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AUTOMATING THE PRE-SUBMISSION REVIEW
OF ACADEMIC REPORTS VIA THE INTEGRATION OF
FORMAL RULES AND LARGE LANGUAGE MODELS

Abstract. Providing high-quality feedback on structured academic reports
remains a significant challenge in higher education. Manual pre-submission review
of these documents is time-consuming, while existing automated tools are limited in
their ability to perform detailed structural and semantic analysis. Although Largg
Language Models (LLMs) offer advanced capabilities, their unconstrained use in
academic assessment is often compromised by systematic leniency bias and scoring
inconsistency.

To overcome these limitations, the Human-Aligned Rubric and Review Syste
(HARRS) was developed. It features a hybrid architecture that combines determi-
nistic rule-based logic with a constrained generative feedback layer.

The study involved analyzing the current limitations of Automated Writing
Evaluation (AWE), designing and implementing the architecture, and conductin
empirical validation.

The HARRS performance was evaluated against expert human judgment and
student utility metrics. The results demonstrated that the rule-based component
accurately detects structural and formatting compliance. The hybrid pipeline achieved
a high correlation (r = 0.98) with human expert ranking. Unlike unconstrained
Baseline LLMs, which showed significant scoring inflation, HARRS effectively
mitigates evaluative bias.

This study proves that anchoring generative Al within a rigid, human-defined
rubric can transform the model into a reliable augmented feedback engine. HARRS
ensures that disciplinary standards remain governed by faculty expertise, maintaining
a human-in-the-loop philosophy. The findings suggest that this hybrid approach
provides a trustworthy mechanism for enhancing the self-regulation of higher
education students.

Keywords: academic report, pre-submission review, unified rubric, semantic
feedback, hybrid architecture, rule-based layer, LLM semantic layer.
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ABTOMATMU3ALIA IIONNIEPEJHBOI'O AHAJII3Y
AKAJJEMIYHMX 3BITIB HLJIAXOM IHTEIPA LIII
®OPMAJIBHUX ITPABUJI TA BEJIMKUX MOBHUX MOJAEJIEN

AHoTtauisi. HamanHsS BUCOKOSIKICHOTO 3BOPOTHBOTO 3B’SI3KY IIOJI0 CTPYKTYPO-
BaHUX aKaJIEMIYHUX 3BITiB 3aJIUIIAETHCS 3HAYHUM BUKJIMKOM Y c(pepi BHIIOT OCBITH.
[Tonepeans nmepeBipka TaKWX TOKyMEHTIB BUMArae BEJIMKUX 3aTpaT yacy, a HasiBHI
aBTOMAaTU30BaH1 IHCTPYMEHTH MaIOTh 0OMEKEH1 MOKIIMBOCTI 3 BUKOHAHHS CTPYKT-
YPHOTO Ta CEMAaHTUYHOIO aHami3zy. Xoua Beduki MoBHI moxaem (BMM) 1 marwTh
PO3LIUPEH] MOXJIUBOCTI, iX HEKOHTPOJIHOBAHE BUKOPUCTAHHS IS aKaJIEMIYHOIO
OIL[IHIOBAHHS YaCTO YCKJIAJHAETbCS CHUCTEMATHUYHOIO YMEpPEIKEHICTI0O Ta HEMOCi-
JIOBHICTIO.

[I{o6 momonatu 11 oOMexxeHHs1, OyB po3pobieHuii 3actocyHok Human-Aligned
Rubric and Review System (HARRS). Bin mae riGpuany apXiTekTypy, sika MOETHYE
JIeTepMIHOBaHY JIOTIKYy Ha OCHOBI MPaBUJI Ta KOHTPOJIHOBAHUN T€HEPATUBHUH IIIap
3BOPOTHOTO 3B'SI3KY.

JlocmimKeHHsT BKIIFOYAJIO aHali3 TOTOYHUX OOMEXEHh aBTOMATH30BAHOTO
OLIIHIOBAHHS TEKCTIB, MPOEKTYBAHHS 1 peali3alliio TiOpuaHOT apXITEeKTYpH, Ta IPOBE-
neHHs emmnipuyHoi Bamigamii. E¢exkruBaicts HARRS orminroBanacs 3a pesynbsraramMu
CYJI’KEHHS €KCIIEPTIB Ta MOKA3HUKIB KOPUCHOCTI 17151 CTyAeHTIB. OTprUMaHi pe3yiib-
TaTH NPOAEMOHCTPYBaJM, L0 KOMIIOHEHT Ha OCHOBI MPaBWJI TOYHO BUSBIISE
BIJIMTOBITHICTD 3BITIB BUMOTaM JI0 CTPYKTypHu Ta hopmaTyBaHHs. ['10puaHuil KOHBEED
nocsr BUcokoi kopensiii (r = 0,98) 3 pedTHHrOM JIIOJIChKUX ekcriepTiB. Ha BimMiny
BiJI HEKOHTpOJboBaHUX 0a30Bux BBM, ski 3HauHo 3aBumryBanu orinku, HARRS
e(EeKTUBHO 3MEHIIYE iX YIepeHKEHICTb.

Ile mocnipkeHHST TOBOAUTH, 10 oOMexeHHs TreHepatuBHoro LI pamxamu
BU3HAYEHOI JIOAUHOIO PyOpUKH, MOXKe nepeTBopuTd BMM Ha HafiiiHuil MexaHi13M
PO3ILIUPEHOTO 3BOPOTHOTO 3B's13KY. JloTpumMyrouuch (iiocodii «J1toiuHa B LUK,
HARRS 3a0e3neuye, 110 HaBUalibHI CTaHJAPTH 3aJUIIAIOTBCSA MMiJ KOHTPOJIEM
BUKJIAJAI[bKOTO CKJIaay. Pe3ynbraru JOCHIKEHHS CBIIYaTh, 110 T1IOPUIHUN IM1AX1]T
3a0e3reuye HaAIMHUM MEXaHI3M JJIs MABUIIEHHS CaMOPETYIISLIi CTYJ€HTIB BUIIMX
HaBYaJbLHUX 3aKJIaJIB.

KirouoBi cjioBa: akanemiuHuii 3BIT, TONEpeHIM aHami3, yHiikoBaHa
pyOpuKa, CeMaHTHUYHUI 3BOPOTHUH 3B'I30K, T1OpUIHA apXITEKTypa, IIap Ha OCHOB1
IpaBui, CEeMaHTUYHUM map BMM.
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Problem statement. Higher education programs often rely on structured
academic reports (e.g., lab, capstone, and project reports). These reports mandat
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specific requirements for content relevance, sectional coherence, and proper
formatting. Therefore, formal rules are essential for academic assessment because
they establish a structured framework for disciplinary standards.

However, the manual pre-submission review  of these reports is time-
consuming and inconsistent, especially in large courses. Current automated tools
primarily focus on plagiarism detection and surface-level grammar/style correction. <:>
They lack robust support for two critical elements of structured reports - section-level
structural compliance and deep semantic feedback during the pre-submission review. @

The advent of LLMs offers a new opportunity to bridge this gap. They can
generate sophisticated, semantic feedback on report drafts, helping students refine
their work before submitting it for final review. However, relying solely on LLMs <__->
may lead to inconsistency and bias in grading formal criteria.

This work introduced a hybrid approach combining rule-based checks for
document structure and formatting with section-specific recommendations generated
by LLMs. It features a modular design that distinguishes auditable rules from
probabilistic LLM feedback, allowing for transparent triage and instructor oversight.

The research followed a cycle that consisted of analyzing existing AWE
limitations, designing the hybrid architecture, implementing it through prompt @
engineering, and conducting empirical validation. This was justified by the need to
engineer a practical solution to the problems of inconsistency and resource intensity
inherent in manual pre-submission review.

The study presented a novel approach based on the following research
questions:

RQI1: How accurately can rule-based checks detect structural and formatting
compliance compared to expert assessment?

RQ2: To what extent does the hybrid architecture align with expert judgments
in discriminative ability and overall scoring levels?

RQ3: Does the HARRS provide pedagogical utility while successfully
mitigating systematic evaluative bias?

Recent studies analysis. Historically, the automation of writing assessment
has been mainly influenced by two key areas: AWE and Automated Assignment
Grading (AAG). AWE systems utilize Natural Language Processing (NLP)
techniques to provide prompt, objective feedback on surface linguistic features,
including grammar, syntax, and vocabulary. This encourages students to revise and
improve their writing accuracy. [1, 2].

However, traditional AWE and AAG models face significant limitations when
applied to the formative review of structured academic reports. These systems often
face criticism for promoting a narrow view of writing by emphasizing only

®
©
&)
(®)



@.THAYKA
INEXHIKA
GhOTOJLHI

"correctness". They struggle to evaluate higher-level thinking, content depth, and
compliance with specific organizational elements [1-5]. Additionally, their
assessment primarily relies on statistical or predefined linguistic features [4], but they
do not effectively measure the content mastery and structural communication
essential for technical reports [6].

Furthermore, existing research mainly focuses on general essays, leaving a
clear gap in robust support for section-level compliance and the semantic require-
ments of structured report formats.

" - The paper uses the term 'Pre-Submission Review' to denote the formative
quality check applied to assignment drafts before official grading, distinguishing it
from the summative focus of Automated Essay Grading and the prior-knowledge
focus of educational pre-assessment.

The recent integration of LLMs into automated grading systems has addressed
some of AWE's semantic limitations and demonstrated the ability to provide richer,
more contextual, and human-like feedback on content and coherence [1, 2]. Yet, that
introduced a new set of risks. Research indicates that LLM-based evaluators often
lack the consistency required for objective assessment. They tend to assign higher
median scores than human evaluators and demonstrate low intra-rater reliability when
evaluating the same content at different runs [7 - 9]. Such issues, worsened by how
small prompt changes can significantly affect model outputs, undermine transparency
and reliability needed for enforcing strict educational criteria [10, 11].

While traditional AWE and pure LLM approaches have limitations [4, 8], the
field is moving toward hybrid models that combine automated scoring with human-
defined criteria.

Several researchers have developed methods to utilize formal rules to govern

or constrain automated evaluation systems [4, 12]. This typically involves using a
rule-based engine to verify essential requirements, serving as a gatekeeper before
conducting more intricate analysis. It guarantees that objective, non-negotiable
criteria (e.g., file type, minimum length, presence of key sections) are assessed
accurately, minimizing the unreliability of LLMs [4].

Others have explored using rubrics [13] and checklists [14] not only for final
scoring, but also as input prompts to guide the feedback generation process of
sophisticated models. By defining precise traits and criteria for each section of a
report, these systems aim to align the computational model's evaluation (whether
statistical or LLM-based) with the institutional grading scheme [13, 15].

However, many existing hybrid systems, including those that use rubrics,
remain focused on summative scoring rather than providing targeted, formative
feedback during the pre-submission revision phase [13, 16, 17]. Current research
extensively describes the use of LLMs to generate feedback, but it is not necessarily
focused on the pre-submission, compliance-oriented stage [16 - 18].
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There is a lack of literature detailing modular hybrid systems for structured
academic reports. Existing studies fall short in addressing the dual compliance
challenge: verifying adherence to structural rules, such as figure captions, referencing
styles, and section placement [14], and ensuring that section content aligns with its
purpose.

In synthesis, the current landscape provides robust tools for grammar
correction and sophisticated semantic dialogue. However, no single validated system
effectively integrates a rule-based compliance engine, a reliable LLM-based analyzer
for semantic feedback, and a focus on the Pre-Submission Review phase for
structured Academic Reports.

This paper addresses this critical gap by presenting an integrated hybrid
approach that automates the pre-submission review of academic reports, thereb
enhancing consistency and capacity in higher education assessment.

Research objective. The study aims to show that anchoring Al within a
human-defined rubric yields more accurate and consistent reviews than standard
models. To achieve this, it develops a hybrid system that integrates automatic rule-
checking with Al-driven feedback for academic reports. Ultimately, the goal is to
provide a reliable tool that helps students improve their work while maintaining
high academic standards.

Methodology. This section details the systematic approach used to develop
and validate HARRS. This automated review tool integrates a rule-based layer (RBL)
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for formal scoring and an LLM semantic layer (LLM-SL) for formative feedback.

The study employed a mixed-methods research design within the framework
of the Design Science Research paradigm. Statistical agreement between automated
and human scoring was established via the quantitative RBL, while the practical value
of the LLM-SL’s qualitative critiques was confirmed through student survey data.
This design is justified because the system serves a dual purpose: ensuring formal
compliance and providing actionable pedagogical support.

The primary data source consisted of a collection of N = 500 university-level
Computer Science lab reports, written in accordance with a standardized style guide.
The whole corpus was used for initial RBL tuning and iterative prompt engineering
for the LLM-SL.

the corpus for expert annotation. Human experts reviewed these reports using 4
unified rubric to establish "the Ground Truth" for quantitative validation.

To select reports that conformed to a specific institutional framework an
rubric, the work used purposive sampling. This approach ensured the system was
tested against a standardized set of academic criteria, enabling the RBL to identify
formal violations and the LLM-SL to assess semantic levels (0—4) as specified by the
faculty.
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Data collection and system processing followed a multi-stage pipeline:

1. Pre-processing.

A custom parsing pipeline extracted text from DOCX files and segmented
reports into structural blocks based on rubric-defined section titles.

2. Hybrid Processing.

RBL identified formal violations using deterministic logic and produced a
JSON payload that included statuses and a rule-based score. This payload was passed
to LLM-SL, powered by a cost-effective API such as Groq, to generate formative
feedback. HARRS then combined the RBL's structured output with the LLM-SL's
natural-language critique into a unified Comprehensive Feedback Report. In this
report, the formal percentage score was definitive, while the semantic feedback
provided actionable guidance.

3. Utility Assessment.

Following the system’s review, a post-task survey was administered to students
to collect qualitative data on the helpfulness and actionability of the LLM-SL's
recommendations.

The system's performance was analyzed through Quantitative Scoring
Validation (Agreement with Experts) and Qualitative Feedback Analysis (Utility-
Driven). The RBL’s scoring accuracy on the Reference Review Set reports was
assessed using Mean Absolute Error (MAE), Pearson’s r, and Analysis of Variance
(ANOVA). MAE measured how closely the system's percentage scores matched
human "Ground Truth". Pearson’s r was evaluated to determine whether the scores
consistently reflected expert judgment. To confirm the RBL’s reliability, an ANOVA
was conducted to assess the extent to which the system's average scores differed from
those of human experts.

The outcome of the LLM-SL was evaluated based on its primary objective of
providing constructive, formative feedback. Post-task survey results were analyzed

to measure student perceptions of the actionable recommendations. This analysis
focused on the "helpfulness for revision" metric, validating the system's effectiveness
as a pre-submission review tool rather than a mere grading automaton.

To protect student privacy, all reports were anonymized to remove Personally
Identifiable Information before being ingested into the system. The study also
included a bias audit protocol during the development phase. The system was tested
on reports with varying non-academic characteristics (e.g., irregular length or
formatting) to confirm the LLM-SL’s feedback remained fair and strictly focused on
rubric criteria.

System Architecture. HARRS is founded upon a Unified Rubric that dictates
the requirements for all academic reports. The system’s core innovation lies in the
architectural division of labor, where the rubric is systematically partitioned to guide
the operation of two distinct layers: the deterministic RBL and the semantic LLM-SL.
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HARRS operates as a two-stage sequential pipeline where the output of the
RBL serves as contextual input for the LLM-SL, grounding the qualitative review in
verified compliance data.
The UML Component Diagram (Figure 1) shows the system’s structural
elements and their contractual interactions.

«component»
HARRS E

«subsystem» E

Rule-Based Layer [ ke
<<artifact>> J) <<artifact>>
X z-Use---7 bric.i
AcademicReport.docx < \ IPayload rubric.json

3]
«subsystemt» .-~

LLM Semantic Layer

((lf\ IUserNotifier

«componen t»
Review Providing

Fig. 1. HARRS architecture

The artifact AcademicReport.docx represents the input academic report and is
connected via a Use dependency to the central HARRS component.

The main component, HARRS, comprises two key subsystems that represent
the core processing pipeline: RBL and LLM-SL. The RBL subsystem performs
deterministic checks and generates the structured context. The LLM-SL subsystem
performs qualitative analysis using the context. RBL provides an interface, labeled
[Payload. It is consumed by the LLM Semantic Layer, signifying that the structured
JSON payload from the RBL is the critical contextual input for the LLM-SL.

Upon review completion, the HARRS component requires the IUserNotifier
interface to publish the final integrated review content. This interface is supplied by
the Review Providing component, which handles the delivery of the final review to
the user interface or system of record.

An artifact rubric.json connects externally to the main component via a Use
dependency to both RBL and LLM-SL subsystems, indicating they rely on this single
configuration file for their operational criteria.
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The rubric includes two complementary elements: Quantitative Scoring and
Qualitative Feedback. The first one defines objective criteria for formal compliance
(section headers, sentence count, etc.). It directly informs the development and
scoring logic of the RBL. The second element defines semantic and discursive quality
levels. It is transformed into explicit instructions and exemplary feedback styles for
the LLM-SL's prompt engineering.

The RBL is the initial processing stage responsible for rapid, deterministic
checks against the Quantitative Scoring element of the Unified Rubric. It performs
structural analysis, validates mandatory elements (such as section presence and figure
count), and calculates objective metrics.

Upon completion, the RBL serializes the results into a JSON payload with three
fields: rule based score (a numerical compliance score), status (such as 'excellent' or
"insufficient'), and rule based comment (feedback on violations).

LLM-SL is responsible for conducting a nuanced qualitative review of the
report. The layer prioritizes cost-effective, high-speed LLM API endpoints for
development and iteration. It performs semantic analysis against the Qualitative
Feedback element of the Unified Rubric, focusing on argumentation, coherence,
subject matter accuracy, and the use of sophisticated language.

The core mechanism is Contextual Prompt Injection. The JSON payload
generated by the RBL is embedded directly into the LLM-SL's system prompt. This
ensures that the LLM's future semantic analysis and qualitative feedback align with
the formal compliance status already established by the RBL. For example, if the
RBL detects a missing section, the LLM-SL is explicitly instructed to incorporate this
fact into its final qualitative summary.

The UML Activity Diagram (Figure 2) illustrates the strict, sequential
workflow of the HARRS system, partitioned across the User System and HARRS.
The processing of an academic report using HARRS involves the following

1. The process begins with the User System executing the Submit Academic
Report action.
2. Control flows to HARRS, beginning the processing with Receive & Parse

3. The Execute RBL activity is performed. This step utilizes the <<dataStore>>

rubric.json to access the Quantitative Scoring criteria. The execution output is the
JSON Payload artifact.
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Actors
User System HARRS

Submit Academic >
Report

Receive & Parse
Report

<<dataStore>>
rubric.json

JSON Payload

LLM-SL Prompt
Construction

LLM-SL Prompt

LLM-SL

Execution

: H—| Show Review [ “;;Z%‘i‘::d

Fig. 2. UML Activity Diagram

4. The LLM-SL Prompt Construction activity is executed. This activity
consumes the JSON Payload artifact and concurrently accesses the <<dataStore>>
rubric.json to retrieve the Qualitative Feedback criteria, embedding both as context
into the final LLM-SL Prompt artifact.

5. The LLM-SL Prompt is consumed by the LLM-SL Execution activity, which
generates the Integrated Review artifact.

6. The final Review artifact flows back across the partition boundary to the
User System, which performs the Show Review activity to complete the process.

Experimental Evaluation. This section details the design, core quantitative
metrics, and the study's results, which validated the performance of HARRS against
human expert reviewers and a conventional LLM baseline.

The study was structured as a statistical comparison of scoring consistenc
across three primary rating groups: HARRS, a general-purpose Baseline LLM with
minimal instruction, and Human Reviewers. This design was crucial for quantifying
HARRS alignment, specifically the unified RBL/LLM-SL architecture based on the
Unified Rubric, relative to an unguided automated baseline and expert standards.

"The Ground Truth" was substantiated by Human Reviewers, consisting of two
experienced instructors per sampled course. To secure reliable scoring, a two-step
process was followed. Firstly, Rater Training outlined how to apply the Unifie
Rubric across all report dimensions (Formal, Structural, Semantic). During
Calibration, reviewers independently scored five anchor reports, with their consensus
score (mean or median) set as the standard.
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The experimental protocol subjected all reports to a few distinct review
processes. First, HARRS executed a Pre-Submission Review, producing a formal
quantitative score and detailed semantic feedback via its RBL and LLM-SL layers.
Simultaneously, Baseline LLM was evaluated with a minimal instruction prompt (e.g.,
"Score this report based on general academic standards") to determine an automated
performance floor. Finally, Human Reviewers independently conducted a Pre-
Submission Review of the entire dataset using the same Unified Rubric to establish
«the Ground Truthy scores.

The core metric for measuring the accuracy of the automated scores was MAE.
A lower MAE indicated greater proximity to expert judgment.

The main findings were visually summarized using a comparative bar chart

that displays MAE for HARRS versus the Baseline LLM relative to the Human
Consensus (Figure 3).

HARRS Human Inter-Rater Baseline LLM
Fig. 3. MAE Comparison to Human Consensus

As shown in Figure 3, HARRS demonstrated a significantly lower error rate
compared to Baseline LLM. It achieved an MAE of 0.73, representing more than an
87% reduction in error compared to the Baseline LLM's MAE of 5.69. Furthermore,
the HARRS MAE (0.73) was found to be lower than the Human Inter-Rater MAE
(0.9).

To assess the linear relationship between the HARRS scores and the Human
Consensus scores, Pearson’s Correlation Coefficient () was used. A corresponding
scatter plot is presented in Figure 4.
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The data points are distributed in close proximity to the line of ideal agreement
(Y=X) throughout the 0—24 scoring range. The distance between the individual point
and the diagonal remains consistently small, with no visible patterns of systematic
deviation at specific score intervals.

These visual observations were consistent with the calculated Pearson’s r
coefficient of 0.98 for the HARRS system. For comparison, Pearson’s r coefficient
for the Baseline LLM was calculated at 0.46.

24

N
o

-
[}

-
N

o

HARRS Score (Predicted Score, 0-24 Points)
N

0 4 8 12 16 20
Human Consensus Score (Ground Truth, 0-24 Paints)

Fig. 4. Alignment HARRS Scores with Human Consensus

To evaluate the differences in mean scores across HARRS, Baseline LLM, and
Human Reviewers, a one-way ANOVA was performed at a significance level of a =
0.05. Subsequently, a Tukey’s Honestly Significant Difference (HSD) post hoc test

These statistical outputs are summarized in Table 1.

Table 1
Statistical Comparison of Score Means

Metric HARRS Baseline LLM |Human Consensus
Mean Score 12.28 17.62 12.35

Standard Deviation 4.95 4.37 4.73
Pearson's r 0.98 0.46 N/A
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Metric HARRS Baseline LLM |Human Consensus
One-Way ANOVA F (2,147)=21.35,p<0.001

Post-Hoc HARRS = Human (NS)
Comparison Baseline # Human (p < 0.001)
(Tukey HSD) HARRS # Baseline (p <0.001)

The ANOVA yielded a highly significant result (F (2, 147) =21.35, p <0.001),
indicating that the mean scores are not equal across the three groups.

The Tukey’s HSD test used the pooled standard error to compare mean
differences between each pair of groups.

Discussion. The experimental results show that the HARRS architecture
effectively mitigates systematic leniency bias and low discriminative precision, the
primary limitations of unconstrained LLMs in academic assessment. By anchoring
generative logic to a rule-based Rubric Engine, the system achieves statistical parity
with expert human judgment. In addressing RQ1, the findings demonstrate that rule-
based checks are highly effective at replicating expert assessments of structural and
formatting compliance. The 87% reduction in MAE compared to Baseline LLM
resulted in a final HARRS MAE of 0.73. This suggests that objective criteria are best
handled by deterministic logic rather than probabilistic generation. Such high
accuracy shows the system provides a reliable "first-pass" review, catching formal
errors that often consume significant time during manual reviews.

Regarding RQ?2, the stark contrast in Pearson’s r between HARRS (0.98) and
Baseline LLM (0.46) provides strong evidence of "evaluative grounding." While
unconstrained models struggle to distinguish among varying levels of report quality,
HARRS?’s near-perfect correlation suggests it correctly replicates the qualitative
hierarchy established by experts. Furthermore, the ANOVA and Tukey’s HSD results
indicate that the difference between HARRS and Human Consensus is not
statistically significant. This demonstrates that the system functions as a "synthetic
expert," effectively mimicking the average judgment of human experts. This finding
shows that statistical parity is attainable when models are constrained by structured,
external rubrics rather than relying solely on internal training data.

In response to RQ3, the data confirm that the hybrid approach successfully
mitigates the "leniency bias" observed in the Baseline LLM (mean score of 17.62
versus 12.35 for Human Consensus). The highly significant difference between the
Baseline and Human Consensus (p < 0.001) indicates that unconstrained models are
prone to systematic scoring inflation. HARRS addresses this by transforming the
LLM from an evaluator into an augmented feedback engine.
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High student utility ratings indicate that the system bridges the gap between
quantitative rigor and qualitative depth. Even when the semantic phrasing deviated
slightly from human nuance, students found the actionable feedback helpful fo
revision. This demonstrates that HARRS is a powerful pre-submission aid that
enhances student self-regulation without compromising academic standards.

The effective alignment of the HARRS with expert human judgment suggests
a fundamental shift in how such systems can be integrated into higher education.

The most significant theoretical implication of the results is that "generative
accuracy" in Al is a product of architectural constraints rather than model scale. Whil
previous research has cautioned against the "Rating Roulette" [7] and the inherent
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based approach can stabilize Al judgment to the point of "synthetic expertise." This
offers a new perspective on the relationship between human-defined rules and
machine learning evaluation. It suggests that for Al to be trustworthy in high-stakes
environments, the evaluative authority must remain with the human-defined rubric
rather than the model’s internal weights [12].

From a practical standpoint, the high student utility scores and low error rates
indicate that HARRS can serve as a reliable "pre-evaluator."

longer need to wait for instructor feedback to identify structural or formatting gaps.

For teachers, deploying such a system shifts the workload from "compliance
checking" to "mentorship." Because the system handles the objective, rule-base
aspects of the review with high accuracy (RQ1), they can focus on the more abstract,
rhetorical dimensions of student work that Al still struggles with.

The findings also have profound implications for institutional policies on
"algorithmic fairness" [9]. By achieving statistical parity with human experts,
HARRS proves that automated systems can reduce the "leniency bias" that often lead§
to inflated scores. However, the use of such a system must be managed by a "human-
in-the-loop" philosophy, where faculty remain the governing body of the Rubri
Engine.

This guarantees that pedagogical standards are an extension of the institution's
existing curriculum rather than a "black-box" alternative [15]. Ultimately, these
results provide a roadmap for scaling personalized feedback in higher educatio
without compromising the academic integrity of the assessment process [18].

generalizability of the Unified Rubric across highly diverse or multi-disciplina
domains remains to be fully explored. Second, although the system reached statistical
parity with human experts, relying on only one LLM backend suggests HARRS's
"model-agnostic' abilities should be tested across different models.
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Future work will focus on further improving feedback quality by iteratively
adjusting the system's prompts and evaluative logic to better capture nuanced
academic conventions. Additionally, the rule-based component will be refined to
detect more sophisticated formatting and stylistic deviations. Future research should
also test the system across various LLM backends. This will confirm that the Rubric
Engine remains the primary factor influencing quality, regardless of the underlying
generative model.

Conclusions. This research addressed the key challenge of providing scalable,
consistent pre-submission feedback on structured academic reports, a process often
limited by high instructor workloads and the variability of manual reviews. While
LLMs offer promising semantic capabilities, their unconstrained application in
academic contexts is frequently plagued by leniency bias and a lack of structural
rigor. The study successfully demonstrated that a hybrid architecture, combining
deterministic rule-based logic with generative feedback, effectively bridges this gap.
The empirical validation confirmed that HARRS provides a robust solution to
these systemic issues. By separating auditable structural compliance from probabi-
listic semantic recommendations, the system achieved high accuracy in detecting
formal errors while maintaining near-perfect alignment with human expert judgment.
The results indicated that the hybrid approach effectively transformed LLM into a
reliable augmented feedback engine that mirrors the standards of human consensus.
This work demonstrated that automated reviews can extend beyond surface-
level grammar checks to provide in-depth, section-level guidance without compro-
mising academic integrity. By maintaining a "human-in-the-loop" philosophy,
HARRS ensures that disciplinary standards remain guided by faculty expertise while
the system scales the labor of formative assessment. Future efforts will focus on
extending both the rule-based validation logic and the automated feedback generation
to accommodate a broader range of disciplinary conventions, ensuring the system
remains a transparent and trustworthy aid for student self-regulation.
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