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Abstract. Large language models (LLMs) have shown promise for automated
short-answer scoring (ASAS), particularly in cold-start settings where task-
specific training data are unavailable. However, prior studies typically relied on
a small number of manually designed prompts, making it unclear whether the
observed performance reflects the capabilities of the model or just the quality
of the prompt. In this paper, we investigate whether prompt optimisation im-
proves ASAS performance and what it can reveal about effective prompt design.
Using three open-weight LLMs, three task formulations, and English language
benchmark datasets from SemEval-2013, we compare human-written prompts
with prompts optimised using the ProTeGi framework. Results show that prompt
optimisation yields consistent performance gains across 135 paired configura-
tions. Linguistic analyses further reveal that optimised prompts contain more
discourse markers and shorter noun phrases, and these properties are predictive
of downstream scoring performance. The findings suggest that prompt optimisa-
tion can serve not only as a performance-enhancement technique, but also as a
tool for identifying linguistic characteristics of effective prompts for educational
NLP tasks.

1. Introduction

Open-ended responses are widely considered a strong fit for assessing learners’ ac-
tive knowledge [Livingston 2009], and they also lend themselves well to providing
formative feedback [Gombert et al. 2024]. However, state-of-the-art methods for scor-
ing short answers typically require models to be trained on large task-specific datasets
[Bai and Stede 2023, Bexte et al. 2022, Dada et al. 2025], preventing scalability in con-
texts where such datasets are not available, which includes the majority of all practical
educational contexts, also known as the cold-start problem [Bexte and Zesch 2025]. The
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transfer-, multi-task-, and in-context-learning capabilities of generative LLMs promise
to diminish this crucial cost factor that limits the widespread scalability of intelligent
educational systems, in theory. Generative LLMs often require none or only a small
number of examples in combination with a strong prompt to achieve acceptable perfor-
mance on tasks for which they were not explicitly trained for [Brown et al. 2020]. It is
this promise that makes generative Al particularly attractive for the automated scoring of
free-text responses in settings where training data are unavailable [Bexte and Zesch 2025,
Kasneci et al. 2023].

Early studies have already explored the potential of generative LLMs for
automated short-answer scoring (ASAS) [Chang and Ginter 2024, Kortemeyer 2023,
Ferreira Mello et al. 2025]. These studies show that, at least for GPT-4, performance
is not yet competitive with fully supervised systems, yet it can still yield surprisingly
strong baseline scores via pure prompting. A key limitation of these studies is that
they evaluate LLM scoring performance using arbitrary hand-crafted prompts. How-
ever, because linguistic productivity allows language users to express the same propo-
sition in countless ways [Kreidler 1998], it is unclear whether these prompts are the
optimal way to phrase the task. There is concrete evidence that not every possible
prompt formulation is optimal, and even replacing single words in a prompt with syn-
onyms can significantly impact downstream performance [Leidinger et al. 2023]. As a
consequence, techniques for automatically searching for improved prompts via various
heuristic strategies have been shown to outperform hand-crafted prompts in many cases
[Pryzant et al. 2023, Fernando et al. 2023]. This raises the question of whether past stud-
ies on LLM-based ASAS used optimal prompts. Moreover, given linguistic productivity,
which exact features make a given prompt optimal for ASAS is an open question. In
this study, our objective was therefore to address these gaps with the following research
questions:

* RQ1: Does prompt optimisation improve LLM performance in automated short-
answer scoring?

* RQ2: What linguistic changes distinguish optimised prompts for automated short
answer scoring from their human-written counterparts?

* RQ3: Which linguistic properties of prompts are predictive of scoring perfor-
mance in automated short answer scoring?

2. Background

Automated short-answer scoring (ASAS) is one of the earliest established NLP applica-
tions in education [Burrows et al. 2015]. It refers to the automated evaluation of short
student responses using computational methods, also known as automated short-answer
assessment (ASAA) or automated short-answer grading (ASAG). Early approaches relied
on concept matching, keyword lexica, rule-based pattern matching between student an-
swers and sample solutions, or clustering techniques based on Latent Semantic Analysis
(LSA) or embedding representations [Klein et al. 2011, Saha et al. 2018]. More recent
work predominantly uses machine learning-based scoring models [Bai and Stede 2023].
The effectiveness of ASAS fundamentally depends on handling linguistic and content-
related variability in student responses [Zesch et al. 2023].

Historically, machine-learning approaches to ASAS have mirrored broader
NLP trends. Earlier systems combined hand-crafted features with statistical learners
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[Leacock and Chodorow 2003, Jimenez et al. 2013]. With the introduction of BERT
[Devlin et al. 2019], most subsequent ASAS research adopted transformer-based ar-
chitectures [Sung et al. 2019, Li et al. 2021, Dada et al. 2025, Kaya and Cicekli 2024,
Poulton and Eliens 2021]. Commonly, these systems frame scoring as a textual entail-
ment task by cross-encoding the answer and reference solutions. In contrast, others rely
on SBERT-style embeddings for clustering [Bexte et al. 2022] or for downstream learners
[Padé et al. 2023].

The rise of generative LLMs raises the question of whether ASAS can be
solved via pure prompting, without task-specific training. Initial evidence from stud-
ies such as [Ferreira Mello et al. 2025, Chang and Ginter 2024, Kortemeyer 2023] sug-
gests that this is not yet the case, although evaluations often rely on a single man-
ually crafted prompt. Given the rapid emergence of prompt engineering techniques
[Sahoo et al. 2024, Ramnath et al. 2025] and their substantial impact on few-shot perfor-
mance, it remains unclear whether an appropriately designed prompt could enable gener-
ative LLMs to approach or exceed the state-of-the-art performance of supervised systems.
Recent findings [Lee et al. 2024] indicate that few-shot prompting and chain-of-thought
reasoning [Wei et al. 2022] can improve automated scoring, but effects vary substantially
across items, and evaluations remain limited in scope. Thus, the degree to which prompt-
ing techniques can reliably enhance LLM-based ASAS remains an open question.

3. Method

3.1. Experimental Setup

To answer RQ1 and collect data basis for answering RQ2 and RQ3, we evaluated how
task formulation, number of in-context examples, and prompt optimisation affect ASAS
performance. Each configuration consists of:

1. one of three task formulations: naive ASAS, paraphrase detection, or textual en-
tailment;

2. azero-, one-, or five-shot setup;

3. either a hand-crafted or an optimised task prompt.

All models were prompted via standard in-context learning [Brown et al. 2020].
Examples took the form of quadruples containing the question, the sample solution, the
student answer, and the gold label; only the task prompt was replaced during optimisation.
Few-shot examples are sampled randomly from the training set at each inference step to
avoid overfitting to a fixed exemplar set.

3.2. Human-written Prompts

We compared three task formulations: (1) a naive scoring prompt that directly asks the
model to score a student answer based on the sample solution, (2) a paraphrase formu-
lation inspired by [Kortemeyer 2023], which frames correctness as semantic equivalence
between student answer and reference answer, and (3) a textual entailment formulation
following [Levy et al. 2013], where correctness is interpreted as the degree to which the
student answer entails the sample solution.
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3.3. Datasets

To ensure comparability with prior work, we relied on established benchmark datasets.
The SemEval-2013 shared task [Dzikovska et al. 2013] introduced two widely used short-
answer scoring datasets: SciEntsBank and Beetle. Both datasets contain training sets and
multiple test partitions, most notably unseen answers (new responses to seen questions)
and unseen questions (responses to new questions). SciEntsBank also provides an un-
seen domains split. In this paper, we focused on the 2-way variant, which distinguishes
correct and incorrect as possible scores. Table 1 shows an example datapoint from the
SciEntsBank dataset.

Question

You used several methods to separate and identify the substances in mock rocks. How did
you separate the salt from the water?

Reference Answer
The water was evaporated, leaving the salt.

Student Answer
We put the water and salt in the Petri dish. The water evaporated and the salt became crystals.

Score
Correct

Table 1. This table shows an example datapoint from the SciEntsBank dataset.

3.4. Models

We relied on the following open-weight models Mistral-7B-Instruct [Jiang et al. 2023],
Apertus-8B-Instruct [Apertus et al. 2025] and OpenChat-3.5 [Wang et al. 2023]. The
reasoning behind focusing on open models instead of larger commercial ones here is
that queries to large commercial models are not only comparably expensive (both in
terms of accumulating monetary costs and environmental impact), but can also con-
flict with data protection rules established in many educational contexts. The cheaper,
more privacy- and environmentally friendly alternative to commercial models such as
GPT-5 is compact, open-weight models in the 7b- to 8b-parameter class (or smaller)
[Jeanquartier et al. 2026].

3.5. Prompt Optimisation using ProTeGi

To optimise prompts, we used ProTeGi [Pryzant et al. 2023], a framework that treats
prompt optimisation as a search problem over alternative prompt formulations. Starting
from a human-written prompt, the method first evaluates model predictions on labelled
examples and generates fextual gradients, i.e., natural-language critiques describing why
the current prompt may have led to incorrect predictions. These critiques are then used
to propose revised prompt variants that address the identified weaknesses. To further
diversify the search space, candidate prompts are additionally paraphrased.

The resulting prompt candidates are evaluated on subsets of the training data
and ranked according to downstream task performance. Following a variant from
[Pryzant et al. 2023], candidate selection was implemented using the Successive Rejects
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Feature Rationale

Token count Measures overall prompt length. Longer prompts may provide more contextual
guidance but can also introduce noise or redundant instructions.

Sentence count Reflects the degree of segmentation of the instructions. More sentences may
structure instructions more clearly.

Words per sentence Approximates syntactic density. Longer sentences may encode more complex
instructions, but can reduce readability and clarity.

Verb count Indicates the amount of predicate structure in the prompt, reflecting how strongly
instructions are framed as actions or procedures.

Content-word ratio Measures the proportion of lexical content words relative to function words, cap-
turing the informational density of the prompt.

Zipf mean (content lemmas) Captures the average lexical log-frequency of content words in the prompt.

Lower-frequency words indicate greater lexical sophistication, which may in-
fluence how precisely the model interprets task instructions. Frequencies are
taken from the SUBTLEX-US corpus [Brysbaert and New 2009].

Reasoning verb count Counts verbs associated with analytical or evaluative reasoning (e.g., evaluate,
Justify, determine). These may signal the type of reasoning expected from the
model during scoring.

Clause proxy count Approximates syntactic complexity through subordinate clauses and punctuation
markers. Higher values indicate more complex instruction structures.

Instruction verb count Measures the density of directive verbs (e.g., classify, assign, determine) that
explicitly instruct the model how to perform the scoring task.

Imperative root ratio Estimates how often instructions are phrased in imperative form. Imperatives
may make task expectations more explicit but can also lead to overly directive
prompts.

Discourse marker count Counts explicit discourse markers (e.g., because, therefore, if) that signal logical
relations and may clarify evaluation criteria.

Mean dependency depth Reflects the average depth of syntactic dependency trees, serving as a proxy for
hierarchical syntactic complexity.

Mean noun phrase length Measures the average length of noun phrases. Longer noun phrases indicate

more nominal compression and potentially denser conceptual instructions.

Table 2. Linguistic features used in the prompt analysis together with their the-
oretical motivation.

algorithm [Audibert and Bubeck 2010], which iteratively eliminates lower-performing
candidates until only a single prompt remains. The final surviving prompt is used as
optimised prompt for all subsequent analyses.

3.6. Hyperparameters and Setup

Prompt optimisation was run separately for each dataset and prompting configuration
(i.e., once for SciEntsBank and once for Beetle per combination of task formulation
and shot count). For ProTeGi, we extracted 4 textual gradients and generated a small
candidate pool of 16 prompt variants (arms) in each round. Successive Rejects started
with a sample size of 20 instances per candidate and increased by 2 per round. We ran
three optimisation rounds (= full beam search iterations), after which the top-performing
prompt was selected for the next round. For generating textual gradients and prompt
candidates in ProTeGi, a temperature of 0.7 was used, whereas for evaluating model per-
formance, a temperature of 0.0 was used to prevent fluctuations due to randomness. Each
model-prompt configuration is evaluated on every SemEval-2013 test subset, yielding
270 total model—configuration—dataset combinations. This design enables us to disentan-
gle the contributions of task framing, shot count, and prompt optimisation, and to observe
interactions among these factors.

3.7. Statistical Analysis

To investigate the linguistic properties of optimised prompts, we adopted a two-stage
analysis procedure. First, we identified systematic linguistic differences between human-
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Figure 1. These box plots show the distribution of F1 Results for the base
prompts and their optimised counterparts for all three models across all
evaluation sets. SEB = SciEntsBank. BT = Beetle. UA = Unseen Answers.
UQ = Unseen Questions. UD = Unseen Domains.

written base prompts and prompts obtained through optimisation. Second, we tested
whether these linguistic properties predict downstream scoring performance.

In the first stage, we computed a set of linguistic prompt features (Table 2) for each
base prompt and its corresponding optimised variant, using SpaCy [Honnibal et al. 2020]
with its default English model. Because each optimised prompt originates from a specific
human-written base prompt, the resulting observations form paired samples. To determine
whether prompt optimisation leads to systematic changes in linguistic structure, we there-
fore compared base and optimised prompts using two-sided paired Wilcoxon signed-rank
tests. The goal of this analysis was exploratory: rather than testing a specific theoret-
ical model, we aimed to identify which linguistic properties consistently change when
prompts are automatically improved for performance. These results provide empirical
guidance for selecting a subset of linguistically meaningful predictors.

In the second stage, we used the features identified through this exploratory com-
parison to model prompt performance. Specifically, we estimated mixed-effects regres-
sion models predicting the raw scoring performance of prompts while controlling for task
formulation, shot count, and prompting strategy. Because each prompt was evaluated
across multiple test splits of the dataset (unseen answers, unseen questions, unseen do-
mains), we included random intercepts to account for repeated observations within the
same prompt configuration. This modelling step allowed us to determine whether the
linguistic properties observed in the Wilcoxon analysis are associated with higher ASAS
performance in practice.

4. Results

4.1. RQ1: Performance Improvement through Prompt Optimisation

Figure 1 compares the distribution of F1 Macro scores obtained with the human-written
base prompts and the prompts produced through automated optimisation across all
SemEval-2013 evaluation splits. Across all datasets, the distributions for the optimised
prompts are consistently shifted upwards relative to their human-written counterparts, in-
dicating that prompt optimisation generally improves scoring performance. This pattern
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Feature N Base Optimized Diff. w p r

Token count 54 54.00 [12.00, 79.00] 49.00 [40.25, 66.75] 2.00 [-16.75, 32.75] 511.50 = 0.047 0.27
Sentence count 54 3.00 [1.00, 4.00] 3.00 [2.00, 3.75] 0.00 [-1.00, 1.75] 316.00 = 0.083 0.26
Words per sentence 54 18.00 [12.00, 19.75] 18.83 [14.12, 22.94] 1.50[-2.33, 8.88] 477.00 = 0.022 0.31
Verb count 54 10.00 [2.00, 17.00] 8.00 [6.00, 12.75] 0.00 [-5.00, 4.00] 671.00 = 0.870 0.02
Content-word ratio 54 0.58 [0.56, 0.58] 0.59 [0.56, 0.61] 0.02 [-0.02, 0.04] 548.00 = 0.094 0.23
Zipf mean (content lemmas) 54 4.68 [4.66, 4.97] 470 [4.61,4.81] -0.06 [-0.17, 0.03] 447.00 = 0.011 0.35
Reasoning verb count 54 4.00 [1.00, 5.00] 3.00 [2.00, 4.00] 0.00 [-2.00, 1.00] 374.50 = 0.102 0.24
Clause proxy count 54 7.00 [1.00, 11.00] 6.00 [4.00, 8.00] 0.00 [-4.00, 5.00] 613.00 = 0.813 0.03
Instruction verb count 54 3.00 [1.00, 4.00] 2.00 [2.00, 3.00] 0.00 [-1.00, 1.00] 384.50 =0.274 0.16
Imperative root ratio 54 0.67 [0.50, 1.00] 1.00 [0.50, 1.00] 0.07 [-0.31, 0.33] 496.00 = 0.807 0.04
Discourse marker count 54 0.00 [0.00, 1.00] 1.00 [0.00, 2.00] 1.00 [0.00, 2.00] 55.00 < .001 0.74
Mean dependency depth 54 3.04[2.92,3.71] 3.20[2.74, 3.68] 0.03 [-0.54, 0.62] 669.00 = 0.527 0.09
Mean noun phrase length 54 2.53[2.50, 2.67] 2.32[2.08, 2.46] -0.23 [-0.46, -0.08] 62.50 < .001 0.79

Table 3. Paired two-sided Wilcoxon signed-rank tests comparing base and opti-
mized prompts across unique prompt formulations.

is particularly visible for all test sets. To quantify this effect, we compared each opti-
mised prompt against its corresponding human-written base prompt using a paired two-
sided Wilcoxon signed-rank test. Across the 135 paired prompt configurations, prompt
optimisation yielded a significant improvement in scoring performance, W = 1757.00,
p < .001, with a large effect size (r = .62). The median F1 Macro score increased
from Mdn = 0.690 for the human-written prompts to Mdn = 0.712 for the optimised
prompts, corresponding to a median paired improvement of AMdn = 0.019. The mean
paired improvement amounted to AM = 0.030 F1 points.

4.2. RQ2: Linguistic Changes through Prompt Optimisation

Table 3 summarises the linguistic differences between the human-written base prompts
and the prompts obtained through automated optimisation. Overall, prompt optimisation
led to several systematic changes in prompt structure. Most notably, optimised prompts
contained significantly more discourse markers than their human-written counterparts
(W =55.00, p < .001, r = 0.74), representing a large effect size. For example, the model
turned the prompt [s/core the ”Student Answer” to the ”Question” based on the ”Sample
Solution”. To assign a correct score, you need to determine whether the “Student An-
swer” entails the “Sample Solution”. Give a score from the provided list, depending on
the degree of entailment. The “Reference Answer” is entailed in the “Student Answer” if
a human reading of the ”Reference Answer” would be justified in inferring the proposi-
tion expressed by the ”Student Answer” from the proposition expressed by the ”Reference
Answer” into the prompt [a[nalyze the ”Student Answer” in relation to the ”Question”
and ”Sample Solution” by considering the human’s interpretation of the ”Reference An-
swer”. Determine if the ”Student Answer” includes the ”Sample Solution” and if the
”Reference Answer” would warrant the proposition expressed by the ”Student Answer”.
Assign a score from the given list, representing the level of entailment. At the same time,
optimisation substantially reduced mean noun phrase length (W = 62.50, p < .001,
r = 0.79), suggesting a shift away from dense nominal constructions towards simpler lin-
guistic formulations. Smaller but statistically significant changes were also observed for
words per sentence (W = 477.00, p = .022, » = 0.31), Zipf frequency of content lemmas
(W = 447.00, p = .011, » = 0.35), and overall token count (W = 511.50, p = .047,
r = 0.27). In contrast, no significant differences were found for sentence count, verb
count, reasoning verb count, clause proxy count, instruction verb count, imperative root
ratio, or mean dependency depth (p > .05 in all cases).
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4.3. RQ3: Linguistic Predictors of Performance

Table 4 presents the results of the mixed-effects regression model predicting prompt
performance from prompt characteristics while controlling for prompt type, task for-
mulation, and shot count. Among the linguistic predictors, discourse marker count
emerged as a significant positive predictor of performance (5 = 0.021, SE = 0.005,
z = 4.343, p < .001), indicating that prompts containing more explicit markers of
logical relations achieved higher scoring accuracy. In contrast, both mean noun phrase
length (6 = —0.010, SE = 0.005, z = —2.150, p = .032) and instruction verb count
(B = —0.017, SE = 0.005, z = —3.490, p < .001) were negatively associated with
performance, suggesting that prompts relying on longer nominal constructions or large
numbers of directive instructions tended to be less effective. Neither lexical sophisti-
cation, as measured by Zipf frequency, nor words per sentence significantly predicted
performance (p > .05).

Term Estimate SE z P

Intercept 0.686 0.017  39.369 < .001 ok
C(Prompt Type)[T.optimized] -0.006 0.011 -0.538 =0.591
C(Num Shots)[T.1] -0.033 0.008  -3.862 < .001 ok
C(Num Shots)[T.5] 0.024 0.008 2.865 = 0.004 ok
C(strategy)[T.naive] -0.001 0.010 -0.057 =0.954
C(strategy)[T.paraphrase] 0.004 0.009  0.493 = 0.622

Zipf Mean (Content Lemmas) Z -0.008 0.005 -1.584 =0.113

Words Per Sentence Z 0.002 0.004 0.504 =0.614
Discoourse Marker Count Z 0.021 0.005 4.343 < .001 ok
Mean Noun Phrase Length Z -0.010 0.005 -2.150 =0.032 *
Instruction Verb Count Z -0.017 0.005  -3.490 < .001 oAk
Group Var 1.087 0.445 2.444 =0.015 *

Table 4. Mixed-effects model predicting raw prompt performance from prompt
type, control variables, and theory-driven linguistic features.

Among the control variables, five-shot prompting significantly outperformed zero-
shot prompting (5 = 0.024, p = .004), whereas one-shot prompting resulted in lower
performance than the zero-shot baseline (3 = —0.033, p < .001). An additional note-
worthy finding is that whether a given prompt was optimised or not did not significantly
predict performance once linguistic prompt characteristics were included in the model
(6 = —0.006, p = .591).

5. Discussion

Our findings provide clear evidence that prompt formulation substantially influences the
performance of LLM-based automated short-answer scoring. With respect to RQ1, au-
tomatically optimised prompts consistently outperformed their human-written counter-
parts across datasets and experimental conditions. Although the median improvement of
approximately two F1 points appears modest in absolute terms, the effect was highly
consistent across 135 paired comparisons and resulted in a large overall effect size.
This finding complements earlier studies on LLM-based ASAS [Chang and Ginter 2024,
Kortemeyer 2023], which evaluated only a small number of manually designed prompts.
Our results suggest that performance estimates obtained from individual hand-crafted
prompts may underestimate the capabilities of prompting-based approaches and that
prompt wording constitutes a meaningful source of variance in ASAS evaluations.
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Regarding RQ2, prompt optimisation did not primarily alter prompts by mak-
ing them longer, more syntactically complex, or more instruction-heavy. Instead, the
strongest effects were observed for discourse marker usage and noun phrase complexity.
Optimised prompts contained substantially more explicit discourse markers while simul-
taneously relying on shorter and less complex nominal constructions. Interestingly, these
changes move in the opposite direction of a common intuition in prompt engineering that
increasingly detailed and elaborate instructions necessarily improve model performance.
Rather than producing longer prompts, optimisation appears to favour prompts that com-
municate task requirements more explicitly and coherently. This observation is consistent
with the view that LLM prompting is fundamentally a communicative process, in which
clarity of instruction may be more important than the sheer amount of information pro-
vided.

The findings for RQ3 provide a possible explanation for why prompt optimisa-
tion improved scoring performance. The linguistic properties most strongly affected by
optimisation were also among the strongest predictors of downstream performance. In
particular, discourse marker usage emerged as a robust positive predictor, whereas longer
noun phrases and larger numbers of instruction verbs were associated with lower perfor-
mance. Moreover, once these linguistic characteristics were included in the regression
model, prompt optimisation itself no longer explained additional variance. This suggests
that optimisation acts primarily through modifying specific linguistic properties rather
than through some opaque optimisation effect. From a practical perspective, these results
indicate that effective prompts for ASAS should emphasise explicit logical relations and
clear discourse structure while avoiding unnecessarily dense nominal formulations and
excessive directive language.

Overall, our findings suggest that prompt optimisation is valuable not only as a
performance-enhancement technique, but also as a methodological tool for studying ef-
fective prompt design. Optimised prompts consistently improved automated short-answer
scoring performance, and the linguistic changes introduced by optimisation largely mir-
rored the linguistic properties that predicted downstream success. This indicates that
prompt optimisation can reveal generalisable characteristics of effective prompts. More
broadly, the results highlight that prompt formulation remains an important and often un-
derexplored source of variation in LLM-based educational applications, warranting more
systematic investigation in future work.

6. Limitations and Threats to Validity

The researech in this paper used solely English language datasets. While it is likely that
the general effectiveness of prompt optimisation transfers to other languages, the concrete
linguistic properties behind this effect likely differ across languages. Future work there-
fore needs to test these hypotheses for different languages with available data sets such as
Portuguese [Galhardi et al. 2018] or German [Gombert et al. 2026]. Moreover, this study
focused on models of the 7b to 8b parameter class. Effects might differ for smaller or
larger models. Future work therefore also needs to explore whether the results from this
study hold up across models of different size. Prompt optimisation was limited to the task
description. Other aspects of prompting, i.e., where to place slots for few-shot examples,
were fixed. It is not unlikely that aspects such as the latter can also influence downstream
performance.
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Al Statement

Beyond the research topic, for this study, we used large language models for both pro-
gramming and writing. Concretely, we generated parts of the code used for this study,
which were manually checked for correctness thereafter, with GPT and Claude. Gram-
marly and GPT were used in the refinement of the text.
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