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This study presents Hattie&TimperlAI (H&TAI), an AI-based feedback coach designed to support 
mathematics teachers in crafting effective formative feedback. Grounded in the Hattie and 
Timperley’s framework, H&TAI is an AI agent configured through research-informed prompts and 
domain knowledge. Through a controlled simulation, we analyze H&TAI’s behavior, comparing it 
with basic chatbots. Results show that H&TAI can foster dialogic, theory-informed feedback 
practices, actively involving the teacher in the reasoning process. We argue that research-driven AI 
agents like H&TAI can support teacher reflection and professional development. 
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INTRODUCTION AND RATIONALE 

The use of generative artificial intelligence (AI) is becoming more widespread every day, rapidly 
transforming tasks and processes such as writing, translating, designing, and, of course, teaching 
and learning. Despite growing interest from educational researchers, a comprehensive 
understanding of how AI affects learning remains elusive. In the context of mathematics education, 
numerous studies have explored both the potential benefits and the risks associated with AI-
supported teaching and learning. For example, the journal Digital Experience in Mathematics 
Education has dedicated a special issue to exploring mathematics education in the ChatGPT era 
(Pepin et al., 2025a), including a scoping review on ChatGPT’s role in mathematics education (Pepin 
et al., 2025b). From a broad perspective, Holmes and Tuomi (2022) critically survey the state of AI 
in education, proposing a taxonomy of AI-based solutions aimed at students, teachers, and 
educational institutions. The paper shows how inflated expectations coexist with technical, 
pedagogical, and ethical constraints, while also stressing the need to conceive AI in education “from 
the point of view of AI-supported augmentation of human cognition and learning” (p. 562).  

Focusing on teacher education, research reveals that chatbots can serve as a scaffold for teachers’ 
professional reflection on various directions, such as mathematical content knowledge (e.g., Noster 
et al. (2025) analyze pre-service teachers who are solving different mathematical tasks with the help 
of ChatGPT); lesson planning and task design (e.g., Cheng (2025) highlights the possibility of using 
AI as an assistant for effective task formulation, while Schorcht et al. (2025) focus on collaborative 
task design); assessment design (e.g., the panorama sketched in Pepin et al. (2025b)). Such 
experiments show that AI can support teachers throughout the processes of producing and refining 
written texts, and more broadly, in developing the linguistic dimension of their practice. Building on 
this perspective and drawing on the taxonomy proposed by Holmes and Tuomi (2022), this paper 
addresses research on AI-solutions targeted at teachers, specifically in the area of AI as an 
assessment assistant, with a focus on formative feedback. Indeed, effective feedback is widely 
recognized as a cornerstone of high-quality mathematics teaching (Hattie & Timperley, 2007; Goos, 
2020) yet remains difficult to master. While well-crafted, improvement-oriented feedback can 
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significantly enhance student learning (Hughes et al., 2014), research also shows that feedback can 
be counterproductive when it is vague, overly evaluative, or misaligned with learning goals (Kluger 
& DeNisi, 1996; Hattie & Timperley, 2007). This highlights the importance of supporting teachers in 
developing theory-informed feedback practices through targeted training.  

Within the landscape of potential AI teaching assistants, this study focuses on the possibility of 
creating AI agents–customizable chatbots with tailored behaviors and domain-specific knowledge. 
In platforms such as ChatGPT (via GPTs) and Google Gemini (via Gems), these agents can simulate 
expert roles by integrating pre-set instructions and curated knowledge bases. Recent research 
highlights the educational potential of AI agents to support both pre-service and in-service teacher 
development (Chu et al., 2025; Lee et al., 2023). In mathematics education, for example, Schorcht 
and colleagues (2025) present a notable example of a network of cooperating pedagogical agents 
for collaborative task design. However, the use of AI agents in this domain is still in its infancy and 
remains an emerging area of research. From a pragmatic point of view, creating an AI agent requires 
defining its desired behavior and equipping it with the necessary knowledge. In this contribution, 
we propose a research-based approach for developing AI agents in mathematics education and 
demonstrate its application through a concrete example. This approach involves creating AI agents 
through a research-driven methodology. To illustrate our proposal, we present Hattie & TimperlAI 
(H&TAI, Valentini et al. (2025)), a prototype designed to serve as a feedback coach for teachers, 
grounded in the influential framework of Hattie and Timperley (2007). 

THEORETICAL FRAMEWORK 

Chatbots based on generative AI are designed to respond to (human) user inputs, generating a wide 
range of responses such as texts, images, or videos. Thus, chatbots are dialogical entities and, as a 
first key point to conceptualize their role in education, we embrace the perspective of Kahn (2025): 
the first prompt starts the conversation, but “the real work, creativity and learning happen in the 
REST of the conversation” (p. 6, capital letters and emphasis in original). A question arises 
immediately: if it is a conversation, with whom are we conversing when a chatbot is involved? The 
answer is far from being trivial. Recent studies investigate the issue of chatbots’ identities as 
something that we can think of as composed of an “identity kernel” given by training data and an 
“evolving identity” shaped by that instantiation of interaction itself (e.g., Cheng et al., 2024). In this 
paper, we use the term identity of an AI agent to refer to the set of instructions and information 
given a priori by the configuration prompt and the knowledge base, which regulate the agent’s 
behavior during the conversation (similarly to Qian et al., 2017). In this sense, our H&TAI framework 
is a preliminary experiment in which identity is explicitly and directly shaped by a research outcome 
on feedback exchange. Conversation takes place with an AI impersonating a research product.   

To theoretically frame the concept of feedback to design the agent, we chose the Hattie and 
Timperley (2007) work that examines the meaning and impact of feedback on learning and 
achievement, demonstrating that its effectiveness varies based on type, timing, and context. They 
define feedback as “information by an agent […] regarding aspects of one’s performance or 
understanding, given in order to fill the gap between what is understood and what is aimed to be 
understood” (pp. 81-82). The authors propose a model in which effective feedback addresses three 
major questions: Where am I going? (feed-up), How am I going? (feed-back), Where to next? (feed-
forward). Each question works across four levels: task (about performance), process (about the main 
process to understand how to do a task), self-regulation (about the regulatory or metacognitive 
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processes to be activated), and self (about evaluations of the learner as a person). Nevertheless, 
they highlight that feedback is most powerful when it promotes deeper understanding and self-
regulation rather than mere praise – in other words, task feedback (TF), process feedback (PF), and 
self-regulation feedback (SRF) can be more powerful than feedback about the self (SF). 

We also imagined that teachers could need feedback assistance when handling a student’s mistake. 
It is acknowledged in mathematics education research that handling students’ errors is a 
fundamental teacher competence (e.g., Novotná et al., 2020); in particulr, the interpretation of 
students’ reasoning behind their productions (Interpretative knowledge, see Ribeiro et al., 2016) 
has been identified as a fundamental component of teacher knowledge. In this respect, Zan (2007) 
highlights that for teacher intervention to be effective, it has to be aligned with a correct 
interpretation of the mistake. She underlines that an interpretation of a learner's error or failing 
behavior is a “working hypothesis”, that has to prove to be working, and thus teachers should have 
a “repertoire of possible interpretations for learners' behaviors” on which to base their remedial 
interventions. 

Our proposal of H&TAI is a preliminary experiment in which identity is explicitly and directly shaped 
by prior research perspectives. Our guiding research questions are:  

RQ1: Based on Hattie and Timperley (2007), how does H&TAI support mathematics teachers in 
formulating effective formative feedback during a simulated conversational coaching session?  

RQ2: How does the coaching of H&TAI differ from that provided by a normal AI chatbot? 

METHODS  

H&TAI configuration and simulation tests. We proceeded in a multiphase configuration process. 
Each phase provided insights to iteratively refine H&TAI’s identity and performance. 

Phase 0: Identity Definition. The configuration of H&TAI consists of the two key elements that define 
AI agents: configuration prompts and knowledge base. To set up the configuration prompt, our 
theoretical starting point was Hattie and Timperley (2007), which is the research product to be 
impersonated by the agent’s identity and behavioral traits. In drafting this prompt, we considered: 

• The importance of assigning the agent an explicit, well-defined role (according to the 
literature on prompting, e.g., Haskell, 2024). In our case, the established role is: consultant 
for mathematics teachers, expert in feedback according to Hattie and Timperley (2007). 

• The need to temper the intrinsic verbosity and proactivity of generative AI. We specify in the 
key behavioral rules such as waiting for responses, asking only one essential question at a 
time, and avoiding prescriptive answers or direct solutions while encouraging reflection. 

• The importance of considering multiple interpretations of a student’s mathematical 
behavior, in line with Zan (2007), to support teacher in reflecting on their reasoning and 
building a repertoire of different interpretations. 

• The necessity of operationalizing the characteristics of feedback exchange set out by Hattie 
and Timperley (2007). Key rules establish that H&TAI should ask the teacher for clarifications 
about the goals of the task (feed-up step) and frame its response by clearly distinguishing 
the parts dedicated to TF, PF and SRF, while avoiding SF. PF and SRF should be formulated 
only after the teacher has given their own explicit interpretation of the mistake at hand. 



 

ICTMT 17 London 4 

 

• The importance of alerting the agent to several well-documented difficulties that teachers 
encounter when managing feedback (e.g., encouraging reflections on timing). 

Regarding the knowledge base, we identified two documents as representative of the domain-
specific knowledge available to the agent: i) the foundational article on feedback exchange by Hattie 
and Timperley (2007); ii) an institutional document describing Italy’s national learning goals for 
grades 1-8 mathematics (Indicazioni Nazionali, MIUR, 2012). 

The first draft of the configuration prompt was written in April 2025, and many cycles of testing and 
refinement were set in motion by the critical analysis of the behavior of early versions in dialogue 
simulations during the subsequent phases.  

Phase 1: Coach–problem test. To evaluate whether H&TAI had internalized its theoretical identity, 
we started a conversation using a problem without any context information or special request as 
conversational input. The dialogue was tested with both the basic chatbot and H&TAI. 

Phase 2: Teacher–Coach–Student Simulation test. We simulated a dialogue between the AI-based 
feedback coach, a school teacher (played by us) and her student Eugenio (played by an AI in an 
independent chat using the basic chatbot) prompted by a middle school math task. The student was 
simulated via prompt engineering, allowing us to control responses and elicit realistic 
misconceptions. This controlled setting enabled us to fine-tune the agent’s behavior and to observe 
the agent’s support in a dynamic, practice-oriented context. All tests were conducted using both 
ChatGPT-o3 and Gemini 2.5 Flash to compare behaviors across platforms. More precisely, to shed 
light on the coaching in formulating effective formative feedback, we performed four simulations, 
according to the AI’s coaching: H&TAI as a GPTs, H&TAI as a Gem, basic ChatGPT, and basic Gemini. 

For our experiment, we chose a scenario where Eugenio selects an incorrect answer on a 
standardized mathematics test. This setup creates a meaningful context for teacher intervention, 
prompting interaction with H&TAI to obtain guidance on interpreting the student’s error and 
identifying appropriate feedback strategies. We selected the test item from the GESTINV database 
(Bolondi et al., 2018), which catalogs INVALSI items (Italy’s national standardized tests). To ensure 
the scenario reflected a common and pedagogically relevant misconception, we searched for an 
item with a high percentage of incorrect responses in the national dataset.  

Our choice fell on an item from the 2012 test for Grade 6, which asked "Which of the following 
operations gives the largest result?" (our translation) and offered the following options: (A) 10×0.5; 
(B) 10×0.1; (C) 10÷0.5; (D) 10÷0.1. In fact, the belief that multiplication always makes numbers larger 
and division always makes them smaller is a well-documented misconception in mathematics 
education research (e.g., Fujii, 2020). From this perspective, after performing an a priori analysis of 
the task, we can imagine that those who answered (A) immediately excluded options (C) and (D) 
because they inferred that the result of such divisions would always be smaller than 10, and among 
options (A) and (B) they chose the one with the larger second factor. This interpretation is supported 
by the results in the national sample, where the correct answer (D) was chosen by only 11% of 
students, while distractor (A) was chosen by 71% of students. This item is valuable because it sheds 
light on students’ difficulties in understanding rational numbers and the properties of arithmetic 
operations that cease to apply moving from whole to rational numbers. In particular, the issue that 
not all models allow students to make sense of operations on rational numbers can be raised. For 
example, Maffia & Mariotti (2018) argue that the repeated addition model of multiplication cannot 
be meaningfully extended to rational numbers; similarly, if we distinguish between the 
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"measurement" and "partition" senses of division (see Boero, Ferrari & Ferrero, 1989), partitive 
division (i.e. equally distributing a quantity into a given number of portions) makes little sense if the 
divisor is not a natural number. Hence, knowledge of multiple models for multiplication and division 
can help to make sense of the four answer options. Therefore, when a student is answering (A) to 
such an item, the feedback provided by the teacher should be functional in gathering evidence that 
this interpretation of the mistake is plausible, and if so, lead the student to question their belief 
about the effect of multiplication and division. In particular, where possible, it should foster an 
explicit reflection on the students’ implicit models for understanding operations and the possible 
recourse to alternative models. The chosen item also seemed significant to us because the topic is 
one that almost all middle school teachers have to deal with, at least in Italy. Indeed, according to 
the National Curriculum Guidelines, students should be able to manage all operations and 
comparisons with decimal numbers by the end of middle school (MIUR, 2012, p. 50 and 52). Thus, 
it is plausible that a teacher at this school level could submit this question to an AI. 

Data collection and analysis. In this paper, we focus on the Phase 2 simulation; the prompt we used 
is available here: https://tinyurl.com/ICTMT17. We collected all the chats, organizing them as 
transcriptions of real conversations. In the following, we comment on only some excerpts, but the 
entire set of four conversations is at the readers’ disposal at the mentioned link. We proceeded with 
an approach inspired by direct content analysis (Hsieh, & Shannon, 2005) and we went through two 
rounds of analysis, focusing only on the interventions of the AI acting as coach. The first round 
focused on comparing H&TAI support modalities with those of normal chatbots. The second focused 
on eliciting H&TAI support modalities. Table 1 shows an analysis of key elements, composed of 
indicators based on Hattie and Timperley (2007) feedback model to enhance learning. 

Indicator Operational definition Examples of evidence from transcription 
Learning goals 
clarification 
(feed-up) 

AI coach encourages bringing 
out the learning goals. 

H&TAI as Gem: “Before I elaborate on the feedback, could you tell me what specific 
learning objectives you had in mind with this exercise?” 
H&TAI as GPT: “Which learning objectives did you intend the student to achieve 
with this exercise? […] I await your indication before proceeding” 

Unveiling 
student’s 
understanding 
(feed-back) 

AI coach encourages 
considering various 
interpretations for the 
student’s mathematical 
behavior, asking for the most 
plausible. 

H&TAI as Gem: “The student’s error could stem from several misconceptions. It’s 
important to understand their reasoning to help them effectively. They might think 
that: […list of possible interpretations]. Knowing your student, which of these 
interpretations seems most likely to you?” 
H&TAI as GPT: “Below are some possible explanations (not mutually exclusive). 
Which is the most plausible, based on your observations?” 

Specify in 
suggesting 
teaching acts 
(feed-forward) 

AI coach cares to match 
didactical suggestions to the 
interpretations and learning 
goals, providing concrete and 
coherent advice.  

Both H&TAIs explicitly wait for teacher response in learning goal and mistake 
interpretation before proceeding with their coaching. Moreover: 
• once they received the awaited info, both elaborate specifically and 

consistently. 
• the conversation progresses, each coach's intervention is based on the 

student's reported words. 
Differentiated 
coaching 
depending on 
the focus of the 
feedback (TF, 
PF, SRF, SF) 

AI coach avoids providing SF 
and encourages didactic 
reflection on the various 
focuses. It also proposes 
suggestions that are 
consistent with changing the 
focus. 

H&TAI as Gem: “[in PF] Given that Eugenio seems to apply rules only valid for whole 
numbers, the goal is to help him “see” the effect of operation with decimals. 
[followed by two suggested concrete strategies, one linguistic-based and the other 
visual-based]; [in SRF] to help him avoid repeating the error, you can guide him to 
build new checking strategies [followed by two concrete didactical proposals]” 
H&TAI as GPT: articulates PF in steps of process goals, each accompanied by a 
dedicated activity and an explanation; provide questions and activities for SR. 

Active 
involvement of 
human actors 
(teacher and 
student) 

AI coach asks questions, 
provides examples and 
encourages reflection. It 
bases interventions on 
information provided by 
human actors and requires 
this information. 

Both H&TAIs: 
• explicitly wait for teacher responses and build on what it received. 
• ask teacher thought-provoking questions, encouraging the collection of 

evidence from students’ work (e.g., specifying that a certain action must be 
done after the student’s calculations). 
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Table 1. Key elements for the analysis  

RESULTS  

Regarding the analysis of the conversations of the two H&TAIs, both begin by asking for clarification 
about the learning goals and interpretations of the student’s behavior, recalling the crucial need for 
contextualization and personalization of feedback (feed-up). As the conversation proceeds, both 
agents ask for explicit contributions from the teacher, valuing them by articulating reflection and 
suggestions accordingly, also with direct citations (feed-back and feed-forward). Concerning the 
different types and focuses for feedback (indicator 4), the two H&TAIs perform fine-tuned coaching 
with examples of possible practical interventions, offering insights while maintaining a dialogical 
turn talking with teachers. Nevertheless, they show some style differences. For instance, in SRF, 
both H&TAIs shed light on the importance of creating meaningful connections between results and 
language. However, GPT’s version insists on suggesting predictive tasks, while the Gem’s one tends 
to suggesting reformulation activities. Regarding the comparison between the conversation with 
H&TAI and with the normal chatbots, strong differences emerge already when comparing the 
coach's first response to the teacher's initial prompt. Both ChatGPT and Gemini basic chatbots 
suggest feedback declaring, more or less explicitly, that option A, the answer given by Eugenio, is 
not the correct one. For instance, Gemini says “You chose answer A) 10×0.5, but it is not the 
operation that produces the largest result.”, while ChatGPT writes: “I see you chose option A) 10×0.5 
because it looked like the biggest. Let’s check it together, step by step, to see where decimal 
numbers can trick us.” They then provide the full solution themselves, focusing solely on TF and 
sprinkling generic praise, leaving no room for the teacher’s diagnostic questions or the student’s 
reasoning. In short, the interaction turns into a mini-lecture rather than a coaching dialogue.  

DISCUSSION AND CONCLUSION 

In this paper, we propose a research-based approach aimed at designing AI agents for teacher 
training, exemplified by the development of H&TAI, a prototype AI feedback coach grounded in the 
model by Hattie and Timperley (2007). We first described how the agent’s identity was defined 
through a configuration prompt and a domain-specific knowledge base. We conducted an internal 
validation of the agent's behavior by submitting a mathematical item without context, and by 
conducting a four-way simulation of a coaching session involving a teacher, a student, and four 
different AI coaches. These included two H&TAIs (implemented via GPTs and Gems) and two basic 
chatbots (ChatGPT and Gemini without configuration). The coaching dialogue centered on an 
INVALSI item designed to elicit a well-known mathematical misconception. We transcribed and 
analyzed the conversations using five indicators drawn from the Hattie and Timperley framework.  

We conclude the paper by addressing the two research questions. Concerning RQ1, which asks how 
H&TAI supports teachers in providing effective feedback, the results suggest that H&TAI holds 
promise as both a feedback coach and a metacognitive tool for supporting teachers’ reflective 
practices. This enables teachers to develop strategies for constructing, assessing, and refining 
feedback. Future work will involve a field evaluation with pre-service teachers and further 
exploration of how to balance pedagogical and disciplinary dimensions within the agent’s identity 
and reasoning. Moreover, both the GPT’s and Gem’s AI agents behave consistently with the model; 
thus, the identity configuration appears robust and a promising starting point for further 
exploration. From this perspective, H&TAI's development aligns with a key research direction 
identified by Holmes and Tuomi (2022) and Pepin et al. (2025b): designing AI-based solutions for 
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assisting teachers, rather than replacing their expertise. An interesting future development would 
be to have H&TAI process a teacher's initial feedback proposal to support a better alignment with 
the Hattie and Timperley (2007) framework. Concerning RQ2, which ass about differences between 
H&TAI’s feedback and that provided by normal AI chatbots, the comparison reveals that basic 
chatbots behave more like lecturers, providing immediate solutions and vague praise while being 
detached from the learning needs of teachers and students.  

This work represents just the beginning of a broader research agenda. Despite encouraging evidence 
that research-based AI agents can support teacher reflection and feedback practices, much remains 
to be explored. Future investigations might include training the system with real teacher-student 
feedback exchanges and enriching its reasoning with structured catalogs of misconceptions. It 
would also be interesting to recreate something similar to what was done by Schorcht et al. (2025) 
analyzing teachers’ evaluation of H&TAI responses with respect to dimensions such as mathematical 
depth, language sensitivity, and competence orientation. These directions, among others, have the 
potential to deepen the agent’s pedagogical insight and spark new lines of inquiry at the intersection 
of AI and mathematics education.  
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