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Abstract

While many computer science (CS) curricula exist for K-8 class-
rooms (students ages 9-13), curriculum design has been largely
led by research groups and organizations. To empower teachers to
adapt CS curricular materials to their local contexts, recent research
has explored ways to support teacher-led curriculum design.

This paper introduces CONJUROR, the first generative Al tool (to
our best knowledge) that assists teachers in every step of customiz-
ing a fully-featured lesson (with a Scratch project and student-facing
worksheets) for a CS curriculum. We describe how CONJUROR uses
Al to scaffold and streamline the process while providing teacher
agency to leverage their expertise and knowledge. We then present
results from 44 elementary and middle school teachers using Con-
JUROR during a professional development workshop. Using inter-
action logs and survey data, we found that CONJUROR was time
efficient and had high teacher-perceived output quality. In addition,
features for teacher agency led to a variety of teacher use patterns.
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1 Introduction

While there is a growing library of introductory computer science
(CS) curricula that situate in learners’ contexts, no single curriculum
can resonate with all learners. Teachers, with intimate knowledge
of their own classrooms [24, 27, 35], are best positioned to sustain
existing curricula by customizing them to their local contexts. One
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approach to customize a CS curriculum involves teachers choosing
a theme that connects with their students, and incorporating it
into the technical materials, such as sample Scratch projects and
explanations of CS concepts [10, 12, 40]. However, customizing
instructional materials can be time-intensive and challenging, given
the many time constraints teachers face [7, 38].

This paper introduces CONJUROR, an Al-powered tool that helps
teachers create customized materials that align with a Use-Modify-
Create Scratch curriculum [13]. The tool provides structure and
suggestions throughout the process (from brainstorming themes
and project ideas to creating a functional Scratch project and stu-
dent worksheets). Our overarching goal is to support teachers in (1)
producing high-quality materials in a short time (less than 30 min-
utes) so it is feasible to complete during normal class preparation
time, while (2) leveraging teachers’ expertise about their students,
schools, and local communities, and (3) allowing them to remain in
control of how and where Al-generated content is adopted.

We present the design and evaluation of Conjuror (RQ1, RQ2),
as well as explore how teachers use such a tool (RQ3). Following a
curriculum workshop, teachers spent 1.5 days learning about lesson
customization and working with CoNJuRoR. The study was guided
by the following research questions:

e RQ1: Was the customization process time efficient?

e RQ2: To what extent did teachers perceive the quality of
Al-generated suggestions?

e RQ3: What were the patterns in how teachers interacted
with the tool and its Al-generated suggestions?

2 Background and Related Work

We first situate our work at the intersection of K-8 CS curriculum
development and the emerging uses of generative Al (GenAl) for
CS class preparation. We then discuss the tension between teacher
agency and automation before justifying our approach to design a
sustainable Al tool to augment curriculum customization process.

2.1 K-8 CS Curriculum Development

The expansion of CS in K-8 has led to a growing library of fully-
featured curricula designed for young CS learners [3, 13, 19]. How-
ever, much work on CS curriculum development has relied on
expertise outside of the classroom, often led by researchers through
research-practitioner partnerships [5, 6, 16, 20, 30]. While result-
ing in curricula that align to state standards and incorporate the
cultures and experiences of the target populations, prepackaged
materials cannot always resonate with all students. Teachers know
their students, schools, and communities best and therefore can
customize a curriculum to their local contexts [10, 14, 37]. How-
ever, curriculum customization can be challenging, especially in
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CS where many teachers do not have both sufficient content and
pedagogical knowledge [42]. Further, teachers typically do not have
the bandwidth to fully use their localized expertise to inform the
design of the materials they teach [7, 38].

To support teacher customization, some researchers have iden-
tified challenges teachers face when customizing Scratch-based
materials from an introductory CS curriculum (e.g., excessive time
investment, adding complexity) and co-designed scaffolds for them
(e.g., step-by-step guidance, planning sheets) [40].

2.2 Generative Al for CS Class Preparation

Preparing classroom materials is laborious, even for experienced
instructors. These materials include both instructor-facing materi-
als (e.g., sample solutions, test code) and student-facing materials
(e.g., coding assignments, code explanations).

At the college level: GenAl has been used to help CS instructors
create classroom materials in bulk, such as worked examples [22],
programming exercises [21, 34], and code explanations [23, 26] for
text-based languages. Another way CS instructors can leverage
GenAl is in the creation of materials on demand by students, such
as contextually personalized programming problem descriptions
and code solutions [8, 25] or personalized Parson puzzles [18].

At the K-8 level: While GenAlI has been an intriguing topic
[32], very little work has explicitly studied how GenAI can support
K-8 CS teachers in preparing Scratch classroom materials. Prior stud-
ies found that while GenAlI can help teachers brainstorm creative
Scratch project ideas, they often suffer from code complexity, syn-
tax, grading inaccuracies, and cultural insensitivity issues when
used for curriculum design or auto-grading [15, 39].

2.3 Teacher Agency vs Automation

Despite potential benefits, the integration of GenAl into classroom
preparation presents a tension: as Al systems become more capable
of automating routine pedagogical work, automation may under-
mine teacher agency [4, 28]. This provides a lens through which
researchers and tool designers can situate their interventions: Al
tools should “complement” (not replace) teachers’ expertise and re-
sponsibilities [17, 36]. Endorsing this design approach, Ravi et al.
conducted a study where they co-designed GenAl tools with teach-
ers and proposed positioning GenAl as a brainstorming partner and
workflow scaffold [33]. Teachers should play an active role; they
specify contextual anchors (e.g., learning goals, selected standards)
for the Al to generate project ideas and lesson components that
they would then revise rather than accept wholesale. The design of
our tool is guided by this human-Al complementary approach.

2.4 Design-Based Implementation Research

Design-Based Implementation Research (DBIR) is an approach to or-
ganize research projects to address practical challenges that require
a substantial solution or change in practices [31]. It emphasizes
(1) a focus on practical problems from stakeholders’ perspectives,
(2) iteratively co-designing with stakeholders, (3) development of
knowledge and theory to support the solution implementation,
and (4) promoting a sustainable and scalable change [11]. Guided
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by DBIR principles, our work aims to address the persistent time-
management challenges in curriculum customization with a sus-
tainable and scalable technological solution by engaging teachers
in the design and evaluation of CONJUROR (detailed in Section 3.2).

3 Introducing CONJUROR

We begin by describing the lesson customization process, followed
by our approach to develop an Al tool to streamline the customiza-
tion. We then detail CONJUROR components and functionalities.

3.1 Lesson Customization Process

We use Scratch Encore, a Use-Modify-Create Scratch CS curriculum
for upper elementary and middle school classrooms (students ages
9-13) [13], as the base curriculum for ConjuRrOR. This curriculum
was chosen because for each module, it provides three sample Use-
Modify projects and accompanying student-facing worksheets for
teachers to choose from. The three sample projects have nearly
identical code with different themes. Each module, teachers first
introduce the CS topic/concept. Students then explore and modify
the code of the provided sample Use-Modify project before applying
that concept to implement their own Create project.

The purpose of CONJUROR is to customize this sample project to
a teacher’s local context. For example, Figure 1 depicts an original
sample project in Scratch Encore featuring a cute race between
a bee and a snake with a stationary animated monkey. A teacher
customized this to be a winter bazaar (a local event and his students’
favorite holiday — Christmas) with a moving train and horse and
carriage with a stationary animated snowman.
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Figure 1: Original vs teacher-customized lesson materials

An efficient method for customizing a Scratch Encore module
involves several steps. First, the teacher chooses a module (e.g., Ani-
mation) and a theme they want to integrate into the module’s lesson
materials (e.g., Christmas, pest patrol on Minnesota corn farms).
They then think of a scenario involving the new theme that has
the same movements and actions as the original/base sample projects
provided by the curriculum. Next, the teacher remixes a base project
(using the ‘remix’ option in Scratch) and “reskins” it (swapping
out sprites and backdrop with new ones related to the new theme),
reusing the base project’s code with some minor changes such as
image size, sprites’ starting location, and text/number inside some
blocks. Finally, they update the student worksheets (e.g., change
images, edit sprite names) to match their customized project.
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Figure 2: Lesson customization process with CONJUROR

3.2 Tool Design and Implementation

CoNjuROR emerged from a multi-year research project that em-
powers K-8 educators to create customized CS materials for their
classrooms [40]. Initial phases revealed that while teachers valued
customization and were able to achieve it through scaffolding and
professional development (PD) support, manual customization was
unsustainable during the school year due to time constraints. Har-
nessing the breakthroughs in GenAl, this work has culminated in
ConjuRoR. The tool was designed to mitigate several drawbacks in
using GenAl tools in the K-12 setting. Our key design goals are:

e Retain Teacher Agency: To address concerns of cultur-
ally insensitive results [1, 9], teachers should make final
decisions; the CoNJUROR interface should permit (1) directly
using, (2) editing, and (3) replacing generated output.

¢ Reuse Existing Code: CONJUROR reuses the code of exist-
ing projects in the base curriculum to avoid errors in Al-
generated Scratch code [15]. Generated project ideas closely
match with the base project so that they can be implemented
by merely swapping out graphical assets.

e Require No Prompting: To support novice GenAl users
[2,29,41], Al prompts are integrated into the tool and specific
to each Scratch Encore module!. CONJUROR serves as an
interface for teachers to provide details to refine the prompts.

We piloted early versions of CONJUROR with two cohorts of teach-
ers, recorded their feedback, and iteratively improved the tool and
implemented new features to support teachers’ use patterns.

3.3 Tool Overview

Figure 2 depicts the workflow in ConjuROR. The tool guides teach-
ers through each step, prompting them for inputs, offering sugges-
tions, and asking them to accept, edit, or reject the suggestions.

(0) Setup: The first time a teacher uses CONJUROR, they create a
classroom profile with geographical and demographic characteris-
tics of their classroom and students.

(1) Module: The teacher selects a module to customize.

(2) Approach: The teacher selects from three customization
approaches?: (a) local / school contexts or students’ interests, (b)
holidays or students’ cultural traditions, and (c) an academic subject.

(3) Theme: CoNyUROR combines the classroom profile and approach-

specific questions to generate 10 theme suggestions.

(4) Project Idea: CoNJUROR suggests four project ideas aligned
with both the chosen theme and the technical requirements of
the chosen module. Each idea includes a title, a description of the
backdrop, and descriptions of each sprite’s attributes and actions.

1Some prompt details and evaluation results are published in a different paper [39].
2 Approaches based on teachers’ use patterns observed in early pilot studies.
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(5) Images: CoNJUROR first suggests sprite and backdrop images
from the Scratch asset library. The teacher may then choose to
generate new images, and they are given the option to edit a pre-
populated prompt. For human sprites, the teacher can also select
modifiers for gender, age group, and skin, hair, and eye color to
better reflect their students’ demographics.

(6) Student-Facing Materials: CONJUROR integrates the se-
lected images into a base project from Scratch Encore. The base
project’s code is reused; only images are swapped out. The teacher
can upload the resulting project to Scratch and make additional mi-
nor edits as needed (e.g., add sprite costumes, adjust sprite size and
starting position, or change values in code blocks). CONJUROR also
integrates sprite images and names into the student worksheets
(Google Docs and Forms) and emails them to the teacher.

In selecting AI models, we used OpenAI's GPT-40 mini for text
and Stability AT’s Stable Image Core for images. Both were cost-
effective and offered the rate limits needed to support multiple
teachers using the tool simultaneously at the time of our study.

4 Methods

To evaluate CONJUROR, we conducted an IRB-approved user study
integrated into a PD workshop. This section details the participants,
training, and specific tasks teachers performed using the tool.

4.1 Participants and Training Procedure

Our multi-day PD workshop was designed to ensure all participants
had a foundational understanding of the base curriculum before
introducing CoNyuRroRr. The PD involved two cohorts of teachers
from across the U.S. Cohort 1: 15 teachers who had previously taught
Scratch Encore recruited via curriculum download registration.
Cohort 2: 29 teachers who had taught Scratch, but not Scratch
Encore, recruited via mailing lists for educators across the country.
Curriculum Workshop To establish a baseline of curriculum
knowledge, 29 new teachers attended a 3-day intensive workshop
covering the pedagogical approaches and materials of Scratch En-
core, 15 experienced teachers received a half-day refresher session.
CoNjuroR Workshop Both cohorts then combined for a 1.5-day
workshop focused on using CONJUROR to customize Scratch Encore
materials to reflect the characteristics of their students or existing
curricular priorities at their school. The CoNjuroR workshop was
split into two portions: introduction and hands-on use.
Introduction (0.5 Day) We first defined and discussed motivating
factors for lesson customization. Teachers then did a brainstorming
exercise to generate potential themes and project ideas themselves,
before being shown a step-by-step demonstration of CONJUROR.
Hands-on Use (1 Day) Finally, teachers customized two Scratch
Encore modules with CoNJUROR: Animation and Conditional Loops.
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Animation Module: After a live CONJUROR demo and tutorial on
refining a generated Scratch project, teachers used CONJUROR to
create and refine a customized Animation project. Next, they had a
live tutorial on refining the generated student worksheets. Teachers
then practiced refining their customized Animation worksheets.

Conditional Loops Module: In the final PD session, teachers ap-
plied the full workflow independently. They used CONJUROR to
customize the Conditional Loops module. Teachers were tasked
with refining both the generated Scratch project and the accompa-
nying student worksheets to ensure they were classroom-ready.

4.2 Data Collection and Analysis

CoNJUROR was instrumented to log all teacher interactions with
the tool, enabling complete reconstruction of each teacher’s cus-
tomization workflow from initial login to project completion.

4.2.1 Logged Events and Attributes. The logging system captured
the following information for each interaction:

Action Type: The specific action taken by the teacher (e.g.,
answering background questions, accepting or editing suggestions,
generating new images, downloading a final project).

Content Origin: Whether the content presented was generated
by ConjuROR or directly inputted by the teacher, allowing us to
distinguish between teacher-provided ideas and Al-generated ideas.

Modification History: All edits and refinements made to Al-
generated suggestions, including the number of revisions and the

specific elements modified (e.g., theme descriptions, sprite attributes).

Image Generation: The frequency and context of image gener-
ation requests, including how many times a teacher regenerated
image options, whether they selected from suggested Scratch im-
ages suggestions or generated new Al images, and any prompt
modifications made to the image generation interface.

Time Metrics: Timestamps for all actions, enabling calculation
of time spent on individual components and full start to finish use.

Navigation Flow: The sequence of steps taken, including any
deviations from the standard workflow (e.g., revisiting prior steps).

4.2.2  User Feedback. Before downloading their projects, teachers
were prompted to provide feedback on the quality of Al outputs in
CoNJUROR using three 5-point Likert items. They rated the (1) theme
suggestions, (2) project idea suggestions, and (3) Al-generated im-
ages on a scale ranging from ‘Very Poor’ to ‘Very Good.

4.2.3  User Flow Reconstruction. The complete interaction log for
each teacher permits detailed analysis of their customization path-
way. By replaying the sequence of logged events, we can recon-
struct the exact state of each teacher’s work at any point in time,
including which suggestions were retained, refined, or replaced,
and how teachers navigated decision points within the tool. This
fine-grained data enables analysis of user behavior patterns.

5 Results

This section presents findings from our evaluation of CONJUROR.
We first evaluate the efficiency of the customization process (RQ1),
followed by teacher perceptions of the quality of Al-generated
content (RQ2). Finally, we describe emergent patterns in teachers’
interactions with the Al tool during our PD workshop (RQ3).
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5.1 Time Efficiency

Finding 1: The majority of customization sessions (92.3%) were
completed within 30 minutes (not counting offline refinements).

On average, teachers spent less than 15 minutes on from the mo-
ment they loaded the tool to when they downloaded the project and
worksheets. Table 1 summarizes the detailed time-on-task. Specifi-
cally, 51/78 sessions (65.4%) took less than 15 minutes, 21/78 (26.9%)
took between 15 and 30 minutes, and 6/78 (7.7%) took between 30
and 45 minutes. There were two main sources of longer sessions.
First, the load caused slower responses to Al generation requests,
especially image generation. Second, teachers could enter breakout
rooms to ask questions and chat with facilitators during the PD.

Table 1: Distribution of total customizing time and average
time teachers spent on major components of CONJUROR.

Total Time | Count Component | Avg. Time
< 15 min. 51 Theme 2.05 min.
15-30 min. 21 Project Idea 3.29 min.
30-45 min. 6 Images 8.83 min.

A detailed look at the individual components shows that image
generation took the most time (8.83 minutes). Creating the class-
room profile only took about 25 seconds, and this step was required
only in teachers’ first use of CoNyurROR. Theme and project idea
generation took an average of 2.05 and 3.29 minutes respectively.

5.2 Output Quality

Finding 2: Teachers generally perceived Al suggestions as meet-
ing or exceeding expectations across all three components.

Figure 3 depicts the teachers’ ratings of Al suggestion quality
across three major components of CoNJuroR. Theme and project
idea quality was more favorable than image quality. In particu-
lar, the majority of the ratings for generated themes was ‘Good’
(30/75, 40%), ‘Acceptable’ (28/75, 37%), and ‘Very Good’ (15/75, 20%).
Only two themes (3%) were rated as ‘Poor’ and none was rated
as ‘Very Poor’. Ratings for project idea quality followed a similar
pattern, with the majority falling into ‘Good’ (28/78, 36%), ‘Accept-
able’ (27/78, 35%) and ‘Very Good’ (19/78, 24%). Only four generated
project ideas (5%) were rated as ‘Poor’ and none was rated as ‘Very
Poor’. In contrast, ratings for generated sprite and backdrop images
were more mixed. While many teachers still rated image quality as
‘Acceptable’ (29/78, 37%), ‘Good’ (19/78, 24%), or ‘Very Good’ (11/78,
14%), there was a larger proportion of negative ratings: 19% (15/78)
was rated ‘Poor’ and 5% (4/78) was rated as ‘Very Poor’.

Additionally, our investigation of system logs revealed com-
plementary patterns in teacher perceptions of Al output quality.
Figure 4 shows the percentage of the time a teacher proceeded
to a subsequent step or returned to a previous step when getting
Al suggestions from each component in CONJUROR for the first
time. Specifically, teachers returned more frequently when generat-
ing images (32% total), significantly higher than when generating
project ideas (12% total) and themes (1% total). The most common
returning path was from the images to the project idea step (31%).
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Figure 4: Overview of teacher progression when getting AI
suggestions in each CONJUROR component for the first time

5.3 Usage Patterns

A major design decision was the level of teacher agency. For reasons
described in Section 2, all steps in CoNJUROR allowed teachers
to accept, edit, or reject the Al suggestions, allowing full teacher
agency. In this section, we explore how teachers used this agency.

5.3.1 Retain, Refine, or Replace? We first categorized teacher deci-
sions relating to Al-generated suggestions into: (1) Retain — using
the Al suggestion directly, (3) Refine — editing the Al suggestion,
or (3) Replace - replacing the Al suggestion with their own idea or
returning to a previous step to repeat the process. Figure 5 depicts
the percentage of teacher decisions, separated by step.

M Retain Refine M Replace No Al Use
100 T —

39%

89%
65% 61% 69%

Themes Project Ideas Images AVERAGE
(n=81) (n=147) (n=127)

80% 7

60% 1

40% A

20%1

Percentage of decisions

0% -

Figure 5: Percentage of accumulative decisions on Al uses
teachers made within each step in CONJUROR

Finding 3: Teachers largely retained text-based Al suggestions,
but they refined the more detailed project ideas more often than
the high-level themes.

Theme and Project Idea Generation have similar interfaces, re-
vealing text-based Al suggestions and allowing teachers to refine
or replace them. For the Theme step, the teacher can also start
with their own theme instead of using the Al During theme gen-
eration, teachers overwhelmingly retained Al-suggested themes
(72/81, 88.9%) rather than not using Al (3/81, 3.7%), refining (2/81,
2.5%), or replacing (4/81, 4.9%). Project ideas, however, are much

454

ITiCSE 2026, July 10-15, 2026, Madrid, Spain

more detailed, with a “storyline” that places the theme into a project.
Teachers refined (38/81, 25.9%) and replaced (13/147, 8.8%) many
more Al-suggested project ideas than themes. However, they still
most often retained the Al suggestions (96/147, 65.3%).

Finding 4: Providing image generation beyond Scratch assets is
an important feature. However, there is room for improvement,
as evidenced by teacher feedback presented earlier.

Image Generation uses Al in two ways. First, Al identifies the
images from the Scratch asset library that most closely fit the de-
scription. A teacher can choose to retain one of those or seek a
custom Al-generated image. Only if they reject the Scratch assets,
do they go into the image generation interface and receive those
images. Within the tool, though, teachers can neither refine the im-
ages nor replace them with images from the Internet. However, they
could do so in Scratch afterwards, changes we are unable to track.
Teachers retained the Al-suggested Scratch assets or Al-generated
images 60.6% (77/127) of the time and replaced them (by return-
ing to a previous step to repeat the process) 39.4% (50/127) of the
time. Finally, though not depicted in the figure, in the final projects
teachers downloaded, 54% (194/359) of the selected images were
from the Scratch library and 46% (165/359) were Al-generated.

5.3.2  Customization Pathways. Not only do teachers make deci-
sions at individual steps, they can also revisit previous steps if
they are unhappy with the direction the suggestions have gone.
By reconstructing user flows, we identified six approaches that
influenced teachers’ customization pathways, split between linear
(never revisiting a prior step — 60.3%) and cyclic (revisiting at least
one prior step — 39.7%). Table 2 shows the classification of pathways
teachers took, with illustrative flowcharts and statistics.

Finding 5: Teachers tended to follow a streamlined process with-
out refining AI suggestions. However, it is important to provide
the flexibility for those to want to actively curate content.

Linear Al-only was the dominant pathway (33/78 sessions,
43.3%). Teachers who followed this pathway never revisited a prior
step and retained all Al suggestions. Linear refinement included
teachers who never backtracked and refined Al suggestions or
replaced them with their input every time there was an option to
do so (in the Theme and Project Idea steps). No teachers in our
study followed this pathway exclusively. Instead, 14/78 sessions
(17.9%) followed a hybrid linear pathway — retaining some Al
suggestions while refining or replacing others.

Finding 6: Teachers tended to backtrack to regenerate Al sug-
gestions without refining their prior choices to get better results.

Cyclic repetition was the second most common pathway (22/78
sessions, 28.2%). Here, teachers revisited prior steps but always
retained their original choice, only returning so that the Al would
give a new set of suggestions in the later steps. Cyclic refinement
was seen in 3/78 sessions (3.8%), and in all of them, the teachers
returned to the Project Idea step and edited the project description.
Finally, 6/78 sessions (7.7%) demonstrated a hybrid cyclic pathway
- mixing both repetition and refinement when revisiting prior steps.
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Table 2: Classification of teachers’ customization pathways in CONJUROR with simplified, illustrative flowcharts

Category Ilustrative Flowchart Singular | Hybrid
Retain Al Retain Al Retain Al 33
« | Al-only theme project idea image suggestions
s (43.3%) 14
-E Refine Al Refine Al Retain Al 0 (17.9%)
Refinement theme project idea image suggestions (0%)
Retain Al Replace Al Retain Al
Repetition theme project idea image suggestions 22
9 A T (28.2%)
s 1 6
Q
5 Retain Al Refine Al Replace Al (7’7%)
Refinement theme project idea image suggestlons 3
r (3.8%)

In practice, teacher interactions with CONJUROR could look more
complex than what shown in Table 2. Figure 6 illustrates a hybrid
cyclic pathway taken by Rose (pseudonym), a teacher in our study.
Rose revisited the Theme step twice — once from Project Idea (red)
and once from Images (yellow). Both times, she attempted to gen-
erate more Al suggestions for later steps without changing her
original theme (cyclic repetition). She finally revisited Project Idea
once (blue) to edit the backdrop description before generating more
Images (cyclic refinement). This session took about 37 minutes.

— 1st loop — 3rd loop
v : y :
Retain Replace Refine Replace
theme project idea project idea images

Figure 6: A hybrid cyclic pathway taken by a teacher

6 Discussion

Our goals for this study were to (RQ1) assess CONJUROR’s time effi-
ciency, (RQ2) understand teacher perceptions of Al output quality,
and (RQ3) explore patterns in teacher-Al interaction. We hope that
this study will fill the gap and lead to further research into how
GenAl can support K-8 CS teachers preparing classroom materials.

For RQ1, most teachers were able to customize within 30 minutes,
even though it was their first time using CoNjuroR. This time effi-
ciency is very promising because curriculum customization is time-
intensive and challenging, especially during the school year when
teachers have many other responsibilities and time constraints
[7, 38]. Specifically in CS, prior work has shown that even veteran
teachers (with extensive Scratch experience and understanding of
a curriculum) face technical and time-management challenges in
customizing [40]. Having a streamlined tool that leverages both the
computing powers of GenAl and the CS content and structure of
an existing curriculum can significantly reduce customization time
and effort, while ensuring the quality of resulting materials.

For RQ2, teachers were generally positive of the Al suggestions in
CONJUROR, but favored text-based suggestions (themes and project
ideas) over images. While teachers could use publicly-available
GenAl models as a thought partner when preparing Scratch in-
structional materials, prior research has identified code complexity
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and cultural insensitivity issues in Al outputs [15, 39]. CONJUROR
mitigates these issues by combining expert-curated prompts with
high-quality code from a structured curriculum. It also uses teach-
ers’ classroom profiles as the context to guide the Al to generate
locally relevant suggestions. Finally, the tool enforces a human-
in-the-loop workflow, constantly reminding teachers to fact-check
and allowing them to retain, refine, or replace Al suggestions.

For RQ3, our findings highlighted the necessity of allowing teach-
ers to refine Al-generated content and backtrack. While linear cus-
tomization pathways dominated, teachers increasingly intervened
as the process got more detailed (refining project ideas — 25.9%,
replacing images - 39.4%). However, advanced iterative behaviors
remained rare, with few teachers using either the cyclic refinement
(3.8%) or hybrid cyclic (7.7%) pathway to optimize results. This
suggests that providing agency features within the tool is insuffi-
cient. In order to move away from passive repetition, teachers need
explicit scaffolding to understand how editing upstream content in
the workflow could effectively direct downstream Al outputs.

7 Conclusion

This paper introduces CONJUROR, the first GenAl tool that helps
elementary and middle school teachers create customized lessons
for a Scratch curriculum. With CONJUROR, we take a responsible
first step to bring GenAlI into K-8 classrooms, positioning it as a
productivity tool for teachers rather than a student-facing solu-
tion. The tool both builds on teachers’ knowledge about their local
communities and allows them to remain in control of how and
where Al-generated content is adopted. Our study with 44 teachers
demonstrated the tool’s time efficiency, positive teacher percep-
tions of output quality, and the value of teacher-in-the-loop features.
In future work, we will conduct classroom studies to understand
teacher practices when using CONJUROR in authentic settings and
most importantly, its impacts on student engagement and learning.
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