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1 Introduction

Can artificial intelligence take on one of the most human aspects of teaching:
grading open-ended student responses? This kind of assignment is essential in
education, fostering critical thinking and revealing students’ reasoning and con-
ceptual understanding [1]. However, the evaluation of open-ended responses is
time-consuming and difficult to scale [2]. With the advent of large language
models (LLMs), the educational landscape has been significantly transformed,
enabling new possibilities for automating complex tasks [3]. While recent studies
have explored the use of LLMs for assessing open-ended responses [4-7|, they
rarely address adaptation to the specific and often variable evaluation criteria
used by individual instructors. This work investigates whether LLMs, specifi-
cally GPT-40 and GPT-40 Mini, can replicate a teacher’s grading process not
only by producing plausible scores, but also by aligning with instructor-specific
rubrics. Teachers often evaluate responses either explicitly, using structured cri-
teria [8], or implicitly, based on experience. An effective AT grader must be able
to emulate both. To explore this, we implemented two evaluation strategies: a
shot-based approach, in which models infer grading criteria from scored examples
(implicit rubric learning), and a rubric-based approach, which relies on structured
rules (explicit rubric learning). We compare these strategies to assess the models’
ability to reproduce human judgment and support scalable, consistent, and fair
assessment in educational contexts.

2 Implementation and Method

A system based on LLMs and using LangChain (a framework that streamlines
the integration of LLMs with external data sources) was developed to evaluate
open-ended student responses, adopting two distinct approaches. In the shot-
based approach, the model uses a few scored examples to infer grading criteria
and assess new responses. It evaluates the model’s ability to generalize and apply
human-like judgment, also providing feedback to justify the score. The rubric-
based approach uses teacher-provided rubrics and scoring formulas to grade



structured responses. It ensures consistent, objective grading and includes feed-
back explaining the score. Two professors from Politecnico di Milano contributed
datasets for this study. The first provided two sets used to evaluate the shot-
based approach, each containing six open-ended questions from the Technologies
for Information Systems course on communication, answered by 37 and 43 stu-
dents respectively, with scores and optional feedback but no formal rubric. The
second contributed a single-question dataset from the Leadership and Innovation
course, including 276 responses. This set included a detailed evaluation rubric
and scoring formula, allowing for rubric-based assessment.

3 Results

The findings of the study reveal that both GPT-40 and GPT-40 Mini show
strong potential in evaluating student responses, particularly within the mid-
quality range. In the shot-based evaluation, performance improved with more
example answers, achieving better alignment with teacher scores for mid-range
responses. Accuracy decreased at score extremes, where subtle distinctions and
nuanced reasoning are harder to assess. This approach was especially effective for
complex questions requiring deep reasoning, such as identifying and explaining
key concepts in lengthy texts. In the rubric-based evaluation, complementary
strengths were exhibited by the models: GPT-40 Mini excelled at detecting rel-
evant content and assigning partial scores, leading to better overall alignment
with teacher grading; GPT-40 was more consistent in computing final grades
from partial scores. Human grading variability, due to holistic or interpretive
judgments beyond strict rubric criteria, reduced model alignment. Introducing a
tolerance margin improved correspondence, particularly for GPT-40 Mini, high-
lighting its robustness to flexible grading.

4 Conclusions

This study explored whether GPT-40 and GPT-40 Mini can replicate teacher
grading by aligning with either implicit or explicit rubrics. Results show strong
agreement with human scores, especially for mid-range responses, capturing
both implicit and explicit grading criteria. LLMs demonstrate strong consis-
tency, aligning well with teacher evaluations across a wide range of responses.
Nevertheless, they struggle at the extremes, failing to fully recognize partial
understanding in weaker answers and creative reasoning in outstanding ones,
due to their strict adherence to rubrics. However, in scenarios where human
grading is inconsistent or deviates from the rubric, LLMs have the potential to
enhance assessment quality by improving fairness and alignment with established
evaluation criteria. Rather than replacing human evaluators, these models offer
valuable support as intelligent assistants, providing scalable and consistent eval-
uation. Future work should focus on improving LLMs’ ability to balance rubric
fidelity with the flexible, nuanced judgment characteristic of human grading,
advancing their role as complementary tools in educational assessment.
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