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Developing reliable evaluative judgment is a central and cognitively demand-
ing task in graduate education, as assessing research writing requires integrating 
multiple quality criteria while regulating subjective bias. Effective evaluation relies 
on learners’ ability to internalize standards, monitor judgment accuracy, and cali-
brate decisions against expert benchmarks. Although prior AI-assisted assessment 
research has predominantly focused on optimizing predictive accuracy and scor-
ing agreement with human raters, comparatively less attention has been paid to 
how AI-supported marking may function as a psychologically mediated process 
shaping learners’ evaluative judgment. Grounded in evaluative judgment theory 
and informed by self-regulated learning perspectives, this study conceptualizes 
AI-supported collaborative marking as a metacognitive scaffold that external-
izes expert criteria, facilitates discrepancy detection, and supports reflective cali-
bration. Using a mixed-method approach, 121 graduate research papers were 
assessed under four conditions: student-only marking, AI-only marking, retrieval-
augmented AI marking, and AI-supported collaborative marking. Papers were 
evaluated across four dimensions including rigor, originality, significance, and 
academic conventions, with outcomes benchmarked against expert judgments. 
Results showed that AI-supported collaborative marking reduced deviations from 
expert ratings and improved inter-rater consistency compared with student-only 
and AI-only conditions, with MAE decreasing from 3.260 to 1.221. Behavioral 
sequence analyses revealed systematic differences in evaluative behaviors. Senior 
graduate students exhibited more developed metacognitive monitoring, reflec-
tive reasoning, and structured cycles of planning, monitoring, and reflection. In 
contrast, junior students relied more on exploratory and trial-and-error strategies, 
highlighting developmental differences in self-regulated evaluative competence. 
Overall, the findings indicate that AI-supported collaborative marking enhances 
assessment accuracy, and is associated with observable changes in students’ 
evaluative interaction patterns and reflective behaviors, which may contribute to 
the development of academic assessment literacy in graduate education.
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1 Introduction

In graduate education, research paper assignment plays a crucial 
role in shaping students’ evaluative judgment, reflective reasoning, 
and long-term academic development (Cano García et al., 2024). 
Assessment is not merely a mechanism for assigning grades, but a 
cognitively demanding activity through which learners interpret cri-
teria, monitor reasoning, and recalibrate judgments (Boud, 2020). 
Sustaining the quality and fairness of this process is increasingly chal-
lenging, especially in the era of artificial intelligence, which can both 
augment and complicate assessment practices (Xie, 2024). Effective 
higher education now requires not only accurate evaluation mecha-
nisms but also learning environments that actively support students’ 
cognitive and metacognitive engagement with evaluation itself (Lu et 
al., 2021; Ajjawi et al., 2018). When marking is approached as a learn-
ing-oriented practice rather than a mere grading task, it can promote 
reflective engagement and long-term academic growth 
(Mcconlogue, 2020).

Recent advances in artificial intelligence have sparked interest 
not only in system performance but also in how AI can support 
students’ cognitive and metacognitive processes during assess-
ment (Ouyang et al., 2022; Crompton and Burke, 2023). Advances 
in large language models (LLMs) now enable AI systems not only 
to assign marks but also to provide detailed rubric-based feed-
back. Yet, such systems still struggle with higher-order dimen-
sions such as originality, quality of argumentation, and 
disciplinary nuance (Misgna et al., 2024), highlighting the limits 
of treating AI as an autonomous evaluator rather than as a learn-
ing support.

Studies have shown that machine-extracted insights can enhance 
the effectiveness of human markers and support collaboration in 
authentic instructional settings (Funayama et al., 2022; Li et al., 2025). 
In graduate education, this collaboration holds particular promise. 
Unlike undergraduates, graduate students are expected not only to 
master disciplinary content but also to develop familiarity with aca-
demic conventions, originality, and methodological rigor (Goodman 
et al., 2020). However, traditional supervision and peer review prac-
tices often provide limited guidance on how to apply assessment cri-
teria consistently, constraining the development of evaluative 
judgment as a learnable competence (Taylor et al., 2024). AI-supported 
collaborative marking offers a structured environment in which stu-
dents can practice assessment, receive immediate feedback, and pro-
gressively internalize expert standards. Recent studies have further 
shown that when AI is integrated into peer assessment, it can enhance 
both the consistency of marks and the quality of feedback, while pro-
viding students with rubric-aligned guidance that builds their confi-
dence and fosters the internalization of expert criteria (Topping et 
al., 2025).

Rather than treating AI as a scoring substitute, this study concep-
tualizes AI-supported collaborative marking as a structured interac-
tion designed to foster evaluative judgment development. This study 
adopts evaluative judgment theory as the primary theoretical lens. 
Within this perspective, high-quality judgment requires the internal-
ization of standards and the capacity to compare one’s work with those 
standards. Self-regulated learning is introduced to explain the cyclical 
processes of monitoring and reflection through which evaluative stan-
dards are internalized. Cognitive load theory further clarifies how 
structured AI prompts reduce extraneous demands and support 
higher-order calibration.

The collaborative assessment process can be understood as an 
SRL-informed calibration cycle that involves planning, monitoring, 
and reflection. During evaluation tasks, learners must judge the qual-
ity of their decisions, compare them with external standards, and 
adjust their reasoning. These processes align closely with both self-
regulated learning and evaluative judgment theory (Ibarra-Sáiz et al., 
2025; Ortega-Ruipérez and Correa-Gorospe, 2024). In this cycle, 
AI-generated prompts, evidence checks, and structured feedback act 
as externalized metacognitive supports. They make expert criteria 
explicit and highlight discrepancies between student judgments and 
benchmark standards, which stimulates reflective monitoring and 
revision (Tomisu et al., 2025). And academic evaluation tasks impose 
high cognitive load because learners must consider multiple criteria 
and sources of evidence simultaneously. From a cognitive load per-
spective, structured AI interaction reduces extraneous demands by 
organizing evaluation steps and foregrounding key standards, allow-
ing learners to focus on higher-order analysis and judgment calibra-
tion (Yao and Fan, 2025). Together, metacognitive regulation and 
optimized cognitive resource allocation provide a theoretical perspec-
tive for interpreting how AI-supported interaction may support stu-
dents’ engagement with evaluative standards and reflective judgment 
processes.

Despite this theoretical potential, empirical research on how stu-
dents cognitively engage with AI during assessment remains limited. 
There is a lack of evidence explaining how student–AI collaboration 
shapes evaluative reasoning processes, behavioral strategies, and judg-
ment consistency (Topping et al., 2025). Importantly, this study differs 
from prior AI-assisted peer review and automated scoring research in 
three key respects. First, existing automated scoring studies primarily 
evaluate algorithmic accuracy or agreement with human raters, 
whereas this study examines how AI interaction reshapes students’ 
evaluative reasoning processes. Second, prior AI-assisted peer review 
research often focuses on feedback efficiency or revision quality, while 
the present study foregrounds the development of evaluative judg-
ment as a learning outcome. Third, by embedding AI within a theo-
retically grounded calibration cycle, this study positions AI not as a 
predictive model but as a metacognitive partner that supports stan-
dards internalization and judgment refinement.

Accordingly, the present study poses the following research 
questions:

RQ1: How does AI-supported collaborative marking improve 
the accuracy and consistency of academic assessing?

RQ2: In what ways do AI-supported collaborative marking 
and AI without RAG model differ from expert assessing?

RQ3: What are the changing characteristics of graduate stu-
dents' interaction strategies and behavioral patterns across dif-
ferent years of study during collaboration with AI agents?

To answer these questions, we adopted a mixed-methods 
approach to investigate AI-supported collaborative marking in grad-
uate-level academic evaluation. The primary aim of the collaborative 
mechanism is not only to enhance scoring reliability, but to engage 
students in evaluative activity as a learning process, enabling them to 
compare judgments, reflect on discrepancies, and internalize expert 
standards. Through repeated interaction with AI-supported feedback, 
students are expected to develop stronger evaluative judgment, 
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metacognitive awareness, and academic assessment literacy, thereby 
supporting both their writing development and long-term academic 
competence.

2 Literature review

2.1 Psychological foundations of evaluative 
judgment in AI-supported academic 
evaluation

Academic evaluation is fundamentally a psychological activity 
that requires learners to interpret quality criteria, monitor the ade-
quacy of their judgments, and engage in reflective reasoning to recali-
brate decisions. This process has been conceptualized through 
complementary theoretical lenses, including evaluative judgment 
theory, self-regulated learning, and cognitive load theory, which 
together explain how learners develop the capacity to assess academic 
work accurately and independently (Raković et al., 2022; de Bruin et 
al., 2020; Chong, 2021).

Prior research conceptualizes evaluative judgment as involving 
quality standards interpretation, reflective reasoning, and expert 
benchmark comparison (Bearman et al., 2024; Ibarra-Sáiz et al., 2025; 
Ortega-Ruipérez and Correa-Gorospe, 2024). Reflective reasoning 
enables learners to interrogate initial judgments and justify decisions, 
aligning them with established criteria. Self-regulated learning 
explains how this capacity develops through forethought, monitoring, 
and reflection cycles (Banihashem et al., 2025; Zimmerman and 
Schunk, 2011). From a cognitive load perspective, evaluation imposes 
substantial working memory demands; AI can scaffold this process by 
structuring steps and reducing extraneous load, freeing resources for 
higher-order analysis (Yao and Fan, 2025).

Yet these frameworks remain largely unintegrated in AI-supported 
assessment models. While AI increasingly supports metacognitive 
processes, over one-third of studies lack theoretical grounding, with 
SRL’s motivational dimension particularly underexplored 
(Banihashem et al., 2025). Engagement quality critically mediates out-
comes: active interrogation strengthens regulation (Vo et al., 2024; 
Onan et al., 2024; Zheng et al., 2023), whereas excessive dependence 
undermines higher-order monitoring and evaluative accuracy 
(Romeo and Conti, 2025; Zhai et al., 2024). The OECD warns that 
overreliance may decrease metacognitive engagement, disconnecting 
performance from learning (OECD, 2026).

The core issue is not whether AI supports evaluation, but which 
conditions cultivate effective evaluative reasoning. Structured meta-
cognitive requirements, such as explaining reasoning or rating confi-
dence prior to AI feedback, may prove more impactful than feedback 
sophistication (Alsaiari et al., 2026). Yet current applications predomi-
nantly prioritize delivery accuracy over theorizing how AI reshapes 
evaluative reasoning, leaving underexplored a psychologically 
grounded calibration process coordinating cognitive load, metacogni-
tive monitoring, and standards internalization.

Within the framework of the present study, AI functions as a regu-
latory resource that may help structure evaluative tasks and organize 
information during assessment activities. From a theoretical perspec-
tive, such structured interaction can be interpreted as potentially 
reducing extraneous cognitive demands and supporting reflective 
comparison with evaluation criteria. This conceptualization provides 

the psychological foundation for examining how student–AI collab-
orative marking shapes evaluative reasoning, behavioral regulation, 
and judgment consistency in graduate education.

2.2 Challenges of traditional human scoring 
and peer review

Traditional human-based marking faces well-documented chal-
lenges. Rater fatigue and cognitive overload from large-scale evaluation 
lead to score variability and delayed feedback (Mahshanian and 
Shahnazari, 2020; Ling et al., 2014; Ningrum and Crosthwaite, 2020). 
Human scoring is also prone to subjectivity and inconsistency in apply-
ing criteria, with variations in severity, leniency, and rubric interpretation 
across and within raters, compromising reliability and fairness (Barkaoui, 
2011; Palermo, 2022). These delays undermine formative value, reducing 
student motivation and timely revision opportunities (Fisher et al., 
2025). While instructor scoring ensures reliability under controlled con-
ditions, it demands substantial resources, scales poorly, and struggles to 
provide sustained developmental feedback. Manual scoring alone yields 
delayed, limited feedback, constraining pedagogical utility, whereas auto-
mation addresses consistency and timeliness shortcomings (Han and Lu, 
2021). Moreover, the high costs and labor-intensive nature of human 
grading raise concerns about its sustainability in large-scale applications, 
motivating the adoption of automated approaches that partially substi-
tute or reduce human involvement (Morris et al., 2024; National 
Academies of Sciences, Engineering, and Medicine, 2022).

These challenges have prompted the exploration of complemen-
tary instructional approaches, such as peer review, which places stu-
dents in the role of evaluators. Unlike instructor-only marking, peer 
review emphasizes learning through evaluating others’ work, fostering 
internalization of academic standards and evaluative judgment (Yin et 
al., 2022). Research indicates that peer evaluation strengthens critical 
thinking, reflective learning, and writing development by prompting 
analysis of others’ work and generating internal feedback for revision 
(Wei and Liu, 2024; Boillos, 2024; Chen and Cui, 2022; Alemdag and 
Narciss, 2025). Despite its instructional value, peer review is con-
strained by variations in feedback quality, inconsistent application of 
scoring criteria, and issues of fairness, particularly when participants 
have limited training (Zong et al., 2020; Lerchenfeldt et al., 2019; 
Anderson et al., 2020). While peer evaluation demonstrates develop-
mental potential through evaluative practice, it remains vulnerable to 
standard drift, uneven expertise, and reliability concerns. Both 
approaches struggle to balance reliability with developmental value: 
instructor marking prioritizes consistency but scales poorly, whereas 
peer review promotes learning but sacrifices standard stability.

Consequently, factors such as scorer fatigue, cognitive load, stan-
dard drift, and cost escalation interact to create systematic challenges 
that are difficult to overcome within purely human-centered systems. 
This structural tension between reliability and developmental value 
has catalyzed growing interest in AI-supported intervention as a 
potential mediating mechanism. Rather than replacing human judg-
ment, AI is increasingly positioned as a means to reconcile consistency 
with formative engagement.

2.3 Advances in automated and 
AI-supported scoring

The emergence of AES (automated essay scoring) has substantially 
reduced the burden of manual grading in large-scale standardized 
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marking such as the TOEFL and GRE (Chan et al., 2022; Ke and Ng, 
2019). AES systems generate relatively consistent scores based on lin-
guistic and structural features (Li et al., 2022). Although AES can pro-
duce reliable scores highly correlated with human ratings in 
vocabulary, grammar, and discourse structure, research consistently 
shows that such systems perform more effectively on surface-level 
linguistic features than on deeper dimensions of meaning, reasoning, 
and originality (Yang et al., 2022).

Recent advances in large language models (LLMs) have extended 
the role of AI in marking, enabling systems to provide both numerical 
scores and rubric-aligned feedback. Empirical evidence has demon-
strated that rubric-based AES tools can achieve reliability and validity 
comparable to human raters in English as a Foreign Language (EFL) 
writing contexts (Pack et al., 2024). Similarly, comparative studies of 
ChatGPT-generated scores and expert evaluations reveal a high level 
of agreement in surface features, yet studies increasingly report diffi-
culties in evaluating higher-order aspects of writing (Wetzler et 
al., 2024).

While prior research has documented the technical reliability and 
efficiency gains of AES and large language model-based feedback sys-
tems, emerging scholarship increasingly questions whether such sys-
tems meaningfully support higher-order evaluative reasoning (Cotton 
et al., 2024). Research comparing AI and human evaluators finds that 
while AI-generated feedback is consistent and efficient in identifying 
mechanical and organizational problems, it shows limitations in 
deeper evaluation of argument structure and personalized revision 
strategies (Jovic et al., 2025). Moreover, existing applications fre-
quently prioritize output optimization and feedback efficiency over 
the cultivation of higher-order evaluative capacities (Kasneci et al., 
2023). Even in newer human-AI scoring frameworks, the main focus 
is still on scalability, cost reduction, and consistency, while compara-
tively less attention has been given to how students interact with AI 
during evaluation activities and how such interaction may shape 
evaluative reasoning processes. Much less attention is given to how AI 
feedback shapes students’ evaluative monitoring, standards internal-
ization, or the development of evaluative skills.

2.4 The emergence of student–AI 
collaboration

Existing AI-supported assessment approaches can broadly be 
grouped into three forms: traditional human scoring, automated scor-
ing systems, and emerging human–AI collaborative frameworks. 
Human evaluation emphasizes expert judgment, providing strong 
expertise, but struggles with scalability and timeliness. Automated 
scoring improves efficiency and consistency but often shows limita-
tions in evaluating complex reasoning. Collaborative models attempt 
to combine the strengths of both approaches, offering integration of 
human and AI capabilities, yet their underlying learning mechanisms 
remain insufficiently theorized, reflecting a theoretical gap. 
Collaborative grading aims to integrate the consistency and scalability 
of AI with the evaluative expertise of human raters, rather than replace 
human judgment, thereby enhancing scoring reliability while preserv-
ing human interpretive authority. For instance, studies on hybrid 
frameworks for short-answer scoring show that integrating automated 
scoring with human review can reduce overall costs while maintaining 
quality and reliability (Funayama et al., 2022). In such hybrid models, 
AI rapidly generates rubric-aligned scores and formative feedback, 
while teachers or students critically engage with these outputs. This 

approach restructures the grading workflow by allocating evaluative 
responsibilities between automated systems and human reviewers, 
while preserving teachers’ or teaching assistants’ capacity to provide 
critical revisions and pedagogical insights (Lu et al., 2025).

Other scholars have proposed AI-driven marking frameworks 
that provide consistent and scalable evaluation for open-ended tasks, 
while emphasizing the necessity of maintaining human oversight at 
the final stage to safeguard educational value and evaluative depth 
(Ilieva et al., 2025). Within such human–AI interactive contexts, stu-
dents may be more willing to experiment and revise, as they can itera-
tively optimize their writing through cycles of immediate AI feedback 
without the anxiety of direct instructor evaluation (Mohammed and 
Khalid, 2025). In this sense, student-AI collaboration is also associated 
with reduced evaluation anxiety and increased opportunities for itera-
tive revision. These interaction cycles position AI not merely as a scor-
ing instrument but as an intermediary that mediates learners’ 
engagement with evaluative standards and feedback processes. This 
highlights the potential of AI-assisted scoring and interaction to help 
students promptly identify and address weaknesses.

Despite these promises, research on collaborative scoring remains 
in its infancy. Existing studies are often limited to small-scale or dis-
cipline-specific contexts and constrained by narrow task types or scor-
ing rubrics, which restrict generalizability. For example, the CoGrader 
project demonstrated benefits in efficiency and consistency but also 
revealed that such tools are insufficient to fully replace human judg-
ment in tasks requiring creativity and applied knowledge (Zixin et al., 
2025). Collaborative models appear to balance reliability and forma-
tive engagement at the operational level. However, they are seldom 
grounded in integrated psychological theory, and provide limited 
explanation of how AI-mediated interaction supports the sustained 
development of evaluative judgment over time. This calls for a psycho-
logically grounded calibration framework that moves beyond effi-
ciency and reliability logics, and instead conceptualizes student-AI 
collaboration as an interactive process in which students iteratively 
compare, revise, and refine their evaluative judgments through struc-
tured engagement with AI-generated feedback.

3 Methodology

3.1 AI-supported collaborative marking 
framework

Conventional AI systems, due to the lack of an expert-level 
knowledge base, often struggle to accurately capture the academic 
characteristics of scholarly writing. As a result, their evaluation out-
puts frequently deviate significantly from expert benchmarks, a gap 
that cannot be overlooked. Specifically, due to the nature of AI scoring 
algorithms, limitations in training datasets, the evolving nature of 
model parameters, and the inherent randomness of algorithmic out-
puts, AI-generated scores often lack consistency (Bui and Barrot, 
2025). Moreover, individual differences in students’ knowledge bases 
and cognitive frameworks result in variability in scoring criteria. Some 
students apply lenient standards, while others are excessively strict, 
producing outlier scores that fall outside a reasonable range.

To address these challenges, this study integrates an expert-
informed knowledge base into an AI agent model and embeds it 
within a collaborative marking process, as illustrated in Figure 1. The 
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collaborative framework positions students as active judges who inter-
act with AI-generated feedback to monitor, reflect on, and recalibrate 
their evaluative decisions. Student participation thus serves a dual 
purpose: improving alignment with expert standards while simultane-
ously cultivating evaluative judgment, reflective reasoning, and self-
regulated assessment skills.

The intelligent agent developed in this study for research paper 
assignment evaluation consists of three core modules identified as 
brain, perception, and action (Xi et al., 2025). The brain module man-
ages information storage, knowledge organization, and decision for-
mulation. Its storage unit records evaluation outcomes, operational 
processes, and user feedback, while the knowledge base integrates 
academic theory exposition, methodology deconstruction, terminol-
ogy interpretation, case-based analysis, and didactic techniques. The 
decision formulation unit applies expert-embedded evaluation crite-
ria, drawing on reasoning rules and models to generate evidence-
based judgments on rigor, originality, significance, and conventions. 
The brain module continuously exchanges information with the 
knowledge base, which both constrains and updates decision pro-
cesses. The perception module extends input beyond text to multi-
modal processing, analyzing manuscript content, formatting and 
citation compliance, thematic features, and visual elements such as 
figures and framework diagrams to assess structural coherence. The 
action module provides detailed evaluation scores, targeted recom-
mendations, and visualized performance trajectories, supporting stu-
dents in identifying areas for improvement and planning research. The 
expanding expert knowledge base enhances evaluation precision and 
feedback quality. In parallel, students critically examine the agent’s 
outputs, identify inconsistencies, and refine results, thereby improving 
the overall quality of evaluation and supporting graduate students’ 
academic development.

To address these reliability risks and reinforce ethical foundations, 
we implemented multiple safeguards: (a) automatic cross-checking of 
factual claims against an expert knowledge base, with discrepancies 
flagged for human review; (b) structured prompt templates requiring 
evidence statements, source attributions, and uncertainty indicators; 

(c) mandatory human adjudication for outputs exceeding uncertainty 
thresholds. These measures enhanced reliability and minimized 
unsupported inferences (Langer et al., 2024; de Teixeira Melo et al., 
2025; Barandas et al., 2022). To further mitigate biases and ensure 
transparency, we de-identified all data, prioritized disciplinary and 
cultural balance in constructing the knowledge base, and employed a 
human-AI co-review mechanism that flags low-confidence or incon-
sistent outputs for verification. These measures enhance reliability, 
prevent undue influence from biased recommendations, and mini-
mize unsupported inferences.

In this experiment, we used the DeepSeek-V3.1-Terminus version 
of deepseek-chat. Compared with other large language models, this 
version offers higher reasoning efficiency and stronger agentic capa-
bilities, making it particularly suitable for academic text comprehen-
sion and evaluation. Its robust language understanding, reasoning, 
and explanatory capacity enable multidimensional marking of schol-
arly texts. Prompt engineering optimized task alignment. Prior 
research indicates that explicit task descriptions, role specifications, 
and constraints improve accuracy, consistency, and interpretability 
(Knoth et al., 2024; Korzynski et al., 2023; Marvin et al., 2024; Giray, 
2023; Chen B. et al., 2025). Accordingly, prompts were designed to (a) 
specify evaluation dimensions and criteria, (b) require justifications 
for each score, and (c) ensure cross-paper comparability. The pro-
posed AI Agent was developed on an ontology of scoring criteria 
driven by expert prior knowledge, integrating semantic representation 
of scoring dimensions with a cognitive model of exemplar texts. 
Through structured prompt engineering, the agent anchored 
DeepSeek’s reasoning to four core dimensions: rigor, originality, sig-
nificance, and conventions. Constrained reasoning chains ensured 
adherence to rubric rules and contextual semantics. The resulting 
feedback demonstrated both symbolic interpretability, with comments 
explicitly linked to rubric items, and cognitive interpretability, allow-
ing students to understand the causal connections between evaluative 
judgments and writing decisions. This mechanism transforms evalu-
ation into a traceable, dialectical metacognitive scaffold, supporting 
evaluative literacy and critical self-monitoring skills.

FIGURE 1

AI-supported collaborative marking framework.
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In this study, the AI agent is conceptualized as a structured inter-
action support that may assist students in organizing evaluative tasks 
and reflecting on scoring decisions during the assessment process, and 
this conceptualization draws on metacognitive and cognitive load per-
spectives to interpret the potential role of AI-mediated feedback in 
shaping evaluation activities (Tsakeni et al., 2025; Yan et al., 2025; 
Fischer et al., 2024; Xu et al., 2025). Specifically, the system provides 
three categories of essential cognitive support: (a) monitoring cues, 
which facilitate error detection by highlighting discrepancies between 
students’ judgments and expert standards; (b) reflective reasoning 
prompts, which stimulate reflective processing by requiring learners 
to justify their scoring decisions and verify the coherence of their evi-
dence chains; (c) cognitive load regulation, which reduces extraneous 
cognitive load by decomposing complex evaluative tasks into sequen-
tial and structured subcomponents, enabling learners to allocate more 
resources to conceptual integration and higher-order analysis.

With the aid of this AI-based scaffolding, students’ evaluative pro-
cesses exhibit a more clearly articulated trajectory of psychological 
operations (Levin et al., 2025). To mitigate potential self-evaluation 
bias, students engaged in iterative cycles of self-assessment followed 
by comparison with AI-assisted and expert-informed feedback. This 
process helped students calibrate their judgments, identify discrepan-
cies, and refine their evaluations systematically. Students first formu-
late an initial judgment and, upon receiving AI-generated feedback, 
initiate metacognitive monitoring to identify divergences between 
their own judgments and expert benchmarks (Händel et al., 2020). 
During the subsequent recalibration phase, learners adjust their use 
of evidence, reasoning pathways, and scoring decisions, adopting 
alternative strategies when necessary. Through repeated feedback 
cycles, these processes are continually reinforced. Over time, students 
acquire a more functional understanding of how evaluative criteria 
operate, achieving a shift from external scaffolding to internal repre-
sentations (Ibarra-Sáiz et al., 2025). The internalization of criteria may 
reflect a gradual increase in students’ familiarity with how evaluation 
criteria are interpreted and applied in academic assessment contexts. 
Repeated comparison with AI-generated feedback may help students 
become more familiar with evaluation criteria and apply them more 
consistently during scoring activities.

Through this iterative interaction pattern, the AI system supports 
students in engaging in higher-level cycles of monitoring, reflection, 
and adjustment, thereby strengthening their self-regulatory capacity 
in complex academic tasks and enhancing both the quality and stabil-
ity of their evaluative judgments.

3.2 Data collection and scoring criteria

This section describes the dataset used in the study, including its 
composition, participant characteristics, and the criteria applied for 
evaluation. A comprehensive understanding of the current state of 
students’ academic evaluation practices, particularly the challenges 
faced by graduate students, serves as the foundation for developing 
and applying AI-based models. To this end, research paper assign-
ments were collected each academic year from the Artificial 
Intelligence in Education course offered by the School of Teacher 
Education at Hubei University between June 2020 and June 2025 
through an online intelligent education platform. At the end of each 
academic year, the course instructor required students to conduct self-
evaluations of their own research papers. The resulting dataset 
included 121 research paper assignments written by first-year master’s 

students enrolled in the course, along with their corresponding self-
evaluation records. A total of 121 graduate students participated as 
student evaluators, including 28 males (23.14%) and 93 females 
(76.86%). All data were rigorously collected during the in-class writing 
and evaluation process, and all participants possessed a basic level of 
academic writing competence. As part of the course requirements, 
each student evaluator was instructed to complete an approximately 
8,000-word short research paper following standard academic writing 
guidelines. The assignment required students to demonstrate a clearly 
defined research question, appropriate research methodology, and 
coherent academic reasoning. Students were provided with access to 
exemplar papers and clear evaluation criteria aligned with expert 
benchmarks, allowing them to compare their judgments and adjust 
scoring where necessary. All papers were later used in the experimen-
tal procedures described in Section 3.3. Prior to the study, all partici-
pants were fully informed of the research purpose and their right to 
withdraw at any time. They were assured that all data would remain 
confidential and be used solely for research purposes. The study pro-
tocol was reviewed and monitored by the Institutional Review Board 
(IRB) of Hubei University.

Although definitions of research quality in academic writing may 
vary, methodological plausibility or reliability, originality or novelty, 
and scientific or societal value are commonly included or explicitly 
defined as three core attributes (Langfeldt et al., 2020). Similarly, the 
UK Research Excellence Framework (REF) defines research quality 
through the dimensions of rigor, originality, and significance. In this 
study, we adopted the REF’s national evaluation criteria1 as a standard 
used by both human raters and generative artificial intelligence to 
assess students’ writing. Building on prior scholarship, we made tar-
geted adaptations to the original REF criteria to better align with the 
specific requirements of the academic writing evaluation task 
(Tomaszewski et al., 2020; Alajami, 2020). Given the prevalent lack of 
adherence to academic writing conventions among graduate students, 
there is an urgent need to establish explicit marking criteria for writing 
conformity. Such criteria can offer clear guidance and evaluative stan-
dards to help students align their work with accepted academic norms. 
By emphasizing accuracy in formatting, citation practices, and lan-
guage use, conformity-based marking encourages students to develop 
greater attention to detail and fosters improvements in the overall 
quality of academic writing (Rivera, 2022). The guidance for students 
is ultimately structured around four dimensions: rigor, originality, 
significance, and conventions. Table 1 presents the mapping between 
the rubric dimensions and the corresponding feature variables. Each 
dimension was equally weighted at 25%. The overall paper quality 
score was calculated as the arithmetic mean of the four dimension 
scores, yielding a total score ranging from 0 to 100.

3.3 Experimental procedure

This section outlines the experimental procedures applied to the 
dataset described above, detailing the evaluation conditions, rater 
assignments, and overall study design focusing on student–AI interac-
tion and cognitive processes. This study employed a mixed-methods 
design, integrating a quantitative analysis with a qualitative analysis. 
The quantitative component involved within-subject comparisons 
across four evaluation conditions: student-only, AI-only, AI with 

1  www.ref.ac.uk
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RAG, and AI-supported collaborative marking. The qualitative com-
ponent emphasized coding and sequential analysis of students’ inter-
actions with the AI agent. This design is consistent with the 
mixed-methods framework (Creswell and Plano Clark, 2011).

The experimental procedure was organized into two stages to 
examine both evaluation outcomes and interaction processes. In the 
first stage, the full dataset of 121 research papers was used to conduct 
quantitative comparisons across four evaluation conditions: student-
only evaluation (Ns = 121), AI without RAG (Na = 1), AI with RAG 
(Nr = 1), and expert benchmarking. Each of the 121 students con-
ducted a self-evaluation of their own paper using the same standard-
ized rubric, while the same set of 121 papers was also evaluated by a 
general AI model, a RAG-enhanced AI model, and an expert rater. 
This design enabled direct comparison of scoring consistency and 
deviations across human and AI-based evaluation conditions. During 
the subsequent evaluation activity, each student evaluator was 
required to: (1) assess their own paper using the provided scoring 
rubric across four dimensions—rigor, originality, significance, and 
convention; (2) assign a numerical score (0–100) for each dimension 
and calculate a total score based on the average of the four dimensions; 

and (3) provide a brief explanation (at least 40 words) for each dimen-
sion score. To reduce potential self-evaluation bias, the evaluation 
process was structured using clearly defined scoring rubrics and 
AI-supported collaborative marking interactions. Students were 
encouraged to justify their scoring decisions and compare them with 
AI-generated feedback based on the expert knowledge base. This 
structured interaction was designed to promote reflective judgement. 
In addition to student self-evaluations, two AI-based marking systems 
were employed. The first was a general AI model that generated evalu-
ation results directly from the paper and rubric. The second was a 
retrieval-augmented generation model (AI with RAG), which incor-
porated an expert-informed knowledge base containing scoring cri-
teria and exemplar papers to enhance evaluation accuracy. In both 
AI-only conditions, students did not interact directly with the AI sys-
tems; instead, the generated outputs served as comparative baselines. 
In the AI-supported collaborative marking condition, students and 
the AI jointly participated in the evaluation process, with the AI draw-
ing on the same expert-informed knowledge base.

In the second stage, interaction processes during evaluation were 
examined through a smaller structured task. From the existing pool 

TABLE 1  Mapping between research paper assignment scoring rubric dimensions and corresponding characteristic variables.

Primary 
Indicators

Score Secondary Indicators Description of Indicators

Rigor 100

Research design
The research design is methodically rigorous, featuring a systematized data collection process, 

with potential biases anticipated and controlled through appropriate measures.

Data analysis
Statistical methods are appropriate and reproducible, with full transparency via open disclosure of 

data and code to ensure replicability and rigor.

Argumentation logic
Conclusions are grounded in ample empirical evidence, forming a coherent and tightly reasoned 

logical chain that upholds methodological integrity.

Originality 100

Originality in topic selection
The study is situated within an emerging and under-explored domain with the potential to 

generate significant insights and open new avenues for scholarly investigation.

Originality in problem 

identification

The research identifies gaps or limitations within existing paradigms and proposes a novel 

direction that challenges conventional lines of inquiry.

Methodological innovation in 

addressing the research 

problem

The study introduces original tools, frameworks, or methodological approaches, or applies existing 

methods in a novel context to yield fresh perspectives.

Originality of research findings
The findings advance the field by offering new theoretical or empirical contributions that question 

or reconceptualize established paradigms.

Significance 100

Scholarly value
The study contributes to the advancement of social science theories or fosters interdisciplinary 

integration and application across social science domains.

Practical value
The research offers evidence-based insights to inform policy-making or demonstrates practical 

relevance in addressing real-world societal challenges.

Societal value
The findings support the development of social welfare systems and the enhancement of public 

service delivery, with potential impact on community wellbeing.

Conventions 100

Citation standards

References are cited consistently throughout the text; the reference list is properly ordered and 

formatted according to prescribed guidelines; sources cited are of high scholarly quality and 

relevance.

Formatting requirements

Content is logically organized into appropriate sections; headings and body text follow a consistent 

style across hierarchical levels; punctuation and numeral usage comply with language-specific 

conventions in both Chinese and English.

Textual precision and 

presentation

Language use (including Chinese and English) is accurate and appropriate; word or character 

counts meet the minimum required; tables and figures are presented, properly labeled, and placed 

in the correct locations within the text.

https://doi.org/10.3389/fpsyg.2026.1739222
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Wu et al.� 10.3389/fpsyg.2026.1739222

Frontiers in Psychology 08 frontiersin.org

of 121 students, 24 students were randomly selected. Twelve students 
evaluated a subset of 60 papers drawn from the original dataset of 121 
papers independently using the rubric, while the other 12 completed 
the same evaluations with assistance from the AI agent. Each student 
evaluated five papers, ensuring comparable workloads across groups. 
Interaction logs generated in the AI-assisted condition were recorded 
and later used for behavioral coding and Lag Sequential Analysis. For 
the AI-based conditions, one general AI model and one RAG-
enhanced AI model each served as a single evaluator (N = 1 for each 
AI system). The detailed experimental procedure is illustrated in 
Figure 2. Figure 2 presents the experimental workflow and the sample 
sizes (N values) involved at each stage of the study to facilitate clearer 
understanding of the procedure.

Furthermore, an expert evaluator with over 10 years of experience 
in academic writing instruction provided benchmark scores for all 121 
papers at the end of each course cycle. This rater held a doctoral 
degree and had nearly 10 years of experience in evaluating research 
paper assignment at both undergraduate and graduate levels. Prior to 
the formal evaluation, the expert reviewed the standardized scoring 
rubric and several exemplar papers to calibrate the interpretation of 
the evaluation criteria. To examine scoring stability, a subset of papers 
was re-evaluated by the same expert after a two-week interval. The 
consistency between the two scoring rounds was examined using the 
intraclass correlation coefficient (ICC), which indicated high intra-
rater reliability (ICC = 0.937). The involvement of this expert rater 
substantially reduced variability in the scoring process and ensured 
consistency of standards across the four comparative conditions: AI 
without RAG, student-only evaluation, AI-supported collaborative 
marking, and expert evaluation. Since multiple raters often introduce 
interpretive differences in scoring standards, which may lead to incon-
sistencies in human evaluation, this study minimized such risks by 
employing a single senior rater. This approach maintained a uniform 
benchmark and facilitated meaningful comparison across different 
evaluation scenarios (Bui and Barrot, 2025).

In this study, the AI agent provided structured feedback designed 
to support students’ monitoring of their own judgments, reflective 
reasoning, and internalization of evaluative criteria. The AI agent we 
designed evaluated each paper by integrating marking across 13 key 
workflow components, which collectively captured multiple dimen-
sions of paper quality. Specifically, the study conducted a quantitative 
analysis of 121 graduate papers, focusing on four primary dimensions 
and the overall mark. In total, 7,865 evaluation records were collected, 

and all records were included without omission to ensure the com-
pleteness and robustness of the findings.

Ultimately, the collaborative marking process emphasized stu-
dent–AI interaction as a means to strengthen evaluative judgment, 
reflective reasoning, and self-regulated learning. Upon completion of 
the evaluation, all student and AI assessment data were integrated into 
a standardized database to facilitate analysis of cognitive processes and 
performance outcomes. The study adhered strictly to ethical guide-
lines, including obtaining informed consent from all markers, ensur-
ing confidentiality and anonymity of information, and safeguarding 
participants from potential harm.

3.4 Behavioral coding and lag sequential 
analysis

To closely examine students’ behavioral characteristics during 
AI-supported academic evaluation, we collected dialogue logs 
between students and an expert-knowledge–based AI agent after the 
paper-assessing tasks were completed. This enabled the capture of 
temporal interaction patterns reflecting students’ cognitive and meta-
cognitive engagement during evaluation. Participants were recruited 
through convenience sampling at a comprehensive university.

This methodological approach was grounded in cognitive and 
educational psychology, as dialogic interaction data allow fine-grained 
observation of metacognitive monitoring, evaluative judgment forma-
tion, and regulatory decision-making processes unfolding over time. 
To characterize students’ interaction behaviors, we employed the col-
laborative problem-solving model to design a coding framework and 
conducted qualitative content analysis (Hesse et al., 2014; Wu et 
al., 2024).

Two trained graduate students participated in the behavioral 
sequence annotation. Prior to formal coding, both coders completed 
a structured training protocol, which included: (a) reviewing the theo-
retical constructs underlying the coding scheme—evaluative judg-
ment, metacognitive monitoring, reflective reasoning, and cognitive 
regulation; (b) jointly coding a pilot dataset comprising 15% of the 
interaction logs; and (c) refining the codebook through iterative dis-
cussion. Inter-rater reliability during the pilot phase reached 0.916. 
The intercoder reliability was calculated using Cohen’s Kappa, which 
is widely recommended for categorical behavioral coding (Mchugh, 
2012; Viera and Garrett, 2005). A Kappa value of 0.80 or above is 
generally considered indicative of strong agreement, and our 

FIGURE 2

Experimental procedure.
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coefficients (0.916 in the pilot phase, 0.892 in the final coding) meet 
this threshold, confirming the reliability of the behavioral annotations 
(Koch, 1977). Discrepancies were resolved through discussion, and 
unresolved cases were adjudicated by a senior researcher.

After reliability was established, the two coders independently 
coded the interaction behaviors of 12 students during AI-supported 
collaborative marking of 60 papers. The intercoder reliability coeffi-
cient reached 0.892, indicating strong agreement. In total, 269 events 
were coded, of which 101 were generated by junior graduate students 
and 168 by senior graduate students.

Table 2 presents the coding scheme, developed based on prior 
work (Heikkinen et al., 2024; Romeo and Conti, 2025; Pavlović, 2025; 
Wahn et al., 2023; Cheng et al., 2025; Shields et al., 2024; Vo et al., 
2024; Onan et al., 2024), to characterize behavioral processes in 
expert-knowledge–based AI-supported academic evaluation. The 
behavioral categories were theoretically grounded in self-regulated 
learning and evaluative judgment frameworks, conceptualizing aca-
demic marking as a cognitively demanding problem-solving activity 
involving forethought, monitoring, and reflective regulation. 
Specifically, behaviors in the Problem Analysis phase capture goal set-
ting, task interpretation, and distributed metacognition; Information 
Seeking behaviors reflect monitoring of knowledge gaps and strategic 
control under uncertainty; and Monitoring and Evaluation behaviors 
index reflective reasoning, criteria calibration, and cognitive regula-
tion. This mapping allows interaction traces to be interpreted as psy-
chologically meaningful indicators of students’ evaluative judgment 
development within human–AI collaboration contexts.

After completing coding, we conducted Lag Sequential Analysis 
(LSA) using GSEQ 5.1 to identify above-chance interaction patterns 
between students and the AI agent (Bakeman and Quera, 2011). 
Ordered behavior pairs were constructed to generate transition fre-
quency matrices, from which transition probabilities were derived. 
Adjusted residuals (z-scores) were calculated to determine whether 
observed transitions exceeded expected values. Only transitions with 
|z| ≥ 1.96 were considered statistically significant, and significant pat-
terns were visualized as behavioral transition diagrams for each stu-
dent cluster (O’Connor, 2000).

4 Results

This section systematically presents the application outcomes and 
key findings of AI-supported collaborative marking strategies in aca-
demic mentoring. All statistical analyses reported in this section were 
conducted using SPSS. Descriptive statistics were first calculated to 
quantify discrepancies between expert evaluations and alternative 
rating sources, including mean absolute error (MAE), root mean 
square error (RMSE), and mean absolute percentage error (MAPE). 
In addition, Pearson correlation analyses were performed to examine 
the associations between expert ratings and ratings generated under 
different evaluation conditions. Paired-sample t-tests were further 
conducted to assess systematic differences between expert bench-
marks and alternative rating approaches, with 95% confidence inter-
vals reported to indicate the precision of the estimated differences. The 
normality assumption of the paired differences for each dimension 
was examined using Shapiro–Wilk tests, and no significant deviations 
from normality were observed, supporting the use of paired-sample 
t-tests. Effect sizes for the paired comparisons were estimated using 

Cohen’s d to indicate the magnitude of score differences. First, by com-
paring student-led evaluations with those conducted through RAG-
based Agent collaboration, we confirmed the significant advantages of 
collaboration in enhancing the accuracy and consistency of marking, 
highlighting its distinctive value across multiple dimensions, includ-
ing rigor, originality, significance, and conventions. Second, focusing 
on changes in students’ inquiry behaviors under AI-supported guid-
ance, we analyzed the behavioral characteristics and transitions 
observed among students from diverse academic backgrounds, dem-
onstrating the Agent’s potential role in shaping academic reasoning 
and evaluative competence. Finally, a detailed comparison among AI 
without RAG, AI-supported collaborative marking, and expert evalu-
ations further underscored the effectiveness of collaborative strategies 
in simulating expert scoring patterns and optimizing marking out-
comes, offering empirical support and preliminary actionable insights 
for academic mentoring practices.

4.1 Improvement in accuracy and 
consistency of academic evaluation 
through AI-supported collaborative marking

To address RQ1, the results demonstrate that AI-supported col-
laborative marking substantially improved the accuracy and consis-
tency of academic evaluation compared with student-only marking, 
with outcomes aligning more closely to expert benchmarks. As shown 
in Figure 3, within an authentic academic marking dataset, the median 
student scores on the rigor dimension were markedly below zero, with 
a considerable number of negative outliers. This indicates that stu-
dents tended to assign lower ratings than experts with respect to the 
logical structure, argumentative coherence, and methodological rigor 
of scholarly work, revealing pronounced and consistent discrepancies. 
This pattern suggests insufficient calibration between students’ inter-
nal evaluative standards and expert criteria, reflecting limitations in 
monitoring judgment accuracy during complex analytical evaluation. 
For the originality dimension, the distribution of score differences was 
more dispersed, with a median slightly above zero, suggesting substan-
tial individual variability among students in recognizing novel contri-
butions and a lack of uniform evaluative standards at the cohort level. 
This dispersion implies that students relied on heterogeneous and 
often implicit heuristics when judging originality, indicating under-
developed evaluative judgment and inconsistent application of crite-
ria. In terms of significance, student ratings were overall lower than 
expert ratings, with a median below zero and a broad dispersion, 
implying a limited perspective in appraising the scholarly value and 
societal impact of research outputs. This finding reflects difficulties in 
integrating disciplinary relevance and broader impact into evaluative 
reasoning, a process that requires higher-order abstraction and reflec-
tive judgment. For the conventions dimension, the score differences 
showed a median below zero with bidirectional outliers, reflecting 
uneven competencies among students in evaluating fundamental 
aspects such as formatting, academic language, and citation practices, 
and indicating overall low consistency. This pattern suggests frag-
mented procedural knowledge and weak self-monitoring when apply-
ing explicit academic norms.

Table 3 presents quantitative indicators of the deviations between 
student and expert ratings. The calculated MAE was 4.152, the RMSE 
was 4.901, and the MAPE was 0.053. Although these values suggest 
that the average deviation falls within an acceptable range, the vari-
ability of the errors highlights instability in student evaluative 
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standards, with some students showing substantial divergence from 
expert judgments. Psychologically, such instability indicates that stu-
dents’ evaluative reasoning has not yet been fully internalized and 
remains vulnerable to contextual fluctuations and judgment bias. 
Collectively, these findings suggest that students face challenges in 
achieving expert-level marking accuracy across the four dimensions 

of rigor, originality, significance, and conventions. While moderate 
alignment with expert ratings was observed in rigor and originality, 
student scores tended to fluctuate toward either inflation or deflation, 
and notable gaps were particularly evident in significance and conven-
tions, underscoring the uneven development of evaluative judgment 
across different cognitive demands.

TABLE 2  Coding scheme for AI-supported collaborative marking interaction behaviors.

Phase Category Code Description Example Self-regulated 
learning 
mechanisms

Problem analysis

Student command SC

The student initiates an 

evaluation task; the AI 

Agent immediately 

responds with a 

preliminary assessment 

and scores.

Please evaluate this 

paper in terms of Rigor, 

Originality, Significance, 

and Conventions, and 

justify.

Planning and goal setting

Repetition RE

The student repeats the 

previous command 

without any modification.

/ Automation bias

Defining the role DC

The student assigns the 

machine a specific role as 

an academic assistant and 

clarifies the evaluation 

needs.

As my academic 

assistant, please help me 

improve the evaluation 

of this paper.

Distributed metacognition

Sharing information SI

The student provides the 

agent with background 

materials relevant to the 

evaluation task.

Uploading relevant 

academic literature or 

research data.

Cognitive offloading

Information seeking

Asking a basic question AR

The student asks the agent 

for basic knowledge or 

clarification about a 

specific topic.

Do you know how 

generative AI is applied 

in educational 

technology?

Information seeking

Inquiring for ideas II

The student requests 

suggestions or a possible 

evaluation approach from 

the agent without a clear 

initial idea.

Do you have any 

suggestions for 

structuring or 

conducting an evaluation 

for this paper on 

generative AI in 

educational technology?

Metacognitive control

Monitoring and 

evaluation

Identifying problems IP

The student points out 

deficiencies or flaws in the 

generated content and 

suggests how to revise 

them.

The evaluation is too 

general; it needs to 

analyze specific examples 

from the paper more 

thoroughly.

Refutation and reflective 

reasoning

Offering improvements OI

The student proposes 

refinements or 

enhancements to the 

existing evaluation content.

Could you add more 

detailed descriptions 

under the conventions 

section of the evaluation?

Cognitive regulation and 

elaboration

Requesting Explanations EX

The student asks the agent 

to elaborate or clarify the 

rationale behind a 

particular score or 

evaluation.

Please provide a detailed 

explanation for the 

significance score and 

expand on the 

justification.

Metacognition and 

conceptual regulation
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To address these cognitive challenges, the expert-informed AI 
system was designed to make evaluative criteria explicit and com-
parable, thereby supporting students’ monitoring and recalibration 
processes. The repository systematically consolidates conceptual 
expositions, methodological analyses, and technical terminology, 
along with insights distilled from previous marking cases and prac-
tical techniques. The resulting database, comprising approximately 
110,000 words, is deeply integrated with a generative artificial 
intelligence system. The system functions as a reference framework 
that externalizes expert standards for student comparison. The 
resulting model demonstrated strong performance across critical 
evaluation tasks, including originality detection, significance 
appraisal, and compliance auditing. It effectively supports students 
in narrowing performance gaps with expert evaluators by facilitat-
ing reflective comparison and evidence-based adjustment of judg-
ments, contributing to the development of evaluative literacy.

Quantitative analysis revealed that when students were 
assessed against outputs generated by conventional computational 
models without access to the expert repository, significant discrep-
ancies emerged across all rating dimensions, reflecting low 

consistency with expert judgments. By contrast, the agent 
enhanced with RAG exhibited markedly superior alignment, pro-
ducing median scores closer to expert benchmarks and displaying 
tighter score distributions. The reduced dispersion indicates 
improved standard calibration and more systematic evaluative rea-
soning. Particularly in domains of originality, significance, and 
adherence to conventions, the enhanced agent’s ratings were more 
concentrated, showed reduced outliers, and demonstrated minimal 
deviation from expert standards. For example, the AI-without-
repository group yielded the highest mean absolute error 
(MAE = 5.741), while the RAG-enhanced agent achieved a sub-
stantially lower error (MAE = 2.140). Similar patterns were 
observed in RMSE and MAPE. Findings also indicated that models 
lacking RAG support were more prone to repetitive or fabricated 
outputs.

To validate the efficacy of AI-supported collaborative marking, 
an observational study was conducted. Participants included junior 
graduate students, defined as first-year master’s students with lim-
ited prior experience in academic evaluation, and senior graduate 
students, defined as second-year or above master’s students with 

FIGURE 3

Evaluation results of students, AI without RAG, AI with RAG, and experts on overall score, rigor, originality, significance, and conventions.

TABLE 3  Differences in overall evaluation scores among students (N = 121), AI without RAG (N = 1), AI with RAG (N = 1), and expert (N = 1).

Indicator Students Without RAG RAG

MAE 4.152 5.741 2.140

RMSE 4.901 6.666 2.582

MAPE 0.053 0.074 0.028
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previous exposure to research assignments and academic marking 
tasks. Both groups had similar GPA and academic achievement 
levels, and due to the emerging nature of AI at the time, their prior 
exposure to AI tools and applications was minimal and compara-
ble. They were tasked with reading and evaluating 60 papers drawn 
from a real-world academic marking dataset, both independently 
and in collaboration with the enhanced agent. Each paper was 
reviewed twice—once scored solely by the student and once 
through a student-Agent interaction. Even in the student-only con-
dition, marking rubrics were provided to reflect authentic evalua-
tive practice.

According to prior research (Brimi, 2011; Starch and Elliott, 
1912), human-assigned scores on a 100-point scale typically exhibit 
an error margin of 35–40 points, prompting scholars to recommend 
coarse-grained scoring frameworks to mitigate such variability. More 
recent studies suggest that a deviation within 5 points from expert 

ratings may indicate strong agreement (Dubois and Lhotte, 2023). 
Drawing on Cicchetti and Koo’s interpretations of the intraclass cor-
relation coefficient (ICC) (Cicchetti, 1994; Koo and Li, 2016), this 
error range typically corresponds to ICC values between 0.60 and 0.75, 
indicating reliable scoring. Therefore, in this study, scoring accuracy 
is evaluated based on a benchmark of no more than 5 points’ deviation 
from expert ratings.

Table 4 presents the mean absolute error (MAE = 3.260) for the 
student-only group, indicating a noticeable divergence from expert 
ratings. In contrast, the Student-AI Agent collaborative group 
achieved ratings more closely aligned with experts (MAE = 1.221), 
with similarly reduced RMSE and MAPE, demonstrating substan-
tial gains in accuracy. Figure 4 further illustrates the score distribu-
tions across four key dimensions—rigor, originality, significance, 
and adherence to conventions. Compared to student-only ratings, 
the collaborative group’s markings clustered more closely around 

TABLE 4  Differences in overall marking scores among students (N = 24), AI-supported collaborative marking (N = 24), and expert (N = 1).

Indicator Students AI-supported collaborative marking

MAE 3.260 1.221

RMSE 3.893 1.445

MAPE 0.042 0.016

FIGURE 4

Marking results of students, AI-supported collaborative marking, and experts across overall score, rigor, originality, significance, and conventions.
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expert judgments, with tighter dispersion. This convergence 
reflects strengthened metacognitive monitoring and reflective 
judgment, as students adjusted their evaluations in response to 
explicit feedback and benchmark comparison. Specifically, scores 
for rigor and conventions were relatively higher, originality ratings 
were more convergent with expert evaluations, and significance 
ratings, though showing occasional deviations, remained more 
consistent overall. These findings highlight that the collaborative 
marking process, integrating retrieval-augmented data analysis 
with students’ evaluative judgment, effectively mitigates rating bias 
and strengthens scoring reliability. Importantly, the observed 
improvements suggest not only enhanced performance outcomes 
but also the gradual development of students’ evaluative reasoning 
and self-regulatory capacity.

The advantages of the collaborative model can be attributed 
largely to the retrieval-based feedback mechanism, which reinforces 
alignment with expert benchmarks. By comparing student ratings 
against a curated expert knowledge base, the system corrects scoring 
deviations in real time and delivers targeted suggestions for refine-
ment. Students, in turn, adjust and optimize their evaluation strategies 
through iterative feedback, a process that reflects enhanced metacog-
nitive monitoring, criterion calibration, and reflective evaluative rea-
soning rather than mere score correction. Concretely, the system 
provides: (1) in-depth analysis of logical structure, argumentation, 
and methodological rigor; (2) comparative marking of originality 
through cross-referencing with existing literature to identify novel 
contributions and potential overlaps; (3) contextualized evaluation of 
significance informed by disciplinary trends and broader academic 
impact; and (4) systematic checks on format, citation accuracy, and 
presentation standards. Over time, this collaborative approach not 
only enhances the quality of single-task marking but also supports 
students’ sustained development of evaluative expertise, facilitating 
the gradual internalization of expert standards and the transition from 
externally guided judgment to more self-regulated evaluation, foster-
ing more structured and evidence-based marking practices.

Nonetheless, three primary challenges were identified: strength-
ening students’ capacity for critical analysis, improving concordance 
with expert ratings, and reducing evaluative workload to increase effi-
ciency and pedagogical value. Compared with student-only or non-
retrieval-based approaches, the collaborative model demonstrated 
stronger performance across dimensions, though occasional outliers 
were observed, particularly in rigor. Overall, the model showed poten-
tial to support the development of students’ evaluative literacy by sta-
bilizing judgment criteria, reducing cognitive bias in complex 
evaluation tasks, and supporting sustained self-regulatory engagement 
through systematic feedback.

4.2 AI-supported collaborative marking 
outperforms AI without RAG and 
demonstrates closer alignment with expert 
evaluations

Regarding RQ2, quantitative analysis indicate that evaluation out-
comes from AI-supported collaborative marking showed higher 
agreement with expert ratings than those produced by AI without 
RAG model, narrowing the performance gap in rigor, originality, sig-
nificance, and conventions, suggesting that AI-supported collabora-
tion supports more stable evaluative reasoning and criterion-consistent 
judgment. Based on the application of AI-supported collaborative 
marking strategies, we compared the characteristics and performance 
of AI without RAG and AI-supported collaborative marking against 
expert evaluations in the context of academic marking.

To examine the degree of alignment between expert ratings and 
those generated by AI without RAG across multiple dimensions, 
Pearson correlation analyses were conducted for overall scores and 
four key evaluation dimensions: rigor, originality, significance, and 
conventions. Subsequently, paired-sample t-tests were performed to 
further investigate differences. Tables 5, 6 present the correlations 
between expert and AI without RAG scores, which were generally low 
across all dimensions. The paired t-test results revealed that only in 
the dimension of originality was the difference between AI and expert 
ratings statistically non-significant (p = 0.004), whereas differences in 
overall score, rigor, significance, and conventions were all statistically 
significant. The analysis revealed a negative correlation between 
AI-generated scores and expert evaluations. This finding is consistent 
with certain prior studies reporting very weak, negative, or near-zero 
correlations between AI and expert marking (Verma et al., 2025). This 
result does not necessarily indicate a contradictory relationship but 
rather reflects the instability of the non-RAG model adopted in this 
study. In the absence of retrieval-augmented grounding or access to 
expert-derived reference materials, the AI system primarily relied on 
probabilistic text generation when evaluating academic quality. 
Consequently, its scoring occasionally deviated from expert standards, 
resulting in opposite trends between AI and expert evaluations, which 
implies that such models offer limited support for students’ evaluative 
calibration and may reinforce unstable or superficial judgment strate-
gies when used as standalone references. These results suggest that 
although AI systems can produce seemingly coherent comments, their 
lack of factual grounding and contextual understanding may under-
mine consistency when judging complex academic writing tasks.

Furthermore, the visualization in Figure 5A illustrates that while 
most score discrepancies fall within an acceptable range, some scores 
exhibit substantial deviations, particularly at the overall score level. 

TABLE 5  Correlation analysis between expert ratings and student ratings without RAG across all dimensions.

Expert ratings Without RAG_
Total

Without RAG_
Rigor

Without RAG_
Originality

Without RAG_
Significance

Without RAG_
Conventions

E_Total −0.104 −0.219 0.039 −0.135 −0.049

E_Rigor 0.06 −0.052 0.11 0.071 0.054

E_Originality −0.093 −0.15 0.071 −0.22 0.011

E_Significance −0.063 −0.169 0.05 −0.054 −0.07

E_Conventions −0.318* −0.410** −0.193 −0.247 −0.249

*p < 0.05; **p < 0.01; ***p < 0.001.
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The 95% confidence interval of the mean difference is relatively wide, 
indicating limited consistency in scoring. These findings suggest that 
the AI without the RAG evaluation system has not yet reached expert-
level performance and remains insufficient in reliably assessing stu-
dent writing. In particular, originality and conventions require 
targeted optimization to better align with expert criteria.

To evaluate the degree of correspondence between expert mark-
ings and those obtained through AI-supported collaborative marking, 

we again conducted Pearson correlation analyses and paired-sample 
t-tests across the same five dimensions. Tables 7, 8 present the correla-
tions between expert scores and AI-supported collaborative marking 
scores, which were consistently higher across dimensions. The t-test 
results further showed that for overall score, rigor, and significance, 
the ratings generated through collaboration were significantly consis-
tent with expert judgments, while the differences in originality and 
conventions approached significance, indicating improved criterion 

TABLE 6  Summary statistics of score agreement between experts and ratings without RAG.

Measure Pearson r Mean SD t-value p 95% 
Confidence 

Interval
(CI) for Indirect 

Effect

Cohen’s d

Expert-without 

RAG total
−0.104 −0.087 6.391 −0.105 0.917 [−1.738,1.564] −0.014

Expert-without 

RAG rigor
−0.052 −0.888 6.939 −0.992 0.325 [−2.681,0.904] −0.128

Expert-without 

RAG originality
0.071 3.150 8.251 2.957 0.004** [1.019,5.281] 0.382

Expert-without 

RAG significance
−0.054 −2.327 8.193 −2.200 0.032* [−4.444,-0.211] −0.284

Expert-without 

RAG conventions
−0.249 −0.591 6.699 −0.683 0.497 [−2.321,1.140] −0.088

*p < 0.05; **p < 0.01; ***p < 0.001.

FIGURE 5

(A) Bland–Altman plot of overall score agreement between experts and AI ratings without RAG. (B) Bland–Altman plot of overall score agreement 
between experts and AI-supported collaborative marking ratings.

TABLE 7  Correlation analysis between expert ratings and AI-supported collaborative marking ratings across all dimensions.

Expert 
ratings

AI-supported 
Collaboration_

total

AI-supported 
collaboration_

rigor

AI-supported 
collaboration_

originality

AI-supported 
collaboration_

significance

AI-supported 
collaboration_

conventions

E_Total 0.415** 0.238 0.346** 0.257* 0.388**

E_Rigor 0.353** 0.325* 0.231 0.301* 0.246

E_Originality 0.25 0.09 0.205 0.112 0.315*

E_Significance 0.338** 0.217 0.354** 0.248 0.179

E_Conventions 0.193 0.004 0.19 0.017 0.325*

*p < 0.05; **p < 0.01; ***p < 0.001.
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alignment and more coherent evaluative reasoning under collabora-
tive conditions.

More specifically, the highest correlation was observed for the 
overall score (r = 0.415**), and the most significant difference 
appeared in the conventions dimension (p = 0.006). As shown in 
Figure 5B, most score differences fell within an acceptable margin. 
Compared to the AI without RAG, the 95% confidence interval of the 
mean difference was notably narrower, demonstrating improved con-
sistency in the collaborative mode, which suggests enhanced metacog-
nitive monitoring and reduced judgment variability during evaluation. 
These results indicate that AI-supported collaborative marking yields 
scoring outcomes that are more closely aligned with expert evalua-
tions across most dimensions. Therefore, this collaboration approach 
partially reflects patterns of expert judgment and offers more reliable 
marking outcomes, especially in critical evaluation areas.

Within the AI-supported collaborative marking model, the overall 
scoring accuracy of student papers converges more closely to expert 
ratings than in evaluations without retrieval-augmented support. 
Specifically, after the Agent is grounded in an expert knowledge base 
generates the initial score, and students engage in questioning and 
other interactive activities with the Agent. This collaborative mecha-
nism enables students to capitalize on the Agent’s knowledge resources 
and broaden their intellectual perspectives, while actively engaging in 
reflective comparison between their own judgments and expert-
informed feedback. In particular, in the dimension of conventions, 
students’ in-depth exchanges with the Agent foster a more compre-
hensive understanding of academic standards and requirements, 
reflecting the internalization of explicit criteria and the strengthening 
of evaluative control. Moreover, in other key dimensions-including 
rigor, originality, significance, and conventions-students benefit from 
the interaction to varying extents, resulting in a systematic enhance-
ment of accuracy across the evaluation rubric. This process ultimately 
provides a more precise and multidimensional perspective for aca-
demic marking, indicating that collaborative AI support functions not 

merely as a scoring aid but as a cognitive and metacognitive scaffold 
for evaluative reasoning development.

4.3 Progressing toward evaluative reflection 
in AI-supported collaborative marking

In response to RQ3, analysis of dialogue logs within the analyzed 
sample revealed that graduate students’ interaction strategies and 
behavioral patterns evolved during collaboration, shifting from frag-
mented trial-and-error approaches to more systematic and integrative 
evaluative practices. This behavioral shift may reflect core character-
istics of self-regulated learning, as students demonstrate progressively 
strengthened capacities for planning evaluative strategies, monitoring 
AI-generated feedback, and reflecting on their scoring decisions. 
Problem-solving ability is a form of higher-order thinking, and the 
process of academic evaluation can be regarded as a complex prob-
lem-solving task. To closely examine students’ behavioral characteris-
tics when conducting academic evaluation with the assistance of AI 
agents, we collected the dialogue logs between students and the 
expert-knowledge-based agent after the paper-assessing tasks were 
completed, thereby capturing the temporal patterns of students’ inter-
action behavior. This methodological choice was grounded in cogni-
tive and educational psychology, as dialogic interaction data allow 
fine-grained observation of metacognitive monitoring, evaluative 
judgment formation, and regulatory decision-making processes 
unfolding over time.

Behavioral sequence analysis suggested clear distinctions in the 
interaction patterns between junior graduate students and more expe-
rienced senior graduate students. Figure 6 illustrate the flowchart dis-
tributions of these interaction strategies with the AI agent, highlighting 
critical behavioral transitions. In the figures, nodes represent distinct 
coded actions, links indicate significant behavioral connections, 
arrows denote the direction of transition, and the numbers on the 
links indicate the observed frequencies of transitions in the dataset.

TABLE 8  Summary statistics of score agreement between experts and AI-supported collaborative marking ratings.

Measure Pearson r Mean SD t-value p 95% 
Confidence 

interval
(CI) for Indirect 

effect

Cohen’s d

Expert AI-supported 

collaborative 

marking total

0.415** 0.913 3.784 1.869 0.067 [−0.064,1.890] 0.241

Expert AI-supported 

collaborative 

marking rigor

0.325* 2.031 5.500 2.860 0.006** [0.610,3.451] 0.369

Expert AI-supported 

collaborative 

marking originality

0.205 1.635 6.877 1.841 0.071 [−0.142,3.411] 0.238

Expert AI-supported 

collaborative 

marking significance

0.056 −1.088 5.404 −1.560 0.124 [−2.484,0.308] −0.201

Expert AI-supported 

collaborative 

marking conventions

0.325* 1.167 4.491 2.012 0.049* [0.006,2.327] 0.260

*p < 0.05; **p < 0.01; ***p < 0.001.
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On the one hand, junior graduate students showed a preference 
for behavioral sequences such as OI-DC and AR-RE-II. For example, 
a student might first identify the lack of specificity in the evaluation 
criteria and propose an improvement—"Could you include more 
detailed descriptions in the assessment of originality?” (OI). This cor-
responds to cognitive regulation and elaboration, indicating an 
attempt to compensate for an underdeveloped task representation by 
promoting higher quality information processing. Then proceed to 
define the AI’s role—"You are now acting as my academic assessment 
assistant. Please focus on evaluating originality and case analysis.” 
(DC), which reflects distributed metacognition. In this process, learn-
ers externalize metacognitive regulation and delegate part of the 
monitoring and judgment functions to the AI system (Pavlović, 2025). 
Another sequence involved initiating a basic inquiry—"Do you under-
stand the importance of data literacy in modern education?” (AR), a 
typical information-seeking mechanism used to form an initial under-
standing of the task (Cheng et al., 2025)—followed by a repetition of 
the same question due to dissatisfaction with the response (RE), 
reflecting automation bias in which students attempt to test system 
reliability through repetition rather than deeper monitoring, and 
finally requesting ideas for evaluation—"Could you provide a perspec-
tive on how to evaluate this paper?” (II), a form of metacognitive con-
trol that reveals reliance on external strategic guidance when the task 
remains unclear. Notably, the AR-RE-II sequence indicates a progres-
sive inquiry strategy, beginning with general questioning, followed by 
reinforcement through repetition, and concluding with seeking con-
structive suggestions, suggesting that their monitoring–calibration 
loop remains at an early stage and that they rely heavily on external 
scaffolding to compensate for limited internal regulatory ability.

On the other hand, senior graduate students exhibited more inte-
grated behavioral clusters such as SC-IP-EX-OI, SC-DC-RE, and 

II-SI-AR-RE. For example, in the SC-IP-EX-OI sequence, students 
typically started by stating the evaluation task—"Please score this 
paper and explain your rationale.” (SC), which reflect planning and 
goal-setting processes and indicating more mature capacity for task 
framing (Heikkinen et al., 2024)—then identified shortcomings in the 
response and provided feedback (IP), an instance of counter-argu-
mentation and reflective reasoning that reveals their ability to detect 
inconsistencies and revise system output (Vo et al., 2024; Onan et al., 
2024)—followed by a detailed explanation request—"Please elaborate 
on the importance score and add supporting descriptions.” (EX), 
which represents metacognitive and conceptual regulation and helps 
learners better understand the inferential logic underlying evaluation 
criteria (Shields et al., 2024)—and concluded with a suggestion for 
improvement—"Can you include more content in the assessment of 
writing conventions?” (OI), further demonstrating cognitive regula-
tion and elaboration to enhance the quality of the final judgment 
(Onan et al., 2024; Zheng et al., 2023). This pattern indicates that 
graduate students approached the evaluation task with a systematic 
and structured loop, following a “task clarification → problem identi-
fication → in-depth explanation → iterative refinement” model. In 
contrast, junior graduate students’ sequences like OI-DC and 
AR-RE-II reflected exploratory and trial-and-error patterns, lacking 
in systemic planning. Their behavior was more fragmented and fea-
tured higher repetition. Furthermore, they rarely engaged in Sharing 
Information (SI). SI reflects cognitive offloading, and students with 
more experience are more likely to provide background materials to 
reduce working memory load and enhance evaluative efficiency 
(Wahn et al., 2023). This difference may illustrate distinct approaches 
to regulating cognitive load across learner groups.

The observed differences in these behaviors can be attributed to 
multiple factors. Senior graduate students who have completed more 

FIGURE 6

Behavioral transition patterns of different student types in the AI-supported collaborative marking.
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than 1 year of graduate-level coursework typically demonstrate stron-
ger technological literacy and richer experience in academic evalua-
tion (Mansoor et al., 2024). Their interactions during the evaluation 
process tend to reflect more systematic and mature reasoning, aligning 
closely with the planning–monitoring–reflection cycle of SRL and 
indicating more stable metacognitive monitoring and strategy-adjust-
ment mechanisms. In contrast, junior graduate students, lacking sys-
tematic academic preparation and limited exposure to technological 
tools, tend to exhibit weaker evaluative abilities and engage in more 
exploratory and trial-and-error behaviors. Their SRL cycle remains 
unstable, their monitoring is less developed, and they frequently rely 
on the system for task clarification and strategy supplementation. 
Moreover, these differences also highlight variations in students’ 
capacity to access and utilize academic resources, underscoring the 
need for personalized support in academic guidance. With structured 
guidance and feedback, students across different preparation levels 
can gradually strengthen their evaluative skills and narrow the perfor-
mance gap.

5 Discussion

This study offers three novel contributions to the literature on 
AI-supported assessment. First, it demonstrates that AI-supported 
collaborative marking can improve both accuracy and inter-rater con-
sistency compared with student-only or AI-only marking, particularly 
on originality and significance. Second, beyond performance out-
comes, the findings suggest that AI-supported collaboration is associ-
ated with more systematic and reflective judgment strategies observed 
in students’ interaction behaviors and scoring practices. Third, the 
findings provide empirical evidence that graduate students at different 
stages of study exhibit distinct interaction patterns with AI, with 
senior students tend to demonstrate more structured cycles of plan-
ning, monitoring, and reflection, which may reflect developmental 
differences in self-regulated evaluative competence. Overall, these 
findings extend existing research by suggesting that AI-supported col-
laboration may provide a structured environment in which students 
engage with evaluation criteria and compare their judgments with 
benchmark standards. These findings are closely aligned with the 
study’s integrated theoretical framework. The observed shifts toward 
planning, monitoring, and reflection reflect core processes of self-
regulated learning. The improved calibration to expert benchmarks 
supports evaluative judgment theory. In addition, the enhanced focus 
on higher-order reasoning under AI-supported conditions is consis-
tent with cognitive load theory, as AI support may help structure the 
evaluation process and support reflective regulation during judgment 
activities while strengthening reflective regulation.

The AI-supported collaborative marking strategy proposed in this 
study shows potential for application in academic supervision. This 
research focuses on how AI can be used to compensate for students’ 
limitations in academic marking, explicitly framing collaborative 
marking as a psychological process of judgment calibration and stan-
dard internalization. The collaboration combines the advantages of 
generative AI in computation and information integration with stu-
dents’ strengths in critical analysis and judgment, thereby enabling 
learners to externalize, compare, and reorganize their evaluative cri-
teria during the marking process. As a result, the evaluation outcomes 
are not solely dependent on algorithmic outputs but are also subject 

to necessary human oversight, a configuration that aligns with psy-
chological conceptions of evaluative judgment as a reflective and self-
regulated cognitive activity. This complementary relationship enables 
the system to provide structured and comprehensive feedback while 
reducing potential ethical concerns, such as inappropriate inferences 
or harmful knowledge generation that may arise from AI use 
(Tamascelli et al., 2025). At the same time, careful attention should be 
given to ethical considerations in AI-supported evaluation environ-
ments, including potential risks such as automation bias, over-reliance 
on algorithmic feedback, and possible constraints on students’ inde-
pendent evaluative reasoning. The results indicate that this mecha-
nism is practically feasible in improving the accuracy and consistency 
of academic marking. When students participate as evaluators and 
compare their judgments with AI-generated evaluations, they gain 
opportunities to calibrate their own decisions, reflect on marking stan-
dards, and gradually internalize conventions of academic writing, a 
core mechanism through which evaluative judgment develops from 
externally guided comparison to internally regulated reasoning. The 
AI-supported collaborative marking model proposed in this study 
positions AI as a consistent evaluation partner, reducing subjectivity 
and inconsistency often present in peer review while retaining the 
educational value of fostering critical thinking and reflective learning. 
The consistency observed among students, AI, and AI-supported col-
laborative marking indicates that the collaborative process facilitated 
students’ understanding of evaluation criteria, suggesting enhanced 
alignment between learners’ internal judgment schemas and expert-
referenced standards. By comparing their judgments with AI feedback 
aligned with expert standards, students refined their evaluative skills 
and developed a more systematic grasp of paper marking, reflecting 
strengthened metacognitive monitoring, error detection, and criterion 
awareness. Importantly, the collaborative marking framework should 
not only be regarded as a tool for improving scoring accuracy but also 
as a pedagogical strategy that integrates the training of research writ-
ing and evaluative skills, positioning assessment as an active learning 
process. By engaging students as active evaluators, the framework 
enables them to learn writing through the act of marking, thereby 
supporting a more comprehensive enhancement of academic 
competence.

With respect to dimension-level analysis, the study found that 
students performed better in evaluating rigor and originality, but dem-
onstrated greater variability in assessing significance and conventions. 
This pattern reflects differences in cognitive abstraction and epistemic 
uncertainty across evaluation dimensions. This indicates that students 
were relatively adept at identifying logical structures and innovative 
aspects but less experienced in judging academic value, societal rele-
vance, and adherence to writing and citation standards. The introduc-
tion of the AI Agent appears to help address these limitations by 
providing immediate feedback that aligned student evaluations more 
closely with expert standards. Through this process, AI feedback may 
help reduce uncertainty during evaluation and support the reorganiza-
tion of evaluative attention across dimensions. In contrast to tradi-
tional unidirectional automated scoring, the AI-supported 
collaborative marking mechanism introduced here not only generates 
scores but also facilitates reciprocal feedback and learning, prompting 
students to actively reconcile discrepancies between their judgments 
and expert-aligned criteria. Students are able to understand the rea-
soning behind the scores and apply this knowledge to improve subse-
quent writing. Over time, such collaboration may facilitate students’ 
gradual internalization of expert standards and methods, thereby 
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fostering more stable evaluative reasoning and sustained marking 
literacy.

In terms of data and model support, this study constructed a sys-
tematic dataset based on expert evaluation practices and academic 
supervision records to identify the challenges students encounter in 
authentic academic marking. The research team collected approxi-
mately 110,000 words of expert experience and supervision notes 
from 121 papers. These data made it possible to identify recurring 
cognitive difficulties in students’ evaluative processes, including 
incomplete task representations and inconsistent criterion application. 
The results indicate that relying solely on scores as a single indicator 
may obscure specific problems faced by students, whereas a collabora-
tive mechanism that incorporates dimension-based analysis and feed-
back better aligns with the core objectives of academic supervision. 
Specifically, students performed relatively well in evaluating rigor and 
originality, demonstrating the ability to recognize logical structures 
and innovative aspects; however, they showed weaker performance in 
assessing significance and conventions, where difficulties emerged in 
evaluating academic value, societal relevance, and adherence to writ-
ing standards. A discrepancy that reflects uneven development of 
evaluative schemas across dimensions. Such differences contributed 
to deviations between student evaluations and expert benchmarks and 
suggest that focusing exclusively on score accuracy is insufficient (Xie 
et al., 2024). In this context, the integration of the Agent model can 
help address students’ shortcomings through feedback and provide 
judgments more closely aligned with expert standards, supporting 
cognitive stabilization and reducing extraneous evaluative load.

From the perspective of metacognitive and self-regulated learning 
development, the markedly different interaction patterns observed 
between novice and advanced students can be meaningfully inter-
preted (Geng and Su, 2025). Advanced students exhibited more sys-
tematized behavioral sequences (e.g., SC → IP → EX → OI), 
indicating more coherent internal models of evaluation tasks and 
more efficient metacognitive monitoring. They tended to articulate 
evaluative goals with greater clarity, identify and explain discrepan-
cies, and iteratively optimize their strategies. This aligns with previous 
findings showing that higher-performing learners possess more 
refined task representations, more efficient metacognitive monitoring, 
and more consolidated domain knowledge structures (van der Graaf 
et al., 2022). In contrast, novice learners demonstrated exploratory 
and trial-and-error behavioral sequences (e.g., OI → DC or 
AR → RE → II), reflecting greater task-processing difficulty, unstable 
task representations, and restricted procedural regulation—character-
istics typically associated with early stages of reflective judgment 
development (Sun et al., 2023; Wang et al., 2023). Their reliance on 
reactive rather than proactive monitoring helps explain their lower 
alignment with expert standards. Moreover, students’ behaviors of 
reliance, questioning, and revision collectively formed a metacogni-
tively regulated dynamic loop of “trust–doubt–adjustment,” illustrat-
ing how AI feedback can activate monitoring, trigger reflective 
evaluation, and support judgment recalibration. When AI feedback 
aligned with students’ initial judgments, it contributed to a calibrated 
form of trust, which stabilized learners’ initial evaluative confidence 
and reduced uncertainty during early judgment formation. Divergence 
between the two activated metacognitive monitoring mechanisms, 
prompting learners to conduct reliability checks by re-querying, veri-
fying, or requesting further explanation, thereby shifting students 
from intuitive judgment to deliberate evaluation. Throughout this 
process, students continuously compared AI feedback with their 

expectations and prior knowledge, enabling dynamic calibration of 
judgments (Jin et al., 2023). Behaviors such as correcting AI errors or 
requesting clarification of evaluative criteria directly reflected the acti-
vation of reflective reasoning and criteria clarification—core psycho-
logical mechanisms underlying evaluative judgment. Prior research 
indicates that students with stronger self-regulatory strategies are 
more likely to employ AI strategically during interaction, thereby 
achieving higher-quality learning outcomes (Jin et al., 2025). 
Furthermore, AI-supported learning processes are often integrated 
into cyclical structures of planning, iteration, and evaluation, fostering 
metacognitive monitoring and reflection throughout task engagement 
(Anders and Speltz, 2025). Consequently, this iterative calibration pro-
cess offers a psychological explanation for the increased alignment 
between student scoring and expert standards. The AI agent also pro-
moted reflective reasoning by explicitly presenting the rationale 
behind its evaluations. Its explanatory feedback foregrounded the logi-
cal relationships among factual claims, argument structures, and evi-
dence quality, providing students with a stepwise evaluative pathway. 
Prior studies suggest that AI tools can effectively support all three 
phases of self-regulated learning—forethought, performance, and 
reflection—thereby strengthening metacognitive monitoring and 
regulation (Lan and Zhou, 2025). Empirical findings further show that 
students often evaluate, question, revise, or selectively adopt AI out-
puts, consistent with the mechanisms of criteria clarification and evi-
dence verification in evaluative judgment (Liu et al., 2025). In the 
present study, such cues functioned as external metacognitive scaf-
folds that elicited self-questioning and cross-verification of evidence—
critical components in the development of metacognitive monitoring 
and reflective judgment. By making discrepancies between students’ 
judgments and expert standards salient, AI feedback facilitated con-
tinual revision and structured reflection, thereby supporting the for-
mation of more coherent evaluative pathways.

At present, the educational roles of artificial intelligence are 
mainly distributed across intelligent tutoring systems (ITSs), learner 
profiling, and predictive modeling (Chen X. et al., 2025). These appli-
cations guide students through personalized instruction and adaptive 
feedback, evaluate engagement and cognitive development, and pro-
vide real-time suggestions to support participation in higher-order 
thinking tasks (Stojanov et al., 2024; Liu et al., 2022; Wu et al., 2024). 
Other applications focus on language learning tasks, such as 
Grammarly (Khan et al., 2024), which offers real-time corrections and 
writing suggestions to improve grammatical accuracy and stylistic 
appropriateness. Such tools make it more convenient for students to 
strengthen language skills and facilitate the use of AI for writing 
improvement. However, compared with more complex AI-supported 
collaborative marking frameworks that address multidimensional 
aspects of academic writing—including rigor, originality, significance, 
and adherence to conventions—current explorations remain limited. 
Comprehensive evaluation of these dimensions relies heavily on the 
language understanding and logical reasoning capabilities of AI sys-
tems, as well as learners’ ability to interpret, monitor, and reconcile 
evaluative criteria across dimensions, which requires strategies differ-
ent from traditional grammar-oriented marking. The AI-supported 
collaborative marking approach proposed in this study demonstrates 
adaptability to academic tasks involving extensive multidimensional 
data, and more importantly, illustrates how AI can be embedded 
within psychologically grounded assessment practices that support 
judgment formation and metacognitive regulation. In addition, our 
agent model and collaborative marking strategy effectively detect 
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scores across specific dimensions and generate targeted revision sug-
gestions, thereby supporting learners in identifying discrepancies, 
reflecting on criteria, and progressively stabilizing their evaluative 
reasoning. Current tools lack integration with expert knowledge bases 
and cannot provide multidimensional evaluation or actionable guid-
ance, resulting in limited understanding of rigor, originality, signifi-
cance, and conventions. By demonstrating how AI-mediated feedback 
can function as a cognitive–metacognitive scaffold within assessment 
activities, this study provides preliminary empirical support for psy-
chological theories of assessment and learning, highlighting the role 
of guided comparison, reflective monitoring, and criterion internal-
ization in the development of evaluative judgment. This study offers 
practical insights for designing dimension-specific academic guidance 
and AI-supported revision strategies.

6 Limitations

Although this study provides initial evidence for AI-supported 
collaborative marking, several limitations constrain the generalizabil-
ity and ecological validity of the findings, particularly with respect to 
the construct validity of the psychological processes inferred in this 
research. First, the sample size and institutional context were relatively 
limited. The study focused exclusively on master’s students in educa-
tional technology, at a single university in China, whose disciplinary 
conventions and training backgrounds may influence external validity. 
The single-discipline focus and specific cultural environment further 
constrain generalizability. In addition, the behavioral interaction 
analysis was conducted on a relatively small subsample of participants, 
and therefore the interpretation of interaction patterns should be con-
sidered exploratory. Caution is therefore required when extending 
these findings to other academic domains or cross-cultural contexts 
or educational levels, and sweeping cross-disciplinary generalizations 
should be avoided. Second, the task design centered on structured 
academic essay writing and did not include more complex forms of 
academic production, such as theses, interdisciplinary projects, or 
extended research reports. These tasks typically involve cross-section 
integration, extended reasoning, and multilayered argumentation; 
thus, the applicability of the present findings to broader academic con-
texts requires further examination. In addition, the study primarily 
captured short-term interaction effects. Without a longitudinal or 
pretest-post test design, the findings only reflect immediate recalibra-
tion during AI-supported evaluation. The observed monitoring - 
reflection - adjustment cycles indicate that AI scaffolding can support 
short-term regulation of evaluative reasoning, but the design does not 
allow conclusions about whether these improvements persist over 
time. Accordingly, no conclusions can be drawn regarding the long-
term development of students’ evaluative literacy or critical thinking 
abilities, and this temporal constraint should be taken into account 
when interpreting the findings. Regarding measurement and instru-
mentation, individual differences in AI-use experience, technological 
proficiency, and attitudes may have influenced participants’ interac-
tion strategies and adoption behaviors. Moreover, core psychological 
constructs such as evaluative judgment, metacognitive monitoring, 
reflective reasoning, and cognitive load were inferred from observable 
behaviors, interaction patterns, and scoring outcomes rather than 
being directly measured using validated psychometric instruments, 
which limits the strength of causal claims about underlying cognitive 

mechanisms. Future research should incorporate standardized psy-
chological measures and mixed-method designs to strengthen con-
struct validity and clarify the mapping between observed behaviors 
and latent cognitive processes. In addition, both scoring rubrics and 
prompt templates may introduce structural biases, as rubrics embody 
disciplinary value judgments, and prompt framing shapes the form of 
AI-generated feedback. Although expert review and prompt standard-
ization were used to mitigate these influences, sensitivity analyses of 
prompts and rubrics are recommended in subsequent studies. 
Furthermore, the task-based and time-bounded interactions within 
an experimental setting do not fully replicate the continuity and con-
textual richness of real instructional practice, such as semester-long 
thesis supervision or interdisciplinary research collaborations.

Finally, although the AI model employed in this study integrated 
expert knowledge bases and retrieval-augmented techniques, it still 
showed limitations in handling originality and complex reasoning, 
with some outputs diverging from expert judgment or displaying ran-
domness. Additionally, the study relied on a single expert rater to pro-
vide benchmark evaluations for the full dataset of 121 papers. While 
this design helped maintain a consistent reference standard across all 
evaluation conditions, it may introduce potential bias and does not 
allow estimation of inter-rater reliability. Moreover, it should be noted 
that students evaluated their own work under certain conditions, 
which could have introduced self-enhancement bias, social desirabil-
ity bias, and motivational distortion. To address this, we explicitly 
benchmarked all student evaluations against expert ratings and incor-
porated AI-assisted feedback to reduce potential subjective bias. These 
limitations delimit the extent to which AI feedback can be assumed to 
reliably support higher-order evaluative reasoning across all dimen-
sions, suggesting that the psychological effects observed here should 
be interpreted in light of the current capabilities of AI systems.

7 Challenges and future work

Future research needs to further extend the Student-AI Agent col-
laborative assessment framework in several directions. To further 
establish the broad applicability of the proposed framework, future 
studies should validate it across a wider range of disciplinary contexts, 
multi-level student populations—such as undergraduates, master’s 
students, and doctoral candidates—and diverse educational settings. 
First, adaptability across disciplines and languages remains a major 
challenge. Different fields may interpret originality, significance, and 
conventions in divergent ways, and writing norms and scholarly 
expression vary in multilingual contexts. Therefore, large-scale and 
cross-cultural empirical studies are required to examine the generaliz-
ability and scalability of this framework. In this process, closer integra-
tion of domain expert knowledge bases and knowledge graphs 
deserves exploration, as these resources can provide stronger disci-
plinary contextual understanding and improve performance in recog-
nizing originality and handling complex reasoning (Hu and 
Wang, 2024).

The continued expansion of educational scenarios and task genres 
is likewise essential. Although the present study focuses on graduate 
students and the structured genre of research paper writing, an 
AI-supported collaborative evaluation framework can be extended to 
undergraduate learners, K-12 students, and more complex academic 
products, including theses, interdisciplinary research projects, 
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capstone designs, and extended academic reports. These tasks require 
learners to undertake higher-order conceptual integration, multi-step 
argumentation, and cross-domain reasoning, thereby providing a 
more comprehensive basis for examining the stability of the frame-
work and the robustness of learners’ evaluative performance across 
developmental stages and writing genres (Krumsvik, 2024; Chen et al., 
2022). Moreover, in the area of human–AI interaction, ensuring fair-
ness and transparency while mitigating potential biases or inappropri-
ate guidance from AI outputs will remain a critical issue in the design 
of collaborative systems (Chinta et al., 2024). Future research should 
incorporate additional safeguards at both methodological and system 
levels to mitigate potential threats to the validity of AI-generated 
output. Promising directions include involving multiple independent 
expert raters to improve benchmark reliability and reduce potential 
bias. Future work may also adopt ensemble or multi-model architec-
tures to mitigate single-model effects. In addition, expanding expert 
knowledge bases through interdisciplinary corpora may improve the 
system’s ability to recognize originality and handle complex reasoning, 
while longitudinal assessments can further examine the stability of 
human-AI collaborative workflows over time.

Moreover, longitudinal research is crucial for elucidating the 
long-term educational effects of AI-supported collaborative evalua-
tion. Existing studies largely emphasize short-term scoring accuracy 
and consistency, yet systematic tracking of learners’ development in 
critical thinking, evaluative judgment, and academic independence 
remains limited. Consequently, future work should employ longitu-
dinal designs or delayed post-tests to determine whether the gains 
students acquire through sustained interaction with AI can be 
retained over time. Future studies should also expand the sample 
size used for behavioral interaction analysis to improve the robust-
ness and generalizability of observed interaction patterns. Long-
term tracking may include repeated measurements across multiple 
writing tasks, assessments of students’ ability to independently apply 
evaluative criteria without assistance, and analyses of temporal 
changes in the coherence, originality, and argumentative soundness 
of their reasoning processes. Accumulated cross-time data will facili-
tate a more systematic understanding of the sustained impact of 
AI-assisted evaluation on learners’ higher-order thinking and aca-
demic competencies, providing development-oriented empirical 
evidence for instructional practice.

Finally, future work should adopt systematic approaches to assess 
and enhance the fairness of AI-assisted collaborative evaluation. Key 
directions include integrating interpretability-enhanced interfaces 
that enable instructors and students to inspect the basis of 
AI-generated feedback; developing bias-detection dashboards to 
monitor systematic disparities across demographic or academic sub-
groups; and conducting fairness audits prior to deployment. 
Increasing the diversity of expert knowledge bases, testing the frame-
work with multilingual and interdisciplinary datasets, and releasing 
ethically compliant mislabeled datasets will further strengthen trans-
parency, reproducibility, and equitable learning outcomes. These 
efforts align with emerging research on fair and responsible AI in 
education and support the goal of ensuring that human-AI collabora-
tion remains ethically grounded while maintaining instructional 
effectiveness.

Overall, future studies should not only focus on technical opti-
mization but also address educational values and ethical consider-
ations. Only through the combined advancement of 
cross-disciplinary collaboration, knowledge graph support, and 

interactional design can the AI-supported collaborative marking 
framework achieve the dual goals of educational equity and quality 
improvement. And future research should further investigate how 
sustained engagement with collaborative scoring can help students 
develop evaluative literacy, critical thinking, and independent 
research skills, positioning AI not merely as a scoring tool but as a 
genuine partner in the learning process.

8 Conclusion

This study introduces and validates a AI-supported collaborative 
marking strategy, which combines a structured collaborative framework 
with strategies specifically designed for academic supervision. Beyond 
proposing a technical framework, the study offers psychological insights 
into how evaluative judgment is constructed, calibrated, and refined 
through iterative comparison, feedback interpretation, and reflective 
adjustment, thereby linking AI-mediated interaction processes with 
theoretical mechanisms proposed in evaluative judgment and self-reg-
ulated learning research. The proposed framework is intended to ana-
lyze large volumes of academic marking data to identify students’ 
weaknesses and address them through an AI system grounded in an 
expert knowledge base. By integrating the generative capabilities of AI 
with students’ evaluative strengths, this collaborative marking approach 
differs from conventional AI-based methods. The framework is capable 
of evaluating manuscripts across multiple dimensions, including rigor, 
originality, significance, and adherence to academic conventions, while 
providing targeted recommendations for improvement. From a cogni-
tive perspective, engagement with multidimensional criteria and expert-
aligned feedback supports students in clarifying evaluation standards, 
monitoring discrepancies, and progressively internalizing norms of 
academic quality. Compared with marking conducted solely by students 
or AI, the collaborative approach aligns more closely with expert stan-
dards and delivers real-time feedback to guide students in identifying 
and developing areas for improvement. Importantly, the framework not 
only streamlines the academic evaluation process but also structures 
and elicits the core cognitive processes integral to evaluative judgment: 
metacognitive monitoring, criteria-based reasoning, and reflective revi-
sion, shifting the focus of marking from purely outcome-oriented to 
process- and education-oriented. The framework should not only be 
regarded as a step toward automation but also as a pedagogical tool, in 
which the AI-assisted grading process supports graduate students in 
learning academic writing. This study suggests that the AI-supported 
collaborative marking framework can provide multidimensional evalu-
ation while also contributing to understanding of how students develop 
evaluative judgment through interaction with structured feedback and 
expert-informed reference points. This dual focus underscores its value 
as both an assessment mechanism and a developmental tool in aca-
demic supervision. This collaborative assessment framework demon-
strates the potential of human–AI collaboration in educational 
evaluation, where AI functions as a learning partner that scaffolds 
reflective judgment, supports metacognitive regulation, and promotes 
the gradual formation of independent evaluative competence, and fos-
ters reflective learning practices extending beyond single-course con-
texts. By embedding AI-supported marking within established 
psychological theories of assessment and learning, this study advances 
understanding of how academic competence, reflective judgment, and 
higher-order cognitive processes are cultivated in graduate education, 
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thereby promoting a sustainable model of graduate education. At the 
same time, the findings should be interpreted with consideration of sev-
eral methodological constraints discussed earlier, including the reliance 
on a single expert benchmark and the relatively small behavioral inter-
action subsample. Future research should therefore pursue longitudinal 
investigations, cross-institutional validation, and more direct measure-
ment of relevant cognitive processes to further strengthen the empirical 
and theoretical foundations of AI-supported collaborative evaluation.
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