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Some  ideas  have  dramatically  more  impact  than  others  –  they  may  overturn  existing  paradigms  or  launch
new  areas  of scientific  inquiry.  Where  do such  high  impact  ideas  come  from?  Are  some  search  processes
significantly  more  likely  to lead  to  breakthrough  idea  generation  than  others?  In this  research,  we  com-
pare “high  impact”  papers  from  the  social  sciences  with  random-but-matched  articles  published  in the
same journals  in  the  same  years.  We  find  that  search  scope,  search  depth,  and  atypical  connections
between  different  research  domains  significantly  increase  a  paper’s  impact,  even  when  controlling  for
eywords:
nnovation
nowledge networks
reakthrough
ecombinant search

the experience  and  prior  publishing  success  of  the  author(s).
© 2011 Elsevier B.V. All rights reserved.
mall-world networks
nsight

. Introduction

Creativity and innovation have a powerful influence on orga-
izational performance and economic growth. In many industries,

nnovation is now the most important driver of competitive suc-
ess. As a result, a growing body of research has attempted to
etter understand the drivers of creativity and innovation in the
orkplace. A significant portion of that research has focused on

ither contextual factors that influence creativity and innovation
uch as incentives, social structure, and organizational culture
e.g., Amabile, 1983; Chatman et al., 1998; Fleming et al., 2007;
erry-Smith and Shalley, 2003) or individual attributes such as per-
onality or skills (e.g., Baron, 1969; MacKinnon, 1965; Martindale,
989; Oldham and Cummings, 1996; Root-Bernstein, 1989; Zhou
nd Oldham, 2001). A recent line of inquiry, however, focuses more
xplicitly on the mechanism by which individuals and organiza-
ions achieve creative outcomes: recombinant search (e.g., Fleming,
001; Gavetti and Levinthal, 2000; Katila and Ahuja’s, 2002). The
urrent study builds on this line of work by examining whether
here are systematic differences in the search processes that lead
o breakthrough ideas versus more incremental ones.
Some ideas have disproportionately more impact than others.
hey may  launch new areas of scientific inquiry or rapidly accel-
rate an existing trajectory of research. These ideas, termed “high

∗ Corresponding author. Tel.: +1 212 998 0249.
E-mail addresses: mschilli@stern.nyu.edu (M.A. Schilling),

lad.green@stern.nyu.edu (E. Green).

048-7333/$ – see front matter ©  2011 Elsevier B.V. All rights reserved.
oi:10.1016/j.respol.2011.06.009
impact ideas” here, are identifiable by the substantially higher rate
at which they are cited in future work. Examples include those
that fundamentally changed many areas of basic science, such as
Einstein’s theory of relativity and Watson and Crick’s discovery
of the double helix structure in DNA, to those whose impact was
felt primarily in more well-defined scientific communities, such as
Edward Said’s “Orientalism” in literary theory, or Kahneman and
Tversky’s “prospect theory” in psychology, economics and man-
agement. While not all high impact ideas turn out to be correct or
social-welfare enhancing, it is not hard to argue that high impact
ideas have, on average, been very important for scientific and social
progress.

Do the search processes that give rise to exceptionally high
impact ideas differ systematically from the search processes under-
lying more incremental work? Some research has suggested that
ideas are more likely to be high impact when they are the result of
a successful connection forged between seemingly disparate bod-
ies of knowledge (e.g., Simonton, 1995, 1999a; Schilling, 2005).
Simonton (1995, 1999a,b), for example, pointed out that many of
the most famous scientific breakthroughs were the result of seem-
ingly random connections that occurred through a free associative
process (what Freudians might call “primary process thinking”).
In this process, an individual generates many unusual combina-
tions between different bodies of knowledge possessed by the
individual, and subjects that set to a screening process of selective

retention, keeping only the best variations (much like Darwinian
evolution). This view echoes the eloquent description by William
James (1890:456) “Instead of thoughts of concrete things patiently
following one another in a beaten track of habitual suggestion, we

dx.doi.org/10.1016/j.respol.2011.06.009
http://www.sciencedirect.com/science/journal/00487333
http://www.elsevier.com/locate/respol
mailto:mschilli@stern.nyu.edu
mailto:elad.green@stern.nyu.edu
dx.doi.org/10.1016/j.respol.2011.06.009
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ave the most abrupt cross-cuts and transitions from one idea to
nother, the most rarefied abstractions and discriminations, the
ost unheard of combination of elements, the subtlest associations

f analogy; in a word, we seem suddenly introduced into a seething
auldron of ideas, where everything is fizzling and bobbling about

 state of bewildering activity, where partnerships can be joined or
oosened in an instant, treadmill routine is unknown, and the unex-
ected seems only law.” The work on recombinant search lends
upport to this position by noting that unfamiliar or atypical com-
inations of knowledge yield novel outcomes with greater variance

n performance. This variance can lower the average performance
f outcomes, but also enables the possibility of exceptionally high
erforming outcomes (Fleming, 2001; Fleming and Sorenson, 2004;
atila and Ahuja’s, 2002; Nelson and Winter, 1982). This line of
ork suggests that search scope improves the likelihood of gen-

rating a high impact idea by unleashing greater recombinatorial
ossibilities.

Other research, however, has emphasized the importance of
earch depth. Authors in this tradition typically argue that an indi-
idual’s best hope of contributing a high impact idea is through
ttaining a deep and narrow knowledge reservoir, accrued through
ears of specialization. For example, some authors have observed
hat individuals often require at least a decade of intense study
n a particular domain of knowledge prior to making a signifi-
ant contribution in that domain (Gardner, 1993; Hayes, 1989;
imonton, 1999a,b). Simon and Chase even quantified this exper-
ise by studying chess grand masters and other experts, concluding
hat individuals need approximately 50,000 “chunks” of richly con-
ected information prior to making a fruitful discovery (Simon and
hase, 1973). Through intensely focused study, it is argued, these

ndividuals may  achieve an exceptional level of understanding of
n area that enables breakthrough revelations.

The topic of breakthrough idea generation has garnered a sig-
ificant amount of attention in both psychology and management,
et much still remains to be understood about how it occurs. In
sychology, where breakthrough idea generation is studied as cog-
itive insight, there are a myriad of questions about what it is,
hy it is often accompanied by an affective response (the “Aha!”)

nd how it might occur (e.g., Mayer, 1995; Davidson, 1995; Kaplan
nd Simon, 1990; Martindale, 1995; Metcalfe, 1986; Metcalfe and
eib, 1987; Simonton, 1999a,b). As Metcalfe (1995) notes: “The

ersistent lack of a mechanism for insight, linked with the charge
hat the notion of insight is somehow supernatural, has shackled
esearchers who would explore this most important of cognitive
rocesses . . ..We  do not yet understand insight.” In the man-
gement literature, breakthrough idea generation has received
omewhat less attention. Instead, researchers have focused more
n exploring whether search scope or search depth are more impor-
ant for knowledge creation, and how individuals or firms can
alance the apparent trade-off between them.

In this paper, we attempt to disentangle the seemingly com-
eting arguments about search scope and depth by considering
uch more explicitly how search scope and search depth influ-

nce the structure of knowledge networks within the mind. We
ntegrate the work in management on recombinant search with

ork in psychology on cognitive insight to build a set of arguments
bout how search shapes and refines semantic networks. This syn-
hesis suggests that breakthrough idea generation is likely to be the
esult of bridging deep pools of knowledge with an atypical con-
ection. This is an important conclusion, because when a network

s sparse and highly clustered (as semantic networks have been
hown to be – see Steyvers and Tenenbaum, 2005), it takes only
 very small percentage of random or atypical connections to dra-
atically decrease the path length between nodes in the network

Watts and Strogatz, 1998). This suggests that the trade-off typi-
ally assumed to exist between search depth and search breadth
Policy 40 (2011) 1321– 1331

might be overstated; minor amounts of search breadth may  have
large payoffs.

We  examine these ideas empirically in the context of social sci-
ence articles. Using a novel coding and analysis method, we  assess
whether search scope, depth, or atypical connections in a social
science article are related to its relative impact, while controlling
for such factors as the field, year, and journal of publication, and
the prior experience and publishing success of the authors. To do
this, we  compare a set of “high impact” articles and a control group
of articles published in the same journals and same years. Both
sets of articles are published in the same top tier social science
journals, thus this is not an examination of how search processes
differ between winning ideas and losing ideas, but rather how
search processes differ between good ideas and exceptionally high
impact ideas.

In the next section, we  first explain why  knowledge creation is
fundamentally a process of building and refining associational net-
works. We  then integrate research on search from the management
literature with work on creativity in the psychology literature to
generate arguments about the roles of search depth, search scope,
atypical connections, and prior knowledge. We  then describe the
data and methods for testing these ideas, followed by the results.
In the final section, we summarize the findings and discuss their
implications for research and practice.

2. Knowledge networks and recombinant search

Knowledge is more than mere information. Information refers
to a signal (Dretske, 1981) or a flow of messages (Nonaka, 1994) that
only becomes knowledge when and if it is integrated within a pat-
tern of associations that give it meaning (Bartlett, 1932; Mayer and
Greeno, 1972). The network of patterns within which the informa-
tion is embedded structures how that information is understood,
and how that information relates to what is believed to be true
(Nonaka, 1994). In absence of such connections between bits of
data, the data would be meaningless – it would not be knowledge
per se. Knowledge is thus literally a network.

2.1. Knowledge networks

Knowledge networks exist, and knowledge creation occurs,
at many different levels of analysis. At the group and inter-
organizational network levels, the term “knowledge networks” has
come to refer to the distribution of knowledge in a network of nodes
and links wherein nodes may  be individuals, groups, or organiza-
tions, and links are the methods by which they share or exchange
information and knowledge (Hansen, 2002; Monge and Contractor,
2003). We  focus here on the individual cognition level, though
many of the fundamental processes have analogs at other levels
of analysis.

At the individual level, the knowledge network refers to the
pattern of associations between concepts in the mind. Early mod-
els of cognition proposed that concepts were organized in the
memory via chains or hierarchies of association (Medin et al.,
2002). More recent models of cognition have taken an explicit net-
work approach; some of the most well known include semantic
memory models and parallel distributed processing (PDP) models.
Most semantic memory models graphically depict the organization
of memory by showing concepts as nodes, and relations as links
(Anderson and Bower, 1973; Collins and Quillian, 1969). Concepts
are connected by some relationship, and the connections provide
inference about the nature of that relationship. PDP models (or

“connectionist models”) also take a network approach, but attempt
to achieve a closer structural coherence with the physiology of
the brain (Medin et al., 2002). To more closely approximate how
cognition occurs in the mind, PDP models suggest that concepts
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re represented in patterns of activity over the same set of nodes,
ather than in particular nodes. As an individual learns, the strength
f connection between nodes is adjusted, causing a stimulus to
rompt the activation of a modified set of nodes. The associations
etween concepts give them meaning; thus the knowledge con-
ained in the network is defined by the network’s structure (Bates
nd Elman, 2002).

Knowledge creation occurs when new information is integrated
ithin the network, or when the existing information within the
etwork is recombined in new ways (Schilling and Phelps, 2007).

 long line of research emphasizes the latter method, suggesting
hat the creation of new knowledge is most often the result of
ovel recombinations of known elements of knowledge, problems,
r solutions (Gilfillan, 1935; Nelson and Winter, 1982; Usher, 1954)
r the reconfiguration of the ways in which knowledge elements
re linked (Henderson and Clark, 1990). Both the amount and diver-
ity of new information integrated into the network (or degree of
hange in the way existing knowledge is combined) will influence
ow novel the new knowledge is (Fleming, 2001; Katila and Ahuja’s,
002; March, 1991).

Knowledge creation is also influenced by the existing com-
osition and structure of the knowledge network (Schilling and
helps, 2007). The knowledge elements that already reside in the
etwork, and the pattern of associations among them, strongly con-
ition how new information is integrated into the network and/or
ow new combinations among existing information occur and are
nderstood. For instance, psychologists have found that varying the
equence of instruction can induce individuals to assimilate new
nowledge to different schemata: “. . .new learning involves the
evelopment of cognitive structure that results from relating new

deas and accommodating existing structures . . . since the outcome
f learning is jointly determined by the new material and the struc-
ure to which it is assimilated, the use of different procedures could
ead to the development of markedly different structures during the
earning of the same new concept” (Mayer and Greeno, 1972). Thus
he network both enables information to become knowledge, and
etermines the nature of that knowledge.

In sum, knowledge creation is the integration of new infor-
ation into the knowledge network, and/or the recombination of

xisting knowledge within the network. Additionally, knowledge
reated through either process is shaped by the structure and con-
ent of the existing knowledge network. Thus knowledge creation is

 function of new information, existing information, and the exist-
ng network.

.2. Recombinant search

The process of exploring different potential solutions to a prob-
em, including the identification of new knowledge elements or
ew relationships between knowledge elements, may  be termed
ecombinant search. “Search” refers to “an act of scrutiny, inquiry
r examination in an attempt to find something, gain knowledge,
tc.” (Webster’s). In the process of deliberate search, individuals
ften seek external information to augment or refine their existing
nowledge networks. However, at the same time, the individual
ay  consciously or subconsciously seek new associations between

nformation or ideas already possessed. The ability for the mind to
ubconsciously explore new combinations between known infor-
ation or ideas may  be precisely why the “Aha!” moment of insight

ften occurs after a period of incubation during which time the indi-
idual may  not perceive themselves to be working on the problem
Dorfman et al., 1996; Wallas, 1926).
Much of the research on recombinant search implicitly or explic-
tly invokes a spatial metaphor. Reference is made to searching in
he “neighborhood” of past solutions (Cyert and March, 1963) or
racticing “local” or “distant” search (Nelson and Winter, 1982).
Policy 40 (2011) 1321– 1331 1323

The term local search is typically meant to convey when an actor
searches deeply but with low scope. The inverse – low depth
and high scope – is indicative of distant, or exploratory, search.
Though much of the research on local and distant search poses
these as choices on two different ends of a continuum, recent
work described below suggests that breakthrough idea genera-
tion may  be most likely when individuals are able to combine the
benefits of both the deep knowledge reservoirs achieved through
search depth and the unexpected connections of exploratory search
(Katila, 2000; Schilling, 2005).

2.2.1. Search depth
Search depth refers to the extensiveness of search within a given

knowledge area. The deeper the search effort, the more cumula-
tive experience an actor accrues in a domain of knowledge and the
greater their competence in that area (Katila, 2000). The research
on local search suggests that most individuals are predisposed to
search for solutions in areas in which they have existing knowl-
edge (Dosi, 1988; Helfat, 1994; March, 1991; Martin and Mitchell,
1998; Nelson and Winter, 1982; Patel and Pavitt, 1997; Stuart and
Podolny, 1996). Bounded rationality of individuals limits their abil-
ity to search all possible domains of knowledge (Simon, 1978) and
biases them toward more salient areas of their own  prior experi-
ence (Cyert and March, 1963). The more knowledge an individual
has in a particular domain, the more likely they are to understand
the nature of the relationships between different ideas. As associa-
tions are challenged or reinforced over time, the more accurate the
pattern of associations should become, and the more efficient the
individual should be in searching for a solution among them (Dosi,
1988; Harlow, 1959). As noted previously, a well-established line
of research in psychology maintains that only through developing
a deep reservoir of knowledge in an area is an individual likely to
make a meaningful impact.

On the other hand, some authors have also argued that repeat-
edly searching within the same domain of knowledge is likely to
result only in incremental advancements, while decreasing the like-
lihood of highly novel or “radical” solutions (Fleming and Sorenson,
2004; Katila, 2000; Mezias and Glynn, 1993; Schilling, 2005).
The continuous exploitation of familiar bodies of knowledge can
exhaust their potential as sources of novel solutions as all possi-
ble combinations of knowledge elements are eventually achieved
(Fleming, 2001; Kim and Kogut, 1996). Furthermore, as an indi-
vidual becomes highly specialized in a knowledge domain, they
can become prone to “einstellung,” whereby learners who  have
previously solved a problem a particular way will form a problem-
solving set that mechanizes their problem solving, constraining
them from developing creative solutions (Luchins, 1942; Mayer,
1995). Many forms of learning can become automatized such that
when faced with a particular situation, the learner automatically
recalls a representation, and it is difficult not to do so (Gick and
Lockart, 1995). When an individual has well-reinforced expecta-
tions about the direction a search path should take, it constrains
their ability to explore different possibilities, and may  prevent them
from generating “preinventive forms” with a more natural or uni-
versal structure (Finke, 1995: 262).

2.2.2. Search scope and the role of atypical connections
Search scope refers to the number or breadth of knowledge

domains searched, and is often invoked to refer specifically to
knowledge domains in which the actor lacks prior experience or
competence (Fleming, 2001; Katila, 2000). A growing body of liter-
ature suggests that searching more distant domains of knowledge

can help an individual to avoid becoming trapped in an ineffi-
cient local optima (Ahuja and Lampert, 2001; Gavetti and Levinthal,
2000; Levinthal and March, 1993; Perkins, 1995). Recombinatory
search that is high in scope can enhance creativity and innovation
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formation of new links between the representations without any
prompting from external input, resulting in a cascade of node and
link changes.1 Notably, the perceived significance of the shift in the
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hrough at least two mechanisms. First, an increase in search scope
ncreases the number of knowledge elements available for recom-
ination (Fleming, 2001; Simonton, 1995). All else being equal,
he larger the set of knowledge elements searched, the greater are
heir combinatorial possibilities (Fleming and Sorenson, 2001). Sec-
nd, search scope increases the variance in the outcomes of search
Fleming, 2001; March, 1991). The “value of variance” (Mezias and
lynn, 1993) in search is that while it increases the number of

ailures, it also increases the number of highly novel or radical solu-
ions to be realized (Levinthal and March, 1981; March, 1991). In
ssence, it is because a search of broad scope is more likely to lead to
typical connections that it enables breakthrough idea generation
Schilling, 2005; Simonton, 1999a).

Search scope can also influence knowledge creation in other
ays. First, searching diverse knowledge domains provides actors
ith multiple, varied interpretations of an extant problem. Such
eterogeneity of meaning can lead to useful reconceptualizations
f problems (Huber, 1991; Kaplan and Simon, 1990) and increase
he actor’s ability to integrate the novel knowledge into their
xisting knowledge base (Cohen and Levinthal, 1990; Nonaka,
994). Access to alternative perspectives regarding problems and
olutions can help actors to apply solutions from one domain
o problems in another, a process known as analogical transfer
Gentner and Gentner, 1983; Holyoak, 1984; Loewenstein et al.,
999; Schilling et al., 2003). Second, the effort required to make
ense of and understand these diverse knowledge domains chal-
enges the stability of existing cognitive structures and cause-effect
elationships (cf. Ahuja and Lampert, 2001). This can stimulate a
ritical self-examination of one’s own cognitive structures lead-
ng to “second-loop” learning (Argyris and Schon, 1978). Such
fforts at incorporating diverse knowledge elements into one’s
urrent knowledge structures can facilitate the construction of
ovel linkages and associations among them, resulting in highly
ovel insights and solutions (Cohen and Levinthal, 1990; Simonton,
999a,b).

As suggested previously, search that is high in scope can be
ostly (Cyert and March, 1963; Kauffman et al., 2000; Nelson
nd Winter, 1982). In contrast to the efficiencies gained from
xperience in local search, high scope search is more uncertain,
ifficult, and less successful on average (Fleming, 2001; Nelson
nd Winter, 1982). When actors look for solutions in knowledge
omains in which they lack prior experience and expertise, they
ust expend greater effort and resources to understand and inte-

rate this diverse knowledge. Furthermore, as the number and
ariety of knowledge elements searched increases, the ability of
ctors to attend to and comprehend their interactions is dimin-
shed due to limited cognitive capacity (Fleming and Sorenson,
001; Simon, 1978). The uncertainty associated with the outcomes
f search also tends to rise with the scope of search. The recombi-
ation of well-understood knowledge components is more certain
han that of relatively novel knowledge elements due to the bene-
ts of previous experience – through experience, actors gain better
nderstanding of which elements to recombine and which to avoid
nd what combinations are better than others for certain problems
nd contexts (Nelson and Winter, 1982).

.2.3. Combining deep knowledge reservoirs with atypical
onnections

The depth and scope of search are often posed as different ends
f the same continuum, as if investing in or utilizing more of one
omes at the expense of the other. This unidimensional concep-
ion presupposes, however, that the amount of search individuals

an conduct is fixed, and thus more units allocated to depth (i.e.,
ithin a field) leads to less units allocated to scope (i.e., across
elds). This assumption is, of course, incorrect. Individuals vary in
heir abilities, experience, motivation and other factors that influ-
Policy 40 (2011) 1321– 1331

ence the amount of effort they will exert toward search, and the
scope of knowledge they will attempt to apply to a given problem.
It is altogether possible, for example, for one individual to search
both deeper and broader than another. Depth and scope are thus
separate, though interdependent, dimensions (Katila and Ahuja’s,
2002).

A small body of research suggests that search depth and
scope may  positively interact, enabling increases in knowledge
creation that are not possible when search efforts focus on one
dimension or the other. Scope provides for the identification of
potentially promising domains of knowledge that can then be
further investigated, fine-tuned, and understood through search
depth (Gavetti and Levinthal, 2000). Such fine-tuning increases
the individual’s understanding of the new knowledge domain
and the ease to which it can be integrated and combined with
the actor’s established knowledge stock. Thus, the iterative use
of depth and scope might lead to more solutions, and solutions
of greater novelty, than the focused use of either mode of search
(Katila, 2000; Katila and Ahuja, 2002).

A closer examination of the micro-mechanisms underlying
knowledge creation, however, suggests an even more nuanced
understanding of breakthrough idea generation. As noted pre-
viously, knowledge creation is the process of integrating new
information into one’s knowledge network or recombining existing
information in the knowledge network in new ways. The knowl-
edge elements in the mind (including both ideas and concepts)
are not randomly connected to one another, but rather are highly
structured (Anderson and Hinton, 1989; Steyvers and Tenenbaum,
2005). The likelihood of two ideas being associated together is a
probability of some function of their similarity on one or more
dimensions (sometimes termed “semantic distance” or “semantic
relatedness”) (Collins and Loftus, 1975; Rips et al., 1973). Associa-
tion based on similarity results in significant clustering. Further,
such networks are likely to be sparse. Forging and maintaining
links between concepts in the mind has a cost in terms of time
and effort (Simon, 1955), and links that are not reinforced over time
can diminish (Martindale, 1995). These costs make it difficult (if not
impossible) to densely connect every possible node in the network
to every other node; instead cognitive networks are likely to be
characterized by dense connectivity among closely related nodes,
and much sparser connectivity (if any) between nodes that are only
distantly related. Though such order and clustering is extremely
valuable in terms of giving structure and meaning to individual
knowledge nodes and sets of knowledge nodes (Bartlett, 1932;
Mayer and Greeno, 1972), it also results in relatively long path
lengths in the network. Long path lengths make it more difficult
and time consuming for an individual to search their cognitive net-
work, and may  make the individual less likely to find a solution that
is not in the immediate domain of the problem.

Atypical connections can create a shortcut in the knowledge
network that results in a dramatic shift in the individual’s knowl-
edge network. Formerly distant ideas may  be brought into close
proximity, simultaneously reorienting the individual’s perception
of distance between other elements that are associated with these
ideas. The dramatic decrease in path length between formerly dis-
tant representations may  prompt the individual to search for and
note other similarities. Relationships that had never been previ-
ously considered might suddenly seem obvious, causing the rapid
1 This may  be the dynamic underlying the affective response that characterizes
cognitive insight – the “Aha!” feeling when sudden clarity emerges (Dominowski
and Dallob, 1995; Gick and Lockart, 1995; Schilling, 2005).
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ndividual’s knowledge network is a function of both the unexpect-
dness of the connection, and the magnitude of change it creates in
he network of representations. The latter suggests that when atyp-
cal connections create shortcuts between deep or large knowledge
eservoirs, the resulting shift in the individual’s cognitive network
s likely to be especially dramatic.

An intriguing implication of this argument is that it may  only
equire one (or a few) atypical connections to dramatically reori-
nt a network of representations. As demonstrated in the work
n small-world networks, when a network is sparse and highly
lustered, it only takes a very small percentage of random or
typical links to cause a phase transition in connectivity of the
etwork, bringing the nodes of the network significantly closer
Watts and Strogatz, 1998), and potentially leading to the cas-
ade of associations noted to characterize cognitive insight. This
as important implications for the tension between exploration
nd exploitation. The trade-off that is typically assumed to exist
etween search depth and search breadth might be overstated –
nly minor amounts of search breadth might be required to achieve
he large payoffs of exploration if the individual has good reasoning
r intuition about areas to explore.2

.3. Current search versus prior search

When an individual searches for a solution to a particular prob-
em, their search will be guided by a number of factors that include
but are not limited to) what others have done in the area, what the
ndividual perceives to be most relevant to the problem at hand,

hat knowledge they possess as a result of previous searches, and
heir natural search tendencies. The search depth, search scope,
r atypical connections manifest in a given paper is thus to some
egree due to the current search effort, and is to some degree an
rtifact of the searches the individual has done before. If an indi-
idual already has deep expertise in a particular domain that is
elevant to the current search problem, they are very likely to draw
rom those knowledge repositories for the current search effort.
onsistent with this, one observes that authors use many of the
ame cites across their papers – some cites become almost reflex-
ve in nature. However, it is also possible for individuals to draw
rom deeper or broader knowledge reservoirs than what is reflected
n the paper’s references, which introduces some noise into the

easures used here (as discussed at greater length in Section 5).
Other things being equal, an author with extensive experience

n the field (i.e., years of participating in the field and/or success
n publishing) might have advantages in generating a high impact
rticle. First they are likely to both have a larger knowledge stock
pon which to draw, and be better able to assimilate and utilize
he fruits of their searches because of learning transfer efficien-
ies (Ellis, 1965). Second, an experienced author might be better at
electing research topics that have high impact potential (thus bet-
er allocating their search efforts), be better at framing the articles
n such a way that their potential is realized by their readership, or
n proactively spreading and legitimizing their ideas (Birkinshaw
nd Mol, 2006; Hargadon, 2002). Third, prior experience and pub-
ishing success may  act as a signaling and legitimization device that
erves to increase the likelihood of others reading and citing the
ork. Finally, the fourth mechanism is the result of a selection

ffect: Only individuals with some degree of publishing success

re likely to be retained in a field that emphasizes publishing as a
ey outcome – thus individuals with prior publishing success get
ore tries at producing a high impact idea. Though one can bring to

2 For an example of what we mean by “reasoning” here, Fleming and Sorenson
ote that scientific theories may  give inventors foresight about potentially fruitful
reas of exploration, improving their likelihood of benefiting from distant search.
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mind examples of “one hit wonders” (an expression borrowed from
the music industry, where it connotes a musical artist known for
only one hit single and short-lived fame), and in mathematics it is
often argued that success comes early or not at all, in the social sci-
ences it is uncommon for inexperienced authors to produce heavily
cited works. Notably, however, there is recent evidence to suggest
that an individual’s prior success can also diminish their likeli-
hood of generating a breakthrough idea. Like the arguments made
previously about the tendency for individuals to exploit existing
competencies, prior success in an area can induce individuals to
rely on familiar knowledge and routines, leading to increasingly
incremental ideas (Audia and Goncalo, 2007). We  thus control for
the author’s (s’) longevity in the field, and prior publishing success.

3. Methods

To test the hypotheses above, we  used data from Thomson Sci-
entific’s High Impact Papers database, novel measures of search
scope and depth based on the Dewey decimal system, and biblio-
metric data gathered on the authors, as described below.

3.1. Data

Thomson Scientific’s High Impact Paper’s database ranks the
most influential papers in specific fields of science and social sci-
ence based on their citation counts. The database includes the 200
most cited papers of each year since 1981, and additionally pro-
vides metrics for the “expected” number of citations for an article
published in the same journal of the same year, as well as biblio-
graphic information. For the current study, the ten highest impact
papers for each of the following four disciplines were chosen, for a
total of 40 papers: Economics, Management, Psychology, and Soci-
ology. To provide a control group, for each of these articles, two
other articles were randomly chosen from the same journal, pub-
lished in the same year (termed “random-but-matched” articles
from this point forward), resulting in a final sample of 120 articles.
Because the bibliographic data collection and coding for each arti-
cle is quite burdensome, this sample size was  chosen to economize
on data handling while still providing enough degrees of freedom
for statistical testing.

For each article, we  created measures of search scope, search
depth, and atypical connections based on coding of the references
used in the articles, and we also collected bibliographic data on
the authors, as described below. Before describing the measures,
however, it is useful to first present an overview of how the Dewey
decimal system works.

3.2. The Dewey decimal system

The Dewey decimal system was  created by Melvil Dewey in 1876
as a structure for the organization of library collections, and it has
been continuously revised to meet the evolving needs of libraries
and electronic information access environments. The Online Com-
puter Library Center (OCLC) has owned and maintained the Dewey
decimal system since 1988. It is the world’s most widely used sys-
tem for the classification of library materials by topic.

The system is constructed as a hierarchical classification scheme
with three primary levels. The highest level divides library mate-
rials into ten main classes representing the major disciplines:
000 Generalities; 100 Philosophy & psychology; 200 Religion; 300
Social sciences; 400 Language; 500 Natural sciences & mathemat-
ics; 600 Technology (Applied sciences); 700 The arts; 800 Literature

& rhetoric; and 900 Geography & history. At the next level, each of
these main classes is divided into finer-grained categories known
as the “Hundred Divisions.” For example, the “Hundred Divisions”
for Social Sciences is divided into the following: 300 Social Science,
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mum  number of articles in which either code appeared, as Dewey
Decimal codes that appear in more articles are at more risk of co-
appearing with other Dewey codes. This gave us a probability index
of any pair of Dewey codes being co-cited. Then, for each article,

3 Though intuitively concentration would seem to be the opposite of scope, the
measures are not directly related in this way. It is altogether possible for two articles
to have the same scope, but have very different concentrations and vice versa. For a
simple example, consider one article that has ten references, eight of which are in
the classification 658, and the remaining two are in the classifications 305 and 338,
versus another article that also has ten references, but five of the references are in
658, three are in 305, and two are in 338. Both articles have the same scope score of
326 M.A. Schilling, E. Green / Res

10 Collections of general statistics; 320 Political science; 330 Eco-
omics; 340 Law; 350 Public administration & military science;
60 Social problems & service, association; 370 Education; 380
ommerce, communications, transportation; and 390 Customs, eti-
uette, folklore. Each of the Hundred Divisions, is in turn, divided

nto even finer categories. For example, the “Thousand Sections”
or Economics includes 330 Economics, 331 Labor economics, 332
inancial economics, 333 Economics of land & energy, and so forth.

Individual library materials, such as academic journals, are
ssigned a Dewey decimal classification number that is at least
hree digits long per the divisions discussed above, but may  also
e given a classification number that is even longer by adding
igits after a decimal, enabling the material to be assigned to an
ven more narrowly defined concept. For example, the Ameri-
an Economic Review has a Dewey decimal classification number
f 330.973. The thousand division of 330 refers to economics in
eneral, while the 9 after the decimal point indicates the topic “Eco-
omic situations and conditions,” and the 73 following is a place
umber that indicates the US.

The Dewey decimal system is the most widely used founda-
ion for development of knowledge taxonomies and retrieval tools
n the world (Saeed and Chaudhry, 2001, 2002; Thompson et al.,
997; Weigand, 1998). Research that has examined how well the
ewey system partitions information into discrete classes has con-
luded that the Dewey concept definitions have a high degree
f class integrity (i.e., the concepts are well-defined and disjoint)
Thompson et al., 1997).

We were able to find Dewey decimal numbers in the OCLC
orldcat system for 5318 (i.e., 79%) of the references cited by

he articles in the sample. The remaining references were mostly
npublished works or papers in publications such as conference
roceedings that were not identifiable in Worldcat.

.3. Dependent variables

Two different dependent variables are compared here. The first
s a dummy  variable (0,1), high impact,  indicating whether the
rticle was drawn from the “high impact” paper database. This
ependent variable is analyzed using logistic analysis. The second

s a continuous variable, relative impact,  that is created by dividing
he actual citation count of the paper by the “expected citation” of
he paper based on the journal and year in which it was published.
he measure of “expected citation” is provided in the Thomson
igh Impact Papers database, and because the papers in the con-

rol group are drawn from the same journals and years as the high
mpact papers, this expected citation score can be used for the
andom-but-matched papers as well. The advantage of this mea-
ure is that it takes account of the fact that there is substantial
ariation in impact even among the high impact papers. Relative
mpact was natural log transformed to improve its normality.

.4. Independent variables

.4.1. Search depth
The depth of any hole is a function of both how many shovelfuls

f earth are removed, and the area over which one’s effort is applied.
imilarly, to measure depth of search, we multiply the number of
eferences by the concentration of those references within (a) bibli-
graphic field(s). First we calculate the concentration of references.
he concentration measure is based on a Herfindahl-Hirschman
ndex (HHI) measure. It is calculated as the sum of the squared
ercentage of references that are in each Dewey decimal hundred

ivision represented in the references. Thus if an article cites ten
eferences, and seven of those ten (70%) are in one hundred division
nd three of those ten (30%) are in another, the article’s reference
oncentration would be .702 + .302 which equals .58. This measure
Policy 40 (2011) 1321– 1331

achieves its highest value when all of the articles cited by the paper
are in the same hundred division, or 12 which equals 1.3 The con-
centration measure is multiplied by a count of the total number
of references in the article to yield a measure of depth. Thus if two
articles in a discipline have the same degree of concentration of ref-
erences but one has many more references, it will score higher on
depth. Similarly, if two  articles in a discipline have the same num-
ber of references but one is significantly more concentrated, it will
score higher on depth. The depth measure was log transformed to
improve its normality.

3.4.2. Search scope
To capture the scope of literary terrain covered in an article, we

created a concentric weighted count of Dewey decimal classifica-
tions represented in the references. This measure takes into account
that journals in different main classes, for example, are more differ-
ent from each other than journals that are in the same main class.
The scope score is calculated as follows: each unique main class (the
highest level) represented in the references is worth three points,
each unique hundred division is worth two  points, and each unique
thousand section is worth one point. For example, if an article cited
five articles whose journals had the following Dewey decimal clas-
sifications, 658.05, 305, 338.7, 616.8, and 658.5, the article would
receive a scope score of 18 (6 points for having two  different main
classes, 600 and 300; 8 points for having four different hundred
divisions, 650, 300, 330, and 610; and 4 points for having four dif-
ferent thousand sections, 658, 305, 338, 616). This measure was log
transformed to improve its normality.

Referencing norms vary significantly across disciplines and
journals. Psychology articles, for example, tend to cite far more ref-
erences than economics articles. Furthermore, the tendency to cite
across multiple literary areas may  vary both with discipline norms,
and with where a discipline falls within the Dewey decimal clas-
sification system. For example, whereas economics, sociology, and
psychology each have their own hundred division (and thus an arti-
cle citing only economics papers could still cite publications from a
number of different categories at the thousand section level), man-
agement is a thousand section category (658), so an article that cites
only management articles would only be citing publications from
the same thousand section category, making it appear to have far
less scope than an economics article that cited only other economics
articles.4 These differences (and others) across fields are managed
by controlling for the journal in which each article is published with
the journal-year dummy variables.

3.4.3. Atypical connections
To measure atypical connections, we  first calculated the num-

ber of times each possible pair of Dewey Decimal codes appeared
together in an article. We  then normalized this count by the maxi-
15, but the first has a concentration score of .66 and the second has a concentration
score of .38. The first article’s references are thus significantly more concentrated
than the second article’s references.

4 This example is an extreme; there were no articles in the sample that cited only
management articles.
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Table  1
Descriptives and correlations.

Variable Mean St Dev 1 2 3 4 5 6 7 8 9

1. High impact .33 .47
2.  Relative impact 1.13 1.09 .92**

3. Years 12.48 9.48 .39** .41**

4. Prior cites 4.61 2.33 .41** .43** .62**

5. Author count 1.57 .69 .11 .13 .25** .38**

6. Depth 2.87 .72 .19* .23* .15 .01 .06
7.  Scope 3.33 .57 .32** .31** .29** .21* .03 .34**

8. Depth × scope 9.69 3.29 .31** .32** .25** .12 .07 .89** .71**

9. Atypical connections .62 .49 .34** .32** .30** .22* .05 .34** .61** .53**

10. Atypical connections × depth 1.88 1.57 .35** .32** .29** .21* .05 .54** .62** .70** .68**
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scope variable comes close to achieving significance, and its coef-
ficient is positive. This is surprising as it suggests an increasing,
* p < .05.
** p < .01 (two-tailed test).

e created a list of every pair of Dewey codes that co-appear in the
rticle, and their corresponding co-citation probability. We  then
dentified the 5% least probable connections made in each of the
our social science fields examined, and used a dummy  variable
0,1) to indicate if a given article included one of the improbable
o-citations (“atypical connections”). Articles with a “1” have one
r more atypical connections; articles with a “0” do not.5

.4.4. Prior experience and publishing success of authors
As argued previously, there are a number of ways that an

uthor’s prior experience and visibility might influence the like-
ihood of their article being high impact. We  thus include the
ollowing measures: (1) Years, which captures the experience of
he author, as the number of years between completing the termi-
al degree and publication of the article. We  use the experience of
he most experienced author when there are multiple authors. (2)
rior cites, which captures the author’s publishing success by count-
ng the number of citations to the author’s prior work, accumulated
p to the year of publication of the target article. We  use the cites
f the most highly cited author when there are multiple authors.6

he latter measure was natural log transformed to improve its nor-
ality. (3) Author count, controls for the number of authors on the

aper.

.4.5. Journal and year of publication
To control for significant differences in referencing norms across

elds and journals, and for differences in length of time for which
he article is at risk of being cited, dummy  variables were included
or n − 1 of the unique journal-year combinations represented in
he sample.

. Results

Descriptive statistics and correlations for the variables are
hown in Table 1. As shown, there is a significant positive corre-
ation between the impact measures, the years in the field, and
he cites prior to publishing the articles examined here. Not sur-
risingly, prior experience and prior publishing success have a
trong positive correlation with both a paper’s likelihood of being

n the high impact set, and its relative impact score. The impact

easures are also significantly and positively related to the scope
easure, the atypical connections measures, and interaction terms

etween depth and scope, and depth and atypical connections. Rel-

5 All three of the measures of “atypical connections” yield nearly identical results;
e  thus report here only the results with the dummy  variable as this operational-

zation is most consistent with our arguments.
6 We also ran our models using a sum of the authors’ years of experience when

here are multiple authors, and the sum of the authors’ prior cites. The results were
early identical.
ative impact was  also significantly and positively related to depth,
though the dummy variable for high impact was not. It is worth not-
ing that there is a positive and significant correlation between the
depth and scope measures for the data examined here, consistent
with arguments that scope and depth should not be considered two
ends of a continuum. There is also a significant and positive corre-
lation between scope and atypical connections, consistent with the
arguments that scope can enable the formation of atypical connec-
tions.

Table 2 reports the logistic regression results for the binary
dependent variable, “high impact.” We  first test the more tradi-
tional depth versus scope arguments, and then turn to the “atypical
connections” arguments made here. In Model 1, only the control
variables for the journal-year and author attributes (years, prior
cites, and author count) are entered. This model is able to cor-
rectly classify 79.2% percent of the articles. The first two author
attribute variables, years and prior cites, are positive and significant,
suggesting that authors’ prior experience and publishing success
significantly increases the likelihood of writing a high impact paper.
The third author control, author count, is not significant, indicat-
ing that having more authors on a paper does not directly impact
the likelihood of a paper being high impact. In Model 2, the depth
and scope variables are added. Adding these variables signifi-
cantly increased the Chi-squared statistic (p < .01 significance of
the change), and increases the likelihood of the model correctly
classifying the articles to 87.5%. The depth variable has a signifi-
cant (p < .05) and positive coefficient, and its estimated odds ratio
indicates that for every additional unit of search scope, the odds
of an article being high impact increases by a factor of 4.95. The
scope variable also has a significant and positive coefficient (p < .01),
and its odds ratio indicates that for each additional unit of depth,
the likelihood of an article being “high impact” is increased by a
factor of 168.9. In Model 3, the interaction term depth × scope is
entered. Adding this variable leads to a modest decrease in the log
likelihood ratio, and the variable would be significant only with a
two-tailed test, indicating evidence for a modest interaction effect.
Model 4 includes squared terms for the depth and scope variables
to explore the possibility of curvilinear effects. Only the squared
rather than diminishing, effect of scope.7

7 Though it was suggested that we center the variables prior to creating interac-
tion  and squared effects, research indicates that mean centering does not correct
collinearity problems in moderated regression models (Echambadi and Hess, 2007)
and is likely unnecessary given that modern statistical packages use double pre-
cision for all of the calculations, minimizing the potential for collinearity to cause
problems. We  did, however, explore the possibility of curvilinear effects through
graphical analysis and SPSS curvefit estimation. We found no evidence suggestive
of  significant curvilinear effects.
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Models 5 and 6 replace scope with atypical connections.8 As
shown in Model 5, the atypical connections variable achieves a
strong, positive coefficient (p < .01), and its odds ratio indicates that
having an atypical connection increases the odds of an article being
“high impact” by a factor of 15.17. This suggests strong support
for the arguments about the role of atypical connections in break-
through idea generation. Model 6 does not indicate a significant
interaction between depth and atypical connections. We  do not
conclude from this, however, that deep pools of knowledge do not
increase the value of an atypical connection. After all, it is likely
that all of the papers necessitate some depth of knowledge in order
to be published in the top journals represented here. Thus our test
may suggest that average amounts of depth (for a top tier jour-
nal) combined with atypical connections increases the likelihood
of breakthrough idea generation.

In Table 3, the models are run against the continuous variable,
relative impact. The results are very similar to those run previ-
ously. Models 2 and 5 show the significant role of depth, scope,
and atypical connections in leading to a high impact paper. Mod-
els 3 and 6 again fail to find interaction effects between either
depth and scope, and depth and atypical links (though the caveats
about depth made in the previous section again apply). Models 2
through 6 all explain significantly more variance than Model 1,
which includes only the controls. The results thus provide clear
support for arguments about the positive role of depth, scope, and
atypical connections.

5. Discussion

In this study, we  integrated research on psychology and man-
agement to build a more explicit model of how search influences
breakthrough idea generation. In particular, we argued that the pro-
cess of knowledge creation is fundamentally a network process, and
that atypical links in these networks can have a profound influ-
ence on an individual’s understanding of how ideas relate to each
other, leading to breakthrough idea generation. Taking a network
approach to understanding knowledge creation is a very important
distinction, as networks exhibit nonlinear changes in connectiv-
ity in response to atypical links. This means that it may only take
very few atypical links to cause a radical change in the perceived
distance between ideas, enabling relatively small investments in
well-targeted9 exploration to have disproportionate payoffs. To
test this, we  examined the search process evidenced in the refer-
ences of social science articles, comparing “high impact” papers to
other papers published in the same journals in the same years. The
results supported our arguments: the presence of an atypical link in
an article was strongly related with the likelihood of a paper being
in the “high impact” set and its relative impact, even when control-
ling for the prior experience and publishing success of the author(s).
The results also suggested that both search scope and search depth
have positive relationships with a paper’s impact, with somewhat
stronger effects for search scope and atypical connections than for
search depth.

These results are consistent with the body of work in creativity

that suggests that breakthrough innovation is more likely to occur
through the combination of disparate ideas. Forging connections
between two  ideas that were already perceived as closely related,

8 Search scope and atypical connections cannot be included in the models simul-
taneously due to multicollinearity.

9 Though much of the work on “small-world” network properties emphasizes
random connections, we emphasize here atypical connections, as we believe that
even when scholars are doing exploratory search they do not blindly pursue every
possible path; rather they intelligently seek out connections that appear more fruit-
ful  than others. For more on how individuals may  search for and forge atypical
connections in a cognitive network, please see Schilling (2005).
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Table  3
OLS regression of relative impact.a.

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
B  (SE) B (SE) B (SE) B (SE) B (SE) B (SE)

Constant .63 (.66) −3.25** (.99) −.12 (2.38) −1.96 (2.68) −.78 (.71) −.79 (.88)
Years .04** (.02) .03† (.02) .03† (.02) .03* (.02) .03 (.02) .03 (.02)
Prior  cites .18** (.07) .18** (.06) .17** (.06) .17** (.06) .20** (.06) .20** (.06)
Author  count −.06 (.18) −.00 (.16) −.02 (.16) −.02 (.16) −.04 (.17) −.04 (.17)
Depth  .55** (.16) −.59 (.81) 1.70† (.95) .53** (.17) .53* (.26)
Scope  .82** (.24) −.12 (.69) −.99 (1.57)
Depth × scope .34 (.24)
Depth squared −.20 (.16)
Scope squared .27 (.24)
Atypical connections .57* (.24) .59 (.95)
Depth  × atypical connections −.01 (.34)

Adj.  R squared .07 .29 .30 .29 .24 .23
F  of change 1.35 13.30** 2.08 1.16 9.75** .00

Coefficients for dummies for journal-year sets omitted.
†
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address how these search processes impact the likelihood of an arti-
cle being published at all. Future research could tackle this issue by
comparing published articles with those that fail to achieve publica-
p < .10.
* p < .05.

** p < .01 (two-tailed test).

r finding a solution in a “homing space” wherein many clues lead
o its almost inevitable discovery (Perkins, 1995), may  not result in a
olution that is perceived as novel. The associations may  conform to
he reader’s expectations, and may  not significantly redirect inquiry
n a way that causes the article to be seen as a seminal work. By con-
rast, when connections are made between ideas that had seemed
nrelated or incongruent, the connection may  be unexpected, and

t may  prompt readers to consider numerous other associations
etween, or applications of, ideas articulated in the paper (Schilling,
005). One of the ways that authors may  identify and forge rela-
ionships between disparate ideas is through search scope, though
ot all search scope will result in atypical connections.

The results indicated no evidence for interaction effects between
earch scope and depth, or between search scope and atypical con-
ections. While at first blush this would seem to imply that an
uthor could focus on search scope or atypical connections alone to
ncrease the impact of their papers, it is important to remember that
he results are comparing published works with exceptional pub-
ished works, and that to be published, the articles probably must

eet threshold levels of depth in their citations. Thus the failure
o find a significant interaction effect should not be interpreted as
ndicating that an article could rely on high scope or atypical search
rocesses alone.

The results also indicated no evidence for diminishing effects of
earch scope and search depth, suggesting that there is no penalty
or searching extremely deeply or broadly (though again, journal
orms may  truncate the distribution of what is acceptable in terms
f depth and breadth of referencing). Furthermore, the results
ndicated a positive effect for an author’s experience in the field
nd prior publishing success. Taken together, these results imply
hat for the social sciences at least, drawing from more knowl-
dge, both deeply and broadly, improves the impact of a published
ork.

This study offers several contributions to the extant research.
n addition to the main findings described above, it helps to clarify
he relationships between search depth, search scope, and break-
hrough idea generation. The results here indicate that search depth
nd search scope are positively correlated with one another, con-
istent with Katila and Ahuja, 2002 arguments that these two
imensions should not be considered two ends of a continuum:
ome individuals search both more deeply and more broadly. Fur-

hermore, both have positive direct effects on breakthrough idea
eneration. This result obviates the debate about whether it is
earch depth or scope that facilitates breakthrough idea generation

 it is both.
Another contribution of the study is the development of a novel
coding system for measuring search scope, search depth, and atyp-
ical connections, that may  be of interest to those who  do research
in this area. This coding system enables researchers to characterize
the search process evidenced in a paper’s references using read-
ily available public data. The Dewey decimal codes are based on
well-defined and non-overlapping classes, helping to avoid some
of the problems that emerge in using patent citations (another com-
mon  measure of search scope and search depth).10 Future research
may  wish to compare the results that emerge from using both sys-
tems of measurement. For example, when an invention leads to
both the publishing of a scientific article and a patent, do measures
of search scope and search depth based on both article references
and patent citations yield congruent patterns? The coding system
could also be used to identify degrees of difference and commonal-
ity between articles, which could be useful for a number of research
directions. This would, for example, enable us to identify periods of
convergence and divergence in research streams, and may  help us
to identify articles that significantly redirected research in an area
(akin to discontinuous innovation).

The study also has implications for other areas of future
research. First, while the fundamental arguments of the paper were
based on network dynamics of cognition, our measures only cap-
ture adjacencies within the sample (i.e., whether two  Dewey  codes
are co-cited in papers). It would be fascinating (and valuable) to
construct a method of more fully capturing the knowledge network
dynamics of search and breakthrough idea generation. Second,
though using the Dewey codes in references provides an interesting
and novel way  to trace an author’s search process, it is undoubt-
edly incomplete. Individuals are likely to draw from a deeper or
broader knowledge reservoir than what is reflected in the paper’s
references; we can only hope that the patterns we  capture here are
reflective of the patterns that exist in the true knowledge stocks
used. This would also be an interesting area to develop new meth-
ods for more fully capturing an individual’s search process Third,
though the results indicated that search scope, search depth, and
atypical connections can help to differentiate the exceptional pub-
lished articles from more ordinary published articles, they do not
10 References share a disadvantage with patent citations, however, in that both
might be partially driven by the strategic interests of the author(s).
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ion. It would be interesting to see if Fleming’s 2001 results could be
eplicated, i.e., while search scope can enable the breakthrough idea
eneration that leads to high impact papers, does it also increase
he likelihood of failing to publish a paper?
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