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Abstract

Students in introductory STEM courses frequently have mis-
conceptions about the material. Writing assignments can
help instructors identify these, but are often impractical and
time-consuming to grade, especially in large classes. In this
study, we curated student responses from an introductory
physics assignment based on a misconception related to mo-
tion. We formulated the task of identifying misconceptions
within a sentence as a binary classification task and devel-
oped the RAMP (Reporter of Aggregated Misconceptions
in Physics) classifier using ModernBERT. Experimental re-
sults indicate that RAMP is effective for identifying student
misconceptions, noticeably outperforming various prompting
techniques using several LLMs and traditional machine learn-
ing classifiers. With the refinement of hyperparameters and
additional data, RAMP may be improved to an acceptable
level, where it can be used as the back-end of an instructor-
facing tool that reports student misconceptions across writing
assignments in introductory physics courses.

Introduction and Background
Student misconceptions in challenging STEM courses rep-
resent a persistent educational challenge that can signif-
icantly impede learning outcomes (Resbiantoro, Setiani,
and others 2022; Chen et al. 2020; Neidorf et al. 2019;
Latif and Zhai 2025; Zhou, Kim, and Ahmed 2024). In in-
troductory Physics courses, students often enter with mis-
conceptions, and the instructional emphasis fails to resolve
those misconceptions. Although writing assignments pro-
vide valuable opportunities for instructors to identify and ad-
dress these misconceptions (Zarestky et al. 2022), the prac-
tical constraints of grading, particularly in large-enrollment
courses, often make them prohibitively time-consuming to
implement effectively (Arthurs, Hsia, and Schweinle 2015).

Recent advances in large language models (LLMs)
present promising solutions for automating student writing
assessment and providing personalized feedback (Kökver,
Pektaş, and Çelik 2025; Carpenter et al. 2024a; Chen and
Singh 2025; Chen and Wan 2025). These technologies offer
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the potential to make writing-based assessments more feasi-
ble on a scale while maintaining pedagogical value through
the timely identification of misunderstandings (Bernius, Kr-
usche, and Bruegge 2022; Ferreira Mello et al. 2025).

Savage and Rebello (Savage and Rebello 2025) developed
LLM-based methods to investigate students’ explanations
on conceptual physics questions, which demonstrated that a
commercial LLM can “fairly assess students’ explanations,
comparable to human graders”. Carpenter et al. (Carpen-
ter et al. 2024b) demonstrated that fine-tuning and few-shot
learning of LLMs can be effective for assessing student ex-
planations in Computing. Sonkar et al. (Sonkar et al. 2024)
developed open-source LLM-based cognitive models of stu-
dents with misconceptions in algebra.

Traditional Machine Learning (ML) techniques have also
proven successful at discovering misconceptions and other
educational uses. Gomes and Jaques (Gomes and Jaques
2023) created a Density-Based Spatial Clustering of Ap-
plications with Noise algorithm to identify algebraic mis-
conceptions from student responses. Weegar and Idestam-
Almquist (Weegar and Idestam-Almquist 2023) found suc-
cess in reducing instructor workloads utilizing Random For-
est, Support Vector Machines, and a Complement Naive
Bayes’ (CNB) classifier models to automate grading.

This study investigates the feasibility of identifying
physics misconceptions by formulating this task as a su-
pervised binary classification. We developed the RAMP
(Reporter of Aggregated Misconceptions in Physics) clas-
sifier using ModernBERT (Bidirectional Encoder Represen-
tations from Transformers) with supervised fine-tuning. We
compare RAMP to two baseline approaches: (a) in-context
learning with various prompting techniques on LLMs, and
(b) classical text classification models based on multinomial
naive bayes (MNB), and Light Gradient Boosting Machine
(LightGBM). By analyzing student responses from an intro-
ductory physics course labeled with a motion-related mis-
conception type, we compare the effectiveness of these ap-
proaches in identifying misconceptions in student writing.
To the best of our knowledge, this is the first study to ex-
plore the use of both fine-tuning and prompting of open-
source/commercial LLMs for identifying student miscon-
ceptions in Physics.

Our findings indicate that, while all methods have the
potential to identify sentences containing misconceptions,



RAMP performs the best. In-context-learned models strug-
gle with precision, often producing false positives that still
require instructor intervention, while MNB performs rel-
atively better in terms of precision but with lower recall.
Overall, there is promise that further prompt refinement
and/or more training data may improve overall RAMP per-
formance, reaching accuracy levels suitable for use at the
back-end of an instructor-facing tool that reports miscon-
ceptions across writing assignments in introductory physics
courses.

Methodology
We formulate the task of detecting a misconception within a
student’s written response as a supervised binary classifica-
tion problem, where each sentence in the response is anno-
tated with a binary label indicating the presence or absence
of the misconception. This reading assignment on kinemat-
ics, shown in Figure 1, was administered in an introductory
physics course in the Fall of 2023.

Data
66 consented student responses were collected and
anonymized (this study was determined to be exempt from
full review by the University of North Florida Institutional
Review Board [Protocol #IRB-FY2024-84]. In this assign-
ment, students manipulated position, velocity, and acceler-
ation values in a PhET simulation (Wieman, Adams, and
Perkins 2008), depicted in Figure 1, and then discussed their
observations in relation to the reading from the textbook.
Complete student responses (i.e., answers to all parts) were
gathered together. Course instructors found that miscon-
ceptions were sentence specific, as each sentence tended
to relate to one misconception. Therefore, the responses
were first tokenized into separate sentences using NLTK
(https://www.nltk.org/). Then, each sentence was labeled by
the course instructor with respect to a misconception coded
as ALTS (acceleration limited to speed), which occurs when
students associate acceleration with only speeding up and
slowing down, without acknowledging that changing direc-
tion also constitutes acceleration.

Two members of the research team with disciplinary
backgrounds in physics reviewed the responses and helped
resolve any labeling ambiguities. A sentence was labeled
positive if it contained the misconception; otherwise, it was
labeled negative. No misconceptions labels spanned multi-
ple sentences. This, highly imbalanced, original dataset was
composed of 753 sentences (30 positives).

Below is an example of a positive sentence (shown in red)
and a negative sentence (shown in green). Note that the pos-
itive sentence directly associates constant acceleration with
speed changing, while the negative example refers to the ve-
locity changing, leaving open the possibility of a change in
magnitude or direction.

“an object with constant speed moves at a con-
stant rate, while an object with constant acceleration
changes speed at a constant rate...”

“An object in constant speed has an acceleration of
zero, while an object in constant acceleration has ve-
locity that is continuously changing with time, so its
velocity will not be constant....”

Models
We developed the RAMP classifier by fine-tuning Modern-
BERT (Warner et al. 2024). As LLM baselines, we used the
following LLMs with prompting: Qwen (Bai et al. 2023)
and GPT5 (OpenAI 2023). As non-LLM baselines, we de-
veloped a Multinomial Naive Bayes and LightGBM model.

Experimental Setup and Metrics
The original labeled dataset was split into a train (75%, 516
sentences, 22 positives) and test (25%, 222 sentences, 8 pos-
itives) set with stratification. This form of hold-out vali-
dation technique was preferred over k-fold cross valicross-
validationoretend runities. Using the train set, we confirmed
that all occurrences of ALTS misconceptions were labeled
to the sentences in response specifically to sub-question 8:
“What is the difference between an object with constant
acceleration and constant speed?”. So, we created a fil-
tered train set by removing all sentences that are semanti-
cally dissimilar to that sub-question prompt using thefuzz
(https://github.com/seatgeek/thefuzz) library. This filtered
train set contains 89 sentences, with 22 positives still re-
tained, making it a much more refined dataset that showed
the difference between the positive and negative classes. We
split the filtered train data into train (80%, 71 instances, 18
positives) and validation (20%, 18 sentences, 4 positives)
sets using random stratified splitting. These two datasets
were used to develop all our classifiers.

We implemented RAMP with ModernBERT-base
(answerdotai/ModernBERT-base) via HuggingFace
(https://huggingface.co/). We applied SMOTE (syn-
thetic minority oversampling technique) (Chawla et al.
2002) to expand the dataset to 50/50 class distribution (i.e,
53 positives/negatives each), and used that to fine-tune with
AdamW optimizer for 10 epochs (with early stopping).
We used batch size=16 and weight decay=0.01. While
none of the hyperparameters were tuned, the decision to
use SMOTE was determined by validation results of the
fine-tuned model.

As for LLMs with In-context Learning, we
used Qwen2.5-8B (temperature: 0.7) on Ollama
(https://ollama.com/), and GPT5 (temperature: 1.0)
via the OpenAI API (https://openai.com/api/). While
with each LLM, we evaluated zero-shot, few-shot, and
chain-of-thoughts (CoT) prompts (Kojima et al. 2022), we
only report the results for the best-prompting strategy for
Qwen and GPT. We utilized the validation data to determine
the optimal number of examples to use with few-shot and
CoT prompts (data not shown). Initially, we experimented
with several other open-source models: Llama3.2, Mistral,
GPT-OSS, and Phi4. However, based on their inferior
performance on the validation data, we chose only Qwen
for final evaluation.



Figure 1: The kinematics reading assignment administered in an introductory college Physics course.

We used scikit-learn (https://scikit-learn.org) to imple-
ment both the Multinomial Naive Bayes and LightGBM
classifiers. TF-IDF Vectorizer was used for pre-processing.
None of the hyperparameters were tuned, but the same
SMOTE process used by RAMP was applied. All classifiers
were evaluated using Fmax (maximum possible F1 score),
Precision at Fmax, and Recall at Fmax.

The code for RAMP, Multinomial Naive Bayes, and
LightGBM classifiers was developed with the assistance
of Gemini. Qwen, RAMP, Multinomial Naive Bayes, and
LightGBM classifiers were trained on Google Colab for Ed-
ucation (free for educators and students) using a T4 GPU
with 12.7 GB System RAM, 15 GB GPU RAM, and 112.6
GB Disk space. The total runtime for all Qwen prompts is
approximately 48 minutes. The approximate runtimes for
RAMP, Multinomial Naive Bayes, and LightGBM classi-
fiers were 5 mins, ¡1 minute, and ¡1 minute. None of the
above experiments incurred any monetary costs. GPT5 was
run via the OpenAI API calls on Google Colab, which in-
curred a cost of $5.32.

Results
As evident from Figure 2, our RAMP classifier comfort-
ably outperformed all baselines with an Fmax value of 0.67,
which is a result of obtaining an excellent recall and a rea-
sonable precision. GPT and LightGBM produced better re-
call values than RAMP, but lower precision, indicating a
tendency to classify accurate sentences as containing ALTS
more often. On the other hand, the Multinational Naive
Bayes achieved reasonable precision and recall, leading to
an Fmax of 0.5. Finally, the open-source model Qwen, un-
surprisingly, achieved mediocre performance.

Upon further investigation, we observed that RAMP mis-
classified 1 out of 8 true positives and 6 out of 205 true
negatives in the test set. Our expert curators re-evaluated
the RAMP’s false positives with the highest predicted con-
fidence scores. According to them, some of these sentences
were initially assigned a negative label due to the ambiguity

of the language used by the student, but could have easily
received a positive label. For example, in the sentence “an
object with constant acceleration means it’s increasing con-
stantly and an object at constant speed means it’s going at the
same speed constantly”, it is unclear whether “it’s” refers to
the object or the object’s speed, so it was labeled negative.
This provides further confidence that reported performance
is an underestimation of RAMP’s true classification power.

The words with higher attention in correctly classified
positive examples seem to be strongly related to the core
concepts of the positive class: (a) “constant acceleration”:
is consistently and highly attended to, (b) “gaining speed”,
“constantly gaining speed”, “speed is changing”, “increase
in rate”, “move faster”, “velocity is continuously changing”:
are phrases and words that describe the effect of constant ac-
celeration on speed or velocity are also frequently attended
to, and (c) “speed”, “velocity”: often receive significant at-
tention.

Conclusions and Future Work
In this study, we explored the feasibility of detecting physics
student misconceptions in written responses. We developed
the RAMP classifier using written responses to a reading as-
signment from an introductory physics course that were an-
notated with a misconception related to motion. RAMP is
powered by ModernBERT and is reasonably effective at dis-
tinguishing between accurate sentences and ones with mis-
conceptions, as evidenced by its performance against several
baselines.

However, there is room for improvement to make it accu-
rate enough to serve as the back-end of an instructor-facing
educational assessment tool for classifying and reporting
student misconceptions across writing assignments in intro-
ductory physics courses. One such improvement is domain
adaptation through unsupervised fine-tuning on domain-
specific text corpora (e.g., physics textbooks). Compar-
ing ModernBERT to other models pre-trained with science-
specific text, such as SciBERT, will be worthwhile. Using



Figure 2: Overall Performance Comparison. Qwen: Qwen2.5(CoT), GPT: GPT5(CoT), MNB: Maultinomial Naive Bayes,
LGBM: LightGBM, and RAMP: our classifier powered by ModernBERT. Data labels indicate Fmax values.

student response data from assignments of varying types
containing a range of misconception types would likely lead
to better and robust models. Finally, we would like to de-
velop a prototype web app for practical instructor classroom
use, allowing for efficient assessment of conceptual under-
standing and feedback.

Limitations
While our study offers insights into utilizing LLMs for iden-
tifying misconceptions in student writing, it also has several
limitations. This study relies on data from a single assign-
ment and misconception type restricting the ability to draw
broader conclusions. This narrow focus limits the general-
ization of our findings to other physics concepts or STEM
disciplines, which may present different linguistic patterns
and conceptual challenges.

The study focused on binary classification of sentences
with misconceptions, neglecting a more nuanced assessment
of conceptual understanding that might consider degrees of
misconception or partial understanding. This simplification
may not fully capture the complexity of student reasoning
and the nuance between the response containing a miscon-
ception or not. This may have also been why RAMP per-
formed better on sentences that directly addressed the ques-
tion.

Similarly, the reliance on relatively simple prompts, as op-
posed to more advanced ones, such as tree-of-thought, and
the utilization of only a handful of LLMs add to this limita-
tion. Due to the existence of a very large number of LLMs
and their exponential growth in recent years, our findings are
likely not representative. The rapidly evolving landscape of
LLMs means that newer models may offer improved perfor-
mance.

Our approach only relied on text-based analysis, with-
out incorporating other modalities of student work such
as diagrams, equations, or problem-solving procedures that
might provide additional context for understanding miscon-
ceptions. The dataset size was relatively small, which likely
contributed to the modest Fmax of 0.67. While this perfor-

mance suggests potential for the approach, it remains below
what would be considered reliable for independent class-
room implementation without heavy instructor oversight.
Another significant limitations is that the outputs of LLMs
with prompting are non-deterministic. Although multiple
runs for each experiment were performed to calculate means
across trials, if not fully addressed, this behavior may hurt
the intuition gained by instructors. It is also possible that
SMOTE introduced biases or did not capture the diversity of
student writing, potentially limiting the effectiveness of this
approach.

Ethical and Broader Impact
The use of LLMs for identifying misconceptions could sig-
nificantly reduce the instructor’s workload, allowing for a
greater use of writing assignments and providing student
feedback in a timely manner, even in large classes. This de-
mocratizes access to writing-based assessments across dif-
ferent class sizes and resource levels, potentially improving
educational outcomes for a broader range of students.

Although our work has the potential to transform educa-
tional assessment practices, it also raises important concerns
about fairness, privacy, and the appropriate role of technol-
ogy in education. Since some studies have shown issues of
bias and fairness with current large language models, there
is a possibility that our current models may unfairly assess
student responses from minority groups. Similarly, since
LLMs are typically developed using primarily English data,
there is a possibility that our models may unfairly assess re-
sponses from nonnative English-speaking students. In other
words, model performance disparities could disadvantage
certain student populations if the system misinterprets writ-
ing styles or expressions commonly used by specific demo-
graphic groups.

Since these systems require access to student work, an-
other major concern is student privacy and data security.
Clear policies regarding data retention, usage rights, and
appropriate consent procedures are essential before imple-
menting such technology on a large scale. There is also the



risk of over-reliance on automated assessment because hu-
man instructors bring contextual understanding and adapt-
ability that current AI systems lack. It is essential to en-
sure that these tools are used only to supplement instructor-
student interactions.

Finally, transparency about the use of AI in assessment is
ethically necessary. Students should understand when their
work is being evaluated by automated systems, how these
systems function, and what recourse exists for contesting
potentially erroneous classifications.
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