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Abstract
Grading project reports is increasingly significant in today’s educa-
tional landscape, where they serve as key assessments of students’
comprehensive problem-solving abilities. However, it remains chal-
lenging due to the multifaceted evaluation criteria involved, such
as creativity and peer-comparative achievement. Meanwhile, in-
structors often struggle to maintain fairness throughout the time-
consuming grading process. Recent advances in AI, particularly
large language models, have demonstrated potential for automating
simpler grading tasks, such as assessing quizzes or basic writing
quality. However, these tools often fall short when it comes to com-
plex metrics, like design innovation and the practical application
of knowledge, that require an instructor’s educational insights and
contextual understanding of the class. To address this challenge,
we conducted a formative study with six instructors and developed
CoGrader, which introduces a novel grading workflow combin-
ing human-LLM collaborative metrics design, benchmarking, and
AI-assisted feedback. CoGrader was found effective in improving
grading efficiency and consistency while providing reliable peer-
comparative feedback to students. We also discuss design insights
and ethical considerations for the development of human-AI col-
laborative grading systems.
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1 Introduction
With the revolutionary development of generative artificial intelli-
gence (GAI), not only is our day-to-day life undergoing significant
changes, but the skills that are valued and emphasized in education
are also shifting in a foreseeable way [8, 26]. Recent educational
research argues that skills such as critical thinking, creativity, and
problem-solving are becoming increasingly important, as they en-
able individuals to move beyond simple information recall and
engage in complex, valued thinking processes [2, 47, 84]. Among
various learning activities, project-based learning (PBL) stands out
as particularly effective in cultivating these significant thinking
skills [3, 11, 49]. By immersing students in real-world challenges,
PBL fosters the application of theoretical knowledge, the devel-
opment of original ideas, and the synthesis of interdisciplinary
insights [18, 72].
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Despite its educational value, assessing project reports remains
one of the most challenging and time-consuming tasks for instruc-
tors [4, 82]. Unlike standardized learning activities such as quizzes,
project reports require evaluation across a range of complex, multi-
faceted, and often customized metrics that rely on an instructor’s
educational insights, including assessments of originality, practical
application of knowledge, and the level of effort and achievement
compared to peers [10, 52]. The complexity of these metrics, com-
bined with the need for subjective judgment, necessitates nuanced
evaluation and deep domain expertise, making the grading process
particularly demanding. Additionally, instructors face the challenge
of maintaining consistency and fairness throughout the grading
process, especially over extended periods where there is a risk of
grading standards drifting [57, 68, 85]. In many cases, instructors
must revisit and adjust earlier scores as they develop a clearer
sense of overall class performance, resulting in repetitive work and
potential inefficiencies [88].

Recent advances in AI, particularly large languagemodels (LLMs)
such as ChatGPT, have demonstrated significant promise in au-
tomating various educational tasks for instructors [1, 54, 81]. For ex-
ample, LLMs have successfully been employed to generate multiple-
choice questions, provide personalized exercises and feedback to
students, and even support the training of novice teachers [53, 58,
64, 78, 83]. Specifically in the context of grading, existing studies
highlight LLMs’ strengths in efficiently evaluating standardized
components such as structural clarity, coherence, and basic lan-
guage correctness [38, 77]. However, LLMs often struggle when
grading complex or subjective criteria, such as assessing original-
ity, evaluating creative problem-solving approaches, or accurately
interpreting context-specific insights in project reports. Common is-
sues include misinterpreting nuanced student arguments, providing
overly generic feedback, or incorrectly assessing the significance
of unique ideas or methods presented by students [12, 45].

Conversely, experienced instructors excel in making nuanced
judgments informed by their educational insights and contextual
knowledge of the class, yet they can experience challenges in main-
taining consistent standards or managing potential biases over
extensive grading tasks. Thus, a collaborative approach where hu-
man instructors retain primary responsibility for assessment, sup-
ported by AI-generated suggestions and preliminary evaluations,
provides an effective solution. Human oversight ensures accuracy,
fairness, and customized feedback specifically aligned with the
unique qualities and learning objectives of each student’s project
report [7, 23, 55].

As a result, while LLMs has made significant strides in automat-
ing educational tasks, its integration into the complex workflow of
grading project reports remains largely unexplored. To address this
gap, we propose a human-AI collaborative workflow that blends
LLMs’ computational strengths with human instructors’ nuanced
expertise. The workflow begins with an LLM-powered project re-
quirement analysis and collaborative metric design, allowing in-
structors to select and refine relevant report assessment metrics.
Next, LLM automatically grades the reports, providing reference
scores and comments for each user-selected metric. Instructors then
review these initial assessments, using LLM-generated insights to
guide the selection of benchmark reports. Once benchmarks are
established, LLM re-evaluates each report, offering comments that

compare the performance on each metric against these benchmarks.
This not only provides students with individualized feedback but
also allows them to learn from peer comparisons by understanding
how their work measures up to the benchmark reports. Instructors
can review and modify LLM’s comments for each criterion, while
also freely adding their own annotations and comments on other
parts of the report as needed. Finally, LLM consolidates all grades
and comments, generating personalized, comprehensive feedback
for each report.

Throughout the process, instructors retain full authority over
judgments, while the LLM accelerates the grading workflow by
providing initial evaluations and speeding up benchmark-driven re-
grading, all while ensuring detailed feedback for students. This
collaborative approach combines AI efficiency with human ex-
pertise, maintaining fairness and accuracy with the instructors’
judgment at the core. As a result, students receive more timely,
peer-comparison-based, and personalized feedback, enabling them
to reflect on their work and learn from their peers, fostering growth
and deeper understanding in project-based learning. To summarize,
our paper makes the following three contributions:

• A formative study that identifies instructors’ challenges in
grading project reports and explores how integrating LLMs
like ChatGPT can address these challenges while keeping
instructors in control, laying the foundation for an effective
human-AI co-grading framework.

• The design and implementation of CoGrader, a novel human-
AI collaborative grading workflow that integrates LLMs for
metric design, report evaluation, benchmark comparison,
and feedback generation, enhancing grading efficiency and
consistency while providing students with valuable, peer-
comparative feedback to support their learning and improve-
ment.

• An evaluation of CoGrader demonstrates the effectiveness
of the proposed workflow, highlights instructors’ strong
preference for its use, and underscores the broader potential
of human-AI collaboration in tackling complex educational
tasks, ultimately enhancing students’ learning experiences.

2 Related Work
In this section, we review prior work on the challenges of assessing
project-based learning (PBL), AI-powered tools for grading and
educational assessment support, and the use of large language
models (LLMs) as interfaces to assist instructors in educational
contexts.

2.1 PBL and Assessment Challenges
PBL is widely regarded as an effective pedagogical method by engag-
ing students in real-world [39] and interdisciplinary [14] challenges.
In PBL, students typically engage in long-term projects, acquiring
practical skills through completing artifacts, such as project re-
ports [13]. Research has explored the advantages of PBL in enhanc-
ing students’ skills, including fostering self-regulated learning [37],
cultivating creativity [30], and developing critical thinking and
collaboration [50].

Grading project reports is one of the primary method for assess-
ing the learning outcomes of PBL. The traditional grading method
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utilizes a comprehensive grading rubric that outlines specific crite-
ria and corresponding levels of achievement for each aspect of the
project [15, 31]. While this method aims to standardize evaluations,
it has limitations. First, the rubric makes it hard to capture qualita-
tive elements like creativity and originality [20]. Second, rubrics
can introduce bias [65] in evaluation when multiple instructors
or teaching assistants review reports, as the evaluators’ personal
preferences can influence the grading process. Third, developing
a standard and comprehensive rubric for PBL projects by instruc-
tors can be time-consuming, especially when dealing with complex
projects or diverse student work [65]. Moreover, rubric-based grad-
ing is susceptible to grading drift over time [42], as instructors
often find it difficult to maintain consistent and fair evaluations
throughout a lengthy grading process.

These limitations pose significant challenges due to the need
for instructors to evaluate diverse, complex, and often subjective
rubrics and metrics. Our proposed workflow addresses these chal-
lenges through a human-AI collaborative approach. By combining
collaborative metric design and selection with an iterative, LLM-
facilitated grading process, instructors can reduce the burden of
grading standardized, repetitive metrics, allowing greater focus on
complex, subjective evaluations. Meanwhile, the benchmarking-
driven auto regrading process significantly accelerates the grading
workflow, promotes fairness and mitigates grading drift, ensuring
consistent and reliable assessments.

2.2 AI for Learning Assessment
The increasing complexity of educational assessment has driven
the development of AI tools to support grading and feedback. These
tools typically either automate the grading process or assist instruc-
tors by providing references and insights in a human-AI collabora-
tive manner.

Advancements in artificial intelligence have enabled the devel-
opment of tools that automate grading and assessment tasks [32].
For example, AI-powered programming assistants such as CodeAid
and Learning with Style [36, 71] offer automated, real-time evalua-
tion of code quality and style. Similarly, tools like VoiceCoach and
TypeTalker [5, 86] provide immediate grading and comments for
students’ spoken language assignments. While these tools signifi-
cantly enhance efficiency and consistency in assessment, they also
raise concerns around transparency, fairness, and potential biases
in AI-driven evaluation [51, 96], underscoring the importance of
maintaining human oversight in educational contexts.

In addition to automated grading tools, a growing body of work
explores the use of AI to facilitate feedback generation and commu-
nication among students and instructors, recognizing the pedagog-
ical value of peer evaluation and teacher feedback [73, 92]. Tools
such as SlideSpecs [87] and chat.codes [59] help aggregate pre-
sentation feedback and code comments from student discussions,
streamlining the feedback process and enhancing communication
efficiency.

Other platforms—such as RichReview++ [90], edX [91], Group-
Meter [44], and DeepThinkingMap [46]—employ multimodal AI
techniques to support feedback generation through visualizations,
annotations, and recommendation systems for both peers and in-
structors. Additionally, large-scale peer grading and peer-comparison

tools have been developed to enhance fairness and scalability in
assessing subjective assignments [21, 28, 67, 94]. While these sys-
tems highlight the benefits of feedback in fostering learning and
engagement, they often rely heavily on active student participation,
which can limit their effectiveness and scalability in real-world
classroom settings.

Further work highlights the trade-offs in feedback quality and
timing, especially in balancing rapid feedback with depth and per-
sonalization. Studies have explored how feedback timing impacts
learning outcomes [56, 89] and how students perceive automatically
generated feedback [9]. These insights reinforce the importance of
designing AI-assisted feedback systems that maintain pedagogical
value while providing timely support.

Our work builds on these foundations by introducing an AI-
assisted framework that automates large-scale, peer-comparative
evaluations under human guidance. The system ensures that in-
structors retain a central, decision-making role in the grading work-
flow through clearly defined responsibilities, while leveraging AI to
enhance efficiency and consistency. It also promotes transparency
and generates concise, personalized feedback for students. This
approach addresses key ethical concerns in AI-driven assessment
by preserving instructor oversight and reinforcing the educational
value of meaningful, actionable feedback.

2.3 LLM-Powered Educational Support Systems
Recent studies have increasingly leveraged large language mod-
els (LLMs) to build educational systems that support both student
learning and instructor workflows [17, 22, 35, 70, 76]. In this sec-
tion, we focus on the latter—LLM-powered tools designed to assist
instructors with a range of other educational tasks beyond grading.

For example, LLMs have been used to assist with course plan-
ning [24, 33], project or assignment design [69], and evaluating
students’ usage of generative AI tools [95]. Other systems leverage
LLMs for interdisciplinary ideation [25] or simulate virtual class-
mates and teaching assistants to facilitate classroom interactions
and collaborative learning [36, 40, 48].

Additionally, several systems have integrated LLMs into learning
analytics pipelines and formative feedback workflows, enabling per-
sonalized support based on students’ behavior and performance [19,
34, 79, 80, 93]. These works highlight the growing role of LLM-
powered interfaces in enhancing various aspects of instructional
design, classroom facilitation, and teaching support.

However, recent studies have raised concerns that LLM-powered
systems may inadvertently reduce instructor engagement and cog-
nitive effort over time [41, 43]. Additionally, emerging research
has shown that LLMs may exhibit “self-favoritism” biases, rating
their own outputs more favorably than human-written content [66],
posing risks to fairness in grading contexts where originality is
critical. Our system mitigates these concerns by positioning AI-
generated comments primarily as evidential support rather than as
final judgment. Key procedures, such as benchmark selection and
AI comment revision, remain fully instructor-driven to encourage
critical review of AI outputs and ensure fairness through sustained
human oversight.
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Building on these efforts, our work addresses a more complex
and pedagogically significant challenge: grading open-ended re-
ports in project-based learning. It advances human-AI collaboration
by providing a scalable solution that supports instructors in manag-
ing grading and helps students receive meaningful, improvement-
oriented feedback.

3 Formative Study
To gain a deeper understanding of the challenges and needs instruc-
tors face when grading students’ project reports, we conducted
semi-structured interviews with six university instructors, includ-
ing two assistant professors, three lecturers, and one postdoctoral
researcher. All participants had at least three years of experience
in designing and grading project reports.

Each session lasted approximately 70 minutes and included two
parts: a 30-minute discussion focused on current project report
grading workflows and their pain points, followed by a 40-minute
brainstorming session to identify which evaluation aspects might
be appropriate for AI automation and which should remain un-
der human control. This structure helped surface both practical
challenges and design opportunities for collaborative AI-assisted
grading systems.

With participant consent, three co-authors independently re-
viewed the interview notes and recordings. Using open coding,
they extracted key concepts and clustered them into emerging
themes. Through two rounds of discussion, discrepancies were re-
solved, and consensus was reached on the core themes. Below, we
summarize the key findings from these discussions.

3.1 Workflow and Challenges in Grading
Project Reports

Instructors generally follow a structured workflow when grading
project reports, though they encounter several recurring challenges
at each stage. Insights from our interviews reveal the following
workflow stages and associated challenges:

S1: Appropriate Grading Metrics Design: The grading pro-
cess begins with designing metrics that align closely with course
learning outcomes and project requirements. A primary challenge
at this stage is ensuring that these metrics remain consistently
aligned with the objectives shared with students, providing clear
expectations while accommodating diverse approaches in student
submissions.

S2: Quick Overview and Benchmark Selection: Instructors
often start the grading process by skimming through all submis-
sions to gain a high-level understanding of the overall quality and
performance distribution within the class. During this phase, they
also identify a few representative submissions to serve as bench-
marks to guide more consistent evaluation later. However, this
step is always cognitively demanding, especially when the number
of submissions is large or when the quality differences are subtle.
Instructors often find it challenging to quickly identify suitable
benchmark reports while ensuring their initial impressions remain
unbiased and representative of the overall submission quality.

S3: Detailed Evaluation, Benchmark Adjustments, and
Retroactive Grading: After the initial overview and selection of
benchmark reports, instructors proceedwith the detailed evaluation

of each report according to the grading metrics, often comparing
them to the selected benchmarks. During this phase, instructors
frequently update benchmarks and revisit previously graded re-
ports to ensure consistency, making necessary adjustments based
on new insights. This iterative process of retroactive grading is
time-consuming and poses significant challenges, particularly when
grading open-ended reports. Instructors highlighted the challenge
of maintaining fairness in subjective judgment throughout the grad-
ing process, especially when evaluating factors like innovation and
peer-comparative design quality.

S4: Comprehensive Feedback and Synthesizing Class-Level
Insights: After evaluating each report, instructors provide feed-
back, though they often find it challenging to deliver detailed, cohe-
sive comments that address all critical points. Writing comprehen-
sive feedback is time-intensive, leading some instructors to focus on
limited key points and encourage students to seek additional guid-
ance in office hours. Instructors also recognize the importance of
comparing individual reports against overall class performance to
highlight improvement areas. However, synthesizing these insights
across all reports and effectively communicating them to the class
presents another significant challenge, requiring substantial time
and effort to ensure feedback is both meaningful and actionable.

3.2 Perceptions of AI in Grading Assistance
In the second phase of our formative study, we first asked instruc-
tors to share their overall impressions of integrating AI tools like
ChatGPT into the grading process. All instructors expressed an
open-minded and positive attitude toward using AI to support the
evaluation of project reports. At the same time, most emphasized
the necessity of maintaining a certain level of human control over
key parts of the grading workflow. To gain deeper insights into the
appropriate roles of AI in the system, we further posed two guiding
questions and encouraged instructors to openly brainstorming:

(Q1) Which parts of the grading process could be effectively man-
aged by AI tools alone such as ChatGPT or automated algorithms?

(Q2) Which aspects of grading would remain challenging or unre-
liable for AI alone, where human expertise is indispensable?

Based on their reflections, we identified specific tasks correspond-
ing to each question. In the following section, we first summarize
the tasks that instructors viewed as well-suited for AI automation
(Q1), followed by tasks where AI could play a supporting role but
human judgment remains essential (Q2).

3.2.1 Tasks Suitable for AI and Automated Algorithms Alone:

(1) Automated Metrics Generation and Recommendation:
AI can support instructors by analyzing project requirements
to suggest relevant assessment metrics, acting as a brain-
storming tool to recommend valuable criteria for considera-
tion in grading design.

(2) Standardized Report Evaluation: Instructors noted AI’s
potential to handle basic assessments of submissions, includ-
ing generating summary statistics, preliminary scores, and
comments based on standardized criteria. These automated
checks could cover areas like formatting, grammar, and other
objective elements.

(3) Content Summarization and Key Point Extraction: AI
can assist by efficiently summarizing reports and extracting
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key points, providing instructors with a quick and clear
overview of each submission’s core ideas.

3.2.2 Tasks Where AI Assists but Human Judgment is Essential:

(1) Benchmark Selection and Retroactive Grading:
Instructors noted that while AI can streamline the bench-
marking process by suggesting rankings, classifications, and
comparisons among student reports, it may lack the nuanced
understanding needed for complex assessments. AI can as-
sist by automating score updates during retroactive grad-
ing, reducing the manual effort required for revisiting prior
evaluations. However, instructors emphasized that human
judgment is essential to interpret context-specific elements
and ensure that benchmarks align with course objectives and
standards, particularly when evaluating complex or open-
ended submissions.

(2) Evaluating Subjective Aspects:While AI can aid in eval-
uating subjective aspects—such as creativity, novelty, and
aesthetic quality—final judgment should remain with in-
structors. AI could provide supportive comments and, where
possible, generate quantitative insights to complement in-
structor evaluations, such as assessing workload intensity,
identifying unique insights, or highlighting innovative ideas
within reports.

(3) Feedback and Insights Generation: AI can assist in gen-
erating detailed, individualized feedback by organizing and
expanding upon instructors’ notes and evaluations, rather
than generating feedback independently. This approach en-
ables AI to provide students with clear, actionable points and
compile class-wide insights to identify common strengths
and areas for improvement. However, because AI lacks the
contextual understanding and sensitivity required for nu-
anced feedback, human input remains essential to ensure
the feedback aligns with learning objectives and addresses
each student’s unique approach and progress.

4 System Design
In this section, we first outline the core design requirements of the
system, followed by an overview of CoGrader through a representa-
tive user example. We then describe the system’s frontend interface
and backend components in detail.

4.1 Design Requirements for the Grading Tool
Based on the insights gained from the formative study, we identified
several key requirements for the development of an AI-assisted
grading tool that facilitates a human-AI collaborative process in
grading students’ project reports:

R1: Automatic Extraction of Core Metrics from Project
Requirements. The system should be able to analyze and inter-
pret instructors’ project descriptions to automatically extract and
summarize key grading criteria. This includes outlining essential
evaluation metrics directly derived from the provided requirements,
ensuring that foundational assessment standards are identified early.
Automating this step helps streamline the initial grading setup and
reduces manual workload, allowing instructors to concentrate on
more complex and subjective aspects of evaluation.

R2: EnrichingMetrics throughCollaborative,Multi-Source
Generation. Building on the core metrics, the system should sup-
port a human-AI collaborative process to expand and refine the met-
ric set. This includes AI-suggested metrics beyond project require-
ments, integration of external standards or rubrics, and instructor-
provided additions ormodifications. The system should also support
co-designing new metrics tailored to specific learning goals, ensur-
ing that the final assessment criteria are comprehensive, context-
aware, and aligned with instructional intent.

R3: Automated Preliminary Analysis and AI-Driven In-
sights. The system should provide automated preliminary assess-
ments of all submissions, including summary statistics of evaluation
scores and AI-suggested comments or recommendations for instruc-
tor review. These insights help instructors quickly grasp overall
class performance, identify potential benchmark submissions, and
enter the grading process with a clearer understanding of report
quality distribution—ultimately supporting a more informed and
efficient evaluation workflow.

R4: AI-Assisted Report Benchmarking, Comparison, and
Retroactive Grading. The system should support AI-assisted
benchmarking and report comparison, allowing instructors to se-
lect, review, and update benchmark submissions with AI recom-
mendations throughout the grading process. These benchmarks
serve as reference points to maintain grading consistency. The tool
should also enable automated retroactive grading, where previously
scored reports are re-evaluated based on updated benchmarks. This
AI-instructor collaboration reduces manual effort while ensuring
fairness and coherence across all submissions.

R5: AI-Assisted, Instructor-Centered Feedback and Insight
Generation. The system should support instructors in compos-
ing clear, structured feedback by synthesizing their annotations,
comments, and grading decisions across the evaluation process. AI-
assisted summarization and phrasing can reduce the time and effort
required to generate detailed feedback. Crucially, the final feedback
should prioritize instructor-authored content, with AI-generated
suggestions used to supplement areas not covered—ensuring clarity,
consistency, and pedagogical integrity.

R6: Ensure Instructor Authority and Balance AI Reliance.
The system must maintain instructors’ full authority over the grad-
ing process by clearly positioning AI outputs as supportive refer-
ences rather than final decisions. AI should primarily assist with
routine, low-judgment tasks—such as grammar checks and initial
comment drafting—to reduce cognitive load and allow instructors to
focus on nuanced, expertise-driven evaluation. All critical actions,
including selecting criteria, identifying benchmark reports, and as-
signing final grades, remain under instructor control. To encourage
instructor active review, AI-generated comments must include di-
rect excerpts from student reports as evidence, discouraging passive
acceptance of AI suggestions.

Together, these design requirements respond to the key chal-
lenges surfaced in our formative study, highlighting opportunities
where AI can meaningfully support and streamline the grading
process, while ensuring that instructors retain full control over
final decisions.
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Figure 1: System interface of CoGrader. The Metric View (A) provides functions for uploading reports and project requirements
(a1), along with co-design tools for generating multi-perspective project assessment metrics (a2). The Benchmarking View (B)
includes a Benchmark Comparison zone (b1) where users can compare metric scores between a focused report and user-selected
benchmarks. The Selected Metrics zone (b2) below offers an overview of metric score distribution across all reports. The Report
List zone (b3) displays uploaded reports, allowing users to trigger automatic report evaluation, review and edit AI-generated
scores and comments for each metric, or select benchmarks for AI-assisted iterative regrading. The Feedback View (C) shows the
contents of the focused report (c1), enabling users to review and annotate (c2). Users can also access the AI-generated summary
and create the final feedback for the focused report (c3).

4.2 CoGrader System Design
Building on the design requirements outlined above, we developed
CoGrader, a system that provides AI-driven support for instructors
in grading project-based reports. CoGrader is designed to seam-
lessly integrate into existing grading workflows, combining the
efficiency of AI with the nuanced judgment of human instructors
to enhance grading consistency and reduce workload. The system
automates the analysis of project requirements, supports collabora-
tive metric generation, and streamlines benchmarking and feedback
processes. This section begins with a walkthrough of a typical user
experience with CoGrader, followed by a detailed explanation of
each system component and how it addresses the identified design
requirements.

4.2.1 Example User Walkthrough. Jason teaches a data visualiza-
tion course at a local university. As a hands-on course, he assigns
a term project midway through the semester, which he plans to
use as the primary assessment of his students’ learning outcomes.
The project is open-ended, allowing students to either choose from
a set of sample topics or select their own datasets and perform

self-directed analytics tasks. Along with the project, Jason provides
students with a set of project requirements, which include key de-
tails such as the report style (e.g., academic writing), report contents
(e.g., Introduction, Related Works, ...), and general grading metrics
(e.g., system sophistication, design quality, ...).

At the end of the semester, Jason collects over 20 project reports,
each approximately 5 pages long, and faces the daunting task of
grading them. Although he has the project requirements, they are
broad and abstract, making it challenging to grade efficiently while
maintaining high-quality grading standards. To assist with this,
Jason uses CoGrader. Jason begins by uploading all the student re-
ports into CoGrader, along with the original project requirements
that were shared with the students at the start of the term. He then
clicks the “Analyze Requirement” button in the Metric List area,
allowing the AI to assist in generating assessment metrics based on
both the project requirements and AI suggestions. After reviewing
the AI’s analysis, Jason selects the recommended metrics: “Content
Coverage”, “Technical Depth”, and “Innovation and Creativity In-
dex”. Recognizing that “Content Coverage” is more objective, he
sets it as an “Auto Grade” metric. In contrast, he designates the
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Figure 2: The components in Metric View: (A) The Uploading Zone of CoGrader, where users can upload project requirements
and report files. (B) Automatic metric analysis, generating Report Objective Metrics and Extra Potential Metrics based on the
uploaded project requirements. (C) The predefined Standard Writing Metrics and User Customized Metric design area which
allow users to create metrics using natural language descriptions.

other two as “Score Reference” metrics to reflect their more subjec-
tive nature and to remind himself to later review the AI-generated
comments for those aspects.

With the metrics defined, Jason moves to the Benchmarking
View, where he allows the AI to automatically grade all the re-
ports based on the selected metrics and generate reference scores
and comments. This provides him with an overview of the AI-
recommended score distribution and the corresponding report rank-
ings in the Report List below. By clicking on a report card, Jason
can review its details in the right-hand Feedback View, where the
Focused Zone allows for in-depth examination and reflection. He
reviews the AI-generated scores and comments alongside the orig-
inal report content, making annotations in the Annotation Zone
and adjusting the scores and comments for each metric as needed.
After reviewing about one-third of the reports, Jason identifies one
report as a good example (higher benchmark) and another as a
bad example (lower benchmark) . He designates these as bench-
marks back in the Report List, spending additional time to refine
the grading and comments for these two reports. To expedite the
grading of the remaining reports, Jason selects them all and clicks
the “Regrade Reports” button at the bottom of the Report List area,
allowing the AI to regrade each report based on the previously
defined metrics and the selected benchmarks. With the updated
scores in hand, Jason conducts an iterative review, comparing each
report’s metric scores against the two benchmarks using the radar
charts in the above Benchmark Comparison area. Once satisfied
with the scores, Jason moves to the Summary & Feedback zone
in the bottom-right corner of the Feedback View, where he uses
the AI to automatically generate personalized feedback based on
the grading results, his annotations, and comments. Finally, Jason
exports all the feedback and sends it to his students for their review.

4.3 CoGrader Frontend Components
In the following section, we introduce the CoGrader frontend user
interface and the core components.

4.3.1 Metric View. CoGrader is meticulously designed to assist
instructors in the project report grading process while ensuring

they retain control throughout. The grading process begins with
the instructor uploading the project report files (fig. 2-a1) and the
project requirements (fig. 2-a2) via the Uploading Zone (fig. 2-A).

After the project requirements are uploaded, CoGrader auto-
matically analyzes these requirements to support the instructor’s
grading metrics generation (R1). Instructors can initiate this pro-
cess by clicking the “Analyze Requirement” button (fig. 2-b1). The
system generates two categories of metrics: Report Objective
Metrics (fig. 2-b1) and Extra Potential Metrics (fig. 2-b2). The
Report Objective Metrics are derived directly from the uploaded
requirements, ensuring alignment with the instructor’s expecta-
tions. In contrast, the Extra Potential Metrics are suggested by
the AI based on its understanding of valuable aspects that might not
be explicitly mentioned in the requirements but could be important.

Each metric is presented in a list format, where hovering over the
metric name provides a detailed explanation and suggested formula
(fig. 2-b1). Instructors can select metrics for further analysis by
checking the box next to each metric. They can also categorize each
metric into two types: Auto Grade or Score Reference. Auto Grade
metrics are those where instructors can rely fully on AI-generated
results, while Score Reference metrics are more subjective, requiring
AI suggestions but leaving the final judgment to the instructor. This
design is in line with the user control principle outlined in R6,
ensuring that from the metric selection phase onward, instructors
have primary control while AI provides sufficient support.

Additionally, CoGrader offers predefined Standard Writing
Metrics, such as grammar and language clarity checks (fig. 2-c1),
for instructors to select as needed. To provide even greater flexi-
bility, the system includes a Customized Metric Design feature
(fig. 2-c2), allowing instructors to describe additional metrics in
natural language. The AI then assists by generating customized
metrics and their corresponding formulas. It also cross-references
the instructor’s customized metrics with existing ones to avoid
redundancy, highlighting any overlaps in red. This collaborative
approach to metric design ensures that the generated metrics are
comprehensive and reliable, aligning with the design requirement
R2 while still preserving user control as emphasized in R6.
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Figure 3: (A) The Report List in the Benchmarking View. Each uploaded report is presented as a report card. Users can view
average scores for each metric group (a2), review and edit detailed scores and comments for selected metrics (a3), and select
benchmark reports (a1). Additionally, users can initiate automatic grading and benchmark-driven regrading with a click (a4).
(B & C): The focused report details in the Feedback View. (B) Users can view the focused report file by clicking on each report
card in the report list (A). Users can freely highlight sections (b1) and add comments (c1) to the highlighted content. (C) These
annotations are saved for use in generating report feedback.

4.3.2 Benchmarking View & Feedback View. After co-designing
and selecting the desired metrics, users can send the metrics to
the Benchmarking View (fig. 1-B) for further report grading
through a collaborative benchmarking process (R4). The Bench-
mark Comparison component (fig. 1-b1), the Selected Metrics
component (fig. 1-b2) work together with the Focused & Annota-
tion & Summary Zone (fig. 1-c1,c2,c3) in the Feedback View to
assist instructors in benchmarking and reports grading.

In the Benchmarking View, user-uploaded reports are dis-
played in a list format (fig. 3-A). Initially, by clicking the “Grade
Reports” button (fig. 3-a4) at the bottom of, backend AI components
will quickly grade all reports based on the user-selected metrics, and
return reference scores along with AI-generated comments to pro-
vide the automated preliminary analysis (R3). The average scores
recommended by AI are displayed in the Report List (fig. 3-a2).
Meanwhile, instructors can click the “Show Details” button to view
detailed scores for each metric along with AI’s comments (fig. 3-a1).
These AI-recommended scores serve as a reference, and instructors
are free to modify and update the scores (fig. 3-a3) for each metric
(R6). To start a in-depth review of each report, instructors can click
on each report card to focus and view the original report in the
Focused Zone (fig. 3-B). Instructors are able to highlight, annotate,
and edit freely within the Annotation Zone (fig. 3-C) during the
grading process. All the metric scores, together with instructors’
highlights and annotations will all be saved for the further feedback
generation in the Summary and Feedback Zone (fig. 5).

During the reviewing process, once instructors identify reports
suitable to serve as benchmarks, they can go back to the Report
List and click the “Set Benchmark” button inside each report card
(fig. 3-a1) to designate the current report as either a Benchmark
High or Benchmark Low for further grading reference.

After instructors decide the benchmarks and select the report to
focus on, their metrics scores will be updated in the Benchmark
Comparison Zone, where users can easily compare the focused
report with the selected benchmarks under each metric for a fur-
ther grading adjustments (fig. 4-A). The Benchmark Comparison

Zone features four radar charts, with each vertex representing
a unique metric. The first two radar charts compare the focused
report with the Lower benchmark (fig. 4-a1), and the last two com-
pare it with the Higher benchmark (fig. 4-a2). A consistent color
coding scheme is used, with red representing the benchmarks and
blue representing the focused report. Instructors can hover over
the labels in the radar charts to view the full name of each metric
(fig. 4-a3). The radar charts provide a clear comparison for the fo-
cused report, helping instructors to quickly review the AI’s grading
for each metric. Additionally, an overview of the metric scores dis-
tribution among all reports is provided below, clustered into two
categories based on the user’s original selection in Metric View
(fig. 4-B).While reviewing individual metric values, users can sort
the report cards in the Report List below (fig. 3-A) by clicking on
each metric name to arrange them in descending order of scores
(fig. 4-b1). These functions streamlines the benchmarking process,
aligning with the proposed design requirement (R4) in a convenient
and efficient manner.

Throughout the AI-assisted grading process, instructors often
perform multiple iterations of benchmark selection and regrad-
ing—a task that can be time-consuming and cognitively demanding
when aiming to ensure fairness and consistency. To support this
process, CoGrader provides a regrade function aligned with our
design goals (R4) and safeguards the balance of reliance on AI
(R6). Once benchmarks are selected, instructors can trigger auto-
mated regrading by clicking the “Regrade Reports” button (fig. 3-a4),
prompting the system to re-evaluate each report against the selected
metrics, benchmarks, and comments. Crucially, these AI-generated
updates also serve as supportive suggestions only and can be freely
discarded or revised by instructors. Instructors are encouraged to
critically review these outputs and repeat the regrading process
as needed to ensure the outcomes align with their pedagogical
standards (R6).

Finally, once the benchmarking-driven grading process is com-
plete, instructors can generate summarized feedback for each re-
port to share with students. By clicking the “Generate Feedback”
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Figure 4: (A) The Benchmark Comparison component. Radar charts (a1 & a2) comparing the focused report with both high and
low benchmarks. Each vertex (a3) represents a user-selected metric, categorized based on user labels (auto grade or reference
score) from the Metric View (fig. 2-B & C). (B) The Selected Metrics component. Users can check the selected metrics list and the
corresponding score distribution charts. Users can click on each metric (b1) to view its score distribution (b2) across all reports,
with the Report List (fig. 3-A) automatically sorted in descending order based on the selected metric.

button in the Summary & Feedback zone (fig. 5-A,B), AI will
automatically compile all metric grades and comments, along with
the instructor’s highlights and annotations from (fig. 3-A,B,C), to
generate personalized summary and feedback for each report (fig. 5-
A,B). The feedback is structured to prioritize instructor-authored
content, followed by instructor-edited AI suggestions, with pure
AI-generated comments used only to fill remaining gaps (R5). In-
structors remain free to review and revise the output before ex-
porting it to students (R6). These features support consistent and
personalized feedback, enhancing the student learning experience
while reducing the instructor’s workload (R5 & R6).

Figure 5: The Summary and Feedback zone, where users can
view an AI-generated summary of the selected report (A).
Users can also generate feedback for the report (B), which
integrates highlights and comments from Focused Zone and
Annotation Zone (fig. 3-B&C), along with detailed metric
scores and comments from Report List (fig. 3-A), to produce
a comprehensive report.

4.4 CoGrader Backend LLM Development
In this section, we introduce the backend structure of CoGrader,
focusing on the design and integration of LLMs.

The core AI functionality of CoGrader is built using OpenAI’s
ChatGPT-4o API [63], which offers a lightweight yet efficient so-
lution, striking a balance between fast response times and model
performance. The backend architecture aligns with the frontend sys-
tem design and is divided into threemain components:Collaborative
Metric Design (fig. 6-A), Benchmarking-driven Grading (fig. 6-B), and
Feedback Generation (fig. 6-C). Each of these components leverages
the Assistant API to build AI agents that support report grading, file
search, and conversation context management—ensuring a smooth
and cohesive grading experience [61].

In the Collaborative Metric Design component, the LLM-based
AI agent processes users’ project requirement inputs and any ex-
tra requirement descriptions (fig. 6-A). To ensure structured and
consistent output, the Structured Response function is employed
[62]. The first round of requirement analysis generates two sets of
metrics: Report Objective Metrics and Extra Potential Metrics. While
users are free to specify additional metrics using natural language
descriptions, all Customized Metrics are passed through a Redun-
dancy Check to prevent duplication or overlap with existing metrics.
After this process, the system generates three categories of metrics
(with explanations and recommended formulas), allowing users to
review and select appropriate ones for the grading process.

In the Benchmarking-driven Grading component, another LLM-
based AI agent processes the uploaded project reports and applies
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Figure 6: (A): In the Collaborative Metric Design component, uploaded project requirements are automatically analyzed by an
LLM-based AI agent built using the Assistant API. The output is structured into Report Objective Metrics and Extra Potential
Metrics. Users can also input additional requirements, which the AI agent will check for redundancy before generating
Customized Metrics. (B): In the Benchmarking-driven Grading component, both project report files and user-selected metrics
are sent to another AI agent for initial grading. After users review and edit the first-round grades and select benchmark reports,
the updated grades and benchmarks are sent back to the AI agent for regrading the reports. (C): In the Feedback Generation
component, The AI-generated report summary, updated grades, and user annotations are sent to the extra AI agent to generate
structured feedback for students.

the selected metrics (fig. 6-B). The system uses the File Search tool
provided by the Assistant API [60], a built-in retrieval-augmented
generation (RAG) tool that enables efficient file search and con-
tent analysis [16]. For the initial grading, we prompt the AI to
“think” and “reason” about each report based on the selected met-
rics. It searches for relevant evidence within the report, assigns
initial scores, and generates reference comments with supporting
excerpts. After the instructor updates the AI-generated scores and
selects benchmark reports based on their expertise, the system re-
grades each report by comparing them against the benchmarks and
adjusting the scores accordingly. During the benchmarking-based
regrading stage, we prompt the AI to “compare” the target report
and its current evaluations (scores and comments for each metric)
against the selected benchmarks to refine its reasoning and update
the evaluation accordingly. Once the grading process is completed,
the Updated Grades and comments are sent back to the frontend for
review.

In the Feedback Generation component, an additional LLM-based
AI agent synthesizes user-updated scores, comments, annotations,
and report summaries to produce personalized feedback for each
student (fig. 6-C). To maintain consistent feedback style, the output
is structured through the Structured Response feature. This ensures
uniformity and clarity in the feedback provided to students. De-
tailed prompt templates for each components are available in the
supplementary materials.

4.5 Implementation
CoGrader is developed as a full-stack web application, featuring a
React.js [27] frontend for an intuitive and responsive user interface.
The backend, built with Python using Flask API [29], hosts andman-
ages the LLM modules. The frontend and backend are connected
via RESTful APIs, allowing smooth communication and integration
between the user interface and the LLM-powered grading modules.

5 Evaluation
We conducted an evaluation study to assess the effectiveness of the
proposed human-AI collaborative workflow in CoGrader, as well
as the performance of each component within the system. Our pri-
mary goal was to evaluate howwell the workflow enhances grading
efficiency, reliance, and consistency through LLM assistance. To
further evaluate concerns about over-reliance on AI, we also exam-
ined participants’ actual engagement behaviors with AI-generated
outputs. To explore these objectives, we addressed the following
research questions:

RQ1: How effective is the metric generation step in helping
instructors define and select assessment metrics?

RQ2: How well does the LLM’s grading and comments align
with instructors’ assessments, and how do instructors perceive
the efficiency, reliance and quality of LLM-generated scores and
comments?

RQ3: How does the benchmark-driven grading process impact
grading consistency and efficiency?
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RQ4: How do instructors perceive the reliance of the LLM-
generated feedback, and to what extent does it help streamline
the feedback process?

RQ5: What are instructors’ overall attitudes toward the human-
AI collaborative approach in CoGrader, and how do they evaluate
its impact on improving the grading workflow?

RQ6:How closely do the instructors’ grading results with CoGrader
align with their original, purely human-assigned report grades?

RQ7: To what extent do instructors actively verify, adjust, or
override AI-generated outputs during the grading process?

5.1 Procedure of User Study
Participants were recruited from the authors’ institution via email
invitation during the summer of 2024. This study received approval
from the Institutional Review Board (IRB) of the authors’ institu-
tion. After obtaining participants’ consent, demographic data were
collected anonymously, focusing on their experience as instructors,
their teaching roles, length of experience, and previous attitudes
toward using LLMs like ChatGPT for grading.

Each user study session lasted approximately 80 minutes and
consisted of three stages: (1) a 50-minute system exploration and
grading experiment, (2) a 15-minute questionnaire to collect partici-
pants’ perceptions of each step in the workflow, and (3) a 15-minute
post-interview to gather qualitative feedback on user experience
and system design.

Before beginning the grading experiment, participants were pro-
vided with a brief background introduction and a system demo.
They were shown how to use the proposed workflow, covering met-
ric generation, benchmark-driven grading, and feedback generation
steps. Participants were provided with a sample project require-
ment and five sample project reports from a real-world master-level
data visualization course conducted in the previous semester at
the authors’ institution. These materials were collected with IRB
approval and consent from both the instructors and the student
authors. Participants were required to upload both the project re-
quirements and reports to the system and begin the grading process.
Their primary task was to provide a final ranking, assign reference
scores (out of 100), and determine reference letter grades (from F
to A) for each report. A score of 85 and above corresponds to an A,
with every 5-point interval representing a subgrade (e.g., 80-85 is
A-, 75-80 is B+, and so on) To support the analysis of instructors’
engagement with AI-generated outputs, we logged participants’
interactions with the system, including the number of selected met-
rics, the frequency of manual comment additions or edits, and the
proportion of AI-generated content that was adjusted or overrid-
den. The experimental results and logs were later used in several
quantitative analyses to evaluate the system’s effectiveness (R6)
and instructors’ level of engagement with AI assistance (R7).

After completing the grading experiment, participants were
given a 7-point Likert-scale questionnaire consisting of multiple
rating questions to collect their opinions on each step of the work-
flow, following the research questions (RQ1–RQ5). A grading scale
of 1 to 7 was used to represent participants’ negative to positive
attitudes toward each feature. Finally, after completing the ques-
tionnaire, participants were invited to a brief interview to share

their thoughts and comments on each step of the workflow and the
system itself.

5.2 Project Report Data Collection
The project report requirements, submissions, as well as the ground
truth final scores and letter grades, were collected from a master-
level data visualization course at the authors’ institution during the
spring semester of 2024. This project served as the main assessment
for the course, in which each group of students was asked to choose
an open dataset, identify specific research questions of interest, and
apply the knowledge they gained throughout the course to analyze
the dataset using visual analytics techniques. The students reported
their methods and findings in a formal written report. The final
scores were determined by taking a weighted average of evaluations
from one course instructor and two senior teaching assistants. We
obtained consent from both the course instructors and students to
use their reports for our research at the end of the semester, and
we also received IRB approval for the data collection. For the 5
sample reports used in the user experiments, we selected reports
with letter grades ranging from B- to A, aiming to reflect the real
distribution of students’ work. All student personal information
was anonymized before being used in the experiments to ensure
privacy and confidentiality.

5.3 Participants
We recruited 12 participants (P1-P12, 8 male and 4 female) through
email invitations to instructors and teaching assistants at our insti-
tution who had experience teaching this data visualization course.
Of the participants, four (P1-P4) were university professors or lec-
turers, and eight (P5-P12) were senior PhD students with teaching
assistant experience in this course. On average, participants had 3.25
years of experience in designing or grading project reports. Among
the 12 participants, seven had experience using LLMs to assist with
grading, while five did not. Each participant spent approximately
one hour on the study and received $30 in compensation.

5.4 User Study Results
In this section, we discuss our findings regarding instructors’ ex-
periences with CoGrader, focusing on their perceptions of each
step in the proposed workflow: collaborative criteria generation,
the benchmark-driven grading process, and feedback generation.

5.4.1 RQ1: Instructors find the collaborative metric generation step
efficient, effective, and acceptably reliable. To evaluate instructors’
experiences with the collaborative metric design step, we asked
participants to rate the efficiency and reliability of various metric
generation methods on a 7-point scale, with 4 representing neutral-
ity. Overall, participants rated the efficiency of the collaborative
metric generation process very positively (Q4: mean = 6.5, stdev =
0.522, fig. 7). For the reliability of each metric design component,
the Report Objective Metrics feature (automatic analysis of report
requirements) received positive ratings (Q1: mean = 5.91, stdev
= 0.793, fig. 8), highlighting the strong ability of LLM to convert
the requirements of the report into concrete quantitative metrics.
Similarly, the Extra Potential Metrics feature (automatic metric rec-
ommendation beyond report requirement) was highly rated (Q2:
mean = 6.16, stdev = 0.937, fig. 8), with participants appreciating
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Figure 7: Summary of user study results on participants’ rat-
ings for each system component’s Efficiency and Satisfac-
tion. Each question was rated by participants on a 7-point
scale, where dark brown represents the strongest negative re-
sponse, dark green indicates the strongest positive response,
and neutral beige marks the midpoint. The number inside
each colored bar reflects the count of participants who se-
lected that specific rating.

its ability to brainstorm additional useful metrics with clear ex-
planations. On the other hand, the Custom Metric Design feature
(metric co-design through user inputs) also scored well for its relia-
bility (Q3: mean = 5.83, stdev = 1.115, fig. 8). Participants overall
expressed satisfaction with the collaborative metric design step.
However, participant P4 noted occasional misunderstandings by
the LLM when using the Custom Metric Design function and sug-
gested allowing users to freely edit the metric explanations and
formulas to improve the process. Participants also recommended
adding features like semantic grouping and metric weighting for
further customization.

In general, participants felt that the collaborative metric genera-
tion step aligned well with their workflow, significantly enhancing
both grading efficiency and reliability.

5.4.2 RQ2: Instructors find the LLM’s grading and comments effi-
cient, with generally acceptable reliability and alignment with their
assessments. Regarding the efficiency of LLM-generated scores and
comments, participants expressed strong positive attitudes (Q9:
mean = 5.92, stdev = 1.083, fig. 8) towards the LLM’s initial grad-
ing, and even more favorable attitudes (Q10: mean = 6.42, stdev =
0.515, fig. 8) towards the benchmark regrading. Participants noted
the system’s ability to handle multiple metrics and compare reports
with quick response times as particularly valuable.

In terms of the reliability of LLM-generated scores and com-
ments, participants rated the benchmark-regrading process highly,
with benchmark-regraded scores (Q7) receiving a mean of 6.08
(stdev = 0.900, fig. 8) and comments (Q8) receiving a mean of 5.83
(stdev = 1.11, fig. 8). However, the reliability of the LLM’s initial
scores (Q5: mean = 4.91, stdev = 1.083, fig. 8) and initial comments
(Q6: mean = 4.83, stdev = 1.030, fig. 8) were rated slightly lower.
One participant (P11) noted that the comments were sometimes too
generic, applying to multiple reports, which reduced their speci-
ficity. P8 and P11 also mentioned that certain selected metrics were

occasionally missed in the initial grading and suggested adding an
automatic checking function to help refine the LLM’s initial output.
The user editing function was considered crucial for refining the
initial grading by allowing adjustments to the LLM’s outputs.

From the interviews, themajority of participants found the scores
and comments to be reliable and contextually appropriate. Partici-
pants particularly appreciated the benchmark-regrading process,
with P12 stating, “The regrading process specifically compares each
report with the benchmarks I selected. I can clearly see from the com-
ments why one report performed better or worse than the benchmarks
under each metric, which is very helpful and significant. I also found
that most of the LLM comments aligned with my assessment.”

5.4.3 RQ3: Instructors find the benchmark-driven grading process
significantly improves grading consistency and efficiency. Partici-
pants gave highly positive ratings for the benchmark-driven re-
grading process, praising both its efficiency (Q10:mean = 6.42, stdev
= 0.515, fig. 7) and reliability (Q11:mean = 6.00, stdev = 0.853, fig. 8).
They found that this process significantly reduced their workload
and maintained grading consistency. As P1 remarked, “The system
excels in the benchmarking process. AI makes grading faster, and the
comparison charts simplify the process. It reduced my effort signifi-
cantly, allowing me to focus more on content quality and ensure my
judgment is more unbiased”. Participants (P1, P2, P5 & P10) also
appreciated that most comments included specific comparisons
with the benchmark reports after the LLM regrading. Beyond the
LLM’s role, the clear radar charts also provided visual comparisons
and references, making it easier for participants to make grading
decisions. On the other hand, participants valued the ability to

Figure 8: Summary of user study results on participants’ rat-
ings for each system component’s Reliance and Usability.
Each question was rated by participants on a 7-point scale,
where dark brown represents the strongest negative response,
dark green indicates the strongest positive response, and
neutral beige marks the midpoint. The number inside each
colored bar reflects the count of participants who selected
that specific rating.
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select and edit benchmarks. As P9 noted, “For the second round of
grading, it performed much better. I think the benchmarks I set made a
difference. The metric scores and comments I edited in the benchmarks
were definitely important. It’s good to have control, especially over
key aspects like benchmark references.”

Overall, participants expressed trust and satisfaction with the
LLM’s performance in the benchmarking process, particularly in re-
grading and comparing reports. The combination of LLM-powered
analysis and instructor-driven benchmark selection proved to be a
powerful tool for improving grading consistency and efficiency.

5.4.4 RQ4: Instructors find the quality of the AI-generated summary
and feedback helpful in streamlining the feedback process. Partic-
ipants gave strong positive ratings for the efficiency of the AI-
generated summary (Q13: mean = 6.33, stdev = 0.778, fig. 7) and
feedback (Q15:mean = 6.00, stdev = 1.279, fig. 7), alongwith positive
ratings for reliability (Q12 & Q14:mean = 5.08, stdev = 0.996, fig. 8)
for both processes. Participants appreciated how this simple yet
effective feature provided a quick summary of the students’ reports,
allowing them to quickly grasp the topic and content. They also
found the feedback function particularly useful. As P10 mentioned,
“The feedback function is very helpful, as it not only collects the met-
rics, scores, and comments I edited but also includes the annotations
and highlights I made. In my past experience, I often felt exhausted
after writing feedback at the end of a long grading process, especially
when I had many bullet points to cover”. However, P3 noted that
while the AI-generated feedback is a good reference, it should not
be used directly when providing feedback to students, as it could
appear too generic and overly “AI-styled”, making students feel
their hard work wasn’t given proper attention.

5.4.5 RQ5: Instructors overall have a very positive impression of
the human-AI collaborative workflow in CoGrader, finding it greatly
supports the grading process. Overall, participants expressed strong
positive attitudes toward the workflow and system usability. Specif-
ically, the workflow’s efficiency was well-regarded (Q17 & Q19:
mean = 5.92, stdev = 0.996, figs. 7 and 8), with good ratings for
workflow reliability (Q16: mean = 5.83, stdev = 1.193, fig. 8). The
system was also rated as very easy to use (Q18: mean = 6.33, stdev
= 0.492, fig. 8), and overall satisfaction with the system was high
(Q20:mean = 6.00, stdev = 0.739, fig. 7). In summary, our user study
and analysis suggest that the proposed collaborative workflow and
system are helpful, effective, and reliable in most cases. However,
some challenges, particularly in LLM stability and ethical consid-
erations, remain to be addressed. In the Discussion section, we
will delve deeper into instructors’ perspectives on this human-AI
collaborative grading process, potential ethical issues, and design
considerations for similar tools.

5.5 Quantitative Analysis of Grading
Consistency

To evaluate the internal consistency of instructor grading when
using CoGrader, we analyzed the alignment between participants’
grading score distribution and the ground truth grades provided
by the course instructor. Ensuring internal consistency is crucial
for maintaining fairness and reducing biases introduced by the sys-
tem—concerns highlighted by instructors during formative studies.

To this end, we employed three widely used statistical metrics:
Kendall’s Tau [6], Spearman’s Rank Correlation [75], and Pearson
Correlation [74]. These metrics collectively assess consistency from
both ranking and scoring perspectives, providing a robust evalu-
ation of whether the distribution of participant-assigned grades
aligns with the ground truth. The results for Kendall’s Tau, Spear-
man’s Rank Correlation, and Pearson Correlation were 0.799, 0.899,
and 0.900, respectively. These strong correlations indicate that the
distribution of grades assigned by each participant closely aligns
with the ground truth, confirming low variation and strong internal
consistency within individual graders.

5.5.1 Consistency in Letter Grades. In addition to evaluating inter-
nal consistency within each grader, we also examined inter-grader
consistency, as instructors highlighted fairness and reducing inter-
grader bias also as key priorities. Specifically, we analyzed the con-
sistency of letter grades assigned by different participants against
the ground truth, as letter grades are often the formal outcomes com-
municated to students and central to academic decisions. Assessing
their consistency provides practical validation of the system’s re-
liance. For example, in the case of report 01, the 12 participants
assigned 9 A’s, 2 A-’s, and 1 B+, closely reflecting the ground truth
score of “A”. A detailed comparison between the letter grades as-
signed by different participants and the ground truth is shown
in Table 1. This consistent alignment across letter grades further
demonstrates the system’s robustness and reliability in supporting
fair assessment of diverse project reports.

The findings from our evaluation study suggest that CoGrader
not only aligns well with traditional grading methods but also paves
the way for more efficient, scalable, and reliable grading practices
in PBL environments.

5.6 Quantitative Analysis of Instructor
Engagement with AI-Generated Outputs

To examine the extent to which instructors critically engaged with
AI-generated content (RQ7), we conducted a quantitative analysis
of participants’ interaction logs during the grading process. Specifi-
cally, we analyzed three key behaviors: metric selection, manual
comment contributions, and modification of AI-generated feedback.

Participants selected an average of 4.50 Automatic Metrics and
5.83 Reference Metrics per report, indicating a balanced use of
system-generated assessment criteria. In addition, they manually
added an average of 5.25 personalized comments per report, demon-
strating that instructors actively contributed their own evaluations
rather than relying solely on AI suggestions.

In terms of verification behavior, 9 out of 12 participants ex-
plicitly reported manually checking most AI-referenced facts in
the Automatic Metrics against the original student reports. The re-
maining three manually verified high-impact criteria such as report
structure or alignment with project requirements, while skipping
low-stakes aspects like grammar or formatting.

When using Reference Metrics, instructors adjusted or overrode
an average of 64.09% of the AI-generated scores and comments. All
participants reported that they reviewed nearly every AI-suggested
comment before making a decision to accept, modify, or discard it.

These findings confirm that instructors engagedwithAI-generated
outputs in a deliberate and selective manner. Rather than relying on
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Statistics Report ID
R01 R02 R03 R04 R05

Avg.score (Ps) 90.9 75.0 74.5 84.1 83.3
Ground truth score 89.1 75.6 71.5 79.3 82.9

Assigned Grades (Ps) 9A 2A- 1B+ 1A- 1B+ 5B 5B- 1A- 2B+ 3B 4B- 2C 3A 2A- 5B+ 2B 2A 2A- 7B+ 1B-
Ground truth grade A B B- B+ A-

Table 1: The summary of grading consistency analysis: (1) Comparison of participants’ average scores for each report with the
ground truth scores. (2) Comparison of participants’ assigned letter grades for each report with the curved ground truth grades.

AI passively, participants exercised consistent judgment in validat-
ing and revising AI assistance—highlighting the effectiveness of our
system design in promoting instructor authority and supporting
balanced use.

6 Discussion
In this paper, we explored the potential of LLMs to assist instructors
in grading project reports and developed a tool aimed at supporting
this critical learning assessment process. In the following sections,
we will discuss how our study contributes to existing research on
human-AI collaboration in educational assessment tools. Specifi-
cally, we will explore instructors’ perspectives, ethical concerns,
and the design considerations and implications that can guide the
future development of such systems. We will conclude by address-
ing the limitations of our study and outlining potential directions
for future research.

6.1 Instructor Perspectives on Leveraging LLMs
for Grading

Our study revealed that instructors generally appreciated the in-
tegration of LLMs to streamline the grading process. Participants,
such as P6 and P8, emphasized how the use of LLMs helped them
brainstorm potential metrics, gain external perspectives on grading,
reduce the back-and-forth effort during the grading process, and
organize their thoughts to provide more structured feedback. Over-
all, most participants expressed a strong positive attitude toward
using LLMs to assist in the grading process.

However, concerns were raised about the reliability of certain
parts of the LLM-generated outputs. For instance, P6, P9, and P11
observed that LLMs sometimes overlooked specific grading metrics
or neglected certain report sections. Due to these inherent limita-
tions, it is challenging to guarantee that AI outputs are consistently
thorough and comprehensive. Introducing safeguards or providing
more flexibility for human calibration could address these short-
comings. As P9 suggested, enabling iterative refinement through
a dialogue with the LLM could allow instructors to guide the sys-
tem in regrading specific sections without a complete reevaluation,
improving both accuracy and usability. Ultimately, such enhance-
ments could help foster a more balanced and reliable integration of
AI in the grading process.

6.2 Social Risks and Pedagogical Implications of
LLM-Assisted Grading

While LLMs offer clear potential to support grading workflows,
their integration also raises important social and pedagogical con-
cerns—particularly the risk of eroding personalized feedback, dimin-
ishing instructor engagement, and reducing student trust. These
concerns reflect broader challenges in maintaining human presence
and pedagogical authenticity in AI-assisted grading, and point to
the importance of understanding students’ perceptions.

A key insight from our study is that AI-supported grading sys-
tems should be explicitly designed to enhance—rather than dimin-
ish—personalized and actionable feedback. As participant P11 noted,
one of the CoGrader’s most valuable features was the benchmark-
driven workflow, which supported instructors in crafting more
thoughtful and targeted feedback. By enabling comparisons with ex-
emplar reports on selected metrics—supplemented by AI-generated
scores, comments, and contextual evidence—CoGrader provided a
structured yet flexible framework for evaluating student work. This
design allowed instructors to offload routine tasks and focus more
deeply on higher-order, expertise-intensive evaluation—leveraging
AI to strengthen, rather than compromise, the quality of feedback
and instruction.

Another important design consideration is the structure and
transparency of AI-assisted feedback. To maintain student trust
and pedagogical authenticity, instructors emphasized that human-
authored comments should remain central and be clearly distin-
guishable from AI-generated content. In our study, participants
responded positively to CoGrader’s feedback generation, which
prioritized instructor-written comments, followed by instructor-
edited AI suggestions, and finally, pure AI-generated comments
used primarily to fill remaining gaps. Future systems may benefit
from incorporating more explicit visual or textual cues (e.g., labels
or icons) to indicate the origin of each comment—especially in high-
stakes or formative assessment contexts where transparency and
trust are essential.

Students’ perspectives further reinforced the importance of thought-
ful feedback design in AI-assisted grading. In our informal discus-
sions with students from the course that provided the project report
data, many expressed openness to the use of AI, noting its poten-
tial to reduce overlooked content, mitigate instructor bias toward
certain topics, and accelerate feedback turnaround. At the same
time, several students mentioned they could often “tell when the
feedback wasn’t really written by the teacher”, particularly when it
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felt overly generic or formulaic. These insights highlight both the
perceived benefits and the importance of addressing the social risks
of AI involvement in assessment design—particularly the need to
preserve authenticity and transparency to foster trust and support
constructive engagement with feedback.

6.3 Design Considerations for calibration of
LLM’s grading accuracy

A recurring theme in the interviews was the need for more nuanced
calibration of LLM grading accuracy. Participants such as P2, P5, and
P11 observed that, while benchmarking generally aligned with their
grading habits, the system occasionally showed inconsistencies or
missed certain grading elements. To address this, participants pro-
posed a multi-level calibration process involving human oversight
at the metric, section, and overall report levels.

At the metric level, a targeted regrade function could allow in-
structors to select specific metrics for re-evaluation. Before initiat-
ing regrading, instructors could interact with the LLM, providing
comments, restrictions, or instructions to refine its focus on partic-
ular metrics.

For section-level calibration, enabling granular grading within
specific report sections would offer instructors greater control. As
suggested by P11, this approach could improve consistency across
submissions by allowing instructors to fine-tune the grading for
distinct report sections.

At the overall report level, incorporating a chatbot into the sys-
tem could facilitate real-time interaction, allowing instructors to
pose questions or clarify discrepancies in the LLM’s grading ap-
proach. This “discussion” feature would be especially valuable dur-
ing benchmarking, helping to reconcile differences in judgment
and reduce personal biases, ultimately supporting greater fairness
and accuracy in grading.

6.4 Design Implications for Instructor-AI
Collaborative Grading System

Several design implications emerged from our study on how to
enhance instructor-AI collaboration in grading. One key takeaway
was the importance of integrating multiple functional components
into a single, interconnected interface. Instructors appreciated this
seamless experience, as highlighted by P10, who valued the inte-
gration of comments, PDF annotation, AI grading references, and
AI-generated feedback within a unified interface. This streamlined
workflow allowed her to avoid toggling between different platforms,
enhancing efficiency and reducing cognitive load.

Additionally, P1 and P9 emphasized the importance of allowing
instructors to first review the report summary before interacting
with LLM-generated scores and comments. This step enables in-
structors to form their own independent impression of the report,
helping to mitigate potential bias introduced by the AI assessments.
Such an approach would be instrumental in preserving instruc-
tor autonomy and ensuring that the LLM outputs are used as a
reference, rather than dictating the grading process. P9 further
suggested leveraging the design of benchmarking radar charts to
provide more informative and personalized feedback to students.
By including personalized comparisons against “role model” re-
ports across multiple metrics, students could gain clearer insights

into how their work aligns with established standards. Integrating
visual aids like radar charts into feedback would offer a transparent
and easily interpretable representation of performance relative to
benchmarks, making feedback more instructive and actionable.

Beyond ensuring trustworthy grading accuracy, CoGrader pro-
vides substantial benefits in grading efficiency, a feature that was
highly appreciated by the instructors. By automating the generation
of quantitative metrics, handling initial evaluations, and enabling
benchmark-driven regrading, the system reduces the cognitive ef-
fort required from instructors. This allows them to focus more on
qualitative assessments that necessitate human expertise. It also
frees up time for instructors to engage in more personalized in-
struction and intervention.

Moreover, the involvement of AI in grading can help mitigate
personal biases, ensuring a more consistent and fair evaluation
process. This not only addresses the issue of limited instructor
and teaching assistant availability but also improves the fairness
of grading. As educational demands continue to grow, AI-driven
tools like CoGrader have the potential to play a pivotal role in
enhancing assessment workflows, making grading more efficient
and equitable.

6.5 Limitations and Future Work
While our system and workflow demonstrate strong potential, sev-
eral limitations emerged during the study. One notable issue, as
raised by P11, is the inconsistency of LLM-generated grading—some
variations in scores were observed across different attempts. This
underscores the need for further research to enhance the stability
of LLM outputs, particularly in subjective or complex assessment
contexts. Future work could explore more robust human-AI collab-
oration strategies, such as iterative feedback loops or multi-step
calibration processes, to reduce such inconsistencies and improve
grading reliability. Secondly, as P9 pointed out, the connection be-
tween the original report content and LLM-generated comments
could be more explicit, enabling automatic scrolling to the relevant
text excerpts for easier feedback verification. Strengthening this
link would not only improve transparency but also increase instruc-
tors’ confidence in the system’s outputs. Thirdly, improving the
system’s ability to handle non-textual components, such as visual
elements—is also helpful, particularly in project-based learning
contexts where these components are integral to the evaluation.

Another current limitation is that the system does not yet in-
corporate external materials, such as code files, into its evaluation
process. This limits its ability to verify certain types of factual
content that rely on supplementary materials beyond the report
itself. Incorporating external materials is part of our planned future
work, which will expand the system’s capacity to support more
comprehensive and accurate assessments, particularly in technical
domains where code, datasets, and other artifacts play a central
role.

Instructors also pointed to other research opportunities, noting
that the tool’s success in data visualization courses indicates strong
potential for adaptation to other disciplines—particularly those with
unique grading rubrics or subjective evaluation criteria, such as
business presentations or design projects. Future work could further
refine the system to accommodate a wider range of assessment
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types, enhancing its versatility and applicability across diverse
educational contexts.

7 Conclusion
This paper tackled the challenges of grading project reports by
integrating large language models (LLMs) into the assessment pro-
cess. Based on insights from our formative study, we developed a
novel workflow combining instructor-AI metric co-design, bench-
marking, and AI-assisted feedback. The CoGrader tool implements
this workflow to improve grading efficiency and consistency, while
ensuring instructors retain control over all judgments. Our evalu-
ation demonstrated that this approach effectively streamlines the
grading process, provides valuable support to instructors, and of-
fers students peer-comparative feedback. Future work should ex-
plore more fine-grained human calibration of LLM outputs, while
maintaining an ethical balance where AI enhances—rather than
replaces—human judgment. Our work contributes to advancing
human-AI collaboration in educational assessment, offering a scal-
able approach to the growing complexity of project-based learning,
and finally supporting students’ learning and improvement.
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