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Abstract—This Research Full Paper addresses the definition
and implementation of Computational Thinking (CT) in K-12
education. CT is the focus of ongoing debate about the future
of computing in schools, and this poses a number of challenges.
Early discussions on the topic were plagued by vague and all-
encompassing definitions of the term, which raised awareness of
a need for school learning focused on emerging computational
systems and their impact on society and the lives of citizens,
but failed to address what should actually be included in the
revised curricula. As some of those issues have been addressed,
a number of problems remain. This paper analyses some recent
and future developments in the field of computing, and expands
the discussion on the vexed question of the nature and limits of
computational thinking. We ask whether the current mainstream
literature and curriculum for CT is well positioned in terms of
the future towards which computing is heading. We conclude by
summarising the implications these questions have for the future
development of K-12 curricula and teaching practices.

Index Terms—computational thinking, machine learning, pro-
gramming paradigms, artificial intelligence, data agency

I. INTRODUCTION

Over the past twelve years, computational thinking (CT) has
emerged as a central theme for computing education, embraced
by many teachers, educators, and policymakers interested in
introducing an agenda of computing education for all [19].
The phrase “computational thinking” has become popular, and
has been featured in the names of research programs, research
centers, journal special issues, conferences, and NSF funding
calls [11]. A large number of countries have embarked on a
series of actions, and have introduced or are about to introduce
CT into their national curricula [28], [39].

There is good reason to be wary in the face of these rapid
changes. CT is not a well defined area, other than a general
agreement that there is a unique kind of thinking which is
applied in formulating computational solutions and systems in
such a manner that they can be automated (executed).
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Many advocates of CT believe that CT skills are transferable
across domains, a claim that has been falsified many times
over in learning studies [19]. Computational thinking has also
been backed by large and influential organizations, including
the International Society for Technology in Education (ISTE),
the Computer Science Teachers Association (CSTA), and the
Association for Computing Machinery (ACM). This has given
the term considerable visibility and political influence, despite
the lack of a clear understanding of what distinctly new types
of thinking are involved.

The concept of computational thinking and the CT move-
ment in computing education have not emerged uncontested.
The conceptual foundations of the term are problematic, and
have been criticized from a range of perspectives. Many critics
have pointed out a disconnect between the CT movement and
the long history of computing education research, as well as
the tendency to consider it something new and different [19],
[41], [43]. Whether CT ideas are really unique, or whether
they are to some degree common to many fields of science,
technology, and mathematics, has been debated extensively
[31, [17], [29], [32]. At the curricular level there is also
disagreement on whether CT education should be concerned
with high-level concepts and skills, programming, design, or
machine concepts [2], [22], [26], [28].

In his essay “Remaining Trouble Spots with Computational
Thinking,” Peter J. Denning [9] argued that education re-
searchers and teachers struggle especially over three questions:
“What is computational thinking?,” “How can it be assessed?,”
and “Is it good for everyone?.” He then continued to address
each of the questions, expanding on the historical roots of
computational thinking, research on skill development, and the
transfer hypothesis in education

This paper extends the work begun in Denning’s essay on
“trouble spots”. We identify eight new troublesome ideas and
trends in CT and the CT movement. We argue that each of



these areas warrant substantial further research and discussion.
In particular we draw attention to problems with CT imagery,
the abstraction levels at which CT is envisaged to operate,
and the kinds of skills involved in CT. Some of these trouble
spots are more common across the multitude of different CT
initiatives than others, but all of them are regularly found in
some form or another.

II. WHY “CODING”?
A. Historically, “coding” is a poor choice of terminology

It is somewhat symptomatic that the first troublesome ele-
ment in regard to CT is terminological. At one level the issue
appears quite trivial and is directly related to interpretations
placed on the terms “coding” and “programming.” In the
formative years of the computing profession in the early 1940s,
coders were skilled in mathematics, while operators (whose
job was to punch cards and manipulate plug boards) needed
much less training: Translated into the wartime context the
former had the military rank and salary of officers, and the
latter those of enlisted personnel [4]. The computing pioneer
Grace Hopper reminisced that the word “programmer” arrived
in the US from the UK [20], and the language soon changed
so that “coders” referred to low-level clerical workers while
“programmers” assumed a higher position in the computing hi-
erarchy [13]. Unlike programmer and systems analyst, “coder”
did not appear on the list of recognized occupations of the US
Department of Labor.

Many programming pioneers adopted the “programmer”
label and wore it with pride. Edsger Dijkstra, for example,
campaigned for recognition of programming as a theoretically
grounded, intellectually noble discipline, and shunned the idea
of programmers as glorified coders and designers of clever
tricks [12]. Even when computing pioneers said “programmer”
and meant it the Dijkstra way, the public image associated with
the term was that of low-level technicians or coders [14], [15].
Unable to successfully promulgate ’programming” as a high
status and noble discipline, computer science educators gave
ground, and instead focused on counteracting the misleading
public perception that computer science was synonymous with
programming [33], [35]. They lamented the public perception
in which the rich intellectual depth of computing as a disci-
pline was reduced to, and encapsulated by, a minor part of the
software construction process.

When computing started to develop as a discipline, many
pioneers of computing considered that the “CS=programming”
myth undermined the academic credibility of this emerging
field, and that in the eyes of the public it rendered computing
jobs technical jobs [35], [36]. This conception of computing,
and by implication computational thinking, persists in current
definitions of CT, which strongly emphasise a mix of soft-
ware design practices and sequential imperative control flow
constructs (e.g. sequences and loops).

The software engineering movement of the 1970s struggled
unsuccessfully to dispel this myth, which persists to the current
day [15]. A number of influential reports both denounced and
disowned the “CS=programming” idea [1], [44] and advocated

a view of computing as a combination of theory, science,
and engineering, with the 1989 “Computing as a Discipline”
report being one of the most influential [10]. As Armoni [2]
noted, those episodes remain in the collective memory of older
generations of computer scientists, yet despite a widespread
agreement that “coding” is a poor and historically loaded term,
it remains deeply entrenched in numerous initiatives around
the world. Initiatives such as Sweden’s programming at school
have resuscitated the ”CS=programming” misconception from
the iniquity it deserves and used it in modern times to label
important initiatives. Hence, the first trouble spot, self-evident
it may be [2], is as follows:

CT initiatives centered on the idea “CS = program-

ming,” recently narrowed to “CS = coding,” anchor

themselves to a barren interpretation of computing.

B. Coding paints a narrow image of software design

The second trouble spot, closely related to the first, is
that focus on “learning coding” emphasizes skills exclusively
relevant to the limited context of the tasks concerned with
software construction and systems design. In fact, those of
most pedestrian and routine nature! Coding—a subset of
programming—is not generally denoted a crucial part of the
intellectual effort required to build high-quality information
systems or software systems. By focusing on coding skills,
many K-12 educational initiatives, such as code.org, Hour
of Code, and European Code Week [28], contribute to a
troubling tendency to overemphasize the importance of coding
in the broad spectrum of other skills essential to the field.
Although there is little disagreement with this objection among
computer scientists, “coding” persists as the rallying cry of K-
12 computing initiatives, such as the three above.

This is exceptionally problematic in an environment where
design, impact of systems on the functioning of society at
large, and ethical considerations are major challenges of an
importance far beyond the scope of the technical details
of implementing computational systems. The complexity of
“‘coding” achievable in most K-12 contexts combined with
the limited computing background of teachers makes it highly
unlikely that these activities will lead to pupils developing
deep insights into the computing systems that surround them.
The second trouble spot is:

Those CT initiatives that emphasize coding focus
on one narrow and technical element of software
design, hiding a whole spectrum of other important
skills necessary for the field.

III. ABSTRACTIONAL QUAGMIRE

A. Programming focuses attention on a very specific aspect
of computing

The third trouble spot in current CT education concerns
the constant evolution of software production from lower-level
coding tasks towards higher and higher levels of abstraction.
Even if we consider only the programming element in the
software development process, each decade has seen program-
ming effort become increasing automated, encapsulated into



libraries, and rendered irrelevant to most programmers. In the
early years of programming, compiling assembly language to
machine code was called “automatic programming,” [34] and
simplifying or automating programming tasks has been a ma-
jor driver of development of computing ever since. Evidence of
this lies in the difference between software development of the
late 1990s and today. Modern development platforms, libraries,
engines, and cloud services automate an increasing number
of systems development activities that required repetitive and
tedious programming work just two decades ago.

The tools and knowledge in computing have evolved at such
a rate, that a topic that was worthy of a Ph.D. thesis in the year
2000 is often a routine task today. As a case in point consider
game development and app development packages that liberate
the designer from a substantial part of the programming work
previously associated with game development. By providing
game and simulation engine platforms recent developments
shift much of the computation under the hood obviating the
need for access to sophisticated programming knowledge.
More importantly, programming jobs are not exempt from the
ongoing automation of knowledge work. Quite the contrary,
many aspects of programming work bear all the signs of
incoming automation: easy outsourcing and offshoring, high
predictability, symbolic nature, and a wealth of data about
previous solutions [6].

An old adage in computing says that you need to be
familiar with no more than one level of abstraction below
the one you are working at. It was beneficial for machine
language programmers to know how their computers worked
at the level of electronics, although that was not necessary.
It was good (but not necessary) for C programmers to know
machine language. For Java programmers, pointer arithmetic
and details of memory management are beneficial but certainly
not necessary, and for users of ready-made data container
libraries it does not hurt to be familiar with how their data
structures and algorithms are actually implemented (but that
knowledge is not really required). We are currently at a
point where it is legitimate to ask whether any knowledge
about how to implement data structures and the algorithms to
control them, is any longer a central skill for most computing
professions. Hence, the third trouble spot is:

Many skills and abilities taught in CT education
are at a low level of abstraction and likely to be
increasingly irrelevant to the skills and competences
underlying the automation of jobs in the future. We
are teaching the CT of the past, not the future!

B. Coding is a clumsy way to control the computer

The fourth trouble spot is an extension of the third one, and
concerns the continuous diversification and development of
software. The constant development of software tools guaran-
tees that programming is increasingly rarely the best interface
through which to command the computer or with which to
automate things using a computer. Soon after the birth of the
modern computer, programming became the primary way and
usually the only way to control automatic computers [18].

Programming became the interface to the computer, and it
remained the primary interface for controlling computer-based
automation until the last two decades of the 1900s [18].

Today, programming continues to provide its cognoscenti
more power and flexibility in controlling the computer than
any other means, but often at prohibitively high cost. The
advent of user-friendly software in an increasing range of
application areas now renders problems that previously re-
quired sophisticated programming skills tractable, and largely
independent of programming skill, thus freeing end-users to
focus on the problem domain instead of the technical details
of how to program a solution. For instance, statistical software
has gradually automated and abstracted tasks that used to
require a substantial quantity of non-trivial coding. Design
environments have automated numerous software development
tasks, particularly in terms of “drag and drop” support for
user interface design and coding. Modern machine control
environments have automated manufacturing in ways that
previously required many programmers. Instead of requiring
everyone to control the computer the clumsy programming
way, progress in high level software has enabled an increasing
number of users to harness the potential of computers without
the need to program them. There is no reason to believe
that this trend towards higher level algorithmic systems will
not persist. Although programming knowledge may retain an
important role as the ABCs of technological literacy, the fourth
problem spot is:

Many lower-level programming concepts and skills
are becoming less and less relevant to controlling
computational processes and are required to auto-
mate tasks in fewer and fewer problem domains.

C. Determinism and reductionism no longer suffice

Two of the credos of traditional, “good old-fashioned com-
puting,” were that computation is deterministic, and that all
behaviors of a computer executing a program can be reduced
to a small set of rules, transactions, that define state changes in
the medium the computation is run on. This wisdom was long
summarised in the von Neumann architecture and the idea of
the “‘notional machine” [40].

Although they remain correct in principle, both started to
lose their currency a long time ago in relation to a range
of applications. A vast amount of the computing that lies
behind today’s sociotechnical infrastructure is run on mas-
sively parallel, not tightly synchronized, intercommunicating
networks of machines and users, programs, processes, wires,
and signals, with bugs (and error-correction) prevalent at all
levels of the system. Even perfect knowledge of the entire
state space of the system will not allow one to completely
predict the future states of either the whole system, nor
most of its parts [16], [27]. Nondeterminism has emerged
as a key paradigm in the world of the multi-core processors
and optimisation of performance exploiting the computational
capacity of graphical processing units (GPU), for instance.

The shift from rule-driven control flow based programs to
data-driven systems and machine learning has further diluted



the idea that every computational state and step can be
unambiguously inferred from the states and state transition
rules of the system. Artificial neural networks are deterministic
systems in principle, but the massive number of neurons and
connections between them makes them black boxes in practice,
whose behavior is not guaranteed but that work approximately
correctly with satisfactorily high levels of probability in most
circumstances. With the triumph of techniques like deep learn-
ing, some computing communities’ objectives and measures
for success have shifted from guaranteed optimal solutions
to consistently getting very good results with very high
probability [7]. Examples of the limits of deterministic and
reductionist thinking are many outside the field of computing.
For example, one cannot reduce and explain, in computational
states and steps, why a self-driving car does what it does.
How the Internet still works, with all its complexity, and
known bugs in many protocol implementations, is a tribute
to the power of pragmatic engineering on a large scale.
Redundancy, overcapacity, fault-tolerant protocols, and over-
engineering provide a workable system that is not reducible
to state transitions at the scale upon which it operates. Many
computing systems are increasingly chaotic, complex systems
that require different kinds of tools from those in which insight
is offered by many CT initiatives.

CT is typically defined in terms of reductionist and
deterministic thinking, the power of which to explain
computational systems is diminishing.

D. Basic CT doesn’t teach you how your world works

One common justification for including programming in
the K-12 school curriculum is that programming teaches
children to understand how the world around them works
[19]. However, the ABCs of computing typically taught in
elementary computing, such as binary representation of data,
Boolean logic, and the three control structures (sequential
execution, branching, and looping), are low-level concepts that
will not explain the working of advanced, complex computing
systems or high-level emergent phenomena. That cognitive
gap between levels of explanation is also familiar to us in
many other fields. One does not understand animal behavior
by studying the principles of DNA, and one will not learn
how weather works by studying the kinetic theory of gases.
While both conceptions are sufficient to explain functional
outcomes at one level of abstraction, neither explains the
extremely complex and emergent behaviors at the level of
whole systems. By analogy we conclude that learning how
to program may teach one the ABCs of the computing field,
but it not does generate higher-level insights into the workings
of social media, recommender systems, Google, deep fakes, or
self-driving cars. Learning the basics of CT might not be a bad
idea, but it does not fulfil the promise above; that is,

Learning CT as currently defined does not lend
children understanding of how their virtual worlds
work.

IV. CT AND JOBS
A. Design determines profits

The seventh trouble spot concerns the increasingly impor-
tant role played by design skills in computing. Most ground-
breaking services today are about understanding a community
and its needs; about a sense of human networks and interac-
tions; about an appreciation of habits, behavior, and culture;
and about designs that cater to those elements [11]. Service
and app development is about design skills, and programming
the services and apps (albeit usually not a trivial task) often
does not constitute the central intellectual challenge. Software
and hardware delights are increasingly an outcome of virtuos-
ity in design instead of in algorithmic virtuosity or program-
ming prowess [8]. The crucial breakthroughs are increasingly
not programming breakthroughs but design breakthroughs.
Most of the next ten thousand successful startups are expected
to be based on understanding a problem domain, understanding
user needs in it, understanding what can be automated there
using ready-made libraries and cloud services, and designing
a solution that fills these needs [24]. Classical programming
plays a role, but only as one of the many roles involved in
systems implementation and deployment.

There is a body of research that suggests that learning by
designing can be applied to computing education with children
[30], [31], [37] but that pedagogical approach has fallen out
of favor in many education systems today [38]. Many current
models of instruction consist of rigorous and highly scripted
tasks and instructions from a teacher who guides the learners
to a pseudo-discovery of some unifying principle [5]. In those
models of instruction, the content and process of teaching
are sequenced into well-defined subtasks, rules, and steps to
follow, and learners’ success is largely assessed in terms of
their ability to reproduce what they have been taught [45].
We observe that these are exactly the kinds of skills that are
subject to automation, and as such, they risk training learners
in models of thinking that are increasingly antiquated.

What is more, design itself has made a transformation
from rule-driven systems to data driven design. The deductive
reasoning and rule-based programming that drove many early
programming language experiments in schools [30] should be
replaced by data-driven design and inductive reasoning as we
argue that these skills are becoming increasingly important for
future innovation and working life.

In response to global challenges compounded by the pace of
automation, many companies and public sector organizations
have also begun to create strategies that pursue new products,
interfaces, processes, environments, skills and user experiences
through collaborative design. Much of this intense interest is
driven by the recognition that the vast majority of innovation
and business-development opportunities call for cross bound-
ary collaboration in order to connect computational thinking
and data-driven design with deep understanding of human
activity [24]:

Virtuosity in communication and design, not pro-
gramming prowess, is increasingly the key factor



behind bestselling apps and services.

B. Learning programming may not keep you your job, or get
you a job!

The eighth, and perhaps the most important, trouble spot
is related to the observation that teaching programming is
frequently proffered, at least in newspaper op-eds and political
speeches, as a solution to the job market disruptions caused
by automation of knowledge work [6], [24]. Unfortunately,
proposing programming as a solution to job disruption caused
by automation of knowledge work almost completely misses
the point. Firstly, jobs that disappear due to computerisation
are not being transformed into large numbers of new program-
ming jobs. Secondly, the force behind the latest disruptions in
the job markets is not programming per se: it is a combination
of traditional computing and machine learning. The latest
disruptions have been more often data-driven than rule-driven
(6], [24].

A look at the software solutions that have had the most
radical impact in terms of changing our job markets in the
past five years, and a look at the role programming plays in
those solutions, reveals that the new horizons in automation
of knowledge work are based on a combination of classic
programming and machine learning [6], [24]. Here we diverge
from the classical software development view, where software
is explicitly written to exhibit certain behaviors: in machine
learning behaviors are determined by neural network weights,
which cannot be explicitly derived due to the enormous
number of those weights. Instead, systems and algorithms are
“trained” with massive volumes of data. Thus, in a world
where everything is quantified and collected using sensors
and software, it is much easier for algorithmically defined
systems to “learn” behaviors and patterns from massive data
sets instead of humans explicitly programming rules into the
software [23]. We have reached a meta level of algorithmics
and automation, where we define the manner in which the
ultimate functionality is derived rather than the functionality
itself. In many cases the functionality is not even definable
in traditional logic but only discoverable from data like self-
organizing maps.

Although classical programming will likely remain the only
tool for many tasks and is not going away, and whilst the
machine in “machine learning” is a classically programmed
algorithm, an increasing number of tasks in tomorrow’s soft-
ware development process are going to be about selecting,
extracting, labeling, converting, re-coding, and visualizing data
for machine learning solutions run on ready-made cloud ser-
vices [23]. It is already apparent that major cloud computing
providers can offer extremely powerful and flexible off-the-
shelf machine learning solutions where classical programming
often plays, if anything, a minor role. With advances in
development suites and intuitive interfaces, powerful machine
learning solutions can be developed without programming
them. We can only expect those tools to become less program-
ming intensive in the future. What job markets need in the era
of automation of knowledge work is people who are able to

work with development environments, scripts, and data-driven
solutions. This requires an understanding of machine learning
principles, information flows, statistical thinking, and most
of all, domain knowledge. What employers are increasingly
looking for is not programmers but a combination of subject
matter expertise and expertise in data science.

CT focuses on rule-driven programming in an era
where data-driven machine learning is becoming
the most influential disrupter of knowledge-work
markets.

V. DISCUSSION

It is not our intention to say that programming (or pro-
gramming education) is becoming obsolete. Programming is
a crucial skill for a range of jobs, and it will be a great asset
in many fields. It will provide a good basic vocabulary for
technology education. However, with automation of program-
ming tasks and advances in development environments, the
very nature of programming is changing, and the number of
classical programmers, skilled in the imperative, control-flow
paradigm, required is not growing at the same pace as other
computing specializations. Other skills such as design, data
literacy, and social and human interaction skills are becoming
all the more important. Imperative programming is no longer,
and indeed never was, the only skill for controlling computers
and information flows. If we wish to prepare today’s children
for the next thirty years of the information era instead of the
past thirty years, we should be careful to look into the future.

As much as education has recognized the importance of
computational thinking, there seems to be a widening gap
between the complex CT design challenges and the narrow
problem-solving capabilities that are promoted in prevailing
educational practices [11]. Earlier models that have examined
CT in education can provide complementary perspectives,
but skills such as data-driven design, machine learning, data
agency, and social and emotional intelligence are becoming
increasingly central to future innovation and working life.
Computer scientists are contributing to that shift by building
ever better tools to push the design challenge to ever higher
levels of abstraction: software development suites, automatic
programming, cloud-based development environments, and
so forth. To support a dialogue focused on the educational
mission, this paper has identified eight potentially troublesome
issues for educators to consider.

In this regard, there is an ever-increasing need for skills
to harness these evolving technologies to capitalize on the
strengths of human cognition as well as to help overcome its
weaknesses in information processing [25]. If we want to teach
our children the future of computing and knowledge work, we
must revise and expand how we conceptualize the emergence
of the new skills, which support our progress into the era of
the automation of knowledge work.

Regarding the ways of living and working in a world
pervaded by computing systems, it is evident that teachers
and teacher educators play a key role in preparing future
generations to understand how their world works and how to



use technology to explore the world. In such a world, new
skills have the potential to create new participatory divides
[21]. Such inequalities shape who will succeed and who will
be left behind as coming generations enter further studies and
working life. The new digital divides are not about access,
and possibly not even skills as much as they are a divide
between those with strong data agency [42] and those who
have to adopt or reject technology by blind faith. More broadly,
advancing data agency seeks to promote progressive social
change in which citizens have the capacity and volition for
informed decisions and actions that make a difference in
their digital world [42]. Yet, hitherto there has been relatively
little research designed to inform initiatives that help school
teachers and students develop those skills and social practices
that characterize modern CT and the new kinds of design-
intensive work in general.

VI. CONCLUSION

CT must expand to embrace, once again, paradigms beyond
those focused on sequential imperative programming. The
history of CT and programming education are rich with com-
peting programming paradigms, languages, and visualization
and teaching aids. There is work on new entrants to computing
education, such as abstraction, data representations and habits
of mind associated with data driven classification approaches
to Al and ML. However, we must broaden our thinking
beyond consideration of control flow, replacing the focus
on sequences, loops and if statements that currently feature
prominently in the literature as important aspects of CT.

One of the most serious problems we identify, and the main
contribution of the paper, is that the literature has hitherto
defined CT in such a way as to exclude much of what
computing has traditionally been about. The rich flora of com-
putational paradigms and alternative computational hardware
approaches have been reduced to a focus on a small part of the
computing discipline, namely imperative programming. Rather
than empowering citizens and education in computing, the
CT conceptualization has built a box around us, restricting
our view of computing and computing education. Replicating
this into primary and secondary education exacerbates the
situation, limiting the world view of computing as it is
implemented in school curricula. The dominant discourse of
imperative programming has been so pervasive that the CT
community has been unable to see beyond it, like a fish
unaware of the water in which it swims.

Finally, curriculum must expand to include concepts asso-
ciated with data-transmission in cooperating systems, classifi-
cation and training of ML solutions and the computational
strengths and weaknesses of these approaches. Parallelism
and concurrency, ideas of data-flow and non-determinism, all
critical to understanding what computation and automation can
realistically deliver in terms of computationally driven solu-
tions. Only then will CT become relevant to future citizens.
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