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Abstract
Misconception catalogs in CS education describe how novice programmers typically go wrong. Prior catalogs
are descriptive registries: useful for instructors, but not directly actionable as input to automated assessment
generation. We present a Python-specific master catalog of 34 misconceptions across 9 syntactic and semantic
categories, hand-curated from peer-reviewed catalogs, CS1 textbooks, and the Python language specification,
augmented with operational metadata: each entry pairs the misconception description with a verified one-line
Python example demonstrating how the misconception surfaces in code. As a work-in-progress contribution,
we further introduce an automated catalog-construction pipeline distilled from this manual curation work,
intended to make future catalog construction reproducible at scale. We use the curated catalog to drive an LLM
distractor-generation pipeline and evaluate the resulting MCQs against a catalog-free baseline using a cross-
model rating procedure. Both conditions use identical single-invoke generation architecture so the experimental
variable is solely catalog-vs.-no-catalog. We report misconception-fidelity rates across two generator LLMs (one
commercial, one open-weight): the curated catalog suppresses distractors the validator approved but that run
and produce the expected output to near-zero on both generators, while the uncurated conditions (naive baseline
and pipeline-output catalog) produce them at 13–25%, despite scoring higher on the validator’s surface approve
rate. The contribution of this paper is threefold: the curated master catalog itself, the in-progress pipeline that
automates its construction, and an experimental design that isolates the contribution of catalog grounding from
generation-pipeline architecture and from rater-judge biases documented in the LLM-as-a-judge literature.

Keywords
Distractor generation, programming misconceptions, multiple-choice questions, Large Language Models, CS1,
computer science education

1. Introduction

CS education at scale relies on multiple-choice questions (MCQs) for formative assessment, and the
diagnostic value of an MCQ depends largely on its distractors. A well-designed distractor is the
manifestation of a specific student misconception: when a student picks it, the instructor learns why the
student was wrong, not merely that they were wrong. Distractor design varies widely in CS1 practice,
but the recent body of work on automated distractor generation (Section 2) has not been architected
around catalog discipline: distractors are typically evaluated for plausibility or student-engagement
metrics, but rarely for whether they actually instantiate a documented misconception. Programming
misconception catalogs—Sorva’s dissertation [1], the curated progmiscon.org inventory [2], the Qian &
Lehman literature review [3], and the empirical studies they reference [4, 5, 6, 7, 8, 9]—have spent two
decades documenting the recurring faulty mental models novices hold about variables, control flow,
scope, and object semantics. These catalogs are descriptive registries, not operational specifications:
they tell you what the misconception is, but not how to manifest it as a single buggy line of code that a
generation pipeline can produce on demand.

Existing approaches to automated distractor generation have largely worked around this gap rather
than closing it [10, 11, 12, 13]. This paper closes the gap with three contributions. First, a Python-
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specific master catalog of 34 hand-curated misconceptions across 9 syntactic and semantic categories
(Section 3), synthesized from six peer-reviewed catalogs (Sorva [1]; Chiodini et al. [2]; Sirkiä & Sorva [5];
Kaczmarczyk et al. [4]; Žanko et al. [8]; Johnson et al. [9]), CS1 textbook and language-specification
sources, with each entry paired with a verified one-line Python example that demonstrates how the
misconception manifests in code. The catalog was constructed via human-AI collaboration, with each
entry’s source recorded and audited (Section 3); we treat the master catalog as a contribution in its own
right, not merely as input to the pipeline.

Second, an in-progress automated catalog-construction pipeline (Section 3) distilled from the manual
curation work above. The pipeline operationalizes the lessons learned during hand-curation: candi-
date extraction, LLM-judge validation, manifestation classification, and per-entry executable-example
generation with retry-with-feedback. Its maturation toward reproducible catalog generation is the
work-in-progress we report here.

Third, an experimental framework (Sections 4–5) comprising (a) a catalog-grounded LLM distractor-
generation pipeline that uses the catalog as an executable specification, picking a misconception per
problem and writing the buggy line a student holding it would produce while preserving the catalog iden-
tifier and citations through to the MCQ artifact; (b) a catalog-free naive pipeline of identical generation
architecture as a baseline, in which the generator draws on its own internal misconception priors; and
(c) a cross-model rating protocol that scores every distractor on a four-axis rubric (catalog grounding,
claim fidelity, code validity, distinctness; Section 4), addressing LLM-as-a-judge self-preference concerns
documented in the evaluation literature [14, 15]. We instantiate the framework with two generator
models (Claude Opus 4.7 and gemma4:31b; one commercial, one open-weight), an in-loop judge (Claude
Haiku 4.5) that is a distinct model from any generator, and an independent post-hoc cross-validator
(GPT-OSS 20B).

The remainder of the paper proceeds as follows. Section 2 reviews related work in CS misconception
cataloging and distractor generation. Section 3 describes the master catalog and the in-progress pipeline
distilled from its construction. Section 4 describes the distractor-generation architecture. Section 5
reports the internal validation experiment and results. Section 6 discusses limitations and future work.

2. Related work

2.1. Distractor Generation

Automated MCQ generation has received a lot of focus from researchers since manually authoring MCQs
is labor intensive. While there has been attempts addressing the task as a whole [16, 17, 18, 19, 20, 21, 22]
most of the work focuses on a specific component of an MCQ—the stem, the key (correct answer), or
the distractors (incorrect choices; this work). Many approaches to generate high-quality distractors
have been proposed and studied [23, 24, 25, 26, 27, 28, 29]. One of the foundational work in this area
is Gierl et al. [30] who proposed guidelines for high-quality distractors related to, e.g., their number,
ordering, or plausibility. Specifically, plausibility is often being cited as one of the most important
properties of distractors. Further, distractors must be unambiguously incorrect [24, 23, 31], related to
the studied problems [32], and similar to (but not to be confused with) a correct answer [33]. There is
no concensus in terms of the ideal number of distractors or their ordering. Some researchers suggest
that two distractors are enough and there is little benefit from adding more [30, 32]. Gierl et al. [30]
state that the most common practical recommendation related to distractors is to focus on identifying
common misconceptions related to thinking, reasoning, and solving the problem [34, 35, 36, 37]. This
recommendation provides the fundamental motivation for our approach in this work.

In computing education research, existing approaches to automated distractor generation have
generally avoided explicit use of misconceptions in the process. Smith & Zilles [10] mutate the AST of
correct solutions to produce Parsons-problem distractors—syntactically diverse, but with no necessary
connection to a documented misconception. Lee, Kim & Jo [13] train a model to predict which distractors
students are most likely to choose, optimizing for plausibility without committing to fidelity: the
resulting distractors are good lures but blind to what they reveal. Hassany et al. [12, 11] generate



code-completion distractors with LLMs and benchmark them against human-instructor distractors;
their work touches catalog-grounded generation but is not architected around it. They report that
across multiple LLMs the model’s internal misconception priors outperformed prompts grounded in an
unedited general-purpose misconception catalog (Sorva’s misconception inventory [1]), with OpenAI
o1 the most striking case (catalog-grounded prompts produced fewer functional distractors than a
simpler baseline prompt) [12]. We read this not as evidence against catalog grounding per se but
as a finding about catalog quality: when the supplied catalog is general-purpose and unedited, an
LLM’s internal misconception representations are a stronger signal—motivating our hypothesis that
the missing ingredient is operational metadata (how the misconception surfaces as a code change)
and curation discipline, rather than the presence of a catalog itself. Across this literature, catalog
discipline is rare: distractors are evaluated for plausibility or for student-engagement metrics, but rarely
for whether they actually instantiate the misconception they claim to demonstrate. We position our
four-axis distractor rubric (catalog grounding, claim fidelity, code validity, distinctness; Section 4) within
the established multiple-choice item-design tradition reviewed by Gierl et al. [30], which synthesizes
decades of guidance on plausibility, distractor distinctness, and misconception-sourcing for human
item-writers; our rubric adapts these constructs from the human-author setting to one where the writer
and the judge are both LLMs. Albrecht & Grabowski [38] document the inverse problem in student-error
analysis—principled misconceptions are routinely conflated with sloppy slips—which sharpens the need
for fidelity-graded evaluation on the generation side.

2.2. Cataloging Misconceptions in CS Education

A programming misconception is a stable, incorrect understanding of a programming concept that
produces predictable wrong code. Misconception catalogs aggregate these across studies into reusable
inventories: each entry pairs a description of the faulty model with the errors it produces and citations to
the empirical work that observed it. Catalogs differ along three dimensions that matter for downstream
use: the language they target, how they were collected (interview / think-aloud, large-scale log mining, or
expert synthesis), and the granularity at which entries are described (concept-level, error-pattern-level,
or both). Our master catalog (Section 3) draws on the catalogs reviewed below; for each contributing
source we record the citation alongside the entries it informs.

Two sources anchor the catalog. Sorva’s 2012 doctoral thesis on visual program simulation [1]
consolidates 162 concept-level misconceptions about programming notional machines and remains the
most widely cited inventory for CS1. Chiodini et al.’s progmiscon.org [2] is a curated, web-hosted
registry with stable IDs and citation chains back to original studies—the only source on this list explicitly
designed as a structured registry. The historical anchor is Pea [39], who identified language-independent
conceptual “bugs” traceable to a default-strategy “superbug” in novice programming.

Smaller catalogs complement these anchors. Kaczmarczyk et al. [4] identify four recurring CS1
misconception themes (variables, assignment, language elements, references) from student think-
alouds; Sirkiä & Sorva [5] mine student mistakes from program-simulation logs as empirical grounding
for Sorva’s catalog; Qian & Lehman [3] synthesize prior work into a structured taxonomy that we
treat as a meta-source; Altadmri & Brown [6] rank the most frequent error types in 37 million Java
compilations as an empirical-attestation sanity check. Python-specific and younger-cohort evidence
comes from Swidan, Hermans & Smit [7], Žanko, Mladenović & Krpan [8], and Johnson, McQuistin &
O’Donnell [9]. None of these sources, individually, is structured to drive automated MCQ generation:
all describe what the misconception is without specifying how it surfaces as a single buggy line of code.
Bridging that gap is the purpose of the master catalog described in Section 3.

3. The Master Catalog and Construction Pipeline

The catalog underlying this paper was built first by hand, and the lessons learned during that hand-
curation work motivated the in-progress pipeline that the present paper reports as a work in progress.



We describe both, in that order, since chronologically and methodologically the manual catalog came
first.

Manual catalog. Starting from a prior internal v1 catalog whose breadth had outgrown its rigor,
the authors hand-curated a second-generation catalog by extracting candidate misconceptions from
the peer-reviewed sources reviewed in Section 2 together with the LLM-distractor-generation work
of Hassany et al. [11, 12] and Smith & Zilles [10], then pairing each retained entry with a verified
one-line Python example demonstrating how the misconception manifests in code. The result is a
34-entry catalog spanning 9 syntactic and semantic CS1 categories, with the largest densities in lists
and mutability (𝑛 = 11), variables and assignment (𝑛 = 8), and functions and scope (𝑛 = 5); counts
allow multi-tag membership.1 Every entry traces to at least one peer-reviewed published source (the
catalog contains no instructor-attested entries and no generic-web placeholders); the full catalog is
listed in Table 3 alongside its Python example.

The closest published comparison is Hassany et al. [12], who used Sorva’s misconception inventory [1]
unedited. Our catalog differs in being Python-specific, in pairing each entry with a verified executable
example, and in restricting scope to code-writing misconceptions: our experimental MCQ format is line-
substitution, so the catalog admits only entries whose misconception can be encoded as a single buggy
line. The pipeline’s later extraction quantifies this restriction (see in-progress pipeline paragraph below):
of 138 candidate entries, only 67 (49%) carry a code-writing manifestation, while the remaining 71
(51%) are exclusively semantic-prediction entries describing how a student misreads program behavior
rather than how they write a buggy line. This manifestation distinction is orthogonal to the tracing-vs-
writing skill axis [40, 41]: that axis concerns the student task being assessed; ours concerns whether a
misconception can be encoded as a single buggy substitution at all. Table 1 illustrates the catalog with
six entries selected to span its semantic range, organized by category and labeled (a)–(f). Each row pairs
the kebab-case misconception_id with its catalog-source citation, a one-sentence misconception
description, the verified one-line Python example, and the runtime behavior of that example — the
failure signal the runtime classifier in Section 5 captures and that an LLM judge alone cannot see. The
same six entries drive the distractors in Figure 1 (Section 5), where each distractor is labeled with its
(a)–(f) letter from this table.

In-progress automated pipeline. The hand-curation work above made clear which steps were
repetitive and could be automated, and which required human judgment that no single LLM call could
replicate. We are now building a multi-stage pipeline that operationalizes the automatable portion:
per-source extraction (an LLM reads polished source text and emits candidate misconception entries
with source provenance), id-keyed merging across sources, entry-level validation (an LLM judge filters
out entries that do not represent real CS1 misconceptions or that are clear aliases of another entry),
manifestation classification (whether the misconception surfaces in code-writing, in semantic prediction
of program behavior, or both), and a per-entry generate-and-validate retry loop that attaches a single
canonical Python example to each code-writing entry with up to three regeneration attempts. The
pipeline produces a 138-entry intermediate catalog with three projections: a 67-entry code-writing
subset (28 cw-only entries plus 39 dual-tagged with semantic-prediction); a 44-entry v2-cw-thin
subset (the 67 filtered to entries with a runtime-verified Python example); and a 71-entry exclusively-
semantic-prediction complement (51%). Reconciling the pipeline output against the manual catalog—and
ultimately replacing the manual hand-curation step with an automated one informed by the same
human-judgment criteria—is open work; the present paper reports this pipeline as the work-in-progress
contribution. The hand-curated catalog of the previous paragraph is the primary experimental input in
Section 4; the pipeline’s v2-cw-thin output is included alongside as a catalog-quality manipulation.
The full pipeline-output catalog is given in Appendix A (Table 4).

1Two entries present at generation time were removed in a final citation review; the distractor-generation experiment
(Section 5) ran on the 36-entry pre-removal catalog, but neither removed entry was ever selected by any generator, so the
reported results are unaffected.



ID Misconception Python example Runtime

Variables and assignment

(a) assignment-
direction-reversed
[5, 7]

Students believe the assignment
statement transfers the value from the
left-hand side into the right-hand variable,
reversing the actual semantics.

5 = x SyntaxError —
assignment LHS must be a
name.

For-loops and iteration

(b) c-style-for-loop-
in-python
[42]

Students with prior C or Java exposure
write C-style for loops (parentheses, type
declaration, increment expression) in
Python contexts, producing non-Python
syntax instead of the for i in
range(n): idiom.

for (int i = 0;
i < n; i++)

SyntaxError — int and
i++ are not Python.

(c) for-loop-control-
variable-semantics
[1]

Students misunderstand the semantics of
a for-loop’s iteration variable: how it is
automatically updated each iteration,
whether it is accessible or modifiable
inside the loop body, and what its values
constrain.

for i in
range(5): i =
i + 1

Runs without error;
rebinding i is overwritten
next iteration.

Lists and mutability

(d) mmr5-off-by-one-
array-length
[4]

Students believe a list or array of length N
has valid indices 0 through N inclusive
(N+1 slots), rather than 0 through N-1.

[1,2,3][3] IndexError — length-3 list
has valid indices 0–2.

Meta-cognitive (programmer-intent)

(e) computer-infers-
programmer-intent
[1]

Students believe the computer can deduce
what the programmer meant and fill in
gaps or correct errors, instead of
executing the written code literally.

total = a and b Runs without error; and
returns an operand by
truthiness, not a sum.

(f) omitted-code-
inferred
[39]

Students omit necessary statements,
values, or logic because they tacitly
assume the computer can fill in what was
meant from context, just as a human
reader infers intent from partial
natural-language instructions.

result = max() TypeError — max()
requires at least one
argument.

Table 1
Six master-catalog entries spanning the catalog’s semantic range, labeled (a)–(f). The full 34-entry catalog is in
Table 3.

4. Applying Misconceptions: Generating Distractors

Inputs and architecture. Distractor generation runs over eight CS1-Python problems (variable
assignment, comparisons, sequence iteration, conditional branching, logical operators, range-based
iteration, accumulator patterns, and while-loops). Each problem record carries a statement, a canonical
solution (5–8 lines), one canonical buggy variant with the misconception it targets (used as a generator
hint and as a feasibility check that the misconception admits a one-line manifestation), three increasingly
specific hints, and one to four LLM-proposed test inputs whose distinguishing power is mechanically
verified by running both the canonical and buggy variants in a Python subprocess. For a given (problem,
generator) cell, the pipeline issues a single structured-output call to the generator producing a set of
three distractors, then a second call to a distinct in-loop judge (Claude Haiku 4.5) that emits a set-level
verdict (approve / fix / reject) together with a per-distractor issue string. On non-approve, the next
attempt sees the validator’s per-distractor feedback verbatim and surgically replaces only the failing
distractors; the loop runs at most three attempts.



Catalog and naive arms. Both arms share this generation architecture; the only difference is whether
the catalog (Section 3) is supplied to the generator and validator. In the catalog arm, the generator selects
a misconception_id from the supplied catalog and writes the buggy line that a student holding
that misconception would produce; the validator scores the set on four axes (catalog grounding, claim
fidelity, code validity, distinctness). In the naive arm no catalog is supplied; the generator draws on
its internal misconception priors and emits a free-form kebab-case label, and the catalog-grounding
axis collapses to the remaining three. After each generation call, a deterministic post-processing
step normalises indentation, merges the catalog entry’s prose and citations into the artifact (no LLM
involved in this transcription), and executes each distractor in a Python subprocess against the verified
inputs, classifying its runtime outcome as runs_wrong, runs_correct (false-positive), crashes,
syntax_error, or timeout. Every artifact carries provenance: pipeline-script and runtime git SHAs,
generator and validator model identifiers, sampling temperature, and a hash of the catalog file at run
time.

Generators and cross-judge audit. We instantiate the framework with two generators spanning
the commercial / open-weight axis: gemma4:31b (Google, served locally) and claude-opus-4-7
(Anthropic). Each generator runs three conditions: catalog-curated (the hand-curated catalog as it stood
at generation time, 36 entries; two were later removed in citation review and were never selected by any
generator), catalog-pipeline (the 44-entry v2-cw-thin pipeline output, included to test whether catalog
quality interacts with the catalog effect), and naive (no catalog), yielding six (generator, condition) cells,
each run at 𝑛1 (low temperature) and 𝑛2 (high temperature). Generator–model separation is enforced:
no generator rates its own output. The in-loop judge is Claude Haiku 4.5, a distinct model from the
Claude Opus 4.7 generator though served on the same Anthropic backend. Every distractor is re-graded
post-hoc by an independent open-weight cross-validator (GPT-OSS 20B) using the per-arm rubric the
in-loop validator received; we report agreement (Section 5) as an external check on in-loop validator
reliability [14, 15].

5. Internal Validation

We evaluate the framework of Section 4 as a 2×3 factorial: two generator models (gemma4:31b open-
weight, Claude Opus 4.7 commercial) crossed with three catalog conditions (curated, pipeline, naive),
over eight CS1-Python problems. Each (generator, condition, problem) cell runs at 𝑛1 (low temperature)
and 𝑛2 (high temperature).2 The design supports within-model contrasts across the three catalog
conditions (per generator) and a cross-model contrast at each catalog condition. Distractors are evaluated
along four LLM-judge axes (catalog grounding3, claim fidelity, code validity, distinctness; both in-loop
and post-hoc cross-judge) and one program-execution axis (runtime validity, computed against per-
problem test inputs). Our planned analyses are: paired approve-rate and runtime-validity comparisons
across catalog conditions within each generator, the same comparison across generators within each
condition, and in-loop vs cross-judge agreement on the common item pool.

Catalog ablation and headline finding. Table 2 reports validator approve rate and the trojan-horse
rate (briefly trojan: a distractor the validator approved but that runs and produces the expected output)
across the 2×3 design. Naive leads on validator approve rate on both generators, reproducing the
directional finding of Hassany et al. [12]; the runtime classifier reverses the picture for both. Hand-
curation excluded entries judged likely trojan-prone: 0% trojan on the open-weight generator and
5% on the commercial one, against 13–25% for the four uncurated cells. The filter is invisible to the
validator and is recovered only by executing each substituted line. The commercial generator produces

2Pooled across cells, approve rate rose from 81% at 𝑛1 to 88% at 𝑛2 with trojan-horse counts flat (16 vs 17). No reversal of the
headline contrasts at either temperature; we report combined rates throughout.

3Catalog grounding collapses to a vacuous axis in the naive condition; for the catalog conditions, it is folded into the set-level
approve verdict.



higher trojan rates without catalog grounding (21% naive, 25% pipeline) than the open-weight one
(13%, 15%); ungrounded generation does not mitigate the failure mode at higher model capability in our
two-generator sample.

Approve Trojan xJudge agree

Condition gemma opus gemma opus gemma opus

curated 69% 88% 0/33 2/42 12% 38%
pipeline 81% 75% 6/39 9/36 44% 69%
naive 94% 100% 6/45 10/48 56% 81%

Table 2
Validator set-approve rate4 (n=16 sets per cell), trojan rate (runs-correct distractors among validator-approved
distractors), and post-hoc cross-judge agreement (GPT-OSS 20B vs in-loop Haiku, set-level verdict match). Trojan
denominators vary because the validator gates approval; expressed as percent of 48 generated distractors per
cell, the trojan rates are 0%, 13%, 13%, 4%, 19%, 21% (curated–pipeline–naive, gemma then opus), preserving the
qualitative pattern. Curated catalog produces zero or near-zero trojan distractors on both generators; ungrounded
trojan rates are higher on the larger generator in our sample; cross-judge agreement is lowest on the strictest
condition (curated, where the catalog-grounding axis adds a way for judges to disagree).

Coverage interacts with arm. The eight problems cover concepts unevenly represented in the
catalog (vars and ifelse have many catalog entries; while and accumulator-pattern have none).
Splitting by coverage class, naive’s trojan problem is heaviest on strong-to-mid coverage on both
generators: gemma’s 6 trojans cluster on ifelse (4) with vars contributing zero, and opus shows
a similar pattern at higher absolute counts (ifelse 5; cmp 2, logical 2; vars 0), with one outlier
on none-coverage while. On weakly-covered concepts (forseq, range) the curated catalog’s cost
differs across generators: 3 of 12 distractors clear the validator on gemma vs 9 of 12 on opus, while
naive clears the validator on 12 of 12 distractors on both. Curation discipline transfers cleanly across
none-coverage cells (zero curated-arm trojans on while and accum for both generators); opus curated’s
only trojan failures (2 of 42 approved distractors) both fall on mid-coverage cmp. At n=12 distractors
per (generator, coverage-class) cell, these are descriptive contrasts rather than tests of an interaction;
the pattern is consistent with the cost of forcing ill-fitting catalog entries falling more heavily on the
smaller generator.

MCQ Examples. Figure 1 shows two MCQs produced by the catalog-curated arm, one per generator
(gemma4:31b and claude-opus-4-7). Each item reports the stem with a blank, the keyed answer,
and the three distractors with the catalog misconception_id that drove generation. Both items are
validator-approved, all six distractors are non-trojan (none of them execute and produce the expected
output), and the catalog IDs span three distinct misconceptions per item, demonstrating the catalog’s role
as a generation specification rather than a single template. To make the connection between distractors
and misconceptions more clear, all six misconceptions used to generate distractors for the examples
shown in Figure 1 can be found in Table 1 along with the runtime classification of the substituted line.
We used (a)–(f) letters to cross-reference misconceptions listed in Table 1 with distractors shown in
Figure 1.

4The in-loop validator (Claude Haiku 4.5) shares a model family with one of the two generators (Claude Opus 4.7). Pooled
across conditions, Haiku approves Opus sets at 88% and Gemma sets at 81%; while a directional gap of this kind would be
consistent with documented LLM-as-judge self-preference [15], the post-hoc GPT-OSS cross-judge agrees with Haiku more
often on Opus (62% pooled) than on Gemma (38%) — the opposite direction self-preference would predict if Haiku were
inflating Opus approves out of bias. The 7-point Haiku gap is therefore not consistent with simple self-preference; we rely
on the runtime classifier (judge-independent) as the actual backstop for the catalog-effect interpretation, with the GPT-OSS
cross-judge providing a second, correlated LLM-judge view rather than a fully independent one.



Example 1. Concept: range-based-iteration.
Generator: gemma4:31b, 𝑛1.

Stem.

daily_goal = 5000
days = 7
___________ # fill the blank

total = daily_goal * day
print(day, total)

Keyed answer:
for day in range(1, days + 1):

Distractors:
(b) c-style-for-loop-in-python
for (int day = 1; day <= days; day++)

syntax_error

(d) mmr5-off-by-one-array-length
for day in range(1, days):

runs_wrong

(c) for-loop-control-variable-semantics
for day in range(1, days + 1): day = day + 1

syntax_error

Example 2. Concept: accumulator-pattern. Gen-
erator: claude-opus-4-7, 𝑛1.

Stem.

scores = [85, 92, 77, 88]
total = 0
for score in scores:
___________ # fill the blank
print("Total:", total)

Keyed answer:
total = total + score

Distractors:
(a) assignment-direction-reversed
total + score = total

syntax_error

(e) computer-infers-programmer-intent
total = total and score

runs_wrong

(f) omitted-code-inferred
total + score

runs_wrong

Figure 1: Two MCQ examples from the catalog-curated arm, one per generator (gemma4:31b and
claude-opus-4-7, both at 𝑛1). Each distractor’s (a)–(f) letter cross-references its row in Table 1 (Section 3).

6. Conclusion

We presented two contributions toward operational misconception catalogs for CS education: a 34-entry
hand-curated Python misconception catalog augmented with verified one-line manifestation examples,
and a distractor-generation pipeline that uses the catalog as an executable specification. Across two
generators (gemma4:31b and Claude Opus 4.7) and three catalog conditions (curated, pipeline-output,
naive baseline), the curated catalog suppressed trojan distractors to 0% on the open-weight generator
and 5% on the commercial one, against 13–25% for the four uncurated cells. The validator’s set-approve
rate favors the catalog-free baseline, reproducing the directional finding of Hassany et al. [12]; the
runtime classifier reverses the picture, indicating that the catalog’s contribution is precisely to suppress
the failure mode the LLM judge cannot see. As a work-in-progress contribution, we also reported
an automated catalog-construction pipeline distilled from the manual curation work, whose 44-entry
v2-cw-thin output was included as a third experimental condition and behaves more like the naive
baseline than the hand-curated catalog, locating curation discipline (not catalog presence) as the operative
variable.

Two boundaries scope the work. First, validation in this paper is internal: we measure misconception-
instantiation quality via cross-model rating, not student outcomes. Second, the master catalog was
constructed via human-AI collaboration; for entries where no peer-reviewed catalog source could be
located, we honestly cite the CS1 textbook chapter, language specification, or instructor-attestation
that informed the entry, rather than over-stating the catalog’s published-source coverage.

Our future work runs in two directions. The first is reducing the human-in-the-loop dependence of
the catalog-construction pipeline so that catalog expansion (to additional CS1 topics and eventually
beyond Python) becomes reproducible at scale rather than rate-limited by manual curation. The second
is broadening the question types the catalog can drive: the present paper exercises the catalog only
through fill-in-the-blank distractor generation, but the same catalog entries naturally support code-
tracing items (predict program output) and find-the-buggy-line items (locating the manifestation in a
longer program), each of which recruits more catalog entries into testable form. Misconception catalogs
also support other interventions: detecting misconceptions in student code [43, 44], providing remedial
feedback [45], and generating erroneous examples [46].



Table 3: Hand-curated master catalog (34 entries) used as the catalog-curated experimental input. Each entry pairs a one-sentence misconcep-
tion description with a verified one-line Python example demonstrating how the misconception manifests in code; citations under
each id record the peer-reviewed catalog source(s) the entry was synthesized from.

ID Misconception Python example

aliasing-invisible
[9]

Students do not understand that two variable names can refer to the
same underlying list object, so they fail to predict that mutating
through one name changes the value seen through the other name.

a=[1,2]; b=a;
b.append(3); print(a)

and-operator-as-double-
ampersand
[42, 2]

Students who have prior experience with Java or JavaScript believe
that ‘&&‘ is valid Python syntax for logical AND, when in fact
Python uses the keyword ‘and‘ and ‘&&‘ is a syntax error.

if x > 0 && y > 0:

append-no-aliasing-effect
[9]

Students lack a robust mental model of ‘.append()‘ as a mutating
method call on an object, and therefore fail to predict that
appending a list and later modifying that list will change the
container it was appended into.

a=[]; b=[a];
a.append(1); print(b)

assignment-copies-object-not-
reference
[2, 5, 1]

Students believe a variable stores an object itself rather than a
reference to it, so assigning one variable to another duplicates the
object’s state instead of creating a second reference to the same
object.

a=[1]; b=a;
a.append(2); print(b)

assignment-direction-reversed
[5, 7, 1]

Students believe the assignment statement transfers the value from
the left-hand side into the right-hand variable, reversing the actual
semantics.

5 = x

assignment-equality-operator-
confusion
[6, 2]

Students conflate the assignment operator with the
equality-comparison operator, writing ‘=‘ where a comparison is
needed (e.g., ‘if x = 5:‘) or ‘==‘ where a value must be stored.

if x = 5:

assignment-moves-value
[1]

Students believe that ‘y = x‘ moves the value out of x into y, leaving
x empty or undefined, rather than copying the value while leaving x
unchanged.

x=5; y=x; print(x)

augmented-assign-rebind-
equivalence
[9]

Students believe ‘a += b‘ is always semantically equivalent to ‘a = a
+ b‘, not realising that for lists ‘+=‘ mutates in place and affects all
aliases, whereas ‘a = a + b‘ rebinds ‘a‘ to a new object.

a=[1]; b=a; b+=[2];
print(a)

c-style-for-loop-in-python
[42]

Students with prior C or Java exposure write C-style for loops
(parentheses, type declaration, increment expression) in Python
contexts, producing non-Python syntax instead of the ‘for i in
range(n):‘ idiom.

for (int i = 0; i < n;
i++)

chained-comparison-left-
associative
[42, 2]

Students expect ‘a == b == c‘ in Python to evaluate as ‘(a == b) == c‘
(the Java/JavaScript semantics), rather than as the mathematical
chaining ‘(a == b) and (b == c)‘ that Python actually implements.

assert 1 == 2 == False

class-instance-relationship-
confusion
[1]

Students misconceive the relationship between a class and its
objects, treating the class as either a collection containing its
instances or as a supertype of which each object is a subtype, rather
than as a blueprint or type that instances are created from.

5 in int

computer-infers-programmer-
intent
[1]

Students believe the computer can deduce what the programmer
meant and fill in gaps or correct errors, instead of executing the
written code literally.

total = a and b

dot-operator-only-for-methods
[1]

Students believe the dot notation (e.g., ‘obj.x‘) can only be used to
call methods, not to access data attributes of an object.

(1).real()

equality-assignment-identity-
operator-confusion
[6, 1]

Students conflate the operators for assignment (‘=‘), value equality
(‘==‘), and object identity (‘is‘), using them interchangeably in
conditionals and assignments.

if x = 10:

equals-sign-operator-confusion
[6, 8]

Students misread the ‘=‘ symbol’s role: writing comparison
operators as ‘=>‘/‘=<‘ instead of ‘>=‘/‘<=‘, and treating assignment
‘=‘ as bidirectional mathematical equality rather than a directed
store.

if x => 10:

for-loop-control-variable-
semantics
[1]

Students misunderstand the semantics of a for-loop’s iteration
variable: how it is automatically updated each iteration, whether it
is accessible or modifiable inside the loop body, and what its values
constrain.

for i in range(5): i
= i + 1

func1-def-executes-body
[5]

Students believe that a ‘def‘ statement begins executing the
function body right away, rather than binding a new function object
to a name in memory without running any of the body’s code.

def f(): print("hi")

func6-return-value-not-captured
[5, 1]

Students believe a returned value is automatically deposited into
the caller’s variable without an explicit assignment, failing to assign
the result of a call like ‘text = ask_euros()‘.

len([1,2,3]);
print(result)



ID Misconception Python example

function-argument-and-return-
type-mismatch
[6]

Students invoke functions with arguments whose types do not
match what the function expects, or assign a function’s return
value to a variable used as an incompatible type.

len(42)

function-mutates-input-to-
output
[1]

Students believe a function works by transforming the variable
passed in, so the argument variable itself becomes the result rather
than a separate return value being produced.

n = -5; abs(n);
print(n)

list-append-api-confusion
[10]

Students fail to add an element to a list by calling list.append(item)
correctly, instead using attribute assignment (list.append = value),
the wrong method (list.insert without an index), or a method from
another collection type (list.add).

[1,2,3].add(4)

list-callable-instead-of-method
[10]

Students write ‘result = lst(value)‘ — calling the list object directly
as though it were a function — instead of ‘result = lst.count(value)‘.

[1,2,3](2)

list-plus-commutative
[9]

Students assume that ‘+‘ is commutative for lists and strings,
predicting that ‘[6,7] + [4,5]‘ and ‘[4,5] + [6,7]‘ produce the same
result when they do not.

assert [1, 2] + [3, 4]
== [3, 4] + [1, 2]

list-vs-element-confusion
[1]

Students confuse the entire list/array object with a single cell or
element within it, leading to errors when indexing, assigning, or
passing lists to functions.

[1,2,3] + 10

method-call-syntax-confusion-
brackets-or-missing-parens
[10]

Students invoke list methods using subscript brackets (e.g.,
‘lst.append[x]‘, ‘lst.count[item]‘, ‘lst.remove[v]‘) or omit
parentheses entirely (e.g., ‘lst.count‘), treating method invocation as
indexing or as bare attribute access.

[1,2,3].append[4]

misc4-conditional-stores-into-
tested-var
[5]

Students believe that evaluating a comparison expression like
‘divisor == 0‘ writes the resulting boolean value back into the
variable that was tested (‘divisor‘), as if the comparison were an
assignment.

divisor=5; divisor ==
0; print(divisor)

mmr5-off-by-one-array-length
[4]

Students believe a list or array of length N has valid indices 0
through N inclusive (N+1 slots), rather than 0 through N-1.

[1,2,3][3]

no-reserved-words
[2]

Incorrect: Every sequence of letters and digits starting with a letter
or an underscore can be used as an identifier.

return = 5

omitted-code-inferred
[39]

Students omit necessary statements, values, or logic because they
tacitly assume the computer can fill in what was meant from
context, just as a human reader infers intent from partial
natural-language instructions.

result = max()

pop-vs-remove-list-method-
confusion
[10]

Students use list.pop() when list.remove() is required, treating the
two methods as interchangeable and conflating index-based
removal with value-based removal.

[1,2,3].pop(2)

same-state-same-object
[1]

Students believe that two objects of the same class with identical
attribute values must be the same object (i.e., equality implies
identity), conflating ‘==‘ with ‘is‘.

assert [1,2] is [1,2]

string-number-representation-
confusion
[1]

Students treat the string ‘"456"‘ as equivalent to the integer ‘456‘,
not understanding that the type distinction affects what operations
are valid and how Python handles them.

result = "456" + 1

variable-declaration-memory-and-
value-confusion
[4]

Students hold inconsistent mental models about what happens in
memory when a variable is declared, instantiated, or left
unassigned, conflating naming, allocation, and value initialization.

print(x)

variable-name-string-literal-
confusion
[8]

Students conflate variable references with string literals, predicting
that ‘print(a)‘ outputs the literal text ‘a‘ and that ‘print(’number’)‘
outputs the value stored in a variable named ‘number‘.

print(’result’)
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A. Catalog tables

Table 4: Pipeline-output catalog (44 entries, v2-cw-thin) used as the catalog-pipeline experimental input. Generated by the in-progress
automated catalog-construction pipeline (Section 3); citations under each id record the peer-reviewed catalog source(s) the extraction
pipeline attributed the entry to.

ID Misconception Python example

actual-vs-formal-parameter-
confusion
[1]

Students conflate the arguments passed at a function call site with
the formal parameters in the function’s definition, leading to errors
such as believing call-site and parameter names must differ or being
unable to trace where parameter values originate.

f(x)

and-operator-as-double-
ampersand__chiodini2021
[42, 2]

Students who have prior experience with Java or JavaScript believe
that ‘&&‘ is valid Python syntax for logical AND, when in fact
Python uses the keyword ‘and‘ and ‘&&‘ is a syntax error.

if x > 5 && y < 10:
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ID Misconception Python example

assignment-equality-operator-
confusion
[6, 2]

Students conflate the assignment operator with the
equality-comparison operator, writing ‘=‘ where a comparison is
needed (e.g., ‘if x = 5:‘) or ‘==‘ where a value must be stored.

if x = 5:

assignment-reversed-direction__
sorva2012
[1]

Students believe that ‘x = 5‘ stores x into 5 (right-to-left reading of
the target), reversing the actual left-hand-target semantics of
assignment.

5 = x

bracket-or-missing-parens-on-
list-method-call
[10]

Students invoke list methods like .append(), .remove(), and .count()
using subscript brackets (e.g., lst.remove[value]) or by omitting
parentheses entirely (e.g., lst.count), conflating method invocation
with indexing or attribute access.

n = items.count[x]

c-style-for-loop-in-python
[42]

Students with prior C or Java exposure write C-style for loops
(parentheses, type declaration, increment expression) in Python
contexts, producing non-Python syntax instead of the ‘for i in
range(n):‘ idiom.

for (int i = 0; i < n;
i++):

class-instance-relationship-
confusion
[1]

Students misconceive the relationship between a class and its
objects, treating the class as either a collection containing its
instances or as a supertype of which each object is a subtype, rather
than as a blueprint or type that instances are created from.

x = cls[0]

comparison-with-bool-literal__
progmiscon-web
[2]

Incorrect: To test whether an expression is True or False, one must
compare it to True or to False.

if (x > 5) == True:

computer-infers-programmer-
intent
[1]

Students believe the computer can deduce what the programmer
meant and fill in gaps or correct errors, instead of executing the
written code literally.

x = "10" + 5 #
Trusting Python to
understand I want
numeric addition

dot-operator-only-for-methods__
sorva2012
[1]

Students believe the dot notation (e.g., ‘obj.x‘) can only be used to
call methods, not to access data attributes of an object.

type(’C’, (), {’x’:
5})().x()

equality-assignment-identity-
operator-confusion
[6, 1]

Students conflate the operators for assignment (‘=‘), value equality
(‘==‘), and object identity (‘is‘), using them interchangeably in
conditionals and assignments.

if x = 5:

equals-sign-operator-confusion
[6, 8]

Students misread the ‘=‘ symbol’s role: writing comparison
operators as ‘=>‘/‘=<‘ instead of ‘>=‘/‘<=‘, and treating assignment
‘=‘ as bidirectional mathematical equality rather than a directed
store.

if x => 5:

for-loop-control-variable-
semantics
[1]

Students misunderstand the semantics of a for-loop’s iteration
variable: how it is automatically updated each iteration, whether it
is accessible or modifiable inside the loop body, and what its values
constrain.

for i in range(10): i
= 20 if i == 5 else i;
print(i)

func6-return-value-not-captured_
_sirkia2012
[5]

Students believe a returned value is automatically deposited into
the caller’s variable without an explicit assignment, failing to assign
the result of a call like ‘text = ask_euros()‘.

get_value()
print(result)

function-argument-and-return-
type-mismatch
[6]

Students invoke functions with arguments whose types do not
match what the function expects, or assign a function’s return
value to a variable used as an incompatible type.

x = len(5)

function-argument-return-type-
mismatch
[6]

Students call functions with arguments of the wrong type or assign
function return values to variables of an incompatible type,
reflecting a mental model in which functions accept and produce
values regardless of type.

result = len(42)

function-mutates-input-to-
output__sorva2012
[1]

Students believe a function works by transforming the variable
passed in, so the argument variable itself becomes the result rather
than a separate return value being produced.

y = 5; increment(y);
print(y)

init-misunderstood-as-object-
creator
[1, 2]

Students confuse __init__ with object creation itself, believing it
allocates the object, must return it, must contain non-trivial code,
or is limited to plain attribute assignments.

def __init__(self, x):
return self

instance-var-vs-object-ref-
confusion__sorva2012
[1]

Students conflate an object’s instance variable (e.g., an attribute
called ‘name‘) with the variable that holds a reference to the object
itself.

def foo(person):
return name

list-append-api-confusion
[10]

Students fail to add an element to a list by calling list.append(item)
correctly, instead using attribute assignment (list.append = value),
the wrong method (list.insert without an index), or a method from
another collection type (list.add).

items.append = x

list-callable-instead-of-method_
_smith2023
[10]

Students write ‘result = lst(value)‘ — calling the list object directly
as though it were a function — instead of ‘result = lst.count(value)‘.

result = lst(value)
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list-plus-commutative__
johnson2020
[9]

Students assume that ‘+‘ is commutative for lists and strings,
predicting that ‘[6,7] + [4,5]‘ and ‘[4,5] + [6,7]‘ produce the same
result when they do not.

[6,7] + [4,5] == [4,5]
+ [6,7]

list-vs-element-confusion__
sorva2012
[1]

Students confuse the entire list/array object with a single cell or
element within it, leading to errors when indexing, assigning, or
passing lists to functions.

total = total + items

method-call-syntax-confusion-
brackets-or-missing-parens
[10]

Students invoke list methods using subscript brackets (e.g.,
‘lst.append[x]‘, ‘lst.count[item]‘, ‘lst.remove[v]‘) or omit
parentheses entirely (e.g., ‘lst.count‘), treating method invocation as
indexing or as bare attribute access.

x = items.count[value]

misc3-false-condition-returns-
false__sirkia2012
[5]

Students conflate the boolean value of a conditional expression
with the function’s return value, believing that a condition
evaluating to False causes the function to immediately return False.

return x if x > 0 else
x > 0

mmr5-off-by-one-array-length__
kaczmarczyk2010
[4]

Students believe a list or array of length N has valid indices 0
through N inclusive (N+1 slots), rather than 0 through N-1.

x = items[len(items)]

no-atomic-expression__
chiodini2021
[2]

Students believe that a single literal or variable name is not a valid
expression in Python; they think an expression must always
combine multiple pieces (e.g., an operator and operands).

def foo(value + 0):

no-reserved-words__progmiscon-
web
[2]

Incorrect: Every sequence of letters and digits starting with a letter
or an underscore can be used as an identifier.

return = 5

no-short-circuit__progmiscon-
web
[2]

Incorrect: and/or always evaluate both operands. x > 0 and
items.append(value)

objects-know-their-methods__
sorva2012
[1]

Students model the relationship as the object being aware of and
directing method calls, rather than understanding that a method
call selects an object to operate on via ‘self‘.

MyClass.method()

objects-self-create__sorva2012
[1]

Students believe objects come into existence automatically by
virtue of a class being defined, without needing an explicit
instantiation call such as ‘MyClass()‘.

MyClass.method()

oo5-method-call-without-object-
lookup__sirkia2012
[5]

Students believe a method can be invoked by name alone without
first resolving the object reference through a variable, skipping the
step of accessing the target instance before dispatching the call.

obj = SomeClass();
method()

pop-vs-remove-list-method-
confusion
[10]

Students use list.pop() when list.remove() is required, treating the
two methods as interchangeable and conflating index-based
removal with value-based removal.

arr.pop(20)

recursion-is-magic__sorva2012
[1]

Students treat recursion as a syntactic template to copy-paste for
certain problem types without understanding how the runtime call
stack actually executes, viewing the behavior as unexplainable.

def f(n): return
f(n-1)

return-value-need-not-be-stored_
_sorva2012
[1]

Students believe a function’s return value is available for later use
even if it was not captured in a variable at the point of the call.

func(); print(result)

same-state-same-object__
sorva2012
[1]

Students believe that two objects of the same class with identical
attribute values must be the same object (i.e., equality implies
identity), conflating ‘==‘ with ‘is‘.

if MyClass(1) is
MyClass(1):

static-vs-instance-call__
altadmri2015
[6]

Students call an instance method directly on the class name rather
than on an object instance, conflating the class with its instances.

my_list = [3, 1, 2];
list.sort()

string-number-representation-
confusion__sorva2012
[1]

Students treat the string ‘"456"‘ as equivalent to the integer ‘456‘,
not understanding that the type distinction affects what operations
are valid and how Python handles them.

total = "100" - "50"

subprogram-accesses-caller-vars_
_sorva2012
[1]

Students believe a called function can freely read and write
variables that belong to its calling function, not understanding
Python’s scoping rules that prevent this.

x = 5; def f(): x +=
1; f()

superbug-hidden-mind__pea1986
[39]

Underlying parallelism, intentionality, and egocentrism errors is a
tacit assumption that a hidden, intelligent interpreter lives inside
the language and can infer intent, understand context across lines,
and benevolently fill in what the programmer left implicit.

count = count + 1

type-as-constraint__sorva2012
[1]

Students model types as mere validation rules that restrict which
values are allowed, missing the richer concept of types as
determining what operations are meaningful and how values are
represented.

result = x + y if
isinstance(x, int)
and isinstance(y, str)
else None

variable-name-string-literal-
confusion
[8]

Students conflate variable references with string literals, predicting
that ‘print(a)‘ outputs the literal text ‘a‘ and that ‘print(’number’)‘
outputs the value stored in a variable named ‘number‘.

x = 5; print(’x’)
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vps3-function-used-as-operand__
sirkia2012
[5]

Students believe a function such as ‘float‘ can serve directly as a
numeric operand in an arithmetic expression without first being
called and having its return value substituted, treating the function
object as a number.

5 * float

wrong-method-to-append-to-list
[10]

Students add an element to the end of a list using something other
than ‘list.append(item)‘ — assigning to ‘list.append‘, calling
‘list.insert(item)‘, or calling ‘list.add(item)‘.

items.add(value)
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