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Osman Yaşar | State University of New York, Brockport

T

oday’s professional societies, teacher organizations,
accrediting bodies, and government agencies are
actively promoting the teaching of computational
thinking (CT) skills.1 Although the discourse
about the essence of CT continues, a concerted effort has
already helped make computer science a high school graduation requirement in many US states. The idea of procedural
thinking and programming for children has been floating
around for more than three decades, but its successful entry
into learning standards as a competency area for everyone is
very recent.2 Yet, because CT is often linked to electronic
devices and equated with thinking by computer scientists,
a decade-long discourse has yet to produce ways to separate
it from programming and computers.3 Moreover, the lack
of such separation continues to preclude us from capturing
the essence of CT in a way that narrows down its skillset
and links it to cognitive competencies that can be taught to
young students. This article aims to do this by building on a
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viewpoint previously published in this column4 to advance
the state of computational science education.
The viewpoint presented earlier, along with the concept
of the mind as a computational device,5 helps us link computation and cognition through similarities between electronic
and biological computation. I suggest that these similarities
arise from quantifiable (that is, discrete) aspects of information constructs, as suggested by Alan Turing 80 years ago,6
and the appearance of a universal mechanism by which all
quantifiable things form and evolve.4 Accordingly, the processing of information constructs by any computing device,
be it electronic or biological, involves device-independent
computations as well as device-dependent ones, as illustrated
in Figure 1.
As detailed in my earlier article,4 we can liken deviceindependent computation of information to modeling
and simulation (M&S). Furthermore, we can argue that
heterogeneity is the essence of it because quantifiable things
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appear to behave in one of only two ways, just like
granular matter. As illustrated in Figure 2, they either unite associatively to form bigger constructs
or break down distributively to smaller ones.4,7,8
Although M&S is often used in the context of
information processing by electronic devices, it is
equally applicable to other devices as well. In fact,
cognitive scientists claim that the mind uses M&S
heavily, not only for mental representation of external objects but also for its own internal computations as it compares the values and costs of all
situations before making decisions.5
M&S has received some attention in the current CT literature,2,3 but only peripherally because
of the concern that it might keep learners from
more mainstream computing practices.3 This article suggests that modeling can play a central role in
both CT and programming education. The good
news is that we already have some idea about the
cognitive processes involved9 in electronic uses of
M&S by scientists in research and by students in
learning. This article merges the cognitive views of
M&S with those on information storage/retrieval
by neuroscientists10 and cognitive scientists5 to explore the cognitive essence of CT, a viewpoint that
could have a significant impact on both STEM
and CT education in the near future.
The Role of Modeling in Scientific Reasoning
The scientific method that students learn in school
is often described as a set of steps involving making
observations to form a hypothesis, making predictions with it, and testing them through experimentation to reach a conclusion of whether the hypothesis
is valid or not. It’s often credited to 16th century
experimentalists, but philosophers have studied it
more systematically to address epistemological issues of how we know what we know. In particular,
Immanuel Kant, an 18th century philosopher,
merged views of the rationalists and empiricists
who came before him to lay the foundations of today’s scientific method.11 A brief introduction to
these views can help us bridge philosophy and other
sciences.
Empiricism has historically claimed that the
mind is a blank slate and that it acquires knowledge
a posteriori by putting together, in a synthetic way,
related pieces of information. Knowledge acquired
synthetically by means of inductive reasoning isn’t
warranted and is accompanied by skepticism because
new experiences can later change its validity. Inductive reasoning is a form of logic that synthesizes particulars to form generalizations and conclusions as

Device-independent computational processes

Biological
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Electronic
computing

Figure 1. Information processing by electronic and
biological computing devices include both deviceindependent and -dependent processes.

Concept

Basic concepts, details, and facts
Figure 2. Analytic and synthetic ways of forming and
changing conceptual knowledge.4

depicted by the bottom-up arrows in Figure 2. For
example, you could inductively come up with a generalization, “If my throat swells up every time I eat
peanuts, then I am allergic to peanuts.”
Rationalism, on the other hand, has historically claimed that knowledge is acquired a priori
through innate concepts, enabling decisions and
conclusions to be derived from it in an analytic
way. There’s no room for skepticism when knowledge is acquired analytically from an intuition.
Because innate knowledge is warranted as truth,
everything else stays within its scope—that is,
knowledge of the external world can be derived
from it via deductive reasoning, which breaks
down general concepts to their particulars, as depicted by the top-down arrows in Figure 2. In
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deductive reasoning, if something is true of a class
of things in general, it’s also true for all members
of that class. For example, you could deductively
reason, “If all humans are mortal as a general truth,
then as a human I must be mortal.”
Kant explained that knowledge acquired in a
synthetic way, through experiences and inductive
reasoning, becomes knowledge a priori later. Unlike innate concepts, he noted that it should be received with skepticism because knowledge driven
in an analytic way, through deductive reasoning,
can later change under new circumstances.12
Modeling and testing has been an important
tool for scientific research, and it works exactly as articulated by Kant. As illustrated in Figure 2, scientists
often start with a model (a hypothesis or a concept)
based on current research, facts, and information.
They then test this model’s predictions against experimental data. If results don’t match, then, they
break down the model deductively into its parts to
identify what needs to be tweaked. They retest the
revised model through what-if scenarios by changing
relevant parameters and characteristics. By putting
together inductively new findings and relationships
among parts, the initial model gets revised. This cycle
of modeling, testing, what-if scenarios, synthesis, decision making, and re-modeling is often called conceptual change.13 It’s repeated while resources permit
until there’s confidence in the revised concept’s validity. Electronic computing devices have accelerated
scientific progress because they not only speed up the
model building and testing but also help conduct
studies that are impossible experimentally due to size,
access, and cost. Today, computational modeling and
simulation is regarded as a third pillar of doing science because it facilitates the conceptual change process of sciences.14
Conceptual change has been an important element of scientific progress, both at the community
level in the form of a paradigm shift15 and at the
individual level as observed in laboratory environments.16 It’s an element of ordinary thinking and
learning by all,13 yet not everyone uses its deductive and inductive reasoning cycle as consistently,
frequently, and methodologically as scientists.
Because learning sciences suggest that students
should learn science the way scientists do their
work,1,17 M&S tools are now being used by educators to help students learn science content.

for inquiry-guided (inductive) learning because it
supports constructive and independent investigation
of questions, problems, and issues. In particular, the
literature shows that it can be effective in developing scientific knowledge and process skills, and
promoting inquiry-based learning and conceptual
change.18,19 Its effectiveness is also well grounded in
contemporary learning theories that recognize the
role of abstract thinking and reflection in constructing knowledge and developing ideas and skills.17
More than a decade of empirical research suggests that M&S tools carry a constructivist pedagogy20 whose iterative and cyclical nature mirrors
Kant’s epistemological method. Basically, modeling
provides a general simplistic framework from which
instructors can deductively introduce a topic without details and then move deeper gradually with
more content after students gain a level of interest to
help them endure the hardships of effortful and constructive learning. Simulation, on the other hand,
provides a dynamic medium to test the model’s predictions, break it into its constitutive parts to run
various what-if scenarios, make changes to them if
necessary, and put pieces of the puzzle together inductively to come up with a revised model. Such an
iterative and stepwise progression toward learning is
consistent with scaffolding and the psychology of an
optimal learning experience.17
A project-based experience by high school students participating in K–12 research9 is a testimony
of how students can gain a deeper understanding of
scientific content through M&S. Additionally, to understand operational principles of computer modeling
and simulation, students used a simple rate-of-change
formula, new 5 old 1 change, to reproduce with
Excel simulations those previously obtained by other
professional tools (see Figures 3 and 4). This hands-on
process helped them realize not only the virtue of decomposing a problem—the finer the decomposition,
the more accurate the answer—but also the role of
programming to obtain more accurate results when
Excel can’t handle the large numbers of data points
needed for finer decomposition. Students also regenerated the same simulations writing a simple code (see
Figure 5) and learned in the process how the laws of
nature act as a source of change in modeling. Their
success led the researchers into exploring the source of
their learning through concepts in brain and cognitive sciences.4,7–9,20

The Role of M&S in Learning
A growing body of educational research18,19 now
identifies computer simulation as an effective tool

Neuroscience and Cognitive Views of Thinking
Many fields have their hands in the study of
how learning takes place in the mind.
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Figure 3. Harmonic motion of a box attached to a spring using the Interactive Physics modeling tool.

Position (x) and velocity (v) as a function of time (t) for the harmonic motion
2

0

1

2

3

4

5

6

7

8

9

10

1.5
1
0.5
0
–0.5
–1
–1.5
–2

t
v1 (dt = 0.1)

v1 (dt = 0.01)

x1 (dt = 0.1)

x1 (dt = 0.01)

Figure 4. Time (t), dependent position (x), and velocity (v) of the box in Figure 3, computed by Excel for varying
degrees of decomposition (time step, dt 5 0.01 and 0.1).

Cognitive psychologists conduct empirical research into how people perceive, remember, and
think. Developmental and educational psychologists form theories of human development and
how they can be used in education. Neuroscientists use imaging techniques to understand the
brain mechanisms that take part in learning.
Cognitive and computer scientists form theories
and models of the mind to study how computation generates cognition.

read input: spring constant (k), mass (m), initial
position (x), initial velocity (v)
while t <=T:
print position (x), velocity (v), time (t)
compute acceleration: a = –(k/m) * x
update velocity: v = v + a × dt
update position: x = x + v × dt
update the time: t = t + dt
end of while loop
Figure 5. A simple code to solve the harmonic problem.

www.computer.org/cise			

	

77

EDUCATION

Neuroscience of Thinking
More than half a century ago, Donald Hebb,21
the father of neuropsychology, explained cognitive
functions in terms of neural connections. According to Hebb, information is stored into the memory
in the form of a specific pattern of neurons placed
on a pathway and fired together. The number and
strength of neural pathways, therefore, improve the
storage and retrieval of information.
While this view continues to dominate the
field of neuroscience, Make It Stick, an ostensibly groundbreaking book,10 has recently turned
all conventional ideas of learning upside down. It
claims that forgetting is good for learning because
it forces the learner to use effort to cognitively engage and recall or reconstruct newly acquired concepts through different neural pathways or links
that exist and are retrievable. The more links to associated concepts, the higher the chances of recalling the newly acquired concept when needed later.
Cognitive retrieval practices attempted at different
times, settings, and contexts are good because every time the recall is attempted, it establishes more
links that will help the remembering and learning.
Basically, retrieval sounds like an act of creative re-imagination, and what’s retrieved is probably not the original pattern but one with some
holes or extra bits. Consequently, neuroscientists
see little or no distinction between the acts of information storage/retrieval and the act of thinking.10 Such a consolidated view of storage, retrieval,
and processing is very much in tune with Figure 2’s
model of how scientists and students advance their
knowledge through M&S.
So, applying this model to explain storage and
retrieval, we can say that when new information
arrives, it lights up all related cues, neurons, and
pathways in a distributive process that’s similar to
the top-down action in Figure 2, where the new
concept is broken up into related pieces. By the
same token, retrieving a memory is a reassembly of
its original pattern of neurons and pathways in an
associative process that’s similar to the bottom-up
action in Figure 2.
Accordingly, the brain attempts to interpret
(that is, think deductively about) every new concept and information that it encounters in terms
of previously registered models—objects, faces,
scenarios, and so on. As our knowledge grows, the
relationships among registered information eventually leads to the interplay of various combinations
and scenarios of existing models that eventually
end up clustering, in an associative (bottom-up)
78



fashion, related details into conclusions, generalizations, and more inclusive models of information.17
As a result, the details our brain registers and stores
and the hierarchical connections it establishes between them, along with these generalizations and
conclusions, build over time into a pyramid-like
structure (Figure 2) that we have come to call the
mind.22 Cognitive scientists often use a software
analogy to distinguish it from the brain.
Cognitive Science’s View of Thinking
Although the distributed structure of neurons
and their connections (hardware) influence cognitive processing (software), the relationship between software (mind) and hardware (brain) isn’t
a one-to-one relationship. According to the computational theory of mind,5 our mind consists of a
hierarchy of many patterns of information processing, and, just as is the case in electronic computing, these levels range from basic computations to
more complex functions (sequence or structure of
instructions) and models (mental representations)
of perceived reality and imaginary scenarios.
Today’s electronic computing devices, our cognitive view of the mind, and neuroscientific understanding of the brain are all converging to a point,
indicating that similar principles may be at work
regarding information storage, retrieval, and processing. Alan Turing’s design of an electronic computing device to imitate the biological brain has
evolved dramatically since its first design 80 years
ago.6 For example, today’s electronic computing
devices process and store information in a distributed way, somehow similar to the distributed brain
circuitry. Programmers of parallel computers know
that management and utilization of a distributed
hardware necessitates a scatter/gather type communication in software, similar to how the distributed
neural structure stores and retrieves data.
Although this article isn’t suggesting that the
brain works exactly like an electronic computer,
the growing degree of structural and functional
similarities could help us better understand how it
works. For example, such similarities have guided
us into looking for device-independent root causes
of cognition, as depicted in Figure 1. We can argue,
indeed, that one of these is the invariant nature of
quantifiable information, which means that information constructs can be processed in one of only
two ways (addition and subtraction) at the most
fundamental level, regardless of the device that
processes it, be it electronic or biological. Another
reason for similarities could be that the design
July/August 2017

and use of electronic computing devices are being
imposed by the biological computing agents that
control them. Consequently, the mind’s use of an
electronic computing device could reflect how it
does its own computing. This could be why M&S
is common to both electronic and biological computing. The thinking process described by epistemologists centuries ago11,12 appears to be what we
do today with computers.
Despite similarities at the fundamental level
between electronic and biological computing devices, equating mental representations with information processing still poses some problems
because it appears to be leaving out the meaning
associated with mental events.5 Artificial intelligence or neural networks might never be able to
model the human brain, no matter how fast electronic circuits become.23 For example, the human
brain’s energy-efficiency and quick decision-making
aspects currently have no match. To explain such
an efficient and quick operation, neuropsychologists
and evolutionary biologists point to a structural
(hardware) interference by an autopilot limbic system (animal-like brain) to bypass, simplify, or reduce the elaborate cognitive functions of an evolved
neocortex (outer parts of the human brain), which
would have needed a nuclear power plant to run
on.23 It would seem that we’re caught between
two competing brains24 whose operation again appears similar to the top-down/bottom-up cycle in
Figure 2. Although one brain wants to simplify
things (bottom-up arrows), the other wants to dig
deeper (top-down arrows). Typically, one of these is
fast, effortless, automatic, inflexible, unconscious,
and less demanding on working memory, while the
other is slow, effortful, controlled, conscious, flexible, and more demanding on working memory.25
Tom Brady, the most accomplished quarterback in
American football history, has been cited in brain
books26 as a good example of how quick decision
making can benefit us when we don’t have much
time to rely on the outer cortex alone.
Cognitive scientist Read Montague5 points additionally to nonstructural (software) tendencies to
account for our brain’s energy-efficient operation.
He suggests that concern about efficiency, as part
of our survival, is a major driving factor. Although
this concern comes at the expense of being slow,
noisy, and imprecise, it does assign value, cost,
and goals to our thoughts, decisions, and actions.
Montague argues that the mind conducts computations, modeling, and simulations of different
scenarios to assign these attributes. While these

evaluative simulations add an overhead to decision making by slowing it down, they still save us
from undertaking more exhaustive computations.
According to him, the tendency to make tradeoffs
between simplicity and complexity and between
details and generalizations is actually the root
driver of our intelligence, and why we’ve pushed
ourselves to be smarter over time. So, whether
the causes are structural or nonstructural, there’s
enough evidence from neuroscience and cognitive
psychology about duality in information storage,
retrieval, processing, and reasoning that warrant
theoretical consideration.
The Essence of Computational Thinking
The cognitive framework of computational thinking presented here is based on Kant’s epistemological method,11 Turing’s computational theory
of mind,6 and Hebb’s neuropsychological view21
of memory storage and retrieval that “neurons that
fire together wire together.” All have been around
for a long time but when put together associatively,
they give rise to a whole new understanding that
isn’t only more than but also other than the sum
of its parts.27
As mentioned earlier, exploring root causes of
similarities between electronic and biological computing is an important endeavor because through a
common skillset we might be able to link currently
listed electronic CT skills3 to our typical cognitive
competencies. So far, we can identify associative
and distributive processes, including addition-andsubtraction-type basic computations and M&Stype higher-level processing.
We could argue that our brain’s inclination to
think in inductive/deductive terms as proposed by
philosophers, process information in an associative/distributive fashion as described by cognitive
and computer scientists, and store and retrieve
memories and concepts in a scatter/gather fashion
by a distributed neural network as proposed by
neuroscientists could be a manifestation of a basic
duality engrained in the fabric of matter and information. The way our minds operate could then be
an evolutionary response, shaped over many years
to optimally deal with incoming sensory information whose quantifiable nature is receptive only to
a dual set of computable operations. In fact, it appears that we’ve pushed a similar evolution onto
electronic computing devices by evolving them
from centralized hardware to today’s distributed
structure to handle our growing need for faster
processing and more storage.
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Figure 6. The essence of electronic and biological CT
skillsets.

We could conclude from our synthesis of epistemological, computational, cognitive, and neuroscientific views on learning that thinking that’s
facilitated by computation of any type, be it electronic or biological, is what computational thinking is. The computing community has also shifted
its original definition along these lines.28 Yet, a
clear distinction must be made between electronic
and biological CT because what has been debated
thus far actually refers only to device-dependent
electronic CT skills.3
Figure 6 illustrates application of our simplistic
cognitive framework to CT in terms of cognitive
and computational processes. At the core of this
framework lies a duality in the quantifiable nature
of sensory information. Built on this core layer is
distributive and associative processing in which incoming information is stored, retrieved, and computed by our computational mind. We expect the
dichotomy at the core layer to carry itself up to
higher-level cognitive processes, such as deductive
reasoning as a form of distributive processing of
information and inductive reasoning as a form of
associative processing of information. Because cognitive researchers have demonstrated how information processing could lead to cognitive inferences
and generalizations (inductive reasoning),22,29,30 we
don’t have to worry about the details of the computation-to-cognition process but rather how duality
in fundamental computation could lead to duality in
higher-level reasoning.
Basically, an iterative and cyclical process of
deductive and inductive reasoning, as employed
by scientists in research and students in learning,
is the essence of computational thinking. We all
use such computation-generated thinking but
80



not as methodologically, frequently, and consistently as scientists, though not all scientists are the
same, nor do they all follow the cyclical and iterative process as idealized here. While its utilization
will vary based on the underlying brain structure
and the quality and quantity of the environmental input it receives, our brain’s neurological structure and cognitive processing offer us a chance for
full utilization. Yet, the efficiency, intactness, and
effort-fullness with which we all use it depends on
each individual.
Inductive reasoning helps our cognition, especially at its developmental stages, by simplifying,
categorizing, and registering key information and
knowledge for quicker retrieval and processing.17
It also helps us at later stages of our lives by filtering out details and placing focus on more general
patterns, thereby allowing us to assign priority and
importance to the newly acquired information. As
mentioned earlier, the need for generalization (abstraction) could be a survival response born out of the
reality of having limited resources (time, memory,
and attention).5 While inductive reasoning’s role in
our ordinary lives and professional work can’t be
overstated, this article is clearly a product of synthesizing seemingly disparate information to come
up with conclusions and generalizations that give
us a better grasp of what’s going on. Deductive reasoning, on the other hand, helps us analyze general
concepts by breaking them down to smaller subsets
and seeing how they might apply to different situations, leading to key decisions and conclusions. For
example, a key deductive process is decomposition,
which helps us deal with a complicated situation by
dividing the complexity into smaller and simpler
pieces (scatter) and then attacking each one separately until we find a cumulative solution (gather).
If abstraction means constructing (synthesizing) things into a package, then decomposing
(analyzing) a package deductively is as important
as constructing it inductively. We all live our lives
in a constant cycle of packing and unpacking information based on our changing need for details
and generalizations. However, while everyone uses
abstraction and decomposition, not all are equally
aware of the importance of these two essential biological CT skills, nor are all practicing and utilizing them fully and equally.
Some elements of the electronic CT skillset3 can
be linked to these cognitive processes. Others can be
considered as device-dependent skills resulting from
the use of an electronic device by a biological computing agent. The two most fundamental electronic
July/August 2017

CT skills that have a clear link to biological CT, as
defined here, are abstraction and decomposition.
Again, we all use these two key elements of thinking
skills but not as consistently, frequently, and methodologically as a computer scientist. Experts who
program electronic computers heavily use these skills
to write large-scale, complex codes. Decomposition
skills are used in software engineering as well as in
parallel computing to distribute a workload among
multiple processors. Yet, writing parallel codes still
remains a tough task after decades of trying to teach
it to students. Better abstraction skills are also in demand. A good programmer is expected to be so good
at abstraction that he or she should easily oscillate
between different levels of it, from machine (level 1)
to program (level 2) to object (level 3) to problem
(level 4) layers.31 Most undergraduate students barely
move beyond language- (level 2) or algorithm-specific
(level 3) biases. Reaching a problem-level abstraction
is important to transform appropriate algorithmic
and programming skills into different application
contexts, yet the teaching of programming itself
doesn’t seem to accomplish this.31 The good news is
that abstraction and decomposition skills can be improved beyond what is inherited, and educators who
wonder about non-programming tools to teach these
skills can find some answers in this article. There are
no quick fixes, but the tools and methodologies cited
here have been found to boost student motivation and
learning in both computing and sciences.9,20 Readers
interested in more details can contact me directly.

E

ducating young minds about computational
aspects of everyday cognition could help break
barriers standing in the way of engaging in CT
practices that might further improve their cognitive skills. Science and engineering practices that
use modeling and simulation could help teach cognitive habits of conceptual change so learners think
like scientists and become prepared to use electronic devices to further such thinking, regardless of
whether they later become scientists or not.
There has been significant progress in the past
decade. A new AP course has been added to K–12
CT curricula across the nation. Prior to teaching
students an electronic CT skillset, however, we
need to foster inductive/deductive reasoning to improve their critical thinking, abstraction, and decomposition skills as well as their motivation and
readiness for learning electronic CT skills.
There’s an opportunity now for the computing
community to claim that computer science deals

with natural phenomena, not artificial (digital) phenomena, as suggested in the past. This opportunity,
of course, necessitates putting emphasis on M&S as
an important part of the student’s practice and curriculum. Universality of M&S as a representative
behavior of the natural order could put computing
at the heart of natural sciences. A direct benefit of
this for educators would be to help convince parents and students about the prospects of a computational science education. There’s no question that
the computational revolution started by Turing will
continue in the years ahead and could even turn out
to be the way our knowledge finally comes together
to make more sense of our natural world. This
would be no less exciting than the scientific revolutions of Newton, Einstein, and Darwin.
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Call for Software Engineering Award Nominations
Established in Harlan D. Mills’ name to recognize researchers and practitioners
who have demonstrated long-standing, sustained, and meaningful
contributions to the theory and practice of the information sciences,
focusing on contributions to the practice of software engineering through
the application of sound theory. The award consists of a $3,000 honorarium,
plaque, and a possible invited talk during the week of the annual
International Conference on Software Engineering (ICSE), co-sponsored by the
Deadline for 2018 Nominations:
IEEE Computer Society Technical Council on Software Engineering.

15 October 2017
Nomination site:
awards.computer.org
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The award nomination requires at least 3 endorsements.
Self-nominations are not accepted.
Nominees/nominators do not need
to be IEEE or IEEE Computer Society members.

July/August 2017

