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ABSTRACT
While educational researchers in various disciplines are grappling
with how to develop policies and pedagogical approaches that ad-
dress the use of generative artificial intelligence, the challenge is
especially complex in computer science education where the new
technology is changing the core of the field. In this paper, we take
a look at the pedagogy of other subjects with a longer history than
computer science and a more extensive body of educational re-
search to collect insights on how this challenge can be met. We
begin by drawing from recent neurological research to find domains
that share cognitive commonalities with computer programming
and then build upon comparisons that others have made to literacy
and mathematics education. We then consider how the “reading
wars” and “math wars” have shaped these fields, which we see as
conflicts between less effective top-down pedagogy and more effec-
tive bottom-up pedagogy, and reflect on what would be comparable
approaches in teaching computing. We find that approaches that
make heavy use of large language models without teaching funda-
mentals can be compared to the top-down pedagogy of reading and
mathematics and are likely to be ineffective on their own. Therefore,
we advise against the exclusive use of such approaches with novices.
However, we also acknowledge that the social science surrounding
computer science education is complex and that effectiveness only
tells a part of the story, with other factors such as engagement,
motivation and social dynamics also being important.
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1 MOTIVATION
Computing education research faces well-known challenges that
are either unique or amplified when compared to other fields. First,
as a formal academic discipline, computer science (CS) has a short
history compared to long-established educational subjects, meaning
that CS educators have a more shallow pedagogical well to draw
from. Second, while rapid advancements in technology such as
artificial intelligence (AI) are affecting the entire educational system,
CS education is directly impacted, requiring curricula to constantly
adapt in a way that is less urgent in more static disciplines. To make
sense of these changes and to help us evaluate new CS-specific
pedagogical innovations, CS educators would benefit greatly by

borrowing insights from disciplines with hundreds of years of study
and research, for example mathematics and language education.

As a starting point for any comparison, consider the neural
mechanisms involved when solving tasks in CS and other domains.
A 2014 study [35] using functional magnetic resonance imaging
(fMRI) found that brain regions related to language processing
are distinctly activated during programming tasks. The authors
anticipated this finding would significantly impact programming
pedagogy [34]. Some authors have used these results to support
the claim that programming should be taught in the same way as
natural languages [27, 30]. For example, in a 2018 ACM Inroads
essay [30], Portnoff argues that the 2014 fMRI study supports the
conclusion that computer programming should be taught in the
same way as natural languages, arguing that “knowing fluent pro-
grammers process programming languages like natural languages,
pedagogies can be crafted to attempt to facilitate this physiolog-
ical outcome,” and therefore, the principles of second language
acquisition (SLA) pedagogy could be used to inform programming
instruction. On the other end of the spectrum, two fMRI studies
published in 2020 [12, 19] found that computer code comprehen-
sion shares more neural resources with the system responsible for
formal logical inference [18]. If corroborated by further studies,
one could argue that computer science education should therefore
borrow more heavily from mathematics education and that exist-
ing efforts to do so (for example by adopting Hazzan’s model of
abstraction in algebra [9] to the CS pedagogical framework called
PGK hierarchy [29]) are robust and well-supported by neuroscience
research.

In this position paper, we will not take a stance on which subjects
most resemble CS from a neuroeducational perspective. However,
the research we mentioned does underscore that it is not a cognitive
activity that exists in a vacuum and that there are certainly some
shared neural processes involved when students learn to code, read,
or solve algebra. Consequently, we find that CS educators may
benefit from reviewing ongoing debates about how reading and
mathematics should be taught. For one, the scale and scope of some
empirical studies that have been conducted within these subjects,
for example Project Follow Through [15, 37], vastly exceed those of
any experiments conducted in computer science. This means that
even though there are significant differences between language
learning and mathematics on one hand and CS on the other, what
makes them relevant for CS educators is the strength of the evidence
and knowledge that informs their pedagogical practices.

First, we will discuss “the reading wars”, a conflict in literacy edu-
cation that contrasts phonics (amore effective, bottom-up, fundamentals-
first approach) with whole language (a less effective, top-down,
exposure-driven approach). We consider the related pedagogy and
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what it means for computer science. We will also discuss the less-
known “math wars”, a conflict that also contrasts top-down and
bottom-up pedagogical approaches but whose resolution has been
more ambiguous. We will consider the implications of these debates
when it comes to the use of large language models (LLMs) in teach-
ing programming. We contend that approaches that make heavy
use of LLMs without teaching fundamentals can be compared to
the top-down pedagogy of teaching reading and mathematics, and
drawing on extensive research from these fields, we suggest it is
likely ineffective as a primary or stand-alone approach in teaching
programming. Finally, we discuss the social science surrounding
computer science education, highlighting that effectiveness only
tells a part of the story, with engagement, motivation and social
dynamics also being important factors for learning and introduc-
ing technologies into the classroom. We also offer some insight
and further discussion on how LLMs might be effectively adopted
in a more balanced and informed way into the classroom, with
consideration of both bottom-up and top-down approaches.

2 PEDAGOGICAL CONFLICTS
In this section, we offer a brief overview of two debates in education,
one in literacy and the other in mathematics, both which can be
broadly understood as conflicts between top-down and bottom-
up pedagogical approaches. We will then discuss their possible
implications for computing education.

2.1 The Reading Wars
The “reading wars” refers to a debate over the most effective meth-
ods for teaching children how to read [1, 28]. Occurring primarily
in English-speaking countries in the 1980s and 1990s, this con-
flict, which is between two binary oppositional models [36] called
phonics and whole language, has influenced educational policies,
teaching practices, and curricular design for a long time. Soler [36]
explains that researchers and practitioners have linked the two
approaches to bottom-up and top-down pedagogical approaches,
respectively. Phonics, as a pedagogical approach, is characterized
by a bottom-up methodology, beginning with the most elementary
components of language, namely letters and their corresponding
sounds. Students using this method learn to decode words by sound-
ing them out, which involves blending the sounds of letters and
letter combinations to form words. This approach is systematic
and structured, following a sequential progression from simple
to more complex sound patterns, thereby building a foundation
that gradually enables students to understand unfamiliar words
independently.

In contrast, whole language is a top-down approach under which
students are engaged with complete texts from the very beginning.
Thismethod emphasizeswhat has been called “reading formeaning,”
trying to encourage students to use their prior knowledge of spoken
language and contextual clues within the text to interpret and
understand what they read, for example by recognizing words by
their shape. Proponents of whole language believe that language
learning is a natural process, mirroring the way children learn
to speak, and that exposure to text can help them learn reading
without as much structure or scaffolding as phonics makes use of.
This approach often uses techniques like shared reading of simple,

engaging texts like storybooks, aiming to make learning to read an
enjoyable activity and emphasizing creativity.

Both approaches have had passionate adherents and some of the
debate has transcended the subject matter; DeJulio et al. [4] claim
the conflict “has been used as a proxy to further users’ political
agenda,” which may reflect broader societal tensions about author-
ity, control, and the purpose of education. Some view the phonics
approach as aligned with traditional, authoritative educational prac-
tices that prioritize measurable outcomes and standardized testing,
emphasizing rigor and discipline. In contrast, whole language is
often associated with more progressive educational philosophies
that value student-centered learning and holistic development.

Today, the broad scope of scientific evidence indicates that the
conflict should be largely settled as far as effectiveness in concerned;
in the words of Australian politician Sarah Mitchell, “the reading
wars are over - and phonics has won” [21]. This view is supported
by the wealth of empirical studies that indicate that whole language
is ineffective at teaching reading [1, 20]. However, while the body
of research is quite clear, there still remains ambiguity on how the
reading wars are understood and applied in practice [4]. Although
the ultimate goal of educational research is the improvement of ed-
ucational practice through policies, historically, research has been
regarded as only one among many information sources consulted
in educational policy formation [28]. Pearson [28] attributes the
downfall of whole language to seven factors, which culminated
(in the US) in the reading first component of the No Child Left Be-
hind Act of 2001 [24], including increasing politicization of reading
research and questionable applications of the method, as well as
pressure for educators to produce better and measurable results in
schools. However, and without any doubt, the most pertinent rea-
son is the number of empirical studies showing that whole language
is ineffective at teaching reading [1, 22]. In other words, its central
claim, namely that students could pick up reading simply through
exposure much like children learn to speak, is not supported by
scientific evidence. In a position paper from 2000, Moats [23] puts it
concisely: “Learning to read is not a natural process. Most children
must be taught to read through a structured and protracted process
in which they are made aware of sounds and the symbols that rep-
resent them, and then learn to apply these skills automatically and
attend to meaning.”

2.2 The Math Wars
Similar to the reading wars, the “math wars” of the late 20th century
were a significant conflict in mathematics education that occurred
primarily in the United States [32]. The “war” revolved around
competing philosophies and methodologies for teaching mathemat-
ics, pitting traditional methods against the reform-based methods
advocated by a professional association of schoolteachers [25]. Re-
formists, influenced by constructivist learning theories, believed
that an earlier return to basics in mathematics was wrong-headed,
finding that “an exclusive focus on basics leaves students without
the understandings that enable them to use mathematics,” and that
instead, educators should focus on problem solving [32]. While
reform-opponents did laud it for replacing rote learning with re-
alistic applications that are relevant for students, they criticized
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it for a lack of rigor, and that in neglecting basic skills and algo-
rithmic proficiency, students would be ill-prepared for higher-level
mathematics [39]. Meanwhile, supporters of the reform contended
that traditional methods failed to develop true mathematical under-
standing and left many students disengaged from the subject [32].

Like the reading wars, a part of the conflict can be described as
one between top-down and bottom-up pedagogy; traditionalists
favored an approach that begins with the fundamentals, aiming
to build proficiency in rote skills before moving up onto more ad-
vanced topics, while reformists emphasized the use of authentic,
real-world applications from the start, teaching fundamentals along
the way. However, unlike the reading wars, where a clear consensus
emerged favoring phonics-based instruction, the math wars have
not reached a definitive resolution. Instead, many educators and re-
searchers advocate for a balanced approach that combines elements
of both traditional and reform methods [14]. This perspective rec-
ognizes the importance of both procedural fluency and conceptual
understanding, aiming to develop students who are computation-
ally skilled and mathematically proficient problem-solvers.

2.3 Implications
If we think that learning to read prose and code are similar activ-
ities that can borrow the same pedagogy, the reading wars have
some surface-level lessons for CS educators. For one, a part of the
conflict has to do with the unnecessary complexities of the English
language. It has been found that children learn reading more easily
in languages with more transparent spelling (part of the "mechan-
ics" of a language) [5], which has been conjectured to explain the
success of Finnish students in reading [41]. Therefore, program-
ming language designers may wish to consider adopting simple
“orthographies,” meaning straightforward syntax and semantics
with minimal irregularities and exceptions in language rules. For
example, perhaps it is undesirable that same symbols can represent
multiple distinct concepts, such as how an asterisk in C can be used
for both pointer declaration and multiplication, or how the plus
symbol can be used in JavaScript for addition, concatenation, or
type conversion.

However, what we find more important about both the reading
wars and the math wars is what they can tell us broadly about the
appropriate use of pedagogy. In a 2009 blog post, Mark Guzdial won-
dered what would be the equivalent of phonics in CS education [8],
speculating that syntax, reading code and tinkering with code are
the mechanics that we would teach under a phonics-equivalent
model in computing education. In our view, the question has a
clearer answer in 2024 than it did in 2009: the classical, bottoms-up
pedagogy in computer science, with an emphasis on fundamentals
like data structures and algorithms, can be compared to phonics.
Here, we suggest Guzdial’s “mechanics” of learning syntax might
be closer to learning the alphabet as a first step of a bottom-up ap-
proach, followed by phonics, or learning the sounds and language
patterns, which might be closer to learning data structures and
algorithms. Regardless, we posit that approaches that rely heavily
on large language models (LLMs) or “prompt programming” run
the risk of being the computer science equivalent of whole lan-
guage, focusing heavily on end results without understanding the
underlying mechanics.

In a recent empirical study on GitHub Copilot [3], a software
development tool powered by an LLM, the authors assessed how
well Copilot solved fundamental algorithmic problems (including
sorting, binary search trees, graph and greedy algorithms) and then
compared the output to human solutions. They found that Copilot
was able to generate correct code for most algorithms, however
the quality of the solutions depended strongly on well defined and
concise prompts given by an experienced programmer, and even
then, in some cases the generated code needed to be modified (by
the programmer) to generate correct solutions. Overall, the study
concluded that while Copilot was of great help to expert users, “it
can also become a liability if it is used by novices, who may not be
familiar with the problem context and correct coding methods” [3],
inadvertently encouraging a superficial grasp of coding principles.
In this case, the term, "novices" refers to junior developers, so those
who are already quite advanced in programming.

Similar research within CS education appears to have arrived at
the same conclusion; a study exploring 21 novice programmers’ use
of generative AI tools showed that while these tools helped students
with programming tasks, they also exacerbated or introduced new
metacognitive difficulties, such as causing students to form wrong
conceptual models about the problems and being unable to resolve
them [31]. Critically, students who struggled often relied too heav-
ily on the AI’s suggestions, leading to an illusion of competence
without a real understanding of the problem-solving process. We
think that the results of this study bear a striking resemblance to
the reading wars; just like whole language approaches have been
critiqued for not only causing students to develop superficial read-
ing skills, but also a flawed understanding of their own competence,
and forming inaccurate mental models, reliance on AI for code
generation without understanding the underlying principles could
contribute not only to similarly superficial programming skills, but
also give learners a false sense of mastery, with students struggling
with problem solving, and figuring out the specific rules of the
(programming) language on their own.

Another recent study [26], in an intermediate-level programming
course with 158 participants, looked at how social perceptions
influenced the decisions of students to use LLMs and impact on
student self-perception and learning outcomes. In terms of learning
outcomes, the study found that early use of LLMs by the students
correlated with lower self-efficacy (and lower exam scores), while
their perceived over-reliance on LLMs, correlated with decreased
self-efficacy later in the course. Students generally had positive
perceptions of their experiences with LLMs when using them to
explain concepts or error messages (when they purposefully used
the LLMs as a learning tool), however, when using it for learning
new concepts and generating code, many students found using
LLMs to be less intuitive or effective. Students who were more
advanced in programming, were more self-aware of using LLMs
as a tool for learning, and noted that their foundations (without
LLMs) were helpful when they later used LLMs for their work.

Finally, to strengthen our argument, we note that apart from
mathematics and language, similar discussions about top-down
pedagogy have been found in other learning domains; for instance,
discovery or inquiry learning, which has been called “a prominent
strand to the top-down movement” [6], has been widely applied in
mathematics and science education, and yet been strongly criticized
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Figure 1: Bottom-up methods (left) contrasted against top-down methods (right) for teaching reading (top) and computer
programming (bottom). Thefigure is inspired byAnne-Margaret Smith’s figure fromTeaching Basic Literacy Skillsworkshop [11].
Balanced approaches would involve using both top-down and bottom-up pedagogy simultaneously such that they complement
each other.

for lack of empirical support [17, 38]. However, learning scientists
are not all in agreement on this point, and some may criticize such
arguments on the grounds that inquiry or problem-based learn-
ing strategies are distinct from minimally-guided constructivist
instruction strategies [10].

3 THE SOCIAL SCIENCE IS LESS CLEAR
We conclude this paper by considering the societal aspects of educa-
tion and how they may affect our argument. An overlooked aspect
of pedagogical methods and interventions is that to be successful,
they must appeal to teachers, students, parents, and even the wider
community. While effectiveness is important, so is the motivation,
engagement, and other nuanced factors, such as social dynamics

and possibly even curriculum policies, of those involved. Teach-
ers are more likely to embrace methods that they find enjoyable
and manageable, which in turn enhances their commitment and
effectiveness in the classroom. Similarly, students are more likely
to continue with a subject when the learning process is engaging,
resonates with their experiences and interests, and gives them the
sense that they are making progress in their learning.

Consequentially, although traditional approaches may prove ef-
fective, they may not always be the best way to appeal to a large
group of students and to keep them engaged. In the context of
reading education, the pervasiveness of the whole language ped-
agogy, in spite of its demonstrated lack of effectiveness, has been
attributed to that teachers simply do not enjoy doing phonics drills.
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In the opinion piece “The social science of reading isn’t so clear,”
Matthew Yglesias suggests that teachers may find them “tedious or
even stultifying” [41]. Instead, attempting to read books as early as
possible is much more interesting for both teachers and students,
since even when students are unprepared, it is a much more mean-
ingful activity than sounding out letters. Yglesias suggests that if
the teachers are motivated, their performance will be better, even
if the approach that they are following is not effective.

This point might be even more relevant in computer science edu-
cation, where keeping students engaged appears to be particularly
important in light of the subject’s high dropout and failure rates.
As the use of AI in software development becomes increasingly
common, making it simpler than ever to implement creative ideas
and make meaningful, authentic applications with little effort, it
becomes more difficult to ask teachers and students to keep AI
out of the classroom. Even if research studies indicate that novice
students learn less when using LLMs or gain a distorted sense of
their competence, if doing so keeps them motivated to continue,
due to strong positive social motivation [26] or for other reasons,
the point may be moot.

In literacy education, most approaches today do not focus ex-
clusively on phonics; according to some, there is an increasingly
common view that phonics andwhole language have “a different but
potentially complementary role to play in the effective teaching of
reading” [2], and teachers often try to incorporate a blend of phon-
ics instruction with exposure to rich and engaging texts. Similarly,
in response to the “math wars,” many educators have attempted
to blend the two conflicting positions such that they complement
each other, finding that “math instruction cannot be effective if it is
based on extreme positions” and that focus on narrow approaches
can explain poor educational outcomes in mathematics [14].

Figure 1 shows a diagram representing bottom-up (left) and top-
down (right) pedagogical approaches for teaching literacy (top) and
computer science (bottom). Each approach, represented as a trian-
gle, can conceivably be taught in isolation or combined with each
other. Similar to how reformists have proposed that mathematics
education can begin with solving real-world, authentic tasks that
are meaningful for students, top-down methodology for teaching
computer science would also start with implementing real-world
tasks before students have had a chance to learn computing fun-
damentals. Until the advent of powerful AI tools such LLMs, we
believe that this pedagogical approach has been unfeasible or too
difficult to implement in practice. Given the failures in other sub-
jects of applying top-down pedagogical methodology in isolation,
we think that CS educators should also avoid this. However, a bal-
anced approach might involve combining foundational learning
with the practical application of LLMs, thereby following two “trian-
gles” at the same time. By integrating core programming concepts
with opportunities to use the same state-of-the-art technology as
professionals, students can develop a more robust understanding of
computer science principles while also gaining practical experience
that promotes higher engagement and student motivation.

In a 2024 paper, Kirova [16] also advocates for a holistic approach
to incorporating LLMs and generative AI into course curricula, sug-
gesting educators need to update pedagogical methods in order to
make effective use of tools such as LLMs, emphasizing an adapting
curriculum that should combine technical skills, ethical awareness,

and adaptable and evolving learning strategies to stay up-to-date
with the changing AI landscape. The authors use examples from
their own course development and include suggestions for topic
ideas, including design, the use of patterns, coding practices (e.g.
writing clean code, code consistency, useful commenting). They
add that time should be spent discussing the capabilities and limita-
tions of LLMs and how to use them effectively, and how to interact
and interface with them. Students should also have time to review,
test and validate solutions in order to better understand incorrect
solution or hallucinations from LLMs, thus also developing criti-
cal and reflective thinking skills. Although their suggestions and
reflections come from their experience in an upper-level course,
these are many important lessons that have already been explored
in a teaching setting and can be incorporated into other levels.

A second point is that teachers will need to be ready and willing
to embrace the use of LLMs in their classroom, and as we mention
above, they must be motivated to do so. Yan et al. [40] discuss the
practical and ethical challenges of LLMs in education and point
out that in general, in order for new technologies to have actual
benefits in supporting pedagogical goals, technologies should be
convenient to access, support pedagogical beliefs, be able to adapt
to curriculum, and be compatible with the level of knowledge and
skills of the instructor. As previously discussed, although LLMs may
provide a plausible set of solutions for a particular action, it may
well also include unfeasible or incorrect code [3, 26, 31]. Grande et
al. [7] discuss student perspectives on using LLMs (at the master’s
level), and conclude with some apt advice: “from an educators’
perspective, there is a need for more instruction for students using
LLMs: some students did not perceive the tools as such but rather
as an authoritative knowledge base, which has implications for
educators considering the use of LLMs as discussion partners or
tools to practice critical thinking skills.” For educators, even at
the introductory level, it is thus important to instruct students
appropriately, and carefully consider the implications within the
curriculum design.

When it comes to integrating new technology in the classroom,
there is more to consider than only effectiveness. The social dynam-
ics will also need to be considered such that a balanced approach
can be implemented. The 2024 study we mentioned by Padiyath
et al. [26] discusses the use of LLMs in programming education
in terms of social and cultural dimensions of LLM adoption in the
classroom. The authors suggest that the capabilities of the technol-
ogy alone should not guide or determine the adoption of use since
this would overlook important aspects such as the preferences and
goals of both students and instructors within the broader educa-
tional context. These aspects, although nuanced, should help to
shape decisions, as societal groups ultimately help shape the ways
in which technologies are used and adopted, and in turn, technolo-
gies themselves can influence the behaviors of groups. In trying
to understand how social perceptions influenced the decisions of
students to use LLMs and impact on student self-perception and
learning outcomes, their study found that students’ use of LLMswas
significantly influenced by their expectations of their future career
as well as perceptions of their peer usage of LLMs. Early adoption
of LLMs by the students correlated with lower self-efficacy (and
lower mid-term exam scores), while their perceived over-reliance
on LLMs correlated with decreased self-efficacy later in the course.
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These results highlight the complex dynamics between technology
and social factors, arguing that these factors need to be considered
with the integration and use of such technologies in CS education.
Such studies are needed to provide quantitative measures for social,
and other more nuanced dimensions, which can be more readily
used, or at least considered, in the planning and decision making
process by CS educators.

Although we do not offer concrete recommendations for how
LLMs should be implemented in CS education, we can draw from
other fields where we find strong similarities and offer guidance
based on their established pedagogy, combined with the emerging
studies on LLM use in CS education. Drawing parallels from these
fields, we strongly recommend that computer science educators
avoid the recurrent adoption of top-down pedagogy as seen in
other fields, even though we now have the tools to support this,
and instead suggest a balanced approach. This may mean involving
foundational learning combined with the practical application of
AI tools like LLMs to develop more robust understanding of com-
puter science principles, while also gaining practical experience
that keeps students engaged and motivated, with the caution of
introducing AI tools gradually, correctly, and at the appropriate
stage.

For guidance on the introduction of LLMs into curriculum, we
can draw from the learning theories on the development of read-
ing. In moving from learning letters of the alphabet, to phonics
and matching sounds, somewhere along the process the learner
transitions into a skilled reader. An influential theory on this tran-
sition is the self-teaching hypothesis [13, 33], which has alphabetic
decoding at its core and helps to model how children make an ef-
fective transition from learning bottom-up concepts to becoming
a skilled practitioner. Through independent reading of engaging
short stories and texts using homophones, children are able to use
a combination of alphabetic decoding and repeated exposure to
form substantial learning about the orthography and meaning of
words. This model provides a powerful paradigm for understanding
how children move from novice to expert, using a combination of
fundamental concepts and tools, including phonics, along the path
of learning to become a skilled reader. This is a lesson on when
students should be using generative AI in their learning; if it is to be
used as a tool to support and solidify their transition from novice to
expert, it is important it is not introduced too early, and that foun-
dational concepts and mechanics, such as syntax, data structures
and algorithms are learned first. AI tools might then be introduced
to complement and reinforce these concepts, and with a proper
introduction by instructors for its correct and complementary use.
It should be integrated into curriculum at the point which will
help to solidify their learning, moving from novice programmers
to experts, and set students up for success in critically using LLMs
in their future work.

Lastly, we observe that more studies on the balanced use of AI
tools would complement emerging and recent results of the effect
of LLMs on novices. While studies published this year do support
the conclusion that unguided use of LLM tools can be harmful or
of no use to novices, studies on effectiveness of such tools when
used in tandem with a traditional, bottom-up approach of teaching
computing fundamentals are needed. Specifically, we are interested
in how LLMs can be strategically employed alongside conventional

teaching methods that emphasize basic coding principles and algo-
rithm proficiency. The outcome of such research could be used to
move our report up from observations and tentative advice into a
complete educational framework.
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