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Abstract 

Theories of creative conceptual combination hypothesize that, to generate highly creative 

concepts, one should attempt to combine source concepts that are very different from each other. 

While lab studies show a robust link between far combinations and increased novelty of 

concepts, empirical evidence that far combinations lead to more creative concepts (i.e., both 

more novel and of higher quality) is mixed. Drawing on models of the creative process, we frame 

conceptual combination as a divergent process, and hypothesize that iteration is necessary to 

convert far combinations into creative concepts. We trace conceptual genealogies of many 

hundreds of concepts proposed for a dozen different problems on a large-scale Web-based 

innovation platform, and model the effects of combination distance on creative outcomes of 

concepts. The results are consistent with our predictions: 1) direct effects of far combinations 

have a mean zero effect, and 2) indirect effects of far combinations (i.e., building on concepts 

that themselves build on far combinations) have more consistently positive effects. This pattern 

of effects is robust across problems on the platform. These findings lend clarity to theories of 

creative conceptual combination, and highlight the importance of iteration for generating creative 

concepts. 

Keywords: Creativity, problem solving, conceptual combination  
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1. Introduction 

How are creative outcomes produced? Conceptual combination is one strategy that has been 

examined in some depth. It is deceptively simple and process-free in definition: it involves two 

or more concepts combined into a new concept. Real-world examples of the products of 

conceptual combination abound, from “mash-ups” and hip-hop sampling in music, to “fusion” 

cooking, to compound engineered products (like the Apple iPhone, and component/module reuse 

in engineering).  Lab studies have identified a number of different cognitive processes for 

combining concepts, including property transfer (transferring properties from “helper” concepts 

to a head concept, e.g., “pet-bird” = “bird you keep in the house and feed when hungry”), 

hybridization (interpreting a new concept as a “cross” or “blend” between the constituent 

concepts, e.g., “saw-scissors” = “dual purpose tool that both cuts and saws”), and relational 

linking (constituent concepts play distinct roles in a thematic relation, e.g., pet-bird = “bird for 

grooming pets”).   

Here, we are particularly interested in how conceptual combination distance — the 

degree of semantic distance between the component concepts — influences the creativity of the 

produced concepts. Specifically, many theorists and eminent creators (Blasko & Mokwa, 1986; 

Koestler, 1964; Mednick, 1962; Rothenberg, 1979) contend that far combinations are more likely 

to lead to creative outcomes than near combinations, and numerous anecdotes of eminent 

creative accomplishments are consistent with this claim (Johansson, 2006; Rothenberg, 1995; 

Ward, 2001). Is this hypothesis supported by empirical evidence? 

Lab studies have consistently shown that far combinations — where constituent concepts 

are semantically distant from each other (e.g., “kitchen utensil” and “bird” vs. “kitchen utensil” 

and “plate”) — lead to more novel combinations (Doboli, Umbarkar, Subramanian, & Doboli, 
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2014; Gielnik, Frese, Graf, & Kampschulte, 2011; Mobley, Doares, & Mumford, 1992; Nagai, 

Taura, & Mukai, 2009; Merryl J. Wilkenfeld & Ward, 2001; M. J. Wilkenfeld, 1995; Wisniewski, 

1997). A major factor in why this effect occurs is that people generate attributes of the product 

concept that are emergent, i.e., not characteristic of its constituent concepts. For example, one 

might say that a “kitchen-utensil bird” is a bird that has a strong jaw for hammering (where 

neither property is likely to be listed as characteristic of either kitchen utensils or birds when 

considered separately).  Emergent attributes can be generated through first identifying alignable 

conflicts through analogical mapping (Hampton, 1997) and performing causal reasoning to 

generate attributes to reconcile those conflicts (Kunda, Miller, & Claire, 1990). Another reason 

novel concepts are more likely to emerge from combining dissimilar concepts is that people are 

more likely to think of abstract relations and attributes of constituent concepts (e.g., using 

metaphor) when those concepts are distantly related (Mumford, Baughman, Maher, Costanza, & 

Supinski, 1997). 

In contrast to the link between combination distance and novelty that has been well 

established in the lab, the impact of combination distance on idea creativity is less clear. Most 

major models of creativity agree that products are creative if they are both novel and good (of 

high quality, useful; Boden, 2004; Finke, Ward, & Smith, 1996; Hennessey & Amabile, 2010; 

Runco, 2004; Sawyer, 2012; Shah, Vargas-Hernandez, & Smith, 2003). However, relatively few 

studies of conceptual combination and creativity have actually measured quality or creativity. 

Two lab studies have shown that more distant combinations lead to lower quality ideas 

(Baughman & Mumford, 1995; Mobley et al., 1992), while one lab study has shown that it has 

no significant effect, but trending towards higher quality (Doboli et al., 2014). Thus, the 

connection to quality is unclear. Four lab studies have examined effects on creativity (i.e., the 
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joining of novelty and quality): two found positive effects (Howard-Jones, Blakemore, Samuel, 

Summers, & Claxton, 2005; Zeng, Proctor, & Salvendy, 2011), while the other two found no 

effect (Jang, 2014; Siangliulue, Arnold, Gajos, & Dow, 2015), with Siangliulue et al (2015) 

showing a trend in favor of lower diversity leading to higher creativity.  

The relatively small number of studies with mixed results leaves us with uncertainty 

about the relationship between concept similarity in conceptual combination and creativity. One 

interpretation of these mixed findings is that far combinations lead only to increased novelty per 

se, not necessarily increased creativity. A related controversy exists in the literature on analogical 

distance, where studies are divided on whether the most creative analogically inspired ideas 

come from analogies outside of the problem domain (in other words, from far analogies). Some 

researchers argue that the best interpretation of the data is that there is no clear/general advantage 

of far analogies for creative ideation (e.g., Chan, Dow, & Schunn, 2015; Dunbar, 1997; Perkins, 

1983; Weisberg, 2009, 2011). Is a similar conclusion (combination distance does not influence 

creativity) warranted based on the extant empirical data on combination distance? We believe it 

is plausible, but argue that alternative theoretical interpretations should first be ruled out before 

accepting it. In this paper, we develop and test one theoretically motivated alternative 

explanation for the conflicting findings: the benefits of combination distance depend on how 

much convergence has happened from the point of combination. We argue that, to detect the 

benefits of combination distance, we need to observe and evaluate the resulting solution path 

further down its path of development (vs. early on in its development).  

To develop our alternative explanation, we draw on a generally shared process model of 

creativity as involving first, divergent (generating new ideas), then convergent (selecting and 

building on the best ideas) processes (Amabile, 1983; Finke et al., 1996; Sawyer, 2012; 
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Simonton, 2011; Wallas, 1926; Warr & O’Neill, 2005). For example, Amabile’s (1983) 

prominent process model prominently includes a movement from divergent processes (response 

generation) to convergent processes (response validation). Similarly, the Geneplore model (Finke 

et al., 1996) specifies a Generate phase (initial generation of candidate ideas) followed by an 

Explore phase (extensive exploration of those ideas). Simplistically, one can view the creative 

process as linearly progressing from a divergent to a convergent phase. Realistically, creators 

often go through many divergent-convergent cycles when developing creative products (Herring, 

Jones, & Bailey, 2009; Jin & Chusilp, 2006). They also sometimes interleave divergent and 

convergent processes throughout, but transition from earlier periods with more divergence to 

later periods with less divergence (Atman et al., 2007; Ball, Evans, Dennis, & Ormerod, 1997; 

Goel & Pirolli, 1992; Shih, Venolia, & Olson, 2011), where convergence on a few promising 

prototypes becomes necessary to move forward. Overall, there is theoretical consensus that 

divergent and convergent processes are distinct and jointly necessary for successful creative 

production, and the creative process moves from an emphasis on divergent processes early on to 

convergent processes later on. 

This theoretical framework provides a principled justification for the hypothesis that far 

combinations should lead to more creative ideas. If creativity is the production of artifacts that 

are both new and valuable, then at least some novelty is necessary to create new value. It 

follows, then, that a creative process that lacked divergence entirely (e.g., only selected from 

existing ideas) would be highly unlikely to produce a creative idea.  Relatedly, models of firm 

innovation often focus on the tradeoff between exploring uncertain new opportunities and 

exploiting existing/old certainties (March, 1991). In such models, an exclusive focus on 

exploitation might be beneficial in the short run, but usually leads to an eventual loss of 
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competitive advantage in dynamically competitive environments. We claim that far conceptual 

combinations in particular — given the usual nature of their conceptual products — are a 

primarily divergent process for generating new ideas. Therefore, incorporating them into the 

creative process should eventually increase the likelihood of a highly creative idea, even if they 

only raise the novelty of ideas considered (but hold quality constant). By contrast, near 

conceptual combinations could serve both divergent and convergent thinking purposes. 

Importantly, understanding far conceptual combination as primarily a divergent process 

can help explain the conflicting findings on far combinations and creative outcomes. Within this 

framing, we can draw on the literature on divergent/convergent creative processes to suggest 

multiple reasons why combination distance might not have an immediate benefit for creativity. 

First, some researchers argue that a good divergent process increases quality variance in order to 

make it more likely that the best ideas will be generated (Girotra, Terwiesch, & Ulrich, 2010; 

Terwiesch & Ulrich, 2009). Therefore, far combination will likely produce both good and bad 

ideas. Some form of selection process should then be necessary to separate the good ideas from 

the bad ideas. Secondly, if we conceive of a solution space for creative problems as possessing 

no more than a few “peaks” (i.e., really good ideas), then statistically there should be many more 

mediocre or bad ideas than good ideas. It follows from this sparse quality peaks perspective that 

initial forays into very new regions of the space, if they are “blind” (Simonton, 2011, 2012), will 

more likely land on mediocre or bad ideas than good ones on the first try. Thus, some time must 

be allowed to pass in order for some convergent process to select and refine the “good novel” 

ideas (i.e., to move from the low quality initial landing spot in a novel conceptual region to the 

nearby high quality variants in that conceptual region). Finally, models and studies of idea 

generation consistently find that better ideas overall (i.e., combinations of both novelty and 
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quality) tend to be generated later down a solution path (Basadur & Thompson, 1986; Benedek 

& Neubauer, 2013; Kohn, Paulus, & Choi, 2011; Krynicki, 2014; Nijstad, De Dreu, Rietzschel, 

& Baas, 2010; Nijstad & Stroebe, 2006; Parnes, 1961; Parnes & Meadow, 1959; Paulus, Kohn, 

Arditti, & Korde, 2013; Rhodes & Turvey, 2007; Rietzschel, Nijstad, & Stroebe, 2007). 

These theoretical insights suggest a potential resolution to the mixed findings regarding 

combination distance and idea creativity: to observe the benefits of combination distance, one 

needs to examine its effects well into the convergent phase of the creative process. Given the 

high-quality-variance nature of far conceptual combination as a creative strategy, a longer 

convergent phase (i.e., with iteration) may be necessary to convert initially highly novel and 

highly variable quality ideas to creative solutions (high on both novelty and quality). Therefore, 

we predict that, if we separately observe the creativity of direct and indirect conceptual 

descendants of far combinations, we will see a positive effect for indirect, but not direct, 

descendants. 

We should be clear that we are not making the trivial claim that raw ideas must first be 

elaborated and iterated on to produce a creative final product (i.e., a main effect of time on idea 

creativity). What we claim is that initial raw ideas from far combinations in particular are likely 

to have high novelty, but uncertain utility, and that iterations on these raw ideas (not prototype 

testing) is necessary to get to creative raw ideas (i.e., concepts that are both highly novel and 

have high potential utility). In other words, we are making an interaction prediction: the benefits 

of far over near combinations on idea creativity will only emerge at later time points. Anecdotal 

accounts of creative discovery by conceptual combination do not clearly specify whether 

dissimilar conceptual combinations lead to immediately creative raw ideas: some speak of it 

purely in terms of generating “fresh” (i.e., novel) ideas, being agnostic about the expected 
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potential utility of ideas. Others simply claim that dissimilar conceptual combinations directly 

yield more creative raw ideas with above average probability. For example, Ward’s (2001) 

analysis of the origins of science fiction author Stephen Donaldson’s award-winning The 

Chronicles of Thomas Covenant the Unbeliever fantasy series involves no specification of 

iteration between the initial leprosy-unbelief conceptual combination and the final idea that 

formed the overarching theme of the series. 

In this paper, we empirically test our theoretically-driven prediction that observations of 

the benefits of conceptual combination distance vary with the genealogical lag between source 

and target ideas. Taking a genealogical approach, we trace lagged effects of conceptual 

combination distance on the creativity of direct and indirect conceptual descendants on a real-

world innovation platform. We also address some key methodological issues in prior studies (to 

increase our confidence in our theoretically motivated hypothesis testing). First, all prior studies 

examined relatively few creativity problems, and were conducted only in the lab (and therefore 

under somewhat artificial conditions, and often with toy problems). Some key studies (Doboli et 

al., 2014; Jang, 2014; Zeng et al., 2011) also had relatively low Ns, making null effects 

ambiguous and raising potential concerns about effect sizes being significantly overestimated 

(Button et al., 2013), or even incorrectly estimated as positive/negative in sign (Gelman & 

Weakliem, 2009). Studies are needed that examine 1) a range of problems with 2) large Ns, 3) 

under more realistic conditions, and 4) use creativity rather than just novelty or quality in 

isolation to estimate the general effect of combination distance on creativity. Therefore, the 

research reported in this paper is conducted on a diverse range of problems, with large numbers 

of participants working on real world challenges, testing hypotheses with respect to a creative 

outcome measure that combines both novelty and quality. 
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2. METHODS 

2.1. Dataset 

We examine the relationship between combination distance and creative outcomes in the context 

of OpenIDEO (www.openideo.com), a Web-based innovation platform that addresses a range of 

social and environmental problems (e.g., managing e-waste, increasing accessibility in elections; 

see Appendix A for more details on the diverse set of problems sampled for our study). Expert 

designers from IDEO — a design consulting firm renowned for its creativity — guide platform 

contributors through a structured design process to produce solutions for these problems that are 

ultimately implemented for real-world impact (“Impact Stories,” n.d.). We focus our analysis in 

this study on processes and outcomes in three crucial early phases in the process.  

• First, in the inspiration phase (~1.5 to 4 weeks), contributors help to define the problem 

space and identify promising solution paths by posting inspirations: descriptions of 

solutions to analogous problems and case studies of stakeholders.  

• In the concepting phase that follows (for the next 2 to 6 weeks), contributors post 

	
  
Figure 1. Example inspiration (left) and concept (right) for an OpenIDEO problem about 

managing electronic waste. 
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concepts: specific proposed solutions to the stated problem. Crucially, contributors cite 

concepts or inspirations that serve as sources of inspiration for their idea: this provides 

our process data for conceptual combination. Figure 1 shows an example inspiration and 

concept for an OpenIDEO problem about managing electronic waste. They are 

representative of the typical length and level of specification of inspirations and concepts 

on the platform.  

• In the shortlist phase, a subset of concepts for each problem is shortlisted by an expert 

panel (composed of the OpenIDEO designers and a set of domain experts/stakeholders) 

for further refinement, based on their creative potential.  

• In later stages, these concepts are refined and evaluated in more detail, and then a subset 

of them is selected for implementation.  

We focus on the first three stages given our focus on the use of conceptual combination for 

generating creative raw ideas (the later stages involve many other design processes, such as 

prototyping). For more details on the dataset, see Chan (2014). 

2.2. Sample 

The full dataset for this study consists of 2,341 concepts and 4,557 inspirations posted for 12 

distinct problems by 1,190 unique contributors. All inspirations and concepts were downloaded 

(with administrator permission), and a HTML parser was used to extract the following metadata: 

1) Concept/inspiration author (who posted the concept/inspiration) 

2) Number of comments 

3) Shortlist status (yes/no) 

4) List of cited sources of inspiration 

5) Full-text of concept/inspiration 
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The current study was conducted with two subsamples of this larger dataset. Specifically, 

our analysis focused on concepts that (for subsample 1) directly cited at least 2 inspirations or 

(for subsample 2) indirectly cited at least 2 inspirations. We define in the next section how we 

operationalize indirect citations. Our sampling criteria reflect our focus on measuring the effects 

of conceptual combination distance, which is not measurable with fewer than two sources. The 

first subsample includes 456 concepts posted by 239 contributors, collectively citing 2,167 

unique inspirations. The second subsample includes 522 concepts posted by 281 authors, 

collectively citing 2,556 unique inspirations. 

We were able to obtain professional expertise information (e.g., personal websites, online 

portfolios, profile pages on company names) posted in the public OpenIDEO profiles of 90 

contributors (approximately 1/3 of the authors in the sub-samples). In this sub-sample of the 

contributors, at least 1/3 are professionals in design-related disciplines (e.g., user 

experience/interaction design, communication design, architecture, product/industrial design, 

entrepreneurs and social innovators, etc.) and/or domain experts or stakeholders (e.g., urban 

development researcher contributing to the vibrant-cities challenge, education policy researcher 

contributing to the youth-employment challenge, medical professional contributing to the bone-

marrow challenge). Thus, from a contributor perspective, our sample includes a range of 

creative/design expertise, from novice to expert. 

2.3. Measures 

2.3.1. Conceptual Genealogies 

To examine the effects of indirect conceptual descendants, we constructed conceptual 

genealogies for all concepts in the sample. These genealogies were constructed via breadth-first 

search through the citation graph gathered in initial data collection: this search first returned all 
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sources that a concept built upon, and then returned all sources that each of these sources built 

upon (whether they were concepts or inspirations), traversing the conceptual tree to its endpoint. 

If duplicate entries were encountered, that source was credited at its first appearance in the 

graph: for instance, if an inspiration I was a direct source for a concept C (at level 1), and also for 

another concept/inspiration at level 2, it would only be counted once as a level 1 source for C.  

 In this study, we defined indirect conceptual descendants as inspirations from levels 2 to 

4 of each concept’s genealogy (see Figure 2): this range choice reflects our goal of examining the 

effects of sources that are “just recent enough” to have discernible effects (we may not be able to 

Notice from Figure 2 that indirect sources would also include inspirations cited by cited concepts 

(i.e., the sources of concepts that acted as immediate sources for the root concept). One way to 

think about this relationship of the root concept with these indirect sources of other concepts is 

that (at least part of) the insights/information/ideas contained in those inspirations are “passed 

on” to the root concept through their incorporation into the concepts immediately cited by the 

root concept. 

2.3.2. Creativity of Concepts 

Concept creativity is operationalized as whether a concept was shortlisted. In OpenIDEO, 

concepts are selected for the shortlist by a panel of expert judges, including the original 

stakeholders who posted the problem and a team of OpenIDEO designers. Both groups of judges 

have significant expertise that qualifies them to judge the concepts’ creativity: the stakeholders 

have spent significant time searching for and learning about existing approaches, and the 

OpenIDEO designers, in addition to their expertise in the general domain of creative design, 

have spent considerable time upfront with the stakeholders, learning about and defining the 

problem space.  
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 An expert panel is widely considered a “gold standard” for measuring the creativity of 

ideas (Amabile, 1982; Baer & McKool, 2009; R. T. Brown, 1989; Sawyer, 2012). Further, 

addressing our need for a creativity measure that jointly considers novelty and quality, we 

learned from conversations with the OpenIDEO team that the panel’s judgments combine 

consideration of both novelty and usefulness/appropriateness (here operationalized as potential 

for impact; A. Jablow, personal communication, May 1, 2014). Additionally, since problems 

posted on OpenIDEO are unsolved, successful concepts must be different from (and, perhaps 

more importantly, significantly better than) existing unsatisfactory solutions.  

	
  
Figure 2. Illustrated example of “indirect” sources as sources in levels 2 to 4 of a specific target 

concept’s genealogy. Teal circles denote concepts; maroon circles denote inspirations. Note that 

some indirect sources in this example serve as direct sources for the earlier concepts in this 

genealogy. 
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To validate the reported focus of the IDEO panel, we obtained independent external 

expert judgments on Likert-like scales on separate dimensions of novelty, impact, and feasibility 

for a subset of concepts in the OpenIDEO data. Specifically, we collected approximately four 

expert judgments per concept for five of the challenges (N=318 concepts). Reflecting the 

complex and multidisciplinary nature of the challenges, the expert’s ratings had moderate levels 

of agreement (ICCs of .46, .57, and .63 for novelty, impact, and feasibility, respectively). All 

three ratings were positively associated with short-list status (novelty rpb = 0.09, p = .10; impact 

rpb = 0.21, p = .00; novelty rpb = 0.17, p = .00). Fitting a simple logistic regression of shortlist on 

the three dimensions shows that impact is a strong predictor (b = .51, p = .02). Feasibility is 

marginally predictive (b = .33, p = .07), while novelty has a positive but nonsignificant estimate 

(b = .11, p = .63), allaying potential concerns about panel bias against novel concepts. 

2.3.3. Combination Distance 

A standard approach to measuring combination distance would be to obtain pairwise conceptual 

distance judgments between all conceptual descendants. However, the scale of the present study 

(more than 2,000 inspirations would require more than 2 million pairwise comparisons) presents 

formidable challenges to measuring distance using human judgments, from not only a cost 

standpoint, but also an effectiveness perspective, since the quality of human judgments can 

deteriorate severely if the workload is too high. 

 We therefore took a computational approach to measuring combination distance. 

Specifically, we employed Latent Dirichlet Allocation (LDA; Blei, Ng, Jordan, & Lafferty, 2003) 

— an unsupervised machine learning technique for learning topical structures from unstructured 

texts — to learn the semantic space of ideas posted on OpenIDEO, and used that space to 

estimate semantic distance between inspirations. LDA treats documents as mixtures of latent 
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“topics” (occurring with different “weights” in the mixture), and uses Bayesian statistical 

learning algorithms to infer the latent topical structure of the corpus (and the topical mixtures for 

each document) from the co-occurrence patterns of words across documents. With this inferred 

topical structure, we can then derive conceptual similarity between any pair of documents by 

computing the cosine between their topical mixtures (which are represented as vectors of topic-

weights). Essentially, documents that share dominant topics in similar relative proportions (e.g., 

primarily about recycling and electronics) are the most similar. This similarity is measured by 

computing the cosine between their topic-weight vectors, yielding a similarity score between 0 

and 1 (where values closer to 1 indicate greater similarity). 

LDA has been successfully used to model semantics in many other contexts, including 

modeling semantic memory representation phenomena (Griffiths, Steyvers, & Tenenbaum, 

2007), supporting knowledge discovery and information retrieval in repositories of scientific 

papers (Griffiths & Steyvers, 2004), and analyzing topical dynamics in social media use 

(Schwartz et al., 2013). Our application of LDA in the OpenIDEO corpus was validated by 

examining correlations with human judgments on two sub-samples in the corpus. We collected  

Likert-scale pairwise similarity judgments for inspirations from 3 research assistants for the first 

sub-sample, and 5 from the second. Inter-rater agreement was acceptable, aggregate consistency 

intraclass correlation coefficient (ICC(2,3)) = .46 for the first sub-sample, and ICC(2,5) = .74 for 

the second sub-sample. The correlation of the LDA cosines with the mean human-judged 

pairwise similarities was high in both sub-samples, at r = .54 and r = .51, respectively. Notably, 

these agreement levels were better than the highest correlation between individual human raters 

in both subsamples (r = .39 and r = .48, respectively), reinforcing the value of automatic coding 

methods for this difficult task. Further details on our implementation and validation of LDA are 
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available in Chan et al. (2014). 

Combination distance (hereafter denoted COMB-DISTDIR for direct sources, and COMB-

DISTIND for indirect sources) was measured for each concept as the mean of the reversed 

pairwise cosines between inspirations cited by that concept (i.e., subtracting from 0, to derive 

distance rather than similarity). Figure 3 shows an example near and far COMB-DISTDIR from 

the data.  

Note that conceptual combination research has tended to focus on pairs of concepts being 

combined, but here there were often more than just two concepts being combined, especially in 

Figure 3. Example near (left) and far (right) combinations according to COMB-DISTDIR. 
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the indirect source set. Real world problems are complex, and often involve many subproblems, 

such that diverse sources must be brought together to solve each of the subproblems. We used 

mean pairwise distance (the most natural conceptualization of combination distance) to 

characterize the general diversity among the sources. But it could be that problem solvers 

brought the most similar pieces together in pairs, or were most influenced by the maximum 

distance among sources. Therefore we also explored using min and max distance measures rather 

than mean distance in our analyses. These approaches produced similar results (with slightly 

more statistical noise), suggesting the patterns we found were not due to idiosyncrasies of how 

we conceptualized combination distance. However, the added noise when considering min and 

max distance also suggested our initial intuitions that mean distance is the most appropriate 

operationalization of combination distance were correct. Therefore, we only report the mean 

distance results. 

2.3.4. Control Measures  

To improve our estimates of the effects of combination distance per se in this multi-faceted 

naturalistic dataset, we measured and accounted for other important factors that may influence 

concept creativity (i.e., we statistically controlled for likely confounds).  

Feedback. Feedback can be an important contributor to the quality of a concept. 

Feedback can provide encouragement, raise issues/questions, or provide specific suggestions for 

improvement, all potentially significantly enhancing the quality of the concept. Further, feedback 

may be an alternate pathway to success via combination distance, in that concepts that build on 

far combinations may attract more attention and therefore higher levels of feedback, which then 

improve the quality of the concept. On OpenIDEO, concepts receive feedback in the form of 

comments. We operationalize feedback (labeled here as FEEDBACK) as the number of 
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comments received by a given concept. 

Quality of cited sources. Concepts that build on existing high-quality concepts (e.g., those 

that end up being shortlisted) may be more likely to be shortlisted: contributors might 

incorporate lessons learned from the mistakes and shortcomings, good ideas, and feedback in 

these high-quality concepts. We operationalize source quality (SOURCEQUAL) as the number of 

shortlisted concepts a given concept builds upon. 

Conceptual Source Distance from Problem. Finally, building on a prior study in the 

OpenIDEO context that showed a positive effect of sources that were conceptually closer to the 

problem domain (Chan et al., 2015), we also control for the distance of sources from the problem 

domain. Source distance (here labeled SP-DIST) is measured for each concept by taking the 

mean of the reverse cosines between cited inspirations and the problem. 

2.4. Analytic Approach 

Our goal is to model the creative outcomes of concepts posted by contributors for 12 different 

problems as a function of combination distance, controlling for other factors. However, 

contributors are not cleanly nested within problems, nor vice versa; concepts are cross-classified 

within both authors and challenges (see Figure 4). This cross-classified structure violates 

assumptions of uniform independence between concepts: concepts posted by the same 

contributor or within the same problem are likely to be correlated with each other on various 

dimensions, most importantly overall quality. Failing to account for this non-independence could 

lead to overestimates of the statistical significance of model estimates (i.e., make unwarranted 

claims of statistically significant effects). This issue is exacerbated when testing for small effects 

within large datasets. Additionally, while we are primarily interested in concept-level outcomes, 

we need to model between-contributor effects to separate out contributor-effects (e.g., 
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higher/lower creativity, effort) from the impact of sources on individual concepts. Therefore, we 

employ generalized linear mixed models (GLMMs) to model both fixed effects (of our 

independent and control variables) and random effects (potential variation of the outcome 

variable attributable to contributor- or problem-variation and also potential between-problem 

variation in the effect of combination distance) on shortlist status (a binary variable, which 

requires logistic, rather than linear, regression).  

The following is the general structure of these models (in mixed model notation): 

𝜂! !"#$%&'($"%)!!!""#$%#& = 𝛾!! + 𝛾!!𝑋!"
!

+ 𝑢!!"#!!"# + 𝑢!!!!""#$%#& 

where 

• 𝜂! !"#$%&'($"%)!!!""#$%#&   is the predicted log odds of being shortlisted for the ith concept 

posted by the jth contributor in the kth challenge 

• 𝛾!! is the grand mean log odds for all concepts 

• 𝛾!! is a vector of q predictors (q = 0 for our null model) 

• 𝑢!!"#$%&'($"%) and 𝑢!!!!""#$%#& model between-contributor and between-challenge 

variability in mean 𝛾!! 

	
  
Figure 4. Illustrated cross-classified structure of data 
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We fit our GLMMs using the glmer function in the lme4 package (Bates, Maechler, 

Bolker, & Walker, 2013) in R (R Core Team, 2013), using full maximum likelihood estimation 

by the Laplace approximation.  

Our general modeling strategy is as follows. First, we fit a reduced model with crossed 

random effects of challenge and contributor, and fixed effects only of our control measures (i.e., 

feedback, source quality, and source problem-distance). Because these are theoretically 

motivated predictors, we leave them in the model regardless of statistical significance. This 

reduced model serves as a more realistic baseline than the null model; we compare the reduced 

model to a second (fixed-slope) model with the added fixed effect of combination distance. 

Finally, we fit a third (random-slope) model with an added parameter 𝑢!!!!""#!"#$ to model 

potential challenge-level random effects on the mean effect of combination distance. To select 

our final model, we choose the model that meets three criteria: 1) significantly reduces deviance 

from the null model (low standard for explanatory power), 2) significantly reduces deviance 

compared to the reduced model from the previous step (higher standard for explanatory power), 

and 3) has a lower Akaike Information Criterion (AIC) than the previous step to avoid 

overfitting. 

3. Results 

3.1. Direct Effects of Combination Distance 

We first examine the hypothesis that combining diverse sources leads directly to ideas that are 

more creative. Recall that this analysis is with the sub-sample of 456 concepts. 

3.1.1. Descriptive Statistics 

Table 1 summarizes the descriptive statistics and intercorrelations between the variables. There 

are statistically significant positive correlations between the control variables and Pr(shortlist); 



Running head: ITERATION AND CONCEPTUAL COMBINATION 22 

hence the importance of including them in the models. There are no strong inter-correlations 

between the predictor variables, alleviating potential concerns about multicollinearity; a variance 

inflation analysis also shows that having COMB-DISTDIR and SP-DIST in the same model should 

not introduce multicollinearity, with variance inflation factors of 1.16 for both variables.  

3.1.2. Statistical Models 

We fit a series of generalized linear mixed models using full maximum likelihood estimation by 

the Laplace approximation, with concepts cross-classified within both contributors and problems.	
   

We rescale COMB-DISTDIR	
  (multiplying it by 10) for easier interpretation (a more meaningful 

“1-unit” change). 

Table 2 presents the model estimates and fit statistics for the GLMMs. The first model is 

a baseline model fitted with the control variables as predictors. This model yields a large and 

statistically significant reduction in deviance compared to the null model, χ2 (2) = 64.70, p = 

0.00. Adding a fixed slope for COMB-DISTDIR to this model does not provide any meaningful 

reduction in deviance, with the likelihood ratio being essentially zero, χ2 (1) = 0.00, p = 0.92, 

and an increase in the AIC. 

Table 1: Descriptive statistics and intercorrelations between variables for COMB-DISTDIR 

 Descriptives  Correlations 

Variable M (SD) 
 

FEEDBACK 
SOURCE 
SHORT SP-DIST 

COMB-
DISTDIR 

SHORTLIST   0.16 (0.36)    0.33***   0.11** –0.10* –0.01 

FEEDBACK   9.14 (9.92)     0.12**   0.02   0.05 

SOURCESHORT   0.61 (1.07)    –0.05   0.10* 

SP-DIST –0.13 (0.62)       0.29*** 

COMB-DISTDIR   2.02 (1.25)   
 

   – 
m p < .10; * p < .05; ** p < .01; *** p < .001 
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 The point estimate for the effect of a change of .10 in COMB-DISTDIR (remember that it 

is rescaled in this model) is also essentially zero (see Figure 5), albeit with a fairly wide 

confidence interval. To ensure that this wide confidence interval is not due to one or two outlier 

problems overwhelming an overall positive or negative trend across the problems, we estimate 

an additional model with a random slope for COMB-DISTDIR. Visually inspecting the posterior 

modes for the slope of COMB-DISTDIR for each problem (see Figure 5), we see an even scatter 

about the mean value, with 6 challenges having a positive sign for the coefficient for diversity, 

and 6 challenges having a negative sign. A binomial sign test with a null hypothesis of equal 

probability for positive and negative effects of diversity estimates a two-tailed p-value of 1.00 of 

observing either 6 or fewer positive or 6 or more negative signs in 12 “trials” (although this 

Table 2: Model estimates and fit statistics for cross-classified multilevel logistic regressions 
of Pr(shortlist) on COMB-DISTDIR, with comparison to baseline model (controls) 

 Baseline model 
(controls) 

COMB-DISTDIR, 
fixed slope 

COMB-DISTDIR 
random slope 

    
Fixed effects    
    𝛾!!, intercept   –3.08 [–3.37, –2.12]   –3.05 [–3.99, –2.12]   –3.03 [–4.11, –1.95] 
    𝛾!", FEEDBACK     0.10*** [0.07, 0.12]     0.10*** [0.07, 0.13]     0.10*** [0.07, 0.13] 
    𝛾!", SOURCESHORT     0.25m [–0.10, 0.35]     0.25m [–0.03, 0.52]     0.26m [–0.03, 0.54] 
    𝛾!", SP-DIST   –0.49m [–0.71, 0.10]   –0.50m [–1.05, 0.04]   –0.54* [–1.08, –0.00] 
    𝛾!", COMB-DISTDIR      0.01 [–0.27, 0.30]     0.03 [–0.28, 0.33] 
    
Random effects    
      𝑢!!"#!!"#     0.47     0.47     0.44 
      𝑢!!!!""#$%#&      0.71     0.71     1.63 
      𝑢!!!!""#$%#&       0.05 
    
Model fit statistics1    
      Deviance 323.57 323.57 321.74 
      AIC 335.57 337.57 339.74 
m p < .10; * p < .05; ** p < .01; *** p < .001; 95% CI (Wald) = [lower, upper] 
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binomial test outcome should be intuitively obvious to the reader, we present it here to parallel 

the same test conducted on the indirect problem-specific slopes). 

The graph in Figure 5 gives the impression that there are clear effects of combination 

distance, which can be positive or negative depending upon the problem. However, it is 

important to note that there is not strong evidence in support of significant problem moderation: 

the model estimates low problem-variance, does not meaningfully decrease variance from the 

fixed slope model, χ2 (2) = 1.83, p = .23 (p-value is halved, heeding common warnings that a 

likelihood ratio test discriminating two models that differ on only one variance component may 

be overly conservative, e.g., Pinheiro & Bates, 2000), and also further increases AIC, calling into 

	
  

Figure 5. Model-fitted relationship between combination distance and Pr(shortlist). Fitted 

values evaluated at mean values of FEEDBACK, SOURCEQUAL, and SP-DIST. Greyed lines 

are fitted from posterior mode estimates of the slope of COMB-DISTDIR for each problem.  
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question whether the estimated problem variation is meaningful. In other words, the most 

parsimonious interpretation given these data is that direct combination distance has no effect 

(i.e., we select the baseline model as our final model), although it is possible that an even larger 

dataset would find problem-specific effects. Most importantly, these data argue strongly against a 

general benefit of combination distance of direct sources on idea creativity. 

3.2. Indirect Effects of Conceptual Diversity 

We now turn to the analysis of the effects of combination distance of indirect sources. Recall that 

this analysis is with the sub-sample of 522 concepts. 

3.2.1. Descriptive Statistics 

Descriptive statistics and bivariate correlations are given in Table 4 and Error! Reference 

source not found.. There are no strong correlations among the predictors, giving little cause for 

concerns about multicollinearity. 

3.2.2. Statistical Models 

As before, we estimate a series of generalized linear mixed models to analyze the 

relationship between COMB-DISTIND and Pr(shortlist). We exclude COMB-DISTDIR from our 

models for a number of reasons. First, it does not add predictive value (as we saw in the 

preceding analysis). Second, including it as predictor would exclude concepts that had indirect 

Table 3:	
  Descriptive statistics for indirect combination distance measures 

Variable Valid N Min Max Mean Median SD 

SHORTLIST 522 0 1 0.15 0 0.36 
FEEDBACK 522 0 67 9.01 6 10.02 

SOURCESHORT 522 0 11 0.67 0 1.06 
SP-DIST 522 -2.93 1.67 -0.11 -0.01 0.73 

COMB-DISTIND 522 -0.73 -0.02 -0.18 -0.14 0.10 
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inspirations as sources, but had less than two direct inspiration sources, reducing our N to 381 for 

no predictive gain. Finally, our estimates of the effects of COMB-DISTIND do not change with 

COMB-DISTDIR in the model. 

The model estimates are given in Table 5. As before, we begin with a baseline controls 

model, which gives a large and statistically significant reduction in deviance compared to the 

null model, χ2 (3) = 63.70, p = 0.00. In contrast to COMB- DISTDIR, adding a fixed slope for 

COMB-DISTIND to the baseline model yields a marginally significant reduction in deviance, χ2 

(1) = 3.26, p = 0.07, and a decrease in AIC, mitigating concerns about overfitting. 

The model estimates that a .10 change in COMB-DISTIND corresponds to an increase of 

approximately .45 in the log-odds of being shortlisted (see Figure 6). Holding all the other 

predictors at their mean values, changing from a COMB-DISTIND of –0.20 (close to the mean 

value in the sample) to –0.10) increases Pr(shortlist) from 0.13 to 0.19. Again, the CI for the 

effect is relatively wide. However, in contrast to COMB-DIST, the estimated positive effect of 

COMB-DISTIND did not appear to vary by problem. An additional model with a random slope for 

COMB-DISTIND estimates very low problem-variance, does not meaningfully decrease variance 

from the fixed slope model, χ2 (2) = 0.26, p = .44 (p-value is halved), and also further increases 

AIC. Therefore, we select the fixed slope model as our final model for this analysis. 

Table 4: Bivariate correlations for indirect combination distance measures 

Variable FEEDBACK 
SOURCE 
SHORT SP-DIST COMB-DISTIND 

SHORTLIST   0.34***   0.13** –0.11*   0.04 

FEEDBACK    0.11* –0.01   0.13** 
SOURCESHORT   –0.05   0.19*** 

SP-DIST   
 

–0.02 
m p < .10; * p < .05; ** p < .01; *** p < .001 
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Importantly, when estimating the posterior modes for the effect of diversity for each 

problem, we see that none of the 12 challenges has a negative estimate (see Figure 6). A binomial 

sign test with a null hypothesis of equal probability for positive and negative effects of diversity 

estimates a two-tailed p-value of 0.0005 of observing either 0 or fewer positive or 12 or more 

negative signs in 12 “trials”. In other words, the effect of combination distance of indirect 

sources is consistent across problems in a way that is very unlikely to have arisen by chance. 

3.3. Iteration Chain Depth and Earliness of Inspirations 

One plausible alternative explanation for our findings is that concepts that cite indirect sources 

with high combination distance are better not because of their combination distance of those 

Table 5: Model estimates and fit statistics for cross-classified multilevel logistic regressions 
of Pr(shortlist) on COMB-DISTIND, with comparison to baseline model (controls only) 

 
Baseline model 

(controls) 

With COMB-
DISTIND, 

fixed slope 

With COMB-
DISTIND 

random slope 
    
Fixed effects    
    𝛾!!, intercept   –2.80 [–3.44, –2.16]   –1.98 [–3.10, –0.86]   –2.12 [–3.10, –0.86] 
    𝛾!", FEEDBACK     0.09*** [0.06, 0.12]     0.09*** [0.07, 0.12]     0.09*** [0.07, 0.12] 
    𝛾!", SOURCESHORT     0.16 [–0.08, 0.39]     0.12 [–0.12, 0.35]     0.12 [–0.12, 0.35] 
    𝛾!", SP-DIST   –0.44* [–0.82, –0.07]   –0.45* [–0.83, –0.06]   –0.45* [–0.83, –0.06] 
    𝛾!", COMB-DISTIND      0.45m [–0.04, 0.94]     0.34m [–0.04, 0.94] 
    
Random effects    
      𝑢!!"#!!"#     0.12     0.13     0.12 
      𝑢!!!!""#$%#&      0.60     0.88     1.35 
      𝑢!!!!""#$%#&       0.03 
    
Model fit statistics    
      Deviance 372.65 369.39 369.13 
      AIC 384.65 383.39 387.13 
m p < .10; * p < .05; ** p < .01; *** p < .001; 95% CI (Wald) = [lower, upper]	
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sources, but because those sources were inspirations posted earlier in the challenge. These earlier 

inspirations might lead to better concepts for a variety of reasons unrelated to combination 

distance, e.g., they might be of higher quality because they are posted by “early adopters” to the 

challenge who are more motivated, or they might articulate base concepts more clearly (e.g., 

because they have more time for iteration).  

 Depth in iteration chain (our main variable of interest) in fact had a small positive 

association with earliness in time (i.e., when the inspiration was posted). At the inspiration level, 

inspirations that were posted earlier are slightly more likely to show up deeper in iteration 

chains, r = 0.13, p < .001. Inspirations that are cited as both immediate and indirect sources (M = 

	
  
Figure 6. Model-fitted relationship between combination distance of indirect sources and 

Pr(shortlist). Fitted values evaluated at mean values of FEEDBACK, SOURCEQUAL, and SP-

DIST. Greyed lines are fitted from posterior mode estimates of the slope of COMB-DISTIND for 

each problem. 
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9.5 days into the challenge, SE = 0.16) tend to be posted earlier than inspirations that are only 

ever cited as immediate sources (M = 12.2 days, SE = 0.49). 

However, the mean earliness of concepts’ cited inspirations is not predictive of their 

creative success. Estimating a generalized linear mixed model with feedback, source quality, and 

mean inspiration earliness as fixed effects and challenge and contributor as random effects, we 

find that the estimated effect of earliness is near-zero, b = 0.03, 95% CI = [–0.01, 0.08], p = 0.17. 

This model does not significantly improve fit over the reduced control variables model (i.e., with 

just fixed effects of feedback, source quality, and challenge and contributor random effects), LRT 

χ2 (1) = 1.76, p = 0.18 (AIC = 716.86 vs. 716.62). Similarly, mean depth of cited inspirations in a 

chain is not predictive of concepts’ creative success. Adding mean chain depth to the reduced 

control variables model does not significantly improve fit, LRT χ2 (1) = 1.46, p = 0.23 (AIC = 

717.17 vs. 716.62), and the model estimates no reliable effect of mean chain depth, b = –0.16, 

95% CI = [–0.42, 0.09], p = 0.22. Therefore, mere earliness of cited inspirations cannot explain 

the interaction between iteration depth and the effect of inspiration diversity on creative 

outcomes. 

4. Discussion 

4.1. Summary 

Our goal in this paper was to examine conceptual combination as a strategy for generating 

creative ideas. Theories of conceptual combination and creativity suggested the hypothesis that 

distant conceptual combinations are especially likely to lead to highly creative ideas, but the past 

empirical support for this hypothesis has been uneven. Drawing on broader theories of the 

creative process (Amabile, 1983; Finke et al., 1996; Sawyer, 2012; Simonton, 2011; Wallas, 

1926; Warr & O’Neill, 2005), we formulated a theoretical framework that situates distant 



Running head: ITERATION AND CONCEPTUAL COMBINATION 30 

conceptual combination within the creative process as a divergent creative strategy. This 

theoretical framework yielded a novel refinement of the distant combination hypothesis: the 

benefits of conceptual combination distance are more likely to be seen with a genealogical lag 

between source and target ideas. In other words, we predicted that it takes time for distant 

combinations to yield their creative fruits. 

The current study’s findings provided empirical support for this refined hypothesis. As 

predicted, analyzing combination distance of indirect sources indeed yielded different results 

than direct sources. Specifically, we found that the mean effect of direct combination distance, 

though slightly trending in a positive direction, was essentially zero (with some potential 

problem variation). In contrast, combination distance of indirect sources was a positive predictor 

of creative outcomes, and this effect was robust across problems. Thus, distant combinations do 

appear to be especially likely to lead to highly creative outcomes, but only if they are “indirect” 

(i.e., sources of one’s sources). Importantly, we also demonstrate that the contrast between direct 

and indirect sources is not explained by the mere earliness of the indirect sources. 

4.2. Strengths and Limitations 

Before we draw out the larger implications of this study, we first note some strengths and 

limitations of this study. First, we note that we were able to strike a favorable tradeoff between 

external validity (real designers solving real creative problems) and statistical power, which is 

rare in creativity research (i.e., typical studies of real designers have smaller Ns than lab studies, 

not larger Ns, as in the current study). This feature narrows the gap considerably from the current 

findings to generalizations in real-world creative cognition (Dunbar & Blanchette, 2001; 

Henrich, Heine, & Norenzayan, 2010). Another strength of our study is our creative outcome 

measure, which combines both novelty and quality, and follows the gold standard expert panel 
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approach. This allows us to think more holistically about the effects of combination distance on 

creativity, not just novelty and/or quality in isolation (a major gap in prior work). 

One limitation of the current work is that our correlational study design does not allow us 

to make strong causal claims. Relatedly, because our data source was preexisting naturalistic 

behavioral traces online, we were not able to precisely isolate cognitive processes at a fine-

grained level, as one might be able to in the laboratory, or obtain psychological control measures 

(e.g., participants’ familiarity with inspirations). These are legitimate concerns, and to some 

degree are inherent tradeoffs of an in vivo vs. in vitro approach (Dunbar & Blanchette, 2001). 

However, three features of our study mitigate concerns about spurious statistical associations. 

First, our findings align well with prior theory and laboratory findings on the potential benefits of 

combination distance. Indeed, the external validity from the in vivo approach strengthens our 

confidence that the laboratory findings generalize to real-world creative cognition. Second, 

unlike some other observational designs, our study does include a temporal asymmetry between 

the predictor and outcome variables (we know that sources were built upon before shortlisting), 

which is a notable indicator of causal direction. Finally, our statistical analysis accounts for 

problem variation, contributor effects, and a variety of other important control variables, 

mitigating concerns over endogeneity. Nevertheless, future randomized experiments are 

necessary to fully establish causality. 

Additionally, some might be concerned that the unique context of the study — e.g., Web-

based context, focus on socially relevant problems — might limit generalizability to other 

creative problems. This is a legitimate concern, given the recent controversy in the literature over 

the extent to which creative processes are domain-general or domain-specific (Plucker, Beghetto, 

Sternberg, Grigorenko, & Singer, 2004; Simonton, 2009). We have reason to believe that our 
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results should generalize well to creativity in design-related domains (e.g., 

engineering/product/architectural design) given the nature and diversity of problems in our 

sample. Solutions to these problems drew on a wide range of domain knowledge (e.g., public 

policy, human-computer-interaction, social and decision sciences, education) and likely involved 

reasoning over multiple levels of systems (e.g., individual decision-making, communities). Thus, 

the cognitive processes and knowledge involved in generating concepts in our study are likely to 

have significant overlap with other design-related domains. Nevertheless, we encourage further 

studies that explore how these findings might generalize to (or be different in) other forms of 

creative thought, such as artistic creativity and scientific discovery. 

Similarly, because of the public, Web-based context of the study, contributors were 

probably not posting every idea they had, regardless of quality. This is a different dynamic from 

typical lab studies (e.g., of brainstorming) where participants are asked to write down all ideas 

that come to mind. It is likely that in a less filtered context, the moderating effects of iteration 

might be much more pronounced (but still be fundamentally similar): our findings suggest that 2 

to 4 iterations on a concept combined from distant concepts are sufficient to make it creative, but 

more iterations may be required in more realistic settings where less self-filtering is going on. 

4.3. Conclusions 

Returning to the overall question of the nature of human creative cognition, our findings align 

with other studies and arguments that have highlighted the importance of iteration, broadly 

construed, in the creative process (Chan & Schunn, 2015; Dow, Heddleston, & Klemmer, 2009; 

Mecca & Mumford, 2013; Nijstad et al., 2010; Rietzschel et al., 2007; Weisberg, 2011; Merryl J. 

Wilkenfeld & Ward, 2001; Yu & Nickerson, 2011). This emerging body of work suggests that 

iteration provides pathways to not only higher quality ideas (Dow et al., 2009; Yu & Nickerson, 
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2011) but also more novel ideas (Nijstad et al., 2010; Rietzschel et al., 2007), and is an advanced 

application of cognitive strategies like analogy (Chan & Schunn, 2015). Here, we add to this 

body of work, showing that iteration is a critical partner process in creative conceptual 

combination. Again, we emphasize that this line of research concerns the importance of iteration 

for the development of ideas, not final products. The emerging picture is that good ideas rarely 

come in singular creative leaps, fully formed like Athena from the brow of Zeus; instead, they 

more often come from the sweat of his brow building on the labors of others. 

Our findings are consistent with the predominant view of the optimal temporal ordering 

of divergence and convergence (iteration) in the creativity literature. Most theories of creativity 

posit a “flare and focus” view of creativity: diverge first, then converge. Similarly, many authors 

and practitioners warn of the dangers of premature solution selection (e.g., T. Brown & Katz, 

2009; Vogel, Cagan, & Boatwright, 2005). Berg (2014) showed in a series of elegant 

experiments that ideas that build first on very novel ideas that are then “infused” with more well-

trodden idea components end up with a more optimal combination of novelty and quality than 

ideas that begin with well-trodden ideas and then are “infused” with novelty. 

While there is consensus in the literature on the optimal order of divergence and 

convergence, one might wonder about the optimal balance between divergence and convergence. 

In the present work, we observed a monotonically positive relationship between indirect 

combination distance and creativity. Insofar as far combinations increase divergence (and 

“variation” in the variation-selection view of things), this relationship makes sense. However, 

this monotonically positive relationship stands in contrast with some other work in the context of 

group brainstorming that has found no overall benefit of increased divergence (through nominal 

groups) for the creativity of the final idea that is selected (e.g., Rietzschel, Nijstad, & Stroebe, 
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2010). It might be fruitful to examine whether different divergent strategies (e.g., brainstorming, 

distant conceptual combinations) have different trajectories (e.g., non-monotonic, polynomial) in 

terms of their effects on the final idea. A genealogical methodological approach (as exemplified 

in the current study) might be helpful for exploring this new space of questions.	
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APPENDIX A: OpenIDEO Data Additional Details 

To give a better sense of the range of problems addressed on the platform, the following are the 

problem titles (as seen by participants) for the 12 problems in the study sample: 

1. How might we increase the number of registered bone marrow donors to help save more 

lives? 

2. How might we inspire and enable communities to take more initiative in making their local 

environments better? 

3. How can we manage e-waste & discarded electronics to safeguard human health & protect 

our environment? 

4. How might we better connect food production and consumption? 

5. How can technology help people working to uphold human rights in the face of unlawful 

detention? 

6. How might we identify and celebrate businesses that innovate for world benefit and inspire 

other companies to do the same? 

7. How might we use social business to improve health in low-income communities? 

8. How might we increase social impact with OpenIDEO over the next year? 

9. How might we restore vibrancy in cities and regions facing economic decline? 

10. How might we design an accessible election experience for everyone? 

11. How might we support web entrepreneurs in launching and growing sustainable global 

businesses? 

12. How can we equip young people with the skills, information and opportunities to succeed in 

the world of work? 


