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1. INTRODUCTION 

Relatively recently, the crowd, external to businesses and organizations, became the new source of 

creative ideas. However, prior research has shown that the crowd-based solutions may be inadequate 

when it comes to generating creative and innovative solutions [Bayus 2013, Leimeister et al. 2009]. 

For example, the crowd often fails to offer solutions that incorporate multiple perspectives [Schenk 

and Guittard 2011], and the crowd act autonomously to develop a solution rather than elaborating on 

the ideas of others, resulting in only incremental improvements rather than novel solutions [Madsen 

et al. 2012].  

To understand what affects the creativity of the crowd, our paper uses the componential theory of 

creativity [Amabile 2011]. This theory suggests three within-individual components that are crucial to 

creativity: domain-relevant knowledge and skills, creativity-relevant processes, and motivations. 

Since the motivations of the crowd are well explored in the prior literature [e.g. Brabham 2010, 

Kaufman et al. 2011, Ren et al. 2017], this paper focuses on the first two components to explore the 

crowd’s creativity.  

To trigger crowd’s domain relevant knowledge and skills, we use two different domains where crowd’s 

knowledge intensity differs (high versus low): For some domains, the crowd may be equally 

knowledgeable as professionals or experts. Such domains may include designing daily menus, how to 

improve the Starbucks experience or collecting ideas for a smartphone app to connect with local 

municipalities [Hossain and Islam 2015, Yu and Nickerson 2011]. Other domains are more 

knowledge-intensive and require depth of knowledge, such as generating ideas for fighting climate 

change or reducing poverty [Malone et al. 2017].  

To trigger the crowd’s usage of creativity relevant processes, we use different designs of crowdsourcing 

technology architectures. Crowdsourcing technology architectures refer to design elements that 

encourage and integrate ideas/contributions made by participants [Majhrzak and Malhotra 2013]. 

Accordingly, we focus on the effects of two technology architectures on the creativity of crowd 

contributions: (i) visible external stimuli and (ii) remixing. The former helps the crowd to access each 

other’s work and can help divergent thinking, but the crowd can choose to integrate parts of other’s 

work into their own solutions. The latter – modifying and recombining others’ work, forces such 

integration, and thus forces divergent thinking, which can potentially lead to creative solutions [Hill 

and Monroy-Hernandez 2013, Nickerson 2015, Stanko 2016].  

Therefore, in this paper we strive to answer the following two research questions. 

1) How does the domain knowledge intensity affect the crowd’s creativity? 

2) How does crowdsourcing technology architecture affect the crowd’s creativity? 

We focus on the context of societal challenges such as fighting with climate change, pandemic 

influenza, obesity, and other emerging challenges. The crowd can help tackle these societal challenges 

because, unlike businesses and organizations whose innovation pipeline is full of inefficiencies, delays, 

and political decision-making [Chesbrough 2006], the crowd is composed of individuals who are likely 

to be affected by societal challenges, and inviting a crowd to address a societal challenge would 

increase the public’s awareness of the issues and invite for potential solutions. 
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2. METHOD – EXPERIMENTAL SETUP 

2.1 Phase 1: Identifying high-knowledge intensity and low-knowledge intensity societal challenges 

Our experiment has four phases. While there are several societal challenges defined by different 

foundations; the most-universal and widely adopted societal challenges are the ones that were 

developed for Sustainable Development Goals of the United Nations [George et al., 2016]. Therefore, 

we used those societal challenges as our starting point of phase 1. We recruited 30 MTurkers (Amazon 

Mechanical Turk users) to evaluate the knowledge intensity of each societal challenge topic. We asked 

each MTurker to answer the following two questions based on a 7-point Likert scale: 1) How 

knowledgeable are you in this topic? (1- not knowledgeable and 7- very knowledgeable); and 2) Given 

your background knowledge in this topic, how easy is it for you to come up with new ideas on how to 

address this societal challenge? (1- very hard and 7- very easy). We calculated mean, median, mode of 

MTurker evaluations and identified “birth mortality” as our high knowledge-intensity societal 

challenge topic and “obesity” as our low knowledge-intensity societal challenge topic.  

2.2 Phase2: Soliciting initial ideas from participants 

In this experimental phase, we set two conditions: Condition 1–low knowledge-intensive task with no 

technology architecture (no stimulus or remixing), and Condition 2–high knowledge-intensive task 

with no technology architecture. We recruited 50 MTurkers to generate ideas under each condition. 

The idea word length was required to be more than 100 words. We also collected each MTurker’s 

demographic information, including age, gender, education level, major, and current occupation. 

2.3 Phase3: Soliciting second round ideas from participants through varied participation architecture 

We examined four conditions of technology architectures on different knowledge-intensive tasks: low 

knowledge-intensive task with stimulus (Condition3), low knowledge-intensive task with remixing 

(Condition4), high knowledge-intensive task with stimulus (Condition5) and high knowledge-intensive 

task with remixing (Condition6). For each condition, we recruited 50 MTurkers. In stimulus 

conditions (Condition3 and 5), we provided 3 random ideas generated from phase 2 as examples for 

each participant and asked the participant to generate a creative idea. In remixing conditions, 

(Condition4 and 6), we again provided 3 random ideas generated from phase 2 for each participant, 

however, this time we specifically asked the participant to combine and modify these ideas and 

generate a creative idea. In all conditions, the final idea needs to be more than 100 words. For each 

participant, we also collected each MTurker’s demographic information. 

2.4 Phase4: Idea Rating 

Creativity is generally accepted in cognitive psychology as the generation of a product or idea that is 

judged to be novel, and also to be practical by a suitably knowledgeable group (experts) [Mayer 1999]. 

Since this definition is extensively used throughout the literature [Girotra et al. 2010, Kornish and 

Ulrich 2011, Toubia and Flores 2007], we adopted “novelty” and “practicality” as our evaluation 

criteria. We invited two experts (two medical doctors who have experience in both topics) to evaluate 

all ideas under different conditions based on their novelty and practicality. The interrater reliability 

of experts’ evaluations (Average Cohen’s kappa) was 0.77, indicating a good degree of reliability 

[Orwin and Vevea 2009]. Based on experts’ evaluations, we then compared ideas generated in each 

condition to answer our research questions. 

2.5 Analyses and Results 

In order to test the effects of task knowledge intensity, an independent-samples t-test was conducted 

to compare creativity of ideas generated for low knowledge-intensity task (obesity; conditions 1, 3, and 

4) with creativity of ideas generated for high knowledge-intensity task (birth mortality; conditions 2, 5, 

and 6). Our results show a statistically significant difference between the low knowledge-intensity 
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task group (M=3.40) and the high knowledge-intensity task group (M=3.17; t(298)=2.12, p<0.05), 

suggesting that ideas that address low knowledge-intensity societal challenge task are of higher 

creativity than ideas that address high knowledge-intensity societal challenge task. 

 

To measure the effect of crowdsourcing technology architecture on the creativity of ideas generated by 

the crowd, we compared the creativity ratings of crowd ideas under the conditions where there is no 

technology architecture (conditions1 and 2) with the conditions where there is a technology 

architecture (conditions3, 4, 5, and 6). According to t-test results, there was a statistically significant 

difference between the no-architecture group (Mean=2.94) and with-architecture group (Mean=3.46; t 

(298) =35.405, p<2.2e-16). These results suggest that participants who were assigned to conditions 

with technology architecture generated ideas of higher creativity than the participants who were 

assigned to conditions with no technology architecture. 

  

To test the effects of different technology architectures on idea creativity, we conducted a one-way 

analysis of variance (ANOVA). The results suggest that there was a statistically significant difference 

in idea creativity between groups that used different technology architectures (F(299) = 17.06, p<2.2e-

16). More specifically, a Tukey post hoc test (Table 1) revealed that both remixing architecture and 

stimuli architecture leads to ideas of higher creativity compared to no-architecture group. Among 

different technology architecture settings, participants under the remixing architecture generated 

ideas with the highest creativity. 

 
Table 1. Tukey Post-hoc Multiple Comparisons 

Conditions Mean Difference Std. Error Sig 

No-Architecture External Stimuli -0.2936 * 0.1275 0.022 

Remixing -0.7400 * 0.1275 0.000 

External Stimuli No Architecture 0.2936  * 0.1275 0.022 

Remixing -0.4464 * 0.1275 0.001 

Remixing No Architecture 0.7400  * 0.1275 0.000 

External Stimuli 0.4464  * 0.1275 0.001 

3. DISCUSSION 

Our study reveals how creativity-relevant processes and domain-relevant knowledge and skills affect 

the creativity of the crowd. Our findings show that the crowd performs more creatively for the low-

knowledge intensity tasks than high-knowledge intensity tasks: participants generate ideas that are 

more creative when they are more familiar with the topic. These findings have strong implications for 

the crowdsourcing literature: Matching the crowd’s knowledge level and the task is the key. When 

there is a good match, the crowd has sufficient understanding of the task and sufficient knowledge to 

solve the task and consequently, the crowd can be more creative. We also identified the positive 

impact of using crowdsourcing technology architectures to trigger divergent thinking and further to 

increase creativity as opposed to not using any architectures. We differentiated external stimuli from 

remixing as both can trigger divergent thinking, but to different extents. The former triggers 

voluntary use of divergent thinking: Some crowd members may be inspired with exposure to others’ 

ideas, and accordingly explore their knowledge space for creativity while others may be less inspired, 

and still stick to their comfort zone and rely on their own ideas. The latter, on the other hand, forces 

the crowd to integrate others’ ideas into the development of their own. This forceful divergent 

thinking can make people move further from their comfort zone that is based on their own knowledge 

domain, and can make people leverage the diverse backgrounds of each and every crowd member to 

the fullest. Identifying the compatible knowledge level and encouraging the crowd to fully explore the 

knowledge space leverages the creativity of the crowd, thus truly harnesses the wisdom of the crowd.  
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