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Abstract

Automated short answer grading (ASAG) has
attracted increasing research attention as a
potential tool to support teachers in evaluat-
ing student responses. However, the useful-
ness of such systems depends on how reli-
ably they operate under realistic classroom
constraints, where only limited numbers of
graded responses may be available for each
question. This study investigates automated
grading of conceptual physics explanations
from free-response questions derived from the
Force Concept Inventory (FCI), a diagnostic
tool for assessing understanding of mechanics
concepts.

We compare a standard BERT-based grading
model with a version further adapted through
subject-specific pre-training on physics text-
book materials. Building on prior work show-
ing that BERT representations for ASAG can be
improved through continued pre-training on do-
main resources, we do not propose a new adap-
tation method; instead, we evaluate its reliabil-
ity in a classroom-derived conceptual physics
setting. The models are evaluated across vary-
ing training set sizes to examine how domain
adaptation affects performance when labelled
data is limited. Our results show that domain-
adaptive pre-training provides the largest gains
in low-data conditions, improving classifica-
tion accuracy and reducing grading errors. As
more labelled responses become available, the
difference between the models decreases. This
suggests that subject-specific pre-training pri-
marily improves data efficiency rather than the
best achievable performance.

Error analysis shows that the performance gains
come from real reductions in grading mistakes.
When comparing both models, the improved
model corrects substantially more baseline er-
rors than it introduces new ones, with a fixed-
to-broken ratio of 4.61, indicating a clear net
reduction in grading errors. This suggests that
the improvement primarily reflects net error re-
duction rather than simply shifting mistakes.

However, improvements vary across individual
assessment questions, highlighting the impor-
tance of question-level evaluation when deploy-
ing automated grading systems in classroom
environments. These findings indicate that, rel-
ative to a general BERT baseline, textbook-
based continued pre-training can support edu-
cational assessment.

1 Introduction

Automated Short Answer Grading (ASAG) sys-
tems are increasingly explored as tools for sup-
porting student assessment by reducing marking
workload and enabling timely feedback to stu-
dents (Seneviratne and Manathunga, 2025). In
real educational settings, however, automated grad-
ing systems operate under constraints that differ
substantially from those typically considered in
benchmark-driven experimental evaluations (Bon-
thu et al., 2021). When new questions are intro-
duced or when assessments are administered to
small cohorts, teachers often have access to only
limited numbers of previously graded responses
for each assessment question (Egaña et al., 2023).
Under such conditions, automated grading systems
must operate reliably with minimal task-specific
supervision while still producing grading decisions
consistent with human evaluation (Morris et al.,
2025).

Several approaches have been proposed to im-
prove model performance under limited supervi-
sion, including data augmentation, semi-supervised
learning, and transfer learning (Bonthu et al., 2021;
Burrows et al., 2015). In this work, we focus
on domain-adaptive pre-training (DAPT) (Beltagy
et al., 2019; Lee et al., 2020) where a pre-trained
language model is further trained on domain-
relevant text before task-specific fine-tuning (Gu-
rurangan et al., 2020). DAPT is an established
method, and its use for ASAG has direct precedent:
Sung et al. (2019) showed that BERT for short
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answer grading can be improved by updating the
pre-trained model using domain resources such as
textbooks and question-answer data before super-
vised fine-tuning. Our contribution is therefore not
a new adaptation algorithm. Instead, we examine
whether textbook-based DAPT improves grading
reliability relative to a general BERT baseline in a
classroom-derived conceptual physics setting, es-
pecially when only limited labelled responses are
available per question. The evaluation focuses on
binary grading of held-out responses to the same as-
sessment questions, rather than partial-credit scor-
ing or transfer to unseen questions. We further
analyse whether improvements correspond to net
reductions in grading errors, how gains vary across
questions, and whether the adapted model provides
better calibrated confidence estimates.

In educational assessment, grading performance
must be evaluated not only by predictive accuracy
but also by reliability, as automated systems sup-
port decisions that influence feedback and student
evaluation (Holmes et al., 2021). When comparing
automated grading models, it is important to deter-
mine whether improved performance reflects a net
reduction in grading errors, rather than a redistribu-
tion of errors across responses. Furthermore, grad-
ing reliability may vary across assessment ques-
tions due to differences in conceptual difficulty or
response distributions, making question-level anal-
ysis important for evaluating automated grading
systems in practice (Zhu et al., 2022).

This study investigates automated grading
of conceptual physics explanations from free-
response questions based on the FCI, a widely
used diagnostic instrument in physics education
(Hestenes et al., 1992; Hestenes and Halloun,
1995). Many ASAG studies rely on proprietary
datasets, which can limit reproducibility and com-
parability across studies. In this work, we in-
stead use FCI-based conceptual free-text questions,
which are widely recognised and explicitly de-
signed to probe common misconceptions in me-
chanics (Parker et al., 2023; Pathak et al., 2026).
This established conceptual framework enables a
more meaningful analysis of how domain-adaptive
language modelling interacts with disciplinary rea-
soning tasks.

We address the following research questions:

• RQ1. When only limited numbers of graded
student responses are available for the same
assessment questions, does textbook-based

DAPT improve binary ASAG reliability rela-
tive to a general BERT baseline?

• RQ2. When model performance improves,
do these gains reflect consistent reductions
in grading errors across questions, or do they
arise from improvements in some questions
offset by declines in others?

This study makes three contributions:
• We provide a reliability-focused evaluation

of textbook-based DAPT for ASAG in a
classroom-derived conceptual physics setting,
using free-response questions derived from
the Force Concept Inventory.

• We analyse how textbook-based DAPT
changes grading behaviour relative to a gen-
eral BERT baseline under limited labelled
data by comparing learning curves, agreement
metrics, calibration, and error-overlap patterns
across 26 training-set sizes and 10 random
seeds.

• We examine question-level variation in
grading behaviour to identify whether im-
provements are consistent across conceptual
physics questions or concentrated in particular
items.

2 Related Work

2.1 Automated Short Answer Grading

Early ASAG systems relied on rule-based ap-
proaches, lexical overlap, or semantic similarity
measures (Burrows et al., 2015). Subsequent work
introduced supervised learning models trained on
labelled student responses (Bonthu et al., 2021).
More recent approaches use transformer-based
models such as Bidirectional Encoder Represen-
tations from Transformers (BERT) (Devlin et al.,
2019), which achieve strong performance on bench-
mark datasets (Takano et al., 2022). Recent work
has also examined large language models for
ASAG, with mixed evidence on whether few-shot
LLM prompting outperforms fine-tuned encoder
models in educational grading tasks (Grévisse et al.,
2024; Kakarla et al., 2025). Despite these advances,
it remains unclear how improvements in model ar-
chitecture translate into practical grading behaviour,
particularly whether they lead to more reliable and
consistent decisions on real student responses.

However, Ley et al. (2023) identify remaining
concerns regarding the reliability, cross-question
consistency, and robustness of ASAG systems un-
der limited training data in real educational environ-
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ments. Many evaluations rely on curated datasets
rather than authentic classroom data (Padó, 2022;
Ferrara and Qunbar, 2022). Several benchmark
datasets have been developed for ASAG research,
including the SemEval Student Response Analy-
sis dataset (Dzikovska et al., 2013) and the ASAP
short-answer dataset (Mohler et al., 2011). Auto-
mated grading systems are generally proposed as
decision-support tools to assist instructors by pri-
oritising responses for review rather than replacing
human judgement entirely (Weegar and Idestam-
Almquist, 2024). In this context, overall bench-
mark accuracy is insufficient; evaluation must also
consider reliability and error behaviour, including
consistency across questions and whether models
reduce rather than shift errors (Jung et al., 2025).
Although instructors grade student responses dur-
ing routine assessments, newly introduced ques-
tions often have few-or no-labelled responses avail-
able to train automated grading systems (Camus
and Filighera, 2020; Zhang et al., 2022). The chal-
lenge of performing automated short-answer grad-
ing with only a small number of labelled student
responses is compounded by the lack of system-
atic investigation into how ASAG systems behave
across varying training set sizes, especially under
realistic classroom constraints.

2.2 Domain-Adaptive Pre-training (DAPT)
Domain-adaptive pre-training (DAPT) extends the
training of a language model by continuing pre-
training on domain-relevant corpora prior to task-
specific fine-tuning (Gururangan et al., 2020). This
approach allows models to better capture spe-
cialised vocabulary and conceptual structures that
may not be well represented in general web-based
training data. DAPT has been shown to improve
performance in specialised domains such as sci-
entific text processing (Beltagy et al., 2019) and
biomedical text analysis (Gu et al., 2021).

Sung et al. (2019) showed that BERT for ASAG
can be improved by further pre-training on domain
resources such as textbooks and question-answer
pairs. More broadly, Gururangan et al. (2020)
showed that DAPT improves performance across
domains and resource settings. Our work therefore
does not propose a new adaptation method; instead,
it evaluates textbook-based DAPT in classroom-
derived conceptual physics ASAG, focusing on
low-data reliability, calibration, error overlap, and
question-level variation. We do not compare
against stronger science-domain encoders, physics-

domain encoders, modern LLM graders, or same-
size non-physics continued pre-training controls;
therefore, our claims are limited to the benefit of
textbook-based DAPT over a general BERT base-
line, rather than superiority over alternative en-
coder, LLM, or corpus-control baselines.

Recently, Hellert et al. (2024) explored domain-
adapted models for scientific and technical do-
mains, including physics-related NLP tasks. Pre-
training language models on educational physics
materials may therefore enable models to better
represent the conceptual language used in student
explanations within Force Concept Inventory (FCI)
(Hestenes et al., 1992) assessments (Zhu et al.,
2022). However, studies such as Henkel et al.
(2024) and Gao et al. (2024) focus primarily on
performance, providing limited insight into how
domain-adaptive pre-training affects automated
grading behaviour.

2.3 Reliability, Agreement, and
Question-Level Variation in ASAG

Reliability is a fundamental requirement in educa-
tional assessment and measurement theory (Nitko
and Brookhart, 2014; Schneider et al., 2023).
Agreement metrics such as Cohen’s κ (Cohen,
1960) are commonly used to measure agreement be-
tween automated grading systems and human raters
(del Gobbo et al., 2023). However, such metrics do
not explain how errors are distributed, making it
important to examine the types of mistakes systems
make. Because grading decisions directly affect
how students are assessed, improvements in model
performance must be interpreted not only in terms
of overall accuracy but also in terms of the types
of errors made and the degree of agreement with
human grading (Li et al., 2023). Two systems may
achieve similar overall accuracy while producing
different error patterns, and some grading errors
may have more serious consequences for students
than others.

Analysing error overlap (Dietterich, 1998) be-
tween models helps determine whether improved
performance reflects a genuine reduction in grading
mistakes. A model may appear more accurate be-
cause it correctly grades responses that were previ-
ously misclassified. However, it may also introduce
new errors on other responses. As long as more
errors are corrected than introduced, overall accu-
racy will increase, even if errors are redistributed
across responses rather than uniformly reduced,
which may lead to inconsistent or unfair grading
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for certain students (Grévisse et al., 2024). In addi-
tion, grading performance may vary across assess-
ment questions due to differences in conceptual
difficulty or response distributions, meaning that
some questions may be graded less reliably than
others, potentially leading to unfair outcomes for
students. Examining automated grading behaviour
at the question level therefore provides important
insight into system reliability, yet such analyses
remain relatively limited in ASAG research.

2.4 Conceptual Physics Assessment and the
Force Concept Inventory

This study focuses on conceptual physics assess-
ment using free-text responses derived from the
FCI (Parker et al., 2023; Pathak et al., 2026). The
FCI is a widely used diagnostic instrument de-
signed to measure students’ understanding of fun-
damental Newtonian mechanics concepts and iden-
tify common misconceptions (Hestenes and Hal-
loun, 1995; Hestenes et al., 1992). Yasuda et al.
(2023) and Parker et al. (2022) explored short-
answer reformulations of the Force Concept Inven-
tory that capture students’ reasoning more directly.

Grading conceptual explanations in free text
presents particular challenges because students
may express the same underlying idea using dif-
ferent wording, or provide responses that mix cor-
rect reasoning with misconceptions (Rainey et al.,
2022; Dzikovska et al., 2013). This makes it diffi-
cult for automated grading systems to distinguish
between fully correct, partially correct, and incor-
rect answers based on surface-level features alone.
As a result, conceptual physics assessment pro-
vides a suitable setting for investigating whether
DAPT on physics materials can improve grading
performance by better capturing domain-specific
terminology and response patterns (Trewartha et al.,
2022; Sung et al., 2019). Furthermore, because the
FCI targets specific conceptual dimensions, it en-
ables fine-grained analysis of how automated grad-
ing performance varies across questions targeting
different mechanics concepts.

3 Methodology and Experimental Setup

This section describes the task formulation, dataset
construction, DAPT procedure, model configura-
tions, and experimental design. The experiments
are designed to evaluate the effect of DAPT while
keeping the training data, model architecture, and
evaluation procedure consistent across conditions.

3.1 Task and Dataset

Assessment Instrument: This study investigates
the use of ASAG on free-response questions from
the Newtonian Mechanics Quiz (NMQ) (Pathak
et al., 2026), a modified version of the widely
used Force Concept Inventory (FCI) (Hestenes
et al., 1992) incorporating free-response questions
(Parker et al., 2022).

Both the FCI and NMQ are conceptual diag-
nostic instruments designed to assess students’ un-
derstanding and identify common misconceptions.
The free-response questions integrated into the
NMQ, requiring students to construct their own
response, can provide deeper insight into students’
comprehension of Newtonian mechanics than the
multiple-choice questions of the original FCI alone
(Pathak et al., 2026), Parker et al. (2022) and Re-
bello and Zollman (2004).

We use 15 free-response questions from the New-
tonian Mechanics Quiz (NMQ), each designed to
assess a specific conceptual aspect of Newtonian
mechanics. For example, one question asks stu-
dents to compare the time taken for two objects of
different masses to reach the ground when dropped
simultaneously, targeting understanding of gravita-
tional acceleration and the independence of mass in
free fall. These questions are conceptually aligned
with Force Concept Inventory (FCI)-style items
in that they probe underlying physical principles
rather than requiring numerical calculation.

Student Response Dataset: The dataset anal-
ysed in this work consists of student responses
collected during administrations of the NMQ at
6 UK higher education institutions in the 2024/25
academic year, either in class or as an out-of-class
activity. A total of 674 quiz attempts were collected
from students enrolled on introductory undergradu-
ate physics modules. The unit of analysis for mod-
elling is a question-response instance rather than
a complete quiz attempt. Since each quiz attempt
can contribute responses to multiple free-response
questions, the 674 quiz attempts yield multiple la-
belled question-response instances across the 15
questions; the fixed test set of 1,566 therefore refers
to held-out question-response instances, not 1,566
separate students or quiz attempts. Data collection
was conducted via an online platform.

Each student response was independently la-
belled as correct or incorrect by four physics ex-
perts following agreed marking guidelines. Dis-
agreements were resolved by a panel of three re-
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searchers, who determined the final label. All re-
sponses were anonymised prior to analysis to pro-
tect student privacy. An anonymised version of
the dataset has been released via The Open Univer-
sity repository with DOI 10.21954/ou.rd.32190003
(Pathak et al., 2026).

Split protocol: For each of the 15 questions, la-
belled response instances were split into a training
pool and a fixed test set, with approximately 80%
assigned to training and 20% to testing. All scaling
subsets were sampled only from the training pool,
and test responses were never used during training
or subset construction. The split was performed at
the question-response level rather than at the stu-
dent or institution level; therefore, the evaluation
measures generalisation to unseen responses for
the same questions, not student-disjoint, institution-
disjoint, or unseen-question generalisation.

Task Formulation: We study ASAG as a binary
classification task. Given a question and a student’s
free-text response, the model predicts whether the
response should be marked correct or incorrect.
This formulation matches the available expert la-
bels and enables controlled analysis of agreement
and error behaviour, but it does not model partial-
credit or rubric-based scoring.

Each instance consists of:
• the question text,
• a student-written response,
• a binary correctness label assigned by human

graders.
Table 1 reports the distribution of correct and

incorrect responses per question. Class distribu-
tions vary substantially across questions, reflecting
realistic classroom assessment conditions in which
some concepts are more difficult than others and
certain misconceptions appear more frequently.

3.2 DAPT on LibreTexts Physics
Following prior work on continued pre-training for
domain adaptation and ASAG, we apply textbook-
based DAPT before task-specific fine-tuning (Sung
et al., 2019; Gururangan et al., 2020). The goal is
not to introduce a new pre-training objective, but to
test whether exposure to undergraduate physics lan-
guage improves grading reliability for conceptual
physics responses under low-data conditions.

Pre-training Corpus: The domain-adapted
model undergoes continued pre-training on six
openly available physics textbooks from Libre-
Texts (Dourmashkin, 2020; Gea-Banacloche, 2019;
Cline, 2019), covering foundational topics in New-

tonian mechanics. LibreTexts was selected be-
cause it provides openly licensed, comprehensive
undergraduate-level physics material that reflects
terminology and conceptual explanations aligned
with FCI-style content. Continued pre-training uses
the masked language modelling objective (Devlin
et al., 2019). This stage is entirely unsupervised
and does not involve student responses or grading
labels, ensuring that any downstream performance
differences are not due to additional supervised
grading labels.

3.3 Model Configurations
We compare two models that share identical archi-
tecture and task-specific training procedures, dif-
fering only in whether DAPT is applied.

3.3.1 Baseline Model
The baseline model consists of a BERT encoder
(Devlin et al., 2019) fine-tuned directly on the short
answer grading task.

For each instance:
• The question and student response are con-

catenated into a single input sequence.
• The final hidden state corresponding to the

[CLS] token is passed to a linear classification
layer.

• Binary predictions are produced using cross-
entropy loss (Cui et al., 2019).

To simulate realistic low-resource classroom
conditions, we adopt a partial fine-tuning strat-
egy (Howard and Ruder, 2018; Sun et al., 2019):

• The lower eight transformer layers are frozen.
• Only the top four layers and the classification

head are updated.
Fine-tuning instability in small datasets has been

widely documented in prior work by Dodge et al.
(2020); Mosbach et al. (2021); Tinn et al. (2023).

3.3.2 Domain-Adapted Model
The domain-adapted model follows a two-stage
procedure:

• Continued pre-training on the LibreTexts
physics corpus using MLM (Devlin et al.,
2019).

• Fine-tuning on the ASAG task using the same
architecture, layer-freezing configuration, and
optimization settings as the baseline model.

Holding the base architecture, fine-tuning pro-
cedure, training subsets, and evaluation protocol
constant isolates textbook-based continued pre-
training relative to general BERT, but not whether
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Question Correct (%) Incorrect (%) N Imb. Ratio

Q1 72.3 27.7 517 0.723
Q2 52.0 48.0 244 0.520
Q3 83.9 16.1 509 0.839
Q4 70.0 30.0 496 0.700
Q5 75.2 24.8 508 0.752
Q6 83.3 16.7 497 0.833
Q7 77.0 23.0 252 0.770
Q8 40.5 59.5 487 0.405
Q9 64.2 35.8 246 0.642
Q10 84.2 15.8 493 0.842
Q11 57.5 42.5 496 0.575
Q12 96.0 4.0 496 0.960
Q13 58.4 41.6 243 0.584
Q14 91.9 8.1 258 0.919
Q15 53.9 46.1 490 0.539

Table 1: Per-question class distribution. Percentages in-
dicate the proportion of correct and incorrect responses.

gains arise from physics-specific content rather
than continued pre-training more generally.

3.4 Training Procedure

Both models are trained on the Newtonian Me-
chanics dataset using supervised learning. As
described in Section 3.1, the dataset consists of
anonymised student responses collected during
classroom administrations of free-response ques-
tions derived from the FCI. Because class distribu-
tions vary across questions (see Table 1), we use
class-weighted cross-entropy loss (Cui et al., 2019),
with weights computed based on inverse class fre-
quency within each training subset. This mitigates
bias toward majority classes and maintains sensi-
tivity to less frequent response types.

All hyper-parameters, including optimizer con-
figuration, learning rate schedule, batch size, num-
ber of epochs, and early stopping criteria, are kept
identical across models. Given that small training
sets can lead to unstable training dynamics, includ-
ing divergence during the fine-tuning (Dodge et al.,
2020), we apply early stopping (Song et al., 2020)
and repeat each experimental condition using mul-
tiple random seeds.

3.5 Experimental Design: Controlled Scaling
Study

We run a controlled scaling study over 26 nested
training-set sizes to reflect classroom data avail-
ability, from early deployment to larger cohorts.
After constructing the fixed per-question test set,
all remaining responses form the training pool. For
each question and training size dx, we sample up
to x correct and x incorrect responses from the

training pool. Thus, dx represents a target per-class
sampling cap, not a guarantee that every question
contains x examples from each class. When one
class has fewer than x available responses, both
classes are capped at the smaller available count.
This is particularly relevant for highly imbalanced
questions such as Q12, where the number of incor-
rect responses is small. Larger subsets are nested
by adding newly sampled responses to the previous
subset where available. We train both models with
10 random seeds, resulting in 26 sizes × 10 seeds
× 2 models = 520 runs. The fixed test set contains
1,566 question-response instances.

The fixed test set enables paired comparisons be-
tween models. Experiment-level differences across
matched training sizes and random seeds are evalu-
ated using paired tests over run-level metrics, while
fixed/broken error counts are reported descriptively
because the same test responses are evaluated re-
peatedly across conditions. We also report corre-
lation analyses relating training size and baseline
question performance to observed DAPT gains. A
summary of statistical procedures is provided in
Appendix Table 5.

For each configuration, we report Accuracy,
Macro F1, Balanced Accuracy, and Cohen’s κ (Co-
hen, 1960) as mean ± standard deviation across
runs, with detailed per-question results provided
in Appendix Tables 6 and 7. Increasing the num-
ber of repetitions reduces variance in performance
estimates and provides a more stable assessment
of model behaviour in low-data settings, where
single-run results can be highly variable (Dodge
et al., 2020). This controlled scaling framework
enables analysis of performance differences, data
efficiency, saturation effects, and variability under
limited labelled data.

4 Results and Discussion

This section evaluates whether DAPT improves
the practical reliability of ASAG when applied to
classroom-derived student responses, and whether
observed improvements reflect consistent reduc-
tions in grading errors.

4.1 Overall Performance and Reliability
(RQ1)

Across all evaluation metrics, the domain-adapted
model (DAPT) shows higher agreement with refer-
ence labels compared to the baseline model.

Table 2 summarises the average performance
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across all runs and training sizes.

Metric Baseline DAPT ∆

Accuracy 0.906 0.963 +0.057
Macro F1 0.889 0.955 +0.066
Balanced Acc. 0.895 0.954 +0.059
Cohen’s κ 0.783 0.910 +0.127

Table 2: Overall average performance across all runs
and training sizes.

From a grading perspective, the increase in Co-
hen’s κ suggests improved consistency in auto-
mated decisions, which is important for maintain-
ing fairness in assessment.

Wilcoxon Signed-Rank Test (Experiment-Level
Comparison): To evaluate whether these differ-
ences are consistent across experimental conditions,
we conducted a paired Wilcoxon signed-rank test
(Wilcoxon, 1945) on accuracy scores, comparing
matched runs and training sizes between the two
models.

The paired comparison showed a consistent dif-
ference across matched conditions:

• W = 30.5, p < 10−43

Because training subsets are nested, this result
should be interpreted as evidence of a strong re-
peated pattern across conditions rather than as fully
independent experimental replications.

Classroom interpretation: From an assessment
perspective, the increase in Cohen’s kappa indi-
cates stronger agreement between automated pre-
dictions and reference labels. This indicates that
the domain-adapted model may provide more sta-
ble grading decisions under varying data condi-
tions.

4.2 Effect of Training Data Size (RQ1)

Across 260 matched comparisons (10 runs × 26
training sizes, comparing the same run and dataset
size across models), the domain-adapted model
outperformed the baseline in the large majority of
cases:

• Accuracy improved in 257/260 comparisons
• Macro F1 improved in 258/260 comparisons
• Cohen’s κ improved in 258/260 comparisons
These results indicate that performance gains

are observed across most experimental conditions,
rather than being limited to a small subset of runs
or training sizes.

Figure 1 presents learning curves across increas-
ing training sizes. The largest performance differ-
ences occur in low-data settings:

• d10: ∆ Accuracy ≈ +0.28
• d50: ∆ Accuracy ≈ +0.12
• d470: ∆ Accuracy ≈ +0.006

Figure 1 shows that DAPT provides the largest
gains in low-data conditions, with an accuracy im-
provement of approximately 28 percentage points
at d10 and 12 points at d50. As training data in-
creases, the gap narrows, reaching approximately
0.6 points at d470. This pattern is supported by a
strong negative correlation between training size
and DAPT gain (Spearman’s ρ = −0.90), indicat-
ing that the benefit of domain adaptation diminishes
as more labelled data becomes available.

Figure 1: Learning curves across training sizes.

Classroom interpretation: From an assessment
perspective, this suggests that domain-adaptive pre-
training can provide more reliable grading in early
deployment stages, where only a limited number
of student responses are available, while offering
smaller additional gains once sufficient data has
been collected.

4.3 Question-Level Behaviour (RQ2)
While overall performance improves, the mag-
nitude of improvement varies across questions.
Larger gains are observed for questions where base-
line performance is lower (e.g., Q4, Q5), whereas
questions with already high baseline accuracy (e.g.,
Q1, Q14, Q15) show only marginal improvements.

A strong negative relationship between baseline
accuracy and improvement (Spearman’s rank cor-
relation coefficient ρ = −0.94) indicates a ceiling
effect, where questions that are already easy to
grade offer limited room for further gains.

Figure 2 presents performance differences at the
question level.
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These results suggest that DAPT provides the
greatest benefit for questions that are less reliably
handled by the baseline. A qualitative inspection
suggests that lower-gain questions may have more
constrained answer spaces, whereas higher-gain
questions appear to involve more varied explana-
tions, incomplete causal reasoning, mixed correct
and incorrect ideas, or domain-specific phrasing.
Textbook-based DAPT may therefore help most
where student responses are linguistically heteroge-
neous. This interpretation is exploratory, and future
work should analyse response length, misconcep-
tion type, and explanation structure systematically.

Classroom interpretation: From a classroom
perspective, this indicates that the domain-adapted
model may be particularly useful for supporting
grading on more challenging questions, where au-
tomated decisions are likely to be less reliable. Im-
portantly, we do not observe clear evidence of sys-
tematic performance degradation across questions,
suggesting that improvements are not achieved at
the expense of reduced performance elsewhere.

Figure 2: Question-level performance differences (δ ac-
curacy) between baseline and domain-adapted models.

4.4 Error-Level Analysis (RQ2)

To determine whether improvements reflect gen-
uine error reduction rather than redistribution, we
conducted a global error-overlap analysis across all
questions and training sizes.

In this analysis, Fixed refers to cases where the
domain-adapted model produces a correct predic-
tion while the baseline model is incorrect, and Bro-
ken refers to cases where the baseline is correct but
the domain-adapted model is incorrect.

Category Count

Both Correct 362,667
Both Wrong 8,487
Fixed 29,586
Broken 6,420

Net Reduction 23,166
Fixed/Broken Ratio 4.61

Table 3: Error overlap summary between baseline and
textbook-pretrained models.

Table 3 shows that the domain-adapted model
corrects substantially more baseline errors than it
introduces, resulting in a net reduction of 23,166
errors and a Fixed/Broken ratio of 4.61.

Aggregate paired comparison: Because the
same fixed test responses are evaluated repeat-
edly across training sizes and seeds, the pooled
fixed/broken counts in Table 3 should be interpreted
descriptively rather than as independent observa-
tions. The large imbalance between Fixed and Bro-
ken cases nevertheless shows a consistent direc-
tional pattern: across repeated paired evaluations,
the domain-adapted model corrects substantially
more baseline errors than it introduces.

4.5 Calibration and Confidence

Table 4 summarises calibration performance.

Metric Baseline DAPT

Brier score 0.0668 0.0308
ECE 0.0408 0.0228

Table 4: Calibration metrics for models used

The domain-adapted model achieves lower val-
ues on both the Brier score (Brier, 1950) and Ex-
pected Calibration Error (ECE) (Guo et al., 2017),
suggesting that its predicted probabilities are better
aligned with observed outcomes. In particular, the
reduction in Brier score reflects improved overall
probabilistic accuracy, while the lower ECE indi-
cates that confidence estimates more closely match
true correctness likelihoods.

Classroom interpretation: From a grading per-
spective, improved calibration is important because
it allows the system’s confidence scores to be in-
terpreted as meaningful indicators of reliability.
This enables practical workflows in which low-
confidence predictions can be flagged for human
review, while high-confidence predictions can be
trusted with greater assurance.
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4.6 Discussion

These results are consistent with prior work show-
ing that continued pre-training on domain-relevant
text can improve downstream performance. Sung
et al. (2019) demonstrated this idea for ASAG us-
ing domain resources such as textbooks, while Gu-
rurangan et al. (2020) showed that DAPT can im-
prove performance across multiple domains and re-
source settings. The present study extends this line
of work by examining reliability, calibration, error
overlap, and question-level behaviour in classroom-
derived conceptual physics ASAG. Because we
do not evaluate LLM graders or a same-size non-
physics pre-training control, the results show im-
provement over general BERT in this setting, but
not superiority over LLM-based grading or evi-
dence that gains are uniquely caused by physics-
specific content. The evaluation also reflects same-
question deployment: models are tested on held-
out responses to the same questions, not on unseen
questions or unseen institutions.

4.6.1 RQ1: Reliability under limited data:

The results show that domain-adaptive pretraining
improves agreement with reference labels across
conditions, with the largest gains observed in low-
data regimes. Learning curve analysis indicates
that these improvements are most pronounced
when only limited labelled responses are available,
and diminish as training data increases.

4.6.2 RQ2: Nature of improvements:

Improvements are observed across most questions,
with larger gains for items where baseline perfor-
mance is lower. Error-level analysis further indi-
cates that these gains primarily reflect net reduc-
tions in grading errors, rather than redistribution of
errors across instances.

4.6.3 Implications for practice

From a teaching perspective, these findings suggest
that domain-adapted models may:

• improve consistency of automated grading de-
cisions,

• provide the greatest benefit in early deploy-
ment scenarios with limited data, and

• support identification of responses requiring
human review.

However, such systems should be used to sup-
port, rather than replace, human judgement in as-
sessment.

5 Conclusion

We evaluated whether textbook-based DAPT im-
proves binary ASAG reliability relative to a general
BERT baseline in a classroom-derived conceptual
physics setting. Across 26 training sizes and 10
random seeds, the domain-adapted model showed
higher accuracy, macro F1, balanced accuracy, and
Cohen’s κ, with the largest gains in low-data set-
tings.

Question-level and error-overlap analyses
showed that these gains were not only aggregate
improvements: the domain-adapted model cor-
rected substantially more baseline errors than
it introduced, with larger benefits for questions
where baseline performance was lower. Calibration
also improved, suggesting that model confidence
may better support human-review workflows.

These findings support textbook-based DAPT as
a useful low-data strategy for same-question ASAG
deployment. However, the system should be treated
as a decision-support tool, and broader evaluation is
needed for stronger baselines, partial-credit scoring,
unseen questions, unseen institutions, and other
educational contexts.

6 Limitations

Baseline scope: We compare general BERT with
a textbook-adapted version of the same model to
isolate the effect of continued pre-training on un-
dergraduate physics materials. We do not com-
pare against science-domain or physics-domain en-
coders such as SciBERT or PhysBERT, stronger
general encoders such as RoBERTa or DeBERTa,
modern LLM-based graders, or a same-size non-
physics continued pre-training control. Therefore,
our results show improvement over general BERT
in this setting, but do not establish superiority
over stronger baselines or prove that the gains are
uniquely due to physics-specific content. Future
work should test these comparisons directly.

This study is conducted using free-response con-
ceptual physics questions derived from the Force
Concept Inventory (FCI), a widely used diagnostic
instrument designed to assess students’ conceptual
understanding of Newtonian mechanics (Hestenes
et al., 1992; Hestenes and Halloun, 1995). This
reflects a specific assessment context focused on
conceptual reasoning rather than procedural or nu-
merical problem-solving, and the findings should
be interpreted within this context.

The grading task is formulated as binary clas-
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sification (correct/incorrect), which enables con-
trolled analysis of agreement and error patterns
but does not capture partial-credit or rubric-based
scoring. This limits direct applicability to class-
room settings where teachers assign ordinal scores
or apply detailed rubrics. The headline accuracy
values should therefore not be directly compared
with multi-class, ordinal, or rubric-based ASAG
settings, which present a harder grading problem.
Future work should examine whether the DAPT
advantage observed here transfers to these more
complex scoring settings.

Split and generalisation scope: The train/test
split is performed at the question-response level.
The fixed test set contains held-out responses to the
same 15 questions used to construct the training
pools, so the study evaluates new responses to exist-
ing questions rather than transfer to entirely unseen
questions. Because the split is not student-disjoint
or institution-disjoint, responses from the same stu-
dent or institution may appear across training and
test partitions through different question responses.

Although the experimental design includes mul-
tiple training sizes and repeated runs, the number
of assessment questions is limited (n = 15), which
constrains the strength of conclusions regarding
question-level variation.

Finally, domain-adaptive pre-training is based
on a single type of corpus (undergraduate physics
textbooks from LibreTexts). Other domain sources
may lead to different adaptation effects and remain
for future investigation. The present analysis also
does not establish that DAPT improves concep-
tual understanding in the model; gains may partly
reflect better handling of physics vocabulary, com-
mon phrasings, or surface-level response patterns.

7 Ethics Statement

Collection of the Newtonian Mechanics Quiz stu-
dent response dataset was approved by the relevant
institutional Human Research Ethics Committee.
Student responses were collected during authentic
classroom assessments as part of ongoing doctoral
research, and the anonymised dataset has been re-
leased via The Open University repository (Pathak
et al., 2026). Participation complied with institu-
tional ethical guidelines, and no personally identifi-
able information was retained. The ethical approval
permits the use of anonymised data for research dis-
semination.

The physics textbooks used for domain-adaptive

pre-training were obtained from LibreTexts, an
open educational resource platform providing mate-
rials under open licenses, including Creative Com-
mons, Public Domain, and similar licenses. These
licenses permit reuse, adaptation, and redistribution
of content for educational and research purposes,
subject to specific conditions such as attribution
and, in some cases, non-commercial use or share-
alike requirements. All materials were accessed
and used in accordance with their respective licens-
ing terms, and appropriate attribution was main-
tained where required.
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A Additional Per-Question Results

Panel A (Performance Metrics). Panel A reports
per-question performance as mean ± standard de-
viation across runs and training sizes. We report
accuracy, macro F1, weighted F1, and Cohen’s κ.

Consistent with the results in Section 4, improve-
ments in accuracy are accompanied by increases in
agreement measured by Cohen’s κ, indicating that
gains are not limited to raw accuracy. Variability
is higher for questions with lower baseline perfor-
mance, reflecting greater instability under limited
data conditions, as observed in the learning-curve
analysis.
Panel B (Question Characteristics and Error Dy-
namics). Panel B links question properties to the
mechanism of performance changes. N denotes
the total number of repeated paired predictions ag-
gregated across training sizes and runs; it should
not be interpreted as the number of independent test
instances. N0 and N1 denote the repeated counts
of incorrect and correct labels, respectively. Imbal-
ance Ratio and PosRate describe class prevalence.

While ∆Acc, reported in percentage points, indi-
cates the magnitude of improvement, it does not by
itself capture grading behaviour. The Fixed/Broken
decomposition provides this insight:

• Fixed: baseline errors corrected by the
domain-adapted model

• Broken: new errors introduced by the domain-
adapted model

• Net: Fixed − Broken, indicating the direc-
tional change in errors

Because the same fixed test responses are eval-
uated repeatedly across training sizes and random
seeds, the fixed/broken counts are interpreted de-
scriptively rather than as independent observations
for significance testing. Consistent with the error-
overlap analysis in Section 4, all questions show
positive Net values, indicating that the domain-
adapted model corrects more baseline errors than it
introduces. Larger performance gains correspond
to larger positive Net values, particularly for ques-
tions where baseline performance is lower. Taken
together, Panels A and B support the finding that
performance gains primarily reflect net reductions
in grading errors across questions, rather than im-
provements in some questions offset by declines in
others.
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Table 5: Summary of statistical analyses used in the study.

Analysis Method Unit n Reported What is assessed

Overall experiment-
level comparison

Wilcoxon signed-
rank

Matched run ×
training-size con-
dition

260 W,p Whether DAPT shows a repeated
performance advantage over the
baseline across matched experi-
mental conditions

Global error-overlap
comparison

Descriptive
fixed/broken analy-
sis

Aggregated
repeated paired
predictions

407,160 Fixed, Broken,
Net, Fixed/Broken
ratio

Whether DAPT corrects more
baseline errors than it introduces;
interpreted descriptively because
test responses are repeated across
training sizes and seeds

Per-question error be-
haviour

Descriptive
fixed/broken analy-
sis

Question-level
aggregated re-
peated paired
predictions

15 ques-
tions

∆Acc, Fixed, Bro-
ken, Net

Whether improvements are con-
centrated in particular questions
or reflect positive net error reduc-
tion across questions

Training size vs. im-
provement

Spearman ρ Training-size con-
dition

26 ρ Monotonic association between
training size and performance im-
provement (∆Acc)

Baseline accuracy vs.
question gain

Spearman ρ Question 15 ρ Monotonic association between
baseline question performance
and improvement under DAPT

Notes: Fixed/broken counts are interpreted descriptively because the same fixed test responses are evaluated repeatedly across
training sizes and random seeds. ∆Acc is reported in percentage points. n denotes the number of analysis units, which differs by

row.

Table 6: Appendix per-question results: performance metrics.

Panel A: Per-question metrics

Columns: Acc = accuracy; F1 = macro F1; wF1 = weighted F1; κ = Cohen’s kappa.

Baseline BERT Textbook-Pre-trained BERT

Q Acc F1 wF1 κ Acc F1 wF1 κ

Q1 0.987 ± 0.055 0.985 ± 0.059 0.987 ± 0.063 0.974 ± 0.088 0.994 ± 0.005 0.993 ± 0.006 0.994 ± 0.005 0.986 ± 0.013
Q2 0.942 ± 0.055 0.940 ± 0.062 0.941 ± 0.062 0.883 ± 0.109 0.966 ± 0.012 0.966 ± 0.012 0.966 ± 0.012 0.933 ± 0.024
Q3 0.954 ± 0.056 0.921 ± 0.082 0.956 ± 0.051 0.845 ± 0.156 0.988 ± 0.009 0.978 ± 0.016 0.988 ± 0.009 0.956 ± 0.032
Q4 0.786 ± 0.202 0.751 ± 0.212 0.773 ± 0.225 0.556 ± 0.329 0.954 ± 0.018 0.944 ± 0.021 0.953 ± 0.017 0.887 ± 0.041
Q5 0.843 ± 0.159 0.799 ± 0.178 0.837 ± 0.173 0.633 ± 0.281 0.969 ± 0.017 0.959 ± 0.023 0.969 ± 0.017 0.917 ± 0.045
Q6 0.946 ± 0.064 0.909 ± 0.075 0.946 ± 0.063 0.823 ± 0.129 0.963 ± 0.010 0.932 ± 0.017 0.962 ± 0.010 0.865 ± 0.035
Q7 0.830 ± 0.133 0.757 ± 0.133 0.821 ± 0.147 0.544 ± 0.181 0.911 ± 0.019 0.870 ± 0.028 0.910 ± 0.019 0.740 ± 0.055
Q8 0.800 ± 0.134 0.784 ± 0.156 0.791 ± 0.152 0.589 ± 0.274 0.890 ± 0.023 0.885 ± 0.023 0.890 ± 0.023 0.771 ± 0.046
Q9 0.833 ± 0.136 0.809 ± 0.161 0.822 ± 0.158 0.645 ± 0.267 0.928 ± 0.040 0.919 ± 0.046 0.926 ± 0.042 0.839 ± 0.090
Q10 0.903 ± 0.129 0.832 ± 0.149 0.901 ± 0.134 0.684 ± 0.236 0.968 ± 0.019 0.934 ± 0.034 0.967 ± 0.018 0.869 ± 0.066
Q11 0.917 ± 0.072 0.913 ± 0.083 0.915 ± 0.079 0.828 ± 0.155 0.953 ± 0.014 0.953 ± 0.014 0.954 ± 0.014 0.905 ± 0.028
Q12 0.922 ± 0.110 0.747 ± 0.143 0.937 ± 0.079 0.518 ± 0.247 0.971 ± 0.017 0.825 ± 0.063 0.972 ± 0.013 0.651 ± 0.124
Q13 0.965 ± 0.034 0.964 ± 0.036 0.965 ± 0.036 0.928 ± 0.067 0.982 ± 0.005 0.982 ± 0.005 0.982 ± 0.004 0.963 ± 0.009
Q14 0.990 ± 0.038 0.975 ± 0.060 0.991 ± 0.030 0.953 ± 0.109 0.999 ± 0.003 0.998 ± 0.009 0.999 ± 0.003 0.997 ± 0.018
Q15 0.987 ± 0.041 0.986 ± 0.049 0.986 ± 0.050 0.974 ± 0.077 0.995 ± 0.004 0.995 ± 0.004 0.995 ± 0.004 0.990 ± 0.009
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Table 7: Appendix per-question results: question characteristics and descriptive error dynamics.

Panel B: Per-question characteristics and descriptive error dynamics

Columns: N = total repeated paired predictions aggregated across training sizes and runs; N0/N1 = repeated counts of label 0/1;
Imb. Ratio = minority/majority class ratio; PosRate = N1/N ; ∆Acc (pp) = pre-trained − baseline; Fixed/Broken = descriptive

error changes; Net = Fixed − Broken.

Q N N0 N1 Imb. Ratio PosRate ∆Acc (pp) Fixed Broken Net

Q1 33800 9360 24440 0.383 0.723 0.70 335 98 237
Q2 15860 7540 8320 0.906 0.525 2.45 479 91 388
Q3 33280 5200 28080 0.185 0.844 3.41 1357 221 1136
Q4 32500 9620 22880 0.420 0.704 16.74 6169 727 5442
Q5 33020 8060 24960 0.323 0.756 12.55 4577 432 4145
Q6 32500 5460 27040 0.202 0.832 1.71 1167 610 557
Q7 16380 3640 12740 0.286 0.778 8.07 1765 443 1322
Q8 31720 18980 12740 0.671 0.402 8.96 4230 1388 2842
Q9 16120 5720 10400 0.550 0.645 9.44 2226 704 1522
Q10 32240 4940 27300 0.181 0.847 6.50 2599 505 2094
Q11 32500 13780 18720 0.736 0.576 3.69 1680 480 1200
Q12 32500 1300 31200 0.042 0.960 4.91 2204 609 1595
Q13 15860 6500 9360 0.694 0.590 1.71 291 20 271
Q14 16900 1300 15600 0.083 0.923 0.91 160 6 154
Q15 31980 14820 17160 0.864 0.537 0.82 347 86 261

Notes: Fixed/Broken counts are aggregated over repeated paired evaluations and are interpreted descriptively rather than as
independent observations.
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