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Abstract. Science writing is a core practice in science education, yet
teachers often find it challenging to provide constructive feedback in real
time. Yet students understand and benefit more from feedback when it
is timely. It is therefore natural to ask whether LLMs could ease the
burden on teachers through automated or partially automated formative
assessment. In this research, we investigate the effectiveness of prompt-
ing instruction-tuned LLMs to assess middle school science essays for
the presence of main ideas specified in a rubric, varying the number
and quality of demonstration examples. In a comparison of Llama-3-8b
with three GPT models, we found that prompting GPT4o with three
examples outperformed customized AI assessment tools. We also found
consistent results across different selections of demonstration examples
in the prompt. Our results add to a body of recent research demonstrat-
ing the potential benefits of LLMs in educational assessments, alongside
the importance of prompt design.

Keywords: LLMs · Science Essay Assessment · Formative Assessment
· LLM Prompt Design

1 Introduction

Science writing is a core science practice, and can help students learn to explain
science ideas. Yet teachers find it challenging to provide constructive feedback in
real-time [14]. The U.S. Department of Education supports AI innovations like
large language models (LLMs) in education as partners with human teachers
[8]. Recent research indicates that instruction-tuned LLMs have the potential to
accurately assess students’ responses to assessment questions in some domains.
For instance, one study [26] shows that ChatGPT correctly evaluated 75% of
students’ answers in a mathematics learning game called Decimal Point, which
involved self-explanation responses. However, another study [33], also in the
domain of mathematics, showed that 82% of ChatGPT’s suggestions were not
novel or insightful. Instead of short answers in mathematics, we focus on LLMs
⋆ Equal contribution.
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for formative assessment of ideas students express in their science essays, and
how best to prompt LLMs for this task.

Performance of LLMs on diverse tasks can vary widely, depending on the
exact structure of the prompts used in defining the task for the LLM. Fur-
ther, much research has shown that providing LLM prompts with appropri-
ate demonstrations—typically including both positive and negative examples—
significantly improves performance over prompting without demonstrations (re-
ferred to as zero-shot versus few-shot) [18,19,21,35,4]. However, we are unaware
of work that investigates how many and what types of examples to include in
prompts for science essay assessment. In few-shot learning, it is generally as-
sumed that higher-quality examples yield better results [4]. Contrary to this
assumption, our results indicate that the quality of examples does not signifi-
cantly influence the outcome. On the other hand, we find that the number of
positive and negative examples does matter. Our results therefore provide guid-
ance to teachers about whether LLMs can facilitate formative assessment of
science essays, and what types of prompts are most effective.

Our study investigates the utility of large language models (LLMs) to as-
sess science explanation essays, based on a rubric listing the main ideas in a
curriculum that students should express in their essays. The use of LLMs is
compared with two high-performing, customized assessment tools, one of which
was employed throughout a 5-year NSF-funded project. Additionally, the study
examines the impact of using different demonstrations. The goal is to determine
whether LLMs can perform as well as customized AI assessment methods, and
therefore make automated assessment more available to science teachers.

Three research questions were addressed: (1) How does LLM prompting for
assessment of the main ideas in middle school science essays compare with cus-
tomized AI tools? (2) What is the performance impact of including examples,
and how does the balance between positive and negative examples affect perfor-
mance? (3) How much does example quality matter? We found that with only
three examples in the prompt, LLMs can outperform custom AI tools. Further,
through exploration of multiple combinations of high versus moderate quality
examples, we found that using two positive and one negative example matters
more than the specific choice of examples.

We first discuss related work on the potential benefits and pitfalls of LLMs
for assessment. Then we give an overview of the 5-year project that provided
the data for our investigation, the role of science writing, and other AI-enabled
assessment methods that were utilized on the project. The three subsequent
sections present our methods, data, and experimental results on these three
research questions. We then synthesize and discuss our findings, followed by a
brief conclusion that summarizes our contributions.

2 Related Work

Automated assessment of essays has had a long tradition, going back to Project
Essay Grade [27], and later the highly successful e-rater [7]. These and similar
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Fig. 1. Sample essay (left) and automated feedback table (right). The main ideas are
color-coded. A green check indicates the relevant main idea was detected in the essay.
A question mark indicates the main idea was not detected by the automated tool.

early systems relied on manual engineering of feature representations of input
texts, and lacked the capacity to evaluate central scientific concepts or reason-
ing structures in students’ essays. Transformer-based approaches to language-
modeling, such as BERT [10], were shown to learn very effective feature rep-
resentations automatically, leading to the use of pretrained language models
(PLMs) for many tasks. Use of PLMs significantly expanded the scope of con-
tent analysis of text, improving performance in detecting topic relevance and
coherence [32,3]. However, PLMs had other costs, such as the requirement for
extensive labeled data for fine-tuning the representations to specialized domains
and tasks, such as science writing [31].

Recent breakthroughs in generative LLMs, particularly those in the GPT
family [5], have heightened interest in their zero-shot and few-shot capabilities for
essay evaluation. A compelling case for LLMs over PLMs is that they avoid the
high cost of collecting training data for fine-tuning. Educators and researchers
have experimented with instruction-tuned models to score essays or identify
missing ideas by carefully designing prompts, often leveraging in-context learn-
ing, chain-of-thought or self-consistency strategies [34,22]. For example, chain-
of-thought prompting allows an LLM to provide a transparent rationale for its
judgments, thus aiding in identifying key scientific ideas, hypotheses, or evi-
dence usage [36]. Furthermore, LLMs such as BART and T5 can generate concise
summaries of essays, enabling rubric-based comparisons to confirm whether stu-
dents have correctly conveyed the core concepts of a scientific argument [17,28].
Empirical studies increasingly underscore the potential of these methods in real-
world educational settings, including comparisons between ChatGPT and human
graders [20], assessments of reliability and validity in essay grading [37], and the
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role of LLMs as collaborative partners in student essay evaluation [13]. Recent
studies have also shown that LLMs can provide consistent and explainable eval-
uation feedback, especially when guided by pre-specified rubrics [24,13].

While the advances discussed above are promising, effective use of LLMs
shifts the up-front cost towards extensive prompt engineering from human ex-
perts [16,28]. Prior studies emphasize that prompts must align with instructional
goals to yield precise and actionable feedback [23]. Yet, to the best of our knowl-
edge, there is no existing research on optimally selecting demonstrations (both
positive and negative examples) when prompting an LLM to identify the main
ideas in science writing. To fill this gap, our work investigates how varying the
number and composition of few-shot demonstrations impacts performance.

In addition, recent work by Min et al. [25] offers important insight into what
drives performance in in-context learning. Their study shows that the effective-
ness of few-shot prompting is less about whether the demonstrations contain
correct labels, and more about how well the examples align with the label space,
input distribution, and output format of the target task. This suggests that
structural features and distributional alignment play a critical role in LLM per-
formance.

3 Background

The essays for the work presented here are drawn from an NSF-funded project to
develop an online curriculum for middle school science that investigated the role
of science writing in science learning, and utilized a teacher co-design approach
throughout the project. The project developed a web-delivered middle school
curriculum about mass and energy where students conducted experiments in
a simulated roller coaster environment, then entered short answers to different
sets of explanation questions based on their experiments. Interleaved with these
activities, they wrote and revised two explanation essays. Here we discuss the
first essay that prompts students to explain six main ideas. An example essay
is shown in Figure 1. Also shown is a checklist of the main ideas in the essay
prompt that was provided as feedback to students, for which we used a content
assessment tool called PyrEval [12]. Based on the feedback, students submitted
revisions of each essay. This process aimed to enhance students’ understanding
of physics principles, as well as to improve their ability to express scientific
concepts effectively. Improved ability to express science ideas in writing also
benefits teachers’ understanding of student learning. Previous work reports on
evidence that students’ revised essays show improvement [15].

In this paper, we investigate the performance of large language models (LLMs)
to evaluate the elaboration of main ideas in science explanation essays, and
compare LLM performance with PyrEval and another custom AI tool, VerAs.
PyrEval [12] is a publicly available off-the-shelf tool that has been utilized in
previous research on formative assessment of student essays, due in part to its
minimal training data requirements and high modularity: only four to five essays
are needed for PyrEval to automatically generate the content model it uses for
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Prompt
"Your final task is to find one sentence in the student essay that is most relevant
to the MAIN_IDEA. If it finds a matched relevant_sentence, make the
final_result=1, make the relevant_sentence value equal to this sentence,
otherwise make the relevant_sentence equal to NONE and
final_result=0. Then output a JSON object that contains the
following keys: relevant_sentence, final_result. "
Use the following format: "Output JSON:
<json with relevant_sentence and final_result>"
"Positive Example [I]"
"Positive Example [II]"
"Negative Example [III]"
"Now, analyze the following student essay:"
"The student essay is as follows: " [Student Essay Text]
"The MAIN_IDEA is as follows: " [MAIN_IDEA Text]

Table 1. The LLM prompt template used in this research.

assessment. We selected five high-quality essays to generate an initial PyrEval
content model, which we then manually curated through testing on initial essays.
Thus one limitation is PyrEval’s need for a manual curation step. In addition,
PyrEval breaks an essay down into propositions, depending heavily on correct
sentence-final punctuation, which middle school students do not always follow.
VerAs [1] is a custom end-to-end neural architecture for science writing assess-
ment. In contrast to PyrEval, VerAs requires thousands of training examples
which makes it impractical for many educational settings. In contrast, LLMs
require no task-specific training or fine-tuning.

Even though LLMs like ChatGPT have issues addressing ethical and ped-
agogical concerns such as academic integrity and critical thinking, they could
still be very useful assessment tools for teachers [9,2]. These models can poten-
tially help evaluate the main ideas in student essays, providing immediate and
detailed feedback [11]. However, creating effective prompts to accurately detect
these ideas can be challenging, especially for teachers unaware of prompt engi-
neering, and who already have burdensome demands on their time. One possible
solution to this problem would be to utilize a template based on a pre-designed
prompt that merely requires teachers to fill in specific blanks, and to provide
positive and negative examples related to an essay’s main ideas. Streamlining the
prompt method for teachers could allow them to leverage the power of LLMs,
making the technology more accessible and practical for educational use.

4 Data

The data is from writing samples of students from three public middle schools
who participated in a 3-week physics unit on the Law of Conservation of Energy



6 M. Sheikhi et al.

Dev Test Comb
Avg (Stdv) Avg (Stdv) Avg (Stdv)

308.68 (123.59) 381.92 (146.63) 345.30 (139.95)

Table 2. Average essay length in words in the Dev and Test sets, and Combined.

Positive (1) Negative (0)
Main_Idea 1 46 14
Main_Idea 2 43 17
Main_Idea 3 26 34
Main_Idea 4 37 23
Main_Idea 5 43 17
Main_Idea 6 42 18
Total 237 123

Table 3. Label distribution in the Dev Set.

and related energy concepts.3 As mentioned above, students used roller coaster
simulations and a digital notebook to conduct experiments and write essays.
Students were prompted to think about six main ideas to include in their first
essay (see Figure 1). For example, to adequately convey the relation between
mass and energy, the student essay should contain a sentence that conveys the
idea that “a cart with greater mass will have greater energy in motion or at rest.”
The LLMs’ task is to indicate whether an input essay contains the main idea
specified in the LLM prompt (see Table 1). The study as a whole included two
sets of student essays from three years of classroom deployment.

A total of 120 essays were selected from both original and revised submissions
to the first essay prompt, and randomly halved into a development set (Dev)
for LLM prompt development, and a test set (Test) to replicate results on an
unseen set. Table 2 shows average essay length to be about 308 words in the
Dev set, 382 in the Test set, and 345 overall. Essays were manually annotated
for the presence or absence of the six main ideas. Inter-rater agreement was
assessed on 20% of the dataset using Cohen’s Kappa (κ = 0.768), which indicated
substantial agreement between the two annotators. After establishing this level
of consistency, the remaining essays were labeled by a single annotator.

Table 3 shows the distribution of presence and absence labels for each of
the six main ideas in the development set. On average, essays included twice as
many main ideas as they omitted, with 237 main ideas expressed overall, and
123 times that main ideas were omitted: further, main ideas 3 and 4 were the
most challenging for students. We later used the empirical distribution of 2:1
positive to negative cases as inspiration for prompt design in our experiments,
and found that this ratio in the demonstration examples worked best.

3 Student data collection had IRB approval to study, but not share, the collected data.
Students and parents provided assent and consent to participate. No demographic
data such as race or gender was collected.
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5 Methods

The models under examination are among the most prominent instruction-tuned
large language models available. Llama-3-8b (from Meta AI), is an advanced it-
eration in the Llama series, known for its efficiency and strong performance.
GPT-3.5-turbo (from OpenAI), builds upon the success of GPT-3, offering en-
hancements in speed and understanding that make it a popular choice for many
applications. GPT-4 (a later OpenAI GPT model) incorporates substantial im-
provements. GPT-4o is a later variant with further performance improvements.
We compared their performance with and without demonstration examples, for
up to three examples. Due to budget constraints, we could not test larger num-
bers of examples, as the number of combinations of positive and negative ex-
amples grows nearly exponentially with the total number of examples. For each
LLM model, we used default parameter settings apart from temperature. For
temperature, which controls diversity of output, we used zero to ensure con-
sistent results across experiments. The demonstrations were incorporated into
variations of the prompt shown in Figure 1, using different numbers of posi-
tive and negative examples, and varying the specific essays used as positive or
negative examples by quality.

Through experiments documented below where we adapted state-of-the-art
prompting [6] on the Dev set, we found that using two positive examples and
one negative example performed better than using no examples, or one positive
example, or one positive and one negative. The design of our final prompt was
guided by established principles in prompt engineering: simplicity, structural
consistency, and alignment with emerging standards [29]. By limiting variation
in prompt wording and explicitly formatting the output in a JSON object, we
minimized prompt-induced variance and supported content-focused assessment.
Rather than asking whether performance could increase by using more than four
examples, we focus here on how the specific example essays in the prompt af-
fect performance. Thus we arrived at the high-performing prompt illustrated in
Table 1, which we used for each of the main ideas from Figure 1 by replacing
MAIN_IDEA_Text with a sentence that expressed that main idea, then insert-
ing two positive example essays that expressed this main idea (I and II), and an
essay that did not express it as a negative example (III).

The demonstration examples were drawn from the original five model essays,
that had been manually curated and edited to create the PyrEval content model,
indicated here as set 1 (S1): A, B, E, F, G. We used a random selection of three
additional student essays as a contrasting set 2 (S2): C, D, H. S1 essays contained
all six main ideas, whereas S2 essays did not. All positive examples for prompts
were selected from S1. Thus there were

(
5
2

)
= 10 distinct positive pairs. Negative

examples for a given main idea were either selected from S1 by dropping the
sentence that contained that idea (symbolized as nA, nB, etc.), or from S2,
yielding a total of eight negative examples. Conversion of S1 essays to negative
examples omitted only one main idea, whereas S2 examples omitted multiple
main ideas. Also, S2 examples were less well-written. For a given positive pair
(e.g., A, B), we use only the six negative examples other than those derived
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Model Accuracy (%) F1 (%)
Llama-3-8b (Zero-shot) 65.55 39.60
Llama-3-8b (Two-shot) 69.72 50.81
Llama-3-8b (Three-shot) 71.94 56.83
GPT-3.5-turbo (Zero-shot) 66.11 41.31
GPT-3.5-turbo (Two-shot) 72.77 61.63
GPT-3.5-turbo (Three-shot) 75.83 66.66
GPT-4 (Zero-shot) 68.88 49.23
GPT-4 (Two-shot) 75.56 64.95
GPT-4 (Three-shot) 78.89 71.20
GPT-4o (Zero-shot) 75.56 64.64
GPT-4o (Two-shot) 83.88 79.92
GPT-4o (Three-shot) 86.11 83.80

Table 4. The comparison of LLMs’ performance with different types of demonstration.

from the positive pair (e.g., nE, nF, nG, C, D, H). This gives a total of 60
distinct conditions. The id for each condition is a string indicating the positive
pair followed by the negative example; e.g., A&B_nE refers to essays A and B
as positive examples, with E as a negative example.

Finally, we compared the final best-performing prompt on the best LLM with
PyrEval and VerAs, using the reserved test set.

6 Experiments

First, we compared performance of zero-shot, two-shot, and three-shot demon-
strations by sampling examples from S1 and S2. Table 4 shows the efficacy of
instruction tuning in enhancing model performance: GPT-4o with three-shot
(two positive and one negative example) demonstrated superior capabilities in
both accuracy and F1 score across different settings. One-shot results are omit-
ted because the experiment conducted—with either one positive or one negative
example—produced consistently poor performance, indicating that a single ex-
ample did not provide sufficient context. As a result, we discontinued further
one-shot experiments. Two-shot and three-shot results shown here are the best
combinations of positive and negative for each, which were one positive and one
negative for two-shot, and two positive and one negative for three-shot.

Second, to test the impact of different demonstrations, we selected all com-
binations of high-quality essays as positive demonstrations paired with either S1
or S2 negative examples, giving 60 conditions as described above. Thus, we com-
pared whether performance differed between S1 and S2 negative examples, and
with different positive pairs. Figure 2 shows that of the 60 conditions, A&E_nD
(on the right side with the deepest red color) has the highest F1 (84.73%) and
accuracy scores (86.94%). There are some noticeable patterns: for instance, the
positive pairs A&E and F&G consistently yielded higher F1 and accuracy. In
contrast, pairs B&F and E&F had lower F1 and accuracy. Figure 2 shows that



Criteria for Demonstration Examples for LLM Assessment of Science Essays 9

Fig. 2. GPT-4o performance for our 60 experimental conditions (y-axis) by overall ac-
curacy (x-axis), with the F1 scores overlaid upon the accuracy rectangles. The heatmap
colors range from cool (blue) to warm (red), with blue indicating lower F1 scores and
red indicating higher F1 scores.

most high-performing pairs had essay A as one of the positive examples, while
most low-performing pairs had essay B as one of the positive examples.

We summarize the results from Figure 2 by calculating separate averages for
each positive pair and each negative example. The left side of Figure 3 shows
the average accuracy and F1 for each positive pair, thus averaging over the use
of each of the eight negative examples (see above). The right side of Figure 3
shows the average accuracy and F1 for each negative example, where there are 10
positive pairs for the original 3 negative examples (C, D, H), and 6 positive pairs
for the negative examples created by modifying the original essays that expressed
all 6 main ideas. That is, for nA, there are

(
4
2

)
= 6 positive pairs from B, E,

F, and G. The best negative example appears to be D, showing highest average
accuracy of 85.80% and highest average F1 of 83.10%. As shown in Figure 3,
the best positive pair in the experiments appears to be A&E. This pair achieves
the highest average accuracy of 86.02% and the highest average F1 of 83.37%.
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Fig. 3. The comparison of different demonstration examples for GPT-4o. The student
quality negative examples are C, D, and H. The negative examples derived by modifying
positive ones are nA, nB, nE, nF and nG.

Model Acc (Dev set) F1 (Dev set) Acc (Test set) F1 (Test set)
PyrEval 79.72 76.62 75.27 70.00
VerAs 78.88 76.14 75.27 71.09
GPT-4o* 86.94 84.73 85.83 83.26

Table 5. Comparison of our method (*with A&E and nD) against baselines.

Thus use of A&E as positive examples consistently yielded better performance
compared to other positive pairs. The result also shows no significant difference
between S1 versus S2 as negative examples.

To test the generalization of the prompt to our test set in comparison with
PyrEval and Veras, we use A&E_nD. The results in Table 5 show that use of
this prompt with GPT-4o outperforms the two custom AI models.

7 Discussion

For the first research question about the comparison of LLMs with custom AI
tools, we found that with appropriate prompt design, GPT-4o outperformed
PyrEval and VerAs by a large margin. The advantage of using LLMs is that
they require only a few demonstration examples, whereas end-to-end neural tools
like VerAs demand a large amount of training data, and the PyrEval pipeline
architecture requires manual tuning of the content model.

For the second research question about whether to use examples and in what
balance of positive to negative, Table 4 results showed that the 3-shot experi-
ments performed significantly better than the zero-shot or two-shot experiments.
The best three-shot performance used two positive and one negative example. We
speculate that the 2:1 ratio of positive to negative examples in the demonstration
performs well because it aligns with the data distribution (Positive: Negative =
2:1). Confirmation of whether demonstrations in prompts should align with the
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empirical balance of positive and negative examples would require rigorous tests
with multiple datasets.

For the third research question regarding whether quality of examples mat-
ters, we tested different combinations of positive and negative examples from S1
(High-quality) and S2 (Student-quality). Given the curriculum goal of improv-
ing students’ science explanations, here a high quality essay means inclusion
of the relevant main ideas. Set 1 essays were curated and revised versions of
student essays, with minimal grammar issues and high content fidelity[30]. The
experimental results, as shown in Figure 3 for the negative examples, indicate no
significant difference between using S1 and S2 as negative examples, which sug-
gests that the educator does not need to spend too much time picking up good
negative examples. However, we did find that certain specific combinations, such
as A&E_nD, performed best. Further exploration is needed to understand why
these combinations work better and how to select the most effective demonstra-
tion examples.

Across the 60 conditions in our experiment with prompt quality, as shown
Figure 3, prompts with nA generally led to better performance than those with
nB as negative examples. By analyzing essays A and B, we found that essay A
was structured in a list-like manner, highlighting the main ideas, whereas essay
B had a more typical discursive essay structure. We speculate that similar to
humans, it may be easier for LLMs to understand and process a list of main
ideas rather than an essay written in a more naturalistic style.

This study has several limitations that should be considered when interpret-
ing the results. First, the dataset consisted of 120 annotated essays, which may
limit the generalizability of our findings across broader educational contexts and
grade levels. Second, while the inter-rater agreement (Cohen’s Kappa = 0.768)
indicates substantial consistency, some variation in labeling may introduce mi-
nor noise into the development and test process, particularly on more complex
main ideas. Third, although we examined overall LLM accuracy and F1 scores,
future work should explore how reliably LLMs assess different types of main
ideas across different STEM domains.

8 Conclusion

With the release of GPT4o, instruction-tuned LLMs have reached a high level of
performance on diverse tasks, including assessment of students’ science essays,
given an appropriate prompt. Our results show that GPT4o prompted with
two positive and one negative example outperforms custom AI tools developed
for assessment of student STEM writing. We also observed certain trends that
could merit further investigation, such as whether the proportion of positive to
negative examples in a prompt should reflect the empirical data distribution.
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