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As demand grows for personalized, scalable assessments in higher education (including both
scoring and feedback provision), large language models (LLMs) have emerged as promising
tools. While human educators typically perform scoring and feedback in a sequential and
interrelated manner, existing research has largely addressed these tasks separately. This raises
important questions about LLMs’ ability to handle scoring and feedback within a single
workflow and the extent to which task sequencing affects their performance. To address this gap,
this study investigates how prompting LLMs to perform scoring and feedback either together
in one single prompt (prompt composition) or separately in two consecutive prompts (prompt
decomposition), and the order in which these tasks are prompted affect the performance of
GPT-4o0, a cutting-edge LLM, in postgraduate open-ended assessments. We analyzed the scoring
performance across student groups of varying performance levels. To tailor GPT-40-generated
feedback to individual student learning needs, we embedded well-established learner-centered
feedback principles into the prompt design and assessed the quality of the generated feedback
based on these principles. The scoring results revealed that prompt effectiveness varied modestly
across student groups, with higher scoring errors on lower quality submissions. In terms
of generated feedback, GPT-40 demonstrated greater support for learner agency. Task order
influenced how this agency was expressed: prompting feedback first fostered learner autonomy,
while prompting it after scoring emphasized the student-teacher connection.

1. Introduction

As personalized learning becomes a central goal in education, there is a growing demand for educators to deliver timely,
individualized assessment scores and feedback (Alsaiari et al., 2025). Meeting this demand has placed increasing pressure on

instructors, particularly in writing-intensive

courses (Xiao et al., 2025). In response, Automated Essay Scoring (AES) systems have

emerged as scalable alternatives to manual grading, assigning rubric-aligned scores and generating formative feedback to support

student improvement (Mizumoto & Eguchi

, 2023; Xu et al.,, 2024). AES systems have shown strong assessment performance,

achieving state-of-the-art results on widely used evaluation datasets such as ASAP (e.g., Cozma et al., 2018), TOEFL11 (e.g., Vajjala,

2018), and the AAE corpora (e.g., Ke et al.,

2018), as discussed in the review by Ke and Ng (2019).
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Though generally effective, these AES systems often rely on machine learning, deep learning, and fine-tuned Large Language
Models (LLMs) with inherent limitations. Traditional machine learning models depend on manually handcrafted features and
struggle to capture semantic depth and contextual nuance (Xu et al., 2024). Deep learning reduces this reliance by automatically
learning meaningful features from data, but it requires large annotated datasets and often struggles to maintain coherence in longer
essays (Feng et al., 2024; Xu et al., 2024). While fine-tuning LLMs improves performance, it still demands significant computational
resources and technical expertise, limiting broader educational adoption (Mayer et al., 2023).

Recent advances in generative LLMs, such as GPT-4, offer new opportunities for AES through prompt-based learning, which
enables task execution via natural language instructions rather than model retraining or fine-tuning (Yu et al., 2025). This approach
makes advanced Al tools more accessible for non-tech-savvy educators to apply in diverse assessment settings (An et al., 2025;
Li et al., 2025; Liu et al., 2023; Mayer et al., 2023; Pack et al., 2024). Research has shown that prompt-based LLMs can match
the scoring accuracy of state-of-the-art fine-tuned models (Chamieh et al., 2024) while also generating nuanced, human-like
feedback (Masikisiki et al., 2023). However, most studies exploring prompt-based LLMs in higher education have tackled scoring and
feedback generation as separate tasks, focusing on either scoring (e.g., Flodén, 2025) or feedback provision (e.g., Dai et al., 2023).
Since human educators often perform scoring and feedback provision sequentially and interrelatedly (i.e., either by assigning a
holistic score followed by feedback that explains the evaluation and offers suggestions for improvement, or by first drafting detailed
feedback to identify strengths and areas for improvement, which then informs the assigned score), it is intuitive to investigate
whether LLMs can effectively address both tasks and how the order of these tasks could influence their performance.

Driven by this, this study investigated how prompt-based LLMs handle scoring and feedback generation either jointly within a
single prompt (prompt composition) or sequentially across two separate prompts (prompt decomposition), and how the order of
these tasks (i.e., first scoring and then feedback generation, or the other way around) influences model performance. Prior research
has shown that composing or decomposing these tasks, as well as their order, can affect LLM output (Jiang & Bosch, 2024; Stahl et al.,
2024; Wu et al., 2024), though these effects remain inconclusive and may not generalize to open-ended writing tasks at the higher
education level. Compared to primary and secondary education, such writing tasks pose greater grading challenges due to their
increased conceptual complexity (Flodén, 2025). They also call for feedback that extends beyond score justification, fostering deeper
reflection, active engagement, and personalization responsive to students’ specific learning needs (Nicol & Macfarlane-Dick, 2006).
This has led to interest in learner-centered feedback approach that guides future learning, highlights strengths and weaknesses, and
fosters student ownership of the learning process (Aldino et al., 2025; Ryan et al., 2023). Grounded in these motivations, this study
is guided by the following research questions:

» RQ1: How do (i) the number of tasks requested in a prompt (i.e., composition vs. decomposition); and (ii) the order of the
tasks influence the performance of LLM-based scoring for open-ended essay tasks in higher education?

» RQ2: How do (i) the number of tasks requested in a prompt (i.e., composition vs. decomposition); and (ii) the order of the
tasks influence the quality of LLM-generated learner-centered feedback for open-ended essay tasks in higher education?

We addressed the research questions using a dataset comprising 214 postgraduate project proposals from a data science
course, each accompanied by instructor-assigned scores and commentary feedback grounded in standardized assessment rubrics.
We designed four prompt configurations that varied in the number of tasks included (prompt composition vs. decomposition) and
the order of tasks (scoring-first vs. feedback-first), using GPT-4o0, a state-of-the-art generative Al model at the time of this research.
To answer RQ1, we tackled automated scoring as a regression problem and evaluated GPT-40’s performance using both error-based
metrics and rank-order consistency across high-performing, low-performing, and overall student groups. To address RQ2, we assessed
the quality of GPT-40-generated feedback based on its alignment with the learner-centered feedback framework. Specifically, we used
a pre-trained classifier developed by Aldino et al. (2024) to automatically detect sentences reflecting the framework’s dimensions:
learner agency, sensemaking, and future impact. The findings of this study demonstrate how prompt design influences both scoring
and the generation of personalized feedback, offering design implications for future adaptive, human-Al collaborative assessment
systems.

2. Background
2.1. Automated Essay Scoring

Automated Essay Scoring (AES) has progressed from early statistical approaches (Page, 1966) to machine learning, deep learning
techniques and, most recently, transformer-based large language models (Ke & Ng, 2019; Lagakis & Demetriadis, 2021; Xu et al.,
2024). Generative Pre-trained Transformer (GPT) models introduced a new paradigm in AES by enabling scoring through prompt-
based interaction, where natural language instructions guide model reasoning and evaluation (Pack et al., 2024). Among these
models, GPT-4 has been identified as one of the most reliable models for automated grading, outperforming other prompt-based
LLMs in reasoning and alignment with human educators (Chamieh et al., 2024; Lee et al., 2024; Pack et al., 2024). Its performance
is further enhanced when augmented with scoring rubrics (Tang et al., 2024) and scoring examples (Chang & Ginter, 2024), even
with minimal prompt engineering (Henkel et al., 2024). These findings underscore GPT-4’s advanced reasoning capabilities and its
contribution to improving automated assessment systems.
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Despite advancements in scoring accuracy, current AES research remains heavily reliant on corpora such as ASAP' (Cozma
et al., 2018), ICLE? (Persing & Ng, 2014), CLC-FCE® (Yannakoudakis & Briscoe, 2012), TOEFL11* (Vajjala, 2018), and AAE® (Ke
et al., 2018), as consistently noted in reviews of the field (Ke & Ng, 2019; Lagakis & Demetriadis, 2021; Xu et al., 2024). These
datasets primarily assess English proficiency, general writing skills, and argument structure, often within secondary or language-
learning contexts, rather than focusing on the substantive quality of the written content that is essential in higher education. While
some prompt-based LLM studies have begun to evaluate the quality of the written content in short-answer questions using public
benchmark datasets (Jiang & Bosch, 2024) or undergraduate-level tasks (Morjaria et al., 2024), relatively little attention has been
paid to open-ended essays in higher education. Such essays are typically longer, more complex, and discipline-specific, making them
significantly more challenging for automated scoring systems (Flodén, 2025). Notably, focusing AES functionality solely on scoring
accuracy is insufficient for educational contexts (Xu et al., 2024), as effective learning also depends on the provision of high-quality,
personalized feedback that supports student understanding and improvement.

2.2. Automatic feedback generation

Feedback guides students in understanding their performance and progressing toward learning goals (Jensen et al., 2021; Nicol &
Macfarlane-Dick, 2006). In educational systems, providing quality feedback is more effective in enhancing student learning outcomes
than merely assigning scores (Deeva et al., 2021; Ke & Ng, 2019; Van der Kleij et al., 2015; Xu et al., 2024). Recent research highlights
the growing potential of LLMs in feedback generation. For example, ChatGPT produces more detailed and readable feedback than
teacher comments (Dai et al., 2023), and GPT-4 effectively supports student learning outcomes at a level comparable to human
instructors (Escalante et al., 2023).

In the AES context, most LLM-generated feedback focuses on justifying predicted scores based on grading rubrics. These include
studies by Jiang and Bosch (2024), Ormerod and Kwako (2024), Pack et al. (2024), Song et al. (2024), Tang et al. (2024), Xiao
et al. (2025), and Feng et al. (2024). While Masikisiki et al. (2023) and Stahl et al. (2024) attempted to enhance feedback by
prompting LLMs to suggest improvements for future work, their approaches remained narrowly focused on performance gaps and
lacked the depth required to foster active learner engagement and ownership of the learning process. This reveals a gap in current
research, in which feedback is often conceptualized as a one-way transmission of information focused primarily on identifying
discrepancies between students’ current performance and expected goals. Such conventional approaches marginalize learner agency
by framing feedback as evaluative commentary rather than equipping students with self-regulation skills, which are essential for
effective learning in higher education (Narciss et al., 2014; Nicol & Macfarlane-Dick, 2006; Schiller et al., 2025). In response, our
study adopted a learner-centered feedback approach that emphasizes learner autonomy, active engagement, and actionable support
for ongoing development.

The provision of quality feedback is typically framed as a learner-centered process that enables students to interpret feedback
meaningfully and apply it in their subsequent tasks (Lin et al., 2023), promoting learner ownership and participation in the learning
experience (Aldino et al., 2024). Ryan et al. (2023) proposed and validated the Learner-Centered Feedback framework grounded in
established educational theory. Defined as guidance that helps students interpret, apply, and benefit from feedback, the framework
is organized around three core dimensions, each encompassing a set of distinct components:

+ Future Impact: Emphasizes how feedback supports students’ future learning and development.

- Future Improvement: Offers guidance for improving future work.
— Learning Outcomes and Skill Development: Aligns feedback with broader academic and professional goals.

» Sensemaking: Helps students understand their current performance.

— Strengths and Weaknesses: Identifies task-specific strengths and areas for improvement.
— Performance Summary: Provides an overall evaluation relative to assessment criteria.

» Agency: Supports students in recognizing and taking charge of their own learning growth.

— Active Role: Promotes active engagement with feedback and self-directed learning.
— Affirm and Encourage: Recognizes and reinforces students’ accomplishments.
— Strengthen Relationship: Fosters a supportive connection between student and instructor.

1 ASAP: Automated Student Assessment Prize.

2 ICLE: International Corpus of Learner English.

3 CLC-FCE: Cambridge Learner Corpus — First Certificate in English.
4 TOEFL11: ETS Corpus of Non-Native Written English.

5 AAE: Annotated Argumentative Essays.
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Recent work by Aldino et al. (2024) demonstrated that the key dimensions of learner-centered feedback can be automatically
identified in textual feedback using trained classifiers based on Natural Language Processing (NLP) techniques, highlighting the
potential of such methods to assess alignment with the Learner-centered Feedback framework at scale. Building on this, our study
shifts the focus from post-hoc evaluation to the generative process itself, investigating how prompt-based LLMs can be guided to
produce personalized, pedagogically meaningful feedback for open-ended assessment tasks in higher education.

2.3. Prompt-based LLM approaches

Prompt-based learning leverages natural language instructions, known as prompts, to guide LLMs’ task execution without the
need for retraining (Masikisiki et al., 2023). For example, Xiao et al. (2025) demonstrated that GPT-4, when guided by well-crafted
prompts, outperformed fine-tuned GPT-3.5 in scoring accuracy, underscoring the effectiveness of prompt-based learning.

Prompts can be deployed under various in-context learning settings, each differing in the amount of guidance provided to the
model. Zero-shot learning supplies only task instructions, one-shot includes a single task example, and few-shot learning provide
multiple examples (Mayer et al., 2023). Including examples generally improves scoring accuracy over zero-shot approaches (Feng
et al., 2024; Henkel et al., 2024; Lee et al., 2024; Song et al., 2024), particularly with GPT-4 (Jiang & Bosch, 2024; Xiao et al.,
2025). To ensure representativeness, shot selection typically includes samples from different score levels. However, adding more
in-context examples does not always improve performance and may even hinder it due to the model’s limited capacity to process
longer input sequences effectively (Song et al., 2024).

Prompt design has emerged as a key factor in optimizing LLM-based AES systems (Feng et al., 2024; Liu et al., 2023; Masikisiki
et al., 2023; Tang et al., 2024). Among the most effective prompt designs is the Chain-of-Thought (CoT) prompting, which encourages
models to articulate reasoning steps before producing a final output (Kojima et al., 2022). AES studies have demonstrated that
Zero-Shot CoT prompting enhances reasoning by allowing models to generalize across tasks without human-constructed step-by-
step reasoning examples (Masikisiki et al., 2023; Stahl et al., 2024). Similarly, role-based prompting, which instructs the model to
adopt a predefined role such as “Teacher assistant”, has been shown to enhance alignment with task expectations and improve the
quality of both scoring and feedback (Chen et al., 2025; Song et al., 2024; Stahl et al., 2024).

Recent studies have shown that both the structure (i.e., prompt composition or decomposition) and the sequence of prompting
scoring and feedback tasks affect LLM performance (e.g., Jiang & Bosch, 2024). In prompt composition, scoring and feedback are
requested together in a single prompt (e.g., Stahl et al., 2024), whereas in prompt decomposition, the two tasks are separated across
consecutive prompts within the same session (e.g., Ormerod & Kwako, 2024). Despite growing interest, prior findings offer no clear
consensus on the optimal use of these prompt strategies or the order of the scoring and feedback provision tasks when working with
LLMs. For example, Wu et al. (2024) argued that explanations are generally more accurate when generated after output prediction,
as they directly reflect the model’s reasoning. In contrast, Stahl et al. (2024) reported that generating explanations before scoring
improved performance and prevented the model from justifying an inaccurate score. Adding further nuance, Jiang and Bosch (2024)
found that the optimal sequence depends on prompt structure: scoring-first was more effective in composed prompts, whereas
feedback-first yielded better results in decomposed formats. However, these findings were not validated within higher education
context, making their generalizability to open-ended assessments in this context largely unknown. Driven by this gap, our study
investigated how the number of tasks included in a single prompt and the order of these tasks affected LLM performance in scoring
and feedback generation within higher education.

3. Methodology
3.1. Dataset

The dataset was sourced from a postgraduate-level course on introductory data science at an Australian University. Ethics
approval was obtained from the university’s Human Research Ethics Committee for using students’ assessment submissions and their
received feedback (Project Id: 29874).% As part of the course’s assessment, students submitted a proposal for a data science project
of their choice, comprising two sections: the Project Description, which outlined project goals and relevant data professionals’ roles,
and the Business Model underpinning the proposed data science project, which described the target beneficiaries, value proposition,
and anticipated challenges.

In total, 401 student proposals were submitted in a single semester. Proposals were evaluated by experienced course instructors,
who assigned a holistic numerical score ranging from 0 to 15 and provided textual feedback based on five rubric dimensions:
(1) clarity of goals, (2) relevance to data science, (3) articulation of business value, (4) creativity, and (5) overall clarity. These
instructor-assigned scores and rubric-based textual feedback served as the reference standard for evaluating and comparing the
LLM-generated scores and feedback in order to address RQ1 and RQ2. Per the course assessment policy, these holistic scores were
first scaled to the range [0, 100] and then mapped to five performance bands: 0-49 (N — Fail), 50-59 (P — Pass), 60-69 (C —
Credit), 70-79 (D — Distinction), and 80-100 (HD — High Distinction). We removed all personally identifiable information during
pre-processing of the collected project proposals to ensure student privacy. We also excluded non-content elements such as cover

6 Data from this research will be made available by the corresponding author upon reasonable request.
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Grade Band

Fig. 1. Percentages of student proposals by grade band.

pages, tables of contents, headers, and footers, retaining only the proposal title, main body of text, and references (where available)
as input to the LLM.

Due to the dataset’s limited size and imbalanced distribution across grade bands (Fig. 1), we grouped student proposals into
two performance categories based on human-assigned scores: High Performers (HD, D) and Low Performers (C, P, N), following
established practices in educational research aimed at facilitating targeted analyzes and interventions tailored to group-specific
learning needs (Farooq & Regnier, 2011; Jibeen & Khan, 2016; Kam & Umar, 2023). After randomly selecting four-shot exemplars
as described in Section 3.3, we retained the remaining 107 Low Performer submissions and randomly sampled 107 proposals from the
High Performer group, resulting in a balanced dataset of 214 proposals with an average word count of approximately 715 words. This
sampling strategy was intended to support fair comparisons across proficiency levels while avoiding inflated performance metrics
caused by class imbalance (Lee et al., 2024).

3.2. LLM selection

GPT-4 demonstrates superior scoring capabilities, surpassing earlier versions such as GPT-3.5, outperforming traditional models
like SVM, and approaching the upper-bound performance of fine-tuned BERT (Chamieh et al., 2024). It also produces feedback
closely aligned with human quality, outperforming open-source alternatives (Ziems et al., 2024). Its capacity to handle extended
inputs (Masikisiki et al., 2023) makes it well-suited for evaluating long-form student submissions, such as those used in our study.
For these reasons, we used GPT-40, a more recent variant of GPT-4 that offers comparable performance, along with faster responses
and lower API costs (OpenAl, 2024).

3.3. Prompt engineering

All prompts in this study follow the best practices established in prior research, such as those outlined by Chen et al. (2025)
and Ziems et al. (2024). Chen et al. (2025) emphasizes several key elements that enable LLMs to generate high-quality responses:

» Role Prompting: The role of “an experienced teacher in a master’s-level data science course” was assigned to the model to align
its responses with the academic standards expected in higher education.

Chain-of-Thought Prompting: Since our dataset lacks explicit reasoning steps for scoring and feedback generation, this study
employs Zero-Shot CoT prompting. The phrase “Let’s think step by step” was used as it has been shown to enhance LLM logic
in solving various tasks (Chen et al., 2025; Kojima et al., 2022).

Few-Shot Prompting: Two exemplar submissions from each performance category (high-performing and low-performing)
were randomly selected from outside the 214-sample dataset used in this study, to mitigate the risk of data leakage (Chang
& Ginter, 2024; Lee et al., 2024). Including more than two exemplars per category yielded minimal gains and introduced a
risk of performance degradation due to excessive prompt length. To minimize ordering bias, the examples were presented in
a random sequence (Song et al., 2024; Zhao et al., 2021).

Structured Formatting: To ensure long text sections are processed as coherent units, triple quotes (/////1) were used to enclose
the task description, scoring rubric, shots, and proposal being evaluated.

In addition, Ziems et al. (2024) further recommends LLM prompting guidelines that encourage adherence to structured output
formats, addressing LLM-response issues noted by Pack et al. (2024):

» Context Before Instruction: Establishing contextual grounding before delivering instructions enhances the model’s adherence
to task-specific expectations.
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+ Explicit Constraints: Clear instructions, such as “Even if uncertain, you must still select a score within this range”, enforce response
completeness.

+ Structured Output Specification: We applied OpenAl’s Structured Output enforcement rather than relying solely on natural
language prompt instructions for output format specification.

To align the model’s feedback with individual learner needs, the prompt included explicit instructions guiding the model to follow
the learner-centered feedback framework, specifying its corresponding feedback dimensions (nam-ely learner agency, sensemaking,
and future impact) and their associated components. The wording of the prompts used in this study was held constant to eliminate
content variation as a confounding factor when comparing prompt composition and decomposition as well as task order (Masikisiki
et al., 2023).

3.4. Experimental design

Given evidence that both the number of tasks in a prompt and the order in which they are presented can influence scoring
accuracy and feedback quality (Jiang & Bosch, 2024; Stahl et al., 2024; Wu et al., 2024), we tested four prompting configurations
that varied these two factors. The four experimental conditions were:

» Composition-Scoring-First: A single prompt first requests a holistic score (0-15), followed by feedback.

+ Composition-Feedback-First: Feedback is generated before scoring within the same prompt.

» Decomposition-Scoring-First: Scoring and feedback are elicited in two separate consecutive prompts within the same session,
with scoring first.

+ Decomposition-Feedback-First: Feedback is generated first, followed by a separate prompt within the same session requesting
a score based on that feedback.

To reduce variability in GPT-40 outputs, we ran each prompt five times per proposal and averaged the results (mean +
SD) (Flodén, 2025; Xiao et al., 2025). We fixed GPT-40’s parameters (temperature = 0, top-p = 0.01) to minimize random-
ness (Henkel et al., 2024; Jiang & Bosch, 2024) and processed each proposal in a separate API call to prevent context leakage (Flodén,
2025; Yancey et al., 2023). The Composition-Scoring-First prompt is presented in Fig. 2, annotated to reflect the prompt engineering
practices detailed in Section 3.3, with other prompts provided in Appendix A.

3.5. Evaluation

3.5.1. Scoring evaluation

We addressed RQ1 by evaluating GPT-40’s scoring performance in terms of both the magnitude of scoring errors and the
consistency of rank ordering relative to human-assigned scores. Specifically, Relative Merit Consensus (RMC) (Chang & Ginter,
2024) was used to assess whether the model preserved the correct rank order of student submissions based on their quality. RMC
values range from O to 1, where higher values indicate stronger agreement between the model-generated and human-assigned
rankings. This metric reflects perceived fairness in scoring, as students are more likely to view scores as unfair when lower-quality
submissions receive equal or higher scores than their own. Scoring error was quantified using Mean Absolute Error (MAE), which
captures the average deviation from human scores, and Root Mean Squared Error (RMSE), which places a greater penalty on larger
discrepancies (Xu et al., 2024).

To statistically assess whether scoring errors measured by MAE and RMSE differed significantly between prompt pairs, we
conducted two-sided paired permutation tests on absolute and squared errors using 10,000 resampled values. The null hypothesis
assumed that there was no difference in scoring error between different prompt conditions. Permutation testing was chosen for its
suitability with paired observations drawn from the same dataset (Riezler & Hagmann, 2024). It also provides greater statistical
power than conventional parametric and nonparametric tests when applied to small samples with non-normal distributions (Dror
et al., 2018), a distributional property confirmed in our data by Shapiro-Wilk tests and Q-Q plot results (Appendix B). To quantify
the effect sizes of the observed scoring differences, we computed bias-corrected and accelerated (BCa) bootstrap confidence intervals
around mean differences, following (Bestgen, 2022). Scoring performance was analyzed across the entire student population and
separately for high- and low-performing groups, offering deeper insights into how the effectiveness of different prompt designs varies
with the quality of student work and informing the development of adaptive, personalized, prompt-based LLM-powered assessment
systems.

3.5.2. Feedback evaluation

To address RQ2, feedback quality was evaluated in terms of the presence of learner-centered components as defined in Ryan et al.
(2023), enabling us to examine how different prompts influenced the pedagogical value of the generated feedback. Given the need
for scalable evaluation over hundreds of feedback instances, we employed an automated classification approach using a BERT-based
multi-label classifier developed by Aldino et al. (2024). This classifier was trained on 13,025 annotated feedback instances from
95 university courses and demonstrated strong alignment with human annotations, with accuracy and F1 scores above 0.90 across
all learner-centered components, and Cohen’s kappa values exceeding 0.80 for six out of eight components.

We applied the classifier at the sentence level to the LLM-generated feedback under each prompt, extracting binary predictions
(present/absent) for each learner-centered component. For each prompt, we computed the proportion of feedback instances that
included at least one sentence containing each component. To benchmark the LLM-generated feedback against human-written
feedback, we also applied the classifier to the instructor comments included in our dataset.
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Context:

eve cience course. Your task is to evaluate students'
assignments on developmg a data science prOJect proposal Your evaluatlon must include an overall score and
constructive feedback to support students to learn better. You will be provided with the assignment specification,
scoring rubric, and exemplar responses and their corresponding scores, as detailed below:

her in a ma

Assignment specification: """ {task}

- s v T Prompt Engineering Best
Scoring Rubric: ™{rubricy Practices, outlined by Chen
Examples: """{examples}"" et al. (2024) and Ziems et

al. (2024):

Instructions: Let's think step by step:

Role Prompting
1. Analyze the proposal using the provided scoring rubrics and examples.

@ Chain-of-Thought
2. Based on the provided rubric, assign a holistic numerical assessment ° l;romg;t:n{qp ti
score between 0 and 15 for the project proposal, allowing decimals. Even if EW=SHOLEIQINPING
ertain. vou must still select a score within this rand @ Structured Formatting
: - @ Context Before
3. Based on the provided rubric and the predicted assessment score above, Instruction
generate learner-centred feedback for students to improve their work, which ® Explicit Constraints

focuses on delivering personalized guidance to help students improve their

understanding, skills, and engagement. Learner-centred feedback is

structured around three key dimensions: (i) Future Impact refers to feedback

that guides refining key aspects of future similar tasks, supports students in achieving subject-specific learning
outcomes, and delivers practical guidance to help them develop academic and professional skills. (i) Sensemaking
refers to feedback that offers an overall assessment of the student's performance, aligns with the marking rubric,
and identifies both strengths and areas for improvement within specific aspects of the student's work. (iii) Agency
refers to feedback that encourages students to contact teachers or explore additional learning resources,
recognizes their successful efforts, and strengthens the teacher-student bond through nurturing and supportive
interactions.

Based on the context and instructions above, evaluate the following proposal: """ {proposal}"""

Fig. 2. Sample prompt from this study (Composition-Scoring-First), annotated to illustrate six prompt engineering strategies informed by Chen
et al. (2025) and Ziems et al. (2024). Color-coded labels correspond to each prompting strategy.

Table 1

Scoring performance (mean + standard deviation) across prompt configurations varying by number of tasks (composition vs. decomposition) and
task order. Metrics are reported both across the entire student population (All) and separately for high-performing (High) and low-performing
(Low) student groups. The best results in each column are in bold.

Tasks in a Task MAE (+ SD) RMSE (+ SD) RMC (+ SD)
Prompt Order
High Low All High Low All High Low All
¢ i Scoring-First 1.67 + 0.03  2.06 + 0.02  1.86 + 0.02 208 + 0.03 243 + 0.03 226 + 0.03 031 £ 0.01 042 + 0.0l  0.39 + 0.01
omposition Feedback-First 1.59 + 0.02 212 + 006  1.85 + 0.02  1.98 + 0.03 247 + 0.05 224 + 0.02  0.34 + 001  0.44 + 0.01  0.42 + 0.01
Decomposition Scoring-First 1.49 + 0.06 223 + 009  1.86 + 0.02  1.85 + 0.07 256 + 0.08 224 + 0.02  0.34 + 0.01 043 + 0.0l 041  0.01
P! Feedback-First 1.66 + 001 215+ 001 191 + 0.01 204 = 0.01 252 = 0.01 229 = 0.0l  0.31 + 0.01  0.41 + 0.00  0.39 + 0.00

4. Results
4.1. Results on RQ1

4.1.1. Impact of prompt composition, decomposition, and task order on overall regression and ranking performance

Scoring results on all student submissions (Table 1) show that prompt composition and decomposition had a more pronounced
impact under Feedback-First conditions. Composition-Feedback-First achieved the best scoring accuracy, demonstrating a 3.1% lower
MAE, 2.2% lower RMSE, and 7.7% higher RMC relative to Decomposition-Feedback-First, which produced the weakest results.
Statistical testing (Table 2) confirms that the RMSE difference between these two prompts reached statistical significance (p = .046),
although the effect size was modest, with a 95% confidence interval for the error difference of [-0.14, —0.01]. These findings suggest
that placing feedback before scoring in the prompt sequence may reduce larger scoring errors by priming the model with a more
informed interpretation of the response.

4.1.2. Impact of prompt composition, decomposition, and task order across student performance levels
Across ranking and error results, GPT-40’s scoring performance varied substantially by student proficiency level (Table 1). High-
performing submissions consistently received more accurate scores, with 19%-34% lower MAE, and 14.4-27.7% lower RMSE than
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Table 2

Permutation test results of RMSE differences between prompt pairs across student performance groups. Each cell shows the RMSE difference
calculated as (row prompt-column prompt), along with 95% BCa bootstrap confidence intervals. Positive values indicate higher RMSE for the
prompt in the row. Prompt abbreviations: C-SF = Composition-Scoring-First, C-FF = Composition-Feedback-First, D-SF = Decomposition-Scoring-
First, D-FF = Decomposition-Feedback-First. Significance: p < .05 (*), p < .01 (**), p <.001 (***).

Group Prompt C-FF D-SF D-FF
C-SF *** 0.11 [0.06, 0.17] *** .23 [0.14, 0.33] 0.04 [-0.07, 0.16]
High Performers C-FF - ** 0.12 [0.05, 0.20] —0.07 [-0.19, 0.04]
D-SF - - **% —0.19 [-0.31, —0.10]
C-SF —0.04 [-0.11, 0.04] *** —0.13 [-0.23, —0.07] * —-0.10 [-0.21, —0.03]
Low Performers C-FF - * —0.10 [-0.19, —0.02] —0.06 [-0.15, 0.00]
D-SF - - 0.03 [-0.03, 0.12]
C-SF 0.03 [-0.02, 0.08] 0.03 [-0.04, 0.09] —0.04 [-0.11, 0.03]
Overall C-FF - —0.002 [-0.07, 0.06] * —0.07 [-0.14, —0.01]
D-SF - - —0.07 [-0.13, —0.00]
Table 3

Permutation test results of MAE differences between prompt pairs across student performance groups. Each cell shows the MAE difference
calculated as (row prompt—column prompt), along with 95% BCa bootstrap confidence intervals. Positive values indicate higher MAE for the
prompt in the row. Prompt abbreviations: C-SF = Composition-Scoring-First, C-FF = Composition-Feedback-First, D-SF = Decomposition-Scoring-
First, D-FF = Decomposition-Feedback-First. Significance: p < .05 (*), p < .01 (**), p <.001 (***).

Group Prompt C-FF D-SF D-FF
C-SF **% 0,09 [0.05, 0.15] ***% (0,18 [0.11, 0.28] 0.01 [-0.08, 0.10]
High Performers C-FF - *0.09 [0.03, 0.17] —0.08 [-0.18, 0.01]
D-SF - - **% —0.17 [-0.27, —0.09]
C-SF —0.07 [-0.14, 0.02] ***% —0.17 [-0.26, —0.08] * —0.10 [-0.20, —0.03]
Low Performers C-FF - * —0.10 [-0.19, —0.01] —0.03 [-0.13, 0.05]
D-SF - - 0.07 [-0.01, 0.15]
C-SF 0.01 [-0.04, 0.06] 0.01 [-0.06, 0.08] —0.05 [-0.11, 0.02]
Overall C-FF - —0.002 [-0.06, 0.06] —0.06 [-0.12, 0.01]
D-SF - - —-0.05 [-0.12, 0.00]

those of low-performing students. This reflects stronger alignment with human-assigned scores in terms of absolute accuracy for
high performers. However, despite lower absolute accuracy, higher RMC values for low-performing submissions suggest that the
model more reliably preserved relative rank order among weaker submissions than among stronger ones. This reveals a performance
asymmetry: GPT-40 assigned more precise scores to stronger submissions but exhibited greater consistency in ranking weaker ones.

In addition, scoring error patterns across prompts revealed a trade-off in evaluation metrics between student groups: gains for
one group were often accompanied by declines in the other. For example, Decomposition-Scoring-First achieved the strongest results
for high performers (MAE = 1.49, RMSE = 1.85) but underperformed for low performers (MAE = 2.23, RMSE = 2.56). In contrast,
Composition-Feedback-First yielded more balanced outcomes across groups (MAE: 1.59 vs. 2.12; RMSE: 1.98 vs. 2.47). This suggests
that certain prompts may affect scoring accuracy differently for high- and low-performing students.

To further explore these group-level differences, we examined MAE and RMSE across all prompt configurations within high-
and low-performing student groups. Tables 1-3 suggest that prompt configuration may influence scoring accuracy differently
across student performance groups. Among high performers, Decomposition-Scoring-First yielded the strongest results, achieving the
lowest MAE (1.49), and the lowest RMSE (1.85). Statistical comparisons (Tables 2 and 3) further support this trend, showing that
Decomposition-Scoring-First significantly outperformed all other prompts. Specifically, it reduced MAE by 0.18 (p <.001) and RMSE by
0.23 (p <.001) compared to Composition-Scoring-First, which exhibited the lowest scoring performance among all prompts. In contrast,
for low-performing submissions, the Composition-Scoring-First emerged as the most effective, achieving the lowest MAE (2.06) and
RMSE (2.43) among all prompts (Table 1). It significantly outperformed Decomposition-Scoring-First (p<.001) and Decomposition-
Feedback-First (p<.05) in reducing prediction errors (Tables 2 and 3). These consistent findings across regression and statistical
analyses provide strong evidence of prompt-proficiency interactions, whereby the most effective prompting configuration varies by
student performance group. However, the relatively small effect sizes suggest that while these interactions are statistically robust,
their practical impact may be limited.

4.2. Results on RQ2

To address RQ2, we examined how the number of tasks in one prompt and task order shaped the quality of GPT-40-generated
feedback, as measured by the presence of feedback components defined in the Learner-centered Feedback framework (Ryan et al.,
2023). As shown in Fig. 3, GPT-40 included agency-supportive elements — such as Active Role and Strengthen Relationship — at higher
rates than the human-crafted feedback in our dataset. As shown in Fig. 3, Composition-Scoring-First and Decomposition-Scoring-First
prompts resulted in the highest inclusion of the Strengthen Relationship component (66.4% and 66.8%, respectively), suggesting that
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Fig. 3. Percentage of feedback instances (n = 214) that included different learner-centered feedback component across the prompt settings and
the human-crafted feedback.

Scoring-First prompts encourage the model to adopt a more relational and supportive tone. In contrast, Feedback-First prompts were
more effective at fostering learner autonomy. Specifically, the Active Role component appeared most frequently in Decomposition-
Feedback-First (32.7%), followed by Composition-Feedback-First (24.8%), indicating that generating feedback before scoring primes
the model to emphasize student autonomy and engagement. These patterns underscore the influence of task order on the model’s
ability to express learner agency, particularly through the Strengthen Relationship and Active Role components.

Beyond task order effects on agency, other learner-centered components in LLM-generated feedback showed minimal variation
across prompts. All prompts led the model to consistently include Future Improvement suggestions and identification of Strengths
and Weaknesses (100%). However, the Performance Summary component was present in just 37%-39% of feedback instances across
prompts. Despite this, GPT-40 demonstrated this component more frequently than human educators in our dataset, which almost
omitted it (1.4%). However, this strength was not mirrored in other dimensions, as GPT-40 and human feedback consistently lacked
affirmation and learning outcome alignment. Specifically, the Affirm and Encourage component was almost entirely missing from
model-generated responses (< 1%) and was present in only 3.3% of human-crafted feedback, highlighting a shared limitation in
delivering emotionally supportive feedback. Similarly, the Learning Outcomes component was absent across all GPT-generated and
human-crafted feedback. This absence indicates a shared gap in how both AI and human graders deliver emotionally supportive
and learning-aligned feedback, pointing to areas for future improvement in addressing these underrepresented components.

5. Discussion
5.1. Prompt-based LLM approaches for scoring

GPT-4o0 consistently scored high-performing submissions with greater accuracy, though this may stem from a tendency to assign
higher scores broadly, rather than an improvement in evaluative precision. This pattern aligns with concerns in the literature that
LLM-based scoring systems tend to assign overly generous scores to open-ended essays, particularly in higher education (Chang &
Ginter, 2024; Flodén, 2025). One likely explanation is that GPT models struggle to differentiate quality in longer, content-based
student responses, as noted by Chang and Ginter (2024), who found that such responses often received uniformly high scores
regardless of quality. To further explore this possibility, we conducted an additional correlation analysis between essay length and
assigned scores. The results revealed a consistent positive relationship across various conditions: for human scores, the Spearman
correlation with essay length was approximately 0.25 (p <.001), while it ranged from 0.20 to 0.28 (p <.01) for GPT-assigned scores.
These findings reinforce prior work showing that text length influences the scoring of both human educators and automated systems,
with longer essays often receiving higher scores (Fleckenstein et al., 2020). Such similarity is to be expected, given that LLM-based
scoring models are trained on human data and may therefore inherit human judgment biases. As Fleckenstein et al. (2020) noted,
overscoring tendencies linked to text length may sometimes function as a heuristic but also risk becoming a source of bias when
length is rewarded at the expense of quality. In addition, we performed a sanity check by pairing student submissions that received
the same human-assigned score (thus controlling for quality) but differed in length. We found that GPT scores for longer submissions
had a higher mean absolute error (MAE = 1.92) than shorter submissions (MAE = 1.71), although a paired t-test confirmed that this
difference was not statistically significant. These results underscore the importance of examining how text length shapes GPT-40’s
scoring patterns and of exploring mitigation strategies — such as explicitly instructing LLMs to prioritize quality over length — to
reduce potential bias in higher education contexts.

Considering all student submissions regardless of their quality, the Composition-Feedback-First prompt yielded slightly better
overall regression performance than all other prompts, including a statistically significant improvement in RMSE over Decomposition-
Feedback-First. Interestingly, this outcome diverges from prior findings by Jiang and Bosch (2024), who reported that feedback-first
prompts were more effective under decomposition-based prompting in the context of short-answer questions from secondary
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education, using the ASAP dataset. The discrepancy between our findings and prior work suggests that optimal prompt design may
depend not only on task composition and order but also on the complexity of student responses being evaluated. Further research
is warranted to examine this interaction and determine how prompt design can be adapted to diverse response types.

A more nuanced insight emerges when scoring performance is analyzed by student performance, our results revealed that not
all prompts were equally effective with their success varying slightly by the performance level of the student work being assessed.
High-performing submissions were most accurately scored and ranked using Decomposition-Scoring-First prompt, outperforming all
other prompt settings across multiple evaluation metrics. This suggests that initiating the prompt with a scoring task is sufficient for
the model to make accurate judgments when evaluating well-structured responses typically produced by high-performing students.
However, the same prompt yielded the lowest-scoring performance for low-performing submissions. This contrast indicates that
Decomposition-Scoring-First apparent effectiveness may stem from the model’s difficulty in detecting lower-quality responses when
scoring is prompted in isolation, leading the model to over-predict. For low-performing students, the Composition-Scoring-First prompt
was the most effective, indicating that integrating feedback and scoring instructions within a unified prompt may offer essential
contextual cues that enable the model to better interpret and assess underdeveloped responses.

Taken together, these findings support the growing body of evidence that the number of tasks included in a prompt and their
order affect the reliability of LLM-based scoring (Jiang & Bosch, 2024; Stahl et al., 2024; Wu et al., 2024). However, our results show
that the effect is not uniform and varies depending on the quality of the student’s response, supporting the presence of prompt—
proficiency interactions. While several of these effects reached statistical significance, the corresponding effect sizes and overall
magnitude of improvement remained relatively small. Our findings suggest that although prompt composition, decomposition, and
task order influence model behavior, they are insufficient on their own to ensure reliable scoring across diverse student performance
levels.

Moreover, although the analysis by performance level uncovered several statistically significant differences between prompt
configurations, the aggregated results across all submissions identified only one significant improvement, with Composition-Feedback-
First outperforming Decomposition-Feedback-First in RMSE. This contrast underscores a key methodological implication: aggregate
evaluations may mask important differences between student performance groups, reinforcing the value of disaggregated analysis
for ensuring fair and accurate assessment across diverse groups of students. Recognizing this, our findings suggest that performance-
aware prompting could serve as a guiding principle for future Al-based assessment systems, in which prompts are not only optimized
for task characteristics but also dynamically adapted based on real-time features of student submissions. Such systems could leverage
surface-level and semantic cues — such as linguistic complexity, coherence, or rhetorical structure — to infer response characteristics
and tailor prompt configurations accordingly. For example, submissions with fragmented or underdeveloped linguistic features
may benefit from composed prompts that elicit scoring and feedback jointly, offering richer contextual grounding, whereas well-
structured responses may be more accurately evaluated using decomposed prompts that separate these tasks. This direction aligns
with recent advances such as AdaptPrompt (Wang et al., 2025), which dynamically adjusts prompts based on task characteristics—for
instance, by extracting and integrating implicit textual relationships between sentence pairs to guide adaptive prompt construction,
enhance the model’s interpretive focus, and improve prediction accuracy.

Furthermore, given the varying predictive performance of different prompting strategies across student performance levels, future
Al-based assessment systems may benefit from more advanced prompting techniques. One promising direction is ensemble-style
prompting (Zhang et al., 2024), where multiple prompts are used to assess the same response and their outputs are aggregated
(e.g., via majority voting or weighted averaging) to improve robustness and mitigate prompt-specific biases. In addition, systems
could prompt LLMs to indicate their confidence levels in generated scores, enabling more cautious and informed use (Detommaso
et al., 2024). For example, low-confidence predictions might be flagged for instructor review or presented with cautionary indicators
to students. Complementarily, prompting LLMs to provide scoring rationales — that is, justifications for their assignment scores
— could enhance model transparency and allow students to critically evaluate the trustworthiness and instructional value of
Al-generated outputs.

5.2. Prompt-based LLM approaches for feedback generation

The influence of prompt design was evident in feedback components related to learner agency. Specifically, the Active Role and
Strengthen Relationship dimensions were observed exclusively in LLM-generated feedback, in contrast to human educators, with their
presence shaped by the sequencing of tasks within the prompt. The Feedback-First configuration, which prompts the model to reflect
on the student’s work before assigning a score, prioritizes attention to the learner’s needs and areas for growth before judgment.
This task order more frequently elicited feedback that encourages learner initiative, such as: “Feel free to discuss any questions or
seek guidance on areas you find challenging”, aligning with the Active Role component of learner agency. Conversely, in the Scoring-
First configuration, the model begins by evaluating the student’s performance, often priming the output toward justification of
the assigned score or recognition of effort. Feedback in this setup tended to include statements such as: “Remember, your efforts
are recognized, and I encourage you to continue building on this strong foundation”, reflecting the Strengthen Relationship component.
These differences indicate that task order shapes the model’s communicative orientation and can be strategically leveraged to adapt
generated feedback to specific pedagogical goals or learner needs.

Across all prompts, LLM-generated feedback consistently reflected key learner-centered components, particularly Strengths and
Weaknesses and Future Impact, aligning with the pedagogical view that effective feedback should highlight both achievements and
areas for improvement (Nicol & Macfarlane-Dick, 2006), while also guiding postgraduate students in applying complex concepts
to practice (Lin et al., 2023). Also, GPT-40 produced more comprehensive summaries of student work within the Performance
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Summary component than human educators, aligning with Dai et al. (2023), who noted that ChatGPT tends to produce more coherent
summaries of student performance than human instructors. The LLM’s tendency to restate student ideas in a structured and detailed
manner may help clarify key points and support deeper understanding, particularly in complex postgraduate tasks.

The Affirmation and Encouragement component was limited in both LLM-generated and human-crafted feedback. Among all
GPT-40 outputs, only one brief sentence (“your work is appreciated”) was explicitly identified as affirmational. Human feedback,
though also infrequent, included similar concise and direct affirmations such as “Good work” or “Well done otherwise!”. Upon
closer examination, affirmational language in GPT-40’s feedback was occasionally present but was predominantly embedded within
performance-oriented evaluations rather than expressed as standalone affective statements. For example, the sentence “You’ve done
a commendable job in detailing the roles and responsibilities of data scientists, which shows a clear understanding of the project’s scope”
conveys a positive tone; however, its primary communicative function is evaluative, focused on task performance. As a result,
such feedback is more likely to be classified under components like Performance Summary or Strengths and Weaknesses rather than
Affirm and Encourage. This pattern reflects GPT-40’s general tendency to prioritize task-relevant commentary over explicit emotional
support. Nevertheless, prior research suggests that when positive feedback is framed in terms of students’ task performance, it can
still enhance motivation (Ryan et al., 2023), indicating that GPT-40’s task-focused praise may offer motivational benefits even when
affective intent is implicit.

While our findings indicate that GenAl-generated feedback — when appropriately prompted — can display several components
of learner-centered feedback, it is important to clarify that this should not be interpreted as evidence that LLMs are inherently
better at providing such feedback than human educators. Well-prepared and conscientious teachers are highly capable of delivering
nuanced, personalized, and context-sensitive feedback that supports learner autonomy and growth. In fact, many of the learner-
centered features observed in GenAl feedback stem from prompt instructions designed by humans and from training data that encode
human values and pedagogical strategies. Therefore, GenAl’s ability to produce such feedback is ultimately contingent on human
guidance, both during pretraining and deployment. Any perceived alignment with learner-centered principles in GenAl-generated
feedback depends heavily on how well such principles are explicitly embedded into the prompts and task design. Moreover, these
findings are based on a relatively small dataset collected from a single postgraduate-level course. As such, they should not be
overgeneralized to suggest that GenAl outperforms well-trained educators. Still, our findings highlight the potential of GPT-40
to serve as a valuable assistant in supporting learner-centered feedback practices, particularly when integrated into a human-AI
collaborative workflow. For example, GenAl could generate initial feedback that is then refined or augmented by teachers, offering
a scalable and practical solution for delivering personalized feedback, enhancing learner engagement, and reducing feedback-related
workload for educators (Morjaria et al., 2024). This, in turn, enables teachers to focus more on instructional activities that require
their professional creativity and complex pedagogical reasoning (Flodén, 2025).

6. Limitations and future work

This study acknowledges several limitations that also point to opportunities for future research. First, the dataset used in this
study is relatively small, having been collected from a single postgraduate-level course. While it yields valuable insights into the
effects of different prompt configurations on automated scoring and feedback provision, the findings may be context-specific —
shaped by the subject matter and academic level of the course — and thus may not generalize to other educational settings without
further validation. Moreover, although the observed effects were statistically significant, the limited sample size necessitated a binary
classification of students into high and low performers. This constraint hindered the ability to detect more fine-grained variations
in prompt effectiveness across narrower grade bands, as the reduced number of samples within each band diminished the statistical
power of the analysis. Second, although feedback was assessed from the learner-centered perspective, the evaluation focused solely
on component presence, overlooking broader contextual and ethical factors such as clarity, relevance, truthfulness (i.e., the accuracy
of model-generated content, avoiding hallucinated or fabricated statements) and the potential impact on student trust (Wu et al.,
2024). To overcome these limitations, future research should leverage larger and more diverse datasets to enhance the robustness
and generalizability of the findings. Richer datasets would also support more nuanced analyzes of prompt effectiveness on both
scoring and feedback generation, and facilitate investigations into model behaviors such as overprediction tendencies and sensitivity
to variations in writing quality in complex open-ended assessments. Prompts should also be refined to enhance the pedagogical
quality of LLM-generated feedback by incorporating illustrative examples aligned with each learner-centered component. Finally,
broader feedback evaluation frameworks should be adopted to move beyond the presence of learner-centered components and assess
additional factors of feedback quality.

7. Conclusion

This study investigated how the number of tasks requested in a prompt (i.e., composition vs. decomposition) and task order
influence scoring reliability and the quality of Al-generated feedback using GPT-4o. Scoring results indicated modest variation
in prompt effectiveness across performance levels: while Decomposition-Scoring-First prompts performed slightly better for high-
performing submissions, Composition-Scoring-First prompts were comparatively more effective for lower-performing ones. Regarding
feedback provision, LLM-generated feedback analyzed in this study showed higher alignment with most of the learner-centered
principles than feedback provided by human educators, with task order influencing the model’s communicative stance: Feedback-
First prompts encouraged active learner engagement, whereas Scoring-First prompts emphasized strengthening teacher-student
relationship. These findings highlight GPT-40’s potential to assist instructors by supporting learner-centered education through
personalized feedback, while offering design implications for adaptive, prompt-based assessment systems that adapt scoring prompts
to students’ proficiency levels and tailor feedback prompts to their agency needs.
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