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ABSTRACT
Invention, unlike creativity, unfolds under tighter technical, legal, and commercial con
straints; it is evaluative, execution-oriented, and goal-directed rather than exploratory or 
purely generative. Building on this distinction, we examine how personality traits relate 
to inventive output and how these relationships depend on the organisational knowl
edge environment. Drawing on the Five-Factor Model (FFM), we argue that openness 
and agreeableness are positively associated with invention, whereas extraversion, neu
roticism, and conscientiousness are negatively related to inventive activity. We further 
propose that Organisational Knowledge Diversification (OKD), the breadth of technolo
gical domains within a firm’s patent portfolio, plays a dual moderating role. While high 
OKD expands recombination opportunities, it also increases cognitive and coordination 
demands. Using survey data from 1,131 inventors matched with European Patent Office 
records, we find support for differentiated patterns of how OKDs shape the relationship 
between personality and inventive activity.
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1. Introduction

Existing literature, primarily rooted in psychology, links personality traits from the Five-Factor Model 
(FFM) to individual creativity (Batey and Furnham 2006; Feist 1998). Because creativity is often viewed as 
a foundation of innovation (Amabile et al. 1996), organisations increasingly use personality assessments to 
identify or develop R&D personnel with a ‘creative edge’ (Hunter 2012). However, the transition from 
creativity to invention is neither automatic nor linear. Whereas creativity spans broad forms of exploratory 
expression, invention entails goal-directed problem solving subject to technical, legal, and commercial 
constraints (Amabile et al. 1996). Compared to creativity, invention is more execution-oriented, evaluative, 
and legally bound (Amabile and Pratt 2016; Arthur 2007).

These distinctions raise a central theoretical question: do the personality traits associated with creativity 
relate to invention in similar ways? Empirical evidence remains inconclusive. Recent studies have examined 
personality in relation to entrepreneurship (Chapman and Hottenrott 2024), self-employment (Runst and 
Thomä 2025), or broader levels of analysis such as regional inventive activity (Reher, Runst, and Thomä  
2024). Only few studies address inventive outcomes directly, reporting inconsistent associations between 
the Big Five and invention (Mieg et al. 2012; Zwick et al. 2017). Most notably, Zwick et al. (2017), using 
patent histories of 1,034 industrial inventors from Frosch et al. (2015a), found partially negative or 
insignificant relationships between personality traits and inventive productivity. We argue that this ‘trans
lation gap’ arises because traits beneficial for open-ended creativity do not necessarily transfer to invention. 
Invention places a stronger emphasis on sustained focus, tolerance for uncertainty, and structured problem 
solving, which may penalise emotional instability and excessive sociability (Amabile and Pratt 2016; Arthur  
2007).

The analysis of inventive activity is further complicated because inventors do not operate in isolation but 
within organisational contexts. Invention rarely reflects the genius of a lone individual. Inventors interact 
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with organisational knowledge resources (Kristof 1996), and this interaction is shaped by personality. We 
focus on Organisational Knowledge Diversification (OKD), defined as the breadth of technological domains 
represented in a firm’s patent portfolio, as a key contextual factor affecting opportunities for knowledge 
recombination. High-OKD firms provide a wider range of knowledge elements but also greater complexity, 
coordination requirements, and cognitive demands (Carnabuci and Operti 2013; Kavadias and Sommer  
2009; Miller 2006; Miller, Fern, and Cardinal 2007; Nagle and Teodoridis 2019; Zhou and Li 2012). Low- 
OKD firms, by contrast, restrict the combinatorial space, potentially simplifying search and enabling more 
focused recombination.

Drawing on innovation research and knowledge recombination theory (Fleming 2001; Gruber, Harhoff, 
and Hoisl 2013; Kapoor and Lim 2007), we argue that openness to experience and agreeableness should be 
positively related to invention because they facilitate cognitive flexibility, recombination, and collaboration 
(Christensen, Cotter, and Silvia 2019; Connelly, Ones, and Chernyshenko 2014; Ng et al. 2021; Silvia and 
Christensen 2020). In contrast, neuroticism, extraversion, and conscientiousness are expected to relate 
negatively to invention. Neuroticism is associated with anxiety and lower stress tolerance; extraversion may 
favour social stimulation over prolonged solitary work; conscientiousness may constrain exploratory search 
through rigidity and adherence to routines (Batey and Furnham 2006; George and Zhou 2001; Lucas et al.  
2000; Ray, Nyberg, and Maltarich 2021; Watson et al. 1992). We further argue that OKD moderates these 
relationships. Although knowledge diversity expands recombination opportunities, it also increases cogni
tive and coordination costs. High OKD may thus weaken the positive effects of openness and agreeableness 
by increasing information overload and intensifying demands for conflict resolution and evaluation. 
Conversely, it may mitigate the negative effects of extraversion, neuroticism, and conscientiousness by 
providing richer informational and social infrastructures that compensate for individual limitations. Thus, 
OKD is expected to weaken both positive and negative personality – invention relationships through 
different mechanisms.

To test these arguments, we use the survey dataset ‘Clean technology innovations in Germany: Human 
capital accumulation with heterogeneous knowledge inputs’ (Frosch et al. 2015a; Zwick et al. 2017). We 
match responses from 1,131 individuals with their patent histories at the European Patent Office (EPO), 
constructing a dataset on inventive activity, personality traits, and organisational characteristics. As 
theorised, an inventor’s openness is positively correlated with inventive activity. Extraversion, neuroticism, 
agreeableness, and conscientiousness are negatively correlated with inventive activity. OKD positively 
moderates the negative relationship between extraversion and inventive activity, suggesting that in high- 
OKD environments, the adverse association between extraversion and inventive activity is mitigated. No 
moderating effects are found for the remaining traits.

Our study makes three contributions. First, it advances innovation research by distinguishing creativity 
from invention and explaining why traits such as extraversion, neuroticism, and conscientiousness may be 
negatively associated with inventive output. Second, it contributes to research on organising for innovation 
(Dougherty 1996; Tushman and Nadler 1986) by emphasising person – organisation fit, specifically the 
interaction between stable personality traits and the firm’s knowledge context (Eggers and Kaplan 2013; 
Felin, Foss, and Ployhart 2015; Helfat and Peteraf 2015; Kristof 1996). Third, it contributes to the knowl
edge-based view of the firm (Grant 1996; Kogut and Zander 1992) by suggesting that aligning an inventor’s 
personality with the firm’s knowledge structure constitutes an important capability that shapes inventive 
activity.

2. Theoretical framework

2.1. Distinguishing creative activity from inventive activity

Creativity and invention are not well-delineated and are often used interchangeably. Even though they share 
a common foundation in human imagination and problem-solving, they differ significantly in terms of 
purpose, process, and outcome. Some authors define creativity in terms of personal characteristics, treating 
it as an input to cognitive processes (Findlay and Lumsden 1988). Others adopt an output-oriented 
perspective, focusing on characteristics of resulting ideas or products. One of the most frequently used 
output-oriented definitions of creativity is that of Amabile (1988, 126), which builds on Stein (1974), and 
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describes creativity as ‘the production of novel and useful ideas by an individual or small group.’1 Creativity 
spans a wide array of human endeavours, ranging from the arts and language to science, and is often 
characterised by its lack of a predetermined goal. It tends to flourish in open or minimally structured 
settings that prioritise exploration and originality (Amabile et al. 1996).

In contrast, invention or inventive activity refers to the development of a solution to a specific problem 
(Arthur 2007). It involves not only ideation but also implementation, making it clearly output-related. 
While some inventions occur serendipitously, such as unintended by-products of structured R&D efforts, 
they still arise in environments conducive to or actively managing invention (Busch 2024). Unlike creativity, 
invention is generally goal-directed, i.e. it begins with a specific purpose or problem and is typically situated 
within technological or engineering contexts. It is difficult to find a commonly agreed-upon definition of 
invention. Patent law, such as the European Patent Convention (EPC), for instance, does not explicitly 
define the term invention. Instead, it delineates what does not qualify as an invention and is thus excluded 
from patentability. Examples include discoveries, scientific theories, and mathematical methods, or aes
thetic creations.2 Some of them could certainly be equally regarded as creative output.

Both creativity and invention involve divergent thinking, i.e. the cognitive ability to explore multiple 
possible solutions. However, invention also demands convergent thinking, i.e. the capacity to narrow down 
options into a feasible and actionable solution (Runco 2010; Runco and Acar 2012). Additionally, creativity 
can flourish in individuals with little formal training (e.g. children); however, invention profits from 
domain-specific knowledge and experience. Inventors need to understand existing systems, materials, 
technologies, and often legal or market constraints (Aghion et al. 2017; Toivanen and Väänänen 2016). 
This is not least because, as described, invention often results from recombining existing knowledge 
components (Fleming 2001; Gruber, Harhoff, and Hoisl 2013; Kapoor and Lim 2007). This recombination 
requires expertise and proficiency in existing knowledge. Such expertise is often found in formally trained 
professionals but not limited to them. As von Hippel (2005) illustrates, numerous ‘user innovations’ emerge 
from individuals without formal degrees in fields such as chemistry or physics who initially solve their own 
problems.

Despite their differences, creativity and invention share commonalities. Invention often begins with 
a creative insight, i.e. a moment of imaginative reconfiguration (Amabile 1988). Likewise, highly creative 
outputs in the arts and sciences may approach inventiveness when they introduce radically new paradigms 
or methodologies, such as the discovery of the double-helix structure of DNA. In design thinking, creativity 
is often regarded as a prerequisite or integral component of invention (Brenner and Uebernickel 2016; 
Plattner, Meinel, and Weinberg 2009).

2.2. The personality – invention relationship

Personality refers to patterns of behaviour, cognition, and emotional affect that exhibit substantial stability 
across the lifespan (Cobb-Clark and Schurer 2012; Roberts 2009; Roberts and DelVecchio 2000; Specht, 
Egloff, and Schmukle 2011). These patterns have been systematically clustered into well-defined trait 
models (John and Srivastava 1999). Among these, the Five-Factor Model (FFM), also referred to as the 
‘Big Five’ model, has become the dominant framework in psychology and management research (John, 
Naumann, and Soto 2008; Kerr, Kerr, and Xu 2018; Ployhart and Moliterno 2011).

Prior research has linked two FFM traits – openness and extraversion – to creative output, particularly 
artistic and scientific creativity (Barron and Harrington 1981; Batey and Furnham 2006; Feist 1998, 2019; 
Sawyer 2011). By contrast, the remaining traits, conscientiousness, agreeableness, and neuroticism, have not 
been found to exert consistent or robust effects on creative performance (Eysenck 1994; Feist 1998; Sung 
and Choi 2009). As mentioned earlier, creativity and invention are conceptually distinct. Invention involves 
not only ideation but also implementation, refinement, and goal-directed problem solving (Kuznets 1962). 
These characteristics require persistence, depth of engagement, and the ability to recombine knowledge 
components. Hence, we will investigate the relationship between all five personality traits and invention to 
provide a more complete personality perspective.

1See also Runco and Jaeger (2012) of an overview of creativity definitions.
2See https://www.epo.org/en/legal/epc/2020/a52.html, accessed on April 6, 2025.
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Individuals high in openness exhibit characteristics such as curiosity, imagination, intellectual 
flexibility, and a preference for novelty (Batey and Furnham 2006; McCrae 1987; Nusbaum and 
Silvia 2011). These individuals are inclined towards divergent thinking and the exploration of 
unconventional ideas (Christensen, Cotter, and Silvia 2019; Connelly, Ones, and Chernyshenko  
2014). Given these characteristics, individuals high in openness may be particularly well suited to 
invention. Their cognitive flexibility and intellectual curiosity support deep engagement with complex 
problems and facilitate systematic knowledge recombination (Heinström 2010; Mieg et al. 2012). 
Agreeableness, although less directly associated with creativity, may facilitate knowledge exchange and 
collaborative problem-solving in invention processes since it is positively associated with social capital 
and interpersonal trust, particularly in Open Innovation frameworks where knowledge-sharing and 
team cohesion are paramount (Baer 2012; DeYoung 2015; Graziano and Eisenberg 1997). 
Agreeableness may further support inventive outcomes by enabling cooperation and reducing fric
tions in collaborative knowledge environments. However, the trait’s inherent orientation towards 
consensus and conflict avoidance may also stifle the motivation or force required to challenge existing 
technical paradigms, potentially leading to maintaining the status quo rather than invention (Bledow 
et al. 2009).

In contrast to prior arguments suggesting potential functional benefits, neuroticism is more consistently 
associated with emotional instability, anxiety, and vulnerability to stress, which may impede effective 
engagement in complex and prolonged inventive processes (Costa and McCrae 1992; Judge, Heller, and 
Mount 2002). High levels of neuroticism are linked to avoidance behaviours, reduced cognitive flexibility, 
and diminished capacity to cope with uncertainty and failure, all of which are central features of invention 
activities (LePine, Colquitt, and Erez 2000; Watson and Clark 1984). Moreover, heightened anxiety and self- 
doubt may disrupt sustained problem-solving efforts and hinder the iterative refinement required for 
successful invention. Such tendencies may lead to the premature abandonment of promising ideas or to 
excessive risk aversion, rather than facilitating rigorous evaluation. Consequently, neuroticism is likely to 
constrain inventive performance and exhibit a negative relationship with invention.

Extraverts tend to seek stimulation and external engagement, which can make it difficult for them to 
focus on the solitary and meticulous work that invention often requires (Furnham et al. 2008; Lucas et al.  
2000). Their lower tolerance for solitude may lead them to avoid the long, focused hours needed to bring an 
idea to fruition. Moreover, extraverts are typically particularly motivated by social rewards, which might 
incline them towards sharing and pitching ideas rather than patiently developing and refining them and 
keeping them secret until a patent application is filed (Ashton, Lee, and Paunonen 2002; Ciavarella et al.  
2004). Some research also suggests that extraverts may exhibit a degree of overconfidence or superficiality, 
generate many ideas, but lack the critical evaluation and follow-through necessary for successful invention 
(Lucas et al. 2000). On the other hand, the extraverted tendencies of being outgoing and talkative (Lucas 
et al. 2000; Watson et al. 1992), along with demonstrated strengths in networking (McCrae and Costa 1997; 
Ray, Nyberg, and Maltarich 2021; Watson et al. 1992), facilitate the acquisition of novel knowledge 
components that can be recombined. Furthermore, high self-confidence associated with extraversion may 
enable individuals to tolerate the risks inherent in inventive activity in the first place (Ciavarella et al. 2004; 
Conejo, Parthasarathy, and Wooliscroft 2015). Nevertheless, when considering the full range of arguments 
in the literature, we contend that the costs of extraversion ultimately outweigh its potential benefits for 
invention. Conscientiousness captures persistence, discipline, and goal orientation (Barrick and Mount  
1991). While these characteristics are often advantageous for structured task performance, they have 
frequently been associated with lower flexibility and reduced tolerance for ambiguity, which may prevent 
invention (Feist 1998; George and Zhou 2001). Moreover, conscientiousness may be negatively associated 
with invention because its components, specifically conformity and rigidity, can impede the divergent 
thinking required to bypass existing heuristics (Batey and Furnham 2006). High-conscientiousness indivi
duals often prioritise efficiency and adherence to established protocols, which may lead to the premature 
rejection of high-risk, unproven solutions during the problem-solving phase (George and Zhou 2001). 
Hence, conscientiousness, despite its association with persistence, may impose cognitive rigidity and risk 
aversion that constrain exploratory recombination processes (DeYoung 2015; George and Zhou 2001).
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Taken together, these arguments suggest that traits associated with cognitive flexibility and cooperative 
engagement are likely to facilitate invention, whereas traits associated with emotional instability, stimula
tion seeking, and rigid goal structuring may impede invention. This leads to our first two hypotheses:

Hypothesis 1: Openness (a) and agreeableness (b) are positively related to invention.

Hypothesis 2: Extraversion (a), neuroticism (b), and conscientiousness (c) are negatively related to 
invention.

2.3. The moderating role of organisational knowledge context

While individual differences in personality traits may well exert a direct influence on invention, it is 
important to consider how features of the organisational context moderate these relationships. One 
particularly relevant contextual factor is organisational knowledge diversification (OKD), defined as the 
breadth and heterogeneity of knowledge accessible within an organisation (V. A. Aggarwal, Hsu, and Wu  
2020; Trajtenberg, Henderson, and Jaffe 1997). OKD serves as a proxy for knowledge components available 
to an inventor and thus for the recombination potential available to individual inventors, reflecting the 
extent to which they can draw upon diverse knowledge elements to generate novel ideas and implement 
them effectively (Carnabuci and Operti 2013; Kavadias and Sommer 2009; Miller 2006; Miller, Fern, and 
Cardinal 2007; Nagle and Teodoridis 2019; Zhou and Li 2012).

Individuals high in openness are characterised by intellectual curiosity, cognitive flexibility, and an 
inclination to engage with abstract, novel information (Connelly, Ones, and Chernyshenko 2014; Silvia 
and Christensen 2020). These traits align closely with the multidimensional demands of invention, which 
necessitate both the generation of original concepts and their goal-directed implementation. However, in 
high-OKD environments, the abundance and heterogeneity of knowledge may impose substantial cognitive 
demands and coordination complexity, thereby diluting the advantages associated with openness. Exposure 
to highly diverse and loosely connected knowledge domains may increase information overload and reduce 
the ability to effectively integrate disparate knowledge components into coherent solutions (Fleming and 
Sorenson 2001; Laursen and Salter 2006). As a result, the cognitive flexibility of open individuals may be 
stretched across too many alternatives, leading to inefficiencies in search and recombination processes. 
Conversely, in low-OKD environments where the knowledge base is more focused and constrained, 
individuals high in openness can more effectively leverage their exploratory tendencies within 
a manageable set of knowledge components, thereby strengthening their inventive advantage. 
Consequently, high OKD may attenuate the positive relationship between openness and invention.

Agreeableness facilitates invention primarily by building relational infrastructure and interpersonal trust, 
which are critical for recombinative search across departmental or disciplinary boundaries (Baer 2012). 
However, in high-OKD environments, the breadth of accessible knowledge is often distributed across 
numerous domains, increasing coordination requirements and exposing individuals to a wider range of 
perspectives and potential conflicts. In such settings, the consensus-oriented and conflict-avoidant nature of 
agreeable individuals may become disadvantageous, as effective recombination of highly diverse knowledge 
often requires challenging existing viewpoints, engaging in task-related conflict, and asserting divergent 
perspectives (De Dreu and Weingart 2003; Nemeth 1986). High levels of agreeableness may therefore limit 
the critical evaluation and confrontation necessary to integrate heterogeneous knowledge effectively, 
thereby weakening its positive effect on invention. In contrast, in low-OKD environments where knowledge 
diversity is limited and coordination demands are lower, the cooperative and trust-building aspects of 
agreeableness can be more directly translated into effective knowledge integration, strengthening its positive 
relationship with invention. Accordingly, high OKD may reduce the beneficial impact of agreeableness on 
inventive outcomes. Accordingly, we hypothesise:

Hypothesis 3: Organisational Knowledge Diversity (OKD) negatively moderates the relationship between 
(a) openness / (b) agreeableness and invention, such that the positive relationship is weaker when OKD is 
high.
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Neuroticism is often associated with emotional volatility. Additionally, it is linked to anxiety, self- 
doubt, and vulnerability to stress, which may hinder effective engagement in complex and pro
longed inventive processes (Costa and McCrae 1992; Judge, Heller, and Mount 2002). These 
tendencies can reduce persistence, impair cognitive flexibility, and increase the likelihood of with
drawal from challenging problem-solving tasks, thereby negatively affecting invention. In high- 
OKD environments, however, the inventor is exposed to a vast, heterogeneous array of knowledge 
components, which increases the recombination potential available for inventive activity (Kavadias 
and Sommer 2009). This abundance of diverse knowledge may alleviate some of the constraints 
associated with neuroticism by providing structured external inputs that guide problem-solving and 
reduce uncertainty in ideation. Highly neurotic individuals may benefit from access to diverse 
knowledge components that facilitate more directed exploration and reduce the cognitive burden of 
generating novel solutions from scratch (Laursen and Salter 2006; Ocasio 1997). Consequently, 
while neuroticism is generally negatively more supportive informational environment.

As previously argued, extraversion may be negatively related to invention due to behavioural 
tendencies that prioritise social stimulation over the sustained, solitary focus required for complex 
problem-solving (Ashton, Lee, and Paunonen 2002; Ciavarella et al. 2004). However, high-OKD 
environments mitigate these challenges by increasing recombination potential and making diverse 
knowledge components more readily accessible (Trajtenberg, Henderson, and Jaffe 1997). By 
providing a centralised repository of heterogeneous information, high-OKD contexts lower the 
cognitive and search costs that might otherwise distract extraverts during the ideation phase 
(Carnabuci and Operti 2013; Kaplan and Vakili 2015). Furthermore, extraverts can leverage their 
interpersonal strengths to navigate these diverse knowledge networks more efficiently. Their 
motivation for social engagement allows them to effectively tap into distributed expertise, elicit 
feedback, and mobilise relevant resources through interpersonal interactions (Furnham et al. 2008; 
Lucas et al. 2000; McCrae and Costa 1997). In high-OKD settings, these social skills facilitate the 
cooperative recombination of knowledge, transforming the extravert’s preference for interaction 
into a functional tool for goal-directed inventions (Witt et al. 2002).

Lastly, conscientiousness may be negatively related to the early, divergent stages of invention due 
to its association with rule-following, caution, and a preference for established protocols over high- 
risk, unproven paths (Batey and Furnham 2006; George and Zhou 2001). Highly conscientious 
individuals often prioritise exploitation over exploration (March 1991), which can lead to 
a premature narrowing of the problem space and an over-reliance on existing heuristics, thereby 
stifling the generation of truly novel solutions. However, high-OKD environments can significantly 
mitigate these constraints. In such contexts, organisations have already compiled vast, heteroge
neous arrays of knowledge components (V. A. Aggarwal, Hsu, and Wu 2020). For a highly 
conscientious individual, this diversity of information provides a structured reservoir of knowledge 
elements that can be systematically recombined. Instead of facing the uncertainty of a blank slate, 
which may trigger risk aversion, conscientious inventors in high-OKD environments can use their 
strengths of deliberation and diligence to synthesise these diverse inputs in an orderly way (Zhao 
and Seibert 2006). The presence of diverse knowledge within the organisation reduces perceived 
risk and supports more confident engagement in novel recombination processes. Furthermore, high 
OKD allows the conscientious inventor to shift from the chaos of creation to the rigour of 
implementation more rapidly. Their attention to detail and dutifulness become valuable assets 
when navigating the complex administrative and technical requirements associated with recom
bined inventions (Carnabuci and Operti 2013).

Thus, while extraversion, neuroticism, and conscientiousness may generally hinder invention, 
high OKD provides the relational and informational infrastructure necessary to mitigate these 
constraints and enable more effective engagement in inventive processes. Accordingly, we 
hypothesise:

Hypothesis 4: Organisational Knowledge Diversity (OKD) positively moderates the (negative) relationship 
between (a) extraversion / (b) neuroticism / (c) conscientiousness and invention, such that the negative 
relationship is weaker when OKD is high.
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3. Research design

3.1. Empirical context and data sources

To analyse how the knowledge environment of inventors moderates the relationship between personality 
traits and inventive activity, we conduct an empirical analysis ‘Clean technology innovations in Germany: 
Human capital accumulation with heterogeneous knowledge inputs’, in the context of corporate R&D. This 
setting allows us to measure inventor personality as well as inventive activity and OKD. To obtain these 
data, we conducted a targeted online survey of German industrial inventors and extracted their patent 
records from the European Patent Office’s (EPO) database PATSTAT.3 The separate search of archival data 
in patent databases yields measures of inventive activity that are not based on self-assessment but rather 
stem from the patent system, which uses strict guidelines to classify and assess inventions seeking patent 
protection. Since the dependent and independent variables were obtained from different data sources, this 
approach avoids common-method bias. A subset of the data gathered has been used in Zwick et al. (2017) to 
investigate a different research question.

The survey targeted inventors who have at least one patent in clean technology, nanotechnology, or 
mechanical engineering.4 These technology fields have a high propensity to patent, allowing us to derive 
valid proxies for inventive activity from patent data. To identify the surveyed inventors, we extracted patent 
applications in clean technology, nanotechnology, and 35% of mechanical engineering.5 We then selected 
those patents listing at least one inventor with a home address in Germany and a filing date between 2004 
and 2008. The inventors received a letter explaining the purpose of the survey, which included a link to the 
online questionnaire and a password. The survey instrument was validated in February – March 2013 using 
a pre-test with 26 inventors. The survey was conducted from April to August 2013. In June 2013, the 
inventors received a reminder letter. A detailed description of the sampling strategy is provided in Appendix 
A1 including Table A1 and A2. Overall, we received (at least partial) responses from 1,932 inventors 
(corrected response rate: 29.5%).

The survey collected information on these inventors’ personality traits, demographics, and additional 
details regarding problem-solving approaches, risk attitudes, and motivational patterns (Zwick et al. 2017). 
It also collected information on the inventors’ employers at the time of patent filing, allowing us to construct 
the OKD measure (Trajtenberg, Henderson, and Jaffe 1997) and to control for other employer character
istics in our regressions. To measure inventive activity, we extracted from PATSTAT all patent applications 
filed by the surveyed inventors between 1978 and 2010, along with a set of control variables, including 
bibliographic and procedural information on filing dates and technology classes (IPC). Our final sample, in 
which all variables were available, is based on the responses of 1,131 inventors.6

3.2. Measurement

3.2.1. Dependent variable
Inventive activity – Following the existing literature, we operationalise inventive activity as invention 
quantity, i.e. the number of patents filed by the focal inventor during the observational period (Conti, 
Gambardella, and Mariani 2014; Dahlander, O’Mahony, and Gann 2016; Fleming 2001).7 To account for the 
fact that inventions are often made in teams, we add an offset of the average number of co-inventors in our 
Poisson regressions to model fractional patent counts, see below.

3See https://www.epo.org/searching-for-patents/business/patstat.html, accessed on August 17, 2023.
4To identify clean technology inventions, we obtained a list of clean technology patents from the OECD based on the taxonomy developed by the 

Environment Directorate of the OECD (ENV-TECH), referred to as the ‘IPC Green Inventory’. To identify patents in the fields of mechanical 
elements, we use their four-digit IPC code (IPC4) and the ISI-OST-INPI classification (Schmoch 2008). Patents in mechanical elements (area 26) 
comprise all patents that list at least one of the following IPCs: F15#, F16#, F17#, G05G. Nanotechnology patents were identified based on 
a nanotechnology tag, which was introduced by the EPO and which is available in PATSTAT. See https://www.epo.org/en/news-events/in-focus 
/classification/nanotechnology, accessed on July 21, 2025.

5The database of the EPO only contains the home addresses of the inventors, so we had to send out invitation letters by mail. For budgetary 
reasons, we randomly selected 35% of the pool of mechanical engineering patents.

6Our data comprises information on 1,131 inventors. This exceeds the 1,034 inventors contained in Zwick et al. (2017) as our data includes all 
technology fields whereas Zwick et al. (2017) dropped nanotechnology.

7We acknowledge that not all inventions are patented. Given that we chose technology fields characterised by a high propensity to patent, the 
filing of a patent is a valid proxy for inventive activity (Griliches 2007).
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3.2.2. Independent variables
Personality traits – To measure inventor personality, we use a 15-item short version of the FFM personality 
inventory, based on the German Socio-Economic Panel SOEP (Gerlitz and Schupp 2005). We follow the 
approach of Gerlitz and Schupp (2005), using three-item scores for each personality trait. Each item reflects 
a 7-point Likert scale with values ranging from 1 ‘does not apply’ to 7 ‘completely applies’ (see Appendix 
A2).8,9 The five personality dimensions were derived using principal components factor analysis with 
varimax rotation, with negatively worded items reverse-coded prior to analysis (see Zwick et al. 2017). As 
anticipated, the resulting factors corresponded to extraversion, conscientiousness, openness to experience, 
agreeableness, and neuroticism. The Kaiser – Meyer – Olkin measure of sampling adequacy (>0.6 for each 
variable; overall value = 0.68), along with Bartlett’s test of sphericity (chi2 = 4,739; p < 0.001), confirmed that 
the correlation matrix was appropriate for factor analysis. Although self-report instruments, including 
established personality inventories, may be modestly influenced by life stage, occupational context, and 
accumulated experience, extensive research supports the temporal stability and construct validity of trait 
measures. Meta-analyses report high test – retest correlations for the Big Five traits (r ≈ .60–.80) and 
minimal age-related changes (≈.02 SDs/year), indicating robust long-term consistency (Roberts 2009; 
Roberts and DelVecchio 2000; Specht, Egloff, and Schmukle 2011). Measurement invariance studies further 
confirm that the Big Five constructs are interpreted comparably across age groups (Allemand, Zimprich, 
and Hendriks 2008). While life experiences may influence behaviour, longitudinal evidence suggests these 
changes occur within the stable range of underlying traits (Cobb-Clark and Schurer 2012).

Organisational knowledge diversification (OKD) is measured at the firm-inventor level, i.e. at the level of 
the focal inventor’s employer. To calculate this measure, we first identified the employers of the inventors in 
our sample using a firm identifier from the PATSTAT data obtained from the EPO (including multiple 
firms for mobile inventors).10 In a second step, we obtained all patents per employer firm, thereby enabling 
us to calculate the firm’s year-specific OKD, which we average over the years between a focal inventor’s first 
and last patent with a given firm. We have excluded the focal inventor’s patents in these calculations.

OKD measures the concentration of an organisation’s patenting activities across different technology 
areas. For this purpose, we first classify all patent applications filed by an organisation into 34 different 
technology areas based on the IPC concordance proposed by Schmoch (2008). Following prior research on 
measuring knowledge diversity, we calculate OKD as one minus the Herfindahl-Hirschman Index (HHI) of 
concentration of an organisation’s patent applications across these 34 areas (Hall, Jaffe, and Trajtenberg  
2001; Trajtenberg, Henderson, and Jaffe 1997).11 OKD, thus, is an inverse of knowledge concentration. It 
considers all patent applications filed by firm f in the focal and the four preceding years (t to t-4) excluding 
the focal inventor’s patents. The resulting inventor-firm-level measure OKDift is time-varying and allows us 
to capture the organisational knowledge context to which a given inventor i is exposed, given her presence 
in particular firms for years t. OKDift is measured as: 

8For example, one item for extraversion presented to inventors reads ‘I am someone who is communicative and talkative’ while an item to measure 
openness reads ‘I am someone who is original and brings new ideas.’ The openness items have an average interitem correlation of 0.83. The 
extraversion items have an average interitem correlation of 0.91. Further details on the construction of the personality traits from this survey can 
be found in Frosch et al. (2015b).

9Zwick et al. (2017) report an exploratory factor analysis confirming the expected five-factor structure, we agree that additional evidence on the 
psychometric properties of the SOEP Big Five Inventory (BFI-S) is useful. Such information is available in the literature describing the SOEP 
personality measures. First, the BFI-S was developed and validated for the SOEP by Gerlitz and Schupp (2005), who document the design and 
implementation of the instrument in large-scale survey contexts. Subsequent methodological work has examined the reliability and factor 
structure of the measure in more detail. Lang et al. (2011) provide a comprehensive psychometric evaluation of the SOEP BFI-S using structural 
equation modelling approaches and tests of measurement invariance. Their analysis confirms the expected five-factor structure and reports 
internal consistency estimates for the three-item subscales that are typical for very short personality inventories (Neuroticism α ≈ .60; 
Extraversion α ≈ .66; Openness α ≈ .63; Conscientiousness α ≈ .60; Agreeableness α ≈ .50).

10The assumption is that the inventor is employed with the applicant; in an earlier inventor survey, the PATVAL-EU study, it was shown that this 
assumption is true for 92% of the patents listing German inventors (Hoisl 2007).

11An alternative approach is to calculate a concentration index across more fine-grained 4-digit IPC classifications. As the number of patents in each 
of the bins tends to be small the resulting HHI might be biased (Hall 2005). As a robustness test, we have calculated an OKD-measure as one 
minus the HHI-concentration of a company’s patent filing across different four-digit IPC classes (IPC4). We obtain comparable results with this 
measure of OKD.
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(1-HHIift) is bound between 0 and 1, and higher values indicate higher knowledge diversification of firm 
f in year t.12 In a last step, we average OKDift for the years between a focal inventor’s i first and last patent 
with a given firm to obtain a time-invariant measure of OKD for each inventor i.

3.2.3. Control variables13

3.2.3.1. Education. As the level of formal education correlates with improvements in general cognitive 
ability and accumulated knowledge (Ritchie, Bates, and Deary 2015), inventors with higher educational 
attainment may produce more inventions. We use three dummy variables to reflect if the inventor 
obtained: 1) vocational education; 2) a diploma, bachelor’s, or master’s degree (reference category); or 3) 
a PhD or doctoral degree.

3.2.3.2. Age. To capture an inventor’s main demographics beyond education, the regressions contain 
additional controls. We use the year of birth of inventors from our survey and include indicator variables for 
birthyear cohorts [1946; 1950], [1951; 1955], [1956; 1960], [1961; 1965], [1966; 1970] with inventors born 
after 1970 being the reference category.

3.2.3.3. Share of R&D-intensive work. This variable is a dummy that equals 1 if the share of R&D work in 
the inventors’ working time exceeds 0.35 on average.

3.2.3.4. Generalist work experience. This variable is a dummy that equals 1 if the inventor indicated that s/ 
he worked as a generalist during his/her entire career.

3.2.3.5. Problem-solving style. We create two variables capturing the problem-solving style of the inven
tors. This measure is based on the Cognitive Reflection Test (CRT) developed by Frederick (2005). The 
brief, three-item scale assesses an individual’s cognitive style. In the survey, respondents were presented 
with three puzzles that typically elicit an immediate, intuitive response. However, arriving at the correct 
solution requires more deliberate, analytical thinking. The number of correct answers reflects the extent to 
which respondents engage in systematic problem-solving. The first variable, intuitive problem-solving style, 
is a dummy variable that equals 1 if at least one answer in the CRT test is solved intuitively. Systematic 
problem-solving style is a dummy that equals 1 if all answers in the CRT test are correct.

3.2.3.6. Divergent thinking. Divergent thinking abilities were assessed using the Alternative Uses Task, 
a method introduced by Guilford (1967) and widely recognised as a standard test for evaluating creativity. 
The validity of this test has been confirmed in numerous studies (Kim 2006; Sternberg 1999). It measures 
the ability to think creatively (Runco 1991), without requiring prior knowledge. Following established 
procedures in the literature, participants were asked to list as many original and creative uses of a brick as 
possible within 3 minutes. Responses ranged from zero to 38 ideas, with an average of eight ideas per 
participant.

Three independent reviewers evaluated the originality and creativity of each idea on a scale from 1 (not 
very creative) to 5 (very creative). The final score for each idea was calculated as the average of the three 
ratings. To capture high levels of divergent thinking, we constructed a binary variable that takes the value of 
1 if a participant’s median creativity score across all submitted ideas exceeded 2.8, corresponding to the 90th 
percentile of the distribution.

3.2.3.7. Positive risk attitude. This variable is a dummy that equals 1 if the self-assessed risk attitude on 
a scale between 0 (highly risk-averse) and 10 (highly risk-seeking) is 7 or higher. The scale is used by the 
German Socio-Economic Panel (GSOEP) (Dohmen et al. 2011).

12We chose a time window of five years to reflect the fact that inventors are more likely to access recent knowledge residing in an organisation. Our 
main findings are robust towards changes in the time window considered.

13We follow Zwick et al. (2017) in the choice of control variables.
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3.2.3.8. Career motivation. We created four variables to capture the career motivation of the inventors. 
Extrinsic motivation, intrinsic motivation, value-related motivation, and leadership motivation are all factors 
that resulted from a factor analysis of 16 questions on career motivation asked in the questionnaire. All 
questions were asked on a five-point Likert scale ranging from 1 (completely unimportant) to 5 (very 
important).

3.2.3.9. Inventor team size. We include the log of the average number of inventors listed on a focal 
inventor’s patents to capture that inventions are often developed collaboratively as an offset in our Poisson 
regressions.

3.2.3.10. Firm size. To control for the size of an inventor’s organisation, we use the size of the organisa
tion’s patent portfolio as a proxy. The size of the employers throughout inventors’ careers is computed 
based on the size of the patent portfolios of the applicant institutions between 1978 and 2010. Following 
Zwick et al. (2017), applicant size shares si,asize at the inventor level are calculated as the number of patent 
applications, Pi,asize, produced while inventor i was associated with applicant institutions that filed a total of 
patents within the size category, asize, divided by the total number of patents, Pi, filed by inventor i as si,asize  
= Pi,asize/Pi. The applicant size categories are 1 patent application (reference category) 2–24 patent applica
tions 25–249 patent applications 250–999 patent applications, and 1000 patent applications or more.

3.2.3.11. Technology areas. We include technology dummies to account for whether the inventors in the 
sample were originally classified as clean technology, nanotechnology, or mechanical engineering inventors 
(Schmoch 2008).

3.3. Analytical approach

Our dependent variable, the number of patents filed by the focal inventor during the observational period, is 
a count variable. Thus, we rely on count-data regression models. A model of the number of patentsPati filed 
by inventor i assumes that the observed counts follow a Poisson distribution with parameter λi (Cameron 
and Trivedi 2001)14

where in the Poisson model λi is the expected value and the variance of the number of patents filed by 
a given inventor. For the expected count, we consider specifications of the form

where Xi is a vector of regressors describing the characteristics of inventor i and their employer, while β is 
a vector of regression coefficients.

To account for the fact that patents are often based on team inventions, we adapt the Poisson model to 
model fractional patent counts. As highlighted above, an inventor’s fractional patent count is obtained by 
dividing the inventor’s total number of patents Pati filed by the average number of co-inventors on these 
patents (coinventorsi). A straightforward approach is to include the log of coinventorsi as offset in the 
Poisson regression where its coefficient is restricted to equal 1. Doing so allows us to directly measure the 
effect of our explanatory variables on the fractional patent count in the regression, without further 
adjustments. The expected fractional patent count is given by ~λi � 1=co � inventorsi, where ~λi is the expected 
value of the total number of patents filed by an inventor. Given the specification in (2), this reasoning yields 
a specification that can readily estimate invention output:

14While the negative binomial model is more flexible and allows for overdispersion in the dependent variable, it is more sensitive towards 
violations of the underlying distribution assumptions. The Poisson model, on the other hand, does not allow for overdispersion but is robust 
towards violations of the distributional assumptions (Gourieroux, Monfort, and Trognon 1984a, 1984b). For this reason, we have chosen a Poisson 
specification.
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Compared to alternative specifications, such as a simple linear regression framework, this modelling 
approach better captures the skewed distribution and the non-negativity of patent counts. As a result, it 
avoids underestimating the standard errors of the coefficient estimates and yields more robust inferences 
(Cameron and Trivedi 2001). In a Poisson regression model, the coefficients β represent the effect of the 
regressors on the log of the expected count of patents, λi. Specifically, for a one-unit increase in a regressor 
Xi, holding all other variables constant, the coefficient β indicates the change in the log of the expected 
count, log(λi). Exponentiating the coefficient, exp(β), provides the multiplicative effect on the expected 
count of patents. It can be interpreted as a percentage change in the expected number of patents, assuming 
all other factors remain constant.

To test for moderation effects, we interact OKD with openness and extraversion. Positive coefficients 
indicate that higher levels of OKD are amplifying the underlying baseline effect of openness and extraver
sion. In nonlinear models such as logit, probit, or Poisson, the coefficient of an interaction term reflects 
a change on the latent (link-function) scale, not the marginal change in the expected outcome. The true 
interaction effect – the cross-partial derivative of the predicted mean with respect to the two variables – 
depends on the full vector of covariate values and can even change sign across the sample, so it must be 
computed and visualised over a range of plausible covariate combinations. Hence, it does not read directly 
from the coefficient (Ai and Norton 2003).

The interacted models restrict the coefficients of all other variables to be constant for different values of 
OKD. To relax this restriction, we split the sample and report results for organisations with low OKD 
(below-median level) and high OKD (above-median level) during the sample period. The results from these 
split-sample regressions are an additional test to the interacted model, as they allow comparing the effects of 
openness and extraversion in different OKD environments directly.

Personality has been shown to be stable over time (Cobb-Clark and Schurer 2012; Costa and McCrae  
1992; Roberts and DelVecchio 2000; Specht, Egloff, and Schmukle 2011).15 Nevertheless, we conducted 
robustness checks with shorter time periods considering only patents filed within the last 10 years of our 
sampling period (the results are available from the authors upon request). Our variables of interest can thus 
be expected to be independent of inventive activity.

Inventors of different activity patterns might self-select (sort) in organisations that systematically differ 
in their level of knowledge diversification, which would render invention activity endogenous to OKD. In 
the absence of exogenous variation for clean causal identification, we interpret our findings as correlations. 
We cannot rule out that some of our explanatory variables are endogenous to inventive activity, i.e. they 
may be ‘bad controls’ (Angrist and Pischke 2009; Cunningham 2021, 102ff). However, if we omit these 
variables, we risk estimating spurious correlations.

4. Results

4.1. Descriptive statistics

The descriptive statistics for our dependent and independent variables are summarised in Table 1. On 
average, the inventors in our sample filed 8.87 patents over the course of their careers. Personality traits are 
measured on a 7-point Likert scale, with average scores of the factors amounting to 5.0 and 4.9, respectively, 
factor analysis of 15 items on personality traits. The average value of OKD is 0.85, with a range from 0 to 1. 
In Figure A3 in the Appendix, we provide the distribution of OKD across the inventors in our sample. The 
histogram demonstrates considerable skewness in OKD levels across inventors.

In terms of educational attainment, 55.0% of the 1,131 inventors in our sample have a university degree 
as the highest educational qualification (which is used as the reference group). 36.9% have successfully 
completed a PhD, while 8.1% reported an apprenticeship (vocational training) as their highest educational 
qualification. Holding a PhD is weakly positively correlated with inventive activity (0.081), whereas 
vocational training is weakly negatively correlated with inventive activity (−0.044). The average inventor 

15Bazana and Stelmack (2004) and Bleidorn et al. (2022), for instance, provide comprehensive meta-analyses reflecting empirical support for 
personality trait stability over time, while Hampson and Goldberg (2006) and Damian et al. (2019) study trait stability over 40 and 50 years, 
respectively.
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was born 1962.16 Regarding the key variables, the pairwise correlation between openness and inventive 
activity is positive, though small (0.095). Agreeableness is not correlated with inventive activity, the 
remaining personality traits are negatively correlated with inventive activity.

In Table 2, we report the average number of patents per inventor in our sample as well as average Big Five 
personality traits for low-OKD and high-OKD environments. This allows us to provide a first look into the 
potential selection of specific inventor types into different organisational environments.

A comparison of inventive activity and measured Big Five personality traits reveals no significant 
differences in the composition of inventors between low-OKD and high-OKD firms. Pairwise t-tests 
comparing averages cannot reject the null hypothesis of equal means for any of these variables. While 
this does not rule out potential endogeneity due to selectivity into OKD environments, it should never
theless alleviate concerns.

4.2. Main results

The results of our Poisson regression analysis are reported in Table 3. The average number of co-inventors 
listed on an inventor’s patents is included as an offset, with the coefficient restricted to one in all 
specifications. As a result, the estimated coefficients capture how changes in the underlying variable affect 
an inventor’s fractional patent filings (see the explanation above). Additionally, all estimations include 
a comprehensive set of controls as described by Zwick et al. (2017). This set includes indicators for the 
inventors’ highest educational degree, birth year, problem-solving skills, and aspects of their motivation. It 
also includes dummies for organisation size and technical fields.17

4.2.1. Baseline personality effects
Column 1 of Table 3 presents the baseline effects of the personality traits on inventive activity. Openness is 
positively and significantly related to inventive activity (+0.0098; p = 0.000). The remaining traits are all 
negatively associated with patenting. Extraversion’s coefficient is −0.0091 (p = 0.000), neuroticism’s coeffi
cient is −0.0030 (p = 0.000), agreeableness’ coefficient is −0.0018 (p = 0.001) and conscientiousness’ coeffi
cient is −0.0020 (p = 0.001).

These effects translate into an increase in inventive activity per inventor of approximately 19.70% for 
a one-standard-deviation increase in openness (exp(0.0098 × 18.343)-1), a decrease in inventive activity per 
inventor of −13.12% for a one-standard-deviation increase in extraversion (exp(−0.0091 × 15.46)-1), 
−3.30% for a one-standard-deviation increase in neuroticism (exp(−0.0030 × 11.19)-1), −2.21% for a one- 
standard-deviation increase in agreeableness (exp(−0.0018 × 12.43)-1), and finally −2.21% for a one- 
standard-deviation increase in conscientiousness (exp(−0.0020 × 11.94)-1). Holding a PhD is positively 
(+0.144; p = 0.000) associated with inventive activity while vocational training is negatively (−0.119; p =  
0.000) associated, each compared to inventors with a bachelor’s or master’s degree.

4.2.1.1. Personality-OKD interactions. To test the moderating effect of OKD on the baseline effects of the 
five personality traits, we first split the sample into two subsets to allow the coefficients to vary across low 

Table 2. Inventor-level averages of inventive activity (number of patent filings) 
and personality traits.

OKD low OKD high Total

Inventive activity 10.19 7.55 8.872
Openness 4.98 4.98
Extraversion 4.36 4.38 4.34
Neuroticism 3.41 3.46 3.43
Agreeablenss 5.09 5.07 5.08
Conscientiousness 5.59 5.53 5.56

We split the sample at the median level of OKD. None of the differences within a given 
personality trait is statistically significant.

16Unsurprisingly, the correlation between job tenure and age is large (0.78). Our regression specifications include age as a continuous variable but 
split tenure in different cohorts using dummy variables to alleviate potential problems from multicollinearity. In unreported robustness tests, we 
have estimated alternative specifications, including only age or job tenure. The results regarding the key variables remain largely unchanged.

17The full set of results is provided in Table A1. in the Appendix.
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Table 3. Coefficient estimates from Poisson model of inventive activity (number of patent filings).
Pooled Split Sample Interacted

Low OKD High OKD

(1) (2) (3) (4)

Independent Variables
Openness 0.00982*** 0.0106*** 0.00723*** 0.0142***

[0.000793] [0.00111] [0.00117] [0.00349]
Openness * OKD −0.00522

[0.00404]
Extraversion −0.00906*** −0.0122*** 0.000431 −0.0170***

[0.000886] [0.00112] [0.00151] [0.00401]
Extraversion * OKD 0.00945**

[0.00472]
Neuroticism −0.00299*** 0.00181 −0.00800*** −0.00825*

[0.000943] [0.00126] [0.00147] [0.00452]
Neuroticism * OKD 0.00611

[0.00525]
Agreeableness −0.00175* −0.000543 −0.00828*** −0.00613

[0.000949] [0.00123] [0.00161] [0.00412]
Agreeableness * OKD 0.00526

[0.00490]
Conscientiousness −0.00197** 0.00231* −0.00581*** −0.00342

[0.000923] [0.00130] [0.00136] [0.00442]
Conscientiousness * OKD 0.00153

[0.00508]
Control Variables
OKD −0.710*** −1.554***

[0.0554] [0.390]
Voc. education (Yes = 1) −0.119*** −0.0833 −0.0806 −0.114***

[0.0423] [0.0575] [0.0647] [0.0424]
PhD (Yes = 1) 0.144*** 0.0138 0.286*** 0.145***

[0.0233] [0.0335] [0.0341] [0.0233]
1965 < Birth < 1971 0.0734* 0.144*** 0.0631 0.0739*

[0.0378] [0.0539] [0.0549] [0.0381]
1960 < Birth < 1966 0.319*** 0.389*** 0.380*** 0.316***

[0.0366] [0.0532] [0.0514] [0.0368]
1955 < Birth < 1961 0.381*** 0.510*** 0.332*** 0.377***

[0.0432] [0.0617] [0.0629] [0.0433]
1950 < Birth < 1956 0.398*** 0.425*** 0.418*** 0.392***

[0.0447] [0.0641] [0.0657] [0.0450]
1945 < Birth < 1951 0.395*** 0.597*** 0.223*** 0.395***

[0.0439] [0.0621] [0.0646] [0.0440]
Intensive R&D Experience (Yes = 1) −0.00541 −0.0417 0.147*** −0.00574

[0.0257] [0.0350] [0.0397] [0.0258]
Generalist Experience (Yes = 1) −0.0548** −0.0741** 0.0362 −0.0555**

[0.0216] [0.0294] [0.0330] [0.0217]
Systematic Problem-Solving Style 0.0249 0.145** −0.00644 0.0269

[0.0430] [0.0569] [0.0669] [0.0431]
Intutitive Problem-Solving Style −0.00602 0.137** −0.115* −0.00402

[0.0444] [0.0586] [0.0698] [0.0445]
Divergent Thinking −0.0671** −0.0328 0.0218 −0.0738**

[0.0324] [0.0441] [0.0502] [0.0326]
Risk Attitude 0.177*** 0.0360 0.388*** 0.176***

[0.0225] [0.0304] [0.0340] [0.0225]
Career Motivation: Extrinsic Motivation −0.0453*** −0.0668*** −0.0165*** −0.0457***

[0.00366] [0.00495] [0.00573] [0.00366]
Career Motivation: Intrinsic Motivation 0.0486*** 0.0496*** 0.0645*** 0.0494***

[0.00594] [0.00777] [0.00988] [0.00596]
Career Motivation: Values 0.0170*** 0.0146** 0.000943 0.0165***

[0.00548] [0.00733] [0.00864] [0.00548]
Career Motivation: Leadership −0.0266*** −0.00595 −0.0580*** −0.0264***

[0.00551] [0.00756] [0.00834] [0.00552]
Cleantech (Yes = 1) −0.0183 −0.347*** 0.290*** −0.0164

[0.0275] [0.0385] [0.0422] [0.0276]
Mechanical Engineering (Yes = 1) 0.179*** −0.00881 0.223*** 0.181***

[0.0314] [0.0436] [0.0508] [0.0315]
1 < Applicant Size < 25 0.971*** 1.567 0.807*** 0.975***

[0.249] [1.006] [0.262] [0.249]
24 < Applicant Size < 250 1.709*** 2.253** 1.499*** 1.710***

[0.244] [1.003] [0.254] [0.244]
249 < Applicant Size < 1000 1.819*** 2.395** 1.598*** 1.823***

[0.245] [1.003] [0.257] [0.245]
999 < Applicant Size < 10000 2.156*** 2.712*** 1.886*** 2.158***

[0.243] [1.003] [0.252] [0.243]
Constant −0.919*** −1.887* −1.918*** −0.204

(Continued)
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and high-OKD environments. One subset contains organisations with below-median OKD (low OKD, 
column 2 of Table 3). The other subset contains organisations with above-median OKD (high OKD, column 
3 of Table 3). Using the full sample, we subsequently test the interactions between the Big 5 traits and OKD 
(column 4 of Table 3) in a more restricted model, keeping the coefficients of all other variables fixed as OKD 
changes.

Examining the relationship between openness and inventive activity, the positive effect is higher in low 
OKD environments (+0.0106; p = 0.001; column 2 of Table 3) than in high OKD (+0.00723; p = 0.001; 
column 3 of Table 3) organisations, equalling an increase in the patent activity by 21.4% (exp(0.0106 ×  
18.34)-1) and 14.18% (exp(0.00723 × 18.34)-1), respectively. The coefficients are not statistically different 
from each other (p = 0.538), however.18 The interaction effect in column 4 of Table 3, however, amounts to 
−0.0052 (p = 0.197) and is also not significantly different from zero. As explained above, the interpretation 
of interaction effects in non-linear models requires their evaluation at different values of the underlying 
variable (Ai and Norton 2003). In Figure 1, we visualise the marginal effects of the Big Five traits on 
inventive activity for different values of OKD, showing that the beneficial effect of openness is slightly 
weakened by increasing levels of OKD. Taken together, we find a clear positive direct effect of openness on 
inventive activity, while the interaction is less clear and depends on the model specification.

The interaction term between extraversion and OKD is positive (+0.00945, p = 0.045, column 4 of 
Table 3). The effect of extraversion on inventive activity varies in environments with low (−0.0122; p =  
0.000; column 2 of Table 3) and high (+0.000431; p = 0.776; column 3 of Table 3) OKD. The coefficients are 
statistically different from each other at the 10% level (p = 0.068). In organisations with low OKD, increasing 
extraversion reduces inventive activity. A one-unit increase in extraversion is associated with a 17.19% 
reduction in inventive activity (exp(−0.0122 × 15.46)-1). In organisations with high OKD, extraversion is 
not associated with increased inventive activity as the coefficient is small and insignificant. Thus, a high 
OKD environment can decrease the negative relationship between extraversion and inventive activity.

The interaction term between neuroticism and OKD is positive (+0.0061, p = 0.245, column 4 of Table 3). 
The effect of neuroticism on inventive activity varies in environments with low (0.00181; p = 0.152; column 
2 of Table 3) and high (−0.0080; p = 0.000; column 3 of Table 3) OKD. The coefficients are not statistically 
different from each other (p = 0.140). In organisations with low OKD, increasing neuroticism increases 
inventive activity. A one-unit increase in neuroticism is associated with an insignificant increase in 
inventive activity. In organisations with high OKD, increasing neuroticism lowers inventive activity. A one- 
unit increase in extraversion is associated with a 8.56% decrease in inventive activity (exp(−0.0080 × 11.19)- 
1). The interaction term between agreeableness and OKD is positive (+0.00526, p = 0.285, column 4 of 
Table 3). The effect of agreeableness on inventive activity varies in environments with low (0.0005; p =  
0.685; column 2 of Table 3) and high (−0.00828; p = 0.000; column 3 of Table 3) OKD. The coefficients are 
not statistically different from each other (p = 0.290). In organisations with low OKD, increasing agree
ableness is not significantly related to inventive activity. In organisations with high OKD, increasing 
agreeableness lowers inventive activity. A one-unit increase in agreeableness is associated with a 9.78% 
decrease in inventive activity (exp(−0.00828 × 12.43)-1). The interaction term between conscientiousness 

Table 3. (Continued).
Pooled Split Sample Interacted

Low OKD High OKD

(1) (2) (3) (4)

[0.271] [1.013] [0.299] [0.425]
Observations 1,131 566 565 1,131
R-squared

Note. Standard errors in brackets. ***p < .01, **p < .05, *p < .10; Education reference group: diploma, bachelor’s, or master’s degree; Firm 
size reference group: portfolio size = 1 patent; Experience reference group: labour market entry before 1970; Technology area reference 
group: nanotechnology. 

Note: The regression contains the average number of co-inventors as an offset.

18We have tested whether the difference between the two coefficients is statistically different from 0 relying on STATA’s suest command followed 
by a general test using lincom.
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and OKD is positive but insignificant (+0.0015, p = 0.764, column 4 of Table 3). The effect of conscientious
ness on inventive activity varies in environments with low (0.00231; p = 0.075; column 2 of Table 3) and 
high (−0.00581; p = 0.000; column 3 of Table 3) OKD. The coefficients are not statistically different from 
each other (p = 0.195). In organisations with low OKD, increasing conscientiousness increases inventive 
activity. A one-unit increase in conscientiousness is associated with a 2.80% increase in inventive activity 
(exp(0.00231 × 11.94)-1). In organisations with high OKD, increasing conscientiousness lowers inventive 
activity. A one-unit increase in conscientiousness is associated with a 7.18% decrease in inventive activity 
(exp(−0.00581 × 11.94)-1).

4.2.1.2. Robustness tests. The main results of our analyses are robust across different samples and alter
native regression specifications. To address concerns about trait stability, we estimated the corresponding 
specifications for the main regressions using a restricted sample of inventive activity from the 10-year 
period prior to the survey. Focusing on inventive activity within this shorter time frame alleviates the need 
to assume that personality traits remain stable over several decades. The results of these regressions are 
largely comparable to the main findings (available from the authors upon request). Specifically, we observe 
positive effects of openness and negative effects of extraversion on inventive activity. The moderation of 
these effects by OKD resembles the patterns observed in the main regression. Second, we calculated an 
alternative variant of our OKD measure. This variant is based on the concentration of a firm’s patent filings 
across IPC4 categories, rather than the 34 technology classes used in our main regressions. The findings 
from these specifications are available from the authors upon request. Our key findings remain robust, 
though the precision of the finding on openness has decreased.

4.2.1.3. Additional post-hoc analyses. We conducted additional analyses to explore whether our findings 
extend beyond the quantity of inventive to qualitative dimensions. For this purpose, we use the radicalness 
of an inventor’s patents as an alternative dependent variable. Radicalness captures the extent to which an 
invention recombines technological knowledge in novel ways. It is a widely used indicator of technological 
novelty (Verhoeven, Bakker, and Veugelers 2016). Appendix A4 reports results from re-estimating the 
specifications reported in Table 3, using the average radicalness of an inventor’s patents as the dependent 
variable and an ordinary least squares estimator with standard errors clustered at the company level. The 
effects of the personality traits are largely insignificant (see column 1, Appendix A4). In the fully interacted 
model (column 4, Appendix A4), however, the interaction terms between OKD and openness and between 
OKD and extraversion remain statistically significant. Interestingly, these effects go in the opposite direc
tion from the effects regarding inventive quantity. Openness has a negative main effect, which is positively 
moderated by OKD (positive interaction). Extraversion has a positive main effect, which is negatively 

Figure 1. Marginal effects (at the mean) of the Big Five traits, corresponding to column 4 of Table 3.
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moderated by OKD. Since our theoretical framework concerns the quantity rather than the quality of 
inventive output, we treat these results as complementary evidence and an interesting subject for future 
research. However, we do not develop them further.

5. Discussion and conclusion

This study examined whether and how individual personality traits, conceptualised through the FFM, relate 
to inventive activity in R&D contexts, and how these relationships are shaped by OKD. While prior research 
has consistently linked personality traits to creativity, their translation into invention has remained less 
clear. We find that openness is positively associated with inventive activity, whereas extraversion, neuroti
cism, agreeableness, and conscientiousness are negatively associated with inventive activity. OKD positively 
moderates the negative relationship between extraversion and inventive activity, indicating that in high- 
OKD environments, the adverse association between extraversion and inventive activity is attenuated.

5.1. Research contributions

This study contributes to several literature streams. First, it advances innovation research by conceptually 
and empirically distinguishing creativity from invention, thereby clarifying why traits conducive to crea
tivity may not directly foster inventive activity. By incorporating all five personality traits, we provide 
a more comprehensive perspective on personality and invention. Second, it contributes to the literature on 
organising for innovation (Dougherty 1996; Tushman and Nadler 1986) and person – organisation fit. This 
literature emphasises how alignment between individual and organisational characteristics shapes perfor
mance (Eggers and Kaplan 2013). Our findings extend this view by showing that OKD systematically 
conditions how personality traits translate into inventive outcomes. Individual characteristics alone are 
insufficient; their effects depend on the surrounding knowledge environment. Thus, knowledge compo
nents do not recombine in isolation but through the interaction of individual dispositions and organisa
tional structures (Eggers and Kaplan 2013; Zahra, Neubaum, and Hayton 2020). This implies that 
organisational design choices, such as how teams are composed or how knowledge is structured, may be 
as consequential for invention as individual selection and development.

Third, the study contributes to the knowledge recombination literature by adopting a multi-level 
perspective linking individual cognitive processing to the structure of available knowledge components 
(Savino, Messeni Petruzzelli, and Albino 2017; Xiao, Makhija, and Karim 2021). While OKD captures the 
breadth of knowledge backgrounds, expertise, and perspectives within organisations (Carnabuci and Operti  
2013; Miller 2006; Miller, Fern, and Cardinal 2007; Nagle and Teodoridis 2019; Zhou and Li 2012), our 
findings indicate that such diversity has ambivalent effects. High knowledge diversity can both constrain 
and enable inventive performance by altering the salience of personality traits. These insights underscore 
the dual role of cognitive diversity as both a source of recombination opportunities and a driver of 
integration complexity. More broadly, they suggest that future research on knowledge recombination 
should move beyond examining either individual or organisational antecedents in isolation and instead 
investigate how individual dispositions and knowledge environments jointly impact inventive outcomes.

Our exploratory post-hoc analyses provide additional insights on an important trade-off: because the 
personality – OKD configurations that maximise the quantity of inventive output differ from those 
associated with its radicalness, firms need to be clear about the objective they are pursuing. Open inventors 
generate the highest patent volume in low-OKD settings, yet their most radical inventions appear in high- 
OKD settings, implying that optimising for inventive throughput and optimising for technological novelty 
may call for opposite placement strategies for the same individuals.

5.2. Limitations and future research

Several limitations warrant future attention. First, inventions result from collaborative efforts among co- 
inventors. Many recombination mechanisms arise from team composition and aggregate behavioural 
dynamics (I. Aggarwal and Woolley 2019; Melero and Palomeras 2015), including team-level personality 
configurations (Morgeson, Reider, and Campion 2005). As in prior inventor survey studies (e.g. Giuri et al.  
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2007; Nagaoka and Walsh 2009), our design cannot capture the traits and search behaviours of all co- 
inventors. Future studies may adopt team-level designs. Second, a technologically diverse patent portfolio 
does not guarantee that inventors can access or recombine the underlying knowledge. Organisational 
processes such as knowledge management systems, cross-unit collaboration, and open cultures may enable 
or constrain the effective use of OKD. Future research should incorporate such governance mechanisms. 
Third, like all survey-based trait measures, FFM indicators may contain time-specific noise. Although this 
would bias against detecting effects, robustness checks using shorter observation periods produced stable 
results, strengthening confidence in reliability.

Fourth, inventor allocation to organisations may be endogenous if selection effects or homophily are 
present. In particular, unobserved co-inventor personality traits remain a limitation. Without exogenous 
variation, our findings remain correlational. Future research could exploit shocks such as firm restructuring 
or closures to identify causal effects. Fifth, the survey data may be subject to response bias, as participation 
and responses could be correlated with inventors’ personality traits. Sixth, because the dependent variable is 
based on patent counts, the sample excludes individuals who engage in inventive activities but do not file 
patents, potentially limiting the generalisability of the findings to inventors who do not patent. Finally, the 
observed relationships may be context-specific. The importance of personality traits such as openness and 
conscientiousness for inventive performance may vary across industries, technological domains, and 
organisational environments, which may limit the applicability of the results to other settings. Future 
research could address this limitation by examining the underlying relationships in different industries and 
contexts.

5.3. Managerial implications

Despite these limitations, the study offers important implications for corporate R&D, talent acquisition, and 
human resource management. Personality traits should be considered in hiring and allocation decisions, but 
always in conjunction with the organisational knowledge environment (Shaw, Park, and Kim 2013; Sim 
et al. 2007; Tzabbar 2009; Wang and Zatzick 2019). Rather than selecting universally optimal profiles, firms 
should align individual traits with their level of knowledge diversification. HR practices should therefore 
assess person – organisation fit by considering both dispositions and organisational knowledge structures.

More specifically, firms operating in low-OKD environments may benefit from prioritising individuals 
high in openness, whose cognitive flexibility can compensate for limited opportunities for recombination. 
In contrast, in high-OKD environments, where knowledge diversity is abundant yet complex, these 
advantages may diminish because of cognitive overload and coordination challenges. Structured processes 
and clear task definitions may therefore be necessary to convert exploratory tendencies into tangible 
inventive outcomes. At the same time, traits often viewed as less favourable for invention, such as 
extraversion, may become less detrimental in high-OKD contexts, as extraverted individuals can leverage 
networking and communication strengths to navigate complex knowledge landscapes.

These insights imply that managers should focus on selection and on designing the knowledge environ
ment. Firms can shape OKD and its usability through knowledge management systems, cross-functional 
collaboration structures, and governance mechanisms that reduce coordination costs, for example, modular 
knowledge architectures, boundary-spanning roles, and integrative platforms. Such measures can help 
individuals better exploit diverse knowledge bases. Finally, our results highlight the value of dynamic talent 
allocation. Instead of assigning inventors permanently to specific projects or units, organisations may 
benefit from rotating individuals across projects with varying levels of knowledge diversity, thereby aligning 
personality traits with task requirements over time. Such adaptive matching strategies can enhance both 
individual performance and innovative output.
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Appendices

Appendix A1

Sampling strategy

Step 1

Based on a list of all European patent (EP) applications with priority dates between 2004 and 2008, all patent 
applications assigned to one of the three technology fields clean technology, nanotechnology, and mechanical 
engineering that listed at least one inventor with a home address in Germany were identified. These are 16,593 EP 
patent applications.

Step 2

Patents with incomplete or missing inventor names or addresses were removed from the sample, resulting in 16,485 EP 
applications with 11,108 from CT, 2,170 from NT, and 3,953 from ME. 373 patent applications were assigned to more 
than one of the three technological areas.

Step 3

Inventors listed on the patent documents who had an address in Germany at the time of the patent filing were 
identified.

Step 4

458 inventors were removed from the sample (305 inventors mentioned on CT patents and 153 inventors mentioned 
on ME patents) because they were questioned in a related survey. In addition, 150 randomly selected inventors were 
used to pre-test the survey instrument (100 inventors mentioned on CT patents and 25 inventors each mentioned on 
NT and ME patents).

Step 5

All inventors listed on CT or NT patents were kept, and, for budgetary reasons, 35% of the inventors listed on patents 
assigned to ME (2,402 inventors) were selected at random. This resulted in 9,586 inventors, who form the basic sample 
(see Table 1).

Response rate

The online questionnaire resulted in 1,932 responses (1,174 assigned to CT, 232 assigned to NT, and 526 assigned to 
ME). After correcting for 3,044 quality-neutral dropouts (the information on how many addressees could not be 
reached by the invitation letter (2,922) was delivered by an address check of the German Post. Another 99 losses 
resulted from returned letters and 23 from deceased inventors), the corrected response rate amounted to 29.5% (1,932/ 
(9,586 – 3,044)) (see Table 2).

Table A1. A) Data sources and composition of the sample (Frosch et al. 2015b). Clean technology innovations in 
Germany: human capital accumulation under heterogeneous knowledge – data and methodology report).

Notes: *) Random sample drawn from a total of 6,856 ME inventors. 
**)The patent data sources are described in detail in section 2.3.
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Appendix A2

15-item short version of the FFM personality inventory according to Gerlitz, JY, Schupp, J (2005) Zur 
Erhebung der big-five-basierten persoenlichkeits-merkmale im SOEP DIW research notes, 4

Table A2. B) Sample sizes and response rates (Frosch et al. 2015).
Technology field Sample size (# inventors) Responses (# inventors) Response rate [%] Corrected response rate [%]

Clean technology (CT) 5,911 (all) 1,174 19.9
Nanotechnology (NT) 1,273 (all) 232 18.2
Mechanical elements (ME) 2,402 (random sample*)) 526 21.9
Total 9,586 1,932 20.2 29.5

Notes: *) Random sample drawn from a total of 6,856 ME inventors.
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Appendix A3

Distribution of OKD

Note: Higher OKD values indicate higher knowledge diversification an inventor i faces at firm f . OKD is zero if a company’s 
entire patent portfolio has been filed in exclusively a single technology area.

Appendix A4

Coefficient estimates from OLS models of inventive quality (radicalness of patent filings)

Pooled Split Sample Interacted

Low OKD High OKD

Dependent Variable Radical invention

(1) (2) (3) (4)

Independent Variables
Openness 0.000235 7.17e-05 0.000625 −0.00340**

[0.000386] [0.000535] [0.000530] [0.00152]
Openness * OKD 0.00427**

[0.00180]
Extraversion 0.000108 0.000838 −0.00110 0.00536***

[0.000529] [0.000622] [0.000972] [0.00206]
Extraversion * OKD −0.00634**

[0.00259]
Neuroticism −3.20E-05 −0.000542 0.000187 −0.00192

[0.000500] [0.000709] [0.000787] [0.00204]
Neuroticism * OKD 0.00222

[0.00239]
Agreeableness 0.000228 −0.000719 0.000956 −0.0025

[0.000516] [0.000705] [0.000881] [0.00216]
Agreeableness * OKD 0.00338

[0.00260]
Conscientiousness 8.31E-05 −0.000116 −2.07e-05 0.00166

[0.000468] [0.000661] [0.000572] [0.00212]
Conscientiousness * OKD −0.00177

[0.00240]
Control Variables
OKD 0.0941** −0.00169

[0.0365] [0.208]
Average Number of Co-inventors −0.00628** −0.00798 −0.00579* −0.00649**

[0.00285] [0.00484] [0.00346] [0.00287]
Voc. education (Yes = 1) −0.00819 −0.0192 0.0239 −0.00962

[0.0213] [0.0249] [0.0386] [0.0213]
PhD (Yes = 1) 0.0256** 0.0227 0.0363* 0.0264**

[0.0118] [0.0152] [0.0187] [0.0118]
1965 < Birth < 1971 −0.0178 −0.0168 −0.0285 −0.0177

(Continued)
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Pooled Split Sample Interacted

Low OKD High OKD

Dependent Variable Radical invention

(1) (2) (3) (4)

[0.0170] [0.0221] [0.0264] [0.0171]
1960 < Birth < 1966 −0.0159 −0.0152 −0.0239 −0.0169

[0.0193] [0.0272] [0.0265] [0.0191]
1955 < Birth < 1961 0.00112 0.00178 −0.0249 −0.00047

[0.0238] [0.0310] [0.0343] [0.0237]
1950 < Birth < 1956 −0.0162 −0.0237 −0.0298 −0.0164

[0.0236] [0.0311] [0.0351] [0.0238]
1945 < Birth < 1951 0.00918 −0.0127 0.0108 0.00874

[0.0234] [0.0321] [0.0339] [0.0235]
Intensive R&D Experience (Yes = 1) 0.0272* 0.0334* 0.00334 0.0251

[0.0153] [0.0178] [0.0232] [0.0154]
Generalist Experience (Yes = 1) −0.0128 −0.0132 −0.00808 −0.0147

[0.00961] [0.0145] [0.0161] [0.00953]
Systematic Problem-Solving Style −0.0119 −0.0240 0.00304 −0.0142

[0.0236] [0.0309] [0.0367] [0.0235]
Intutitive Problem-Solving Style −0.0137 −0.0183 −0.00180 −0.0141

[0.0229] [0.0319] [0.0355] [0.0230]
Divergent Thinking 0.0440** 0.0231 0.0465 0.0428**

[0.0193] [0.0239] [0.0315] [0.0188]
Risk Attitude 0.0199* 0.00902 0.0235 0.0192

[0.0121] [0.0167] [0.0190] [0.0122]
Career Motivation: Extrinsic Motivation 0.00214 0.00292 0.00119 0.00198

[0.00205] [0.00267] [0.00260] [0.00208]
Career Motivation: Intrinsic Motivation −0.000471 −0.00119 0.00125 −0.000569

[0.00342] [0.00444] [0.00503] [0.00342]
Career Motivation: Values −0.00554* −0.00704 −0.00390 −0.00533

[0.00328] [0.00447] [0.00470] [0.00324]
Career Motivation: Leadership 0.0023 0.000318 0.00537 0.00224

[0.00267] [0.00367] [0.00364] [0.00269]
Cleantech (Yes = 1) −0.0498** −0.0194 −0.0638* −0.0496**

[0.0213] [0.0254] [0.0344] [0.0213]
Mechanical Engineering (Yes = 1) −0.0939*** −0.0881*** −0.0844** −0.0932***

[0.0218] [0.0276] [0.0367] [0.0219]
1 < Applicant Size < 25 −0.0876 0.0955** −0.0853 −0.0851

[0.0782] [0.0484] [0.0798] [0.0777]
24 < Applicant Size < 250 −0.0904 0.112*** −0.0972 −0.0875

[0.0758] [0.0388] [0.0763] [0.0752]
249 < Applicant Size < 1000 −0.0591 0.141*** −0.0764 −0.0581

[0.0776] [0.0449] [0.0841] [0.0770]
999 < Applicant Size < 10000 −0.108 0.105*** −0.120 −0.103

[0.0757] [0.0390] [0.0743] [0.0751]
Constant 0.419*** 0.366*** 0.469*** 0.501***

[0.107] [0.0792] [0.122] [0.193]
Observations 1,003 506 497 1,003
R-squared 0 0.123 0.113 0

Note: Clustered standard errors in brackets. ***p < .01, **p < .05, *p < .10. Education reference group: diploma, bachelor’s, or master’s degree. Firm 
size reference group: portfolio size = 1 patent. Experience reference group: labour market entry before 1970. Technology area reference group: 
nanotechnology.
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