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Abstract
Open-ended writing assignments are central to higher education,
yet heterogeneous submissions and scale make evaluation diffi-
cult. Automated writing evaluation (AWE) promises speed but
often trades away transparency and sidelines human judgment.
This paper repositions the AI as an on-demand collaborator that
can provide specific, targeted support. In a formative study, we
expose leverage points in three cognitive dimensions: evidence
identification, comparative judgment, and feedback composition.
Guided by these insights, we build EvaluAId, which supports in-
teractive rubric-content mapping, adaptive benchmarking and self-
calibration, and personalized, rubric-aligned feedback synthesis.
Through a within-subjects study with 12 TAs, we evaluate how
this approach supports grading compared with a rubric+LLM chat-
bot and an LLM-based AWE; EvaluAId improved alignment with
expert ratings and increased graders’ satisfaction. Finally, inter-
views with TAs, instructors, and students underscored the value of
thoughtfulness supported by EvaluAId while surfacing practical
considerations for integration into classroom. Together, our results
argue for deliberate, evidence-first, human-in-the-loop evaluation.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Empirical studies in HCI.
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1 Introduction
In a university, open-ended writing assignments require students to
integrate domain knowledge, engage in higher-order reasoning, and
produce original, well-structured arguments. Within User-Centered
Design classes, for example, students may critique and compare
designs using usability principles. Open-ended tasks have no single
correct answer. Instead, students employ diverse strategies such
as describing user scenarios, evaluating features sequentially, or
drawing from personal experience. Such diversity is pedagogically
valuable but challenging to assess rigorously.

To support evaluation of student essays, instructors often create
analytic rubrics [6, 18, 39, 85, 86]: predefined grading dimensions
with performance levels that aid both scoring and feedback. In the
above example, a rubric might assess whether students address key
usability issues and offer meaningful comparisons on a four-level
scale (1 as not at all, and 4 as comprehensive). Graders use the rubric
to assign scores and write feedback that justifies their evaluation
and supports student improvement. Despite the use of rubrics,
assessing open-ended essays remains challenging. Students often
write in free-flow structures. Criteria may appear in different orders,
and a single criterion can be scattered across the essay. Graders’
standards may shift as more assignments are reviewed. They must
also provide personalized feedback to create pedagogical value.
As class size increases, grading essay assignments tends toward
inconsistency and generic feedback, potentially compromising the
assignment’s worth.

Recent work in Human-Computer Interaction (HCI) and AI has
explored end-to-end automated writing evaluation (AWE) systems
to support large-scale assignment assessment and feedback genera-
tion [29, 51, 57, 67, 81, 93]. While such systems can reduce grading
time for generic tasks (e.g., argumentative essays in standardized
tests), they often fall short in classroom settings with open-ended,
task-specific assignments in three key ways: (1) many systems
rely on fixed, pre-defined rubrics and struggle to adapt to course-
or instructor-defined criteria [88, 92]; (2) they prioritize surface-
level qualities (e.g., grammar, coherence) [22, 66, 83, 96] over the
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domain-specific competencies that open-ended assignments aim
to assess; and (3) their one-shot, black-box judgments make it hard
to trace decisions back to evidence, limiting graders’ agency and
the effectiveness of feedback [35].

In this paper, we reposition the AI not as an autonomous grader,
but as an on-demand collaborator that can provide specific,
targeted support. Our aim is to utilize the AI to augment specific,
cumbersome tasks (e.g., identifying evidences across many assign-
ments given a criterion) without permitting users to defer grading
judgments to the system.

Through a formative study, implementation of tool called Eval-
uAId, and two follow-up lab evaluations, we demonstrate this re-
framing. Working with 12 TAs, we first examined challenges and
strategies across the grading workflow, exposing leverage points
in three processes: evidence identification, comparative judgment,
and feedback composition. Guided by these insights, we imple-
mented EvaluAId, a human-AI collaborative system that integrates
instructor-defined rubrics with AI support to help graders evaluate
open-ended student essays. EvaluAId breaks criteria into guiding
questions that can be clicked to highlight relevant student text.
It lets graders set a baseline essay and then surfaces similarities,
strengths, and weaknesses to support pairwise comparisons. Fi-
nally, it supports feedback composition: graders select student text
and rubric snippets and steer the AI to generate retrieval-grounded
drafts. Across EvaluAId, the AI suggestions are opt-in—graders
invoke, steer, inspect, edit, and approve them.

To understand how this collaborative approach supports grad-
ing in practice, we conducted a quantitative within-subjects study
with 12 TAs comparing EvaluAId against an interactive rubric
with an LLM chatbot and an LLM-based AWE. We found that TAs
using EvaluAId achieved better alignment with expert scores and
greater consistency, produced more actionable feedback for student
improvement, and reported higher satisfaction with their perfor-
mance. We then used EvaluAId as a probe in interviews with
12 TAs, 6 instructors, and 6 students to explore qualitative, multi-
stakeholder perspectives on this human-AI collaborative approach.
Results showed that EvaluAId engaged TAs in a thoughtful and
deliberate grading workflow, which was seen as important for pre-
serving agency and maintaining accountability by instructors. Stu-
dents appreciated the visible human effort in the process but raised
concerns about priming and consistency.We conclude by discussing
how to foster thoughtfulness in human-AI collaborative grading
and considerations for scaling EvaluAId in classroom settings.

In summary, this paper presents the following contributions:

(1) A formative study that identifies design opportunities and
leverage points across three cognitive processes in rubric-
based grading: evidence identification, comparative judg-
ment, and feedback composition;

(2) EvaluAId, a human-AI collaborative system that augments
graders across these processes for rubric-based evaluation of
open-ended student essays, positioning human judgment as
primary and AI as an on-demand collaborator that provides
specific, targeted support;

(3) Empirical findings from a within-subjects study demonstrat-
ing EvaluAId’s effectiveness in improving TAs’ grading per-
formance, compared to an interactive rubric+LLM chatbot
and an LLM-based AWE;

(4) Perspectives from semi-structured interviews with TAs, in-
structors, and students that underscore the benefits and chal-
lenges of this human-AI collaborative approach in grading.

2 Related Work
2.1 Cognitive Processes in Rubric-Based

Grading
Rubric-based grading demands complex cognitive labor [52]. Graders
must interpret student writing, align it with rubrics, and make eval-
uative decisions (including scores and feedback) that are both con-
sistent and justifiable [30]. Drawing from assessment literature and
educational psychology, our work examines three core reasoning
processes in the rubric-based evaluation: evidence identification,
comparative judgment, and feedback composition.

Evidence identification concerns locating textual elements that
correspond to specific rubric criteria [20]. This requires extracting
and interpreting content that supports (or challenges) a given as-
sessment [21, 45], yet the heterogeneity of student essays—diverse
styles, implicit reasoning, and ambiguous language—places high
demands on graders’ interpretive skills. After identifying evidence,
graders engage in comparative judgment: implicitly or explicitly
comparing a submission against other work to calibrate their stan-
dards [55, 65]. Prior work suggests that pairwise comparisons can
improve consistency and reduce rubric misalignment in subjective
evaluations [9, 17]. However, maintaining a coherent mental repre-
sentation of multiple pairwise comparisons and benchmarks is cog-
nitively demanding. Beyond assigning scores, graders need to trans-
late evaluations into formative feedback that links performance to
improvement [25, 33, 76]. This synthesis blends textual evidence,
evaluative reasoning, and rubric language into clear, constructive
guidance [70]. Under time constraints and at scale, feedback com-
position can become one of the most cognitively challenging parts
of grading. To understand how these mechanisms manifest in ev-
eryday practice and where support is most needed, we conducted
a formative study with graders (i.e., student TAs). The study sur-
faced frictions, workarounds, and design opportunities within each
process, directly informing the interaction design of our tool.

2.2 Automated Writing Evaluation
One common strategy for reducing the burden of assessment is
automated writing evaluation (AWE) systems. They inspect longer-
form student writing, typically producing holistic scores or targeted
feedback via end-to-end machine learning pipelines [29, 51, 57, 67,
81, 93]. Such systems are widely used in universities and large-scale
standardized assessments (e.g., GRE, TOEFL) [5, 24, 61, 73, 84]. How-
ever, most are trained on domain-specific corpora and assume fixed,
general-purpose rubrics [88, 92], limiting adaptability to instructor-
defined criteria and open-ended prompts. Some prioritize surface-
level qualities (e.g., grammar, coherence) [22, 66, 83, 96] over the
domain-specific competencies that open-ended assignments aim
to assess. As a result, they fare better in constrained scenarios (e.g.,
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argumentative writing in standardized tests [61]) than in diverse
genres and authentic classroom contexts.

Recent LLMs have broadened access to AWE capabilities, as they
can generate fluent, context-aware feedback [2, 7, 72, 74]. In some
studies, they achieve scoring performance on par with or exceeding
human raters [11, 36, 43, 49, 64, 88, 89], and they naturally further
reduce the time necessary for assessment.

Despite these recent advances, the use of LLMs in assessment
has not resolved long-standing concerns around automation, in-
accuracies, and alignment [13, 31, 35, 41, 71]. First, end-to-end AI
graders typically automating scoring or feedback without allow-
ing graders to interrogate or contextualize the outputs, reducing
educators’ roles to passive overseers rather than active evalua-
tors [14, 28]. This lack of transparency makes it difficult for instruc-
tors to trace decisions back to specific evidence in student writ-
ing [27]. Compounding this issue, LLM-based systems may produce
fluent but inaccurate or fabricated feedback—so-called “hallucina-
tions [1, 37, 48, 59],” which can mislead both graders and students if
left unchecked.When all of these issues combine, such as when feed-
back that contradicts rubric intent or overlooks important content,
there is limited recourse. In this work, we instead ask howmight the
AI scaffolds the processes that human graders enact during rubric-
based evaluation. A human–AI teaming approach can reposition
the AI as a collaborative facilitator, prioritizing educator agency.

2.3 Human-AI Collaboration in Educational
Contexts

The HCI and learning sciences communities increasingly advo-
cate collaboration over automation. Rather than delegating full
control to AI, systems are being designed to support human-AI
collaboration. In this line of work, prior studies have explored
human–AI approaches across a wide range of contexts for sup-
porting teaching [4, 50]. These efforts include visualizing student
progress and learning challenges [54, 56], assisting with student
team formation [90], improving classroom orchestration [53, 91],
and supporting lesson and quiz preparation [16, 50].

In the domain of writing evaluation, recent work has focused
on helping students make use of feedback. For example, Zhang et
al. designed Friction to support students in reflecting on feedback
they receive on their writing [94], and Synthia to help students
interpret feedback and iteratively revise their work [95]. However,
collaboration between human graders and AI systems to support
effective writing evaluation remains relatively underexplored. One
most closely related work is by Xiao et al. [88], who introduced a
dual-process scoring system that combines end-to-end score gen-
eration with automated rationales, but their approach relies on
fixed rubrics and domain-tuned corpora, limiting applicability to
open-ended, instructor-defined settings. In contrast, we embed the
AI within graders’ reasoning processes, refrain from direct score
prediction, and adapt to instructor-defined rubrics.

3 Study 1: Probing Essay-Evaluation Challenges
and Strategies to Derive Design Goals

In university classes, student teaching assistants (TAs) are typically
responsible for grading. We conducted semi-structured interviews

with 12 student TAs to understand their natural workflows of grad-
ing open-ended writing assignments. We focused on the existing
challenges TAs have in this task and their strategies of using rubrics.
We then specifically examined areas where they may be leverage
points for human-AI collaboration, synthesizing them into design
goals. We aim to address the following questions:

RQ1.1 What challenges do TAs face when grading open-ended writ-
ing assignments?

RQ1.2 What strategies do TAs use to address these challenges, in-
cluding how they engage with rubrics?

3.1 Methodology
3.1.1 Participants. 12 TAs from four universities participated in the
study (8 female, 4 male); three were undergraduates and nine were
graduate students. They reported between one and four semesters
of TA experience across courses enrolling 20-200 students, all of
which involved grading open-ended writing with analytic rubrics.
Their grading responsibilities ranged from 2 to 18 assignments per
semester, and typically involved 5-25 essays per assignment, with
some handling as many as 50-100 submissions in total. Disciplines
included Information Science, Computer Science, Cognitive Science,
Digital Media, Education, Linguistics, and Communication. Each
participant received a $15 gift card.

3.1.2 Study Procedure. We conducted remote, semi-structured in-
terviews via Zoom (40-75 minutes), recorded with participant con-
sent. Sessions began with background questions to contextualize
each TA’s experience and role, followed by an in-depth walkthrough
of a recent grading session focusing on rubric use (e.g., “How do

you align rubric criteria with student performance to assign scores?”),
feedback composition (e.g., “How do you formulate feedback for

individual students?”), and consistency management (e.g., “How
do you maintain consistency across multiple submissions?”). When
feasible and appropriately anonymized following IRB guidelines,
participants shared screens to demonstrate their workflow, allowing
observation of how they applied rubrics, wrote comments, and navi-
gated challenges. We then elicited visions for an ideal workflow and
probed ethical boundaries for AI integration, including attitudes
toward potential AI roles (e.g., assigning scores, drafting feedback)
and limits on involvement (e.g., “Where should AI’s involvement

end?”). Interviews were transcribed verbatim and analyzed using
reflexive thematic analysis [8].

3.2 Findings
Table 1 summarizes key grading dimensions from our TA inter-
views, with each dimension including challenges labeled as C and
strategies as S. The following section elaborates on each dimension
and provides illustrative quotes.

3.2.1 Locating Rubric Evidence Is Labor-Intensive. TAs must locate
specific content within student submissions to justify scores against
rubric criteria. However, variation in length, structure, and writing
style across submissions makes this difficult [C1]. For instance, key
arguments may be buried in verbose essays. As P2 noted, “There is
always something that is not relevant... I am frustrated about distin-

guishing them (from the content I need).” With rubrics containing
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Table 1: The summary of challenges and strategies reported in §3.2

Dimension RQ1: Challenges RQ2: Strategies
Evidence Identification C1. Heterogeneous submissions make evidence hard to locate. S1. Display rubric and essay side by side to keep criteria visible.

C2. High volume and repetition cause fatigue and inconsistency. S2. Manually tag rubric-relevant content to aid later judgment
Comparative Judgment C3. Subjectivity and standard drift over time with fatigue. S3. Establish adaptive “baseline” submissions as anchors.

C4. Tracking quality across essays is cognitively demanding. S4. Anchor new scores via pairwise comparison with baselines.
Feedback Composition C5. Composing feedback that justifies scores is time-consuming. S5. Combine rubric descriptors with specific student excerpts.

C6. Composing feedback for improvements is time-consuming. S6. Reuse or adapt pre-written phrases under time pressure.
Use of AI in Grading C7. AI-generated scores may be inaccurate or unaccountable. S7. Use AI for supportive tasks, not for final decisions.

C8. AI outputs may lack nuance for subjective criteria. S8. Prefer transparency about AI contributions and provenance.
C9. Risk of over-reliance degrading grading quality. S9. Always apply human review and final judgment.

layered criteria and dozens of submissions to grade, the process be-
comes repetitive and mentally exhausting [C2], sometimes leading
to reduced care over time. To cope, TAs adopted makeshift work-
flows such as split-screen setups [S1] and manually highlighting
or tagging relevant content [S2]. Despite these efforts, the labor
remains high, motivating interest in features that could automate
evidence highlighting.

3.2.2 TAs Rely on Self-Calibration to Stay Consistent. Grading
open-ended assignments is inherently subjective and prone to drift
over time, especially under fatigue [C3]. As P5 shared, “After grad-
ing 20 essays, my standards drift...” TAs also struggle to maintain sta-
ble interpretations of rubrics across diverse responses [C4]. To com-
bat inconsistency, they develop self-calibration strategies centered
on implicit, content-driven benchmarks [S3] and cross-submission
comparisons [S4]. Many anchor their evaluations by identifying
similar submissions to serve as internal reference points, though
these baselines remain fluid as new interpretations of the prompt
emerge. As P12 explained, “The baseline shifts when students ap-

proach the same prompt in wildly different ways.” With a baseline
in mind, TAs commonly make mental pairwise comparisons (e.g.,
“Does the next one meet, exceed, or fall short of this standard?”from
P2). These practices point to the need for tools that support adap-
tive benchmarking, track and compare past decisions, and assist in
rubric-aligned pairwise assessments.

3.2.3 Personalized Feedback Requires Time-Consuming Synthesis.
TAs emphasized the pedagogical value of tailored feedback but
noted that composing comments that both justify scores [C5] and
guide improvement [C6] is one of the most time-consuming parts
of grading. Many resort to copying and pasting rubric descriptions
due to time pressure. Effective feedback requires mapping rubric
levels to specific student content, yet vague language (e.g., “clear
explanation”) complicates alignment. As P7 remarked, “Definitions
of ‘clear’ differ.” To cope, TAs manually combine rubric phrasing
with contextually relevant student content [S5] and reuse or adapt
pre-written phrases across submissions to save time [S6]. These
efforts call for intelligent scaffolds that streamline personalized
feedback synthesis.

3.2.4 TAs Demand Control and Accountability in AI Grading. TAs
expressed concern about AI autonomy in grading, especially with
regards to accountability if scores are inaccurate [C7] or if the AI
lacks nuance for subjective criteria [C8]. “Who takes responsibility

if the AI grades it wrong?” asked P3. Over-reliance on the AI could
also erode grading quality [C9]. That said, many welcomed AI
assistance for locating relevant content or drafting feedback [S7],
provided systems are transparent about AI contributions [S8] and
they retain final decision-making authority [S9]. As P4 emphasized,
“The essay must be read by people... AI can help, but humans must

decide.” These views underscore the importance of preserving hu-
man agency and ensuring clear accountability in AI-augmented
assessment workflows.

3.3 Design Goals
Building on prior work on cognitive processes in rubric-based grad-
ing (§2.1) and insights from our formative study, we translate these
theoretical foundations and empirical findings into four design
goals (DGs) that guide our system design presented in the next
section. Guided by Gregor et al.’s schema for design principles,
i.e., specifying aims, mechanisms, contexts, and rationales [23], we
present these goals as theoretically informed, prescriptive state-
ments intended to inform future work. Table 2 summarizes the
details of each goal.
DG1 Interactive Rubric-Evidence Mapping. To reduce the

cognitive load of locating and justifying rubric-aligned ev-
idence [C1-C2], this design builds on assessment and pro-
fessional noticing theories [20, 21, 45, 52] by decomposing
each rubric criterion into concrete considerations and high-
lighting candidate textual spans for each consideration for
grader review.

DG2 Adaptive Benchmarking Through Pairwise Compar-
ison. Drawing on comparative judgment research [9, 17,
55, 65] and formative observations that TAs self-calibrate
through informal comparisons [C3-C4, S3-S4], this design
supports pairwise comparisons against grader-chosen base-
lines by leveraging AI to identify comparable submissions
and surface relative strengths and weaknesses across essays.

DG3 Scaffolded Evidence-Grounded Feedback Synthesis. To
help TAs compose personalized, improvement-oriented feed-
back under time pressure, this design draws on formative
feedback theory [33, 70] and formative findings on TAs’ cop-
ing strategies [C5-C6, S5-S6] to scaffold comment writing
by synthesizing rubric descriptors and selected evidence
from student essays into editable AI-generated drafts.

DG4 AI as an On-Demand Collaborator that Keeps Humans
in the Loop. Informed by human-AI interaction guidelines [3,
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Table 2: Design goals for human-AI collaborative grading, derived from prior research on cognitive processes in rubric-based
evaluation (§2.1) and insights from our formative study (§3.2).

Design Goals Aim Context Mechanism Rationale
DG1. Interactive
Rubric-Evidence Mapping

Help TAs efficiently locate
and justify rubric-aligned
evidence while preserving
interpretive authority.

Grading open-ended,
heterogeneous student writing
requires TAs to locate
rubric-aligned evidence across
lengthy, stylistically diverse
submissions, often causing fatigue
and inconsistency [C1-C2].

Provide interactive AI-assisted
mappings that decompose rubric
criteria into concrete
considerations, highlight candidate
textual spans, and let graders
toggle, confirm, and link highlights
to rubric levels.

Grounded in assessment and
professional noticing
theory [20, 21, 45, 52], and
supported by formative findings
[S1-S2], this interaction scaffolds
rubric interpretation and evidence
identification.

DG2. Adaptive
Benchmarking Through
Pairwise Comparison

Support graders in
maintaining consistent and
calibrated judgments across
subjective assessments.

Graders’ standards drift across
batches of subjective writing and
rubric interpretations evolve over
time [C3-C4].

Enable graders to set baseline
essays, leverage AI to identify
comparable submissions, and
highlight relative strengths and
weaknesses between paired essays
to support self-calibration.

Comparative judgment
research [9, 17, 55, 65] and
formative evidence [S3-S4] show
that structured comparisons
formalize existing mental
benchmarks, improving
consistency.

DG3. Scaffolded
Evidence-Grounded Feedback
Synthesis

Enable TAs to compose
personalized,
improvement-oriented
feedback efficiently.

TAs value personalized formative
feedback but face time pressure,
vague rubric language, and reuse
generic comments [C5-C6].

Provide editors that bind feedback
units to selected evidence and
rubric levels and generate editable
drafts referencing these links for
both justification and
improvements.

Building on feedback
theory [33, 70] and observed
coping strategies [S5-S6],
scaffolding the synthesis of
evidence and rubric information
during feedback composition helps
TAs produce specific,
improvement-oriented comments.

DG4. AI as an On-Demand
Collaborator that Keeps
Humans in the Loop

Ensure accountability and
trust in AI-assisted grading
by preserving human control.

TAs express concern over AI
autonomy, accountability, and
grading errors in high-stakes
contexts [C7-C9].

Keep AI advisory and transparent:
label AI contributions, require
human confirmation, and ensure
all AI highlights and outputs
remain editable by graders.

Consistent with prior design
guidelines for human-AI
interaction [3, 12, 69] and our
findings [S7-S9], ensuring that the
AI functions as an on-demand
collaborator whose support is
traceable and overrideable, rather
than as a final decision-maker,
preserves trust and accountability
in AI-assisted assessment.

12, 69] and formative findings [C7-C9, S7-S9], this design
positions AI as an on-demand collaborator that provides
targeted support while ensuring its contributions remain
transparent, traceable, and fully editable by graders to pre-
serve human control and accountability.

4 The EvaluAId System
EvaluAId is a web-based system that integrates instructor-defined
rubrics with the AI support to guide graders in essay evaluation
and personalized feedback. The interface features a Grading Can-
vas for organizing graded and ungraded essays (Fig. 1A), a Rubric
Workbench for navigating criteria and quality levels (Fig. 1B), an
Essay Reader (Fig. 1C), and a Feedback Composer (Fig. 3). Graders
begin by uploading student essays with a rubric. They can also add
lecture slides, readings, or exemplar responses to give the system
more context and align grading standards with expectations (Fig.
1D). While interactive rubric development is a compelling area for
future work, in EvaluAId we focus on evaluation with existing,
well-structured rubrics.

Throughout EvaluAId, the AI acts as an on-demand assistant:
it surfaces suggestions, highlights, and comparisons that graders
explicitly invoke, inspect, edit, and approve. Nothing is auto-scored.
Provenance (e.g., selected snippets and retrieved sources) is kept
visible. Similarity meters and visual encodings are advisory, not
prescriptive. This promotes human agency and accountability
[DG4] while letting the AI reduce search and drafting overhead.

These components work together to streamline evidence identifi-
cation [DG1], support benchmarking and self-calibration [DG2],
and scaffold personalized feedback synthesis [DG3], as detailed in
the following subsections.

4.1 Automatic Rubric–Content Mapping [C1–C2
→ DG1; informed by S1–S2]

To address graders’ difficulty locating rubric-aligned evidence in
heterogeneous submissions, EvaluAId automatically decomposes
each rubric criterion into concise, clickable considerations (Fig.
1E). In Rubric Workbench, graders can switch criteria via tabs and
toggle considerations to control what the system highlights, which
immediately color-marks matched spans in the essay (Fig. 1F) so
attention goes to relevant passages as skimming the full-text.

A vertical distribution mini-map in Essay Reader (Fig. 1G) vi-
sualizes the relevant-text distribution for each criterion, revealing
where evidence is concentrated or sparse across the assignment and
aiding navigation. Graders can click rectangular cells in this map
to switch the active criterion (and its considerations), which in turn
updates highlights in Essay Reader. This addresses attention fatigue
[C1-C2] and mapping [DG1] while keeping graders in control of
which considerations are active, how evidence is interpreted, and
when any mapping informs scoring [DG4].

As shown in Fig. 2, to locate relevant content from student essays
for a given criterion in a rubric, we first prompt GPT-4o to break
down long descriptors into several consideration questions. These
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Figure 1: EvaluAId’s UI: (A) Grading Canvas organizes graded and ungraded submissions, with options to sort or color by
similarity to a baseline (H); (B) Rubric Workbench displays criteria and quality levels which can be toggled (E) to drive evidence
highlighting while a statistics view (K) monitors calibration; and (C) Essay Reader permits consideration-activated highlights
(F), with a side evidence map (G) summarizing the distribution of relevant text, viewing strengths and weaknesses relative to
the baseline (I), and launching the Feedback Prep Station via Add Feedback (J; see Fig. 3). The upload bar (D) manages materials.

questions represent what students should address when completing
the essay. We then pair each consideration question with each
student essay and prompt GPT-4o to identify sentences from the
given essay that directly answer or relate to the question. We will
later evaluate the performance of this LLM pipeline in §4.5.1.

4.2 Adaptive Benchmarking and
Self-Calibration [C3–C4→ DG2; consistent with
S3–S4]

To stabilize standards over long grading sessions, graders pin a
baseline essay that serves as an anchor for comparative judgment,
and they can change this baseline at any time to reflect new refer-
ence points as their understanding of the cohort evolves (Fig. 1H).
This aligns with typical practices where graders locate touchstone
examples for use as comparison cases. EvaluAId computes content
similarity from the current baseline to all remaining submissions
and encodes it with a shared hue whose depth indicates similarity;
graders can sort and reorder ungraded essays accordingly [S3–S4].
To measure content similarity, we first convert the relevant con-
tent for each criterion in each student essay into embeddings using

OpenAI’s text-embedding-3-largemodel. Then, we compute the
cosine distance between the embedding from baseline essay and
the embeddings from other essays to obtain the similarity scores.
This approach follows established practices in semantic textual sim-
ilarity, where embeddings have been shown to effectively capture
nuanced semantic relationships in text [47, 77].

For any open essay, Essay Reader surfaces strengths and weak-
nesses relative to the active baseline, providing a fast calibration
cue before detailed scoring (Fig. 1I). The drag-and-drop Grading
Canvas (Fig. 1A) and a statistics view (Fig. 1K) further externalize
the grader’s evolving mental picture of the cohort, reducing mem-
ory burden when tracking many submissions [C4] and fulfilling
[DG2]. Critically, graders choose and adjust the anchor, control
the ordering, and treat similarity cues as guidance to be judged and
not as final decisions [DG4].

4.3 Personalized and Rubric-Aligned Feedback
Synthesis [C5–C6, C7–C9→ DG3; grounded in S5–S6]

When composing feedback, graders click “Add Feedback” (Fig. 1J)
to open Feedback Composer and select essay snippets (student
text) and rubric descriptor snippets (the relevant consideration or
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Figure 2: EvaluAId’s LLM pipeline in locating relevant content from student essays for a given criterion.

Figure 3: EvaluAId’s Feedback Composer, used for writing
personalized, rubric-aligned feedback. (A) Graders select es-
say and rubric snippets to condition retrieval-augmented gen-
eration. (B) AI proposes editable draft justifications or sug-
gestions based on the selected content and uploaded learning
materials; graders can browse multiple alternatives and re-
vise freely. (C) A similarity-to-AI indicator shows how closely
the edited feedback matches the model’s draft, and the Con-
firm button records only human-approved feedback.

level language) (Fig. 3A). These selections prompt the AI to draw
on the uploaded learning materials to propose grounded justifi-
cations and actionable suggestions tied to the chosen evidence.
When clicking “Cook”, the system prompts GPT-4o to synthesize
rubric snippets and student essay excerpts provided by users into a
draft justification or suggestion. Drafts are presented as editable
alternatives (Fig. 3B): graders can revise wording, mix candidates,
or start from scratch (addressing [C5-C6] and realizing [DG3]).
The performance of our LLM-based feedback synthesis method is
evaluated in §4.5.2.

A passive similarity-to-AI text highlight offers transparency
about how closely the final text tracks the model’s draft, but the
confirm step ensures only human-approved feedback is recorded
(Fig. 3C). Once confirmed, each essay card displays a corner tag
indicating the number of inline feedback comments for this stu-
dent. By making selection, grounding, editing, and approval explicit,
this workflow preserves human authority and controllability while
leveraging the AI for retrieval and first-pass drafting [DG4].

4.4 Implementation Notes
EvaluAId is implemented through Next.js, which supports server-
side rendering for efficient API calls including requests to the
OpenAI APIs for instructing pre-trained GPT models, and the
Firebase APIs for logging user events. Retrieval-augmented gen-
eration functionality is built with Vercel AI, Drizzle ORM, and
Neon Database, enabling fast retrieval from the uploaded learning
materials based on embeddings during feedback generation. The
drag-and-drop feature is implemented with dnd-kit, while D3.js
supports interactive visualizations such as rubric-content mapping
and similarity color encodings.

We prompt GPT-4o to (i) locate relevant content from student es-
says according to active considerations (detailed in §4.1; evaluated
in §4.5.1), (ii) generate comparative summaries (strengths and weak-
nesses) between the current and baseline essays (used in §4.2), and
(iii) produce feedback grounded in the specified rubric descriptors
and essay snippets (detailed in §4.3; evaluated in §4.5.2). Prompts
and example outputs are provided in Supplementary Materials.

4.5 Technical Evaluation
We validate the technical capabilities of our LLM pipelines imple-
mented in EvaluAId, acknowledging that LLMs may be prone to
hallucinations or other inaccuracies [37] which risk misguiding
users or diminishing the overall usability of the system. Specifi-
cally, we evaluate whether the LLM pipelines can (1) accurately
locate relevant content from the student responses according to
criteria considerations and (2) generate high-quality, customized,
and accurate feedback (i.e., justifications and suggestions).

4.5.1 Evaluating Performance of LLM Pipelines in Content Location.
There is no established dataset for content location based on scoring
criteria, but the process of finding content based on consideration
questions shares the essence of a canonical task: machine reading
comprehension (MRC).
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Dataset: In the MRC field, the second version of the Stanford
Question Answering Dataset (SQuAD 2.0) is the most widely
used benchmark for evaluating model performance. It covers a wide
range of topics from Wikipedia. However, SQuAD 2.0 is designed
for general purposes rather than educational use, and the located
content is typically short phrases rather than full sentences. To
address this, we adapted SQuAD 2.0 by expanding each located
phrase into the full sentence in which it appears. Additionally, we
included another educational-purpose dataset, the Student Essay
Dataset (SED), which contains pairs of task fulfillment queries
and the locations of relevant sentences in student essays. However,
the length of student essays in SED is shorter than the Wikipedia
articles in SQuAD 2.0. To leverage the strengths of both datasets,
we sampled 120 Q&A pairs from each. The average word count of
the context is 386 for SQuAD 2.0 samples and 150 for SED samples.

Results: We calculated ROUGE-1 recall (the proportion of individ-
ual words in the reference text that also appear in the generated
text), precision (the proportion of individual words in the generated
text that also appear in the reference text), and F1 scores. In the
SQuAD 2.0 samples, our LLM pipeline achieves 0.91 in recall, 0.92 in
precision, and 0.89 in F1, outperforming the baseline BERT model,
which achieved 0.73 in F1. Similarly, in the SED samples, our LLM
pipeline achieves 0.83 in recall, 0.86 in precision, and 0.81 in F1,
also surpassing the baseline BERT model, which achieved 0.68 in
F1. These results demonstrate the effectiveness of our LLM pipeline
in locating relevant content based on queries, outperforming the
baseline model in both datasets.

4.5.2 Evaluating Performance of LLM Pipelines in Feedback Synthe-
sis. The goal of our LLM-based feedback generation pipeline is to
produce high-quality, customized, and accurate justifications
and suggestions based on the given rubric and essay snippets. In this
section, we computationally evaluate how well this goal is achieved.

Dataset: Since no established dataset exists for rubric-based, criterion-
by-criterion assessment of constructed-response writing assign-
ments, we utilized the Automated Student Assessment Prize
Short Answer Scoring Dataset (ASAP-SAS). This dataset is
well-suited to our study because: (1) it provides all the contextual
information required for our prompt pipeline, including the task,
rubric, student responses, and scores; (2) each rubric focuses on a
single dimension related to task fulfillment, allowing the descrip-
tions of each level to be included in our prompt as criterion snippets;
and (3) the student responses are short, making them comparable
to essay snippets relevant to the criterion snippets. For our evalua-
tion, we sampled 100 data points from the dataset, covering topics
such as English, science, and biology. We input them to our LLM
pipelines and generated 100 justifications and 100 suggestions.

Results:We input the sampled data points to our LLM pipelines
and generated 100 pairs of justifications (length:𝑀𝑖𝑛 = 31,𝑀𝑎𝑥 =

65, 𝑀 = 45.81, 𝑆𝐷 = 7.66) and suggestions (length: 𝑀𝑖𝑛 = 30,
𝑀𝑎𝑥 = 78,𝑀 = 49.06, 𝑆𝐷 = 8.22).

• Quality: Following the computational linguistic methods
proposed by Krause et al. [44] for predicting the helpfulness
of feedback, we evaluate whether the generated justifica-
tion is reasoned (i.e., includes explanatory reasoning) and

whether the generated suggestion is actionable (i.e., contains
commands, suggestions, or hypothetical situations). Addi-
tionally, prior work has suggested that negative feedback
can threaten one’s ego and reduce feedback effectiveness[10].
To assess whether the generated feedback is non-negative,
we compute the sentiment scores for both justifications and
suggestions on a scale ranging from -1 to 1, with 1 indi-
cating the most positive sentiment. The results show that
91% of the generated justifications are reasoned, and 98%
of the generated suggestions are actionable. The sentiment
of both justifications (𝑀𝑖𝑛 = −0.25, 𝑀𝑎𝑥 = 0.68, 𝑀 = 0.08,
𝑆𝐷 = 0.18) and suggestions (𝑀𝑖𝑛 = −0.12, 𝑀𝑎𝑥 = 0.40,
𝑀 = 0.10, 𝑆𝐷 = 0.14) is overall neutral.

• Customization: In this context, feedback is considered
customized if it is specific to the provided rubric snippets
and personalized to the corresponding student content. Cus-
tomization is quantified using two similarity metrics: (1) sim-
ilarity to the given rubric snippets and (2) similarity to the
given student content. To compute these metrics, we trans-
formed the generated justifications, generated suggestions,
rubric snippets, and student content into embeddings using
OpenAI’s text-embedding-3-small model1 and measured
the cosine similarity between the vectors. For comparison,
we also calculated the similarity of each justification and
suggestion to a random rubric and a random essay. Paired
t-tests revealed that the similarity (𝑀 = 0.61, 𝑆𝐷 = 0.13) of
the generated justifications to the given rubric was signif-
icantly higher than their similarity (𝑀 = 0.42, 𝑆𝐷 = 0.06)
to a random rubric (𝑡 (99) = 14.25, 𝑝 < .001∗∗∗). Similarly,
the similarity (𝑀 = 0.52, 𝑆𝐷 = 0.21) of the generated sug-
gestions to the given rubric was significantly higher than
their similarity (𝑀 = 0.28, 𝑆𝐷 = 0.06) to a random rubric
(𝑡 (99) = 8.98, 𝑝 < .001∗∗∗). We also observed that the sim-
ilarity (𝑀 = 0.45, 𝑆𝐷 = 0.12) of the generated justifica-
tions to the given student content was significantly higher
than their similarity (𝑀 = 0.34, 𝑆𝐷 = 0.09) to a random
essay (𝑡 (99) = 12.58, 𝑝 < .001∗∗∗). Additionally, the simi-
larity (𝑀 = 0.54, 𝑆𝐷 = 0.12) of the generated suggestions
to the given student content was significantly higher than
their similarity (𝑀 = 0.45, 𝑆𝐷 = 0.10) to a random essay
(𝑡 (99) = 5.59, 𝑝 < .001∗∗∗).

• Accuracy: LLMs are prone to mistakes and hallucinations
which can mislead graders, hindering students’ learning. In
this context, hallucinations are defined as responses that
contain fabricated content unfaithful to the materials in the
task prompt or inaccurate facts, concepts, or numbers that
conflict with validated knowledge. Two research assistants
manually inspected all the generated justifications and sug-
gestions from prior evaluations in this section (𝐼𝑅𝑅 = 0.84)).
The results show that only 7% of the generated justifications
and 6% of the generated suggestions were classified as hallu-
cinations by at least one evaluator. This indicates a very low
likelihood of hallucinations in the generated feedback, with

1https://platform.openai.com/docs/guides/embeddings

https://platform.openai.com/docs/guides/embeddings
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further resilience gained from a system design which dis-
courages any direct use of machine output in student-facing
materials.

In sum, our LLM-based method produces customized and accu-
rate feedback drafts. It generates reasoned, actionable responses
with neutral sentiment, aligns closely with rubric and student con-
tent, and exhibits a low error rate.

5 Study 2: Assessing Effectiveness and Perceived
Support of EvaluAId in Grading Tasks

To further evaluate EvaluAId in grading tasks, we conducted a
within-subjects study2 with 12 student TAs who typically grade
open-ended writing assignments to evaluate how EvaluAId assists
with their grading workflow compared to a baseline system pow-
ered by a conversational AI assistant. In Study 3 we will revisit
EvaluAId from the perspective of multiple stakeholders, but as in
modern universities the majority of grading is performed by TAs,
we felt that they were the most ecologically valid population for
this evaluation. We aim to address the following research questions:

RQ 2.1 How effective is EvaluAId in supporting TAs with grading
tasks?

RQ 2.2 How do TAs perceive the support provided by EvaluAId for
grading tasks?

5.1 Methodology
5.1.1 Baseline. To contextualize the value of EvaluAId, we com-
pared it against a baseline condition using a general-purpose LLM-
powered conversational assistant (CA). This baseline reflects cur-
rent grading tool design such as Canvas SpeedGrader3 and the
growing trend of integrating tools like ChatGPT into grading work-
flows [43, 64, 75]. The baseline tool featured an interface similar to
EvaluAId but without dedicated support for evidence identification,
comparative judgment, and feedback composition. As users navi-
gated between essays and criteria, the system automatically updated
the prompt with relevant content, ensuring smooth interactions
and preventing usability issues such as manual copy-and-pasting.

Participants in the baseline could engage with the assistant to
ask questions or request help with grading or feedback writing but
were not required to use it in any particular way, mirroring realistic
usage patterns in educational settings. This also helps to reduce
potential confounds from priming participants to use the model to
complete tasks they may otherwise prefer to do manually even in
the presence of an assistant. The UI layout, rubric structure, and
LLM model were kept consistent across both systems.

5.1.2 Task Materials. We developed two parallel sets of essay re-
sponses to use as task materials. Each set of essays responds to a
classical critique assignment (and their associated rubrics) from
an entry-level HCI course at a private university in the United
States. One assignment asked students to apply Norman’s Design
Principles to evaluate physical designs, while the other focused
on applying Nielsen’s Usability Heuristics to virtual designs. Both

2All studies in this paper received approval from our institution’s IRB.
3https://community.canvaslms.com/t5/Canvas-Basics-Guide/What-is-SpeedGrader/
ta-p/13

assignments required students to analyze two given designs us-
ing the corresponding principles or heuristics and to support their
evaluations with concrete examples of user interactions. This setup
allowed us to introduce diversity in content while maintaining
comparable complexity and cognitive demands across the two grad-
ing materials. Supplementary Materials provide the full writing
prompts and rubrics.

Essays: For each assignment, we recruited eight university students
from relevant fields (e.g., art, design, information science) to write
short essays, as IRB and local regulations prohibited us from using
student submissions from the original courses. Writers received
compensation of one research credit or $8. The two sets of essay
responses were comparable in word count, ranging from 400 to 500
words (𝑡 (18) = .909, 𝑝 = .379). To establish a robust ground truth
and ensure that the two essay sets were reasonably comparable in
quality for participants in our study, two introductory HCI course
TAs independently graded all essays using the same rubrics that
would later be used by our participants (𝐼𝐶𝐶 = 0.78). Discrepancies
were later resolved through discussions with professors. No signifi-
cant difference in quality was observed between the two essay sets
(𝑡 (18) = −.372, 𝑝 = .715).

Rubrics: The rubrics used by both the aforementioned evaluators
and the study participants were adapted from the original course
grading criteria and lightly revised by an experienced, indepen-
dent HCI professor to improve clarity. Each rubric consists of three
criteria, with four performance levels ranging from 1 (low qual-
ity) to 4 (high quality), accompanied by descriptive benchmarks
for each level. The three criteria are “Application of Principles,”
“Comparison of Designs,” and “Analysis of Design Outcomes.” The
descriptive benchmarks for each criterion in the two rubrics vary
slightly depending on the specific design principles involved. Due
to time constraints, participants in the study evaluated essays based
only on the first two criteria.

5.1.3 Participants. We recruited 12 TA participants (Table 3; T01—
T12); 9 female, 3 male; ages ranging from 23 to 29; 𝑀 = 25.58,
𝑆𝐷 = 2.23) from U.S. universities through flyers, word-of-mouth,
and internal participant recruitment systems. The participants were
required to (1) have at least one semester of TA experience, (2) have
experience in grading writing assignments using rubrics, (3) have
taken this course or similar alternatives, and (4) be familiar with
the knowledge and concepts involved in the task materials. Each
participant received a $20 gift card as compensation for their time.

5.1.4 Study Procedure. The study began with obtaining informed
consent from each participant, followed by a demographic survey.
Participants then completed two task sessions, each beginning with
a 3–5-minute tutorial and followed by a grading task using either
EvaluAId or the CA system. To control for order effects, partici-
pants used EvaluAId and the CA system with different sets of task
materials (see §5.1.2), assigned in a counterbalanced order.

In each session, participants were given 30 minutes to assess all
essays in the assigned dataset using the respective system. The 30-
minute time limit was determined through multiple rounds of pilot
testing to ensure participants had sufficient time to engage mean-
ingfully with the grading task without fatigue. Participants were
asked to approach the task as if they were grading in a real-world

https://community.canvaslms.com/t5/Canvas-Basics-Guide/What-is-SpeedGrader/ta-p/13
https://community.canvaslms.com/t5/Canvas-Basics-Guide/What-is-SpeedGrader/ta-p/13
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Table 3: Demographic information of university TAs in Study 2 and 3.

ID Gender Age TA Experience AI Grading AI Usage

T01 Female 28 0-6 months Not yet but interested N/A
T02 Female 28 1-2 years Yes, occasionally ChatGPT for feedback rephrasing
T03 Female 24 0-6 months Not yet but interested N/A
T04 Female 23 1-2 years Yes, occasionally ChatGPT for summarization
T05 Female 23 6 months-1 year Yes, occasionally ChatGPT
T06 Female 24 0-6 months Not yet but interested N/A
T07 Female 29 6 months-1 year Yes, occasionally ChatGPT for feedback rephrasing
T08 Male 28 2-5 years Yes, frequently ChatGPT for feedback rephrasing
T09 Female 24 6 months-1 year I tried it once or twice ChatGPT for automated grading
T10 Male 25 1-2 years Not yet but interested N/A
T11 Female 27 0-6 months Yes, frequently Grammarly, ChatGPT for evidence searching
T12 Male 24 6 months-1 year I tried it once or twice Grammarly, ChatGPT

scenario, where their scores would be sent directly to students,
emphasizing the importance of accountability in their decisions.
Following each condition, participants completed a short survey
evaluating their perceptions of the AI support.

After completing both main conditions, participants took part
in a 25-minute semi-structured interview. They were first briefly
exposed to a fully automated end-to-end writing evaluation (AWE)
system. The system was implemented using GPT-4o, with prompts
designed based on prior work on LLM-based AWE [11, 36, 72]. Par-
ticipants were shown the system-generated scores for the same
essays they had previously graded and given 5 minutes to review
the outputs. This phase was intended to elicit participants’ reactions
to such fully automated assessment. After this brief review, partici-
pants completed the same perception survey for AWE. Finally, they
reflected on their experiences with each system, shared their atti-
tudes toward human-AI collaboration in grading, and offered sug-
gestions for improvement4. All study sessions were conducted re-
motely via Zoom. The procedure of one session is outlined in Fig. 4.

5.1.5 Measures. The post-session survey included five items (i.e.,
Satisfaction, Think-through, Collaboration, Transparency, and Con-
trol) from Wu et al. [87] to assess participants’ perceived AI ex-
perience, four additional items to measure perceptions of Trust,
Reliability, Fairness, and Justifiability, and one item to assess partic-
ipants’ Confidence in delivering the results to students. All survey
questions are presented in Supplementary Materials.

To objectively evaluate grading performance in each condition,
we computed the agreement between participants’ assigned scores
and expert-established ground truth using Root Mean Square Er-
ror (RMSE) and Pearson’s correlation coefficient (two commonly
used metrics in prior work [32, 58, 89]). Additionally, we assessed
inter-rater consistency among participants using the Intraclass Cor-
relation Coefficient (𝐼𝐶𝐶) and compared the standard deviations
across conditions.

For feedback evaluation, two TAs from an introductory HCI
course (who did not participate in the study) independently rated
the quality of 48 written feedback entries (24 per system condi-
tion) without knowledge of the condition under which each was
produced. Following the methods and criteria developed by Steiss

4These interview data will be analyzed in the next study presented in §6.

et al. [72], the feedback was evaluated across four dimensions:
Accuracy, Criteria-Based, Clear Directions for Improvement, and
Supportive Tone, using a 5-point Likert scale. Significant rating dis-
crepancies (greater than a 2-point difference) were resolved through
discussion and re-evaluation.

5.2 Analysis and Findings
5.2.1 RQ2.1: TA Performance in Grading. To assess the general
effectiveness of EvaluAId in supporting TA grading, we evaluated
differences and correlations between participants’ scores and ex-
pert ratings, inter-rater consistency among participants, and the
feedback written by participants. We conducted paired t-tests to
compare EvaluAId with the baseline.

Differences with Expert Scores: Averaged by criterion, the mean
score from EvaluAId was 2.688 (𝑆𝐷 = .892), and from the CA
baseline was 2.719 (𝑆𝐷 = .856), compared to expert ratings of
2.875 (𝑆𝐷 = 1.100). We further evaluated differences between TA
scores and expert scores using RMSE (Fig. 5A). EvaluAId achieved
significantly higher grading accuracy than the baseline (𝑡 (11) =

−2.339, 𝑝 = .039∗): RMSE was lower for EvaluAId (𝑀 = .744, 𝑆𝐷 =

.200) compared to the CA baseline (𝑀 = 1.046, 𝑆𝐷 = .347). As
context, the mean score from AWE was 3.125 (𝑆𝐷 = .976), with an
RMSE of 1.031.

Correlation with Expert Scores:We evaluated trend alignment
with expert ratings using Pearson correlation (Fig. 5B). EvaluAId
achieved significantly higher Pearson correlation with expert scores
(𝑀 = .754, 𝑆𝐷 = .129; 𝑡 (11) = 2.479, 𝑝 = .031∗) than the CA base-
line (𝑀 = .509, 𝑆𝐷 = .281). AWE’s correlation with expert scores
was 0.526, indicating moderate agreement, consistent with findings
from previous research [43].

Inter-Rater Consistency: To compare inter-rater consistency, we
calculated 𝐼𝐶𝐶 . Results showed that participants using EvaluAId
were more consistent (𝐼𝐶𝐶 = .612) than using the CA baseline
(𝐼𝐶𝐶 = .301) with one another.

Quantity of Feedback: There was no significant difference in the
average number of inline feedback comments between the two
conditions (Fig. 5C; EvaluAId: 𝑀 = 2.167, 𝑆𝐷 = 2.725; Baseline:
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Figure 4: The within-subjects study procedure with TAs.

t(11)=-2.339, p=.039*

1.03
AWE system
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(B) Pearson’s Correlation
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Figure 5: Bar plots comparing the performance of EvaluAId and the CA baseline across four metrics: (A) Root Mean Square
Error (RMSE) relative to expert scores, (B) Pearson’s correlation with expert scores, (C) number of inline feedback comments,
and (D) number of overall feedback comments. Results show that EvaluAId achieved significantly lower differences (A) and
higher correlation (B) with expert scores, while the CA baseline produced more overall feedback comments (D). The yellow
line in (A) and (B) marks the performance of an LLM-based end-to-end AWE system.

𝑀 = 1.667, 𝑆𝐷 = 3.447; 𝑡 (11) = .445, 𝑝 = .665). However, partici-
pants using the baseline (𝑀 = 3.500, 𝑆𝐷 = 2.431) wrote significantly
more overall feedback comments (𝑡 (11) = −2.454, 𝑝 = .032∗) than
those using EvaluAId (𝑀 = 1.667, 𝑆𝐷 = 2.605). This difference may
stem from the CA baseline allowing participants to generate overall
feedback more easily by simply inputting the student essays. In
contrast, using EvaluAId required participants to spend additional
time selecting relevant student content and rubric descriptors to
synthesize their comments.

Quality of Feedback: Among independent rater evaluations of
written comments, a significant difference was observed only in
Clear Directions for Improvement, where feedback from EvaluAId
(𝑀 = 4.042, 𝑆𝐷 = 1.285) was rated significantly higher (𝑡 (23) =

1.798, 𝑝 = .043∗) than that from the baseline (𝑀 = 3.292, 𝑆𝐷 =

1.546). Interestingly, the Coefficient of Variation (𝐶𝑉 ) values for
EvaluAId were consistently lower across all four quality metrics
(e.g., Accuracy: 0.205 vs. 0.262, Criteria-Based: 0.245 vs. 0.296, Clear
Directions for Improvement: 0.318 vs. 0.470, Supportive Tone: 0.298
vs. 0.339), suggesting that EvaluAId may help produce feedback of
more consistent quality across participants.

5.2.2 RQ2.2: TA Perceptions of System Support. To answer RQ2, we
conducted quantitative analysis using a repeated measures ANOVA
to compare EvaluAId with the CA baseline and AWE across all
metrics. Post hoc pairwise comparisons followed when significant
effects were found. The results are summarized in Table 4.

Confidence and Satisfaction: Participants felt most confident
in delivering assessment results to students when using Evalu-
AId (𝑀 = 6.000, 𝑆𝐷 = 1.128; 𝐹 = 12.931, 𝑝 < .001∗∗∗), espe-
cially compared to AWE (𝑀 = 3.333, 𝑆𝐷 = 1.614; post-hoc: 𝑝 <

.001∗∗∗). Also, TAs reported highest satisfaction with their final
grading results when using EvaluAId (𝑀 = 6.000, 𝑆𝐷 = .853;
𝐹 = 10.577, 𝑝 < .001∗∗∗; post-hoc: 𝑝 = .004∗∗) compared to the CA
baseline (𝑀 = 5.167, 𝑆𝐷 = 1.403) and AWE (𝑀 = 4.333, 𝑆𝐷 = 1.497;
post-hoc: 𝑝 = .004∗∗).

Think-through and Collaboration: Participants perceived Eval-
uAId as significantlymore effective in helping think through how to
complete the task (𝑀 = 6.500, 𝑆𝐷 = .674; 𝐹 = 14.586, 𝑝 < .001∗∗∗)
than the both systems (the CA baseline 𝑀 = 4.583, 𝑆𝐷 = 1.730;
post-hoc: 𝑝 = .002∗∗; and AWE: 𝑀 = 3.667, 𝑆𝐷 = 1.923; post-hoc:
𝑝 < .001∗∗∗). TAs also experienced a strongest sense of collab-
oration when working with EvaluAId (𝑀 = 5.500, 𝑆𝐷 = 1.382;
𝐹 = 14.051, 𝑝 < .001∗∗∗), particularly compared to AWE (𝑀 =

3.000, 𝑆𝐷 = 1.651; post-hoc: 𝑝 < .001∗∗∗).

Transparency and Control: EvaluAId provided greatest reported
transparency in its decision-making process (𝑀 = 5.750, 𝑆𝐷 =

1.712; 𝐹 = 6.666, 𝑝 = .005∗∗) compared to CA (𝑀 = 4.250, 𝑆𝐷 =

2.340; post-hoc: 𝑝 = .069) and AWE (𝑀 = 3.333, 𝑆𝐷 = 1.875; post-
hoc: 𝑝 = .020∗). TAs’ perceived controllability over the AI was also
highest with EvaluAId (𝑀 = 5.083, 𝑆𝐷 = 1.881; 𝐹 = 6.794, 𝑝 =

.005∗∗), especially compared to AWE (𝑀 = 3.000, 𝑆𝐷 = 1.595; post-
hoc: 𝑝 = .006∗∗).
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Table 4: Survey results under EvaluAId (Ours), the CA baseline, and AWE. We report means (M) and standard deviations (SD).
Inferential statistics are from a one-way repeated-measures ANOVA across conditions, followed by Holm-corrected post-hoc
paired 𝑡-tests (†: p<.10, *: p<.05, **: p<.01, ***: p<.001). All survey questions are presented in Supplementary Materials.

Metrics EvaluAId (Ours) CA AWE ANOVA Ours vs. CA Ours vs. AWE

M SD M SD M SD 𝐹 p 𝑡 p 𝑡 p

Confidence 6.000 1.128 5.250 1.658 3.333 1.614 12.931 .001*** 1.621 .133 5.204 .001***
Satisfaction 6.000 0.853 5.167 1.403 4.333 1.497 10.577 .001*** 4.022 .004** 4.212 .004**
Think-through 6.500 0.674 4.583 1.730 3.667 1.923 14.586 .001*** 4.412 .002** 5.304 .001***
Collaboration 5.500 1.382 4.667 1.923 3.000 1.651 14.051 .001*** 1.890 .085† 5.745 .001***
Transparency 5.750 1.712 4.350 2.340 3.333 1.875 6.666 .005** 2.413 .069† 3.345 .020*
Control 5.083 1.881 4.833 2.250 3.000 1.595 6.794 .005** .333 .745 4.051 .006**
Trust 5.167 1.115 4.917 2.151 3.417 1.564 3.705 .041* .370 .718 2.895 .044*
Reliability 5.333 1.231 4.833 2.250 3.417 1.676 4.146 .030* .971 .352 3.027 .035*
Fairness 5.167 1.403 5.000 1.954 3.500 1.446 6.585 .006** .352 .732 4.022 .006**
Justifiability 5.500 1.446 4.500 2.023 3.750 1.765 3.667 .042* 2.345 .078† 2.782 .054†

Trust and Reliability: Participants perceived EvaluAId as most
trustworthy (𝑀 = 5.167, 𝑆𝐷 = 1.115; 𝐹 = 3.705, 𝑝 = .041∗), particu-
larly better than AWE (𝑀 = 3.417, 𝑆𝐷 = 1.564; post-hoc: 𝑝 = .044∗).
Similar patterns emerged for reliability perceptions, with EvaluAId
rated highest (𝑀 = 5.333, 𝑆𝐷 = 1.231; 𝐹 = 4.146, 𝑝 = .030∗) and
significantly outperforming AWE (𝑀 = 3.417, 𝑆𝐷 = 1.676; post-hoc:
𝑝 = .035∗).

Fairness and Justifiability: TAs perceived EvaluAId as leading
to most fair outcomes for students (𝑀 = 5.167, 𝑆𝐷 = 1.403; 𝐹 =

6.586, 𝑝 = .006∗∗), significantly better than AWE (𝑀 = 3.500, 𝑆𝐷 =

1.446; post-hoc: 𝑝 = .006∗∗), though not significantly different from
the CA baseline (𝑀 = 5.000, 𝑆𝐷 = 1.954; post-hoc: 𝑝 = .732). TAs
also reported feeling most capable of justifying their grading deci-
sions when disputes arose with EvaluAId (𝑀 = 5.500, 𝑆𝐷 = 1.446;
𝐹 = 3.667, 𝑝 = .042∗), although post-hoc tests did not reveal signif-
icant differences.

In summary, this study found that participants using EvaluAId
achieved higher grading accuracy and consistency, produced more
actionable feedback for student improvement, and reported greater
satisfaction with their performance. They also noted that Eval-
uAId helped them think more carefully throughout the grading
tasks. In the next section, we qualitatively examine EvaluAId from
the perspectives of multiple grading stakeholders (i.e., namely in-
structors, TAs, and students) with the goal of understanding their
perceived benefits of EvaluAId, uncovering potential mechanisms,
and highlighting key considerations.

6 Study 3: Exploring Multi-Stakeholder
Perspectives on Human-AI Collaborative
Evaluation

Grading in university courses often involves multiple stakeholders:
(1) TAs, who are typically responsible for grading; (2) instructors,
who oversee the grading process and ensure consistency and fair-
ness; and (3) students who are the recipients of feedback and scores
and whose grade is directly impacted by the assessment. In the
within-subjects study, we conducted semi-structured interviews
with 12 TAs. Here, we further interviewed 6 university instructors

and 6 university students to explore the perspectives of multiple
stakeholders on EvaluAId’s human-AI collaborative approach. We
aim to investigate:

RQ3.1 What are the perceived benefits and challenges of Evalu-
AId’s human-AI collaborative approach from the perspec-
tives of TAs, instructors, and students?

RQ3.2 How might EvaluAId be integrated into classroom practice,
what potential benefits does it offer for handling regrading
requests, and what conditions need to be addressed?

6.1 Methodology
6.1.1 Participants. We recruited 6 instructors from universities
across the United States through social media and Prolific (Table 5;
I1-I6, 3 female, 3 male; ages ranging from 32 to 56, 𝑀 = 44.17,
𝑆𝐷 = 8.01). They had extensive teaching experiences ranging from
6 to more than 10 years. Four were full-time professors, one was
a full-time lecturer, and one was adjunct faculty. They come from
diverse disciplines, including Art History, Computing, Comedy,
Philosophy, Psychology, and Sociology. They all had experience
designing and grading open-ended writing assignments such as
essays, research papers, literature reviews, and reflective writings.
Each instructor was compensated with $30.

We also recruited 6 university students (Table 6, S1-S6, 2 female
and 4 male; ages ranging from 19 to 36, 𝑀 = 23.50, 𝑆𝐷 = 6.25),
including both undergraduate and graduate students, via social me-
dia and word-of-mouth. They came from a range of majors, such as
Computer Science, Biology, Architecture, and Physics, and all had
prior experience with writing assignments such as essays, discus-
sion posts, and reflective writings. Each student was compensated
with a $15 gift card.

6.1.2 Study Procedure. We conducted semi-structured interviews
with 12 TAs in Study 2 (described in Section 5.1.4). For instructor
and student participants, we conducted one-on-one interviews via
Zoom, each lasting about an hour. At the start of each session, we
introduced the study’s background and goals. Participants then pro-
vided verbal consent for audio and video recording and completed a
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Table 5: Demographic information of university instructors in Study 3.

ID Gender Age Teaching Experience Field Class Size AI Grading

I1 Female 48 > 10 years Art History < 20 Not yet but interested
I2 Female 56 > 10 years Computing 20-49 No
I3 Male 32 6-10 years Comedy 20-49 No
I4 Female 46 6-10 years Philosophy 20-49 Used to detect AI in writing
I5 Male 41 > 10 years Psychology < 20 Not yet but interested
I6 Male 42 > 10 years Sociology < 20 No

Table 6: Demographic information of university students in Study 3.

ID Gender Age Grade Major Field

S1 Male 23 Senior Computer Science
S2 Male 21 Senior Computer Science
S3 Female 21 Senior Molecular, Cellular, and Developmental Biology
S4 Male 19 Sophomore Physics
S5 Male 36 Graduate Biomedical Sciences
S6 Female 21 Senior Architecture

demographic survey. We engaged participants in a warm-up activ-
ity where they shared their experiences with writing assignments
and initial impressions of the AI in grading.

Next, we presented three systems in order (the CA system, the
AWE system, and EvaluAId) by walking through key features and
showing anonymized screen recording clips of TAs using each sys-
tem from Study 2. Each clip combined representative segments
of TAs’ grading behavior from Study 2 and showcased all system
features and workflows. After each presentation, participants dis-
cussed the potential benefits and concerns of using the system in
grading. Following all three demonstrations, we held a 30-minute
semi-structured conversation inviting participants to compare the
systems and reflect on their differences.

For instructors, we focused on identifying their favorite fea-
tures across systems, gauging their attitudes toward EvaluAId’s
human-AI collaborative grading approach compared to CA and
AWE, and envisioning how EvaluAId could be integrated into their
classrooms. For students, we explored their acceptance of and at-
titudes towards EvaluAId’s collaborative approach, its potential
impact on their learning, and their perceived benefits and concerns
across the three systems. The full interview protocol is provided in
Supplementary Materials.

6.2 Analysis and Findings
To analyze interview transcripts, we followed established open-
coding protocols [8, 68]. Two researchers independently coded the
transcripts, then discussed, reached a consensus, and created a
consolidated codebook. This codebook was then used for thematic
analysis to identify emerging topics from the interviews. The entire
research team collectively reviewed the coding outcomes to refine
high-level themes.

6.2.1 Evidence Identification: Benefits and Challenges. Here, we
report instructors’, TAs’, and students’ perceived benefits and chal-
lenges regarding EvaluAId’ approach to evidence identification.

KF1: Criteria decomposition and sentence highlighting en-
able evidence-driven judgment: Both TAs and instructors agreed
that consideration-based, sentence-level highlighting can help graders
effectively locate rubric-aligned evidence (T1-10, I1, I3) by break-
ing apart each criteria into considerations and filtering out irrele-
vant sentences (T3, T5). The benefit was especially pronounced for
poorly structured essays (T1, T7). Compared to chatbot responses,
participants viewed in-place highlights as more trustworthy be-
cause they preserved context (T4, T5, I3, I4, S6). As I3 noted, “It
shows you the context around the thing... It’s just highlighting in-

stead of rewriting.” Participants also cautioned that for subjective
criteria with diffuse evidence (e.g., comparisons spread across para-
graphs), highlights should be treated as prompts rather than proofs;
otherwise graders might miss cross-paragraph reasoning (T4).

Our findings revealed differing perspectives on the transparency
of showing highlighted sentences. Instructors preferred not to share
highlights, expressing worrying that it might “give students more

feedback than they actually want” (I1). By contrast, students re-
garded scores paired with highlights as “very specific feedback” (S2,
S3) that helped pinpoint mistakes. This divergence motivates an
important direction for future work: what is the optimal level of
detail to provide during the scoring and feedback process.

KF2: Turning rubric into guiding questions promotes reflec-
tion and builds confidence: In EvaluAId, each criterion is de-
composed into guiding questions (considerations) that prompt TAs
to evaluate the criterion along multiple facets. TA users reported
that these considerations encouraged more thoughtful grading (T3,
T5-7, T10), consistent with our observation that EvaluAId supports
deeper think-through in the within-subjects study (§5.2.2). For ex-
ample, T3 and T5 filtered sentences consideration-by-consideration,
moving from surface-level checks (e.g., number of concepts defined)
to more nuanced aspects (e.g., quality of explanation). This process
helped them gather evidence gradually to confirm their grading de-
cisions: “[Each consideration] will give me some highlighted evidence
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Table 7: Summary of insights from TAs, instructors, and students on EvaluAId’s human-AI collaborative approach.

Key Dimensions TAs Instructors Students
Evidence Identification:
Benefits and Challenges

B1. TAs appreciate that sentence
highlighting can help them easily locate key
points and allocate attention. (KF1)

B2. TAs prefer in-place highlights over AI
summaries, because they are more trustable.
(KF1)

B3. TAs perceive being more thoughtful and
guided by considerations in EvaluAId.
(KF2)

C1. TAs have concerns about the AI’s
reliability in detecting sentences for very
subjective criteria. (KF1)

B1. Instructors agree that highlighting can
help graders locate key points easier. (KF1)

B2. Instructors trust in-place highlights
more than AI summaries or AI quotes,
because in-place highlights keep the
original context. (KF1)

C1. Instructors have concerns about LLM
missing important sentences for making
grading decisions. (KF1)

C2. Instructors are reluctant to deliver
highlights as part of feedback to students.
(KF1)

B1. Students appreciate the deeper
engagement of graders with their work
encouraged by sentence highlighting and
considerations. (KF2)

B2. Students trust in-place highlights more
than AI-extracted quotes, because they fear
hallucinations in the AI results. (KF1)

C1. In contrast to instructors’ attitudes,
students prefer receiving highlighted
sentences as part of the feedback. (KF1)

Comparative Judgment:
Benefits and Challenges

B1. TAs appreciate that benchmarking
visualization can help them quickly spot
similar assignments and make pairwise
comparison. (KF3)

B2. TA appreciate that the AI analysis of
strengths and weaknesses can help them
interpret the quality of a submission and
reflect on their judgment. (KF3)

C1. TAs have concerns about the reliability
of the similarity calculation when students’
writing topics are very diverse. (KF4)

B1. Instructors propose iterative
benchmarking facilitated by EvaluAId: they
tend to treat each essay as a benchmark to
ensure fair attention. (KF4)

B2. Instructors believe that EvaluAId can
elicit deeper reflection on grading standards
through the benchmarking and holistic view
of writings in the grading canvas. (KF3)

C1. Instructors have concerns about unfair
comparisons with outlier submissions.
(KF4)

C1. Students have concerns that graders
might select inappropriate essay (such as
outliers) as the benchmark. (KF4)

C2. Students care about whether graders
maintain consistent standards during
comparative grading. (KF4)

Feedback Composition:
Benefits and Challenges

B1. TAs are satisfied with the quality of the
AI feedback draft in EvaluAId, as they are
concise, accurate, and concrete. (KF5)

B2. TAs perceive that the feedback
composition mechanism can guide them to
reflect on their judgment and write
thoughtful feedback with justifications.
(KF5)

B1. Instructors believe that the feedback
composition mechanism in EvaluAId can
make graders intentionally incorporate
students’ work into the feedback. (KF5)

B2. Instructors expect that the personalized
feedback supported by EvaluAId will
strengthen their connections with students.
(KF5)

B3. Instructors believe that the
similarity-to-AI score can help graders
manage their reliance on the AI. (KF6)

C1. Instructors see a need to balance
structured feedback writing with flexibility
to request AI help. (KF5)

B1. Students perceived that the AI feedback
draft in EvaluAId are informative for
revision. (KF5)

C1. Students appreciate the human effort in
selecting evidences but expect more human
input to build on the AI draft. (KF6)

Integration into Classroom:
Benefits and Challenges

B1. TAs believe that grading based on
considerations and writing feedback by
quoting students’ work and rubric
descriptions can help them articulate
grading rationale when regrading is
requested. (KF7)

B2. By breaking grading into steps,
EvaluAId can give TAs greater control and
help them better understand how the
system works. (KF8)

B1. Instructors believe that EvaluAId can
help resolve regrade requests because it can
guide graders to form explicit rationale and
maintain accountability. (KF7)

B2. Instructors see EvaluAId as a
promising tool for training TAs. (KF8)

C1. Instructors want guidance on
configuring or customizing the AI support.
(KF8)

C2. EvaluAId should fit in, not replace,
instructor-student interactions. (KF8)

B1. Students note that sentence highlighting
can reduce their regrade requests caused by
human oversight and make graders’
rationale more transparent. (KF7)

B2. Students note that having graders
specify rubric snippets when writing
feedback can reduce grade disputes by
leaving less room to argue for points. (KF7)

... I will first have a feeling ... then I need some evidence ... if I click

the consideration, I could reassure myself.” (T5)
Students also valued this practice, perceiving that graders were

actively engaging with their writing: “...the instructor is interacting
more deeply with [my work], because they’re reading and associating

writing snippets with [considerations] and making their own judg-

ment.” (S4) In contrast, after observing CA use, S4 felt the grader
was “just scanning... to form a broad impression, then filling in details

without judging.” For students, agency and authenticity were just
as valuable as the pedagogical content of the feedback.

6.2.2 Comparative Judgment: Benefits and Challenges. Here, we
report instructors’, TAs’, and students’ perceived benefits and chal-
lenges of EvaluAId’ human-AI collaborative approach regarding
comparative judgment.
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KF3: Adaptive benchmarking and grading Canvas support
efficient, deliberated comparative judgment: TAs indicated
that the similarity color-coding in EvaluAId helped them quickly
identify pairs for comparison (T1, T2, T4, T6, T8). As T6 explained,
“When I compare two essays, it’s easier to see who is doing better

and [identify] the problems.” TAs also used the AI analysis of an
essay’s strengths and weaknesses compared to the chosen baseline
to actively interpret writing quality (T1). While EvaluAId improves
grading efficiency, instructors noted that it also prompted deep
reflection on their grading standards (or consistency) through its
color-coding, comparative analysis, and holistic view of all writings
on the grading canvas. As I3 described: “I would look at this dark blue
essay that got 2 points and the one that got 4 points, and think: why

do I rate this one a 2 and that one a 4, even though the 3-point essay

is very similar to both? ... This keeps me in check when I’m doing a

marathon of grading: what outside factors might be affectingmymood

and whether I was being fair.” This kind of reflection on consistency
is important because it helps ensure that grading remains fair and
aligned with shared standards, even when evaluators face fatigue
or subjective bias.

KF4: Iterative benchmarking can potentially support fairness
in comparative judgment: Participants raised concerns about
fairness in peer comparative judgment. For instance, students wor-
ried that graders might select inappropriate benchmarks or apply
inconsistent standards (S4). Instructors similarly noted the risk of
being influenced by outlier assignments (e.g., unusually strong es-
says), which could lead to unfair comparisons (I5). They advocated
treating every essay as a potential baseline to distribute attention
equitably (I3). Participants also expressed concerns over the reliabil-
ity of content similarity when student essays vary widely in topics
(T3). EvaluAId’s flexible baseline selection and holistic views of all
essays in the canvas can encourage such iterative benchmarking
workflow such as revisiting the baseline, making pairwise compar-
isons, and checking for inconsistency in standards. This points to
a broader question around the right balance of peer comparison
versus independent grading. Though interventions such as those in
EvaluAId can help to reduce the effort of cross-referencing, there
remains a risk that metrics like similarity can cause priming or lead
instructors to unwittingly fixate on one example.

6.2.3 Feedback Composition: Benefits and Challenges. In Study 2
(§5.2.1), we found that EvaluAId helped TAs produce more ac-
tionable feedback. Here, we provide further evidence, reveal the
potential mechanisms, and highlight considerations raised by in-
structors, TAs, and students.

KF5: Evidence-first workflows support personalized, infor-
mative feedback composition: TAs and students were satisfied
with the quality of AI-generated feedback drafts, describing them
as “concise, accurate, and concrete” (T1, T5, T7, S2), aligned with our
findings in §4.5. Students appreciated that EvaluAId guides graders
to tie feedback to rubric considerations and essay snippets: “I really
like how this system allows instructors to give suggestions based on

[essay] snippets or guiding questions... It’s going to be more infor-

mative for students to address certain points in future writing.” (S4)
TAs also noted that the structured feedback-writing steps reminded
them to justify their grading decisions (T9).

Instructors similarly observed that the scaffolding process can
encourage graders to more consciously write personalized feedback:
“I would pull out essay snippets that I really want to give construc-

tive feedback on, knowing that at the end I’d be generating feedback

and could plug those snippets in and edit them ... Whereas now I’m

not that intentional. ... This [EvaluAId ] would make me more in-

tentional about identifying which parts of the essay to incorporate

into feedback.” (I5) They valued how EvaluAId’s scaffolding and
the AI suggestions prompted reflection on feedback quality when
incorporating the AI content (I3), and believed that more person-
alized feedback can help sustain meaningful instructor-student
connections even when the AI assists grading (I3).

At the same time, instructors and TAs emphasized balancing
structured guidance with flexibility in feedback composition. Com-
pared to EvaluAId’s structured approach, instructors found that the
chatbot in the CA system sometimes allowed more creative explo-
ration, because “it’s much less on rails and can generate anything.”
(I5) This suggests the potential benefits of combining conversa-
tional interactions with structured, snippet-grounded scaffolding
for feedback writing.

KF6: Human judgment and visible effort matters in feedback
composition: TAs described EvaluAId as better supporting their
responsibility to make independent judgments than CA and AWE
(T1-4, T7, T12). T4 perceived greater agency in EvaluAId because
“it’s just providing tools for graders to present their own judgment

instead of giving an answer.” Students agreed with this view: “In
[CA], they [graders] are being influenced by the AI because they

can chat with it. Whereas in EvaluAId, they’re making the decision

first without any AI.” (S2) Many participants regarded AWE as
affording the least agency, describing it as “making the human

grader a side person in the grading” (T7, T9, I3-5) and “giving graders
the temptation to be lazy.” (I1, I3, I4, S2, S4)

Instructors emphasized contributing original comments to pre-
serve authenticity and a sense of connection with student work: “I
would make it a point to provide original feedback for each submis-

sion, just so that I am still having that...intimate interaction with the

essay.” (I3) Students similarly valued visible human effort in feed-
back, preferring human-edited AI drafts for tone and correctness
(S2). The similarity-to-AI indicator in EvaluAId was viewed as a
useful guardrail: “I really love that similarity-to-AI feedback score

to let me know how heavily am I leaning on this generated content to

provide feedback?” (I5) The positive responses to EvaluAId are en-
couraging, but there remains a central tension in the AI-supported
evaluation between scalability of grading approaches and close
connections to students.

6.2.4 Integration into Classroom. Lastly, we report participants’
perspectives on integrating EvaluAId into classrooms.

KF7: Rubric- and text-linked grading rationales help resolve
regrade disputes: When discussing classroom integration, partici-
pants emphasized how EvaluAId can help address grading conflicts.
TAs reported that the explicit rationale and linked evidence encour-
aged in EvaluAId can make disputes easier to resolve. For example,
considerations can help with justification: “For grading, the most

important part for me is to find some justification for my grading. So

this...gave me several considerations I can have for the student.” (T5)
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Linking feedback to rubrics and student content further helps them
justify their decisions (T9). Instructors likewise noted the value
in regrade situations: rather than relying on memory weeks later,
they appreciated having a record of evidence linked to criteria: “If
a student has a dispute...I could click [a criteria] and be like here is

[the evidence] specifically...it’s not me having to recall what happened

when I interacted.” (I3)
Students echoed these views, reporting greater trust when feed-

back contained explicit rubric references and supporting evidence.
Such detail reduced both the desire and the grounds to dispute
grades: “If the instructor is giving suggestions of certain parts of the

essay associated with certain rubric, I feel it more difficult to find any

‘sweet spots’ to argue...because it already lists everything out for you,

so I would trust their judgment a bit more.” (S4) Students also noted
that the AI highlights can help graders recognize their efforts more
fully, reduce disputes stemming from overlooked points (S4), and
make graders’ rationale more transparent when questions arise.

KF8: Integrating EvaluAId into classrooms requires trans-
parency, adaptation, and training: Transparency was a recurring
theme. Instructors stressed being explicit about AI use to avoid con-
fusion or mistrust from students and parents: “We’ll have a lot of

parental concerns about AI grading my student. ... There will be mul-

tiple stages of experiencing what it actually is versus the rumor of

what it is.” (I1) Compared to the black-box AWE, instructors and
TAs felt EvaluAId’ processes are easier to explain. Instructors also
emphasized adaptation. They wanted guidance on configuring or
customizing the AI support to match their grading styles and ped-
agogical goals (I3) and reiterated that the system should fit in, not
replace, instructor-student interactions (I1): “I spend a lot of time do-

ing one on one evaluation with those students. and I think this would

just be one more tool for that. But I do think you would have to have

conversations with students about the system, what the system is find-

ing and how you can use what the system is telling you to improve.”
Based our observations, onboarding is needed to help TAs fa-

miliar with EvaluAId’s interactions, such as the drag-and-drop
feature (T3, T5). Some TAs also noted that the benchmarking color
coding across similar essays could be misinterpreted as implying
similar quality (T4, T8). Since human judgment is still required to
verify such comparisons, training should guide TAs on how to ap-
propriately interpret benchmarking results and avoid misuse, such
as equating writing similarity with grading equivalence. Finally,
instructors also saw EvaluAId as a valuable TA training tool. By
surfacing criteria-based highlights and enabling benchmarking, it
can help novice TAs apply rubrics consistently and recognize high-
quality work. As I1 noted: “If I was putting together a system to help

teach people how to grade, this would be a really great one...especially

if you had a benchmark paper that you could insert into it as the ideal.”

7 Discussion
In Study 3, we highlighted the important role of thoughtfulness
facilitated by EvaluAId in the grading process and identified key
considerations raised by instructors, TAs, and students. Here, we
discuss how to further foster thoughtfulness in human-AI collab-
orative grading, what constitutes effective human-AI collaboration
in grading, and considerations for scaling EvaluAId in real-world
classroom settings.

7.1 Fostering Thoughtfulness in Human-AI
Collaborative Grading

We use thoughtfulness to describe a metacognitive mode of grading
characterized by deliberate, evidence-first reasoning and reflective
judgment. Drawing from cognitive and educational psychology, this
notion aligns with three well-established constructs. First, metacog-
nitive monitoring [19] highlights graders’ awareness of their own
understanding and uncertainty when interpreting student work so
they can recognize when more evidence or clarification is needed.
Second, reflective judgment [42] emphasizes reasoning about claims
whose correctness cannot be verified absolutely, but must be jus-
tified through evidence and criteria. Third, deliberate reasoning
under uncertainty [40] contrasts slow, analytic thought with fast,
heuristic judgment, underscoring the importance of pausing to
weigh alternative interpretations before deciding. In rubric-based
grading, such thoughtfulness manifests as actively interpreting tex-
tual evidence, evaluating its fit with rubric levels, and articulating
justifications that connect evaluation with improvement.

EvaluAId fosters thoughtfulness by reducing low-level search
effort and reallocating attention toward these higher-order cog-
nitive processes. Instead of spending time scrolling and locating
relevant content, graders can focus on determining how candidate
snippets align with rubric descriptors, calibrating against compara-
ble work, and composing feedback that explains both why a score
is warranted and how revision could improve performance. End-
to-end automation, however, risks reducing such thoughtfulness
because automation can induce complacency [62] and “out-of-the-
loop” [15] effects that reduce active monitoring and critical judg-
ment. In educational autograding contexts [35], such automated
outputs anchor behavior and invite superficial strategies (such as
counting words [63]) rather than deliberation.

The mechanisms that foster thoughtfulness in EvaluAId reflect
the four design goals introduced earlier in Table 2: interactive evi-
dence mapping enables deliberate evidence interpretation [DG1];
adaptive benchmarking encourages reflective calibration through
comparison [DG2]; scaffolded feedback synthesis supports articu-
lated justification and improvement guidance [DG3]; and human-
in-the-loop control preserves agency and accountability during
evaluation [DG4]. Together, these goals constitute theoretically in-
formed design principles that extend beyond our specific system to
broader contexts of human-AI collaboration in evaluative tasks. We
call for future research to examine how these principles generalize
across domains (e.g., peer review, hiring, or creative assessment)
and how thoughtful human-AI interaction can be operationalized,
measured, and sustained in real-world settings.

7.2 What Constitutes Effective Human-AI
Collaboration in Grading

In this paper, we reposition the AI not as an autonomous grader
but as an on-demand collaborator that provides specific, targeted
support to human graders. Our studies offer initial answers, but
not full accounts, to broader questions about the effectiveness of
human-AI collaboration in grading. In this section, we draw on
Holstein et al.’s framework for human-AI hybrid adaptivity [34],
which describes how humans and AI can augment one another
through perceptual, action, and decision augmentation, to discuss
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what constitutes “effective collaboration” in our setting. By the end,
we surface open questions that our studies only begin to address
and encourage future work.

7.2.1 Perceptual Augmentation. EvaluAId primarily augments per-
ception by helping graders notice rubric-relevant evidence and pat-
terns across essays through guided highlighting, baseline compar-
ison, and similarity views. TAs reported that these features “helped
them think through” grading and rated EvaluAId as more trans-
parent and justifiable than the other conditions. At the same time,
all stakeholders emphasized the need to double check AI surfaced
evidence for nuanced criteria, which suggests that effective percep-
tual augmentation makes evidence more visible without fixing the
interpretation or removing the need for critical reading.

7.2.2 Action and Decision Augmentation. In EvaluAId, the AI ex-
tends graders’ action space by structuring difficult grading moves
into manageable steps. The system does not output final scores.
Instead, it shapes TAs’ decision making through intermediate ar-
tifacts such as highlighted evidence and baseline comparisons. On
the other hand, TAs extend the AI’s action space by choosing guid-
ing questions, baselines, and excerpts that adapt the generic model
to course-specific standards and local context. Our quantitative
results indicate that this human-AI hybrid scaffolding improved
grading accuracy and inter-rater consistency, led to more actionable
feedback, and was favored by other stakeholders in Study 3. Prior
work often bypasses this kind of action augmentation by directly
delivering grading decisions to graders [29, 51, 57, 67, 81, 93]. Our
work highlights the importance and effectiveness of action aug-
mentation in human-AI collaborative grading and points to a form
of decision augmentation where the AI helps graders articulate and
apply their own decision policies, while responsibility and final
authority remain with human graders.

7.2.3 Open Questions and Future Work. Several open questions re-
main: What are the cognitive and affective experiences of TAs when
collaborating with AI? How do TAs develop trust and calibrate their
reliance on AI suggestions over time? What individual differences
moderate the effectiveness of collaboration? Our findings provide
early evidence about cognitive and affective experiences (greater
confidence, but also moments of doubt about over-reliance) and
emerging trust calibration strategies (accepting AI help on local,
checkable aspects and being more critical for subjective criteria). Fu-
ture work should examine these processes over longer deployments
(we discuss considerations for deploying EvaluAId in real-world
settings in §7.3) and combine behavioral logs with cognitive, affec-
tive, and trust measures [38, 80, 82]. We also encourage future work
to systematically model how grading experience, domain expertise,
and AI literacy moderate the effectiveness of collaboration, and
to examine under what conditions graders appropriately accept
versus critically evaluate AI-generated highlights and feedback.

7.3 Scaling and Deploying EvaluAId in
Real-World Classroom Settings

A key question for scaling EvaluAId is how to integrate it into
everyday classrooms. Here we discuss four considerations derived
from the design of EvaluAId and the findings from Study 3.

7.3.1 Consideration 1: Conflict-Resolution Workflows and Audit
Trails. Our findings suggest EvaluAId can potentially help in-
structors, TAs, and students resolve grading conflicts: it prompts
evidence-first rationales for TAs, gives instructors traceable jus-
tifications, and offers students evidence-based feedback that re-
duces regrade requests (KF7). Prior work also shows that detailed,
evidence-based feedback increases students’ acceptance of grading
decisions [60]. In contrast, students frequently overestimate an au-
tograder’s chance of marking correct answers as wrong [35]. This
distinction matters in classrooms, where disputes consume time,
divert resources from teaching [26], and strain student-teacher re-
lationships [46]. When deploying EvaluAId, we need to further
introduce a regrade/dispute workflow: (i) a “regrade mode” that ex-
ports a shareable evidence packet (e.g., highlighted excerpts, linked
rubric considerations) and (ii) versioned, role-based audit trails that
record who selected evidence, edited AI drafts, and finalized scores.

7.3.2 Consideration 2: Policy and Parity to Promote Mutual Trust.
Both instructors and students noted a sense of inequity if the teach-
ing team were to use the AI for grading while restricting students
from using the AI for writing. To ease this tension, we need to adopt
an AI-use parity policy when deploying EvaluAId that specifies (i)
what AI assistance is permitted for graders (e.g., evidence highlight-
ing only, no auto-scoring), (ii) what AI assistance is permitted for
students (e.g., language polish with disclosure), (iii) required disclo-
sure statements for both parties (brief “AI involvement” notes), and
(iv) non-AI fallback options for students who opt out. Clear policy
and symmetric expectations can help promote mutual trust.

7.3.3 Consideration 3: Transparency and Course-Level Communi-
cation. Transparency is essential for trust between instructors and
students and for addressing parental concerns (KF8). Students ex-
pect disclosure when the AI is used, and instructors must explain
how it works in their course. To communicate transparently, instruc-
tors should walk students through example graded assignments to
demonstrate how evidence and rationale are generated. When class
size permits, instructors can also hold one-on-one conversations
with students to discuss the feedback they receive from EvaluAId
(KF8). Through these conversations, instructors can continually
evaluate how EvaluAId is perceived by students and adjust guide-
lines for graders to address emerging concerns. A handbook of Eval-
uAId for students will also be useful: (i) a one-page “How your work
is graded with EvaluAId” statement; (ii) per-assignment feedback
reports that include highlighted evidence, mapped considerations,
baseline comparisons, and human-authored justifications; and (iii)
plain-language explanations of “similarity” metrics and their limits.

7.3.4 Consideration 4: Building AI Literacy for Graders and Students.
Finally, successful deployment requires raising AI literacy among
instructors, TAs, and students. Instructors need enough understand-
ing of model behavior to adjust assignments, prompts, and materi-
als; TAs need the know-how to steer models and spot errors or bias;
and students need literacy to interpret AI-mediated feedback and
use the AI judiciously. When deploying EvaluAId, we need to offer
lightweight training and scaffolds: (i) short, role-specific onboarding
(instructor/TA/student) with sandbox “shadow grading” before live
use; (ii) built-in micro-tutorials and “why this suggestion?” tooltips
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that reveal retrieval sources and limitations; (iii) periodic calibra-
tion sessions using exemplars to detect drift in standards; and (iv)
student activities that critique AI-generated feedback, cultivating
informed acceptance of feedback rather than blind reliance.

7.4 Limitations & Future Work
Our system design has several limitations. It presently targets three
cognitive processes, namely, evidence identification, comparative
judgment, and feedback composition. Grading, however, involves
additional mechanisms and biases (e.g., representativeness, avail-
ability, anchoring [78, 79]) that can shape attention and decisions.
Futurework could add bias-aware features, such as blinded ordering,
uncertainty cues, and reflective checkpoints. Second, EvaluAId cur-
rently operates on text (both essays and RAG sources). Many class-
room submissions include figures, screenshots, diagrams, or tables;
extending to multimodal inputs would require layout-aware pars-
ing, image/figure-text alignment, and multimodal retrieval ground-
ing. Third, collaboration features are limited. Future iterations could
support graders with shared baselines, disagreement-resolution
workflows, and instructor dashboards to monitor drift, coverage,
and cohort progress. Fourth, while rubrics are a common and pow-
erful grading tool, instructors in our study noted challenges in
designing good rubrics particularly for novices. Future work could
design tools for rubric design and refinement.

Our study methodology also has limitations. The within-subjects
study focused on one open-ended assignment in an HCI course at
a single institution with modest sample sizes. While we computed
statistical significance, the tests may be underpowered; thus, we do
not claim the results to be conclusive but should be interpreted as
promising but preliminary. To further evaluate the effectiveness of
our design, we plan to conduct a large-scale classroom deployment
in collaboration with instructors and TAs at our own and partner
universities. Although Study 3 included instructors from multiple
fields, future work should further quantitatively examine EvaluAId
across courses, disciplines, and rubric granularities with a larger
sample size. Second, the qualitative and retrospective nature of
our multi-stakeholder interviews limits generalizability. Students
and instructors only viewed videos, which limits ecological validity
compared to using EvaluAId and actually receiving grading results
and feedback as a student. Third, our studies were short-term. Lon-
gitudinal deployments are needed to evaluate sustained calibration,
grader workload and satisfaction, student learning outcomes, fair-
ness, and handling of regrade requests. For example, future work
could examine how graders justify scores with linked evidence
during regrade disputes, and whether EvaluAId helps maintain
consistent and accountable decisions over time.

8 Conclusion
This paper reframes the AI’s role from autonomous grader to on-
demand collaborator that can provide specific, targeted support.
We introduced EvaluAId, which surfaces rubric-aligned evidence,
supports adaptive benchmarking and self-calibration, and scaffolds
human-steered, retrieval-grounded feedback, informed by a forma-
tive study with TAs. Across a within-subjects study with 12 TAs,
EvaluAId improved alignment with expert scores and increased

graders’ satisfaction and reflective judgment relative to an interac-
tive rubric+LLM chatbot and an LLM-based AWE. Semi-structured
interviews with TAs, instructors, and students, underscored the
value of thoughtfulness supported by EvaluAId while surfacing
practical considerations for integration into classroom. Together,
these findings advocate for deliberate, evidence-first, human-in-
the-loop evaluation as an alternative to end-to-end automation.
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