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Abstract

As Artificial Intelligence (AI) becomes increasingly inte-
grated into daily life, there is a growing need to equip the
next generation with the ability to apply, interact with, eval-
uate, and collaborate with AI systems responsibly. Prior re-
search highlights the urgent demand from K-12 educators to
teach students the ethical and effective use of AI for learning.
To address this need, we designed a Large-Language Model
(LLM)-based module to teach prompting literacy. This in-
cludes scenario-based deliberate practice activities with di-
rect interaction with intelligent LLM agents, aiming to foster
secondary school students’ responsible engagement with AI
chatbots. We conducted two iterations of classroom deploy-
ment in 11 authentic secondary education classrooms, and
evaluated 1) AI-based auto-grader’s capability; 2) students’
prompting performance and confidence changes towards us-
ing AI for learning; and 3) the quality of learning and as-
sessment materials. Results indicated that the AI-based auto-
grader could grade student-written prompts with satisfactory
quality. In addition, the instructional materials supported stu-
dents in improving their prompting skills through practice
and led to positive shifts in their perceptions of using AI for
learning. Furthermore, data from Study 1 informed assess-
ment revisions in Study 2. Analyses of item difficulty and
discrimination in Study 2 showed that True/False and open-
ended questions could measure prompting literacy more ef-
fectively than multiple-choice questions for our target learn-
ers. These promising outcomes highlight the potential for
broader deployment and highlight the need for broader stud-
ies to assess learning effectiveness and assessment design.

1 Introduction
The increasing presence of AI in everyday life has ampli-
fied the need for effective techniques for human–AI inter-
action, including within educational settings (Van Brumme-
len, Shen, and Patton 2019). As AI products have increased
adaptability and ease of use, students can access them eas-
ily in different contexts (Hou et al. 2025), including at home
and school (Yim and Su 2024). Some AI commercial prod-
ucts, like ChatGPT, have been introduced to K-12 educa-
tional settings, aiming to personalize student learning expe-
rience (Zhang and Tur 2024; Nayak et al. 2023). Apart from
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its potential values, there are growing concerns about utiliz-
ing generative AI chatbot technologies including increasing
cheating (Lee et al. 2024; Li et al. 2025; Xiao et al. 2025b)
and the low quality of information retrieval in learning set-
tings (Wang et al. 2023; Kazemitabaar et al. 2023).

While AI chatbots hold promise for K-12 education,
few instructional interventions, to our knowledge, focus on
teaching prompting literacy to K-12 students. Prompts are
natural language instruction inputs that are used to commu-
nicate with AI chatbot technologies (Lo 2023). Prompting
literacy includes helping students understand what AI can
do to support learning, when to use AI effectively, and how
to craft prompts for different types of assistance. While the
potential of LLMs is promising, their current effectiveness
remains heavily dependent on the quality of the prompts
they receive (Ekin 2023). By designing and engineering
them carefully, prompts can play a key role in shaping the
AI’s responses and guiding the output of LLMs to provide
desired results (Lo 2023; White et al. 2023). As prompts be-
come an important end-user communication channel with AI
chatbots, scholars in various educational domains argue that
the ability to create effective prompts that generate desired
information is now an essential skill for students (Denny,
Kumar, and Giacaman 2023; Korzynski et al. 2023; Meskó
2023; Woo, Guo, and Susanto 2024). Therefore, equipping
students with prompting literacy is crucial to help students
effectively communicate with AI chatbots during learning.

This work presents a web-based interactive instructional
system to improve secondary-education (middle- and high-
school) students’ prompting literacy. It applies active learn-
ing (Bonwell and Eison 1991) and experiential learning
(Ng et al. 2023) methods to engage students with prompt-
ing practice in three hypothetical learning scenarios. Af-
ter a student writes a prompt, an AI auto-grader evaluates
key dimensions and delivers immediate, detailed feedback.
We hypothesized that practicing prompt writing in this way
could help students learn to create effective prompts, sup-
porting learning and confidence in AI use. We first outlined
the module design. Then, we reported our classroom eval-
uation results. Specific research questions were listed under
each evaluation study. Finally, we proposed ways to improve
prompting literacy instruction.
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2 Related Work

2.1 Prompting literacy in K-12 classrooms

It is believed that the ability to understand and use AI (or
the lack thereof) will fuel the next digital divide in ed-
ucation (Trucano 2023). The emergence of generative AI
makes such technologies more accessible to the general pub-
lic and underscores that it is more urgent than ever to reg-
ulate the responsible and effective use of such technolo-
gies (Williamson, Molnar, and Boninger 2024). While K-
12 teachers expressed their timely needs for AI compe-
tency materials for their students, especially prompting in-
structions (Lozano and Blanco Fontao 2023), the major-
ity of current K-12 AI Literacy implementations emphasize
understanding AI technologies than responsible use of AI.
Additionally, existing AI competency frameworks primar-
ily target adults in the workforce (Meskó 2023; Tseng et al.
2024; Zamfirescu-Pereira et al. 2023) and higher-education
(Denny, Kumar, and Giacaman 2023; Giray 2023). As a fo-
cused area within AI literacy, prompting literacy has gained
increasing attention since 2023 (Hwang, Lee, and Shin
2023; Lo 2023; Maloy and Gattupalli 2024; Dennison et al.
2024; Xiao et al. 2025a). However, the lack of emphasis on
K-12 learners persists, as few studies specifically target sec-
ondary education students, despite growing concerns about
student AI use in K–12 education (Li et al. 2025; Uanachain
and Aouad 2025).

2.2 Learn-by-Doing with Elaborated Immediate
Feedback

This study’s instructional design is grounded in two foun-
dational learning sciences principles: learning-by-doing
(Schank, Berman, and Macpherson 2013) and elaborated
immediate feedback (Wang et al. 2019). Learning-by-doing
emphasizes active engagement through direct interaction
with tasks. Prior research has shown that this approach is
more effective than passive methods (e.g., reading, video-
watching) in online learning environments (Koedinger et al.
2015). While learning-by-doing has been applied in prompt-
ing literacy education (e.g., Promptly (Denny et al. 2023)),
such efforts often lack elaborated immediate feedback,
which may hinder effective learning or even lead to drop-
out (Vasilyeva, De Bra, and Pechenizkiy 2008).

Recent advances in large language models (LLMs) of-
fer new opportunities to address this challenge. LLMs have
demonstrated strong performance in rubric-based grading
across domains (Henkel et al. 2024; Nguyen et al. 2023) and
are capable of generating personalized feedback for open-
ended responses (Xiao, Hou, and Stamper 2024; Nguyen
et al. 2023). For example, GPT-4 achieves up to 85% grading
accuracy on short-answer questions using zero-shot prompt-
ing strategies (Henkel et al. 2024). Building on these ca-
pabilities, our work integrates an AI auto-grading pipeline
with prompt-based practice to close the gap in prompting lit-
eracy instruction—enabling learning-by-doing accompanied
by elaborated, immediate feedback to support more efficient
and effective learning.

3 Prompting Literacy Module Overview
3.1 Learning Objectives
Based on the real needs of teachers (Lee et al. 2024) for in-
structions to teach students how to use AI for learning and
the AI4K12 guideline (Touretzky et al. 2019), three learning
objectives were derived: AI Capacity for Supporting Learn-
ing, Contexts to Use AI for Learning, and Effective Prompt
Formation (Figure 2).

3.2 Learning Materials
We have designed and developed a web-based platform to
support this prompting literacy practice. Students will first
review the module’s learning objectives, then complete two
conceptual practice questions with feedback and hints to ex-
plore how AI can support their learning. After these, stu-
dents will get into the main practice activities.

The main practice is conducted using three hypothetical
learning scenarios. Each practice has four steps (Figure 1):
1) Introduce the detailed scenario to students, including the
domain, the context, the student’s current knowledge level,
the learning goal the student is trying to achieve, and the
resources the student has. 2) The student creates a prompt
and clicks “generate” to receive answers from an AI chatbot.
This mimics the authentic interaction with a general-purpose
AI chatbot. 3) The student receives an answer from the AI
chatbot based on the written prompt. 4) They can then click
“Check my prompt” to receive an auto-graded result and a
detailed explanation. This feedback is provided based on the
preset evaluation dimensions for each scenario (Table 1). Af-
ter receiving feedback, students can go back to craft a new
prompt for the same practice or move on to the next practice.
The detailed practice pipeline is shown in Figure 1.

The three scenarios were designed under three secondary
school subjects: biology, geography, and math. Each do-
main was paired with a unique instructional activity, such
as “broaden knowledge beyond course requirements”, “pre-
pare for a quiz tomorrow”, and “struggle with an assign-
ment due tomorrow”. Here is an example scenario:

Scenario 1: Use AI to extend your learning on biology
Yesterday, you learned ’what is a cell’ in the biology class.
You roughly understood what cells are and the main com-
ponents in a cell. Now, as you are interested in biology,
you want to broaden your understanding of cells. This isn’t
about course requirements, just a topic (cell) you’re inter-
ested in learning more about. The only resource you have is
your biology textbook. Write a prompt to ask the AI Chatbot
to help you extend your knowledge about cells!

3.3 Automatic Grading Dimensions
In our study, the requirements for a high-quality prompt vary
depending on the instructional activity the student is pursu-
ing (Table 1). For example, a good prompt in the homework
struggle situation should not explicitly ask for a direct an-
swer. However, this criterion does not apply to other scenar-
ios like course content extension. Therefore, when design-
ing the criteria for a high-quality prompt, each practice for
each scenario has specific dimensions to meet. Also, each
dimension has its own in-context descriptions rooted in the
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Figure 1: Students’ practice pipeline in this interactive module

general definitions. In this study, we created our own grad-
ing dimensions based on the CLEAR framework for prompt
creation (Lo 2023) and other existing prompting recommen-
dations (Meskó 2023). Based on this grading rubric, for each
student-written prompt, AI automatic grading needed to pro-
vide both a True/False categorical pass situation and a de-
tailed explanation for this decision for each included dimen-
sion in that practice task. In addition, it was required to pro-
vide an detailed explanation for each dimension.

4 Study 1
As a novel activity type, we are interested in understand-
ing students’ perceptions of this activity, including what
they learned from this activity, the interesting parts and the
challenges encountered. In addition, as we integrated AI-
based automatic grading into this procedure, we are inter-
ested in how it performed when grading students’ written
prompts using the preset evaluation dimensions. The first
classroom evaluation study was conducted in June 2024 in 6
secondary-level classrooms in East Asia. We deployed this
as an in-class practice with the local IRB (Institutional Re-
view Board) approval. This resulted in valid data from 111
students. We explored the three RQs below:

• RQ1: What is the accuracy of AI-based automatic grad-
ing for students’ written prompts?

• RQ2: How does this activity influence students’ prompt-
ing ability and confidence in using AI for future learning?

• RQ3: How do students perceive the learning experience,
including its benefits and challenges?

4.1 Study Procedure
The practice was conducted at Information Technology
classes with a teacher to help facilitate the whole process.
After a researcher explained the practice purpose to stu-
dents, they first conducted a pre-practice survey about their
prior experience with AI. Then the students completed six
multiple-choice questions (pre-test) on prompting literacy
and suitable/unsuitable learning scenarios with AI. After
completing the pre-practice survey and tests, the student
moved to practice their prompting literacy in the system.
Teachers were instructed to inform students that the auto-
grader may make mistakes.

After the practice, the student re-answered a 5-point
Likert-scale survey question about “I know how to use AI to
help me learn” and the six multiple-choice questions again
as the post-test. At the end, the student answered 6 open-
ended survey questions to reflect on the learning experi-
ences. The LLM used was OpenAI GPT-4o.

4.2 Assessment Question Design
Scenario-based assessments have been applied to measur-
ing skills in varied domains, such as writing (Zhang et al.
2019), mathematics (Cayton-Hodges et al. 2012) and sci-
ence (Bergner and von Davier 2019). Such situated assess-
ment experience can engage learners and facilitate deep
thinking by presenting realistic, contextual problems that
promote critical thinking and knowledge application (Clark
2010; Herrington and Oliver 2000). Furthermore, as our
instructional goals were competency-based, scenario-based
assessments are suitable to test students’ abilities. Multi-
ple Choice Questions (MCQs) enable automatic grading
while providing consistent evaluations across diverse learner
groups. When carefully crafted, MCQs can target any cogni-
tive level in Bloom’s Taxonomy (Amer 2006), making them
a versatile and effective component of our assessment ap-
proach. Therefore, the assessment consisted of six MCQs.
Each question presents three answer choices, with only one
being correct. In Study 1, we chose MCQs as the only as-
sessment question type and situated them into different sce-
narios based on the learning objectives.

4.3 Data Collection and Analysis
In Study 1, we collected both students’ written prompts
and corresponding AI-grading results. To answer RQ1, we
extracted students’ last written prompt and graded them
manually to assess AI auto-grading. After receiving 483
unique student-written prompts, two researchers used the
same rubric to grade the students’ written prompts (Table
1). They first randomly selected 15% of the prompt data
and conducted human grading based on the rubric. After
that, the two researchers met to address the conflicts and it-
eratively refined the detailed grading book. Then they ran-
domly selected another 15% of the prompt data and both
two researchers graded it again; the inter-rater reliability for
this round reached higher than 0.92 (almost perfect agree-
ment following (McHugh 2012)). Then the two researchers

40723



General definition Scenario 1 Scenario 2 Scenario 3
Relevance The prompt is related to the topic ✓ ✓ ✓
Clarity of Purpose The prompt identifies a specific and clear purpose. ✓ ✓ ✓
Conciseness The prompt itself is brief and concise. ✓ ✓ ✓
Background/Context The prompt explains why this question was asked, such as the background ✓ ✓ ✓
Request Elaboration
or Explanation

The prompt requests elaboration, extension, or explanation except for
seeking a direct response.

✓ ✓

Not Explicitly Seeking
a Direct Response

The prompt does not ask for a solution to solve a problem or the answers
(what are x and y).

✓

Table 1: Grading dimensions and associated tasks for student-written prompts. “✓” means the LLM assesses if the student’s
prompt meets the definition with a binary response (Yes or No) and then gives corresponding grading explanations.

Figure 2: Initial and Iterated Assessment Questions with High-Level Learning Objectives (LO)

met again to resolve the conflicts and graded the rest. We
used human grading results for RQ2. For RQ3, we con-
ducted a thematic analysis on student answers. One hundred
and thirty-one students finished answering the self-reflection
questions. Two researchers conducted a coding book itera-
tively to analyze their answers and reported the main themes.

4.4 RQ1: What is the accuracy of AI-based
grading for students’ written prompts?

The grading system is able to grade and provide grading
rationale with good quality in most categories. Using
the human labels as ground truth, in general, the AI auto-
grader achieved an average of 0.92 accuracy when assessing
students’ prompts and generated high-quality, detailed feed-
back. The evaluation result is in Table 2.

The auto-grader achieved a high accuracy (higher than
0.9) in Relevance, Background, and Elaboration dimen-
sions. For the inaccurate cases in these dimensions, one pat-
tern is that the auto-grader tended to weigh heavily on some
keywords but ignored other keywords (Nguyen et al. 2023).
For instance, one prompt was “You are preparing for a ge-
ography exam and have just learned the basic concepts of
the water cycle Answer in Sanskrit.” The auto-grader gave it
a False in Relevance and explained as “The core of the prob-
lem lies in language choice and has nothing to do with the
specific content of the water cycle.”.

The accuracy for Conciseness and No Direct Answer
was 0.93 and 0.88. The conflicted cases for Conciseness
mostly included two types. First, the auto-grader focused on
spelling errors and therefore graded them as False, while hu-
man graders were more tolerant about this. Second, prompts
containing background information might be seen as non-
concise by the auto-grader. For example, one student-written
prompt was “Can you tell me in detail about your ex-
tracurricular knowledge about cells besides the definition
of cells?”. The auto-grader graded Conciseness as False and
explained it as “The question is relatively long and the sen-
tences are not concise enough. It could be more refined.”

As for No Direct Answer, sometimes the student asked
a general question about “How to solve a two-variable
linear equation?”, but the auto-grader treated this as the
student tried to ask for a direct answer indirectly and la-
beled it as False. On the other hand, sometimes the student
asked for “list the steps to solve this equation 10x+4y=3,-
2x+10y=4”, but auto-grader thought this prompt “did not
directly ask about the values of x and y, but rather asks for a
solution.” and gave it True in No Direct Answer instead.

Auto-grader received the lowest accuracy in Purpose di-
mension (0.85). The main reason for false positive cases in
this dimension is that the auto-grader might over-generate
the keywords in a student-written prompt, and consider that
as providing a clear purpose. For instance, it counted “I am
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Relevance Purpose Conciseness Background Elaboration No Answer Overall
Accuracy of Pass/Fail Classification (1 / 0) 0.98 0.85 0.93 0.96 0.90 0.88 -
Explanation Accuracy (1 / 0.5 / 0) 0.98 0.87 0.96 0.95 0.72 0.91 0.95

Table 2: Grading Accuracy of the Auto-Grader

a junior high school student. Please help me solve this prob-
lem using junior high school knowledge.” as True in Pur-
pose dimension and explained it as “the student’s goal is
to solve this problem.” However, simply asking for “solving
this problem” without specifying the type or domain does
not align with our rubric (“specific and clear purpose, e.g.
explain the math concepts involved”).

For true negative cases in Purpose, sometimes the auto-
grader mixed the criteria of Purpose and No Answer, and
therefore considered those involving asking for an answer
as False. Another reason is that auto-grader sometimes re-
quires too detailed purpose, which is outside of our targeted
scope. For example, one explanation to an AI-graded False
case (“I want to know about DNA”) is “Although DNA is
mentioned in this question, the purpose is not clear. Students
should be more specific about what they want to learn about
DNA.” However, as the scenario is novice learners who only
finished the first biology class about cells, the auto-grader
should not expect the prompt purpose to be that detailed.

4.5 RQ2: How does this activity influence
students’ prompting ability and confidence in
using AI for future learning?

Students answered four 5-scale Likert questions as a pre-
survey before doing the pre-test. After finishing the learning
activities, they answered the last question in the pre-survey
again. Specific questions and the student response distribu-
tion are shown in Figure 3.

Students improved at embedding background in
prompts with practice. Given that students’ scores for
each prompt dimension are dichotomous categorical data
(Yes-1/No-0) and we wanted to understand how students
improved from Q1 to Q3, we conducted a series of Mc-
Nemar tests by comparing the common four prompting
dimensions across all three practice questions (Relevance,
Conciseness, Background, and Purpose). We found no
significant differences in Relevance dimension (p > .90),
Conciseness dimension (p = .286), and Purpose dimension
(p = .617). Students generally performed well in these
dimensions even in the first question. However, most of the
students lacked the awareness of embedding background
and context information in their prompt at the first question
(Q1). For Background, as students received feedback
and gained more practice opportunities, the proportion
of students who did Background dimension correctly is
significantly higher in Q3 as compared to Q1 (p = .039).
Additionally, we conducted a Pearson correlation between
students’ performance in the first practice task and their
self-reported prior AI usage frequency. We found that
students’ frequency of using AI is positively correlated with
their average score on the first question (r = 0.27, p = .017),

indicating that students’ prior access to AI might influence
their initial prompt quality.

Students are more confident in using AI to help learning
after the learning activity. After the activity, students’
self-reported confidence levels increased by 10.4% on av-
erage (SD = 0.92), and the Wilcoxon test result indicates the
significance of such increment in students’ confidence level
(p < .001). Such improvement can also be observed from
Figure 3, the significant rightward shift in the distribution of
confidence scores indicates increased confidence in appro-
priate AI usage in learning.

Lessons Learned: Students understood prompt basics,
but their ability to create one varies. Ninety-eight stu-
dents completed both the pre- and post-test. However, no
significant increment (p = .377) was found in the post-test
(Mean = 4.4, Median = 5.0, SD = 0.96, full score = 6.0) due
to the ceiling effect in the pre-test (Mean = 4.4, Median =
5.0, SD = 1.04). In other words, students had the basic skills
to identify the prompt quality from a conceptual standpoint,
although their prompt writing skills remain varied.

4.6 RQ3: How do students perceive the benefits
and challenges of this experience?

We also examined student perceptions including what they
learned from this activity, the interests and challenges en-
countered, and suggestions to refine this activity in the fu-
ture. From survey responses from Study 1, we found the fol-
lowing themes about students’ learning experiences.

What do you learn from this learning activity? Most
learners (87%) reported that they learned AI-related knowl-
edge, including how to use AI in learning (e.g. “I can’t ask
AI to write answers directly, otherwise I won’t learn any-
thing.”), how to ask AI questions effectively (e.g. “Adding
background and context information in the prompt can help
AI to form better answers”), and AI’s capabilities (e.g. “AI
can help on exam preparation”, “AI also has problems that
it doesnt́ know about”). These indicated learners’ gain on
conceptual knowledge and skills of using AI in general and
in learning, aligning with our instructional goals.

What do you like about this learning activity? Fifty-
five students showed great interests in interaction with
AI. More specifically, students appreciated the chances to
ask questions, get responses and evaluate responses with
newly learned prompting skills (e.g. “I am interested in the
different responses from the different question-asking ap-
proaches”). The learning design was also favored by stu-
dents. Many of them gained great interest in the learning
objectives: “Knowing AI can be used to study or review
coursework”, “Great to know that AI can not only pro-
vide knowledge, but also create exercise questions.” Some
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Relevance Purpose Conciseness Background Elaboration No Answer Overall
Student Final Score (M) Q1 0.89 0.72 0.95 0.04 - - -
(Applied human-graded Q2 0.93 0.65 0.94 0.12 0.59 - -
scores, Yes-1/No-0) Q3 0.89 0.75 0.95 0.11 0.52 0.64 -

Overall 0.90 0.71 0.95 0.09 0.56 0.64 -

Table 3: Student-written prompt scores by dimension. “-” indicates this dimension is not applicable for that question.

students liked the in-time, comprehensive feedback design:
“(the platform) will give detailed instructions after checking
the answers I reply.” The scenario design was also favored
by 8 students (e.g. “(I like) the scientific report of water cy-
cle and want to know more about it”). Additionally, some
students favored the visual elements of the learning plat-
form, including the cartoon logos and its animations (e.g. “I
like the cute cartoon robot holding a sign to tell me whether
my answer is correct”). In short, the parts that students fa-
vored highly overlap with our instructional goals.

What is the most challenging part of this learning activ-
ity? Students’ main challenges could be categorized into
productive struggles (Warshauer 2015) which are essential
for learning, and elements that increase their extraneous load
that should be minimized. The most common productive
struggle was experiencing difficulties in asking AI ques-
tions, which was the core skill we intended to teach in this
activity. While students acknowledged their lack of compe-
tency in “writing a prompt that leads to a more helpful an-
swer”, many of their responses directly quoted some of the
prompting guidelines in our instructional materials, which
were strong indicators of students’ mastery of tips for writ-
ing better prompts. For instance, students admitted the diffi-
culties in writing prompts by saying “I didn’t write a concise
question”, “I didn’t provide context information”. These
precise quotes from the instruction content in survey re-
sponses indicated students’ knowledge retention of prompt-
ing strategies, which served as evidence of our effective ac-
tivity. Reasons for increasing extraneous load included lim-
itations of AI and learning platform (e.g. “It takes so long
for AI to response”, “I have trouble in logging in”), lack of
variation on scenario content (e.g. “All scenarios are in sci-
ence subjects which I’m not interested in”), and noticeably,
limitations of students’ basic computer skills (N = 22, e.g.
“I am not good at typing, it is tedious to type a lot to ask
AI questions”). Some students struggled in typing, copying,
and pasting information, which might hinder their prompt
construction, even if they understood how to improve one.

5 Study 2: Assessment Iteration Follow-Up
Results from Study 1 revealed a ceiling effect in the pre-test,
indicating that students in our study had a basic understand-
ing to identify learning-oriented prompts. However, practice
performance showed that they had not yet mastered writing
such prompts effectively (Table 3). Therefore, to better mea-
sure their prompting literacy learning (Judson 2012; Staus,
O’Connell, and Storksdieck 2021), we iterated the assess-
ment and conducted Study 2 to evaluate the assessment qual-
ity. Study 2 utilized the same procedure and materials with a

similar population, except for the iterated assessment ques-
tions. Study 2 focused on RQ4 about assessment questions:

RQ4: Does the revised assessment demonstrate improved
quality in measuring students’ prompting literacy?

5.1 Iterated Assessment Design
The iterated assessment included 15 questions: ten True or
False (TF) questions and five Open-Ended (OE) questions.
Specifically, TF1 to TF6 and OE1 targeted at LO-AI Capac-
ity for Supporting Learning; TF7 to TF10 and OE2, OE3
targeted at LO-Contexts to Use AI for Learning; and OE4
and OE5 targeted at LO-Effective Prompt Formation.

Replace multiple-choice questions with True / False and
open-ended questions The lack of information about
learners’ prior knowledge can reduce the effectiveness of
MCQ distractors. In contrast, TF questions require students
to make a decision on each item individually, offering more
data points to assess both the learners’ true knowledge
level and the quality of the question items, particularly at
lower granularity (Brassil and Couch 2019). In addition, to
overcome difficulties in forming high-quality distractors in
MCQs, one approach is to collect learners’ common miscon-
ceptions as MCQ items. OE1, OE2, and OE3 are designed
as a misconception collectors for LO-AI Capacity for Sup-
porting Learning and LO2-Contexts to Use AI for Learning
to facilitate further iterations on assessment questions.

The gap between high MCQ scores and poor prompt-
writing performance from Study 1 suggested that LO-
Effective Prompt Formation involves higher-order cogni-
tive skills (falling under the analyze and create levels of
Bloom’s Revised Taxonomy (Krathwohl 2002)), and devel-
oping MCQs that effectively assess these higher cognitive
levels is challenging even for expert instructors in traditional
disciplines (Douglas, Wilson, and Ennis 2012), let alone for
an emerging topic. Therefore, we switched to open-ended
questions and designed OE4 (Given a prompt and the AI
Chatbot response, do you think the question can gener-
ate good learning material for your quiz preparation? Why
or why not?) to assess students’ analyzing skill, and OE5
(Rewrite the question to AI to generate better preparation
questions) to assess prompt-writing skill more directly.

Add abstract-level questions to increase the question dif-
ficulty variations To more accurately estimate learners’
prior knowledge, assessment questions should be designed
with varying levels of difficulty and knowledge depth under
the same learning objective. As such, abstract-level ques-
tions are included alongside concrete, scenario-based ques-
tions to assess learners across a broader spectrum of diffi-
culty within the same objective.
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Figure 3: Left: Student responses to likert questions in the pre-test and post-test; Right: difficulty level vs discrimination index
for all questions in both assessments. True or False (TF) questions and Open-Ended (OE) questions are in the revised assess-
ment, and Multiple Choice Questions (MCQ) are in the original assessment.

5.2 RQ4: Does the revised assessment better
evaluate the targeted learning objectives?

We evaluated the assessment question quality using diffi-
culty and discrimination indices, and reported the overall
reliability using Cronbach’s Alpha. The comparison of the
initial and revised assessment is used to answer RQ4. In par-
ticular, we compared the quality of these two assessments
using the data collected from two studies and three widely-
used assessment evaluation matrices: difficulty, discrimina-
tion, and reliability (Nitko 1996; Salkind 2017). Our analy-
ses yielded two preliminary findings:

Item difficulty and discrimination are improved in the it-
erated version. The difficulty level and discrimination in-
dex are calculated based on the formula definitions provided
in the previous work (Boopathiraj and Chellamani 2013).
Figure 3 displays the difficulty level and discrimination in-
dex for all questions. A good discrimination index should be
no less than 0.2 and ideally approach 1, while a good diffi-
culty level falls within the range of [0.3, 0.7]. None of the
MCQ questions fall into the desired range, while 60% of OE
and 30% of TF questions satisfied the requirement, indicat-
ing an improvement on the item quality as assessment .

Question reliability should be evaluated with a larger
population later With the initial success on difficulty
level and discrimination index, Cronbach’s Alpha analysis
showed moderate internal reliability for both assessment
versions: 0.68 for the original and 0.58 for the iterated ver-
sion. Although slightly below the 0.70 benchmark, these val-
ues are reasonable given the small sample size and limited
number of items. The lower reliability in the iterated version
may reflect greater item diversity or more targeted revisions.
Larger-scale administrations will be needed to confirm these
patterns and further strengthen internal consistency.

6 Lessons Learned and Future Work
In this work, we first designed and implemented a K-12
prompting literacy learning module featuring scenario-based
chatbot interactions and AI-driven auto-assessment, and
then conducted two classroom studies: Study 1 to measure
technical capabilities and learning experience, and Study 2,
which built on data-informed refinements from Study 1 to
evaluate the assessment quality.

First, our results provided design implications of teach-
ing prompting literacy and AI. By experiencing the
learning-by-doing prompting activities with LLM-generated
immediate elaborated feedback in various scenarios, stu-
dents gained more experience in including contexts in their
prompts and increased confidence in prompt writing for
learning. However, the lack of improvement in other aspects
(e.g., conciseness, elaboration) and post-test performance
may be attributed to dosage effects (Zhai et al. 2010), sug-
gesting that more exposure is needed for aspects that stu-
dents are less familiar with. Survey responses showed that
task scenarios increased students’ interest and motivation,
but students also wanted more relatable and diverse topics to
match their varied interests. We also note that our study did
not compare this approach to other AI literacy instructional
methods; future work should conduct comparative studies or
use this study as a benchmark for further iterations.

Secondly, this work introduced a scalable learning and
assessment platform. The AI-based auto-grader achieved
high accuracy in most dimensions, indicating its potential
to provide immediate, detailed feedback for learning prompt
writing. However, certain limitations remain in the No Direct
Answer and Purpose dimensions, suggesting future refine-
ment. The AI’s tendency to misinterpret the prompt intention
or overly focus on language mechanics highlights where hu-
man oversight and rubric refinement improve reliability.

Lastly, this work contributed to the development of learn-
ing and assessment materials for prompting literacy, in-
formed by iterative design and data-driven refinement. As
the first local study on prompting literacy, students’ baseline
knowledge was unclear, making classroom-based iteration
essential for ensuring instructional effectiveness. Increasing
the variety and number of assessment items will help bet-
ter surface learners’ misconceptions and knowledge gaps.
These initial efforts establish a foundation for prompting lit-
eracy instruction. Future work should scale assessments to
larger populations and items, using models such as Item Re-
sponse Theory (IRT) (Embretson and Reise 2000) to pro-
duce statistically robust measures of assessment quality.
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