .249
-1302.36
20.27 (.93) .00

Table 8

General objectives and sources, sample selection regressions (N=1030)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general objectives
general sources

Constant
log # employees
business group (0,1)
export share of revenues
% employees college
non-technical degree
ρ
log likelihood

Innovation success (0,1) (probit ML)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-1.148 (1.646) .486
-1.654 (1.551) .286
-1.665 (1.686) .323
.029 (.144) .839
.094 (.146) .517
.056 (.155) .716
-.128 (.174) .462
-.142 (.187) .449
-.134 (.182) .464
-.130 (.560) .817
.054 (.641) .933
-.007 (.635) .991
.117 (.029) .000
.105 (.036) .004
.107 (.033) .001
.261 (.165) .113
.194 (.145) .182
.235 (.162) .146
.0055 (.0088) .536
.252 (.091) .005

.0048 (.0083) .563
.176 (.074) .018
13 industry dummies

-2.134 (.235)
.290 (.043)
.116 (.102)
1.237 (.171)

.0054 (.0087) .533
.200 (.098) .041
.120 (.078) .124

Innovation active firm (0,1) (probit ML)
.000
-2.132 (.234) .000
-2.133 (.235)
.000
0.291 (0.043) .000
.291 (.043)
.256
0.119 (.102) .240
.118 (.102)
.000
1.234 (.172) .000
1.236 (.171)

.013 (.007) .043

.013 (.0066) .043
13 industry dummies
.36 (.81) .65
-846.96

.005 (.80) .99
-845.62

(Table 8 continued next page)
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.000
.000
.246
.000

1.332 (.661) .044
0.20 (.86) .816
-844.40

Table 8 (continued)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D
% employees college
technical/science degree
general objectives
general sources

constant
log # employees
business group (0,1)
export share revenues
% employees college
non-technical degree
log likelihood
ρ
σ

General objectives and sources, sample selection regressions (N=1030)

Percentage of product sales revenues from innovation (tobit ML)
Coefficient Significance Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-16.723
-20.560
-23.929
(22.026) .448
(20.107) .307
(21.483) .265
-2.425 (1.899) .202
-1.850 (1.695) .275
-2.260 (1.808) .211
-2.854 (3.291) .386
-3.941 (3.393) .245
-3.421 (3.334) .305
.481 (7.680) .950
.656 (7.206) .927
1.127 (7.483) .880
2.782 (.482) .000
2.609 (.493) .000
2.570 (.493) .000
3.288 (1.365) .016
2.396 (1.349) .076
2.738 (1.394) .050
.184 (.139) .186
4.743 (1.814) .009

.166 (.135) .218
4.262 (1.461) .004
13 industry dummies

-2.134 (.223)
.290 (.045)
.115 (.099)
1.238 (.192)

.000
.000
.242
.000

.189 (.136) .164
3.555 (1.876) .058
3.253 (1.529) .033

Innovation active firm (0,1) (probit ML)
-2.136 (.223) .000
-2.135 (.223) .000
.291 (.044) .000
.291 (.045) .000
.116 (.098) .236
.116 (.098) .238
1.236 (.191) .000
1.237 (.192) .000

.014 (.0069) .052

.013 (.0070) .062
13 industry dummies
-1894.38
.096 (.49) .84
20.97 (.86) .00

-1894.62
-.034 (.52) .95
20.90 (.82) .00
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.013 (.0070) .058
-1891.71
.038 (.52) .94
20.79 (.78) .00

Table 9

Specific objectives and sources, sample selection regressions (N=1030)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific objectives
specific sources

Constant
log # employees
business group (0,1)
export share of revenues
% employees college
non-technical degree
ρ
log likelihood

Innovation success (0,1) (probit ML)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-1.745 (1.674) .297
-1.092 (1.678) .515
-1.659 (1.704) .330
.053 (.156) .734
.069 (.148) .641
.050 (.155) .745
-.083 (.179) .644
-.154 (.182) .396
-.071 (.178) .688
-.017 (.638) .979
-.074 (.623) .905
-.042 (.633) .947
.114 (.033) .001
.115 (.032) .000
.117 (.033) .000
.281 (.172) .102
.214 (.151) .156
.290 (.172) .092
.0065 (.0085) .443
.130 (.034) .000

.0049 (.0085) .567
.044 (.031) .149
13 industry dummies

-2.134 (.234)
.291 (.043)
.119 (.102)
1.237 (.171)

0.0066 (.0086) .444
0.140 (.036) .000
-0.023 (.036) .522

Innovation active firm (0,1) (probit ML)
.000
-2.133 (.234) .000
-2.134 (.234)
.000
.291 (.043) .000
.291 (.044)
.245
.118 (.102) .248
.118 (.102)
.000
1.236 (.172) .000
1.237 (.171)

1.320 (.662) .046

1.337 (.660) .043
13 industry dummies
.20 (.83) .81
-849.19

.22 (.86) .80
-839.44

(Table 9 continued next page)
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.000
.000
.248
.000

1.323 (.661) .045
.18 (.86) .84
-839.23

Table 9 (continued)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D
% employees college
technical/science degree
specific objectives
specific sources

Constant
log # employees
business group (0,1)
export share revenues
% employees college
non-technical degree
log likelihood
ρ
σ

Specific objectives and sources, sample selection regressions (N=1030)

Percentage of product sales revenues from innovation (tobit ML)
Coefficient Significance
Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-23.529
-21.948 (21.798) .314
-14.912 (20.991) .477
(21.797) .280
-2.735 (1.920) .154
-2.161 (1.790) .228
-2.730 (1.904) .152
-2.050 (3.156) .516
-4.423 (3.345) .186
-2.529 (3.190) .428
.597 (.7.645) .938
-.166 (7.455) .982
.775 (7.621) .919
2.695 (.476) .000
2.675 (.490) .000
2.620 (.487) .000
3.483 (1.327) .009
2.273 (1.372) .098
3.161 (1.375) .022
.217 (.133) .101
2.677 (.560) .000

.169 (.135) .212
1.803 (.590) .002
13 industry dummies

-2.134 (.222)
.290 (.044)
.115 (.098)
1.238 (.193)

.000
.000
.241
.000

.218 (.131) .096
2.433 (.608) .000
.663 (.619) .285

Innovation active firm (0,1) (probit ML)
-2.135 (.223) .000
-2.134 (.222)
.291 (.044) .000
.290 (.044)
.116 (.098) .238
.116 (.099)
1.237 (.192) .000
1.237 (.193)

.014 (.007) .051

.013 (.007) .059
13 industry dummies
-1894.33
.05 (.51) .92
20.85 (.80) .00

-1883.89
-.03 (.54) .96
20.32 (.80) .00
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.000
.000
.240
.000

.013 (.007) .054
-1883.23
-.001 (.55) .99
20.27 (.78) .00

Table 10

Specific product, process, and business environment objectives,
innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific product
objectives
specific process objectives
specific business
environment objectives
log likelihood
degrees of freedom
chi squared
% correctly predicted

Innovation success (0,1) (probit ML)
Both product and process
Product only success
Process only success
success
Coefficient Significance Coefficient Significance
Coefficient Significance
(Std Error) Level
(Std Error) Level
(Std Error) Level
-1.823 (.510) .000
-1.573 (.660) .017
-1.899 (.512) .000
.048 (.067) .472
.062 (.097) .523
-.109 (.079) .164
-.014 (.153) .927
-.102 (.227) .652
-.111 (.179) .535
-.153 (.225) .496
-.178 (.356) .616
.032 (.257) .901
.033 (.029) .255
-.055 (.039) .159
.159 (.040) .000
.060 (.075) .428
.030 (.126) .811
.051 (.082) .534
.0080 (.0073) .274

-.0076 (.013) .565

-.0063 (.0089) .477

.165 (.066) .013
-.127 (.053) .016

-.052 (.092) .570
.086 (.081) .287

.239 (.082) .003
.118 (.060) .051

.094 (.137) .490
13 industry dummies
-109.50
22
20.80 .53
93.07%

.063 (.105) .550

.116 (.092) .206
-277.68
22
62.72 .00
65.55%
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-204.85
22
77.02 .00
80.67%

Table 11

Individual general objectives, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
individual general
objectives (0,1 variables):
product
process
business environment
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.331 (.538) .013
.035 (.069) .610
-.138 (.152) .364
-.148 (.235) .529
.114 (.028) .000
.263 (.122) .031

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-29.954 (11.306) .008
-2.102 (1.145) .066
-3.062 (2.629) .244
.585 (3.890) .881
2.673 (.523) .000
3.301 (1.277) .010

.0051 (.0082) .537

.183 (.125) .144

.497 (.369) .178
.204 (.170) .229
.234 (.133) .078

17.734 (8.892) .046
4.501 (2.937) .125
3.241 (2.288) .157
13 industry dummies
-1312.41

-264.51
22
98.17 .00
70.17%

20.88 (.96) .00
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Table 12

Individual specific objectives, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
individual specific
objectives (0,1 variables):
replace old products
improve product quality
expand product line
enter new markets
increase flexibility
reduce labor costs
reduce materials use
reduce energy use
fulfill gov’t regulations
mitigate environmental
damage
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.423 (.471) .003
.043 (.072) .549
-.149 (.159) .349
-.239 (.244) .328
.113 (.029) .000
.275 (.124) .026
.0068 (.0084) .418

.569 (.148)
-.139 (.193)
.454 (.141)
.003 (.163)
.308 (.146)
.213 (.169)
-.172 (.166)
-.024 (.162)
.270 (.175)

.221 (.120) .065

.000
.473
.001
.986
.034
.209
.300
.884
.123

.077 (.172) .656
-247.58
29
132.03 .00
73.32%

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-27.623 (7.887) .000
-2.237 (1.102) .042
-3.461 (2.572) .178
.466 (3.730) .901
2.470 (.501) .000
3.305 (1.222) .007

12.319 (2.474)
1.636 (3.176)
7.983 (2.301)
.814 (2.761)
3.915 (2.255)
4.175 (2.620)
-2.420 (2.531)
-1.718 (2.535)
5.609 (2.764)

.000
.607
.001
.768
.083
.111
.340
.498
.042

.761 (2.746) .782
13 industry dummies
-1288.51

19.67 (.90) .00
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Table 13

Individual general sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
individual general
sources (0,1 variables):
internal
market
institutional
other (public)
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-.921 (.473) .051
.044 (.068) .517
-.202 (.153) .187
-.187 (.232) .420
.107 (.028) .000
.206 (.116) .076
.0035 (.0082) .674

.512 (.224)
-.149 (.254)
.143 (.141)
.216 (.145)

.022
.557
.310
.136

-264.62
23
97.96 .00
68.70%

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-15.191 (8.628) .078
-2.142 (1.129) .058
-4.194 (2.633) .111
-.175 (3.859) .964
2.589 (.524) .000
2.433 (1.274) .056
.160 (.125) .200

4.286 (4.173)
1.834 (4.582)
2.799 (2.365)
6.739 (2.525)
13 industry dummies
-1312.85

.304
.689
.237
.008

20.86 (.96) .00
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Table 14

Individual specific sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
individual specific
sources (0,1 variables):
own firm
business group
competitors
customers
consulting firms
suppliers
universities
research institutes
patents
conferences
databases
trade fairs, exhibitions
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit maximum likelihood)
Coefficient Significance
(Std Error) Level
-.898 (.442) .042
.034 (.070) .626
-.305 (.185) .099
-.197 (.238) .409
.110 (.029) .000
.241 (.125) .054
.0033 (.0083) .696

.515 (.200)
.277 (.183)
.015 (.142)
.079 (.190)
-.146 (.189)
-.153 (.135)
-.113 (.163)
.326 (.191)
-.294 (.221)
.110 (.159)
-.091 (.208)
.127 (.145)

.010
.129
.917
.677
.441
.256
.487
.088
.183
.490
.662
.382

-260.75
31
105.69 .00
70.59%

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-13.088 (7.923) .099
-2.340 (1.128) .038
-6.539 (3.096) .035
-.891 (3.867) .818
2.642 (.520) .000
2.463 (1.296) .057
.170 (.125) .174

6.047 (3.704)
5.765 (2.932)
1.574 (2.316)
1.046 (3.388)
-.470 (3.146)
-1.080 (2.253)
-1.128 (2.634)
4.049 (2.911)
-2.924 (3.393)
.159 (2.597)
4.486 (3.180)
5.320 (2.353)
13 industry dummies
-1307.41

.103
.049
.497
.758
.881
.632
.669
.164
.389
.951
.158
.024

20.54 (.94) .00
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Table 15

Diminishing returns to general objectives, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
number of general
objectives:
one
two
three
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.846 (.633) .004
.041 (.069) .554
-.124 (.152) .417
-.126 (.235) .592
.107 (.028) .000
.269 (.128) .037

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-25.035 (11.805) .034
-2.217 (1.140) .052
-2.917 (2.633) .268
.785 (3.898) .841
2.722 (.523) .000
3.307 (1.28) .010

.0038 (.0083) .651

.187 (.126) .137

1.206 (.521) .021
1.122 (.499) .024
1.452 (.498) .004

12.192 (9.817) .214
16.930 (9.505) .075
20.866 (9.472) .028
13 industry dummies
-1313.39

-262.37
22
102.47 .00
71.22%

20.89 (.96) .00
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Table 16

Diminishing returns to specific objectives, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
number of specific
objectives:
one
two
three
four
five
six
seven
eight
nine
ten
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.969 (.650) .003
-.025 (.070) .723
-.085 (.155) .585
-.177 (.241) .462
.117 (.029) .000
.289 (.131) .027
.0063 (.0085) .458

1.526 (.684)
1.034 (.570)
1.062 (.532)
1.073 (.525)
1.149 (.520)
1.182 (.519)
1.290 (.526)
1.527 (.540)
2.047 (.573)
2.524 (.644)
-252.55
29
122.11
73.11%

.026
.070
.046
.041
.027
.023
.014
.005
.000
.000

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-26.888 (11.441) .019
-2.601 (1.105) .019
-1.781 (2.543) .484
.492 (3.735) .895
2.702 (.508) .000
3.670 (1.240) .003
.206 (.122) .090

17.165 (12.179)
11.721 (10.000)
7.915 (9.647)
13.415 (9.416)
16.806 (9.313)
14.983 (9.318)
22.141 (9.389)
18.603 (9.560)
28.034 (9.685)
36.297 (9.973)
13 industry dummies
-1297.65

.159
.241
.412
.154
.071
.108
.018
.052
.004
.000

20.04 (.92) .00
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Table 17

Diminishing returns to general sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
number of general
sources:
one
two
three
four
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.502 (.642) .019
.046 (.068) .504
-.189 (.152) .214
-.198 (.231) .392
.108 (.028) .000
.195 (.116) .094
.0053 (.0082) .520

.801 (.561)
.956 (.504)
.958 (.502)
1.255 (.511)

.153
.058
.057
.014

-264.84
23
97.52 .00
69.33%

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-28.164 (13.868) .042
-1.950 (1.138) .087
-4.319 (2.634) .101
-.675 (3.853) .861
2.617 (.527) .000
2.266 (1.283) .077
.181 (.125) .149

17.578 (12.803)
20.983 (11.838)
21.047 (11.756)
28.491 (11.834)
13 industry dummies
-1311.67

.170
.076
.073
.016

20.89 (.960) .00
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Table 18

Diminishing returns to specific sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
number of specific
sources:
one
two
three
four
five
six
seven
eight
nine
ten
eleven or twelve
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.545 (.648) .017
.054 (.069) .433
-.189 (.154) .218
-.201 (.235) .393
.111 (.029) .000
.204 (.119) .085
.0067 (.0083) .415

1.067 (.629)
.863 (.537)
1.028 (.518)
.963 (.517)
.899 (.517)
.933 (.530 )
1.224 (.541)
1.518 (.560)
1.082 (.615)
.698 (.710)
.318 (.876)

.090
.108
.047
.062
.082
.078
.024
.007
.079
.325
.717

-263.17
30
100.85 .00
69.33%

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-27.247 (13.691) .046
-1.978 (1.141) .083
-4.615 (2.633) .080
-.394 (3.849) .918
2.544 (.522) .000
2.357 (1.290) .068
.178 (.125) .153

15.096 (13.696)
19.752 (12.087)
21.278 (11.765)
19.322 (11.735)
19.195 (11.724)
26.303 (11.820)
24.984 (11.883)
30.480 (11.992)
29.904 (12.751)
33.634 (13.865)
18.899 (16.501)
13 industry dummies
-1309.70

.270
.102
.071
.100
.102
.026
.036
.011
.019
.015
.252

20.67 (.95) .00
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Table 19

Interaction of objectives and sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general objectives
general sources
general objectives X
general sources
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific objectives
specific sources
specific objectives X
specific sources

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.564 (.590) .008
.031 (.069) .651
-.164 (.154) .285
-.140 (.233) .549
.110 (.028) .000
.218 (.121) .071

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-20.663 (10.730) .054
-2.405 (1.135) .034
-3.438 (2.635) .192
.623 (3.867) .872
2.569 (.522) .000
2.778 (1.297) .032

.0057 (.0082) .484
.339 (.195) .082
.233 (.166) .159

.186 (.125) .135
2.763 (3.579) .440
2.606 (2.895) .368

-.056 (.071) .431

.306 (1.237) .805
13 industry dummies
-1310.81

-263.24
22
100.72 .00
69.96%

20.77 (.95) .00

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.380 (.516) .007
.024 (.069) .733
.091 (.155) .556
-.159 (.236) .500
.118 (.028) .000
.285 (.124) .021
.668 (.825) .419
.155 (.061) .011
-.007 (.071) .917

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-21.002 (9.046) .020
-2.772 (1.107) .012
-2.427 (2.599) .350
.776 (3.757) .836
2.626 (.506) .000
3.251 (1.279) .011
.210 (.122) .086
1.947 (1.039) .061
.109 (1.178) .926

-.003 (.012) .793

.102 (.190) .591
13 industry dummies

log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

-258.35
22
110.50 .00
72.90%

-1302.22

20.25 (.93) .00
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Table 20

Interaction of R&D expenditures with general objectives and sources,
innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general objectives
general objectives X
log R&D expenditures

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.738 (.542) .001
.040 (.068) .563
-.147 (.152) .333
-.187 (.236) .429
.243 (.068) .000
.292 (.129) .023
.0032 (.0083) .698
.520 (.158) .001

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-28.408 (10.126) .005
-2.141 (1.137) .060
-3.069 (2.628) .243
.553 (3.891) .887
4.560 (1.169) .000
3.380 (1.275) .008
.154 (.126) .220
9.118 (2.981) .002

-.055 (.027) .038

-.764 (.442) .084
13 industry dummies

log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general sources
general sources X
log R&D expenditures

-262.49
21
102.22 .00
70.17%

-1312.21

20.85 (.96) .00

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.035 (.499) .038
.041 (.069) .554
-.184 (.152) .226
-.200 (.231) .386
.129 (.061) .034
.196 (.115) .087
.0047 (.0082) .568
.210 (.113) .063

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-17.250 (9.479) .069
-2.126 (1.144) .063
-4.145 (2.642) .117
-.588 (3.859) .879
2.725 (1.122) .015
2.390 (1.285) .063
.166 (.125) .185
4.439 (2.254) .049

-.0069 (.020) .727

-.038 (.352) .941
13 industry dummies

log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

-266.11
21
94.98 .00
68.70%

-1313.54

20.93 (.961) .00
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Table 21

Interaction of R&D expenditures with specific objectives and sources,
innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific objectives
specific objectives X
log R&D expenditures
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific sources
specific sources X
log R&D expenditures

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.585 (.485) .001
.017 (.069) .799
-.110 (-.153) .472
-.209 (.238) .382
.189 (.058) .001
.300 (.130) .021

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-27.708 (8.785) .002
-2.599 (1.108) .019
-2.084 (2.567) .417
.521 (3.791) .891
3.645 (.971) .000
3.501 (1.245) .005

.0050 (.0083) .545
.191 (.051) .000

.200 (.123) .103
3.565 (.908) .000

-.011 (.0088) .143

-.160 (.138) . 245
13 industry dummies
-1302.34

-313.60
21
112.14 .00
72.90%

20.32 (.93) .00

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-.759 (.456) .096
.041 (.068) .553
-.176 (.152) .245
-.213 (.231) .355
.131 (.050) .008
.215 (.116) .065

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-9.748 (8.464) .249
-2.429 (1.136) .032
-4.405 (2.629) .094
-.749 (3.829) .845
2.148 (.879) .015
2.134 (1.288) .098

.0048 (.0082) .556
.059 (.054) .273

.171 (.124) .169
1.141 (1.033) .270

-.0030 (.0089) .737

.113 (.152) .458
13 industry dummies

log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

-268.29
21
90.62 .00
69.75%

-1313.20

20.79 (.96) .00
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Table 22

Interaction of employee postgraduate education with general objectives and
sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general objectives
general objectives X
% employees w/Ph.D.
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
general sources
general sources X
% employees w/Ph.D.
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.069 (.453) .018
.026 (.068) .700
-.124 (.152) .413
-.160 (.236) .497
.115 (.028) .000
.110 (.221) .620

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-16.191 (8.066) .045
-2.302 (1.129) .041
-2.794 (2.610) .284
.452 (3.889) .907
2.736 (.516) .000
.392 (2.761) .887

.0055 (.0082) .501
.232 (.087) .007

.186 (.125) .135
4.118 (1.537) .007

.110 (.134) .413

1.546 (1.295) .233
13 industry dummies
-1313.03

-264.37
21
98.45 .00
69.75%

20.82 (.96) .00

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-.948 (.428) .027
.036 (.068) .594
-.181 (.152) .235
-.196 (.231) .397
.110 (.028) .000
.245 (.546) .653

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-16.305 (7.778) .036
-2.067 (1.135) .069
-4.071 (2.632) .122
-.588 (3.855) .879
2.626 (.525) .000
-3.761 (8.542) .660

.0047 (.0082) .572
.181 (.073) .014

.174 (.125) .166
3.959 (1.335) .003

-.014 (.150) .925

1.611 (2.217) .467
13 industry dummies
-1313.27

-266.16
21
94.87 .00
68.91%

20.91 (.96) .00
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Table 23

Interaction of employee postgraduate education with specific objectives and
sources, innovation active firms (N=476)

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific objectives
specific objectives X
% employees w/Ph.D.
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Variable
constant
log # employees
business group (0,1)
export share of revenues
log R&D expenditures
% employees w/Ph.D.
% employees college
technical/science degree
specific sources
specific sources X
% employees w/Ph.D.
log likelihood
degrees of freedom
chi squared
% correctly predicted
σ

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-1.202 (.453) .008
.010 (.069) .890
-.102 (.153) .506
-.198 (.238) .406
.113 (.028) .000
-.054 (.273) .845

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-22.766 (7.854) .004
-2.662 (1.107) .016
-2.001 (2.559) .434
.890 (3.779) .814
2.690 (.504) .000
3.067 (2.569) .233

.0065 (.0082) .433
.120 (.030) .000

.218 (.122) .074
2.648 (.496) .000

.112 (.080) .160

.098 (.522) .851
13 industry dummies
-1303.01

-257.21
21
112.78 .00
72.06%

20.31 (.93) .00

Innovation success (0,1)
(probit ML)
Coefficient Significance
(Std Error) Level
-.665 (.412) .106
.038 (.068) .576
-.171 (.152) .260
-.185 (.231) .422
.117 (.028) .000
-.338 (.452) .455

Percent of product sales revenues
from innovation (tobit ML)
Coefficient Significance
(Std Error) Level
-12.348 (7.338) .092
-2.048 (1.124) .068
-4.448 (2.610) .088
-.811 (3.812) .832
2.686 (.517) .000
-9.338 (5.574) .094

.0053 (.0083) .522
.033 (.032) .303

.186 (.124) .133
1.433 (.555) .010

.099 (.081) .224

1.563 (.726) .031
13 industry dummies
-1311.07

-267.44
21
92.32 .00
69.75%

20.66 (.95) .00
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