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Abstract: This case study examined how teacher trust in student analytics could be built when using Artiϐicial
Intelligence (AI) generated assessment. The case study included two data sources: (i) teacher evaluations of AI‑
generated student reports and (ii) a semi‑structured interviewwith a science teacher who used the system in their
classroom for three semesters (ϐirst pilot semester and two semesters of implementation). The teacher demon‑
strated an agreement rate exceeding 80% with Generative Artiϐicial Intelligence (GenAI) generated reports. How‑
ever, the teacher also stated that she expected the reports to not only describe student characteristics but also pro‑
vide actionable pedagogical recommendations to support the teaching process. In conclusion, the study provided
evidence that the teacher trust in GenAI based student analytics could be developed as the teacher adopts AI based
practices in her classroom. When GenAI tools are implemented for a longer period, they have potential to build
trust underlined by other studies. Including GenAI represented students’ learning characteristics and replicated it
consistently across different students. The ϐindings indicate that GenAI‑supported learning analytics systems to be
developed in the future should be designed not only as tools to describe student behavior, but also as explainable
and pedagogical decision support systems that support teachers’ professional judgment.
Keywords: AI Generated Assessment; Student Analytics; Teacher Trust

1. Introduction
Artiϐicial intelligence (AI) as a promising ϐield of study in 1960 [1]. However, it took ϐifty years for educational

studies to put strong emphasis on AI. A recent review of AI literature and stated that number of studies in educa‑
tional disciplines made a leap after 2010, and studies were mainly conducted in United States and China [2]. Delen
et al. also added the lack of interdisciplinary studies and lack of connections between authors among countries [2].

The rise of AI in education has inϐluenced different facets of teaching. These include supporting lesson plan‑
ning [3], managing administration, assignments and assessment [4]. However, educators are reluctant to com‑
pletely rely on AI for important evaluations because these applications are still in their early stages of develop‑
ment [5]. In this section,we’ll examinehowGenerativeArtiϐicial Intelligence (GenAI) supportedassessment emerged
in different disciplines.

AI could provide individualized assessment in language learning [6]. Offering may personal feedback could
offer new venues for music educators. When using AI teachers are not just responding passively to technological
changes; instead, they are proactively reshaping their practices [7]. Despite the growing interest and potential of
AI, howmuch it could be integrated into teachers’ practices remains uncertain. In this section, we will present how
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previous studies raised teachers’ concerns about using AI for assessment [7].
In a study examining language educators from different countries, teachers were aware of AI’s importance

in enhancing learning and grading, but teachers are still essential for evaluating evidence. AI can help with ob‑
jectivity by automating exams, but the evaluation should combine AI analytics with ethical principles and teacher
judgment [8]. In another study, researchers evaluated GenAI supported digital multimodal composition language
products. The frameworkdeveloped in this study consisted of analytical rubric that evaluatesGenerative‑AI (GenAI)
integration in textual, visual, and auditory dimensions,multimodal checklists that support self andpeer assessment,
and a formative assessment system to monitor learning progress. The framework extended traditional evaluation
criteria with GenAI‑speciϐic dimensions such as prompt writing, ethical AI use, multimodal design, transforming AI
outputs, and critical AI literacy. Authors suggested that this approach can be used to support learner autonomy,
critical AI literacy, and authentic language use in language education [9].

In a study examining GenAI adaptation in a postsecondary setting, authors reported that teachers’ adoption
of AI differed signiϐicantly depending on its intended use, according to a survey of 127 post‑secondary educators
in Quebec (64 college and 63 university professors; 35 from science, technology, engineering, and mathematics
(STEM) and92 fromnon‑STEMsubjects). AI’s preferreduse consistedof preparingmaterials, formative assessment,
and checking plagiarism. University instructors did not prefer predictive assessment and automatic grading [10].
In another study conducted with university instructors in West Malaysia showed that while resistance to change
has a positive but negligible impact, anxiety has a detrimental impact on attitudes and adoption readiness when
using AI for assessment [11].

In recent years, research in scientiϐic education has mostly concentrated on the advantages of generative arti‑
ϐicial intelligence (GenAI), with little data about its impact in assessment. The consistency of GenAI in evaluating
students’ socio‑scientiϐic issues (SSI) reasoning in relation to human intelligence is empirically investigated in this
study. It evaluated responses on SSI subjects taken from the curriculum, including as thermodynamics, mechanics,
and electricity, using a case study of 22 ϐirst‑year Indonesian physics students. Results showed that while GenAI
tools/systems, such as ChatGPT, Gemini, and Copilot, scored consistently with human assessors in thermodynam‑
ics, there were discrepancies in mechanics and electrical. Although identical keywords were found by both GenAIs
and human intelligence, categorization differed across SSI dimensions. The paper addresses the consequences of
adopting GenAI as a practical assessment tool for instructors [12].

In another study, different large language models (Claude Sonnet 4, GPT‑4o, GPT‑5, and Qwen‑2.5) have been
used in the automated evaluation of student‑chatbot interactions. The ϐindings indicate that while AI models can
achieve a high level of compatibility with human evaluators when appropriate rubrics and structured prompts are
used, there are differences in performance between models. In particular, Claude Sonnet 4 demonstrated the high‑
est inter‑rater agreement in both content and dialogue evaluations, while content evaluation was found to be more
reliably automated than dialogue and reasoning evaluation. In addition, it has been revealed that multidimensional
rubrics that evaluate content and reasoning separately instead of one‑dimensional scoring producemore consistent
and more meaningful results in terms of instruction [13].

GenAI can be used in the peer review process and its can impact feedback quality. A comparative study showed
that approximately some students did not prefer to use GenAI to learnmore, while those who did use AI to improve
both high‑level (content, argumentation) and lower‑level (language, spelling) feedback. Students who used AI gave
their peers suggestions for further improvement and less superϐicial and only motivational expressions of praise.
The results reveal that generative AI is a useful support tool that can improve the quality of peer review, but it is
important to use it consciously and ethically to support students’ learning processes [14].

For supporting argumentation scholars implemented various approaches. One of these approaches was argu‑
ment mapping. Argument mapping supports students’ critical reading of science texts generated by ChatGPT. The
ϐindings revealed that argument mapping enhances scientiϐic AI literacy by actively involving students in the pro‑
cesses of developing arguments, anticipating counterarguments, and generating rebuttals. In addition, it has been
determined that formative assessment practices such as teacher feedback and peer evaluation support this process,
and collaborative argument mapping activities enable the production of more qualiϐied arguments compared to in‑
dividual studies. The research proposes the use of student‑centered approaches, collaborative argument mapping,
and formative assessment together in teaching practices to improve scientiϐic AI literacy [15].

In another study, researchers used role‑playing and group discussions over the course of six weeks. Partici‑
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pants were 28 Korean seventh‑grade students. The ϐindings demonstrated that students opposed artiϐicial intelli‑
gence systemsbecause theywere anxious about them. To support their opinions and resistance, they also described
how their worries about the new technology came about. Additionally, authors discovered distinct patterns when
students considered other viewpoints whenmaking decisions and encountered disagreements while attempting to
reach a consensus as a group [16].

Another approach to support argumentation was using computational grounded theory and an unsupervised
clustering technique. Authors examined argumentation patterns of undergrad students, assessed students’ writ‑
ten arguments on chemical reactions. Strong agreement between machine and human evaluations was achieved
by automating analysis using a comprehensive 20‑category rubric. The results demonstrated how deep learning
methods can be used to assess the intricacy of student arguments [17].

In addition to using various tools, the inclusion of new tools such as chatbots has the potential to improve
argumentation abilities. In a study using chatbots, 44 Chinese undergraduate students demonstrated overall struc‑
tural complexity did not signiϐicantly change for arguments. But chatbots enhanced the students’ use of assertions,
data, and warrants in their arguments. Additionally, compared to standard tasks, students reported higher lev‑
els of satisfaction, perceiving their performance as similarly successful despite the increased hurdles. This study
demonstrated how incorporating argumentative chatbots into educational environments might improve students’
motivation and argumentation abilities [18].

AI generated assessment can reϐlect on students’ decision‑making, reasoning and mental processes [19]. Us‑
ing AI for decision‑making necessitates a new strategy that addresses the drawbacks of current evaluation and data
collection methods in education while processing student data and improving teaching effectiveness [20]. The im‑
plications of generative AI tools on evaluation also present important ethical and pedagogical issues as they become
increasingly integrated into education [21]. Researchers suggested that GenAI‑connected should include different
data sources (e.g., oral tests and project‑based assignments) [21]. At its current state, the ϐield is no longer debating
about the integration of GenAI for assessment. The discussion focused on how to use different tools [13,14], and
how to include different skills [19,21].

While previous studies have looked at the role of GenAI tools and skills to be addressed, studies did not pay
close attention to themainuser of these tools and skills. This raises thequestionof teachers’ understandingofGenAI
and develop trust in these systems. However, teachers are not the ones who directly apply the content produced
by GenAI, they are decision‑makers who evaluate, verify and reject these contents for pedagogical purposes. For
this reason, teachers’ understanding of GenAI should be considered as the main factors determining the use of
artiϐicial intelligence in the classroom. Toexplain this gap, three complementary theoretical approaches arebrought
together in this research. First, the Technology Acceptance Model [22] explains why teachers want to adopt AI
based on perceived usefulness and perceived ease of use. However, since GenAI systems are not just tools used but
also intelligent systems that generate recommendations and contribute to decision‑making processes, technology
adoption alone is not enough. At this point, the trust model may come into play [23]. In the context of GenAI, this
situation expresses the extent to which the teacher ϐinds the suggestions offered by the system reliable. Teachers’
lack of trust in this case may lead to underuse of technology, while over‑reliance could lead to misuse without
critical evaluation [24]. For teachers to use AI effectively, they need to develop an appropriate level of trust by
understanding both the strengths and weaknesses of the system. In the study, it is assumed that teachers’ level
of understanding of GenAI shapes technology trust in GenAI. To examine teacher trust, our case study investigated
howan expert teacher canmakeuse of GenAI provided feedback in a classroom in a longitudinal study. Our research
questions were: How does the teacher evaluate AI‑generated student analytics? How do AI‑generated evaluations
build trust?

2. Materials and Methods
2.1. Research Design and Participants

This longitudinal case study [25] was carried across three semesters in a public lower secondary school in
Türkiye. First semester was the pilot testing, and in the following two semesters the teacher involved a new stu‑
dent group and continued to participate in the study. The teacher was involved in many technology projects, and
she was a volunteer to join the pilot. The data sources included (i) teacher evaluations of AI‑generated student
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reports and (ii) a semi‑structured interview with a science teacher who used the system in their classroom for ap‑
proximately one year after pilot test. AI generated assessment was offered by the Design for Climate application.
This new application offered an AI‑powered educational chatbot platform with four assistants that responded ap‑
propriately to off‑topic questions and addressed climate‑related issues from their own perspective. The system
enabled teachers to track activity and message logs. The system also offered metrics for student analytics.

2.2. AI Chatbots and AI Generated Feedback: “Design for Climate” Application
The “Design for Climate” system is an AI‑based educational chatbot application developed to increase students’

interest and awareness of climate change and sustainability issues. The system has different interfaces for both
students and administrators. They can log in using their own email and password information (see Figure 1a).
The main goal of the system is to provide students with a safe digital learning environment where they can learn
at their own pace and increase their curiosity. The system has four chatbot assistants called Drop (Water Literacy
Chatbot), Wheat (Agriculture Literacy Chatbot), Robi (Energy Literacy Chatbot), and Leaf (Environment Literacy
Chatbot) (see Figure 1b).

(a) (b)

Figure 1. (a) Design for Climate Application Login Page; (b) Design for Climate AI Chatbots.

These chatbots were implemented over a period of time related to the content covered in the curriculum. First
a pilot study was carried out on the broader environment domain in which students only interacted with the Leaf
chatbot. The pilot phase was successful, and the platform’s analytical functions were greatly enhanced by integra‑
tion of the automated assessment system. In year 2, curriculum was linked to agriculture and Wheat chatbot was
primarily used (ϐirst semester of the second year). In the second semester of Year 2, the topic in the curriculum
was energy. Students primarily used Robi chatbot. Figure 2 presented a summary of the project’s implementa‑
tion phases. These assistants served as the main characters for student discussions, but students could also use all
assistants when they had related questions.
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Figure 2. Design for Climate Implementation Phases.

All chatbots can answer questions about any climate topic, not just their specialty. Students can ask any as‑
sistant about climate and get detailed answers. Figure 3 presented a sample student conversation. The ϐlexibility
of this system, along with the fact that it could map back pedagogically relevant answers to completely off‑topic
inputs, ensured an ongoing consistency with the educational goals. Furthermore, the AI chatbots were designed to
redirect the conversation with pedagogically appropriate responses, to ensure a continuous alignment with educa‑
tional goals, in case they were trained to help students get back on related literacy discussion when students ask
off‑topic questions (see Figure 4).

Figure 3. Chatbot Response Examples on to Questions Related to the Literacy Area.

Figure 4. Chatbot Response Example to off Topic Questions.

The system comes with a strong administrative panel that simpliϐies the data collection process and tracks
learning progress. This dashboard enables educators to monitor live engagement data such as trends over time,
the platform’s total engagement, and distribution of usage across the four AI chatbots (see Figure 5).

The platform included an advanced AI‑powered Batch Evaluation System. This analytical tool automatically
analyzes and assesses students’ message logs based on an established set of pedagogical rubrics. It produces indi‑
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vidual student diagnostic reports to determine content understanding, dialog complexity and individual cognitive
indicators like the presence of scientiϐic reasoning (see Figure 6).

Figure 5. Administrative Panel for Teachers.

Figure 6. Student Conversation Analysis.

The system combines all these indicators to automatically generate feedback summaries, and represents learn‑
ing trajectories, allowing for a detailed analysis of student discussion from their interaction data (see Figure 7).
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Figure 7. Student Progress Summary.

2.3. Participants
Case study included an expert middle school science teacher and 51 seventh grade students. Students partic‑

ipating in the pilot study were not involved in the main implementation. Conducting the study with a new group
of participants after the pilot application eliminated the learning effects that may arise from the pilot process, al‑
lowing for a more reliable evaluation of the ϐindings. It also allowed the intervention developed after the pilot to
be tested on an independent sample, demonstrating that the results obtained were not exclusive to the pilot group.
This approach increased the generalizability of the ϐindings and provided stronger evidence that the intervention
can produce similar results in different groups of participants [26].

During the study, the teacher and her 7th grade students used the application in two semesters. 51 students
messagedwith AI chatbots 2,339 times. The study used the criterion sampling to strengthen both the precision and
depth of its qualitative ϐindings [27]. Of the ϐirst group of 51 students, those who sent at least 40 messages in both
semesters were selected.

The systemanalyzed allmessages, but this study only included studentswho used the application frequently in
both semesters. This threshold was determined by examining pilot data prior to analyses. Pilot analyses show that
interactions under 40 messages are mostly short‑term, procedural uses; showed that students did not produce
enough data reϐlecting different stages of the learning process. This approach is also in line with research that
emphasizes that sustainedbehavioral engagement [28] should be considered instead of one‑time interactionswhen
interpreting students’ learning processes in learning analytics studies.

Chat interactions of these 10 students over two semesters were ϐirst analyzed by the system and then the
teacher analyzed messages. The platform generates personalized learner reports for each learner. Moreover, a
blind evaluation approachwas adopted to ensure the validity of the study andmaintain the objectivity of the expert
evaluation. Before reviewing the AI‑generated student reports, the teacher independently analyzed each student
based on students’ interactions with the chatbot.

2.4. Data Collection Tools and Process
Quantitative assessment tools and qualitative interview techniques were used to provide data triangulation.

The expert teacher conducted an independent analysis of how students interact with the AI chatbot. Subsequently,
customAI‑generated student reports documented for 10 students to present the teacher’s review after blind evalua‑
tion. The expert teacher ϐilled out a “Student Report Evaluation Form” via Google Forms (seeAppendix A) that was
created to assess the accuracy, consistency, and teaching value of student reports which were generated by AI. The
assessment had six items that were presented on a 5‑point Likert scale (1 = Strongly disagree; 5 = Strongly agree).
Items determined if the student reports (1) accurately reϐlected the student’s characteristics and learning style, (2)
identiϐied strengths thatwere congruentwith teacher observations, (3) identiϐied areas of growth thatwere congru‑
ent with teacher observations, (4) the learned tendency classiϐications (improving, stable or challenged) matched
the teacher’s perception, (5) was useful in understanding the student better, and (6) guide individual support deci‑
sions and instructional planning.

25



Journal of Qualitative Research in Education | Issue 48 Eğitimde nitel araştırmalar dergisi

In the second phase, a semi‑structured video interview was conducted to examine AI interpretations (see Ap‑
pendix A). The interview was recorded and transcribed. The questions in this step ϐirst discussed (1) how evalua‑
tions in the report were particularly accurate and useful, (2) which parts were not accurate and useful. In the next
part we discussed why teachers gave higher scores for several reports and what aspects were more reliable and
more educationally useful for the teacher. Semi structured interview questions were also generated by two faculty
members in educational sciences and computer science department similar to the previous data collection tool.
Student Report Evaluation Form and semi structured interview questions were generated by two faculty members
in educational sciences and computer science departments. Both researchers conducted research on AI and role of
using technology in educational settings.

2.5. Data Analysis
To compare AI interpretations of system analysis with the teacher’s assessments, the study performed a two‑

stage analysis. First, we reported teacher’s scoring for AI student analytics. For the interview questions, we used an
inductive method [29]. We extracted themes from data without predetermined classiϐications [30]. The ϐirst two
authors independently coded both teacher evaluations and student reports. Authors had 86% agreement rate and
resolved all disagreements through discussion meetings. Both authors coded entire questions since we only had
one interview.

The analysis included three themes. Figure 8 presented how different codes emerged under different anal‑
ysis sections regarding to these themes. The theme “AI‑Generated Learning Patterns” includes cognitive patterns,
behavioral indicators, and learning trends. “Teacher Validation of AI Proϐiles” emerged from teacher evaluations
and demonstrated agreement between system assessments and the teacher’s perceptions of student proϐiles and
instructional usefulness. Final theme “Calibrated Trust” emphasized the connection system assessments, highlight‑
ing the necessity for speciϐicity and useful insights shaped by her three semesters of experience with the system.

Figure 8. Themes and Codes.

In this research, calibrated trust is deϐined as the teacher’s neither unconditional acceptance nor complete
rejection of AI outputs; instead, they evaluate the system together with their pedagogical expertise, considering
its strengths and limitations. This concept is based on the concept of credibility [23] and trust [24]. Therefore, in
this study, trust refers to the balanced relationship that the teacher establishes between the artiϐicial intelligence
outputs and his/her own professional judgment rather than adopting technology.

3. Results
This case study focused on the evaluation of learning analytics reports generated for students who interacted

with the AI system for at least 40 messages in both implementation periods. This selection aimed to examine sit‑
uations where students interact adequately with the system and AI can generate data that can create meaningful
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patterns about students’ learning processes. In addition, student reportswere evaluated by an experienced teacher
who participated in the pilot implementation process of the system and used the AI‑supported learning environ‑
ment for three semesters. Therefore, the ϐindings reveal not only the student analytics generated by AI, but also
how these analytics are interpreted by an experienced teacher.

3.1. AI‑Generated Learning Patterns and Teachers’ Interpretations
The teacher ϐirst evaluated 10 students in six steps. When teachers’ opinions on student evaluation reports

generated by artiϐicial intelligence are examined, it is seen that positive evaluations stand out in all items. While the
average scores in the ϐirst four dimensions (accuracy of the student proϐile, strengths, areas open to development
and accurate reϐlection of learning tendency) were 4.0, the average scores regarding the contribution of the report
to getting to know the student better and its usability in instructional planning and support decisions for the student
were determined as 4.2. In all items, 100% of the teachers answered “Agree” or “Strongly agree”. While the mean
was 4.00 in the descriptive accuracy dimensions, it increased to 4.20 in the instructional usefulness dimension. This
shows that teachers see reports not only as accurate, but also as tools to support their teaching decisions. Overall,
the teacher demonstrated an agreement rate exceeding 80% with GenAI generated reports (see Figure 9). These
results indicate that teachers perceive AI‑generated assessment reports not only as outputs that accurately reϐlect
the student’s characteristics, but also as a practical and reliable supportmechanism that canbeused in instructional
decision‑making processes.

Figure 9. Teacher Agreement with System Generated Reports.

When teachers’ written evaluations were examined, the ϐirst important ϐinding revealed in the reports is that
artiϐicial intelligence can make long‑term patterns of students’ learning processes visible. However, high engage‑
ment does not always translate to deep learning. Although all students are in the same learning environment, their
learning tendencies differ from each other. While some students initially asked superϐicial questions, they started
to ask more complex and research‑oriented questions over time, while some students showed high interest at the
beginning but lost focus in the future. This shows that students’ learning journeys are not linear.

AI‑generated reports revealed not only what subjects that students were interested in, but also how those
interests changed over time. Learning tendency indicators have enabled the monitoring of students’ development
processes. For some students, “learning is taking place” was evaluated, while for some students, “loss of focus or
strain” patterns were determined.

Another noteworthy point is that artiϐicial intelligence can capture not only cognitive processes but also be‑
havioral patterns. Behaviors such as constantly asking for short answers, changing subjects, sending meaningless
messages or persistentlyworking on certain topics provided important indicators of students’ learning approaches.
This ϐinding suggests that AI‑driven learning analytics not only generate performance indicators but can also pro‑
vide process‑based insights into students’ learning processes.
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3.2. Teacher Validation of AI Proϐiles
When the teacher’s evaluations are examined, it is generally thought that the reports generated by artiϐicial

intelligence represent the students correctly. However, the teacher’s evaluations are not shaped only by accuracy.
It has becomemore important to what extent it can deϐine the student and how visible it canmake student‑speciϐic
patterns.

It is seen that the characteristic learning behaviors of the students are deϐined especially in the reports with
high scores. The teacher stated that for some students, characteristics such as the tendency to structure the spec‑
iϐied information, the effort to make connections between concepts, and the constant use of certain learning tools
accurately reϐlected the students. Similarly, she stated that behaviors such as distraction, constantly asking for sum‑
maries, or going off topic for some students were compatible with her own classroom observations. For example,
during the interview, when discussing a high‑scoring report for a speciϐic student, she stated: “The inferences are
very accurate. Although he is an academically very bright and quick‑learning child, his attention gets distracted
quickly, he gets bored easily, and he often misses learning opportunities in science subjects. So, there is a highly
consistent observation here regarding his general learning behavior.”

Likewise, in assessing another student, the teacher highlighted that AI analysis was valuable for instruction:
“He is generally a child who needs extra time to make sense of and structure subjects, and he successfully does
this when he focuses. I can safely say that this perfectly matches his in‑class learning behavior. Seeing that these
inferences were consistent across multiple students naturally increased my trust.”

The remarkable point here is that the teacher’s ideas do not come from estimates of academic achievement,
but from the accurate representation of the student’s learning process. For the teacher, inferences about how the
student learns seem to be more meaningful than the evaluations about how successful the student is. This was
clearly seen in one of the assessments: the reason she gave a high score to AI generated summary was not because
of the student’s academic achievement, but because it accurately identiϐied behaviors such as distractibility and
disengagement that she had personally observed in the classroom.

When open‑ended responses are examined, it is seen that the teacher ϐinds the sections that describe the stu‑
dents’ interests, participation styles, questioning habits and learning behaviors useful. This shows that artiϐicial
intelligence is not considered by teachers as a scoring system, but as an analytical tool that makes students’ learn‑
ing processes visible.

She also stated that the reports helped her to see the students in a more holistic way. However, this contribu‑
tion was realized in the form of systematizing the observations she had about the students rather than providing
completely new information. For this reason, artiϐicial intelligence is not positioned as an expert replacing the
teacher, but as a tool that supports her professional evaluations.

3.3. Calibrated Trust
The most important ϐinding of this case study is that the teacher’s trust in artiϐicial intelligence is not uncon‑

ditional. The teacher, who uses the system for three semesters starting from the pilot application, does not auto‑
matically accept the evaluations produced by artiϐicial intelligence, but constantly compares them with their own
observations.

This is especially seen in the scores given to the reports. She evaluated some reports which described speciϐic
learning behaviors of students with full points (5 out of 5). However, she gave lower points to some reports that
seemed to rely just on the students’ interaction with the system, rather than students’ overall learning behavior,
attention span or pedagogical tendencies. The main reason for this difference is the level of student‑speciϐicity
rather than the accuracy of the evaluations. The teacher found the reports reϐlecting the behavioral patterns that
distinguish the student fromothersmore reliable. On the other hand, general expressions that can be used formany
students were evaluated lower.

In assessing pupils’ motivation, focus, and attitudes toward learning, a teacher stressed the value of evidence
and insisted that the reasoning behind ϐindings be made clear. She pointed out that although AI technologies are
good at identifying learning problems, they frequently fall short of offering practical solutions. She stated that
she wanted reports to provide speciϐic recommendations for development, such improving focus or controlling
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distractions, in addition to correctly describing student behavior: “In summary, it would have been fantastic if it
had included leading recommendations for growth and improvement after identifying the pupils’ strong and weak
points. How might the learner improve their focus, for instance? How can they carry on the discussion without
using wrong terminology or losing focus?”

These results imply that long‑term use of GenAI helped her gain knowledge of the system’s advantages and
disadvantages over time, as well as how to draw conclusions and when to seek further proof. In other words, the
situation that emerged at the end of the three‑semester experience is not a complete surrender to artiϐicial intelli‑
gence, but a critical and calibrated trust relationship.

Overall, this case study shows that AI‑powered learning analytics make more sense when teachers are posi‑
tioned as analytical partners that support them rather than replace their professional judgment. The teacher’s
evaluations show that student analytics produced by GenAI are not only based on accuracy. Student analytics also
depend on factors such as student speciϐicity, explainability and pedagogical usefulness.

4. Discussion
This study examined a teacher’s involvement in a project that focused on developing and implementing Design

for Climate application. In the pilot year, the teacher tested the application and in the second year, she continued
with another student group. Conducting the study with a new group of participants following the pilot application
increased the strength and generalizability of the ϐindings, showing that the effects of the intervention were not
applicable to the pilot sample [31]. In addition, a teacher’s continued use of the system in their classroom for
two semesters after the pilot was an important indicator supporting the sustainability of the teacher trust for AI
generated assessment. In this study, teacher trust was evaluated with student analytics generated by an AI chatbot
and teacher evaluations. The ϐirst evaluation source consisted of the evaluation scores given by the teacher to
the student reports generated by AI, and the second data source consists of a semi‑structured interview with the
science teacher. This approach differed from existing studies in that it reveals not only which reports the teacher
found more successful, but also the pedagogical reasons behind this evaluation. Previous studies underlined that
AI based assessment can be used for assessment [8,32]. In this section, we will present how AI based assessment
gained teacher’s trust.

4.1. AI‑Generated Learning Patterns and Teachers’ Interpretations
The ϐirst theme revealed how the student analyzes generated by artiϐicial intelligence are interpreted by the

teacher. When the teacher evaluations and interview ϐindings are examined together, it is seen that the common
feature of the highly rated reports is that they do not only summarize the student’s chat history. The reports that
the teacher ϐinds most valuable are the reports that produce pedagogical interpretations of the learning processes
of the students. For example, one of the reports stated that the student needed more time to make sense of and
structure the information, and that the ability to establish relationships between concepts improved; The teacher,
on the other hand, stated that these evaluations completely coincided with the student’s learning behaviors in the
classroom. Similarly, in the Ibrahim Edhem report, comments about the student’s short attention span, impatience
with detailed explanations and thereforemissing learning opportunities were found to be consistent with the infor‑
mation the teacher gained by observing the student for a long time.

This ϐinding suggests that the teacher didn’t expect AI to merely depict student behavior. What is valuable for
the teacher is not what the student does in the system, but what these behaviors say about the student’s learning
style. In other words, teachers value pedagogical interpretations that explain the student’s learning characteristics
rather than summarizing chat records. This situation reveals that AI‑supported learning analytics should go beyond
just producing descriptive analyses and offer pedagogical inferences that make sense of the student’s learning pro‑
cess [21,33].

The teacher had an agreement rate exceeding 80%with student analytics. This indicated that the teacher ϐinds
GenAI student reports both accurate and instructionally beneϐicial. Open‑ended responses reveal the reasons be‑
hind this assessment. The teacher stated that the reports largely coincided with their own classroom observations
of individual characteristics such as students’ difϐiculty in focusing, interest in the subject, research tendency, aca‑
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demic potential, difϐiculties in the learning process, and even language barrier. When these results are evaluated in
terms of the Technology Acceptance Model [22], it showed that teachers perceive GenAI not only as an easy‑to‑use
tool but also as a useful technology that makes a concrete contribution to teaching processes.

The teacher stated that these reports could provide deep enough inferences about the student’s general learn‑
ing behaviors, attention characteristics, or learning tendencies. Therefore, the value of AI‑generated analyses seems
to depend not only on the amount of information it contains, but also on howmeaningful and explanatory this infor‑
mation is for the teacher. Our results conϐirm that AI supported analytics can support analysis [34], and including
student input could be useful to improve the integrity of this analysis [35].

4.2. Teacher Validation of AI Proϐiles
One of the most signiϐicant contributions of the research is the comparison of AI‑generated student proϐiles

with long‑term classroom observations. The teacher used the system in her own classroom for about a year from
the pilot implementation process and had the opportunity to observe the same students both in their learning
processes in the classroom and in their interactions with artiϐicial intelligence. This allowed the evaluation of the
validity of AI‑generated student proϐiles in the context of the actual classroom. The interview ϐindings show that the
teacher largely validates the AI‑generated student proϐiles. In particular, the inferences regarding students’ atten‑
tion patterns, learning tendencies, conceptual development and learning behaviors overlap signiϐicantly with the
teacher’s long‑term observations. However, the important ϐinding of this study is that trust is not formed through
only two successful examples. The teacher especially emphasized that inferences with similar accuracy were re‑
peated in other student reports.

These ϐindings show that teachers do not evaluate artiϐicial intelligence systems based on single examples [10].
The reliability of AI‑generated studentmodels depends on their ability towork consistently across different student
proϐiles. In otherwords, for the teacher, trust is not fed by a single correct analysis, but by repeated patterns of truth
in different students. In this respect, the study reveals that consistency as well as accuracy is a critical element for
the teacher [36]. In addition, these ϐindings show that AI is found more meaningful by teachers when it can model
students based on the student’s general learning characteristics, not just in a speciϐic chat session. This indicates
that learning analytics should evolve from systems that only report interaction data to systems that explain the
student’s learning proϐile [9,37].

4.3. Calibrated Trust
The third important conclusion of the research is that teacher trust is a process. Throughout the interview, the

teacher stated that she did not directly accept any inferences generated by artiϐicial intelligence; she stated that she
constantly evaluates them by comparing them with her own classroom observations and professional experience.
Thus, the trust revealed in this study is not an absolute trust in AI, but a calibrated trust that is constantly validated
and reproduced by the teacher’s professional judgment [8].

The teacher’s evaluations also show that their expectations from artiϐicial intelligence go beyond the current
reports. Although the teacher found it valuable to identify the strengths and areas that needed improvement among
the students, they considered the lack of suggestions on how to use these ϐindings in the teaching process as a
signiϐicant limitation. In particular, she stated that suggestions such as how to maintain the student’s attention,
how to increase learningmotivation, how to support classroom learning behaviors or how tomake the conversation
process more efϐicient will signiϐicantly increase the instructional value of the reports [38].

The ϐindings also coincide with the trust model [23]. To establish trust, users must ϐirst believe that the sys‑
tem is sufϐicient and reliable. The fact that the teacher ϐinds the student proϐiles in the reports highly compatible
with their own observations shows that artiϐicial intelligence is considered sufϐicient to analyze students’ learning
characteristics. This ϐinding supports the teacher trust [24]. Teacher neither unconditionally trusts GenAI nor re‑
jects the system. Instead, she acknowledges the strengths of the reports while critically highlighting the aspects
that need improvement. In particular, the expectation of more personalized recommendations and intervention
strategies suggests that the teacher views GenAI as a tool to support their decisions, rather than as an authority
that replaces their pedagogical expertise. Teacher’s understanding of artiϐicial intelligence allows them to evaluate
the accuracy of system outputs. Effective use of GenAI in education could pave the way for trust [24] and perceived
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usefulness [22].

5. Conclusions
This study examined teacher trust in student analytics generated by an AI chatbot by integrating two different

data sources. While teacher evaluations revealedwhich reportswere found tobemore successful, a semi‑structured
interviewwith a teacherwith about a year of usage experience explained the pedagogical reasons behind this evalu‑
ation. Thus, it has been possible to understand the trust in AI‑supported student analytics not only with the scores,
but also with the teacher’s professional evaluation process.

Research ϐindings show that teacher trust is built on three basic elements. The ϐirst is that AI‑generated student
analytics accurately reϐlect students’ long‑term learning behaviors and learning characteristics. The second is that
this accuracy is consistently observed not only in speciϐic students but also in different student proϐiles. The third is
that the AI‑generated analyses providemeaningful and actionable recommendations that can support the teacher’s
pedagogical decisions.

In this respect, the studymakes a signiϐicant contribution to GenAI‑supported learning analytics research. The
ϐindings show that teachers’ trust in artiϐicial intelligence is based on how accurately artiϐicial intelligence recog‑
nizes students, how much it makes pedagogical sense of this information, and to what extent it can contribute to
the teaching process, rather than algorithmic accuracy. In other words, teachers expect GenAI to understand the
student pedagogically, not just identify them.

As a result, the success of future GenAI chatbots should be judged not only by their ability to create more
accurate student models, but also by their ability to transform these models into explainable, student‑speciϐic and
actionable pedagogical recommendations that support teachers’ professional decision‑making. The role of artiϐicial
intelligence in education is not to replace the teacher; to be a reliable pedagogical partner that strengthens the
teacher’s many years of professional experience, helps them make sense of the classroom reality and supports
their teaching decisions.

The ϐindings of this study are limited to data obtained from a science teacher who voluntarily participated in
the use of technology and was open to AI‑assisted teaching practices. Therefore, the results cannot be generalized
to all teachers. It should be considered that trust and the use of GenAI may develop in different ways, especially
in teachers with different characteristics in terms of attitude towards GenAI, teachers’ competence and teaching
experience. It is important that future studies test the ϐindings with multi‑case studies involving teachers from
different subjects, different levels of experience, and different school contexts.

It is also important to note that the use of a 40‑message thresholdmay have led to a certain selection bias. This
criterion has caused students who use artiϐicial intelligence in a limited way or stopped using it at an early stage
to be excluded from the analysis, leading to qualitative ϐindings reϐlecting the experiences of students with high
levels of interaction. Therefore, the results obtained should be interpreted for students who use GenAI in a longer
span rather than for all participants. In future studies, comparing low, moderate, and high‑interaction students
may reveal the effect of this possible bias in more detail. The learning analytics literature also draws attention to
the fact that direct comparison of users with high engagement and low engagement users can create self‑selection
and participation bias [39].

The system evaluated in this study is a ϐield‑oriented artiϐicial intelligence platform developed speciϐically for
the climate change curriculumand “Design for Climate” activities. Therefore, the system is not only basedongeneral
language model capabilities; It also accesses contextual information based on students’ activity history, learning
objectives, teaching process and interaction records. In contrast, general‑purpose generative GenAI systems such
as ChatGPT or Gemini can analyze the same chat recordings, but by default they do not know the student’s previous
learning progress, curriculum objectives, and classroom context. For this reason, it can be expected that teachers’
trust in these systemswill differ. Domain‑oriented educational GenAI has the potential to providemore explainable
and contextual assessments that support teacher conϐidence because they work in integration with the curriculum,
pedagogical objectives, and learning analytics. Future studies can make signiϐicant contributions to analyzing the
same student data with general‑purpose and education‑oriented generative GenAI systems and comparing their
effects on teacher conϐidence.
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Social and Human Sciences Ethics Committee (SBIǚNAREK) (protocol code 2025/08 October 13, 2025).

Informed Consent Statement
Informed consent was obtained from all subjects involved in the study.

Data Availability Statement
Data will be provided based on reasonable request.

Conϐlicts of Interest
The authors declare no conϐlict of interest.

AI Use Statement
During the preparation of this manuscript, the authors used Grammarly solely for language reϐinement. All

outputs were critically reviewed and edited by the authors.

Appendix A. Student Report Evaluation Form and Interview Questions

Student Report Evaluation Form Interview Questions

Please select the student you will evaluate: ____________________
Please rate the following statements on a scale from
1 (Strongly Disagree) to 5 (Strongly Agree).

Statement Strongly
Disagree (1) Disagree (2) Undecided

(3) Agree (4) Strongly
Agree (5)

1. The student proϐile presented in the
report (areas of interest, participation
style, learning behavior) accurately
reϐlects the student.

○ ○ ○ ○ ○

2. The strengths of the students
identiϐied in the report are consistent
with my own observations.

○ ○ ○ ○ ○

3. The areas for improvement identiϐied
for the student in the report are
consistent with my own observations.

○ ○ ○ ○ ○

4. The learning tendency assessment
(improving, stable, struggling, etc.)
accurately reϐlects the student’s current
situation.

○ ○ ○ ○ ○

5. This report helps me get to know the
students better. ○ ○ ○ ○ ○
6. The information in this report can be
used in instructional planning. ○ ○ ○ ○ ○

General Questions
1. Which of the assessments included in the report did you ϐind particularly accu‑
rate and useful?
2. What are the aspects of the report that are missing, inaccurate, or in need of
improvement?
Student‑Speciϐic Questions
1. S1 (you assigned a score of 5 for this student)
In S1’s report, artiϐicial intelligence commented that the student “makes an ef‑
fort to structure the knowledge he has learned” and “has developed the ability to
make sense of topics and establish connections between them.” Which of these
comments align with your own observations in the classroom? Which character‑
istics of the student that you already knew did the artiϐicial intelligence conϐirm
here, and which new perspectives did it offer? If similarly, student‑speciϐic infer‑
ences had been present in the other student reports at a comparable level, would
your conϐidence in them have increased?
2. S5 (you also assigned a score of 5 for this student)
In S5’s report, artiϐicial intelligence made behavioral inferences such as the stu‑
dent “repeatedly giving the command to shorten,” “not taking the learning process
seriously,” “having a short attention span,” and “showing impatiencewith detailed
explanations.” Which of these comments align with your own observations in the
classroom? Which points do you think artiϐicial intelligence captured accurately
about the student and which points do you think it interpreted incompletely or
incorrectly?
3. While you rated the reports for S1 and S5 at the highest level, you gave lower
scores to the reports for the other students. In these reports, what were the
points where you felt the artiϐicial intelligence failed to sufϐiciently understand
the student? What additional evidence or inferences regarding the student’s
learning behaviors, motivation, or in‑class characteristics would have increased
your conϐidence in these reports?
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