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Abstract
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As the size of innovation communities increases,
methods of supporting their creativity need to scale as
well. Our research proposes the integration of three
scalable techniques into a crowd ideation system: 1)
data visualization, 2) structured microtask workflows,
and 3) data mining, with the goal of supporting users in
convergent and divergent ideation processes. In
addition, these techniques do not work in isolation, but
instead support each other. Our vision is to create a
system that intelligently supports users’ ideation in a
crowd context while maintaining their agency and
facilitating exploration and decision-making.
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Collaboration is occurring at an ever-increasing scale.
As communities are formed and grow around shared
passions, the possibility of generating innovation

through them also increases. For example, crowds are
used as a source of ideas ranging from T-shirts
(https://www.threadless.com) to tough innovation
challenges (https://www.innocentive.com). While in
individual or smaller groups a commonly used
technique for generating such ideas is brainstorming, it
may not necessarily scale well to these large
communities, as the sheer number of ideas generated
can overload those who are generating or selecting
promising ideas.

Figure 1: Matrix visualization of
the solution space. Each column
and row in the matrix represents
a different idea category. The
darker the color, the more ideas
have been developed within a
category. Below, a bar chart
compares the performance of the
user (green) vs. the average
performance of the crowd
(yellow) in a given category.

Currently, however, there are well-known techniques
for dealing with large datasets: 1) data mining, which
allows for automatic identification of patterns in the
data; 2) data visualization, which facilitates visual
exploration of the data; and 3) microtask workflows,
which breaks down bigger tasks into smaller, more
manageable chunks. All three approaches bring forth
complementary strengths in dealing with large
datasets. Therefore, we seek to integrate them
naturally into a system that supports the task of idea
generation and selection.
There have been several attempts at supporting group
or crowd ideation, such as employing human facilitators
[3] or using carefully structured processes [10]. Closer
to our approach, the IdeaHound system integrated
classification tasks into the interface affordance of
spatially organizing ideas into clusters [9]. This allowed
the system to calculate similarity metrics between the
ideas, enabling three forms of support interventions:
supplying the user with diverse examples, similar
examples, and a visualization of the solution space.
Our approach differs from most of the aforementioned
research in that it seeks to employ the same group of

users for both idea and inspiration generation. In this
sense, we are in agreement with the goals of the
IdeaHound system of being near real-time and selfsustainable [9]. We also similarly seek a hybrid humancomputer approach for scalable support. However, this
approach differs from theirs in that it makes microtasks
explicit rather than implicit, contextualizing them as a
form of inspiration and contribution to the ideation
process. There is also a greater focus on supporting
exploration as well as cognitive and social processes
through focused coordinated visualizations rather than
accurate model generation. Finally, we hope to use the
techniques described here not only for ideation, but
also for iteration and selection of ideas.
This research will contribute to the advancement of
crowd ideation systems by investigating the effects of
data visualization and microtasks in crowd idea
generation, improvement, and selection, as well as
modeling and adaptive support of crowd ideators.

Approach
Data visualization
The most visible form of support to the user will be a
set of coordinated visualizations designed for
highlighting important aspects of the ideation process
according to best practices established by creativity
research. One inspiration for this is research on
supporting serendipity through visualization (e.g. [1]).
The first proposed visualization is one of the solution
space (Figure 1). Such a visualization could answer
questions such as: how many and which idea
categories have been developed so far? Which
categories have received more attention than others?
Are there ideas that overlap two categories? This

should help users in different ways. Seeing categories
of ideas different than those explored by him/herself, a
user can generate more ideas than without that support
[7]. Seeing how much attention some categories have
received can help users direct their efforts to areas that
have not yet been fully explored, perhaps decreasing
redundant ideas. Finally, making overlaps between
categories explicit can direct users to the process of
idea combination (e.g. [10]).
One could also elicit social comparison processes
through a visualization, answering user questions such
as: how is my performance in comparison to the rest of
the group? Which areas have I contributed the most to?
Am I one of the strongest contributors to a particular
category of ideas? This way, one could avoid issues
such as social loafing, while promoting a healthy
upwards comparison [8]. This information could be
conveyed very simply through bar charts comparing the
user’s and average crowd’s performance.
Microtasks
A common way of inspiring ideators is to show them
ideas generated by other people. We propose that
instead of simply showing other ideas, we also embed a
microtask with them, such as rating their originality.
This could have the effect of improving attention to the
idea, which could increase the likelihood of it actually
inspiring the user [7]. In initial studies, we have found
some evidence supporting this hypothesis. By
contextualizing tasks as a form of inspiration, users
may be motivated to do them.
At the same time that users may be inspired by the
ideas they see, they are also contributing with more
information on each idea. In the previous example, this

extra information would be an originality rating for the
idea, which could help when the crowd starts the
process of converging into the best ideas. If users
performed similarity comparisons, the end result could
be a semantic model of the ideas, as done in the
IdeaHound system [9].
Finally, microtasks can also help improve the
underlying models used in both visualization and data
mining (as explained below). For example, the first
visualization suggested a taxonomy of ideas. While
there are ways of generating this taxonomy
automatically, they will not be perfect. Microtasks
inspired by previous taxonomy-creation workflows (e.g.
[4]) could improve these models.
Data Mining
Underlying the previous two items is the notion of
automatic categorization of ideas as the basis of the
visualization and of idea suggestions. Techniques such
as LDA can be used to generate topics based on a text
corpus. While the result has some noise, there are
ways of employing visualizations similar to the one
proposed here to aid users in understanding the models
[5]. Microtasks could then be used to clean them up.
Additionally, user models could also be constructed,
measuring statistics such as likelihood of user being
stuck, fixated, or in other important mental states,
allowing the system to intervene accordingly. We plan
on leveraging advancements in Intelligent Tutoring
Systems (ITS) [6] to model support for ideators.
While microtasks could improve attention to ideas, it is
important that the ideas they present are helpful for
users. If they are far from their knowledge or interests,
for example, they may not be able to benefit from

them. Research on recommender systems could help to
alleviate this issue. For example, a collaborative
filtering model [2] could be built based on the
categories users contributed to, thus allowing new
categories of ideas to be suggested to users who share
similar patterns.

Conclusion

Figure 2: The different
components described in this
paper and their interactions. The
user interacts directly with the
visualization (for exploration) and
the microtasks (which inspire the
user, while also contributing to
fine-tuning the data mining
component. Meanwhile, the data
mining component is modelling
the user based on his or her
performance, and is improved
based on the microtasks. It also
informs the visualization (e.g.
providing it with the idea
categories) and the microtask
selection (which ideas or tasks
should be shown to a particular
user at a given moment?)

Modern techniques to handle large scale data seem ripe
to intersect with known creativity enhancing practices
in crowd contexts. While no single technique seems to
solve all of the issues, a synergy between techniques
seems promising. Figure 2 describes the interactions
between these different components. This works aims
to build on current research to further understand how
they can be integrated in order to fully develop the
crowd innovation potential.
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