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Abstract
Motivation: Undergraduate computing students increasingly turn
to generative AI (GenAI) tools to understand abstract concepts,
sometimes receiving explanations built around analogies. Analogies
work by comparing an unfamiliar concept to something familiar,
but this creates a trap. To tell whether the comparison actually
holds, a student needs to know both the concept and the every-
day thing it is compared to, and a learner may be missing either
one. GenAI may also embed assumptions about who the learner
is. Research on GenAI in computing education centers on output
correctness at the code and explanation level, leaving students’
critical reception of analogies largely unexamined.
Method: We investigate how undergraduate students evaluate the
accuracy, appropriateness, and embedded assumptions of GenAI-
generated analogies, and how they perceive interest-personalized
analogies relative to generic technical explanations. Ten students
who had completed CS2 participated in this study, with each finish-
ing a pre-survey, a think-aloud annotation task with personalized
analogies and generic explanations for linked lists and recursion,
and a semi-structured interview grounded in the Paul-Elder critical
thinking framework. Students judged analogies along separable
dimensions, treating accuracy, clarity, engagement, and trust as
distinct standards.
Results:Most participants described the interest-personalized analo-
gies as more engaging or memorable than the generic technical
explanations, while their accounts of trust were mixed. Some re-
ported trusting the tailored analogies more; others scrutinized them
more closely or distrusted the tailoring itself. Participants who
demonstrated deep knowledge of an analogy’s source domain iden-
tified structural flaws that required source-domain knowledge to
recognize. Because personalization and explanation format differed
together, these findings do not isolate an effect of personalization
alone.
Implications: A familiar source flips the student’s role. On the
concept they are still learners, but on the familiar source it is com-
pared to they are the expert, and that is the position from which
an analogy can be judged. We call this two-sided analogy auditing.
GenAI systems should therefore ask what students know, not just
what interests them, and treat a flawed analogy as something to
inspect and fix rather than accept.
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1 Introduction
Generative AI (GenAI) tools have seen broad adoption in computing
education, with students using them for tasks ranging from code
generation to concept explanation [47, 48]. One documented use
is requesting explanations of abstract programming concepts [41],
which LLMs readily deliver as analogies: models produce diverse
analogical explanations that students find engaging [40, 41], and
both students and instructors now use them to generate personally
relevant analogies on demand [7, 8]. When a student uses GenAI
to explain a linked list, the response may arrive as a comparison
to everyday objects or experiences. These comparisons are peda-
gogically appealing because they map unfamiliar structures onto
familiar experience, reducing the cognitive load of initial concept
formation [21]. As analogies become a routine mode of AI explana-
tion, understanding of how students receive and evaluate them has
not kept pace.

Analogies carry two risks specific to computing education. Be-
cause analogies work through structural correspondence between
a source domain (e.g., Sudoku or video editing) and a target domain
(e.g., linked lists or recursion) [21], a student encountering a con-
cept for the first time may lack the grounding to detect where the
mapping breaks down. A linked list analogy that works for traver-
sal may unintentionally misrepresent concepts such as insertion
or deletion. Analogies may also encode assumptions about whose
experiences count as familiar. For students whose identities or back-
grounds do not match the implied learner, those assumptions can
signal that they do not belong in the field [36, 42].

Research on GenAI in computing education often concentrates
on code generation and technical explanation accuracy [9], leaving
students’ critical reception of analogies largely unexamined. Work
on analogy in computing education addresses structural properties
and commonmisconceptions [18, 25] but does not ask how students
evaluate the analogies they receive, what criteria they apply, or
whether they notice embedded assumptions. Interest-based person-
alization offers one approach to making analogies more personally
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meaningful [6]. In this paper, interest-personalized means that a
participant’s self-reported interest was supplied to the model as
the requested source domain for an analogy; it does not refer to
adaptation based on a broader learner model. Whether students
perceive or evaluate these interest-personalized analogies differ-
ently from generic technical explanations remains unknown. To
investigate this question, we conducted a think-aloud annotation
task and semi-structured interview with undergraduate students
who had completed CS2, grounding the interview protocol in the
Paul-Elder critical thinking framework [44], a widely used model
in critical thinking education that evaluates reasoning against a
set of intellectual standards rather than treating an explanation
as simply correct or incorrect. The framework provided prompts
around standards such as accuracy, clarity, assumptions, and point
of view, letting us examine not only whether students accepted an
analogy but how they justified those judgments.

Prior work suggests that GenAI tools tend toward surface-level
comparisons rather than deep structural mappings [39], making
analogy evaluation a productive site for studying critical thinking
because the structural gaps are often invisible to novice learners.
Throughout, we distinguish three things a student may do with an
analogy: judge its accuracy (whether the mapping is structurally
correct), judge its appropriateness (whether it suits them as a learner,
in tone, assumed knowledge, and cultural reference), and decide
howmuch to trust it (how far to rely on it without further checking).
We use scrutiny for the effort a student puts into these judgments
and reception for their overall response, including engagement and
preference.

Our findings position analogy evaluation as a two-sided knowl-
edge problem: students drew on knowledge of the computing con-
cept to identify which relations an analogy must preserve, and on
knowledge of the source domain to check whether those relations
held there. Our findings suggest that selecting a source domain
the student knows well may position that student to audit the
source side of the mapping. This paper makes two contributions.
Empirically, it characterizes the criteria students used to evalu-
ate interest-personalized GenAI analogies and generic technical
explanations, including structural accuracy, clarity, trust, and as-
sumptions about the learner. Conceptually, it introduces two-sided
analogy auditing to explain how target-domain and source-domain
knowledge jointly support evaluation of an analogical mapping.
We address three research questions:
RQ1 What criteria do undergraduate computing students apply

when evaluating the accuracy and appropriateness of GenAI-
generated explanations?

RQ2 What affective and social dimensions do students perceive in
GenAI-generated explanations, including assumptions about
learner identity and tone?

RQ3 What differences do students perceive between interest-
personalized analogies and generic technical explanations
in engagement, trust, and preference?

Figure 1: Study procedure. A pre-study survey informed the
personalized analogies. Participants then evaluated four ex-
planations (personalized and generic for linked lists and
recursion), with explanation order counterbalanced within
each concept, in a think-aloud task, followed by a semi-
structured interview that opened with general background
before turning to the study materials.

2 Related Work
2.1 Analogies in Computing Education
Analogies do more than simplify abstract concepts. They can func-
tion as constraining representations that shape how learners inter-
pret unfamiliar material by anchoring it to prior knowledge [1].
In computing education specifically, this constraining function is
double-edged. Halasz and Moran [25] argued that analogical mod-
els are structurally partial, requiring learners to distinguish rele-
vant from irrelevant inferences without yet possessing the domain
knowledge to do so reliably. Clancy’s survey of programming mis-
conceptions [18] documents how analogies can actively mislead.
The common “variable as box” metaphor, for instance, implies that
a variable might hold more than one value simultaneously. These
risks are amplified at the CS2 level, where concepts such as linked
lists and binary search trees involve pointer semantics and recur-
sive structure that few everyday analogies capture faithfully. A
well-designed analogy bridges the gap between a learner’s concept
model and their program model [28, 52], while a poorly designed
one widens that gap. Bettin and Ott [10] formalize this requirement
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as domain isomorphism, arguing that analogies for computing con-
cepts should preserve the structural relations of the target domain,
not only its surface features.

Even well-designed analogies are not received uniformly. Pref-
erence for a given analogy varies across students, and students do
not always apply the same analogy the same way [11, 12]. When
students construct their own analogies rather than evaluating pro-
vided ones, they face a related difficulty in achieving complete
structural alignment while maintaining an appropriate level of
abstraction [27]. Even when an instructor supplies the analogy
directly, its measurable benefit is uneven. In a controlled study
alternating analogy and no-analogy instruction across CS1.5 top-
ics, Cao et al. [16] found that a brief instructor-presented analogy
yielded a short-term performance gain that was statistically sig-
nificant only for recursion, did not persist into later exams, and
did not reliably support transfer to non-technical scenarios. The
effect also varied by population: non-majors, first-generation, and
international students benefited more from the recursion analogy,
whereas CS majors sometimes performed worse, particularly when
asked to map a non-technical analogy back onto a technical task. In
algorithms courses, students who draw structural comparisons to
previously seen problems, rather than superficial ones, tend to score
higher on related exam questions, suggesting analogical reasoning
is closely tied to problem-solving success even when left implicit
in the curriculum [37].

2.2 GenAI-Generated Explanations
GenAI tools can generate code explanations that students rate as
more accurate and easier to understand than explanations writ-
ten by their peers [35, 50], and evaluations of GenAI-generated
explanations for logical errors show usable but uneven quality [5].
Recent empirical work examines how students perceive different
configurations of GenAI-generated explanations [40] and how stu-
dents and teachers compare AI-generated concept explanations
against those produced by human instructors. Lee and Song [34]
found that elementary school teachers and sixth-grade students
applied similar evaluative criteria of clarity, relatability, and peda-
gogical effectiveness but diverged in preference. Teachers favored
AI-generated explanations for simpler sequential and conditional
concepts and human-created explanations for structurally complex
ones such as iteration. Both groups struggled to identify whether an
explanation was AI- or human-generated, and students struggled
more than teachers.

Liu and M’Hiri [38] developed a GPT-3.5-powered virtual teach-
ing assistant for an introductory Python course. The virtual TA
matched human TAs on response accuracy for general concep-
tual questions and outperformed them on clarity and engagement
ratings, yet proved less reliable for assignment-specific questions,
where human TAs drew on contextual knowledge of course expec-
tations.

Explanation format shapes engagement as well. Hallal et al. [26]
found that undergraduate chemistry students rated AI-generated
stories and analogies as moremotivating, enjoyable, andmemorable
than expository text, with over 80% reporting that AI-generated nar-
ratives improved conceptual clarity. Students preferred all formats

combined over stories or analogies alone, positioning narrative AI
content as a complement to conventional instruction.

2.3 Critical Evaluation and Personalization
GenAI tools acting as on-demand explanation engines raise ques-
tions about who controls analogy selection and what assumptions
the generated analogies embed. Prior work on student reception of
AI-generated content has largely focused on factual accuracy [5, 51],
leaving the social and pedagogical dimensions of AI explanations
underexamined. We draw on the Paul-Elder critical thinking frame-
work [44], which foregrounds the analysis of assumptions, point of
view, and fairness alongside accuracy and clarity. The framework
lets us askwhether a GenAI analogy is appropriate as well as correct:
whose world it assumes, who it positions as a competent learner,
and whether its tone and framing could support or undermine a
learner’s sense of inclusion [36, 42]. Empirical work using this same
framework bears out the concern that GenAI output may not be
received critically. Cardell-Oliver et al. [17], analyzing LLM-led So-
cratic dialogues on computing ethics with the Paul-Elder question
taxonomy, found that models scaffolded a broad range of critical-
thinking questions but also praised underdeveloped or incorrect
responses without due cause, reformulated students’ answers rather
than prompting students to do so, and rarely challenged shallow or
off-topic contributions. Read through Krakauer’s [31] distinction
between competitive and complementary technology, such behav-
ior risks performing a learner’s cognitive work rather than eliciting
it; some students in their study did not engage critically with the
tool at all. Whether a GenAI explanation invites scrutiny thus de-
pends not only on the learner but on interactional tendencies of
the model itself, such as unearned affirmation.

Interest-based personalization adds a further dimension. Con-
textualizing computing instruction around student interests has
a long lineage, from media computation curricula [23] to courses
built around creative expression [24]. Personalizing instruction
to individual interests can increase engagement and performance,
with effects moderated by how deeply students engage with their
interest areas [6, 53], and interest development theory ties these ef-
fects to the transition from situational to individual interest [29]. In
computing education, personalization and adaptation efforts have
so far targeted practice materials such as Parsons problems, worked
examples, and contextualized exercises [19, 20, 30, 46] rather than
conceptual analogies. Work on motivated reasoning [32] suggests
personally relevant material may reduce critical scrutiny, raising
the question of whether personalization enhances reception or by-
passes evaluation. Studies of student trust in GenAI find that trust
varies with task, prior experience, and perceived competence rather
than holding steady across contexts [4]. Whether students evalu-
ate personalized analogies differently from generic explanations
remains open. More specifically, prior work does not explain how
personalization changes the knowledge learners can bring to evalu-
ating an analogy’s source domain and its correspondence with the
target concept. This study addresses that gap.
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3 Method
3.1 Study Design
Each participant evaluated personalized analogies and generic ex-
planations for linked lists and recursion. This supported within-
participant comparison, while reflexive thematic analysis examined
patterns across the dataset. We recruited students who had com-
pleted CS2 so that they could evaluate analogies against concepts
they understood, isolating their critical judgment of the analogy
from the separate difficulty of learning the concept itself. We se-
lected these concepts because they are foundational CS2 topics that
students commonly find challenging; prior work identified recur-
sion as a threshold concept in computing education [13, 49], and
students in Layman et al.’s CS2 study ranked linked lists among
the most challenging topics [33]. For each concept, participants
saw one personalized analogy drawn from their stated interests
and one generic explanation generated with no theme specified.
Every participant completed the linked list concept first, followed
by recursion; this concept order was fixed across all participants.
Within each concept, the order of the personalized and generic
explanations was counterbalanced (Section 3.5). The two generic
explanations were identical for every participant, while each par-
ticipant’s personalized analogies were generated from their own
interests. The study combined a think-aloud annotation task with
a semi-structured interview.

This design captured behavioral evidence of evaluation criteria
through annotation artifacts and reflective verbal data through the
interview, holding the concepts, learning objectives, and generic
explanations constant across participants while each participant’s
personalized analogies were drawn from their own interests. The
personalized condition was always an analogy and the generic
condition a technical explanation, so the two conditions differ in
format as well as personalization; we return to what this permits
and precludes in Section 5.5. Figure 1 summarizes the full procedure.

3.2 Participants
We emailed 667 students who had completed CS2 at a large pub-
lic research university in North America (University of Toronto),
and from this pool recruited ten participants. Participation was
voluntary, and each session was compensated with a $30 gift card.
Sessions ran individually via Zoom conducted by one of two in-
terviewers, lasted approximately 60 to 90 minutes, and were audio
and video recorded with participant consent. Participants were
assigned to the two counterbalanced presentation orders by partic-
ipant number, yielding equal group sizes. This study was approved
by the Institutional Review Board (Protocol #47002). Table 1 lists
each participant’s intended major, year in the program, and the
interest domains used to generate their personalized analogies.

3.3 Pre-Survey
Participants completed a pre-survey before their session. The survey
collected computing coursework history, personal interests, prior
experiences with analogies and GenAI tools, and sense of belonging
in computing, measured with three items adapted from established
belonging scales [22]. The interests section prompted participants
to be specific, asking for hobbies, media, or domains they engaged

ID Yr Intended Major Interests

P1 3 Computer Science and
Statistics

Soccer; Avengers (film)

P2 2 Information Security and
Computer Science

DaVinci Resolve (video
editing); Valorant (game)

P3 2 Computer Science Piano; Valorant (game)
P4 3 Computer Science and

Statistics
Karate; Piano

P5 1 Computer Science The Last of Us (game); Chess
P6 1 Computer Science and

Applied Statistics
One Piece (manga/anime);
Badminton

P7 1 Applied Statistics Minecraft (game); Gym
P8 3 Statistics LEGO; Sudoku
P9 2 Computer Science and

Applied Mathematics
Painting; Colour mixing

P10 2 Computer Science Baking; Painting

Table 1: Participant year, major, and interest domains used
for personalized analogies. Odd-numbered participants were
assigned to Condition A, even-numbered to Condition B.

with regularly rather than broad categories. Researchers used these
responses directly for analogy generation.

3.4 Analogy Generation
Researchers generated one interest-personalized analogy per con-
cept by supplying a participant’s self-reported interest as the re-
quested source domain. When participants listed multiple interests,
one researcher selected pairings based on structural fit. Imperfect
mappings remained suitable because participants were asked to
critique and repair them. A consistent prompt structure specified
the learning goals for each concept and incorporated the student’s
stated interest as the analogical source domain. For linked lists,
the goals were element storage, node references, and traversal. For
recursion, they were self-reference, problem reduction, and the
base case. The recursion prompt read: “You are explaining recursion,
specifically the factorial function, to a CS2 student working in Python
3.11 who is interested in [interest]. Use an analogy from their interest
area. . . Cover: how a function calls itself, how each call reduces the
problem, and how the base case stops the process. Write in plain para-
graphs only. . . under 300 words.” The linked-list prompt followed
the same structure, substituting element storage, node references,
and traversal as the goals. Only the bracketed interest and target
concept varied across participants; the tone instruction, length limit,
and format constraints were identical. Two generic explanations,
one per concept, were generated once and held constant across all
participants, produced with the same prompt structure but with no
theme specified. Personalized and generic explanations shared an
identical prompt structure and learning objectives; the personalized
prompt additionally specified the participant’s stated interest as the
source domain for an analogy, while the generic prompt requested
a technical explanation with no theme.

Before data collection, researchers generated candidate explana-
tions using OpenAI’s GPT-5.5 (Thinking: High) and Anthropic’s
Claude Opus 4.8 (Thinking: High), and for each explanation one
researcher selected the output that best covered the stated learning
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goals and read clearly. We treated the two models as interchange-
able sources of candidate explanations rather than as objects of
comparison, and did not track which model produced each selected
output.

Researchers did not modify outputs or deliberately introduce
structural errors, and structural fidelity was not a selection crite-
rion, so any structural imperfections in the personalized analogies
arose from the generation process rather than from researcher edits.
Researchers checked that each explanation covered the intended
learning goals and read clearly, but did not require the analogies to
be structurally perfect, since identifying and repairing imperfect
mappings was itself part of the task participants were asked to
perform.

The resulting stimuli varied in how faithfully the source do-
main preserved the concept’s structure. Several recursion analogies
mapped cleanly, since the source domain guaranteed a shrinking
input toward a base case, as in an Avengers mission that hands off
a smaller task at each step or a Sudoku puzzle reduced one cell at
a time. Others fit loosely, since the source carried no guaranteed
reduction: a badminton rally has no fixed length, and participants
flagged exactly these looser mappings. One linked-list analogy built
on a circular route, closer to a circular linked list than the singly
linked list under study. This procedure yielded stimuli with a range
of structural fidelity, giving participants both stronger and weaker
mappings to evaluate. Each concept was paired with a fixed code
snippet held constant across participants. Figure 2 shows a generic
and a personalized linked list explanation side by side.

3.5 Think-Aloud Task
Each participant evaluated all four explanations one at a time in a
Google doc created for them, shared with the interviewer, chosen
so students could annotate and edit in an environment they already
knew, with each explanation presented alongside the relevant code
snippet. Participants used the document as a live workspace, an-
notating and editing directly as they thought aloud. Presentation
order was counterbalanced across two conditions to control for or-
dering effects within each concept. In Condition A, participants saw
the generic explanation before the personalized analogy for each
concept; in Condition B, this order was reversed. Odd-numbered
participants were assigned to Condition A and even-numbered
participants to Condition B. Before the task began, participants
completed a brief think-aloud warm-up to familiarize themselves
with verbalizing their reasoning.

For each explanation, participants received the following prompt:
“React to this analogy/explanation, evaluate it, and suggest any fixes
or changes you would make. Verbalize everything as you go.” The
interviewer stayed silent except for neutral prompts such as “keep
talking” or “tell me more”. Within the Google Doc, participants
highlighted and labeled text, edited it directly, and added or deleted
content. Annotation artifacts were preserved for analysis.

3.6 Interview
Following the think-aloud task, participants completed a semi-
structured interview organized into three parts. Part one asked
about computing background and prior experiences with explana-
tions in general, independent of the study materials: what kinds

of explanations work best for them, whether analogies help more
than technical definitions, and whether an explanation had ever
felt confusing or like it was designed for someone else. Part two
turned to retrospective reflection on the think-aloud, opening with
a bridging question about which explanation stuck with them most,
then moving to probes derived from the Paul-Elder framework [44]:
whether participants doubted the accuracy of any explanation and
how they would verify it (accuracy), which explanations were hard-
est to follow and why (clarity), what each explanation assumed
about their prior knowledge (assumptions), and whose perspective
each explanation seemed written from (point of view). Part three
asked participants to compare the two explanation types, reflect
on whether personalization changed how critically they read, and
offer recommendations for instructors and tool designers.

3.7 Analysis
Our analysis operates within an interpretivist epistemology, fol-
lowing the reflexive (Big Q) orientation to thematic analysis rather
than a coding-reliability or codebook orientation [15], consistent
with recent guidance for thematic analysis in computing education
research that cautions against importing positivist criteria such
as intercoder reliability or saturation into interpretivist work [43].
We treat participant accounts as situated interpretations shaped by
the interview context, prior coursework, and individual disposition
toward GenAI tools rather than as neutral reports of an underlying
evaluation process. Reflexive thematic analysis fits this stance, since
it treats the researcher’s own positionality as part of the analytic
process [14]. Both analysts are computing education researchers
who study GenAI-based learning tools and approached the data
with an existing interest in personalization. We treated this orien-
tation as a lens to interrogate during analysis rather than a bias to
eliminate.

We analyzed interview transcripts and think-aloud recordings
using this approach. Following familiarization with the recordings
and transcripts, both researchers coded the full dataset indepen-
dently to develop distinct interpretive readings rather than to assess
reliability. They then met repeatedly to compare interpretations,
interrogate assumptions, and construct candidate themes, refin-
ing those themes against the transcripts and annotation artifacts.
We did not calculate intercoder agreement or reconcile all codes
into a consensus codebook. Differences between readings served
as analytic resources in the collaborative construction of themes.
Annotation artifacts served as a secondary data source and were ex-
amined for patterns in what participants flagged, edited, or deleted
across explanation types.

Participant quotes reported below come from session transcripts,
lightly edited for readability, with omissions marked by ellipses
and clarifications added in brackets. The analysis attended to differ-
ences between personalized and generic conditions and to variation
across participants. The Paul-Elder framework structured the in-
terview probes but did not serve as a coding frame; themes were
constructed inductively from the data, and we read the framework’s
standards against those themes during interpretation rather than
mapping data onto them. Where we report that a pattern held
for “most” or “nearly all” participants, these are descriptions of its
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Figure 2: Generic (left) and personalized (right) linked list explanations from the study. The personalized version incorporates
a participant’s stated interest in One Piece, a long-running manga and anime series. P6 later identified a structural mismatch in
this mapping: the island route loops back to its start, making the source domain closer to a circular linked list than the singly
linked list under study.

spread within this sample of ten rather than claims about preva-
lence in a wider population. Table 2 summarizes the themes we
constructed, provided to orient the reader rather than as a coding
instrument applied for reliability. Because we organize the findings
by research question rather than by theme, these themes surface
across sections: structural correspondence and precision of lan-
guage under RQ1, assumed background and audience under RQ2,
and trust, engagement, and control under RQ3.

4 Results
We present findings organized by research question, drawing on the
themes generated through the reflexive thematic analysis described
in Section 3. The pre-survey served to generate each participant’s
personalized analogies and to characterize the sample rather than
as a source of analyzed outcomes, so the findings below rest on
the think-aloud and interview data. Asked about explanations in
general, participants described when analogies help them. Nearly
all participants saw analogies as most useful at the start of learning
a concept, for an initial big-picture understanding, with technical
detail more appropriate once that understanding had formed. As
P9 put it, “when I’m just introduced to one, then analogies help. . .
and then once I get [deeper]” the technical explanation takes over.
Across all three questions, participants treated the analogies as argu-
ments with a point of view rather than as true-or-false statements.
They checked their structural accuracy, examined whose experi-
ence they assumed, and weighed the relationship personalization
presumed with the learner. Across these judgments, participants

Theme What it captures

Learning preferences Students’ initial approaches to understanding
unfamiliar CS concepts before using AI.

Personalized
analogies

Reactions to explanations tailored to partici-
pants’ stated interests.

Fairness &
assumptions

Perceived assumptions about learners’ back-
grounds, prior knowledge, and tone.

Trust & verification How students judged the credibility of explana-
tions and when they chose to verify them.

Evaluation criteria The qualities participants used to assess expla-
nation quality (e.g., clarity, accuracy, useful-
ness).

Design
recommendations

Participants’ suggestions for improving AI-
generated explanations and analogies.

Table 2: Top-level themes constructed through reflexive the-
matic analysis. Each theme encompasses multiple lower-
level codes.

drew on knowledge of both the computing concept and the anal-
ogy’s source domain, a pattern we develop in the Discussion as
two-sided analogy auditing.
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4.1 Evaluation Criteria (RQ1)
Participants did not evaluate analogies holistically. Across the open-
ended think-aloud task and the interview probes, they flagged
specific, low-level breakdowns in the mapping between source
and target domain. A recurring failure participants identified was
a structural mismatch between the analogy and the real-world
domain it borrowed from, echoing Halasz andMoran’s [25] concern
that analogical models are only ever partially structure-preserving.

P6, evaluating a linked-list analogy built around One Piece (a
manga series in which characters sail between islands in a fixed
sequence), corrected the analogy’s structure rather than the com-
puting concept itself: “if you really consider [it] to be a link[ed]
list, it would be a circular link[ed] list, because once you pass the
last island, you go back to the first island.” The analogy implied a
loop back to the start, which describes a circular linked list rather
than the singly linked list under study. P8 raised a similar objection
to a Sudoku-based recursion analogy, noting that “having a base
case of 1 in this analogy is a slight disconnect between Sudoku and
recursion. . . you can’t always just write one for that one remaining
cell.” P2 identified a subtler agency error in a video-editing anal-
ogy for linked lists, observing that the analogy misattributed the
traversal logic: “it’s more of like a case where the playhead knows
what’s next, rather than, like, the clip knows what’s next.” P6 re-
jected a badminton-based recursion analogy on the same grounds,
since a rally carries no guarantee of a shrinking input, “if I had to
compare a badminton rally to anything, it would be a loop, not a
recursion,” and proposed golf, where each successive stroke covers
less distance, as a structurally sound replacement. P3 rejected a
teammate-handoff analogy for recursion because the tasks it de-
scribed lack the dependence recursive calls require: “they’re really
just, like, independent when we sync up tasks, so I would say, like,
this is not that good of an example.” When students had enough
domain expertise to check an analogy’s mechanics, they held it
to whether its structure matched the concept, not only whether it
captured the general idea.

A second recurring criterion was precision of language. Partic-
ipants flagged specific phrases as “open to interpretation” rather
than critiquing tone or content broadly. P8 pointed to hedging lan-
guage directly: “using slightly simpler answer isn’t really telling us
much. . . that is a little bit open to interpretation, which you don’t
want, obviously.” P1 made a concrete substitution proposal rather
than a vague complaint, suggesting an explanation “could have
said that it points to the memory address of the next node” instead
of the vaguer “remembering.” Related to this, several participants
flagged missing elaboration as a distinct failure from vagueness:
P4 wanted “an additional thing on why it’s necessary to have a
temporary variable instead of using, like, directly the one,” and P7
argued that fairness required the AI to justify claims rather than
assert them: “it should be more specific. This is here for this reason.”
Clarity judgments also bled into accuracy judgments. P5, having
just described an explanation as accurate, doubted that accuracy
on the grounds that the personalized text was “a lot more bloated”
than the alternative.

Participants also described concrete verification behaviors rather
than passive acceptance, which speaks to how these criteria were
applied in practice rather than only in the abstract. P4 described

cross-referencing AI output against lecture material as a default
habit: “I would always either fact check it, like, based on the course
notes. . . or ask it questions so it kind of sits right, like, based onwhat
I’ve learned in lecture.” P5 made trust conditional on provenance:
“I usually try my best to give it a source of information. . . I would
be a lot more doubtful and untrustworthy [without one].” Rather
than a single accept-or-reject judgment, participants’ evaluation
worked as an iterative filter, with follow-up questions used to probe
for inconsistency. P6 described testing analogies against worked
examples “so that I can put them in and see what the expected
result is.”

4.2 Affective and Social Dimensions (RQ2)
Participants also evaluated explanations for whose background
they assumed, echoing the fairness and point-of-view standards
of the Paul-Elder framework [44]. The most direct failure mode
was assuming prior knowledge the student did not have yet. P1
described being confused by an explanation that reached beyond
the course syllabus: “it gave a lot of theorems and formulas, which I
wasn’t. . . I haven’t learned before.” P8 reported a similar mismatch
when practice questions assumed upper-year coursework. P7 noted
that this gap was structural to how the AI scaffolds new material,
jumping from foundational data structures to more advanced ones
“with no background whatsoever.”

A related failure was assumed domain familiarity, particularly
around sports and gaming references. Asked in the interviewwhether
an explanation had ever felt like it was not meant for them, P9
recalled past experiences with analogies drawn from “the more
male-dominated. . . [side] of computing. . . I personally don’t know
much about sports, so using those analogies, I’m not sure what
to do with that.” The concern was about the kinds of references
AI explanations reach for by default rather than about a specific
analogy in the study. P2, an avid gamer evaluating a recursion
analogy built around Valorant (a team-based competitive video
game), flagged the same failure mode even for a game they knew
well: “it does assume that you have the terminology you need. . .
if you had somebody who doesn’t play Valorant. . . they might be
thinking, like, what’s an entry fragger [a specialized in-game role]?”
P1 raised this as an explicit design recommendation (Section 4.3),
warning designers against analogies drawn from “movies which
they haven’t watched. . . or sports they’ve never played before.”

Participants also read excessive explanation as a social signal.
When an explanation over-explained familiar material, several took
it as a sign the tool assumed they knew less than they did. Par-
ticipants described excessive explanation as condescending rather
than inefficient. P9 was the most explicit: “it felt like it was coming
from a point of view where it was trying to baby me, in a sense. . .
it assumed I knew less than I actually do, and then tried to make
up for that.” P6 described the same phenomenon in terms of word
economy: “I feel like they’ve picked, like, a really complicated way
of explaining this. . . at least 5 too many words than there should
have been.” This suggests students read length and repetition as
social signals of assumed competence, not just as stylistic choices,
complicating a simple “more scaffolding is safer” design heuristic.

Not all participants attributed confusion to the explanation itself.
P10 explicitly declined to locate any fairness failure in the AI’s
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assumptions, instead self-attributing confusion to their own effort:
“maybe I’m not understanding this right now, but I need to put in
more effort.” We report this as a distinct pattern rather than an
absence of finding, since it indicates that not all students apply the
same fairness lens by default, and somemay locate difficulty in their
own effort rather than interrogating the explanation’s assumptions.

4.3 Personalization and Reception (RQ3)
Participants reported sharply divided reactions to the interest-
personalized analogies, and those reactions were often associated
with whether they knew the analogy’s source domain well. When
personalization “landed,” participants described a qualitative shift
in how memorable or intuitive a concept became, consistent with
Hallal et al.’s [26] finding that AI-generated analogies increase per-
ceived engagement. P6 described a durable shift in how they now
think about linked lists: “I’m not gonna lie, this might have even
helped me to understand linked lists. . . I might in future think about
it as a Log Pose [the series’ island-to-island compass].” P8 described
personalization as changing their overall stance toward analogies
as a category: “you really changed my mind about analogies. . . def-
initely the custom, personalized ones were very, very awesome.” P9
attributed the analogy’s usefulness specifically to lived experience
with the source domain, a painting analogy that worked “because it
connected to something I am quite familiar with. . . since I’ve gone
through those motions myself.”

When the fit was poor, participants went further, calling the
personalization artificial. P10, whose stated interests included bak-
ing, still rejected the baking-based analogy because it would not
generalize: “I didn’t really like this analogy. I feel like not everyone
bakes.” The objection concerned generalizability rather than per-
sonal fit; an interest-based analogy risks excluding students who do
not share the interest. P7 described a gym-based recursion analogy
as reaching for a connection that was not structurally there: “it’s
digging too much into their interests, it’s trying to find something
that isn’t there.” Several participants preferred the plain technical
explanation even when the personalized one matched their own stated
interest. P7, evaluating a Minecraft-themed explanation (a sandbox
building game), said: “even thoughMinecraft was my bias, I actually
like this one more [the generic one], because it feels more, like,
technical.” Asked why, P7 explained that the personalized analogy,
while relatable, felt incomplete: “even though it’s, like, nice to relate
to, I wouldn’t just rely on that, I would ask an additional prompt to
go more into detail, whereas this one is. . . a good, concise introduc-
tion to the concept.” P7 preferred the technical explanation for its
self-sufficiency since it stood on its own, while the analogy would
have required follow-up to reach the same depth. Interest matching
alone did not guarantee reception when the personalized version
sacrificed completeness for relatability.

The clearest evidence bearing on motivated reasoning [32] came
fromparticipants’ own accounts of whether personalization changed
their critical stance. The pattern was not uniform. P1 reported ex-
actly the reduction in scrutiny our framework anticipated, saying
that knowing the analogy was tailored to them left them “less crit-
ical about it because I could trust it more.” But P7 reported the
opposite association between personal relevance and trust, treating

heavy personalization as a reason for suspicion rather than com-
fort: “that actually made me trust them less. . . I tried to let AI know
the bare minimum about me.” What tracked scrutiny consistently,
across participants, was domain expertise rather than personal in-
terest per se: P9 noted that their ability to audit an analogy came
from prior knowledge of the target concept, not affection for the
source domain: “since I knew a lot about the concepts, I could tell if
it was going wrong. . . it didn’t increase my trust.” P6 made the same
expertise-contingency explicit from the other direction, describing
how their fluency in One Piece let them appreciate an analogy’s
craftsmanship in a way a non-fan could not: “now that me knowing
LinkedList and me knowing OnePiece can appreciate that this is
a really good explanation.” Together, these accounts suggest that
the relationship between interest personalization and scrutiny may
depend less on whether content is interesting than on whether
the student has sufficient target- or source-domain knowledge to
evaluate it. We treat this as an emergent qualitative interpretation
rather than evidence of a causal effect.

Finally, when asked directly how a GenAI tutor should handle
personalization, participants converged on giving the learner con-
trol rather than having the system infer or impose interests. P1
proposed a menu-based design: “it should ask the prompter if they
would like a real life analogy. . . provide maybe 2 or 3 examples,
and then the prompter could choose from those 3 examples.” P10
proposed a more conservative default, reserving analogy for cases
where a technical explanation alone had already failed: “focus on
making a comparison before it dives deeper into the content. . . if
the student is unable to understand, then to bring in analogies from
the real world.” Others treated the two forms as complements rather
than alternatives. P2 described the personalized analogy as building
a big picture that made the generic explanation easier to digest after-
ward, while P7 proposed the reverse order, a formal definition first
with the analogy as reinforcement. This design preference aligns
with the fairness findings in Section 4.2. Participants who wanted
opt-in personalization frequently cited the same risk of alienating
peers who did not share the interest, e.g. P1’s warning against
analogies drawn from “movies which they haven’t watched. . . or
sports they’ve never played before.”

Pre-survey responses were descriptively consistent with this
pattern. Participants reporting the lowest confidence in linked lists
and recursion tended to raise clarity and wording concerns rather
than the structural audits seen from higher-confidence participants.
Sense-of-belonging scores, inspected descriptively rather than ana-
lyzed as a variable, clustered high across the sample.

5 Discussion
Our three questions yielded distinct findings. For RQ1, students
evaluated analogies by structural correspondence, holding an anal-
ogy to whether its source domain shared the computing concept’s
structure, and applied precise, mechanism-level criteria rather than
global judgments of accuracy. For RQ2, students read explanations
for whose knowledge and background they assumed, treating both
unfamiliar cultural references and excessive scaffolding as signals
about who the explanation was written for. For RQ3, most par-
ticipants described the personalized analogies as more engaging,
while trust moved in no single direction; scrutiny tracked domain
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expertise more consistently than personal interest. We interpret
these findings below.

5.1 Two-Sided Analogy Auditing
We call our account of how learners evaluate analogies two-sided
analogy auditing. Target-concept knowledge identifies the relations
an analogy must preserve, such as recursion’s shrinking input and
dependent calls or a linked list’s pointer chain. Source-domain
knowledge determines whether those relations hold there; neither
side is sufficient alone. Structure-mapping theory establishes that
analogical reasoning depends on relations between source and
target domains [21]. We show what this may mean for critically
evaluating a mapping and propose that a familiar source can affect
which knowledge a learner brings to that evaluation.

This reframes how interest personalization may function. Prior
literature primarily treats interest-based personalization as a lever
for engagement. In our study, participants who knew an analogy’s
source domain well could also draw on that knowledge when in-
specting the mapping. A familiar source may therefore make an
analogy both more engaging and more inspectable: familiarity can
help a learner identify where a source domain fails to preserve the
target concept’s structure. We interpret this as a possible epistemic
role for interest personalization in addition to its motivational role.
Because explanation format and personalization varied together in
our design, the study cannot isolate personalization as the cause of
the observed scrutiny.

A second implication follows for how the field measures expla-
nation quality. GenAI computing education research tends to focus
on quality as a single correctness judgment. Our participants did
not evaluate it that way. They assessed the underlying concept, the
source domain, and the correspondence between them as separate
layers, and accepted one even when they rejected the other, rating
analogies as memorable even when they doubted the accuracy, or
found it accurate even when objecting to its tone. Constructivist
accounts predict this, since understanding is built by integrating
new material with the particular knowledge structures a learner
already holds [45], and different learners hold different structures.
A single quality score would therefore obscure both where an expla-
nation succeeds for a given student, and the layer, concept, source,
or mapping, at which a personalized analogy breaks.

Participants’ accounts emphasized structural correspondence
alongside, and sometimes over, engagement or personal relevance.
Alexander’s Model of Domain Learning frames the capacity to
make that judgment as a function of expertise [2, 3]. Learners
move from acclimation, where they lack the structured knowledge
to evaluate claims in a domain, toward proficiency, where a rich
knowledge base supports independent judgment. Participants who
demonstrated substantial source-domain knowledge audited the
source side of the mapping directly, while target-domain knowledge
helped them identify which relationships the analogy needed to
preserve. These observations suggest that interest and expertise
should be distinguished and that expertise should be identified as
source-domain or target-domain expertise rather than treated as a
single construct.

We did not see that personalization influenced trust uniformly.
Across the ten participants, some grewmore suspicious of a familiar

analogy, others were trusting while still being critical. What their
coexistence suggests is that personalization changes what a learner
brings to an evaluation, the structures and dispositions they test
new material against, rather than pushing trust one way.

5.2 Implications for Design and Instruction
First, we recommend personalizing through source-domain struc-
ture rather than topical relevance alone. By source-domain structure,
we mean relationships and processes in the familiar domain that
must correspond to the target concept, such as successive problem
reduction and a stopping condition for recursion or a directed chain
of references for a singly linked list. Interest matching alone can
leave a generic explanation behind. Depth of domain engagement,
not surface reference, drove both engagement and auditing, con-
sistent with evidence that personalization depends on how deeply
students engage with their interests [6]. Systems should therefore
distinguish interest from expertise, asking learners not only what
interests them but which domains they knowwell enough to reason
about critically.

Second, verify structure before delivery. Because structural corre-
spondence separated accepted from rejected analogies regardless of
relevance, no amount of personal relevance rescues a broken map-
ping. A generation pipeline could confirm that a candidate source
preserves the concept’s essential structure before the student sees
the analogy.

Third, give the learners control over how personalization is used
in their learning, including the option to view a generic explanation
alongside a personalized one.

The most consequential implication is instructional, and it in-
verts how these systems are usually framed. Locating where a
mapping breaks requires knowing the concept’s actual structure,
so analogy critique is itself a check on understanding, and a more
demanding one than reading a finished explanation. A student who
shows that a badminton rally lacks a shrinking input has demon-
strated an important component of recursion. This is a construc-
tivist claim: critique asks the learner to test an external structure
against the target concept they already hold [45], which is the same
integrative work that helps build understanding. It reframes the
accuracy risk of GenAI analogies as a resource. Rather than filtering
flawed analogies out as a hazard, an instructor can assign them
as objects to inspect, question, and repair, turning the tool’s least
reliable property into the substance of the exercise.

5.3 Motivation or Knowledge
Our findings add to an open question from prior work. Motivated-
reasoning accounts predict that personally relevant material lowers
critical scrutiny [32], while the personalization-as-engagement lit-
erature predicts it raises reception [6, 53]. Both treat personalization
as acting on a learner’s motivation. Our results located its effect
elsewhere. By selecting a domain the learner already knows, per-
sonalization changes the knowledge available for evaluation (as we
discussed above).

This distinction clarifies a tension in prior results. Cao et al. [16]
found that CS majors sometimes performed worse with an analogy,
particularly when mapping a non-technical comparison back onto
a technical task, whereas our domain-expert participants audited
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analogies effectively. The two outcomes measure different knowl-
edge against different demands. Cao’s expertise axis is computing
knowledge, the target side, assessed against a performance out-
come. Ours is interest-domain knowledge, the source side, assessed
against an auditing outcome. Which side a learner is strong on de-
termines what they can do with the analogy, so expertise does not
raise or lower reception uniformly. It shifts the kind of engagement
an analogy encourages.

This also revises a concern about analogical models in computing.
Halasz andMoran [25] argued that learners cannot reliably separate
relevant from irrelevant inferences because they lack the domain
knowledge to do so. Two-sided auditing shows that this deficit
may be specific to source-domain or target-domain knowledge.
Where Bettin and Ott [10] treat domain isomorphism as a property
designers must guarantee, our participants enforced it themselves,
rejecting analogies whose structure diverged from the concept and
locating the point of divergence.

Finally, our account adds a lever that work on GenAI scrutiny
has not considered. Cardell-Oliver et al. [17] locate the failure of
critical engagement in the model’s interactional habits, such as
praising underdeveloped answers and doing the learner’s reasoning
for them. That places the burden of eliciting scrutiny on how the
model behaves. We add that a well-chosen domain equips a student
to challenge the explanation regardless of whether themodel invites
the challenge. Personalizing through source-domain structure is
therefore not only an engagement decision but a critical-thinking
intervention, one that operates on what the learner can question
rather than on what the system chooses to ask.

5.4 Future Work
The instructional use of analogy critique remains untested. A class-
room study could assign students GenAI analogies with known
structural flaws and test whether locating and repairing them pre-
dicts performance on an independent assessment, separating cri-
tique from exposure to a correct explanation. The study could also
distinguish failures identified in the target concept, source domain,
or correspondence, directly testing two-sided analogy auditing.

Because our participants had completed CS2, novice evaluation
remains untested. Alexander’s Model of Domain Learning predicts
that novices rely more on surface features and external validation
than on independent structural judgment [3]. Recruiting students
before they encounter linked lists or recursion could test whether
source-side and target-side critique depend differently on prior mas-
tery of the interest domain and computing concept. A larger sample
could also test whether the observed trust stances correspond to
prior GenAI use, self-reported domain expertise, or disposition
toward automated systems.

Implementing the structural correspondence check proposed in
Section 5.2 and comparing reception of checked and unchecked
analogies would test whether it improves the outcomes participants
described.

5.5 Limitations
Construct validity. Personalization may be confounded with ex-
planation format. The personalized explanations used analogies,
while the generic ones were mainly plain technical explanations. So

the engagement differences participants described could come from
the analogy format, the personalization, or both. Prior work finds
AI-generated analogies more engaging than plain explanations on
their own [26], and telling these apart would need a generic-analogy
condition. Researchers also curated the stimuli, choosing which
interest to pair with each concept and which output to show, so par-
ticipants saw a filtered set of analogies rather than the raw output
a fully automated system would generate.

Internal validity. Because the generic explanations were the
same for everyone while the personalized analogies were generated
per participant, we cannot separate variation in the personalized
stimuli from participants’ individual interests. Everyone did linked
lists before recursion, so reactions to the recursion analogies may
reflect familiarity gained in the first task; we varied the order of
personalized and generic versions within each concept, but not the
order of the concepts themselves. We collected pre-survey measures
of concept confidence and sense of belonging but did not analyze
how they related to evaluation behavior, given only ten participants
and little variation in belonging scores; the interview data stayed
our main source of evidence.

External validity. Ten participants limit how far the findings
transfer, and several patterns rest on just one or two accounts. In
reflexive thematic analysis a pattern matters for its interpretive
weight rather than how often it appears [43], so a single clear ac-
count can still be a real finding, but claims like P7’s privacy discom-
fort need more study before they inform design. All participants
had finished CS2 and evaluated concepts they already knew, so
their criteria may differ from those of true beginners. Finally, partic-
ipants’ interests leaned toward gaming, sports, and popular media,
the same reference space P9 found alienating, so our stimuli may
under-represent how personalization works for students whose
interests fall outside it.

6 Conclusion
We examined how ten undergraduate computing students eval-
uated GenAI-generated analogies for linked lists and recursion,
comparing interest-personalized analogies with generic technical
explanations. Students audited structural correspondence, flagged
imprecise language and missing justification, and read assumptions
about knowledge and cultural reference points as signals about
the imagined reader. Most found the personalized analogies engag-
ing, trust moved in no single direction, and scrutiny aligned more
consistently with source- or target-domain knowledge than with
personal interest. These findings support tools that verify structural
fit, place personalization under student control, and treat analogy
critique as a learning activity. A deeply known source domain may
help learners challenge the explanation.
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