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Figure 1 The CrowdMuse System and its two main views: the idea workspace (#1), on the left, allows users to view and manipulate 
ideas. Hovering over an idea expands it and shows other possible actions (#2); and the solution space (#3), on the right, provides an 

overview of the density of ideas developed for each tag.  

ABSTRACT 
Online crowds, with their large numbers and diversity, show great 
potential for creativity. Research has explored different ways of 
augmenting their creativity, particularly during large-scale 
brainstorming sessions. Traditionally, this comes in the form of 
showing ideators some form of inspiration to get them to explore 
more categories or generate more ideas. The mechanisms used to 
select which inspirations are shown to ideators thus far have been 
random or focused on characteristics of the inspirations rather 
than on ideators. This can hinder their effect, as creativity research 
has shown that ideators have unique cognitive structures and may 
therefore be better inspired by some ideas rather than others. We 
introduce CrowdMuse, an adaptive system for supporting large 
scale brainstorming. The system models ideators based on their 
past ideas and adapts the system views and inspiration 
mechanisms accordingly. An evaluation of this system could shed 
light on how to better individually support ideators. 

CCS Concepts 
• Information systems➝ Collaborative and social computing 
systems and tools • Human-centered computing➝ Collaborative 
and social computing systems and tools   
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1. INTRODUCTION & RELATED WORK 
Online crowds show great potential for creativity, due in great 
part to their large numbers and diversity [4,5]. However, simply 
recruiting large numbers of ideators is not enough to ensure a 
creative output. Research has attempted to support crowd 
brainstorming through different kinds of inspirations, such as 
employing expert facilitators [3], showing ideators a diverse set of 
ideas [8], or by leveraging analogies [9]. These attempts share a 
focus on the inspirations themselves rather than on the ideators.  

Creativity research has shown that ideators leverage their own 
cognitive structures during brainstorming [2,7]. This means that 
each ideator is more likely to focus on some areas (i.e. idea 
categories) rather than others and may vary in their strategy (focus 
on breadth vs. focus on depth). An inspiration strategy that 
doesn’t take the ideator into consideration may be missing out on 
leveraging their unique strengths for idea generation. For 
example, if an ideator is more familiar with ideas in category A 
than those in B, showing ideas in category B may not effectively 
inspire him or her to come up with new ideas. The overarching 
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research question for this research then is: “How can we adapt 
inspirations to ideators in order to maximize their effect?” 

2. THE CROWDMUSE SYSTEM 
To explore this question, we built the CrowdMuse system1. The 
system models ideators based on the categories of ideas they 
develop and adapts its views and inspiration mechanisms based on 
that model. Figure 1 depicts the system’s main interface. It is 
comprised of two main views. The first is the idea workspace 
(#1), whose purpose is to allow users to explore and manipulate 
existing ideas. It has options for loading all ideas, only the current 
user’s ideas, or all ideas a user marked as favorites. Ideas can be 
expanded by hovering the mouse over them (#2).  

The second is the solution space (Figure 1, #3), whose purpose is 
to provide an overview of which categories have been thoroughly 
explored and, conversely, those which are yet to be explored. It is 
an n x n matrix in which the rows and columns correspond to the 
idea categories developed so far. The color of the cell indicates 
how many ideas have been developed at the intersection of two 
categories—the darker the cell, the more ideas have been 
developed. Clicking a cell will open all ideas at that category 
intersection in the idea workspace. 

Ideas can be added by clicking the “new idea” button at the top of 
the UI. When adding a new idea, the user is prompted to pick at 
most two categories for the idea (based on previously used 
categories), or to suggest new ones. To the right of the new idea 
button is an inspiration button, which when clicked presents three 
ideas along with a small microtask on each (e.g. “rate the idea’s 
originality and usefulness”). The microtasks are used to increase 
the attention to ideas, following our previous work [6]. 

2.1 Adaptations 
The system’s purpose is to enhance idea generation by prioritizing 
categories that could be inspiring to an ideator. This is done 
through two forms of adaptation: explicit inspirations, and 
through an adaptation of the solution space. Explicit inspirations 
are shown when the user clicks the inspiration button, at which 
point the system selects and shows three ideas from other ideators 
(along with the microtask for each). This intervention is designed 
to strongly draw the ideator’s attention to the ideas [6], and 
therefore it will prioritize the categories that are least likely to be 
distracting, that is, those that would not interrupt a train of thought 
[7]. In practice, this means either selecting the user’s current 
category (i.e. the category used in his or her last idea), or adjacent 
categories, that is, a category that the ideator has previously 
visited after the current category. The system may also suggest 
inferred categories, explained below. This selection is done 
probabilistically, based on how often the user switches between 
categories (we call this the category switching ratio). 

The system also performs an adaptation of the solution space by 
ordering its rows and columns. This reordering happens every 
time the user submits a new idea. Since the goal for the solution 
space is to give users an overview of all developed ideas, the 
purpose for adapting this view is to guide users’ attentions to the 
most relevant categories when exploring the solution space. The 
categories are prioritized in the following order: 1) current 
category followed by adjacent categories. This is similar to the 
prioritization used in the explicit inspirations; 2) inferred new 
categories. These are categories that have not yet been visited by 
this ideator, but that are likely to be useful for him or her, based 
                                                                 
1 http://www.crowdmuse.io  

on other ideators who have a similar behavior (see the next 
section); 3) other previously visited categories, but that are not 
adjacent; 4) any other category that has not yet been visited. 

2.2 User Modelling 
The adaptations described above are powered by an underlying 
user model. This model is inferred based on a user’s behavior 
within the system: whenever users add an idea, they are asked to 
choose one or two categories for their idea. This selection is done 
through a list of existing categories. The system then uses the 
chosen categories to update the user’s model. The model’s 
purpose is to answer the question: which categories of ideas 
should the system show next? 

The model attempts to answer this question by keeping track of 
different types of information. The first is by keeping track of 
basic descriptive information. This includes the user’s current 
categories (i.e., the categories of their last idea), as well as the 
frequency of category switching ratio (calculated as the ratio 
between sequential idea pairs of different categories over all idea 
pairs). This is in line with previous idea generation models, which 
foresee some ideators being more likely to stay within the same 
category, while other may more likely frequently switch 
categories [2].  

The system also generates a transition graph based on the 
sequential categories used by one ideator. This is a directed, 
weighted graph, in which each node represents a category. When 
the user adds an idea, the system creates an edge between the 
categories for the latest idea and the one added before it. The 
weight of the edge increases is that transition is repeated. This is 
how the system determines the adjacent categories. 

Finally, the system also keeps track of a user’s category vector. 
This vector contains the frequency of ideas per category for each 
user. Drawing from collaborative filtering techniques [1], this 
vector is used to infer new potential categories based on the most 
similar users. In other words, this functions as a category 
recommender system for each user. This allows the system to 
intelligently suggest categories other than those that have already 
been explored by a given user.  

3. CONCLUSION 
Ideators have differences among themselves in which idea 
categories they may be more fluent. Current approaches for 
improving crowd brainstorming have not yet explored these 
differences. To this purpose, we built the CrowdMuse system, 
which keeps track of an ideation model, and adapts the system 
based on that model. Evaluation of the efficacy of this system can 
provide us with a better understanding of how to support idea 
generation across individual differences.  

Our hypothesis is that through these adaptations, users can explore 
categories in greater depth (by showing them more ideas in their 
current category), as well as greater breadth by exposing them 
categories that have been useful to similar ideators. We expect the 
explicit inspirations to have greater effect than simple view 
adaptations. We are currently running pilots to test the system, 
both face-to-face and online through crowdsourcing platforms. 
The purpose for these pilots is to ensure that the system is usable, 
while collecting data that will be used during the actual studies. 
The actual study, to be ran online, will provide us with better 
understanding of whether this approach works, or how it could be 
improved. 
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