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ABSTRACT 
A sketch combination system is introduced and tested: a 
crowd of 1047 participated in an iterative process of design, 
evaluation and combination. Specifically, participants in a 
crowdsourcing marketplace sketched chairs for children. 
One crowd created a first generation of chairs, and then 
successive crowds created new generations by combining 
the chairs made by previous crowds. Other participants 
evaluated the chairs. The crowd judged the chairs from the 
third generation more creative than those from the first 
generation. An analysis of the design evolution shows that 
participants inherited and modified presented features, and 
also added new features. These findings suggest that crowd 
based design processes may be effective, and point the way 
toward computer-human interactions that might further 
encourage crowd creativity.  
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INTRODUCTION 
Can a crowd design well? On the one hand, diversity of 
thinking should lead to creativity, as expressed in a Chinese 
proverb: Three cobblers combined make a genius mind. On 
the other hand, conflicting styles may lead to chaos: Too 
many cooks spoil the broth.  

Scientific research on social creativity reflects this division: 
for example, brainstorming has been shown by some to be a 
powerful technique for encouraging ideas and by others as a 
waste of time  [21, 25, 27]. Technology has played a role in 
the debate: some of the problems encountered in 
brainstorming, such as production blocking, can be 
mitigated by the use of computer-based tools [26]. 

Indeed, the creativity tool landscape is diverse. Among 
these, automated design tools often make use of blind 

variation, followed by selection: several random choices are 
made, and the results evaluated [6]. Of particular note are 
genetic algorithms: computer simulations of evolution in 
which gene-like representations are altered and combined in 
a search for optimal solutions [7, 11, 15]. Such algorithms, 
however, don’t work well if the candidate solutions cannot 
be formally represented and computationally evaluated. 
Because of this, human based genetic algorithms have been 
proposed; these algorithms allocate many or all of the 
combination and evaluation functions to human labor [19]. 

Until recently, large-scale experiments to test human-based 
algorithms were prohibitively complex. But web 
technologies, and the organizational structures provided by 
crowdsourcing marketplaces now make it feasible to 
coordinate large numbers of people: Participants can 
collaborate with each other by working on parts of an 
overall task, facilitated by crowdsourcing processes and 
technology [1, 4, 9, 16, 17, 22, 23]. Some of these 
techniques are designed so that each member of the crowd 
functions like a processing node in a computer system [20, 
29].  

These techniques may not work, because computers and 
humans are so different. Computers execute the instructions 
of an algorithm without complaint or caprice. In contrast, 
while human beings can bring a wealth of alternative 
perspectives to any task, they may also choose to ignore 
algorithmic instructions. Will humans participating in such 
systems be productive, like the cobblers, or destructive, like 
the cooks? 
 
We answer this question by performing an experiment, 
based on a system we have built. This sketch combination 
system is a variant of a human-based genetic algorithm: one 
crowd creates a first generation of sketches, and then 
successive crowds create additional generations by 
combining the sketches made by the previous crowds. A 
total of 1047 participants played a variety of roles, leading 
to the creation of 80 third-generation design sketches. 

The contributions of this research are two-fold. First, the 
effectiveness of the sketch combination system is 
demonstrated: the creativity of later design sketches 
increased significantly, compared to the initial sketches. 
This sketch system has the potential to be applied to design 
problems in many fields. Second, this system provides 
evidence for the role of combination in creativity. 
Specifically, designers inherit and modify existing features 
and also added new features when combining the given 
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designs. In addition, the affordances of the drawing tool 
affect the emergence of features. The work has practical 
implications—the system can solve design problems—and 
theoretical implications—the crowd can function as a 
combination process. 

In the following sections of the paper, the sketch 
combination system is described, along with an experiment 
illustrating its use. First, previous research on combination 
and creativity is discussed.  

COMBINATION AND CREATIVITY 
The combinatorial conjecture of creativity and related 
theories claim that new ideas come through combination [6, 
35, 40]. Combination is also central to the success of 
genetic algorithms [15]. But such algorithms express 
combination in a very specific way.   

Genetic algorithms start with a population of genes. A gene 
can be imagined as sequence of bits that represent features. 
Once a population is ranked for fitness, parents are picked 
to produce offspring. As in natural selection, the fit parents 
are more likely to produce offspring than the unfit parents. 
The children are created by crossover: some proportion of 
the bits will come from the first parent, and the rest from 
the other parent. Thus, new combinations are produced. 
Prior to this combination step, the population undergoes a 
mutation stage, in which some parents are altered by 
flipping their bits [7, 11, 15]. In practice, some genetic 
algorithms rely mainly on crossover, others mainly on 
mutation [37]. Whatever operator is being used, the search 
space is bounded. That is, the bits in a genetic algorithm 
represent a finite if large search space, and the crossover 
operation can only produce a child by combining the bits of 
the parents.  

Human conceptual combination shares some similarities 
with machine combination. Simonton sees scientific 
creativity as a kind of natural selection: ideas are combined 
at random, and some of them lead to discoveries [35]. We 
don’t have direct access to combinatory processes in the 
brain, so when a fortuitous combination occurs, we are not 
sure if it is the result of a directed search to find 
complementary ideas, or instead the result of many blind 
trails run below the level of consciousness [6]. Thagard 
claims that inference processes guide search [40].  In the 
design community, a variety of computer based and human 
assisted genetic algorithms have been used successfully 
[10]. 

But human combination processes also differ from machine 
processes in important ways.  The search space of human 
processes is not neatly bounded: in combining ideas our 
minds have access to many past experiences and present 
perceptions, not just the representations at hand (c.f. [24]).  
Consequently, even if instructed to combine two ideas, a 
person may associate the presented ideas with any of a vast 
number of other ideas, remembered or constructed on the 
fly. These other ideas may or may not be as good as the 

presented ideas. Thus, we could argue either that human 
based genetic algorithms will work, because the human 
process is close enough to the machine process, or will not 
work, because there will be too much variability in the 
human based process. We predict that the human 
combination process will work much like a genetic 
algorithm – that even if there is more variability, it will 
often be to advantage.  In the end, the designs evolved 
through a human based genetic algorithm will be judged 
more creative than the initial designs.  
 
In testing this through experiment, we will ask the 
participants to sketch. Sketches play a strong role in design. 
On the one hand, they are used as a way of refining ideas, 
and work as stimuli to elicit creativity [12, 38].  On the 
other hand they can constrain ideas: that is, designers will 
fixate upon seeing a sketch, and likely fail to design 
something original. This fixation has been described as 
conformity to the sketches just seen [36].  If designers fully 
conform to the provided sketches, then the proposed 
combination system will result in a reshuffling of the initial 
feature set. In contrast, if the instructions are ignored, and 
ideas are generated through free association, then the 
algorithm will play little role in the final designs. To our 
knowledge there has been no empirical research on human 
based genetic algorithms that has addressed this issue. 
Because of human variability, we predict that there will be 
mix: there will be some cases of conformity to the features 
in parent ideas, and some cases of modification of these 
features, or introduction of new features outside the two 
given ideas, a process we call augmentation.  

People may conform to or augment the features of the given 
designs during the combination process. Then how will 
features move through the generations of the combination 
process? Atypical features are attended to more, 
remembered better [28, 34], and selected more often than 
typical features [14]. Extending this idea to the context of a 
genetic algorithm, we predict that atypical features will 
occur more often in the third generation than in the first, 
and that typical features will occur less often in the third 
generation than in the first.  

The drawing tool should exert an additional influence on 
combination and the eventual creativity of the sketches: 
participants may produce only what the tool makes easy to 
produce, or may associate one shape with another shape 
based on the options the tools provide. 

In sum, we make several testable predictions. The sketch 
combination system will produce more creative designs in 
the last generation than the first. Atypical features will 
increase more often than typical features. Combination will 
include instances of conformity and augmentation.  
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METHOD 

Problem Definition 
Sketches provide a rich way to study design: sketches are 
the way conceptual designs are developed and shared with 
others [38, 41]. We looked for a design problem that both 
novices and experts could accomplish, and decided to use a 
problem that has been the focus of previous creativity 
research [12]: the design of chairs for children. Chairs are 
objects that are universally understood, but allow for a 
range of variations. Moreover, in the psychological 
literature, chairs are considered a basic level category [31], 
and thus have a recognizable prototypical shape, which 
might make it easier for participants to evaluate the 
originality of design alternatives. Children's chairs are not 
necessarily different from adult chairs in anything but size, 
but in practice are often more whimsically designed and 
utilize a wide range of geometries, which may encourage 
variation in the designs.  

The Measurement of Creativity 
Innovation is generally believed to be the successful 
implementation of creative ideas [3]: In the current study, 
we focus on the creativity of the designs, and will leave the 
study of their implementations to future research. A 
creative idea should be both novel and potentially useful 
[3]. Operationally, this leads to a binary measure of 
creativity: Creative designs are designs that exceed a certain 
threshold on both the scales of originality and practicality 
[8]. Thus in our study, the designs are evaluated on two 
scales: originality and practicality.  The designs will then be 
classified as being creative or not based on the their scores 
on the two scales. 

The Sketch Combination System 
We brought together a crowdsourcing marketplace, design 
tools, and organizational processes to create a sketch 
combination system. We will look at each in turn. Briefly, 
the technology was an integration of the Amazon 
Mechanical Turk platform [2] and the Google Docs 
drawing platform [13]. The organizational process was 
based on the idea of a genetic algorithm [11, 15] 
implemented with human participants [19].  

 

The crowdsourcing marketplace 

Amazon Mechanical Turk was used by participants in this 
study.  There are two types of users in Amazon Mechanical 
Turk: requesters and workers. Requesters post their tasks by 
creating HITs (Human Intelligence Tasks) and workers 
perform tasks in return for compensation.  Previous studies 
have described the characteristics of these workers [18, 32]. 
 
The design software 

Google Drawing was the tool used by participants to 
produce designs. The drawing tool provides options to 
perform freehand sketching, vector line drawing, text entry, 

and shape drawing. Participants were directed to a Google 
document page already opened as a drawing. Such a page, 
in later generations, presented the designs to be combined.  
Participants had access to all the features of that drawing 
tool. In the combination tasks, the presented sketches were 
rasterized, so that participants were required to generate the 
new features they saw in the images. 

The organizational process 

In order to clearly specify the sketch combination system, 
we first need to describe the way a genetic algorithm works. 
Such an algorithm starts with a first generation population, 
and performs a fitness ranking. Then, members of the 
population are selected to become parents of the next 
generation. Most often, tournament selection is used: two 
parents are selected at random, and the fitter chosen. 
Another two parents are chosen, and the fitter chosen. The 
two chosen parents then produce offspring through a 
combination procedure. These offspring serve as a new 
population, which is then ranked, and the process repeats. 
Because combination can sometimes take the worst features 
of highly ranked parents, and thereby degrade the available 
genetic pool, a set of the strongest parents are promoted 
into the next generation without change, an aspect of the 
algorithm referred to as elitism [7]. 

The sketch combination system was based on the above 
description, and designed to run for three generations, as 
summarized in Figure 1. 

 

    Figure 1. The generations of the experiment. 

 

Below, we elaborate how the six steps in Figure 1 were 
implemented during the experimental test of the sketch 
combination system.  

Generation 1 design 
Eighty randomly selected participants were instructed to 
generate the population of the first generation: 

Please design a chair for children.  
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Generation 1 evaluation 
Two hundred different participants, randomly selected, then 
evaluated the designs generated by generation 1. Each 
participant rated 12 randomly selected designs on 
originality and practicality using 7-point Likert scales, as 
shown in Figure 2.  

In response to a request to design a chair for children, your 
fellow workers created the following chairs for children. 
Please evaluate the originality and the practicality of each 
design based on the given scales. 

Figure 2. The evaluation prompt. 

Generation 2 combination 
Tournament selection was used to select sixty pairs of 
generation-1 designs to serves as parents for generation 2. 
Participants combined the pairs: 
The designs on the right are from your fellow workers. 
Please create a new chair for children by combining 
aspects of the two chairs shown. 

The twenty highest-rated chairs from generation 1 were 
automatically promoted to generation 2. 

Generation 2 evaluation 
All 80 chairs were evaluated by a new set of 247 
participants in the same way generation 1 was evaluated.  

Generation 3 combination and evaluation 
Again, tournament selection produced sixty pairs of 
generation-2 designs that a new crowd of sixty participants 
combined to create new chairs for Generation 3. In 
addition, the twenty top-rated chairs from Generation 2 
were also promoted into generation 3. Then, 400 new 
participants rated the originality and practicality of all 
designs from all generations. Each participant rated 10 
designs, including four from generation 1, three from 
generation 2, and three from generation 3. 

RESULTS 
Overall, there were 1047 participants involved in the 
experiment. Eighty participants took part in generation 1 
design, 200 participants in generation 1 evaluation, 60 
participants in generation 2 combination, 247 participants in 
generation 2 evaluation, 60 participants in generation 3 
combination, and 400 participants in the overall cross-
generation evaluation. Among all participants, 47% were 
female, 59% were native English speakers and 79% had 

earned college or graduate degrees. Ages ranged from 19 to 
60 with a mean age of 28. Among the 200 participants who 
created or combined the chairs, 20% claimed 1-3 years of 
design experience.  

Overall, 200 sketches of chairs were collected. They varied 
in many aspects, including shape and color. Participants 
made use of the menu choices of the Google Docs drawing 
tool to draw the chairs–some sketched freehand, and others 
started with shape stencils. Some sketches portray everyday 
chairs. Others depict unusual chairs, including child-
attractive features, such as smiley faces, animal figures, and 
heart shapes. Several example chairs are shown in Figure 3.  

        

Figure 3. Examples of the chairs.
 
The Generational Effect 

Are designs from the last generation better than the first 
generation? Participants had been asked to rate the 
practicality and originality of both generation 1 and 
generation 3 designs. Figure 4 shows a scatter plot of 
generation 1 and generation 3 designs with respect to 
originality and practicality.  

As discussed in the previous section, we used a binary 
measure of creativity that includes only designs that exceed 
a certain threshold on both the scales of originality and 
practicality [8]. We chose the approximate mean value of 
the ratings across all designs, 4.0, as that threshold. The 
dots in the upper right quadrant of Figure 4, with positions 
above and to the right of (4, 4), qualify as creative designs. 
From the figure, we can see that generation 3 designs tend 
to be shifted toward more creative side than generation 1 
designs. The proportion of creative designs per generation 
is shown in Figure 5. 

           

Figure 4. The originality and practicality of all designs from 
generation 1 and generation 3.
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Figure 5. Proportion of creative designs. Error bars represent 
95% confidence intervals.   

The proportions are significantly different (x2(1, 
N=160)=11.08, P<0.01).  The difference is not an artifact of 
elitism: only five of the 20 elite chairs from generation 1 
are still present in generation 3, and, if they are removed, 
the difference between the generations remains significant 
( x2(1, N=155)=6.55, P<0.01). 

This result is encouraging for the future of human based 
genetic algorithms. Any genetic algorithm needs to produce 
some children that are superior to their parents; otherwise 
the population regresses. Here not only do the children not 
get worse, the number of top children increases 
significantly. At the end of any design process one can 
expect implementation of only the best few designs, so a 
design process that generates a few high quality designs and 
many poor ones is preferable to a process that generates all 
medium quality designs.  

We next compared the means of originality and practicality 
across all designs in the first and last generation. T-tests 
confirmed that originality increased significantly from 
generation 1 to generation 3 (t(158)=5.67, P<0.01) while 
practicality did not (t(158)=1.04, P=0.15) (see Figure 6).   

 

Participants’ Ratings 

Are the participants performing well on the combination 
and rating tasks? The designs shown in Figure 7 are 
example chairs with low creativity. The left chair is rated 
relatively high in practicality but low in originality. The 
right chair, high in originality, low in practicality. The 
designs in Figure 8 are example of chairs rated as creative 
designs. Participants do appear to perform well on the 
combination and rating tasks: their ratings appear to capture 
the originality and practicality of the design, and at least 
some participants carefully combine features from one 
generation to the next.  

 

 

Figure 6. The originality and practicality of all chairs in 
generation1 and generation 3. Error bars represent 

standard error. 

          

Figure 7. Two chairs rated with low creativity, from 
generations 1 and 3. 

        

Figure 8. Two chairs rated with high creativity, from 
generation 1 and 3. 

The demographics of the participants were examined to 
exclude the possibility that the designers’ characteristics 
might have determined the difference in creativity between 
generation 1 and generation 3. No significant correlations 
between gender, education, and age were found with the 
originality or practicality of the sketches produced. The 
language spoken (classified as English vs. non-English) did 
correlate with creativity, but there was no difference in the 
proportion of participants with respect to this language 
distinction in generation 1 and 3.   

How Participants Combine Designs 

By looking at the way the designs were combined we might 
gain insight into the sources of increases in creativity. We 
may also learn how to improve the system in order to 
amplify this increase. 

 

Generation 1             Generation 3

P
ro

p
o

rt
io

n
 o

f 
cr

e
at

iv
e 

d
es

ig
ns

0.
0

0.
1

0
.2

0
.3

0
.4

0
.5

0
.6

CHI 2011 • Session: Crowdsourcing May 7–12, 2011 • Vancouver, BC, Canada

1397



 

 

Figure 9.  Evolution of several chairs.  

 

Participants combined the given designs in many different 
ways, as shown in Figure 9. On the left are the chairs 
created in generation 1. In the middle are the chairs of 
generation 2, created through combining the chairs of 
generation 1. On the right are the generation 3 chairs, 
combined from generation 2. The lines indicate parent-child 
relationships. 

As predicted, there appear to be two forces at work in the 
combination process. The first is conformity: the designers 
faithfully create a new chair by combining features of the 
provided chairs. The second is augmentation: the designers 
modify features inherited from the given chairs, or add 
features not present in the given chairs. 

Figure 10 shows an example of conformity. The chair 
inherits features from parent chairs in a direct way. In 
addition, the designer explicitly describes the features that 
were combined:  

The chair is more similar in design to the second 
than the first, with the straight armrests and the 
legs, but has the cushioning that the first seems to 
have. It also has some of the fun shapes that the 
first chair had. 

                    

Figure 10. An example of conformity. 

In contrast, the evolution tree shown in Figure 11 
is an example of augmentation.  

                   

Figure 11. An example of augmentation.
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 G1 G3 

Typical 

legs 

Four straight legs 
 

44 22 

Four straight legs with 
crossing bars  

5 3 

Two straight legs 
 

8 4 

Atypical 

legs 

Pointing legs 

 

1 2 

Rocking chair legs 

 

2 6 

Animal legs 
 

0 5 

Flower legs 
  

0 3 

Wheel legs 
 

4 10 

Crossing legs 
 

0 1 

Ball legs 

 

0 1 

Triangle legs 
 

0 1 

Semi-circle legs 0 1 

Curly legs  

 

0 2 

Goblet legs  

 

0 2 

Base legs  

 

1 1 

Three legs  0 1 

Legless                                        

                                          

15 15 

Table 1. Chair legs. 

One small feature of the right parent, a crescent moon, is 
amplified into a major feature. And text is added to the 
chair inside a new legless base. The explanation of the 
designer doesn’t mention the parent chairs:  

It is a round chair which will allow the child to relax on it. 
The legs are straight to give the chair a firm and stable 
bottom. The half moon like shape makes the chair attractive 
and fun for the child to use. 

 

 

The Evolution of Features 

The typical features of the chairs are those that occur in 
prototypical chairs [31]. For example, prototypical chairs 
have four straight legs, a typical feature. A non-prototypical 
chair might have legs that are designed to look like the legs 
of animals, an atypical feature. We predicted that such 
atypical features would be more likely to increase in 
subsequent generations than typical features. In order to test 
this, the legs of the chairs were examined. Coding of the 
legs was accomplished by two raters by first determining a 
set of distinct categories, and then classifying all chairs into 
those categories. These include 17 different categories that 
are summarized in Table 1. The chair legs were then coded 
into three major categories: typical, atypical, and legless by 
the two raters. Inter-rater reliability, measured by a Kappa 
score, is 0.82. 

We contrast the proportions of atypical legs and typical legs 
in Figure 12. We found that atypical features increase 
significantly in frequency (x2(1, N=160)=19.59, P<0.01), at 
the same time as typical features decrease significantly 
(x2(1, N=160)=13.30, P<0.01) in generation 3.  

     

Figure 12. The evolution of chair legs from generation 1 to 
generation 3. Error bars represent 95% confidence intervals. 

 

Affordances of the Tool 

The Google Docs drawing tool provides several options for 
drawing sketches, including a pull-down shape palette, as 
shown in Figure 13. There are two ways the tool appears to 
be affecting the sketches. 

Many participants made use of the shapes shown in the 
palette to design their chairs.  In our experiment, we asked 
participants to use the scribble freehand drawing function 
when designing their chairs. However, many participants 
didn’t comply, and used shapes instead.  Specifically, we 
found that 17 sketches out of 80 in generation 1 used the 

Atypical legs Typical legs

Generation 1
Generation 3

category

P
ro

po
rt

io
n 

of
 c

ha
ir 

le
gs

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

CHI 2011 • Session: Crowdsourcing May 7–12, 2011 • Vancouver, BC, Canada

1399



 

shapes palette to design their chairs, while 40 sketches out 
of 80 in generation 3 used the shapes palette. This 
difference is significant according to a proportion test (x2(1, 
N=160)=13.19, P<0.01). Many of the shapes used from the 
palette are atypical with respect to chair design, so one 
possible explanation for the increase is that these atypical 
features tend to be noticed, and are carried over into the 
next generation, just like the atypical chair legs.  

 

Figure 13. Pull-down shape palette in the Google Docs 
Drawing application. 

Another explanation is that the palette serves as source of 
association [24]. For example, the number of hearts, smiley 
faces, crescent moons, circles, cloud and suns is high in the 
sketches. These all occur in the same section of the palette.  
Of the 57 sketches that use any shapes, 25 sketches have at 
least two of the mentioned shapes as decorations or as the 
shapes of the seat, back or arms. For example, Figure 14 
shows a combined chair with multiple shapes as 
decorations, while the parent chairs only have the sun as 
decoration. Perhaps a participant pulled down the shape 
palette to add one shape, and decided to also add several 
neighboring shapes. This conjecture might be tested 
through experiments that provide different palettes and 
measure the frequency of shapes used in relation to their 
distance from each other on the palettes.  

FUTURE RESEARCH 
The described system affords future studies that might 
contrast different tool and processes. Future research might 
extend the reported experiment in three ways.  First, the 
evaluation of the designs was done by a general population, 
recruited through Amazon Mechanical Turk. Other 
populations, and in particular expert or specialist 
populations, might have different perceptions of creativity. 
They may be especially skilled at assessing pragmatic 
issues such as manufacturing costs. Moreover, if indeed 
experts do have different perceptions, then it might be 
important to involve them in not just the evaluation but also 
the generation of the designs. 

 

Figure 14. A combined chair with shapes. 

 
Then, the design problems could contain more constraints 
that experts are more likely to be familiar with: time to 
market, materials, labor costs. Because it is difficult to 
assemble a crowd of experts, those that can be assembled 
might be given different tasks or their work assigned 
different weightings, as has been practiced in other domains 
[30].  Such experiments would need to be designed in 
domains where there are a sufficient number of experts to 
allow for multiple conditions and multiple trials.  

Second, another important test of a creative design happens 
after it is implemented. That is, eventually the consumer or 
user evaluates the product for purchase and ongoing use. 
How could such tests be run? For many products, such as 
the chair example here, production tests are probably 
infeasible. But there exist sites that specialize in customized 
manufacturing and online sales of inexpensive objects (e.g. 
[5]), and so artifacts might be designed by the crowd and 
offered for sale in those environments.  

Third, the system might extend its use of collaborative 
mechanisms: The coordination between participants 
provided in the current system is minimal. That is, no 
participant interacts directly with another. Instead, only 
some participants see the previous work of two others: all 
coordination is mediated through the designs. The 
independence of the participants makes possible large-scale 
parallel efforts, and guards against the many problems of 
tightly coupled collaborations, as described in studies of 
brainstorming [21, 25, 26]. But more interaction might be 
useful – for motivation, for clarification, and for deeper 
idea integration. Thus future studies might try a variety of 
ways of linking participants to each other: for example, 
through game-like interfaces that allow for two-way 
interaction (e.g. [1]), or through structured dyadic 
conversation (e.g. [42]), or through the communication 
patterns used in open source environments (e.g. [9, 33, 39]). 

 

CHI 2011 • Session: Crowdsourcing May 7–12, 2011 • Vancouver, BC, Canada

1400



 

CONCLUSIONS 
We asked if the crowd functions as a set of cooks or 
cobblers. We conclude that the systems’ users were more 
like cobblers: they combined with each other to form a 
creative mind.  That is, the generation 3 designs were 
significantly more creative than the generation 1 designs. 
The sketch combination system also provided a way to 
study the interrelations between creativity, combination, 
and tools. We showed that atypical features were favored in 
combinations, and that a drawing tool influences the 
evolution of these features.  

That we can perform large-scale experiments related to 
creativity, and contemplate much larger ones, is perhaps the 
most important general message of this work. Collaboration 
necessarily takes place beyond the individual: in this case, it 
took place among over a thousand individuals, mediated 
entirely through the designs they produced. Such crowd- 
based systems are built in the hopes of catalyzing new kinds 
of collective minds. 
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