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While current educational research on automated assessment heavily
emphasizes technical validity, a significant gap remains in understanding
students’ sustained, real-world experiences with these systems in
authentic learning environments. This study examines students’
experiences with a large language model-based automated assessment
system embedded in the regular flow of a university course. The study
employed a mixed-methods design with 47 university students over a
seven-week period. Quantitative data were obtained from system
interaction logs and student feedback ratings, while qualitative data were
collected from focus group interviews with 24 students and 175 written
feedback responses. The results reveal that students perceive the LLM-
based assessment system as a learning assistant, an impartial evaluator,
and a self-assessment tool. The transparency of explanations was
identified as a decisive factor in building trust in the algorithmic system
by helping students understand the rationale behind scores and feedback.
Sustained interaction with the system triggered a shift from high-
frequency trial and error to more efficient and strategic participation,
indicating that the assessment criteria were gradually internalized. The
system appeared to create an environment free from perceived social
judgment, providing favorable conditions for productive failure, repeated
attempts, and self-directed revision. Overall, the study demonstrates that
artificial intelligence can be positioned as a tool that scales pedagogical
intent without replacing the teacher and can be effectively integrated
within the framework of human—AI complementarity in higher education.

Introduction

Assessment and feedback are central components of effective learning environments,
shaping not only what students learn but also how they engage with learning processes (Cinar
et al., 2020; Kurbanoglu & Olcaytiirk, 2023). Despite their pedagogical value, formative
assessment practices are often constrained by practical limitations, including increased
instructor workload (Abdul-Salam et al., 2022; Westera et al., 2018), delayed feedback cycles,
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and challenges in providing individualized guidance in large or resource-limited classrooms
(Gombert et al., 2024). As a result, feedback, one of the most powerful drivers of learning,
frequently becomes episodic, summative, and judgment-oriented rather than continuous and
learning-focused. Short-answer evaluations involving natural language responses are valuable
approaches for detailed assessment because they provide evidence of students’ higher-order
thinking skills, such as analysis, synthesis, and evaluation (Ariely et al., 2022; Westera et al.,
2018).

Short answers can range from a few sentences to several paragraphs (Nath et al., 2023).
Although short answers, due to their structural characteristics, can reveal students’ ability to
construct and express knowledge in detail (Uto & Uchida, 2020), practical difficulties limit
their use in assessment practices (Cinar et al., 2020). Xavier et al. (2025) highlight the
difficulty of delivering timely and individualized feedback for open-ended responses.
Moreover, inconsistencies stemming from subjective judgments among human raters raise
concerns about the reliability and fairness of short-answer evaluations (Zhu et al., 2022),
further dissuading their classroom adoption.

Recent advances in artificial intelligence, particularly large language models (LLMs), have
renewed interest in the automation of assessment and feedback processes. LLM-based
systems offer the potential to generate rapid, scalable, and linguistically rich feedback,
addressing long-standing concerns related to timeliness and consistency (Hao et al., 2024).
Indeed, Singerin et al. (2025) note that automatic assessment applications stand out in the
context of Al use in higher education. Consequently, a growing body of research has
examined the technical performance, validity, and reliability of automated scoring systems
and LLM-based assessment tools (Hao et al., 2024; Kortemeyer, 2024; Mendonga et al.,
2025). These studies have demonstrated that such systems can achieve high levels of
agreement with expert raters under controlled or benchmarked conditions.

While technical evaluations dominate the literature, learning technologies cannot be
meaningfully evaluated without considering the experiences of the students who interact with
them (Boud & Molloy, 2013; Laurillard, 2009; Nicol, 2021). Feedback is informative, but it is
also a relational and interpretive assessment process shaped by trust, perceived fairness, and
opportunities for action (Carless & Boud, 2018; Shute, 2008; Tossell et al., 2024). When
combined with feedback loops, automated assessment systems go beyond being merely
assessment tools and serve multifaceted pedagogical functions that influence students’ study
behaviors, motivational orientations, and self-regulation strategies (Taub et al., 2021; Tossell
et al., 2024). Understanding these dynamics requires moving beyond short-term experiments
and focusing on sustainable, real-world applications that prioritize student voice (Khosravi et
al., 2022; Luo et al., 2025).

However, the increasing technical sophistication of automated assessment systems has not
been matched by an equivalent understanding of their pedagogical implications in real
learning environments (Hao et al., 2024; Holmes et al., 2022; Zawacki-Richter et al., 2019).
Recent review studies indicate that research on automated assessment and LLM-based
systems has largely conceptualized success through performance-oriented metrics such as
accuracy, agreement coefficients, and reliability indices (Ahmad et al., 2023; Luo et al.,
2025). Within this literature, learning contexts are frequently treated as neutral delivery
spaces, with limited attention to how assessment technologies are experienced, interpreted,
and appropriated by learners over time (Tossell et al., 2024). In particular, it is emphasized
that systematic evidence regarding students’ sustained interaction with LLM-based feedback
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within the framework of placing automated assessment systems as active components of real
learning environments remains limited (Luo et al., 2025). Given the limitations in the existing
literature and the need for empirical evidence, this study seeks to answer the following
research questions:

e RQI. How do students experience and make sense of an LLM-based automated
assessment system when it is embedded as an active component of an authentic
learning environment?

e RQ2. In what ways does sustained interaction with an LLM-based automated
assessment system influence students’ learning behaviors, self-regulation, and
perceptions of assessment?

Background and Related Work

Transformer-based  language models, particularly  Bidirectional = Encoder
Representations from Transformers (BERT) and its variants, have been widely adopted for
automatic short-answer scoring across diverse linguistic and educational settings. Empirical
studies report that BERT-based models achieve substantial agreement with human raters on
benchmark datasets such as the Semantic Evaluation shared task dataset (SemEval),
establishing the technical feasibility of automated scoring systems (Sung et al., 2019;
Ghavidel et al., 2020). Multilingual research further demonstrates that transformer-based
approaches generalize across languages, including German and Spanish, supporting their
applicability beyond English-dominant contexts (Sawatzki et al., 2021; Mardini et al., 2024).
However, prior work also indicates that scoring performance may decline as task complexity
increases or as scoring granularity expands, suggesting limitations in relying solely on
technical performance metrics (Ghavidel et al., 2020). Taken together, these studies suggest
that while automated scoring systems can provide consistent and scalable assessments,
scoring alone offers limited pedagogical value unless it is complemented by meaningful
feedback that supports learning processes.

Building on these developments, recent work highlights the rising potential of LLMs for
short-answer evaluation and feedback generation. LLMs have expanded the scope of
automated assessment beyond numerical scoring toward the generation of explanatory and
linguistically rich feedback. Empirical research indicates that LLM-based systems can
generate feedback comparable to that provided by human instructors in specific task contexts.
For example, Chang and Ginter (2024) and Latif and Zhai (2024) report that GPT-based
models achieve moderate to high agreement with human scoring, while Cheong (2025) shows
that generative feedback is particularly effective for lower- to mid-level cognitive tasks, with
performance on higher-order tasks remaining sensitive to task design and prompting
strategies. Similarly, Lohr et al. (2025) emphasize that LLMs are now capable of providing
rich and personalized feedback. Delalibera and Carvalho (2024) further emphasize that Al-
supported automated assessment systems can significantly reduce educator workload while
supporting learning through timely and comprehensive feedback. Nevertheless, these findings
are largely derived from technically oriented evaluations rather than sustained classroom
implementations.

When student and instructor perspectives are explicitly examined, learners generally
appreciate the clarity, immediacy, and explanatory nature of feedback generated by LLMs
(De-Wet et al., 2025; Escalante et al., 2023), yet concerns regarding accuracy, originality, and
reliability remain significant (Chiang et al., 2024; Tossell et al., 2024). Er et al. (2025) found
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that students perceived instructor feedback as more beneficial and pedagogically supportive
than feedback generated by Al, particularly in terms of fairness and developmental value,
although these differences were not always statistically significant. Xavier et al. (2025)
reported that GPT-4-generated personalized feedback was perceived as credible and reliable
by instructors. Focusing on the effectiveness of explanatory feedback, Gombert et al. (2024)
evaluated their system using a six-dimensional questionnaire (comprehensibility, usefulness,
progress, reflection, self-regulation, and motivation) and observed that students responded
positively to detailed feedback.

Taken together, existing research demonstrates the effectiveness of BERT-based models in
automated short-answer scoring and highlights the potential of LLMs in feedback provision.
However, studies examining students’ sustained experiences with such systems, particularly
in real learning environments and non-English instructional contexts, remain limited,
especially with respect to dimensions such as learning strategies, perceptions, and
engagement. To address these gaps, the present study adopts a participatory educational
research approach to examine students’ sustained experiences with an LLM-based automated
scoring and feedback system embedded in an authentic learning environment.

Method

Research Design

This study employed a qualitative-dominant mixed-methods research design to
investigate students’ sustained experiences with an LLM-based automated assessment system
embedded as an active component of an authentic learning environment. In this study, an
authentic learning environment refers to the regular flow of a university course in which the
Al-supported assessment system was integrated into ongoing coursework over seven weeks,
rather than being implemented in a short-term or laboratory-based setting.

The design foregrounds learners’ perspectives and meaning-making processes as the primary
sources of evidence. Within this design, qualitative data constitute the main analytic focus and
are used to explore how students perceive, interpret, and engage with automated scoring and
explanatory feedback (RQ1). Complementary quantitative indicators were incorporated to
examine patterns of sustained interaction, learning-related behaviors, and self-regulatory
tendencies over time (RQ2). Quantitative data are used descriptively to contextualize
students’ experiences rather than to evaluate learning outcomes or model performance.

Learning Context and Participants

The study was conducted within the regular flow of a higher education course in a
non-English instructional context, situated in the social sciences and designed to support
conceptual understanding through written short-answer assessments. The course included
regular formative assessment activities requiring students to produce open-ended responses.

Before the main implementation, a pilot study was conducted with a separate group of 8
participants to examine the functionality and practical applicability of the Al-supported
assessment system. These participants were not included in the main study sample. For the
main implementation, participants were selected from a single group of students taking the
same university course. Although the course was offered to students from multiple
departments, the study focused on one department because these students were expected to
have the basic computer literacy required to engage with the Al-supported assessment system.
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The selection therefore followed a purposive convenience approach. Participation was
voluntary throughout the study. Of the 60 students who initially had access to the system, 47
remained in the final study sample and generated analyzable log data, while 13 did not
continue in the study. In addition, post-implementation interviews were conducted with 24
participants.

Students interacted with automated scoring and feedback as a natural part of their learning
process across multiple assessment tasks over an extended instructional period. Participation
in research-related data collection activities did not influence course grades or academic
standing. All participants had prior experience with conventional instructor-led assessment
practices, providing a meaningful basis for reflection on automated scoring and feedback.

LLM-Based Assessment System

The assessment system was designed as an integrated automated assessment and
feedback mechanism, combining two complementary components: (1) a transformer-based
model for automated short-answer scoring and (2) a generative large language model (GPT-
40) for explanatory feedback generation. Scores and feedback were presented concurrently to
students as part of a unified formative evaluation experience.

Automated Scoring Component

The automated scoring component was trained using a custom-developed short-
answer dataset for a university-level History course. The dataset consisted of student
responses paired with expert-assigned scores based on predefined scoring criteria aligned with
official course learning outcomes. Content validity was established through expert review
(Content Validity Index [CVI] = 0.86), and expert scoring demonstrated high inter-rater
reliability (Cohen’s Kappa [k] = 0.93). Together, these procedures provided baseline evidence
of content, construct, and scoring validity consistent with argument-based validity
frameworks (Kane, 2006; Williamson et al., 2012).

Explanatory Feedback Component and Theoretical Framework

The explanatory feedback component was built on the GPT-40 model and designed to
generate personalized, pedagogically meaningful feedback rather than generic responses.
Feedback generation was guided by structured prompts incorporating the question text,
student response, automated score, and instructional objectives. Feedback content was
adapted based on response accuracy, providing explanations for errors, identifying missing
elements, or reinforcing correct understanding.

The design of the feedback component was grounded in established educational theories.
Shute’s (2008) formative feedback principles, including specificity, clarity, instructional
relevance, and timeliness, guided the construction of feedback prompts. Moore’s (1989)
interaction theory informed the system’s capacity to simulate learner—content and learner—
teacher interaction through responsive explanations. In addition, Nicol and Macfarlane-Dick’s
(2006) model of formative assessment and self-regulated learning underpinned the
assumption that explanatory feedback can support reflection, metacognitive engagement, and
learner autonomy. Taken together, these frameworks position the system not only as an
automated grading tool but also as a pedagogically informed learning support tool. A
conceptual overview of the integrated assessment system and its workflow is presented in
Figure 1 to clarify the system’s structure and role in classroom implementation.
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Figure 1. Automated assessment system architecture

Pilot Study

Prior to classroom deployment, a pilot study was conducted to examine the
pedagogical suitability and practical applicability of the integrated assessment system. The
pilot was carried out with a small group of students (n = 8) using a five-item short-answer
assessment. Automated scores were compared with expert judgments to ensure reasonable
alignment and to identify potential issues that could hinder classroom use. Agreement indices
indicated a high level of consistency between system outputs and expert evaluations (k = .85-
.89; Pearson correlation coefficient [r] = .83-.90), suggesting that the scoring component met
an acceptable threshold for formative use.

In addition, explanatory feedback generated by the system was reviewed by five field experts
using established principles of effective feedback (Shute, 2008). Expert review showed that
some of the system-generated feedback was unnecessarily detailed. Based on this review, the
prompts were revised to produce clearer and more concise feedback before classroom
deployment.

Classroom Implementation

Following the pilot study, the LLM-based automated assessment system was
implemented as a regular component of the course assessment process over a seven-week
instructional period. During this phase, the system was integrated into routine formative

Participatory Educational Research (PER)

-256-



Participatory Educational Research (PER), 13(4); 251-270, 1 July 2026

assessment activities and used by students as part of their normal coursework rather than as an
experimental add-on.

Each week, students completed short-answer assessment tasks aligned with course learning
outcomes and received automated scores and explanatory feedback immediately upon
submission. Students were able to review feedback, reflect on their responses, and, when
applicable, use this information to guide subsequent study and revision.

The instructor did not intervene in the automated scoring or feedback process during the
implementation phase, allowing the system to function autonomously while remaining
embedded within the regular instructional context of the course. Students’ interactions with
the system generated log data documenting participation, response activity, and feedback
ratings, which were later used for descriptive analysis. This sustained classroom
implementation provided the empirical basis for examining students’ sense-making processes,
learning behaviors, and perceptions of automated assessment over time.

Data Collection and Analysis

Multiple data sources were employed to capture students’ sustained experiences with

the assessment system. Qualitative data, including students’ written reflections, open-ended
responses, and semi-structured interviews, served as the primary source of evidence and were
analyzed using thematic analysis. An iterative and inductive coding process was used to
identify themes related to feedback perception, trust, engagement, self-regulation, and
learning strategies.
Quantitative data were derived from system-generated interaction logs and student feedback
ratings. These data were analyzed descriptively and, where appropriate, through
supplementary longitudinal analyses to examine change over time. Because the number of
questions varied across weeks, question-adjusted interaction rates were calculated. Given the
unbalanced repeated measures caused by participant attrition, linear mixed-effects models
were used with week as a fixed effect and student as a random effect. Satisfaction analyses
were based on rated responses only, and the association between adjusted interaction rate and
satisfaction was examined using Spearman rank-order correlation. Integration of qualitative
and quantitative findings occurred at the interpretation stage to support methodological
triangulation.

Ethical Considerations

All procedures adhered to institutional ethical guidelines for research involving human
participants. Participation in research-related data collection was voluntary. Informed consent
was obtained, and participants could withdraw at any time without penalty. Research
participation did not affect course grades or academic standing. All data were anonymized
prior to analysis, securely stored, and reported either in aggregate form or in anonymized
form. The use of automated scoring and LLM-generated feedback was transparently
communicated to students as part of the course assessment process.

Findings

The findings are organized around the study’s two research questions. First, students’
perceptions of assessment performance and system features are presented (RQ1). Second,
findings related to students’ learning experiences, emotional processes, and study strategies
are presented (RQ2). Qualitative findings are based on thematic analysis of focus group
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interviews and are supported by representative participant quotes; quantitative findings are
presented through descriptive statistics and frequency distributions.

Students’ Experience and Sense-Making of LLM-Based Assessment System (RQ1)
The findings revealed students’ perceptions of the automated assessment system.

Perceptions of the System

Analysis of focus group interviews revealed that students conceptualized the
automated assessment system through four distinct frames. Table 1 presents the frequency
distribution.

Table 1. Students’ conceptualizations of the automated assessment system

Code Frequency Key Findings

Learning helper 12 System viewed as assistant that facilitated understanding
Impartial evaluator 7 System perceived as objective and fair

Self-assessment tool 6 System enabled instant self-evaluation

Teacher-like entity 5 System compared to instructor feedback

Participants articulated multiple ways of conceptualizing the system’s role in the learning
process. The majority (f = 12) perceived the system as a learning helper that facilitated
understanding and supported knowledge acquisition (e.g., P9: “It made learning easier for me
and helped me identify my shortcomings™). Others (f = 7) emphasized its function as an
impartial evaluator, highlighting the fairness and objectivity of its assessments (e.g., P18: “It
was a very good and impartial system”). In addition, some participants (f' = 6) described the
system as a self-assessment tool that enabled instant evaluation of their own learning status
(e.g., P3: “I can see my own status instantly”). A smaller group (f = 5) compared the system
to instructor feedback, characterizing its responses as teacher-like in nature (e.g., P19: “We
don’t have to wait for instructors; it responds like they do™).

Interpreting Instant Score and Explanatory Feedback Integration

Students’ interpretations of the combined instant score and explanatory feedback
presentation revealed four key themes. Table 2 presents the frequency distribution.

Table 2. Interpreting instant score and explanatory feedback integration

Code Frequency Key Findings

Explanatory guidance 17 Feedback explained rationale behind scores
Error correction process 15 Detailed explanations enabled targeted learning
Pathway to correct answers 12 Feedback guided toward correct responses
Integrated system 5 Score and explanation perceived as unified

Participants frequently emphasized the explanatory and guiding nature of the feedback
generated by the system. A large proportion of participants (f' = 17) highlighted the system’s
explanatory guidance, noting that it clearly presented correct answers together with
underlying reasons (e.g., P2: “It presented the correct answer with reasons through the
detailed explanation™; P11: “Even though we gave a short answer, it gives an explanatory
response”). In addition, many participants (f'= 15) described the feedback as an effective error
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correction process, indicating that explanations helped them identify mistakes and prompted
further learning efforts (e.g., P9: “The explanations from feedback showed our mistakes”;
P24: “Even when wrong, it encouraged me to research the topic again”). Some participants (f
= 12) framed the feedback as a pathway to correct answers, emphasizing that clear
explanations supported improvement even when initial responses were incomplete or
incorrect (e.g., P18: “For my ‘I don’t know’ answers, it gave me a clear explanation. This
time, I received full points”). A smaller group of participants (f'= 5) explicitly referred to the
system as an integrated structure in which automated scoring and explanatory feedback
operated together (e.g., “The scoring system and Al work in tandem with each other”).

Trust, Fairness, and Credibility of Automated Assessment

The findings are grouped into four dimensions: accuracy, transparency, fairness, and
consistency. Table 3 presents the frequency distribution of student perceptions.

Table 3. Student perceptions of system trustworthiness

Dimension Positive  Negative  Key Findings

High accuracy perceived; some frustration when brief but

Accuracy 20 4 )
correct answers received low scores.
Detailed feedback improved clarity and understanding; long
Transparency 18 4 . . .
explanations occasionally caused confusion.
. Viewed as fair and content-based; some concern that system
Fairness 9 3
rewarded lengthy responses.
. Consistent scores across attempts enhanced student
Consistency 5 -

confidence in system reliability.

Accuracy: The majority of participants (f= 20) perceived the system’s evaluations as accurate
and reliable (e.g., P21: “I can say the accuracy rate is ninety percent”). However, some
participants (f = 4) noted instances where the system penalized brief but correct answers (e.g.,
P12: “When I wrote it briefly, it said partially correct... it actually wanted longer answers”).

Transparency: Most participants (f = 18) found the system’s evaluations transparent, noting
that explanatory feedback clarified the evaluation criteria (e.g., P2: “With the detailed
explanation it gave at the bottom, it presented the correct answer with reasons, it was quite
clear and understandable’). Some participants (f = 4) expressed concerns about the length of
feedback, which occasionally caused confusion (e.g., P9: “The feedback was too detailed. I
couldn’t understand the scoring logic”).

Fairness: Several participants (f = 9) perceived the system as fair, noting that it evaluated
responses based on content and recognized different answer variations (e.g., P19: “I wrote the
correct answer in different ways, and it said correct to those too”). However, some
participants (f = 3) expressed concerns about the system’s tendency to require detailed
answers (e.g., P12: “It didn’t seem to want only the critical information for the answer”).

Consistency: Some participants (f = 5) noted that the system provided consistent evaluations
for similar answers across different times (e.g., P24: “I tried similar answers at different
times, and it scored them the same way, which gave me confidence”). No negative comments
regarding consistency emerged.
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Satisfaction with AI Feedback

Quantitative analysis of student satisfaction ratings revealed high satisfaction with Al-
generated feedback. Students rated the quality of feedback using a 5-point star rating system
after each response. A total of 260 ratings were collected across seven weeks of system use.

Table 4. Distribution of student satisfaction ratings (n = 260)

Rating Count Percentage
5 Stars (Excellent) 184 70.8%

4 Stars (Good) 25 9.6%

3 Stars (Moderate) 20 7.7%

2 Stars (Poor) 18 6.9%

1 Star (Very Poor) 13 5.0%

The majority of ratings (70.8%) were 5-star ratings, indicating strong satisfaction with
feedback quality. Together, 4- and 5-star ratings accounted for 80.4% of all responses,
suggesting that most students perceived the Al-generated feedback as good or excellent in
quality. The overall mean rating was 4.34 out of 5.0 (SD = 1.18).

Analysis of weekly rating patterns revealed a trend. Although participation declined over the
seven-week period, satisfaction ratings showed a steady upward trajectory. Mean ratings
increased from 4.22 in Week 1 to 4.54 in Week 7, corresponding to a 7.6% improvement.
This pattern suggests that students who remained engaged with the system developed
increasingly positive evaluations of feedback quality over time.

Written comments associated with high ratings frequently emphasize the explanatory nature
of the feedback, with students describing the system as clear and supportive of learning (e.g.,
“The feedback modules are very explanatory, a successful system for learning”; “It provided
feedback in a very explanatory manner”). In contrast, lower ratings are typically associated
with practical concerns related to feedback length or perceived scoring inconsistencies. Some
comments indicate that feedback was perceived as overly long (e.g., “The feedback was a bit
lengthy”), while others point to isolated scoring issues (e.g., “The scoring system made a

mistake on the last question”).
Influence of Sustained Interaction on Learning and Self-Regulation (RQ2)

Perceived Pedagogical Influence of the Automated Assessment System

The analysis revealed the system’s perceived influence on various aspects of students’
learning experiences. The findings are grouped into three main categories: learning processes,
affective processes, and study strategies. Table 5 summarizes the pedagogical influence
indicators.
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Table 5. Perceived pedagogical influence of the automated assessment system

Category Code Positive Negative Key Findings

Enhanced deeper learning and retention; some
cognitive overload from lengthy feedback
Facilitated instant seclf-evaluation and gap

Learning quality 18 4

Learning Self-assessment 15 ) identification
Processes . Accelerated error correction and deficiency
Ease of learning 14 - . . .
identification
Contributed to exam preparation and academic
Course success 12 - .
achievement
Increased motivation through immediate feedback
Motivation 16 5 and gamified scoring; reduced for some due to
. lengthy explanations or question difficulty.
Affective £y exp a had
Strengthened  confidence  through  successful
Processes  Self-confidence 7 - 1o .
responses and validation of learning.
Enhanced perception of competence and mastery;
1f-effi 1 L7
Self-efficacy > one case of reduced efficacy due to task complexity.
. Encouraged students to seek detailed information and
Research behavior 11 - . . S
engage in self-directed inquiry.
Review sirate 6 ) Promoted review through screenshots and reuse of
Study &y feedback for revision.
Strategies Fost kl t habit: istent
g Regular study 6 ) ostered weekly study habits and consisten
engagement with content.
Exam preparation 5 ) Supported development of written exam strategies

through exposure to realistic question types.

Learning Processes: The majority of participants (f = 18) reported that the system enhanced
learning quality by supporting deeper and more durable learning, primarily through its
detailed and constructive feedback (e.g., P24: “I really think that the constructive feedback
was useful. I can say that I learned the topics better”). In addition, a substantial number of
students (f = 15) emphasized that immediate feedback facilitated self-assessment by enabling
them to identify their strengths and knowledge gaps in real time (e.g., P19: “By giving
immediate responses, it allowed me to see myself. By seeing what I know and what I don’t
know, I realized the gaps I need to complete”). Many participants (f = 14) also reported that
the system made learning easier by guiding error correction and supporting clearer
understanding of expected responses (e.g., P17: “It tells you how to give a more correct
answer. It helped me easily correct my deficiencies”), while some students (f' = 12) perceived
a positive contribution to their academic performance and exam preparation (e.g., P16: “I was
able to prepare for the exam simply by using the system”). Nevertheless, a small group of
participants (f = 4) noted that overly long explanations occasionally hindered learning by
creating cognitive overload (e.g., P6: “It provided long explanations even for the correct
answers, which was tiring. I felt confused”).

Affective Processes: The majority of participants (f = 16) reported increased motivation due to
instant feedback, scoring mechanisms, and gamification elements (e.g., P17: “The scoring
mechanism in the system motivated me. I started doing more research to get higher scores”).
However, some participants (f = 5) reported decreased motivation due to feedback length and
question difficulty (e.g., P12: “I hadn’t encountered such difficult questions before. I can’t say
it motivated me much”). Some participants reported increased self-confidence (f'= 7) through
successful performance (e.g., P13: “Because the questions were difficult and I could give
correct answers to these questions... my self-confidence increased in other courses too”) and
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enhanced self-efficacy (f = 5) through mastery of content (e.g., P10: “Seeing what you know
felt good. It helped me master the subjects better”).

Study Strategies: Many participants (f = 11) reported that the system encouraged research
behavior to provide more detailed answers (e.g., P11: “The existence of such a system makes
us start researching much more... I did even more research to get ten points”). Some
participants reported using the system’s detailed explanations for review by taking
screenshots (' = 6) (e.g., P24: “I also took screenshots to study again later”), developing
regular study habits (f = 6) (e.g., P14: “I started studying more regularly... Now I understood
the importance of studying at regular intervals”), and improving exam preparation strategies (f
=5) (e.g., P21: “I understood how I should prepare for the exam... I prepared based on the
important points in the explanations given”).

Engagement Patterns Over Time

System interaction logs revealed clear weekly patterns in student participation and
satisfaction over the seven-week implementation period. Table 6 presents the longitudinal
patterns.

Table 6. Weekly participation and satisfaction patterns (n = 47)

Week Participants Questions Responses Avg. Rating
1 38 4 431 422
2 43 2 165 4.13
3 37 3 197 431
4 37 3 175 4.00
5 37 3 128 4.43
6 36 2 81 4.59
7 29 2 70 4.54

The number of active participants remained relatively stable between Weeks 1 and 6, while a
decline in participation was observed in the final week. The total number of student responses
decreased steadily over time, from 431 responses in Week 1 to 70 responses in Week 7.
Despite this decline in participation and response volume, average satisfaction ratings
remained consistently high throughout the implementation. Mean ratings ranged from 4.00 to
4.59 on a five-point scale.

Descriptively, weekly average ratings fluctuated across the seven weeks but remained
consistently high. The average rating was 4.22 in Week 1, decreased slightly to 4.13 in Week
2, and then ranged between 4.00 and 4.59 in the subsequent weeks. The final week remained
high at 4.54.

Because the number of questions varied across weeks, raw response counts were interpreted
cautiously. To account for this variation, a question-adjusted interaction rate was calculated
by dividing each student’s weekly interaction count by the number of questions administered
that week. In addition, because the data involved unbalanced repeated measures due to
participant attrition, longitudinal change was examined using a linear mixed-effects model
with week as a fixed effect and student as a random effect.

The analysis revealed a statistically significant decrease in adjusted interaction rate over time
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(B = -0.180, z = -4.68, p < .001). A separate linear mixed-effects model based on rated
responses only showed no significant weekly change in satisfaction ratings (f = 0.058, z =
1.39, p =.165). This suggests that although students interacted with the system less frequently
per available question over time, their evaluations of the Al-generated feedback remained
consistently positive across the seven-week period. In addition, no significant association was
observed between students’ overall adjusted interaction rate and their overall satisfaction
(Spearman’s p = 0.071, p = .735).

Discussion

This study examined students’ ongoing experiences with an LLM-based automated
assessment system embedded as an active component of an authentic learning environment.
Unlike previous studies that primarily evaluated automated assessment systems based on
technical performance metrics (Filighera et al., 2022; Latif & Zhai, 2024), this study focused
on students’ sustained experiences. By integrating qualitative student perspectives with
descriptive log data, the findings provide a nuanced understanding of how automated scoring
and explanatory feedback are experienced in practice.

Making Sense of Automated Assessment: Beyond the Black Box

One of the key findings of this study is that students did not perceive the LLM-based
assessment system as a “black box™ or purely technical grading mechanism. Instead, many
participants interpreted the system as a hybrid pedagogical tool that combines evaluative
judgment with instructional support. Students frequently described the system as a learning
assistant, impartial evaluator, self-assessment tool, or teacher-like entity. This is consistent
with earlier research describing feedback as a relational and interpretive process, rather than a
one-way transmission of information (Carless & Boud, 2018; Shute, 2008). This differs from
the concerns reported by Ruwe and Kuklick (2026), who found that students associated
algorithmic grading with potential bias and limited nuance.

The critical mediating factor appeared to be the transparency of explanations. Students trusted
the feedback because the system provided detailed, rubric-aligned explanations alongside
scores. This is consistent with research showing that perceived transparency supports trust in
Al systems (Shin, 2021) and with the Explainable Artificial Intelligence in Education (XAI-
ED) framework, which positions explainability in educational Al as a means of supporting
learning and metacognitive engagement rather than merely justifying algorithmic decisions
(Khosravi et al., 2022). The results also suggest that explanatory feedback helped students
compare their current responses with expected standards and use that comparison for revision.
In this sense, the system appears to have supported a more active student role in the feedback
process, consistent with work on sense-making and internal feedback generation (Leighton,
2019; Nicol, 2021; Panadero & Lipnevich, 2022).

Trust Through Explanation: Accuracy, Transparency, and Fairness

The results show that trust in the system is not unconditional. Across the dimensions
of accuracy, transparency, and fairness, students’ accounts revealed both strengths and
tensions. Most participants perceived the system’s assessments as accurate, transparent, and
consistent; students valued detailed explanations that “presented the correct answer along
with its reasoning,” and consistent scores across different attempts reinforced confidence in
the system’s reliability. However, students’ perceptions of fairness, particularly when concise
but correct answers are involved, revealed a recurring tension between algorithmic
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consistency and pedagogical flexibility. Some students expressed concern that short but
correct answers received lower scores, suggesting that the system may have rewarded
elaboration over concision.

These concerns have been highlighted in research on algorithmic assessment and fairness.
Holmes et al. (2022) identify the accuracy of Al-based judgments about students as a central
ethical concern in educational settings. Similarly, Kizilcec and Lee (2022) emphasize that
algorithmic systems may produce discriminatory outcomes, while Williamson et al. (2012)
note that rigid adherence to scoring criteria can disadvantage concise or stylistically different
responses. Kundu and Barbosa (2024) also reported that LLMs tend to assign lower scores
than human raters. Similarly, Gao et al. (2024) note that while LLMs show strong correlations
with human evaluators on objective metrics, they struggle with nuanced responses. However,
the results reveal that rather than rejecting the system entirely, students expressed their
concerns in a reflective and critical manner, demonstrating a form of assessment literacy
emerging through interaction with Al-based systems. This supports the argument that
continuous exposure, rather than one-time use, is necessary for students to meaningfully
interpret and evaluate automated assessment tools.

A further tension concerned the length and usability of explanations. For some students,
detailed feedback increased clarity and confidence; for others, it became cognitively
demanding. In this respect, the results align with cognitive load theory (Sweller, 2011) and
with research emphasizing that learners’ informational needs vary and that feedback design
involves choices about type, detail, and length (Lohr et al., 2025). Al-supported feedback
systems may therefore benefit from more adaptive explanation formats, such as shorter initial
feedback with the option to access additional detail when needed.

Sustained Interaction and Behavioral Change

The results of the quantitative analysis of interaction logs revealed a significant
pattern: while the frequency of Al queries decreased over the seven-week period, satisfaction
ratings remained consistently high. Rather than indicating indifference, this pattern may
reflect a gradual normalization of the feedback process. In the early weeks, students appeared
to engage in repeated trial-and-error attempts, using the system frequently to test, revise, and
refine their responses. This may be interpreted as a concrete reflection of Kapur’s (2016)
concept of “productive failure”. This environment, free from social judgment pressure,
created a low-risk space where making mistakes contributed to learning. Over time, this
pattern seemed to become more selective and strategic, suggesting that students were
becoming more familiar with the feedback process and the assessment criteria.

Taken together, these patterns can be interpreted as indicators of self-regulated learning
development. Students’ reports of instant self-assessment, increased awareness of knowledge
gaps, and more purposeful use of feedback suggest that the system supported self-monitoring
and revision rather than passive reception of scores. In this sense, Oztiirk and Cebi (2025)
also highlight that sustained Al-supported feedback may contribute to the development of
self-monitoring and learning regulation over time. This aligns with feedback research that
identifies self-regulation as a central component of learning (Hattie & Timperley, 2007; Nicol
& Macftarlane-Dick, 2006; Zimmerman, 2002).
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The Instructor’s Role: Complementarity, Not Substitution

The results show that some students explicitly compare the system to their teachers
and emphasize teacher-like interaction. This perception suggests that the system was
experienced as pedagogically aligned with course expectations rather than as a detached
automated tool. This raises important questions about pedagogical dynamics in Al-supported
assessment. While Xavier et al. (2025) argue that Al can support teachers by reducing routine
workload, Braun et al. (2023) emphasize that human intervention remains necessary to
prevent pedagogical drift.

In the present study, these perspectives appeared to converge. Although the system operated
autonomously at the point of scoring and feedback, it remained tightly connected to the
teacher’s assessment criteria and pedagogical framing. In this sense, the teacher was not
removed from the loop; rather, the system appeared to extend the teacher’s pedagogical
intentions into the feedback process. While the instructor could focus on broader instructional
design, higher-order learning goals, and more complex student needs, the Al system provided
immediate micro-level formative support. This interpretation is also consistent with Tang et
al. (2025), who reported that generative Al increased satisfaction but did not improve
knowledge mastery to the same extent without teacher supervision. Taken together, these
results support a complementary model in which Al provides scalable formative support,
while the teacher remains central in shaping pedagogical goals, assessment criteria, and
higher-level instructional guidance.

Theoretical and Practical Implications

The results underscore the importance of examining Al-based assessment systems as
lived pedagogical experiences. Students’ voices revealed nuances, such as trust negotiation,
perceived fairness, and adaptive study behaviors, that would remain invisible in performance-
only evaluations. These findings have both theoretical and practical implications.

Theoretically, the results offer four key contributions. First, they suggest that explanatory
transparency is an important factor in building trust in algorithmic systems. Second, they
indicate that Al feedback can support self-regulated learning processes. Third, they suggest
that Al may create conditions conducive to “productive failure” by establishing a low-risk
learning environment free from perceived social evaluation pressure. Fourth, they
demonstrate that Al can be positioned as a tool that scales pedagogical intent without
replacing the teacher.

In practice, the findings suggest several recommendations for designers and educators: (a)
explanatory feedback mechanisms should be used to support trust, (b) layered or adaptive
explanation options should be provided to balance cognitive load, (c) assessment criteria,
especially scoring weights, should be shared transparently to improve students’ perceptions,
(d) low-risk environments for productive failure should be designed by allowing penalty-free
repeated attempts, (¢) Al systems may be more effective when educators remain involved in
the instructional context, and (f) feedback should be calibrated to students’ cognitive
capacities.

Limitations

This study has several limitations. First, the sample was drawn from a single higher
education course, limiting generalizability to other disciplinary settings. Second, the
qualitative data relied on self-reported perceptions, which may be subject to social desirability
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bias. Third, the study did not include a control or comparison group. As a result, the influence
of the Al-supported assessment system cannot be clearly separated from other instructional
factors, such as course progression, repeated task exposure, or students’ increasing familiarity
with the assessment process. Although the purpose of the study was to examine student
experiences rather than to test causal effects, this remains an important design limitation.
Future research should address this issue through experimental or quasi-experimental designs
that compare Al-supported feedback with instructor-only or hybrid feedback conditions.
Fourth, the study focused on student experience rather than objective or measured learning
outcomes, and future research should examine whether positive perceptions translate into
measurable achievement gains.

Conclusion

This study provides empirical evidence on how LLM-based automated assessment
systems are experienced in authentic classroom settings beyond controlled laboratory
environments. The results suggest that the transparency of explanations plays a critical role in
building trust, instant feedback supports the development of self-regulated learning, and
human—Al complementarity enhances pedagogical effectiveness. Ultimately, this study
suggests that artificial intelligence can be positioned not as a substitute for teachers but as a
strategic partner that extends pedagogical support and facilitates students’ learning processes.
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