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ABSTRACT
Within computer science education research, analogy work has
been relatively unexplored and in some cases, even discouraged.
For a learning and reasoning tool that is so widely used in our
discipline — from instructors and peer groups to the interfaces we
encourage students to program on —- it is beyond time to address
the perception of analogy in our field.

In this position paper we briefly overview relevant cognition
and learning literature, summarize applications of analogy across
several other STEM disciplines, and compare research and percep-
tion of analogy within computing education. Further, we explore
some of analogy’s potential as a tool which can allow for highly
personal, relevant learning that may even assist in development of
a sense of belonging or computing identity.

These arguments highlight a fundamental difference in the at-
titude within our field toward analogy versus that of other STEM
disciplines. We aim to understand the differences by exploring the
themes behind the concern surrounding the use of analogy in our
discipline. In addition, we provide suggestions for how we may
address these concerns in order to advance research into the use
of analogy in computing education to determine if indeed analogy
can enhance student learning.
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1 INTRODUCTION
Analogy and analogical reasoning are fundamental communication
devices and cognitive reasoning tools for learners and experts alike.
Instructors and researchers regularly make use of analogy. Like-
wise, computing interfaces and languages are a proverbial melting
pot of analogies. Despite the prolific use of analogy in education
and computing, Computing Education Research (CER) has largely
ignored or discouraged the use and exploration of analogy. These
“cultural values” of the field have impacted research conducted,
methods used, and understanding gained. It is time to develop a
better understanding of analogy, of why these themes exist, and to
name them in order to move forward as a discipline.

2 MOTIVATIONS
This paper was inspired by experiences of uncertainty and ap-
prehension toward analogy research in CER spaces. In multiple
instances when discussing the first author’s dissertation work [5],
experienced researchers in our field expressed concern about pur-
suing this topic. When exploring these concerns, the misgivings
were not easily explained, but certainly embedded in the discourse.

Further exploration into the literature revealed how pervasive
this attitude was, and yet how difficult its rationale was to trace. It
was known that instructors use analogies, and many researchers
used them frequently or researched concepts that were clearly anal-
ogous in nature. Still, the term “analogy” and subsequently, analog-
ical theory were often absent from discussion. Other researchers
in computing education have also recently come to recognize this
phenomena and the attitudes in our discipline. [32].

3 BACKGROUND
To better situate the conversation surrounding analogy in Comput-
ing Education Research, this literature review draws from three
distinct areas: (1) theories of mind and cognition, which are funda-
mental to the ways we process information and learn; (2) analogy
research conducted in other STEM Discipline Based Education Re-
search (DBER) areas, as computing fits within the STEM umbrella,
making these fields some of our nearest neighbors for best practices;
and (3) research within the field of CER that specifically targets and
discusses analogy, to parallel the literature from the broader STEM
examples.

3.1 A Brief Overview of Cognitive Theories
There is awealth of valuable and compelling knowledge fromwithin
the field of cognitive and learning sciences in relation to analogy.
This section contains an abridged background for understanding
analogy as a cognitive process and human reasoning tool. For a
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more extensive literature review of this area, the first author’s
dissertation explores these themes in more detail [5],

3.1.1 MentalModels. Ourmentalmodels continue to be tested
and modified or validated as we interact with the world [49]. De-
fined briefly, mental models are our perceptions of how the world
and systems within it operate, as well as how we should interact
and react. Our mental models are based on prior knowledge, famil-
iar representations, and contextual cues, among other things. The
information we engage with and interactions we have cause our
mental models to morph and adapt.

Models change through critiques and challenges[12]. Mental
models do not begin as perfect — they are imperfect and become
more accurate over time, through critique and application. Further,
even when challenged, changes to a mental model do not happen
instantly. In describing the key properties of mental models, Nor-
man includes incompleteness among these properties [49]. He also
asserts that if a model is not applied with frequency, details may
be forgotten. When novices are learning a new concept, they may
require several critiques and applications of their model before it
becomes appropriately defined and recallable.

“Mental model” is also not a term describing a single model of
the world or sometimes even a specific phenomena. Rather, our
mental models contain several models of systems and subsystems.
These models create a vast ecosystem that encompasses our sum
knowledge. Models may be interconnected: a programmer may
possess a model of a concept such as loops across many different
mental models for various programming languages, which is a
part of a larger still model encompassing their understanding of
“programming”. Concepts may even map to other model systems
entirely, such as recognizing the humor in jokes mapping the pro-
gramming language “Java” and the colloquialism for coffee, “java”.
It is suggested that expert knowledge is comprised of interrelated
networks [29], which is represented well in the interconnection
between our mental models.

Another potentially obvious, but important characteristic of
mental models is that we may possess more than one mental model
of any given concept. We often carry multiple models of a single
concept, which may encompass entirely disjoint subconcepts [33].

3.1.2 Fluid and Crystal Intelligence, Working Memory, Cognitive
Load. Among theories of intelligence, CHC theory [37] poses that
fluid and crystallized intelligence are distinct “bodies” of our in-
tellectual capacities that do not cross. Crystallized knowledge is
formed from experiences, culture, and education, while fluid in-
telligence is the ability to abstractly reason and adapt [11]. While
original assumptions suggested that fluid intelligence was fixed [37],
modern neuroscience has suggested training is possible [48, 50, 61].

Advances in fluid intelligence are relevant to working mem-
ory, as this recognized cognitive system is strongly correlated with
fluid intelligence measures [50, 61]. Working memory is a limited
but necessary resource in everyday problem solving. The effects of
cognitive load impact working memory, and can decrease perfor-
mance. This has been indicated in several studies of programming
tasks [1, 46, 59]. The limitations of working memory can result in
learners attempting to process too much information, leading to
decreased performance as the number of concepts becomes too
difficult to reason about.

Models of working memory have shown that task-related infor-
mation (nodes) are more frequently accessed, and that frequency
of access lowers future activation thresholds [43]. Put simply: the
more we apply some piece of information, the more likely we are
able to easily re-apply it in the future. This fits not only to con-
tent knowledge for a specific problem — it is also how we quickly
connect topics of personal interest. We find connections to our
favorite song precisely because these pathways are so well worn.
Such information is easy to access through repetitively accessing
it, and thus reduces cognitive load when considering it.

3.1.3 Connecting Knowledge: Pattern Recognition and Analogy.
Pattern recognition is the process of matching information from
a stimuli to known information. We engage in this process when
new information is encountered, allowing us to connect this knowl-
edge to our existing models and understanding. Applying existing
knowledge to new information requires abstraction, an act of “de-
creasing the specificity (and thereby increasing the scope) of a con-
cept.” [24]. This requires attention to be focused on specific aspects
of the whole, and thus removed from other aspects [18]. Overhy-
pothesis abstracts beyond the problem scope specified [24], and
is one of the driving forces in our ability to predict outcomes even
when we are reasoning about a novel problem space. The processes
of pattern recognition and abstraction can be engaged across do-
main boundaries (cross-domain), so long as specificity is relaxed in
order to increase scope.

Thus, analogical reasoning helps us develop broader concept
categories. Through reasoning about two concepts in order to iden-
tify relations between them, we promote the formation of an ab-
straction that includes both elements. These generalized models
we develop constitute schema: a general structure of knowledge
representing and encapsulating some information [61]. Analogical
reasoning may not always be activated in novel contexts [25, 28],
but if a pattern is discerned, these processes occur [33]. Even in
cases where one may not recognize a pattern and engage in ana-
logical reasoning of their own accord, the invitation or prompting
to consider or compare can evoke the process effectively [24, 28].

Analogical reasoning is fully defined as any type of thinking
that relies upon an analogy [3]. Comparing two very similar and
two disjoint concepts uses the same cognitive reasoning faculties.
Cross-domain analogy often comes to mind, but reasoned analogs
do not need to be from distinct domains. Further, analogies are
not exclusively linguistic forms mimicking “X is like Y” [30] —
this linguistic format simply represents and invites the abstraction
process.

When considering cross-domain analogies, differing source do-
mains can allow distinct traits of the phenomena or problem to
be highlighted [23]. A source domain represents previously under-
stood knowledge and concepts, which is used to better understand
the novel target domain. For exploring possible domains, authen-
tic exploration should not place limits hindering the potential value
in a source domain [47], and concerns raised by the use of a single
source domain can be overcome through additional source domains
applied to the same target [56], such as Linder’s analogous descrip-
tion of light as both a particle and wave phenomena [40].

In the same way that multiple analogies may allow for explo-
ration of a domain, analogies can be used as bridges to “build”



toward an idea. This fits the concept of progressive alignment:
abstractions with some sort of “concrete” general structure are
easier to further abstract [24]. When a schema is appropriately
generalized, this promotes schema transfer [25] as the schema ap-
plies to more cases, which promotes continued abstraction and
reapplication.

Amorphism is an abstraction formed from a structure-preserving
map [30]. Maintaining structure while mapping information be-
tween two analogs is key for analogical reasoning to succeed. This
premise underlies the theory of structure mapping [22], which
posits that analogical reasoning processes prefer relationships, not
surface aspects. Mapping aspects of X and Y is done through a pro-
cess called structural alignment [24]. This creates an abstracted
common structure, which must hold true for both X and Y. Sys-
tematicity, a process of determining the likely structural relations,
occurs during the mapping process as we reason analogically [27].

The concept of “surface” versus “structural” features is consid-
ered in relation to goal attainment [28]. What is a surface feature
(such as “color”) in one scenario may be structural in another. Con-
text is imperative: what we cognitively find relevant relates to the
goal and problem space.

Structure mapping and systematicity are key in the adaptation of
our mental models. As we reason analogically, we abstract and cre-
ate more generalized schema, which may be applicable in a greater
number of scenarios, allowing us to advance in understanding. As
we repeat this process with various stimuli and critiques, our mental
models grow and change. We move from the immediate scenarios
toward deeper implementations, promoting further connection and
broadening our spectrum of associated knowledge [42].

3.2 Examples of STEM Analogy Research
The field of physics contains a wealth of explorations and advance-
ments in educational analogy research. Several studies have ex-
plored the use and value of providing multiple source domains
in explaining distinct physics phenomena [23, 40, 47]. Additional
work has explored progressively bridging analogies to incremen-
tally align student understanding [7, 8]. In fact, many of the papers
in the seminal book “Mental Models” [26] are from the field of
physics and relate to analogy development/analogical reasoning
about phenomena of the field.

Chemistry [55], geology [4], and general sciences [17, 29, 41, 60,
63] have also conducted studies into the use of educational anal-
ogy as a classroom activity. The findings among these researchers
largely indicate that discussion and exploration of analogy, espe-
cially with peers, can increase understanding and capability of
learners. Such activities should be done with appropriate guidance
in analogy generation and discussion, helping learners avoid over-
extension or misapplication [17, 60, 63].

3.3 Analogy in Computing Education Research
Chee [6] developed a study in which a single “office” analogy was
utilized across all instructional material in two experimental con-
ditions. His findings indicated a weak analogy did not do “more
damage” to students than no analogy at all. He also found that
the strong analogy condition aided in student’s comprehension
and composition of programs. Forišek and Steinová [21] developed

analogies for algorithms and data structures, and found that the in-
clusion of a valid metaphor did aid student success when compared
to using no metaphor.

Alizadeh et al. [13] incorporated analogy into data structures
tutoring sessions, finding that 90% of spoken words were by tutors.
Interestingly, when students contributed to these sessions which
used analogy, there was a positive effect on learning outcomes.

Harsley et al. [35] developed a computer science tutoring system
in which they incorporated three approaches for assisting students
working on programming problems: analogy, analogy and a worked
out example, or simply a worked out example. This work found
that analogy was least beneficial when learners had prior knowledge
of the problem space [35]. Since the solution of the programming
problem was the success metric, a code example would likely pro-
vide syntax clues able to be easily replicated in the side-by-side
environment used in the study. The study’s success metric does not
readily indicate effects on learning, understanding, and retention,
especially as long-term impact was not explored.

Sanford et al. [52] explored instructional metaphors used by
computer science educators. Their work aimed to better understand
the metaphors used and their effectiveness. Often, these metaphors
classify concepts as physical objects: “return statements are like
Harry Potter portkeys”, “variables are like boxes”, “pointers are like
zombies” [52]. They note the need for identification of the limits
of an analogy, which these physical object/entity based metaphors
exemplify. To relate back to structure mapping: understanding
of the relevant relationships of the object/entity to the concept is
necessary for mapping.

While not specified as analogy, James’ [38] work most certainly
is. Incorporating Black music and DJing into assignment design
for a data structures course, he posed relevant problems from data
structures as topical analogs and found enhanced engagement and
enjoyment from learners. The course connected target domain
knowledge to experiential source domains from a learner’s life and
prior knowledge, showcasing analogies which increased engage-
ment through interest to the learner.

4 EMBEDDED ATTITUDES, EMERGENT
THEMES

While there has been some CER research that makes distinct use of
analogy, far more work exists that recommends against the use or
exploration of analogy. Given the success of analogy in educational
contexts across STEM fields, and successes that we have seen in
CER, we explore the reason these misgivings may exist.

4.1 Embedded Attitudes
The negative perception of analogies in computing education re-
search is largely a cultural problem. Attitudes toward analogy are
often not rooted in citations or known evidence. Attempting to
uncover the source of these beliefs requires an exploration of the
evidence in CER’s history.

4.1.1 Historic Roots. Edsger Dijkstra was notably antagonistic
toward the use of analogy, describing computing as “too novel to be
represented by analogy or anthropomorphization” [14]. While com-
puting may be novel, and often includes newly developed subject
matter [9], this furthers the case for analogy. If computer science



as a phenomena cannot be accurately captured by a single analogy,
then much like Linder’s light phenomena [40], we may need a mul-
titude of analogies in order to understand and represent it. Teaching
it as “radical novelty” in the way Dijkstra suggests assumes stu-
dents can be “blank slates” on the topic. We know students are not
blank slates based on our understanding of cognitive processes.
Students will generate context and correlations even if we do not
provide any. Analogical reasoning is fundamental to our cognition.
Dijkstra’s dismissiveness of analogy lacks cognitive grounding, and
many of his grievances are entirely disparate from analogy or an-
thropomorphism. However, Dijkstra’s prominence within the field
of computer science gives credence to his opinion, and this opin-
ion has been a strong undercurrent in the discourse surrounding
analogy.

4.1.2 Missing or Misrepresented Context. In their work investi-
gating metaphors used by computer science teachers, Sanford et
al. [52] noted that all metaphors break down. This is a true state-
ment, but does not inherently indicate ineffectiveness of analogy
as an aid to understanding. Further, the citation associated with
this observation is not, in fact, about all analogy: it is describing a
specific conversation surrounding a non-computer science analogy
in which one participant notes that “the analogy breaks down” [44].
Sanford et al. also do not specify this as a weakness [52]. Breakdown
can indeed be a strength if understood and used for development
and critiques. However, the Sanford paper has been used as an
argument by some against the use of analogy because of this line!

Halasz and Moran [34] describe the difficulty that can come from
using analogy to explain computing concepts. They indicate how
features from a physical world analog may be irrelevant to the
computing target. Their provocative title evokes Dijkstra, Anal-
ogy Considered Harmful1. Their work cites Gentner and describes
structure mapping, but misconstrues the concepts of surface and
structural alignment in making their case. They indicate, for exam-
ple, the “lack of drawers” in a computer file system when a filing
cabinet has drawers as fostering an inappropriate analogy. This
however, confuses “surface” with “structural” features, which is
the very concept Gentner’s work explores [22]. The “physical ap-
pearance” of the file cabinet is not important when considering the
structural relation of what the filing cabinet does. It is the structural
relationships that are the basis of structure mapping.

Qian and Lehman’s [51] discussion of learner misconceptions
largely indites analogy as the primary culprit. They back their claim
with a citation to Taber, who refers to analogy, alongside models
and anthropomorphism, as representations that learners may take
too literally [58]. In contrast to Taber’s discussion of models which
includes visualizations, Qian and Lehman indicate visualizations
are effective in teaching. Halasz and Moran, just discussed above,
are also cited [34] by Qian and Lehman to support their case against
analogy. Pinpointing analogy as problematic while advocating for
strategies “closely related to” analogy is not exclusive to this work
— it is pervasive throughout CER.

Perhaps most surprising considering the widespread use of analo-
gies in computing education despite the myths surrounding their
use, the Computing Education Handbook [19] has no index listing

1While not cited here, this title parallels Dijkstra’s widely discussed work within the
computer science field at large, Goto Considered Harmful

for “analogy” or “metaphor”. The closest listing being “analogical
encoding” which is described in a single paragraph and claims “ana-
logical encoding” is different from “instructional analogy”. There
is no indication made that analogy is a useful tool in computing
education [45]. One can find index entries for many concepts that
use analogical reasoning — we will show that some of these are well
explored in CER later in this paper. Confining analogical processing
to a single paragraph and omitting analogy completely may be
considered indicative of the perception of analogy in the field.

4.1.3 One Shot, One Opportunity. Relevant to the cognitive
overview provided at the onset of this paper, misperceptions about
mental models by researchers can also affect perceptions of analo-
gies. Krishnamurthi and Fisler [39] cite Slotta and Chi [53], as well
as Gupta et al. [31] in suggesting that updating a “flawed” mental
model is more difficult to correct than simply developing a new
one. However, Slotta and Chi describe mental models surrounding
a specific instance of a physical phenomena that would have been
developed long before learning the course material, and in fact
argue that in other cases beyond that one, adaptation was feasible
and encouraged [53]. Gupta et al. [31] in fact push farther for adap-
tation being possible, responding that even the case specified by
Slotta and Chi should be considered dynamic and adaptable.

The sentiment that flawed mental models are cognitively hard
to revise has been shared broadly within CER. This perception
suggests that learning is “one shot”, and that if a learner’s initial
model is incomplete or incorrect, that initial model must be dis-
carded and an entirely new model must be forged. Understandably,
such a belief would lead to concerns about pedagogical approaches
that may lead to “imperfect” models. Hence, the concerns about
using analogy. But this “one shot” theory is in direct contrast to
the description of our learning processes that cognitive scientists
present: that learning is a process of abstraction, re-representation,
and generalization.

4.1.4 A Haunted House. Arawjo [2] explored the contextual
history of how we came to “write” code. This notion of history and
its influence on our present is relevant to the perception in the CER
community of analogy. Our citations are situated to the problem
context we are working to solve, but our work may be leveraged
or cited outside of that context. Prominent figures within our field
influence our perceptions and biases, and encourage us to adopt
their viewpoints [42]. Cautions about the use of analogy over time
become abstracted, skewed, and generalized into myths which are
communicated among practitioners, continuing the culture.

4.2 Emergent Themes
Through a review of the literature in CER, we have identified several
major themes that emerge as arguments against the use of analogies
in computing education. The identification of these themes allows
us to consider the development of research studies that may support
or refute those concerns, or identify ways to address such issues.

4.2.1 Limitations on Analogy. Analogies fit within a certain con-
textual frame, and address the similarities of a target domain to a
source domain in some instance or form — x behaves like y when z
occurs. The concern that a learner will use an analogy beyond its
contextual limit has been one of the largest undercurrents in the



cases made against the use of analogy. Candidate inference is one
of the strengths of analogical reasoning — “if x behaves like y, then
the result of doing ‘a’ with x should be similar to the result of ‘b’
with y”. This process is used in all forms of analogical reasoning,
not just cross-domain. However, the concern of over-extension has
been specifically targeted at cross-domain applications, as it can
lead to difficulty or confusion when the inference is misguided.

4.2.2 Relevance to Learner. Learners from different sociocul-
tural contexts are likely to have different lived experiences, and
even within the same sociocultural sphere, each learner has had
different experiences throughout their life. One concern with using
analogy is the inability for a learner to have the relevant context
to understand the analogy, as it does not come from their lived
experiences or understanding of the world.

4.2.3 Didactic Implications. As analogy is typically considered
a verbal act (despite analogy existing across mediums), the didactic
nature of an instructor analogy provided during lecture may cause
difficulties for learners. A learner may not have enough context
to compare the elements at all, or may overextend if they cannot
effectively contextualize what they have heard. In a lecture envi-
ronment, a student may not be working on a specific problem, thus
they also may not have context for the analogical behavior in an
application, and thus may form false assumptions.

4.2.4 Structural Soundness. Limitations of analogy tie into the
idea of structural soundness — is the analogy well-formed struc-
turally and conveying the intended concepts through its composi-
tion? Analogy creation is often ad-hoc, which precludes devoting
time to fully consider its structural soundness. However, the boon
of analogies is our tendency towards structural stability through
cognitive application of concepts such as systematicity [22].

The question of an analogy being strongly structured — strong
enough to relate effectively in context, but also contextualized
enough to discourage overextending candidate inference — is ulti-
mately a question of design and analysis of that design.

5 DISCUSSION
In this paper we have shown that cognitive science literature sup-
ports analogical theory and consideration of analogy as a viable
tool in education. We have also uncovered historical roots that
have limited the acceptance of analogy as a viable tool among com-
puting education researchers. Can these opposing perceptions be
reconciled?

5.1 CER Research Areas Leveraging Analogy
There are actually many CER areas that leverage analogy and make
use of analogical reasoning and themes. “Worked out examples”
rely on multiple examples that have structural similarity. These
examples allow learners to analogically reason about them and to
develop a schema in order to solve similar problems. This tech-
nique has been shown to be effective [13, 35]. Subgoal labeling [45]
identifies component parts of a problem to provide scaffolding and
assist learners in developing appropriate schema. Hand traces [10]
and visualizations or visual aids [57] are meant to analogously rep-
resent the machine’s processes to help learners model and reason
about them. All of these methods rely on analogy — and all provide

an abundance of new research opportunities if analogy theory is
incorporated.

Notional machines are idealized, correct abstractions of a specific
process, intended for learners [15, 16, 54]. They are frequently
discussed in CER but the term is exclusive to CER. The notional
machine mirrors the conceptual model from other STEM disciplines,
which are aids used to teach and reason about a system. Such an
aid is an analogy for what the conceptual model is teaching about
— thus, notional machines are analogies as well.

5.2 Facing the Thematic Fears
Given that several themes beyond cultural ingraining were iden-
tified, the logical question is what comes next? How might we
navigate moving past the myths and exploring analogy as a viable
pedagogical tool withing CER?

5.2.1 Context for Limitations. The analogy “a variable is like
a box” has oft been discussed in CER as a failed analogy, due to
a multitude of incorrect candidate inferences that can be drawn.
Thus, to address analogy limitations, we must ask: in what situation
was this analogy relevant? What problem are we attempting to solve
with this description? Were we attempting to explain how variables
can hold information? If so, why describe the entire concept of a
variable with this analogy? Analogical structures describe relations
— a variable is not a box, so the comparison must be situational,
where the relationships a variable and a box undergo have parallel
structures.

The requirement of context and fear of limitations furthers the
case for multiple source domains. If a variable behaves like a box in
one scenario, and like something else in another, we are less likely
to overextend the analogies past their contextualized limitations, as
there is not exclusively one source we consider it “to be like”. These
multiple sources may interconnect and merge as part of our mental
model development, allowing us to form a cohesive understanding
of the target as we abstract and re-apply components.

5.2.2 Malleable Domains for Relevance. Analogy must be rele-
vant to the learner, but sociocultural factors can make it difficult
if not impossible to create a “one size fits all” analogy. Addressing
concerns of relevance requires the ability to adapt source domains
to the learner audience, or to provide multiple source domains for
a concept. Domain isomorphism would allow for further abstrac-
tion as learners explore multiple domains which share structure,
progressively aligning a more general schema.

Pedagogical activities and scaffolds which engage active dis-
cussion of analogy may promote learners to develop isomorphic
domains among peers, and even encourage the finding of relevant
domains that evaded the instructor as well.

5.2.3 Dialectic, not Didactic. The literature suggests that anal-
ogy use and creation should be guided and discussed, not simply
“given”. Analogical reasoning is most effective when instructors act
as guides, and learners actively participate with the analogy. As
Haglund notes: “it is in the promotion of the critical scrutiny in
challenging the analogy, attempting to apply it and recognizing
when and why it breaks down that the opportunity for learning
really takes place. The focus is in this sense diverted from attempts
to find the perfect analogy.” [33]



Students should be encouraged to explore the limitations of
classroom presented analogies in order to engage and internalize.
Exploring peer and instructor analogies allows learners to become a
part of the process. Analogy should not be didactic — it should form
a conversation. Instructors can guide inference and exploration
through activities and probing questions: “what should happen if we
do X?” after an analogy has been provided promotes overhypothesis.
Presenting a question promotes discussion and exploration, inviting
the comparison and navigation of its implications. Dialectic analogy,
alongside questions that challenge structural representations can
allow for gap closing and abstraction development.

5.2.4 Well-Formed Analogy for...The Win? A major argument
against analogy has been the existence of misapplied or poorly
designed analogies. Better informed analogical design through CER
can improve the quality of analogy we use, our understanding of
their application, and our ability to engage learners in conversations
surrounding the implications of the analogy.

Several works promote validation and assessment methods for
analogy [20, 28, 29, 36, 62]. These range from assessing the struc-
ture of an analogy to its application in the classroom. Designing,
analyzing, and critiquing analogy for form is not outside the realm
of possibility. However, much of the work identified here is either
at a high level without deeper assessment of analogy structure, or
targeted to analogy-specific research beyond educational context.
The development of guidance and materials that is grounded in
these principles may allow educators and researchers to more easily
design, identify, critique, and replicate analogies.

6 FUTUREWORK
As this position paper has argued, there is much work that can
be done in repairing the perception of analogy within the field of
CER. Application and exploration of the ideas in the discussion as
research questions and studies is a start.

Analogy is shown to be a powerful tool for learning from both
the cognitive and learning perspective and is applied across other
STEM disciplines. The study of analogy design and use in our field
is important not just for elevating our discussions, but for aiding
the students we teach as well. The first author’s dissertation [5]
begins exploration on designing well-formed analogy in computing
— but this is only one small piece. More exploration into the theory
of analogy and its application in our field allows for further re-
search avenues, elevated discussions, and as the evidence suggests,
potential boons for our students.

7 CONCLUSION
This position paper has argued for the value of analogy as an impor-
tant cognitive process and learning implement, and has identified
sources critical of analogy as a viable pedagogical method within
computing education. Contextualization, malleable domains, di-
alectic approaches, and well-formed structure were presented as
methods for combating the arguments against analogy. Fighting
the historical roots that have generated myths surrounding the use
of analogy can be challenging, but it is possible and necessary for
elevating the field of computing education.
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