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(Planning physics lessons for next semester)
I want AI to review all my classroom 

demonstrations with a professional eye!

“But wait... what role should I give to AI?”

A critical evaluator 
with a physics background? 

Or a supportive co-planner 
with 10 years of teaching experience?

Or anything else?

Figure 1: A scenario illustrating a teacher’s dilemma in the AI role design process. To support their AI role design process, our
empirical study explores teachers’ envisioned AI roles, their expectations for each role, challenges they face, and their support
needs.

ABSTRACT
As AI agents are increasingly integrated into the workplace, they
are gradually acting as partners capable of making independent
decisions. To work effectively with these agents, workers must
define and assign specific roles to them. However, workers often
struggle to translate their complex needs into clear roles that an AI
can understand. This challenge is especially significant for teachers,
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who currently lack organized support to guide them through this
process. Developing such support requires a foundational empirical
understanding of how teachers conceptualize and adapt AI roles
to their specific needs. In this paper, we investigate how teachers
envision and design AI roles for lesson planning, a task that encap-
sulates the complexity of their work. We present findings from an
interview study with fifteen K–12 teachers who designed AI roles
for lesson-planning tasks using scaffolded worksheets. Our study
identifies three categories of AI roles: Educational Practitioners,
Professionals outside Education, and Students. We also describe
teachers’ expectations for these roles and the practical barriers they
encounter during the design process. Our contributions include an
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empirical foundation for teachers’ envisioned AI roles and expecta-
tions, the identification of practical challenges in AI role design, and
design considerations for tools that facilitate effective teacher-AI
collaboration in work.

CCS CONCEPTS
•Human-centered computing→ Empirical studies in HCI;
Empirical studies in interaction design; •Computingmethod-
ologies → Artificial intelligence.
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1 INTRODUCTION
Artificial Intelligence (AI) is increasingly integrated into the every-
day workplace. Unlike traditional software, AI, such as generative
AI, has an agentic nature, capable of independent decision-making
aligned with each work context [10, 45]. As a result, this shift has
elevated AI from a mere tool to a collaborator for human workers
[54, 65]. Within this paradigm, defining and assigning roles to AI
has become a critical cognitive process for effective and efficient
human–AI collaboration in the workplace [16, 63]. This is because
assigned roles determine how labor is divided between workers
and AI, which responsibilities each assumes, and what capabilities
workers can reasonably expect from AI. When role design fails,
risks arise in the workplace. For instance, when AI has a role be-
yond workers’ expectations, workers may lose professional agency,
facing risks of job alienation or displacement. Conversely, when AI
has a smaller role than expected, workers may be burdened with
unexpected post-processing tasks, compromising both work quality
and efficiency. Furthermore, since AI is increasingly considered as
an independent working agent in the workplace [20, 26], designing
AI’s role has become not just an individual cognitive exercise, but
a shared decision that affects how teams work together [32].

Despite its importance, designing appropriate roles for AI re-
quires careful thought and effort for human workers. To position
AI appropriately in their workplace, workers must anticipate task
demands, clarify often nuanced expectations, and translate those
expectations into a role that AI can meaningfully understand. This
process can be especially challenging when workers do not have a
clear understanding on AI’s capabilities, have limited experience
and background with AI, or are uncertain about how different role
framings may shape AI outputs. As a result, it can place an addi-
tional cognitive and coordination burden on workers.

However, particularly in educational settings, there has been lim-
ited systematic support (e.g., guidelines and tools) to help teachers
in designing and assigning roles for AI [18, 67]. Based on the Job
Demands–Resources model [5], teachers’ work involves multiple

types of demands arising from their tasks. These include cognitive
demands, such as curriculum planning and student assessment;
organizational demands, including documentation, meetings, and
coordination; emotional demands from interactions with students
and parents; and physical demands associated with classroom man-
agement and instructional demonstrations [66]. As AI becomes
increasingly integrated into teachers’ workflows [1, 46, 64], the
absence of structured support for AI role design limits its poten-
tial to address these diverse demands and function effectively as a
collaborative partner. Addressing this gap requires understanding
teachers’ perceptions of AI roles and the practical challenges they
face, to inform the design of effective supports.

To this end, we conducted an initial empirical study examining
how teachers envision AI’s role in their work, what they expect
from various AI roles, what challenges they encounter in designing
these roles, andwhat support they desire to address these challenges.
Especially, we focused on a lesson planning task that encapsulates
the complexity of teachers’ work [75]. This task is a complex, in-
tegrative problem-solving process that encompasses elements of
assessment design, feedback planning, and administrative work.
Teachers must draft official documents aligned with curriculum
standards, anticipate students’ socio-emotional states, and select
instructional strategies based on situated classroom realities. We
addressed the following research questions:

• RQ1. What AI roles do teachers envision for lesson planning,
and what expectations do they have for each role?

• RQ2. What barriers and opportunities shape teachers’ ability
to design and adapt AI roles for lesson planning?

We conducted a formative study with fifteen K–12 teachers in
the United States. We asked teachers to design AI roles to support
their lesson planning tasks through scaffolded worksheet-based
exercises and semi-structured interviews. Our study revealed three
types of AI roles teachers conceptualize: Educational Practitioners,
Professionals outside Education, and Student. In addition, we iden-
tified teachers’ expectations across three dimensions for each role,
which reflect their intentions behind each role design. Furthermore,
we investigated novel challenges they encounter in the AI role
design process and provided actionable insights to address those
challenges. Our contributions are as follows:

• We established an empirical foundation for how teachers
conceptualize AI roles for lesson planning and defined their
expectations for these roles as collaborative partners.

• We identified practical challenges teachers encounter and
the support they desire when designing AI roles for lesson
planning.

• We discussed how AI roles are utilized in teachers’ lesson
planning practice and proposed design considerations to
facilitate AI role design in lesson planning contexts.

The remainder of this paper is organized as follows. First, we
review empirical research on AI role design in the workplace and
its integration into education. Next, we describe our study method-
ology and materials. Finally, we present our detailed findings and
discuss their broader implications for supporting teachers’ AI role
design.
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2 RELATEDWORKS
2.1 AI Role Design in Workplace
As AI increasingly supports agentic decision-making and offers
free-form prompt-based interfaces, end users are adjusting AI to
handle their unique tasks [43]. In this process, the roles that users
assign to AI serve as a compressed expression of their underlying
perceptions and expectations of it [7, 36, 38]. In other words, a single
role label can represent a wide range of specific instructions and
behaviors. For instance, Benharrak et al. [7] found that by assigning
roles such as ‘history professor’ or ‘strict reviewer’, writers could
convey their need for specific types of feedback without providing
lengthy explanations. In work contexts, defining these roles has
been shown to enhance worker control to AI, and improve human-
AI collaborative performance [2, 13]. Therefore, AI role design is
commonly recommended in contexts where AI is used at work [47].

However, based on the challenges of prompt engineering [77],
effectively designing AI roles is difficult for workers. This is because
the AI role design requires workers to articulate their expectations
in a form that AI can understand. To support this process, we must
first understand the specific roles and expectations workers have in
mind. Identifying these mental models can provide the necessary
scaffolding to help workers formalize their AI roles more easily.
Related to this, for instance, Siemon et al. [63] identified four envi-
sioned roles for an AI teammate in the workplace with expert team
supervisors: coordinator, creator, perfectionist, and doer, along with
accompanying expectations to deepen understanding of AI’s re-
sponsibilities in teamwork. In addition, Chen et al. [11] explored
envisioned AI agents’ roles in conflict management for temporary
teams, investigating what style (e.g., personality) and intervention
modes (e.g., delivery channel) are expected for each role. Further-
more, Johnson et al. [32] examined how workers’ design of AI roles
is influenced by the AI’s embodiment. For example, they found that
fantasy characters or animal avatars were expected to bring a sense
of whimsy and fun to the workplace.

While these studies focused on investigating AI roles in general
work contexts, several works found that practitioners in specific
fields (e.g., Tech, Medical) envision AI roles aligned with their field’s
unique demands. For instance, in software engineering, practition-
ers designed roles such as senior backend developer, software tester,
and Python expert [29]. In addition, in the medical field, AI agents
with doctor or patient roles are widely adopted by the nursing com-
munity to train nurses in emergency communication [40, 42]. This
implies that understanding domain-specific AI role design is essen-
tial for effectively supporting workers in creating context-adapted
AI roles.

In education, studies have examined how teachers use AI in
their work [4, 17, 30]. However, these investigations have primarily
focused on the purposes of AI use, rather than on how teachers
conceptualize AI roles and what expectations they have for those
roles. Without this understanding, it remains unclear what support
teachers need to design AI roles effectively in their work.

2.2 AI Integration in Teachers’ Work
Teachers handle a wide range of responsibilities in their workplace,
from tracking students’ academic progress [57] to communicating
with parents [28] and attending school staff meetings [44]. Among

these, teaching, which is their primary task, is the core task that
clearly reflects the complexity of their work. Teaching is fundamen-
tally an ill-structured discipline that takes place in highly complex
and dynamic classroom contexts [39]. It requires teachers to trans-
late subject-matter knowledge into forms accessible to students
while maintaining pedagogical standards. This involves effectively
applying pedagogical content knowledge while adapting to diverse
classroom contexts [62, 73, 74]. In this sense, teaching is not merely
a matter of classroom management, but a sophisticated practice
involving the integration of specialized knowledge domains.

Within teaching, lesson planning constitutes a core task that en-
capsulates the complexity of this professional work. It serves as the
stage where teachers must balance instructional goals, the selection
of materials and activities, and the design of assessments [48]. To
support such demanding task, AI has increasingly been integrated
into teachers’ workflows to augment teachers’ capabilities rather
than replace them [15]. For instance, Fan et al. [23] proposed an
interactive system that helps novice teachers create lesson plans
using large language models. In addition, AI is expected to help
teachers in creating teaching materials and providing personalized
guidance during planning [68]. These efforts aim to reduce teach-
ers’ workload and save time, which Belloula et al. [6] identified as
primary motivations for AI adoption in lesson planning.

However, integrating AI into lesson planning requires teach-
ers to possess not only contextual and pedagogical knowledge
but also technical proficiency [39]. As teachers adapt AI to their
teaching, this process reshapes their professional knowledge for
AI-accompanied classroom practices. In this process, teachers in-
creasingly act as adaptive designers, assigning specific roles to AI
to align its capabilities with their work contexts [55]. Despite this
growing practice, there has been limited support for teachers in
conceptualizing and designing AI roles for lesson planning.

Bridging the Gap. Prior research has examined various AI roles
designed by workers in general workplace contexts, highlighting
the importance of defining these roles. However, there is still lim-
ited understanding of what roles teachers envision for AI, what
expectations they have for those roles, and what challenges they
face during the role-design process. To bridge this gap, we inves-
tigate how teachers conceptualize AI roles, their expectations for
each role, the challenges they encounter, and the support they need.
We focus specifically on lesson planning because it encapsulates
the complexity of teachers’ work [75].

3 METHODS
To examine how teachers design AI roles, we adopted Gagné’s nine
events of instruction as a scaffold [25]. This framework breaks down
lesson planning into nine specific events, providing a structured
guide for participants’ actual practices. Therefore, it ensured that
the planning process in our study closely mirrored participants’
actual workflows. Based on these nine events, we developed a
worksheet to scaffold the AI role design process (see Appendix).
Detailed information on the worksheet’s content and its use during
our interviews is described in Section 3.1.
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Pre-Interview Interview 

Eliciting & Validating 
Expectations 

Designing 
AI Role 

Discussing Barriers  
and Opportunities 

“I want AI to act as …” “I expect AI to …” “I found I also expect …”
“I’ve felt difficult when …”

“I need …”

Pre-task: Rough Lesson & AI Use 
Planning

Survey: AI Trust & Literacy, Lesson 
Planning Confidence

Consent form

Figure 2: Interview Process. Each task in the main interview sessions is followed by a semi-structured interview.

3.1 Interview Process
Figure 2 summarizes the overall study procedure, which was de-
signed to address our research questions in the context of lesson
planning. The process consisted of a pre-interview phase and an
interview phase. All study procedures were approved by the uni-
versity’s institutional review board.

3.1.1 Pre-Interview (25min). Once recruited, participants received
an email with links to the pre-interview tasks, which included a
worksheet for pre-interview tasks, an online survey, and a consent
form. Regarding the worksheet, participants were first reintroduced
to Gagné’s Nine Events of Instruction to help them recall the lesson
planning task flow (see Figure 4 in Appendix). Following this, they
developed a rough lesson plan based on these nine events (see Figure
5). After that, they identified which of the nine events they would
use AI for and described their intended purposes for each. These
tasks were designed to externalize participants’ initial planning
decisions and encourage prior reflection on AI use, allowing the
actual interview to focus on AI role design following this initial
phase.

To measure AI trust and literacy, we used the scales developed by
Jian et al. [31] andWang et al. [70], both of which arewidely adopted
metrics for AI trust and literacy in Human-AI Interaction research.
Each scale consists of 12 items on a 7-point scale. Finally, lesson
planning confidence was measured using a customized question:
"How confident are you in the lesson planning task?"

3.1.2 Interview (90min). At the beginning of the interview, the
interviewer reviewed the study’s purpose and process and obtained
verbal consent for audio and video recording. Participants were then
provided with a main-task worksheet, into which the interviewer
had integrated the participants’ pre-interview task responses to
help them recall their initial ideas and ensure task continuity. After
reviewing their pre-interview responses, participants were intro-
duced to an AI role-prompting orientation. This orientation aimed
to establish an understanding of how AI roles can be specified
through prompts, using several role-prompt examples.

Designing AI Role. The first interview task was designing AI
roles. As shown in Figure 6, participants were asked to select up to
three purposes for which they would most likely assign a role to AI
in the lesson plan they had designed during the pre-interview task.

They then designed specific AI roles for these purposes. During
this process, the interviewer also asked follow-up questions on the
expected benefits of designing AI roles for those three AI purposes
to capture their expectations of AI role design. In addition, the
participants were asked how they designed those AI roles.

Eliciting & Validating Expectations. The second task in the inter-
view was eliciting and validating their expectations of the designed
AI roles. For that, as shown in Figure 7, participants were asked to
clarify what they expected to see in the AI’s responses for each role.
To check if the provided expectations were comprehensive, we ad-
ditionally asked them to validate their expectations while using AI.
In this process, they were asked to write down prompts they would
like to give to AI on the worksheet regarding the task contexts and
AI’s role (e.g., “You are an endangered species specialist working
in the US. Create referent case studies fitting to my high school
biology class of different North American endangered species.”).
Then, they gave the prompts to the AI to see the AI’s responses and
identify their further expectations. To reflect their actual usage con-
text, participants were asked to use the LLM services they regularly
engage with for their work (e.g., Gemini, Claude, ChatGPT).

Discussing Barriers and Opportunities. The interview concluded
with a reflective discussion focused on barriers and opportunities re-
lated to AI role design. Participants were asked what the challenges
were while designing the AI roles. In addition, we asked them what
kinds of support they needed in the AI role design process.

3.2 Participants
Fifteen participants were recruited for the study via university mail-
ing lists and snowball sampling [51]. The inclusion criteria required
that they be K-12 teachers in the United States, have prior experi-
ence using large language models, and be fluent in English. The last
criterion was necessary because the interview was conducted in
English. Participants were compensated $50 for a 90-minute online
interview and 25 minutes of pre-interview tasks. Table 1 shows the
characteristics and backgrounds of all participants in our study.

3.3 Analysis
During the interview phase, we collected two types of data: written
responses on the worksheets and verbal data from the interviews.
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Table 1: Participants’ characteristics and backgrounds. Higher scores on a 7-point Likert scale indicate greater confidence in
lesson planning, AI trust, and AI literacy.

ID Current
Target Grade Subject K-12 Teaching

Experience
Confidence in Lesson
Planning Task (1∼7)

AI Literacy
(1∼7)

AI Trust
(1∼7)

P1 12th Biology 20 years 5 4.25 5
P2 11th History 3 years 5 4.83 5.08
P3 10th Digital Media 9 years 7 4.5 3.33
P4 10th Chemistry 35 years 7 3.83 3.5
P5 9th English 25 years 6 4 4.33
P6 8th English 7 years 5 4.67 3.75
P7 7th History 34 years 7 5.67 4
P8 6th Spanish 4 years 6 5.5 4
P9 6th Science 1 year 4 4.25 4.17
P10 5th Math 27 years 6 5.08 5.5
P11 4th Social Studies 3 years 5 4 4.17
P12 4th Math 20 years 5 4.25 5
P13 3rd Science 28 years 7 4.58 2.5
P14 2nd English 13 years 4 4.33 3.42
P15 1st Social Studies 6 years 6 4.08 2.92

The written data were thematically coded [9] by the first and sec-
ond authors. Regarding the verbal data, the first author transcribed
the full interview recordings using Whisper Transcription [27], a
locally-run AI-based transcription application. This ensured that
participants’ audio data was not transmitted to any external cloud
service, addressing data privacy considerations. The transcripts
were then manually refined for accuracy by cross-checking them
with the recordings. The first author then familiarized themselves
with the data and developed an initial codebook for each interview
question through inductive open coding. To validate the codebook
efficiently, the second author independently coded a randomly se-
lected 20% of the responses per question using the codebook, and
inter-coder reliability was assessed. Disagreements were resolved
through discussion between the two coders, during which the code-
book was iteratively revised, and code definitions were clarified
until consensus was reached. Once the codebook was finalized, the
two authors divided and coded the remaining data. For the survey
data from the pre-interview phase, we followed the standardized
analysis methods described by Jian et al. [31] and Wang et al.[70]’s
work.

3.4 Research team positionality
Our research team has worked closely with K–12 educators. It con-
sists of two faculty and two student researchers, including Korean,
Chinese, and Indian members. Three of us are female, and one is
male. The first author, who led and conducted the majority of the
data collection and analysis activities, is a PhD student with an un-
dergraduate and master’s degree in computer science. The second
author has worked on responsible AI in education. The third author
has been conducting research on K–12 education for over ten years.
The fourth author has been conducting public care work for over
nine years.

4 RESULTS
4.1 RQ1: What AI roles do teachers envision in

practice, and what expectations do they
have for each role?

In our study, we identified three categories of roles that participants
envisioned for their lesson planning task: Educational Practition-
ers, Professionals outside Education, and Students. Across these role
categories, we also identified three shared expectation dimensions:
(1) Target Audience Calibration, ensuring whether AI outputs are
developmentally and contextually appropriate for students, consid-
ering factors such as prior knowledge and grade-level pedagogical
requirements; (2) Practical Implementation, addressing whether AI
outputs are usable and adoptable in real classroom settings under
practical constraints such as time, resources, and curricular align-
ment; and (3) Content Quality, concerning whether AI outputs are
factually accurate and qualitatively well established. While these
dimensions were common across all roles, their relative emphasis
and specific expectations varied by role, as summarized in Figure 3.
In this section, we describe the participants’ envisioned roles and
their expectations for each role, with more detailed examples.

4.1.1 Educational Practitioners: Pedagogical Insiders for My Work.
Our results showed that in about 55% of the roles designed by the
participants, AI was positioned as an educational practitioner for
their tasks. In these cases, AI was framed as a pedagogical insider,
not merely a generative tool, but a knowledgeable entity. It was
expected to have professional expertise in instructional design and
teaching. In detail, the following roles were identified in our study:
instructional designers who design and develop educational mate-
rials, courses, and learning experiences (e.g., Curriculum instructors,
Instructional designers at theWisconsin Department of Instruction), K-
12 teachers who educate students in primary and secondary schools
(e.g., Language arts teachers), professors who educate at the college
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- Use age/grade-appropriate language for target

- Generate engaging and creative content

- Accommodate students’ diverse 
reading levels, and cultural 
backgrounds

- Consider students’ 
developmental behavior 
patterns

- Ground creativity in 
pedagogical evidence

- Generate age-appropriate 
content and exclude 
inappropriate content

- Make complex concepts 
engaging

- Connect to students’ lived 
experiences

- Mimic student tone

- Exceed teachers’ creativity

Target Audience 
Calibration

Educational Practitioners Professionals outside Education Student

- Enable use in classroom practice

- Align with formal educational 
structures (official standards, 
pedagogical frameworks, lesson 
sequences)

- Deliver classroom-ready 
outputs with minimal 
modification in familiar formats

- Consider resource constraints in 
educational practice (cost, time, 
materials)

- Translate expertise into 
pedagogically accessible 
formats

- Offer multiple selectable 
options

- Serve as idea sources

Practical 
Implementation

- Ensure factual accuracy

- Ground in pedagogical theory
- Demonstrate domain expert-

level knowledge and educational 
applicability

- But not too high standard for 
accuracy

Content Quality

Figure 3: Summary of participants’ expectations for each role. This highlights both shared expectations across the three roles
and role-specific expectations within each dimension. In total, 44 roles were designed by participants.

level (e.g., Chemistry professors), and general educators who teach
broader audiences beyond K-12 contexts.

The educational practitioner roles were typically accompanied by
two types of role attributes. The most frequently adopted attributes
concerned the target students’ characteristics and context (79%).
These student-related characteristics included students’ language
backgrounds, academic diversity, and grade level. For instance, P2
designed a history teacher role for AI, specifying that its target
students are bilingual. Similarly, P6 designed AI as a language arts
teacher for students with various reading and ability levels. Addi-
tionally, P14 envisioned AI as a teacher of a mixed-ability class for
second-grade students. The other commonly observed role attribute
concerned the pedagogical approaches and values the role needs
to adopt or consider (38%). This characteristic was only observed

in the educational practitioners roles in our study. For instance, P5
designed a high school English educator who favors the GRR model,
an instructional model in which the teacher gradually transfers
responsibility for learning from the teacher to the students [52]. In
addition, P9 envisioned a 6th-grade science teacher committed to
providing materials that are accessible and rigorous.

Expectations on Target Audience Calibration. Among ex-
pectations for educational practitioners role, the target audience
calibration dimension accounts for 34.8% of all expectations. Specif-
ically, participants expected AI-generated content to align with
students’ developmental needs and contexts (21.1%), while remain-
ing firmly grounded in pedagogical evidence (13.7%).
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First, participants emphasized that AI-generated content should
utilize kid-friendly language appropriate to students’ developmen-
tal levels, avoiding overly professional or academic tones. Beyond
linguistic simplicity, participants expected AI to reflect develop-
mentally appropriate students’ classroom behaviors. For instance,
P14 noted that “[The learning objectives AI generated should] be easy
for second graders to read aloud.”, highlighting the expectation that
AI recognizes that second-grade learning often occurs through oral
engagement, which is prioritized over silent reading. Furthermore,
participants required AI to accommodate multiple reading levels
simultaneously. P4, for instance, expected AI to provide content
at a high school (9th grade) reading level, while providing a par-
allel version at a 5th–6th grade level. This reflects the reality of
classroom heterogeneity, where a single difficulty level cannot ade-
quately serve all learners. Additionally, P15 introduced a cultural
dimension, emphasizing that AI-generated content should be po-
tentially culturally relevant for a diverse classroom. This highlights
the need for AI to provide context-aware adaptations that mirror
the multi-layered reality of actual classrooms.

Meanwhile, participants expected AI to generate creative and en-
gaging content that remains firmly rooted in pedagogical evidence.
While for other roles, such as students (see Section 4.1.3), partic-
ipants prioritize open-ended ideation, the education practitioner
roles were required to have innovation to be pedagogically sound.
For instance, P13 and P10 rejected traditional instruction formats,
such as the fill-in-the-blank, in favor of activities rooted in learning
science that encourage students to think outside the box. How-
ever, this creativity was expected to operate within strict evidential
boundaries. Similarly, P8 stated, “I don’t expect too much creativity,
but learning objectives based on language learning research.”, un-
derscoring that creative output must not come at the expense of
pedagogical requirements. This emphasizes that AI, in the role of
an educational practitioner, is expected to act as a rigorous expert
rather than a mere generator of novel ideas.

Expectations on Practical Implementation. This dimension
accounts for 36.8% of all expectations within the educational prac-
titioner role. Participants primarily expected AI to provide outputs
that are immediately applicable in educational practice by aligning
them with formal institutional structures, rather than merely cov-
ering relevant topics (21.1%). Additionally, many envisioned that
AI in this role could significantly improve work efficiency (15.7%).

First, to facilitate seamless integration into educational practice,
participants expected the AI to use official standard terminology,
adhere to established pedagogical frameworks, and ensure coher-
ence with existing lesson sequences. For instance, P1 required AI to
generate rubrics that align with national science standards, empha-
sizing the need for consistency with institutional discourse. Beyond
standards compliance, participants expected AI to integrate content
seamlessly into their specific instructional contexts. For example,
P5 expected AI outputs to be consistent with prior lesson plans,
while P2 expected AI to utilize standardized frameworks, such as
‘SMART’, which are commonly employed by them to design clear
and effective learning objectives [22, 41, 53]. These expectations
highlight the importance of aligning AI-generated content with the
actual standards and routines of the educational field.

Meanwhile, participants sought classroom-ready outputs that re-
quireminimalmodification to enhancework efficiency. For instance,
P1 expected deliverables in formats commonly used in education,
such as Google Docs or Google Slides. Similarly, P12 preferred print-
able formats, while P3 and P9 emphasized that materials should
be ready for immediate use with little to no editing. They further
expected AI to provide multiple versions tailored to diverse student
needs, reflecting routine instructional tasks that they must typically
perform. This demand for professionally formatted, immediately
usable resources distinguished educational practitioners from other
roles, whose concerns regarding resource utility were more general
and less integrated into specific professional workflows.

Expectations on Content Quality. This dimension accounts
for 28.4% of all expectations within the educational practitioner role.
Participants primarily expected AI to ensure information accuracy
and credibility (23.2%) and maintain pedagogical integrity in its
content (5.2%).

For instance, P2 required AI to rely exclusively on provided,
verified sources to generate factually precise reading-guide notes,
reflecting a cautious stance toward potential AI-generated hallu-
cinations. Beyond such factual correctness, participants expected
AI to ensure that information is structured according to validated
instructional theories rather than being a mere collection of facts. In
other words, for the educational practitioner role, content quality
meant that the content must be both factually sound and theo-
retically robust from a pedagogical perspective. For example, P14
expected AI to create materials that incorporate the think-aloud
technique [69] to ensure that the cognitive process of the compare
and contrast concept was accurately modeled. Similarly, P15 sought
map-related hook questions that correctly activated students’ prior
knowledge, reflecting the pedagogical principle that new learning
is most effective when anchored to existing mental frameworks [3].
This contrasts sharply with the professionals outside education,
who prioritized domain-specific credibility over pedagogical accu-
racy, and the student role, which showed less concern for content
accuracy (see Sections 4.1.2 and 4.1.3).

4.1.2 Professionals outside Education: Authentic Domain Experts
for My Work. In 25% of the designed roles, AI was envisioned as
a professional outside education, bringing specialized expertise
from non-pedagogical domains into participants’ tasks. Unlike ed-
ucational practitioners who are pedagogical insiders, these roles
contribute disciplinary knowledge or technical skills from fields
such as science, business, or technology. Specifically, two types of
roles were identified in our study: subject-related domain experts,
who provide deep disciplinary knowledge (e.g., Endangered species
specialist for a biology class, Mathematician for a math class), and
task-related domain experts, who assist with professional technical
skills (e.g., secretary for collecting information, graphic designer for
ideating visual materials).

The professionals outside education roles were typically supple-
mented with three types of role attributes. The most frequently
adopted attribute were specialized fields and topics (45%). For in-
stance, P7 designed a history expert specifically focused on the
study of feudalism in medieval Europe to provide depth to her
history curriculum. Another commonly observed attribute was spe-
cialized tasks (36%). Related to this, P9 envisioned AI as a researcher
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proficient in data curation, while P3 designed a professional sec-
retary to provide structured context for gathered information. No-
tably, these task-oriented attributes were often paired with specific
workplace affiliations, such as the U.S. Fish and Wildlife Service (US-
FWS), a characteristic observed exclusively within this role category.
By contrast, attributes related to target students’ characteristics
and context were adopted in only one case, highlighting a clear dis-
tinction from the educational practitioner roles where such context
was a primary concern.

Expectations on Target Audience Calibration. Among the ex-
pectations for the professionals outside education roles, the target
audience calibration dimension accounts for 30.4% of all expecta-
tions. Specifically, participants expected AI-generated content to
be developmentally appropriate in both language and substance
(17.4%), an expectation similar to those for the educational practi-
tioner roles. At the same time, they required that domain-specialized
knowledge be presented in an engaging and appealing manner to
capture student interest (13.0%).

First, participants emphasized that even when AI operates as
an external specialist, it must produce age-appropriate material
tailored to students’ grade levels. For instance, P1 expected AI,
acting as an endangered species specialist, to utilize kid-friendly
language when presenting biodiversity case studies to students. Be-
yond linguistic simplification, participants expected AI to perform
as a content filter to ensure safety and suitability. P7, for instance,
required AI to suggest historical artifacts for middle school stu-
dents while strictly excluding profanity, overt sexuality, or violence.
Furthermore, P14 expected AI to provide several visual materials
designed for second graders, ensuring that the depicted differences
between those visuals were discernible at that age level.

Meanwhile, participants expected AI to convert complex domain
concepts into creative and engaging content that captures student
interest. Unlike the educational practitioner roles, which priori-
tized pedagogical evidence, professionals outside education were
expected to prioritize the appeal of their specialized knowledge. P4,
for example, asked AI for hydrogen bonding demonstration ideas,
expecting them to be interesting enough for students to perform at
home for others. Similarly, P12 envisioned AI as an award-winning
mathematician who could compose a song about symmetry to make
the math class more captivating. These expectations reflect a desire
for domain experts to make their specialized knowledge not just
accessible but genuinely appealing to young learners, acting as
inspirational specialists who bridge the gap between high-level
expertise and student curiosity.

Expectations on Practical Implementation. This dimension
accounts for 43.5% of expectations for the professionals outside edu-
cation role. Participants primarily expected AI to consider resource
constraints in educational practice (21.7%). Additionally, they en-
visioned that AI in this role should translate complex technical
content into comprehensible formats (13.0%) and provide multiple
options for teacher adaptation (8.7%).

First, to ensure that specialized knowledge is applicable in real-
world school settings, participants emphasized that AI must account
for the practical limitations of both classroom and home environ-
ments. For example, P4 expected AI, acting as a purchaser skilled
in cost-saving, to recommend materials for chemical experiments

that are locally available and reasonably inexpensive. She further
required that these demonstrations be doable within a reasonable
class period. Similarly, P7 noted that assessment questions sug-
gested by the AI should be easily carried out by students even at
home. This highlights an expectation that AI-generated disciplinary
content must remain feasible within the material and temporal con-
straints of actual educational practice.

Meanwhile, participants expected AI to translate complex tech-
nical content into a digestible format for non-specialist students.
P3, for instance, expected AI to provide metaphors or explanations
for programming code while assuming the AI acts as a developer in
his digital media class. This illustrates the expectation that domain
experts make their knowledge comprehensible to students who
lack a background in the field. Similarly, P15 expected AI, acting as
a children’s literature librarian, to offer ideas for deepening learn-
ing on books used in the lesson, reflecting a need for pedagogical
scaffolding to accompany domain-specific content.

Furthermore, participants sought multiple options from AI to
facilitate teacher choice and adaptation. For instance, P9 expected at
least four to five possible responses to potential student questions.
This emphasis on quantity and variety, providing teachers with a
range of options to select and adapt rather than a single prescriptive
solution, distinguishes the practical orientation of the professionals
outside education role.

Expectations onContent Quality. This dimension accounts for
26.1% of expectations for the professionals outside education role.
Specifically, participants expected AI to demonstrate professional-
level knowledge in its specialized fields. For instance, P1 expected
AI, as an endangered species specialist, to demonstrate accuracy
and credibility by providing precise information on biodiversity. In
addition, P3 expected AI to act as a developer by demonstrating
knowledge of programming languages with clear code prompts
and well-documented code for his class. Similarly, P7 expected AI,
acting as a history expert, to provide quality artifacts representing
the study of feudalism in medieval Europe. She noted that such
examples should demonstrate expertise in both the historical and
educational fields. These cases highlight a demand for dual exper-
tise, requiring AI to bridge disciplinary standards with classroom
needs. This focus contrasts with the educational practitioner role’s
priority on pedagogical accuracy and integrity (see Section 4.1.1).
It also differs from the student role, which placed limited focus on
disciplinary expertise as described in Section 4.1.3.

4.1.3 Student: A Simulated Task Target. In 14% of the designed
roles, AI was envisioned as a K-12 student representing the primary
target audience for the participants’ lesson planning task (e.g., a
current high school student). This role was typically complemented
by specific attributes related to grade levels. For instance, P6 de-
signed AI as an 8th-grade student to investigate the interests and
perspectives of that specific age group.

Expectations on Target Audience Calibration. Among the
expectations for the student roles, the target audience calibration
dimension is the most prominent, accounting for 78.2% of all ex-
pectations. Within this dimension, participants primarily expected
AI acting as students to adopt behavioral patterns and lived ex-
periences appropriate for specific grade levels (21.7%), while an
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additional 21.5% of cases focused on matching the tone and lan-
guage of students. Furthermore, 34.8% of expectations involved
generating creative and engaging content for students that exceeds
the teacher’s own imaginative capacity. Collectively, these require-
ments reflect a desire for AI to act as a lesson target proxy, which is
a simulated learner that mirrors the cognitive and linguistic realities
of the target learners.

First, participants expected AI to connect educational content to
students’ lived experiences by simulating age-appropriate perspec-
tives. For instance, P6 desired AI to suggest introductory examples
related to media and trends popular with the specified age group.
P8 further expected AI to imitate a typical 6th grader to generate
assessment questions that allow students to connect new learn-
ing with their own daily lives. By bridging academic content with
authentic student viewpoints, these expectations emphasize the
role of AI as a learner proxy that validates the relevance of the
curriculum from a student’s perspective.

In terms of language, participants emphasized that AI must adopt
the specific tone and vocabulary typically used by the target grade
level. For example, P5 expected AI’s tone to match that of a student
when generating examples for complex rhetorical concepts like
ethos, ensuring the explanation felt familiar to the learners. Simi-
larly, P11 required AI to translate learning objectives into student-
friendly language, prioritizing readability and comprehensibility
over academic jargon. These cases highlight a need for AI to sim-
plify linguistic complexity, ensuring that even high-level objectives
remain clear and accessible to all students.

Finally, practitioners expected AI to serve as a source of fresh
creativity to enhance student engagement. P6, for instance, noted
that AI should produce amore captivating list of examples than they
could brainstorm independently. Unlike the professional roles that
relied on disciplinary authority, the student role was expected to
provide engaging materials that might elude traditional teacher-led
approaches.

Expectations on Practical Implementation. This dimension
accounts for 13.0% of expectations, focusing onAI providing student
perspectives as useful idea sources for classroom practice rather
than fully polished instructional materials. In this context, partici-
pants did not necessarily require the AI to generate a final product.
Instead, they valued its ability to act as a pedagogical informant by
offering a learner’s point of view. For instance, in a Spanish class
on colors, P8 expected AI to suggest everyday situations where
native English-speaking students might have encountered specific
colors. By providing such student perspectives, AI serves as a brain-
storming partner, offering foundational ideas that teachers can then
refine to bridge abstract concepts with students’ lived experiences.

Expectations on Content Quality. The remaining 8.7% of ex-
pectations focus on the factual accuracy of AI-generated content.
Interestingly, expectations for accuracy in the student role were
lower than for other roles, such as educational practitioners. Rather
than prioritizing pedagogical or disciplinary precision, participants
viewed accuracy in this context as a matter of how well it reflects
students’ characteristics. For instance, while asking AI to generate
examples relevant to student interests, P6 noted that “The only issue
with factual correctness would be a matter of opinion, as certain shows
may be popular with some subgroups of students but not others, so

some examples may not land.” This suggests that factual precision
was less emphasized for the student role, as long as the content
remains authentic to the students’ experience.

Key Takeaways for RQ1. In summary, these findings demon-
strate that teachers envision versatile AI roles in their lesson plan-
ning, categorized into educational practitioners, professionals out-
side education, and students. While each role serves a distinct
purpose, our participants consistently evaluate their effectiveness
based on target audience calibration, practical implementation,
and content quality. These takeaways suggest that for an AI to be
truly useful for teachers in their lesson planning tasks, it must tran-
scend simple content generation by balancing disciplinary expertise
with students’ specific developmental needs and the institutional
constraints of the K-12 environment. Ultimately, the diversity of
these envisioned roles reflects the multifaceted nature of teach-
ers’ professional expertise and their desire for AI to function as a
context-aware collaborator.

4.2 RQ2: What barriers and opportunities shape
teachers’ ability to design and adapt AI roles
in practice?

Participants showed clear expectations for designing AI roles in the
lesson planning task. They expected designing a role for AI to help
with tasks that were difficult to perform alone, took too much time,
or required processing a lot of information (𝑁 = 8). They also hoped
that assigning roles to AI would help them break away from routine
thinking and generate new ideas (𝑁 = 4). These expectations were
based on the view that well-designed roles could clearly represent
the task context and the teacher’s intentions. To create these roles,
most participants started from scratch (𝑁 = 12), while five reused
roles from previous tasks, and two referenced acquaintances with
relevant expertise. However, across all these approaches, partici-
pants often faced barriers when trying to design roles that matched
their expectations. They described recurring problems alongside
opportunities that could make the design process more effective
and easier.

4.2.1 AI-Mediated Scaffolding to Surface Implicit Expectations.

Barrier. A primary barrier was the difficulty of recognizing and
expressing expectations for AI roles at the start of the design process.
Four participants reported that they struggled to identify what they
expected from the AI for each task. They were often not consciously
aware of their expectations until they observed the AI’s output
or reflected on conversations with the interviewer. This made it
difficult to decide which role to design at the outset. As P1 noted,
“Maybe I don’t know exactly what I want, but I know what it will
look like when I see it.” Similarly, P13 explained that expectations
that felt obvious internally were hard to clarify explicitly, stating,
“Things that I am thinking about, which to me are obvious, are hard
for me to clarify.” Two participants further reported having only a
vague sense of their expectations rather than a clear understanding.
P8 reflected on this challenge, saying, “It was hard when it was
something that was more of an implicit expectation. I didn’t even
realize it.”
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Opportunity. In response to this barrier, five participants sug-
gested opportunities for AI-mediated scaffolding to help surface
and clarify expectations during role design. Participants envisioned
the AI asking questions to guide them in clarifying their goals and
specific requirements for the task. As P8 suggested, “I could probably
ask the AI, ‘Can you tell me five things you need me to define?’... and
then I’d be like, ‘Okay, you’re this, you’re that.’” Such interactions
were seen as a way to make implicit expectations explicit before
committing to a particular role. This would enable more intentional
role design rather than reactive adjustment after seeing outputs.

4.2.2 Role Recommendation and Peer Reference Points to Identify
Optimal Roles.

Barrier. Even when participants had a general sense of their
expectations, many struggled to determine which AI role would
be most appropriate for a given task. Seven participants reported
difficulty identifying an optimal role and expressed uncertainty
about whether the roles they designed would yield the best results.
P4 described this uncertainty about selecting appropriate expertise,
noting, “The challenge is whether you actually have any experience
in figuring out who you could ask this to. Perhaps I didn’t pick the
exact best expert, and maybe there is someone else who would know
more about this.” Similarly, P9 questioned whether the roles they
chose meaningfully shaped the AI output, stating, “I’m just thinking
whether these are actually the best roles to tell it to get the results that
I want. Maybe it would be more valuable to have it be something else.
Maybe it would be more valuable to be a scientist who studies phase
change.”

Participants also reported difficulty deciding how much detail to
include when defining roles. Four participants struggled to find a
balance between being overly general and overloading the AI with
too much information. P5 questioned the value of extensive role
specification, stating, “One of the challenges is just knowing how
much detail to put into the role and whether there is value in spending
a lot of energy and time wordsmithing the role description when it
may or may not improve results.” While P6 expressed frustration
with being too general, P14 worried about overwhelming the AI
with too much information.

Opportunity. Participants described several opportunities to re-
duce this uncertainty. Four participants envisioned AI support that
could recommend potential roles based on task descriptions and
stated expectations. As P12 explained, “If I was not getting what I
wanted, then I would just have the conversation with AI and be like,
‘Here’s what I’m looking for, what role would you recommend?’ AI
will be like, ‘Here’s a list of roles that we recommend,’ and then I can
just pick from there.” Similarly, P15 described asking the AI for role
suggestions when working in unfamiliar topics, such as “What kind
of person can teach [this topic] really well?”

In addition to AI support, four participants highlighted oppor-
tunities to learn from other teachers’ experiences. P9 suggested
referring to roles used by peers, such as “a data table showing which
roles teachers assigned for particular expectations and the percent-
age to which the AI satisfied those teachers in its responses.” These
peer reference points were seen as a way to reduce uncertainty by
basing role selection on collective practice rather than individual
guesswork.

4.2.3 Structured and Collective Evaluation for Iterative Role Design.

Barrier. To manage uncertainty around role selection, several
participants tried to improve their AI roles through trial and error.
As P12 explained, “I’m always trying to think about what would be
the best role to put in there. I would probably see what response I get
and then switch it if I like it.” However, this strategy introduced
a further barrier related to evaluation. Four participants reported
difficulty judging whether AI outputs fulfilled their expectations,
particularly when they lacked expertise in the subject. P2 noted
the difficulty of judging accuracy when encountering unfamiliar
content, stating, “If there’s something I don’t know about, being able
to judge whether the information is accurate, being able to catch that
is tough.” Similarly, P6 described difficulty evaluating how relevant
the output was for students, stating, “I don’t exactly know what’s
super relevant for kids, so it’s hard to evaluate whether or not that is
accurate.”

Opportunity. Participants identified multiple opportunities to
help them evaluate howwell the AI performed its assigned role. Two
participants expressed a desire for structured evaluation criteria,
such as checklists or rubrics, to guide their own assessment of
whether the AI fulfilled its role. P6 suggested “Almost like a word
bank of certain criteria that I could use to evaluate it”, while P8
suggested “A worksheet or something where it’s like, ‘Make sure it
includes these three things.’” These structured supports were seen
as particularly helpful when participants lacked the expertise to
verify accuracy on their own.

Participants also emphasized the value of shared evaluation ex-
periences through teacher communities. P15 expressed a preference
for human feedback, stating, “I probably would use a human being,
to be honest, like another teacher, to say, ‘Do you think that this [AI
responses] makes sense?’” P10 similarly noted that feedback from
other teachers could help determine whether AI responses were
clear and understandable from perspectives other than their own.
Beyond human feedback, P2 suggested automated verification tools,
stating, “There could be plugin functions that evaluate whether the
information is correct or not, like a Chrome extension, a fact verifier.”

Key Takeaways for RQ2. In summary, these findings highlight
that teachers encounter persistent barriers throughout the entire AI
role design process for their lesson planning task, both before and
after designing AI roles. From the initial struggle in articulating
implicit expectations to the subsequent difficulty in evaluating AI
outputs, teachers find themselves navigating a cycle of uncertainty
that solitary trial and error cannot easily resolve. To bridge these
gaps, they desire a multi-layered support system: interactive AI-
mediated scaffolding during the design phase, access to collective
peer experiences for role selection, and standardized frameworks
or community feedback for structured evaluation. Ultimately, these
takeaways emphasize that effective AI role design requires more
than individual effort. It calls for a comprehensive infrastructure
involving intelligent assistance, teacher communities, and standard-
ized evaluation tools.

5 DISCUSSION
Our study examined how K-12 teachers envision and design roles
for AI in lesson planning, including the specific expectations they
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hold for each role. We also identified barriers that make the AI
role design process challenging and the support teachers desire
in practice. Teachers cast AI in three kinds of roles: educational
practitioners, professionals outside education, and students. Each
role is accompanied by distinct expectations regarding target au-
dience calibration, practical implementation, and content quality.
However, participants struggled to surface these expectations up
front, to decide when a role was appropriate for their intended
AI use, and to evaluate whether the AI had actually fulfilled the
assigned role. In the following sections, we connect these findings
to prior work on AI roles in the workplace and worker-centered
AI, translating them into design implications for teacher-centered
AI tools.

5.1 AI Roles as Medium for Teacher Expertise
and Pedagogical Responsibility
Management

This section discusses how AI roles can act as more than just infor-
mation about the AI’s functional capabilities. Based on our findings
in the lesson planning context, we argue that for K-12 teachers, role
design is a process of projecting their professional knowledge and
strategically managing the distribution of pedagogical responsibil-
ity between the teachers and AI.

5.1.1 Replicating Internal Expertise through AI Personas. Rather
than describing AI roles through abstract functional capabilities
such as idea generator, copy editor, or mediator, as in prior creative-
writing studies [38, 76], teachers in our study defined AI roles by
specifying professional expertise and credentials (e.g., “a profes-
sional Spanish teacher who has their K–12 license”, “an endangered
species specialist working in the US”).We argue that this role-design
practice is a process of externalizing teachers’ tacit pedagogical
expertise into explicit role specifications. Drawing on their domain
knowledge, teachers anticipate what expertise a given instructional
context demands (e.g., lesson planning). This can include subject
standards, student population, and classroom realities. They then
encode these anticipations into the AI’s role. This pattern is visible
in our findings, for instance, 79% of educational practitioner roles
included specific student population attributes, and 38% specified
pedagogical approaches such as the GRR model or think-aloud that
are typically left tacit in classroom practice. Therefore, our findings
surface how teachers design these specifications into AI’s roles,
suggesting that role design is an act of articulating knowledge that
is ordinarily left implicit in classroom practice.

This articulation resembles how professionals in other domains
embed knowledge into AI. Writer-defined AI personas configure
LLMs as imagined readers to elicit audience-specific feedback [7].
Similarly, virtual persona agents let designers brief LLMs on imag-
ined consumers for market-tailored critique [61]. Across these set-
tings, users draw on their professional knowledge to specify who
or what the AI should emulate, so that its outputs reflect the stan-
dards and constraints of their domain. Our findings extend this
pattern to K-12 teachers’ work, where teachers configure AI as peer
teachers, experts from other domains, or students, depending on
the pedagogical task at hand. The AI role thus becomes a medium

through which teachers externalize and interact with their own
professional standards.

5.1.2 Regulating Pedagogical Responsibility. ThroughAI Roles Based
on the expectations of each role, our findings suggest each role
was designed with different expectations of authority and risk in-
herent in the lesson planning process. For instance, for the edu-
cational practitioner roles, teachers expected the role should be
thoroughly grounded in pedagogical values and considerations
(e.g., Consider students’ developmental behavior patterns, Deliver
classroom-ready outputs with minimal modification). Meanwhile,
for the professionals outside education roles and student roles,
teachers anticipated that the role can play a supplementary role
(e.g., Make complex concepts engaging, Serve as idea sources). Our
further analysis shows this well. As shown in the Table 2, we ana-
lyzed for which types of tasks each of the three roles was designed
based on Keppler et al.’s four interactional modes [35], specifically
Make for me, Find for me, Jumpstart for me, and Iterate with me
1. This supports that teachers do not view these modes as purely
technical choices. Instead, they layer roles onto these modes to
calibrate the authority and risk inherent in the planning process.

For instance, educational practitioner roles were most frequently
assigned to high-stakes lesson-planning events, particularly Assess-
ing Performance (23.3%) and Informing Learners of Objectives (20%).
In the events, this role was frequently paired with the Make for
me and Iterate with me, demonstrating that teachers were willing
to delegate writing feedback on students’ performance and refine
learning objectives with AI when the AI was framed as a profes-
sional peer. In contrast, professionals outside education roles were
concentrated in Gaining Attention (41.7%) and Presenting Stimulus
(33.3%), accounting for the majority of instances where these roles
were adopted in the lesson-planning task. In the events, this role
was frequently paired with the Find for me andMake for me, demon-
strating that teachers were willing to utilize AI with domain experts
as a creative consultant for lower-stakes brainstorming. These spe-
cific combinations of role and mode allow teachers to adjust their
level of involvement based on the pedagogical significance of the
event. Our findings illustrate how teachers flexibly redistribute
pedagogical responsibility across imagined collaborators (through
AI roles) to manage the cognitive, organizational, and emotional
demands of their work. Ultimately, the choice of an AI role is a
strategic decision used to control the level of authority granted to
the system.

5.2 Considerations for Developing Supports in
Teachers’ AI Role Design

5.2.1 AI-Mediated Reflection on Teacher Expectations. Teachers
expressed a desire for AI-based assistance in role design for lesson
planning task. Specifically, they envisioned AI helping them specify
their expectations and suggesting appropriate roles in their work. In
other words, rather than requiring complete specifications upfront,
the AI should engage in iterative elicitation to surface and refine
1“Make for me” asks AI to produce fully developed content (e.g., problems, quizzes,
essays), using it as a task executor. “Find for me” seeks pre-existing facts, quotes,
or resources, treating AI like a search engine. “Jumpstart for me” asks AI to start
complex materials, such as lesson or unit plans, using it as a catalyst. “Iterate with
me” requests feedback or refinement of ideas and teaching approaches, engaging AI
as a sounding board.
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Table 2: Frequency of AI interaction mode adoptions across Gagné’s Nine Events, categorized by AI role. ‘EP’ indicates
Educational Practitioners, ‘POE’ indicates Professionals outside Education, and ‘S’ indicates Student Roles. ‘N/A’ means that
there were no roles designed for Gagné’s events.

Gagné’s Nine
Events Definition Distribution of AI Interactions

Gain attention Present introductory activities that engage learners
(e.g., Showing relevant news video) Find Iterate Jumpstart Make

S
EP

POE

Informing Learners
of Objectives

Clearly state the learning goals and outcomes
(e.g., Stating clear learning goals) Find Iterate Jumpstart Make

S
EP

POE

Stimulating Recall of
Prior Learning

Encourage learners to remember and connect previous knowledge
(e.g., Reviewing the previous lesson) N/A

Presenting Stimulus Introduce new content and information
(e.g., Introducing core concepts) Find Iterate Jumpstart Make

S
EP

POE

Providing Learner
Guidance

Offering instructions and strategies to help learners understand and
process the new content
(e.g., Offering step-by-step tips) Find Iterate Jumpstart Make

S
EP

POE

Eliciting
Performance

Have learners practice what they have learned
(e.g., Solving various practice problems) Find Iterate Jumpstart Make

S
EP

POE

Providing Feedback Give constructive feedback on learners’ performance
(e.g., Giving instant individual corrections) Find Iterate Jumpstart Make

S
EP

POE

Assessing
Performance

Evaluate learners’ understanding and skills
(e.g., Conducting final exit quiz) Find Iterate Jumpstart Make

S
EP

POE

Enhancing Retention
and Transfer

Use activities that help learners retain information and apply it to new
situations
(e.g., Applying to real-world cases)

N/A

expectations. This approach allows the system to suggest optimal
roles tailored to specific pedagogical contexts.

This process aligns with studies on intent elicitation in Human-
AI Interaction research, particularly in collaborative image genera-
tion [56, 60, 79]. These studies suggest that linear conversational
interfaces often struggle to capture abstract or vague intentions
during initial interactions [56, 80]. In this context, AI serves as a
reflective partner, helping users articulate implicit expectations
through structured interaction. Designing such AI systems requires
exploring alternative modalities beyond conventional text-based di-
alogue, such as interactive visual sliders, to crystallize vague intents.
Furthermore, the AI must demonstrate its evolving understanding
to users by providing functions such as real-time summaries of

recognized user expectations. The reflection process also needs to
ensure that newly surfaced information is dynamically integrated,
allowing the AI to adjust previous assumptions and resolve po-
tential contradictions in the teacher’s requirements. Such design
considerations can be applied to develop an AI-mediated teacher-
intent reflection process for AI role design.

However, before applying such techniques to the workplace, two
critical factors must be addressed. First, AI must be capable of map-
ping teachers’ expectations for AI behavior and outputs to specific
roles. This requires the system to possess a conceptual mapping
of pedagogical expectations and an understanding of which roles
are effective for specific goals. Our empirical findings on the three
envisioned roles can provide the foundational data for such a map.
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Second, establishing an appropriate level of teacher trust in AI-
driven role suggestions remains a critical challenge. For instance,
teachers may be reluctant to adopt suggestions if the underlying
reasoning is opaque or misaligned with their professional judgment
[34, 49]. Conversely, if teachers over-rely on AI, they might adopt
suggestions without sufficient critical consideration [19]. Therefore,
future research should investigate how to present clear reasoning
for role suggestions based on the established role-expectation map.

5.2.2 Community-Driven Role Libraries for teachers’ AI Role Design.
Teachers desired to learn from the role design experiences of their
peers by envisioning shared repositories where they could see
which roles were used for similar tasks and assess their effectiveness.
Even when teachers had a clear sense of their expectations, they
often remained uncertain about whether they had chosen the most
appropriate role, such as a scientist versus a curriculum coach
or a student, and frequently oscillated between roles that felt too
vague or over-specified. This indicates a need for community-driven
role libraries where teachers can contribute, discover, and adapt
role templates proven effective for specific tasks. Unlike generic
prompt libraries, these repositories should be contextualized within
educational practice and enriched with peer feedback.

To develop such libraries, we propose two primary design consid-
erations. First, role recommendations must be grounded in teachers’
specific tasks and lesson structures. For instance, LessonPlanner
[23] uses Gagné’s events to scaffold novice teachers through lesson
planning, improving both plan quality and workload compared to
a generic ChatGPT interface. Our role taxonomy builds on this
by proposing specific identities for a given task, such as a subject-
matter expert for presenting new content or a simulated student
for generating practice examples.

Second, to facilitate the search for contextually relevant start-
ing points, roles should be indexed by subject, grade level, and
Gagné’s event. Role templates should include explicit “slots” for
grade levels, standards, and local curriculum terms that teachers
can easily adapt. Furthermore, metadata and warnings should flag
potential representational issues, such as Western-centric exam-
ples or narrow cultural references, to prompt critical review. These
needs for templates align with broader research calling for struc-
tured ways to define and share AI personas across contexts while
addressing the risks they pose [7, 78]. Design research also warns
that AI-generated personas can encode stereotypes or overly posi-
tive profiles when created without real user data, highlighting the
importance of human oversight [58].

These suggestions extend a long tradition of workers turning
to online communities of practice to collectively make sense of
new tools. For example, software developers rely on Q&A sites
to share heuristics and “warning stories” when adopting AI code
generators [12], while public servants and health workers use vir-
tual communities to troubleshoot complex, situated problems [8].
Similarly, teachers have long used professional learning networks
to share lesson ideas and co-develop practice [21]. By applying this
lens to AI role design, we treat role libraries as practitioner-run
infrastructures that transform AI configuration into a shared and
ongoing professional practice.

5.2.3 Scaffolding Evaluation Checklist on AI Role Fulfillment in
Work. Teachers in our study faced a difficult challenge in evalu-
ating whether the AI actually fulfilled its assigned role. This was
especially difficult when the role required expertise outside the
teacher’s own domain, such as serving as a museum curator. Our
findings support growing calls in the field of HCI to move beyond
narrow, model-centric metrics toward human-centered evaluations
situated in real-world contexts [14, 37, 59, 71, 72]. These researchers
argue that, rather than relying on benchmark scores, we should
evaluate AI by howwell it fulfills specific human goals and needs. In
our setting, this means that evaluating role fulfillment requires dis-
tinct criteria for each role. For instance, in educational practitioner
roles, teachers can assess alignment with pedagogical standards
and the potential for time savings. For roles representing profes-
sionals outside education, they can verify the practicality of the
domain knowledge and its logistical feasibility. For student roles,
the focus shifts to the authenticity of the voice and the prevention
of social harm. These role-specific criteria can also serve as design
guidelines for developing role-based AI systems tailored to each
domain [33].

Beyond these functional criteria, a teacher’s judgment is also
shaped by how errors feel, not just their frequency. Research on
perceived accuracy shows that somemistakes undermine trust more
than others, even at similar error rates [50]. Our data shows that
teachers view certain failures as serious violations of professional
standards, even when the factual content is mostly correct. For
example, a student persona giving an unrealistic response or a
practitioner role ignoring classroom constraints was experienced
as amajor breach of role expectations. These qualitativemismatches
often damaged trust more than simple factual slips.

To address both the functional and qualitative challenges of role
evaluation, we propose integrating role-specific evaluation scaffolds
directly into AI tools. After the AI produces an output, the interface
could display a brief checklist tailored to that specific role. For a
student role, it might ask whether the tone sounds authentic or
whether the examples are stereotypical, thereby directly addressing
the qualitative mismatches that undermine trust. Teachers could
then quickly mark specific issues such as “too advanced”, “not
culturally relevant”, or “logistically infeasible”. These annotations
would help teachers refine their own work while also providing
valuable feedback to community role libraries and system audits.

6 LIMITATIONS AND FUTUREWORKS
First, as an exploratory study, our investigation reflects AI role
conceptualizations elicited through a structured, scaffolded task
rather than teachers’ spontaneous, everyday views of AI. Future
work could adopt more naturalistic methods, such as ethnographic
or longitudinal studies, to complement these findings. Second, we
focused on lesson planning because it encapsulates the complex-
ity of teaching practices, but teachers’ AI role expectations may
differ in other professional contexts. Future work will extend this
investigation to areas such as student advising, assessment, or par-
ent communication. Third, our study involved 15 teachers from a
specific national and linguistic background who were already ex-
perienced with LLMs. Future studies could examine how teachers
across more diverse populations, including educators with less AI
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experience from diverse national and cultural backgrounds, as well
as those at different career stages or AI literacy levels, envision AI
roles and articulate their expectations. Fourth, we did not examine
iterative dynamics such as changes in teachers’ lesson-planning
confidence after the AI role design task or how AI response quality
shaped their subsequent role reformulations. Future studies can
explore this feedback loop to better understand how hands-on AI
role design shifts teachers’ self-efficacy and refines their design
strategies over time.

7 CONCLUSION
We investigated how teachers design AI roles for lesson planning
through an interview study. In our findings, we identified teacher-
envisioned AI roles in their lesson planning task and revealed their
nuanced expectations for each. In addition, we identified the chal-
lenges they faced and the support they sought to address them in
AI role design. Our work provides an empirical foundation and
actionable insights to guide teachers to AI role design process. Ulti-
mately, our research underscores the need to support teachers as
they translate their expertise into AI roles, ensuring they realize
the full benefits of AI integration in their work.
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APPENDIX   

Task Background 

Gagné’s nine events of instruction are known as a guiding framework for teachers when planning lessons. 
Below, you will find a list of the nine events, definitions for each, and an example of a rough lesson plan. 
* The lesson topic in the example is the introduction of the concept of force in a 7th grade physics class. 

 

Event name Definition of event Example of a rough lesson plan for each event 

Gain attention 
Present introductory activities  
that engage learners 

Start with open-ended questions or simple case scenarios  
to spark curiosity about force 

Informing Learners of 
Objectives 

Clearly state the learning goals and outcomes  Provide a student-friendly list of learning goals 

Stimulating Recall of Prior 
Learning 

Encourage learners to remember  
and connect previous knowledge 

Ask questions to help students recall concepts  
from the previous lesson, such as motion or speed 

Presenting Stimulus Introduce new content and information 
Provide a clear and age-appropriate definition of force  
for 7th grade students 

Providing Learner 
Guidance 

Offer instructions and strategies to help 
learners understand and process the new 
content 

Share real-life examples to activate  
students’ prior understanding 

Eliciting Performance Have learners practice what they have learned 
Facilitate a discussion session where students connect the 
concept of force to real-life situations 

Providing Feedback 
Give constructive feedback  
on learners’ performance 

Offer sample student answers and provide feedback using a 
simple checklist while walking around the classroom 

Assessing Performance Evaluate learners’ understanding and skills 
Distribute a worksheet or administer a short quiz  
with relevant questions 

Enhancing Retention and 
Transfer 

Use activities that help learners retain 
information and apply it to new situations 

Assign a homework activity to reinforce and extend learning 

Figure 4: Introduction to lesson planning via Gagné’s nine events of instruction.
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Pre-Task introduction 

Lesson topic : Introducing the concept of biodiversity and species conservation  
to 12th grade students for a biology class. 

- Task(1) : For each event, please write a rough lesson plan in ‘one sentence’. It doesn’t need to be perfect, just a 
rough plan is enough. 
 

- Task(2) : Suppose you are going to turn each rough plan into a more detailed one. You can include what exactly you 
will say or do, what kinds of examples, questions, and content you will use, how you will make your explanations 
student-friendly, and how students will participate in each event. As you develop your rough plans into detailed 
ones, list one to two purposes for which you plan to use an AI (even if only once or for a simple task) for each 
event. 
   Example of purposes)  
 To create a creative and effective force-related example for 7th grade students, To get ideas about anticipated student  
 answers to force-related questions, To identify difficult words for 7th grade students in written learning objectives 
You don’t need to write a purpose for every event. Leave the cell blank for any event where you do not plan to 
use an AI during this process. But across all nine events, aim to list at least five purposes in total. 

 

Event name A rough lesson plan for each event 
(Task 1) 

For what purpose would you use AI? 
(Task 2) 

Gain attention 
 

 

Informing Learners of 
Objectives 

 
 

Stimulating Recall of Prior 
Learning 

 
 

Presenting Stimulus 
 

 

Providing Learner Guidance 
 

 

Eliciting Performance 
 

 

Providing Feedback 
 

   

Assessing Performance 
 

 

Enhancing Retention and 
Transfer 

  

 

Figure 5: Pre-Interview tasks on rough lesson planning and reflection on AI usage purposes.
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Main Task 

Lesson topic : Introducing the concept of biodiversity and species conservation  
to 12th grade students for a biology class. 

- Task : Write down the role(s) you will assign to the AI. You may refer to any sources when designing the role (e.g., 
another AI, Google, sample prompts, or characteristics of acquaintances). You may also refer to the screenshot of the 
role prompting introduction slide below. 

 

 

A rough lesson plan 
 for each event 

For which purpose would you  
assign the roles to an AI? 

What role(s) will you assign to the AI for the purpose? 

 
  

 
  

 
  

 
Figure 6: AI role design task.
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Main Task 

- What do you expect from the AI’s response when it’s performing an assigned role?  
ex) How feasible is the suggested idea?, How understandable and engaging is the content for students?,  
How creative is the response?, How well does the content fit the teaching context?, How factually correct is the 
content? 

 

For which purpose would you  
assign the roles to an AI? 

What role(s) will you assign  
to the AI for the purpose? 

What do you expect from the AI’s response when 
it’s performing an assigned role? 

   

   

   

 
 
 
 

Prompt for AI 

1  

2  

3  

 
Figure 7: Expectation elicitation and validation task.
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