
Singapore Management University Singapore Management University 

Institutional Knowledge at Singapore Management University Institutional Knowledge at Singapore Management University 

Research Collection Lee Kong Chian School Of 
Business Lee Kong Chian School of Business 

1-2024 

Innovation in dynamic knowledge landscapes: using topic Innovation in dynamic knowledge landscapes: using topic 

modelling to map inventive activity and its implications for modelling to map inventive activity and its implications for 

financial performance financial performance 

Simon J.D. SCHILLEBEECKX 
Singapore Management University, simon@smu.edu.sg 

Yimin LIN 
Singapore Management University, ymlin@smu.edu.sg 

Gerard GEORGE 
Georgetown University 

Follow this and additional works at: https://ink.library.smu.edu.sg/lkcsb_research 

 Part of the Strategic Management Policy Commons, and the Technology and Innovation Commons 

Citation Citation 
Simon J.D. SCHILLEBEECKX; LIN, Yimin; and GEORGE, Gerard. Innovation in dynamic knowledge 
landscapes: using topic modelling to map inventive activity and its implications for financial performance. 
(2024). Innovation: Management, Policy and Practice. 26, (1), 85-114. 
Available at:Available at: https://ink.library.smu.edu.sg/lkcsb_research/7009 

This Journal Article is brought to you for free and open access by the Lee Kong Chian School of Business at 
Institutional Knowledge at Singapore Management University. It has been accepted for inclusion in Research 
Collection Lee Kong Chian School Of Business by an authorized administrator of Institutional Knowledge at 
Singapore Management University. For more information, please email cherylds@smu.edu.sg. 

https://ink.library.smu.edu.sg/
https://ink.library.smu.edu.sg/lkcsb_research
https://ink.library.smu.edu.sg/lkcsb_research
https://ink.library.smu.edu.sg/lkcsb
https://ink.library.smu.edu.sg/lkcsb_research?utm_source=ink.library.smu.edu.sg%2Flkcsb_research%2F7009&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/642?utm_source=ink.library.smu.edu.sg%2Flkcsb_research%2F7009&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/644?utm_source=ink.library.smu.edu.sg%2Flkcsb_research%2F7009&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:cherylds@smu.edu.sg


ARTICLE

Innovation in dynamic knowledge landscapes: using topic 
modelling to map inventive activity and its implications for 
financial performance
Simon J. D. Schillebeeckx a, Yimin Lina and Gerard George b

aLee Kong Chian School of Business, Singapore Management University, Singapore; bMcDonough School of 
Business, Georgetown University, United States

ABSTRACT
We examine the relationship between innovation and performance 
in the agricultural industry by studying how a firm’s patent portfolio 
position in the knowledge landscape moderates the relationship 
between three firm search dimensions (scope, specialisation, and 
commitment) and the firm’s financial performance. To represent 
dynamism in the knowledge landscape, we apply topic modelling 
to 67,120 patent texts of 571 firms and introduce two complemen
tary perspectives on how knowledge can be dynamically cate
gorised. This allows us to create two representations of the 
knowledge structure to identify contested (scarce) clusters of high 
(low) recent inventive activity and emergent clusters where knowl
edge ambiguity has reduced. Our findings suggest that search 
scope and commitment prove more valuable near scarce clusters, 
whereas search specialisation is most valuable in contested clusters. 
In addition, we find that all three search dimensions are positively 
moderated by proximity to emergent clusters, but vary in their 
effectiveness. Our results explain an additional 1% in within-firm 
financial performance (EBITDA). We discuss implications for innova
tion and strategy research as well as for practice.

ARTICLE HISTORY 
Received 28 Febuary 2022  
Accepted 31 March 2022 

KEYWORDS 
Innovation; search; patents; 
agriculture; topic modelling; 
Latent Dirichlet Allocation

The importance of discovery and innovation cannot be overstated in the knowledge 
economy. Innovation is key to corporate longevity and financial performance (Hall & 
Harhoff, 2012) and knowledge creation influences both the scale and the scope of 
organisations (Nickerson & Zenger, 2004). Indeed, the knowledge-based view posits 
that firms exist because they are superior at knowledge creation than markets (Grant, 
1996; Kogut & Zander, 1992) and invest in a variety of strategies to create value from 
innovation that exploits the firm’s and industry’s knowledge base (Alexy et al., 2013; 
Cohen et al., 2000; Leppänen et al., 2021). An effective and commonly used mechanism to 
capture value and protect innovative activity is through patents, which confer legal rights 
to exclude others from delineated innovation areas (Hall & Harhoff, 2012). While the 
exact value of patents is difficult to determine, researchers have argued that the market 
value of patents correlates with forward citations as well as patent renewals (Bessen, 2009; 
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Griliches, 1998; Hall et al., 2005; Hegde & Sampat, 2009). Research has also established 
relationships between a firm’s patent portfolio, its technological diversity, and financial 
performance (Deng et al., 1999; Lin et al., 2006; Miller, 2006).

We draw from the literature on technological landscapes (Fleming, 2001; Fleming & 
Sorenson, 2001; Knudsen & Srikanth, 2014; March, 1991) to establish contingent rela
tionships between a firm’s search dimensions, the firm’s portfolio position in the knowl
edge landscape, and firm performance. Like Fleming and Sorenson (2001, p. 1019), ‘we 
see invention as a process of recombinant search over technology landscapes’. Because 
firms have imperfect information and diverging perspectives about the searchable envir
onment (Knudsen & Srikanth, 2014), the effectiveness of search is context-dependent 
(Purcell & McGrath, 2013). Therefore, we investigate how firm performance is influenced 
by the contingencies between three search dimensions (scope, specialisation, and commit
ment) and the firm’s innovation portfolio position relative to specifically identified 
clusters in the technology landscape (sparse, contested, or emergent clusters).

The emergence of data science techniques provides opportunities to reframe estab
lished theories with granular measures that better encapsulate a phenomenon (George, 
Osinga et al., 2016). We delve deeper into patent text data to garner insight at a semantic 
level on the association between innovations rather than commonly used static classifica
tion or backward citation data. We apply Latent Dirichlet Allocation (LDA) to the 1995– 
2011 universe of agricultural patent abstracts1 to identify the technological landscape (c.f. 
Hackett et al., 2021). This natural language processing technique relies on a generative 
statistical model that seeks to uncover unobserved groups in sets of observations and 
establishes similarity and difference in group membership between patent texts (Jung & 
Lee, 2016). We combine LDA, a form of topic modelling, with network analysis to create 
multi-dimensional positioning of vectorised texts. This permits the identification of 
various clusters within the innovation landscape, based on the semantic distance between 
inventions.

Our unit of analysis is the firm’s recent invention portfolio, which by default occupies 
space in the evolving knowledge landscape. While looking at the patent portfolio as the 
unit of analysis is not that common in knowledge recombination research, a recent 
review highlighted the need to study the portfolio of knowledge components in reference 
to the context, i.e., the landscape, in which those components are used (Schillebeeckx 
et al., 2021; Xiao et al., 2021). Moreover, the distance between a firm’s invention portfolio 
and that of its partners remains a topic of continued interest (Nan et al., 2018; Zhang 
et al., 2019). We therefore contend that a firm’s invention portfolio’s distance to industry 
knowledge is also worthy of closer attention. We do so by focusing on sparse, contested, 
and emergent clusters in the knowledge space.

A sparse cluster is an area within the wider knowledge landscape in which innovations 
are noticeably distinct from one another. Distance is associated with a low concentration 
of inventive activity and significant differences between the nearest neighbouring inven
tions. A contested cluster is an area in which innovations are similar, thereby making 
inventive processes contested activities in which many actors seek to uncover valuable 
peaks in proximity to one another. By re-evaluating and reconstructing the knowledge 
landscape every calendar quarter using topic modelling, our focus remains squarely on 
the relationship between the firm’s portfolio and to what topics the wider industry is 
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recently paying attention. This method changes static representations, which rely on 
a specific instance of a patent classification scheme, to progressively dynamic representa
tions of the landscape that captures industry activity and innovation focus.

A complementary perspective on the knowledge landscape focuses not on focal 
industry attention, but on areas in which the knowledge structure has shifted. 
Specifically, we identify areas that are characterised by increasing clarity regarding the 
semantic connections between different patents. In such areas, ideas that previously 
seemed distinct, or even disjointed, become more coherent and cohesive following new 
discoveries. In other words, new knowledge has exposed previously unknown connec
tions, making the relationships between prior innovations more transparent, i.e., retro
spectively dynamic, and the topography of the technological landscape more predictable. 
We refer to areas characterised by significant shifts as emergent clusters.

Against this backdrop, we focus on three search dimensions: scope, specialisation, 
and commitment. Search scope (i.e., knowledge breadth) allows firms to draw connec
tions between disjointed technological domains and helps counter myopia and knowl
edge insularity (Knudsen & Srikanth, 2014; Paruchuri & Awate, 2017). Search 
specialisation (i.e., focused knowledge or technological depth) allows firms to benefit 
from knowledge spillovers in technological landscapes (Audretsch & Feldman, 1996; 
Iammarino & McCann, 2006). Specialised firms are less at risk of leaking valuable 
knowledge and more easily absorb spillovers from other firms (Alnuaimi & George, 
2016). Firms could also adopt scale-driven strategies by investing significantly in 
innovation, possibly without a specific scope or specialisation. Finally, search commit
ment reflects the firm’s financial investment in developing its absorptive capacity 
(Cohen & Levinthal, 1990). Firms require significant tacit knowledge and committed 
resources to turn acquired knowledge into unique value through transformation (Zahra 
& George, 2002; Zou et al., 2018). Similar to Nag and Gioia’s (2012) micro-processes 
where managers turn knowledge commonly held by rivals into uncommon knowledge 
by using idiosyncratic knowledge practices and unique scanning orientations, we 
envisage a meso-process that enables firms with high search commitment to create 
value in dynamic landscapes.

Our empirical context is the agricultural technological landscape, which is of vital 
importance to economic growth, well-being, climate change, and other grand challenges, 
but has received scarce attention in management (George, Howard-Grenville et al., 
2016). As agricultural incumbents like Bayer and Monsanto make headlines by stating 
their planned merger will increase innovation (Gullickson, 2017), directing this innova
tion towards regenerative, sustainable resource management is essential in the fight 
against climate change and to halt the ongoing biodiversity collapse (George et al., 
2021; George & Schillebeeckx, 2022; Pigford et al., 2018).

We contribute to the literature in three ways. First, we establish a positive, contingent 
relationship between search dimensions, portfolio position, and financial performance. 
By looking at the inventive portfolio position in dynamic technological landscapes, we 
enrich debates on ambidexterity (synchronous exploration and exploitation) versus 
punctuated equilibrium (sequential cycles of exploration and exploitation). Our findings 
give credence to the contingency perspective as the position within a technological 
landscape proves to be an important contingency for research to have beneficial effects 
(Clauss et al., 2021; Gupta et al., 2006).
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Second, we extend insights into the role of knowledge landscapes by recognising that 
dynamic landscapes are redrawn iteratively by incorporating new knowledge. 
Specifically, our conceptualisation of ‘emergent clusters’ creates new insights into the 
broader role of environmental dynamism and firm performance. While patenting agen
cies regularly update their classification schemes to capture technological evolution 
[USPTO interviews, 2016], most studies have considered classification as a static artefact 
that allows researchers to proxy technological component recombination. We introduce 
real dynamism by recognising that new innovations can change the meaning and 
relevance of, as well as relationships or couplings between, prior inventions and can 
alter the semantic components between and within innovations, thereby transforming 
the technological landscape (Fleming & Sorenson, 2001). Finally, the use of topic 
modelling to capture dynamic properties of the technological landscape opens up 
promising areas for future research in which the same methodology can be used to 
investigate related as well as very different questions (Jung & Lee, 2016). Next, we develop 
hypotheses for the firm’s search strategies in different technological landscapes.

Innovation in dynamic knowledge landscapes

Prior research has established a contingent relationship between search, knowledge, the 
innovation landscape, and innovation success (Fleming & Sorenson, 2004; Kneeland 
et al., 2020). We build on this work to study how key dimensions of a firm’s search (scope, 
commitment, and specialisation) affect the firm’s financial performance and how this 
relationship is affected by the firm’s patent portfolio position in the knowledge landscape. 
Because knowledge landscapes are essentially dynamic, we introduce two complementary 
representations of the knowledge landscape to expose two types of dynamism: changes in 
industry attention and changes in industry understanding. We capture these respectively 
as topical clusters in which we see a strong (or weak) inventive density, which is 
suggestive of high (low) recent industry activity and as topical clusters in which recent 
industry innovations have been positioning in the vicinity of previously distant innova
tions, thereby filling gaps in the knowledge structure, and reducing ambiguity of the 
topography of the knowledge landscape.

Capturing environmental dynamism, or the rate and unpredictability of change in 
the external environment (Dess & Beard, 1984) is a challenge for innovation research
ers. While scholars have connected dynamism measures both directly to firm perfor
mance (e.g., Garg et al., 2003) as well as indirectly as moderators of firm-level 
constructs that influence performance (Burns & Stalker, 1961; McArthur & Nystrom, 
1991; Priem et al., 1995), the empirical operationalisation of dynamism has always 
remained challenging.

Our approach seeks to address a limitation in most empirical patent research that 
relies on a specific instance of the USPTO classification system. Because the USPTO 
regularly and retrospectively updates how it classifies patents, research that relies on 
USPTO classifications uses information about the knowledge structure that was not 
necessarily available at the time an invention was submitted. By using advanced textual 
analysis, we can create two complementary perspectives on how the knowledge structure 
evolves in dynamic knowledge landscapes without relying on this ex post-structural 
knowledge. Topic modelling is gaining in popularity in management research 
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(Hannigan et al., 2019) with researchers using the approach to better understand 
amongst others firm diversification (Choi et al., 2021) and breakthrough innovation 
(Kaplan & Vakili, 2015).

First, every quarter, we progressively update the knowledge landscape by investigating 
the topics in patent documents that were approved in the most recent 36 months. Within 
these quarterly snapshots of the knowledge landscape, clusters of high and low density 
can be identified, which are indicative of strong or low inventive attention to a latent 
topic. A firm’s innovation portfolio is positioned relative to clusters of different density in 
these quarterly changing landscapes, which enables the firm to exploit distinct search 
capabilities.

Second, we retrospectively update the knowledge landscape, by looking at how the 
density has shifted through the introduction of new inventions. This allows us to expose 
how new information has changed the connections between prior inventions and thus 
altered the knowledge structure. While codified technological knowledge embedded in 
patents can be understood as a public good (Arrow & Universities-National Bureau, 
1962), much of the knowledge required for innovative activity remains tacit so that 
important knowledge components remain private even after disclosure (Cowan et al., 
2000). Yet over time, new patented innovations are being disclosed that may expose 
previously tacit knowledge in patents and their interlinkages.2 Thus, the perspective of 
retrospective dynamism recognises that the knowledge structure, can shift when new 
knowledge is added to the environment. This structural shift is difficult to discern when 
relying on a singular instance of the USPTO classification scheme. This perspective thus 
recognises that every innovation not only becomes embedded in that landscape but can 
in fundamental ways change the topography of the knowledge landscape itself.

Dynamic landscapes with sparse and contested clusters

Search scope
We posit that search scope will benefit firm performance, especially in sparse clusters. 
Having a broad knowledge base can have positive outcomes for organisations (Felin & 
Zenger, 2014), because it increases the number of new ideas that firms introduce, and 
helps reduce organisational myopia as the firm can approach problems from distinct 
angles (Knudsen & Srikanth, 2014; Laursen & Salter, 2006; Von Hippel, 1988). In 
addition, having the knowledge and capabilities to search broadly facilitates the establish
ment of connections between domains and increases the variety of available knowledge 
to solve problems (March, 1991), which positively relates to innovation impact (Fleming 
& Sorenson, 2001; Kotha et al., 2011). It is therefore no surprise that the breadth of 
a team’s knowledge increases the team’s ability to engage in distant recombination and 
increases the likelihood of breakthrough inventions (Kneeland et al., 2020).

The positive effects of search scope are heightened in sparse clusters, i.e., those 
characterised by disjointed and seemingly scarce innovation activity across rugged land
scapes where the connections between the individual innovations are weak or poorly 
understood (Yayavaram & Chen, 2015). First, firms with a broad knowledge base are 
better at knowledge brokerage (Carnabuci & Bruggeman, 2009; Paruchuri & Awate, 
2017). While technological and organisational integration costs limit unchecked explora
tion (Katila & Ahuja, 2002), search scope will provide the firm with an important 
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diversity-based advantage in sparse clusters. This knowledge diversity is less useful in 
contested clusters in which the valuable knowledge elements are well-known. Second, 
broad search reduces risks due to unforeseen events because a broader knowledge base is 
less likely to lose its value entirely due to a gale of competence-destroying creative 
destruction (Schumpeter, 1942). A more diverse knowledge base has potential for 
redeployment, providing the firm with real options to approach innovation challenges 
in distinct ways. Relatedly, diverging knowledge sources can serve as starting positions 
from which to initiate an innovation process. Thus, scope does not only allow brokerage 
between distant knowledge elements but it also enables the firm to start innovation 
processes from distinct vantage points. This latter capacity is especially relevant in sparse 
clusters in which no predictable path to a valuable peak exists. Therefore, we hypothesise 
that: 

Hypothesis 1: Search scope’s positive effect on firm performance is strengthened when 
a firm’s innovation portfolio’s position is proximal to sparse clusters.

Search commitment
For firms that operate in the knowledge economy, i.e., in industries in which R&D 
correlates with performance, commitment of significant resources to search is likely to 
reap rewards. Capon, Farley, and Hoenig’s meta-analysis (1990) found about twice as 
many studies established a positive relationship between R&D investment and financial 
performance than a negative relationship. High search commitment raises the bar for 
satisficing search (Simon, 1978), which likely leads to better outcomes. Specifically for 
complex projects with uncertain outcomes, Pich et al. (2002) argued that it pays to search 
along multiple alternative problem-solution paths independently and select afterwards. 
Relatedly, Knudsen and Srikanth (2014) suggest that early coordination in the search 
space tends to heighten organisational myopia, which has negative performance implica
tions. These arguments suggest that search commitment should contribute to improved 
performance because without significant commitment pursuing multiple pathways at 
once is impossible. Yet search commitment requires investment in time, human capital, 
and equipment and thus comes with opportunity costs. Therefore, even firms with high 
search commitment are likely to experience different performance effects depending on 
their portfolio’s position in the evolving knowledge landscape.

We proffer that search commitment enhances performance especially near sparse 
clusters. Sparse clusters lack a transparent knowledge structure so that the landscape 
remains rugged and surprising, and significant search commitment can be beneficial as 
the firm’s continued investment will be in areas it considers promising given its own 
expertise (Courtney et al., 1997). Because sparse clusters are characterised by unexploited 
and unexplored innovation potential, committing financial resources in the vicinity of 
sparse clusters is likely to pay off and is unlikely to risk competitive crowding. High 
search commitment combined with a portfolio in the vicinity of sparse clusters can 
benefit the firm financially because there are few competitors active in this zone of the 
innovation landscape (Hannan & Freeman, 1977; Swaminathan, 2001). High commit
ment near contested clusters is likely to be associated with ineffective slack search. When 
too many resources are poured into a well-established area, the crowding effect is likely to 
significantly reduce the potential upside. We therefore hypothesise; 
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Hypothesis 2: Search commitment’s effect on firm performance is stronger when a firm’s 
innovation portfolio’s position is proximal to sparse clusters.

Search specialisation
The knowledge-based view, with its roots in information processing theory and Simon’s 
(1978) principle of bounded rationality, suggests that efficiency in knowledge produc
tion – including its creation, acquisition and storage – calls for specialisation rather than 
scope (Grant, 1996). Specialisation can be understood as the outcome of a consistent local 
search strategy through which the firm develops domain-specific absorptive capacity and 
shapes both its organisational capabilities as well as their limits (Cohen & Levinthal, 
1990; Cyert & March, 1963; Simon, 1982; Zou et al., 2018). The limits of local search have 
been extensively debated. They relate to myopic behaviour, reinforcement of cognitive 
biases, figurative blindness for distant domains and, more generally, inertia which can 
lead to organisational death (Laursen, 2012; Levinthal & March, 1981; March, 1991; Zajac 
& Bazerman, 1991). Therefore, there is ‘near consensus on the need for balance’ between 
local and more distant search, or between exploitation and exploration (Gupta et al., 
2006, p. 697). However, this proclaimed ‘need for balance’ is agnostic about the char
acteristics of the knowledge structure. We proffer that search specialisation, rather than 
balance or exploration, will be beneficial to performance when the firm’s innovation 
portfolio’s position is near contested clusters because of opportunity crowding, knowl
edge spillovers, and appropriation.

Overall, specialist organisations tend to be niche players that compete at what for 
many other players is the periphery but what for them is a core market. Ecological theory 
postulates that specialists are more likely to appear when the environment consists of 
a narrow range of resources, while munificence within that range enhances their chances 
of survival (Hannan & Freeman, 1977; Swaminathan, 2001). Contested clusters rely on 
such a narrow subset of knowledge components and specialists devote most (if not all) of 
their attention to in-depth exploitation of a single domain (Swaminathan, 2001). Unlike 
knowledge brokers that recombine heterogeneous input ideas creatively, specialists focus 
on recombining homogenous knowledge components (Carnabuci & Bruggeman, 2009). 
Because there are limited opportunities to create valuable breakthroughs with such 
homogeneous components, only those firms that are able to move with focus and 
expertise are likely to find and exploit valuable opportunities, while less-specialised actors 
will be crowded out or will only be able to engage in marginal work that lacks significant 
value-creating potential (George et al., 2008). Having access to in-depth knowledge due 
to specialisation in contested clusters is a prerequisite for successful innovation because 
such local knowledge is instrumental to making cognitive breakthroughs associated with 
high firm value (Kaplan & Vakili, 2015). Specialisation is thus favoured.

Knowledge diffusion in contested clusters is not asset-independent because spillovers 
tend to result from heterogeneous and asymmetric firm knowledge bases that differenti
ate firms’ absorptive capacity (Giuliani, 2007). Specialist firms with a strong knowledge 
base in the focal domain will be perceived as technological leaders and be targeted for 
advice, whereas others with weaker knowledge bases will lack the absorptive capacity to 
master the domain (Cohen & Levinthal, 1990; Giuliani, 2007). In a non-insular innova
tion domain to which multiple industries contribute (like agriculture), the presence of 
competing and divergent knowledge bases is therefore associated with knowledge 
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spillover directionality favouring specialised firms that benefit proportionally more from 
patent-related disclosures (James et al., 2013). For firms that lack search specialisation, 
spillovers are likely to be accidental knowledge leaks or requisite disclosures when asking 
others for help, and could reduce the firm’s ability to appropriate the financial rewards of 
its R&D investments (Alnuaimi & George, 2016). This leads us to conclude that search 
specialisation results in higher firm performance when the firm’s innovation portfolio’s 
position is proximal to contested clusters. Close to sparse clusters, search specialists will 
be lost in a rugged landscape in which the connections and couplings are not yet well 
established, in which they lack brokerage skills, and in which their local search strategy 
does not fare well (Fleming & Sorenson, 2001, 2004; Yayavaram & Chen, 2015). This 
leads to the third hypothesis: 

Hypothesis 3: Search specialisation’s effect on firm performance is strengthened when 
a firm’s innovation portfolio’s position is proximal to contested clusters.

Retrospectively dynamic landscapes and emergent clusters

We operationalise retrospectively dynamic landscapes as landscapes in which the inter
pretation of public knowledge and/or knowledge connections changes when new knowl
edge, in the form of newly issued patents, is disclosed. Within those landscapes, we focus 
on clusters that are characterised by changes in the knowledge structure that lead towards 
higher clarity of interconnections between elements in the innovation space, i.e., emer
gent innovation clusters in which new knowledge is increasing industry understanding 
and reducing knowledge ambiguity. Thus, retrospectively dynamic landscapes suggest 
a knowledge structure shift where the knowledge landscape dynamically evolves as new 
inventions take place.

Search scope provides the firm with a broad arsenal of knowledge components with 
which it can approach its innovation agenda. Near emergent clusters, characterised by an 
increasing density and industry awareness of how successful recombination happens 
(e.g., an emergent dominant design), search scope will only be useful if the firm’s 
positioning near emergent clusters is a deliberate strategic choice. This is possible, but 
hard to ensure. Given the firm’s broad array of search and knowledge capacities, its focal 
innovation portfolio will straddle multiple knowledge domains and hence proximity to 
emergent clusters is not necessarily the outcome of a deliberate focus of attention to 
a new and nascent technological niche. Moreover, even if the positioning is deliberate, 
the emerging stability of knowledge recombination favours local search strategies that 
fine-tune the requisite combinations: high search scope generalists may lack the cap
ability to switch from their explorative mindset to a more exploitative mindset, which is 
required to develop novel and valuable ideas (Yayavaram & Chen, 2014).

Search specialists have a focused portfolio of innovations and have developed the 
absorptive capacity to learn the intricacies of interrelated knowledge in more predictable 
landscapes. When specialists position their innovation portfolio near an emergent 
cluster, the alignment between this portfolio and their historical capabilities and skills 
is likely to be high. Due to their narrow search focus, they are after all less likely to 
position their portfolio by happenstance close to an emergent cluster. In addition, search 
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specialists lean towards exploitation of familiar landscapes and the recombination of 
a small number of homogeneous components (Carnabuci & Bruggeman, 2009), which 
will benefit them in emerging clusters in which density and homogeneity are increasing. 
Thus, in comparison to firms with broad search scope, the probability of deliberate 
positioning near emergent clusters is higher for search specialists and they are also more 
likely to have the skills to engage in value-creating innovation in those clusters.

Finally, when interdependencies among search elements are well understood, experi
ential search is likely to lead problem solvers to the highest peaks (Caner et al., 2017; 
Levinthal, 1997). In emergent clusters, interdependencies are becoming clearer but still 
require further investment before they turn into contested clusters (in which specialists 
excel). It is therefore not surprising that incumbents are able to enter new and emerging 
niches at the right moment in order to pursue valuable opportunities (King & Tucci, 
2002). Felin and Zenger (2014) postulate that when hidden knowledge is low and 
problem complexity is high, as is the case when innovating in emergent clusters, the 
optimal search solution is centralised and theory-guided. Firms are more likely to engage 
in theory-guided research when they are able to commit significant resources to search 
and employ scientists with advanced degrees who are more likely to rely on theory and 
also are more expensive to employ. High search commitment allows for the necessary 
experimentation which could help firms whose portfolios are positioned near emergent 
clusters. Given that all three forms of search strategies may benefit, but with varying 
degrees of effectiveness, we develop a comparative hypothesis: 

Hypothesis 4: Firms with strong search commitment benefit more from proximity to 
emergent clusters in terms of firm performance than firms with high search specialisation 
and high search scope.

Dynamic portfolio position in semantic landscapes

To determine the strategic network position of a firm’s innovation portfolio, prior 
literature has often relied on prior art citations that reflect explicit ties between patents 
that enable the construction of citation networks that structure the knowledge space 
(Yayavaram & Ahuja, 2008). While this approach is useful, it suffers from important 
shortcomings: First, a relation between two patents is established only when there is 
a citation and sometimes examiners and/or inventors can opt to simply use a single 
citation where alternatives were possible, so that citation networks can be incomplete. 
Second, even if all valid citations were added, one is still not able to derive the degree of 
the relationship between the patents. A third issue is that there could be bias in prior art 
citations. Inventors can have a tendency to cite their own patents even if the claims in the 
current patent do not warrant such citations, and examiners tend to have some favourite 
patents in their directly accessible memory (often those patents with a very broad and 
well written body) that they regularly cite because of its broad descriptions [interviews 
with USPTO examiners, 2016].

Technological classifications provide an alternative tool to categorise the formation of 
knowledge networks because these classifications are used by examiners to facilitate their 
own search activity when reviewing new patent applications. In terms of process, a patent 
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expert with broad knowledge about the relevant field of the invention assigns 
a specialised examiner to a patent based on an initial crude classification into 
a primary class and subclass after which the examiner receives the patent in her stack 
for review. The examiner accepts to further examine the application for novelty and 
usefulness or rejects it, in which case it gets sent back up the chain and sent down to 
someone with more relevant expertise. Over the course of the review, multiple classifica
tions are added when the examiner considers the patent to be a potentially valuable 
source for related areas as well [interviews with USPTO examiners, 2016]. While the 
likelihood of not including specific classifications is lowered by the private incentive 
examiners have to be exhaustive (to facilitate future search), the inability to discern 
degree of relationship between two classifications persists here as well. Moreover, while 
classification schemes evolve regularly,3 researchers tend to use a specific instance of the 
classification scheme, thereby ignoring the dynamic aspects of an ever-evolving classifi
cation structure. We address these measurement limitations by using novel and advanced 
textual analysis tools described next.

Topic modelling via Latent Dirichlet Allocation (LDA)

Textual analysis of patent documents can be used to gain new insights into innovation 
practices. Kaplan and Vakili (2015) studied fullerene patents using topic modelling – an 
analysis technique that ‘uses the co-location of words in a collection of documents to 
infer the underlying (or latent) topics in those texts and weight of each topic in each 
individual document’ (p. 6 ev) – to identify those patents that deliver a cognitive break
through by being the first document to be linked heavily to a newly emerging topic. We 
use LDA-based topical modelling to ‘uncover automatically themes that are latent in 
a collection of documents and to identify which composition of themes best accounts for 
each document’ (Kaplan & Vakili, 2015, p. 12 ev). LDA thus assigns a numerical vector, 
based on a predetermined number of topics, to each individual text (patent title + 
abstract), using the information of all texts in the selected environment, which consists 
of all the agricultural patents in a specific period. We then calculate the Hellinger distance 
between each pair of vectorised texts to capture the interlinkage among patents (Blei 
et al., 2003). We follow Nikita’s (2016) tuning approach to determine the optimal number 
of topics ‘m’ depending on sample size. Unsurprisingly, this method leads us to use more 
topics to adequately capture the topical variety if the focal environment consists of 
innovations during a 3-year [t-3, t-1]4 period (m = 195) than a 1 year period (m = 100).

Given a specific period, quantisation of all patent text data creates a topic probability 
distribution vector for each patent. These vectors serve as building blocks for the 
formation of semantic spaces. We are interested in three types of reference locations: 
sparse, contested, and emergent locations that serve as epicentres for their respective 
clusters (see Figure 1). To identify the progressively dynamic locations, we calculate for 
each patent in period [t-3], the average distance to its 100 Nearest Neighbours in period 
[t-3, t-1] (kNN with k = 100), which gives us a density measure. For each period, we 
isolate the top 5% in terms of high density (low distance) and call these contested 
locations, and low density (high distance) and call these sparse locations. To identify 
the retrospectively dynamic or emergent locations, we compare the average distance 
between each patent and its 100 Nearest Neighbours in period t-3 with the average 
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distance between the patent and the same 100 Nearest Neighbours in period [t-3, t-1]. 
We identify the top 5% of patents whose 100 Nearest Neighbours are closer (density 
increase) in the longer period than in the 1-year period as emergent locations.

The Hellinger distance captures the distance between probability distribution vectors 
(Blei & Lafferty, 2009; Nikulin, 2001). For two vectors xp ¼ xp1; . . . ; xpi; . . . ; xpm

� �
andxq ¼

xq1; . . . ; xqi; . . . ; xqm
� �

with m distinct topics in X, the Hellinger distance is constrained 
between 0 and 1 and defined as per the formula below. The focal density (or sparseness) 
measure takes the average of this distance over the k = 100 nearest neighbours (kNN): 

dH xp; xq;X
� �

¼ 1ffiffi
2
p

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pm

i¼1

ffiffiffiffiffiffixpi
p

�
ffiffiffiffiffiffixqi
p

� �2
s

[Hellinger Distance between two patents]

ρ p; Sð Þ ¼

P
q 2 Sk

dH p;q;Sð Þ

k [Density ρ in semantic space S of size k = 100 NN]

Our study period ranges from 1995–01-01 to 2011–12-31 (17 years, 68 quarters). Each 
patent is allocated, based on its application date, to the quarter Qi_t with I = 1, 2, 3, or 4 
and t = `95 . . . `11 in which the patent was filed [Q1_95, Q4_11]. We define a rolling 
window of length 12 quarters – a period [t-3, t-1] – before the focal quarter. Given 
a patent p, we first identify its quarter Qi_t and the start date of that quarter after which 
we trace back all patents for 12 preceding quarters (3 years) applied for before Qi_t’s start 
date. For our progressively dynamic clusters, we thus compare the firm’s quarterly patent 
portfolio with the sparse and contested reference locations from period t-3, based on the 
information available in the semantic space during period [t-3, t-1]. For example, for 
a patent applied for in Q2_00, we look for the reference sparse and dense locations of 
patents applied for between [Q2_97, Q1_98], while the topic probability distribution 

Figure 1. Contested and sparse clusters and emergent cluster reference points in two-dimensional 
space.
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vectors use all information from period [Q2_97, Q1_00]. We assess for each patent from 
Q2_00 the proximity to all reference locations and take the average of the ‘q’5 smallest 
values (i.e., the ‘q’ most similar reference points to each firm patent). We then aggregate 
these patent average distances per quarter and per fiscal year to create our moderating 
variables.

Data and methods

To test our theory, we rely on three data sources. First, we combine quantitative variables 
from the USPTO patent dataverse (Hall et al., 2001; Kogan et al., 2012), made available 
via the PatentsView data portal, with financial reporting information available from 
WRDS’ Compustat. Management, finance, and economics scholars have used similar 
sources to study innovation and its relation to desirable outcomes such as impact 
(Fleming, 2001; Fleming & Sorenson, 2004; Nerkar, 2003; Trajtenberg, 1990), new 
product introductions (Katila, 2002), licencing likelihood (Mowery et al., 2001) as well 
as financial performance (Cockburn & Griliches, 1987; Lin et al., 2006). Deng et al. (1999) 
argued that patent quantity and impact are associated with future performance of 
R&D-intensive companies. Similarly, Bloom and Van Reenen (2002) established 
a positive relation between patents and market value. Also, Hall et al. (2005) found 
that patent output relative to R&D or average number of citations per patent relates 
positively to firm performance.

We extract all 67,120 utility patents from IPC class A01 (agriculture, forestry, animal 
husbandry, hunting, trapping, fishing), applied for between 1995 and 2011 inclusive, and 
develop aggregate measures at the firm-year level. Agriculture has scarcely been used as 
a context within which to study innovation, despite its importance for sustainability 
(Pigford et al., 2018). We add financial information from both the North American and 
the Global Compustat database and convert all data to USD by using the foreign 
exchange rate at the final day of each firm’s fiscal year. In order to merge the financial 
data with the patent data, we rely on the reported company name (Compustat) and the 
assignee organisation (PatentsView). Following the n-gram similarity method described 
in Kondrak (2005), we compare the two lists and use the following heuristic: every match 
with n-gram similarity above 0.70 is manually checked for confirmation while the others 
are considered as different companies. This approach thus excludes subsidiaries with very 
different names than the parent company. Following this method, we end up with 560 
firms for which we have 1,797 firm-year observations. For these firms, we also extract all 
the non-agriculture patents from the 1995–2011 period to be able to determine search 
scope and search specialisation.

Firm performance

As dependent variable (DV), we use the natural logarithm of the firm’s annual EBITDA 
(Earnings Before Interest, Taxes, Depreciation and Amortisation), derived from 
Compustat in time t +1.

Search Scope is an explanatory variable that captures the breadth of a firm’s knowledge 
base, which is the result of the firm’s historical research activities. It is measured as 1 – 
HHI with HHI = the Herfindahl index of all the firm’s patents’ 3-digit classifications 
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applied for in period [t-3, t-1]. Search Commitment is reflected in the built-up knowledge 
base of the firm over time. We proxy the firm’s commitment to engage in innovative 
search by calculating the natural logarithm of the sum of its R&D expenses (i.e., 
commitment of financial resources) in year t-1, 80% of R&D expenses in year t-2, and 
65% of R&D expenses in year t-3 (see, Hall (2007); Sandner and Block (2011) for a similar 
approach). We add these weights to account for knowledge devaluation and leakage, 
imperfect knowledge retention, and the tightening of the opportunity space for older 
knowledge (Dosi, 1982; Huber, 1991; Nerkar, 2003; Walsh & Ungson, 1991). We divide 
this value by its sample maximum to ensure the search commitment variable moves 
between 0 and 1 which facilitates comparison across the predictors. Search Specialisation 
captures the extent to which the firm’s innovative effort is focused on the agricultural 
industry. It is operationalised as the number of firm patents in period [t-3, t-1] that 
belong to the agricultural class A01, divided by the total number of patents of the firm in 
the same period.

Proximity to progressively dynamic clusters

This aggregated measure captures for the firm’s entire patent portfolio in a given fiscal year, 
the average distance between each firm patent and its q = 3 nearest contested (sparse) 
reference locations. Those q = 3 locations are a subset of the top (bottom) 5% of patents 
applied for during t-3, created with topical distribution vectors using information from [t-3, 
t-1]. This results in two measures, i.e., distance to contested clusters (reference location = top 
5% highest density clusters) and distance to sparse clusters (reference location = top 5% 
lowest density clusters). Note that the q = 3 selected reference locations can differ for each 
patent and that the resulting measure is a network average of the distance between a focal 
patent P’s quantised vector and the 3 most relevant (in terms of Hellinger distance) 
identified reference locations. Eventually, we include 1 – the resulting value in our regres
sion as the proximity to either sparse or contested clusters (see Table 1).

Proximity to retrospectively dynamic, emergent clusters

First, we determine for every patent the density with its 100 Nearest Neighbours in 
the year t-3. Then, we calculate the density shift as the density of the same 100 Nearest 
Neighbours in a longer period [t-3, t-1],6 minus the density value determined before 
(for year t-3). While this value can positive, we only focus on negative density shifts that 
are characterised by patents becoming more similar or interlinkages between patents 
becoming clearer following the addition of new information. Next, we isolate the top 5% 
of patents that are characterised by the most negative density shifts and call those the 
emergent locations. Then, we calculate for each patent in the focal quarter Qi_t, the 
distance to each of all the emergent locations. We then take the q = 3 lowest values 
(lowest distance to emergent locations) per patent and average those over the quarterly 
portfolio. We do this for each quarter in each calendar year (note that for each quarter the 
starting point of period t-3 shifts with 3 months). Finally, we average the values for four 
quarters based on the firm’s fiscal year. We again use 1 – the resulting value to capture the 
proximity to emergent clusters.
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We add controls that have been shown to absorb variance in firm performance such as 
firm size (log number of employees), log of firm sales, and the value of a firm’s total 
assets. In addition, we control for the log of the maximum number of patents the firm has 
in any IPC class outside of the agricultural field (global depth) and add a control for the 
firm’s agricultural knowledge diversity by calculating a Herfindahl index of the number 
of patents the firm has within each of the IPC WIPO A01 subclasses. We add unreported 
dummy controls for the fiscal year, the two-digit SIC codes between 21 and 39 (i.e., group 
D Manufacturing), and for five regions (North-America (USA and Canada), European 
Continent, Asia (Taiwan, South Korea, Japan, and India), Anglo-Saxon (i.e., Great- 
Britain, Ireland, and Australia), and rest of the world (Bahamas, Brazil, and Israel).

Analysis and results

Table 2 reports descriptive statistics and correlations. Given the high correlation between 
the log for sales and employees, it is no surprise that the variance inflation factors, after 
running simple OLS, of those two measures exceed 10. Including only one of them had 
no impact on our results so we decided to leave them both in as they merely serve as 
controls. Note that the VIFs for the interaction terms are larger than 10, as is expected, 
but that this does not affect the obtained p-values (Allison, 2012). In addition, it is 

Table 1. Stepwise explanation of Strategic Positioning in Semantic Technological Landscapes
Objective Steps

Identify reference locations for Pit to determine 
static (sparse and contested) clusters

(1) For quarter Q in period ts, identify all patents in period t-3
(2) Code all patent vectors from period t-3 with information from 

period [t-3, t-1] as semantic vectors of length M = 100
(3) Determine for each patent from period t-3 the average Hellinger 

distance from its 100 nearest neighbours from period [t-3, t-1]
(4) Select the top 5% of patents from period t-3 with highest (low

est) average density and call these contested (sparse) locations
Identify reference patents for Pit to determine 

dynamic emergent clusters
(1) For quarter Q in period ts, identify all patents in period t-3
(2) Code all patents in period t-3 as semantic vectors of length M = 

100
(3) Determine for each patent from period t-3 the average distance 

from its 100 nearest neighbours in the same period t-3
(4) Determine for each patent from period t-3 the average distance 

from the same 100 nearest neighbours as identified in step 2. 
This time take into account all information (and possible new 
topics) available in period [t-3, t-1]

(5) Select 5% with strongest reduction in average distance and call 
these emergent locations

Determine portfolio position (1) Calculate Hellinger distance between every firm patent and each 
reference location (sparse / contested / emergent) in a specific 
period

(2) Take the minimal distance of each firm patent portfolio to its 
three nearest reference (sparse / contested / emergent) and 
average this number

(3) Aggregate the averages across all firm patents per quarter Q
(4) Aggregate the quarterly values to fiscal years
(5) The resulting value is the portfolio’s average Hellinger distance 

from the reference (sparse / contested / emergent) locations and 
is constrained by [0, 1]. We use 1 – this value to capture the 
proximity of the firm’s portfolio to sparse / contested / emergent 
locations.
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reassuring to find that despite high correlations between other variables, the VIFs remain 
below the critical value of 10 and the standard errors are reasonable, suggesting that the 
used regression accurately isolates the contributions of the different variables.

We run our analysis in Stata 12 on an unbalanced panel of 1,797 firm-year observa
tions, the results of which are presented in Table 3. We use Swamy–Arora estimators and 
robust firm-clustered standard errors to account for unobserved heterogeneity and 
autocorrelation and add firm-specific random effects to control for the differential 
capacity of firms to appropriate the returns of patents (Cockburn & Griliches, 1987). 
As a robustness check, we run the same models using Wallace and Hussain estimators 
and find consistent results. We also run a fixed effect regression with robust clustered 
standard errors. The results are consistent except for the insignificance of the interaction 
between emergent clusters and search commitment in model 7. We do not include 
a lagged response variable because that risks making the estimators of the variance 
components inconsistent (Mohammadi, 2012).

Hypothesis 1 stipulated that search scope’s effect on firm performance would be more 
positive when the firm’s invention portfolio is located near sparse rather than contested 
clusters. In Table 3, Model 3 indeed exhibits a positive and significant interaction between 
search scope and proximity to sparse clusters (b = 2.391, p < 0.1) and no significant effect 
for interaction with proximity to contested clusters. This aligns with the argument that 
broad enables knowledge brokerage, which is especially valuable when firms innovate in 
sparse clusters in which many of the interlinkages between knowledge topics are still 
unknown or weak at best. Figure 2 exhibits the complex effects of the scope – sparse 
clusters interaction. Firms perform better when further away from sparse clusters, except if 
they have very high search scope. For average search scope (0.68), it is still preferred to be 
distant from sparse clusters (μ – 2σ) but this effect reverses when search scope crosses the 
0.83 threshold which happens for about 21% of sample observations. Thus, only those 
organisations with a very broad knowledge base perform better close to sparse clusters 
when their knowledge brokerage skills give them an advantage over the competition.

Hypothesis 2 predicted that the effect of search commitment on firm performance 
would be stronger when a firm’s invention portfolio is located near sparse clusters. Model 
4 provides support for this hypothesis. While Model 2 exhibits an overall positive effect of 
search commitment on performance (b1 = 0.425, p < 0.05), model 4 shows this effect is 
driven by proximity to sparse clusters as the main effect turns negative (b1 = −1.873, p < 
0.01) and the interaction effect is positive (b2 = 5.321, p < 0.001). When looking at 
Figure 4, we can see that for a search commitment value of 0.64 (μ = 0.52, σ = 0.2) a pivot 
happens. When commitment is below average, staying away from sparse areas is pre
ferred. However, firms with strong search commitment to (> μ + σ/2) perform better near 
sparse areas. Hypothesis 2 is supported.

Hypothesis 3 suggested that search specialisation would have more positive perfor
mance effects when the firm’ inventive portfolio is located near contested clusters. Model 
5 indeed exhibits the predicted positive interaction between search specialisation and 
proximity to contested clusters, while no such interaction is established for proximity to 
sparse clusters. Figure 6 exhibits a weak negative relationship between specialisation and 
firm performance for a portfolio far away (μ – 2σ) from contested clusters. Once the 
firm’s research activities are closer to contested clusters, the positive slope appears and 
increases significantly. For those firms that are only active in the agricultural domain 

16 S. J. D. SCHILLEBEECKX ET AL.



(specialisation = 1), the economic difference between positioning far away or close to 
contested clusters (4σ) is over 260,000 USD in EBITDA. This value is significant is as it is 
50% above the median EBITDA in the sample (174,036 USD) and about 19% of the mean 
EBITDA (1,361,000 USD).

For hypothesis 4, the results in model 6 exhibit significant and positive interactions for 
all search dimensions and proximity to emergent clusters. The interaction effect with 
search commitment has the most positive coefficient, which seems to support our 

Table 3. Financial performance implications of search and portfolio position.
(1) (2) (3) (4) (5) (6) (7)

Global depth 0.043* 0.039† 0.039† 0.038† 0.039† 0.046* 0.044*
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Agriculture HHI −0.040 −0.037 −0.034 −0.039 −0.040 −0.035 −0.037
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Log Sales 0.036** 0.035** 0.035** 0.035** 0.036** 0.033** 0.035**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Log # Employees 0.181*** 0.157*** 0.157*** 0.159*** 0.155*** 0.158*** 0.158***
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Total Assets 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Proximity to −0.352 −1.999* −3.357*** −0.271 −0.352 −3.034**
Sparse Cluster (0.26) (0.84) (0.79) (0.30) (0.26) (1.00)

Proximity to 0.159 −0.193 0.329 0.080 0.249 0.119
Contested Cluster (0.19) (0.34) (0.31) (0.20) (0.20) (0.22)

Proximity to 0.021 0.025 0.092 0.021 −2.722*** −2.025**
Emergent Cluster (0.18) (0.18) (0.18) (0.18) (0.74) (0.77)

Search Scope 0.051 −1.402* 0.047 0.054 −0.808* −1.040†

(0.07) (0.64) (0.07) (0.07) (0.37) (0.58)
Search Specialization 0.094 0.096 0.101 0.052 −1.145** −1.168**

(0.07) (0.07) (0.07) (0.44) (0.38) (0.40)
Search Commitment 0.425* 0.432* −1.873** 0.421* −1.254* −2.574***

(0.20) (0.20) (0.70) (0.20) (0.56) (0.74)
Sparse Industry activity – 

progressively 
dynamic

2.391† 0.407
X Scope (1.23) (1.35)

Contested 0.556
X Scope (0.52)

Sparse 5.321*** 4.221**
X Commitment (1.33) (1.55)

Contested −0.324
X Commitment (0.55)

Sparse −0.687
X Specialisation (0.84)

Contested 0.630† 0.711†

X Specialisation (0.35) (0.40)
Emergent Knowledge 

structure shifts – 
retrospectively 

dynamic

1.382* 1.452*
X Scope (0.61) (0.69)

Emergent 2.000** 1.381*
X Specialisation (0.61) (0.69)

Emergent 2.699** 1.646†

X Commitment (0.85) (0.99)
Constant 6.070*** 5.934*** 6.909*** 7.191*** 5.936*** 7.570*** 8.459***

(0.11) (0.15) (0.44) (0.38) (0.16) (0.43) (0.55)
N 1797 1797 1797 1797 1797 1797 1797
N_g 571 571 571 571 571 571 571
df_m 40 46 48 48 48 49 52
r2_w 0.338 0.337 0.340 0.347 0.339 0.342 0.350
r2_b 0.802 0.807 0.807 0.806 0.807 0.810 0.808
r2_o 0.821 0.826 0.826 0.826 0.826 0.829 0.828

p-values in parentheses, †p < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001
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argumentation. To better assess the hypothesis, we rely on both a graphical interpretation 
and a calculation of effect sizes. We argued that in emergent clusters, the need for deep 
commitment to search stems from the increasing clarity of the interconnections and 
interdependence, which makes it easier to predict viable avenues for future growth. Yet 
additional resource investments and more exploration are required to fine-tune the 
emerging dominant design in the emergent cluster. Because of this, it still takes search 
commitment to be able to drive performance, rather than only specialisation.

Figures 3, 5, and 7 exhibit the marginal effects of the three discussed search 
dimensions on performance, when moderated by proximity to emergent clusters. The 
slopes overall become more positive as proximity to emergent clusters increases. For 
search scope and search specialisation, the slopes even turn negative if the proximity is 
below average. Firms with low search commitment, for instance, should steer clear of 
emergent clusters and should direct their inventive attention to areas where the 

Figure 3. Search scope and proximity to emergent clusters’ effect on firm performance.

Figure 2. Search scope and proximity to sparse clusters’ effect on firm performance.
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Figure 4. Search commitment and proximity to sparse clusters’ effect on firm performance.

Figure 5. Search commitment and proximity to emergent clusters’ effect on firm performance.

Figure 6. Search specialisation and proximity to contested clusters’ effect on firm performance.
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intricate connections between the various topics of the knowledge infrastructure are 
still more ambiguous. In those areas, lower search commitment pays off as it is 
associated with lower costs and higher performance. It is only when search commit
ment is around its mean value of 0.52 that proximity to emergent clusters starts to 
result in a performance advantage.

We see a weak positive effect of search scope – proximity to emergent clusters gets 
weakly rewarded once search scope exceeds its mean value (0.68). Similarly, we see the 
same effect for search specialisation that also reaches the critical juncture around its 
mean value (0.18). Figure 8 gives a comparison between the three search dimensions at 
their respective means ± 1 or 2 standard deviations at average distance from emergent 
clusters and at mean values for all other variables and with the dummy variables set to 
zero. That image shows clearly the negligible difference between the moderated effects of 
search scope and search specialisation while search commitment’s effect grows. At 
a higher distance from emergent clusters, the effects of both search scope and specialisa
tion become negative while close to emergent clusters the effects angle up a little more. 

Figure 7. Search specialisation and proximity to emergent clusters’ effect on firm performance.
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Figure 8. Performance impact of search at mean distance μ from emergent clusters.

20 S. J. D. SCHILLEBEECKX ET AL.



This confirms our fourth hypothesis that search commitment is required to boost 
performance when innovating near emergent areas. The difference between the moder
ated effects of search scope and specialisation, compared at their respective means, is 
insignificant.

Discussion

Building on the literature on search in technological landscapes, we investigated how 
search dimensions and a firm’s inventive portfolio’s position in the evolving knowledge 
landscape interact to drive financial performance at the firm level. By adopting novel data 
science techniques to analyse textual data in combination with network analysis, we were 
able to create dynamic, semantic landscapes that illuminate both changes in recent 
industry activity as well as in industry understanding. Our approach extends prior 
literature on static landscapes by focusing on various areas of interest in a dynamically 
evolving knowledge landscape. We discuss two interrelated aspects of our findings that 
speak to ongoing theoretical debates about organisational ambidexterity (search scope 
v search specialisation) while acknowledging the importance of search commitment 
more generally. We also take a closer look at environmental dynamism and the function 
search has in changing technological landscapes. Finally, we explore some of the possi
bilities our methodology offers for other fields of enquiry.

Revisiting the exploration – exploitation debate

Almost 80 years ago, Schumpeter (1939) described innovation as a process of recombi
nation of different building blocks, which initiated strands of research that sought to 
explain how this recombination succeeds. Search became a fundamental theoretical 
construct that explains how firms innovate and adapt to changing competitive landscapes 
(Levinthal, 1997). Recombinant search, as Fleming (2001) calls it, is on average easier and 
more successful when it combines similar elements (local search) than when it combines 
more divergent elements (distant search) which entails higher risks but potentially also 
reaps higher rewards. Yet, scholars have long stressed the need to balance both search 
dimensions to optimise organisational outcomes (Gupta et al., 2006; March, 1991). 
A recent article, for instance, shows that the firms that succeed at breakthrough innova
tion initially explore unfamiliar terrain and eventually exploit their recently accumulated 
knowledge (Kinga Randle & Pisano, 2021).

Our operationalisation recognises that search scope (exploration) and search specia
lisation (exploitation), need not exist on a continuum but can occur concurrently or 
sequentially. Recent studies have shown the contingent effects of these strategies for 
instance, finding that an exploitation strategy can only lead to competitive advantage if 
the firm also has high strategic agility (Clauss et al., 2021). Our findings reveal no 
significant independent effects of either scope or specialisation, suggesting that neither 
is on average performance-enhancing in the agricultural industry. The effects only 
materialise when considering the context of the evolving knowledge landscape.

Our findings suggest most firms do not benefit financially when their patent portfolio 
position is located near sparse clusters. Only those firms with very high search scope or 
commitment can do better in the vicinity of sparse clusters than at a distance. We also 
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find that at high distance from contested clusters, increasing specialisation seems detri
mental to performance. This implies that the benefits of search scope, specialisation, or 
commitment are contingent on the knowledge landscape and the firm’s portfolio posi
tion within said landscape. This aligns with the generally accepted contingency perspec
tive in that ‘the appropriateness of each mechanism [is] a function of environmental and 
organizational context’ (Gupta et al., 2006, p. 698). One should thus not absolutely favour 
exploration over exploitation or vice versa.

Our study of search dimensions and environmental contingencies provides new 
insights in questions raised by Gupta et al. (2006) regarding orthogonality and continuity 
as well as ambidexterity versus punctuated equilibrium. The question of whether 
exploration and exploitation are continuous or orthogonal constructs is sometimes 
answered by the creation of a single variable that ranges from more exploitative to 
more explorative search. This notion is increasingly debunked however, as scholars 
recently showed that exploration and exploitation invoke different brain regions and 
cognitive processes, suggesting they do not operate on a continuum (Laureiro-Martínez 
et al., 2015).

Katila and Ahuja (2002) on the contrary test orthogonality by creating distinct 
measures for exploitative search (reuse of existing knowledge) and explorative search 
(use of new knowledge). They find a curvilinear relation between exploitative search and 
new product introduction and a positive linear relation for explorative search. This 
suggests both processes can co-exist and have different effects, but it is unclear whether 
the found interaction effect truly suggests a non-zero dot product7 (i.e., orthogonality, 
the two variables are not perpendicular in Euclidean space). Others suggest that both 
exploration and exploitation tend to exist intertemporally within organisations 
(Siggelkow & Levinthal, 2003), and that doing so can facilitate breakthrough success 
(Kinga Randle & Pisano, 2021), which resonates with the punctuated equilibrium 
perspective. At the inventor-firm level, Tzabbar and Kehoe (2014), for instance, show 
that firms tend to move from exploitation towards more exploration when a star scientist 
leaves the firm and that this effect can be moderated by the star scientist’s collaborative 
involvement. Research on ambidexterity thus remains an important area for more 
research (Ehls et al., 2020).

We focus on search (scope) across all knowledge domains and search specialisation 
inside the agricultural domain. As such, we are ‘analyzing exploration and exploitation in 
multiple, loosely connected domains’ without assuming these variables to be on a one- 
dimensional continuum (Gupta et al., 2006, p. 698). We find a significant negative 
correlation between both variables (−0.46) suggesting that it is rather unlikely for 
a firm to be exploitative (specialised) in one domain and explorative (scope) in another. 
Yet ‘unlikely’ does not mean impossible. While solutions like internal structural and 
intertemporal ambidexterity implicitly presume continuity between exploitation and 
exploration, we recognise imperfect continuity and propose firms should jointly consider 
their search capabilities, including search and recombination, and the dependence 
between their own portfolio and the evolving knowledge landscape in order to drive 
value-creating performance. Near sparse clusters, exploration strategies with broad scope 
will prevail while near contested clusters, exploitation strategies of specialisation have the 
upper hand.
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Topic modelling, dynamism, and knowledge landscapes

A core contribution of this study is to deploy novel methods and build novel theory to 
capture real dynamism in the environment. When discussing dynamic environments, 
Pfeffer and Salancik (2003, p. 69) noted that ‘changes can come from anywhere without 
notice and produce consequences unanticipated by those initiating the changes and those 
experiencing the consequences’. While theoretical models have had a dynamic under
pinning, empirical operationalisations have remained largely static although Kaplan and 
Vakili (2015) have begun to bring in some dynamism. The use of topic modelling in 
combination with semantic network analysis allows us to gain granular insight into how 
each invention reshapes the topography of the landscape, and how subsequent inventions 
create dynamic clusters.

The retrospectively dynamic perspective on the knowledge landscape reveals that 
emergent clusters are littered with opportunities: every search dimension positively 
correlates with performance in these clusters while high commitment is the most power
ful. This gives the advantage in these areas to incumbent firms that have more slack 
resources. This provides an interesting avenue for future research as one would typically 
assume that start-ups and small nimble players are more likely to succeed in emerging 
innovation areas. Whether this finding is reflective of our specific context (agriculture) or 
whether this represents a broader trend requires closer attention (Murray, 2017). The 
theoretical construct of retrospective dynamism is, from our perspective, valuable. The 
notion that it sometimes takes a new insight to finally understand two old knowledge 
components, or that it takes finding a missing puzzle piece to eventually put two and two 
together, is familiar to everyone who ever studied complex problems. So far, we had not 
been able to study this at scale because we lacked the data and methods to do so. More 
research will be necessary to understand the implications of such emergence in techno
logical landscapes.

Yet our current findings do not provide simple advice to managers because the 
relationships between search dimensions and the firm’s patent portfolio position are 
complex. Distance from emergent clusters is generally better for those with low scope, 
low specialisation, or low commitment, suggesting that innovating in emergent clusters 
requires a deliberate strategy. However, our findings also show that whatever that 
strategy is, as long as the firm commits to either a broad search scope or to strong 
specialisation, success is possible. This suggests that when faced with emergence, firms 
have to choose between exploitative and explorative strategies to succeed, making both 
orthogonal to success.

LDA and semantic modelling

Recent editorials suggested that data science techniques could provide significant oppor
tunities to refine and develop new theories on what may be considered mature domains 
(e.g., George, Osingal, Lavie & Scott, 2016). Our study seizes this opportunity by making 
innovative use of topic modelling to create semantic technological landscapes. To our 
knowledge, Kaplan and Vakili (2015) were the first to apply topic modelling to identify 
patents that originate a novel topic. They combined LDA with expert revision of 100 
generated topics and looked for the first patents (within a 12 month period) that score 
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above a specific threshold weighting. This enabled them to identify ‘topic-originating’ 
patents using semantic analysis and establish a significant relationship with the number 
of forward citation. While the authors use a static environment of 2,276 fullerene and 
nanotube patents granted by the USPTO between 1991 and 2005, we rely on a much 
larger sample of almost 62,000 patents and evolving environments. Their reliance on 
a single textual environment does not permit the types of dynamism we rely on for our 
moderating variables. While they trace back the origins of innovation using a full 
information environment, we seek out areas of temporary density increase and reduction 
using a partial information environment which better captures the actual uncertainty 
with regard to strategic choices companies must make when it comes to positioning their 
efforts in the innovation landscape as it unfolds over time.

The Kaplan and Vakili (2015) study generates convincing insight into the predictors of 
value (in terms of forward citations) of cognitively novel patents. However, their meth
odology does not allow actionable inference that managers or R&D departments can use 
in order to boost their innovation success. We build on their methodological sophistica
tion to provide actionable insights. Specifically, by relying only on past, publicly available 
information to construe our semantic landscapes and exploring the impact of strategic 
positioning within those landscapes, given core search capabilities of different firms, our 
results provide cautious advice for R&D managers. We realise that simply knowing 
which areas may be the most promising to invest resources in, is by itself not 
a guarantee to successful innovation. But, managers could use our method to figure 
out which dense or emerging clusters are most closely linked to their extant knowledge 
base and hence provide plausibly fruitful ground for further inventive efforts, and 
identify sparse clusters to steer clear from, unless the firm has wide scope to facilitate 
the required knowledge brokerage.

Future research could apply similar methodologies to diverse questions in organisa
tional discourse such as employee engagement, CEO narratives for strategic change, and 
studying customer or stakeholder relationships. For instance, one could analyse stock 
responses to corporate announcements and annual reports by using a similar unsuper
vised learning method as we did to discover topics in those reports. Researchers could 
determine the Hellinger distance between topics in the annual reports and corporate 
announcements and figure out whether stock markets respond differently to announce
ments that align closely with topics from annual reports or not. Our study provides an 
excellent test case for more complex analyses using data science techniques in semantic 
discourses.

Conclusion

Our study provides insight into how the constant gales of innovation not only change the 
individual firm’s portfolio and its interconnections but also the technological space 
retrospectively. By strategically positioning the firm’s innovation portfolio near specific 
clusters of inventive activity, the firm is able to participate, and shape, promising 
innovation areas. We find that the performance implications of such positioning are 
contingent upon the search strategy the firm adopts. Search specialists can maximise 
their performance by strategically positioning their innovation portfolio near carefully 
selected contested clusters, while search generalists can exploit their broad knowledge 
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base by establishing profitable connections near sparse clusters. When the interconnec
tions between inventions are less well known but are emerging rapidly, commitment 
outperforms scope as well as specialisation strategies of search. The study calls for future 
research that re-examines innovation in truly dynamic technological landscapes with 
new data analytic tools developed here. Even in traditional areas such as agriculture in 
which innovation has not been the most important strategic differentiator, we find that 
innovation-oriented search capabilities and positioning strategies of patent portfolios 
have a meaningful economic effect.

Notes

1. Abstracts contain a synoptic overview of the patented invention that is meant to capture the 
invention’s most fundamental contributions. We use abstracts rather than full patent 
documents for computational reasons.

2. Note that our conceptualisation of dynamism in the environment differs from Yayavaram 
and Chen’s (2014) ‘change in couplings’. They are comparing how the connections between 
technological components evolve in between two mutually exclusive periods by relying on 
the 2005 USPTO classification system. Some couplings become more common while others 
less so. For us, the couplings themselves are subject to change, i.e., some couplings between 
two patents will disappear while new knowledge will emerge that allows us to add previously 
unknown couplings. This is akin to a quarterly revision of the UPSTO classification scheme 
itself.

3. In 2013 for instance, the USPTO agreed to switch from its final version of the US Patent 
Classification system to the Cooperative Patent Classification in conjunction with its 
European counterpart (EPO). As from January 2015, the USPTO completely stopped using 
the old structure (http://www.tprinternational.com/making-the-switch-from-uspc-to-cpc/)

4. ‘t’ is defined as a year period consisting of four consecutive quarters.
5. We tried q = 1, 2, 3, 5, 10. Results in the paper rely on q = 3 reference locations.
6. This approach enables us to capture how the knowledge structure evolves as new knowl

edge. By comparing a patent to its 100 nearest neighbours in year t-3 and then to its 100 
nearest neighbours in years [t-3, t-1] it becomes possible to see which patents have become 
‘surrounded’ by other patents, implying shifts in the knowledge structure.

7. The authors do not include the product of the linear exploration and the quadratic term for 
exploitation which makes it difficult to assess the true interaction effect.
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