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Abstract
It is well known that knowledge circulates and diffuses in an industry through spillover mechanisms. Building on the
insights offered by the Resource Based View that only rare and inimitable resources contribute to value we study how
rarity to the market affects innovation value. Furthermore we explore how environmental uncertainty affects innovation
value, and whether environmental uncertainty has a moderating effect on the relation between rarity and innovation
value.
We take as our empirical case hydrocracking, a mature technology widely applied in the oil industry. Innovations in
hydrocracking are based on the combination of elementary technologies relative to three technology areas: feeds and
products, catalyst preparation, and refinery processing.



Using detailed patent information, we find that rarity has a curvilinear effect in an U-shape on innovation value, that
environmental uncertainty has an inverted U-shaped curvilinear effect on innovation value, and that low environmental
uncertainty moderates the relation between rarity and innovation value in such a way that the U-shaped relation
between rarity and value becomes an inverted U-shape.
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It is well known that knowledge circulates and diffuses in an industry through spillover mechanisms.

Building on the insights offered by the Resource Based View that only rare and inimitable resources
contribute to value we study how rarity to the market affects innovation value. Furthermore we explore
how environmental uncertainty affects innovation value, and whether environmental uncertainty has a
moderating effect on the relation between rarity and innovation value.

We take as our empirical case hydrocracking, a mature technology widely applied in the oil industry.
Innovations in hydrocracking are based on the combination of elementary technologies relative to three
technology areas: feeds and products, catalyst preparation, and refinery processing.

Using detailed patent information, we find that rarity has a curvilinear effect in an U-shape on
innovation value, that environmental uncertainty has an inverted U-shaped curvilinear effect on
innovation value, and that low environmental uncertainty moderates the relation between rarity and
innovation value in such a way that the U-shaped relation between rarity and value becomes an

inverted U-shape.
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The ability of the firm to appropriate returns in the market depends on the firm’s ability to generate

valuable innovations. The value of an innovation depends both on factors internal to the firm, such as
the resources required to conduct research and development and the ability of the firm to predict
demand (Barney 1991; Argyres and Silverman 2004)), and external factors such as market composition
and competitors (Fontana and Guerzoni 2008). This paper explores how factors external to the firm
affects innovation value, analyzing the impact rarity to the market and environmental uncertainty have

on innovation value.

Building on the resource-based view in which rare and inimitable resources and competencies
contribute to value (Wernerfelt 1984; Barney 1991; Barney 1991), access to these scarce resources
enables the firm to develop innovations rare to the market. In order to increase innovation value the
firm needs to explore these rare and inimitable resources, whereby the firm will be capable of
generating more complex technological combinations (Markides and Williamson 1994). For the first
time, we explore how the rarity of a technology combination affects innovation value, claiming that
innovations building on technology areas rarely combined are of higher value. Thereby it is not the
broad innovation combining many different technology areas that achieves a high value, but rather the

innovation utilizing a rare combination of technology areas within the industry.

While the choice to venture into the development of rare technologies can provide valuable assets for
the firm, it comes with considerably higher uncertainty than choosing to rely on more common
technologies (Fleming 2001), particularly as uncertainty increases with technological complexity
(Tushman and Rosenkopf 1992). Furthermore operating in an uncertain environment tends to come at

higher operational costs due to the increased transaction costs associated with an uncertain environment



(Artz and Brush 2000). Thereby the choice to develop rare innovations are not only associated with a
requirement for access to scarce resources, but also higher costs through increased environmental
uncertainty. This paper attempts to explore how rarity and environmental uncertainty affects innovation

value, both by themselves and combined.

We take the empirical case of hydrocracking to explore these issues. Hydrocracking is a mature
technology widely used as a part of the oil refinery process to transform crude oil into high value
petroleum products. This industry is populated by vertically integrated oil companies, refinery
operators and chemical firms, all of which contribute to the further advancement of this technology.
Innovations in hydrocracking are anchored in three main technological areas — feeds and products,
catalyst preparation and refinery processing — and any combinations thereof. Both common and
uncommon combinations of technology exist in this industry, making it an ideal setting to explore the

effects of technological rarity.

We use patent value as an indicator of the quality of an innovation. The literature offers a variety of
measures of patent value, relying predominantly on indicators of market value and of technological
importance (Gambardella, Harhoff et al. 2008; van Zeebroeck and van Pottelsberghe de la Potterie
2011). We adopt a multidimensional conceptualization inspired by Lanjouw and Schankerman
(1999)that captures both the technological and the economic dimensions. Our empirical results broadly
support our theory; rarity is positively associated with patent value, environmental uncertainty effects
value in an inverted u-shape, and finally environmental uncertainty has a positive moderating effect on

the effect of rarity on value.



This paper is structured as follows; first we introduce key theoretical concepts and build our
hypotheses, this is followed by an overview of the data and methodology applied, presentation of our

empirical findings and rounding up with a discussion of the results.
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The Resource-Based View provides a powerful framework to relate the process of accumulation of

different types of knowledge underpinning the process of technological innovation to the value of a
technological innovation (Wernerfelt 1984). We extend this reasoning to the process of generation of
an innovation based on multiple technology areas, emphasizing the role of capabilities in combining
different technology areas as distinguished from technological capability. For this purpose it is
important to notice that the changeability of a capability - the ability to apply a capability across
different tasks - is a core element to the resource-based view (Wernerfelt 1984). Some capabilities are
not changeable due to being niche-specific (Danneels 2007) with a narrower scope of application.
Further to this, there are limits to the deployment of capabilities due to capacity constraints, whereby

some capabilities may not be broadly deployed (Penrose 1959; Levinthal and Wu 2010).

Although this perspective helps our understanding of how the internal environment of the firm affects
the process of innovation, and of how the value of resources and competencies is associated to the fact
of being ‘rare’ (Barney 1991) or ‘strategic’ (Teece, Pisano et al. 1997), it lacks an insight on how
resources and competencies are produced. Coherently with this framework, we suggest that the value of
these capabilities depends on their uniqueness in the industry, so that the most valuable capabilities are

those that are less diffused.



Firm strategy determinates capability leveraging in firms (Teece, Rumelt et al. 1994), firms choice in
allocating resources to certain capability investments thereby drive the firm capability scope (Penrose
1959). Two distinct choices exist when operating within an industry determined by both rare
combinations of technology and less rare combinations of technology. When a combinative innovation
is rare to the industry, it is assumingly due to the combinations being more difficult for the firms to
combine and harder for others to imitate (Barney 1991). Allocating firm resources to explore these rare
combinations, results in a positive effect on the ability of the firm to develop more complex
innovations (Markides and Williamson 1994). Building on the notion that valuable resources are more
valuable, and that technological complexity is positively associated with difficulty to imitate, we

propose that:

Hypothesis 1: The value of a patent is positively associated with the rarity of the technological

combination on which the patent is based.

The choice of the firm to develop rare technologies depends whether the firm have access to the
necessary resources (Barney 1991), potentially utilizing existing resources to develop the necessary
capabilities through leveraging of existing competencies (Danneels 2002; Miller 2003; Danneels 2007).
A firm with access to these scarce resources is able to produce a unique innovation rare to the market,
whereas firms without access to these scarce resources will develop and market more common
innovations due to a wider application of the innovation in the market. While the rare innovation is

generally thought to be more valuable, more common innovation hold considerable value due to a



higher number of potential applications in the market. Particularly in a stable environment, such as
mature industries, where firms tend to focus on the exploitation of their existing knowledge bases
rather than more explorative development efforts (Van den Bosch, Volberda et al. 1999; Cardinal,

Turner et al. 2011).

In addition, firm strategic choice could also be salient in investing resources in becoming better at
applying the most common combination in the industry, expecting effects from learning. In this
situation learning must be accumulated, and reach certain level to be a strategic resource (Argote 1993;
Levinthal and Wu 2010). We therefore suggest, that the ability to generate the more valuable
innovation raises if firm chooses either of the following two positions in the market: a) focus on the
development of common applications or b) diversifying into the more rare combinations where
overcoming the barrier of the technological field alone can be beneficial in creating the more complex
innovation. These two opposing strategies of firms have been examined in literature and could indicate
very different potential outcomes, first that firms should generate rare innovations with above normal
returns, or secondly, the opposite, economies of scope, where firms generate more common innovations
in a well marketed area and earn returns by a relatively higher demand, than that of rare innovations.
Both can be correct at the same time, but then a vacuum will be placed in the middle, in the area where

firms generate innovations that are neither rare nor common.

Hypothesis 2: Technological rarity of a patent has a curvilinear (taking an inverted U-shape) relation to

patent value



While the choice to venture into the development of rare technologies can provide valuable assets for
the firm, it comes with considerably higher uncertainty than choosing to rely on more common
technologies (Fleming 2001). This uncertainty is further enhanced by the difficulty in assessing the
value of both the technology and the resources required for the development (Makadok and Barney
2001). During times of high environmental uncertainty firm’s predictability is low, whereas if
environmental uncertainty is low the ability of the firm to predict consumer needs increase. The firm’s
ability to develop valuable innovations is therefore dependent on the circumstances (high vs. low
environmental uncertainty) in which it is developed: Developing valuable innovations is significantly
more difficult as uncertainty makes accurate prediction of demand difficult (Sorenson 2000), why very
few valuable innovations will be created during times of high uncertainty due to the increased costs of
operating in a high uncertainty environment (Artz and Brush 2000). On the other hand if the
environmental uncertainty is low, the ability of the firm to predict consumer preferences is much
simpler. The caveat however is that valuable innovations will also be difficult to develop in low
environmental uncertainty as there is no room for differentiation since all firms can predict consumer
demand. Furthermore, low uncertainty environments can be dominated by incremental, technical
change, whereby the opportunity for innovation is low (Tushman and Rosenkopf 1992). Therefore, an
optimal environment for creating valuable innovations is located between high and low environmental

uncertainty.

Hypothesis 3: Environmental uncertainty is curvilinear (taking an inverted U-shape) related to patent

value.



In a market for common technologies, innovation value are driven by the firm capitalizing on the
learning effects associated with continuous exploitation. However in a low uncertainty environment
these learning effects suffer from a lack of variation due to efficient demand prediction (Levinthal and
Wu 2010). Likewise, in a market for rare technologies, a lower environmental uncertainty results in
less complex demand prediction (Sorenson 2000), reducing the risk associated with the choice of

developing rare technologies. Building on these notions, we propose that:

Hypothesis 4: A low environmental uncertainty moderates the relation between rarity and innovation

value in such a way that the U-shaped relation between rarity and value becomes an inverted U-shape

In the following section, the empirical setting, dataset and methodological approach will be presented.
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To examine our hypotheses, this study draws on a unique dataset consisting of the collective patent

applications within hydrocracking. This patent data is classified into the distinct technology areas
within this industry on the level of each innovation, and uses combinations of these classifications to

indicate whether innovations combine different technology areas, and which areas are combined.

Previous studies looking into technology combinations in patent data have predominantly relied on the
International Patent Classification (IPC) system to determine the technological scope of the patent
(Lerner 1994; Dietmar Harhoff, Frederic M Scherer et al. 2003). This discrepancy between studies

using IPC codes as a measure for the breadth of a patent is in part caused by the nature of the IPC



classification itself. Each patent is assigned by the patent examiner to a number of nine-digit IPC
classes. While examiners within the same patent office are coherent in their application of IPC codes,
key differences exist between regions. A prime example is the difference between the US and the EU;
the primary classification of more than 50 percent of US patents is changed after examination by the
German patent office (Dietmar Harhoff, Frederic M Scherer et al. 2003). This lack of clarity in the
patent classification is further apparent when examining the use of multiple IPC classes for a single
patent. In a study examining the use of co-classification of IPC codes at the three- and four-digit levels
in a sample of 138,681 patents, Leydesdorff (2008) found a weak relation between the classifications,
where a co-relation of patent citations was found to be a stronger indicator of relation than a co-
classification of patents. Furthermore, previous studies have found that SIC and IPC codes have a weak
correlation, indicating that a technology area cannot easily be defined in IPC codes, and that a
technology area might cover multiple IPC codes from different parts of the classification (Cohen,

Nelson et al. 2002).

In this study we offer an alternative to counting IPC classes to determine the breadth of the technology
area(s) of a patent. With the aid of a technical expert within the hydrocracking field, we identified three
distinct technology areas within the industry and attributed to each technology area the relevant nine-
digit IPC classes. These three technology areas are used to classify all patents within our sample as
patents covering either a single technology area or a combination of multiple technology areas. During
this process it became apparent that IPC classes are a weak indicator of technological proximity
because they specify both what technologies are covered by a patent and what are not. In the literature,
two nine-digit IPC subclasses are considered similar if they share the first seven digits. However we

found that this apparent similarity cannot be taken for granted. It is not uncommon that two IPC



subclasses sharing the first seven digits describe conflicting processes or the use of technologies within
a process. Thus, two IPC subclasses that may seem highly similar due to being grouped within the
same seven-digit class can be mutually exclusive and essentially describe conflicting or competing
technologies. Therefore, the full informative potential of the IPC classification can only be extracted by

means of expert advice.

Hydrocracking is a technology surrounding a late stage of the process of refining crude oil to high
value petroleum products. The forerunner of the technology was developed in 1927 to hydrogenate
distillates from coal, and in the present day version, hydrocracking is a catalytic cracking process that
converts heavy hydrocarbons into higher added value, lower molecular weight compounds under
hydrogen pressure (Billon and Bigeard 2001). This is a technology aimed at increasing the yield of
high value products from crude oil, and converts the lower value lubricating oils and heavy gas oils that
invariably result from refining crude oil into higher value products such as low-sulfur diesel fuel and jet
fuel. While hydrocracking is a mature technology, the continued application of the technology in

modern refineries ensures that the technology is continuously developed.

Insert Figure 1 about here

With expert aid, we identified three distinct technology areas within hydrocracking. Process
technologies (A) are primarily associated with how the process of hydrocracking is integrated into the
overall refinery process, and therefore includes technologies concerning the flow of petroleum based
liquids, including valves, pipes, and the associated controllers. Catalyst preparation (B) is concerned
with the manufacturing process of the catalyst necessary for hydrocracking to take place. This includes

both the manufacture of the carrier of the catalyst (the base to which the active component in the



catalyst is applied) and the application of the active component onto the carrier in the manufacturing
process. The area of feeds and products (C) is concerned with the chemical nature of the raw materials
of the refineries (feeds), and the chemical reactions that change specific feeds into specific products.
These three technology areas find application both alone and in combination with each other’, where,
for example, patents combining the development of the active component (C) with the manufacturing
technology (B) are a common combination (BC). The table below shows how IPC classes refer to

technology areas within hydrocracking.

Insert Table 1 about here

However, while the subclasses are generally related, as seen above, exceptions exist where a few
specific IPC classes are mutually exclusive from the rest of the subclass. For instance, in the above
table we exclude the IPC subclasses C10G-47/24-30 from C as these constitute a competing technology
to hydrocracking, which utilizes an entirely different technology and cannot be compared to the

hydrocracking process.

Our patent sample within hydrocracking consists of 3,902 patents from 1977 to 2007 collected from the
Derwent Innovation Index. We identified 26 firms with five or more patents in this period from the
assignees of these patents, for which we have collected firm level data. This yields a data set of 2,416
patents associated with these firms, with the remaining patents assigned to individuals, universities or
firms with fewer than five hydrocracking patents. In order to obtain a measure of patent value, we

linked our patent data to the OECD 2010 citations database, which contains citation data for all WPTO
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and EPO patents. However, these data are not complete, as far from every patent is submitted to the
WPTO or EPO. It is not uncommon that patents are submitted to a national patent office only, and not
to the international patent offices. Patents not submitted to the WPTO and EPO are commonly patents
of little or no commercial value or patents that are not important enough for the firm to have worldwide
coverage. It is particularly firms in the US, Japan, and China that submit numerous patents to their
national patent offices only. Therefore, when each patent family is counted only once, when only
patents that are applied for by applicants with more than five patents in total are used, and when the
patent families are linked to the OECD citations dataset, the result is a total of 936 patent families. The
findings presented in this paper may therefore be biased towards firms with significant investments in
the technology, in that they have five or more patents published by the WPTO/EPO. Below is a list of

the patent holders in the hydrocracking industry.

Insert Table 2 about here
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PATENTVAL

To measure the value of a patent (PATENTVAL) we combine multiple patent value measures, inspired
by (Lanjouw and Schankerman 1999) technological importance (patent forward citations) and

geographical scope of the patent (patent family size). Patent value is therefore defined as:
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We will conduct robustness checks using negative binomial regressions with each of the value

indicators separately, number of forward citations and family size.
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RARITY

We develop a measure as a proxy for “How rare is the patent to the industry”. A total of 7 patent types
are identified in patents: See table 1 for how each patent type is classified, the 7 patent types refer to
the potential technologies in the hydrocracking industry: A (process technology), B (catalyst
preparation), C (Feeds and products), and the possible combinations AB, CB, AC & ABC). The
RARITY measure is defined by patent type (counting number of the specific patent type of invention)
divided by total number of patents generated in the industry up until the given year. Note that this is
essentially a measure of “commonness”. Therefore a negative, significant estimate in later regressions
IS an expression of rarity.

Y IHSUHE ST,
Y 1 aswEes ™ (SElin!HSwe" (11,
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UNCERTAINTY

We use a proxy suggested by Luque (2002), in which we use patent data to estimate environmental

uncertainty in the following way:

!Pit!(!!!)![NPit! IR,

Where 11,.,._y)stands for the percentage change in industry i at time t and NP iis the number of

patents assigned to industry i at time t.

LOW UNCERTAINTY



The variable LOW_UNCERTAINTY is generated as a dummy variable, taking 1 when
UNCERTAINTY is one standard deviation below mean.

=&+)%&"$1 . %- . 7" #83

We apply both firm specific and patent specific controls. At the firm level, control variables are
included for firm size as the number of employees (SIZE) and the level of firm internationalization as
the number of branch locations (INTERNATIONALIZATION). These are included as our data cover
both large fully-integrated oil firms and smaller firms with a narrower focus. We control for the size of
the R&D departments by including the total number of hydrocracking patents applied
(INDUSTRY_EXPERIENCE). The degree of firm specialization (SPECFIRM) is defined as the degree
to which a firm has more patents within a single technology area or a combination of technology areas
than the majority of the firm population in a given year. The majority of the population is defined as
90% of the firms, meaning that a firm needs to have a higher share of patents within a specific
technology or technology combination than 90% of the population to be identified as a specialized
firm. As the threshold is identified by the type of patent, it reflects the relative prevalence of the type.
This variable changes over time, with some firms starting out as highly specialized but losing this label
as they accumulate patents in different technology areas. The reverse also occurs, when a firm starts out
with a broad patent portfolio, but switches to developing primarily a single technology or technology
combination above all else. We also control for prior experience accumulated in the specific patent type

as share of the total accumulated number of hydro cracking patents in the firm in t-1 (EXPERIENCE).

At the patent level, a number of control variables are included: AGE is a count variable indicating the
number of years since the patent was applied for. To control for patents receiving input from external

scientific sources such as universities, the control NPL_CIT is included, a dummy variable measuring



whether the focal patent cites non-patent related literature. We also control for the number of inventors
(INVENTORCOUNT) as well as the number of assignees (ASSIGNEECOUNT) to ensure that the
both the number of persons and firms behind the invention is controlled for. Other measures prior
identified as being indicators of patent value at patent level is whether the patent is granted
(GRANTED) why a dummy variable taking 1 if granted is used, and whether the has been an

opposition (OPPOSITION) a dummy variable taking 1 if the patent has been opposed.
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The dependent variable in the regression is a censored variable, as the variable is a standardized

forward citations adding standardized family size. The variable ranges between -1.988857 and
15.1154. Therefore a TOBIT is an appropriate estimation model (Wooldridge 2009). Descriptive
statistics are presented in Table 3 and correlations in Table 4. In Table 3 it can be seen that the
explanatory variable RARITY ranges from 0.0294118 to 1 and takes a mean of .4652188 with a
standard deviation of .2543701, indicating that the data points are spread out over the range of possible
outcomes. In figure 1 the variance in hydrocracking patents over time is presented, showing peaks in
1984 and 1999. This descriptive graph indicates an environment which changes over time. The
UNCERTAINTY variable also reflects this, in the range from -1.259259 to 2 the mean is .1495174
with a standard deviation of .5417767 indicating a very high variance in the UNCERTAINTY variable.
We present our pair wise correlations in Table 4, most interesting is the very low correlation between
the two Patent value indicators forward citations and family size, 0.0447, this indicates that the two

measures might be expressions for different types of patent value, and that robustness checks only



taking them individually into account is appropriate to verify the results from the measure we propose

for patent value.

Insert Table 3 & 4 about here
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Table 3 shows our regression results, Model 1 is our baseline model including only the controls, in
Model 2 to 5 our main effects are examined and in Model 6 the interaction effect. In Model 2 we find
that RARITY has a negative effect on patent value finding initial support for hypothesis 1, this means
that patents based on rarer technology combinations have a higher value than patents utilizing the most
common technology combination in an industry. In Model 3 we find evidence in support of hypothesis
2 (that RARITY is curvilinear, taking a U-shape, related to patent value), the parameter for RARITY is
significant and negative, firms generating more rare innovations therefore gain higher value of the level
of the individual innovation. Second, the positive parameter for the squared term (RARITY_SQ) is
significant indicating that also being highly common is valuable. To calculate the lowest point we
differentiate and set the obtained derivative to 0, calculate 111/(212), where 11 is the parameter for
RARITY, and 12 is the parameter for RARITY_SQ. The lowest point is then calculated to be 0,44 in
Model 5. As the upper range of RARITY is 1, our model predicts positive returns at the highest and
lowest levels of the RARITY measure in creating valuable patents, whereas the area where an

innovation transforms from being rare to common is less valuable.



In Model 4 we find evidence in support of hypothesis 3 (that UNCERTAINTY is curvilinear, taking an
inverted U-shape, related to patent value). The parameter for UNCERTAINTY is significant and
positive, firms generating innovations during uncertainty increase in value, second, the negative
parameter for the squared term (UNCERTAINTY_SQ) is significant, indicating that when
environments become very uncertain negative returns set in. To calculate the top point we differentiate
and find that the top point is 0,704 in Model 5. As the lower and upper range of UNCERTAINTY is -

1.259 and 2 our model predicts negative returns at the highest levels of uncertainty.

Insert Figure 2&3 about here

The marginal effects are calculated as suggested by Wiersema and Bowen (Wiersema and Bowen
2009) and (Bowen 2012). The marginal effects calculated for the main effects at mean are RARITY (-
4658989 z-stat -3.084525), RARITY_SQ (4141782 z-stat 2.524785), UNCERTAINTY (.0506153 z-

stat 2.380011 and UNCERTAINTY_SQ -.0712316 with z-stat -2.315061).

The proposition of hypothesis 4 is that the u-shape of RARITY is positively moderated by being
presented in a market with low uncertainty. To test the hypothesis we generate a dummy variable
taking 1 if the observations are below the mean minus one standard deviation, which result in 11
percent of the innovations. The results are presented in Table 3 Model 6. The curvilinear results from
RARITY & RARITY_SQ changes into an inverted u-shape, this can be seen in the positive and
significant results for RARITY_LOWUNCERTAINTY and negative significant results for

RARITY_SQ_LOWUNCERTAINTY. The parameter for rare innovations during low uncertainty is



significant and positive, meaning more common innovations generated during uncertainty increase in
value, however, the parameter for the squared term is significant and negative, indicating that when
very common innovations are introduced negative returns set in in the low uncertainty environment.
The top point calculated is 0,518426. As it is a TOBIT model we have to be careful in the interpretation
of interaction effects. We therefore use the method presented by Wiersema and Bowen (2009) to
analyze a possible moderating effect and analyze RARITY and RARITY _SQ separately. In figure 2a
and table 6 and 7 we present the analysis of the interaction effect being in a low uncertainty market
place (LOW_UNCERTAINTY) on a rare invention (RARITY) and the probability of generating a
valuable invention. The results presented in figure 2a a graphical plot of the “true’ interaction effect (Ai
and Norton 2003) and z-statistic values computed at each observation against the dependent variable
PAT_VAL values is predicted. The results show that only a few observations are insignificant, and that
these observations are at lower levels (below 0) or at higher levels (above 3). The effect is therefore
mainly positive and significant. The results presented in table 7 shows that the coefficients and levels
of significance change for the marginal effect of RARITY, the relationship between RARITY and
PAT_VAL is less negative at higher values of LOW_UNCERTAINTY suggesting a general positive
moderating effect of low uncertainty.

In figure 2b and table 8 and 9 we present the analysis of the interaction effect of being in a low
uncertainty market (LOW_UNCERTAINTY) on the squared term of rarity and the probability of
generating a valuable invention. The graphical plot in figure 2b shows that reporting only the value and
significance at variables means would not be a reliable approach to present the true interaction effect
over the range of outcomes. This is therefore further analyzed in table 9 where the relationship between
RARITY_SQ and PAT_VAL shows to be less positive at higher levels of LOW_UNCERTAINTY,

which is suggestive of a general negative effect of LOW_UNCERTAINTY. At the high value of



LOW_UNCERTAINTY the negative moderating effect is sufficient to render the positive marginal

effect of RARITY_SQ, as the marginal effect of RARITY_SQ becomes insignificant.

DBIE>1J:>>=A:=K>§

To investigate whether our results are robust considering each of the dependent variables we use in our
combined value measure of patents, we run all models with both FORWARD CITATIONS and
FAMILY SIZE as dependent variable individually. In Table 10 we present the results from negative
binomial regression models, where the dependent variable is number of forward citations. The results
for RARITY in Model 8 becomes insignificant (0.199), however, when including the squared term

RARITY_SQ, RARITY becomes significant. The rest of the results remain significant.

In Table 11 we run all specifications utilizing only the count of FAMILY SIZE as dependent variable.
Interesting the results is significantly different when analyzing the moderating effect in Model 18.
While all controls’ results remain consistent with main results, the results for the interaction becomes
insignificant, and the direction of the coefficients is opposite of the main results, and the results taking
only FORWARD CITATIONS into account. This could be interpreted as during

LOW_UNCERTAINTY utilizing the FAMILYSIZE measure as dependent variable is less reliable.



Insert Table 11 about here

To further investigate the relationship between LOW_UNCERTAINTY we apply the variable
UNCERTAINTY as utilized in model 1 to 4, to see whether the differences in moderating effects also
holds across the full variance of UNCERTAINTY. In table 12 & 13 we present the value and
significance of the marginal effect of RARITY and RARITY_SQ at selected values for
UNCERTAINTY, keeping other variables than the moderator fixed. In this way it is possible to
analyze the influence of the moderator UNCERTAINTY on the value of RARITY (RARITY_SQ) as
well as to identify the effect from the moderator on the significance of RARITY (RARITY_SQ)
marginal effect (Wiersema and Bowen 2009). In table 12 it is shown that the marginal effect of
RARITY on the probability of PATENTVAL is more negative at higher values of UNCERTAINTY
suggestive of a generally negative effect of UNCERTAINTY, this is different from the results
presented above. RARITY_SQ indicates the same negative direction of the moderating effect from
UNCERTAINTY, as the relationship between RARITY_SQ and probability of PATENT VAL is less
positive at higher values of UNCERTAINTY. At the high value of UNCERTAINTY this negative
effect is sufficient to render the positive effect as RARITY becomes statistically insignificant at this
value, for RARITY_SQ this confirms the results as presented above. These results indicate that higher
values of UNCERTAINTY reduce the impact that RARITY & RARITY_SQ has on the probability of
generating a valuable innovation, this means that the positive moderating effect as hypothesized in

hyp4 only is present at the very low levels of UNCERTAINTY.
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The findings reported in this paper shed further light on how innovation value is affected by both

technological rarity and environmental uncertainty. Building on the Resource Based View, we
highlight that that most rare and most common innovations have higher value than those placed
between these two extremes. We show that an optimum level of environmental uncertainty exist in
regard to innovation value, where a moderate level of environmental uncertainty provides a situation
where demand prediction isn’t perfect nor too difficult, providing an accessible competitive advantage
to the firm. Finally we show a relation between rarity and environmental uncertainty where
environmental uncertainty changes the relation between rarity and innovation value from being a U-

shaped relation to an inverted U-shaped relation.

This has implications for the firm when choosing which technological direction to move or whether to
explore a technological opportunity, where considering the rarity of the technology can provide
valuable insight into the potential market value. Such a choice should further comply with the overall
firm strategy, whether the firms focus on being a niche market player, or seeks to operate in a highly

competitive market.
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Figure 1 — Patent applications annually within hydrocracking and accumulated hydrocracking patents
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Table 1 Hydrocracking technology areas and IPC classes®
Technology area Associated IPC classes Excluded IPC classes

C10G-065/00

Process technologies (A) B01J-008/00

B01J-023/76

Catalyst preparation (B) B01J-021/00 to B01J-049/00 B013-029/00

Feeds and products (C) C10G-045/00 C10G-045/44
P C10G-047/00 C10G-045/54
C10G-049/00 C10G-045/58

C10G-047/24-30
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Table 2: Distribution of patents and firm year observations

Firm name Total patents Total years
ExxonMobil 265 30
Shell 190 29
IFP Energies Nouvelles 104 24
Chevron 90 26
UOP 73 23
Dow Chemical 32 8
Albemarle 20 9
Japan Energy 20 12
British Petroleum 19 12
Conoco 17 10
Sinopec 16 10
Total 15 10
Akzo 14 10
BASF 14 10
Mitsubishi 14 6
Ashland 13 4
Grace 13 9
Eurecat 12 9
Eni 11 6
Veba 11 9
ldemitsuKosan 9 7
Haldor Topsoe 7 6
NipponKetjen 7 5
Kellogg Co. 6 5
Petrobras 5 4
Sasol 5 4




TABLE 3 Descriptive statistics

Variable | Obs Mean Std. Dev. Min Max
_____________ e e e e e e e e
PATENTVAL 934 .0011459 1.446704 -1.988857 15.1154
FORWARD_CIT 934 3.124732 6.155349 0 95
FAMILYSI1ZE 934 10.73983 7.253027 0 111
RARITY 934 .4652188 .2543701 .0294118 1
RARITY_SQ 934 .2810634 .2380675 .0008651 1
UNCERTAINTY 934 .1495174 5417767 -1.259259 2
UNCERTAINT~Q 934 .3155631 .4181964 .0015379 4
UNCERTAINT~W 934 .111349 .3147324 0 1
NPR_CIT 934 .0856531 .2800011 0 1
SPECFIRM 934 .2002141 .4003749 0 1
EXPERIENCE 934 .5463754 .8381999 -16 1
INTERNAT IONAL 934 1.43578 1.814752 0 6.302619
SI1ZE 934 8.004807 3.68987 0 11.71198

AGE 934 13.80621 7.774551 0 29
INDUSTRY_EXP 934 66.20343 65.11454 1 246
GRANTED 934 .6027837 -4895836 0 1
OPPOSITION 934 .009636 .0977412 0 1
INVENTORS 934 4.585653 4.326276 1 74
ASSIGNEES 934 1.841542 .9547917 1 10




Table 4 Pairwise correlations

PATENT~L FORWAR~T FAMILY~E

RARITY RARITY~Q UNCE~NTY UNCERT~Q

PATENTVAL 1.0000
FORWARD_CIT 0.7228  1.0000
FAMILYSIZE 0.7227 0.0447  1.0000
RARITY | -0.0190 0.0862 -0.1136 _ 1.0000
RARITY SQ | -0.0013 0.1129 -0.1147 0.9687  1.0000
UNCERTAINTY 0.0760 0.1223 -0.0124 0.0772 _0.0958 _ 1.0000
UNCERTAINT~Q 0.0140 0.1297 -0.1095 0.1473 0.1797 0.5572  1.0000
UNCERTAINT-W | -0.0337 -0.0130 -0.0357 0.0108 0.0176 -0.5095 0.1042
NPR_CIT 0.0947 0.0367 0.1002 0.1075 0.0854 -0.1185 -0.0443
SPECFIRM 0.0119 0.0277 -0.0105 0.0041 -0.0025 -0.0342 -0.0342
EXPERIENCE | -0.0342 -0.1042 0.0549 -0.3734 -0.4022 -0.0857 -0.3246
INTERNATTO~N 0.0237 0.0428 -0.0086 0.0842 0.0897 -0.0447 -0.0610
SIZE 0.0550 0.0037 0.0758 0.0072 0.0211 -0.0076 -0.0061
AGE 0.1172 0.3063 -0.1370 0.2542 0.2912 0.3304 0.4824
INDUSTRY E~E | -0.0798 -0.1662 0.0508 -0.2217 -0.2208 -0.0885 -0.1843
GRANTED 0.3183 0.1799 0.2802 0.0311 0.0346 0.1780 0.1715
OPPOSTTION 0.0956  0.0123 0.1260 -0.0112 -0.0231 -0.0128 -0.0280
INVENTORS 0.3283 -0.0097 0.4842 -0.0419 -0.0583 -0.1047 -0.1645
ASSTGNEES 0.1495 -0.0566 0.27/28 -0.0159 -0.0350 -0.1002 -0.1915
UNCERT-W NPR_CIT SPECFIRM EXPERI-E INTERN~N SIZE AGE
UNCERTAINT~W 1.0000
NPR_CIT 0.0254  1.0000
SPECFIRM | -0.0495 -0.0671 _ 1.0000
EXPERIENCE | -0.0175 -0.0705 -0.0083 _ 1.0000
INTERNATIO-N | -0.0331 0.0444 0.1627 -0.0539  1.0000
SIZE | -0.0470 0.0698 -0.2490 -0.0979 0.2787 _ 1.0000
AGE 0.0837 -0.0500 -0.0767 -0.2077 0.0485 0.0365  1.0000
INDUSTRY E~E | -0.0183 -0.0338 -0.2370 0.1659 -0.3557 0.0144 -0.4670
GRANTED 0.0360 0.0295 0.0289 -0.0476 -0.0434 -0.1033 0.4176
OPPOSITION | -0.0349 0.0090 0.0328 0.0032 0.0194 -0.0368 -0.0399
INVENTORS | -0.0291  0.0921  0.0052 0.0487 -0.0823 0.0016 -0.3096
ASSIGNEES | -0.0482 0.1390 0.0214 0.0551 -0.0475 0.1719 -0.3365
INDUST~E GRANTED OPPOSI-N INVENT~S ASSIGN=S
INDUSTRY E~E 1.0000
GRANTED | -0.2524  1.0000
OPPOSITION 0.0320 _0.0801 _ 1.0000
INVENTORS 0.2117 -0.0191  0.0449  1.0000
ASSIGNEES 0.0722 -0.0431 0.0508 0.3038  1.0000




Table 5 TOBIT regressions the dependent variable is PAT_VAL.
Positive coefficients indicate increased probability of a more valuable invention.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
model
RARITY -0.409*** -1.996*** -2.053*** -2.350***
[0.090] [0.270] [0.264] [0.310]
RARITY_SQ 1.795%*=* 1.825%** 2.166***
[0.314] [0.316] [0.347]
UNCERTAINTY 0.213*** 0.223***
[0.075] [0.078]
UNCERTAINTY_SQ -0.282% -0.314**
[0.146] [0.130]
RARITY_LOWUNCERTAINTY 2.721**
[1.061]
RARITY_SQ_ LOWUNCERTAINTY -2.822*%**
[0.969]
UNCERTAINTY_LOW -0.654***
[0.252]
NPR_CIT 0.229 0.261 0.285* 0.262 0.321* 0.303*
[0.163] [0.164] [0.164] [0.164] [0.165] [0.167]
SPECFIRM 0.063 0.057 0.055 0.067 0.060 0.050
[0.093] [0.099] [0.098] [0.092] [0.099] [0.099]
EXPERIENCE -0.004 -0.044 -0.022 -0.033 -0.058 -0.022
[0.061] [0.065] [0.062] [0.054] [0.054] [0.062]
INTERNAT IONA~N 0.029 0.032 0.029 0.025 0.025 0.028
[0.026] [0.026] [0.026] [0.026] [0.025] [0.026]
SI1ZE 0.021 0.019 0.019 0.021 0.018 0.017
[0.014] [0.013] [0.014] [0.014] [0.014] [0.014]
AGE 0.026*** 0.029*** 0.026*** 0.028*** 0.029*** 0.027***
[0.007] [0.007] [0.007] [0.008] [0.008] [0.007]
INDUSTRY_EXP~E -0.000 -0.000 -0.001 -0.000 -0.001 -0.000
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
GRANTED 0.794*** 0.772*%** 0.782*** 0.775*** 0.760*** 0.788***
[0.063] [0.060] [0.061] [0.065] [0.062] [0.059]
OPPOSITION 0.894 0.895* 0.939* 0.895* 0.939* 0.923*
[0.543] [0.532] [0.539] [0.539] [0.534] [0.546]
INVENTORS 0.117*** 0.118*** 0.118*** 0.117*** 0.118*** 0.118***
[0.023] [0.023] [0.024] [0.023] [0.023] [0.024]
ASSIGNEES 0.132** 0.140** 0.139** 0.126** 0.133** 0.139**
[0.063] [0.064] [0.062] [0.061] [0.060] [0.061]
Constant -1.852*** -1.667*** -1.391*** -1.774%** -1.289*** -1.314***
[0.139] [0.141] [0.148] [0.153] [0.161] [0.154]
sigma
Constant 1.262*** 1.259*** 1.255*** 1.258*** 1.251*** 1.252***
[0.011] [0.012] [0.011] [0.010] [0.010] [0.011]
No of Obs 934.000 934.000 934.000 934.000 934.000 934.000
Uncensored o~s 930 930 930 930 930 930
Log likelyhood -1543.876 -1541.336 -1538.26 -1540.763 -1534.642 -1536.28
Pseudo R-squ~d .0782187 .0797355 .0815721 .0800777 .0837321 .0827542
F test 439.7257*** 342.1025*** 399.1957*** 362.471%** 279.8561***  460.9796***

* p<0.1, ** p<0.05, *** p<0.01!




Figure 2a Analysis of the interaction effect of being in a low uncertainty market (LOW_UNCERTAINTY) on a rare
invention (RARITY) and the probability of generating a valuable invention (PAT_VAL).
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Table 6 referring to Figure 2a, Z statistics at mean,

min and max value

stats | ie z_stat
mean | .6122537 2.589815
min | .0012469 .6283026
max | .9738678 4.369617

Table 7 The effect of low uncertainty on the
marginal effect of rarity on the probability of

generating a valuable innovation.

Marginal effect of
RARITY

VALUE OF THE MODERATOR

LOW UNCERTAINTY AT

LEVELS

LowW -.1980322***

MEAN -.1641184***

HIGH -.1115434*




Figure 2b Analysis of the interaction effect of being in a low uncertainty market (LOW_UNCERTAINTY) on a rare
invention squared (RARITY_SQ) and the probability of generating a valuable invention (PAT_VAL).

Prediction

Table 8 referring to Figure 2b, Z statistics at
mean, min and max value

stats | ie z_stat
mean | -.6483995 -2.58629
min | -1.144388 -8.102742
max | -1708607 1.413905

Table 9 The effect of low uncertainty on the
marginal effect of rarity square on the
probability of generating a valuable innovation.

Marginal
| effect of
‘ ‘ ‘ ‘ ‘ g RARITY_SQ
2 0 2 4 6 VALUE OF THE MODERATOR
(o preeiEien LOW UNCERTAINTY AT LEVELS
‘0 Prediction @ z_stat ‘ LOW .6568565**
I MEAN -3859037**
' HIGH .1602036
Table 10 Negative binomial regression models. Dependent variable is number of forward citations.
Positive coefficients indicate increased probability of a more valuable invention.
Model 7 Model 8 Model 9 Model 10 Model 11 Model 12
FORWARD CITATIONS
RARITY -0.286 —2.058*** —2.017*** —2.744%%%
[0.223] [0.334] [0.331] [0.357]
RARITY_SQ 2.029%** 1.913%*= 2.825%%*
[0.408] [0.414] [0.430]
UNCERTAINTY 0.198** 0.201**
[0.101] [0.099]
UNCERTAINTY_SQ ~0.408*** —0.418***
[0.131] [0.126]
RARTTY_LOWUN~Y 5.603***
[1.967]
RARITY_SQ_LO~Y ~6.596%**
[1.979]
UNCERTAINTY_~W -0.835**
[0.416]
NPR_CIT 0.310%* 0.332%* 0.350%* 0.339** 0.381*** 0.389***
[0.152] [0.153] [0.144] [0.148] [0.137] [0.142]
SPECFIRM 0.248%* 0.251%* 0.247% 0.259** 0.258** 0.268**
[0.119] [0.128] [0.129] [0.117] [0.129] [0.123]
EXPERIENCE 0.023 -0.024 0.014 -0.011 -0.029 0.008
[0.095] [0.118] [0.091] [0.070] [0.066] [0.093]
INTERNATIONA~N -0.013 -0.012 -0.016 -0.019 -0.021 -0.019
[0.043] [0.045] [0.043] [0.040] [0.041] [0.043]
SIZE -0.006 -0.008 -0.009 -0.006 ~0.009 ~0.009
[0.016] [0.016] [0.017] [0.015] [0.015] [0.017]
AGE 0.086%** 0.088%** 0.083*** 0.092*** 0.090*** 0.082***
[0.013] [0.013] [0.013] [0.013] [0.013] [0.013]
INDUSTRY_EXP~E -0.001 -0.001 -0.002 -0.001 -0.002 -0.001
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
GRANTED 0.306%** 0.287%** 0.308%** 0.291%** 0.288*** 0.333***
[0.096] [0.101] [0.099] [0.096] [0.097] [0.098]
OPPOSITION 0.629% 0.621% 0.663* 0.618* 0.647* 0.665*
[0.375] [0.371] [0.361] [0.368] [0.354] [0.367]
INVENTORS 0.042%* 0.042%* 0.042%* 0.041%* 0.041%* 0.041%*
[0.018] [0.018] [0.019] [0.017] [0.018] [0.019]
ASSIGNEES -0.023 -0.017 -0.021 -0.025 -0.021 -0.018




[0.052] [0.055] [0.052] [0.051] [0.052] [0.049]
Constant -0.582* -0.433 -0.124 -0.531* -0.061 -0.036
[0.315] [0.328] [0.334] [0.309] [0.326] [0.322]
Inalpha
Constant 0.132** 0.127* 0.111 0.120* 0.098 0.092
[0.067] [0.069] [0.070] [0.070] [0.074] [0.070]
Pseudo LL -1962.886 -1961.735 -1957.758 -1958.934 -1953.643 -1952.594
No of Obs 934 934 934 934 934 934
Wald-Chi2 642.6914*** 1377 .325*** 1336.384*** 793.2447*** 1913.349*** 2094 .292***

* p<0.1, ** p<0.05, *** p<0.01

Table 11 Negative binomial regression models. Dependent variable is Family size
Positive coefficients indicate increased probability of a more valuable invention.

Model 13 Model 14 Model 15 Model 16 Model 17 Model 18
FAMILY_SIZE
RARITY -0.282*** -0.551*** -0.574*** -0.501***
[0.055] [0.168] [0.168] [0.181]
RARITY_SQ 0.308* 0.322% 0.224
[0.162] [0.166] [0.172]
UNCERTAINTY 0.083** 0.089***
[0.035] [0.031]
UNCERTAINTY_SQ -0.106* -0.124**
[0.059] [0.058]
RARITY_LOWUN~Y -0.425
[0.464]
RARITY_SQ_LO~Y 0.688
[0.471]
UNCERTAINTY_~W -0.033
[0.100]
NPR_CIT 0.082 0.105* 0.109* 0.094* 0.123** 0.109*
[0.052] [0.058] [0.056] [0.052] [0.056] [0.056]
SPECFIRM -0.005 -0.010 -0.010 -0.002 -0.006 -0.010
[0.049] [0.045] [0.045] [0.048] [0.044] [0.045]
EXPERIENCE 0.033*** 0.001 0.005 0.022 -0.009 0.005
[0.012] [0.016] [0.016] [0.016] [0.017] [0.015]
INTERNAT IONA~N 0.005 0.007 0.007 0.004 0.005 0.006
[0.012] [0.011] [0.011] [0.012] [0.011] [0.011]
SI1ZE 0.015*** 0.013*** 0.013*** 0.015*** 0.013** 0.013***
[0.005] [0.005] [0.005] [0.005] [0.005] [0.005]
AGE -0.016*** -0.014%*** -0.014%*** -0.015*** -0.013*** -0.014%***
[0.003] [0.002] [0.002] [0.003] [0.003] [0.002]
INDUSTRY_EXP~E -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
GRANTED 0.517*** 0.505*** 0.507*** 0.510*** 0.499*** 0.504***
[0.030] [0.029] [0.030] [0.029] [0.028] [0.029]
OPPOSITION 0.328*** 0.326*** 0.334*** 0.327*** 0.333*** 0.329***
[0.113] [0.106] [0.109] [0.111] [0.107] [0.109]
INVENTORS 0.027*** 0.028*** 0.028*** 0.027*** 0.028*** 0.028***
[0.002] [0.003] [0.003] [0.002] [0.003] [0.003]
ASSIGNEES 0.083*** 0.088*** 0.087*** 0.081*** 0.085*** 0.087***
[0.027] [0.027] [0.027] [0.026] [0.026] [0.027]
Constant 1.798*** 1.926*** 1.972*** 1.826*** 2.011*** 1.971***
[0.087] [0.092] [0.092] [0.084] [0.087] [0.089]
Inalpha
Constant -2.334%*** -2.368*** -2.371%** -2.348*** -2.387*** -2.376***
[0.353] [0.362] [0.361] [0.353] [0.361] [0.361]
Pseudo LL -2672.592 -2662.915 -2662.187 -2669.193 -2657.988 -2660.929




No of Obs 934

934 934 934

934 934

Wald-Chi2

2122 .063*** 2530.278***

3003.254***

2369.501***

2908.646***  3645.035***

* p<0.1, ** p<0.05, *** p<0.01

Table 12. The effect of UNCERTAINTY on the marginal effect of RARITY on the probability of generating a valuable

innovation

Value of moderator Marginal effect of RARITY z-statistic
UNCERTAINTY at levels

Low -.1667285*** .7153351
Mean -.1750019*** 7153351
High -.1783692** 1.701459

Table 13. The effect of UNCERTAINTY on the marginal effect of RARITY_SQ on the probability of generating a

valuable innovation

Value of moderator Marginal effect of RARITY_SQ | z-statistic
UNCERTAINTY at levels

Low .6568565** -8.102742
Mean .3859037* -2.58629
High .1602036 1.413905
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