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Abstract
Automatic grading with Large Language Models (LLMs) offers scal-
able assessment but raises concerns about reliability and faith-
fulness. We study whether LLMs truly evaluate student answers
when provided with rubrics and key elements. We compare stan-
dard prompting with our rubric-guided approach that decomposes
grading into key-element identification, followed by rubric-guided
score aggregation and rationale generation. Experiments on the
ASAP and SciEntsBank datasets show improved agreement with
human grading for a large scale LLM but degraded performance
for a smaller model. We also conducted interpretability case stud-
ies by experimenting with rationale generation and input token
attribution methods. We found that score predictions are primarily
driven by instruction and formatting tokens rather than the student
response or rubric content. Generated rationales also frequently
contain hallucinated rubric elements to justify incorrect scores.
These results reveal that while rubric-guided prompting can result
in better grading, further work is required in interpretability, which
is fundamental in real world assessment scenarios and deployment
of LLMs in education in general.
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1 Introduction
Automated grading has attracted increasing interest in education
with the emergence of Large Language Models (LLMs). Manual
grading is time-consuming, resource-intensive, and prone to in-
consistencies, motivating AI-based approaches for faster and more
scalable assessment [7]. However, when LLMs are adopted in high-
risk domains such as education, it is crucial to ensure their outputs
are reliable and grounded. Despite producing fluent and coherent
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Figure 1: Overview of our approach. Left: Standard prompting
techniques include the rubric and ask for the final score
and rationale directly. Right: Our rubric-guided approach
first identifies the presence of key elements in the answer,
aggregates them using rubric rules to compute the final score
and then conditions rationale generation on this score.

responses, they may hallucinate factually incorrect, fabricated, or
logically inconsistent content, raising concerns about their trust-
worthiness in decision-making contexts [3]. This work investigates
whether LLMs can correctly and faithfully grade student answers
when supplied with structured input, such as questions, rubrics, and
key elements derived from reference answers. We compare prompt-
ing strategies that provide all information at once with additive,
decomposed rubric-guided prompts, as shown in Figure 1. Beyond
well-established agreement scoring metrics, we use Layer Inte-
grated Gradients (LIG) [15] to analyze which prompt components
most influenced score predictions. Results show that rubric-guided
prompting improves agreement in a large-scale model but not con-
sistently for smaller models, while LIG reveals that decisions are
often driven by instruction-following priors rather than student
answer content, leading to failure modes.

2 Background
Large Language Models are increasingly used in education, but
there is a growing disconnect between how LLMs are developed
and what educational stakeholders actually need. LLM progress
is typically measured through correctness and benchmark perfor-
mance, while education prioritizes pedagogy, learning theory, hu-
man agency, and ethical deployment [12]. This matters because
students still prefer human feedback when they know it is human,
largely due to trust, emotional engagement, and the feeling that
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a teacher understands them. Sharma et al. [14] argues that LLMs
can enhance personalized learning through engagement, emotional
support, adaptive feedback, and progress tracking, but also stresses
risks such as bias, privacy, equity gaps, weak social interaction, and
the need for careful governance. These themes are consistent with
a survey [7] which reviews LLM-based grading across MCQs, short
answers, essays, programming, maths, and handwriting, and finds
that rubric-guided prompting often improves reliability.

Within automatic grading, several works provide the model with
supplementary context such as the question, rubric, sample solution
or key elements, and the student answer. Grévisse [8] evaluates
GPT 4 and Gemini 1.0 Pro for grading short medical responses
and focuses on agreement with humans and consistency, but its
framing remains mostly comparative, without probing the model’s
faithfulness. Tobler [16] similarly uses a GPT-based web application
that sends the question, sample solution, and evaluation rules to
produce a numeric score, reporting strong agreement with humans,
but still treating themodel largely as a black box. FerreiraMello et al.
[6] expands this comparative view by testing prompt variants for
GPT 4 and comparing against traditional models like SVM, XGBoost
and BERT, showing prompt design is highly sensitive to language
and task difficulty and that traditional models often outperform
LLMs even when they generalise better to unseen questions.

More recent systems try to improve transparency by generating
rationales or highlights. Li et al. [11] introduces the AERA system,
which uses ChatGPT to generate scores and rationales from inputs
like question, rubric, and key elements. Li et al. [10] extends this
through an interface where teachers upload responses and receive
scores with colour-highlighted evidence via word-level tagging
from the LLM. While this improves inspection, it does not ensure
faithfulness. Similarly, Tornqvist et al. [17] combines a SciBERT clas-
sifier with attribution methods like SHAP or Integrated Gradients
to highlight influential words or sentences. Both approaches rely
on human overlap or agreement, which is useful, but SHAP and IG
remain technically complex for educators, and AERA’s highlighting
does not guarantee faithful reasoning.

This brings a core issue for rubric-guided LLM grading: trans-
parency is often performed rather than guaranteed. Attention-based
visualizations are widely used for interpreting models [18]. How-
ever, attention weights do not consistently provide faithful expla-
nations of model behavior, as demonstrated by Jain and Wallace
[9] and subsequent analyses [13]. Similarly, chain of thought style
rationales can be persuasive but unfaithful, which is why recent
work [4] argues CoT is not equivalent to explainability and can
give an illusion of transparency in high stakes settings. Findings on
[20] further suggest that LLMs can generate plausible explanations
disconnected from their internal computation, motivating meth-
ods that reveal what the model actually used to produce a score.
This supports analyzing rubric-guided prompting not only through
agreement metrics, but also with layer integrated attribution to test
whether grading decisions are driven by student answer content or
by instruction-following priors and formatting cues.

3 Methods
The evaluation presented in this paper is two-fold. First, we evalu-
ated the effectiveness of automated short-answer grading on two

datasets using two contrasting LLMs using the AWS Bedrock plat-
form: the high-capacity Mistral Large and the lightweight Amazon
Nova Micro. Baseline prompting was compared with our rubric-
guided prompting that decomposes grading into key-element identi-
fication and rubric-based score aggregation. Second, interpretability
case studies were conducted by analysing rationales and prompt
token importance weights related to scoring decisions.

3.1 Datasets
ASAP (Hewlett Foundation Automated Student Assessment Prize).

The ASAP Short Answer Scoring dataset1 was released for the
Hewlett Foundation Automated Student Assessment Prize (ASAP),
a Kaggle competition on automated grading of short free-text re-
sponses [1]. We use the Biology subset, containing 1,795 responses
to a protein synthesis question with rubrics, key elements, and
human scores on a 0–3 scale based on correctly identified biological
process elements such as mRNA transport, codon reading, tRNA
interaction, and amino acid linkage.

SciEntsBank. This dataset2, a subset of the Student Response
Analysis (SRA) corpus from SemEval-2013 Task 7 [5], contains about
11,000 student responses to 197 science questions across multiple
domains. Responses include fine-grained correctness labels (e.g.,
correct, partially correct, contradictory, irrelevant), which we map
to an ordinal 0–2 rubric scale. For this study, we use 36 responses
to the question: “How can you use a magnet to find out if the key
is iron or aluminum?”

3.2 Models
Mistral Large (mistral.mistral-large-2402-v1:0). This is Mistral

AI’s flagship proprietary language model designed for complex
multilingual reasoning, deep text understanding, transformation,
and code generation.3 It features a 32K-token context window.

Amazon Nova Micro (amazon.nova-micro-v1:0). This is Amazon’s
lightweight text-only language model optimized for low-latency,
cost-efficient inference.4 It supports a 128K-token context window.

Phi 4.0. Our AWS Bedrock setup lacks access to internal model
parameter values, required to analyse input token weights using
LIG. To mitigate this limitation, we additionally use Microsoft Phi-
4-mini-instruct, a lightweight open decoder-only model (3.8B pa-
rameters) with a 128K-token context window, from Google Colab.5

3.3 Rubric-guided Prompting
Both datasets have rubrics that list a set of key elements and assign
scores according to how many of those key elements are present in
the student’s answer. Existing methods (like AERA), use prompts
that integrate the question, key elements, rubric, and student an-
swer to generate automated scores and accompanying rationales.

Our rubric-guided approach leverages the deterministic nature
of the rubric by prompting the model with the Question, Key Ele-
ments, and Student Answer to state whether each key element is

1https://www.kaggle.com/c/asap-sas
2https://huggingface.co/datasets/nkazi/SciEntsBank
3https://mistral.ai/news/mistral-large
4https://docs.aws.amazon.com/nova/latest/userguide/what-is-nova.html
5https://huggingface.co/microsoft/Phi-4-mini-instruct
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present. The final score is then computed through rubric-rule post-
processing. To generate rationales, a second prompt includes the
Question, Rubrics, Key Elements, Student Answer, and computed
score, asking the model to produce an explanatory justification. An
example of the prompt used for the ASAP dataset is provided in
the footnotes.6

For both prompting methods, we employ a zero-shot approach.
This means no gold-standard examples were added to either prompt.

3.4 Metrics
Our evaluation focuses on scoring performance using Quadratic
Weighted Kappa (QWK) as the primary metric, consistent with the
original ASAP dataset evaluation. QWK measures agreement with
human grading while penalizing larger discrepancies, making it
suitable for ordinal assessment tasks. We also report Mean Absolute
Error (MAE) for average scoring deviations and Pearson’s correla-
tion for the linear relationship between model and human scores.
Systematic differences between metric values are tested using the
Wilcoxon signed-rank test.

3.5 Interpretability Analysis
We also conduct an initial interpretability analysis through case
studies, examining rationale generation and input token impor-
tance using Layer Integrated Gradients (LIG). Prior work [9, 13] has
shown that raw attention does not consistently reflect token impor-
tance, especially in deeper layers where representations become
highly mixed. Gradient-based methods like Integrated Gradients
exhibit higher correlation with causal importance measures such as
ablation, and are therefore considered more faithful [2, 19]. Hence,
we rely on LIG instead of attention-only explanations, using the
implementation from the Captum7 library. Standard rubric-guided
prompting identifies key elements and aggregates them into a fi-
nal score. For interpretability, we instead prompted the model to
directly generate the score token using SciEntsBank dataset key
elements and rubrics, then applied LIG to the input embedding layer
over the full scoring prompt to obtain token-level attributions for
the generated score token showing which inputs most influenced
the score.

4 Results and Discussion
Scoring Performance. As shown in Table 1, across both datasets,

rubric-guided prompting improves grading agreement for the larger
Mistral model, while performance declines for the smaller Nova
model. This indicates that scoring derived from explicit key-element
identification improves agreement with human grading for the
larger model. However, the same approach did not consistently
benefit the smaller Nova model, indicating that lower-capacity
models may struggle to effectively utilize structured rubric-based
reasoning. However,Wilcoxon signed-rank tests indicate significant
differences between model and human scores across all conditions
(all 𝑝 < 0.05), suggesting that systematic grading differences persist
despite improvements in agreement metrics.

According to the heatmaps in Fig. 2 of the ASAP dataset, rubric-
guided prompting improves Mistral’s agreement at extreme scores

6Available at: https://github.com/haquesamiha/L-S-26-Materials
7https://captum.ai/

Table 1: Scoring results for both datasets.

ASAP
QWK ↑ MAE ↓ Pearson ↑

Small model (Nova)
Baseline prompting 0.55 0.30 0.57
Rubric-guided prompting 0.45 0.23 0.56

Large model (Mistral)
Baseline prompting 0.63 0.30 0.68
Rubric-guided prompting 0.69 0.24 0.70

SciEntsBank
QWK ↑ MAE ↓ Pearson ↑

Small model (Nova)
Baseline prompting 0.64 0.33 0.70
Rubric-guided prompting 0.37 0.50 0.41

Large model (Mistral)
Baseline prompting 0.64 0.33 0.70
Rubric-guided prompting 0.67 0.33 0.74

(a) Mistral: Baseline Prompt (b) Mistral: Rubric-Guided
Prompt

(c) Nova: Baseline Prompt (d) Nova: Rubric-Guided Prompt

Figure 2: Confusion matrices comparing baseline and rubric-
guided prompting for Mistral and Nova models on ASAP.

(0 and 3) but makes it stricter for middle scores, while Nova be-
comes conservative, concentrating predictions at lower scores (0
and 1). On the SciEntsBank, Mistral remains largely stable with a
slight improvement at score 0, whereas Nova again reduces high-
score assignments. Across both datasets, Mistral shows stronger
diagonal alignment than Nova under rubric guidance, indicating
better agreement with human grading.
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Example 1
Student Answer: The four steps are 
Reference Score: 0 
Model Score: 2  
Model Rationale: The student's answer is missing, so I can only assume that they
have provided an answer that includes three key elements based on the rubric.
However, without the actual answer, it's impossible to provide specific feedback on
which key elements they have included or missed.
_______________________________________________________________
Example 2
Student Answer: After mRNA leaves the nuclues, it goes to ribosomal RNA. Each
tRNA anticodon is attached to an amino acid found in the cytoplasm and comes to
the rRNA. The tRNA forms the complement of the mRNA strand, and the attached
amino acids connect to one another until a STOP codon is reached.
Reference Score: 3
Model Score: 2  
Model Rationale: The student correctly identified three key elements which are
mRNA interacting with ribosomal RNA, tRNA anticodons attaching to amino acids,
and the formation of a protein chain until a STOP codon is reached. However, they
missed mentioning the reading of mRNA bases in triplets (codons) and the role of
the START codon in initiation.

Baseline Prompting

Rubric-Guided Prompting

Example 1
Student Answer: The four steps are 
Reference Score: 0 
Model Score: 0
Model Rationale: The score given is justified because the student did not provide
any key elements or steps involved in protein synthesis. The answer is incomplete
and does not demonstrate any understanding of the topic.
_______________________________________________________________
Example 2
Student Answer: After mRNA leaves the nuclues, it goes to ribosomal RNA. Each
tRNA anticodon is attached to an amino acid found in the cytoplasm and comes to
the rRNA. The tRNA forms the complement of the mRNA strand, and the attached
amino acids connect to one another until a STOP codon is reached.
Reference Score: 3
Model Score: 3 
Model Rationale: The score is justified because the student answer includes  four
key elements of protein synthesis: mRNA interacting with ribosomal  RNA, tRNA
anticodons attaching to amino acids, formation of complementary base pairs
between tRNA and mRNA, and the termination of  the process when a STOP
codon is reached. Although the answer could be  more detailed and accurate in
certain aspects, it covers the required  number of key elements for a score of 3
according to the rubric.

Figure 3: Example grading outputs from Mistral under base-
line and rubric-guided prompting for the protein synthesis
question: "Starting with mRNA leaving the nucleus, list and
describe four major steps involved in protein synthesis."

Case Studies on Interpretability. We present initial observations
based on qualitative interpretations of limited examples. Baseline
prompting exhibits critical failures at times, as shown in Fig. 3 for
Mistral. In Example 1, the model assigns high scores to incomplete
responses by inferring missing content that is not present in the
student answer. In contrast, rubric-guided prompting correctly as-
signs a score of 0 by verifying that no rubric elements are present.
Baseline prompting also penalizes valid responses by introducing
criteria not mandated by the rubric, as seen in Example 2. Even
when the student mentions the necessary key elements for full
marks, the model lowers the score by demanding additional details.
Rubric-guided prompting addresses this issue by grounding evalua-
tion in explicit key-element identification, resulting in scores and
rationales that better align with the rubric.

Finally, Fig. 4 presents two representative SciEntsBank dataset
student-response categories for case-study analysis: correct and
incorrect answers. Partially correct and blank cases showed simi-
lar attribution trends and are omitted for brevity. Each panel title
shows the human reference score and model-predicted score, with
examples selected to compare attribution patterns across answer
quality levels and error types. LIG analysis of both baseline and
rubric-guided prompting shows that the largest attribution mass
consistently falls on instruction and formatting tokens across cor-
rect, partially correct, incorrect, and blank responses. In the blank
case, where the model still predicts a high score of 2, attributions
are again dominated by formatting and rubric tokens rather than
the student answer or key elements, suggesting limited reliance on
actual response content. Overall, although rubric-guided prompting
better aligns with human scores and yields more coherent ratio-
nales, grading decisions may still depend more on prompt structure
and instruction-following priors than genuine evaluation of student
content.

Figure 4: LIG Attribution scores across prompt components
for both baseline and rubric-guided prompts.

5 Conclusion, Limitations and Future Work
We propose rubric-guided prompting for automatic assessment
scoring with LLMs, using rubric information to better instruct
the model. Initial results are promising, outperforming baseline
prompting methods on large-scale LLMs, and may also improve
interpretability, though further study is needed.

Key limitations are the need to tailor prompts for each assess-
ment question, so far restricting experiments to the ASAP dataset
and SciEntsBank dataset, though template-based prompt generation
may help address this, and the requirement for two LLM calls per
example, increasing computational overhead and inference latency.

Future work also includes quantitatively evaluating interpretabil-
ity methods using intrinsic metrics and, more importantly, extrinsic
user studies to assess whether rationales can support effective stu-
dent feedback. Further experiments on the full ASAP dataset and
SciEntsBank dataset, as well as moving beyond zero-shot settings
through fine-tuning or in-context learning, may provide additional
insights.
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