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specific core technological competencies that usually characterise small innovative companies. We find that increasing
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1. Introduction
In the last decades, the level of competencies and the range of technological capabilities required to
develop new products and technologies have expanded significantly as a consequence of the
increasing pace of innovative activity and the multidimensional nature of emerging technological
paradigms (Pavitt et al., 1989; Patel and Pavitt, 1997). As a consequence, the growing complexity of
technology development in both cognitive and relational dimensions has resulted in an increasing
technological diversification within innovative companies (Fai and von Tunzelmann, 2001). In
particular, technological diversification plays a central role in increasing firms’ absorptive capacity,
enabling them to explore and exploit new opportunities, and it generates economies of scope and
speed in technology (Granstrand et al., 1997; Granstrand, 1998). Accordingly, several studies indicate
that technological diversification is common across large innovative firms, leading to the
conceptualisation of the multi-technology corporation (Granstrand and Sjölander, 1990).
In this paper, we take a different perspective asking whether technological diversification may also be
relevant for a specific set of small firms characterised by a sustained level of innovation over time.
Hence, we try to explore the main elements that may bring these small companies to engage in
technological diversification.
Recent research has pointed out that technological diversification is a common characteristic of the
technological activity of persistent innovators (Breschi et al., 2003). In particular, Breschi et al. (2003)
find that technologically diversified companies represent a minor part of the total population of
patenting companies. Yet, they account for the large majority of patent applications. They also point
out that diversification is a pervasive element in firms characterized by persistent innovation, defined
by the presence of a sustained level of innovative activity over time. In this sense, persistence and
technological diversification can be seen as closely related phenomena as they are both essential for
technology-based firms in order to survive and grow in dynamic environments (Susuki and Kodama,
2004).
However, the literature on diversification tends to concentrate on corporations and large firms. Small
companies are often excluded from strategies of technological diversification on the grounds that they
lack the resources to sustain and manage the high costs of integration, coordination and the scale of
R&D capabilities that diversification requires (Wang and von Tunzelmann, 2000). For similar reasons
small firms are usually not associated with persistent innovation either (Malerba et al., 1997). While
this might be true for some small or medium enterprises, it might not apply to small serial innovators,
defined as those companies with an unusually high level of innovative activity over time (Hicks and
Hegde, 2005; Corradini et al., 2012). This calls for a more detailed study of technological
diversification and its determinants across small companies.

This paper contributes to the literature by addressing the following questions. We ask to what extent
small serial innovators are technologically diversified and how technological opportunities and
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technological coherence, defined by the presence of common or complementary characteristics within
firms’ technological capabilities (Teece et al., 1994; Breschi et al., 2004), shape technological
diversification within small serial innovators. Using a longitudinal study of 811 UK based companies,
accounting for over 66000 patents in the period between the year 1990 and the year 2006, we explore
the reasons that lead small firms to engage in the costly process of technological diversification. In
particular, we focus on the trade-off that is likely to take place between the need to explore new
technological opportunities and the significant element of path dependency delineated by the specific
core technological competencies often observed in small innovative companies.
The structure of the paper is the following. In section 2 we provide an overview of the specific
literature and define the research hypotheses of the paper. After a section on the patent dataset used for
the analysis, we present descriptive statistics and stylised facts about technological diversification
among serial innovators. Section 5 delineates the model and the variables used. The discussion of the
findings is offered in section 6. Finally, section 7 provides some concluding remarks.

2. Literature review and hypotheses
The literature on technological change has emphasised the role of cumulativeness and technological
trajectories as central determinants of firms' innovative activities (Nelson and Winter, 1982),
especially for those companies characterized by elements of persistent innovation (Malerba et al.,
1997). As Granstrand et al. (1997) and Pavitt et al. (1989) have indicated, another important
dimension that is linked to these elements is represented by technological diversification. According to
Granstrand (1998), companies can be characterized by two types of diversification, business and
resource diversification. Business diversification refers to products and services developed or, more
generally, to the output market of firms. Resource diversification is related to the input side of firm
activities, with technology diversification being a special case. The interaction between these elements
is fundamental as it defines the evolution of the firm (Granstrand, 1998).
To a first approximation, companies can follow two different strategies when they organize their
innovation activities: they could either specialize or – to different degrees - diversify. The literature
indicates the presence of innovative advantages for those companies that choose to broaden their
technological competencies by embarking on strategies of technological diversification. (See for
example Garcia Vega, 2006; Quintana-Garcia and Benavides-Velasco, 2008). There are two main
reasons for this.
First, technological diversification may enhance the organization and management of the complex
technical interdependence that connects processes of change and improvement across products and
processes, as well as along the supply chain (Granstrand et al., 1997; Patel and Pavitt, 1997).
Accordingly, Piscitello (2004) indicates that exploring and exploiting inherited managerial
competencies and the relationships between the different elements of a company is a potential
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determinant of firm innovativeness. Granstrand (1998) presents a theoretical model of the technologybased firm that highlights the importance of diversification in fostering cross-fertilization between
different technologies and generating economies of scale and scope, speed and space. In this sense,
technological diversification supports economies of scope in research and internal technology
spillovers, allowing companies to cope with multi-technology and, more generally, complex
innovations.
Second, diversification allows innovative companies to explore and eventually exploit new
technological opportunities (Patel and Pavitt, 1997). Firms need an extensive knowledge-base if they
want to recognize new avenues of research and be actually capable to assimilate new external
information. In other words, technology diversification plays an important function in the development
and sustainability of a strong absorptive capacity especially in increasingly dynamic and complex
markets (Cohen and Levinthal, 1990; Quintana-Garcia and Benavides-Velasco, 2008). At the same
time, diversification enables innovative firms to avoid lock-in effects in a specific technology (Susuki
and Kodama, 2004). In this context, the ability to recognise and absorb these new opportunities is a
fundamental capability in the long-term survival of corporations (Fai and von Tunzelmann, 2001). A
third possible reason is suggested by Garcia Vega (2006), and is related to risk reduction in research
activity. Given the intrinsically risky nature of the innovation activity, investment in different
technologies can lower the volatility associated with research projects thus increasing the overall
return from innovation.
Conversely, companies with limited R&D resources, perhaps operating in very specific markets, can
focus their innovative efforts on a small and specific number of technologies. In this way, they may
benefit from specialization in research, generating economies of scale in learning and increasing the
returns on their cumulative technological capabilities (Breschi et al., 2003; Garcia Vega, 2006).
According to the resource-based theory of the firm, competencies are a major determinant of firm
performance, but equally important is their specific combination (Penrose, 1959). In this sense, Teece
et al. (1994) argue that companies which are coherent in their technological competencies and
complementary assets benefit from economies of scope that foster their activity. Accordingly, Nesta
and Saviotti (2005) find a positive relationship between coherence and innovation, underlying the
fundamental contribution of a coherent knowledge base in addition to diversification. While
diversification is important in the discovery process (Quintana-Garcia and Benavides-Velasco, 2008),
innovative firms benefit from a strong coherence in their internal competencies to gain their
competitive advantage. Consistently, Leten et al. (2007) indicate the presence of a positive effect of
diversification on the innovation rate, but they go further suggesting the presence of decreasing
returns, that is, after a specific threshold the benefit of wide technological competencies brings lower
marginal benefits due to high levels of coordination and insufficient levels of scale. They also find
evidence that coherence in the strategies of diversification is positively related to innovation, perhaps
because it allows reducing the costs of integration and coordination across different technological
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activities and enhances processes of cross-fertilization. Similar findings are proposed by Miller (2006)
and Chiu et al. (2010).

2.1. Hypotheses
Hicks and Hegde (2005) indicate that small serial innovators are mainly specialized suppliers of
intermediate goods. In this sense, we would expect them to follow strategies of technological
specialisation. Yet, technological competencies are more dispersed than production activities
(Granstrand et al., 1997). Small serial innovators still need to be able to explore, monitor and exploit
new technological opportunities or simply maintain the levels of absorptive capacity required to
sustain an intensive record of innovative activities over time. Diversification might be necessary for
them to operate within formal and informal networks of systemic technology interdependence,
providing the necessary base to develop tiers with the other actors of the innovation system. However,
in the presence of a more turbulent environment, such as one characterised by the presence of radical
innovations as in the Schumpeterian processes of creative destruction, the faster pace of innovation
may lead small serial innovators back to a strategy of specialization developed around firm’s core
technological capabilities. In such environment, small serial innovators may move towards
specialisation and focus on the technologies where they have a competitive advantage. The more
radical the evolution of the technology environment, the more limited the time and the resources
available. That reduces the opportunities for engaging in strategies of exploration of current
technological capabilities to new avenues of research. Instead, we argue, they are more likely to focus
on the exploitation of internal, distinctive competencies along the firm specific technological
trajectory, thus relying on their combinative capabilities (Kogut and Zander, 1992) as engines for
future innovations1. These arguments constitute our first research hypothesis:

Hypothesis 1. Increasing opportunity conditions present an inverted U relationship with respect to the
technological diversification and exploration across different technology classes of small serial
innovators.

At the same time, there are other factors that constitute a barrier to diversification. In particular,
Breschi et al. (2003) argue that technological-relatedness, defined by proximity, commonality and
complementarity in knowledge and learning, is an important element in defining the patterns of
technological diversification. In this sense, technological competencies are strongly path-dependent,
generating a stable technology profile around the core knowledge-base that strongly constrains the
direction of technological search (Dosi, 1982; Patel and Pavitt, 1997). Within small firms, hence,

1

This argument does not deny the importance of knowledge external to the firm on the innovation activity. However, as Nesta and Saviotti
(2005) point out, such flows can be seen as channelled toward the construction of firms’ core knowledge base.
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while the presence of strong coherent technological capabilities forms a necessary base to develop
competitive advantages in innovation, it is also likely to reduce the technology areas companies may
be able or willing to explore and subsequently exploit during their research activity.

Hypothesis 2. Coherence in the knowledge-base and in technological search is negatively related to
the degree of technological diversification in small serial innovators.

3. Data
The dataset used in this paper is based on all patents published in the period 1990-2006 by all UK
serial innovators, defined as UK based independent companies with at least 10 patent applications,
distributed in a period of at least 5 years, and with an overall ratio of patents to years of technological
activity equal or greater than one. The dataset contains information on 811 companies, where 472 are
large companies and 339 are small ones2.
Patent data were obtained from the PATSTAT database and include assignee name, patent publication
date, technological field assigned by patent examiners, as well as backward and forward citations for
each application. Economic data such as size, ownership, SIC code and merger and acquisitions were
obtained using Companies House website, which provides information for all registered UK
companies, as well as secondary sources such as companies' website. Finally, data on the patent
technological field, which follow the International Patent Classification (IPC), have been reclassified
into 30 different macro classes3, reported in Table A.1.

Drawbacks of using patent data are well known (For a discussion of strengths and weaknesses of
patent data see Pavitt, 1988, Patel and Pavitt, 1997; Griliches, 1990). Patents are more a measure of
invention than innovation, and as such they should be considered indicative of the input side of the
innovative process, that is, they measure the innovative effort of companies (Trajtenberg, 1990).
Patents are also criticised for the wide variance in their value, although recent studies indicate that the
use of patents weighted by citation may solve this issue (Trajtenberg, 1990; Hall et al., 2005).
These issues are less problematic in the context of this paper, as we are mostly interested in the
information patents provide on the different technology classes where companies innovate, as well as
the flow of knowledge used in this process, delineated by backward and forward citations included in
each document. It is for its richness of detail that we use patent data. This choice is in line with most
studies of technological competencies and diversification (Jaffe, 1986; Patel and Pavitt, 1997; GarciaVega, 2006; Quintana-Garcia and Benavides-Velasco, 2008).
2
3

Small companies are defined by the upper threshold of 250 employees.
In our analysis, we make use of a patent classification designed following Schmoch (2008).
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4. Technological diversification and small serial innovators: a brief overview
To illustrate the degree of technological diversification within innovative companies, we first analyse
the percentage of diversified innovators per number of technological classes where they patented in
the period of time considered, which is reported in Figure 14. The distribution of firms per
technological class is highly right-skewed5, with less than 5% of companies having innovated in more
than 4 technological classes. The majority of these companies are small innovators in terms of
patenting activity. As Figure 2 illustrates, innovative firms that operated in four or less technological
classes only account for less than a half of the total number of patents6. In other words, the 5% most
technologically diversified companies account for more than half of the total number of patents in the
period of time considered.

[Figures 1 and 2 about here]

The observation presented in Breschi et al. (2003) that the vast majority of persistent innovators are
also diversified innovators is also confirmed by our data. Table 1 shows the percentage of diversified
and specialised serial innovators alongside the number of patents by size class. The majority of large
firms are diversified, with only 2% of cases of specialisation, which account for less than 1% of the
total number of patents for this size class.
The presence of specialised companies is higher among small companies, accounting for almost 10%
of the total. These firms hold almost 9% of all patents in this size class, with diversified companies
accounting for the large majority of patents (91%).

[Table 1 about here]

Differences across size classes increase when we observe the distribution of companies per number of
sectors where they have patented between 1990 and 2006. In Figure 3 we report the relative (%)
distribution of innovative firms based upon the technological classes relative to their patents and also
by size of the company. Results show that 50% of small companies versus only 13% of large
companies patented in less than 4 sectors. We find a small number of companies much more

4

Specialised innovators, that is, companies that patented only in one technological class, are not reported. These account for about the 75%
of the total number of companies.
5
This finding is consistent with the study by Breschi et al. (2003), which is based on the population of firms from six different countries.
6
Specialised innovators that patented only in one technological class are not reported and account for about the 20% of the total number of
patents.
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diversified than the average among small as well as large companies. They generate a highly
positively skewed distribution in both size classes.

[Figure 3 about here]

5. Model specification
To test out hypotheses on the degree of technological diversification of serial innovators we use a
series of variables, namely: opportunity conditions (OPPORTR), coherence in the core knowledge
capabilities (COHERENCE) and coherence in the backward citations (ORIGIN_CO). Additionally,
we also control for firms’ patent stock (KSTOCK) and the impact of innovation (IMPIN). Finally, we
include a set of dummy variables to control for companies’ main technological class.

5.1. Dependent variable
To measure technological diversification (TECHDIV) we make use of an index which is based on a
measure of technological proximity originally proposed by Jaffe (1986). Such index has already been
used in several empirical studies to estimate the effect of diversification on R&D intensity and
innovation activity (Garcia-Vega, 2006; Leten et al., 2007; Garcia et al., 2008). It is calculated as the
inverse of the Herfindahl index, confronting patents for each IPC technological class against the total
number of patent of a given company for each year. We correct the index using the bias correction (i.e.
Nit / Nit - 1) indicated by Hall (2005) to account for observations with few patents per year, the index is
formally defined as follows:

2
K
! Nit ,k " "
Nit !
#1 % ( #
TECHDIVit =
$ $
Nit % 1 # k =1 & Nit ' $
&
'

(1)

where Nit is the total number of patents for the ith company in year t, while k represents the IPC
category where the firm patented and K is the total number of technological classes where the
company was active. It follows that due to the nature of the formula of TECHDIV, companies with
less than two patents per year had to be omitted from the analysis.

5.2. Independent variables
We test our first hypothesis about the relationship between opportunity conditions and technological
diversification via Opportunity conditions (OPPORTR), a variable measuring the increase in the
innovative activity for a given amount of money or resources spent in search (Malerba and Orsenigo,
1993). In industrial sectors characterised by a fast pace of innovation, firms may try to diversify their
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technology portfolio in the attempt to keep up with new opportunities through processes of exploration
and exploitation (Granstrand et al., 1997), as well as consolidation of their absorptive capacity.
Accordingly, we expect a positive effect of OPPORTR on firms' technological diversification.
However, in markets characterized by higher levels of opportunity conditions, the higher turbulence in
innovation and the specialized nature of the technology may direct companies toward a specialization
strategy. To account for this effect, we add the squared term OPPORTR!, which is expected to present
a negative sign.
The index is calculated for each firm as the average value defined by the year-over-year percentage
increase in the number of patents for each IPC sector where the firm patented, following the approach
of Patel and Pavitt (1998).

The second hypothesis is about the coherence in the knowledge base that we test by the means of two
proxies, namely core technological-coherence and level of coherence in the complementary
knowledge and technologies used to develop new technologies. The first measure underpins from the
literature on technological diversification indicating that firms’ technological competencies and the
direction of technological search are constrained by accumulated core capabilities (Patel and Pavitt,
1997). Accordingly, technological diversification is not random, but follows a coherent pattern of
technological activities (Teece et al., 1994; Breschi et al., 2003). Hence, we may expect high
coherence in past innovative activities to limit the scope of technological diversification.

Following form this hypothesis, we define core technological-coherence (COHERENCE) as a
measure of how diversified the company is within its technological trajectory. It is based on the
concept of knowledge-relatedness suggested by Breschi et al. (2003), and indicates how similar new
patents are with respect to firm core competencies developed through time. We proceed calculating
the knowledge-relatedness matrix whose elements are given by the cosine index Sij, that measure the
similarity between two technological classes i and j with respect to their relationship with all other IPC
classes (For a detailed description, see Breschi et al., 2003). Formally, we have:
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where Si,j represents the number of patents that have been classified in both sectors i and j using
information on all UK patents between 1990 and 2006. This process generates a 30X30 square matrix
M that can be used to measure knowledge-relatedness between patents in time t and firms’ core
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technological class. For each company, the core technological class is defined as the one having the
highest share of patents with respect to the total number of patents at the UK level in that class7.
Hence, for every year t in which firms are technologically active, we use the matrix M to calculate an
index Dit measuring the technological distance between the IPC sector of the patents for that given
year and the core technological class of the company. Finally, the index COHERENCEit* for the ith
company in year t* is calculated as the average value of all indices Dit up to time t*.

Similarly, another constraint on technological diversification is represented by the breadth of firms’
technological search. Companies which are able to acquire information and absorb knowledge from
technologies distant from their core competencies are more likely to develop innovations in a broader
spectrum of technological classes. In other words, higher levels of coherence between backwards
citations and the core technological class of companies are likely to reduce technological
diversification in the innovation activity of small serial innovators (Nelson & Winter, 1982; QuintanaGarcia and Benavides-Velasco, 2008).
Consequently, Origin Coherence (ORIGIN_CO) indicates the level of coherence in the
complementary knowledge and technologies that are used to develop new technologies. As for the
previous variable COHERENCE, we make use of the cosine index Sij proposed by Breschi et al.
(2003) to study knowledge relatedness to calculate the technological distance between the IPC class of
the patents cited for a given year and firms’ core technological class. As before, the index
ORIGIN_CO is the average of all values in the years before the present time t.

Our first control variable is Knowledge stock (KSTOCK), which represents the accumulated stock of
knowledge capabilities for the firms in the dataset, measured as the stock of patents accumulated by
the company in previous periods of time8. This is calculated using the declining balance formula
usually proposed in the literature, with the depreciation rate set at 15% (Cockburn and Griliches, 1988,
Hall et al., 2005). It is defined as follows:

KSTOCKit = Pit + (1 " ! ) KSTOCKit "1

(3)

where Pit represent the number of patents of company i in year t and ! is the depreciation rate.
Following Hall et al. (2005), we account for the effect of the missing initial condition collecting
information on the number of patents for all companies in the study from 1985, while our regressions
start from 1993, allowing for a lag of at least 8 years between the first year for which we have patent
7
8

For a discussion on the knowledge-relatedness matrix and company’s core technological class, see Breschi et al. (2003).
Following Hall et al. (2005), we account for the effect of the missing initial condition collecting information on the number of patents for
all companies in the study from 1985.
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data and the first year analysed. To control for potential endogeneity we allow KSTOCK to enter the
estimating equation with a lag after being log transformed.

It is well known that the variance in the value of patents can be quite widespread. To account for the
different quality of the patents developed by companies, we introduce a variable representing the
impact of innovation (IMPIN), that is, a measure of the technological novelty added to the flow of new
knowledge generated in a specific year and sector. Given the amount of resources necessary to
develop high-quality patents, the technological diversification of small companies is likely to reduce
after the development of such innovations. Also, patents with high impact provide incentives to
continue in the same stream of research for future research.
To generate this variable, we need to take into account the substantial differences in citation rates
across different technologies and over time. For this reason, we make use of the citation index
proposed by Hicks and Hegde (2005), defined as the ratio of the citation count over the citation count
of all patents in the same year and technological class. To account for potential endogeneity, the
estimate for IMPIN is also lagged one period.
To control for differences at the industry level, we classify the companies in our sample according to
four categories reflecting those proposed in Pavitt’s taxonomy (Pavitt, 1984)9. They are the following.
SCALINT is a dummy being equal to one for companies whose sector is characterized by scaleintensive activity. Similarly, SUPDOM refers to the category of supplier-dominated firms, SPESUP to
the category of specialized suppliers and SCIBAS to science-based companies.

6. Results

6.1. Summary statistics
In Table 2, we report the descriptive statistics for the main variables with respect to small serial
innovators. Looking at the mean and median value of the index TECHDIV, we see that these
companies are in fact technologically specialised, with the distribution of technological diversification
slightly negatively skewed. Over the long period, though, small serial innovators seem to be active in a
coherent and strongly related set of technological classes. With respect to this, we observe positively
skewed distributions for both COHERENCE and ORIGIN_CO.
Initial evidence of the relationship between technological diversification and coherence in the
knowledge-base is found in Table 3, which reports the correlation matrix for the main variables. As
expected, this relationship appears to be negative. Also interesting and moderately strong are the
9

For a classification of the sectors according to these groups see Appendix, Table A.1.
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correlation between COHERENCE and ORIGIN_CO, which is positive, and the one between
COHERENCE and KSTOCK, which is negative.

[Tables 2 and 3 about here]

Finally, Figure 4 shows the technological diversification of serial innovators across four sectoral
classes resembling those proposed by Pavitt (1984)10. The figure shows that the higher propensity of
large firms to diversify with respect to small ones. More interestingly, it shows that there are important
differences in the distribution across sectors: large firms in science-based sectors present the highest
level of technological diversification, followed by those in scale-intensive industries. The level for
supplier dominated is quite lower. Small serial innovators diversify more when they are specialised
suppliers, while those in science-based sectors seem to be more focused. As we would expect, in this
group the least diversified companies are those operating in scale-intensive sectors.

[Figure 4 about here]

6.2. Econometric analysis
In our analysis, the dependent variable y is represented by a measure of technological diversification
whose values fall within the open bounded interval I = (0, 1). Such data does not follow a normal
distribution. Moreover, its bounded nature (between 0 and 1) may lead to predicted values from a
standard OLS regression that could lie outside the unit interval. As Papke and Wooldridge point out
(1996), the alternative to model the log-odds ratio as a linear function is also inappropriate as it cannot
handle those cases where the dependent variable equals the interval boundaries zero and one. At the
same time, adjusting extreme values when these account for a large percentage in the data is also
difficult to justify. To account for these issues, we make use of the fractional response model
suggested by Papke and Wooldridge (1996), applying quasi-maximum likelihood estimation (QMLE)
to obtain robust estimators of the conditional mean parameters (Papke and Wooldridge, 1996;
Wooldridge, 2002)11. To account for heteroskedasticity and serial correlation in the standard errors
within the panel dataset12, we specify a generalised estimating equation (GEE) model (Liang and
Zeger, 1986) with a binomial distribution and robust standard errors13. The estimates for the model are
reported in Table 414.

10

See Appendix, Table A.1.
Coefficients are also robust to random effects maximum likelihood estimation.
12
Considering that our panel is unbalanced, we cannot follow the specification of the fractional response model for panel data proposed by
Papke and Wooldridge (2008), which is designed to account for unobserved heterogeneity. Instead, we use a pooled QMLE approach.
13
We adopt a logit link function, although there isn’t any particular reason to prefer the logit function as opposed to the probit function. In
fact, our estimates are also robust to this second specification.
14
Estimates are reported as odds-ratios. Standard coefficients are available on request.
11
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To study the relationship between technological opportunities and diversification, as outlined in our
first hypothesis, we start our analysis adding only a linear variable for the role of opportunity
conditions, along with the other two main variables of interest, that is, COHERENCE and
ORIGIN_CO. However, the effect of opportunity conditions is found to be not significant when it is
considered only as a linear predictor. In model (2), reported in the second column of table 4, we add
the quadratic term OPPORTR! to account for non-linearity in the relationship between technological
diversification and opportunity conditions, as proposed in the research hypotheses. In this case, both
linear and quadratic terms for opportunity conditions are statistically significant at the .001 level,
indicating that Model (2) fits the data better. These results are robust to all different model
specifications in Table 4.
With respect to our first hypothesis, hence, our findings seem to suggest the presence of an inverted-U
relationship with technological diversification. As we expected, companies patenting in sectors
characterized by an increasing level of innovation tend to move in a larger number of technological
sectors. In line with previous research on technological diversification, it is possible to argue that
companies operating in increasingly dynamic industries may expand their technological domain in
response to new and promising avenues of research within the technological environment.
However, the negative sign for OPPORTR!"indicates that when opportunities increase even further,
companies are more likely to focus on a more specific set of technologies. This inverted-U relationship
seems to suggest a relevant role of the risk involved in innovation in shaping technological
diversification among small serial innovators, for as turbulence in sectoral activity increases these
companies tend to follow strategies of specialization. At the same time, if we observe higher
technological opportunities as related to a faster pace of technological advance, our findings suggest
that the novelty and the complexity of the innovations developed in such context require the
development of specific – and resource intensive - technological competencies that may prevent small
companies from diversifying.
These observations are also supported by the differences in the relationship between technological
opportunities and diversification across firm size. These can be seen in Model (5), the last column of
Table 4, where all serial innovators are considered, with large companies constituting the base group.
Given that we are observing odds-ratios in Table 4, it is immediate to see that small companies are
likely to present lower levels of technological diversification, ceteris paribus. We also see that the
variables for both the linear and the quadratic term OPPORTR and OPPORTR! suggest a similar
inverted U curve for large as well as for small serial innovators. More interestingly, though, the oddsratios for the second group indicate that this inverted U relationship is more pronounced for small
serial innovators. This is shown in Figure 5, which presents the difference in the predicted
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probabilities across firm size for different values of opportunity conditions15. This finding supports the
idea that small companies may be more likely to engage in a broader set of technological directions as
opportunities for innovation increase from lower values, but they may have to rely on strategies of
specialization once the technological environment becomes more turbulent.

[Table 4 and figure 5 about here]

Considering our second hypothesis that coherence in the knowledge-base and in technological search
is negatively related to the degree of technological diversification, we can see that both COHERENCE
and ORIGIN_CO exert a negative effect on diversification, with estimates statistically significant at
the .01 level across the different regressions reported in Table 4.
This result confirms the relevance of technological trajectories in defining the direction of
technological search within firms' innovative activity (Dosi, 1982). In fact, odds-ratios for
COHERENCE are quite below 1, in line with the findings of previous empirical studies that point out
the path-dependent and stable nature of technological competence within innovative companies
(Granstrand et al., 1997; Patel and Pavitt, 1997; Cantwell and Fai, 1999). Given the limited amount of
R&D resources available to small firms, it is not surprising that a highly coherent knowledge base
presents such a strong negative relationship with technological diversification.
Coherence in backward citations is likewise negatively related with TECHDIV. Estimates for
ORIGIN_CO present a negative sign and odds-ratios below 1, which are statistically significant across
all regressions. It is clear that the role played by core competencies and the cumulative nature of
technological learning influence not just the outcome of the innovation process; they also influence
how firms search for new products. Coherence in backwards citations may also be linked to the
importance of external sources of knowledge. Companies that tend to look for new ideas and
inspiration in technological fields which are akin to their technological trajectory are more likely to
develop specialized competencies. In this sense, it is possible to find a resemblance with the ideas of
exploration and exploitation (March, 1991). As Katila and Ahuja (2002) point out, exploration is
important when companies need to find new avenues of research and it is key in the search for
completely new solutions. Yet, exploitation can also lead to new knowledge creation, supporting the
creation of new combinations through the recombination of acquired competencies. This process
might be particularly important for companies operating with rapidly changing technologies, where
the sources of innovation are scarce and likely to be quite specific.

Model (3), reported in the third column of Table 4, includes also the other control variables for the
knowledge stock, proxied by the stock of patents, and the impact of the patents. With respect to the
15

All other variables are inserted in the model with their mean value.
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quality of patents, an increase in the variable IMPIN seems to bring small companies towards
technological specialization. It is possible that companies with a promising and valuable technology
may decide to focus their resources in the same technology area in order to maximise
complementarities across their competencies and their research effort. In this sense, another possible
reason for this finding is that companies working on high-value patents may need to dedicate a larger
amount of resources to their development, in terms of both time and research capabilities. This, in
turn, provides further incentives to follow strategies of specialization. Albeit positive, the coefficient
we found for KSTOCK is not statistically significant.
With respect to differences across industrial sectors, explored in Model (4) using SCIBAS as base
group, the only dummy statistically significant is the one related to companies operating in supplier
dominated industries. While companies in such sectors are usually found to have low levels of internal
innovative activity (Pavitt, 1984), we need to consider that we are looking at the most innovative
members of this sector. As such, it is possible that these companies may operate as problem solvers for
their suppliers. Benefiting from a lower sectoral technological intensity, these companies may develop
a broader technological base – ceteris paribus - in order to offer solutions to problems across the
board.

7. Conclusions
In this paper, we have explored the degree of technological diversification of serial innovators
focusing on the role exerted by technological trajectories, expressed in terms of coherence in the
knowledge base and breadth of technological exploration. Our results show that technological
diversification is not a quality unique to large companies. Although to a lesser extent, the small
companies observed in this study are indeed diversified.
Using patent data from the PATSTAT database, we have explored patterns of technological
diversification across all UK-based companies with at least one patent application for the period
between 1990 and 2006. Hence, we have analysed potential determinants of diversification for a panel
data set comprising information on 811 large and small UK-based companies characterised by
sustained record of innovation activities over time, defined serial innovators. We find that increasing
technological opportunities present an inverted U relationship with technological diversification, and
that such relationship is more pronounced for small companies. As hypothesised, the need to explore
and exploit new opportunities pushes companies to develop capabilities in an increasing range of
technological domains. However, when the pace of technological advance becomes even faster, these
are more likely to pursue strategies of technological specialization, suggesting a negative relationship
between innovation turbulence and technological diversification.
Conversely, a negative effect is exerted by coherence in the knowledge-base. The spectrum of
technological diversification as well as the future direction of the technological trajectory for small
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serial innovators is heavily dependent and constrained by accumulated competencies gathered around
firms' core capabilities. Likewise, when technological search is bounded around these core
capabilities, diversification is likely to reduce. Similar dynamics are activated by research projects that
bring to life high-impact innovations, which may ask for deeper specialization in research, in the form
of cumulative technological capabilities, thus creating incentives to further operate along the same
technological trajectory.
These findings are in line with previous studies indicating that technological diversification may have
a stronger effect on exploratory rather than exploitative innovation capabilities (Quintana-Garcia and
Benavides-Velasco, 2008), and while diversification is important in the discovery process, innovative
firms benefit from a strong coherence in their internal competencies to gain their competitive
advantage (Nesta and Saviotti, 2005).
Analysing the innovative activity of serial innovators, characterized by a sustained record of
innovations over time, this paper shows that these companies tend to follow strategies of technological
specialization based on the cumulativeness in their core competencies and capabilities. However, a
broader diversification is pursued in the presence of increasing opportunity conditions, until these
become pervasive. Our results support the notion that firms are coherent in their processes of
exploration and exploitation of knowledge, but they also point to the need of more research regarding
the specific dynamics that shape internal combinative capabilities, in the form of dynamic economies
of scale in innovation and dynamic capabilities, among serial innovators and the role that is played by
the specific pattern of the relevant technological regime.
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Table 4: GEE estimates of technological diversification for serial innovators
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Figure 1: Distribution of diversified innovators per number of technological classes where they
patented

Figure 2: Distribution of total patents of diversified innovators per number of technological
classes where they patented
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Figure 3: Distribution of small and large serial innovators across active technological classes

Figure 4: Distribution of technological diversification for small and large serial innovators
across sectoral classes reflecting Pavitt's taxonomy
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Figure 5: Predicted probabilities across firm size for different values of opportunity conditions
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Table A.1: Technology classification based on IPC
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