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Of Art and Algorithms: 

Rethinking Technology & 
Creativity in the 21st Century
By Punya Mishra, Michigan State University, Aman Yadav, Purdue University,  
& the Deep-Play Research Group, Michigan State University

Science is what we understand well enough to explain to a computer; art is everything else 
—Donald E. Knuth (1996, p.vii) 

What good are computers? They can only give you answers 
—Pablo Picasso (Fifield, 1982, p. 145). 

N umbers, and how we think 
about them, played a very im-
portant role in the recently con-

cluded presidential election. And we 
are not speaking of the 47% vilified 
by one group, or the 1% by the other. 
Though these particular numbers got 
a lot of the media attention, our focus 
is on a special kind of approach to-
wards working with numbers, what 
we call computational thinking. Com-
putational thinking, as exemplified by 
the data-driven election forecasting 
from people like Nate Silver (the stat-
istician whose FiveThirtyEight.com 
blog became an online phenomenon 
of the election), and Sam Wang (a 
Princeton neuroscientist and a “spare 
time” election forecaster), up-ended 
the “seat-of-the-pants”, gut-feeling 
driven predictions made by most es-
tablished political prognosticators 
and pundits. After a long history of re-
lying on polls or talking heads to pre-
dict election results, was undermined 
by a group of self-described “geeks” 
and number crunchers. Armed with 
computational simulations, data sets, 
and algorithms, these data crunchers 
were unfailingly accurate in their pre-

dictions. Political winners aside, many 
journalists and cultural observers not-
ed afterwards, that the biggest winner 
might have been mathematics!   

Computational thinking was un-
questionably influential in the cam-
paign strategies themselves, particu-
larly the manner in which the Obama 
campaign used data to micro-target 
voters. Building on work first conduct-
ed during Rick Perry’s gubernatorial 
campaign in Texas, the Obama elec-
tion machine sliced and diced polling 
data, voter information, and hundreds 
of other variables to pinpoint and cus-
tomize voter registration, campaign 
mailings, television advertising, and 
door-to-door drives integrated with 
social media campaigns. These data 
and analysis driven considerations 
helped to assemble a remarkable get 
out the vote effort in the swing states. 
(See Sasha Issenberg’s (2012) book 
Victory Lab for more details of how 
computational thinking has become 
a critical part of elections today.) This 
change in thinking about how cam-
paigns operate parallels a similar shift 
toward statistical and computational 
thinking that occurred in baseball a 

decade or so ago (as documented by 
Michael Lewis’ in his book Money 
Ball—which was also the basis of the 
movie with the same name). 

These are popularized and timely 
examples of a powerful idea—that of 
Computational Thinking. In this pa-
per we seek to describe computational 
thinking, its growing influence on 
other disciplines, and focus on its rela-
tionship to creativity (see also Mishra 
& the Deep-Play Research Group, 
2012; Mishra, Henriksen & The Deep-
Play Research Group; 2012). 

Introducing Computation-
al Thinking

Computational Thinking is aided 
significantly by the ubiquitous avail-
ability of the digital computer, cheap-
er hardware, as well as better software 
for data analysis. Though computa-
tional thinking draws heavily from 
computer science; it must be seen as 
being distinct from it. As Barr and 
Stephenson (2011) stated, the field of 
computer science involves many fac-
tors, such as:  programming; hardware 
design; networks; graphics; databases 
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and information retrieval; computer 
security; software design; program-
ming languages and paradigms; logic; 
translation between levels of abstrac-
tion; artificial intelligence; the limits of 
computations (what computers can-
not do); applications in information 
technology and information systems; 
and social issues (Internet security, 
privacy, intellectual property, etc.). 

Computational thinking, though 
drawing on fundamental computer 
science concepts is distinct from it. 
Computational Thinking focuses on 
problem solving through “seeking al-
gorithmic approaches to problem do-
mains; a readiness to move between 
differing levels of abstraction and rep-
resentation; familiarity with decom-
position; separation of concerns; and 
modularity” (Barr & Stephenson, 2011, 
p. 49-50). In fact some even argue that 
computational thinking is an approach 
that does not necessarily need pro-
gramming of computers, but rather is 
an approach to problem solving that 
uses strategies such as algorithms, ab-
straction and debugging (Yadav, Zhou, 
Mayfield, Hambrusch, & Korb, 2011). 
Along the same lines, Bundy (2007) 
argued that the ability to think com-
putationally is essential to conceptual 
understanding in every discipline, 
through the processes of problem solv-
ing and algorithmic thinking. 

The fact that computational think-
ing is not just limited to computer sci-
ence, but is also applicable across dis-
ciplines, has been used to argue that 
computational thinking can be regard-
ed as a fundamental, basic skill that 
all children need to develop (Wing, 
2006). As Wing wrote, “To reading, 
writing, and arithmetic, we should 
add computational thinking to every 
child’s analytical ability” (p. 33). The 
National Council for Research (NRC) 
further echoed this assertion, in sug-
gesting that computational thinking 
is a cognitive skill which is of use to 
everybody (NRC, 2010). The NRC re-
port also highlighted the connections 
between computational thinking and 
disciplinary knowledge. It suggested 
that, “(1) that students can learn think-
ing strategies such as computational 
thinking as they study a discipline, (2) 

that teachers and curricula can model 
these strategies for students, and (3) 
that appropriate guidance can enable 
students to learn to use these strategies 
independently” (p. 62). 

The pervasiveness of computa-
tional thinking underscores the im-
portance of exposing students to these 
ways of thinking and their application 
in the real world. Hemmendinger 
(2010) argued that the goal of teach-
ing computational thinking is not for 
everyone to think like a computer sci-
entist, but “it is to teach them how to 
think like an economist, a physicist, 
an artist, and to understand how to 
use computation to solve their prob-
lems, to create, and to discover new 
questions that can fruitfully be ex-
plored”  (p. 6).

Computational Thinking 
and Creativity

Recently, computer science educa-
tors have underscored the importance 
of creativity by incorporating creative 
processes as one of the big ideas of 
computer science (The College Board, 
2012). The College Board has argued 
that computing is a creative human 
activity that facilitates exploration and 
creation of knowledge, enables inno-
vation, and allows individuals to create 
personally meaningful artifacts. As the 
Computer Science Teacher Association 
suggested that computational think-
ing uses, “a set of concepts, such as 
abstraction, recursion, and iteration to 
process and analyze data, and to create 
real and virtual artifacts” (Barr & Ste-
phenson, 2010, p. 51). Computational 
thinking also draws upon a set of 
trans-disciplinary skills that we have 
argued (Mishra, Koehler & Henriksen, 
2011) are essential for creativity.

Hence, computational thinking 
can foster creativity by allowing stu-
dents to not only be consumers of 
technology, but also build tools that 
can have significant impact on soci-
ety. This emphasis on creativity can be 
seen in a new computer science course 
called CS Principles, currently being 
developed and piloted by the College 
Board. The core argument for includ-
ing creativity in this mix is that com-

puting not only extends traditional 
forms of human expression, but also 
allows the creation of new forms of 
expression (The College Board, 2012). 

This idea of new forms of ex-
pression is worth exploring further. 
Though much of the emphasis of com-
putational thinking has been on what 
has been called “big data” (the com-
bination of today’s access to immense 
amounts of human behavior data, 
alongside the capabilities of new com-
putational tools for real-time analy-
sis and representation) there is more 
to computational thinking than that. 
We argue that computational thinking 
goes beyond typical human computer 
interactions, in which humans initiate 
the actions that are then computed by 
the machine. The new forms of ex-
pression that are emerging today have 
significant implications for how we 
engage and interact with machines. In 
this “brave new world” machines take 
on a role in the creative process itself – 
partners to humans as it were. Seeing 
the computer in this light has signifi-
cant implications for how we educate 
our students for the jobs of the future. 
Looking forward, we see that human 
initiative must blend with the capabil-
ities of software programs in ways that 
have not been possible before. 

We are now seeing the rise of a 
generation of technology enthusiasts 
and creators who are both computa-
tionally savvy and deeply knowledge-
able about their field of interest. Nate 
Silver is a prime example of someone 
who brings both a deep understand-
ing of computation (numbers and sta-
tistical techniques) and of the subject 
matter knowledge of the political pro-
cess (biases that polls have, historical 
knowledge of voting patterns, and so 
on). It is this combination that makes 
him successful. 

We will end with two examples 
of how computational thinking, in 
combination with deep knowledge of 
a discipline, can lead to creative solu-
tions that could not have been possible 
before. In this perspective the creative 
output is not determined either by 
only the individual or the technology, 
but rather through a “partnership” be-
tween the two. 
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New forms of creativity, 
two examples 

For our first example we focus on 
David Cope, a noted musician and 
composer, who has been experiment-
ing for years with computer programs 
that create original music (Blitstein, 
2010). At the beginning he created a 
computer program EMI (Experiments 
in Musical Intelligence also known as 
Emmy) that composed music in the 
style of different historical compos-
ers. The music created by Emmy was 
so impressive that scholars of music 
often failed to identify them as being 
computer-generated. This of course 
raised some fundamental questions 
about creativity, such as—who was the 
author of the pieces thus generated? 

David Cope however, was not 
troubled by these concerns, since in 
his opinion Emmy was merely a tool. 
Everything Emmy created, she cre-
ated because of software he devised. 
He argued that if he had infinite time, 
he could have written 5,000 Bach-style 
chorales. The program just did it much 
faster. As he said, “All the computer is 
just an extension of me. They’re noth-
ing but wonderfully organized shov-
els. I wouldn’t give credit to the shovel 
for digging the hole. Would you?” (All 
the quotes from Cope in this article 
are from Blitstein, 2010.) 

But as it turns out, Cope eventu-
ally got tired of his first program, suc-
cessful though it was, and he began 
experimenting with a different kind of 
virtual composer. This time he wanted 
to build something “with its own per-
sonality.” This program would be more 
of a collaborator. Underlying the com-
puter program is what he describes 
as an “association network—certain 
musical statements and relationships 
between notes are weighted as ‘good,’ 
others as ‘bad.’ This new program 
(called Emily Howell) would not print 
out a full score (as the previous pro-
gram Emmy did) but rather engaged in 
a conversation with Cope through the 
keyboard and the mouse. He would 
ask it what he called “a musical ques-
tion,” a piece of a composition or mu-
sical phrase. The program would then 
respond with a composition, which 

then Cope would either choose to ac-
cept or not. He would at times tweak 
the composition created by the soft-
ware and feed it back to the machine, 
and ask it to generate a newer piece. 
Eventually, the exchange would result 
in a composition that was acceptable 
to him. Cope compares this process to 
a sculptor who chops raw shapes out 
of a block of marble before he teases 
out the details. Using quick-and-dirty 
programs as an extension of his brain 
has made him extraordinarily prolific 
(he has even published recordings 
with Emily Howell as a co-composer). 
In our context, it also makes this an 
excellent example of the creativity that 
emerges from combining computa-
tional thinking with deep knowledge 
of a discipline. 

Our second example comes from 
the field of visual design. Christopher 
Carlson, handles technical communi-
cation and strategy for Wolfram, the 
creators of Mathematica. He also has 
an interest in graphic design and ar-
chitecture, and describes one of his 
“enduring passions” as “exploring 
graphic design with programmatic 
and generative systems.” In other 
words, he explores the world of design 
using computational tools.  In an arti-
cle titled “Exploring logo designs with 
Mathematica,” Christopher shows 
how one can mathematically develop 
variations on commercial logo designs 
by the systematic tweaking of vari-
ous parameters (Carlson, 2009a). He 
works with corporate logos because 
of certain inherent features they all 
share. As he says, logos, “often distill 
a single idea into simplified geometric 
form that is straightforward to param-
eterize in Mathematica. Once a logo is 
in Mathematica, exploring its param-
eter space quickly leads to the discov-
ery of new graphic phenomena, emer-
gent forms, unexpected relationships, 
and burgeoning lines of inquiry.” (All 
the quotes are from Carlson, 2009a, 
unless noted otherwise.) One of the 
explorations that Christopher delved 
into was with the Mercedes-Benz logo 
(Figure 1). He started by writing some 
Mathematica code to re-create the 
logo, with (in his words) “some obvi-
ous parameters controlling the num-

ber of points on the star, the sharpness 
of the star’s points, the thickness of 
the outer circle, and the orientation of 
the star” (Figure 2). He then set about 
tweaking the parameters—and the 
program began to spit out lots and lots 
of variations. The range of possibilities 
that emerged is impressive, many of 
which can be the starting point for the 
design of other corporate logos (see 
Figure 3 for a sample of the variations 
that emerged). Christopher expand-
ed his range to include other logos 
and then went forward and started 
combining them together, leading to 
visual solutions that as he describes 
them, led him to a “world inhabited 
by sea creatures and whorled growths, 
forms with a pleasing balance of rigid 
symmetry and organic irregularity” 
(Carlson, 2009b). Interestingly Chris-
topher’s description of his exploration 
has a conversational quality—quite 
akin to the dialogue between David 
Cope and his software program. 

What is interesting in this exam-
ple is the “partnership” that emerges 
between a software program (in this 
Mathematica) and the designer. The 
computer does what it is good at, cre-
ating, almost instantaneously, a huge 
number of variations. This does not 
mean that the designer does not have 
a role in the creative process. We ar-
gue that the software is not a replace-
ment of the creator, but rather is a 
great tool to automatically generate a 
range of variations on a theme, based 
on a set of parameters from the de-

Figure 1
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signer. As the research on creativity 
shows, this phase of open ideation is 
a critical part of the creative process. 
However, this does not mean that hu-
mans are out of the picture totally. In 
fact, the designer has two very critical 
roles to play here. 

The first  important task the de-
signer accomplishes is in choosing 
which parameters to include in writ-
ing the original code. That is not at all 
obvious and needs careful thought. In 
the case of the logo, Carlson had to 
decide, whether or not he needed to 
include the thickness of the outer cir-
cle as a parameter. What about color? 

In the case of the program writ-
ten by David Cope, the parameters 
of the musical choices, and options 
that the program could “play with,” 
were put into place by Cope him-
self. This is important since there are 
volumes of options, and the choices 
are non-trivial. Setting and tweaking 
different parameters will lead to very 
different solutions. These parameters 
can only be determined and set by a 
person who combines computational 
thinking with deep knowledge of a 
domain (music in the case of David 
Cope, and graphic design in the case 
of Chris Carlson). 

Figure 2

The second  place where humans 
step in, is after all these variations have 
been created (and the computer cre-
ates LOTS of them). In graphic design 
for example, human insight is needed 
for selecting one of the solutions for 
its appropriateness to the organization 
for whom the logo is being designed, 
finding the right aesthetic look, un-
derstanding the context of use (on a 
website, on a car dashboard, in a neon 
sign?), and so on. In David Cope’s case 
the role of the human is even more 
complicated than that, since the com-
poser can go back and input changes 
into the first piece developed by the 
program and then feed it back into 
the program, in a continual and ever 
evolving feedback loop. 

In each of these cases, human cre-
ativity is augmented by computational 
thinking, in particular the automation 
of problem solving and algorithmic 
thinking. Computational Thinking al-
lows each individual to become more 
creative and productive. None of this 
is possible, however, without the de-
signer or composer having compu-
tational thinking skills. For instance, 
programming is not something we 
typically teach in design school. But as 
is clear, a designer with a good visual 
sense AND a knowledge of program-
ming and mathematics is going to be 
much more efficient and generative 
(in terms of total ideas) than one with 
just the former. Similarly, a program-
mer without a good understanding of 
the domain is less likely to creative. 
The human element is still present, 
just refracted through the lens of the 
computational tool. Taking advantage 
of these new tools requires a new set 
of skills—computational thinking plus. 

In conclusion
There were three main points we 

were making in this article. First, for a 
range of reasons computational think-
ing needs to become a key part of our 
intellectual curriculum. Second, the 
partnership of deep human content 
knowledge and technology can lead 
to deeper and more profound creative 
insights. Third, and finally, the addi-
tion of computational thinking to the 
creative process does not in any way 
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diminish the role of the human. In 
fact, human intuition and agency play 
a key role in this process. 

At a recent MIT conference on big 
data, one of the leaders of the confer-
ence was asked what makes a good 
data scientist. She noted that while 
knowledge of computer science and 
mathematics was clearly necessary – 
just as important were imaginative ca-
pacities like innovative thinking and a 
“deep, wide ranging curiosity”. As the 
New York Times (Lohr, 2012) article 
reporting on the conference wrote, 
speaking of the consensus emerging 
among the participants: 

Listening to the data is im-
portant… but so is experi-
ence and intuition. After all, 
what is intuition at its best 
but large amounts of data of 
all kinds filtered through a 
human brain rather than a 
math model? 
Nate Silver (as an example of 

one of the creative people who have 
managed to combine computational 
thinking with a deep understanding 
of politics, to become one of the best 
election forecasters in the business) 
would agree. In an interview with Fast 
Company he said that one of the im-
portant tasks is to develop, “an intui-
tive sense—one that is honed and re-
fined through experience—for what’s 
meaningful” (Barr, 2012). 
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