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Abstract

Emerging technologies and radical technological changes often render obsolete most of the
knowledge held by firms. To cope with such changes, incumbent firms need to develop new
knowledge. Such knowledge has been characterized along two key dimensions: its proximity
to the industry knowledge basis—ranging from building on the emerging technology itself to
drawing from industry-related or industry-unrelated domains—and whether it is created
internally or sourced externally. What is still unclear is whether, and if so why, these types of
knowledge can be differentially useful for firms facing radical technological changes. To shed
light on these matters, we analyze patents granted within the photography industry, in the
context of the industry’s 30-year paradigm shift from chemical to digital technology. We find
that that leveraging knowledge within the emerging technological domain has positive but
smaller effects (measured as forward citations) on firms’ inventive impact than leveraging
knowledge from related, and—albeit to less extent—even unrelated industry domains.
Moreover, leveraging external knowledge has superior effects than relying on internal
knowledge across all the previously mentioned knowledge types.
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COPING WITH A RADICAL TECHNOLOGICAL CHANGE:
MODES OF KNOWLEDGE RECOMBINATION AND INVENTIVE IMPACT IN THE

PHOTOGRAPHY INDUSTRY

INTRODUCTION

Radical technological discontinuities pose significant challenges for incumbent firms (Chandy &
Tellis, 2000; Roy & Sarkar, 2016). Yet, whilst the “incumbent’s curse” is often seen as a
truism(Taylor & Helfat, 2009), there is heterogeneity in incumbent adaptive responses (Eggers and
Park, 2018). Some incumbents are doomed by the emerging technology (Kapoor & Klueter, 2020;
Marku, Di Guardo, Patriotta, & Allen, 2024; Yoruk, Radosevic, & Fischer, 2023), but others
successfully transition across these discontinuities (Mitchell, 1989, 1991; Rosenbloom, 2000). For
example local search theory and knowledge leveraging (Carroll, Bigelow, Seidel, & Tsai.., 1996;
Helfat & Lieberman, 2002; King & Tucci, 2002; Klepper & Simons, 2000; Miller, Grimes,
McMullen, & Vogus, 2012) had informed this issue with different arguments. Local search theory
emphasizes how recombination of existing knowledge may result in learning traps (Levinthal &
March, 1993), and thus implies pessimism with respect to successfully coping with radical
technological discontinuity. In contrast, knowledge-leveraging theory offers a more positive account
suggesting knowledge recombination as a means to ease adaptation (Carroll et al., 1996; Helfat &
Lieberman, 2002; King & Tucci, 2002; Klepper & Simons, 2000). Recombination can thus be seen
as a limiting as well as a boosting force behind adaptation, with the literature not providing a unique
perspective on it yet.

Much of what we know on knowledge recombination applies to established technological
paradigms (Fleming & Sorenson, 2001, 2004; Ghosh, Martin, Pennings, & Wezel, 2014; Gruber,
Harhoff, & Hoisl, 2012; Kogut & Zander, 1992; Miller et al., 2012; Phene, Fladmoe-Lindquist, &
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contexts having not passed through a radical technological discontinuities (Carnabuci & Operti,
2013; Kok, Faems, & de Faria, 2019; Xiao, Makhija, & Karim, 2022). In this context, research
shows that multiple forms of knowledge recombination are possible, where two fundamental
dimensions in which recombination differs involve the distance or proximity to the industry
knowledge-basis (e.g., Phene et al., 2006) and whether knowledge is developed internally or sourced
externally (e.g., Laursen & Salter, 2004). Our study seeks to extend and complement existing
research by exploring how these different kinds of knowledge recombination influence inventive
impact in the face of radically new technological change and the associated emerging technology
(Kapoor & Klueter, 2020; Marku et al., 2024; Yoruk et al., 2023).

Indeed, while it is well known that radical technological discontinuities are challenging for
incumbents, incumbents’ ability to successfully transition through these radical changes and the
associated emerging technology remains “a relatively underexplored phenomenon” (Roy and Sakar,
2016: 836; see also Cohen and Tripsas, 2018"). Furthermore, most of the work that examines
differences in how incumbents respond to radical technological discontinuities has neglected to
consider incumbents’ inventive performance in the new emerging technology, a critical aspect of
transitioning through discontinuities (for an important exception, see Cohen & Tripsas, 2018).

Cattani (2005) partly tackles this issue by analyzing how recombination of old and new
knowledge within the emerging technologies can be performed. However radical technological
changes may significantly alter the usefulness of specific types of knowledge beyond the emerging
technology (Henderson & Clark, 1990), leaving us with an incomplete understanding of an aspect of
knowledge production which may be vitally important for firms. To shed new light on this important
matter, we ask: When faced with radical technological changes, what type of knowledge
recombination—in terms of whether it relates to the emerging technology, to an industry-related

domain, or to an industry-unrelated domain—Ileads to the best inventive impact? And how do firms



that leverage technology coming from these different domains perform when sourcing such
knowledge externally rather than internally?

To answer these questions, we focus on the photography industry during the radical shift
from chemistry-based film to digital technology (Benner & Tripsas, 2012; Benner & Tushman, 2002;
Cohen & Tripsas, 2018; Ghosh et al., 2014). Previous studies in this setting have investigated how
managerial cognition caused organizational inertia in the face of the emergence of digital technology
(Tripsas & Gavetti, 2000), the shift to digital technologies as part of an institutional change process
(Munir, 2005), and the mechanisms of vicarious learning and the influence of prior industry
affiliation in new product introduction strategies (Benner & Tripsas, 2012; Srinivasan, Haunschild,
& Grewal, 2007). While these studies acknowledge the radical discontinuity induced by the new
technology, none of them considers knowledge recombination by incumbents in response to this
discontinuity.

This study examines the 30-year transition period between two dominant core technologies:
from the introduction of digital photography in 1974 to the establishment of digital technology as the
foundation of the new paradigm by 2004. This empirical context is both theoretically significant—as
it captures the whole lifecycle of the technological transition—and empirically unique—as it
captured the radical transformation of an industry from the emergence of the disruption to the
settlement of the new technology—, providing an excellent framework for the exploration of our
research questions.

Building on prior research that examines organizational search at the patent level and
analyzes the determinants of inventive impact through forward citations (Fleming & Sorenson, 2004;
Ghosh et al., 2014; Kok et al., 2019; Rosenkopf & Nerkar, 2001; Schillebeeckx et al., 2021), our
analysis categorizes knowledge based on its relationship to the industry knowledge basis and
leverages the unique opportunity offered by patent data to capture long time periods consistently and

comprehensively (Savage, Li, Turner, Hatfield, & Cardinal, 2020).



Specifically, in line with the conceptualization of technological distance and proximity
developed by Phene (Phene et al., 2006), we regard digital knowledge as the emerging core
technology, and classify the remaining knowledge as belonging to industry-related domains if it falls
within the industry knowledge basis, or as industry-unrelated domains if it extends outside these
boundaries.

We then examine the subsequent effect on inventive impact of knowledge that has been
developed in the emerging technology, in industry-related domains, and in industry-unrelated
domains. Moreover, we consider the /ocus of knowledge search, making a distinction between
knowledge that is developed internally (i.e., leveraging the firm’s own patents) vs. sourced externally
(i.e., leveraging patents held by other individuals and organizations).

Analysis of the 155 firms active during the technological transition that controls for firm
effects and for characteristics of their knowledge endowment reveals that in the context of radical
technological change, leveraging technology from industry-related domains—compared to
knowledge from industry-unrelated domains, and even the emerging technology itself—has the most
positive impact on a firm’s inventive performance. Interestingly, this effect is diminished when the
focal firm relies on internal knowledge rather than sourcing it externally. These results highlight the
prominent role related technologies may have in the catch-up phase of incumbents who are “caught
off guard” by the transition into the emerging technology, suggesting investment strategies that do

not focus only on the latter, but build heavily on the former.

THEORY
Several studies have explored the relationship between firms’ experience, innovation, and
performance, particularly in the context of new market entry. For instance, Carroll et al. (1996)
found that, in the American automobile industry, firms entering from related industries are likely to

survive longer than firms that are newly founded or come from unrelated industries. Klepper and



Simons (2000) found a comparable pattern in their longitudinal study of the television industry,
where firms with the most experience producing radios were able to enter earlier, survive longer, and
obtain larger market shares than non-radio producers. Holbrook et al. (Holbrook, Cohen, Hounshell,
& Klepper, 2000) found similar results through multiple case studies of the semiconductor industry,
as did King and Tucci ( 2002) in their analysis of the emergent disk-drive market niche. These
findings have been explained by the expected similarity between the pre-entry firm’s knowledge and
the knowledge required in the new market (Helfat & Lieberman, 2002).

Redeploying knowledge across different settings, however, is a non-trivial operation since, as
Garud and Nayyar (1994) pointed out, “useful knowledge retrieval requires its modification to suit
current needs. This might imply reinvention as new individuals interpret maintained knowledge in
different ways” (Garud & Nayyar, 1994: 377). Awareness of these complexities, has led to a more
systematic investigation of the processes by which firms manipulate and regenerate their knowledge
base so as to redeploy it to new uses (Eisenhardt & Martin, 2000; Helfat et al., 2007; Teece, Pisano,
& Shuen, 1997). Consistently, research has highlighted the difference between accessing and
exploiting resources, and further demonstrated that firms differ in their ability to capitalize on
existing technological knowledge (Cattani, 2005; Garud & Nayyar, 1994; Kaplan & Vakili, 2015).

A central premise of our study is that the process of knowledge leveraging becomes
increasingly complex with the introduction of an emerging technology (Kapoor & Klueter, 2020;
Marku et al., 2024; Yoruk et al., 2023) and radical changes. When a new core technology emerges
within an existing technological paradigm, its introduction tends to affect the whole set of
complementary technologies that had previously characterized the paradigm (Anderson & Tushman,
1990; Utterback & Abernathy, 1975; Utterback & Suarez, 1993). Under those circumstances, firms
are challenged to not only innovate in the emerging technology, but also to deal with those
complementary domains that are likely to survive from the existing paradigm and may characterize

the future one. In the photography industry, for instance, the discontinuous shift from chemical to



digital technology has been radical. However, this did not modify the baseline role of some
complementary components. For example, even after the introduction of digital technology, the role
of optics remained to focus and transfer light into the camera, and the mechanical system continued
to move the optics (Benner & Tripsas, 2012; Ghosh et al., 2014).

In summary, the emergence of a new core technology adds an additional layer of complexity
to how firms leverage prior knowledge to navigate radical technological changes. While we have a
good understanding of the role of knowledge recombination within the context of established
technological paradigms (Fleming & Sorenson, 2001, 2004; Ghosh et al., 2014; Gruber et al., 2012;
Kogut & Zander, 1992; Miller et al., 2012; Phene et al., 2006; Rosenkopt & Nerkar, 2001), much
less is known about the inventive impact of different types of knowledge recombination when firms

are confronted with the emerging technologies.

HYPOTHESES

Leveraging knowledge from emerging technology, industry-related, and industry-unrelated
domains

Research has established knowledge recombination as a fundamental driver of
innovation (Henderson & Cockburn, 1994; Kogut & Zander, 1992; Nelson & Winter, 1982). In
particular, studies have shown that the outcomes of recombination activities can vary significantly
depending on the technological space of the new knowledge—whether it builds on the emerging
technology itself, draws from industry-related domains, or stems from industry-unrelated domains
(Phene et al., 2006). In the context of the transition from chemical to digital technology that
redefined the photography industry, digital technology can be viewed as the emerging technology
(Kapoor & Klueter, 2020; Marku et al., 2024; Yoruk et al., 2023) relative to the older chemical
technology. Knowledge within the photography industry’s knowledge base can be categorized as
coming from an industry-related domain, while knowledge beyond these boundaries can be

considered to originate from an industry-unrelated domain. The key question in this context is which
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of these distinct types of knowledge is best suited to help firms navigate the challenges posed by
such a radical technological shift.

Intuitively, producing knowledge that pertains to the new technology should prove useful for
firms facing a radical shift to that technology. Continued exploration in the new technological area
should result in the creation of emerging-domain competences that may assist the firm in navigating
the turbulent waters of a radically new technological industry environment. However, by restricting
research to the new technological domain, firms may also forfeit innovation that could arise from
studying related domains. From an evolutionary perspective, a new technological paradigm tends to
emerge as the result of the hybridization of different technologies in a common application context
(Levinthal, 1998). In turn, continuous investments in a specific domain may trigger “cognitive
myopia” toward more distant opportunities (Holbrook et al., 2000; Levinthal & March, 1993) where
relatedness in the available knowledge sources may lead to increased similarity in the new
knowledge generated (Novelli, 2015). Thus, narrowing the focus of knowledge leveraging to
emerging-domain knowledge can mislead firms into neglecting cross-pollination opportunities that
may materialize between a core technology and related technological innovations, leading them to
suboptimal technological solutions (Novelli, 2015), especially when facing a radical technological
change. In other words, when an emerging core technology radically replaces an older one, firms
may impede the effective application of the new technology by pursuing limited interactions with
related technologies (Henderson & Clark, 1990; Henderson & Cockburn, 1994). To fully harness the
potential of the new technology, innovation should extend beyond it to engage with related
technologies within the industry knowledge basis. This approach is particularly advantageous for
incumbents, as they can leverage their extensive expertise in the industry and its technology.

Firms may also engage in recombination activities that draw on knowledge from industry-
unrelated domains, often viewed by scholars as a highly heterogeneous source for recombination

(Gruber et al., 2012; Miller, Fern, Cardinal, & Douglas, 2007; Nemet & Johnson, 2012; Phene et al.,



2006). However, moving beyond industry-related domains can have significant drawbacks, primarily
due to the cognitive constraints of inventors (March & Simon, 1958).

Excessive “frenzies of experimentation” (Levinthal & March, 1993) can diminish the expected
positive effects of exploring and recombining heterogeneous knowledge, as “the marginal benefit of
variety probably decreases with the increasing number of components because inventors experience
cognitive difficulty considering all the components and their potential relationships simultaneously”
(Fleming & Sorenson, 2001). These challenges are amplified when attempting to combine
knowledge that is particularly distant (Nooteboom, Van Haverbeke, Duysters, Gilsing, & van den
Oord, 2007), especially when the technological environment experiences radical change. Thus, in the
face of such changes, leveraging knowledge from industry-unrelated domains is likely to be more
difficult and less beneficial than leveraging knowledge from industry-related domains.

In conclusion, leveraging domain-related knowledge should be the superior strategy—compared
to relying on emerging-domain or industry-unrelated knowledge—for firms facing radical
technological change. Formally,

Hypothesis 1: Developing knowledge in an emerging core technology by leveraging prior
knowledge from industry-related domains will lead to a higher inventive impact than

developing knowledge in the emerging technology or in industry-unrelated domains.

Leveraging internal versus external knowledge

In detailing recombination activities, research has also made a clear distinction between the act
of leveraging internal or external knowledge—that is, knowledge that lies inside or outside a firm’s
boundaries. For instance, Cattani (2005) found evidence of a positive association between internal
knowledge leveraging and innovative performance. On the other hand, Henderson and Cockburn
(1994) highlighted the central role of “architectural competence” as “the ability to access new

knowledge from outside the boundaries of the organization and the ability to integrate knowledge



flexibly [...] within the organization” (p. 6). Similarly, Rosenkopf and Nerkar (2001) identified the
key function of “second-order competence” defined as firm’s ability to create new knowledge by
recombining knowledge across organizational (and technological) boundaries.

The relevance of internal leverage derives from the intuition that firms are generally more
capable of dealing with technological domains where they have prior research expertise. In other
words, internal leverage provides firms with knowledge that can more easily be processed and used.
However, research has provided contrasting evidence regarding the benefits of internally sourced
knowledge. For example, while Cattani (2005) found that leveraging internal knowledge can
enhance innovative performance, Rosenkopf and Nerkar (2001) identified negative effects associated
with local exploration.

In the following discussion, we propose that these apparent inconsistencies can be partly a
function of the level of environmental novelty a firm is experiencing. Specifically, we argue that
leveraging external knowledge represents the superior recombination strategy for firms navigating
radical technological changes.

On the one hand, the fundamental uncertainty and potential instability that tends to
characterize industries faced with a radical technological change may present inventors with a high
level of ambiguity, constraining their ability to engage in trial and error activities, and in turn, to
successfully pursue innovative combinations (March & Simon, 1958; Nelson & Winter, 1982).
Under these circumstances, it could be argued that exploiting prior knowledge, however internal,
may prove less complex and hence preferable to exploring new technologies from scratch (Levinthal
& March, 1993; March, 1991). However, a recombination process primarily reliant on internal
knowledge is likely to yield limited innovative contributions due to the constrained scope of
available technological elements (Fleming & Sorenson, 2001). This limitation becomes especially
problematic in the context of radical technological change, where the heightened uncertainty,

fluidity, and complexity of such environments demand greater knowledge heterogeneity.



In other words, at the onset of a new technology, when its potential remains uncertain, focusing
extensively for new solutions in the neighborhood of old solutions can leave a broad range of
potential alternatives unexplored. A recombination process that incorporates external knowledge can
draw from a more diverse array of elements (Fleming & Sorenson, 2001), which, especially under
conditions of high technological novelty, is likely to enhance a firm’s innovative performance more
effectively than relying solely on internal knowledge.

This expectation aligns with research highlighting external knowledge as a critical source of new
ideas—for example, in terms of absorptive capacity (Laursen & Salter, 2004) and exploration (Miller
et al. 2007, Rosenkopf and Nerkar 2001). More broadly, a firm’s ability to seek knowledge beyond
its organizational boundaries has been recognized as pivotal for driving future organizational
developments (Pandza & Holt, 2007). As this argument applies across various knowledge types—
whether pertaining to the emerging technology itself, the industry-related domain, or to the industry-
unrelated domain—we propose that:

Hypothesis 2: Developing knowledge in an emerging core technology by leveraging prior
external knowledge across the three domains of Hpl [emerging technology, industry-related
domain, and industry-unrelated domain] will lead to a higher inventive impact than

developing knowledge by leveraging prior internal knowledge.

METHODS
Empirical settings
The empirical setting of this study is the photography industry during the radical shift from
chemistry-based film to digital technology, spanning the period from 1974, when digital
photography was first introduced, to 2004, when digital technology became firmly established as the

core of the new paradigm.
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Photography technologies are typically classified into two main categories (Ghosh et al.,
2014). The first is image-capturing technology, which serves as the core element of photographic
technology. The second encompasses the physical devices and mechanisms that define the overall
functionality of the product, including the optical system, the mechanical and electrical components,
and external tools such as flashes.

For about two centuries, chemical technology was the core technology of the photography
industry. Photographic images were generated from an interaction between the silver halides of a
film and light waves. By 2004, however, sales of digital cameras—cameras where the storage,
transmission, and elaboration of images occurs electronically—surpassed those of cameras based on
chemical technology. Shortly after, chemical technology-based cameras accounted for less than one
percent of total world revenues. Digital technology had become the new core technology (Benner &
Tushman, 2002; Tripsas & Gavetti, 2000) .

Observing patents issued from 1974 to 2004 (with information on forward citations collected
for further 10 years, i.e., until 2014) allows to capture the whole cycle of industry transformation: it
begins with the emergence of digital technologies, its first introduction, and arrives at the point in
which digital technology overcomes the chemical technology in terms of market presence, declaring
the de facto end of its centrality in the industry. This period offers thus a complete picture of the
phenomenon we seek to study. Moreover -and possibly for this very reason-, several other scholars
have considered the same technological disruption, offering thus a significant amount of empirical
literature we can use to verify and support our analysis.

The introduction of digital core technology sparked a revolution across multiple aspects of
the imaging field, leading to the emergence of new technological domains such as image capturing
along with its associated storage, manipulation, and display technologies. At the same time,
knowledge from industry-related domains continued to play a complementary role, particularly in the

camera’s optical, mechanical, and electrical systems, as well as external tools like lighting and
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flashes. This knowledge evolved in the new digital architecture (Henderson & Clark, 1990;
Henderson & Cockburn, 1994).

The scale of this technological shift, combined with the unique characteristics of the industry
that allow for a clear distinction between the various technological domains it encompasses, makes it

an ideal setting for our analysis.

Sample

As prior research (e.g., Cattani, 2005; Hall, Jaffe, & Trajtenberg, 2001; Patel & Pavitt, 1997;
Savage et al., 2020; Stuart & Podolny, 1996), we capture technological knowledge through patents.
Specifically, we identify the patent as the best unit of analysis to capture in a fine-grained fashion the
relationship between the background upon which each firm’s knowledge bit (one patent) builds, and
the inventive impact of that bit on the knowledge base of the industry as captured by forward
citations (e.g., Ghosh et al., 2014). Patents granted by the U.S. Patent and Trademark Office
(USPTO) hold greater technological value compared to those that are withdrawn or rejected. The
rigorous search and examination processes involved in granting a patent ensure that the invention is
novel, industrially applicable, and inventive (Guellec & Van Pottelsberghe De La Potterie, 2000). As
a result, patents are considered a reliable indicator of firm innovation, as they represent inventions
that meet these critical criteria. Therefore, while patents may not be a perfect measure of a firm’s
intellectual output, they are widely recognized as a useful proxy for innovation (Griliches, 1990;
Trajtenberg, 1990a). Thus, patenting is considered a key dimension of intellectual capital (Smith-
Doerr, Owen-Smith, Koput, & Powell, 1999). Further, patents not only reflect technological novelty
and innovation (Griliches, 1990) but also have a direct economic impact on a firm’s operations,
making them a valuable indicator of firm performance (Scherer, 1980; Zaheer & Bell, 2005).

We draw our sample from firms that, having already patented in the photography classes,
entered digital technology with a minimum level of patenting activity during the transition to the new

paradigm, aiming to capture only sustained, non-episodic efforts in this field. We set the threshold
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for average patent activity in the digital class at 10 patents per year and confirm that varying
threshold—both lower and higher—does not affect the results (abbreviated tables with these findings
are provided upon request). We gather patent data from the USPTO, and while the focal sample of
digital patents used for our analysis accounts for the industry’s transition period to the new paradigm
(from 1974 to 2004), we collect information on forward citations granted until December 2014.i As
in previous research (Cattani, 2005; Hall et al., 2001), we consider patents on the basis of their filing
date to the USPTO rather than the granting date, as the latter entails a certain amount of time for
assessing the potential patent and may offer a less accurate indicator of the moment when the new
knowledge was developed.

Our final sample includes 45,912 digital technology patents filed by 155 firms between 1974
and 2004. The 155 firms include the main players in the industry as well as firms whose core
business is elsewhere but are active in contributing to the industry’s knowledge base.

Measures

Inventive impact. Our outcome variable measures firms’ inventive impact at the patent level
(Ghosh et al., 2014; Kok et al., 2019; Schillebeeckx et al., 2021). Consistent with standard practice,
we treat the organization granting the patent as the primary agent of recombination and assess its
inventive activity through its patents (e.g., Fleming and Sorenson, 2004; Rosenkopf and Nerkar,
2001; Kok et al., 2019; Schillebeeckx et. al, 2021). We operationalize a patent’s inventive impact as
the number of forward citations'! it receives from patents filed by other organizations (Fleming &
Sorenson, 2004; Ghosh et al., 2014; Kok et al., 2019; Miller et al., 2007; Rosenkopf & Nerkar, 2001;
Ganco,. 2017)"Y. We track the forward citations of digital patents until December 2014 and organize
the data into a panel structure based on the filing year'. To account for potential differences in the
technology lifecycle over time, since patents filed in earlier years could be cited for a longer period",
we also include as a control variable the average forward citations received by patents filed in the

same year and focal class (Cattani, 2005).
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Leveraging Emerging technology (ET), industry-related (IR), or industry-unrelated
technology (UR). To operationalize our independent variables, we follow standard practice by
treating patents as appropriability mechanisms that provide key insights into both the nature of a
firm's inventions and knowledge recombination—whether it is based on emerging technology,
industry-related knowledge, or industry-unrelated knowledge—and its locus, distinguishing between
internal and external sources ((Benner & Tushman, 2002; Ghosh et al., 2014; Oriani & Sobrero,
2008; Srinivasan et al., 2007). In line with prior research, we analyze patents’ backward citations to
identify the knowledge components that are recombined to generate new inventions (Jaffe & de
Rassenfosse, 2017; Kok et al., 2019; Phene et al., 2006; Rosenkopf & Nerkar, 2001).

The patent granting process requires that every patent has one principal mandatory
classification—the “original classification.” Such classification comprises the combination of one
class and an associated unique subclass. For instance, in class “photography” (class 396) we can
have subclass 63, “exposure control system responsive to focal length,” resulting in patent
classification 396/63. Beside this numeric ordering, patents are hierarchically ordered in a nested
structure (graphically expressed as level of indent). Mainline subclasses are those without indent, and
provide the main subject matters belonging to the overall class (USPTO Granting Guide, 2009).
There are generally only few mainline subclasses, but they help group all other subclasses into
consistent technological areas. As an illustration, patent 396/565 “Having fluid filter” is nested
within subclass 396/564 “Fluid-treating apparatus.”

To ensure a precise identification of the underlying technological areas, we used the mainline
subclasses to perform an original classification with the help of specialists from “Centro Nazionale
delle Ricerche” (the Italian National Research Center) and “Istituto Nazionale di Ottica” (an
independent research institute which has been working in the field of optics for over ninety years).
These experts examined the 12 patent classes that prior research has identified as relevant to the

photography industry"i (Benner & Tushman, 2002; Srinivasan et al., 2007) and categorized them
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into three distinct technological areas. Specifically, digital sensor, processor, and digital storage
technologies were classified as part of the emerging technology, as they uniquely represent the
application of digital-based advancements within the photography industry. In contrast, optics,
mechanics, electronics, LCD, and external equipment were categorized as industry-related
knowledge, as these technologies form the industry’s knowledge base and serve as complementary
components to both chemical and digital photography. Any remaining classes that did not pertain to
digital technology or industry-related domains were designated as domain-unrelated knowledge. The
experts then systematically assigned each subclass within the 12 previously identified patent classes
to one of these three technological domains.

The measures for Leveraging Emerging Technology (ET), Leveraging Industry-Related (IR),
and Leveraging Industry-Unrelated (IU) knowledge are calculated as the proportion of backward
citations directed toward each respective category. Specifically, ET is measured as the share of
backward citations referencing digital technology patent classes, IR as the share referencing
industry-related patent classes, and IU as the share referencing industry-unrelated patent classes—
each relative to the total number of backward citations (Katila & Ahuja, 2002).ii

Internal leveraging, external leveraging. We measure internal leveraging as the share of self-
backward citations over the total number of backward citations to a firm’s own patents. To examine
the role of internal leveraging within the different technological domains, we calculate this measure
separately for emerging technology, industry-related knowledge, and industry-unrelated knowledge.
This results in three distinct variables: Leveraging Internal ET, Leveraging Internal IR, and
Leveraging Internal 1U. Similarly, external leveraging is measured as the share of backward citations
within each domain that reference patents held by other individuals and organizations. These are
captured by the variables Leveraging External ET, Leveraging External IR, and Leveraging External
IU. In both cases—internal and external—backward citations to the fading chemical domain are

excluded from the calculation.
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Control variables. To eliminate alternative explanations our models include control variables
pertaining to the level of the firm and the individual patent which theory and previous empirical
evidence suggest could relate to the focal variable (Bernerth & Aguinis, 2016).

We capture a firm’s research experience in ET, IR and UR domains by the number of patents
it has submitted in the previous five years within each respective domain. This allows us to control
for the firm’s prior knowledge production in each area. Additionally, we tested our models using
different time windows of seven and ten years, applying and not applying a depreciation rate of 5
and 10 percent to account for time distance. Since these variations were inconsequential for our
results, we present our findings based on a five-year window without depreciation rate.

Average digital patent impact is measured by the average number of forward citations
received by digital patents filed in a specific year. This variable controls for the seniority of patents,
as older patents tend to receive more citations than newer ones, primarily due to having a longer time
period to accumulate citations (Cattani, 2005), as well as potential effects of patent office examiners
of systematically adding citations (see previous note).

Log claims is a patent-level variable that, due to the skewness of the original variable,
calculates the logarithm of the total number of technological claims for each patent. This measure
accounts for the patent’s technological contribution, which is a key factor in determining its future
success (Novelli, 2015).

Average back lag measures, at the patent level, the average age of cited patents. It accounts
for the extent to which the focal patent has been built on older knowledge. Extant literature provides
evidence for a decay in older patents’ value over time (Oriani & Sobrero, 2008). Thus, building on
older patents may negatively impact the number of forward citations a patent receives (Rosenkopf &
Nerkar, 2001).

Other references is a patent-level variable that counts the number of references cited by the

patent, helping us capture the extent to which a patent builds on prior scientific work—a crucial
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factor in the development of new knowledge (Brusoni, Criscuolo, & Geuna, 2005; Fleming &
Sorenson, 2004).

Number of inventors is a patent-level variable that measures the logarithm of the number of
inventors listed on the focal patent. The logarithmic transformation is used to cope with the skewness
of the original variable.

Finally, we include year, firm, and digital sub-field dummies in all models in order to control
for potential sources of unobserved heterogeneity that could be related to the specific year,
organization, and digital technological sub-fields that the focal patent belongs to (i.e., sensors,
processors, and storage), as each of these may differentially attract different inventors’ attention over

time (Serensen & Stuart, 2000).

Estimation strategy

The dependent variable, inventive impact, is a count variable. Due to over-dispersion in the
data, we employ a negative binomial specification in all models (Allison & Waterman, 2002). In
combination with the set of firm- and patent-specific controls, we adopt the fixed effects
specification to mitigate unobserved heterogeneity. Since the three knowledge-leveraging variables
are complementary ratios and are all of our interest, we avoided multicollinearity by specifying our
final models excluding the constant (and use variance inflation factors to verify that). To ensure
robustness, we validated our results through a series of robustness checks (detailed in the section
below). Moreover, since negative binomial are not linear models, for the proper interpretation of the
magnitude of the effects of leveraging variables on the inventive impact we transformed their
coefficients into Incident Rate Ratios (IRRs) (Aggarwal, 2020). This transformation allows for
intuitive interpretation: for a one-unit increase in an independent variable, the dependent variable
increases by a factor equal to the IRR. For example, an IRR of 1.55 indicates a 55% increase while

an IRR of 0.85 corresponds to a 15% decrease. Thus, IRRs greater than one reflect positive effects,
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whereas IRRs below one reflect negative effects. Finally, we estimate our results using robust
standard errors.
RESULTS

Main analysis

The pairwise correlation matrix, which includes descriptive statistics for all variables, is
presented in Table 1. We also calculated variance inflation factor (VIF) scores for all variables to
assess potential multicollinearity concerns. The highest detected VIF score is 6.67 (for the variable
Leveraging ET, which we further address in the robustness checks section), while the mean VIF
is 3.20, indicating that multicollinearity is not a concern in our models. Taken together, both the

correlation matrix and the VIF scores suggest that our data are suitable for hypothesis testing.

Insert Table 1 about here

Table 2 presents the results of the negative binomial analyses. All models include firm fixed
effects, year effects, and digital sub-field dummies. Model 1 serves as the baseline specification,
including all control variables. Model 2 introduces the effects of leveraging the emerging technology
(Leveraging ET), technology in the industry-related domain (Leveraging IR), and technology in the
industry-unrelated domain (Leveraging UR). Model 3 further refines the analysis by distinguishing
between internal and external leveraging within each of the three domains, incorporating six
variables representing those combinations. We conducted a series of t-tests on the coefficients of all
explanatory variables and rejected the null hypothesis of equality for each. We then compared the
magnitude of the IRRs across our variables of interest'*.

Hypothesis 1 posited that leveraging knowledge from industry-related domains would have a
greater positive impact on inventive output than leveraging knowledge from emerging technology or

industry-unrelated domains. The results support this prediction, as the effect of industry-related (irr =
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2.727, p = 0.000) is both positive and stronger compared to emerging technology (irr = 1.886, p =
0.000) and industry-unrelated technology (irr = 2.249, p = 0.000).

Furthermore, Model 3 reveals that leveraging external knowledge has a stronger impact on
inventive output than leveraging internal knowledge across all three knowledge domains investigated
in Hypothesis 1. Specifically, the effect of external versus internal knowledge is greater for emerging
technology (IRR =1.962, p = 0.000 vs. IRR = 1.491, p = 0.000), industry-related knowledge (IRR =
2.769, p =0.000 vs. IRR = 2.336, p = 0.000), and industry-unrelated knowledge (IRR =2.276, p =

0.000 vs. IRR =1.977, p = 0.000). These findings provide support for Hypothesis 2.

Insert Table 2 about here

Robustness checks

We conducted several additional analyses to assess the robustness of our results. First, the
variables Leveraging ET and Leveraging IU in Model 2 exhibit a correlation of -0.73 (as shown in
Table 1), indicating potential multicollinearity. To address this, we calculated the variance inflation
factor (VIF) of all regressors. The results show VIF values of 6.67 for Leveraging ET, 2.03 for
Leveraging IR and 3.38 Leveraging IU. While Leveraging ET exhibits a modest degree of
multicollinearity (slightly above the threshold of 5 but below the critical level of 10 (Belsley, Kuh, &
Welsch, 1980), Leveraging IR and IU remain within acceptable limits.

To assess whether the presence of Leveraging ET affects our results, we excluded it from
Model 2 and found that the results for the other main regressors remained consistent. Since in Model
3 the three domain variables are divided into internal and external patents we verified again that no
pairwise correlation appears problematic (see Table 1) . Furthermore, we observed that leveraging

the emerging technology, whether internal or external, has the smallest effect on inventive impact,
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mirroring the findings from Model 2. This aligns with our Hypothesis 1, providing additional
confirmation that multicollinearity should not compromise our analysis.

To assess whether our results were influenced by the exclusion of the constant, we
reintroduced it and replicated our analyses excluding Leveraging ET in Model 2 and Internal
Leveraging ET in Model 3 to avoid multicollinearity. We excluded these variables as they are
expected to have the smallest effect on inventive impact. Results remained consistent in both
direction and significance with those reported in Model 2 and Model 3.

Second, our dependent variable includes a modest yet non-negligible number of zeros, with
approximately 11 percent of the sampled patents receiving no forward citations. To examine whether
these zeroes influenced our results, we replicated our analyses using zero-inflated negative binomial
models with our controls as inflation variables, as well as negative binomial models with truncation
in zero. We also applied zero-inflated and truncated Poisson models. Across all specifications,
results were consistent in both direction and significance with those from our main analyses.

Lastly, we examined whether the large number of observations in our sample could introduce
a large-sample bias. To address this concern, we applied the bootstrap technique to our original
sample (Greene, 2008; Kogut & Zander, 1992; Wooldridge, 2010). This method involves randomly
drawing (with replacement) a series of significantly smaller subsamples from the full sample. For
each subsample, a regression is performed, and the significance of the resulting coefficients is
assessed based on their distribution across all the regressions. To determine an appropriate
subsample size, we followed to Ghosh ef al. (Ghosh, Martin, Pennings, & Wezel, 2013: 7), who, in a
similar empirical setting, used 2,000 subsamples with 6,500 observations each. Our results remained
robust, with the p-values of our main regressors consistently aligning with our original findings,

often remaining close to zero.
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DISCUSSION AND CONCLUSION

Knowledge recombination—broadly defined as a firm’s ability to generate new applications
from existing knowledge—has long been recognized as a key driver of new knowledge creation
(Henderson & Cockburn, 1994; Kogut & Zander, 1992; Nelson & Winter, 1982). In this regard,
research has drawn important distinctions between a firm’s ability to access knowledge across
organizational and technological boundaries (Rosenkopf and Nerkar, 2001). However, most studies
on knowledge recombination focus on relatively stable environments, rather than those undergoing
major technological discontinuities (e.g., (Fleming & Sorenson, 2001, 2004; Ghosh et al., 2014;
Gruber et al., 2012; Kogut & Zander, 1992; Kok et al., 2019; Miller et al., 2012; Phene et al., 2006;
Rosenkopf & Nerkar, 2001; Schillebeeckx et al., 2021). This gap, combined with the recognition that
radical technological changes can significantly alter the usefulness of different types of knowledge,
led us to our central research question: What type of knowledge recombination yields the highest
inventive impact in the face of radical technological change?

To address this question, we categorized all the mainline subclasses associated with the
patent identified in previous studies of the photography industry (Benner & Tushman, 2002;
Srinivasan et al., 2007) into three technological domains: emerging technology (Kapoor & Klueter,
2020; Yoruk et al., 2023), i.e., digital technology, knowledge from industry-related domains, and
knowledge from industry-unrelated domains ((Phene et al., 2006)). We then explored how firms can
leverage the recombination opportunities arising from these different knowledge sources—whether
from within or outside their organizational boundaries—to navigate the emergence of a paradigm-
shifting core technology.

Our article makes significant contributions to the theory and more recent research on
knowledge recombination (Kok et al., 2019; Schillebeeckx et al., 2021; Xiao et al., 2022). It might
seem intuitive that, when trying to catch up with a radical technological shift, developing knowledge

in technologies different from the emerging dominant one may not be as effective as adapting to the
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new technology itself (Cattani, 2005). Similarly, knowledge production could appear to benefit more
from familiarity with the knowledge inputs used for recombination, a familiarity often assured by
internal R&D, aligning with the concept of absorptive capacity (Cohen & Levinthal, 1990). While
externally acquired knowledge can still be valuable, as suggested by the literature on “open
innovation” (e.g., Laursen and Salter, 2004), it may be viewed as more difficult to handle and,
therefore, less helpful than internal knowledge when it comes to repositioning the firm on a new
technological trajectory.

Our findings are both novel and counterintuitive. We find that firms achieve the greatest
inventive impact when they leverage prior experience in industry-related knowledge domains, rather
than emerging or industry-unrelated technologies. Moreover, this impact is maximized when firms
engage in proactive recombination process that incorporate a significant amount of external
knowledge within each of these domains.

This suggests that incumbents “caught off guard” by the transition may gain less from
focusing their investment in catching up on the emerging technology. Rather, they should pay higher
attention to the related technologies they master already, and especially those they can source from
outside and re-elaborate, as useful means to generate their trajectory into the new paradigm (Dosi,
1982) the emerging technology is drawing (Kapoor & Klueter, 2020; Marku et al., 2024; Yoruk et
al., 2023).

Our second main contribution lies in the novel method we apply to classify patents, which we
believe represents a significant advancement in empirical research methodology, both within the
photography industry setting and in the broader literature that relies on patent data. Specifically, we
reclassify USPTO patents granted under technological classes identified as relevant to the
photography industry (Benner & Tushman, 2002; Srinivasan et al., 2007) into the main technological
domains that actually characterize the industry. In doing so, we introduce an innovative approach to

specifying patent mainline subclasses (and, by extension, their subordinate subclasses), which play a
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crucial role in properly categorizing patents in consistent technological domains. This method avoids
the bias of treating patents as belonging to separate industry domains simply due to their numerical
classification, ensuring a more accurate alignment of patents within the appropriate technological
areas.

Finally, our methodological approach permitted a nuanced analysis of how firms can leverage
knowledge from different technological domains. Rosenkopf and Nerkar (2001: 304) suggested that
an interesting step in the literature “might be to address distinctions between developments in core
components versus more peripheral components.” We contribute to the relatively sparse body of
research that has responded to this call (Khanna, Guler, & Nerkar, 2018; Yayavaram & Ahuja, 2008;
Yayavaram & Chen, 2015) by examining the potential benefits of exploiting different knowledge
sources in the context of radical technological change.

The contributions of this study also open up promising avenues for future research. First,
while our findings highlight important patterns, we are unable to directly observe and empirically
account for the underlying mechanisms driving these results. This reflects a broader gap in the
literature, as little research has explicitly theorized and empirically examined how prior
technological choices shape the implementation of recombination strategies, particularly in face of
technological discontinuities. Future studies could replicate our analyses while simultaneously
measuring and testing the specific theoretical mechanisms identified in our theory.

The significance of internal knowledge recombination stems from the broader insight that
firms are generally better equipped to manage technologies in which they have prior experience
(Cohen & Levinthal, 1990). However, existing research offers conflicting evidence on the benefits of
internal knowledge recombination. For instance, in the optical disk industry, Rosenkopf and Nerkar
(2001) found that local exploration—recombining knowledge already developed within the same
focal domain—had negative effects on subsequent technological evolution. In contrast, Cattani

(2005) observed a positive relationship between leveraging previously held internal knowledge and a
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firm’s inventive impact in the emerging fiber optics industry. A key factor that may explain these
inconsistencies is the state of technological development in each setting. At the time of the studies,
the optical disk industry was already well established, whereas fiber optics was still emerging. This
suggests that findings from relatively stable technological environments may not hold in contexts
characterized by radical technological discontinuities—such as the one examined in this article.

To develop a more general theory of knowledge recombination that incorporates
technological discontinuity as a key contingency, we suggest that scholars could benefit from
drawing on cognitive distance theory (e.g., Nooteboom et al., 2007; Wuyts, Colombo, Dutta, &
Nooteboom, 2005). Within this framework, innovation performance is shaped by the cognitive
distance between the technological novelty generated through recombination (Rosenkopf & Nerkar,
2001) and the firm’s absorptive capacity (Cohen & Levinthal, 1990). High distance implies high
novelty and low absorptive capacity; low distance implies the opposite. Cognitive distance theory
posits that innovation performance is maximized at an intermediate level of cognitive distance,
where firms can effectively integrate novel knowledge while still leveraging their existing
capabilities. While our findings seem to align with this theory, the theory itself is grounded in
cognitive mechanisms that our data cannot directly capture. Future research may seek ways to
empirically tap into such mechanisms, linking them to patent-level antecedents and innovation

outcomes.
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Table 2: Main Models

Model 1 - Model 2 - Model 3 -
only controls leveraging variables leveraging variables
per domain per domain
Variables & internal vs. external
Log Claims  1.012  (LiNW? Lol i 1011 . (WK}
(0.001) (0001} (0.001)
Average Back Lag  0.976 O ENN 0.975 (k. EXHd 0.973 LR
(0.00Z) (0.002) (0.00Z)
Other References  1.016 (U000 1L.016 @i 1.01a . (W}
(0.001) (0001} (0.001)
Number of inventors 1.164 LR L1a% @000 1.170 L
(0.01Z) (0.012) (0.012)
Average Digital Patent Impact  1.087 (L0008 1.07e @000 1.075 Ly
(0.010) (D.008) (0.008)
Research experience in IR 1.000 0.org Lo oo 1.000 LY
(0.000) {0.000) (0,000}
Research experience in IU 1000 0L000 L0 ik i 1.000 . (W}
(0.000) {0 DN} (0.000)
Leveraging ET 1L.ERG 0000
(0.150)
Leveraging IR 2927 i
(0.227)
Leveraging [L 2249 0000
(0.186)
Leveraging Internal ET 1.491 Ly
(0.128)
Leveraging Internal IR 2336 LLy
(0.252)
Leveraging Internal LT 1.977 Ly
(0.192)
Leveraging External ET 1.962 Ly
(0.156)
Leveraging External IR 2.769 Ly
(0.233)
Leveraging External [U 2.276 Ly
(0.189)
Digital Sub-Field Effect  Inc. Ine. Inc.
Firm Effect  Inc. Ine. Ine.
Year Effect  Inc. Ine. Ine.
N 45912 45912 45912
Log psendolikelinood -146153 .6 -1450944.1 -145895.3
Wald chi2 177680.25 1B0100. 40 180434.10

Notes. Standard errors in parentheses; p- values in italics
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FOOTNOTE

“While the struggles of incumbents are well documented, we know surprisingly little about what factors influence
differences in inventive performance for incumbents as they attempt to move between technological domains”
(Cohen & Tripsas, 2018, p. 2319).

i The information obtained from the USPTO include: Patent Number, Assignee Name, Assignee State, Issue Date,
Application Date, Current US Original Classification, Current US Cross References Classification, and Other
References and Claims.

ii As Ganco reports “While there is a significant debate about citations as a proxy for patent performance, the
emerging consensus suggests that citations represent a noisy but relevant and useful measure of patent
performance” (Ganco, 2017: 1789)

¥ To obtain a conservative measure of actual contributions to the evolution of the industry knowledge base we do
not count self-citations. Also, we do not operationalize our dependent variable with an aggregated, firm-level
patent count (e.g., Jiang et al. 2011). Some firms have an intrinsically stronger propensity for patenting, and
beyond that, not all patented inventions result in future technological development (Hall & Ham-Ziedonis, 2001;
Hall, Jaffe, & Trajtenberg, 2001). In R&D-intensive industries like the photography industry, the number of
forward citations that a patent receives is accepted as the more accurate measure of its inventive impact, and
possibly of its innovation and value creation potential (Griliches, 1981; Trajtenberg, 1990b, 1990c)

v Patent office examiners are known to add citations when they feel a patent is building on some existing
technology. However, this does not affect the validity of our forward citation measure, as in this case we are
interested in measuring the actual role of a patented piece of technology in the forward development of the
technological landscape (used as a proxy for firm'’s inventive impact). As all citations from whoever are an
expression of such role, we must consider -as we do- every forward citation, by the inventor of a new patent as
well as by the patent examiner. Indeed, focusing on forward citations by new inventors solely would bias our
results, as these would be subject to the limited inventors’ knowledge of the whole technological landscape.
Additions by examiners may indeed help correct for that. To make perfectly sure, however, we also add controls
accounting for this. As examiners are specialized in technological fields, they are expected to add citations with
less breadth than inventors (Alcacer, ], & Gittelman, M. (2006), i.e., their citations are more likely to be
systematically reflected in all the patents granted within the technological class in a particular moment
(Cockburn, Kortum, & Stern, 2004). Thus, our controls for the average forward citations received by patents filed
in the same year and focal class can address the biases deriving from added citations.

viWe also set sliding windows with three different ranges: five, seven, and ten years. This allowed us to conduct
several additional analyses with a homogeneous comparison over time, since the windows captured different
interpretations of the patent life cycle (Trajtenberg, 1990b, 1990c). As inclusion of the time windows did not
affect the results, we use the overall forward citations available until December 2014. These sensitivity tests can
be provided upon request

Vi The patent classes are: radiant energy (250); computer graphics processing, operator interface processing, and
selective visual display systems (345); television (348); photocopying (355); optics: measure and testing (356);
optics: systems (including communication and elements) (359); dynamic magnetic information storage or
retrieval (360); image analysis (382); television signal processing for dynamic recording or reproducing (386);
photography (396); stock material or miscellaneous articles (428); and radiation imagery chemistry: process,
composition, or product (430).

Vi We did not create a separate variable for backward citations to the chemical technological domain, as our focus
is on analyzing knowledge recombination beyond the old core technology. However, backward citations to
chemical patents—representing approximately 2% of total citations—are still included in the overall count of
backward citations for each patent.

ix As explained in the previous notes, since examiners tend to cite in the class they are expert of, they will likely
inflate the number of backward citations of our digital patents to other older digital patents (Alcacer, J., &
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Gittelman, M., 2006; Cockburn, Kortum, & Stern, 2004). This implies that digital patents will be overrepresented in
the set of backward citations of each one of our focal patent. However, this will be equally the case for all patents,
and in particular both for patents with high future forward citations and those with few of them, such bias should
be orthogonal to our regressions, making our results untouched.
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