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ABSTRACT 
Crowdsourcing can be used for design. Our work explores 
the forms of coordination that facilitate creative activity. 
In particular we have explored the combining of ideas 
through the use of a sequential combination system, a 
kind of human based genetic algorithm. We think that 
even more complex structures of coordination are 
possible, in which participants specialize their design 
activity by organizing into fluid hierarchies. In sum, new 
structures for creativity are possible, and the crowd itself 
will discover these structures.  
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EXPERIENCES IN CROWDSOURCING 
The crowd can be used to design. We have performed 
several experiments, in which crowds are used to generate 
designs for open-ended problems [10, 18]: this work has 
followed our set of papers that explored how implicit 
coordination happens through web technology [9, 15, 16], 
and how diagrammatic design representations can be 
elicited from the crowd [11, 12, 19, 20]. Specifically, we 
have been studying the crowd’s design creativity by 
implementing an infrastructure to perform human based 
genetic algorithms.  

How can the crowd be organized to take part in large 
design projects? The ideas of many participants need to 
be aggregated: one promising method is combination. In a 
genetic algorithm, part of one genome is combined with 
part of another to create a new genome. Genetic 
algorithms have been productive in optimizing many 

tasks, but they are limited to those situations in which 
there are clear computable objective functions, and clear 
unambiguous solution representations. To overcome such 
limitations, humans might be used as the computing 
nodes [7]. Human based genetic algorithms, however, 
need large numbers of people; such crowds were, in the 
past, difficult to assemble. Crowdsourcing marketplaces 
such as Amazon’s Mechanical Turk have changed this, 
leading to a variety of large scale experiments in which 
humans perform tasks almost as if they were computers 
processing information (e.g. [1, 6, 8 13, 14]). In a similar 
way, web-enabled human based genetic algorithms 
become possible: the computer is used to manage the 
workflow, while the crowd is used to perform the actual 
combining of two ideas, the crossover step of artificial 
evolution. These algorithms can be applied to many 
domains; several will now be discussed.  

Solutions for a large scale engineering problem 
In our first project, we asked members of the crowd to 
address the oil-spill problem in the gulf, while the crisis 
was happening. In all, 1853 participants created, 
combined, and evaluated ideas over three generations. In 
Generation 1, a crowd produced text ideas. Next, another 
crowd evaluated the ideas. We then used tournament 
selection [5] based on the crowd’s evaluation to choose 
parent pairs of ideas. In Generation 2, another crowd 
combined the parent pairs to form offspring. This process 
was repeated to collect Generation 3’s ideas.  

 
Figure 1. Three generations of ideas, and expert ideas, rated 
by the crowd with respect to originality and practicality. 
Purple numbers depict ideas from the crowd: Generation 1, 
Generation 2, and Generation 3. A yellow E depicts an idea 
from an expert.   
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The scatter plot of Figure 1 shows 30 randomly sampled 
ideas from each of the three generations created by the 
crowd, overlaid by a set of ideas from experts posted 
online. The 120 ideas are plotted with respect to their 
originality and practicality rating: Originality and 
practicality ratings are the standard measures of creativity 
[3]. For originality, participants rated whether an idea is 
more or less novel and surprising than an anchor idea 
using a 5-point scale, where 2 indicates more, 0 indicates 
the two ideas are about the same, and -2 indicates less. 
With respect to practicality, different participants rated 
whether an idea is more or less sensible than an anchor 
idea using an identical scale. The same anchor idea from 
the first generation was used for all comparisons to let 
subjects use the same reference point. 

As Figure 1 shows, the most original ideas are from the 
experts and the third generation crowd. The least original 
ideas are from the first generation, and interestingly, the 
experts. The ideas from the later generations shift toward 
originality. Although the least practical ideas are from the 
first generation, there is no clear shift toward practicality 
in the last generation. Furthermore, expert solutions are 
not rated higher in terms of practicality. 

Although more work is needed to understand crowd 
behavior, it is promising that the best idea from the crowd 
is rated as good as the best idea from the experts. 
Moreover, the crowd judged that the ideas from the later 
generations were in general more creative, using three 
methods:  Likert scale rating tasks, two alternative forced 
choice tasks, and prediction tasks in which participants 
predict which idea is likely to be judged more creative. 

 

 

Design sketches for consumer products 
In our second project, participants were asked to present 
their design ideas through sketches. One crowd solved the 
design problem by producing sketches independently, 
another crowd evaluated the sketches, and yet another 
crowd combined the design sketches generated by the 
previous crowd. Two design problems were tested. The 
first was an open-ended problem, designing a chair for 
children [18]. Solutions to this problem are shown in 
Figure 2. The second problem, the design of alarm clocks, 
was more tightly specified: constraints of cost and safety 
were added.  

Both of the design problems were run through three 
generations – the chairs problem with 1047 participants, 
the clocks problem with 540 participants. The creativity 
of the designs from Generation 3 was compared to the 
creativity of the initial designs from Generation 1, using 
the method explained in [3]. The number of creative 
designs in Generation 3 was significantly greater than that 
in Generation 1 for both the chairs and clocks problems.  

In the clocks experiment, a contrasting control condition 
was added, in which the same number of designers as in 
the combination condition generated new designs instead 
of combining old designs. Designs created in the 
combination condition were judged significantly more 
creative than those in the control condition.  

Thus, we have performed three experiments in which 
large numbers of individuals can work on design 
problems. Using a combination technique, the outputs 
become more creative as judged by the crowd. Next, we 
discuss future research related to the crowdsourcing of 
design.  

 

 

        

        

       

   

 

       
    

Figure 2.  On the left and right are randomly chosen chairs from the first and third generation. The bar chart shows the 
proportion of creative designs in the first and third generations. The error bars indicate 95% confidence intervals.  
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FUTURE RESEARCH DIRECTIONS  
Our work to date has for the most part used crowds made 
up of novices to evaluate ideas. In many environments, 
however, experts may be better sources of evaluation, at 
least with respect to design criteria related to costs, 
materials, and production processes. Then, the logical 
next step is to invite experts into crowd-based 
experiments. This presents challenges: there are fewer 
experts than crowd members, and it is not immediately 
obvious how to use their knowledge most effectively. 
Some have suggested weighting expert evaluations more 
heavily [14], but it is probably also important to let 
experts affect the earlier stages of the design process. 
They might, for example, be asked to take impractical 
ideas and find practical, but still original analogs. Experts 
might contribute criticism, and the crowd might be asked 
to address this criticism. Also, experts might recommend 
which specific ideas should be paired for combination.  

This presupposes that we as researchers are in the best 
position to structure the crowd’s interaction. But often 
technologies are appropriated by users in interesting 
ways. For example, programmers in the Scratch 
community formed user-initiated contests in order to 
motivate each other [9]. It seems possible that the crowd 
could appropriate the sequential combination technology 
we have built in different and better ways than we can 
imagine. Consequently, we plan to build a flexible 
infrastructure to allow for a hierarchy of crowdsourcing: 
participants will be able to crowdsource to others, and 
will be invited to define their own coordination structures. 
We call this design for appropriation.  The design of the 
coordination structures might themselves be 
crowdsourced: just as the crowd has combined problem 
solutions, the crowd could combine coordination 
structures using a method similar to the one used in our 
previous experiments. That is, one member of the crowd 
may combine a structure that uses voting with a structure 
that uses hierarchical decision making to form a 
crowdsourcing process in which the crowd filters a set of 
solutions through votes, and a few of the filtered set are 
then selected by the crowdsourcer. Genetic programming 
[2] treats computer procedures as genomes; by letting the 
crowd combine workflow processes this activity becomes 
human based genetic programming.  

A Future Scenario 
Five years from now we imagine that we have been sent 
this entry from the experiment diary of a professor, who 
tells us she was a student who attended the 2011 CHI 
Workshop on Crowdsourcing and Human Computation:  

I walked into our laboratory, a room with lots of displays 
of various sorts that we use to monitor a set of ongoing 
experiments. We can see our own experiments, and also 
the experiments of several collaborators around the 
world, linked through a crowdsourcing collaboratory 
infrastructure. 

Ever since we created a mechanism to turn control of 
crowd organization over to the crowd, we have been 
frequently surprised.  

There are two interesting things emerging right now at 
the same time, experiments that are operating on different 
time scales. First, an oil spill happened off the coast of 
Alaska three days ago, and a latent crowd we had 
established to volunteer to help in natural emergencies 
has assembled and organized. They have split themselves 
up into several groups: (1) Those who are connected to 
governmental and non-governmental agencies who make 
sure the volunteer effort is helpful rather than distracting 
to the professionals involved, (2) those who have contacts 
in Alaska and can assemble people on the ground who 
have knowledge of how to cope with the arctic climate, 
(3) those who will organize the raising of money, (4) 
those who will help with the dispersing of money and 
survival goods, (5) those who will coordinate with other 
crowds, and (6) a group that looks for solvable design 
problems, like handling oil clean up on a rocky beach, 
and farm these problems out to other crowds to design. 
There are still other crowds outside our control, and we 
can see which organizational structures are effective by 
noticing how they gain traction, cooperate, and integrate. 
For example, we found out from a previous experiment 
that the most effective crowds will quickly redirect excess 
resources to other problems, to prevent the newly formed 
organization from being slowed down by over-
communication. 

In another experiment, a crowd has decided to work on 
the design of novel forms of water filtration in 
emergencies, long the domain of experts. A crowd of 
novices and students are now handling this problem, with 
some experts providing guidance to the process. They 
have organized in such a way that ideas are quickly 
selected and combined with other ideas. Promising 
original but impractical ideas are refined by experts who 
see value in them. Expert ideas are morphed and 
combined by novices, using a process that evaluates at 
each step the position of the idea in a large design and 
evaluation space.  

As part of this process, we are observing that the crowd 
as a whole seems to learn, even as individuals join and 
drop. This may be because the crowd’s performance is 
influencing and molding the organizational structure: the 
crowd adopts the structures that address the challenge at 
hand, and these structures solidify learning. We are 
making use of tools from other researchers that help us 
measure this collective learning. We are discovering new 
forms of organization structure, while at the same time 
creating infrastructure that helps citizens participate in 
solving large-scale social problems.  
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