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Abstract
This paper explores the use of large language models (LLMs)
to score and explain short-answer assessments in K-12 sci-
ence. While existing methods can score more structured math
and computer science assessments, they often do not provide
explanations for the scores. Our study focuses on employ-
ing GPT-4 for automated assessment in middle school Earth
Science, combining few-shot and active learning with chain-
of-thought reasoning. Using a human-in-the-loop approach,
we successfully score and provide meaningful explanations
for formative assessment responses. A systematic analysis of
our method’s pros and cons sheds light on the potential for
human-in-the-loop techniques to enhance automated grading
for open-ended science assessments.

Introduction
Improvements in Science, Technology, Engineering, and
Mathematics (STEM) education have accelerated the shift
from teaching and assessing facts to developing stu-
dents’ conceptual understanding and problem-solving skills
(NGSS 2013). To foster students’ developing scientific ideas
and reasoning skills, it is crucial to have assessments that re-
veal and support their progress (Harris et al. 2023). Forma-
tive assessments play an important role in this endeavor, pro-
viding timely feedback and guidance when students face dif-
ficulties, which helps them to develop self-evaluation skills
(Bloom, Madaus, and Hastings 1971). However, the process
of grading and generating personalized feedback from fre-
quent formative assessments is time-consuming for teach-
ers and susceptible to errors (Rodrigues and Oliveira 2014;
Haudek et al. 2011).

Large Language Models (LLMs) provide opportunities
for automating short answer scoring (Funayama et al. 2023)
and providing feedback to help students overcome their dif-
ficulties (Morris et al. 2023). These approaches can also aid
teachers in identifying students’ difficulties and generating
actionable information to support student learning. To our
knowledge, there is very little research that combines au-
tomated formative assessment grading and feedback gener-
ation for science domains where understanding, reasoning,
and explaining are key to gaining a deep understanding of
scientific phenomena (Mao et al. 2018).
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This paper develops an approach for human-in-the-loop
LLM prompt engineering using in-context learning and
chain-of-thought reasoning with GPT-4 to support auto-
mated analysis and feedback generation for formative as-
sessments in a middle school Earth Science curriculum. We
present our approach, discuss our results, evaluate the limi-
tations of our work, and then propose future research in this
area of critical need in K-12 STEM instruction.

Background
To understand the difficulties students face when learning
science, teachers need to actively track students’ developing
knowledge (Wiley et al. 2020). This is particularly impor-
tant for open-ended, technology-enhanced learning environ-
ments that support students in their knowledge construction
and problem-solving processes (Hutchins and Biswas 2023).
In these environments, knowledge and skill development
happen through system interactions that are difficult to mon-
itor and interpret (Walkoe, Wilkerson, and Elby 2017). For-
mative assessments, evaluation, and feedback mechanisms
aligned with target learning goals (Bloom, Madaus, and
Hastings 1971), can play a dual role: (1) help students rec-
ognize constructs that are important to learning, and (2) pro-
vide teachers with a deeper understanding of student knowl-
edge and reasoning to better support their developing STEM
ideas (Cizek and Lim 2023). However, grading formative as-
sessments, particularly in K-12 STEM contexts, where stu-
dents’ responses may not be well-structured and may vary
considerably in vocabulary and stylistic expression, is time-
consuming and can result in erroneous scoring and incom-
plete feedback (Liu et al. 2016). Moreover, grading these as-
sessments at frequent intervals may become a burden rather
than an aid to teachers. Very little research has examined ef-
fective mechanisms for generating automated grading and
useful formative feedback for K-12 students that are aligned
with classroom learning goals.

Advances in natural language processing (NLP) have pro-
duced improved automated assessment scoring approaches
to support teaching and learning (e.g., Adair et al. 2023;
Wilson et al. 2021). Proposed methodologies include data
augmentation (Cochran, Cohn, and Hastings 2023), next
sentence prediction (Wu et al. 2023), prototypical neural
networks (Zeng et al. 2023), cross-prompt fine-tuning (Fu-
nayama et al. 2023), human-in-the-loop scoring via sam-
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pling responses (Singla et al. 2022), and reinforcement
learning (Liu et al. 2022). While these methods have enjoyed
varying degrees of success, a majority of these applications
have targeted more structured mathematics and computer
science tasks (i.e., tasks that can be solved formulaically),
but their grading is different from scoring free-form short-
answer responses by middle school students in science do-
mains. Data impoverishment concerns are common to edu-
cational data sets and a key consideration in applying these
approaches to science assessments (Cochran et al. 2023).
The data needed for training our models is small, imbal-
anced, and non-canonical in terms of syntax and semantics,
all of which may impact model performance (Cohn 2020).

This research tackles several critical issues, namely: (1)
grading open-ended, short-answer questions focused on sci-
ence conceptual knowledge and reasoning, (2) utilizing
LLMs to generate explanations aligned with specified learn-
ing objectives for both students and teachers and (3) ad-
dressing concerns related to data impoverishment. We hy-
pothesize that our approach supports automated scoring and
explanation that (1) aligns with learning objectives and stan-
dards, (2) provides actionable insight to students, especially
in addressing their difficulties, and (3) engages teachers in
the scoring and explanation generation process to resolve
discrepancies and support the learning goals.

Methods
This section presents our curricular context, study design,
dataset, LLM, and the details of our approach. Additional
information regarding the formative assessment questions,
rubrics, prompts, and method application can be found in the
GitHub repository1 along with test code and sample data.

Curricular context
This paper evaluates formative assessments conducted in the
context of Science Projects Integrating Computing and En-
gineering (SPICE), an NGSS-aligned middle school earth
sciences water runoff curriculum. Spanning three weeks, the
curriculum tasks students with redesigning their schoolyard
to enhance functionalities, using surface materials that min-
imize water runoff post-storm within specified cost and ac-
cessibility constraints (Chiu et al. 2019). We focus on forma-
tive assessments that are primarily linked to the conceptual
understanding of water runoff and the conservation of matter
principle (Hutchins et al. 2021).

Study Design and Dataset
This study utilized assessment data from two Vanderbilt
University-approved SPICE studies involving 270 students
at a Southeastern U.S. public middle school. Data was re-
moved for non-consenting participants and some data was
missing because of absences and incomplete submissions.
We used evidence-centered design (ECD) (Mislevy and
Haertel 2006) to align the assessments with the learning ob-
jectives of the SPICE curriculum.

1https://github.com/oele-isis-vanderbilt/EAAI24

Figure 1: The fictitious student’s conceptual model used by
students to answers the assessment questions.

For this paper, we selected three questions that required
students to analyze a pictorial model of water runoff (illus-
trated in Figure 1) and apply their conceptual knowledge
and scientific reasoning to evaluate and explain the correct
and incorrect components of the model. Each question was
scored for at least one conceptual knowledge item, i.e., a
correct application of a scientific fact. For example, in Q3,
students had to identify that the arrow size representing total
absorption was incorrect. Q2 and Q3 also required scoring
students’ scientific reasoning, i.e., the use of scientific prin-
ciples to explain an answer. For Q3, students could invoke
the conservation principle to explain that the absorption ar-
row could not be larger than the rainfall arrow. The rubric as-
signed 1 point (conceptual) for Q1. Q2 and Q3 were scored
for 4 points (2 items, 1 conceptual and 1 reasoning point for
each item). For Q3, there were exactly 2 errors in the model.
For Q2, students could choose from more than two correct
phenomena, which resulted in differences in the grading re-
sults that we discuss later.

Model
Ever since OpenAI released ChatGPT2 (a chatbot driven by
the foundation model GPT-3.5) in November 2022, LLMs
have received a tremendous amount of attention. Their abil-
ity to compose paper outlines, expository essays, and screen-
plays, has made the use of ChatGPT ubiquitous across
academia, business, and news media. In March 2023, Ope-
nAI released GPT-43 (OpenAI 2023), which is largely con-
sidered the current state-of-the-art for LLMs (OpenAI 2023;
Zhao et al. 2023). For this reason, we chose to use GPT-4 as
the LLM to develop and evaluate our approach.

Approach
Brown et al. (2020) demonstrated that LLMs could “learn”
from a few labeled instances in the prompt via in-context
learning (ICL). Unlike fine-tuning, which requires ex-
pensive parameter updates and may result in decreased

2https://openai.com/blog/chatgpt
3https://openai.com/research/gpt-4
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performance for previously known tasks (Mosbach, An-
driushchenko, and Klakow 2020), ICL uses the labeled in-
stances in the prompt to generate text during inference that
bypasses traditional training. This means that by simply
changing the prompts, the same language model can be used
across domains, tasks, and datasets without the need to mod-
ify the network’s parameters. Wei et al. (2022) extended this
work by providing chain-of-thought (CoT) reasoning in the
labeled instances. In contrast to a traditional ICL instance
that only offers a question and its corresponding answer,
CoT provides a reasoning chain with the answer. This helps
the model generate correct inferences, and this reasoning is
included in the model’s response along with the answer.

Eliciting reasoning is particularly useful for formative as-
sessment scoring in science, where the open-ended nature
of the questions can make scoring alignment difficult even
between humans. Rather than generating a score only, CoT
prompting elicits an explanation for the LLM’s response, en-
abling teachers to offer informed feedback to students. Al-
ternatively, teachers can refine the rubric to improve grading
for subsequent assessments. The model’s reasoning can also
be used to identify specific causes of misalignment between
the model and the teacher, which can then be leveraged to
improve model output.

Active learning (Tan et al. 2023; Ren et al. 2021) takes
a human-in-the-loop approach to improving model training,
where the human as an “oracle” is consulted to label addi-
tional instances for inclusion in the next training iteration.
By integrating CoT reasoning and active learning, educators
or researchers can scrutinize instances with incorrect pre-
dictions to identify recurring patterns leading to the model’s
errors across multiple instances. These patterns can be rein-
troduced into the prompt using CoT reasoning to rectify dis-
crepancies between the model’s assessment and the human
scorer. Moreover, combining CoT with active learning as-
sists teachers and researchers in rectifying human errors in
the initial scoring. This is particularly relevant when the hu-
mans confirm that the model’s scoring predictions are accu-
rate.

We employ the inter-rater reliability (IRR) process to pin-
point scoring disagreements that may challenge the model,
addressing them through CoT prompting. Active learning
is then utilized to identify recurrent issues in the model’s
alignment with the human scorers, and instances embody-
ing these patterns are incorporated into the prompt with rea-
soning chains to correct the alignment. Once active learning
concludes, the model is deployed for scoring new forma-
tive assessment responses through inference, accompanied
by CoT reasoning to generate student feedback, and when
needed, refining rubrics and formative assessment questions.
Figure 2 provides a comprehensive overview of our ap-
proach.

Response Scoring. Two of this paper’s authors indepen-
dently scored a randomly chosen 20% of the student re-
sponses for each of the three formative assessment ques-
tions using the rubric. Next, while conducting IRR, instances
where the humans both agreed and disagreed on students’
scores were collected and included in the initial prompt.

Particular attention was paid to the misalignments between
the graders that caused multiple instances to be scored dif-
ferently before consensus was reached. To achieve consen-
sus, the two reviewers discussed each scoring disagreement
until they reached a consensus on how that particular in-
stance should be scored. The agreed-upon instances acted as
“ground truth” exemplars for the model to initially align it-
self with the human scorers. The instances where there were
disagreements were used to pinpoint specific reasons for
misalignment between the human scorers during IRR. We
expected that the model might encounter the same misalign-
ments during its scoring. This process was repeated for each
of the three questions until Cohen’s k > 0.7 was achieved
across all subscores for each question, after which one of
this paper’s authors scored the full set of student responses.
For this work, all students’ responses were manually graded
to ensure accuracy while evaluating our method. Disagree-
ments were resolved manually by the humans to form a con-
sensus (described above). This consensus was used to align
the LLM responses via CoT reasoning. In future work, as
we collect more data, we will use the LLM to automatically
score students’ responses and evaluate samples of the LLM’s
generations to ensure accuracy. Furthermore, we refrained
from updating the rubric during Active Learning; however,
we intend to investigate this aspect in future research.

Before developing the initial prompt, we partitioned the
dataset into training (80%) and testing (20%) instances for
the three sets of formative assessment responses. The train-
ing set played a dual role in prompt development. Initially,
few-shot examples were selected to construct the prompt,
while the instances not utilized for few-shot learning served
as a validation set for refining the prompt during active
learning. Due to token limitations and the time cost for in-
stance labeling, only a limited number of labeled instances
were included in the prompt. As discussed in later sections,
an excessive number of instances in the prompt can lead
to overfitting. Furthermore, it is important that the valida-
tion set during active learning is sufficiently large to ensure
accurate identification of scoring trends. In this paper, the
validation-to-training set ratio was ≈43:1.

Prompt Development. For prompting, we opted for the
persona pattern (White et al. 2023), where the model was in-
structed to adopt the persona of a middle school teacher eval-
uating students’ formative assessment question responses.
The prompt also provided the model with the formative as-
sessment question and rubric, and the model was instructed
to use the rubric to score students’ responses. The rubric also
provided the model with the format to output its responses
to improve readability and allow for programmatic parsing
of the model’s generations.

Next, we incorporated ground truth examples into the
prompt, complemented by CoT reasoning clarifying the rea-
sons for awarding or not awarding points for each subscore.
Following this, a comparable CoT input was included for in-
stances where human scorers diverged in their assessments.
This aimed at aligning the model with the IRR consen-
sus, particularly when instances posed challenges similar
to those faced by human reviewers in achieving consensus.
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Figure 2: Our Chain-of-Thought Prompting + Active Learning approach. The green box encapsulates this process, where each
of the blue diamonds is a step in that process. Yellow boxes represent the process’s application to the classroom.

For all labeled instances in the prompt, we used the follow-
ing CoT reasoning template: evidence in the student’s re-
sponse + reference to the rubric + score. We used quotations
from the student’s response as evidence, tying it back to the
rubric, and providing a score and explanation to the model;
e.g., “The student says X. The rubric states Y. Based on the
rubric, the student earned a score of Z.” This approach mir-
rored the original CoT publication (Wei et al. 2022), where
algebraic word problems were broken down step-by-step to
help the model arrive at the correct solution.

Additional labeled instances were added to the prompt as
needed to balance the individual subscores. However, this
was constrained by the small and imbalanced nature of our
dataset. While investigating the effect that data balance has
on the LLM’s performance is outside the scope of this work,
in previous work (using a subset of the dataset used in this
paper), we demonstrated that data balancing often improved
language model performance (Cochran et al. 2022). For Q2
and Q3, balancing across 4 subscores was difficult, as adding
one more instance to augment one subscore inherently af-
fected the balance across the other subscores. Sometimes,
achieving a perfect balance was not possible in the training
set, but we included at least one positive and one negative
instance across all subscores for each question’s prompt.

Active Learning. Validation set instances were fed
through the model with the initial prompt and few-shot ex-
amples, and a researcher performed error analysis to discern
patterns in the incorrect LLM generations. Specifically, we
noted the reason for each incorrect scoring prediction and
the faulty reasoning chains that caused the model to misla-
bel several instances. These reasoning chains were chosen
as additional examples to add to the prompt, and CoT was
used to correct the model’s reasoning errors. Candidate in-
stances were prioritized for prompt inclusion based on the
degree to which their reasoning errors caused other inaccu-
rate model predictions, which resulted in correcting several
wrongly scored instances.

There were only a few incorrectly predicted scores in the
validation set for Q1, so all of those instances were added
to the prompt during Active Learning. For Q2 and Q3, the
researcher identified the n most useful instances, where n
was defined as the minimum number of instances in the val-
idation set that simultaneously addressed all of the LLM’s

reasoning errors and maintained data balance. This caused
some overfitting, so we will experiment with 1-shot active
learning to help mitigate this in future work. For all instances
added to the prompt during Active Learning, we used CoT
to correct the model’s faulty reasoning chains. We also re-
balanced the few-shot instances across subscores during Ac-
tive Learning to maintain data balance. In previous work, we
showed that balancing training data to create a uniform label
distribution can improve performance (Cochran et al. 2022).
Other works have suggested balancing to achieve the true
distribution of the dataset’s labels (Min et al. 2022).

In general, active learning can be performed until one
of several stopping conditions is triggered: (1) the model
achieves convergence, i.e., it no longer produces any incor-
rect validation scores; (2) the model predicts more validation
scores incorrectly than in previous iterations, i.e., it overfits;
and (3) there are not enough instances remaining in the val-
idation set to achieve acceptable data balance in the prompt.

To test our method, we performed one iteration of active
learning for each of the three formative assessment ques-
tions. For each subscore of a formative assessment question,
we first identified scoring error trends, i.e., are model scor-
ing errors mainly caused by false negatives (underscoring)
or false positives (overscoring)? This alerted us to the “direc-
tion” in which we needed to guide the model to better align
with the human scorers. We then examined the content of
the incorrect validation set generations to identify common
causes of incorrect scoring. We chose the most frequently
occurring model reasoning error (i.e., the error that caused
the model to wrongly predict the greatest number of vali-
dation set instances), and picked one of these instances to
insert back into the prompt.

For example, with the Runoff Arrow Direction subscore in
Q3, we found that the ratio of the model’s false positive to
false negative predictions was 5:2. Additionally, we found
that the cause of more than half of the false positives was
due to the model awarding students a point for mentioning
that the arrows in the diagram needed to change direction.
This was incorrect because only the runoff arrow needed to
change direction. To correct the model’s reasoning error, we
chose one of the incorrect validation instances that included
this reasoning error, inserted it into the prompt, and used
CoT reasoning to help correct the model’s reasoning error
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Q1 Arrow Size n Acc F1 QWK
Zero-Shot 0 0.87 0.84 0.68
Few-Shot 4 1.00 1.00 1.00
Few-Shot, CoT 4 0.96 0.95 0.89
CoT + AL 12 0.98 0.97 0.95

Table 1: Performance comparisons for the Q1 Arrow Size
subscore. For all questions, the best-performing scoring im-
plementation is in bold for each metric, for each subscore
(and total score). n refers to the number of few-shot in-
stances used in the prompt.

going forward.

Results
We evaluated our method by comparing our model perfor-
mance to the held-out test set across 4 implementations:
three incremental baselines, and our Chain-of-Thought
Prompting + Active Learning approach. We started with
a Zero-Shot baseline, where the rubric is included in the
prompt, but no labeled examples were present. We then used
a Few-Shot baseline, where we provided the model with la-
beled instances in the prompt, but the labeled instances only
consisted of numerical scores (i.e., no CoT reasoning). Our
third and final baseline, Few-Shot, CoT, added CoT rea-
soning to the few-shot instances. Last, we employed our
Chain-of-Thought Prompting + Active Learning approach
and compared it to the three baselines. Evaluating our ap-
proach across these incremental baselines allowed us to ex-
amine the effects of adding specific parts of the pipeline
and to understand the degree to which each component con-
tributed to the model’s ability to score and explain formative
assessment responses.

To compare implementations, we chose the Macro F1-
Score and Cohen’s Quadratic Weighted Kappa (QWK) (Co-
hen 1968) metrics. The F1-Score is prevalent in the literature
for evaluating overall model performance. Macro F1 was
chosen, specifically, due to our dataset’s imbalance across
subscores. Often, scientific reasoning subscores are heavily
weighted towards the negative class (i.e., a large majority
of the students do not demonstrate scientific reasoning). Co-
hen’s QWK was chosen because it is widely used in the au-
tomated essay scoring (AES) literature (Singh et al. 2023;
Singla et al. 2022). Unlike traditional Cohen’s k (Cohen
1960), Cohen’s QWK accounts for the degree of disagree-
ment, making it well-suited for ordinal data. We included
accuracy for reference, but we do not use it in our actual
performance comparisons.

Model performance comparisons for each of the three for-
mative assessment questions are shown in Tables 1, 2, and 3.

Question 1: Q1 asked students what the different-sized
arrows in the diagram meant. A student received a point for
correctly identifying that the diagram used the size of the
arrows to represent the quantity of water (concept: “Arrow
Size”, see Table 1).

Q1 took 2 rounds of IRR for the human scorers to reach
a consensus. The grading involved scoring for one possible

Q2 Arrow Direction n Acc F1 QWK
Zero-Shot 0 0.91 0.89 0.78
Few-Shot 5 0.87 0.79 0.60
Few-Shot, CoT 5 0.98 0.98 0.95
CoT + AL 10 0.98 0.98 0.95
Q2 Arr. Dir., Reasoning n Acc F1 QWK
Zero-Shot 0 0.92 0.73 0.47
Few-Shot 5 0.89 0.67 0.36
Few-Shot, CoT 5 0.91 0.70 0.41
CoT + AL 10 0.92 0.65 0.3
Q2 Arrow Size n Acc F1 QWK
Zero-Shot 0 0.77 0.69 0.39
Few-Shot 5 0.77 0.69 0.39
Few-Shot, CoT 5 0.91 0.88 0.77
CoT + AL 10 0.94 0.92 0.83
Q2 Arr. Sz., Reasoning n Acc F1 QWK
Zero-Shot 0 0.96 0.82 0.65
Few-Shot 5 0.98 0.90 0.79
Few-Shot, CoT 5 0.94 0.77 0.55
CoT + AL 10 0.96 0.82 0.65
Q2 Total Score n Acc F1 QWK
Zero-Shot 0 0.60 0.59 0.65
Few-Shot 5 0.53 0.52 0.55
Few-Shot, CoT 5 0.75 0.80 0.80
CoT + AL 10 0.85 0.79 0.87

Table 2: Performance comparisons for Question 2.

point and no science reasoning subscores. GPT-4 aligned
with the human scorer to a “moderate” degree (QWK >=
0.6) (McHugh 2012) even in a zero-shot setting. Once
labeled instances were added, the model achieved a perfect
score on the test set. When CoT reasoning was provided,
performance decreased for both Macro F1 and QWK, as the
reasoning chains initially caused the model to deviate from
the human scorer. Once active learning was performed,
however, much of that performance gap was closed due to
the additional few-shot instances and model reasoning error
corrections.

Question 2: Q2 asked students to identify two things
that the diagram did well for 4 possible points: 2 for science
concepts, and 2 for science reasoning. For the science
concepts subscores, the student received a point for Arrow
Direction if he or she correctly identified that the diagram
did a good job of showing that water originated from the
sky in the form of rain, some water was absorbed, or some
resulted in runoff. For Arrow Size, students received a
point if they discussed that the diagram did a good job of
using arrow size to represent the water amount. Each of the
Arrow Direction and Arrow Size subscores also included an
additional possible point if students demonstrated scientific
reasoning in their responses (see Table 2).

Q2 science concepts subscores (i.e., Arrow Direction and
Arrow Size) saw their best performance (or tied for best
performance) using the full Chain-of-Thought Prompting +
Active Learning method. The science reasoning subscores’
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performances decreased as additional components of the
method were added, i.e., after CoT and active learning were
introduced. Overall, the total score was best when the com-
plete method was used, as this resulted in the highest QWK
value.

Q2 was the most difficult for the human scorers to agree
on and it required three separate IRR rounds to achieve con-
sensus. Some of the difficulty in scoring may be attributed
to the open-ended nature of the question. There are multiple
ideas in the conceptual model that are correct, but students
were only asked to identify two things the diagram explained
well. Many students responded vaguely, and several students
provided both correct and incorrect statements in the same
response. These types of ambiguous instances were difficult
for the human scorers to agree on even when they awarded
points based on the rubric. It seems the LLM encountered
the same types of issues.

Consider a student whose Q2 response was, “[the arrow
represents] the amount of absorption”. Arguably, the student
understood that the model’s arrows corresponded to the
quantity of water. However, the absorption arrow in the
diagram was incorrect (it was larger than the rainfall arrow,
so it violated the law of conservation of matter). Because
the question asked for examples of things the diagram does
a good job of, and the absorption arrow was incorrect,
both reviewers felt responses like this one should not
receive a point for Arrow Size even though the student
may understand that arrow size corresponds to the amount
of water. During our active learning validation run, the
model incorrectly awarded several points to these types of
responses. When we attempted to use CoT to correct the
model’s reasoning error, the model began to mislabel other
instances it had previously scored correctly, i.e., there was
overfitting. Ultimately, the researchers agreed that both the
Q2 question wording and the Q2 rubric need to be rewritten
to provide clearer guidance to the students.

Question 3: Q3 asked students to list two erroneous
things they would change in the conceptual model dia-
gram. Like Q2, 4 total points were assigned to Q3: 2 for
science concepts and 2 for scientific reasoning. The science
concepts subscores were: (1) Runoff Direction, where the
student received a point if he or she indicated that the
runoff arrow was pointing the wrong direction (uphill) and
(2) Arrow Size, where a point was awarded if the student
mentioned that the arrow sizes needed to change and adhere
to the law of conservation of matter. Similar to Q2, students
got additional points if they demonstrated correct scientific
reasoning in their responses (see Table 3).

All Q3 subscores (science concepts and scientific rea-
soning) improved performance across both metrics (except
Macro F1 for total score) after we added the few-shot ex-
amples. When CoT was added, performance increased for
both Runoff Direction subscores but decreased substantially
for both Arrow Size subscores. We saw similar behavior
in the Q1 Arrow Size subscore, where adding CoT rea-
soning caused the model to become misaligned with the
human. Once the Active Learning component was added,
however, all subscores except Runoff Direction achieved

Q3 Runoff Direction n Acc F1 QWK
Zero-Shot 0 0.89 0.88 0.77
Few-Shot 5 0.91 0.90 0.80
Few-Shot, CoT 5 0.92 0.92 0.84
CoT + AL 9 0.89 0.88 0.75
Q3 Run. Dir., Reasoning n Acc F1 QWK
Zero-Shot 0 0.94 0.89 0.79
Few-Shot 5 0.94 0.91 0.82
Few-Shot, CoT 5 0.94 0.92 0.83
CoT + AL 9 0.98 0.97 0.94
Q3 Arrow Size n Acc F1 QWK
Zero-Shot 0 0.87 0.83 0.67
Few-Shot 5 0.89 0.87 0.73
Few-Shot, CoT 5 0.85 0.83 0.65
CoT + AL 9 0.92 0.92 0.83
Q3 Arr. Sz., Reasoning n Acc F1 QWK
Zero-Shot 0 0.98 0.90 0.79
Few-Shot 5 1.00 1.00 1.00
Few-Shot, CoT 5 0.94 0.82 0.64
CoT + AL 9 1.00 1.00 1.00
Q3 Total Score n Acc F1 QWK
Zero-Shot 0 0.74 0.80 0.85
Few-Shot 5 0.75 0.73 0.87
Few-Shot, CoT 5 0.75 0.71 0.79
CoT + AL 9 0.81 0.80 0.90

Table 3: Performance comparisons for Question 3.

their best performance across both metrics. Runoff Direction
achieved its best performance when CoT was added, but was
overfit during active learning. Unlike Q2, where the best-
performing subscores were the science concepts, both sci-
ence reasoning subscores did better than their science con-
cepts counterparts for both metrics.

For Q3, the human scorers achieved consensus quickly
after 1 round of IRR, and only one issue caused multiple
scoring disagreements. The model’s reasoning errors for
the scientific reasoning subscores were easily addressed via
CoT (relative to Q2). A major model reasoning error for
Q3 was that it tended to cite the same piece of evidence
to justify awarding points for different subscores (i.e.,
it overscored). This was a disagreement with the human
scorers, but we did not include it in the initial prompt or
few-shot CoT reasoning chains. Once this model reasoning
error was addressed during active learning, the issue was
largely mitigated, and performance improved across the
board.

Summary: Across all questions, the model’s scoring
mostly aligned with the human scorers. Of the 11 subscores
and total scores, 9 of them saw “strong” agreement or better
(QWK >= 0.8) at some point in the process (i.e., across the
4 implementations: 3 baselines and our Chain-of-Thought
Prompting + Active Learning approach). 4 subscores
achieved “almost perfect” (QWK > 0.9) agreement. All
subscores except one (Q2 Arrow Direction Reasoning) saw
a Macro F1 of 0.90 or greater at some point in the process.
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Importantly, we also demonstrated that both CoT reasoning
and active learning run the risk of overfitting, particularly
when applied to the less complex science concepts questions
(e.g., Q1 Arrow Size and Q3 Runoff Direction) and the more
ambiguous scientific reasoning questions (e.g., Q2 Arrow
Direction Reasoning and Q2 Arrow Size Reasoning). It
should also be noted that the level of agreement during IRR
may provide a ballpark expectation of model performance,
as we found questions that were easier for the human scorers
to agree on were also easier for the model to correctly align
with the human scorers. Similarly, in questions where
the human scorers had difficulty achieving consensus, the
model had difficulty with scoring. More research needs to
be done to evaluate this quantitatively.

Comparing Model and Human Performance
We applied inductive coding (Charmaz 2006) to evaluate
performance and identify future directions to improve our
human-in-the-loop approach. First, the lead author (not in-
volved in rubric creation and scoring) reviewed all instances
in which the model and the human coder disagreed and iden-
tified agreement with the model in 3 out of the 22 disagree-
ments (1 conceptual disagreement, 2 reasoning disagree-
ments). The research team reviewed the results to evaluate
what may have caused scoring errors and to identify poten-
tial future directions for improvement. During the review
process, the team created memos of key findings (Hatch
2002). The team compared the memos and came up with
three key themes for improvement in future work:

1. Need for Additional Mechanisms to Target Model
Deficiencies: Differences in scoring identified that the
model showed a tendency to overfit in some cases. For
instance, if the CoT got too granular, the model demon-
strated issues that were related to keywords such as “be-
cause” (e.g., the model identified it as a demonstration of
reasoning), “arrow size” (e.g., the model assumed that
use of the terminology indicated a correct application
even if correct attributions were not made to the scien-
tific process), and vocabulary definitions (e.g., the model
did not realize “run off” and “runoff” were identical). In a
small set of cases, the model cited a student’s faulty logic
to justify awarding a point for a response and reused the
same piece of evidence to award points for both concept
identification and reasoning;

2. Ability to Leverage the Model to Support Rubric Re-
finements: Comparing reviewer and model differences
for Q2 helped identify limitations in the original rubric
for such an open-ended question. Utilizing the results and
the explanations provided by the model, this human-in-
the-loop approach can benefit teachers and researchers
in refining the rubrics and scoring mechanisms to better
support instruction and student learning; and

3. Resolve Unexplained Model Applications: In some
cases, the model did not follow CoT reasoning and did
not provide evidence of its positive predictions even
though all positive prompt instances provided this evi-
dence. This may be a potential limitation in the approach
to providing feedback for positive performances.

Overall, our approach was successful, but the instances
discussed above provide opportunities for future work to
improve model output, rubric development, and sometimes
even reworking questions to make them clearer.

Conclusion and Future Implications
In this paper, we employed a Chain-of-Thought Prompting +
Active Learning approach for scoring and explaining forma-
tive assessment question responses in a middle school Earth
Science curriculum. Our results show that GPT-4, CoT rea-
soning, and active learning can be effectively leveraged to-
ward accurate grading of science formative assessments. In
several cases, the model achieved “almost perfect” align-
ment with humans. The model generated relevant evidence
linked to the rubric to help explain its scoring, which could
benefit students and teachers. We also analyzed the model’s
weaknesses and identified several areas for improving LLM-
based assessments.
Limitations: With LLM approaches, ethical concerns arise
with regard to privacy, bias, and hallucinations (Zhuo et al.
2023), and these concerns are amplified when they are de-
ployed in high-stakes environments (e.g., classrooms with
children). In addition, while CoT has been shown to improve
model performance over traditional ICL, the degree to which
the reasoning chains guide the model’s decision-making (if
at all) is still an open question (Turpin et al. 2023). Our
results also show that CoT and active learning can lead to
overfitting, in particular, with simpler, easier-to-define sub-
problems. In these cases, LLM approaches may be overkill,
as Moore et al. (2023) recently demonstrated. Rule-based
methods outperformed GPT-4 in detecting common item-
writing flaws in student-generated multiple-choice ques-
tions.
Looking to the Future: Anecdotally, in an interview with
middle school science teachers who implemented the cur-
riculum, the teachers identified the potential benefits of these
explanations as tools to inform students on where to go
next in their learning, as opposed to assigning performance
scores. We aim to extend this partnership with classroom
teachers to mold the LLM’s output to best fit their needs,
and investigate how we can best use our method to evaluate
students’ learning performance and improve students’ learn-
ing. As we continue to refine our approach, we hope these
enhancements will pave the way for more effective and effi-
cient LLM applications in science education.
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and Buntine, W. 2023. Does informativeness matter? Active
learning for educational dialogue act classification. In Inter-
national Conference on Artificial Intelligence in Education,
176–188. Springer.
Turpin, M.; Michael, J.; Perez, E.; and Bowman, S. R. 2023.
Language Models Don’t Always Say What They Think: Un-
faithful Explanations in Chain-of-Thought Prompting. arXiv
preprint arXiv:2305.04388.
Walkoe, J.; Wilkerson, M.; and Elby, A. 2017. Technology-
Mediated Teacher Noticing: A Goal for Classroom Practice,
Tool Design, and Professional Development. In Proceed-
ings of the 12th International Conference on Computer Sup-
ported Collaborative Learning (CSCL) 2017. International
Society of the Learning Sciences.
Wei, J.; Wang, X.; Schuurmans, D.; Bosma, M.; Ichter, B.;
Xia, F.; Chi, E.; Le, Q.; and Zhou, D. 2022. Chain-of-
Thought Prompting Elicits Reasoning in Large Language
Models. arXiv e-prints, arXiv:2201.11903.
White, J.; Fu, Q.; Hays, S.; Sandborn, M.; Olea, C.; Gilbert,
H.; Elnashar, A.; Spencer-Smith, J.; and Schmidt, D. C.
2023. A prompt pattern catalog to enhance prompt engi-
neering with chatgpt. arXiv preprint arXiv:2302.11382.
Wiley, K. J.; Dimitriadis, Y.; Bradford, A.; and Linn, M. C.
2020. From Theory to Action: Developing and Evaluating
Learning Analytics for Learning Design. In Proceedings of
the Tenth International Conference on Learning Analytics &
Knowledge, LAK ’20, 569–578. New York, NY, USA: As-
sociation for Computing Machinery. ISBN 9781450377126.
Wilson, J.; Ahrendt, C.; Fudge, E. A.; Raiche, A.; Beard, G.;
and MacArthur, C. 2021. Elementary teachers’ perceptions
of automated feedback and automated scoring: Transform-
ing the teaching and learning of writing using automated
writing evaluation. Computers & Education, 168: 104208.
Wu, X.; He, X.; Liu, T.; Liu, N.; and Zhai, X. 2023. Match-
ing exemplar as next sentence prediction (mensp): Zero-shot
prompt learning for automatic scoring in science education.

In International Conference on Artificial Intelligence in Ed-
ucation, 401–413. Springer.
Zeng, Z.; Li, L.; Guan, Q.; Gašević, D.; and Chen, G. 2023.
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