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Abstract Recently everyone seems to be arguing that all students should learn
computer science and/or learn to program. I agree. I see teaching all students
computer science to be essential to counteracting our history and present state of
differential access by race, class, and gender to computer science learning and
computing-related jobs. However, teaching computer science is not a silver bullet
or panacea. The content, assumptions, and implications of our arguments for
teaching computer science matter. Some of the common arguments for why all
students need to learn computer science are false; some do more to exclude than to
expand participation in computing. This chapter seeks to deconstruct the many
flawed reasons to teach all students computer science to help identify and amplify
the good reasons.
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Introduction
I am a computer scientist. I love computer science! I see computer science concepts
in the world around me not only because computing is ubiquitous, but because
computer science concepts allow me to see the non-computing world in new and
interesting ways.
When I graduated from college and started working as a software engineer, I
sought out opportunities to teach people computer science as a way to share my
passion. At the time, I unconsciously assumed that because I loved computer
science, everyone should learn computer science. My view has since changed.
There are plenty of good reasons for all students to learn computer science; my
passion for computer science is not one of them.
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In this chapter I discuss nine possible motivations for teaching all K-12 students
(i.e., students in Kindergarten through twelfth grade) computer science. For each, I
use research from education and psychology to identify the extent to which it
motivates and justiﬁes teaching all K-12 students computer science and what
limitations exist for this justiﬁcation.
Some of the motivations rely on teaching students computer science, broadly
deﬁned. Some of the motivations rely on teaching students to program, which I see
as a subset of computer science. While there appears to be constant debate about the
deﬁnition of computer science (e.g., Denning 2005), I deﬁne computer science and
programming broadly. In my computer science training I never learned to ﬁx
computers, but in my broad deﬁnition of computer science I happily include this
expertise. Similarly, I happily include writing equations in a spreadsheet in my
deﬁnition of programming. In general, but particularly for the purposes of this
chapter, I am disinclined to say “X isn’t real programming” or “Y isn’t real computer science.”
The idea of teaching K-12 students computer science and/or programming is not
new. In the 1980s “Thousands of schools taught millions of students to code with
Seymour Papert’s Logo programming language. But the enthusiasm did not last”
(Resnick 2014, p. xi). My advocacy for computer science education began with
unbridled enthusiasm and a bit of ignorance. I hope this chapter provides nuance to
the debates about computer science education for policy makers, educators, and
individuals interested in providing all students access to educational opportunities.
Perhaps we can sustain the enthusiasm this time.

Motivations Premised on Immediate Beneﬁts
I separate the supposed beneﬁts of teaching all K-12 students computer science into
immediate and long-term beneﬁts. By immediate beneﬁts I mean those beneﬁts that
students can receive without further engagement with computer science after their
K-12 education. In contrast, long-term beneﬁts require engagement beyond K-12.

Can Programming Teach Students to Think Logically?
I think everybody in this country should learn how to program a computer. Should learn a
computer language, because it teaches you how to think—(Jobs 1995).

There is a long history of proposing that particular intellectual activities, such as
learning Latin, will teach children to be “rigorous thinkers” (Kafai and Burke
2014). The current form of this argument (Kafai and Burke 2014; Koschmann
1997) is that programming will teach students to think (Jobs 1995) or be logical
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thinkers.1 The long history of isomorphic claims (i.e., that X teaches logical
thinking or general problem solving skills), provides ample evidence that this
intuitive hypothesis is false (Ceci 1991; Tricot and Sweller 2014). In the context of
science, Tricot and Sweller (2014) explain that “A person who is able to reason
logically in science may show no such ability in his or her personal life or in any
area outside of his or her areas of science” (Tricot and Sweller 2014, p. 273).
Instead, they explain that “expertise in complex areas can be fully explained by the
acquisition of domain-speciﬁc knowledge” (Tricot and Sweller 2014, p. 276).
Consider the complex task of learning to play chess. It too appears that this
should improve an individual’s logical thinking ability and that this logical thinking
would explain expert chess performance. However, this is not the case. Tricot and
Sweller (2014) summarize:
[Chess] Masters were superior to lower-ranked players not because they had acquired
complex, sophisticated general problem solving strategies, nor general memory capacity,
but rather, because they had acquired an enormous domain-speciﬁc knowledge base consisting of tens of thousands of problem conﬁgurations along with the best move for each
conﬁguration (Simon and Gilmarti 1973). No evidence, either before or after De Groot’s
work has revealed differential, general problem solving strategies, or indeed, any learned,
domain-general knowledge, that can be used to distinguish chess masters from lower
ranked players. The only difference between players that we have is in terms of
domain-speciﬁc knowledge held in long-term memory (Tricot and Sweller 2014, p. 274).

While there is no evidence that we can teach individuals to be logical thinkers
independent of a speciﬁc domain (Tricot and Sweller 2014), it is reasonable to
assume that engaging in intellectually demanding tasks is important for students’
cognitive development. Research suggests that attempts to teach programming are
less than effective (McCracken et al. 2001) suggesting it is difﬁcult to learn and can
reasonably be described as intellectually demanding. I propose that it is accurate
that programming “teaches you how to think” (Jobs 1995) to the extent that programming, like (even low-quality) schooling, “may be sufﬁcient to maintain and
develop IQ and related cognitive abilities” (Ceci 1991, p. 717). This means that
including programming as a way of engaging students in intellectually demanding
tasks is reasonable. However, this does not motivate replacing existing content with
computer science. Computer science is my favorite discipline, but that does not
cloud my judgment to believe it is the most (or only) intellectually demanding
discipline. It seems to primarily be a matter of depth. Likely, the less superﬁcial the
engagement within a domain, the more intellectually demanding it becomes.
It may be possible to teach programming as a way to have students engage in
intellectually demanding tasks. However, related claims that programming is
uniquely qualiﬁed to introduce students to think logically are unsupported and
appear to reinforce the idea that programming is the domain of only the intellectual
elite. I see the argument that computer science and programming teach people to
This is also one dimension of the current argument for teaching all students “computational
thinking” (Wing 2006). Other dimensions of this argument cut across the majority of the eight
arguments discussed in this chapter.
1
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think as exceptionally problematic for two reasons. First, it seems to imply that only
computer scientists are thinking or thinking logically. That seems arrogant at best
and trivially false. Second, the idea that only computer scientists are “thinking
logically” becomes racist, sexist, and classist when considering current demographics of computer scientists (Camp 2012). This may appear to be a straw-person
critique, but is consistent with the cultural phenomenon of valuing activities in
relation to the individuals who are performing those activities (Ashcraft and
Ashcraft 2015).

Can Programming Help Students Develop Persistence?
Having rejected the argument that programming teaches students to think, we can
move to a similar argument that programming helps normalize failure.
Programming has been speculated to be uniquely qualiﬁed to help normalize failure
and thus encourage productive learning strategies. Given the strict requirements of
programming languages, it is uncommon to write a program that works immediately. Instead, people develop programs iteratively while frequently checking for
and ﬁxing errors. This mode of interaction is possible because, when working with
a programming language, students can often tell if their program works. This
contrasts with students’ experiences in other subjects where a teacher, or the back of
the book, are the only source for whether or not their answer is correct. This
self-directed iterative process is often described as having the potential to develop
students’ persistence.
Helping students recognize that failure is an inevitable part of the learning
process appears to be important (Dweck and Leggett 1988; Dweck 2008). Dweck
and colleagues have documented that when students believe that their ability is
innate and perceive failure as evidence of a lack of their ability, they tend to pursue
ineffective learning strategies (Dweck and Leggett 1988; Dweck 2008). Conversely,
when students believe that ability is malleable, and can grow with effort, they are
more likely to pursue effective learning strategies, like asking questions. Dweck and
colleagues refer to these mindsets as ﬁxed and growth, respectively.
Normalizing failure and developing a growth mindset may plausibly result from
learning to program, but some researchers argue that frequently receiving error
messages may instead encourage students to develop a ﬁxed mindset (Cutts et al.
2010; Simon et al. 2008). At the college level, one intervention to encourage
students to adopt a growth mindset in a computer science course was successful
(Cutts et al. 2010), and a similar intervention was not (Simon et al. 2008).
This pattern of iterative development and expectations of failure also relate to the
construct of “grit,” which was introduced by Duckworth and colleagues:
We deﬁne grit as perseverance and passion for long-term goals. Grit entails working
strenuously toward challenges, maintaining effort and interest over years despite failure,
adversity, and plateaus in progress (Duckworth et al. 2007, pp. 1087–1088).
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However, arguments for universal computer science education on the grounds of
improving grit should be viewed with caution. The grit narrative sometimes
emphasizes personal responsibility and perseverance in ways that ignore and deny
systems of power and privilege that promote and prevent success (Golden 2015).
Additionally, Credé et al. (2016) provide a meta-analysis of grit research claiming
that the presentation of statistical results overstates the relevance of grit.
Whether describing this beneﬁt as developing a growth mindset or developing
grit, this argument relies on students transferring this normalization of failure or
persistence to new contexts. Credé et al. (2016) argue that grit may be difﬁcult to
encourage students to transfer across domains. According to Dweck (2008) people
can have a growth mindset about some domains while having a ﬁxed mindset about
others, which supports the idea that this mindset must be transferred across
domains. And transfer across domains is notoriously difﬁcult (Barnett and Ceci
2002).
While programming certainly requires frequent incremental failures, it is not
clear that this helps develop a growth mindset (Cutts et al. 2010; Simon et al. 2008),
it is unlikely that this normalization of failure can be transferred outside of the
programming context (Credé et al. 2016), and the grit narrative can do harm by
ignoring social inequities (Credé et al. 2016; Golden 2015). While this argument
that programming can help students develop persistence is insufﬁcient for justifying
teaching all K-12 students to program, these ideas can still inform teaching practice.
For example, due to the nature of programming, you can expect students to face
setbacks. As an educator I make a point to frame these setbacks as expected. I try to
connect this experience to other iterative learning processes that students have
experience with and connect it to what they should expect in their later learning.

Can Programming Help Students Learn Science and Math?
The previous two sections evaluated claims about what students could learn within
a computer science context and then later apply to a new context. A similar claim
exists for how programming can help students learn science and math. Hopefully, at
this point you are wary of this argument. Transfer of programming knowledge itself
to (or from) mathematics or science knowledge is unlikely. While many colleges
require students to have a particular level of mathematical proﬁciency to take
computer science courses, adults’ mathematics performance is not correlated with
success in learning to program (Robins 2010).
However, programming instruction can be designed to teach math or science by
integrating the teaching and learning of programming with math or science. Rather
than claiming that programming knowledge transfers to math or science,
researchers claim that there are beneﬁts from integrating programming into mathematics and science education. That is, mathematics or science that is presented in
the context of programming can be transferred to a non-programming context. It is
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not reasonable to assume that without intentional curriculum design that learning to
program would have any bearing on a student’s math or science performance.
Programming has a long history of being used to teach math. For example, early
activities for teaching the programming language Logo had students create activities for their peers to learn about fractions (Kafai and Burke 2014). In 1986,
Abelson and diSessa published a book demonstrating how the programming language Logo can be used for “mathematical discovery” and as a medium to teach
advanced mathematics. The programming language Logo was the foundation for
the programming language Scratch (Kafai and Burke 2014), which provides access
to some of the same mathematical ideas (Lewis 2010; Lewis and Shah 2012). Lewis
and Shah (2012) documented ways in which content in a Scratch programming
course for elementary-school students aligned with California elementary-school
mathematics standards. Clements et al. (2001) summarize the results of a set of
interrelated studies using Logo to teach speciﬁc ideas in geometry to K-8 students.
They identify ways in which Logo was and was not successful in supporting
students’ geometric understanding, which can be applied to the Scratch environment because it has the same geometric programming primitives.
More recently, researchers afﬁliated with Bootstrap World (www.bootstrapworld.org) have developed a curriculum that is aligned with algebra standards
(Schanzer et al. 2015). The curriculum is based upon the programming language
Racket (racket-lang.org) and the creators argue that most programming languages,
unlike Racket, actually introduce properties of variables that are inconsistent with
algebraic variables. This suggests the alternative hypothesis that teaching programming could actually lead to negative transfer (Barnett and Ceci 2002).
The Bootstrap curriculum has been shown to improve speciﬁc aspects of students’ mathematical performance (Schanzer et al. 2015). Compared to a control
group, students who completed the Bootstrap curriculum showed larger improvement from pretest to posttest in answering state algebra test questions regarding
function application and function composition. Additionally, students who completed the Bootstrap curriculum showed larger improvements on researcher-written
word problems. In all cases, these differences in performance between the control
and treatment groups were statistically signiﬁcant. However, the researchers were
unable to control for whether students in the control or treatment groups were
receiving other mathematics instruction between the pretest and posttest.
Within science education, researchers at the Center for Connected Learning and
Computer-Based Modeling at Northwestern University have developed NetLogo, a
free and open-source programming environment for agent-based modeling (ccl.
northwestern.edu/netlogo).
Agent-based modeling provides the means to build on intuitive understandings about
individual agents acting at the micro level in order to grasp the mechanisms of emergence at
the aggregate, macro level (Wilensky et al. 2014, p. 26).

This process, of understanding how a micro-level activity can produce an emergent,
macro-level phenomenon, has been identiﬁed as a persistent area of misconceptions
(Wilensky and Resnick 1999). These emergent phenomena occur across social
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science and the sciences. To date, NetLogo has been used by hundreds of thousands
users (Wilensky et al. 2014), which has helped users explore emergent phenomena.
While the NetLogo project provides an example of how programming can be used
to support understanding of emergent phenomena, this focus on science learning
has been intentional and it appears unreasonable to assume that computer science
and/or programming will improve students’ science knowledge without explicit
design of curricula.
Again, the fact that programming instruction can be aligned to reinforce or
introduce mathematical and scientiﬁc ideas does not imply that all programming
instruction will provide this beneﬁt. Instead, it is reasonable to assume that there are
opportunities for negative transfer from programming to math and that programming instruction may displace important math and science content. The intuition
that programming could help students learn science and math is likely based upon
the argument that programming inherently requires students to use a type of logical
reasoning present in mathematics and science. However, this argument suffers from
the same lack of evidence seen in the appeal to programming as an opportunity to
learn to think logically.

Can Programming Provide Students Emotional Value,
Agency, and Motivation?
Programming can be thought of as a medium for creation, communication, and
creative expression. These ideas were most notably introduced in Papert’s (1980)
book, Mindstorms: Children, computers, and powerful ideas. These ideas have
been expanded upon and reframed within the current context of computing by Kafai
and Burke (2014). In their book, Connected Code: Why Children Need to Learn
Programming, Kafai and Burke present programming not just as an abstract discipline, but as an activity that can provide students emotional value, agency, and
motivation. This is distinct from arguments about how students will transfer their
knowledge from computer science. Instead, Kafai and Burke highlight the activities
that programming allows children to participate in, because this participation is
important in and of itself.
Their argument builds upon constructionism (Papert and Harel 1991), which
argues generally for the potential for learning within activities where students are
creating. However, Kafai and Burke’s argument also extends beyond constructionist claims about cognition. “Programming is not just a cognitive skill that is
used to design code. It also is a social and cultural skill that is used to participate in
groups” (Kafai and Burke 2014, p. 28).
Kafai and Burke highlight the potential of programming to allow students to
create things that they can share. “When code is created, it has both personal value
and value for sharing with others” (p. 24). This is particularly evident in the
programming language Scratch, which was co-designed by Kafai. Scratch has a
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website (scratch.mit.edu) that allows programmers to share, remix, and discuss
Scratch projects. As of June 2016, the website hosted more than 15 million shared
projects. Building upon the work of Lave and Wenger (1991), Kafai and Burke
argue “we need to move beyond seeing programming as an individualistic act and
begin to understand it as a communal practice that reflects how students today can
participate in their communities” (2014, p. 128).
By articulating how participating in creating is a way to create and support
community, Kafai and Burke contrast with critiques of the broader “maker”
movement:
The cultural primacy of making, especially in tech culture—that it is intrinsically superior to
not-making, to repair, analysis, and especially caregiving—is informed by the gendered
history of who made things, and in particular, who made things that were shared with the
world, not merely for hearth and home… The problem is the idea that the alternative to
making is usually not doing nothing—it’s almost always doing things for and with other
people (emphasis original, Chachra 2015).

Kafai and Burke show the interconnected nature of making and “doing things for
and with other people” (Chachra 2015).
Kafai and Burke present a compelling case for the beneﬁts of enabling students
to use programming to both create and connect through sharing those creations.
This argument is stronger than others that require students to transfer competencies
outside of the programming context. However, there may be other equally effective
opportunities for enabling students to create and connect. My love of computer
science might bias me to believe that programming is the best medium for this, but
identifying the best medium is an empirical question and may vary per student or
community.

Can Computer Science Learning Help Students Understand
the World Around Them?
Computing is ubiquitous and computer science education is important for helping
students understand the world around them and for basic citizenship. Labaree
(1997) provides a framework for understanding the goals of education. From
Labaree’s deﬁnition of democratic equality we can provide motivation to teach all
students computer science.
From the democratic equality approach to schooling, one argues that a democratic society
cannot persist unless it prepares all of its young with equal care to take on the full
responsibilities of citizenship in a competent manner (emphasis original, Labaree 1997,
p. 42).

This argument has been applied within computer science education to suggest that
computer science skills are necessary for citizenship.
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Thinking effectively about and with computational processes is a broad-based literacy
needed by all citizens to support their effective social, economic, and political participation
(Wilensky et al. 2014, p. 28).

For example, all people need to understand enough computer science to be able to
make decisions about their digital privacy and security. It is relatively easy for
adults to model good practices for protecting physical property, e.g. locking doors
or closing curtains. However, it is difﬁcult for children to observe adults using good
practices for selecting passwords or safely browsing the Internet (D. Wagner,
personal communication, September 2007).
I see this citizenship argument as the superset of the goal of enabling all people
to understand the world around them:
Although few of us will become computer scientists who write the code and design the
systems that undergird our daily life, we all need to understand code to be able to examine
digital designs and decisions constructively, creatively, and critically (Kafai and Burke
2014, p. 135).

Central to the issue of democratic equality is ensuring that all students have this
access, which is currently far from the case (Margolis et al. 2008; College Board2
2015; Parker and Guzdial 2015). It is reprehensible that not all K-12 students have
the opportunity to learn how the world around them works, which in the current age
includes understanding computing devices and computing infrastructure. And this
access to computer science instruction cannot only be the responsibility of
after-school programs or optional courses. If learning to understand the computational world is not integrated into K-12 classrooms, some students will be left
behind. Before a student has been introduced to computer science they only have
stereotypes of computer science and computer scientists to decide if they will like it.
However, these stereotypes are not neutral; they are gendered, racialized, and
associated with particular personality characteristics (Ensmenger 2012). If we let
students opt-out based solely on these stereotypes we will perpetuate existing
patterns of unbalanced participation in computer science careers (Camp 2012).
This argument for universal K-12 computer science instruction is only valid if
that instruction helps students understand the world or more generally “take on the
full responsibilities of citizenship in a competent manner” (Labaree 1997, p. 42).
When K-12 students learn to program, they might not realize that they are learning
computer science or how what they are learning connects to the world around them.
For example, in a previous study when asked if a screenshot of an unfamiliar
programming environment was “programming” a sixth-grade student said “that

2
We can use the College Board’s Advanced Placement Computer Science A exam (AP CS A
exam) test-taking rates as a proxy to measure differential access to K-12 computer science
instruction. Test-takers who select one of the following demographic options are underrepresented
in AP CS test-taking in comparison to their proportion of the US population: female, American
Indian, Black, Mexican American, Puerto Rican, and Other Hispanic. While these demographic
options provided by the College Board are idiosyncratic, they demonstrate a clear pattern of
underrepresentation.
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looks like a game you could play online, and when you’re playing a game, you’re
not programming, you’re just playing a game” (Lewis et al. 2014, p. 131). Based
upon research regarding the transfer of learning (Barnett and Ceci 2002), it may be
more difﬁcult for students to transfer their understanding of computer science
outside of the original learning context (viz., school) if they do not perceive that
they have been learning computer science.
Providing opportunities for all students to understand the world around them is
essential, but requires that teachers and students pursue learning goals speciﬁc to
understanding the computational world around them. It is not sufﬁcient to teach
students something that can be applied outside of the classroom without making
that connection explicit.

Motivations Premised on Long-Term Beneﬁts
The previous arguments were focused on beneﬁts to K-12 students that were
accessible without additional engagement in computer science learning. However,
we may want to use K-12 computer science instruction to encourage, enable, or
facilitate later learning. The following arguments have a narrower focus by
emphasizing these opportunities and potential beneﬁts for students who pursue
additional computer science learning such as computer science major in college.3

Can Teaching Students Computer Science Help Fill Jobs?
Possibly the most common argument for teaching K-12 students computer science
and/or programming is that there are projected to be a lot of computer
science-related jobs.4 The prevalence of computer-science jobs and particularly the
projection of unﬁlled jobs, can motivate teaching K-12 students computer science
from the perspective of social efﬁciency (Labaree 1997). “The social efﬁciency
approach to schooling argues that our economic well-being depends on our ability
to prepare the young to carry out useful economic roles with competence” (Labaree
1997, p. 42). If we see the fundamental goal of education as preparing workers, then
these job projections appear to motivate teaching K-12 students computer science.

By “college” I mean post-secondary education such as community college and 4-year colleges
and universities.
4
“Exactly how many is a lot?” is a tricky question. Even given detailed projections by the United
States Department of Labor: Bureau of Labor Statistics (www.bls.gov), the job classiﬁcations do
not map clearly to computer science or programming jobs. As an estimate, the National Center for
Women and Information Technology (NCWIT) reports that by 2024 there will be 1.1 million
computing-related job openings in the USA (2016, ncwit.org/bythenumbers).
3
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However, this motivation relies on the assumption that our efforts to teach
computer science will in fact prepare workers. I have seen no evidence that any of
the plans for K-12 computer science instruction will directly make students “job
ready.” Instead, this motivation only becomes credible if we expect that K-12
computer science instruction will encourage and support students in pursuing
computer science in college. Later sections of this chapter summarize the cultural
and structural barriers that nearly preclude students from pursuing computer science
in college if they do not have K-12 experience with computer science. Only because
of these barriers is teaching all students computer science important to help ﬁll these
expected unﬁlled jobs.5
In addition to beneﬁting students who pursue computer science in college, it is
plausible that K-12 computer science instruction provides relevant preparation
across a variety of ﬁelds. Wing (2006) identiﬁed the many ways in which research
across domains relies on computation. Wing (2006) argues that many practitioners
need to understand programming and computer science topics related to the efﬁcient
execution of their programs. Much like many ﬁelds require fluency with statistics,
many ﬁelds now require, or at least beneﬁt from, fluency with programming.
While programming skills are useful in some, but not all ﬁelds, the potential
beneﬁts of programming to a ﬁeld have been described as more foundational, akin
to the development of algebra (diSessa 2001). In the book Changing Minds diSessa
(2001) chronicles the ways in which the development of algebra provided new
expressive power to scientists. diSessa describes the idea of “computational literacy” (2001) to capture the ways in which computer programing, like algebra,
provides a new representational tool that can expand the expressive power of
scientists.
Programming is certainly relevant to a subset of careers and its impact may be
transformational (diSessa 2001). This context can motivate teaching computer
science in K-12 schools again by working toward the educational goal of social
efﬁciency (Labaree 1997). It may be unnecessary to state, but this does not imply
that all careers, or even all scientists, rely on programming skills. However, we can
justify teaching all students as a way enable them to pursue a wide set of options.
Broadening access to K-12 computer science instruction is even more essential
when considering that despite initiatives to broaden access (see initiatives at www.
cdc-computing.org/resources/ and www.yeswecode.org/), access to computer science instruction at the K-12 level in the USA is unevenly distributed by race
(Margolis et al. 2008; College Board 2015), class (Kafai and Burke 2014, p. 10), and
gender (Margolis and Fisher 2003; College Board 2015). Without increased and
improved access, it is unreasonable to expect the demographics of the tech sector to
match the US population. This lack of diversity in the tech industry is well documented (Camp 2012) and a cause for concern because individuals have unequal
access to lucrative careers.

5

It is reasonable to direct our attention to removing these barriers, which I believe must be done in
addition to providing all K-12 students computer science instruction.
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Can Diversity Improve the Tech Industry?
In addition to the argument to expand access and broaden participation to help ﬁll
jobs, people make the argument that this will beneﬁt the industry itself. Ibarra and
Hansen (2011) in the Harvard Business Review summarize that: “Research has
consistently shown that diverse teams produce better results” (Ibarra and Hansen
2011). In line with Ibarra and Hansen’s summary, there are great reasons for
broadening participation in computer science, but in tandem with each there are
narratives that argue for diversity in ways that may be counter productive to the
goals of broadening participation. Arguments for broadening participation require
nuance.
The appeal to diversity as a tool for more effective teams is sometimes misunderstood or misused to imply that individuals who are members of groups who are
underrepresented in computer science will provide a speciﬁc, and predictable contribution to a team. For example, consider the claim that having women on a team
will help the team be more collaborative. This can lead to differential expectations of
people (Gutek and Cohen 1987) and a meta-review suggests that, contrary to
the stereotype, women are not more collaborative than men (Balliet et al. 2011).
Even if women were, on average, more collaborative than men, there would be
women who were less collaborative than most men and men who were more collaborative than most women. Because of signiﬁcant overlaps in distributions across
cognitive, communicative, social, psychological, and motor dimensions, a person’s
gender identity is likely a poor predictor for most characteristics (Hyde 2005).
Instead, it is important to recognize that all individuals have a variety of identities and experiences and that these identities and experiences shape an individual’s
contribution to a team in diverse and unpredictable ways (Ashcraft and Ashcraft
2015). I see the beneﬁt of diversity in the tech industry as enabling tech companies
to develop products that would not have been conceived of without the perspectives
and experiences of the team members. Additionally, while software engineers may
have some input into the direction of software features and products, product
managers or other decision makers within a company may have the best opportunities to contribute these beneﬁts.
Another version of the argument for the beneﬁt of diversity in the tech industry
is to prevent tech companies from developing explicitly racist products. A great
example of the racism we should avoid is Snapchat’s blatantly racist blackface
(King 2016) and yellowface (Zhu 2016) ﬁlters. As a White person, I recognize that
my experiences are shaped by my race and that this limits my perspective and
experiences (McIntosh 1989). I do not think this prevents me from detecting or
avoiding blatant racism. It is likely true that if people of color were in positions of
power within Snapchat these blatantly racist features would not have been released.
However, we cannot use this argument to distract from the responsibility and
capability of all humans to avoid blatant racism. I argue that all people need to
understand the historical context of racism and other forms oppression. At the
college level, I happily integrate this into my computer science teaching.
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In helping software companies avoid making racist software products, The
Hampshire Halloween Checklist: Is your costume racist? (n.d.) may be a helpful
starting point. When replacing “costume” with “software feature,” as shown in the
following list, it appears the questions could be helpful for avoiding blatant racism
in software:
• “Would I be embarrassed or ashamed if someone from the group I’m portraying
saw [this software feature]?
• Is my [software feature] supposed to be funny? Is the humor based on making
fun of real people, human traits, or cultures?
• Does my [software feature] represent a culture that is not my own?
• Does my [software feature] reduce cultural differences to jokes or stereotypes?
• Does my [software feature description] include the words ‘traditional’, ‘ethnic’,
‘colonial’, ‘cultural’, ‘authentic’, or ‘tribal’?
• Does my [software feature] perpetuate stereotypes, misinformation, or historical
and cultural inaccuracies?”
It seems essential that all employees have the skills to recognize and prevent both
blatant and subtle racism. Focusing on these egregious offenses may distract from
more prevalent and more difﬁcult to detect forms of bias that influence the design
and impact of software (Garratt 2016).
Another variant of the previous argument for the beneﬁt of diversity in the tech
industry is to prevent tech companies from developing products that cannot be used
by all people. Examples of blunders include developing facial recognition software
that does not detect Black people’s faces (Rose 2010) and a long history of voice
recognition software that does not work for women or girls (Tatman 2016; Rodger
and Pendharkar 2004; Nicol et al. 2002). It is reasonable to assume that when
characteristics of individuals (e.g., gender identity, skin color, height, ability status)
are afforded dominance in society, individuals with those privileged characteristics
may be frequently unaware of those characteristics in themselves (McIntosh 1989).
This provides a mechanism by which a person could unintentionally make a product not usable by someone who does not share the same characteristics as them.
However, it is not clear that previous blunders were the result of this lack of
perspective; they may primarily result from cost cutting measures that prioritize
beneﬁting individuals with privileged identities and characteristics.
It is interesting to consider the parallel between these software inaccessibility
issues and the history of car safety testing. Manufacturers originally considered
variations in height and weight when testing the safety of cars (Shaver 2012; Vinsel
2012). However, in the creation of present-day test dummies, cost-cutting measures
were taken to use only a single test dummy, which was modeled after the 50th
percentile height and weight for a man: 5 ft 9 in. and 172 lb (Shaver 2012; Vinsel
2012). Only in 2011 did safety tests with results that are accessible to consumers
begin including a smaller test dummy. These cost-cutting measures have serious
consequences for the health and safety of drivers. Analyzing crash data from 1998
to 2008, Bose et al. (2011) found that “The odds for a belt-restrained female driver
to sustain severe injuries were 47% (95% conﬁdence interval = 28%, 70%) higher
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than those for a belt-restrained male driver involved in a comparable crash”
(p. 2638). These results are unsurprising given the pattern of designing cars to be
safe for the median man. This appears to be the result of a calculated decision and
not a lack of awareness of the bias in their design.
The inadequacy of a single test-dummy maps clearly onto a common form of
bias in software that can explain the inaccessibility of facial recognition software by
Black people (Rose 2010) and voice recognition software by women and girls
(Tatman 2016; Rodger and Pendharkar 2004; Nicol et al. 2002). In these software
cases, the testing data, faces and voices, respectively, were not representative of the
possible users of the software. For example, Tatman (2016) describes popular
speech databases in which recordings of men’s voices are overrepresented.
However, these forms of bias and other possibilities for software systems to discriminate are known (Barocas 2014; Crawford 2013) and should become common
knowledge for all software engineers.
Again, there are beneﬁts to diverse teams (Ibarra and Hansen 2011), but these
beneﬁts are not easily predicted by a single dimension of a team member’s identity
(Ashcraft and Ashcraft 2015). And our training of software engineers must include
an understanding of the historical context of racism and other forms of oppression
so that they can push back against cost-cutting measures that will result in unusable,
biased, or explicitly racist software.

Can K-12 Computer Science Help Students Feel Like They
Belonging in Computer Science Courses in College?
K-12 computer science may confer an advantage by fostering a sense of belonging
within computer science. Belonging is important to students’ academic success
(Yeager et al. 2013) and students’ decisions to major in computer science (Lewis
et al. 2016). A Google study (2014) reported that “young women who had
opportunities to engage in Computer Science coursework were more likely to
consider a Computer Science degree than those without those opportunities” (p. 6).
Belonging is likely particularly important in computer science because the idea
that computer science requires innate ability is common (Lewis 2007; Robins
2010). This suggests that some people belong in computer science because of that
innate ability while others do not. Through ethnography, Barker et al. (2002)
documented the patterns of conflating pre-college experience with being “smart” in
college computer science classes (2002). Across domains the idea that ability is
ﬁxed is inconsistent with research and leads students to pursue less productive
learning strategies (Dweck and Leggett 1988). Additionally, a belief that ability
within computer science is ﬁxed appears to unproductively shape students’ interpretations of their grades, time to complete programming tasks, and their previous
experience (Lewis et al. 2011).
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One strategy to respond to differences in pre-college experience is by encouraging students to skip the ﬁrst computer science course. The variant of this strategy
used at Harvey Mudd College of providing a different introductory course for
students with different levels of previous experience (Dodds et al. 2008) has gained
traction as a best practice. This is partially because the practice helps to avoid
conflating experience with intelligence and attempts to provide all students the
opportunity to have a course designed for students with their level of previous
experience. (McGrath Cohoon 2010). However, this goal can be subverted if
competitive admissions processes for the major encourage students with pre-college
experience to still take the course designed for students without experience (Lewis
et al. 2011).
Harvey Mudd College has three different levels of introductory courses labeled
with the school colors. The “gold” version of the course is the default for students
without previous experience. The “black” version of the course covers the same
content as gold for students with some programming experience. This content,
predictably, requires less of the semester’s instructional time. The remaining time is
ﬁlled with material of interest to the faculty member. The goal is for this material to
be interesting computer science content, but to not confer an additional advantage for
students in the lower-division courses. The content typically comes from an
upper-division elective. A third version of the course is for students with a lot of
previous experience and condenses the content of two courses into a single semester.
Harvey Mudd College is particularly known for this design because it was one of
a suite of strategies the computer science department used to try to increase the
participation of women in computer science (Alvarado et al. 2012). The department
saw a rise in the participation of women in computer science from a typical average
of 12% through 2006 to consistently above 40% (Alvarado et al. 2012).
Belonging in computer science appears particularly relevant because persistent
stereotypes exist about the identities of typical or ideal computer science practitioners (Ensmenger 2012; Ashcraft and Ashcraft 2015). Ashcraft and Ashcraft
(2015) explain how these stereotypes create expectations that serve to exclude
individuals from participation. Ashcraft (2012) introduced the construct of a “glass
slipper” which, in the spirit of the glass ceiling, captures the ways in which
stereotypes of the ideal practitioners exclude participation: Individuals are seen as
responsible for adapting to a hostile or unwelcoming environment; the glass slipper
does not ﬁt and it is their responsibility to make it ﬁt. One thing we can do to help
more students feel like they belong in college computer science courses is to
provide all students access to K-12 computer science.

Can K-12 Computer Science Help Students Compete
in Computer Science Courses in College?
A lack of K-12 opportunities within computer science may block pathways to pursue
computer science in college. Computer science experience likely provides students
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an advantage in college computer science courses through higher grades or through
requiring less effort. This may be particularly impactful for women who are reported
to leave computing majors with higher grades than men (Barker et al. 2009).
It is reasonable to assume that students who had pre-college experience will have
an academic advantage over their peers without pre-college experience, particularly
if they have experience with the programming language used in their college
computer science course (Lewis et al. 2012). For example, a 2012 study showed
that although a second-semester computer science course at the University of
California, Berkeley did not require prior experience with the programming language Java, “students with Java experience performed better than their peers
without Java experience on all outcome measures” (Lewis et al. 2012, p. 86).
At the University of California, Berkeley, there is an implicit prerequisite of Java
experience. This barrier is replicated at Harvey Mudd College where the second, but
not the ﬁrst required computer science course is taught in Java. It is likely that many
colleges have similar implicit prerequisites that create unintentional barriers to students without previous experience. The beneﬁt of previous programming experience
is likely conferred even if the student has to transfer their knowledge from a programming language they learned before college to a programming language they are
learning in college. The advantage conferred within college computer science courses
by Java experience is particularly problematic because of the differential participation
on the AP CS A exam, which tests students’ understanding of the programming
language Java (College Board 2015). Only 22.0% of AP CS A test-takers identiﬁed
themselves as female. The following percentages of test-takers identiﬁed their race as:
American Indian: 0.4%, Black: 3.8%, Mexican American: 3.6%, Puerto Rican: 0.6%,
Other Hispanic: 5.0%, Asian: 29.2%, White: 51.7%, Other: 3.6%.
Research regarding college computer science course structures suggest that K-12
computer science experience provides students an advantage in college computer
science courses. The unﬁlled computer science jobs become relevant to teaching all
K-12 students computer science through the supporting claim that K-12 computer
science helps students compete in computer science courses in college. Competitive
admissions processes for the major heighten the relevance of this academic
advantage for students (Lewis et al. 2011). With increasing enrollments in computer
science departments, (Roberts 2011; Kurose 2015) it is likely that even more colleges will institute competitive admissions policies as a way to limit enrollments to
a number of students that is feasible for the department to serve. This could serve to
reinforce these structural barriers for students without, or with less, K-12 computer
science access.

Conclusion
The goal of this chapter has been to provide nuance to the arguments about why
K-12 students should learn computer science. This nuance is important because it
shapes what we teach and how we teach.
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When I graduated from college, my arguments for K-12 computer science
instruction were some of the poorly reasoned or false arguments that I deconstructed within this chapter. I have continued my advocacy for K-12 computer
science instruction guided by the following supportable arguments:
• Computing is ubiquitous. Universal, high-quality K-12 computer science
instruction could provide all student the opportunities they need and deserve to
understand the world around them.
• Cultural and structural barriers block students from pursuing computer science
at the college level. Universal, high-quality K-12 computer science instruction
could serve as a protective factor for students.
• Computer science jobs are high-paying and high status. Universal, high-quality
K-12 computer science instruction could increase access to these high-paying,
high-status jobs and push back against current forms of oppression.
I see this work as timely and essential to the broader goals of ﬁghting injustice and
inequity. I echo the sentiment of Kamau Bobb, a researcher and advocate for K-12
computer science instruction (Bobb 2016) who argues: “the goal of STEM education work is the acquisition of power and the ability to write the American story”
(Mariama-Aruthur 2016).
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