Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Leveraging Large Language Models for
Assessments Grading and Personalised Feedback
Generation: A Case of Software Engineering

Mamoona Tasadduq

mamoona ., tasaddug@email . com

Information Technology University https://orcid.org/0000-0002-6987-9581
Fakhra Amjad
COMSATS University Islamabad

Javed Ali Khan
University of Hertfordshire

Hafsa Shareef Dar
University of Gujrat

Research Article

Keywords: Automated grading, Formative feedback, Large Language Models, Software engineering
education, Software artefacts

Posted Date: August 25th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10804567/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: The authors declare no competing interests.


https://doi.org/10.21203/rs.3.rs-10804567/v1
https://doi.org/10.21203/rs.3.rs-10804567/v1
https://orcid.org/0000-0002-6987-9581
https://doi.org/10.21203/rs.3.rs-10804567/v1
https://creativecommons.org/licenses/by/4.0/

Leveraging Large Language Models for
Assessments Grading and Personalised
Feedback Generation: A Case of
Software Engineering

Fakhra Amjad, Mamoona Tasadduq, Javed Ali Khan, Hafsa Shareef Dar
Received: date / Accepted: date

Abstract

The emergence of Artificial Intelligence and Large Language Models (LLMs) is transforming the education
sector. Researchers have recently started exploring LLMs for evaluating educational assessments and
generating personalised feedback; however, their evaluation and effectiveness in evaluating complex
Software Engineering artefacts remain underexplored. In the proposed approach, we used LLMs, including
ChatGPT-4 and Gemini 2.5, to identify rubric-based grading of students’ assessments and to generate
personalised feedback using integrated zero-shot and chain-of-thought prompting. For this purpose, 54
students’ assessments from the ‘Software Design and Architecture’ course were evaluated, including UML-
based artefacts such as use case diagrams, class diagrams, and three-tier architecture. Each assignment
was evaluated using an instructor-defined rubric, and two different LLMs generated scores. The LLMs’
generated scores were compared with the instructor-defined grades using Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Pearson correlation, Spearman correlation, error tolerance analysis, and paired-
samples (t)-tests. Student perceptions of Al-generated feedback were also examined through a
questionnaire-based survey. The results show that both LLMs generated structured rubric-based evaluations
and meaningful feedback. Gemini 2.5 achieved a slightly lower MAE than GPT-4, while GPT did not show a
significant mean-level difference from instructor scores. GPT-4 was also highly preferred by the students for
feedback quality, personalization, and similarity to the instructor’s feedback. However, both models
demonstrated weak correlation and score compression with instructor grading. These findings suggest that
LLMs can provide effective feedback and preliminary grading, but should not replace human instructors in
high-stakes assessments. A hybrid assessment model where LLMs assist instructors, while the final
authority remains with the instructor, is therefore recommended. The proposed approach is supported by a
web-based tool.

Keywords: Automated grading - Formative feedback - Large Language Models - Software
engineering education - Software artefacts

1 Introduction

Over the past decade, information technology has rapidly evolved, affecting various
domains, including education (Alier Forment et al. 2024), and has led to the emergence of
smart education to improve learning and teaching experiences (Badshah et al. 2023). More
recently, with the development of Large Language Models (LLMs) that have revolutionised



various domains, including natural language processing (NLP) (Min et al. 2023) and
software engineering (Hou et al. 2024; J. A. Khan, Qayyum, et al. 2025). Similarly, LLMs
have been widely adopted in education and hold the potential to improve the learning
experience by automating evaluation, enabling personalised learning, and enhancing
learner engagement, while considering associated ethical concerns (Guizani et al. 2025).
To support this, researchers have recently developed approaches based on LLM agents to
address educational challenges, such as feedback generation (Chu et al. 2025).

To address these challenges, LLMs pose significant potential in assessment evaluation
and personalised feedback generation (Yavariabdi et al. 2025). For this purpose,
researchers have proposed several approaches for assessment evaluation and generating
personalised feedback. For example, Xie et al. (2025) propose an LLM-based grading
approach that evaluates learners’ assessments using several prompting methods to first
refine rubrics, generate scores and personalised feedback, and conduct post-grading
review to ensure the accuracy of LLM-generated results. Similarly, Schneider et al. (2023)
used ChatGPT 3.5 to evaluate learners’ short-text questions by classifying them as
Extremely good, Very good, Good, Ok, Bad, Very bad, or Extremely bad. The study also
reported several limitations of LLM-generated feedback, including a lack of specificity,
potential bias, and generic feedback. J. A. Khan, Yaqgoob, et al. (2025) proposed the LLM-
MATE approach to evaluate software diagrams and generate personalised feedback using
zero-shot learning. Riazi and Rooshenas (Riazi and Rooshenas 2025) proposed an LLM-
based approach to support conceptual design learning by converting learners’ Entity-
Relationship Diagrams (ERDs) into JSON format, identifying relationships, and extracting
related requirements to generate detailed feedback. Poli¢ar et al. (2025) propose an LLM-
based automated grading and feedback approach for textual assessment, employing
several LLMs via few-shot prompting to generate personalised feedback with a satisfactory
learner response rate. In the literature, there has been growing interest in LLM-based
approaches for assessment evaluation and personalised feedback generation due to their
satisfactory results in improving learners’ learning and knowledge. Still, based on our
knowledge, there are limitations and challenges in existing approaches that warrant
consideration by the research community to improve the learner experience and learning.
For example, LLM performance needs to be evaluated using multimodal assessments that
include diagrams, text, and code samples. Also, an end-to-end assessment, evaluation,
and feedback generation tool is required to provide learners with a better learning
experience. Moreover, thorough feedback from the learners is required to evaluate the
personalised feedback generated by the LLMs and its implication on their learning.

In line with this, we proposed an LLM-based approach for learner assessment evaluation
and personalised feedback generation to improve the learning experience. The approach
contributes by developing a dataset comprising 54 students’ assessments from the
‘Software Design and Architecture’ course, including UML-based artefacts such as use
cases, class diagrams, and three-tier architecture. Also, a combined prompt using zero-
shot and chain-of-thought learning is developed to evaluate each assessment using an
instructor-defined rubric, and two different LLMs generated scores using a multi-run
strategy to overcome hallucination. The LLMs’ generated scores were compared with the



instructor-defined grades using Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), Pearson correlation, Spearman correlation, error tolerance analysis, and paired-
samples (t)-tests. Moreover, the student perceptions of Al-generated feedback were
examined through a questionnaire. The results show that both LLMs generated structured
rubric-based evaluations and meaningful feedback. Gemini 2.5 achieved a slightly lower
MAE than GPT-4; whereas, GPT showed no significant mean-level difference from the
instructor scores. GPT-4 was also strongly preferred by the students for feedback quality,
personalisation, and similarity to instructor feedback. However, both models
demonstrated weak correlation and score compression with instructor grading. These
findings suggest that LLMs can provide effective feedback and preliminary grading, but
should not replace human instructors in high-stakes assessments. A hybrid assessment
model in which LLMs assist instructors while the final authority remains with the instructor
is therefore recommended.

To guide the study, the following research questions were formulated:

e RQ1: Towhat extent do LLMs align with instructor-assigned grades when evaluating
assignments in software design and architecture?

e RQ2:Which LLM demonstrates stronger agreement with instructor’s grading?

e RQ3: How do students perceive the clarity, usefulness, and learning value of Al-
generated feedback?

e RQ4:Which LLM-generated feedback do students prefer for future assessments?

The rest of the paper is organized as follows. Section 2 presents a review of the relevant
literature on Large Language Models in software engineering education, automated
assessment, and Al-generated feedback. Section 3 describes the research methodology,
including the assignment design, grading rubric, LLM evaluation process, and data
collection procedures. Section 4 presents the experimental results and discusses the
findings, including the agreement between LLM-based and instructor-based grading as
well as student perceptions of Al-generated feedback. Section 7 discusses the threats to
validity and limitations of the study. Finally, Section 8 concludes the paper, summarizes
the key findings, discusses limitations, and outlines directions for future research.

2 Literature Review

This section discusses the existing literature on generative artificial intelligence in general
and its use for automated educational assessments in particular, establishing the
theoretical foundation for this study. The literature also provides a review on the role of
Large Language Models (LLMs) as evaluators in software engineering education, their
effectiveness for grading and providing feedback, and the challenges associated with their
deployment in higher education.



The recent research on LLMs in higher education has primarily focused on automated code
generation, intelligent tutoring, debugging assistance, and personalized learning support
(Fan et al. 2023; Frankford et al. 2024). Despite their increasing adoption in educational
settings, the use of LLMs for formative assessment and evaluation remains comparatively
underexplored. Existing studies have demonstrated the potential of LLMs to provide
personalised feedback and adaptive learning environments; however, the questions
regarding their consistency, fairness and reliability remain, particularly for descriptive
software engineering assessments (Wang et al. 2025; M. Khan et al. 2025).

LLMs for assessment systems introduce both opportunities and challenges. Advanced
generative Al models such as ChatGPT-40, DeepSeek, and Claude have demonstrated the
ability to interpret complex classification rubrics, provide detailed feedback, and reduce
the administrative burden associated with manually grading assessments (Elvira et al.
2025; Chang and Hsu 2025; Mazzone 2025). Yousef et al. (2025) suggests that fine-tuned
LLMs can achieve grading consistency similar to that of experienced human evaluators.
However, concerns regarding academic integrity, student over-reliance on generative tools,
and the difficulty of distinguishing between student-generated and Al-assisted work
remain (M. Khan et al. 2025). Consequently, researchers have emphasised the need for
assessment frameworks that explicitly account for varying degrees of Al assistance while
preserving the validity of learning outcomes.

LLMs have recently been explored as automated evaluators. Duong and Meng (2024)
proposed a framework for automated grading for short-answer questions in a software
engineering course using embedding and completion-based approaches built upon GPT
models. Their findings demonstrated that completion-based grading, particularly when
enhanced through Retrieval Augmented Generation (RAG), achieved strong agreement
with instructor-assigned scores while requiring no task-specific model training. Similarly,
benchmarking studies have shown that modern reasoning-oriented models can achieve
levels of agreement with expert graders that approach human performance under carefully
defined rubric conditions (Pecuchova et al. 2025). However, this performance remains
highly dependent on prompt design, rubric clarity, domain context, and task
characteristics (Wang et al. 2025). Researchers have also highlighted challenges related to
bias propagation, inconsistencies in feedback generation, and difficulties in assessing
ambiguous or unconventional solutions (Grande et al. 2024; Naman et al. 2025).

In software engineering education, most assessment research has concentrated on
textual responses, conceptual questions, essays, or programming assignments. In
contrast, little attention has been devoted to evaluating higher-level software engineering
artifacts including use case diagrams, class diagrams, software architecture designs, and
project documentation. These artifacts require subjective interpretation, design reasoning,
and contextual judgment that extend beyond simple correctness-based evaluation.
Consequently, the capacity of LLMs to reliably assess such deliverables remains
insufficiently understood. Furthermore, although several studies have investigated grading
accuracy, relatively few have examined students’ perceptions of Al-generated feedback or
compared learner satisfaction across different LLM evaluators.



Reihanian et al. (2025) argued that hybrid assessment approaches provide a good balance
between scalability and pedagogical rigor, where LLMs perform preliminary grading and
feedback generation while instructors retain oversight of complex evaluations.
Complementary strategies such as reflective journals, oral examinations, and justification-
based assessments have also been recommended to ensure students remain
accountable for their work and develop deeper conceptual understanding (Pham et al.
2023). These approaches acknowledge that Al should function as a supportive educational
tool rather than a substitute for human judgment and critical thinking.

Although prior research demonstrates the promise of LLMs in educational assessment,
empirical evidence regarding their effectiveness in evaluating authentic software
engineering design artifacts remains limited. Existing LLM-based grading studies have
primarily focused on textual responses (Yeung et al. 2025), essays (Sefler et al. 2025), and
short-answer questions (Duong and Meng 2024), and programming-oriented tasks (Yousef
et al. 2025). Limited evidence exists regarding the ability of LLMs to evaluate complex
software engineering design artifacts such as UML diagrams, use case models, class
diagrams, and architectural designs. Furthermore, limited research has examined
students’ satisfaction with Al-generated feedback from different LLMs. Therefore, this
study investigates the performance of multiple contemporary LLMs in grading software
engineering assignment artifacts and generating feedback, comparing their evaluations
against instructor grading while simultaneously examining student perceptions of the
resulting feedback. By doing so, the study aims to provide empirical evidence regarding the
suitability of LLM-assisted assessment in software engineering education.

3 Proposed Methodology

This study proposes a Large Language Model (LLM)-based assessment framework for
grading software engineering assignments. This framework utilises LLMs to evaluate
student submissions against instructor-defined rubrics and to generate formative,
personalised feedback. To evaluate the performance of the proposed approach, we used
various analyses and evaluations, including error and correlation-based methods.
Furthermore, student perceptions of the quality and usefulness of LLM-generated
feedback are examined using a questionnaire-based survey. The questionnaire consisted
of 15 items adapted to measure student engagement, confidence, motivation, usefulness,
trust, and satisfaction with Al-generated feedback. In addition, three comparative
questions were included to determine students’ preferred LLM and perceived similarity to
instructor feedback. The complete questionnaire is provided in Appendix 9. The overall
research approach is illustrated in Figure 1. The approach mainly comprises four steps.
Firstly, student assessments are collected and processed with LLMs to grade them and
generate personalised feedback. In the second step, various prompting approaches are
used to optimise prompts in response to student assessments. In the third step, the
assessment scenario, the instructor-defined rubric, and the student submission are used
with the optimised prompt to be processed by multimodal LLMs, which generate scores
based on defined criteria and qualitative feedback. To improve grading reliability, each



submission is evaluated independently three times, and the resulting scores are averaged.
The final grades are subsequently compared against the instructor evaluations and
analysed using statistical measures. Moreover, the proposed approach was supported by
a web-based application developed using Django to facilitate assignment management,
submission handling, and the delivery of LLM-generated assessment grading and
personalised feedback to students. However, the primary focus of this study is the
assessment methodology rather than the underlying software platform. Below, we
elaborate on each methodological step.

3.1 Assessment Dataset

To implement the proposed methodology, a dataset of students’ assessments in Software
Engineering Concepts (SEC) from the Software Design Architecture (SDA) course, offered
by the Department of Software Engineering at the University of Gujarat', Pakistan, was
collected. Unlike existing approaches, which mainly select programming exercises or
short-answer assessments, we selected a complex SDA exercise in which students need
to submit a Use Case Diagram, a Class Diagram, and a Three-Tier Architecture Design by
analyzing a case study. These artefacts require interpretation of UML notation, an
understanding of design and architectural logic, and alignment with software requirements.
Hence, the dataset provides a benchmark for evaluating LLMs’ ability to assess complex
software engineering artefacts. The dataset comprised 54 student submissions of software
engineering design artefacts. Each assignment was manually evaluated by the instructor
using predefined grading criteria/rubric.

" https://uog.edu.pk/
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Step 1: Data Collection
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Proposed LLM-based assessment framework for rubric-based grading and personalised
feedback generation.

For each submission, the dataset contained:

e Assessment question

Student submission in PDF format

e Instructor-defined grading rubric
e Instructor-assigned marks
e Instructor-written feedback

Rubric-Based Assessment: To maintain consistency, artefacts were assessed using the
same rubric employed by the module instructor. The proposed LLM-based approach
comprises three major evaluative categories

e Use Case Model (15 marks)
e C(Class Diagram (15 marks)
e Three-Tier Architecture Model (20 marks)

The Use Case Model rubric assessed UML notation, scenario alignment, and the
appropriate use of <<include>> and <<extend>> relationships. The Class Diagram rubric
evaluated class identification, attributes, methods, associations, and the use of



collections. The Three-Tier Architecture rubric assessed architectural separation,
component allocation, dependencies, and adherence to UML standards. Moreover, the
rubric was incorporated directly into the evaluation prompts to ensure consistency with
instructor evaluations and grading.

3.2 Prompt Engineering

For LLM-based assessment evaluation and personalised feedback generation, well-
structured prompts are essential to ensure that responses remain relevant to the given
domain and potentially overcome hallucination (J. A. Khan, Yagoob, et al. 2025). The
literature shows that effective feedback generation using LLMs is closely aligned with
accurate prompt design (White et al. 2024). In the proposed approach, prompt engineering
was employed to encourage consistent, rubric-aligned assessment. A single prompting
strategy was adopted that combined elements of zero-shot and chain-of-thought
prompting rather than treating them as separate, independently compared conditions. This
hybrid prompting approach was adopted to address limitations observed when using
either strategy in isolation during preliminary testing. Prompts without explicit reasoning
instructions produced holistic, impression-based scores that did not reliably reflect rubric-
specific evidence, particularly for design-oriented artifacts such as UML diagrams, where
correctness is distributed across multiple interdependent elements. Conversely, prompts
that exposed the full reasoning trace as free-form output introduced inconsistency in
output structure, complicating the automated parsing and aggregation of scores required
for the multi-run evaluation strategy. Requiring internal step-by-step reasoning, including a
scenario-validation step prior to any criterion-level scoring, while constraining the final
output to a fixed structured format, was intended to preserve the reliability benefits of
staged reasoning without sacrificing the consistency needed for automated processing.

The prompt required the model to perform internal step-by-step reasoning, including
validating the scenario/domain alignment between the student’s submission and the
assignment question, and systematically analyzing each rubric criterion for evidence of
required elements, consistent with chain-of-thought reasoning. However, rather than
exposing this full reasoning trace as free-form output (as is typical in conventional chain-
of-thought prompting), the model was instructed to produce only a final, structured
evaluation output, consistent with the constrained, task-focused response format typical
of zero-shot prompting. This hybrid design was intended to combine the reasoning benefits
of chain-of-thought prompting, namely more consistent, evidence-based rubric adherence,
with the output consistency and machine-readability benefits of a constrained response
format, which was necessary for downstream automated score aggregation across the
three evaluation runs described in Section 3.5. Separate prompt implementations were
developed for GPT-4 and Gemini 2.5 Flash to accommodate differences in input handling
(PDF-based input for GPT-4 versus rendered image input for Gemini 2.5 Flash, as detailed
in Section 3.4). While the two prompts were not worded identically, they were designed to
be functionally equivalent, enforcing the same scenario-validation step, the same
evidence-based rubric adherence rules, the same error-severity classification and penalty



structure, and the same structured output format required for automated score
aggregation across both models.

Prompt Optimisation: Prompt refinement was conducted manually rather than via
automated prompt optimisation techniques (e.g., DSPy or automated prompt search),
primarily due to budgetary and API cost constraints associated with repeated large-scale
evaluation runs across two multimodal models. The refinement process was iterative and
empirically driven: an initial version of the prompt was run on a subset of submissions, and
the resulting scores and feedback were manually compared with instructor-assigned
grades to identify systematic discrepancies. The instructor-defined rubric itself remained
fixed throughout to preserve rubric-instructor alignment; refinement was instead directed
at how the prompt instructed the model to interpret and apply the rubric, and at how its
internal reasoning process was structured. Particular attention was paid to submissions
that produced outlier scores relative to instructor grades, both overly lenient evaluations,
in which the model awarded high marks despite missing or superficial rubric elements, and
overly harsh evaluations, in which minor or cosmetic issues resulted in disproportionately
low scores. Submissions receiving mid-range scores were also reviewed, as these often
revealed subtler inconsistencies in how the model applied the rubric or in how it assigned
partial credit. Based on these observations, adjustments were made to the scenario-
validation instructions, the evidence requirements for awarding credit, the classification
and severity of penalised errors, and the phrasing used to calibrate grading harshness
against instructor conventions. Each revised prompt version was re-tested against the
same set of outlier and mid-range submissions before being applied to the full dataset,
and this cycle of testing, comparison, and adjustment was repeated across multiple
iterations for both the GPT-4 and Gemini 2.5 Flash prompt implementations until model-
generated scores and feedback demonstrated closer, more consistent agreement with
instructor evaluations. An example of an optimised prompt is shown below;

Prompt for student assessment evaluation and personalised feedback generation You are
a deterministic grading system evaluating a student’s Software Engineering submission
against an instructor-defined rubric. Reason through the evaluation step by step internally,
but output only the final structured evaluation. ## Instructions: Step 1 — Scenario
validation: Before scoring, confirm that the submission addresses the same
system/domain specified in the assignment question. If the domain does not match,
assign a score of zero across all criteria and stop; otherwise proceed. Step 2 — Criterion-
by-criterion reasoning: For each rubric criterion, identify all required elements and check
the submission for explicit evidence of each, reasoning through completeness and
correctness before assigning any score. Base all judgments strictly on evidence visible in
the submission; do not infer or assume the presence of unstated elements. Classify
identified errors by severity (e.g., severe, critical, major, minor) using a fixed penalty scale,
and apply proportional deductions accordingly. Step 3 — Score calculation: Combine
completeness and error-severity penalties to compute a final score for each criterion,
rounded to the nearest half-mark increment, applying consistent and realistic grading
severity rather than lenient or impression-based scoring. ## Output Response Format: Do
not include the step-by-step reasoning in the response. Provide only a structured



evaluation for each criterion (strengths, weaknesses, final score), followed by a machine-
readable summary of per-criterion and total scores in JSON format for automated
aggregation. Evaluate the following submission: Assignment question: question_text
Student submission: student_answer Grading rubric: rubric

3.3 Assessments Evaluation and Feedback Generation

Model Selection: For improved student assessment evaluation and personalised
feedback generation, we shortlisted two state-of-the-art multimodal Large Language
Models to investigate their performance, i.e., GPT-4 (OpenAl) and Gemini 2.5 Flash
(Google). These models were selected because of their strong reasoning capabilities and
support for multimodal inputs. These models are capable of analyzing textual content and
visual representations, making them suitable for evaluating UML-based software
engineering assignments. To ensure fairness, both models were evaluated using identical
assignment materials and grading rubrics. Furthermore, inference temperature was fixed
at zero to minimize stochastic variation and encourage deterministic outputs.

Input Preparation: To evaluate student assessments and generate personalised feedback,
each evaluation required three inputs, i.e., assessment question, instructor grading
rubrics, and student submission. The evaluation prompt was constructed by incorporating
relevant textual data from the three input files. Student submissions were provided in PDF
format containing both textual explanations and UML diagrams. Moreover, two different
approaches were used according to the capabilities of each model. GPT-4 received the
original PDF submission directly through the OpenAl APl. Whereas PDF pages were
rendered as images and supplied to Gemini 2.5 Flash. This approach preserved the visual
information contained within UML diagrams and architectural representations while
enabling multimodal reasoning.

Assessment Evaluation and Feedback Generation: To evaluate assessments and
generate personalised feedback, the assessment question, instructor grading rubrics, and
student submission are processed with both Gemini 2.5 Flash and GPT-4 using an
optimised prompt developed in Section 3.2. The details of the assessment, evaluation, and
feedback generation are elaborated in Section 4.

3.4 Evaluation and Validation

In this section of the proposed approach, the LLM-based assessment and feedback
generation is evaluated, validated and analysed.

Evaluation: Instructor-assigned grades served as the reference benchmark for evaluating
the performance of the proposed framework.

The grading performance of each model was assessed using Mean Absolute Error (MAE),
Pearson correlation coefficient (r), and Spearman rank correlation coefficient (p). MAE
measures the average deviation between LLM-generated scores and instructor-assigned
scores, while Pearson and Spearman correlations evaluate linear agreement and ranking



consistency, respectively.
The Mean Absolute Error (MAE) was calculated as:

n
1
MAE=—Z — 9,
n.llyl il
=

where y; represents the instructor-assigned score and y; represents the score generated
by the LLM.

Student Perception Survey (Validation): To investigate student perceptions of Al-
generated feedback, a questionnaire-based survey was conducted after completion of the
assessment process. The questionnaire was adapted from the Intrinsic Motivation
Inventory (IMI) (McAuley et al. 1989) and extended with additional items related to Al-
generated feedback quality, trust, and LLM preference. Students reviewed the feedback
generated by GPT-4 and Gemini 2.5 Flash and subsequently completed a questionnaire
using a seven-point Likert scale ranging from Not at all true (1) to Very true (7).

The questionnaire evaluated several dimensions, including feedback clarity, usefulness,
personalization, trustworthiness, motivation, learning support, and overall satisfaction.
Students were also asked to indicate their preferred LLM and identify the LLM generated
feedback closely to that of the instructor.

Data Analysis: The data was analyzed statistically to gauge the effectiveness of the LLMs
generated feedback. The scores from GPT-4 and Gemini 2.5 Flash were compared against
the instructor’s grades using error rates (MAE) and correlation tests. For the survey data,
frequencies, percentages, mean scores, and standard deviations were calculated for each
questionnaire item.

The combined analysis enabled a comprehensive overview of both - the effectiveness of
LLM-based grading and the Al-generated feedback in software engineering education.

4 Results and Discussion

This section presents the LLM-based assessment evaluation and feedback generation
process and results of the proposed framework. The analysis is divided into two parts. First,
the grading performance of GPT-4 and Gemini 2.5 Flash is compared with instructor-
assigned marks using error-based and correlation-based metrics. Second, student
perceptions of Al-generated feedback are analyzed using questionnaire responses.

4.1 Systematic Evaluation of Student Assessments and Personalised
Feedback Generation

In this subsection, we elaborate on the preprocessing, assessment evaluation, and
personalised feedback generation process using Gemini 2.5 Flash and ChatGPT-4.



Shared Pre-Processing Pipeline: Prior to model-specific evaluation, all assessment
submissions underwent a common preprocessing stage, applied identically across
downstream models. For each submission, the corresponding assignment question,
grading rubric, and student submission file were retrieved from cloud storage. Textual
content was then extracted from the assignment question document, and the grading
rubric was parsed into a structured format to enable consistent injection into the
evaluation prompt across both models. This shared pre-processing step ensured that both
GPT-4 and Gemini 2.5 Flash received identically sourced and identically structured
question and rubric content, with any divergence between the two evaluation pipelines
confined strictly to model-specific input handling and inference, as described in the
following subsections. Following evaluation, results from both pipelines were persisted
through a common results-handling stage, in which the aggregated score, structured
feedback, and run-level metadata were stored against the corresponding submission
record, and downstream notifications were triggered to inform students that feedback was
available. The overall assessment evaluation and feedback generation process is shown in
Figure 2.

Gemini 2.5 Flash Pipeline: For Gemini 2.5 Flash, non-blank pages of each student
submission were rendered as images at 150 DPI resolution and converted into PIL Image
objects. Each rendered page was subsequently encoded using Pillow and base64
encoding, producing image data in the format data:image/png;base64, for direct inclusion
in the model input. The three independent evaluation runs were executed in parallel using
a LangGraph StateGraph, comprising three parallel nodes. Each run issued a single call via
the langchain-google-genai library, constructing a prompt input containing the evaluation
prompt alongside the encoded page images. Model inference was configured with
temperature = 0.0, top, = 1,andtop, =0 to minimise stochastic variation and
encourage deterministic scoring. Following the three parallel runs, results were aggregated
by computing the per-criterion mean score and selecting the feedback corresponding to
the median-scoring run.

GPT-4 Pipeline: For GPT-4, student submissions were uploaded directly as PDFs via the
OpenAl Files API, with a deduplication mechanism to prevent duplicate submissions
across concurrent evaluation runs. The three evaluation runs were executed concurrently
using a thread-based execution pool, each independently invoking the evaluation call.
Each call used the OpenAl API with the GPT-4 model, temperature = 0, and a fixed seed to
ensure deterministic outputs. Aggregation of results was performed by computing the per-
criterion mean score and selecting feedback from the middle-scoring run.
Although the underlying evaluation approach, as shown in Figure 2, included three
independent runs per submission, per-criterion score averaging, and median-based
feedback selection, was identical across both pipelines, the two models were integrated
using different orchestration mechanisms: a thread-based concurrency model for GPT-4,
and a graph-based orchestration framework (LangGraph) for Gemini 2.5 Flash. Both
approaches achieve the same underlying goal of executing three evaluation runs
concurrently and independently, and the consistency of results across two structurally



different implementations suggests that the proposed multi-run evaluation methodology is
not dependent on a particular orchestration framework or software architecture. This is a
practically relevant consideration for the educational context of this study, as it indicates
that the proposed assessment framework can be flexibly integrated to meet the
requirements of different institutional systems, such as varying Learning Management
Systems (LMSs) or provider-specific APIs, rather than being tied to a single technical
implementation.

Multi-Run Evaluation Strategy: Despite deterministic generation settings, LLM outputs
may exhibit minor variations across repeated evaluations. To improve reliability and
reduce the influence of anomalous responses, a multi-run evaluation strategy was
adopted. The choice of three independent evaluation runs was informed by prior work
highlighting the importance of repeated-trial testing when using LLMs for educational
assessment. The authors used ChatGPT-4 to recall the same 54 student responses across
ten separate iterations to test recall precision and identify hallucinations before evaluation,
finding that repeated trials were necessary to surface inconsistencies that a single pass
would not reveal (Jauhiainen and Garagorry Guerra 2025). While that study used 10
iterations specifically to test recall accuracy prior to evaluation, the proposed approach
used a similar approach of repeated trials directly in the scoring process, with 3
independent evaluation runs per submission to reduce the influence of anomalous or
hallucinated outputs on the final grade. A higher number of runs, such as ten, was not
adopted due to the substantially increased computational cost and API expenditure
associated with multi-modal evaluation of image-based UML submissions across two
models; three runs were selected as a practical compromise that still allows outlier
detection and averaging, given the budgetary constraints and scale of the dataset (54
submissions evaluated across two models).
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Each submission was evaluated three times independently using identical inputs and
prompt instructions. Let S, S,, and S; denote the scores generated by the three evaluation
runs. The final score was computed as:

S1+ 85, + 853
final = T

The arithmetic mean was selected to reduce the influence of outlier scores and improve
grading stability. Although the models were configured with deterministic-oriented settings,
large language models remain fundamentally non-deterministic in practice. Minor
variations in internal computation, floating-point operations, and model-serving



infrastructure can still produce different outputs across repeated calls with identical
inputs, even in nominally deterministic settings. This non-determinism means that a single
evaluation run cannot be assumed to reliably represent the model’s "true" judgment of a
submission, and is also the underlying reason a multi-run strategy was necessary in the
first place, since any individual run may occasionally diverge from the others due to this
inherent variability rather than a genuine difference in the submission being evaluated.

This variability has direct consequences for feedback quality. Across three independent
evaluation runs of the same submission, occasional divergence was observed in the
consistency with which the model identified specific rubric-relevant elements. For
example, in one run the model might correctly identify that a Use Case diagram omitted a
required <<include>> relationship and penalise accordingly, while in another run of the
same submission it might overlook this same omission entirely, resulting in an inflated
score accompanied by generic, overly generous feedback that failed to flag the missing
element to the student. Conversely, a run might misinterpret an ambiguous or
unconventional but technically valid notation choice as an error, resulting in an unusually
harsh assessment and feedback that incorrectly instructed the student to revise a
component that was, in fact, acceptable. Selecting the highest-scoring run risks
propagating the first type of anomaly, providing the student with falsely reassuring
feedback that omits genuine weaknesses in their submission. Selecting the lowest-scoring
run risks propagating the second type of error, delivering unnecessarily discouraging or
misleading feedback based on a misjudged criterion. The median run was therefore
considered the most representative and stable choice: because it corresponds to the
middle score across the three runs, it is by definition not the product of the single most
lenient or single most severe interpretation of the submission and is more likely to reflect a
typical, balanced evaluation outcome, filtering out the influence of any one run’s extreme
or hallucinated judgment without requiring manual review of every submission. The
personalised feedback generated by the proposed approach is shown in Figures 8, 9, 10,
11,12, and 13, in the appendices section [appendix:personalisedfeedback].

4.2 Descriptive Analysis of Assessments Grading Scores

The instructor-assigned scores were used as the reference for evaluating the performance
of both LLMs. The assighment was graded out of 50 marks. As shown in Table 1, the
instructor scores ranged from 19 to 49, with a mean score of 42.09 and a standard
deviation of 5.37. In comparison, Gemini 2.5 Flash produced scores ranging from 32.5 to
47.5, with a mean of 39.39 and a standard deviation of 3.16, while GPT-4 produced scores
ranging from 36.0 to 49.0, with a mean of 43.11 and a standard deviation of 3.84.

These results indicate that both LLMs generated scores within a narrower range than the
instructor, suggesting a tendency toward score compression, in which very low and very
high performing submissions were not separated as strongly as in human grading. Gemini
2.5 Flash generally assigned lower scores than the instructor, while GPT-4 assigned slightly
higher scores, as illustrated in Figure 3.



Descriptive statistics of instructor and LLM-generated scores

Evaluator Mean SD Minimum Maximum
Instructor 42.09 5.37 19.00 49.00
Gemini 2.5 Flash 39.39 3.16 32.50 47.50
GPT-4 43.11 3.84 36.00 49.00

Distribution of Instructor and LLM-Generated Scores
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Distribution of instructor and LLM-generated scores.

4.3 Agreement Between LLM and Instructor Grading

Table 2 presents the main grading performance metrics for both LLMs. Mean Absolute
Error (MAE) was used to measure the average grading deviation from instructor scores.
Root Mean Square Error (RMSE) was also reported because it penalizes larger grading
deviations more heavily. Pearson correlation coefficient measured linear agreement, while
Spearman correlation coefficient measured rank-based agreement.

Comparison of LLM-generated scores with instructor scores

Metric Gemini 2.5 Flash GPT-4
Mean Absolute Error (MAE) 4.98 5.02
RMSE 6.61 6.49
Mean Error -2.70 1.02
Median Absolute Error 4.25 4.00
Pearson Correlation () 0.05 0.04
Spearman Correlation (p) 0.12 0.08

The MAE values show that both models differed from instructor scores by approximately
five(5) marks on average, which corresponds to about 10% of the total assignment marks.
Gemini 2.5 Flash achieved a slightly lower MAE than GPT-4, indicating a marginally smaller



average grading deviation. However, GPT-4 achieved a slightly lower RMSE, suggesting that
its overall squared error was marginally lower, as shown in Figure 4.

Error Metrics Relative to Instructor Scores

BN Gemini 2.5 Flash
. GPT-4

RMSE Absolute Mean Error

Comparison of error metrics for Gemini 2.5 Flash and GPT-4 relative to instructor scores.

The mean error reveals different scoring tendencies. Gemini 2.5 Flash had a mean error of -
2.70, indicating that it generally under-scored submissions relative to the instructor. In
contrast, GPT-4 had a mean error of 1.02, indicating a slight tendency toward over-scoring.
This difference is important because systematic under-scoring or over-scoring can affect
student grades if LLM-based assessment is used without instructor moderation. Although
the MAE values indicate that both models provided reasonable approximate scores, the
Pearson and Spearman correlations were low. This suggests that neither model strongly
preserved the instructor’s score distribution or student ranking. As shown in Figure 5, the
LLM-generated scores do not closely follow the diagonal agreement line, indicating weak
score-level alignment with instructor grading. This pattern can be explained partly by score
compression. The instructor assigned a wider range of scores, including very low scores for
weak submissions, whereas both LLMs tended to assign scores within a compressed
range. Several low-scoring submissions were therefore assigned comparatively higher
marks by the LLMs, suggesting difficulty in identifying incomplete or weak UML artifacts.
Such submissions may appear visually structured but fail to satisfy deeper rubric criteria
such as scenario alignment, correct include/extend relationships, meaningful class
associations, and appropriate architectural dependencies. Therefore, while LLMs can
support approximate rubric-based grading and formative feedback, the observed score
compression and weak correlation suggest that final grading should remain under
instructor supervision, and that LLM-based assessment can serve as an alternative
resource to help instructors better understand the assessment and expedite the process
for a large cohort.



Scatter Plots Comparing Instructor and LLM Scores
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4.4 Error Tolerance Analysis

To further examine grading agreement, the number of submissions falling within different
error thresholds was calculated. Table 3 shows the percentage of submissions for which
each LLM’s score was within +1, +2, and +5 marks of the instructor score.

Percentage of submissions within selected error thresholds

Error Threshold Gemini 2.5 Flash GPT-4

Within +1 mark  18.52% 11.11%
Within +£2 marks 33.33% 20.37%
Within £5 marks 59.26% 64.81%

Gemini 2.5 Flash performed better at stricter thresholds, with 18.52% of submissions
falling within one mark and 33.33% falling within two marks of instructor scores. GPT-4
performed better at the broader +5 threshold, with 64.81% of submissions falling within
five marks of the instructor score. Overall, Gemini 2.5 Flash was closer to the instructor in
29 out of 54 submissions, while GPT-4 was closer in 21 submissions. Both models
produced equal absolute error in four cases. These findings indicate that neither model
consistently dominated the other across all evaluation criteria. Gemini 2.5 Flash was
slightly better for close agreement, while GPT-4 showed slightly better performance under
a broader tolerance margin. Therefore, the results suggest that model selection should
depend on whether the assessment goal prioritizes strict score matching or general
feedback-oriented evaluation.



4.5 Paired-Samples Statistical Comparison

To determine whether the differences between instructor-assigned grades and LLM-
generated grades were statistically significant, paired-samples t-tests were conducted. A
paired test was appropriate because each student submission was evaluated by all three
evaluators: the instructor, GPT-4, and Gemini 2.5 Flash. Thus, the analysis compared
dependent score pairs across the same 54 submissions, as summarized in Table 4.

Paired-samples t-test comparison of instructor and LLM scores

Comparison Mean Diff. 95% ClI t p Cohen’s d,
Instructorvs. Gemini 2.5 2.70 [1.04, 4.37] 3.26 0.002 0.44
Instructor vs. GPT-4 -1.02 [-2.79,0.75] -1.16 0.253 -0.16
Gemini 2.5vs. GPT-4 -3.72 [-4.79,-2.65] -6.98 < 0.001 -0.95

The mean differences and their 95% confidence intervals are visualized in Figure 6. The
tests revealed distinct grading behaviors between the two models:

e Gemini 2.5 Flash tended to under-score: The instructor gave significantly higher
scores than Gemini 2.5 Flash (t(53) = 3.26,p = 0.002, Mean Diff. = 2.70). The
effect size (d, = 0.44) indicates a moderate under-scoring tendency.

e GPT-4 aligned well on average: The difference between the instructor and GPT-4
was not statistically significant (t(53) = —1.16, p = 0.253). Although GPT-4 scored
slightly higher on average (Mean Diff. = -1.02), the small effect size (d, = —0.16)
suggests limited mean-level bias.

e The two LLMs differed significantly from each other: GPT-4 assigned significantly
higher scores than Gemini 2.5 Flash (t(53) = —6.98, p < 0.001, Mean Diff. = -3.72).
The large effect size (d, = —0.95) indicates a clear difference in their scoring
behavior.

These results show that GPT-4 was closer to the instructor in terms of average score level,
while Gemini 2.5 Flash followed a more conservative scoring pattern. However, the low
Pearson and Spearman correlations reported earlier indicate that similarity in average
scores does not necessarily mean the models ranked students the same way as the
instructor. Therefore, paired t-tests should be interpreted together with MAE, RMSE, and
correlation metrics. Overall, the paired t-test results support the use of LLMs as assistive
tools for preliminary grading and formative feedback. However, because neither model
reliably preserved instructor-based student rankings, final summative grading should
remain under instructor supervision.
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4.6 Student Perceptions of Al-Generated Feedback

A total of 48 students responded to the perception questionnaire. The questionnaire used
a seven-point Likert scale, where 1 represented ‘Not at all true” and 7 represented ‘Very
true”. The items were grouped into five constructs: engagement, confidence and learning
support, feedback quality, negative perception, and motivation and trust.

Student perception of Al-generated feedback

Construct Mean SD

Engagement and Interest 3.79 1.26
Confidence and Learning Support 4.20 1.31
Feedback Quality and Usefulness 453 1.35
Negative Perception (Reverse Coded) 5.18 1.37
Motivation and Trust 3.76 1.24

The highest mean score was observed for feedback quality and usefulness (M =4.53, SD =
1.35), indicating that students generally found the Al-generated feedback helpful and
actionable. Confidence and learning support also received a positive mean score (M =4.20,
SD = 1.31), suggesting that students perceived the feedback as useful for understanding
mistakes and improving future work.

The negative perception construct had a relatively high mean score (M = 5.18, SD = 1.37),
indicating that students generally did not feel highly anxious or overwhelmed by receiving
LLM-generated feedback. This is an encouraging finding because it suggests that students
were not strongly resistant to Al-supported assessment. However, motivation and trust
received a mean score close to the midpoint (M = 3.76, SD = 1.24), indicating that while



students found Al feedback useful, their trust in LLM-generated feedback was not
equivalent to full confidence in instructor feedback.

4.7 Comparison of Student Preference Between LLMs

Students were also asked to compare the feedback generated by the two LLMs. Table 6
presents the comparative responses.

Student preference between LLM-generated feedback

Question GPT-4 Gemini2.5Flash
Closer to instructor feedback 85.42% 14.58%
More personalized and constructive 68.75% 31.25%

Preferred for future feedback generation 72.92% 27.08%

The results show a clear student preference for GPT-4 feedback. A large majority of
students perceived GPT-4 feedback as closer to instructor feedback, more personalized
and constructive, and more suitable for future feedback generation. This is particularly
interesting because the grading metrics did not show a strong quantitative advantage for
GPT-4 over Gemini 2.5 Flash. In fact, Gemini 2.5 Flash achieved a slightly lower MAE, while
GPT-4 achieved a slightly lower RMSE and higher within-+5 agreement.

This contrast suggests that numerical grading accuracy and perceived feedback quality are
not necessarily equivalent. Students may value clarity, tone, specificity, and constructive
guidance more than exact score alignment. GPT-4 may have produced feedback that
students found more understandable, personalized, or similar to human instructor
comments, even when its numerical scores were not substantially closer to instructor
marks.

5 Software Tools and Technology

To investigate the feasibility, reliability, and consistency of the proposed LLM-based
assessment, evaluation, and feedback generation, we developed a web-based learning
management system (LMS) using the Django web framework. The proposed system is
capable of reproducing the full conditions under which such grading would actually
operate: course structures, evaluation rubrics, concurrent student submissions, and
operational failure modes such as timeouts, APl quota exhaustion, and worker crashes
that any deployed grading system must withstand.

The platform spans four interrelated modules (accounts, courses, assignments,
notifications), coordinates two independently orchestrated Al grading backends behind a
single provider-agnostic interface, and implements a three-tier architecture: a
synchronous web layer, asynchronous task-processing layer, and Al evaluation layer, as
shown in Figure [fig:systemarchitecture]. Individual design decisions throughout the
system, such as deferring task dispatch until after database commit, using Redis-backed



atomic operations to coordinate API rate limits across multiple concurrent workers, and
running an autonomous recovery task to detect and resolve stuck submissions, were
necessitated by problems that only emerge once Al evaluation is deployed at a realistic
scale with real concurrency and real third-party APl constraints.

Django was selected as the foundation for this platform because its object-relational
mapper, authentication scaffolding, and administrative tooling allowed the substantial
engineering effort required elsewhere in the system. The dual grading pipelines, the
ensemble methodology, the asynchronous task infrastructure, and the reliability
mechanisms surrounding it could be built without having to construct these more routine
subsystems from first principles. This allowed the development effort to be concentrated
where it mattered most for the research: the design, orchestration, and comparative
evaluation of the Al grading pipelines themselves. The remainder of this section describes
the specific tools and technologies used to develop the system, organised by architectural
role, followed by a detailed account of the Al evaluation layer, which constitutes the core
research contribution.
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Programming Language and Web Framework: The system is developed in Python,
chosen for its mature ecosystem of web development, data-processing and machine-



learning library support, including Django, Celery, pdfplumber, PyMuPDF, LangGraph,
Google’s Gemini and OpenAl’s GPT-4 APls. A single language across the web layer, task-
processing layer and Al evaluation layer avoids the integration overhead of a polyglot stack,
allowing business objects such as rubric structures and submission metadata to be
shared directly between Django views, Celery tasks and grading modules. Moreover,
Django is used as the core web framework, providing Uniform Resource Locator routing, an
object-relational mapper, session-based authentication, an administrative interface and a
server-side templating engine. Django was selected over lighter-weight microframeworks
because the system is create-read-update-delete (CRUD) intensive across five interrelated
modules: accounts, courses, assignments, notifications and platform analytics, and
Django’s built-in object-relational mapper, admin panel and authentication scaffolding
substantially reduce the boilerplate required to implement these domains relative to
assembling equivalent functionality from smaller libraries.

Database Technologies: PostgreSQL-14 is used as the production relational database,
storing users, courses, assignments, submissions, rubrics, notifications, and activity logs.
PostgreSQL was selected because it provides native JavaScript Object Notation (JSON)
field support for storing rubric structures and per-submission processing metadata, and
because it tolerates the concurrent write load generated by multiple Celery workers writing
grading results simultaneously. Also, it is the standard managed database offering on the
Platform-as-a-Service targets used for deployment.

Asynchronous Task Processing: Celery is used as a distributed task queue to execute Al
grading outside the Hypertext Transfer Protocol request-response cycle. Celery was
selected because a single automated assessment comprising three parallel grading
passes can take several seconds to minutes to complete, which would exceed the
synchronous web server’s timeout window. Celery decouples submission acceptance
from evaluation, and provides built-in retry semantics, configurable timeouts and
horizontal scaling of worker processes. Task dispatch is deferred until after the associated
database transaction commits, preventing a worker from acting on a submission record
before it is guaranteed to exist. Reliability under failure conditions is further reinforced
through late task acknowledgement, automatic requeuing on worker failure, and a
constrained task-prefetch policy that prevents uneven workload distribution across
workers. Celery Beat, Celery’s periodic task scheduler, runs an autonomous recovery task
every 5 minutes that detects and resolves submissions stuck in an intermediate
processing state, allowing the system to recover from failures without manual intervention.
Moreover, Redis is used as the Celery message broker and result backend, queuing
submission-evaluation tasks and storing their results for status tracking, and additionally
as a distributed state store for Gemini API key rotation across worker processes. Redis was
selected for this role because it is lightweight, fast, and well-supported by Celery’s broker
and result-backend interfaces. Also, its atomic operations allow multiple concurrently
running Celery workers to share a single, consistent view of AP| key usage, cooldown
periods, and quota state.



Deployment and Development Environment: The application is served in production by
Gunicorn, a Web Server Gateway Interface server suited to concurrent request handling,
with static assets delivered through WhiteNoise to avoid the need for a separate content
delivery network on Platform-as-a-Service hosting. Docker and Docker Compose are used
to containerise the application and its PostgreSQL and Redis dependencies for local
development, ensuring that the development environment mirrors the production service
topology and remains reproducible across machines.

Authentication and Email Delivery: django-allauth is used to implement email-based
registration, mandatory email verification and password reset, replacing Django’s default
username-based authentication with an email-only login flow. django-allauth was selected
because it implements verification-token generation, expiry and security best practices
out of the box, which would otherwise require a non-trivial custom implementation. Also,
django-celery-email is used to route all outgoing email, including verification, password
reset, and course invitation messages, through the Celery task queue rather than sending
them synchronously within the request-response cycle. This was adopted because Simple
Mail Transfer Protocol delivery can be slow or intermittently unavailable, and routing email
through Celery prevents such delays from blocking user-facing signup or invitation
requests.

File Storage and Document Processing: Cloudinary, accessed through django-
cloudinary-storage, is used as the durable storage location for all uploaded files, including
question papers, rubrics and student submissions. Cloudinary was selected because the
application’s deployment targets provide only an ephemeral filesystem that does not
persist uploaded files across request cycles or worker restarts, whereas Cloudinary
provides durable, uniform resource locator-addressable storage that both the Django
application and independent Celery worker processes can access without sharing a local
disk. Document text and image parsing is performed using pdfplumber for text-layer
extraction from PDF pages and PyMuPDF for page rendering; both libraries are applied to
question papers, rubrics and student submissions. Pillow is used for image validation,
encoding and page-rendering output in support of the multimodal grading pipeline. These
libraries were selected jointly because student submissions are predominantly PDF
documents that may contain embedded diagrams.

LLM Evaluation Technologies: The LLM evaluation layer constitutes the primary research
contribution of the proposed approach and is deliberately provider-agnostic, switchable
between two independently orchestrated backends via a single environment variable,
enabling direct comparison of grading approaches within a shared experimental
infrastructure without modification to the surrounding application code. LangGraph is
used to orchestrate the Gemini evaluation pipeline as a directed state graph, in which a
shared preparation step fans out into three parallel grading nodes and fans back into a
single score-aggregation node. LangChain-Google-GenAl and langchain-core are used as
the client library and message-construction layer for Gemini, providing a standardized
interface for constructing multimodal messages that combine text prompts with base64-
encoded page images. Google Gemini 2.5 Flash is invoked once per parallel run with



deterministic generation settings of temperature 0.0, top_k 1 and top_p 0. The OpenAl
Python GPT-4 model is used as another evaluation backend. The OpenAl Files APl is used
to upload the submission PDF directly and obtain a file identifier that is referenced in a
subsequent chat-completion call, avoiding the need to render the document to images. A
ThreadPoolExecutor configured with three worker threads is used to execute the three
parallel grading calls in this backend. A SHA-256 hash is computed for each uploaded file’s
contents so that the same file is not uploaded three times across the three parallel threads,
with a lock guarding this upload cache against race conditions. Both pipelines apply an
identical ensemble grading methodology: three independent evaluation runs are generated
per submission, per-criterion scores are averaged and rounded to the nearest 0.5 marks,
and narrative feedback is selected from the run judged most representative of the group, a
design intended to reduce the variance inherent in single-run LLM-based assessment.

Front-End Technologies: The user interface is rendered server-side using Django’s built-in
templating engine rather than a separate single-page-application framework, which was
adopted to keep authentication reliant on standard session cookies and to avoid the
additional build pipeline and deployment complexity of a decoupled frontend for what is
primarily a forms- and dashboard-driven academic platform. Tailwind CSS is used as the
utility-first styling framework for all dashboards and forms, compiled from source during
the Docker build using Node.js 20. Tailwind was selected for its speed, allowing a
consistent design system to be applied across a large number of templates without
maintaining a parallel stylesheet of custom class names. Moreover, the Python-Markdown
library is used to convert LLM-generated grading feedback, which is produced in
markdown format, into Hypertext Markup Language for display to students and teachers,
with additional handling to escape angle brackets originating from UML stereotype
notation so that they are not misinterpreted as Hypertext Markup Language tags. This was
necessary because the grading models return structured Markdown rather than plain text,
and server-side rendering avoids introducing a client-side Markdown parsing dependency.

Environment Configuration and Supporting Utilities: django-environ is used for type-
safe parsing of environment variables in the Django settings module, and dj-database-url
is used to parse a single DATABASE_URL connection string into Django’s structured
database configuration. These libraries were adopted so that the identical codebase can
be deployed to local Docker Compose, Heroku targets purely by changing environment
variables, without any code-level branching between environments. The requests library is
used throughout the Celery evaluation task to download question papers, rubrics and
submissions from their Cloudinary uniform resource locators prior to processing.

6 Discussion

With respect to RQ1, the results indicate that both GPT-4 and Gemini 2.5 Flash can
approximate instructor grading to some extent, with average deviations of approximately
five marks out of 50. However, the low correlation values suggest that the models did not



strongly preserve the instructor’s ranking of students. Therefore, LLMs should be viewed as
supportive grading tools rather than replacements for instructor judgment.

For RQ2, the comparison does not identify a single clearly superior model across all
metrics. Gemini 2.5 Flash achieved slightly lower MAE and stricter threshold agreement,
whereas GPT-4 achieved slightly lower RMSE and was preferred by students for feedback
quality. This suggests that Gemini 2.5 Flash may be more suitable when the priority is
score closeness, while GPT-4 may be more suitable when the priority is student-facing
feedback.

For RQ3, the questionnaire results show that students generally perceived Al-generated
feedback positively, particularly in terms of usefulness and learning support. The relatively
low negative perception scores suggest that students were not strongly uncomfortable
with LLM-generated feedback. However, moderate motivation and trust scores indicate
that students may still prefer human confirmation for final assessment decisions.

For RQ4, students clearly preferred GPT-4 feedback over Gemini 2.5 Flash feedback. This
preference suggests that feedback quality should be evaluated separately from grading
accuracy. An LLM may not always be the closest numerical grader but may still be
perceived as more helpful by students due to the clarity and constructiveness of its
comments.

Overall, the findings support the use of LLMs as assistive tools for rubric-based
assessment in software engineering education. The models were able to generate
structured scores and feedback for complex UML-based artifacts, including use case
diagrams, class diagrams, and three-tier architecture designs. Nevertheless, the observed
score compression and weak rank correlation highlight important limitations. Therefore,
LLM-generated grades should be reviewed by instructors before being used in summative
assessment. A hybrid assessment model in which LLMs provide preliminary grading and
formative feedback while instructors retain final authority appears to be the most
appropriate approach.

/7  Threats to Validity

Several threats to validity should be considered when interpreting the findings of this study.
First, the dataset consisted of 54 assignments from a single course and a single institution.
Although the assignments were authentic and represented a real classroom, the sample
size and single course may limit the generalizability to other software engineering courses.
Second, the instructor-assigned grades were used as the reference for evaluating the LLM-
generated score. While this reflects the actual grading, it relies on a single instructor’s
evaluation, which may be influenced by their grading style, expectations, or perception of
the rubric. Third, the student questionnaire was designed to compare feedback generated
by the LLMs and the instructor, rather than to evaluate grading accuracy. Although item C1
in the questionnaire asked students which LLM-generated feedback was closer to the
instructor, the survey did not ask the students to compare numerical scores. This design



was intentional because exposing students to score comparisons could introduce bias;
students may prefer the model that awards higher marks rather than the one that provides
more valuable feedback. Therefore, the survey results should be interpreted as a
perception of feedback quality and usefulness.

8 Conclusion and Future Work

This study investigated the effectiveness of multimodal Large Language Models (LLMs) for
automated grading and feedback generation in software engineering education. GPT-4 and
Gemini 2.5 Flash were evaluated on authentic Software Engineering Concepts (SEC)
assignments containing UML-based artifacts, including use case diagrams, class diagrams,
and three-tier architecture designs. The models were assessed using instructor-defined
rubrics, and their generated scores were compared with instructor-assigned grades.
Student perceptions of Al-generated feedback were also examined through a
questionnaire-based survey.

The findings show that both LLMs can generate structured rubric-based evaluations and
meaningful feedback for software engineering design artifacts. However, both models
differed from instructor grading by approximately five marks on average out of 50. Gemini
2.5 Flash achieved a slightly lower Mean Absolute Error, whereas GPT-4 showed no
statistically significant mean-level difference from instructor scores and was more strongly
preferred by students in terms of feedback quality, personalization, and similarity to
instructor feedback. This indicates that numerical grading accuracy and perceived
feedback usefulness should be evaluated separately.

The results also revealed important limitations. Both models compressed scores into a
narrower range than the instructor and showed weak rank correlation with instructor
grading, indicating difficulty in preserving student performance rankings. These findings
suggest that although LLMs can support rubric-based assessment, they should not be
used as fully autonomous graders in high-stakes contexts. Instead, a hybrid assessment
model is more appropriate, where LLMs provide preliminary grading and formative
feedback while instructors retain final authority.

Future work should evaluate the framework using larger datasets collected from multiple
courses, institutions, and instructors. Involving multiple human evaluators would also
enable inter-rater reliability analysis and provide a stronger benchmark for assessing LLM
performance. Further research should examine criterion-level agreement to identify which
rubric components, such as UML notation, class associations, or architectural
dependencies, are most difficult for LLMs to assess. In addition, prompt calibration,
retrieval-augmented prompting, and analysis of how students revise their work after
receiving Al-generated feedback may further improve the reliability and educational value
of LLM-based assessment.
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9 Student Perception Questionnaire

Students evaluated the Al-generated feedback using a seven-point Likert scale where 1 =
Not at all True and 7 =Very True.

Student Perception Questionnaire

ID Question

Q1 Receiving feedback from an LLM is more interesting than traditional grading
methods.

Q2 The immediacy of LLM-generated feedback made the assessments feel more
engaging.

Q3 | would prefer LLM-generated feedback over traditional methods for future
assessments.

Q4 The feedback from LLMs increased my curiosity about the topic.

Q5 The LLM-generated feedback helped me feel more confident in improving my
learning abilities.

Q6 | understood my mistakes better because of the detailed personalized LLM-
generated feedback.

Q7 The LLM-generated feedback made me feel capable of mastering the subject.

2 https://doi.org/10.5281/zenodo.21514637
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ID Question

Q8 The LLM-generated feedback felt highly relevant to my learning goals.

Q9 | found the LLM-generated feedback more actionable than traditional assessment
feedback.

Q10 The detailed suggestions from LLMs are helpful for future assessments.
Q11 Ifelt anxious receiving feedback from an LLM instead of an instructor. (R)

Q12 The LLM-generated feedback overwhelmed me with too much irrelevant information.
(R)

Q13 | would put more effort into my work knowing | would receive LLM-generated
feedback in future.

Q14 The LLM-generated feedback motivated me to revise my assessments immediately.

Q15 Itrust LLM-generated feedback as much as | trust human instructor feedback.

Comparative Evaluation Questions

ID Question

C1 Which LLM-generated feedback is closer to the instructor’s feedback?
C2 Which LLM-generated feedback is more personalized and constructive?
C3 Which LLM-generated feedback would you prefer for future feedback generation?

10 LLM-based Personalised Feedback using web-based
application

Below are the screenshots for detailed personalised feedback generated using the
proposed approach, showing strengths, areas for improvement, and future
recommendations in the assessment, as shown in Figure 8, 9, and 10. Also, the system
shows detailed personalised feedback for each UML diagram, including use case, class
and architecture diagrams using predefined rubrics, as shown in Figures 11, 12, and 13.



= AlEvaluator ° Evaluation Complete

@ A-powered Assessment Your assignment has been evaluated by our Al system

>

System
NAVIGATION
@ Strengths
= Dashboard What you did well
B Courses
v The use case diagram correctly identifies the primary actors and a comprehensive set of use cases for
the system.
v The class diagram successfully identifies all necessary domain classes and their attributes, including the
# ACTIVE COURSES 4 use of specific collection classes. >
SEGAGRT v The 3-tier architecture clearly delineates the layers and uses standard UML component notation
L) -
effectively.
SEC_Gem
0}
Shahzaib Ha... .
»
@ ¥ Student &C @ -

Fig. 8: Personalised Feedback Generated by LLM: Showing strengths of the student
assessment

= Al Evaluator . ° Evaluation Complete °‘D

:5 Al-POWETSd ASSesSant Your assignment has been evaluated by our Al system

System

NAVIGATION
A Areas For Improvement

|= Dashboard Where you can improve

& Courses

A The use case diagram contains logical errors in the application of <<include>> and <<extend>>

relationships, which need to be re-evaluated based on their semantic meaning.

A\ The class diagram is missing multiplicities on all associations, which is a fundamental aspect of defining
relationships in UML. >
A\ The 3-tier architecture misplaces data structures ( parceinist , customerguens ) @s components in the

# ACTIVE COURSES <

® SEC_GPT ; X ) . )
Data Access Layer instead of abstracting them behind repository-like components.

SEC G A Critical dependencies for file handling and inter-service communication are missing in the 3-tier
>_Gem
architecture.

O
Shahzaib Ha...
@ = Student & o -

v

Fig.9: Personalised Feedback Generated by LLM: Showing area of improvements in the
student assessment
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° Evaluation Complete

= Al Evaluator ;
& Your assignment has been evaluated by our Al system

@ v % Al-Powered Assessment

System
NAVIGATION
@ Recommendations
[E Dashboard Suggestions for next steps
B Courses
» Review the definitions and appropriate usage of <<include>> and <<extena>> relationships in use case
diagrams to ensure logical consistency.
» Pay close attention to specifying multiplicities on all associations in class diagrams to accurately
#IEACTIVECONRSES ( represent the relationships between objects. >
o SEC.GPT » For the 3-tier architecture, consider abstracting data storage mechanisms (like parceirist and

customergueue ) behind dedicated Data Access Layer components (e.g., parcelrepository ,

customerrepository ) that handle persistence.
emi
» Ensure all necessary dependencies between components, especially for data loading/saving and inter-

service communication, are explicitly modeled in the architecture diagram.

Shahzaib Ha...
&
@ Zousent O C& -

Fig. 10: Personalised Feedback Generated by LLM: Recommending further improvements
in the student assessment

Al Evaluator

G n-Powored Assossmont. < @ Scoring Breakdown e
System
NAVIG CRITERION: Use Case Model
= Dashboard « Scenario match: ON-TOPIC — The diagram clearly represents the core functions and actors described in the scenario for a parcel management
system.
B Courses + What was expected (from rubric):

- Standard notation including system boundary, actors, and use cases.
- Elements suitably derived from the scenario.
- Use of <<extends>> & <<include>> relationships with logical associations.

VE COUR
« What was found (in student work):
e SEC_GPT V System boundary is present and correctly labeled "Depot Parcel Management System".
v Actors "Depot Staff" and "Customer" are correctly identified and depicted.
v Key use cases like "Add New Parcel”, "Generate Report", "Collect Parcel”, "Find Parcel By ID", "Join Collection Queue", "Sort Parcels", "Update
Parcel Status”, "Calculate Collection Fee", and "Record Parcel" are present.
A The Generate Report Use case includes Record Parcel , Which is an illogical relationship as recording a parcel is a separate action from
generating a report.
AThe sort parcels use case extends rind rarcel By 10, which is an illogical relationship. Sorting is a distinct operation, not an optional
extension of finding a single item.

X A use case for “Initialise the list of parcels and the queue of customers by reading from text files” is not explicitly present.

« Evaluation:
- Strengths: The student has correctly identified the main actors and a comprehensive set of use cases directly from the scenario. The basic

notation for actors, use cases, and system boundary is correctly applied.

= There are significant logical errors in the ication of <<include>> and e relati i indicating a

misunderstanding of their semantic meaning. A key system initialization function is also missing as a distinct use case.
- Completeness: Most core functions are represented, but the initial system setup from files is not explicitly modeled.
- Quality: The diagram demonstrates a basic understanding of use case identification but struggles with the correct and logical application of o

@ Shahzaib Ha... [, ¢ s advanced relationships

X Student

Fig.11 :Personalised Feedback Generated by LLM: Detailed feedback to the student’s
assessment on use case diagram based on the pre-defined rubrics



advanced relationships. a

= Al Evaluator
9 Al-Powered Assessment <

System CRITERION: Class Diagram

+ Scenario match: ON-TOPIC — The classes and their relationships directly reflect the entities and data structures described in the parcel depot

scenario.

= Dashboard « What was expected (from rubric):
- Classes suggested in the brief or similar ones provided.
E c - Classes have expected details (attributes, methods) and suitable associations.
ourses
- Evidence of consideration of collections (e.g., list, map) to be used to store multiple objects.
« What was found (in student work):

v All essential classes from the scenario are present: Parcelpepotsystem , Parcellist , CustomerQueue , Report , Parcel , Customer ,and

E COURS

Dimension .
v Attributes for parcel , customer ,and Dimension are present and correctly typed.

® SEC_GPT
v Methods for parcel , ParcelDepotSystem , ParcelList , CustomerQueue ,and Report are mostly presentand typed.

— v Explicit classes rparcelrist and customergueue are used to manage collections of objects, and their internal attributes 1ist: parcei[] and
_Gemini
queue: customer[] indicate collection types.

X Multiplicities are missing on all associations (e.g., between ParcelDepotSystem and Parcellist , ParcellList and Parcel , Parcel and
Dimension , etc.).
X The addparcel() and removerarcel() methodsin parcelList are missing parameters, making them incomplete.

X The customer and Dimension classes lack methods (e.g., getters/setters or specific behaviors).

« Evaluation:

- Strengths: The student has done a good job identifying all necessary classes and their attributes, including appropriate data types. The explicit
modeling of collection classes ( parcelrist , CustcmerQueue ) is a strong point.

- Weaknesses: A significant weakness is the complete absence of multiplicities on all associations, which is crucial for defining relationships
between classes. Some methods are incomplete (missing parameters), and basic methods are missing from customer and Dimension classes.
- Completeness: The class structure is largely complete in terms of entities and their basic properties.

- Quality: While the core structure is sound, the lack of multiplicities and some method details indicates a lack of attention to the precision

required in a detailed structural design. o

Shahzaib Ha...
»
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Fig. 12: Personalised Feedback Generated by LLM: Detailed feedback to the student’s
assessment on class diagram based on the pre-defined rubrics

CRITFRION: 2-Tier Architactiira Madal g

= Al Evaluator CRITERION: 3-Tier Architecture Model

) Al-Powered Assessment <
System

« Scenario match: ON-TOPIC — The architecture attempts to structure the components of the Depot Parcel Management System into logical
layers.

« What was expected (from rubric):
- The three tiers are clearly delineated.

= Dashboard - The components in each of them are suitable to those respective tiers.
- Dependencies between components within and across tiers are indicated.

- A suitable, standard notation is used (e.g., component and package notation).
B Courses

+ What was found (in student work):
v The three layers (Presentation Layer, Business Logic Layer, Data Access Layer) are clearly delineated and labeled.

v Standard UML component notation is used for all components and dependencies.

VE COURSES N " " " - .
=3 v Components vz (Presentation), Reportservice , ParcelService , CustomersService (Business Logic) are suitably placed.

v Dependencies from the Presentation Layer to the Business Logic Layer are correctly indicated.

v Dependencies from the Business Logic Layer to the Data Access Layer are indicated.

A parcellist and custeomerQueue are placed as components directly in the Data Access Layer. These are typically data structures managed by
a Data Access Layer components (e.g., parcelrepository ), rather than being components themselves in this context. This represents a conceptual

misunderstanding of the Data Access Layer's role.

® SEC_GPT

X Dependencies from Business Logic Layer services to Filesandler are missing, implying that the services do not interact with the file system
for data loading/saving, which contradicts the scenario.

X Dependencies between services within the Business Logic Layer (e.g., ReportService potentially using 2arcelservice to gather data) are not
shown.

« Evaluation:

- Strengths: The student has correctly identified and separated the three architectural layers and used appropriate UML notation. The placement
of Ul and service components is logical.

- Weaknesses: There is a conceptual misunderstanding regarding the nature of components in the Data Access Layer, with data structures being
presented as components. Critical dependencies for file handling and inter-service communication within the business logic layer are missing.

- Completeness: The diagram shows the main layers and some key components but lacks completeness in representing all necessary interactions

and the correct abstraction for data access. (0}
Shahzaib Ha. - Quality: The diagram demonstrates a foundational understanding of 3-tier architecture but requires refinement in component abstraction and
X Student = O dependency modeling.

Fig.13: Personalised Feedback Generated by LLM: Detailed feedback to the student’s
assessment on use case diagram based on the pre-defined rubrics
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