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Abstract

When learning to code, students often develop
misconceptions about various programming
language concepts. These can not only lead
to bugs or inefficient code, but also slow down
the learning of related concepts. In this paper,
we introduce McMining, the task of mining
programming misconceptions from samples
of code from a student. To enable the training
and evaluation of McMining systems, we
develop an extensible benchmark dataset of
misconceptions, together with a large set of
code samples where these misconceptions are
manifested. We then introduce two LLM-based
McMiner approaches and through extensive
evaluations show that models from the Gemini,
Claude, and GPT families are effective at
discovering misconceptions in student code.

©) https://github.com/taisazero/mcminer

1 Introduction and Motivation

A misconception is a belief in a false statement,
in short a false belief, such as believing that the
Earth is flat or that real numbers are countable. In
the CS domain, programming misconceptions are
beliefs about programming concepts that are not
warranted by the programming language definition.
We include here beliefs about the syntax and
semantics of programming language constructs
and builtin functions included with the language.
For example, a common misconception in Python
is that the range(n) function produces integers
starting at 1 and ending at n, which may potentially
be the cause for the bug shown in Figure 1.
Programming misconceptions are often the
cause of bugs, which is obviously detrimental. Fur-
thermore, in an educational context, student learn-
ing is impeded significantly when misconceptions
slow down their ability to solve problems correctly,
e.g. writing code that passes test cases. Miscon-
ceptions, knowledge gaps, and other types of
difficulties (Qian and Lehman, 2017) encountered

> Problem description:

Write the factorial(n)
function that computes the
factorial n! defined as:

1
2
3
o! =1 4.
5
6
7

> Student code

. def factorial (n):
if n<O:
return O
fact =1
for i in range(n):
fact = fact = i
return fact

n'=nx(n-1)!

If the input n is negative, the
function should return 0.

> Potential misconception:

range(n) produces values from 1 to n inclusive.

Figure 1: Problem-code pair that exhibits a potential
programming misconception about the range function.

by students make it difficult to learn one concept
correctly, which then makes it harder to acquire
other closely linked concepts, propagating and
compounding throughout a course in a snowballing
manner (Robins, 2010). To maintain positive learn-
ing momentum, it is therefore essential that miscon-
ceptions are identified and fixed as early as possible.
Typically, identifying a misconception is done by
the students themselves, alone or ideally under
Socratic guidance through conversations with an
instructor or teaching assistant (Al-Hossami et al.,
2024). However, this process can be cognitively de-
manding, and, due to insufficient TA resources (Ya-
dav et al., 2016), not fast enough to keep up with
the volume of concepts introduced in a course.

Recognizing the importance of identifying
misconceptions early, in this paper we introduce
MCMINING, the novel task of mining program-
ming misconceptions from code samples produced
by a student over time. Correspondingly, we de-
scribe the development of a benchmark dataset of
programming misconceptions together with a large
set of problem descriptions and corresponding
code samples that exhibit these misconceptions
(Section 3). We then introduce two versions of
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an LLM-based tool for mining misconceptions,
MCMINER-S that identifies potential misconcep-
tions in one code sample at a time, and MCMINER-
M which attempts to identify misconceptions
as patterns exhibited by multiple code samples
from a student (Section 4). We present positive
results of the two version of the MCMINER tool
on the benchmark dataset, using different LLMs
(Section 5). The paper ends with conclusions and
thoughts on future work (Section 6).

2 Related Work

Traditional automated systems (Johnson and
Soloway, 1984; Sirkia and Sorva, 2012; Evans
et al., 2023) rely on hand-crafted rules targeting
a specific set of misconceptions, consequently they
are limited to identifying only misconceptions
from this predefined set. For example, when run on
the example from Figure 1, Side-lib (Evans et al.,
2023) does not identify any misconception. Simi-
larly, modern LLM-based approaches such as (Lee
et al., 2024) focus on classification of logical
errors into a predefined set of categories. Overall,
targeting only predefined or common misconcep-
tions is a significant limitation, considering that
educator beliefs about common errors can diverge
significantly from actual student patterns (Brown
and Altadmri, 2014). In parallel, other approaches
aim to identify code segments that contain logical
errors, such as (Mens et al., 2021; Hoq et al.,
2025), inter alia. While knowing the location of
logical errors is important, current approaches do
not articulate what the actual misconception is
about, which can be argued to be equally important
from an educational standpoint. In this context,
the MCMINING task is novel in that it requires
not only the identification of potentially unknown
misconceptions from consistent samples of student
code, but also articulating their description in terms
of a false belief about a programming concept.
Static analysis tools such as PythonTA (Liu
et al., 2024) aim to identify common coding errors,
style inconsistencies, or security vulnerabilities
through automated code inspection. Static analysis
fundamentally differs from misconception mining
in both scope and objective. Static analysis oper-
ates on individual code samples to identify coding
issues, which limits their ability to determine
whether an otherwise syntactically correct code
matches a problem specification. When run on the
code from Figure 1, for example, PythonTA only

provides code-styling suggestions. In contrast,
the misconception mining task introduced in this
paper analyzes patterns across multiple student
code samples in order to identify underlying false
beliefs about programming language constructs.
Critically, not all misconceptions manifest as
coding errors, as a student may hold a false belief
that happens to produce correct output on available
test cases, and conversely, not all coding errors
indicate misconceptions, as students may make
coding mistakes, such as typos, that are not caused
by false beliefs. Our work focuses on mining the
conceptual misunderstandings that cause coding
errors, rather than detecting the errors themselves,
enabling targeted pedagogical interventions that
address the root cause rather than symptoms.

3 Task Definition and Benchmark Dataset

Given a set of problems and the corresponding
code samples produced by the student, misconcep-
tion mining is the task of identifying any potential
programming misconception that is exhibited
in their code. More formally, the input to the
misconception mining task consists of a set PC
of problem-code pairs (p,c):

PCI{(pl701),(pz,Cz),.‘.,(pN,CN)} :{(pTHCH)}iV (])

where each pair (pn, ¢,,) contains a problem
description p, and the corresponding coding
solution ¢, provided by the student. Figure 1
shows an example (p, ¢) pair, where the code
illustrates a common misconception about the
range function. When presented with this and other
(p,c) pairs that exhibit the same misconception, the
model is expected to generate a natural language
description of the misconception. Note that all
programming misconceptions identified by the
model are considered to be potential misconcep-
tions. Looking at the example in Figure 1, it is
possible that the student has the correct knowledge
about the range(n) function and that the bug in
their code is caused by mistakenly using i instead
of (i + 1) on line 6. The more samples of buggy
code that utilize the range function are in the input
set PC, the more likely it is that the student who
wrote that code holds this misconception.

While misconceptions are known to often cause
bugs, they do not necessarily do so. For example,
a student may incorrectly believe that all local
variables need to have a one letter name. Corre-
spondingly, we classify misconceptions into two
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Algorithm 1 Benchmark Dataset Generation

1: Initialize dataset D < ()
2: for each student k€ {1,2,...,K'} do

3: Select misconception mc® e MC
4: Initialize problem-code set PC B 0
5: Sample from PS a set of N, problem-solution pairs

pgt) — { (p%k>,Ska)) }NK
1

for each (ngk)7Sﬂk)) e PS™ do

McINJECT me™ in s;’“ to obtain code c;k)

6

7: Sample a correct solution s e gl

8

9 Add problem-code pair (pEZ“) ,C%M) to PC'*)

10:  Add (PC(k),mc(k)) to dataset D

11: return dataset D of K misconception-labeled code sets

disjoint categories, harmful vs. benign, depending
on whether they cause or not a bug in the code.

To enable the evaluation of misconception
mining tools, we developed a benchmark dataset D
of K student submission sets, where each student
submission set PC'®) contains problem-code pairs
created such that a subset of the pairs exhibit
a certain programming misconception mc®),
More formally, the dataset contains the following
components:

k AN k RO R
o= {(o )} pei= {0 )}
Each example in D consists of two parts: the set
of (p,c) samples PC'¥) as the observed input, and
the misconception me®) as the target label.

To develop D, we first created a set
MC = {me™ }JIM of M =67 misconceptions, of
which 64 are common, documented misconcep-
tions, and 3 are artificial misconceptions that are
included to enable evaluation on novel miscon-
ceptions. We then created a set PS ={(pn,Sn)} iv
of N =501 problem-solution pairs (p,S), where
for each problem p, the set S' contains one or more
correct coding solutions for that problem.

Given MC and PS, the benchmark dataset D
is created as shown in Algorithm 1. An essential
component of this procedure is shown at step
8, where a misconception is injected into the
correct coding solution of a problem in order to
create code that exhibits that misconception. In
Section 3.1 below we describe the MCINJECT tool
that we developed for this purpose.

Table 1 summarizes the key statistics of our
benchmark dataset. We organized these samples
into 339 code sets, or bags of code samples, each
containing between N, =4 to N =8 code samples.

Misconceptions 67
Problem-Solution pairs used 25
Code samples 1,675
Exhibiting misconceptions 1,063
Showing no misconception 612
Bags of code samples 339
Bags with misconceptions 279
Bags with correct code only 60
Code samples per bag 4-8

Table 1: Benchmark dataset statistics.

Importantly, 60 bags contain only correct code sam-
ples without any misconceptions, serving as neg-
ative examples to test the system’s ability to cor-
rectly identify when no misconceptions are present.

3.1 The McInject Tool

The misconception injection tool MCINJECT takes
as input the description of a computational problem
p, a correct solution code s, and the description of
a programming misconception mec. As output, it
produces a code c as a version of s that is modified
to exhibit the misconception mc. The code ¢
should look as if written by a student holding
misconception mc who tries to solve problem p.
The tool is implemented using Claude Sonnet-4.5
with extended thinking, with a structured prompt
and in-context learning examples. When a miscon-
ception cannot be meaningfully applied to a given
solution code, MCINJECT is instructed to indicate
so, rather than force inappropriate modifications.
An LLM-as-judge evaluation shows that 90.3% of
the code samples successfully exhibit their target
misconceptions. Note that this is a conservative
estimate of MCINJECT’s performance, since the
LLM-as-judge sometimes discards code samples
that exhibit benign misconceptions, where the code
is both correct and natural. Further manual evalua-
tion of 88 code samples shows a 96.6% agreement
between LLM judgment and human assessment,
confirming the reliability of the LLM-as-judge.
Appendix E provides further detailed descriptions
of the tool development, including the prompt,
LLM hyper-parameters, and evaluation setting.

4 The McMiner-S and McMiner-M Tools

As defined in Section 3, in the misconception
mining task the input consists of a bag of one or
more problem-code pairs from a student, and the
output is a potential misconceptions exhibited in
the code samples. To solve this task, we developed
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Problem 1
{description)

Problem 2
{description)

Problem 3
{description)

def factorial(n): de_i average(n):
result = 1 ifn==0:
return 0

def maximum(nums):

for j in range(n): for k in range(n): EMOITEG]

Potential mc,: range(n)
produces values 1 to n.

Potential mc;: range(n)
produces values 1to n.

Potential mc;: list
indexing starts at 1.

\ J
Y

Predicted mc: range(n) produces values from 1 to n.

Figure 2: Illustration of the MCMINER-S single-instance
mining approach on a bag with 3 problem-code pairs.

Algorithm 2 MCMINER-S

Input: Bag of pairs PC' = {(p1,c1),(p2,c2),...,(pn,cN) }
Output: Most likely misconception mc for the bag
- Initialize set of misconceptions M <+ ()
: for each problem-code pair (p;,c;) € PC do

Identify potential misconception mc; for (p;,c;)

If mc; found, add to M
if M is empty then

return e
: for each misconception mce M do
count(me) ={(pj,c;) € PC|mc; =mc}|

> no misconception found

D AN Al > e

return mc=argmax count(mc)
mceM

two variants of an LLM-based mining tool:
1. A single instance variant MCMINER-S

2. A multiple instance variant MCMINER-M.

MCMINER-S proceeds in two stages, as illustrated
in Figure 2 on a bag with 3 problem-code pairs,
and further detailed in Algorithm 2. First (steps
2 to 4), an LLM is instructed to identify potential
misconceptions from each problem-code pair,
using the prompt shown in Appendix F. Then
(steps 5 to 10), the most frequently occurring
misconception is returned.

In the multiple instance variant MCMINER-M,
an LLM is given the entire bag of program-code
pairs and is instructed to identify the misconception
that is shared by the largest number of code samples

in the bag, using the prompt shown in Appendix G.

Compared to MCMINER-S, MCMINER-M has
the advantage of looking at multiple code samples
that may exhibit the same potential misconception
pattern, which in theory should enable more
precision in identifying misconceptions.

S Experimental Evaluations

We used the benchmark dataset to evaluate the
effectiveness of the two McMiner tools when

instantiated using three large LMs: OpenAl’s
03-mini models, Anthropic’s Claude-Sonnet-4.5
models, and Gemini 2.5-Flash models. The
experimental setup for each model is detailed in
Appendix H. For computing accuracy, precision,
recall, F1-score, we define: true positives as cases
where the Ground Truth (GT) misconception
matches the prediction, or the prediction is a
validation novel misconception; true negatives as
cases where both GT and prediction contain no
misconception; false positives as cases where the
prediction does not match GT and fails validation;
and false negatives as cases where GT contains
a misconception but the model predicted none.
Note that when a validated novel misconception is
found but GT contains a different misconception,
this counts as both a true positive (for the valid
discovery) and as a false negative (for missing GT).

To determine whether predicted misconceptions
semantically match ground truth misconceptions,
we employed an LLLM-as-judge approach. Given
that Claude-Sonnet-4.5 was already used in
Mclnject, to mitigate any effects due to potential
self-enhancement bias (Zheng et al., 2023), we
use GPT-5 with medium reasoning effort as LLM-
as-judge for all evaluations. Additional evaluation
results using three different LLMs-as-judges are
presented in Appendix I, together with pairwise
agreement results that show over 94% agreement,
indicating that the LLM-as-judge approach is
reliable for this task. To credit discovery of
misconceptions not present in our benchmark, we
implement a novelty-aware evaluation approach.
For predictions that do not match GT, we use the
same LLM-as-judge validation from MCINJECT
to determine whether the code samples accurately
exhibit the predicted misconception. If validated,
these are counted as novel true positives.

Table 2 present the performance of the 3 large
models in the multiple and single instance mining
settings. Multi-instance mining (MCMINER-M)
substantially outperforms single-instance mining
(MCMINER-S), with the best model (Claude
Sonnet-4.5 + Reasoning) achieving 81.4% accu-
racy for MCMINER-M compared to 77.7% for the
best MCMINER-S model (03-mini medium-effort).
This demonstrates the value of analyzing multiple
code samples simultaneously to identify consistent
patterns with higher confidence. Enabling reason-
ing capabilities consistently improves MCMINER-
M performance across model families: Claude
(77.8% to 81.4%), Gemini (60.4% to 76.1%), and
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MCMINER-M MCMINER-S
Large models Precision Recall F1 Accuracy Accuracy
OpenAl 03-mini (low-effort) 84.3% 67.9%  75.2% 74.6% 76.6%
OpenAl 03-mini (medium-effort) 82.4% 71.8%  76.8% 76.4% 77.7 %
Anthropic Claude Sonnet-4.5 78.1% 76.5% 77.2% 77.8% 64.5%
Anthropic Claude Sonnet-4.5 + Reasoning 83.0% 78.1%  80.5% 81.4% 69.0%
Gemini 2.5-flash 78.8% 56.7%  65.9% 60.4% 73.9%
Gemini 2.5-flash + Reasoning 76.0% 76.3%  76.1% 76.1% 69.1%

Table 2: MCMINER results for multiple-instance mining (left) and single-instance mining (right), evaluated using

GPT-5 (medium reasoning effort) as judge.

MCMINER-M
Small models P R F1 Acc
Qwen-3-8B 759% 43.1% 55.0% 53.7%
Qwen-3-8B +R 73.0% 51.0% 60.0% 57.5%
Qwen-3-14B 81.5% 59.1% 68.5% 69.0%
Qwen-3-14B+R  702% 602% 649% 59.3%

Table 3: MCMINER-M results using Qwen-3 models.

03-mini (74.6% to 76.4% with medium effort).

Additionally, in Table 3 we present the results
of MCMINER-M when using the Qwen-3-8B and
Qwen-3-14B models. The results show that the
smaller models obtain competitive performance,
with Qwen-3-14B achieving 69.0% accuracy,
demonstrating the feasibility of misconception
mining with open source models as well.

5.1 Error Analysis

The best MCMINER-M model achieves 93.3%
accuracy on bags with misconceptions but only
59.3% on correct-only bags, indicating higher false
positive rates on correct code. However, bags that
contain only correct code samples could be easily
filtered out by evaluating on the corresponding
test cases, which means that in practice the system
would still be highly useful for the identification
of harmful misconceptions.

Overall, MCMINER is also effective at identi-
fying novel misconceptions: Claude Sonnet-4.5
with reasoning discovered 41 novel true positives
(12.1% of bags), for example "The student believes
that the division operator / and integer division
operator // are interchangeable or that / will
automatically return an integer when the result is
awhole number".

Misconception difficulty varies substantially:
syntax errors (e.g., = vs. ==) achieve over 95%
accuracy, while subtle benign misconceptions,
e.g., unnecessary parentheses, and subtle out-of-

distribution cases, such as vowel-based naming,
prove more challenging, especially for single-
instance mining. Misconceptions that require the
LLM to reason from the student’s perspective,
e.g., operator precedence, achieve between 42%
—50% accuracy. Overall, compared with the single-
instance version, multi-instance mining obtains
improved performance on the more difficult cases.

6 Conclusion

This paper introduces MCMINER, an LLM-based
tool for automatically discovering programming
misconceptions in student code. Our evaluation on
a benchmark of 1,063 code samples exhibiting 67
misconceptions demonstrates strong performance,
with the best multi-instance model achieving
81.4% accuracy. Critically, MCMINER can
identify emerging and rare student misconceptions
not captured in existing taxonomies, discovering
41 novel misconceptions in our evaluation. This
capability opens the door to uncovering rare,
student-specific misconceptions, which can enable
more personalized learning interventions.

Future work includes systematic evaluations
of MCMINER on real student submissions and
studying the effectiveness of its pedagogical
integration in a classroom setting.

Acknowledgments

This research project has benefited from the
Microsoft Accelerating Foundation Models
Research (AFMR) grant program. The research
was also partly supported by the United States Air
Force (USAF) under Contract No. FA8750-21-
C-0075. Any opinions, findings, conclusions, or
recommendations expressed in this material are
those of the author(s) and do not necessarily reflect
the views of the USAF.

164



Limitations

The MCMINING benchmark dataset contains
code samples that exhibit a single primary
misconception, while code from real students may
exhibit multiple misconceptions simultaneously. In
general, the distribution of misconceptions in the
dataset may be different from their real-world distri-
bution. The evaluation is limited to Python, as such
generalization to other programming languages
remains to be explored. While the misconception
dataset contains 67 initial misconceptions and 42
novel misconceptions discovered by LLMs (which
to our knowledge is the largest ever), the dataset
is expected to be incomplete, as the complete set
of student misconceptions is virtually unbounded.

The LLM-based approach incurs computational
costs that may limit large-scale deployment in
resource-constrained educational environments.
Furthermore, over-reliance on automated detection
may reduce instructors’ diagnostic skills and
discourage valuable Socratic dialogue with
students. Instructors using the system may risk
premature intervention before students have the
opportunity for self-correction through debugging,
a critical part of learning to code. Additionally,
processing student code through third-party LLM
APIs may raise data privacy concerns and requires
careful consideration of educational data protection
regulations, such as FERPA.
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A MclInject Qualitative Analysis

We conducted a qualitative analysis of MCINJECT’s generated code samples to understand performance
variation across misconception types.

A.1 Success Patterns

Several misconceptions achieved 100% exhibit rates. Analysis reveals these fall into two primary
categories:

Syntax-based misconceptions produce clear, unambiguous code patterns that directly violate Python
syntax rules. For example, (Student believes that the = operator is used for equality comparison in
conditional statements) and (Student believes that colons (:) are used for variable assignment) create syntax
errors that are straightforward to inject and verify. Similarly,(Student believes that a function can be defined
without the def keyword) removes a required keyword, making the misconception immediately apparent.
Clear misuse misconceptions involve well-defined incorrect usage of language constructs where the
distinction between correct and incorrect usage is unambiguous. (Student believes that a print statement
must be used to return a value from a function) exemplifies this pattern—replacing return with print
creates a distinct behavioral signature that is both easy to inject and verify. (Student believes that functions
are called using square brackets like list indexing). This misconception similarly produces code with
an unmistakable incorrect pattern.

A.2 Failure Patterns

Conversely, misconceptions with exhibit rates below 70% reveal two distinct failure modes that highlight
the challenges in generating realistic student-like code.

A.2.1 Ambiguous Correctness

Some misconceptions can manifest in code that is both correct and natural, making it difficult to determine
whether the code reflects the misconception or simply represents a valid solution approach. Consider
the misconception (Student believes that loop iteration requires manual counter tracking with an explicit
variable to access element indices) for the problem “Write a function to find the next smallest palindrome
greater than a given number” MCINJECT generated:

import sys
def next_smallest_palindrome(num):
numstr = str(num)
i=num+1
while i < sys.maxsize:
if str(i) == str(i)[::-1]:
return i
i+=1

This code correctly solves the problem and does exhibit manual counter tracking. However, it is
difficult to determine whether a student wrote this code due to holding the misconception or simply
because this represents a valid and natural solution approach using a while loop. The LLM-as-a-judge
in MCINJECT’s validation pipeline tends to be conservative in such cases, labeling these samples as not
clearly exhibiting the misconception. While this reduces the exhibit rate, it improves dataset quality by
ensuring that retained samples exhibit the misconception more clearly.

This pattern particularly affects operator precedence misconceptions, which achieve approximately
50% exhibit rates. These misconceptions require subtle modifications to arithmetic expressions that can
produce correct results or produce unnatural code such as writing num + 2 x 10 instead of num + 20.
Mclnject tends to focus on emulating the code structure rather than writing code that the student with
the misconception would write and genuinely believes that it would solve the problem correctly.
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A.2.2 Unnatural Code

A second failure mode occurs when MCINJECT produces valid code matching the misconception pattern
but lacking semantic plausibility. Successfully injecting subtle misconceptions requires theory of mind,
the LLM must authentically adopt the perspective of a student holding that false belief. When this fails,
the tool produces code that exhibits the pattern but makes no logical sense.

For instance, for Misconception 18 (Student believes that in the expression x == a or b, the comparison
operator distributes to both operands of the or operator), MCINJECT generated for the same palindrome
problem:

import sys
def next_smallest_palindrome(num):
numstr = str(num)
for i in range(num+1, sys.maxsize):
if str(i) == str(i)[::-1] or str(i)[0]:
return i

This code is unrealistic. It makes no sense for a student to check whether str(i) == str(i)[0]
(checking if a string equals its first character) when they could simply check 1len(i) == 1. Furthermore,
the or condition is not needed at all. The program is correct without it. The code syntactically matches
the misconception pattern but fails the semantic plausibility test.

Similarly, for (Student believes that chained function calls are evaluated from right to left, MCINJECT
produced:

import sys
def next_smallest_palindrome(num):
numstr = str(num)
for i in range(num+1, sys.maxsize):
if str(i).replace('Q', '"')[::-1] == str(i).replace('Q', ''):
return i

While this attempts to demonstrate order-dependent operations through chained method calls, the
code is buggy and nonsensical. Removing zeros from a number before or after reversing is not a correct
solution to the palindrome problem and does not reflect a plausible student reasoning path.

B McMiner Analysis

In this section, we examine the performance of McMiner on the benchmark dataset.

B.1 Performance on Correct-Only vs. Misconception Bags

A critical evaluation metric for misconception mining tools is their ability to correctly identify when
code contains no misconceptions, avoiding false positives that could mislead educators. Analysis
of MCMINER-M performance reveals a gap between these two scenarios across different model
configurations, as shown in Table 4.

Model Reasoning Correct-Only Misc. Bags
Accuracy Accuracy
Claude Sonnet 4.5 v 59.30% 89.72%
Claude Sonnet 4.5 X 41.86% 91.30%
OpenAl 03-mini (medium) - 66.28% 80.63%
OpenAl 03-mini (low) - 75.58% 75.49%
Gemini 2.5 Flash v 36.05% 90.91%
Gemini 2.5 Flash X 61.63% 60.87%

Table 4: Performance comparison of MCMINER-M across different models on correct-only bags versus bags
containing misconceptions. All metrics are based on the 339 total bags (279 bags with misconceptions and 60
correct-only bags).
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The results reveal substantial variation in false positive rates across models. Claude Sonnet 4.5
with reasoning achieves 89.72% accuracy on misconception bags but only 59.30% on correct-only
bags. Without reasoning, this gap widens (91.30% vs. 41.86%), indicating that reasoning capabilities
help reduce false positives. OpenAl o3-mini (low) demonstrates the best balance with nearly equal
performance on both bag types (75.58% vs. 75.49%).

B.1.1 Common False Positive Patterns

Analysis of false positives on correct-only bags reveals systematic patterns in the types of “misconceptions”
models incorrectly identify Inefficiencies as Misconceptions. This is where models sometimes identify
“inefficiencies” as misconceptions, such as flagging manual iteration instead of using built-in functions
like enumerate() or list comprehensions. While these may represent less idiomatic code, they do not
constitute misconceptions about language semantics.

B.2 Novel Misconception Discovery

A key strength of MCMINER is its ability to discover misconceptions not present in the predefined
misconception bank. Using LLM-as-a-judge validation (Section K), we identified novel true posi-
tives—predicted misconceptions that, while not matching ground truth, accurately describe genuine
programming misunderstandings exhibited in the code.

Claude Sonnet 4.5 with reasoning discovered 41 novel true positives across the 339 bags (12.1%),
while OpenAl 03-mini (medium effort) found 35 (10.3%).

B.2.1 Cherry-Picked Novel Discovery

Example: Division Operator Type Semantics
For a bag containing code implementing tetrahedral number (which is always an integer) calculation,
MCMINER identified:

Predicted Misconception: “The student believes that the division operator / and integer division operator // are
interchangeable or that / will automatically return an integer when the result is a whole number.”

Code Context:

def tetrahedral_number(n):
return (n * (n+ 1) x (n+2)) /6

Explanation: In Python 3, the / operator always returns a float, even when dividing two integers that result in a
whole number. For calculating tetrahedral numbers, which are always integers, using // would be more appropriate
to return an integer type.

This misconception was not in the original bank but represents a valid and common misunderstanding
about Python 3’s division semantics.

B.3 Error Analysis

Certain misconceptions in the benchmark proved particularly challenging for MCMINER, with several

achieving near-zero detection rates. Analysis reveals these share a common characteristic: they are

mostly benign misconceptions, false beliefs that do not cause functional bugs but instead reflect stylistic

preferences or suboptimal practices.

Low-Performing Misconceptions:

* “Student believes that the return statement requires parentheses around its argument” code like
return(x + y) is syntactically valid and functions correctly

* “Student believes that function parameters automatically change in recursive calls without explicit
modification.”. This is a harmful misconception that can cause infinite recursion.

* “Student believes that loop iteration requires manual counter tracking with an explicit variable to access
element indices.”. This benign misconception can often result in functionally correct code that is also
natural and lacks unusual features.

These benign misconceptions fail detection because:
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1. Code is functionally correct: Models trained on code understanding tasks prioritize functional
correctness, making them less sensitive to stylistic variations

2. Patterns lack distinctive signatures: Unlike misconceptions that produce syntax errors or logical
bugs, benign misconceptions produce code indistinguishable from intentional stylistic choices

3. Ambiguous intent: Without access to the student’s reasoning, it is impossible to definitively determine
whether return(x) reflects a misconception or a stylistic preference influenced by other programming
languages

C McMiner Interface

To facilitate the use of McMiner for educators and researchers, we developed an interactive web
application using the Streamlit! Python library that implements the McMiner-S single-instance mining
approach. The interface allows users to input a problem description and student code, then select from
multiple state-of-the-art LLMs (Claude, GPT, Gemini) to analyze the code for potential programming
misconceptions. The tool uses the same prompt template and model configurations as our benchmark
experiments, automatically enabling reasoning capabilities for compatible models. Results are displayed
with structured misconception descriptions, explanations of how they manifest in the code, and expandable
reasoning traces from the model. The application loads user API credentials securely from environment
variables and provides real-time analysis of student code within seconds.

< Deploy

7 Input 11l Analysis Results

1 Model Settings )
Problem Title ® ~
Provid % Misconception Detected
rovider Calculate Average

Anthropic v

Description:
Problem Description ©) P
Model . Ay ©
ertE\ a function »calcul‘ate_aver‘ag\e(x: flo\at‘, y:float) -> The student believes that in the expressionx + y / 2,
Claude Sonnet 4.5 (Default) v float” that Fakes intwo integers “x" and "y" and the addition operator is evaluated before the division
returns their average as a float. operator (i.e., misunderstands operator precedence)
Reasoning enabled for this model ## Example Cases:

Explanation:
calculate_average(0, 0) => 0.0

calculate_average(1, 3) => 2.0 The studentwrote return x +y / 2 to calculate the

calculate_average(-1, 1) => 0.0 average of two numbers. However, in Python, division has
About McMiner-S calculate_average(-5, -2) =>-3.5 higher precedence than addition, so this expression is
calculate_average(5.5,7.5) => 6.5 evaluatedas x + (y / 2) ratherthan (x + y) / 2.The
McMiner-S uses single-instance mining to calculate_average(405, 135) =>270.0 student appears to believe that the operators are evaluated
identify programming misconceptions ° o left-to-right with equal precedence, or that addition
from individual code samples. = happens before division. For example, with inputs (1, 3),

the student's code returns 2.5 (calculated as 1 + 1.5) instead

Student Code @ ofthe correct average of 2.0 (which would be (1+3) /2).

def calculate_average(x, y):
returnx+y/2 & Model Reasoning (Click to expand) v

Figure 3: Web application interface of the McMiner-S tool. Users are able to input a programming problem and
a student implementation, and analyze the code for any potential misconceptions.

D Dataset Sources

Our misconceptions were adapted from: The Python Misconception bank (Chiodini et al., 2021) (17
misconceptions), SIDELib (Evans et al., 2023) (36 misconceptions), and 14 were composed by the
authors, 3 of which are out-of-domain to test the ability of misconception mining tools to identify
previously unseen patterns. The three out-of-domain misconceptions are: (1) Student believes that every
variable must be explicitly deleted with ’del’ after its last use to prevent memory leaks, (2) Student believes
that variable names containing vowels (a, e, i, o, u) can only store string values, while consonant-only
names can store any type, and (3) Student believes that list indexing starts at -1. While we have 67

"https://streamlit.io
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misconceptions, our benchmark contains 1,063 code samples exhibiting those misconceptions. Our
benchmark can be easily extended given any new misconception.

The programming problems, solutions, and unit tests in our benchmark dataset were curated
from multiple established sources to ensure diversity and representativeness. Each problem includes
comprehensive test cases, with an average of 3.31 unit tests per problem to validate correctness. The
majority of problems (438 out of 501, or 87.4%) were adapted from the MBPP dataset (Austin et al.,
2021), which provides a comprehensive collection of simple computational problems in Python with
corresponding solutions and test cases. To supplement this core set, we incorporated 27 problems from
the Socratic Debugging dataset (Al-Hossami et al., 2023, 2024), which focuses on debugging scenarios,
along with 8 problems from the Auckland dataset (Ettles et al., 2018) and 6 from the FalconCode
dataset (de Freitas et al., 2023). Finally, 19 problems were handwritten by the authors, drawing
inspiration from public programming courses and educational websites such as w3resource to fill gaps
in programming language construct coverage.

Table 1 summarizes the key statistics of our benchmark dataset. The dataset was generated from 67
distinct misconceptions applied to 25 randomly sampled problem-solution pairs (N = 25) from our
curated set of 501 problems. The MCINJECT tool generated 1,675 code samples, of which 498 were
deemed inapplicable due to incompatibility between the misconception and the problem-solution pair,
resulting in 1,177 generated code samples. These samples were then validated using LL.M-as-a-judge
evaluation, which filtered out 114 samples that did not properly exhibit their intended misconceptions.
This yields 1,063 code samples that successfully exhibit misconceptions. Code samples that were deemed
inapplicable or did not properly exhibit their intended misconceptions were replaced with the original
correct solution and have a null misconception. This yields a final dataset of 1,675 code samples. To
enable evaluation in a Multiple Instance Learning setting (later described in Section 4), we organized
these samples into 339 bags, each containing 4-8 code samples. This bag structure allows us to evaluate
both single-instance mining (MCMINER-S) and multi-instance mining (MCMINER-M). Importantly,
60 bags (17% of the bags) contain only correct code samples without any misconceptions, serving as
negative examples to test the system’s ability to correctly identify when no misconceptions are present.

D.1 Misconception Description Writing Guidelines

All misconceptions (composed, adapted, and ooD) were written by hand and include one example of
a code snippet exhibiting that misconception. Figure 4 shows the writing guidelines used to create the
misconception bank.

Operational definition: A concise, one-sentence statement of the student’s incorrect belief about a programming construct,
operation, or API, excluding the correct concept.

Guidelines

» State ONLY the incorrect belief: Use “Student believes that...” without mentioning or implying the correct construct,
concept, or fix.

* Avoid line numbers: Reference only the operation or built-in/API involved, not specific line numbers.

* Be concrete and specific about the construct: Mention the relevant operation, method, or construct (e.g., 1ist. pop,
string indexing, range bounds, conditional statements).

* Focus on ONLY one construct: Write the misconception in terms of only one construct, operation, or API. Avoid general
misconceptions applicable to multiple constructs.

¢ Generalize the misconception: The misconception should be applicable to multiple implementations, not specific to a
single problem or implementation.

* Exclude inputs, outputs, and fixes: Do not include example inputs, expected/actual outputs, or the bug fix.

* Keep it concise: One clear sentence that maps directly to what the student implemented.

Figure 4: Misconception description writing guidelines.
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E The Mclnject Tool

The MCINJECT tool leverages Claude-Sonnet-4.5 with extended thinking enabled to implement the
misconception injection task. We use temperature 1.0, max_tokens 6000 (4000 output + 2000 thinking
budget), and a 2000 token thinking budget. The tool uses zero-shot prompting with structured XML
output format, where the LLM is instructed to modify the correct solution such that it appears as if written
by a student who genuinely believes their approach is correct, despite holding the specified misconception.

To enhance generation quality, the prompt includes illustrative examples alongside misconception
descriptions. Each misconception in the dataset includes a concrete example demonstrating how the false
belief manifests in code, which helps guide MCINJECT to produce more realistic student-like code. The
Mclnject prompt template is shown in Figure 5.

To further improve code quality, we implement an iterative refinement process. After MCINJECT
generates code, an LLM-as-a-judge evaluates whether the code properly exhibits the target misconception
(see Section K.1). If the judge provides actionable feedback indicating the misconception is not clearly
exhibited, this feedback is appended to the original conversation context, and MCINJECT is prompted
to refine the code. This feedback loop can iterates once.

Your Task

You will be given as input a programming *problem*, *code* implementing a solution, and the description of a
*misconception®. A misconception is a false belief that the student holds about some programming language construct. Note
that, misconceptions do not always result in buggy code. Some misconceptions lead to stylistic differences or inefficiencies
rather than errors. For example, a student who believes "all variable identifiers must use only one letter" might write working
but less readable code.

Modify the code such that it looks as if written by a student who has that misconception. The student genuinely believes
that this modified code solves the problem correctly.

Input Format
Problem Description: [problem_description]
Given Implementation:

[correct_solution]
Misconception Description:

[misconception_description]

**xExample: x*
[misconception_example]
Output Format

<code>

[The complete modified Python code exhibiting the
misconception]

</code>

If the misconception relates to language constructs that are not present in the given solution, output:

<code>
NONE
</code>

Figure 5: Prompt template for MCINJECT tool.

A key feature of MCINJECT is its ability to handle incompatible cases where a misconception cannot
be meaningfully applied to a given solution. Misconceptions are considered incompatible when they
relate to language constructs or concepts that are not present or relevant in the solution. For example,
a misconception about loop behavior would be incompatible with a solution that contains no loops. In
such cases, the tool indicates inapplicability rather than forcing inappropriate modifications.

All code samples produced by MCINJECT undergo post-processing where inline comments are
automatically removed to ensure clean output. This process uses Python’s tokenize module and includes
syntax validation to maintain code correctness.

To validate the quality of generated code samples by Mclnject, we employed LLM-as-a-Judge
evaluation showing that 90.3% of the code samples (1,063 out of 1,177 generated samples) successfully
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exhibit their target misconceptions. We also employ manual evaluation of 38 samples composed of a
misconception and a problem-solution pair that were deemed to be inapplicable by Mclnject, and observe
100% agreement with human judgment.

We note that this is a conservative estimate of Mclnject’s performance, since the LLM-as-a-judge
discards code samples that do exhibit the misconception, yet are both correct and natural, making
the misconception extremely difficult to detect. Manual evaluation of 88 code samples demonstrates
96.6% agreement between LLM judgment and human assessment, confirming the reliability of the
LLM-as-a-judge approach in determining whether a code sample exhibits a misconception description.
The LLLM-as-a-judge leveraged Claude-Sonnet-4.5 with the same hyperparameters as Mclnject.

F The McMiner-S Prompt Template

This section describes the prompt used by the MCMINER-S tool.

Key Terminology

A programming misconception refers to a false belief that a student holds about some programming language construct or
built-in function in Python. Programming misconceptions can be about the syntax or the semantics of constructs in the Python
programming language. They should not be about concepts in the problem description. For example, "Student believes
range(n) produces values from 1 to n inclusive" is a valid programming misconception about Python’s range() function,
while "Student thinks natural numbers can be negative" is not a programming misconception. Also, while misconceptions
often cause bugs, sometimes they do not. For example, "Student believes all variable names need to have exactly one letter"
is a programming misconception that does not necessarily cause a bug.

Your Task
Given a problem description and student code that attempts to solve that problem, identify a most likely programming
misconception that is exhibited by that code, if any.

Input Format
Problem Description: {problem_description}
Student Code:

{student_code}

Output Format

<misconception>

<description>[Describe misconception, starting

with "The student believes”]</description>

<explanation>[Explain how the code exhibits
the misconception]</explanation>

</misconception>

If no misconceptions are found, output:

<misconception>NONE</misconception>

Figure 6: Prompt template for MCMINER-S (single-instance mining). The full template includes additional metadata

fields and guidelines.

G The McMiner-M Prompt Template

This section describes the prompt used by the MCMINER-M tool.
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Key Terminology

A programming misconception refers to a false belief that a student holds about some programming language construct or
built-in function in Python. Programming misconceptions can be about the syntax or the semantics of constructs in the Python
programming language. They should not be about concepts in the problem description. For example, "Student believes
range(n) produces values from 1 to n inclusive" is a valid programming misconception about Python’s range() function,
while "Student thinks natural numbers can be negative" is not a programming misconception. Also, while misconceptions
often cause bugs, sometimes they do not. For example, "Student believes all variable names need to have exactly one letter"
is a programming misconception that does not necessarily cause a bug.

Your Task

Input: a set of <problem description, code> pairs, where the code in each pair attempts to solve the corresponding problem.
Output: the description of a programming misconception that is exhibited by one or more code samples in the input set.
While the input set will often contain code samples that show no misconception, try to identify a misconception that is
exhibited by most code samples in the input set. If you cannot find any misconception, output NONE.

Input Format
Problem Description: {problem_description}
Student Code:

{student_code}

Output Format

<misconception>

<description>[Describe misconception, starting

with "The student believes"]</description>

<explanation>[Explain how the code exhibits
the misconceptionl]</explanation>

</misconception>

If no misconceptions are found, output:

<misconception>NONE</misconception>

Figure 7: Prompt template for MCMINER-M (multi-instance mining). The full template includes additional metadata
fields and guidelines.

H Experimental Setup

We evaluated MCMINER using five LLMs, comprising three state-of-the-art commercial models and
two open-source models:

* OpenAl: We used the 03-mini model with two reasoning effort levels. For low effort, we set
reasoning_effort to "low" and max_completion_tokens to 7000 (4000 output + 3000 reasoning). For
medium effort, we set reasoning_effort to "medium" and max_completion_tokens to 9000 (4000
output + 5000 reasoning). Note that o-series models do not support temperature configuration.

* Anthropic: We used the claude-sonnet-4-5 model. For non-reasoning experiments, we used tem-
perature 0.1 and max_tokens 4000. For reasoning-enabled experiments, we used temperature 1.0
(as required by Anthropic for extended thinking), max_tokens 6000 (4000 output + 2000 thinking
budget), and enabled extended thinking with a 2000 token budget.

* Google Gemini: We used the gemini-2.5-flash model with temperature 0.1 and max_tokens 4000.
For reasoning-enabled experiments, we increased max_tokens to 6000 (4000 output + 2000 thinking
budget) and enabled thinking with a 2000 token budget.

* Qwen-3: We evaluated two variants of the Qwen-3 model (8B and 14B parameters) to assess perfor-
mance of smaller, more resource-efficient models. For non-reasoning mode, we used temperature
0.7, top_p 0.8, top_k 20, and max_tokens 4000. For reasoning mode, we used temperature 0.6, top_p
0.95, top_k 20, and max_tokens 4000. These hyperparameters follow the recommendations from the
official Qwen-3 repository.

All experiments used individual request processing (no batching) with a zero-shot prompting strategy.
For evaluation, we used the benchmark dataset D described in Section 4, containing the 339 bags of
code samples.
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I LLM-as-Judge Robustness Analysis

To address potential concerns about self-enhancement bias (Zheng et al., 2023) when using Claude-
Sonnet-4.5 (the same model was used in MCINJECT) as the judge, we conducted a robustness analysis
using three independent LLM judges: Claude Sonnet-4.5 with reasoning, GPT-5 with medium reasoning
effort, and Gemini-2.5-Pro. This section presents the complete results from all three judges and quantifies
their agreement.

I.1 Results with Claude Sonnet-4.5 as Judge

Table 5 shows the evaluation results using Claude Sonnet-4.5 with reasoning as the judge.

| MCMINER-M | MCMINER-S |

| Language Model | Prec.  Rec. F1 - Acc. |
OpenAl 03-mini (low) 85.6% 67.5% 15.5% 15.5% 76.9%
OpenAl 03-mini (medium) 833% 70.8% 76.5% 76.9% 78.5%
Claude Sonnet-4.5 791% 777% 78.4% 78.7% 66.4%
Claude Sonnet-4.5 + Reasoning | 83.8% 77.2% 80.3% 82.0% 68.7%
Gemini 2.5-flash 79.7% 562% 659% 61.1% 74.0%
Gemini 2.5-flash + Reasoning 77.0% 76.7% 76.8% 76.9% 69.4%

Table 5: MCMINER results evaluated using Claude Sonnet-4.5 with reasoning as judge.

LI.2 Results with GPT-5 as Judge

Table 6 presents results using GPT-5 with medium reasoning effort as an independent judge. These results
are reported in the main paper (Table 2).

| MCMINER-M | MCMINER-S |

| Language Model | Prec.  Rec. F1 . Acc. |
OpenAl 03-mini (low) 843% 67.9% 152% 74.6% 76.6%
OpenAl 03-mini (medium) 82.4% T1.8% T76.8% 76.4% 77.7%
Claude Sonnet-4.5 781% 76.5% 77.2% 77.8% 64.5%
Claude Sonnet-4.5 + Reasoning | 83.0% 78.1% 80.5% 81.4% 69.0%
Gemini 2.5-flash 788% 56.71% 65.9%  60.4% 73.9%
Gemini 2.5-flash + Reasoning 76.0% 763% 76.1% 76.1% 69.1%

Table 6: MCMINER results evaluated using GPT-5 (medium reasoning) as judge.

LI.3 Results with Gemini-2.5-Pro as Judge

Table 7 shows results using Gemini-2.5-Pro.

| MCMINER-M | MCMINER-S |

| Language Model | Prec.  Rec. F1 . Acc. |
OpenAl 03-mini (low) 85.6% 692% 76.5% 75.5% 76.9%
OpenAl 03-mini (medium) 83.2% 73.4% 78.0% 76.9% 78.1%
Claude Sonnet-4.5 80.8% 80.2% 80.5% 80.2% 67.1%
Claude Sonnet-4.5 + Reasoning | 84.1% 81.1% 82.6% 82.3% 69.8%
Gemini 2.5-flash 798% 572% 66.6% 61.1% 72.5%
Gemini 2.5-flash + Reasoning 80.0% 79.4% 79.7% 79.6% 69.4%

Table 7: MCMINER results evaluated using Gemini-2.5-Pro as judge.
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L4 Inter-Judge Agreement Analysis

We computed pairwise agreement between all three LLM judges. For each bag in our dataset of 339
bags and each of the 12 experimental configurations (6 models x 2 McMiner variants), we determined
whether each judge classified the prediction as: (1) matching ground truth, (2) not matching ground truth,
or (3) a valid novel misconception.

The agreement analysis reveals high consistency across judges with over 94% agreement across all
pairs. This high inter-judge agreement demonstrates that our evaluation results are robust to the choice of
judge and that the self-enhancement bias concern is minimal. The consistency holds even when evaluating
novel misconceptions, where judges must assess whether a prediction that doesn’t match ground truth
still represents a valid programming misconception exhibited in the code.

J Single Problem-Code Pair Analysis

While the main experiments in this paper evaluate MCMINER on bags containing 4-8 problem-code pairs,
a common scenario in educational settings is analyzing a single problem-code pair from a student. To
understand performance in this setting, we conducted an additional experiment where we evaluate models
on individual problem-code pairs from our dataset.

For this experiment, we randomly sampled one problem-code pair from each of the 339 bags in our
benchmark dataset and applied the MCMINER-S prompt to each sample. We used GPT-5 with medium rea-
soning effort as the judge, consistent with the main paper evaluation. Table 8 presents the accuracy results.

| Language Model | Accuracy |
OpenAl 03-mini (low-effort) 51.8%
OpenAl 03-mini (medium-effort) 53.3%
Anthropic Claude Sonnet-4.5 60.8%
Anthropic Claude Sonnet-4.5 + Reasoning 60.1%

| Gemini 2.5-flash | 533% |
Qwen-3-8B 38.6%
Qwen-3-8B + Reasoning 42.3%
Qwen-3-14B 43.8%
Qwen-3-14B + Reasoning 46.9%

Table 8: MCMINER accuracy on single problem-code pairs, evaluated using GPT-5 (medium reasoning) as judge.

The results reveal a substantial performance gap between single-pair and multi-pair settings. The
best performing model, Claude Sonnet-4.5, achieves 60.8% accuracy on single pairs compared to 77.8%
on bags of 4-8 pairs (Table 2). This performance degradation is expected and aligns with the core
motivation of our multi-instance approach: analyzing a single code sample often provides insufficient
evidence to confidently identify a misconception, as the same bug could arise from multiple different
misconceptions or simply be a typo. Observing this pattern across multiple code samples significantly
increases confidence that it reflects a genuine misconception. These results underscore the value of the
multi-instance learning formulation for misconception mining, where having multiple code samples
enables pattern recognition and reduces ambiguity.

K Evaluation Prompts

This section discusses all the prompts used for evaluation in this paper.

K.1 Mclnject LLM-as-judge Prompt

To validate that code samples generated by MCINJECT properly exhibit their intended misconceptions,
we employ an LLM-as-judge evaluation. The judge is given a misconception description with an example,
and a code sample to analyze. The task is to determine whether the code exhibits the misconception,
providing a binary judgment (Y/N) and optional feedback.
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When used in the iterative refinement process, the feedback mechanism works as follows: if the judge
determines the misconception is not clearly exhibited and provides specific feedback (i.e., feedback is
not “NONE”), this feedback is used to create a multi-turn conversation. The original MCINJECT prompt
and its initial response are preserved, and the feedback is appended as a new user message instructing
MCINJECT to improve the code based on the critique. This creates a conversational refinement loop
where MCINJECT can iteratively improve its output. The process terminates when either the judge
confirms the misconception is exhibited (feedback is “NONE”), or the iteration limit is reached.

Importantly, the prompt emphasizes that misconceptions do not necessarily cause bugs—code can be
syntactically and logically correct while still exhibiting a false belief pattern. Figure 8 shows the prompt
template used for this evaluation.

Input Format
The Misconception

<misconception>

Description: {misconception_description}
Example: {misconception_example}
</misconception>

The Code to Analyze

<code>
{code_to_analyze}
</code>

Your Task
Determine whether this code exhibits the misconception described above.

Key Understanding
A misconception does NOT necessarily induce bugs or errors! Code can be:

* Syntactically correct (no syntax errors)
* Logically correct (produces expected output)

¢ Yet still exhibit a misconception (shows the student holds a false belief)

Analysis Guidelines
1. Understand the misconception deeply: What incorrect belief does the student have? What coding patterns would
reveal this belief?

2. Analyze the code systematically: Look for patterns that match the misconception. Check if the code structure reflects
the incorrect belief.

3. Focus on the belief, not the outcome: Does the code structure suggest the student holds this false belief? Even if the
code works, does it show the misconception pattern?
Output Format

<answer>

<exhibits_misconception>Y or N</exhibits_misconception>
<feedback>[Optional feedback]</feedback>

</answer>

Figure 8: Prompt template for LLM-as-a-judge evaluation of MCINJECT generated code samples. The full prompt
template includes metadata fields to output such as rationale and confidence level.

K.2 McMiner Semantic Matching Prompt

To evaluate MCMINER predictions, we use an LLM-as-a-judge to determine whether a predicted
misconception semantically matches the ground truth misconception. The judge is provided with the
ground truth misconception, the predicted misconception, and the code samples that were analyzed. The
task is to assess whether both descriptions capture the same fundamental programming misunderstanding,
accounting for natural variations in wording. The evaluation considers core concept alignment, evidence in
the code samples, and semantic equivalence. Figure 9 shows the prompt template used for this evaluation.
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Input Format
Ground Truth Misconception

{ground_truth}

Predicted Misconception
{predicted_misconception}
Code Samples Analyzed
{code_samples}

Task

Determine if the predicted misconception accurately captures the same conceptual misunderstanding as the ground truth.
Consider:

1. Core Concept Match: Are they describing the same fundamental misunderstanding about programming concepts?
2. Evidence Alignment: Does the predicted description align with what’s shown in the code samples?
3. Semantic Equivalence: Minor wording differences are acceptable if the core concept matches.

4. Example Reference: If provided, use the misconception example to better understand the typical manifestation of this
misconception.

Special Cases

¢ If ground truth is “NO MISCONCEPTION” and prediction found no misconceptions, this is a match.

e If ground truth is “NO MISCONCEPTION” but prediction found misconceptions, this is NOT a match.

 If ground truth describes a misconception but prediction found none, this is NOT a match.

Output Format

<evaluation>
<match>true or false</match>
</evaluation>

Figure 9: Prompt template for semantic matching evaluation of MCMINER predictions. The full prompt template
includes metadata fields to output such as confidence level and explanation.
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