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Abstract—Recent developments in Large Language Models 

(LLMs) have created new opportunities to automate educational 

assessment and reduce workload for instructors. However, 

concerns regarding grading consistency, transparency, and 

pedagogical reliability continue to limit the adoption of fully 

automated assessment systems. In this study, we propose a 

Human-in-the-Loop framework for the automated evaluation of 

engineering laboratory reports based on Retrieval-Augmented 

Generation (RAG). The proposed framework integrates text 

extraction, structured content extraction, contextual retrieval 

from grading rubrics and laboratory resources, rubric-based 

evaluation, automatic feedback generation, and instructor 

validation into a unified grading workflow. The RAG module 

retrieves contextual information so that the language model can 

generate assessments that align with the course goals and are 

based on educational information about the specific assignments, 

thus ensuring consistent evaluation based on the rubric. The 

system was tested using a set of 56 laboratory reports collected 

from undergraduate courses in Electrical and Electronics 

Engineering. The experimental results indicate a strong 

agreement between the grades provided by the AI and the 

instructor, with a Pearson Correlation Coefficient of 0.988, a 

Mean Absolute Error (MAE) of 3.55, and a Root Mean Squared 

Error (RMSE) of 3.77. Besides, 89.29% of the reports were scored 

within ±5 points of the instructor scores.  The grading time was 

reduced from 392 minutes to 84 minutes, a workload reduction of 

78.57%.  The results demonstrate that the integration of Retrieval-

Augmented Generation, rubric-based evaluation, and Human-in-

the-Loop validation constitutes an effective approach for AI-

supported assessment of engineering laboratory reports, 

maintaining instructor oversight and educational integrity. 
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I. INTRODUCTION 

Artificial intelligence (AI) is rapidly transforming 
educational technologies by enabling intelligent tutoring, 
personalized learning, automated assessment, feedback 
generation, and AI-assisted learning environments [1]– [4], [11]. 
Recent studies have further highlighted the growing role of AI 
in educational assessment, personalized feedback, and 
technology-enhanced learning [10], [18], [23]. 

Large Language Models (LLMs), one of the most significant 
recent advances in AI, have demonstrated remarkable 
capabilities in natural language understanding and generation, 
making them promising tools for educational assessment [1], 
[7], [9], [21]. Recent studies have shown that LLMs can 
effectively assist instructors in grading essays, short-answer 
questions, programming assignments, engineering assignments, 
and open-ended examinations while improving grading 
consistency and reducing instructor workload [8], [13], [16], 
[17], [19]. 

One of the hardest types of assessment is the assessment of 
educational assessment in engineering laboratory reports. They 
assess theoretical understanding, experimental procedures, 
technical calculations, data interpretation, engineering 
reasoning, and scientific communication, as opposed to the 
typical written assignment. The manual grading process is thus 
time-consuming and may suffer from inconsistency due to 
instructor workload and subjective judgment. 

Prior research has shown the promise of LLM-based grading 
systems, but most methods evaluate student submissions 
individually without taking into account assignment-specific 
educational resources such as lab instructions, grading rubrics, 
reference solutions, and course materials. Thus, the quality of 
grading may be undermined by an incomplete understanding of 
the context and hallucinated answers. Furthermore, fully 
automated assessment systems are typically opaque and lack 
human oversight, limiting their adoption in higher education [9], 
[21]. 

Recently, a promising approach to enhance the reliability of 
LLM-based systems is to augment prompts with relevant 
external knowledge retrieved at inference time, which is known 
as Retrieval-Augmented Generation (RAG) [20]. In educational 
assessment, RAG allows language models to assess student 
work with resources specific to the assignment instead of relying 
solely on pre-trained knowledge. Recent studies have also 
shown the usage of context-aware assessment and context 
engineering to improve the reliability of grading and quality of 
feedback [14], [20]. 

However, the automated assessment of engineering 
laboratory reports has been relatively less explored, with an 
integrated framework that combines contextual retrieval, rubric-
based evaluation, automated feedback generation, and Human-
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in-the-Loop validation. Previous work has largely focused on 
essays, math assessments, programming assignments, or short-
answer questions, but engineering lab reports pose additional 
challenges due to the need for experimental analysis and 
technical reasoning. 

To address this gap, this study proposes an RAG-enhanced 
Human-in-the-Loop framework for automated assessment of 
engineering laboratory reports using Large Language Models. 
The proposed framework combines document preprocessing, 
structured content extraction, Retrieval-Augmented Generation, 
rubric-based grading, automated feedback generation, and 
instructor validation into a single assessment workflow. The 
framework was evaluated on 56 laboratory reports of the 
Electrical and Electronics Engineering domain. The 
experimental results demonstrate a high level of agreement in 
the grades assigned by the AI and the instructor, with a Pearson 
Correlation Coefficient of 0.988, a Mean Absolute Error (MAE) 
of 3.55 points, and an Agreement Rate of 89.29%, reducing 
grading time by 78.57%. 

The major contributions of this work are summarized in 
Table I. 

TABLE I.   SUMMARY OF THE MAIN CONTRIBUTIONS 

Contribution Description 

C1 
A RAG-enhanced Human-in-the-Loop framework for 

automated assessment of engineering laboratory reports. 

C2 

Integration of contextual retrieval, rubric-based grading, 

automated feedback generation, and instructor validation 

into a unified assessment workflow. 

C3 
Experimental validation with 56 real lab reports from 

Electrical & Electronics Engineering. 

C4 
Comprehensive evaluation with Pearson Correlation, 
MAE, RMSE, Agreement Rate, Maximum Error, and 

grading time reduction. 

The rest of this study is organized as follows: Related work 
on AI-assisted educational assessment is presented in Section II. 
The proposed methodology is presented in Section III. 
Section IV describes the experiment setup. Section V presents 
and discusses the experimental results, including the limitations 
of the study. Finally, Section VI concludes the study and offers 
future research directions. 

II. RELATED WORK 

A. Education Assessment Using Large Language Models 

Recently, Large Language Models (LLMs) have become a 
major research topic in educational technology, as they are 
capable of supporting intelligent tutoring, personalized learning, 
automated assessment, and feedback generation [1], [4], [11]. 
Recent surveys [1], [9], [11] show that automated assessment is 
one of the most promising applications of LLMs in education. 
The effectiveness of LLMs for grading short-answer questions 
[16], essays [8], programming assignments [17], engineering 
mechanics assignments [19], undergraduate calculus [5], and 
open-ended examinations [13] has been demonstrated in several 
studies. These studies consistently show high agreement 
between grades assigned by AI and instructors, and significantly 
reduce instructor workload. 

But these encouraging results also highlight problems of 
grading consistency, hallucinations, transparency, and 
pedagogical reliability in prior research. Thus, current evidence 
points to LLMs supporting instructors rather than replacing 
human judgment [9], [21]. 

B. Human-in-the-Loop Evaluation and AI-Generated 

Feedback 

Recent studies have increasingly advocated for Human-in-
the-Loop (HITL) grading frameworks [7], [8] to improve the 
reliability and transparency of AI-assisted assessment. These 
methods combine automated assessment and instructor review, 
enabling instructors to verify AI-generated grades before they 
are posted as final results. 

Moreover, several studies have shown that LLM-generated 
feedback can enhance student learning by offering personalized 
suggestions and constructive explanations [6], [15], [22], [24]. 
Moreover, AI-enabled pedagogical architectures have shown 
promising results in supporting self-regulated learning and 
enhancing student engagement [3]. The results suggest that a 
good assessment system should involve reliable grading, useful 
feedback, and instructor oversight. 

C. Retrieval-Enhanced Generation for Education Assessment 

Retrieval-Augmented Generation (RAG) has emerged as a 
powerful approach for improving the factuality and context-
awareness of LLMs by retrieving relevant external knowledge 
before response generation [20]. In educational assessment, 
RAG allows language models to leverage lab instructions, 
grading rubrics, reference solutions, and course materials, which 
helps mitigate hallucinations and improves consistency in 
grading. 

Context engineering has recently shown that the integration 
of contextual educational resources enhances the quality of AI-
based assessment [14]. At the same time, research on automated 
assessment in the domain of STEM education emphasizes the 
increasing importance of domain-specific contextual 
information for reliable assessment [12]. 

D. Research Gap and Contributions 

Despite many advances in AI-based assessment on 
educational resources, existing studies mainly focus on essays, 
programming assignments, mathematics or short-answer 
questions [5], [8], [13], [16], [17]. Engineering laboratory 
reports, which require evaluation of experimental procedures, 
technical calculations, engineering reasoning, and scientific 
communication, have been relatively neglected. 

Additionally, most existing approaches rely solely on LLM 
reasoning without integrating contextual retrieval, rubric-based 
evaluation, automated feedback generation, and Human-in-the-
Loop validation in a unified framework. 

To overcome these limitations, this study proposes a RAG-
enhanced Human-in-the-Loop framework for automated 
assessment of engineering laboratory reports using Large 
Language Models. The proposed framework combines 
Retrieval-Augmented Generation, structured content extraction, 
rubric-based grading, automated feedback generation, and 
instructor validation into one assessment workflow. 
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The framework is experimentally validated using 56 real 
Electrical and Electronics Engineering laboratory reports and 
evaluated using various quantitative metrics such as Pearson 
Correlation, MAE, RMSE, Agreement Rate, Maximum Error, 
and grading time reduction. 

III. METHODOLOGY 

A. Overview of the Proposed Framework 

The proposed framework presents a Human-in-the-Loop 
framework for automated assessment of engineering laboratory 
reports enhanced by Retrieval-Augmented Generation (RAG). 
Unlike traditional LLM-based automated grading systems that 
only use student submissions, it enhances the grading process by 
accessing educational resources specific to assignments, such as 
laboratory instructions, grading rubrics, reference solutions, and 
course materials. This contextual information allows for a more 
consistent, transparent, and reliable assessment based on the 
intended learning outcomes. 

This framework combines an end-to-end assessment 
workflow that includes document pre-processing, extraction of 
structured content, context retrieval, rubric-based assessment, 
automated feedback generation, support for plagiarism and 
validation by instructors. AI-generated grades and feedback are 
preliminary recommendations. Instructors maintain complete 
discretion to review, revise, approve, or reject the proposed 
assessment before the final grade is assigned, thereby ensuring 
pedagogical accountability and reducing automation bias. 

The assessment workflow consists of eight sequential stages: 
1) laboratory report submission, 2) document preprocessing and 
text extraction, 3) structured content extraction, 4) Retrieval-
Augmented Generation, 5) LLM-based rubric evaluation, 6) 
automated formative feedback generation, 7) Human-in-the-
Loop instructor validation, and 8) final grade publication. Fig. 1 
illustrates the overall architecture of the proposed framework. 

 

Fig. 1. Overall architecture of the proposed RAG-enhanced Human-in-the-

Loop assessment framework. 

B. Report Processing and Context Retrieval 

Laboratory reports submitted in PDF or DOCX format are 
first processed to extract machine-readable content. When 
scanned documents are encountered, Optical Character 
Recognition (OCR) is applied to recover textual information. 
The extracted report content is subsequently prepared for 
automated assessment while preserving the logical organization 
of the laboratory report. This process provides a consistent 
textual representation that supports contextual retrieval and 
rubric-based evaluation.  

The proposed framework primarily evaluates the textual 
content extracted from laboratory reports. Tables and textual 
mathematical expressions are processed through the document 
extraction stage and incorporated into the grading workflow 
whenever they are represented in machine-readable form. For 
graphical laboratory artifacts such as circuit diagrams, 
experimental plots, screenshots, and handwritten annotations, 
the current framework extracts only the embedded textual 
information when available and does not directly interpret the 
visual content. Consequently, grading decisions are primarily 
based on the extracted textual information together with the 
retrieved contextual resources. 

To improve grading reliability and contextual 
understanding, the proposed framework incorporates a 
Retrieval-Augmented Generation (RAG) module prior to the 
evaluation stage. Instead of relying solely on the submitted 
report and the intrinsic knowledge of the Large Language Model 
(LLM), the framework retrieves assignment-specific 
educational resources that enrich the grading prompt with 
relevant contextual information. The knowledge base contains 
laboratory instructions, grading rubrics, reference solutions, 
course materials, and assignment metadata, enabling 
assessments that remain aligned with course objectives, 
intended learning outcomes, and predefined grading criteria 
while helping reduce hallucinations and improving grading 
consistency. 

The RAG module is implemented using OpenAI's text-
embedding-3-small model to generate 1536-dimensional 
semantic embeddings, which are indexed in a Pinecone vector 
database using cosine similarity. Educational resources are 
embedded and indexed together with their associated metadata 
to preserve instructional context during retrieval. For each 
submitted laboratory report, the retrieval query is automatically 
constructed from the assignment title, assignment description, 
and corresponding course chapter. Metadata filtering is 
subsequently applied to retrieve only assignment-relevant 
educational resources, after which the five most relevant 
documents are incorporated into the evaluation prompt to 
provide assignment-specific context for the language model. 

Unlike conventional LLM-based grading approaches that 
evaluate reports using only the submitted content, the proposed 
framework combines the retrieved educational resources with 
grading rubrics, expected solutions, laboratory instructions, and 
course materials to support context-aware assessment. 
Consequently, laboratory reports are graded based on the desired 
learning outcomes and rubric criteria, not on exact textual 
similarity. Thus, alternative engineering approaches, 
experimental variations that are within an acceptable range and 
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alternative approaches to solutions can be fairly evaluated as 
long as they meet the desired learning objectives. 

The assessment process combines the extracted report 
content with the retrieved contextual resources and evaluates all 
the criteria defined in the grading rubric. This allows for 
thorough, consistent, and pedagogically sound assessment that 
is aligned with the learning outcomes and instructor-defined 
grading standards. Fig. 2 illustrates the Retrieval-Augmented 
Generation process used in the proposed framework. 

 

Fig. 2. Retrieval-Augmented Generation workflow for context-aware 

laboratory report assessment. 

C. Prompt Design and LLM-Based Evaluation 

The proposed framework employs a structured prompt 
engineering strategy to ensure consistent, transparent, and 
rubric-aligned evaluation of engineering laboratory reports. 
Instead of using the submitted report directly, the evaluation 
prompt combines assignment metadata, laboratory instructions, 
retrieved contextual resources, grading rubrics, expected 
reference solutions, and student submission into a 
unified evaluation context. This comprehensive prompt 
provides the language model with assignment-specific 
information required to perform context-aware, rubric-aligned 
assessment while maintaining consistency with the intended 
learning outcomes. 

The evaluation prompt is constructed automatically by 
combining the assignment title, assignment description, 
laboratory instructions, maximum score, grading rubric, 
retrieved educational resources, expected solutions, and 
extracted laboratory report content. The language model will be 
responsible for evaluating the submission based on the grading 
rubric defined and producing a numeric score, along with 
detailed formative feedback, identified strengths, weaknesses, 
and concrete recommendations for improvement. Such a 
structured prompt design facilitates grading consistency and 
subsequent instructor review and validation. An excerpt of the 

structured evaluation prompt used by the proposed framework 
is presented below. 

Excerpt of the Evaluation Prompt Used by the Proposed Framework 

System Role 

 

You are a university professor evaluating a student's assignment 

submission. 

 

Assignment Details: 

• Title 

• Description 

• Instructions 

• Maximum Score 

 

Grading Rubric: 

... 

 

Expected Answers / Reference Solutions: 

... 

 

Course Context and Reference Materials: 

... 

 

Student Submission: 

... 

 

Carefully evaluate this submission and provide: 

 

1. Numerical Grade 

2. Overall Feedback 

3. Strengths 

4. Weaknesses 

5. Suggestions for Improvement 

The assessment stage employs GPT-4o as the primary 
grading model because of its strong reasoning capabilities and 
its ability to evaluate engineering laboratory reports containing 
theoretical explanations, experimental procedures, calculations, 
experimental analysis, and technical discussions. A low 
temperature setting (0.3) was chosen during grading to enhance 
the stability of the response and to reduce variability between 
repeated evaluations of similar reports. 

To improve computational efficiency while maintaining 
high-quality formative feedback, GPT-4o-mini is employed 
exclusively for generating detailed feedback after the numerical 
grade has been determined. The generated feedback is consistent 
with the assigned score, as the grading decision is made before 
the feedback generation, and reduces the computational cost. An 
example of the formative feedback generated by the proposed 
framework is presented in Fig. 3. 
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Fig. 3. Example of AI-generated formative feedback. 

D. Rubric-Based Assessment 

The proposed framework employs a criterion-referenced 
rubric to ensure transparent, consistent, and pedagogically 
aligned assessment of engineering laboratory reports. The 
grading rubric consists of three complementary evaluation 
criteria, weighted as follows: Technical Accuracy (40%), 
Experimental Analysis (30%), and Completeness and 
Presentation (30%). 

Technical Accuracy receives the highest weighting because 
the primary objective of engineering laboratory assessment is to 
evaluate students' understanding and correct application of 
engineering concepts, calculations, and technical reasoning. 
Experimental Analysis emphasizes students' ability to interpret 
experimental results, discuss observations, and relate practical 
findings to theoretical concepts. Completeness and Presentation 
assess the organization, clarity, and professional quality of the 
laboratory report, reflecting the importance of technical 
communication in engineering education. 

During assessment, the language model considers each 
criterion by referring to the retrieved contextual resources, 
grading rubric, expected reference solutions, and the 
assignment-specific laboratory instructions. The weighted 
criterion scores are subsequently combined to produce the final 
assessment while maintaining consistency with the predefined 
learning outcomes and grading standards. 

E. Human-in-the-Loop Validation 

The proposed framework adopts a Human-in-the-Loop 
(HITL) validation strategy to ensure that the AI-assisted 
assessment is under the supervision of the instructor. The 
framework offers preliminary recommendations for the AI-
generated grade and feedback to assist instructors in the grading 
process, rather than automatically assigning a final grade.  

Following the initial evaluation, instructors review the 
proposed grade, generated feedback, and the corresponding 
laboratory report in relation to the grading rubric. They may 
approve the assessment without modification or revise the 
proposed score and feedback whenever discrepancies or 
pedagogical considerations are identified. Consequently, 
instructors retain full authority over the final grading decision 
while accommodating valid experimental variations and 
alternative solution approaches. 

By requiring instructor verification before grade publication, 
the proposed framework mitigates automation bias and 

combines the efficiency of AI-assisted assessment with the 
professional judgment and pedagogical expertise of the 
instructor. 

F. Academic Integrity Support 

In addition to automatic assessment, the proposed 
framework has an academic integrity support module to assist 
instructors in detecting potential plagiarism prior to grading. The 
module does not make the determination of whether academic 
misconduct has occurred, but provides similarity analysis to 
assist instructor judgment in the assessment process. 

The academic integrity module is integrated in the proposed 
framework but is not quantitatively evaluated in this work, as 
the goal is to validate the performance of the RAG-enhanced 
Human-in-the-Loop assessment framework. 

IV. EXPERIMENTAL SETUP 

A. Dataset 

The proposed framework was evaluated using 56 laboratory 
reports collected from undergraduate Electrical and Electronics 
Engineering (EEE) laboratory courses at a single higher 
education institution. As summarized in Table II, the dataset 
comprises four laboratory experiments covering analog 
electronics and circuit analysis. Three experiments were 
completed as group assignments, whereas the fourth required 
individual report submission. 

The laboratory reports include theoretical explanations, 
experimental procedures, calculations, observations, 
experimental analysis, tables, and conclusions, providing 
representative examples of undergraduate engineering 
laboratory documentation. These reports were utilized to assess 
the accuracy, consistency, and efficiency of grading of the 
proposed RAG-enhanced Human-in-the-Loop assessment 
framework. 

TABLE II.  DATASET COMPOSITION 

Laboratory Topic 
Assignment 

Type 
Reports 

TP1 Diodes Group 8 

TP2 Common Emitter Amplifier Group 8 

TP3 
Operational Amplifier 

Applications 
Group 8 

TP4 
Capacitor Charging and 

Discharging 
Individual 32 

Total   56 

B. Experimental Approach 

Instructor-assigned grades (on a 100-point scale) were used 
as the reference standard for evaluating the proposed 
framework. Each laboratory report was first graded manually by 
the course instructor according to the predefined assessment 
rubric. The same reports were subsequently evaluated using the 
proposed RAG-enhanced Human-in-the-Loop framework 
following the workflow illustrated in Fig. 1. 

For each submission, the framework extracted the report 
content, retrieved assignment-specific contextual resources via 
the RAG module, and generated an initial grade and formative 
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feedback. Next, the AI-generated grades were compared to the 
instructor-assigned grades to evaluate grading accuracy, 
consistency, and operational efficiency. During the 
experimental evaluation, instructor grades served exclusively as 
the reference for quantitative analysis. Although the proposed 
framework incorporates Human-in-the-Loop validation, 
instructor intervention was intentionally omitted during 
performance evaluation so that AI-generated grades could be 
compared directly with the reference grades under identical 
conditions. Instructors have full authority to review, modify, 
approve, or reject AI-generated assessments before the final 
grade is released in operational use. 

C. Evaluation Metrics 

The performance of the proposed framework was evaluated 
using six complementary metrics: Mean Absolute Error (MAE), 
Root Mean Squared Error (RMSE), Maximum Error, 
Agreement Rate (±5 points), Pearson Correlation Coefficient, 
and Grading Time Reduction. These metrics were selected to 
assess grading accuracy, agreement with instructor-assigned 
grades, and operational efficiency. 

Pearson Correlation Coefficient was used to measure the 
linear agreement between AI-generated and instructor-assigned 
grades, while MAE, RMSE, and Maximum Error quantified 
grading deviations. The Agreement Rate represents the 
percentage of laboratory reports for which the AI-generated 
grade differed by no more than ±5 points from the instructor-
assigned grade. Grading Time Reduction was used to evaluate 
the efficiency gained through AI-assisted assessment. 

To further assess the robustness of the proposed framework, 
statistical significance testing, p-values, and 95% confidence 
intervals were computed for the primary evaluation metrics. 
These complementary statistical measures provide additional 
evidence regarding the reliability and consistency of the 
proposed RAG-enhanced Human-in-the-Loop assessment 
framework. 

D. Implementation Details 

The proposed framework was implemented in Python using 
OpenAI GPT-4o as the primary model for rubric-based grading 
and GPT-4o-mini for formative feedback generation. Retrieval-
Augmented Generation (RAG) was implemented using the 
OpenAI text-embedding-3-small embedding model, which 
generates 1536-dimensional semantic embeddings. These 
embeddings were indexed in a Pinecone vector database using 
cosine similarity to enable efficient semantic retrieval of 
assignment-specific educational resources. 

Educational resources, including laboratory instructions, 
grading rubrics, reference solutions, and course materials, were 
indexed as complete semantic documents without additional text 
chunking because these resources are relatively short and self-
contained. For each laboratory report, the retrieval query was 
automatically constructed from the assignment title, assignment 
description, and corresponding course chapter. Metadata 
filtering was subsequently applied to retrieve the five most 
relevant educational resources, which were incorporated into the 
evaluation prompt together with the grading rubric, expected 
reference solutions, laboratory instructions, and the extracted 
laboratory report content. 

Table III summarizes the implementation parameters used 
during the experimental evaluation. 

TABLE III.   IMPLEMENTATION CONFIGURATION 

Parameter Value 

Programming Language Python 

Primary Grading Model GPT-4o 

Feedback Model GPT-4o-mini 

Embedding Model OpenAI text-embedding-3-small 

Embedding Dimension 1536 

Vector Database Pinecone 

Similarity Metric Cosine Similarity 

Indexed Documents Complete Semantic Documents 

Retrieved Documents Top-5 

Retrieval Filtering Assignment/Chapter Metadata 

Assessment Strategy RAG-Enhanced Rubric-Based Evaluation 

Human Validation Human-in-the-Loop 

V. RESULTS AND DISCUSSION 

A. Overall Grading Performance 

The proposed framework was evaluated using 56 
undergraduate Electrical and Electronics Engineering laboratory 
reports. Table IV summarizes the quantitative performance of 
the proposed framework by comparing AI-generated grades 
with instructor-assigned grades on a 100-point grading scale. 

TABLE IV.  PERFORMANCE OF THE PROPOSED FRAMEWORK 

Metric Value 

Number of Reports 56 

Grading Scale 0–100 points 

Mean Instructor Grade 83.64 

Mean AI Grade 80.09 

Mean Absolute Error (MAE) 3.55 points (95% CI: 3.23–3.89) 

Root Mean Squared Error 

(RMSE) 
3.77 points (95% CI: 3.43–4.11) 

Maximum Error 6 points 

Agreement Rate (±5 points) 89.29% 

Pearson Correlation 
0.988 (95% CI: 0.980–0.993, p < 

0.001) 

Manual Grading Time 392 min 

AI-assisted Grading Time 84 min 

Time Reduction 78.57% 

The proposed framework achieved a Pearson Correlation 
Coefficient of 0.988 (95% CI: 0.980–0.993, p < 0.001), 
indicating a statistically significant and very strong agreement 
between AI-generated and instructor-assigned grades. The 
Mean Absolute Error (MAE) was 3.55 points (95% CI: 3.23–
3.89), while the Root Mean Squared Error (RMSE) was 3.77 
points (95% CI: 3.43–4.11). Furthermore, 89.29% of the 
laboratory reports received AI-generated grades within ±5 
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points of the instructor-assigned grades, demonstrating high 
grading consistency. 

The mean instructor-assigned grade was 83.64 points, 
whereas the mean AI-generated grade was 80.09 points, 
indicating an average difference of 3.55 points. This result 
suggests a slight tendency of the AI to assign more conservative 
grades than the instructor. Nevertheless, the very high 
correlation coefficient, together with the narrow confidence 
intervals and relatively small grading errors, indicates that the 
proposed framework closely reproduces instructor grading 
decisions while maintaining consistent ranking of student 
performance across the evaluated reports. 

B. Agreement with Human Evaluation 

Fig. 4 illustrates the relationship between AI-generated 
grades and instructor-assigned grades for the 56 laboratory 
reports. Most data points are closely distributed around the line 
of perfect agreement, demonstrating strong consistency between 
the two grading approaches. 

 

Fig. 4. Correlation between instructor-assigned grades and AI-generated 

grades. 

Overall, 89.29% of the laboratory reports received AI-
generated grades within ±5 points of the instructor-assigned 
grades, while the maximum observed difference was 6 points. 
The mean AI-generated grade (80.09) was slightly lower than 
the mean instructor-assigned grade (83.64), corresponding to an 
average difference of 3.55 points. This observation suggests a 
slight conservative grading bias of the proposed framework 
rather than inconsistent assessment. Nevertheless, the very high 
agreement between AI-generated and instructor-assigned grades 
indicates that this bias has only a limited impact on the overall 
grading consistency and reliability of the proposed framework. 

C. Impact of Retrieval-Augmented Generation 

The Retrieval-Augmented Generation (RAG) module 
retrieves lab instructions, grading rubrics, reference solutions, 
and course materials relevant to each lab report, providing 
assignment-specific contextual information throughout the 
assessment process. The contextual resources are provided to the 
evaluation prompt, allowing the language model to execute 
rubric-aligned and course-specific assessment consistent with 
the intended learning outcomes. 

The high correlation between AI-generated and instructor-
assigned grades shows the effectiveness of the proposed RAG-
enhanced Human-in-the-Loop framework as an AI-assisted 
assessment system. Figure 5 shows an example of contextual 
information retrieved by the RAG module during the evaluation 
process. 

D. Human-in-the-Loop Validation 

The experimental results demonstrate that the proposed 
framework provides reliable preliminary assessments that can 
effectively support instructor decision-making. The high 
agreement between AI-generated and instructor-assigned grades 
indicates that the framework can substantially reduce instructor 
workload while maintaining grading consistency. 

Within the proposed Human-in-the-Loop workflow, AI-
generated grades and formative feedback are presented to the 
instructor as recommendations rather than final decisions. 
Instructors retain full authority to review, revise, approve, or 
reject the proposed assessment before the final grade is released. 
This validation process preserves pedagogical accountability 
while reducing the potential impact of automation bias in 
educational assessment. 

E. Grading Efficiency 

In addition to grading accuracy, the proposed framework 
substantially reduced the instructor's grading workload. The 56 
laboratory reports were evaluated manually in 392 minutes, 
whereas the AI-assisted evaluation completed the same grading 
task in 84 minutes, which is a reduction in grading time of 
78.57%. 

The reported grading time includes only the assessment 
process itself, encompassing laboratory report evaluation, score 
generation, and feedback generation. Initial system 
development, RAG knowledge base construction, document 
indexing, and system configuration were performed offline and 
were therefore not included in the reported grading time. Fig. 5 
compares the time required for manual and AI-assisted grading. 

 

Fig. 5. Manual and AI-assisted grading time comparison. 
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F. Discussion 

Experimental results indicate that the combination of 
Retrieval-Augmented Generation (RAG), rubric-based 
assessment, and Human-in-the-Loop validation provides an 
effective solution for the automated assessment of engineering 
laboratory reports. The proposed framework achieved strong 
agreement with instructor-assigned grades while substantially 
reducing grading time, highlighting its potential as an AI-
assisted decision-support tool that improves instructor 
efficiency while preserving instructor oversight. 

The reported results reflect the performance of the proposed 
framework as an integrated assessment system. Although the 
RAG module provides assignment-specific contextual 
grounding during assessment, the present study did not include 
a quantitative comparison between the proposed RAG-enhanced 
framework and an equivalent LLM-based grading approach 
without Retrieval-Augmented Generation. Consequently, the 
independent contribution of the RAG module cannot be isolated 
from the overall framework performance. 

Furthermore, the experimental evaluation was conducted on 
56 laboratory reports collected from undergraduate Electrical 
and Electronics Engineering courses at a single higher education 
institution. Therefore, the reported results should be considered 
as an initial validation of the proposed framework. Future work 
will investigate the proposed framework using larger, multi-
institutional, and multidisciplinary datasets, perform controlled 
comparisons between RAG-enhanced and non-RAG grading 
approaches, evaluate the effectiveness of the academic integrity 
support module, and explore the integration of multimodal 
vision-language models to enhance the interpretation of 
graphical laboratory artifacts, including circuit diagrams, 
experimental plots, screenshots, and handwritten annotations. 

VI. CONCLUSION AND FUTURE WORK 

This study presented a Retrieval-Augmented Generation 
(RAG)-enhanced Human-in-the-Loop framework for the 
automated assessment of engineering laboratory reports using 
Large Language Models. By integrating structured content 
extraction, contextual retrieval, rubric-based grading, automated 
formative feedback generation, academic integrity support, and 
instructor validation into a unified workflow, the proposed 
framework provides a comprehensive AI-assisted assessment 
solution for engineering education. 

Experimental evaluation on 56 undergraduate Electrical and 
Electronics Engineering laboratory reports demonstrated that 
the proposed framework can provide accurate, consistent, and 
efficient AI-assisted assessment while preserving instructor 
oversight. The framework achieved a Pearson Correlation 
Coefficient of 0.988 (p < 0.001), a Mean Absolute Error (MAE) 
of 3.55 points, an Agreement Rate of 89.29%, and a grading time 
reduction of 78.57%, demonstrating its potential to improve 
assessment efficiency while maintaining grading quality and 
supporting reliable formative assessment in engineering 
education. 

Future work will focus on validating the proposed 
framework using larger multi-institutional and multidisciplinary 
datasets, conducting controlled comparisons with equivalent 
LLM-based grading approaches without Retrieval-Augmented 

Generation, evaluating the effectiveness of the academic 
integrity support module, and investigating the integration of 
multimodal vision-language models to further enhance the 
assessment of graphical laboratory artifacts. 
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