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Abstract

Initial discussion of AI literacy assessment has focused on
competency frameworks and learning standards rather than
materials for classroom use. Responsible AI for Computa-
tional Action (RAICA), a constructionist AI curriculum for
middle and high school students, includes assessment mate-
rials to support teachers with the evaluation of student AI lit-
eracy competencies in their classrooms. These materials in-
clude exit tickets used as formative assessments at the end of
each lesson and both teacher and student-facing rubrics. Af-
ter beta-testing a module of the curriculum with nine teachers
and 282 students, we reviewed teacher usage data and feed-
back as well as student responses. The review process sur-
faced a number of improvements to the materials to better
align them with classroom teaching practice. These included
clarifying language and adding visual scaffolds. We present
the assessment materials and iterative design process used to
bridge the gap between the theoretical AI literacy competen-
cies and their practical implementation in classrooms.

Introduction
The explosive growth of public attention on Artificial Intelli-
gence (AI) in recent years has prompted the education com-
munity to consider how to best teach the technology in K-
12 settings. This emerging field is referred to as AI literacy
(Touretzky et al. 2019). Early AI literacy frameworks helped
establish the field by synthesizing the complex domain of AI
into a clear and organized set of competencies for students
(Long and Magerko 2020; Ng et al. 2021; AI4K12 n.d.).
These frameworks are an important contribution as they al-
low for the creation of educational activities and curricula
with clear and relevant learning objectives.

Now that the AI literacy community has established what
to teach, its attention turns to how to teach it. Assessment is
a crucial component of quality classroom instruction in any
discipline, as teachers use it to support student learning with
feedback and to adjust their instruction (Young and Kim
2010; Black and Wiliam 2009). However, few AI literacy
studies have focused on assessment in a classroom context.
In a review of 32 AI teaching and learning papers, Yue, Jong,
and Dai 2022 found that only 16% were conducted in regu-
lar class settings. Moreover, half were conducted in a single
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session, instead of over a series of lessons as would happen
in a typical school schedule. AI assessment approaches of-
ten consist of multiple choice knowledge tests, self-reported
attitude surveys, and project portfolio interviews (Ng et al.
2021), but “only a few studies (5 of 32) have developed a
rubric or assessment sheet for evaluating students’ under-
standing of what they have learned” (Yue, Jong, and Dai
2022). This indicates a gap in assessment materials that are
practical for teacher use.

In order to support teachers with the implementation of
AI literacy curricula, this study focuses on the develop-
ment of assessments that inform teacher practice in a class-
room context. We present a set of formative assessments and
rubrics for an eight lesson module on the AI topic of im-
age classification. These include exit tickets - formative as-
sessments administered at the end of each lesson to give the
teacher a quick gauge of student learning and support stu-
dent metacognition - and both teacher-facing and student-
facing rubrics. These assessments were developed to align
with the AI4K12 learning guidelines and revised through
review of the results of a beta test involving nine teachers
and 282 students. In order to contribute to design-based re-
search and curriculum development on how to teach AI in
formal K-12 education settings, we share tools, processes
and examples illustrating one approach to iteratively devel-
oping assessments that we invite others to apply and refine.

Background
AI Literacy Assessment
AI literacy assessments in the past have primarily used quan-
titative tools like pre- and post-knowledge tests to measure
students’ understanding of AI concepts (Lin and Van Brum-
melen 2021; Wan et al. 2020; Rodrı́guez-Garcı́a et al.
2021). Other methods, such as project portfolio analysis and
artifact-based interviews, provide insights into students’ ap-
plication of AI skills but lack standardized rubrics and are
not scalable for typical classroom use due to time and re-
source constraints (Kaspersen et al. 2021; Kandlhofer and
Steinbauer 2021; Ng et al. 2021; Zhang and Aslan 2021).
Scholars have also pointed out that these efforts often do not
focus on formative assessments or include teacher voices in
the design process (Williams 2021; Ng et al. 2021). Another
significant gap in AI literacy research is that most studies are
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short-term (ranging from 3 hours to a week), researcher-led
(Ravi et al. 2023; DiPaola, Payne, and Breazeal 2020; Burg-
steiner, Kandlhofer, and Steinbauer 2016; Druga 2018; Lin
et al. 2020), and conducted in extracurricular or online set-
tings, limiting their relevance to regular classroom practice
(Yue, Jong, and Dai 2022). While initiatives like AI4K12
have outlined foundational concepts, there is little empha-
sis on creating accessible, teacher-friendly tools and assess-
ments that can be integrated into existing curricula. There is
thus a need to iteratively develop formative assessment ma-
terials in collaboration with K-12 teachers, ensuring these
materials are clearly aligned with competencies within AI
literacy frameworks.

The RAICA Curriculum
The RAICA curriculum is designed to teach middle and high
school students about AI through the creation of personally
meaningful projects. It consists of five modules, each cen-
tered around an AI concept such as image classification or
affective computing. Each module contains a teacher guide,
slides, student handouts, and assessments. Rooted in the
constructionist paradigm, the curriculum emphasizes learn-
ing through building, and seeks to position students to create
with AI tools (Harel and Papert 1991). Students are empow-
ered to engage in computational action by creating person-
ally meaningful artifacts that may address real-world prob-
lems within their communities (Tissenbaum, Sheldon, and
Abelson 2019). They do this through following the responsi-
ble design process, which builds on the design thinking pro-
cess with an emphasis on stakeholders, impact and values
(Wharton et al. 2024). Some examples of student projects
are a poisonous vs. edible plant identifier, an image recog-
nition app that offers advice on hair care and styling, and
an interactive fish social robot that teaches about combat-
ting water polution. Our study focuses on the development
of assessments in the Picture This module of the RAICA
curriculum. Through beta testing of the module in spring
2024 with nine teachers and 282 students, we gathered stu-
dent response data, teacher use data, and teacher comments
on the Picture This assessment materials. We used this data
to revise the materials to better support teacher instruction.

Description of Resources
This resource includes tools – assessment materials, includ-
ing exit tickets and two rubrics – and the processes used to
iteratively design them with teacher feedback. These assess-
ment materials provide an example of practical, classroom
based tools that others building AI literacy curricula can
adapt to their subject matter and learning objectives. Sim-
ilarly, the iterative design process we outline here can be
applied and refined by others seeking to incorporate teacher
and student input. Before describing the assessment materi-
als, we provide context about the learning module for which
they were developed.

Picture This Learning Module
The Picture This module is centered around the AI con-
cept of image classification. It begins with lessons to build

knowledge of the technology, including the steps for creat-
ing an image classification model, the role of data, the po-
tential for bias, and the basic function of a neural network.
Students then apply this technical knowledge in the design
of their own projects, in which they train image classifica-
tion models and incorporate them into a program they build
in the Scratch-like RAISE playground. In building projects
with AI tools on personally relevant topics, students practice
the skills of responsible design and computational action in
addition to expanding their knowledge of AI.

Target Age Group Middle School students (ages 11-14)

Setup and Resources Needed The activities require at
least one computer for every three students in a group, along
with internet access. They will also need access to Google’s
Teachable Machine - a platform that enables the creation
of image classification models (Google AI n.d.), and the
RAISE Playground, which provides a Scratch-like environ-
ment with special extensions for integrating image classifi-
cation models into their programs (MIT RAISE n.d.).

Expected Learning Outcomes The rubrics and formative
assessments are designed to measure and support the attain-
ment of the following learning outcomes:

Knowledge

• Image Classification: Explain how computers classify
different categories of images from a dataset. AI4K12
guideline 3-A-iii Nature of Learning (Training a model):
Train a classification model using machine learning, and
then examine the accuracy of the model on new inputs.

• Computer Perception: Explain how computers use sen-
sors to perceive the world. AI4K12 guideline 1-A-ii Sens-
ing (Digital Encoding): Explain how images are repre-
sented digitally in a computer.

• Neural Networks: Explain the key components of neu-
ral networks and their role in image classification mod-
els. AI4K12 guideline 3-B-i Neural Networks (Structure
of a neural network): Illustrate the structure of a neural
network and describe how its parts form a set of functions
that compute an output.

• Data Bias: Define data bias and articulate causes and
remedies. AI4K12 guideline 3-C-iii Datasets (Bias): Ex-
plain how the choice of training data shapes the behavior
of the classifier, and how bias can be introduced if the
training set is not properly balanced.

Skills and Attitudes

• Responsible Design: Follow the steps of the responsi-
ble design process— Play, Brainstorm, Define, Pause &
Plan, Prototype, and Try It Out.

• Computational Action: Increased self-efficacy and em-
powerment to design and build meaningful AI artifacts.

Assessment Materials
With this context, we now present the assessment materials
and explain how they are designed to support instruction.
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Lesson Learning
Objective(s)

AI4K12 Guideline Questions

Part 1:
Launch

- Apply knowledge of
image recognition
software to
demonstrate computer
perception with
Teachable Machine. -
Develop familiarity
with the tools used
during this module
(Teachable Machine
& Scratch).

1-B-i: Use a software tool
such as a speech
transcription or visual
object recognition demo to
demonstrate machine
perception, and explain
why this is perception
rather than mere sensing.

1. Rate your comfort level using Scratch [1-5
Likert scale]
2. Rate your comfort level using Teachable
Machine [1-5 Likert scale]
3. How would you describe Teachable Machine to
someone unfamiliar with it?

Part 2:
Image
Classifica-
tion

- Define image
classification and list
the three steps of
creating an image
classification model.
- Define data bias and
articulate some causes
and remedies of data
bias in image
classification.

1-C-i Domain Knowledge
- Types: Classify a given
image and then describe the
kinds of knowledge a
computer would need in
order to understand scenes
of this type.
3-A-iii Nature of
Learning (Training a
model): Train a
classification model using
machine learning, and then
examine the accuracy of
the model on new inputs.

1. Matching: Draw a line to order the steps used to
create an image [Test the model, Train the model,
Collect and label data; Step 1, Step 2, Step 3]

2. Given these classes, how would an image
classification model classify the new image
- Prediction for new image: Happy/Sad
- Why do you think it would classify that way?
3. What are some potential sources of bias in this
dataset?

Part 3:
Computer
Perception

- Explain how images
are processed by
computers.
- Contrast the
strengths of humans
and computers in
processing images.

1-A-ii Sensing (Digital
Encoding): Explain how
images are represented
digitally in a computer.

1. Which of the following are valid RGB
combinations? Circle all that apply.

a. (178, 54, 54)
b. (0%, 70%, 70%)
c. (44, 625, -32)

2. Given these two examples, what is the
difference between the way a human processes
images and a computer processes images?
3. What do you as a human see in this image?
What would a computer ”see”? Would a human or
computer be better at knowing that this is a picture
of a cat? Why?

Table 1: Exit Tickets Parts 1-3
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Lesson Learning
Objective(s)

AI4K12 Guideline Questions

Part 4:
Neural
Networks

Explain what happens
in a neural network
when an image
classification model is
being trained.

3-B-i Neural Networks
(Structure of a Neural
Network): illustrate the
structure of a neural
network and describe how
its parts form a set of
functions that compute an
output.

1. Complete and label the diagram of a neural
network

2. What does a neuron do in a neural network?
a. Predicts the weather
b. Stores memories
c. Receives and processes input

3. How would you explain neural networks to a
friend?

Part 5:
Ideate and
Define

- Identify a focus for a
project.
- Plan methods for
including stakeholder
input.

3-A-iii Nature of
Learning (Training a
Model): Train a
classification model using
machine learning, and then
examine the accuracy of
the model on new inputs.

1. What ideas did you brainstorm/ideate for your
project?
2. Who are your stakeholders? How will your
project make an impact on your stakeholders?
How do you plan to get feedback from your
stakeholders?
3. Rate your agreement with the following
statement: My project is meaningful to me. [Likert
scale 1-5]

Part 6:
Prototype

Create a working
prototype of the
project that integrates
Teachable Machine
and Scratch to address
stakeholder needs.

3-C-i Datasets (Feature
Sets): Create a labeled
dataset with explicit
features of several types
and use a machine learning
tool to train a classifier on
this data.

1. Check the project rubric. What is an area your
project does well?
2. Check the project rubric. What is an area you
want to improve for your project?
3. What kinds of problems or challenges do you
have when coding with Scratch?

Part 7: Try
It Out

Test and iterate
project to align with
stakeholder needs.

3-A-iii Nature of
Learning (Training a
Model): Train a
classification model using
machine learning, and then
examine the accuracy of
the model on new inputs.

1. What was one piece of feedback you got about
your project?
2. What did you change based on that feedback?
3. Rate your agreement with the following
statement: I consider myself part of the AI-design
community. [Likert scale 1-5]

Part 8:
Showcase

Demonstrate learning
through presenting
work to community
members.

3-A-ii Nature of Learning
(Finding Patterns in
Data): Model how
supervised learning
identifies patterns in
labeled data.
3-C-II Datasets (Large
Datasets): Illustrate how
training a classifier for a
broad concept such as
”dog” requires a large
amount of data to capture
the diversity of the domain.

What was the most important thing you learned
about AI during this unit?

Table 2: Exit Tickets Continued Parts 4-8
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‭picture this |‬‭teacher-facing rubric‬
‭Below Standard‬ ‭Approaching Standard‬ ‭At Standard‬

‭Project’s purpose is‬
‭unclear or not‬
‭connected to‬
‭stakeholders.‬

‭Project purpose is‬
‭defined, but may not‬

‭fully address‬
‭stakeholder needs.‬

‭Project has a clearly‬
‭defined goal that is‬

‭relevant to‬
‭stakeholders.‬

‭No consideration of‬
‭harms & benefits to‬

‭stakeholders. No‬
‭evidence of‬

‭stakeholder input.‬

‭Some consideration‬
‭of harms & benefits to‬
‭stakeholders. Partial‬

‭evidence of‬
‭stakeholder input.‬

‭Clear consideration‬
‭of harms & benefits‬

‭to stakeholders.‬
‭Extensive evidence‬

‭of stakeholder input.‬

‭Image classification‬
‭model is not‬

‭present or has‬
‭major flaws that‬

‭significantly impact‬
‭the function of‬

‭project.‬

‭Image classification‬
‭model may be‬

‭accurate for some‬
‭users, but this group‬

‭is so narrow that‬
‭project does not‬
‭achieve purpose.‬

‭Image classification‬
‭model is accurate‬
‭for most users &‬

‭functions smoothly‬
‭enough to‬

‭contribute to project‬
‭purpose.‬

‭Code does not‬
‭integrate image‬

‭classifier into‬
‭project.‬

‭Code integrates‬
‭image classifier into‬

‭project but lacks‬
‭clarity or does not run‬

‭smoothly.‬

‭Code successfully‬
‭integrates image‬

‭classifier into‬
‭project, runs‬
‭smoothly &‬

‭contributes to‬
‭project purpose.‬

‭No explanation of‬
‭computer‬

‭perception & NN‬
‭included in‬

‭presentation.‬

‭Limited explanation of‬
‭computer perception‬

‭& NN included in‬
‭presentation.‬

‭Clear explanation of‬
‭computer‬

‭perception & NN,‬
‭how they impact‬
‭project function.‬

Table 3: Teacher-Facing Rubric

Formative Assessments These assessments consist of
exit tickets designed to give teachers a quick gauge of stu-
dent learning in each lesson’s content and to support student
metacognition. Teachers can then use this information to of-
fer additional scaffolds and adjust their instruction. For ex-
ample, teachers may pull a small group of students in the
following lesson to review a misunderstood concept. Each
exit ticket consists of no more than three questions, with a
mix of open-response, multiple choice, and Likert scale. See
Tables 1 and 2 for the exit tickets and their associated learn-
ing objectives, mapped to the AI4K12 guidelines they cover.

Rubrics The module contains teacher-facing and student-
facing rubrics. The rubrics were designed with guidance of
PBLWorks “Rubric for Rubrics” (PBLWorks 2019), whose
recommendations include starting with clear criteria, creat-
ing meaningful distinction between levels of achievement,
and using student-friendly language. The criteria, developed
in alignment with the learning objectives of the module,
are: Purpose, Stakeholder Engagement, Accuracy, Code, and
Technical Explanations. The rubric contains three levels of
achievement (At Standard, Approaching Standard, and Be-
low Standard) described in student-friendly language. See
the teacher-facing rubric in Table 3.

The student-facing rubric is intended to serve as a learn-
ing scaffold and formative assessment. It is formatted as a
single-point rubric (Gonzalez 2014), including only the de-

scription of the “At Standard” category in a central column.
On either side of the description, there is space for students
to write evidence that their project exceeds the description or
to identify areas of improvement. This encourages students
to see their project as dynamic and open to iteration, as op-
posed to the typical static judgment of a “finished product”
that comes with analytical rubric scores (Fluckiger 2010).

Iterative Design and Revision Process
This section outlines how our assessment materials were re-
vised using teacher feedback and student data to enhance
classroom instruction, providing a process for future schol-
ars to use and adapt when developing their own AI learning
curricula.

Participants In the Spring of 2024, the Picture This mod-
ule was beta tested by 9 teachers across 4 continents, with a
total of 282 students. The study sample included computer
science teachers and students from private schools, public
schools, and an education non-profit in the United States,
Chile, Malawi and U.A.E. The study was approved by MIT’s
internal review board (IRB). During the spring beta test, we
piloted the method of teacher interview with one teacher. We
interviewed the teacher before and after implementing the
curriculum, including questions about the teacher’s peda-
gogy, AI content knowledge, and assessment practices. This
data was used to complement findings from the other data
sources, but not as primary evidence.

Formative Assessments
Data Collection Participating teachers provided usage
data and feedback by filling out a fidelity tracker as they
progressed through the module. In addition to feedback on
lesson activities and teacher notes, for each assessment,
they were asked “How did you use this activity?” with the
choices: “A. Exactly as prescribed B. Modified activity C.
Modified timing D. Modified student grouping E. Replaced
completely F. Skipped.” They were also prompted to “Please
explain any modification or replacements.” Teachers pro-
vided student data by uploading student responses to exit
tickets into a folder accessible by the research team. Differ-
ent implementation rates and data collection practices led to
a wide range in the number of student responses for each exit
ticket. The highest number of student responses was 121 and
the lowest was 19. We did not receive any data on the eighth
and final exit ticket, as teachers incorporated it into the stu-
dent presentation activities, which removed the opportunity
for data collection.

Data Analysis and Revision The research team analyzed
each exit ticket item using a summary of student responses
to guide their revision process. For multiple choice items, we
used the mean of correct responses. For Likert scale items,
we summarized with mean, median and mode. For open re-
sponse items, we reviewed, highlighted key terms, and iden-
tified emerging trends across the sample of responses.

The next step was to analyze the data through the lens of
teacher instruction and student learning. The research team
reviewed the summary data with the following questions in
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mind: (1) Does this item work to give teachers a quick gauge
of student learning? Can it help inform teacher instruction?
(2) What, if anything, can we infer about student learning
based on this data? (3) What should we be learning about
our work from this item? After engaging in a generative dis-
cussion of these questions, the team synthesized their in-
sights into concrete ideas for revising the item or elements
of the curriculum related to the item.

After completing the exit ticket analysis document, the
team compared generated ideas for revision with teacher
usage, comments, and feedback. Teacher comments about
their modifications to exit tickets were crucial in determin-
ing final revisions.

After generating revisions based on student responses,
teacher usage data, and comments, the team organized these
insights through coding the formative assessment items. Fig-
ure 1 provides an overview of this process.

Figure 1: Process for analyzing exit tickets

Code 1: Construct - What construct is the question sup-
posed to measure? This was determined by reviewing the
learning objectives of the lesson and the text of the ques-
tion. Codes for this category were: AI literacy– data bias,
AI literacy– image processing, AI literacy– neural network,
Responsible Design, Responsible Design– stakeholders, and
Computational Action.

Code 2: Instructional Utility - Is the question useful for
teachers in a classroom context? This was determined by
analyzing teacher usage and student response data. If teach-
ers did not use the item or heavily modified it, the item was
likely not sufficiently useful to their instruction. If students
seemed to misunderstand the question (or the question did
not generate specific enough answers for the construct to be
assessed), the question was not useful generating data about
their learning of the construct. The codes for this category
were “yes” and “no.”

Code 3: Student Learning - Does the exit ticket produce

evidence of student learning? This code was applied to the
portion of exit ticket items determined to have instructional
utility. To compare student learning across question types,
we created a simple rubric: 1 = little or no evidence of con-
struct; 2 = evidence of emerging development of construct;
3 = clear evidence of construct. We reviewed student re-
sponses and coded them according to this rubric.

Code 4: Revision - What revisions were made to the item?
This code was applied to the portion of exit ticket items that
were determined to not have instructional utility. These were
developed inductively based on revisions to the exit tick-
ets made by the research team after considering student re-
sponses and teacher feedback. The codes were: made ques-
tion more specific, clarified vocabulary, clarified question,
modified question format, removed or replaced question, and
added visual.

Rubrics
Data Collection Data on rubrics included teacher feed-
back and a selection of eight student projects. The re-
searchers asked participating teachers to submit example
student projects to a student showcase, which yielded a total
of eight projects. The data teachers submitted included the
Scratch-like code, a copy of the slideshow students created
to present their work, and the graphic organizers students
used to facilitate the creation of their projects.

Revision Process The research team used the analytical
rubric to evaluate submitted student projects. They assigned
a score for each category and wrote a description of why they
assigned that score. Using the rubric tool to review actual
student work generated insights and ideas for revision.

Findings
We found that 13 of the 20 exit ticket items had instructional
utility. For these 13 items, we then coded student response
data using the rubric for evidence of student learning. Nine
of these items were determined to have clear evidence of
learning the construct and four as having evidence of devel-
oping understanding of the construct. None of the exit tick-
ets determined to have instructional utility were coded as
having no or little evidence of the construct. This indicates
that these 13 exit ticket items generated insights on student
learning.

In addition to the 7 items determined not to have instruc-
tional utility, we surfaced 6 revisions for items determined
to have instructional utility. In these cases, the item was
deemed useful for measuring student learning of the con-
struct but still benefited from changes. Figure 2 shows the
revision codes and their frequency.

Teacher feedback on the rubrics was generally positive.
One said “I like the provided rubric and the kids under-
stood it,” indicating the language and layout of the rubric
was accessible to their students. Another appreciated hav-
ing the option of using either the student-facing single-point
rubric or the teacher-facing analytical rubric. In an interview,
a teacher described that they found the rubric “really helpful,
the table, the different categories. It was readable, accessible
for students. . . It was good when they assessed their peers
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Revision Code

C
ou

nt

0

1

2

3

4

made 
question 

more 
specific

clarified 
vocabulary

clarified 
question

modified 
question 
format

removed or 
replaced 
question

added 
visual

Figure 2: Revision Codes

and filled in feedback. We did another activity with infor-
mal feedback.” They not only appreciated the clarity of the
rubric, but also its ability to be used for peer feedback.

In addition to peer feedback, the student-facing rubric was
used for self-reflection during project building. At the end of
a prototyping lesson 6, the exit ticket asks students to review
the rubric to identify an area of strength and improvement
for their project. Of the students who used the rubric during
this activity (n=98), 88% gave a response involving one of
the five rubric categories. This indicates the rubric supported
reflection on their project building skills.

The internal review of projects using the rubrics indicated
they are useful for evaluation. The research team was able
to find evidence of student learning for each category and
choose a score based on the described criteria. A revision
to the rubric also surfaced from this process, which was to
make the “Stakeholder Engagement” category criteria more
specific by not only having a plan to gather feedback, but to
also incorporate it into project design.

Discussion
Design Insight 1: Clarity of Language
Clarity of language emerged as a design insight when re-
viewing both formative assessment and rubric data. In for-
mative assessment revision, the codes “made question more
specific,” “clarified vocabulary,” and “clarified question”
made up 46% of the total. Teachers reported appreciation
for the clear, accessible language in the rubrics.

Unlike more well-known technologies, the new and
rapidly emerging field of AI is filled with domain-specific
terms that may be unfamiliar to the general public. These
terms are the most difficult for new readers and require
intentional instruction to lower barriers to understanding
(Flanigan and Greenwood 2007). The field of AI educa-
tion may be particularly jargon-filled due to its roots in a
highly technical subject previously only taught at the univer-
sity level. Creators of AI education materials should be es-
pecially aware of the use of domain-specific words in their
learning materials, grounding students with specific exam-
ples and straight-forward language.

Design Insight 2: Visual Scaffolds
Another design insight was to provide visual scaffolds in the
formative assessment materials. For example, the exit ticket
in lesson four originally asked students to draw a neural
network and provided only a blank box. Only three of the
nine teachers used this assessment as described. The teach-
ers who modified it all provided a diagram for their students.
Taking this into account, we revised the item to include a
partially complete diagram with labels to key features of
neural networks, and asked students to complete and label
the diagram.

The use of visual scaffolds, images and graphic organiz-
ers, is a proven instructional method in other educational
contexts (Gallavan and Kottler 2007; Kim et al. 2004). They
reduce cognitive load by providing structure for students to
map their understanding (Park 2017). Our work with teach-
ers indicates a preference for including visual scaffolds in
formative assessments in AI education materials. This strat-
egy should be embraced to support students in representing
their emerging knowledge of AI.

Limitations
Due to the sample size and specific classroom contexts,
these findings are not generalizable. When teachers sub-
mitted a selection of student projects in data collection,
they may have only chosen what they considered the “best”
projects, implying projects further from standard were not in
the sample, influencing findings on rubric utility. There was
a wide variety of responses collected for exit tickets, with a
low of 19 and a high of 121. The conclusions drawn from the
exit tickets with fewer student responses may be less repre-
sentative. Future work should explore the long-term impacts
of these assessment materials on student understanding and
teacher pedagogy.

Conclusion
In this paper, we present a practical approach to assessing
AI literacy in middle school classrooms. This includes ex-
amples of formative assessments and rubrics for a construc-
tionist module on the AI topic of image classification. We
also outline the process used to generate these assessments
through considering teacher feedback and student response
data. We surface insights on practical classroom AI literacy
assessments, including clarity of language and use of visual
scaffolds. Both the assessment tools and the process used to
create them can serve as examples for those seeking to im-
plement AI education in a classroom context.
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