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Why do some new ideas have long and varied 
careers, diffusing extensively among diverse 
social actors and distinct cultural contexts, 
morphing all along the way, while others are 
short-lived, find limited use, and are quickly 
forgotten? This question underpins the nature, 
structure, and development of knowledge. 
And it is pressing to consider in our contem-
porary knowledge-based (Powell and Snell-
man 2004), internet-driven society (Castells 
1998), where people of all backgrounds are 
inundated with a dizzying and ever-expanding 
array of new ideas competing for their finite 
attention online (Bail, Brown, and Wimmer 

2019; Shifman 2013), in business (Beath et 
al. 2012; Fuller 2010), and in science (Adair 
and Vohra 2003; Huth 1989; Prasad et al. 
2010). Indeed, new ideas and knowledge are 
foundational to sustained scientific and  
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unrelated authors, achieve consistent intellectual usage, are associated with other prominent 
ideas, and fit with extant research traditions. These ecological conditions play an increasingly 
decisive role later in an idea’s career, after their relations with the environment are established. 
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to focus on the content of ideas themselves and applies a relational perspective that takes 
seriously the contingency of their success.
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technological advance as well as to effective 
policymaking, organizational change, and 
economic progress. Yet, while many new 
publications, inventions, and products offer 
novel intellectual contributions, only some 
stick, spread, and get meaningfully integrated 
into our collective understanding and knowl-
edge base (Heath and Heath 2007). Under-
standing how and why this happens is the 
focus of this article.

To be sure, this article is not the first to ask 
why some new ideas diffuse while others do 
not. Extensive literatures in the history of sci-
ence, sociology of knowledge and science, and 
even in the management sciences are dedicated 
to the task of exploring the conditions that 
promote the genesis of new ideas and facilitate 
their widespread adoption. The bulk of this 
literature emphasizes factors external to the 
ideas themselves to explain their propensity to 
diffuse. Based on these “externalist” accounts, 
a new idea spreads for a host of reasons located 
in its social context: the individual actors who 
create, champion, frame, and manage it (Laka-
tos and Feyerabend 2010; Perry-Smith and 
Mannucci 2017; Rogers [1962] 2010); the 
interconnections these actors share with other 
actors in the wider community and network 
(Grannovetter 1985; Rodan and Galunic 2004; 
Uzzi and Gillespie 2002); and even mundane 
material matters such as funding, institutional 
resources, and differential status and prestige 
(Bloor 1976; Bourdieu 1988; Merton 1968). 
Rightfully, in explaining an idea’s diffusion, 
these accounts look to the identities, relation-
ships, resources, and aims of the people who 
carry the idea widely and who continue to 
work on it at length. These accounts, in other 
words, see diffusion in the first instance as a 
social phenomenon (Sorenson and Fleming 
2004).

Yet, a complementary perspective looks 
to the cultural and ideational context of the 
idea itself (Fiegel 1970; Kaufman 2004; 
Quine 1951; Toulmin 1972). According to 
these “internalist” accounts, the diffusion of 
a new idea is predicated on its compre-
hensibility and coherence (McDonald and 
Mair 2010), its relationship to established 

paradigms and thought styles (Fleck [1935] 
1979; Kuhn 1970), and its pragmatic useful-
ness to solve problems and resonate with 
the intellectual and cultural moment (Antons, 
Joshi, and Salge 2019; Hallett, Stapleton, and 
Sauder 2019). Obviously, it takes people to 
imagine, understand, interpret, and situate an 
idea in an established body of knowledge at 
career junctures critical to its later diffusion. 
But integral to these internalist accounts is the 
ideational, indeed, intellectual context that a 
new idea enters and variably relates to when 
considering the conditions facilitating its later 
adoption.

The reality is that both external and inter-
nal conditions matter jointly and dynamically, 
depending on the new idea’s own idiosyn-
cratic career. This is the guiding intuition 
of this study. Drawing on these extensive 
literatures, we build and test a theory of diffu-
sion that combines both external and internal 
factors (i.e., social and ideational factors). In 
particular, we argue that a new idea—in this 
study’s case, a new scientific idea introduced 
in published journal articles—diffuses when 
its authors have great social prominence, span 
diverse, distal research collectives, and have 
consistent champions. We additionally argue 
that an idea is likely to diffuse when it is 
linked to prominent scientific facts, when 
it is deeply integrated into extant research 
traditions, and when it achieves coherence 
through consistent conceptual linkages to the 
established body of knowledge.

We move beyond a simple additive theo-
retical model that combines social and idea-
tional factors. We bring in the perspective 
that ideas have careers: that these ideational 
and social conditions change over time and 
that these changes, in turn, correspond with 
a new idea’s propensity to diffuse at different 
stages of its lifetime. Our findings related to 
these social and ideational conditions suggest 
a developmental story where an idea’s contin-
ued resonating appeal depends on a changing 
cast of characters and associated uses (and 
used associations). An idea’s meaning and 
position within ideational and social con-
texts is a diachronic process, and historically 
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contingent shifts in its meaning have conse-
quences for its diffusion over time.

To test this theory of diffusion, we assem-
ble a uniquely comprehensive dataset (~7 
billion token words from 38,578,016 arti-
cles of the Web of Science [WoS], 1900 
to 2016), using advanced natural language 
processing (NLP) techniques, socio-semantic 
network analysis, and over-dispersed Poisson 
regression adapted to a multilevel context. 
Specifically, we extract scientific ideas from 
articles, identify which are new, and then 
trace their diffusion across published articles 
over time. By identifying the authors and 
neighbor terms associated with these new 
ideas within and across articles, we capture 
each new idea’s networks of collaborating 
authors and networks of interrelated con-
cepts. We then aggregate these networks over 
distinct periods to reflect a new idea’s chang-
ing social and ideational context. In so doing, 
we develop a longitudinal ecological depic-
tion of how new scientific ideas vary in their 
diffusion and how such variation corresponds 
with their adapted use. Finally, we model 
which social and ideational conditions are 
associated with new ideas that diffuse more 
widely, and we use interaction models to 
identify when these conditions are associated 
with a new idea’s propensity to diffuse.

This article’s depiction of the diffusion 
of new ideas changes our understanding of 
scientific development in several ways. First, 
it offers a uniquely comprehensive view of 
how new scientific ideas diffuse by analyzing 
a large, longitudinal corpus of scholarship 
that spans heterogeneous fields of knowledge 
for over 20 years. Second, it measures ideas 
in a more refined way by observing them 
as discrete new terms and expressions (not 
as whole articles), and it traces diffusion 
as the incorporation of these ideas within 
later articles (not as mere citation). Third, it 
integrates externalist and internalist accounts, 
identifying conditions under which new ideas 
find both social and intellectual resonance (or 
lack thereof), and shows how this relates to 
their future adoption. In particular, new ideas 
find intellectual resonance when they are 

consistently and intelligibly used, and they 
address valued intellectual problems (e.g., 
core to science and embedded in research 
traditions); they find social resonance when 
they achieve social reach (e.g., with expan-
sively networked scholars). Last, the article 
depicts adaption as an important feature of 
ideational diffusion. Scholarly ideas are slow 
to take hold, and it is only after they establish 
their social and intellectual placement that fit 
conditions, or conditions of intellectual and 
social resonance, have greatest influence.

This study offers an important new contri-
bution to our understanding of why new ideas 
diffuse. It is not simply that ideas diffuse 
when they have champions or star entrepre-
neurs. And, more generally, it is not simply 
a question of the status and resources of an 
idea’s authors. These matter, certainly. But 
what we find is that they matter in conjunc-
tion with an idea’s cultural resonance (Hallett 
et al. 2019): its relations to the established 
body of knowledge, its coherence and con-
sistency, and its association with prominent 
ideas. These internal and external ecologies 
matter for both minor and major ideas. And 
they set off different trajectories for their 
careers, helping us understand how some new 
ideas continue to diffuse in science, while 
others do not and peter out.

WHAT IS A NEW IDEA?
Various literatures concern the diffusion of 
new ideas, but they vary in what they des-
ignate as a new idea and the mechanisms 
driving adoption. For example, research on 
the diffusion of innovation focuses on new 
products as reflections of new ideas. From 
this perspective, products are cultural gestalts 
or artifacts, like new books (Dodson and 
Muller 1978) and published papers (Crane 
1972), songs (Salganik, Dodds, and Watts 
2006), drugs (Coleman, Katz, and Menzel 
1957), and inventions (Rogers 1976). This 
line of work analyzes such products, finding 
they tend to be accepted and shared when 
they are determined by editors, reviewers, 
patent officers, and other cultural brokers to 
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impart novelty. Product-based depictions of 
new ideas can be useful and applicable for 
following and understanding the diffusion 
of innovation. For example, many compa-
nies and cultural entrepreneurs are explicitly 
interested in whether and how a specific new 
drug, text, or invention gets adopted. In some 
instances in science, it also makes intuitive 
sense to synecdochally represent a new idea 
with a new product (Merton 1968; Small 
1978), such as when Keuchenius, Törnberg, 
and Uitermark (2021) equate Granovetter’s 
article “The Strength of Weak Ties” with 
the idea of “weak ties.” In these instances, 
articles-qua-products are rendered into highly 
portable conceptual tokens that get freely and 
broadly passed around.

Yet, most scientific articles relate a variety 
of new and old ideas, and a focus on the arti-
cle as a holistic product leads to generic and 
coarse representations of new ideas (Foster, 
Rzhetsky, and Evans 2015; Uzzi et al. 2013). 
This obstructs efforts to precisely locate and 
trace the diffusion of new ideas. For exam-
ple, prior work consistently finds that refer-
ences (i.e., diffused scientific ideas encased 
in published articles) are cited for a variety 
of reasons in ensuing scientific work, only 
some of which have to do with authors’ 
attempts to establish dependence on them 
or attribute their provenance (see Jurgens  
et al. 2018; Teplitskiy et al. 2022). Moreover, 
many citations to published scientific articles 
do not target the true origin of an idea but 
instead capture modern practices of para-
phrasing, whereby extant ideas across distinct 
articles are intermeshed (“palimpsestic syn-
drome”), and some articles are even treated 
interchangeably (“citation substitution”) (see 
McCain 2014; McMahan and McFarland 
2021; Merton 1965:xxiii; Zuckerman 1987).

Alternatively, the original article reporting 
on the initial discovery of the new idea may 
fade from citational practices altogether, as 
scholars and inventors take it for granted and 
thus do not cite it (“obliteration by incorpo-
ration”; McCain 2014; Merton 1988:622). 
Last, citations are frequently biased, with 
higher-status authors and papers cited for 

reasons beyond their topical relevance or 
even their claim to original authorship of 
the new idea (e.g., the “Matthew effect”; 
see Barabási and Albert 1999; MacRoberts 
and MacRoberts 1989; McCain 2014; Merton 
1988). This emphasis on citations and the 
underlying privileging of the scientific article 
qua product as the analytic locus of nov-
elty and diffusion misses authors’ rhetorical 
moves as well as the conceptual development 
of science itself, thereby making it difficult 
to identify new ideas within, and track their 
spread across, scientific publications.

A more recent line of work offers a finer-
grained identification of new ideas by shifting 
the focus to specific cultural elements or ker-
nel ideas within product gestalts. So, instead 
of entire products as the units of observation 
and analysis, their constituent features are 
analyzed: specific characteristics of songs 
(Askin and Mauskapf 2017) or aspects of 
fashion (Godart and Galunic 2019); meta-
data associated with documents, such as cat-
egories, citations, and keywords (Denrell and 
Kovács 2020; Fleming, Mingo, and Chen 
2007); or even specific words and phrases 
within documents (Carley 1997; Doerfel and 
Barnett 1999; Doerfel and Connaughton 2009; 
Hill and Carley 1999). From this perspective, 
new elements and even novel recombinations 
of old elements are seen as innovations, such 
as novel combinations of subjects, keywords, 
chemicals, or even words (Foster et al. 2015; 
Galunic and Rodan 1998; Hofstra et al. 2020; 
Leahey and Cain 2013; Leahey and Moody 
2014; Uzzi et al. 2013). When new ideas 
are regarded within this element perspec-
tive, they can be observed and analyzed in 
interrelation and in competition for attention 
(Dawkins 1982; Heath, Bell, and Sternberg 
2001; Weeks and Galunic 2003). In science, 
new ideas are often denoted by concepts or 
words, and these are typically interrelated in 
arguments of published reports (Carley 1997; 
Hill and Carley 1999). From these textual 
interrelations emerges a larger network of 
concepts, wherein some concepts and concept 
pairings emerge and gain frequent use, and 
others fail to take hold, fade, and disappear.
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Various theoretical arguments about the 
body of scientific knowledge rely heavily 
on this notion of a conceptual or semantic 
network structure composed of ideas as ele-
ments. In general, the network or matrix 
of interrelated ideas is such that established 
hypotheses can have repercussions for new 
ideas or new ideational associations (Fiegel 
1970; Quine 1951; Toulmin 1972). This 
means new ideas are contingent and must 
often build on and reaffirm prior relations 
or not be recognized at all. The preexisting 
complex or structure of scientific knowledge 
establishes their worth. For example, Fleck 
([1935] 1979) and Kuhn (1970) describe how 
thought styles and paradigms often resist new 
ideas and empirical discoveries that do not fit 
extant interrelations and hypotheses on which 
established ideas depend (see also Godfrey-
Smith 2003, 2010). This can diminish a new 
idea’s propensity to take hold and diffuse. 
Conversely, should new ideas arise and gain 
influence, they may redirect attention and 
alter extant networks of association, poten-
tially leading to a revolution or rewiring 
of conceptual relations (Collins 1998; Kuhn 
1970). As such, science studies repeatedly 
find that new ideas, as elements within the 
network structure of science, either succeed 
or fail to garner sustained attention, depend-
ing on how well they mobilize and transform 
extant conceptual relations (Callon 1986; 
Callon, Law, and Rip 1986; Latour 1987).

An element perspective thus enables pre-
cision in identifying and tracing the diffu-
sion of specific new ideas, but it also offers 
the building blocks to represent the structure 
of knowledge, which new ideas are intro-
duced into, embedded in, and even sometimes 
reconstitute. It is this conceptualization of an 
idea—a constitutive element of a larger cog-
nitive structure—that we move forward with 
in our arguments here.

WHY DO NEW IDEAS 
DIFFUSE?
Our central contention is that ideas have vari-
able careers, where some take off and others 

fizzle out, and their changing adoption is 
heavily influenced by how they are adapted 
to and fit with social and ideational contexts 
(Denrell and Kovács 2020; Frickel and Gross 
2005; Godart and Galunic 2019; Goldberg, 
Srivastava, et al. 2016). In particular, we 
argue that new ideas diffuse more when they 
are taken up by individuals who have greater 
social prominence (Gerow et al. 2018; Goel 
et al. 2016) and who span disparate collab-
orative research communities (Burt 2004; 
Moody 2004). They also diffuse when they 
have consistent intellectual leaders who per-
sistently champion them over time (Merton 
1968). 

But we also maintain that ideas and their 
interrelations matter. We argue that the usage 
and placement of a new idea in the accruing 
network of scientific knowledge and concepts 
greatly affects its career (Gieryn 1978; Hallett  
et al. 2019; Kuukkanen 2008; McDonald 
and Mair 2010). New ideas take off when 
they resonate intellectually: they diffuse more 
when they are related to other prominent 
concepts, are deeply situated within focused 
research discourses and thought styles, and 
after they achieve coherent usage reflective 
in collective recognition. In what follows, we 
synthesize the literatures in the history of sci-
ence and ideas, the sociology of science and 
knowledge, and management science to iden-
tify and characterize the influence of each of 
these factors on the propensity of new ideas 
to diffuse. We conclude this section by situat-
ing the ideational and the social conditions of 
an idea within its larger career, leading to a 
dynamic (diachronic) depiction of how ideas 
adapt as they get adopted, and how that, in 
turn, affects their diffusion.

Social Factors That Facilitate  
the Diffusion of New Ideas

Scholars have identified the individuality of 
social actors, such as managers, entrepre-
neurs, and luminary scientists, as a key mover 
in the diffusion of new ideas. For example, a 
multitude of biographies attest to the creative 
genius of various scholars and inventors and 
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attribute their skills, training, attitudes, and 
aesthetic sensibilities as key to idea genera-
tion and diffusion (Lakatos and Feyerabend 
2010; Rogers [1962] 2010). Here, the gen-
eral argument is that certain characteristics 
make some individuals more influential, and 
influential individuals play outsized roles 
and get preferential treatment (or a “Matthew 
effect”; see Merton 1968). Prior work in the 
sociology of science focuses on this because 
a consistent finding is that research programs 
and communities tend to form around a few 
central scholars who can spread new ideas 
further afield (Barabási et al. 2002; Keuche-
nius et al. 2021; Newman 2009; Price 1976).

Luminaries have long played a decisive 
role in not only mobilizing a following behind 
new ideas, but also in redirecting the flow of 
new knowledge around themselves, including 
the diffusion of ideas (Azoulay, Fons-Rosen, 
and Graff Zivin 2019). Similar depictions can 
be found in the management literature (see 
Fleming et al. 2007), where a patent’s asso-
ciation with highly central actors with expan-
sive social network ties serves to garner more 
citations. This suggests an idea is more likely 
to diffuse when it is championed by authors 
integral to a domain. Likewise, the literature 
on threshold models (Coleman et al. 1957; 
Granovetter 1978) suggests that opinion lead-
ers may pressure others to adopt a new idea, 
making it more palatable to yet more others, 
leading the idea to diffuse in an exponential 
fashion. Based on this insight, we expect that, 
as more prominent (more centrally collabora-
tive) authors publish a new idea, it is more 
likely to be encountered, and therefore, more 
likely to diffuse to others. Stated formally:

Hypothesis 1: The more socially prominent its 
adopting authors, the more a new idea will 
diffuse.

Related to the above literature’s emphasis 
on the role of individual thinkers and crea-
tors, another line of argument identifies the 
importance of having persistent champions 
for a new idea to diffuse (Rogers 1976). 
Here we turn to the scientific/intellectual 

movements (SIMs) literature, which empha-
sizes the substantial and concerted collective 
action needed for new ideas to become influ-
ential (Frickel and Gross 2005). To be sure, 
this coordinative work is not centralized but 
instead includes the sustained recruitment and 
mobilization of participants, representatives, 
and resources, as well as the relentless inter-
facing with and persuasion of reviewers, edi-
tors, publishers, and granters (Latour 1987). 
While hardly the work of any one individual, 
we nonetheless extend this line of reasoning 
in our observation that the success, coher-
ence, and recognizability of the movement 
behind a new idea is partly a function of the 
consistency of its leadership and representa-
tives, as well as the integrity of its long-run 
institutional memory.

Even within sociology, we see the persis-
tence of social cores behind new schools of 
thought and ideas, where an esoteric intel-
lectual elite (Fleck [1935] 1979; Lakatos and 
Feyerabend 2010)—real individual persons—
come to represent the ideational core: for 
example, the third-wave historical/compara-
tive sociologists, new institutionalists, the 
Carnegie School, the Chicago School, and so 
on (Abbott 1999). Other literature shows that 
the persistence of an expert core is associ-
ated with collaborative teams that are more 
successful, as it lends know-how and direc-
tion (Guimera et al. 2005). This literature, in 
short, suggests that a new idea might be more 
likely to diffuse if it gets consistent backing 
by authors, or when its social context is con-
sistent. We expect that the more consistent the 
user base of a new idea is over time, the more 
likely it will get taken up. Stated formally:

Hypothesis 2: The more consistent its adopting 
authors, the more a new idea will diffuse.

Perhaps the most decisive external factor 
in a new idea’s propensity to diffuse is the 
context of social relationships in which it 
is placed: its social embeddedness (Centola 
2015; Grannovetter 1985; Rodan and Galunic 
2004; Uzzi and Gillespie 2002). At least three 
arguments have been advanced to understand 
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the diffusion of new ideas with respect to 
social embeddedness. Researchers have long 
argued that communities of scholars devote 
attention to an idea (Fleck [1935] 1979; 
Fujimura 1992; Kuhn 1970; Lakatos and Fey-
erabend 2010; Newman 2001, 2004). Less 
a function of a prophet-like scientist, these 
accounts emphasize the decentered, diffuse, 
and dense interrelations among many and 
varied collaborating scientists. Complemen-
tarily, in the management literature, dense 
and closed social networks of collaboration 
facilitate the efficient exchange of informa-
tion and new insights (Fleming et al. 2007; 
Uzzi and Spiro 2005).

However, there is a diminishing return 
to such dense interconnection; with greater 
and overlapping interconnections among col-
laborating scientists comes redundancy of 
contacts and perhaps even competition (i.e., 
density dependence, see Hannan and Freeman 
1989). Still, the insight here is that embedded-
ness in a densely interconnected, collabora-
tive community predicts later uptake, because 
the collaborative social structure has more 
possibilities for new ideas to flow among 
authors. Based on this literature, we concep-
tualize a new idea’s social embeddedness as a 
function of author collaboration. The more a 
new idea’s authors collaborate, the more the 
idea is socially embedded within a scientific 
community and, therefore, the more likely it 
will diffuse. Stated formally:

Hypothesis 3a: The more socially embedded 
among densely collaborating scientists, the 
more a new idea will diffuse.

Other literature emphasizes the inverse 
of the above argument: that expansive and 
open networks bring products and ideas 
to different audiences and into greater use 
(Burt 2004; Burt and Soda 2017; Fleming  
et al. 2007; Moran 2005; Rodan and Galunic 
2004). Instead of densely and even redun-
dantly interconnected communities of col-
laborating scientists promoting diffusion, 
social networks tend to bridge distinct and 
disparate subcommunities further afield to 

reach new audiences. This can be seen as 
an idea gaining a bigger network (Latour 
1987) or acting as an object that spans the 
boundaries of distinct and diverse communi-
ties (Star and Griesemer 1989). It also relates 
to studies of scientific interdisciplinarity that 
find authors who bridge distinct disciplinary 
traditions can represent a high-risk, high-
reward situation—with reward being greater 
diffusion and impact of the new idea, and 
risk being the authors’ perceived incompe-
tence or unrecognizability among participant 
communities (Shi, Leskovec, and McFarland 
2010). Together, this literature suggests that 
new ideas are more likely to diffuse when 
they encounter different (versus the same and 
uniform) authors because their reach is more 
extensive (versus restricted). Stated formally:

Hypothesis 3b: The more socially extensive its 
reach among disparate communities of col-
laborating scientists, the more a new idea 
will diffuse.

Ideational Factors That Facilitate  
the Diffusion of New Scientific Ideas

Scientists introduce new ideas within a 
broader intellectual environment of existing 
knowledge. How they situate their new idea, 
or how they frame and place it in the body 
of other interrelated ideas, has real ramifica-
tions for whether the new idea has intellectual 
resonance and cultural fit and whether and 
how it will diffuse (Hallett et al. 2019). For 
example, a new idea’s interrelation with other 
prominent ideas can draw more attention to it 
and make it easier to find, situate, and under-
stand (Denrell and Kovács 2020; Godart and 
Galunic 2019; Piazza and Castellucci 2014; 
Sorenson 2014). In the sociology of science, a 
key quality of influential ideas is that they get 
related to other foundational scientific con-
cepts and problems and are thereby integrated 
into the core of paradigms and thought styles 
(Evans, Gomez, and McFarland 2016; Fleck 
[1935] 1979; Kuhn 1970). In other words, 
new ideas are more likely to diffuse when 
they are linked to well-established, central 
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constructs within the intellectual structure 
of scientific knowledge. We expect that as 
a new idea gets linked to these more promi-
nent and integrated ideas, it is more likely 
to be encountered, recognized, and under-
stood within the established semantic space 
of science and, therefore, to diffuse. Stated 
formally:

Hypothesis 4: The more linkage with prominent 
ideas, the more a new idea will diffuse.

A good deal of historical work on science 
argues that new ideas begin ontologically 
uncertain (Chen and Song 2017; Kuhn 1970; 
Toulmin 1972). A new idea’s initial practice 
may be specific, intermittent, and inconsist-
ent, as its linkages within and relevance to 
the extant structure of knowledge are not 
yet fully explicated and normalized. It may 
only have novel, idiosyncratic, and shuffling 
associations, which make comprehending the 
new idea difficult, reducing the immediacy of 
its applicability and therefore its propensity 
to diffuse. As the new idea’s relations with 
other established ideas become clearer and 
more consistent, elaborated, and recogniza-
ble, the new idea achieves greater conceptual 
coherence, definition, and continuity (Ramiro 
et al. 2018; Toulmin and Goodfield [1961] 
1999:164; Wang, Schlobach, and Klein 2011).

Prior work develops the idea of research 
focus and problem consistency in relation 
to scholars’ careers (Braddon-Mitchell 2005; 
Gieryn 1978; Heiberger, Muñoz-Najar Gal-
vez, and McFarland 2021), but we adapt it to 
new ideas and their consistent use over time. 
In fact, historians of ideas argue that most 
established concepts have stable definitions, 
and that relations change far more slowly 
at their core than at their margins (Kenter  
et al. 2015:1192; Kuukkanen 2008). Together, 
new ideas can get used in a variety of ways 
after they are introduced, when authors draw 
connections and interrelate them to diverse 
sets of already established ideas. We expect 
that the consistent use of new ideas, whereby 
authors relate them to a stable (versus ever-
changing) constellation of established ideas, 

anchors their relative meaning, gives them 
more semantic integrity and conceptual 
coherence, and thereby facilitates their later 
adaption. Stated formally:

Hypothesis 5: The more consistent its links to 
ideas, the more a new idea will diffuse.

Another potential dimension of a new 
idea’s fit or resonance is the degree to which 
creators embed it in the established ideational 
context into which it is introduced. When an 
element fits the cultural environment, it is 
more readily understood and adopted (Gold-
berg, Srivastava, et al. 2016; McDonnell, Bail, 
and Tavory 2017; Wuthnow 1989). From this 
line of reasoning, it is not a question of simply 
linking a new idea to a famous and founda-
tional one (Hypothesis 4); instead, fit entails 
elaborating expansive interconnections within 
an established theoretical core. This occurs 
when new ideas enter and associate with other 
terms and ideas that have been related before, 
or when new ideas complement and integrate 
into the extant space of interrelated ideas 
(Becker 1982; Hallett et al. 2019).

In science, this arises when new ideas 
fit into, consolidate, and “fill the gaps” of 
extant research topics or thought styles (Fleck 
[1935] 1979; Foster et al. 2015). Prior work 
on citations (Shi et al. 2010) and categoriza-
tion (Goldberg, Hannan, and Kovács 2016; 
Kovács and Hannan 2015) argues that place-
ment within a research community and a clear 
position in one category tends to increase an 
offer’s appeal (Hannan et al. 2019:4). Some 
work contends cultural fit has diminishing 
returns, much like that for social connected-
ness (Askin and Mauskapf 2017). So, situat-
ing new ideas in dense intellectual spaces 
can result in them making sense, but it can 
also crowd them out and make it difficult 
for a new idea to get recognized as distinc-
tive (Denrell and Kovács 2020). Hence, one 
might expect a curvilinear relation of cul-
tural fit with adoption. In short, no new idea 
is completely new and unrelated to estab-
lished knowledge. Instead, new ideas vary-
ingly evoke and are embedded in networks of 
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interrelating established scientific ideas. We 
expect new ideas that are more deeply inter-
connected (embedded) within the network of 
established ideas are also more comprehen-
sible and recognizable and, therefore, more 
likely to diffuse. Stated formally:

Hypothesis 6a: The more embedded it is within 
densely interconnected extant ideas, the 
more a new idea will diffuse.

Yet a third complementing perspective on 
cultural fit foregrounds the importance of new 
ideas bridging hitherto disparate concepts 
and topics—not so much fitting into extant 
knowledge structures, but instead spanning 
cultural holes within them (Goldberg, Srivas-
tava, et al. 2016; Pachucki and Breiger 2010; 
Vilhena et al. 2014). When ideas span cultural 
holes, they bring into contact ideas of differ-
ent thought styles, or nonredundant ideas. 
Ideas garner attention and take off when they 
solve a problem or interrelate hitherto inde-
pendent lines of thought (Hallett et al. 2019). 
However, some work finds that in the realm 
of ideational networks, spanning too distal a 
cultural hole makes it difficult to comprehend 
and translate the idea for use, and this inhibits 
its adoption (Hofstra et al. 2020). As such, 
one might expect, again, a curvilinear relation 
of spanning cultural holes and ideational dif-
fusion. Together, this literature suggests that 
when new ideas bridge extensive semantic 
spaces to distinct thought styles and para-
digms, they pragmatically fill cultural holes 
and therefore become more useful and likely 
diffuse. Stated formally:

Hypothesis 6b: The more it bridges unrelated 
ideas, the more a new idea will diffuse.

Ideational Adaptation with Diffusion

The element perspective gives us the ana-
lytic precision to trace the manifest adoption 
of new ideas across texts. Yet, the bulk of  
element-focused research from which we 
deduce our expectations tends to study the 
adoption of ideas without much theoretical 

concern for how they are adapted as they 
diffuse (Callon 1986; Keuchenius et al. 2021; 
Latour 1987). As such, new ideas, as ele-
ments, are often depicted as immutable cul-
tural memes or tropes passed from place 
to place (Dawkins 1982; Gruhl et al. 2004; 
Heath et al. 2001; Leskovec, Backstrom, and 
Kleinberg 2009; Lieberson 2000; Weeks and 
Galunic 2003). Remiss is how a new idea’s 
propensity to diffuse is conditioned by its 
changing position within its ideational and 
social contexts while it diffuses (Kuhn, Perc, 
and Helbing 2014; McLean 2016). Such a 
focus requires extending the element perspec-
tive to consider the development of ideas over 
time and how distinct structural conditions 
of the scientific community and scientific 
knowledge jointly come into play.

Prior work on the history of ideas (Kuuk-
kanen 2008; Toulmin 1972), ideational 
careers (Bonifati 2010; Rogers [1962] 2010), 
and problem change in science (Foster et al. 
2015; Gieryn 1978) suggest ways that new 
ideas adapt as they diffuse. The management 
literature on ideas and innovations suggests 
they have careers with distinct phases and 
changes (Perry-Smith and Mannucci 2017; 
Rogers [1962] 2010).1 For example, in their 
review, Perry-Smith and Mannucci (2017) 
conceptualize ideational careers as having 
four phases: an idea’s journey begins with its 
creation (generation); then it is defined and 
established via practice, bringing it into rela-
tion with other ideas (elaboration); then it is 
fit with a local environment (championing); 
and eventually it is fit with wider environ-
ments (implementation).

The first two phases of idea generation 
and elaboration resemble historical accounts 
of how new ideas begin as uncertain and find 
consistent use (Hypothesis 5, ideational con-
sistency). The third and fourth career phases 
suggest means by which established ideas can 
be related to core concepts (Hypothesis 4, 
ideational prominence) and topics of increas-
ingly larger scientific domains (Hypothesis 6, 
ideational embeddedness) as they are consist-
ently championed by key players (Hypothesis 
1, social prominence; Hypothesis 2, social 
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consistency) in their specific collaborative 
contexts (Hypothesis 3, social embedded-
ness). In these later stages, ideas appear to 
retain a core pattern of use but are fit into and 
consolidated with increasingly broader epis-
temic cultures (Fujimura 1992; Knorr-Cetina 
1999; Star and Griesemer 1989). In science 
studies, one can imagine these being increas-
ingly broader domains like subfields, disci-
plines, thought styles, and paradigms. Taken 
together, this literature clearly points to incre-
mental development of new ideas. Rather 
than static material, they take on careers as 
they accrete relevant ties to extant knowl-
edge, get extended to new domains, and get 
taken up and advocated by diverse actors.

Yet, while these narratives helpfully under-
score the dynamism of new ideas, it remains 
that few ideas diffuse widely and become well 
known precisely because the success of their 
careers is contingent on the varied ways they 
may or may not resonate both socially and ide-
ationally. Prior accounts of ideational careers 
also understate the inherent path dependency 
of new ideas. Whether and how social or idea-
tional conditions matter more at different stages 
of a new idea’s career has not been systemati-
cally established. Much less a story of constant 
and linear influence over time, we speculate 
that some conditions may be more salient to dif-
fusion at different stages of ideational careers. 
For example, the ontological uncertainty of 
new ideas makes it likely there is greater ran-
domness early in an idea’s adoption that makes 
its later diffusion and long-run success less pre-
dictable (Kenter et al. 2015; Kuukkanen 2008). 
Perhaps only after a concept has coherent use 
do the conditions of social and cultural embed-
dedness apply for later diffusion.

We therefore conjecture that time matters, 
and interpretation of new ideas varies as they 
age and get adopted. This, in turn, fundamen-
tally alters their career trajectories. Such a 
view escapes teleological overdetermination 
and suggests the fundamental changes an idea 
undergoes during its initial diffusion may be 
decisive in its long-run success and later diffu-
sion. With diffusion comes ideational adapta-
tion, which may recursively influence its later 

diffusion. We proceed in our analyses, then, 
testing the above expectations (Hypotheses 
1 to 6) and controlling for the effects of time 
independently. We then relax the assumption 
of time held constant and empirically explore 
the variable careers of ideas by investigating 
whether and how their adaptation, which we 
define as their interrelations and positioning 
within their respective social and ideational 
ecologies, shapes their diffusion earlier and 
later in their careers.

STUDY
Empirical Setting: Identifying New 
Ideas in Science

The element view we advance here allows us 
to see words or terms within texts as expres-
sions of discrete ideas or concepts,2 which 
may be particular or general—idiosyncratic 
or widely recognized. We conceptualize 
authors’ uses of these terms as speech acts: 
namely, terms represent their authors’ inten-
tional choices to articulate specific mean-
ing in a specific context (“rhetic act”; see 
Austin 1975:93–95). And we take seriously 
the effects of these acts—particularly how 
names and terms, along with their meanings, 
not only statically describe the world but also 
dynamically interact with people who use 
them (Hacking 2006). Our chief aim in con-
ceptualizing and studying ideas through the 
language that expresses them—their names 
or terms—is to understand why the ideas 
that some terms express get broadly diffused, 
capaciously adapted, and diffused further, 
while other terms (and the ideas they express) 
do not. Our aim is not to evaluate whether 
a given term appropriately or completely 
expresses a specific idea, or whether a given 
term even expresses an idea widely held and 
shared. Instead, our approach analytically 
treats terms as floating signifiers, whose 
initial use and meaning (their ideational con-
tent), whatever it is, may diffuse and morph 
or not (Lévi-Strauss 1987:63–64).

Thus, we conceptualize new ideas as 
new terms reflected in language, and their 
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diffusion as captured by their manifest adop-
tion across published texts. Such conceptual-
ization of an idea fits science well, because 
scientific constructs and their hypothesized 
relations have long been related in language 
via words and phrases in published reports 
representing natural phenomena, methods, 
tools, tasks, and theories (Herfeld and Lis-
ciandra 2019; Kuhn 1970; Toulmin 1972; Vil-
hena et al. 2014). These terms that scientists 
use to represent new ideas tend to be nouns 
and noun phrases, which refer to specific 
scientific content (Kuhn 1990). And these 
terms tend to be marshalled in summaries 
(e.g., titles and abstracts) of scientific studies 
and their respective novel contributions to the 
advancement of the field (Syed and Spruit 
2017). Some terms are seldom or never used 
together, while others are heavily relied on, 
revealing where core concepts and conceptual 
relations exist. In this manner, an evolving 
structure of interrelated scientific ideas, new 
and old, and their roles can be represented as 
unfolding over time (Hill and Carley 1999). 
Based on this framing, we use “new idea” and 
“new term” interchangeably.3

The Web of Science (WoS) corpus from 
1900 to 2016 is ideal to study the conditions 
that facilitate the diffusion of new ideas.4 
The corpus consists of more than 7 billion 
token words from 38,578,016 articles across 
journals in every scientific field, spanning 
STEM (science, technology, engineering, and 

mathematics), humanities and social science 
subjects (HSS), and their core specializa-
tions. As our primary data source, we ana-
lyze the titles and abstracts that summarize 
each article. We apply a data-driven phrase 
segmentation algorithm, AutoPhrase (Shang 
et al. 2018), to identify the most coherent 
phrases in these articles, thus operationalizing 
our construct of an idea (for details, see Fig-
ure 1 and Part S1 of the online supplement). 
We then post-process these ideas, removing 
cases that are clearly spurious and collapsing 
successive unigrams into identified ngrams 
(“social” “capital” = “social capital”). After 
post-processing, we identified 624,934 ideas.5

Our empirical focus remains on new ideas 
and their careers. However, our sample of 
624,934 distinct ideas are pooled across time 
in the corpus, some of which emerged long ago 
and others more recently. Early papers (starting 
around 1900) identify many new terms, but this 
quickly decelerates over time and assumes a 
linear growth in vocabulary afterward (see Fig-
ure 2). The inflection point occurs around 1992, 
so we focus on the set of new terms arising 
from 1993 onward, which amounts to 56,540 
new ideas (~9 percent of identified ideas).

It is possible a new idea existed before 
this date, and that we do not observe the 
true start of its career. We take several steps 
to make sure our results are robust to left-
censoring issues. First, we use all the articles 
in the WoS, so that our idea histories globally 

Figure 1. Concept Extraction Pipeline for Generating Concepts from Each Text Document
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reflect trends within the entirety of the WoS 
corpus. Second, we perform various robust-
ness checks (further details are in Part S2 of 
the online supplement). In particular, we vary 
the burn-in year (e.g., to 1992, 1993, 1994, 
1995, 1996) to see if our results are sensitive 
to the year at which we begin identifying 
new ideas. The results are stable and suggest 
we can reasonably assume our findings are 
robust to misclassifying some ideas as new 
when they were in fact old ideas. In addi-
tion, we randomly selected 100 popular ideas 
and found that their growth curves in the 
WoS looked similar to their growth curves in 
Google Ngram, a nonacademic corpus. This 
gives us confidence that our findings are not 
idiosyncratically representative of the WoS. 
Last, in our predictive models, we introduce 
additional control variables that account for 
potential sampling error (i.e., journal abstract 
history) and boundary issues (i.e., WoS inward 
citation) of the corpus (see the Control Vari-
ables section).

Another challenge is right censoring, 
which means we do not observe each idea’s 
full life cycle. This is the case because WoS 

representativeness is skewed toward the 
recent period (post 1990), which means we 
have fewer observations of new ideas more 
recently introduced to the corpus. We address 
potential bias due to right censoring by con-
trolling for age of the term and cohort effects 
(i.e., the year a concept was first observed). 
In addition, we used different burn-in years 
to examine different career windows, and the 
results were consistent, which strengthens 
our belief that our results are robust to right 
censoring. In general, the empirical focus of 
this article is mostly on the early development 
of ideas and their diffusion.

Table 1 presents examples of some of 
the most recognizable new ideas arising in 
different fields. Notably, most of the terms 
reflect constructs, concepts, procedures, and 
ontological entities specific to each field of 
research. In most cases these are unigrams, 
bigrams, and trigrams, but in some instances, 
they are phrases akin to propositions. These 
cases fit how philosophers and historians of 
science conceive of scientific terms and con-
cepts (Kuhn 1990; Toulmin 1972). In addi-
tion, the set of new ideas we identify reflects 

N

burn-in

Figure 2. Number of New Ideas Introduced Each Year
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relatively novel constructs that emerged in 
each field from 1993 to 2016, rather than 
constructs with long histories extending back 
50 years or more. As evident in Table 1, 
our measurement procedure produces a list 

comprising mostly nouns and noun phrases 
that both narrowly and capaciously signify 
new ideas. For example, Hurricane Katrina 
was a discrete thing in one part of the world, 
yet it simultaneously represents many ideas 

Table 1. Selected New Scientific Ideas (Year Introduced) by Field and Century

Twentieth Century Twenty-First Century

Agricultural  
sciences

*biofuel product (1993),
folin ciocalteu assay (1994),
mega city (1995),
citizen scienc (1997),
dpph center dot (1999)

local ecolog knowledg (2000),
disast resili (2001),
googl earth (2005),
water footprint (2006),
fukushima nuclear accid (2011)

Biological and  
health sciences

prostat cancer pca (1992),
fmri (1993),
proteom (1995),
*gene ontolog (2006),
percutan coronari intervent pci (1998)

crispr (2002),
next gener sequenc technolog (2007),
whole exom sequenc (2009),
afford care act (2010),
vemurafenib (2011)

Education student reflect (1993),
english languag learner (1994),
onlin discuss (1995),
virtual learn (1997),
concept inventori (1998)

onlin learn environ (2000),
mobil learn (2001),
*blend learn (2003),
stem educ (2004),
flip classroom (2011)

Engineering nanofib (1993),
biodiesel product (1994),
lab on a chip (1996),
bluetooth (1998),
mobil ad hoc network (1999)

wireless sensor network (2000),
*smartphon (2002),
carbon footprint (2006),
public cloud (2010),
fukushima (2011)

Humanities queer theori (1993),
*intim partner violenc (1995),
long eighteenth centuri (1997),
harri potter (1998),
sex traffick (1999)

gender mainstream (2000),
anthropocen (2001),
creativ economi (2002),
youtub (2006),
arab spring (2011)

Law racial profil (1993),
drug court (1994),
eu law (1995),
trip agreement (1996),
intern crimin justic (1999)

ident theft (2000),
dodd frank (2010)

Physical and 
mathematical  
sciences

nanowir (1993),
singl wall carbon nanotub (1994),
agent base model (1996),
support vector machin (1997),
*dark energi (1999)

metamateri (2000),
dye sensit solar cell dssc (2001),
click reaction (2004),
topolog insul (2005),
perovskit solar cell (2013)

Social and  
behavioral  
sciences

emot intellig (1993),
*transgend (1994),
autism spectrum disord asd (1995),
social media (1997),
eurozon (1999)

bridg social capit (2002),
social network site (2004),
hurrican katrina (2005),
food sovereignti (2007),
twitter data (2011)

Note: These new ideas were selected based on their success (n articles diffused into). Ideas in bold 
are plotted in Figure 4a. Education, law, humanities, and social and behavioral sciences are collapsed 
into one field in our predictive models due to their similar behaviors and smaller sample sizes in 
comparison with science and engineering fields.
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N N
N N

Figure 3. Distribution of New Ideas in Published Articles (Dependent Variable)

(natural disaster, effective governance, racial 
inequity) and thereby lives and grows in the 
scientific literature as an idea itself that takes 
on important meanings and associations con-
tingent on its interrelations.

Outcome of Interest: The Diffusion  
of New Ideas

Our dependent variable is a measure of a new 
idea’s diffusion. We measure a new idea’s 
diffusion as the number of distinct articles in 
which the new idea appears each year after 
its first publication (N published articles). If 
the new idea occurs multiple times in a single 
article, we count it once. We construct our 
dependent variable as the number of articles 
a new idea diffuses into the year ahead (time 
t + 1). Given that new ideas arrive in differ-
ent years and span different year ranges, these 
56,540 new ideas sum to 995,945 observa-
tions at the idea-year level.

On average, once introduced, a new idea 
diffuses into 27 articles, with a standard devia-
tion of 49 and a range from 0 to 4,703 articles. 
Diffusion is heavily right skewed, suggesting 
few new ideas go truly viral within science 
(see Figure 3). Figure 4a takes a random 
subsample of 100 new ideas introduced in 

1993 and illustrates the changing number of 
published articles they reach over time. The 
bold line highlights the average trajectory of 
this subsample. For this subsample, a new 
scientific idea in 1993 diffuses to as many as 
35 articles a year. Figure 4b shows the number 
of articles for an illustrative set of recogniz-
able new ideas that come from multiple fields 
noted in Table 1. In both figures, the careers 
vary in their commencement, amplitude, and 
slope. Some new ideas, like “dark energy,” 
gain popularity early, with a steep slope and 
higher uptake, whereas “smartphone” has its 
slope change at a later period. Over time, the 
concepts “smartphone” and “gene ontology” 
get taken up in 900 to 1,450 articles each 
year, whereas other concepts stay under 600 
articles, like “blended learning.” Even when 
we look at the new ideas with a maximum 
diffusion set of 600 articles, we still see some 
variation. For example, “dark energy” gains 
traction relatively early and grows at a sta-
ble speed, whereas “biofuel production” gets 
picked up later but grows at a faster speed and 
surpasses the growth of “dark energy” in the 
most recent periods. Such variation motivates 
our research question: Why do some new 
ideas have greater uptake than others, and why 
do they have such varied careers over time?
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Focal Predictors

We use the articles’ meta-data (author name, 
institution, subjects, year, citations) to con-
struct indicators reflective of our hypotheses 
concerning diffusion mechanisms and condi-
tions. These indicators are derived from a 
new idea’s aggregated social networks of its 
authors who work on and elaborate it, and its 
ideational networks in which it is related to 
established scientific ideas. We measure each 
indicator in the current year (i.e., one year 
behind the dependent variable) and model 
them longitudinally (i.e., multilevel growth 
models) to test whether the social and ide-
ational conditions of a new idea predict its 
later diffusion (see Tables 2 and 3).

Social prominence. We measure the 
social prominence of a new idea as the aver-
age weighted page rank of all its authors at 
time t, where the page rank, a measure of 
network centrality, is computed based on 
co-authorships in the previous 10 years and 
weighted by each author’s number of publica-
tions based on the new idea at time t. We add 
the weight to better calibrate the measure to 
the authors who publish on the new idea most 
prolifically (Bonacich 1987; Freeman 1978).

Ideational prominence. We measure 
the ideational prominence of a new idea as the 
average weighted page rank of all the estab-
lished ideas it is interlinked to at time t, where 
page rank is computed based on a new idea’s 
interlinks among established ideas in articles 
published during the previous 10 years and 
weighted by each established idea’s number 
of links to the new idea at time t. We add the 
weight to calibrate the measure to the extant 
ideas that are most frequently published in 
connection with the new idea.

Social consistency. We measure a new 
idea’s social consistency as the cosine simi-
larity between its authors’ rate of publishing 
articles using the focal term at year t – 1 with 
their rate of publishing articles using the same 
focal term at year t. Only authors from t – 1 
are the focal group, and new authors at time 
t are ignored. As such, it is a measure of past 
authors’ consistent usage of the term. Should 
all the authors in t – 1 stop using the term in t, 
the cosine similarity is rendered as 0. Should 
there be no authors in t – 1 when there are 
some in t, then cosine similarity is again equal 
to 0. There is no author consistency score for 
the first year of a term’s existence, as there is 
no prior history of author usage.

(a) Average Diffusion of a Random
Sample of New Ideas (n = 100)

(b) Diffusion Rates of Exemplary
New Ideas in Different Fields

N N

Figure 4. Ideational Careers
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Table 2. Variable Descriptions

Variable Names Variable Descriptions

Dependent Variable for Term Adoption
 N published articles The number of unique published articles in Web of Science in which an 

idea is used in the future (time t + 1).

Key Independent Variables: Social and Ideational Conditions of Resonance

 Social prominence For each focal term at time t, we measure the weighted average publication 
number of its related authors at time t, where weight is the number of 
times the author uses the term at time t. This captures the degree to 
which a focal term is used by highly productive authors (i.e., author page 
rank), and thus likely to be encountered in the social space.

 Social consistency For each focal term at time t, we focus on the authors in the prior year (t – 
1) who used the term and then compare their rate of focal term usage (as 
number of term adoptions per author in t – 1) to rate of focal term usage 
in year t using cosine similarity. Should all the authors in t – 1 stop using 
the term in t, the cosine similarity is rendered as 0. Should there be no 
authors in t – 1 when there are some in t, then cosine similarity is again 
equal to 0.

 Social embeddedness For all authors associated with a focal term in year t, we estimate their 
density of collaboration with each other (number of observed ties divided 
by the total possible ties between them) in the prior 10 years of the WoS. 
We ignore papers with more than 15 authors. High values indicate a 
term is used by authors in an interconnected research community; low 
values indicate a term is used by unrelated and expansively located sets 
of authors.

 Ideational prominence For each focal term at time t, we measure the weighted average popularity 
of its neighbor terms at time t, where weight is the number of co-
occurrences between them. This captures the degree to which a focal 
term is co-used with other highly used terms (i.e., term page rank), and 
thereby likely to be encountered in the semantic space.

 Ideational consistency For each focal term at time t, we focus on its neighbor terms co-used with 
the focal term in the prior year (t – 1), and then compare each neighbor 
terms’ rate of co-usage with the focal term in year t – 1 to that observed in 
year t using cosine similarity. Should all the neighbor terms in t – 1 stop 
being co-used with the term in t, the cosine similarity is rendered as 0. 
Should there be no neighbor terms in t – 1 when there are some in t, then 
cosine similarity is again equal to 0.

 Ideational embeddedness For each focal term’s neighbor terms at time t, we estimate their variation 
in semantic network positioning. We first take the cumulative 10-year 
semantic network of terms (valued ties by number of cooccurrence) and 
estimate network embeddings using word2vec (200 dimensions). We then 
take the neighbor terms associated with a focal term, and for all pairs 
of neighbors, we calculate their cosine similarity on these dimensional 
arrays. The average of this measures the degree to which a focal term 
is used with a set of neighbor terms with similar semantic placement 
(or conversely, used in a neighborhood composed of many distinctive 
neighbor terms, in a cultural hole).

Time Variables
 Age How many years the term has been in usage since its first publication.
 Age2 The square of age (for polynomial growth in document term frequency).
 Start year The year a term appeared for the first time.

(continued)
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Variable Names Variable Descriptions

Control Variables
 Root term The total number of other terms and phrases in the corpus that entail the 

focal term as part of their phrasing.

 Interdisciplinary This is computed as a term’s average entropy across NRC discipline subject 
codes (e.g., sociology, math, economics). In a given year, “SVM” used in 
subject1 k1 times, subject2 k2 times, and subject3 k3 times. Therefore, 
the probability of “SVM” used in subject1 is p(s1) = k1 / (k1 + k2 + k3). 
Then subject diversity is calculated as -p(s1)log(p(s1))-p(s2)log(p(s2))-
p(s3)log(p(s3)).

 Physical sciences and 
math

Percent physical sciences and mathematics papers associated with a term.

 Biological and health 
sciences

Percent biological and health sciences papers associated with a term.

 Engineering Percent engineering papers associated with a term.

 Agricultural sciences Percent agricultural sciences papers associated with a term.

 Humanities and social 
sciences

Percent humanities and social sciences papers associated with a term.

 Woman author The percentage of authors associated with a term that have probable 
women’s first names.

 Journal impact factor The average impact factor of journals using the focal term, across all 
instances of the term’s use in year t.

 Abstract length The average word count or length of abstracts in which the term is 
embedded.

 Abstract readability The degree to which a focal term is situated in abstracts with accessible 
language. We measure this via a modified Dale-Chall Formula that uses 
Google Book Ngrams’ most common 10,000 unigram list (http://norvig 
.com/ngrams/count_1w.txt). This is measured for each abstract in which 
a term is embedded and taken as an average across abstracts.

 Abstract positivity The degree to which a focal term is situated in abstracts with greater 
proportion of positive or negative terms. We use VADER (Valence Aware 
Dictionary and sEntiment Reasoner), a widely used lexicon and rule-
based sentiment analysis tool that labels lexical features (e.g., words) 
according to their semantic orientation to get the compound score as a 
measure for emotional valence. Compound scores larger than .05 denote 
positive emotion.

 Abstract negativity If compound score is less than –.05, it denotes negative emotion.

 Journal abstract history We first compute the first year the journal starts to have abstracts in Web of 
Science and estimate the abstract history as the difference between year t 
and first year. Then for each focal term, we estimate the average abstract 
history across all the journals that the term appears in year t.

 WoS inward citation For all the papers using the term, we estimate the percentage of all their 
citations that are within the Web of Science.

Table 2. (continued)

http://norvig.com/ngrams/count_1w.txt
http://norvig.com/ngrams/count_1w.txt
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Ideational consistency. To measure the 
ideational consistency of a new idea, we com-
pute the cosine similarity between the number 
of articles the new idea shares with estab-
lished ideas at t – 1 and then the frequency for 
that same set at time t. Should all the associ-
ated ideas in t – 1 stop their association in 
time t, the cosine similarity is rendered as 0. 
Should an idea not exist at time t – 1 when it 
does at time t, then the cosine similarity is 0. 
As with social consistency, there is no score 
for a term’s first year of existence, as there is 
no history of associated terms prior.

Social embeddedness. We measure a 
new idea’s social embeddedness as the num-
ber of observed collaborations occurring in 

the past 10 years (i.e., t – 9 to t) among all 
the authors publishing on the new idea at 
time t, divided by the total number of possi-
ble collaborations among these authors. High 
values indicate the new idea is more socially 
embedded within a collaborating scientific 
community; low values indicate the new idea 
is taken up, but by authors who are brokering 
or spanning distinct research communities.6

Ideational embeddedness. To measure 
an idea’s ideational embeddedness, we con-
struct a semantic network for the prior decade 
(i.e., t – 9 to t) for all ideas (their links val-
ued as the number of published articles they 
share), which represents a broader context of 
scientific knowledge. Next, we encode the 

Table 3. Summary Statistics

Variable Names Mean SD Min. Max.

Dependent Variable
 N published articles 21.063 49.603 0 4703
Key Independent Variables
 Social prominence (log) .581 .344 0 1.642
 Social embeddedness .197 .261 0 1
 Social consistency (log) .181 .180 0 .693
 Ideational prominence (log) .924 .262 0 3.434
 Ideational embeddedness .320 .039 .133 .937
 Ideational consistency (log) .444 .171 0 .693
Time Variables
 Age 14.034 5.920 1 23
 Age2 231.989 159.767 1 529
 Start year 1996.014 3.373 1993 2015
Control Variables
 Root term .110 .341 0 4.788
 Interdisciplinary 1.379 .807 0 4.799
 Physical sciences and math .191 .299 0 1
 Biological and health sciences  

 (baseline comparison for fields)
.566 .416 0 1

 Engineering .128 .252 0 1
 Agricultural sciences .055 .156 0 1
 Humanities and social sciences .060 .187 0 1
 Woman author .325 .198 0 1
 Journal impact factor (log) 1.357 .493 0 4.016
 Abstract length (log) 5.193 .418 .693 7.278
 Abstract readability (log) 2.048 .190 .118 3.938
 Abstract positivity .645 .228 0 1
 Abstract negativity .451 .300 0 1
 Journal abstract history 5.436 5.349 –23 91
 WoS inward citation .659 .226 0 1

Note: There are 995,945 observations across 56,540 new concepts. Some variables are log transformed 
due to their skewness.
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semantic network into a 200 latent dimension 
embedding space using word2vec (Church 
2017), which gives us a vector representa-
tion summarily describing each established 
idea’s position and interrelations within the 
knowledge context. Next, for our focal term, 
we identify its co-used terms or neighbors 
occurring in articles at time t, and we com-
pute cosine similarities of these embedding 
dimensions on each neighbor-pair. Finally, 
we average these pairwise similarities, which 
results in a measure gauging the degree to 
which the focal term is situated among terms 
that have similar semantic placement within 
the network of established ideas (or con-
versely, used in a neighborhood of distinctive 
terms, or cultural hole).

An Idea’s Birth and Age

As shown in Figures 3 and 4, new ideas arrive 
at different years and have variable careers. 
To account for this, we construct two mea-
sures: start year and age. Start year denotes 
the cohort effect, or the year in which the 
term appears in the WoS for the first time. 
Age denotes the age of a term. We compute 
this as the particular year in which a term 
is used minus the first year when the term 
arrived in the WoS. Because the diffusion of 
most new ideas follows a quadratic curve, 
we square age to best fit our model to the 
data (with varying intercept [or average] and 
slope [growth rate]). Both start year and age 
help address issues of right censoring, or the 
fact that some terms may not be observed 
over their full life. It also considers the fact 
that later terms enter a larger WoS corpus that 
has more papers than in the prior year. As 
such, we expect later cohorts and older terms 
to have greater document frequencies, and 
including these variables helps us compare 
terms of similar ages and cohorts.

Control Variables

We use a variety of control variables that 
account for alternative explanations of diffu-
sion (see Tables 2 and 3). For example, the 
propensity of a new idea to diffuse may be 

related to its idiosyncratic qualities, its insti-
tutional contexts, the traits of its authors, or 
qualities of articles in which the new idea is 
embedded and read.

Prior work finds that terms with larger 
morphological family size (number of words 
with the same root) are easier to process and 
recall (Bertram, Baayen, and Schreuder 2000; 
Kuperman, Bertram, and Baayen 2008). 
These terms are often constitutive of other 
more specialized terms and phrases and there-
fore are more common (Searle 1998:122–4). 
This may be similar for nouns and noun 
phrases in our corpus of scholarly ideas. To 
capture this, we ascertain the extent to which 
a new idea is a root term by counting the 
number of compound nouns or noun phrases 
that use the same noun head or head noun 
compound. For example, “capital” is a root 
term that can be found in more specialized 
concepts of “social capital,” “human capi-
tal,” and so on. And “social capital” is also 
a root term, as it can be found in “bonding 
social capital” or “bridging social capital.” 
We measure the rootedness of a new idea 
as the number of unique other ideas in the 
corpus it can be found within, and we include 
it to control for the possibility that new ideas 
that are root terms might find greater uptake 
than new ideas using specialized terms by 
virtue of their inherent linguistic portability 
(versus social or ideational ecologies).

Another possible explanation for new idea 
uptake has to do with the disciplines in which 
they are used. Some disciplines and fields 
are larger, have greater status, and have more 
developed conceptual languages than others 
(Evans et al. 2016), and this may affect a new 
idea’s diffusion. Some new ideas may land 
between disciplines, leading them to find even 
wider diffusion. We control for this by locat-
ing new ideas in journals, and then identifying 
the broad field codes of those journals, reflect-
ing biological and health sciences (baseline 
comparison in all models), physical sciences 
and math, engineering, agricultural sciences, 
and humanities and social sciences. To con-
trol for possible disciplinary and epistemic 
differences in diffusion patterns, we measure 
a new idea’s adoption in these fields as the 
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percentage of articles it appears in for a given 
year.7

When a new idea appears in multiple 
fields, it spans institutional holes and extends 
its reach to a larger pool of potential adopters, 
perhaps promoting its diffusion the next year. 
Various authors have argued that diversity 
metrics can capture interdisciplinarity (Lea-
hey, Beckman, and Stanko 2017; Porter and 
Rafols 2009; Rafols and Meyer 2009; Stirling 
2007). Similar to Leahey and colleagues, we 
measure the spread of an idea across disci-
pline subject categories as interdisciplinarity, 
and it is computed as a new idea’s average 
entropy across the National Research Coun-
cil’s (NRC) discipline subject codes (e.g., 
sociology, mathematics).8

In some prior work, author traits are regarded 
as important factors in the diffusion of new 
ideas. One salient trait would be authors’ gender, 
which we measure via women authors, or the 
proportion of women out of all the authors using 
the new idea in each year. The idea here is that 
women scientists’ work might be implicitly dis-
counted and less likely to diffuse, what scholars 
call the “Matilda effect” (Rossiter 1993). There-
fore, due to lower-status positions and empow-
erment, the higher the association with women 
authors (Bourdieu 1988; England et al. 1988; 
McDonald and Mair 2010), the lower a new 
idea’s propensity to diffuse. Our technique for 
identifying women relies on names and machine 
learning methods. It was initially developed by 
Hofstra and colleagues (2017) and generalized 
to international gender based on genderize api.9

Another confounder in our understand-
ing of diffusion may be the prestige of the 
journal in which an idea is published (McMa-
han and McFarland 2021; Teplitskiy et al. 
2018). When a new idea is placed in a high-
status venue, it will likely garner a larger 
readership, be attributed greater value, and 
find greater recognition, thereby facilitating 
its uptake more generally (Latour 1987). To 
capture this, we use journal impact factor, 
which measures the average impact factor of 
journals that publish the new idea across all 
instances of the term’s use in year t.

Some articles may be long and dense 
and bury the new idea term. Because longer 

abstracts use more words, the new idea 
may be hard to identify, and long texts may 
obscure the effects of a new idea’s association 
with emotion words, accessible language, and 
our metrics for ideational conditions on its 
propensity to diffuse. We estimate this via 
abstract length, which measures the average 
length of abstracts in which a term is situated 
at time t.

Abstracts vary in how accessible they are 
in terms of language difficulty or technicality. 
Prior work discusses how news articles vary 
in the accessibility of their language (Berger 
and Milkman 2012). The more the text has 
a vocabulary and grammar that is accessible 
to most people, the more viral it can become 
(Berger 2013). This same notion can be 
extended to ideas and the texts in which they 
are embedded. We modify a classic and robust 
frequency-based method, the Dale-Chall For-
mula (Chall and Dale 1995), to compute a 
score for abstract readability.10 We replace the 
formula’s original use of 3,000 words designed 
for 4th-grade U.S. students with the most 
common 10,000 unigram list from Google 
Book Ngram.11 This widens the word set so 
it appeals to slightly more educated audiences 
and more topical areas reflective in the WoS.

Prior work has argued that products, 
authors, and their ideas disseminate broadly 
when they contain emotionality. When ideas 
(or any cultural object) are associated with 
emotionally charged language and interaction, 
they spark interest (Collins 1998). In addi-
tion, emotional language on social media is 
strongly associated with viral views of posts 
(Bail 2014, 2021; Bail, Brown, and Mann 
2017). In science, the more an article uses 
emotion words, the more it may be recognized 
and shared, particularly because it reflects 
well on the identity of the potential sharer 
(Berger and Milkman 2012; Milkman and 
Berger 2014). We expect positive emotion 
may facilitate adoption (praise), and negative 
emotion may dampen it (critique) in scientific 
communities. We measure the emotionality of 
texts surrounding a new idea by studying the 
abstracts in which it is situated and identify-
ing the extent they comprise more positive or 
negative expressions. We adopt the VADER 
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neutral score and establish thresholds on the 
score to capture abstract positive emotion and 
abstract negative emotion (see Table 2). We 
use this measure due to its accuracy and acces-
sibility (Hutto and Gilbert 2014).12

Finally, we include additional variables 
to control boundary effects in the Web of 
Science corpus: journal abstract history and 
WoS inward citation. It is possible that our 
identification of new ideas and their diffusion 
across articles is an artifact of some journals 
only recently using abstracts. As such, the 
new idea may be an established one that the 
WoS corpus misses when there is no abstract 
in which to observe it. This can be seen in his-
tory journals, which lacked abstracts for years 
and only recently instituted them. To control 
for this, we develop a measure of journal 
abstract history, which captures how much a 
new idea lands in journals that had abstracts 
in the past as the number of prior years each 
journal has had abstracts. Journals with, say, 
five years of prior abstracts are given a value 
of 5, and journals with five years of publica-
tions and no abstracts are given a value of 
–5. For each new idea, we then average these 
values across their journal instances.

Another potential error in observing the 
diffusion of new ideas may arise from the fact 
that they can be published in articles whose 
main referenced sources lie outside the WoS. 
When a new idea is published in an article 
heavily citing references outside the WoS, it 
may be more likely to diffuse in these external 
venues, which we do not measure. Conversely, 
when a new idea is published in an article that 
cites other articles published in journals con-
tained in the WoS, it may be more likely to 
diffuse within the WoS, which we measure. 
We control for this partial observation of dif-
fusion via a measure of WoS inward citations. 
For all the papers using the new term in year 
t, we estimate the percentage of all their cita-
tions that are located within the WoS.

Tables 2 and 3 show variable defini-
tions and summary statistics, respectively. 
For some variables, we log transform them 
in our predictive models because they are 
skewed. Table 3 presents unstandardized 
sample statistics and log transformations 

where applicable. In the ensuing regressions, 
we report standardized coefficients to help 
readers interpret the magnitudes of reported 
results across measures with diverse scales 
and to better capture substantive significance, 
as the research design is sufficiently powered 
to detect even the smallest of relationships.

Statistical Approach

Our analyses have two inferential aims. First, 
we want to understand why some ideas dif-
fuse more than others. For this, we model the 
diffusion of new ideas into published articles 
in the year ahead, all else equal, as a function 
of our main question predictors measured in 
the present year: social prominence, social 
embeddedness, social consistency, ideational 
prominence, ideational embeddedness, and 
ideational consistency. Second, we want to 
understand how the impact of these ideational 
and social conditions on a new idea’s diffu-
sion depends on the idea’s career stage. For 
this aim, we estimate interactions between 
the new idea’s age and our main predictors, 
asking, How does the lifespan of a new idea 
depend on its evolving social and ideational 
contexts?

As suggested by the curve in Figure 3, 
the average number of articles a new idea 
diffuses into (mean = 27) is smaller than its 
standard deviation (SD = 49), which means 
our outcome of interest is an over-dispersed 
count variable. Therefore, we use an over-
dispersed Poisson regression model to model 
the data (Gardner, Mulvey, and Shaw 1995).13 
We observe an idea multiple times across the 
years of its life span. Therefore, we adopt a 
multilevel (panel or longitudinal) version of 
the over-dispersed Poisson model with ran-
dom intercepts (Hox, Moerbeek, and van de 
Schoot 2017), where years are nested within 
ideas. A multilevel model leads to more accu-
rate estimation of the standard errors when 
independent variables are analyzed at both 
levels, as it takes the clustered nature of the 
data into account (i.e., time points within 
terms are more alike than time points between 
terms). We fit the model using the lme4 
package in R (Bates et al. 2015) and report 
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standardized coefficients to facilitate compar-
isons among the magnitudes of effect sizes.

Because negative binomial regression is 
also a common way to model over-dispersed 
count data (Ver Hoef and Boveng 2007), 
we explore other model specifications (e.g., 
log-linear and negative binomial models) as 
robustness checks. Those results are nearly 
identical to the Poisson model results and 
reinforce our findings further (see Part S2 of 
the online supplement). Finally, we check the 
multicollinearity of our full set of variables 
using the variation inflation index and find 
no collinearity aside from the obvious cases 
of age and age2 (see Part S2 of the online 
supplement).

RESULTS
The results in Table 4 and Figure 5 answer the 
question as to why some ideas diffuse widely 
while others do not. To gauge how well this 
outcome is explained by our above expecta-
tions, we present a taxonomy of fitted models 
in Table 4, where Model 1 (Time) is nested in 
Model 2 (Time + Predictors), Model 3 (Time 
+ Controls), and Model 4 (Full). Model 1, 
which includes a new idea’s start year, age, 
and squared age explains around 51 percent 
of the variation in the number of articles that 
new ideas diffuse into. Model 2 builds off 
Model 1 but includes our six key predictors, 
improving model fitness by 24 percentage 
points. Model 3 also builds off Model 1 and 
includes our 14 control variables, improv-
ing the variance explained by 17 percentage 
points, significantly less than our key predic-
tors. Model 4, the full model, fits the data 
best, explaining around 80 percent of the 
variance in the diffusion of new ideas into 
scientific articles. Shifts in AIC and deviance 
tell a similar story and suggest our ecological 
variables reflecting social and intellectual 
conditions are especially relevant.

Turning to the specific results, we begin 
with the intercept. Because we standardize our 
variables beforehand, the intercept describes, 
on average, the number of articles a new 
idea has diffused into once it has reached the 
average age of 14 years old, which is roughly 

9 to 12 articles (i.e., e2 24.  to e2 47.  articles), 
depending on the model specification.

The time variables tell an expected story: 
for Models 1 and 4, Figure 5 shows the plot-
ted incidence rate of how often an average 
new term is used in articles each year of their 
age. The plot shows that when new ideas are 
introduced into the WoS corpus in later years, 
they have a slightly higher rate of diffusion, 
most likely due to the expansion of the cor-
pus (more articles are published) over time. 
Generally, new ideas gain adoption slowly at 
first and then find accelerated use (broader 
diffusion) over time (akin to Jin et al. 2019).14 
As we control for confounders and the main 
predictors, as expected, the bivariate relation-
ship between diffusion and time is weakened 
(i.e., the difference between the two lines).

The Effects of Ideational and Social 
Ecology

Next, we focus on our question predictors, 
which reflect conditions of social and intel-
lectual resonance. These results can be found 
in Models 2 and 4 of Table 4. As shown in 
Table 4, a one standard deviation change in 
social embeddedness is associated with a 15 
percent ( e− −.16 1) decrease in the predicted 
number of articles it diffuses into. The inverse 
of this variable suggests the reach and bridg-
ing of authors into unrelated social communi-
ties is associated with higher term uptake. 
Smaller but significant effects are found 
when new terms are associated with promi-
nent or core authors (social prominence;  
b =.05). We see mostly negligible effects for 
social consistency (b = .02). Together, we 
interpret this as evidence consistent with two 
of our hypotheses: new ideas tend to diffuse 
more widely when they have socially promi-
nent authors (Hypothesis 1) and span diverse 
research communities (Hypothesis 3b).

Notably, our internalist measures of a new 
idea’s ideational ecology are more predictive 
of its diffusion than are social, externalist 
ones. A one standard deviation increase in 
ideational consistency of a new idea is asso-
ciated with a 53 percent ( e.43 1− ) increase in 
the estimated number of articles it diffuses 
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Table 4. Multilevel Over-Dispersed Poisson Regression Explaining the Diffusion of New 
Ideas in N Published Articles (Standardized Coefficients Reported)

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

Time Variables
 Age 1.234***

(.002)
.663***

(.002)
.550***

(.002)
.579***

(.002)
 Age2 –.505***

(.002)
–.156***
(.002)

–.231***
(.002)

–.155***
(.002)

 Start year .092***
(.002)

.071***
(.002)

.120***
(.003)

.087***
(.002)

Key Independent Variables
 Social prominence (log) .069***

(.001)
.053***

(.000)
 Social embeddedness –.262***

(.001)
–.158***
(.001)

 Social consistency (log) .019***
(.001)

.021***
(.000)

 Ideational prominence (log) .135***
(.001)

.136***
(.000)

 Ideational embeddedness .183***
(.001)

.222***
(.001)

 Ideational consistency (log) .540***
(.001)

.427***
(.001)

Control Variables
 Root term .187***

(.003)
.171***

(.002)
 Interdisciplinary .548***

(.001)
.277***

(.001)
 Physical sciences and math –.018***

(.001)
–.016***
(.001)

 Engineering –.026***
(.001)

–.019***
(.001)

 Agricultural sciences –.023***
(.001)

–.005***
(.001)

 Humanities and social sciences –.020***
(.001)

–.013***
(.001)

 Woman author .017***
(.001)

.007***
(.001)

 Journal impact factor (log) .081***
(.001)

.065***
(.001)

 Abstract length (log) –.077***
(.002)

.034***
(.002)

 Abstract readability (log) .108***
(.002)

.082***
(.002)

 Abstract positivity .058***
(.001)

.006***
(.001)

 Abstract negativity .047***
(.000)

.003***
(.001)

 Journal abstract history –.009***
(.003)

–.018***
(.002)

 WoS inward citation .142***
(.001)

.077***
(.001)

 Intercept 2.472***
(.003)

2.270***
(.002)

2.377***
(.003)

2.244***
(.002)

Model Fitness
 AIC 10148244 8147865 8825262 7928868
 Deviance 10148234 8147843 8825224 7928818
 Pseudo R2 .508 .752 .682 .797

Note: N observations = 995,945, N terms = 56,540. Standard errors are in parentheses. This model was 
run on the “loosely” identified version of terms. We had near identical results using a more strictly 
identified version of terms (see the online supplement).
*p < .05; **p < .01; ***p < .001 (two-tailed tests).
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into. This is the average effect of increased 
ideational consistency, holding age and all 
other variables constant.15 Less influential but 
important are the effects of ideational embed-
dedness and ideational prominence. In terms 
of the number of published articles on a new 
idea, a one standard deviation increase in its 
ideational embeddedness16 is associated with 
a 25 percent ( e.22 1− ) increase, and a one 
standard deviation increase in its ideational 
prominence is associated with a 15 percent 
( e.14 1− ) increase. Therefore, consistent with 
Hypotheses 4, 5, and 6a, a new idea is sig-
nificantly likely to be adopted in more articles 
when it achieves intellectual resonance: when 
authors link it to a consistent constellation 
of already established ideas; connect it to 
specific, prominent ideas; and place it within 
recognized core research topics and para-
digms. Together, this suggests the success of 
a new idea depends on how it relates to the 
intellectual character and content of estab-
lished knowledge. On average, then, new 
terms find greater diffusion and adoption 
when they are consistently and cogently used 
in the semantic space, associated with other 
core ideas, and receive expansive use across 

communities of authors (Goldberg, Srivas-
tava, et al. 2016).

Our control variables (Models 3 and 4) 
mostly behave as expected. Notably, new 
ideas expressed as root terms are more likely 
to find greater uptake (b = .17). New ideas 
published in interdisciplinary journals are also 
more likely to diffuse (b = .28). The effect 
of interdisciplinarity seems partly mediated 
by social embeddedness and suggests both 
variables are identifying the positive addi-
tive effects that spanning structural and insti-
tutional holes has on ideational diffusion. 
Fields have modest negative effects on term 
adoption when compared to the biomedical 
sciences (i.e., the largest field in the WoS cor-
pus). New ideas advanced by women authors, 
net of other factors, show a very small posi-
tive return (b = .01). By contrast, we find 
more sizeable effects of a new idea’s journal 
impact factor (b = .06). As expected, new 
ideas tend to diffuse more broadly after they 
land in more influential journals. Features of 
abstracts are modestly predictive of diffusion. 
Abstract readability, in particular, facilitates 
the diffusion of a new idea (b = .08). How-
ever, the length and emotionality of abstracts 

Figure 5. Plots of Incidence Rates by Age for Models 1 and 4 in Table 4
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have weak effects. Abstract emotionality is 
likely weakly related because most scien-
tific abstracts do not contain metaphorical 
and emotive language. Abstract length is ini-
tially negative (b = –.08) in Model 3, but 
then becomes modestly positive in Model 4, 
likely because the abstract length determines 
the number of neighbor terms that are used 
in ideational embeddedness and ideational 
consistency.

Finally, our controls for journal abstract 
history and WoS inward citation have the 
expected effects. When new terms land in 
journals with a history of abstracts, they 
have lower rates of adoption (b = –.02) than 
do terms in journals with missing abstracts 
years back. We see this as a sign our control 
captures some modest error in left censoring. 
We find a more sizable effect for WoS inward 
citation (b = .08). When terms land in articles 
that are inwardly facing, their rate of adoption 
is higher, most likely because their thought 
community and style are more represented 
in the corpus (Fleck [1935] 1979). Again, we 
interpret this as a sign our control variable 
captures some error due to boundary issues 
in the corpus (something all corpora likely 
have).

How the Adaptation of Ideas Affects 
Their Later Diffusion

The results in Table 5 and Figure 6 reflect 
interactions between our focal variables and 
the age of a new idea. These interactions 
answer the question as to whether the effects 
of social and ideational conditions on the dif-
fusion of a new idea depend on its age. Results 
in Table 5 build off Model 4 in Table 4 and 
perform interactions one at a time. Interac-
tions can be hard to interpret, so we plot them 
in Figure 6 in ways consistent with prior work 
on multilevel over-dispersed Poisson models 
(Keppel 1982; McFarland 2001).17 In Figure 
6, the x-axis represents age from 1 to 23 years. 
The y-axis represents the incidence rate ratio 
(i.e., the expected number of new articles an 
idea is taken up in each year).

The lines in Figure 6 illustrate how promi-
nence, embeddedness, and consistency in 

social and ideational conditions influence 
term adoption with age, when each variable 
is at a high (mean + one standard deviation), 
average (mean), or low (mean – one standard 
deviation) level.18 The average curve is mostly 
consistent across models, as that is the case 
where the focal condition (X) is the mean, or 
effectively zero when standardized. The coef-
ficient of age and the model intercept slightly 
change due to different model specifications 
and which focal variable and age interactions 
are included, but it is generally stable.

Panels a, b, and c in Figure 6 (Models 1, 2, 
and 3 in Table 5) show how the social condi-
tions of associated authors can alter a new 
idea’s diffusion across its career. Of particular 
interest is social embeddedness. A new idea is 
increasingly adopted as it authors bridge and 
connect the term to distal communities (low-
est social embeddedness) later in its career. 
A one standard deviation decrease in social 
embeddedness is likely to increase the diffu-
sion of a new idea each year by one additional 
published article early in the term’s life (years 
1 to 7), but this grows to over 15 additional 
articles later (years 21 to 23) (see Figure 6b). 
In contrast, the effects for social prominence 
and social consistency are notably smaller 
and seem to matter most in terms of diffusion 
later in their careers.

Turning to panels d, e, and f in Figure 6 
(Models 4, 5, and 6 in Table 5), we see how 
ideational conditions can alter a term’s rate 
of adoption in documents. In general, the 
magnitude of effects for ideational condi-
tions are consistently stronger than those for 
social conditions. This can be seen in the 
coefficients of Table 5 and in the greater 
difference between low and high lines for 
each ideational condition—they are generally 
wider at most term ages. Should a term be 
co-used with the same set of neighbor terms, 
a one standard deviation change in ideational 
consistency is likely to increase term adop-
tion each year by one to three additional 
documents early in a term’s life (1 to 7 years) 
and 15 additional documents later (years 21 
to 23) (see Figure 6f).

New ideas also appear to benefit from 
being situated in a research topic or thought 
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style (e.g., langue and parole, see Saussure 
1916). A one standard deviation change in 
ideational embeddedness is likely to increase 
term adoption each year by one additional 
document early in an idea’s life (1 to 7 years) 
and 10 additional documents later (years 21 
to 23) (see Figure 6e). In our analyses, this 
appears when an idea is meaningfully embed-
ded in a research tradition, topic, or discourse 
(Heiberger et al. 2021). Of lesser relevance is 
ideational prominence, but it still appears to 
matter across a term’s first 23 years. Bring-
ing an idea into relation with core concepts 
has later stage effects. As a new idea ages, a 
one standard deviation change in ideational 

prominence grows in effect, increasing term 
adoption an additional five documents per 
year in years 21 to 23 (see Figure 6d).

These effects are net of and additive with 
other factors. They reflect yearly returns and 
likely compound over the course of an idea’s 
career. As such, what may seem like small 
returns snowball over time and are additive 
across the variables. For example, consider-
ing just the top four hypothesized determi-
nants of diffusion—ideational prominence, 
ideational embeddedness, ideational consist-
ency, and social embeddedness—a new idea 
is likely to diffuse into 45 more articles per 
year than typical. That is a twofold gain over 

Table 5. Interaction of Social and Ideational Conditions with Term Age (Standardized 
Coefficients Reported)

Social Conditions Ideational Conditions

 (1) (2) (3) (4) (5) (6)

Prominence .044***
(.001)

.137***
(.000)

 

Prominence × Age –.055***
(.002)

–.061***
(.002)

 

Prominence × Age2 .075***
(.002)

.125***
(.002)

 

Embeddedness –.383***
(.001)

.232***
(.001)

 

Embeddedness × Age .245***
(.003)

–.090***
(.002)

 

Embeddedness × Age2 –.521***
(.003)

.166***
(.002)

 

Consistency .016***
(.000)

.487***
(.001)

Consistency × Age –.005**
(.002)

–.029***
(.002)

Consistency × Age2 .057***
(.002)

.195***
(.002)

Age .613***
(.002)

.867***
(.003)

.597***
(.002)

.567***
(.002)

.337***
(.003)

.806***
(.003)

Age2 –.200***
(.002)

–.580***
(.003)

–.202***
(.002)

–.183***
(.002)

.095***
(.003)

–.501***
(.002)

Control variables Yes Yes Yes Yes Yes Yes
(Intercept) 2.241***

(.002)
2.140***
(.002)

2.237***
(.002)

2.255***
(.002)

2.304***
(.002)

2.179***
(.002)

Note: N observations = 995,945, N terms = 56,540. Standard errors are in parentheses. This model was 
run on the “loosely” identified version of terms.
*p < .05; **p < .01; ***p < .001 (two-tailed tests).
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(a) Social Prominence (d) Ideational Prominence

(b) Social Embeddedness (e) Ideational Embeddedness

(c) Social Consistency (f) Ideational Consistency

Figure 6. Interactions: Predicted Rate of Term Use by Age and Change in Focal Variable
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the average rate of uptake (mean of number 
of articles is ≈ 21), and almost a one standard 
deviation gain overall (SD of n articles ≈ 50). 
If these effects occur yearly, we see means by 
which new vague terms can grow into core 
concepts and influential scholarly ideas.

Robustness Checks

The online supplement contains analyses 
designed to assess the robustness of our 
results. In Part S1, we document the proce-
dure we used to validate the phrase quality 
extracted from our hybrid phrase segmenta-
tion algorithm AutoPhrase. In Part S2, we 
validate our results on another model speci-
fication (log-linear model and negative bino-
mial model), different sets of terms (loose and 
strict versions of terms), and different burn-in 
years (1992 to 1996) to make sure our results 
are robust. We also explore other metrics for 
embeddedness and test whether our results 
hold when variables are lagged two and three 
years out. In all the analyses, our results 
remain very consistent, except for some slight 
changes in the significance and magnitude of 
some control variables’ coefficients.

Limitations

Our research design choices have several 
limitations we wish to note. First, all the ideas 
are extracted from article titles and abstracts, 
not from the main text itself. This means we 
observe only those ideas that make it into 
the most visible and calculable parts of the 
scientific report. Like prior work (Hofstra  
et al. 2020), we argue that abstracts are a valid 
summary representation and best approach to 
getting document coverage (Schuemie et al. 
2004; see Part S1 of the online supplement), 
but certainly future work could draw on 
representative samples of full texts. Second, 
we do not address all mechanisms of diffu-
sion, including attitudes of entrepreneurs and 
further features of the new ideas themselves 
(Rogers [1962] 2010). Instead, we focus 
on six mechanisms stemming from both 
social and ideational ecologies of new ideas. 

While our focus is both novel and important 
because it draws on uniquely comprehensive 
contextual information and the ways it varies, 
later work could nonetheless test additional 
mechanisms. Third, we explore diffusion 
within only a single domain and corpus: 
we do not explore how an idea translates 
across domains or corpora. This was neces-
sary, as different domains and genres of texts 
demand differentiated mechanisms respective 
to each of those different contexts. Different 
mechanisms likely amplify uptake across 
other domains and into the public sphere than 
what we describe here in academic journals. 
Scientific writing is probably less sensitive to 
the effect of emotion and accessible language 
than is writing driving the adoption of cul-
tural memes, news, and commercial products.

DISCUSSION: THE CASE OF 
GENE ONTOLOGY’S SUCCESS
Noticeably, all the effects on the diffusion 
of new ideas are more pronounced as they 
age. What might explain this delayed effect? 
Lamont (1987) argues that the legitimation of 
theories results more from a complex environ-
mental interplay than from the intrinsic quali-
ties of the theories themselves. Based on this 
insight, one explanation may be that scientific 
ideas take time to find ideational and social 
resonance and diffuse in scholarly circles. 
Schudson (1989) defines “resonance” as the 
extent to which an object fits “with the life 
of the audience.” McDonnell and colleagues 
(2017:3) conceptualize resonance as an expe-
rience that develops as people act to “puzzle 
out, or ‘solve,’ practical situations.” All these 
notions of resonance suggest an idea needs 
elaboration and time for its fit to be recognized.

In this study’s case, every new idea we 
investigate is already published. As such, 
these ideas are successful innovations. Yet 
this does not necessarily guarantee their broad 
diffusion, as our empirical analyses show. All 
start out with minimal uptake, yet only some 
achieve remarkable rates of diffusion.

The common trend for all new scientific 
ideas to start out tentatively can be understood 
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by way of contrast with pop culture. Random 
new terms (neologisms) used in public blogs, 
emails, or texts (Cole, Ghafurian, and Reitter 
2019) are not screened or vetted against col-
lective standards before they are introduced, 
so they can achieve viral status quite quickly. 
In contrast, at the start, new scientific ideas 
are heavily selected for fit and suitability and 
are therefore less susceptible to faddish initial 
growth and decline. Once published, these 
same processes of initial evaluation apply to 
downstream uptakes of new scientific ideas. 
In addition to evaluation, academic research 
also moves slower in terms of production 
compared to pop culture, news cycles, and 
perhaps even product lines (Perry-Smith and 
Mannucci 2017). Indeed, this slow process of 
academic progress turns out to be decisive.

The broad-based diffusion of a new idea—
what we loosely term as its success—depends 
on the scholarly process that ensues as later 
adopters work with the idea. To find an audi-
ence and outlet, ensuing researchers must 
read, interpret, and situate their own use-
cases of new ideas against the body of extant 
knowledge. It is in the course of this intel-
lectual labor that they set out to find and 
construct ideational resonance. To get past 
subsequent review, the new idea must be 
recognizable within the matrix of current 
and growing ideas and body of knowledge 
(langue) and may even need to be instanti-
ated within a particular topic, research strand, 
or discourse (parole). Early on, with limited 
instances of recognized (published) applica-
tions, the new idea has a less established 
or even vague ideational precedent, which 
makes it difficult to resonate as useful or 
even recognizable. However, insofar as other 
scholars meaningfully and consistently adopt 
and adapt it, and the new idea steadily accrues 
stable relationships with other ideas and gets 
taken up by diverse researchers, it has greater 
facility in diffusing yet further. Indeed, as the 
idea is related to and integrated into constel-
lations of core ideas, its usefulness, transfer-
ability, and influence increase as it enters 
further and more diverse fields. In this way, 
new ideas become successful as they grow 

into recognized concepts and ideas with wide 
appeal. It is this development that we inter-
pret in the marked growth of the curves seen 
in Figure 6. New ideas are wildly successful 
and diffuse ever more broadly later in their 
careers only when, through the slow burn 
of the scholarly process, they have already 
achieved ideational and social resonance in 
the scientific community.

We anchor this discussion in empirical 
cases of new ideas. For example, “gene ontol-
ogy” is a star concept in biological and health 
sciences that exhibits many of the qualities our 
statistical models identify. “Gene ontology” is 
a WoS term first used in 1999, and it diffuses 
to 907 published articles per year by 2016. 
“Gene ontology” refers to a vocabulary of 
hierarchically related biological terms used to 
characterize a gene product or the biochemical 
material that results from expressing a gene. 
“Gene ontology” describes gene products in 
terms of their molecular functions, cellular 
components, and biological processes, and 
with a unified cross-species vocabulary that 
makes discerning functions and making infer-
ences about relations across gene products 
more feasible. Before the term “gene ontol-
ogy” was invented, biologists had separate 
ontologies to characterize species and their 
gene products, and this made communication, 
synthesis, and cross-species inference about 
gene function difficult to determine.

The effort to establish a gene ontology 
began in 1998, when a group of researchers 
formed the Gene Ontology Consortium to 
develop gene ontologies for particular spe-
cies of yeast, fruit flies, and mice (Ash-
burner et al. 2000). Publications in the WoS 
soon followed (Ashburner et al. 2000; Gene 
Ontology Consortium 2001; Jenssen et al. 
2001; Lewis 2005; Shaw et al. 1999). Shortly 
thereafter, researchers explored gene ontol-
ogy in many other organisms and the search 
was on to elaborate extant ontologies, to 
interrelate them and the genes/gene products 
in databases, and to facilitate the use and 
development of a more consistent gene ontol-
ogy. Since then, gene ontology research has 
continued to expand and has been used to 
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assign gene functions, identify similar gene 
functions, identify genes that co-express in 
development, and computationally model and 
verify genetic and metabolic networks. In 
short, it began with focused application in 
several species to grow into a larger frame-
work and tool for identifying gene functions 
more generally.

We see evidence of gene ontology’s devel-
opment in our data. In the first years, the term 
is somewhat vaguely used—more of a prom-
ise—and over time it coheres into a widely 
resonant concept. At the beginning year of 
the concept (i.e., 1999), it has only seven 
neighbor concepts, such as genome data-
base (“genom databas”), biological process 
(“biolog process”), and gene product (“gene 
product”). As gene ontology diffused into 
nearly 1,000 published articles in 2016, the 
number of other ideas it was interrelated with 
grew from seven to 19,935 unique neighbors. 
To illustrate how its ideational and social 
ecologies changed as it diffused (and how this 
had larger effects on its later diffusion), we 
plot the top 20 neighbors that co-occur with 
gene ontology most frequently in 2007 and in 
2016. Panels a, b, and c in Figure 7 show that 
the connections among the focal concept and 
their neighboring community grow in num-
ber and become denser, which suggests gene 
ontology is also used in a focused research 
topic and thought style across all the years. 
This is reflected in the value of ideational 
embeddedness, which ranges from .28 to .35 
and centers around the mean value of idea-
tional embeddedness (i.e., .32 of the entire 
sample). We also see this in our metric of 
ideational consistency, which grows from .51 
to .98. In later years, gene ontology is increas-
ingly used in consistent ways with other 
neighbor concepts, such as genome database 
(“genom databas”), protein (“protein”), and 
transcriptome (“transcriptom”). At the same 
time, gene ontology is increasingly associ-
ated with other core concepts, such as protein, 
gene, and database over time, so ideational 
prominence grows from 1.0 to 3.4.

Gene ontology’s research communities 
also grew since its introduction. In 1999, 11 

authors collaborated on the first article study-
ing “gene ontology”; by 2016, gene ontolo-
gy’s research community had grown to 6,154. 
We plot the top 50 authors adopting “gene 
ontology” most frequently in 2007 and in 
2016. Panels d, e, and f in Figure 7 show that 
the relationship between the focal concept and 
the academic community became more spread 
out over time. We also see this in our metric 
of social embeddedness, which drops from 1.0 
in 1999 to .0009 in 2016. This suggests that 
spanning more research communities over 
time helps an idea diffuse more broadly.

We also see some key authors who con-
tinue to work on gene ontology as a topic. 
For example, Michael Ashburner, a professor 
of genetics at the University of Cambridge, 
consistently published multiple works on this 
topic from 1999 to 2009. This is also reflected 
in our value of social consistency, which 
ranges from .00 to .74. Gene ontology is also 
associated with more productive authors over 
time, as social prominence grows from 1.0 to 
1.47 (i.e., the median value of the entire sam-
ple is 1.0). Together, both the ideational and 
social conditions helped the growth of gene 
ontology, and this concept became increas-
ingly key to many of the core concerns of 
biology. As these ideational and social con-
ditions developed over the idea’s career, its 
subsequent diffusion became more dramatic.

CONCLUSIONS
Every year, tens of thousands of scholarly 
articles are published reporting scientific 
innovations. These new ideas, carefully artic-
ulated and logically situated among estab-
lished scientific facts and paradigms, span a 
dramatic number and array of diverse schol-
arly domains and modes of investigation. Yet, 
getting published is just the first stage of an 
idea’s public career. Indeed, our starting con-
tention motivating this study was that, despite 
their diversity and sheer numbers, most new 
ideas get little play after they make their 
debut in the scientific community. The vast 
majority are published only a few times and 
rarely incorporated as part of the progressive 
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Figure 7. Social and Ideational Condition Change of Example Concept
Note: Red node = gene ontology.
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advance of scientific knowledge. Some are 
incorporated, however, as we have shown 
with the case of gene ontology: they not only 
persist in our collective knowledge, but they 
fundamentally transform ways of conducting 
and thinking about new science.

In this study, we identified and followed 
the careers of nearly 60,000 new ideas over 
two decades to discover why some diffuse 
widely while most do not. We offered and 
tested a set of novel explanations—eclecti-
cally interweaving both internalist and exter-
nalist, ideational and social factors—that 
drew on established theories of diffusion in 
the sociology of science, management sci-
ence and engineering, and the history of 
ideas. We found that the ways ideas become 
relationally situated in their ideational ecol-
ogy is especially decisive for their long-run 
career. Ideas tend to diffuse more broadly 
when their authors link them to prominent, 
foundational ideas within science, consist-
ently interrelate and position them within 
an established network of ideas, and thickly 
interrelate them—filling out research topics 
and networks with greater links. We also 
found that the successful diffusion of ideas 
depends on their social ecology, that is, the 
communities of scholars who take them up. 
Specifically, new ideas tend to diffuse when 
focally central researchers publish on them 
and when those authors span diverse research 
communities. Table 4 highlights this story.

Importantly, however, we also discovered 
that many of these ecological conditions tend 
to be even more salient at later stages of an 
idea’s career (Table 5). For example, an idea’s 
continued diffusion, even a decade after its 
initial introduction, is especially contingent 
on its persistently thick ties to research tradi-
tions (Figure 6e), its expansive spanning of 
diverse research communities (Figure 6b), 
and its consistent, coherent use (Figure 6f). 
In other words, the success of a new idea is 
not simply a story of monotonically linear 
diffusion as it ages; indeed, ideas that remain 
siloed in insular research communities (Fig-
ure 6b) and are incoherent and inconsistently 
used (Figure 6f) tend not to diffuse and peter 

out. Instead, the continued, long-run diffusion 
of new ideas—their resonant staying power in 
our collective understandings—depends on 
how they relate to their social and ideational 
worlds.

These findings express an emergent story 
of the development of new scientific and 
scholarly ideas. They begin in initial pub-
lications as terms with tentative meanings. 
Their ensuing widespread diffusion into new 
science depends on whether their meaning in 
relation to the body of knowledge gets worked 
out, systematized, elaborated, and broadly 
shared among diverse research communities. 
Insofar as these terms are elaborated, taken 
up, and championed by later researchers, they 
become more widely recognized as portable 
ideas that have resounding utility, much like a 
fact or machine that Latour (1987) describes. 
The idea begins to bridge institutional and 
structural holes to come into contact with dif-
ferent authors who translate and fit it to their 
needs (Perry-Smith and Mannucci 2017), per-
haps becoming akin to a boundary object that 
is related to the same topic but selectively 
interpreted and distinctively repurposed for 
and by each community (Fujimura 1992; Star 
and Griesemer 1989). In this way, an initially 
narrow idea can grow into a concept with 
multiple recognized discrete senses and appli-
cations, as well as communities of practice, 
without undermining its meaningfulness.

An idea can accrete further interrelations 
within the network of scientific knowledge 
and thereby become a core concept as it 
becomes thickly related and relevant to other 
preexistent core concepts. In this manner, 
new ideas enter as focused objects with 
vague meaning in our intellectual and social 
communities, offered up as having specific, 
tenuous meanings and relations that need 
elaboration and recognition to take hold and 
diffuse broadly. Some ideas garner the intel-
lectual and social ecological conditions that 
broaden and cohere their meaning, anchoring 
them in research traditions, but which get 
transported across communities and further 
elaborated, becoming increasingly complex, 
abstract ideas of core relevance, while others 
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flitter and fail to resonate in scholarly texts 
and lives.

We were able to discover this emergent 
story because of our emphasis on both idea-
tional and social ecologies. This is a real 
improvement on the extant literature, which 
tends to analytically preclude one to system-
atically investigate the other. By doing both 
simultaneously, we take seriously the social 
factors that condition the construction of new 
scientific facts while also foregrounding the 
conditions internal to the progressive change 
and development of science itself. Indeed, 
just as our theoretical eclecticism helped us 
discover a more complete picture, our ana-
lytic focus on ideas as elements of larger 
products—terms in discourses—powered a 
high-fidelity systematic empirical analysis 
that could observe the introduction of nearly 
60,000 new ideas and follow their careers 
over two decades.

We can thus contribute an account of 
ideas as they are articulated in their initial 
introductions to the scientific community at 
large: as unique and discrete terms expressing 
newly advanced scientific meaning. Our con-
tribution, in this regard, is to offer a uniquely 
exhaustive view of the structure of science, 
not simply a detail of a few touchstones, star 
ideas, or people (Stinchcombe 1982). Our 
story therefore offers more general insight 
about science than do previous findings 
focused on focal ideas, citations, or prod-
uct gestalts. Finally, our methods, steeped 
in relational perspectives, enabled us to see 
historical contingency and path dependency 
in the evolving structure of science. Ideas are 
relationally situated to other ideas as well as 
to people. Ideas are not static—and neither 
are how people use them. Changes in these 
relations over time have big effects on later 
success. Our unique integration of social and 
ideational networks enabled us to discover 
the relational conditions that facilitate the dif-
fusion of new ideas.
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ideas and concerns); (3) redefining (to context and 
local community); (4) structuring (establishing the 
idea within the community); and (5) interconnec-
tion (relate to other communities).

 2. “More widely: any word or phrase expressing a 
particular idea or concept, or denoting a particu-
lar object” (Oxford English Dictionary 2022: see 
“term, n.11b.”).

 3. Thus, our analyses center on words as expressions 
of ideas. These words are related to other words and 
authors over time reflecting their adaptation, which 
influences their later diffusion. In particular, our 
analyses focus on newly introduced words and fol-
low their diffusion, but we consider them in context 
with extant ideas.

 4. Although the entire WoS main corpus ranges from 
1900 to 2017, 99 percent of papers with abstracts 
are from after 1985. We also add a variable jour-
nal abstract history to help control for how much a 
term lands in journals that have abstracts. This helps 
remove the boundary effects in the WoS corpus.

 5. We develop two versions of our list of new ideas 
that move in two different directions of quality—
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accuracy and recall—to ascertain the robustness 
of our results (i.e., higher accuracy contents with 
lower recall, we refer to as a “strict” version, and 
lower accuracy contents with higher recall, we refer 
to as a “loose” version). Part S1 in the online sup-
plement explains how we determine these two sets 
of ideas. The main analyses presented here rely on 
the loose version, and the strict version is used for 
robustness checks in the online supplement.

 6. It would have been ideal to use node2vec (Grover 
and Leskovec 2016) here for social embedded-
ness and to make the measure parallel to that of 
ideational embeddedness, but the sheer number of 
WoS authors was too large for the procedure to run 
even on advanced supercomputers. As such, we use 
density as a proxy.

 7. We use the National Research Council’s (NRC) broad 
field codes and map Web of Science journals’ sub-
ject codes to NRC discipline codes. We use the NRC 
codes because they are determined by a large panel of 
leading disciplinary experts. We collapse law, educa-
tion, and business into humanities and social sciences 
as the humanities and social sciences field.

 8. To obtain entropy across disciplines, for each 
term’s associated papers in year t, we calculate the 
frequency of different associated NRC codes. If a 
paper is associated with several subject codes, we 
assign weights to the subject codes accordingly.

 9. https://rdrr.io/cran/genderizeR/man/genderizeAPI.
html

10. The Dale-Chall Formula is widely used today (Yen 
and Wiseman 2019), but we explored additional 
readability measures (Gunning Fog Index, Auto-
mated Readability Index), and all relate similarly to 
the outcome variable.

11. http://norvig.com/ngrams/count_1w.txt
12. We also experimented with LIWC and Stanford 

CoreNLP to conduct sentiment analysis and com-
pare our results. All three methods were consistent 
in results.

13. In an over-dispersed Poisson regression, the 
response variable is assumed to have a quasi- 
Poisson distribution with variance equaling the 
dispersion parameter multiplied by its mean. In 
our case, we assume the dispersion parameter to 
be 1.81, considering that is the ratio of the variance 
and mean in our dependent variable.

14. The functional form of the logged incident rates 
reported in Tables 4 and 5 suggests an inverted 
parabola, initially suggesting a later decline. Yet, 
when we exponentiate and restrict on the observed 
range of terms’ ages, the slope is consistently posi-
tive and, in fact, increases (see Figure 5).

15. As the age function illustrates, the average term 
diffuses into a small number of articles early on 
but gains over time following a polynomial curve 
(see Figure 4a). Early in a term’s career, then, a 53 
percent gain corresponding to a one standard devia-
tion increase in ideational consistency is small in 

terms of total additional articles using it (one to 
two additional documents). But later in the term’s 
career, a 53 percent increase due to a one standard 
deviation increase in ideational consistency is more 
sizable (10 to 15 additional documents). The over-
dispersed Poisson model in Table 4 shows the aver-
age rate of return across all ages. Later models will 
show the variable rate of return (Table 5).

16. Supplemental models find the polynomial form 
(squared) has the expected relation for ideational 
embeddedness. There is a diminishing return to 
diffusion for increases in ideational embedded-
ness. For social embeddedness, we likewise find 
a curvilinear relation, but the inverse. Lessened 
social density (or increased structural hole) has 
positive returns to diffusion, but this diminishes and 
reverses at more extreme values. We refrained from 
presenting polynomial results here because they 
greatly complicate the results for interactions with 
the polynomial for age. Interacting two polynomi-
als with standardized values is difficult to follow 
and detracts from the main storyline, for which the 
linear relation is sufficient. Polynomial results are 
available upon request.

17. The difference between the predicted mean line (in 
all panels in Figure 6) and the observed value in Fig-
ure 4a is due to the cohort effect (i.e., the year in 
which the term appears in the WoS for the first time) 
we control for in the model. The panels in Figure 6 
thus plot the within-cohort concept growth curve.

18. Each line for the conditions of resonance (X) are 
calculated as follows (b* = standardized coeffi-
cient). We standardized each variable beforehand, 
so the mean value of each variable X is zero:

 (a) Mean X – 1 SD = exp [intercept + b1* (X = 
–1 SD) + b2* (Age varied) + b3* (Age2 varied) + 
b4* (Age varied)(X = –1 SD) + b5* (Age2 varied)
(X = –1 SD)]

 (b) Mean X = exp [intercept + b1* (X = 0) + b2* 
(Age varied) + b3* (Age2 varied) + b4* (Age var-
ied)(X = 0) + b5* (Age2 varied)(X = 0)]

 (c) Mean X + 1 SD = exp [intercept + b1* (X = 
+1 SD) + b2* (Age varied) + b3* (Age2 varied) + 
b4* (Age varied)(X = +1 SD) + b5* (Age2 varied)
(X = + 1SD)].
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