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has emerged that aims to include some 
computing in everyone’s K–12 educa-
tion or professional development. 

We note that the CS for All move-
ment does not advocate that every 
single child should learn to program 
for the sake of becoming a profession-
al programmer or software engineer. 
Computing occupations are projected 
to grow at a higher rate than all other 
STEM areas combined. By one esti-
mate, more than 7.7 million Americans 
use computers in complex ways in their 
jobs, almost half of them in fields that 
are not directly related to STEM.a Regard-
less of their career, many professionals 
will be using computer science at work. 

a https://advancesinap.collegeboard.org/stem/
computer-science-principles

W
HE N  MANY OF us were 
in school, we were 
given definitions of 
computer science such 
as “the study of infor-

mation processes and their transfor-
mations” or “the study of phenomena 
arising around computers.” But when 
we entered the world of professional 
practice, we experienced computer sci-
ence in a completely different way from 
these abstract definitions.

In our professional world, our ability 
to obtain a job depends on how well we 
display competence in using computa-
tional methods and tools to solve prob-
lems of interest to our employers. We have 
to be able to create small apps on the fly 
with no more effort than writing a Post-It 
note. We discover that we have custom-
ers who can be satisfied or not with our 
work—and that our professional ad-
vancement depends on an ever-expand-
ing legacy of satisfied customers. We 
discover that over time we become profi-
cient and our peers and bosses call on us 
to solve ever more complex problems. We 
are beset with unpredictable surprises 
and contingencies not covered in school 
or our previous experience—and yet we 
must deal with them effectively.

As an example, the current surge 
of deep-learning AI technologies has 
generated many benefits and created 
well-paying new jobs for data analysts 
and software designers who automate 
some mental tasks. These technologies 
are permanently displacing workers 
who used to do those tasks manually. 

Many readers of this column are well-
paid designers and yet even they worry 
that a technology surprise might push 
them overnight into the unemployed. 
Our Internet technology has facilitated 
globalization of labor and raised living 
standards everywhere, yet has stimulat-
ed a backlash of anti-immigration, an-
ti-trade sentiment. Our Internet tech-
nology has also developed a dark side 
that includes hackers, data and iden-
tity thieves, scammers, polarizing web-
sites, terrorists, and more. To help us 
cope with all this change and churn we 
have organized ourselves into several 
hundred professional specialty groups 
hosted by ACM, IEEE, and others.

Because computing is so intimately 
involved with many fields, an educa-
tional movement called “CS for All” 
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Once you master a core knowledge 
base including variables, sequencing, 
conditionals, loops, abstraction, mod-
ularization, and decomposition, you 
will be a computing professional. This 
is a woefully incomplete characteriza-
tion of what computing profession-
als need to know. The concepts listed 
are all programming concepts, and 
programming is a small subset of CS. 
The listed concepts were central in the 
1960s and 1970s when programming 
was the main interface to computers. 
Today, you simply cannot be a compe-
tent programmer with little skill at sys-
tems, architectures, and design, and 
with little knowledge of the domain in 
which your software will be used.

Programming is easy to learn. Pro-
gramming and coding are skill sets. 
Programmers can progress from 
beginners to experts over a long pe-
riod of time. It takes more and more 
practice and experience to reach the 
higher stages. Becoming proficient at 
programming real-world applications 
is not easy. The much publicized kid 
coders are mostly beginners.

Educators have been searching for 
many years for ways to accelerate learn-
ing programming. Seymour Papert in-
troduced the Logo language in the 1970s 
and watched how children got excited 
by computing and learned how to think 
computationally. He attuned Logo to 
children’s interests; even so, it still took 
students time to move from the fascina-
tion of the introduction to the ability to 
program useful computations regularly.

Computational thinking is the driver 
of programming skill. Computational 
thinking (CT) is an old idea in CS, first 
discussed by pioneers such as Alan 
Perlis in the late 1950s.8 Perlis thought 
“algorithmizing” would become part 
of every field as computing moved in 
to automate processes. Dijkstra recog-
nized he had learned new mental skills 
while programming (1974). In his 1980 
book Mindstorms, Papert was the first 
to mention the term CT explicitly when 
discussing the mental skills children 
developed while programming in Logo. 
Jeannette Wing catalyzed a discussion 
about how people outside CS could 
benefit from learning computing.8 The 
common thread was always that CT is 
the consequence of learning to program.

Modern versions of the CT story 
have turned this upside down, claim-

We have worked closely with many 
people in this movement. They have 
been confronted with a number of mis-
conceptions about computer science, 
both in the audiences they are trying to 
reach and among themselves. These 
misconceptions can lead to expectations 
that cannot be met—for example, gradu-
ates thinking they have studied things 
that will help them land and keep good 
jobs, or employer expectations about 
what graduating professionals can do 
for them. These misconceptions can 
also interfere with practitioner abilities 
to navigate effectively in the real world 
of computing. Our purpose here is to call 
out the nine most pernicious of these 
misconceptions and call on our profes-
sional colleagues to work to dispel them.

CS = programming. The idea that pro-
gramming is the core activity of computer 
science is easy to accept and yet it is only 
partly true. Computing professionals are 
expected to be able to program. But com-
puting professionals engage in many 
other important activities such as de-
signing software and hardware systems, 
networks, databases, and applications. 
The idea that coding (a subset of pro-
gramming) opens the door to many ca-
reer opportunities has intrigued the public 
because of the successful publicity of Hour 
of Code, after-school coding clubs for boys 
and girls, and coding competitions.

This misconception is not new. It 
took root in the 1970s and was repeat-
edly challenged over the years; ACM 
and IEEE, for example, spent consider-
able effort in the 1990s uprooting it.7 
The most recent ACM/IEEE college cur-
riculum includes 17 areas of comput-
ing technology besides programming.2 
Even when computing is distilled to its 
core scientific and engineering prin-
ciples it is still a huge field in which 
programming is not the lead.4 The new 
Advanced Placement course CS Prin-
ciplesb reflects a much broader view 
of computer science for high school 
seniors. Code.org’s K–12 curriculumc 
covers much more than coding. Yet the 
“learn to code” movement seems to of-
fer quick access to many well-paying 
jobs after you work your way through in-
tensive bootcamps and workshops. The 
moment of truth comes when you dis-

b https://code.org/educate
c http://www.csteachers.org/?page=CSTA_

Standards

cover in interviews that employers look 
for much more than ability to code.

Programming is concerned with 
expressing a solution to a problem as 
notation in a language. The purpose 
of programs is to control machines—
not to provide a means of algorithmic 
self-expression for programmers. 
Starting with Ada Lovelace’s example 
programs in the 1840s, programming 
has always been concerned with giv-
ing instructions to a machine so that 
the machine will produce an intended 
effect. A programming language is a 
notation used to encode an algorithm 
that, when compiled into executable 
code, instructs a machine.

Computer scientists have long un-
derstood that every programming 
language (the “syntax”) is bound to an 
abstract machine (the “semantics”). 
The machine—simulated by the com-
piler and operating system on the real 
hardware and network—carries out 
the work specified by the algorithm 
encoded in the program. Advanced 
programmers go further: they design 
new abstract machines that are more 
suited to the types of problems need-
ing solution. The idea that programs 
are simply a notation for expression 
is completely disconnected from this 
fundamental reality that programs 
control machines.

A recent illustration of this is the le-
gal battle by copyright owners to block 
the distribution of decryption software 
that unlocked copyright protection. 
The decryption software would have 
been uninteresting if it were merely 
a means of expression. But that soft-
ware, when run on a machine, broke 
the copy protection. 

Programmers 
progress from 
beginners to experts 
over a long period 
of time. The much 
publicized kid coders 
are mostly beginners.
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the first 30 years, AI pursued a dream of 
intelligent machines. When they were 
unable to even get close to realizing the 
dream, they gave up rule-based AI sys-
tems and turned instead to machine 
learning focused on automating simple 
mental tasks rather than general intelli-
gence. They were able to build amazing 
automations based on neural networks 
without trying to imitate human brain 
processes. Today’s AI has become so 
successful with neural network models 
that do far better than humans at some 
mental tasks that we are now facing 
social disruptions about joblessness 
caused by AI-driven automation.

Conclusion
We welcome the enthusiasm for com-
puter science and its ways of thinking. 
As professionals, we need to be careful 
that in our enthusiasm we do not en-
tertain and propagate misconceptions 
about our field. Let us not let others 
oversell our field. Let us foster expecta-
tions we can fulfill. 
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ing that CT is a knowledge set that 
drives the programming skill. A stu-
dent who scores well on tests to explain 
and illustrate abstraction and decom-
position can still be an incompetent 
or insensitive algorithm designer. The 
only way to learn the skill is to practice 
for many hours until you master it. The 
newest CSTA guidelines move to coun-
teract this upside-down story, empha-
sizing exhibition of programming skill 
in contests and projects.d

Because computation has invaded 
so many fields, and because people who 
do computational design in those fields 
have made many new discoveries, some 
have hypothesized that CT is the most 
fundamental kind of thinking, trump-
ing all the others such as systems think-
ing, design thinking, logical thinking, 
scientific thinking, etc. This is compu-
tational chauvinism. There is no basis 
to claim that CT is more fundamental 
than other kinds of thinking.

When we engage in everyday step-
by-step procedures we are thinking 
computationally. Everyday step-by-step 
procedures use the term “step” loosely 
to refer to an isolated action of a person. 
That meaning of step is quite different 
from a machine instruction; thus most 
“human executable recipes” cannot be 
implemented by a machine. This mis-
conception actually leads people to mis-
understand algorithms and therefore 
overestimate what a machine can do.

Step-by-step procedures in life, such 
as recipes, do not satisfy the definition 
of algorithm because not all their steps 
are machine executable. Just because 
humans can simulate some computa-
tional steps does not change the require-
ment for a machine to do the steps. This 
misconception undermines the defini-
tion of algorithm and teaches people the 
wrong things about computing.

Computational thinking improves 
problem-solving skills in other fields. 
This old claim is called the “transfer 
hypothesis.” It assumes that a thinking 
skill automatically transfers into other 
domains simply by being present in 
the brain. It would revolutionize educa-
tion if true. Education researchers have 
studied automatic transfer of CT for 
three decades and have never been able 

d One of the K–12 curriculum recommendations 
actually cites making a peanut butter and jelly 
sandwich as an example of an algorithm.

to substantiate it.6 There is evidence on 
the other side—slavish faith in a single 
way of thinking can make you into a 
worse problem solver than if you are 
open to multiple ways of thinking. 

Another form of transfer—designed 
transfer—holds more promise. Teach-
ers in a non-CS field, such as biology, 
can bring computational thinking into 
their field by showing how program-
ming is useful and relevant in that field. 
In other words, studying computer sci-
ence alone will not make you a better 
biologist. You need to learn biology to 
accomplish that.

CS is basically science and math. 
The engineering needed to produce the 
technology is all based on the science 
and math. History tells us otherwise. 
Electrical engineers designed and built 
the first electronic computers without 
knowing any computer science—CS did 
not exist at the time. Their goal was to 
harness the movement of electrons in 
circuits to perform logical operations 
and numerical calculations. Programs 
controlled the circuits by opening and 
closing gates. Later scientists and math-
ematicians brought rigorous formal and 
experimental methods to computing. 
To find out what works and what does 
not, engineers tinker and scientists test 
hypotheses. In much of computing the 
engineering has preceded the science. 
However, both engineers and scientists 
contribute to a vibrant computing pro-
fession: they need each other.

Old CS is obsolete. The important 
developments in CS such as AI and 
big data analysis are all recent. Com-
puting technology is unique among 
technologies in that it sustains expo-
nential growth (Moore’s Law) at the 
levels of individual chips, systems, 
and economies.3 Thus it can seem that 
computer technology continually fos-
ters upheavals in society, economies, 
and politics—and it obsoletes itself 
every decade or so. Many of the famil-
iar principles of CS were identified in 
the 1950s and 1960s and continue to 
be relevant today. The early CS shaped 
the world we find ourselves in today. 
Our history shows us what worked and 
what does not. The resurrection of the 
current belief that CS=programming 
illustrates how those who forget his-
tory can repeat it.

Artificial intelligence is an old sub-
field of CS, started in the early 1950s. For 
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