
ExPeerience: Towards AI-Assisted Learnersourcing to Bridge
Conceptual Understanding and Problem Solving in Database

Programming Education
Yuzhe Zhou

School of Applied and Creative
Computing

Purdue University
West Lafayette, Indiana, USA

zhou922@purdue.edu

Prithvi Manjunatha Babu
School of Applied and Creative

Computing
Purdue University

West Lafayette, Indiana, USA
manjunp@purdue.edu

Udayan Pandey
Purdue University

West Lafayette, Indiana, USA
pandey64@purdue.edu

Alejandra J. Magana
School of Applied and Creative

Computing
Purdue University

Lafayette, Indiana, USA
admagana@purdue.edu

Tianyi Li
School of Applied and Creative

Computing
Purdue University

West Lafayette, Indiana, USA
li4251@purdue.edu

Abstract
Learnersourcing, an educational approach that positions students as
active contributors rather than passive consumers, offers a scalable
approach to co-creating instructional resources while engaging stu-
dents in authentic problem-solving. However, it faces a fundamental
tension: effective “learning” requires scaffolding that minimizes ex-
traneous cognitive load and focuses attention on reasoning, while
effective “sourcing” requires structure, completeness, and standard-
ization to ensure student-generated content can be reused. These
competing goals create a tradeoff: students either learn but pro-
duce content that is difficult to reuse, or generate usable resources
but receive limited learning benefit. We propose a new AI-assisted
learnersourcing paradigm to address this tension. By assigning
collaborative roles to both learners and AI, the approach enables
students to focus on cognitively meaningful sub-tasks that foster
“learning”, while large language models (LLMs) handle mechanical
and procedural sub-tasks for “sourcing”. Guided by user-centered
design principles, we implement this workflow in ExPeerience, a
system that scaffolds students in co-creating contextualized worked-
out examples for database programming. Within ExPeerience, the
AI serves as a collaborator for ideation, a co-creator of artifacts,
and an evaluator of students’ inputs. Our evaluation with 24 par-
ticipants showed that structuring AI into distinct collaborative
roles improves learning engagement while producing high-quality
student-generated content. Compared to a baseline using the Gem-
ini chatbot, ExPeerience users created SQL problems in more di-
verse and personally meaningful contexts. They actively evaluated,
edited, and refined AI-generated components, and most authored
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their own SQL solutions, whereas baseline participants largely ac-
cepted AI outputs without modification and did not attempt to solve
the problem. Overall, ExPeerience produced more contextualized,
varied, and thoughtfully constructed worked-out examples. These
findings demonstrate the potential of AI-assisted learnersourcing
as a paradigm to balance learning and sourcing goals. We also draw
design implications for future AI-assisted learnersourcing systems
that aim to produce reusable, high-quality learner-generated con-
tent while promoting educational value.
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1 Introduction
Problem-solving in database programming is challenging because
students often struggle to translate their knowledge of SQL syntax
and query structures into solutions for authentic, domain-specific
problems [46, 47, 69]. While many students can correctly construct
queries, they frequently face difficulty interpreting real-world sce-
narios and designing solutions that accurately reflect underlying
data relationships. Worked-out examples (WEs), which consist of
a problem statement, step-by-step solutions, and supporting rep-
resentations, provide an effective mechanism for scaffolding this
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learning [70]. Extending WEs with contextualization further helps
students connect abstract computing concepts to realistic scenar-
ios, and foster deeper problem-solving skills [58]. However, ideat-
ing authentic problem contexts relatable to students and trans-
lating diverse contexts into learning materials designed to fulfill
course-specific learning objectives requires extensive instructor
efforts [32].

Learnersourcing has shown promise as an educational approach
by positioning students as co-creators rather than passive recip-
ients [1, 31, 32, 34]. By engaging students in the generation of
worked-out examples, explanations, or problem contexts, learner-
sourcing can scaffold the translation of abstract SQL syntax into
meaningful solutions for realistic, domain-specific scenarios [80].
This approach encourages students to reflect on computational
thinking, evaluate alternative solutions, and articulate their knowl-
edge for others, thereby deepening conceptual understanding and
improving metacognitive skills [22, 24, 31, 32, 34].

Despite its potential, learnersourcing faces challenges when ap-
plied to complex, domain-specific tasks such as engaging students
to co-create contextualizedWEs for database programming subjects.
Studentsmay lack the scaffolding to effectively generatemeaningful
WEs or to contextualize abstract concepts in realistic problem set-
tings. Building on prior work, we investigate how learnersourcing
can be structured to support problem-solving learning objectives
in database programming, using contextualized WEs as the central
artifact for both learning and co-creation.

Through a formative student-centered design process, we iden-
tified challenges and leveraging points for scaffolding the learner-
sourcing process. Students often struggle to translate SQL knowl-
edge into solutions for authentic, domain-specific problems, despite
being able to write syntactically correct queries. Although offer-
ing a promising way to bridge this gap by encouraging reflection,
evaluation, and articulation of knowledge, learnersourcing faces
challenges: open-ended tasks can overwhelm students and produce
inconsistent or incomplete materials.

To overcome these challenges, we developed ExPeerience, an
AI-assisted learnersourcing system to balance the dual goals of
learning and sourcing. The system design integrated just-in-time
scaffolding to support students in identifying relatable problem
contexts, formulating clear problem descriptions, generating rep-
resentative data automatically, and receiving feedback on their
solutions within a cohesive and integrated interface. ExPeerience
distributes cognitive responsibilities between students and large
language models (LLMs): students focus on higher-order reason-
ing tasks such as composing solutions and explanations, while
the AI handles procedural subtasks, including data generation and
evaluative feedback. From a pedagogical perspective, this division
aligns with Bloom’s Taxonomy [37], shifting students’ cognitive
focus away from routine procedural tasks toward complex problem-
solving and knowledge articulation.

We evaluated the latest design of ExPeerience with 24 partici-
pants from a large land grant university. We found that the system
outperforms the baseline condition across the context quality of
learnersourced materials, learner experience, and learning outcome.
Students using ExPeerience produced more contextually grounded
and diverse WEs with richer narratives, coherent data structures,
and step-by-step explanations that reflected their own reasoning

and understanding, whereas the baseline group commonly use
content generated by the AI without modification or review. ExPee-
rience group also reported higher usability and a stronger sense of
ownership of the materials co-created with AI support. Students
tend to iteratively refine AI-generated outputs instead of relying
on them wholesale. ExPeerience participants also demonstrated
positive trends in confidence gains in concept understanding, ap-
plication, and problem-solving.

This paper makes the following contributions:

(1) Structured student-AI co-creationworkflow:Wepresent
a workflow that engages students in producing learning
materials contextualized in relatable scenarios, illustrating
how different AI roles provide scaffolding across ideation,
creation, and evaluation to support learnersourcing.

(2) AI-augmented learnersourcing system: We introduce
ExPeerience, a learnersourcing system enhanced with LLM-
based support to help students co-create WEs in database
programming.

(3) Empirically grounded design principles: Through it-
erative, learner-centered design, we identify trade-offs in
learnersourcing workflows, highlighting tasks that maximize
“learner” benefit versus tasks that primarily fulfill “sourcing”
requirements, and show how these insights inform system
features.

(4) Design implications for AI-supported learnersourcing
systems: Based on pilot and final evaluations, we provide
evidence-based recommendations for incorporating AI into
learner-centered learnersourcing workflows, showing how
AI can support meaningful student engagement, reduce rou-
tine effort, and enhance learning outcomes.

2 Related Work
2.1 Database Programming Education
Database programming is a foundational skill in computer science
and information systems curricula, where SQL and related lan-
guages remain central to students’ learning [46, 47, 69]. Beyond
syntax, students must interpret data schemas, reason about rela-
tionships, and translate information needs into query logic. How-
ever, SQL is often taught in what Taipalus and Seppänen [69] term
“unnatural learning environments,” using simplified schemas and
predefined results. While effective for introducing syntax, such ex-
ercises limit exposure to authentic, context-rich problems-leading
to persistent misconceptions and incomplete mental models of re-
lational logic [3, 48]. Conversely, authentic database problems are
conceptually valuable but can overwhelm novices with complex-
ity [60, 78].

Prior research has applied diverse pedagogical strategies, in-
cluding project-based learning [62, 65] and contextualized instruc-
tion [15, 63]. These methods immerse students in realistic problem-
solving, prompting them to apply SQL concepts within meaningful
contexts. More recent studies integrate visualization tools and AI-
based feedback to help students understand query execution and
relational dependencies [16]. Despite these advances, designing
authentic, contextualized exercises remains labor-intensive for in-
structors and challenging to scale, as each problem must maintain
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both relevance and data consistency. Our work extends this litera-
ture by introducing an AI-supported learnersourcing approach that
engages students to co-create contextualized learning materials.

2.2 Learnersourcing and Worked-Out Examples
(WEs) in Computer Science Education

Guided by Singh et al.’s framework for studying, designing, and
deploying learnersourcing systems [67], two central questions arise:
“what is being produced?” and “ what are the contributors learn-
ing through the task?” Prior work has explored the creation of
various types of educational content, including multiple choice
questions [13], coding exercises [55], programming hints [22], and
peer explanations [24]. In this work, we explore using worked-out
examples (WEs) as the main learning artifact. A well-designed WE
typically integrates a clearly articulated problem, a structured step-
by-step solution procedure, and supplementary representations
that support learners’ understanding of both the task and its reso-
lution [71]. Empirical studies in computer science education have
demonstrated that WEs can improve students’ problem-solving per-
formance and learning transfer [64, 80]. Based on Muldner et al.’s
review [50], there are two main forms of WEs in computing con-
texts: code-tracing examples, which illustrate program execution
processes [8, 17], and code-generation examples, which present
complete solutions to programming problems [43, 44]. In our study,
we primarily focus on code-generation worked-out examples, while
also encouraging students to include intermediate reasoning steps
that make execution-level thinking explicit.

From the learning aspect, prior studies have shown that learn-
ersourcing activities can deepen understanding by prompting stu-
dents to reflect on their reasoning [22, 34], evaluate alternative solu-
tions [24, 73], and articulate knowledge for others-thereby strength-
ening metacognitive awareness and conceptual retention [31, 32].
To better structure and scale these processes, various learnersourc-
ing systems have been developed, such as PeerWise [11], RiP-
PLE [33], andAXIS (Adaptive eXplanation Improvement System) [75].
Building on this foundation, our work employs AI to assist students
in the learnersourcing process by providing just-in-time scaffolding
throughout content creation. While recent versions of RiPPLE have
incorporated generative AI to offer feedback on student-created
learning resources [56], our approach differs in the scope and tim-
ing of AI involvement. Rather than limiting AI feedback to post
hoc evaluation, our system assigns distinct roles to AI across the
learnersourcing workflow during the creation process.

2.3 Human-AI Co-Creation and Student-AI
Interaction

Recent advances in AI have driven growing research interest in
human-AI co-creation within the Intelligent User Interfaces (IUI)
community. This interest is reflected in a sustained series of work-
shops on Human-AI Co-Creation with Generative Models, held in
conjunction with IUI over multiple years [19–21, 42, 49, 74]. Prior
IUI research has explored human-AI co-creation across a range of
domains, including music [4, 7, 45, 77], writing [4, 77], program-
ming [51, 52], and UX design [26]. Across these domains, studies
have examined how AI systems can act as collaborators rather than

passive tools, supporting users in tasks such as ideation, sensemak-
ing, and content production while preserving human agency and
decision-making [23, 35, 59, 66]. In the education field, student-
AI collaboration [9, 10, 14, 57] have drawn growing attention in
three areas: AI for Ideation, where models scaffold creativity and
brainstorming; AI for Content Creation, where they generate learn-
ing materials; and AI for Evaluation, where they provide adaptive
feedback.

AI for Ideation. LLMs can act as generative partners that propose
initial ideas or analogies based on student input [39, 72]. Unlike fully
automated content generation, which risks homogenizing ideas
and reducing learner agency [53], AI-supported ideation tools can
preserve ownership while lowering barriers to creativity. Studies
in design and writing education have shown that AI-augmented
ideation can reduce creative anxiety, promote divergent thinking,
and stimulate reflection on problem framing [10, 57].

AI for Content Creation. Becker et al. [5] highlighted AI code
generation tools for producing exemplar solutions and scalable
learning resources. Farinetti and Cagliero [16] used LLMs to gener-
ate SQL problems and explanations, encouraging critical evaluation
while exposing risks of hallucination. LLMs have also been ap-
plied to create step-by-step worked examples [28], generate Bloom-
aligned assessment questions [27], and support lecture design, as
in VIVID [6]. While these studies demonstrate AI’s potential to
scale content creation, concerns remain regarding accuracy and
pedagogical validity. Gilardi et al. [12] cautioned that LLM outputs,
though coherent, often include biases and errors, reinforcing the
need for validation.

AI for Evaluation. In parallel, AI has also been used to support
evaluation by generating feedback and guiding student learning.
Both open- and closed-source models can produce programming
feedback with comparable quality [36]. Real-time LLM feedback
helps learners identify errors, though it may also reinforce miscon-
ceptions [30]. Classroom deployments such as the CS50 Duck [41]
and UC Berkeley’s 61A Bot [79] show reduced task time and tar-
geted support. Beyond code, AI has been applied in database edu-
cation, as in Riazi and Rooshenas [61], who generated feedback on
ER diagrams through structured analysis and iterative guidance.

Building on this body of research, our work extends student-AI
collaboration into a learnersourcing context, where the AI takes on
complementary roles across multiple stages of content creation. An
earlier IUI work on human-AI co-creation of worked examples [25]
primarily focused on co-authoring code and corresponding expla-
nations with AI assistance. In that work, instructors or teaching
assistants served as the primary human collaborators. In contrast,
our work shifts the locus of co-creation to students themselves and
centers on contextualization and problem-solving.

3 Student-Centered Design Process
Following user-centered design principles [2], we adopted a student-
centered approach consisting of three phases: needs finding, initial
system design, and pilot evaluation. Insights from these phases in-
formed the final AI-assisted learnersourcing workflow (see Figure 5)
and the ExPeerience system (see section 4). The study procedure
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was reviewed and approved by the Human Research Protection
Program (IRB) in the author’s institution.

3.1 Phase 1: Needsfinding through Classroom
Experience

In the first phase, we iteratively designed a learnersourcing work-
flow guided by both theoretical frameworks and empirical stu-
dent needs elicited from classroom deployment throughout four
semesters.

3.1.1 Procedure. Guided by Gance’s constructivist principles [18]
and Sweller’s cognitive load theory [68], we decompose the learn-
ersourcing process for co-creating contextualized WEs for data-
base programming into three components: (1) identifying lived
experiences relevant to their learning, (2) applying computational
knowledge within these contexts, and (3) developing computational
solutions to the problem.

To scaffold students’ co-creation process and enhance learning,
we iteratively refined the workflow over four semesters in an upper-
level database programming course. Detailed results are reported
in our prior work [40, 80]. Each semester followed a structured
define-design-deploy-evaluate cycle (Table 1):

• Define: Specify the learnersourcing procedure and contexts
based on literature and prior semester insights.

• Design: Develop scaffolding artifacts, instructional materi-
als, and integrate platform features to support co-creation.

• Deploy: Implement the learning activities in the classroom.
• Evaluate: Collect student feedback and learning perfor-
mance data to identify areas for improvement, including
clarity, scaffolding effectiveness, platform usability, and re-
flection support. Insights are then incorporated into the next
cycle’s define stage.

3.1.2 Results. We synthesized the results from across the four
semesters into five primary Challenges (C) and translated each
challenge into a corresponding design goal (DG).

C1: Inconsistencies and Gaps Across Example Components. Al-
though students could identify contexts and define problems with
the improved workflow, they often struggled to design solutions
that were consistent with the problem description, data schema,
and intended learning objective. This difficulty likely stems from

the high working memory demands of constructing WEs during
learning.

DG1: Reduce cognitive load The system should reduce stu-
dents’ cognitive load during the creation process, allowing students
to focus on meaningful problem-solving rather than juggling mul-
tiple complex tasks simultaneously.

C2: Lack of clear structure in problem formulation. Students’ prob-
lem statements were often brief, abstract, and lacking the necessary
background, particularly when domain-specific knowledge was
needed.

DG2: Introduce explicit structure in assignment instruc-
tions. The system should visually guide students through each
component to scaffold the creation process step by step to produce
richer, clearer problem contexts and descriptions.

C3: Manual creation of data tables distracts students from learning
objectives. Manually generating tables and dummy data was tedious
and often yielded incomplete or low-quality outputs, diverting
attention from deeper computational reasoning.

DG3: Automate structured data generation to reduce work-
load. The system should handle tedious table creation and dummy
data generation, freeing students to focus on core learning tasks.

C4: Inconsistent and low-quality coding solutions. Students fre-
quently submitted plain-text solutions or pseudocode instead of
executable code, which led to inconsistencies and reduced the evalu-
ability of their WEs.

DG4: Require step-by-step executable solutions. The system
should structure solution development in ways that allow students
to organize reasoning and executable code into distinct, clearly
defined steps.

C5: Students struggled to iteratively improve their WEs across
multiple sessions. Due to task complexity, many students could not
complete examples in a single session and resorted to external
documents, risking loss of progress and context.

DG5: Save progress and improve the work across multiple
sessions. The system should allow students to save work and
iteratively refine examples across multiple sessions.

Table 1: Summary of four iterative define-design-deploy-evaluate design cycles.

Define/Improvements Design Deployment Evaluation
Two contextualized problems with
data tables and solutions, one easy
and one hard

Brightspace LMS Quiz with an
instructor-provided example

Spring 2022 (N = 23) Frequent omissions of key components (e.g.,
data tables, coding solutions), limited format-
ting, minimal input validation

Improved structure; clearer submis-
sion expectations

Structured homework assignment
with submission template and peer-
review platform

Fall 2022 (N = 45) Persistent variability in submission quality;
key components still omitted

Significantly improved complete-
ness and consistency; fewer errors

Qualtrics surveywithmandatory in-
put fields and verification pages

Spring 2023 (N = 23) Usability concerns (limited code formatting
support, cumbersome multi-step submission,
risk of losing work)

Consistent high-quality submis-
sions; improved accuracy and orga-
nization

Refined Qualtrics implementation
with additional verification and
clearer instructions

Fall 2023 (N = 54) Continued usability challenges; students rely
on external editors to prepare submissions
before entry into Qualtrics
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3.2 Phase 2: Initial ExPeerience Interface
Design

Guided by the design goals developed from Phase 1, we designed
and developed a web-based application to facilitate the learner-
sourcing process.

3.2.1 Design Workshop. We conducted a design workshop with
a team of one senior HCI researcher, one HCI PhD student, one
UX design Master’s student, and one undergraduate researcher
to ideate interface designs for each design goal. The workshop
comprised three sessions.

In the first session, the team reviewed and clarified the challenges
and design goals, and brainstormed information architectures and
features to address each design goal. During the second session,
each member independently sketched their design concepts on a
whiteboard (see Figure 1) separately. In the third session, team
members presented their designs, and the group discussed the
rationales, advantages, and limitations of all proposed designs.

After the design workshop, the UX Master’s student synthesized
these ideas into a low-fidelity prototype (see Figure 2) and presented
it for group feedback on workflow, interface clarity, and feature
feasibility. Insights from this discussion guided refinements that
informed the development of the initial version of ExPeerience.

3.2.2 Initial Design of ExPeerience. ExPeerience is implemented us-
ing the Django framework 1, integrated with a PostgreSQL database,
and HTML, CSS, JavaScript, and Bootstrap for the front end. The
initial design of the system scaffolds the learnersourcing process
with four primary views.

The Assignment List (Figure 3a) lists all open assignments,
with each assignment tied to a specific topic. Additionally, any
incomplete or saved WEs appear under the section The Worked-
Out Examples In Progress [DG5] (currently empty, as depicted in
Figure 3a).

Selecting an assignment leads students to the Worked-Out
Example Workspace [DG1, DG2]. This workspace provides a
floating navigation menu ([DG2], Figure 3b) that guides students
through problem background, data (Figure 3c), and solution ([DG4],
Figure 3d). Each development step includes a preview panel [DG1]
that dynamically shows the current state and appearance of the
overall WE.

Data Generation Page [DG3]. The data generation page em-
ploys a structured form for users to create data tables. Each data
table required a table name. Within each table row, attribute names
allow for free-text entry, while attribute types and constraints are
chosen from drop-down menus with predefined options. We im-
plement the automatic data generation with the Gemini 1.5 Flash
model 2. Sample prompts used are provided in Appendix A.

Completeness Validation and Progress Saving [DG1, DG5].
By clicking the Save and Submit button, the system validates
required fields and provides clear warnings for any fields that do
not meet the specified requirements [DG1]. Clicking the Save and
Exit button saves users’ progress [DG5] and lists incomplete WEs
in the Assignment View (Figure 3a).

1https://www.djangoproject.com/
2https://cloud.google.com/vertex-ai/generative-ai/docs/learn/models

3.3 Phase 3: Evaluation of Initial Design
We evaluated the initial design of ExPeerience from November
to December 2024 by comparing it with a baseline condition in
which participants completed the same workflow steps using a
Qualtrics-based survey interface. Participants in each condition
were tasked to create WEs. Instructions were consistent between
the Qualtrics survey and the ExPeerience interface. We focused ex-
clusively on comparing the worked-out example creation interfaces
in the two conditions, without evaluating other system features
like Assignment List.

3.3.1 Participants. We recruited 17 undergraduate students from
a database programming course at a large land-grant university.
Among the 17 participants, 16 majored in Computer and Informa-
tion Technology, and one majored in Construction Management
Technology. All participants were juniors (N = 6) or seniors (N =
11). The participant pool consisted of nine male and eight female
students. All participants had taken database-related courses. The
participants are randomly assigned to the ExPeerience and baseline
(Qualtrics) conditions, with nine using ExPeerience and eight using
Qualtrics to create a WE.

3.3.2 Procedure. Each study session lasted approximately 60 min-
utes and was conducted remotely via Zoom or Microsoft Teams.
Sessions began with a pre-test survey assessing participants’ confi-
dence and proficiency in the given database programming concepts
(e.g., PL/SQL FOR loops) as well as their prior experience with
learnersourcing and creating learning materials.

Next, participants were shown a sample WE created by the re-
search team before being asked to create their own. Participants
using ExPeerience completed their examples through the Worked-
Out Example Workspace, while those in the baseline condition
used guiding questions provided in a Qualtrics survey. During the
creation process, participants shared their screens so researchers
could observe their workflow.

After completing the task, participants took a post-test survey
that mirrored the pre-test questions on confidence and proficiency,
and also included items on usability and demographics. Each session
concluded with a brief five-minute interview, in which researchers
asked follow-up questions about the creation process. All sessions
were audio- and screen-recorded for analysis.

3.3.3 Results. One participant provided incomplete responses and
identical ratings in both the pre- and post-test surveys. Thus, their
data were excluded, leaving seven participants in the baseline con-
dition.

To evaluate the effectiveness of ExPeerience, we adapted Singh et
al.’s framework for studying, designing, and deploying learnersourc-
ing systems [67] and assessed ExPeerience across three dimensions:
content quality, learner experience, and learning outcomes.

Content Quality is Varied Within Both Conditions. The content
quality of the participant-created WEs was evaluated based on the
four components of the WEs.

For the problem context component, most participants chose con-
texts distinct from course assignments, ranging from hobbies (e.g.,
Pokémon card collections) to student life (e.g., class registration,
grade tracking). Three participants, two from Qualtrics and one
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Figure 1:Whiteboard sketch from the designworkshop illustrating the user flowand information architecture of the ExPeerience
system.

Figure 2: The low-fidelity prototype for creating WEs in ExPeerience.

from ExPeerience, struggled to generate suitable contexts and noted
that more sample examples would have helped. Additionally, five
participants (three ExPeerience, two Qualtrics) provided minimal
one-sentence contexts, such as “Make a database of all grades to
determine how to get an optimal GPA.”

For the problem description component, most participants de-
signed tasks requiring PL/SQL FOR loops. Two ExPeerience par-
ticipants created problems solvable without loops, while four par-
ticipants (two per condition) provided vague or underspecified

descriptions, e.g., “In this example, there is an owners table for their
information, and an appointment table.”

Regarding the data tables and dummy data component, all Ex-
Peerience participants successfully used AI-assisted features to
generate meaningful dummy data, whereas three Qualtrics partici-
pants failed to include any dummy data.

Finally, for the step-by-step solutions, six participants (three per
condition) submitted fully correct code. Four ExPeerience and three
Qualtrics participants made errors, while one ExPeerience and two
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(a) The assignment view page
(b) The worked-out example workspace with problem background
tab selected

(c) The worked-out example workspace with data tab selected (d) The worked-out example workspace with solution tab selected

Figure 3: The main pages and interfaces in the initial design of ExPeerience for creating a worked-out example.

Qualtrics participants submitted incomplete solutions. Regarding
step descriptions, ten participants (six ExPeerience, four Qualtrics)
broke their solutions into three steps, whereas seven (three ExPee-
rience, four Qualtrics) required more than three steps.

Learner Experience is not Significantly Different. Learner experi-
ence was assessed through ratings of instructional clarity, perceived
educational value, and ease of use, along with reflections on encoun-
tered challenges and desired support. We also logged the time spent
on each component (e.g., creating data tables or solution steps) and
the frequency and location of clarification requests.

Participants in both conditions rated instructional clarity and
ease of use highly, with averages above four. Two Qualtrics partici-
pants noted usability challenges related to scrolling back and forth
to track progress. Participants using ExPeerience did not report the
same concerns.

However, both groups faced task-related difficulties. Three par-
ticipants (two Qualtrics, one ExPeerience) struggled to brainstorm
suitable contexts for FOR loop problems. Additionally, six students
(three per platform) found it challenging to decompose solutions
into smaller, clearly defined steps. Some noted that they usually
approach lab assignments as a whole, while others suggested that
allowing an overall solution to be entered first and then refined into
steps could help. Two participants cited a lack of topic proficiency
as a contributing factor.

Overall, participants found the step-by-step solution component
most challenging yet also the most educational (Figure 4, The x-axis
represents the number of students.). The Data Tables and Dummy

Data phase showed a clear contrast between platforms: ExPeerience
participants found it least challenging, whereas Qualtrics users
reported greater difficulty. Ratings for the Problem Context and
Problem Description phases were moderate in both groups. e

Both conditions resulted in similar task efficiency, though differ-
ences emerged in data generation time. Qualtrics users spent nearly
twice as long on data generation (7.86 minutes) as ExPeerience users
(3.58 minutes). A t-test revealed no statistically significant differ-
ences between groups in the time spent on the other components.
However, the solution creation phase was the most time-intensive
for both groups, averaging about 14 minutes.

Participants also differed in the types of clarification questions
asked. One ExPeerience user, primarily seeking confirmation on
navigation and required actions, asked up to five questions. In
contrast, three Qualtrics participants requested assistance with
generating table data.

Learning Outcome: Student objective performance and subjective
confidence increased in both groups. In the ExPeerience condition,
four participants consistently answered contextualized coding ques-
tions correctly in both pre-test and post-test surveys, while another
four improved their performance. One participant made mistakes in
both pre- and post-surveys. In the Qualtrics condition, two partici-
pants maintained perfect scores, four improved, and one answered
correctly in the pre-test but incorrectly in the post-test.

Confidence patterns mirrored these trends: in the ExPeerience
group, five of nine students reported higher confidence, three re-
mained stable, and one decreased. In the Qualtrics group, four of
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(a) Participants’ rankings of component difficulty (1 = most challeng-
ing, 5 = least challenging).

(b) Participants’ rankings of educational value (1 = most educational,
5 = least educational).

Figure 4: Comparison of ExPeerience and Qualtrics participants’ rankings of challenge and educational value across the five
components of WE creation. Two participants, one from each group, did not complete the ranking questions.

seven students improved, one stayed the same, and two declined.
ANOVA and t-test analyses revealed no significant differences in
confidence scores either within groups or between groups (p > 0.05).

3.3.4 Lessons Learned. In the initial design of ExPeerience, we
focused on addressing challenges identified from the previous se-
mester through enhancements to the graphical user interface (GUI)
and the integration of a single AI-assisted feature for dummy data
generation. While the evaluation results showed that these changes
alleviated several usability issues, some challenges persisted, such
as insufficiently defined problem contexts, vague problem descrip-
tions, and incorrect solutions. Participants’ feedback on the chal-
lenges they faced while ideating the problem context and breaking
down their solutions indicated that they needed additional support
during the process of creating their WEs. Improving the GUI alone
was not sufficient.

4 Updated ExPeerience Workflow and Interface
Design

To address these challenges, we extended ExPeerience beyond a
static interface into an AI-assisted learning environment.

4.1 Student-AI Collaboration in
Learnersourcing Process

AI features were implemented not to replace students’ creative
efforts but to act as a scaffolding partner that provides adaptive,
just-in-time support throughout the creation process. Specifically,
AI features were designed to assist students in three ways: by (1) of-
fering ideation scaffolds to stimulate divergent thinking and help
them generate novel yet relevant ideas, (2) providing generation
scaffolds to shift students from remaining solely at the create level
of Bloom’s taxonomy [37] toward engaging in decision-making and

analysis to reduce cognitive load, and (3) delivering evaluation
scaffolds that supply personalized feedback for refinement and
self-correction.

Therefore, in our revised workflow (Figure 5), we introduced the
above-mentioned three new AI-assisted scaffolding components
across four stages of WE creation: Problem Context, Problem De-
scription, Data Tables and Dummy Data, and Solution and Subgoals.

The Problem Context stage is split into two phases. The Ideation
phase supports students to explore multiple ideas through two
complementary mechanisms: browsing peer-generated examples
from previous semesters and generating new suggestions using the
AI. Once students have finalized their context, they move to the
Evaluation phase, where the system provides AI feedback on their
drafted context to facilitate iterative revision.

In the Problem Description stage, based on the finalized problem
context, the AI generates candidate problem descriptions, which
students then review, select, and revise. The rationale is to address
students’ challenges in defining problems that are both sufficiently
specific to solve and aligned with the intended learning objectives.
By shifting cognitive effort from content creation to critical eval-
uation, this design aims to engage students as active reviewers of
AI-generated output.

For the Data Tables and Dummy Data stage, AI support is ex-
tended to both table design and data generation. Based on the
problem description, the AI suggests potential database tables that
students can edit or refine, and students can then request the AI
to populate these tables with dummy data. Similar to the previous
stage, the rationale is to reduce students’ cognitive load and ad-
dress challenges identified in the formative studies, where students
reported this stage as the least educational yet the most cognitively
demanding part of the workflow.
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Figure 5: The revised ExPeerience workflow integrates three AI-assisted scaffolding components-Ideation, Generation, and
Evaluation-across four stages of WE creation: Problem Context, Problem Description, Data Tables and Dummy Data, and
Solution and Subgoals.

Finally, in the Solution and Subgoals stage, we incorporated feed-
back from the pilot study, where participants expressed a prefer-
ence to write the overall solution first before decomposing it into
smaller steps. Besides that, we introduced an Evaluation phase
between the overall solution and the step-by-step breakdown. This
phase allows students to receive AI feedback on the correctness
of their overall solution and revise their code accordingly before
breaking the solution into substeps. This design enables students
to iteratively refine their solutions while also increasing the overall
correctness and educational value of their work.

4.2 Updated ExPeerience System Design
Compared to the initial design (Figure 3), we mainly revised the
Worked-Out Example Workspace by adding the tabs to match
each stage in the revised workflow (Figure 5) and implemented
corresponding AI-assisted features in the final design of ExPeeri-
ence. All of the AI-assisted features are powered by the Gemini 2.0
Flash model3. The prompts used in each feature are included in
Appendix A. Below, we describe the AI assistance features and how
the features are designed to enhance the corresponding workflow
stages.

4.2.1 Context Creation Playground (see Figure 6, a & c). Theworked-
out example workspace (Figure 3b) is redesigned and enhanced with
an additional Context Creation Playground (Figure 6, #1).

The playground has two subsections. The Peer-Generated Ex-
amples subsection (see Figure 6, a) displays topics identified by
other students in the format of topic cards. Each topic card contains
a title (e.g., Video Game, Student Information) and several subtitles
that summarize the topic’s scope. Clicking the arrow icon on the
right-hand side of a card expands it to reveal two sample problem

3https://cloud.google.com/vertex-ai/generative-ai/docs/learn/models

contexts and their corresponding database tables (see Figure 6, b).
The Show More Ideas button will load more topic cards. All topic
cards are derived from problem contexts collected during previ-
ous classroom implementations, and the included examples were
originally generated by students, with only minor grammatical cor-
rections. The AI Context Generator button opens an embedded
chat interface within the playground (see Figure 6, c). It generates
multiple candidate problem contexts based on student-provided
keywords or topics and allows students to ask follow-up questions
for clarification or idea refinement.

4.2.2 Context Evaluation Panel (see Figure 6, d). After entering the
problem context, the student can click on the “Evaluate My Con-
text” button underneath the context input box to get AI-generated
feedback. It evaluates the student’s problem context on clarity,
appropriateness, and completeness and provides feedback for re-
finement.

4.2.3 Problem Description Generation (see Figure 6, e). Once stu-
dent have finished the problem context and move on to the problem
description tab (Figure 6, #2), the Problem Description Genera-
tor automatically suggests three candidate problem descriptions
(easy/medium/hard-categorized only in the backend) based on the
student’s problem context and focused on the target computing
concept. Each candidate is presented as a card with a title, a short
summary, and the option to expand for a more detailed description.
If a candidate is selected, the chosen description is automatically
populated into the problem description text box. Users can click on
the Generate New Problem Descriptions button to request a new set
of problem descriptions.

4.2.4 Data Table Generator and Dummy Data Generator (see Fig-
ure 7, #3). After completing the problem context and description,
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Figure 6: The ExPeerience interfaces for (1) Problem Context and (2) Problem Description creation. Panel (1) shows the Context
Creation Playground, which includes the Peer-Generated Examples and AI Context Generator features for ideation, as well as
the Evaluate My Context button for receiving AI feedback. Panel (2) displays the AI Problem Description Generator, which
presents three candidate problem descriptions of varying complexity based on the student’s defined context.

students proceed to the Data Tables tab. The Data Table Genera-
tor generates table schemas based on the problem description, and
presents the resulting table structure in the form fields (see Figure 7,
f). Students can make edits, create or delete rows, and create or
add another table. The Dummy Data Generator will then use the
table schema to generate dummy data. The generated results are
displayed in the preview panel on the right under the Generated
Sample Data section (see Figure 7, g).

4.2.5 Overall Solution and Feedback (see Figure 7, #4) . In the So-
lution tab, students compose their overall solution in the code
editor. The Check My Code button opens a chat interface directly
below the overall solution input box (see Figure 7, h). It evalu-
ates students’ overall solutions for correctness, logic, and structure
based on the problem context and description, provides catego-
rized feedback( FIX (error correction), IMPROVE (code clarity), ADD
(missing elements), or “Everything looks good.”. Students can also
ask follow-up questions.

4.2.6 Usability Enhancements. Beyond the core AI-supported fea-
tures, several interface refinements were introduced to improve
usability and reduce cognitive load. First, a progress bar replaced
the floating navigation menu used in the pilot study. This progress
bar visualizes the five stages of creation: problem context, problem
description, data tables, solution, and final review. Each stage can
be marked as pending, current, completed, or incomplete (highlighted
in red). Second, the preview panel was redesigned to minimize
distractions. It remains hidden during context and description entry,
but reappears for data tables and solution creation. The panel can
also be resized, giving students more control over how they allocate
screen space between authoring and reviewing.

5 Formative Evaluation
We conducted a formative evaluation [54] of the updated system to
assess the effectiveness of the improved design of ExPeerience in
supporting the learnersourcing process and inform future iterations.
We employed a between-subjects study design with 24 participants
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Figure 7: The ExPeerience interfaces for (3) Data Table and Dummy Data and (4) Solution and Subgoals. Panel (3) introduces
both table design and data generation, which automatically creates relational tables and dummy data aligned with the student’s
problem description. Panel (4) supports solution authoring through the Overall Solution input, followed by an Check my code
button for correctness checking, and a Step-by-Step Breakdown editor for defining subgoals and final SQL queries.

during September and October 2025 . The study procedure was
reviewed and approved by the Human Research Protection Program
(IRB) in the author’s institution. We aimed to answer the following
research questions:

• RQ1. Content Quality: What differences emerge in the qual-
ity of WEs when students create them with ExPeerience
versus the baseline condition?

• RQ2. Learner Experience: How do students’ interactions and
perceptions of agency and usability differ throughout the
process of creating WEs when using ExPeerience compared
to the baseline condition?

• RQ3. Learning Outcome: What are the differences in stu-
dents’ objective performance and subjective confidence on
SQL OUTER JOINs after using ExPeerience or baseline con-
ditions to create a WE?

5.1 Procedure
We followed a similar procedure as the pilot study (Section 3.3.2)
with a few updates. First, we added AI access to the baseline con-
ditions to match the AI features in the final system design. In the
baseline condition, participants can access Gemini through research

team-provided accounts. The chat histories are cleared and reset
before each session to avoid context carryover. During the study,
Gemini 2.5 Flash served as the default model. Participants were
instructed to interact freely with the AI in any way they see fit.
Second, we shifted the target concept from PL/SQL FOR loops to
SQL OUTER JOINs, reflecting the timing of the evaluation at the
start of Fall 2025, when most undergraduate students had not yet
learned PL/SQL. To expand participation, graduate students with
fundamental SQL knowledge were also included. We also improved
the pre-test and post-test survey design and included contextual-
ized multiple-choice coding problems and open-ended reasoning
questions to assess learning outcomes.

5.2 Participants
We recruited 24 new participants (no overlap with the pilot study),
including 14 undergraduates and 10 junior graduate students (Ta-
ble 2). All participants are screened with prior SQL experience.
Each condition included 12 participants. The ExPeerience group
comprised five males and seven females, while the baseline group
included six males and six females. Most sessions (N = 19) were
conducted in person, with participants’ screens projected onto a TV
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Table 2: Participant demographics for the final user study, categorized by year of study, gender, majors, and conditions.

ID Academic Level Gender Major Condition
1 Undergraduate Male Data Analytics, Technology, and Applications ExPeerience
2 Undergraduate Female Computer and Information Technology ExPeerience
3 Undergraduate Female Data Analytics, Technology, and Applications ExPeerience
4 Graduate Female Computer and Information Technology ExPeerience
5 Graduate Female Computer and Information Technology ExPeerience
6 Undergraduate Male Data Visualization ExPeerience
7 Undergraduate Female Computer and Information Technology Baseline
8 Undergraduate Male Computer and Information Technology ExPeerience
9 Undergraduate Male Computer and Information Technology Baseline
10 Undergraduate Female Data Analytics, Technology, and Applications Baseline
11 Undergraduate Male Computer and Information Technology Baseline
12 Undergraduate Male Computer and Information Technology Baseline
13 Graduate Female Computer and Information Technology Baseline
14 Undergraduate Male Data Analytics, Technology, and Applications ExPeerience
15 Undergraduate Female Computer and Information Technology ExPeerience
16 Graduate Female Computer and Information Technology ExPeerience
17 Graduate Male Computer and Information Technology Baseline
18 Graduate Male Computer Science Baseline
19 Undergraduate Male Computer and Information Technology ExPeerience
20 Graduate Female Computer and Information Technology ExPeerience
21 Graduate Female Computer and Information Technology Baseline
22 Graduate Female Computer and Information Technology Baseline
23 Undergraduate Male Computer and Information Technology Baseline
24 Graduate Female Computer and Information Technology Baseline

for observation. Five sessions were held online due to participant
availability.

5.3 RQ1: Content Quality
The content quality was mainly evaluated from four key compo-
nents of student-generated WEs: (1) Problem Context, (2) Problem
Description, (3) Data tables and Dummy Data, and (4) Overall Solu-
tion and step-by-step description.

5.3.1 ProblemContext Semantics, Diversity and Structure. The prob-
lem contexts generated by students using ExPeerience versus the
baseline condition differed notably in length, tone, structure, and va-
riety of domain focus. ExPeerience examples were typically longer
(100-250 words) and more descriptive, while the baseline condition
was shorter (30-80 words) and concise.

The tone of the problem contexts in the ExPeerience group was
more narrative and story-driven. In contrast, the baseline group
was more task-oriented and procedural. Overall, ExPeerience often
follows a Contextual Setup→ Data Schema→ Goal→ SQL Concept
→ Insight flow (Figure 8a) and the baseline group followed a three-
step structure: role→ goal→ data task (Figure 8b).

Our thematic analysis revealed that participants using ExPeeri-
ence created problem contexts across 11 domains, including restau-
rants and cafés (P2, P3), bookstores (P1), nutrition planning (P6),
university events (P14), music tours (P16), student information (P8),
fashion retail (P15), farms (P19), convenience stores (P20), gaming
(P5), and film production (P4). In contrast, the baseline group pro-
duced narrower, business-oriented contexts focused on inventory
and product tracking (P10, P13, P17), student information systems
(P9, P11), and general business operations (P7, P12, P22), with a

few topics like library cataloging (P18) and fishing supply (P21)
reflecting student interests.

(a) Example ExPeerience problem context structure (Contextual Setup
→ Data Schema → Goal→ SQL Concept → Insight).

(b) Example baseline problem context structure (Role → Goal → SQL
Concept).

Figure 8: Comparison of structural patterns in problem con-
texts generated by ExPeerience and baseline group. ExPeeri-
ence typically follows a multi-layered, story-driven schema,
while baseline adopts a concise, task-oriented structure.

5.3.2 Data Table Structure and Contextual Alignment. For data ta-
bles and dummy data, the ExPeerience group demonstrated greater
contextual alignment compared to the baseline condition. Most
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ExPeerience WEs (N = 9) included two tables with one-to-many
relationships, while three participants (P4, P16, P20) created three
tables with many-to-many relationships; notably, P4 incorporated
a junction table. All tables in the ExPeerience group contained an
average of 10 rows of AI-generated dummy data. In contrast, all
participants in the baseline condition included two tables with re-
lational structure and contained an average of only five rows of
dummy data.

5.3.3 Solution Correctness and SQL Complexity. For the overall
solution, only two participants (P16, P19) in the ExPeerience group
made mistakes, whereas all participants in the baseline group in-
cluded correct answers. In terms of complexities, both ExPeerience
participants (N = 5) and baseline participants (N = 7) incorporated
additional SQL constructs beyond the targeted OUTER JOIN con-
cept. (Table 3). Among them, two ExPeerience Participants (P1,
P16) produced the most complex solutions by including aggregate
functions in their SELECT statements and used both GROUP BY
and ORDER BY clauses.

5.3.4 Stepwise Reasoning in SQL Solutions. The step-by-step de-
scriptions produced by the ExPeerience group tended to include
conceptual explanations that articulated why the query worked,
while those in the baseline group focused more on how to write
the query correctly. In the ExPeerience condition, participants fre-
quently described the logical rationale behind each step. For ex-
ample, one participant (P1) organized steps in the same sequence
that SQL statements are processed on the server. By contrast, par-
ticipants in the baseline condition followed a more procedural and
uniform format. Most organized their explanations according to
the textual order of SQL query construction and provided brief,
instructional statements describing how to implement each part of
the query.

5.4 RQ2: Learner Experience
5.4.1 Behavior Patterns During Problem Context Creation. Partici-
pants in two groups approached problem context creation differ-
ently: ExPeerience participants demonstrated an explore-generate-
revise pattern, whereas baseline condition participants prompted
Gemini differently to obtain problem context and description sepa-
rately.

In the ExPeerience group, 11 participants began by exploring
topic cards under the Peer-Generated Examples in the Context Cre-
ation Playground, while one participant (P16) directly interacted
with the AI Context Generator. After exploration, seven participants
entered single keywords toAI Context Generator, three (P14, P19, P8)
entered multiple topic-related phrases, and two (P2, P20) entered a
full sentence. Most participants (N = 8) reviewed all AI-generated
problem contexts and copied one, while two (P1, P8) chose the
first suggestion without further review. P1 explained that “ it was
the one I liked.” One participant (P15) refined her keyword into a
sentence-length description and regenerated new contexts after re-
viewing the initial AI-generated contexts. All participants reviewed
the AI feedback from Evaluate My Context, but only three (P2, P3,
P16) revised their contexts based on the comments. P2 incorporated
all suggestions and reran the evaluation; P3 modified one comment
and rechecked it; and P16 regenerated a new context using the AI’s

comments as input for the AI Context Generator. During follow-
up interviews, most participants expressed that the feedback was
valuable but did not make changes, believing their contexts were
sufficient. P15 noted they would have applied the feedback if the
problem context were part of a larger project.

In the baseline group, most participants began by copying the
Qualtrics instructions about the problem context directly into Gem-
ini or writing their own prompt that asked for a problem context
suitable for SQL OUTER JOINs. Gemini consistently returned a
comprehensive problem that included the issue, data tables, and
the corresponding SQL solution. All participants found that Gem-
ini did not clearly separate the problem context from the problem
description, and they subsequently employed different prompting
strategies to obtain them separately. Two participants (P10 and P11)
chose to upload the example problem context and explicitly asked
Gemini to create a similar one, but with different contexts. Most
participants interacted with Gemini through two to three rounds
of prompting to help Gemini understand the difference between
the problem context and the description. During interviews, two
participants (P15, P16) expressed frustration that Gemini failed to
interpret their requests accurately. One participant (P13) did not use
Gemini for generating the problem context or description; instead,
she referred directly to the provided example and composed her
own version manually.

5.4.2 Engagement with AI-generated Outputs. Participants in the
two conditions used AI-generated outputs that differed in their
creation process. ExPeerience participants actively reviewed, com-
pared, and refined the content produced by the system, whereas
participants in the baseline condition primarily copied AI-generated
text from earlier steps without modification.

In the ExPeerience condition, most (N = 7) reviewed all AI-
generated options and selected one that matched their preferences
or desired difficulty. P3 viewed only one option and immediately se-
lected it , while P4 initially selected Hard but later switched to Easy
after attempting to solve it. P19 regenerated new problem descrip-
tions after reviewing the initial options and later revised his chosen
description during the solution stage. In contrast, baseline partici-
pants copied the problem description generated by Gemini in the
previous step and submitted it via Qualtrics without modification.

Similarly, during the data tables and dummy data stage, ExPeeri-
ence participants reviewed the AI-generated tables for consistency
with their problem context and description using the preview panel.
Most (N = 9) accepted the default tables, while three (P2, P16, P19)
made targeted edits before generating dummy data. Baseline par-
ticipants, by contrast, relied directly on Gemini-generated tables
from the previous step. All participants then prompted Gemini to
produce SQL scripts for table creation and data insertion. Several
also received complete SQL solutions embedded within the same
output and submitted these directly without further revision.

5.4.3 Agency in Solution Development. ExPeerience participants
iteratively developed and refined their SQL solutions based on feed-
back from Check My Code and broke them down into smaller steps
by themselves, whereas baseline participants directly adopted AI-
generated answers. All ExPeerience participants used the Check
My Code feature to identify syntax and logic issues. Eight (P1 - P3,
P5, P6, P8, P14, P20) revised their solutions multiple times until the
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Table 3: SQL solution complexity features by group.

Group Aggregate in SELECT GROUP BY ORDER BY Multiple WHERE Filters

ExPeerience P1, P5, P6, P20 P1, P5, P6, P20 P1, P2, P3, P6 P19, P20
Baseline P9, P10, P13, P18 P9, P10, P13 P7, P9, P10, P11, P13, P17 None

AI indicated correctness, whereas three (P15, P16, P19) made more
substantial revisions involving changes to table structures, contexts,
or descriptions. Finally, most participants (N = 11) manually broke
down their final SQL solutions into step-by-step explanations by
referring to their overall solution shown in the preview panel. Only
one participant (P15) used the chat interface in Check My Code to
ask AI to generate step descriptions. Baseline participants relied
heavily on Gemini to generate complete SQL queries and provide
step-by-step explanations. Only one participant (P13) used an on-
line SQL editor to verify the correctness of Gemini’s generated
code. Two participants (P9 and P13) asked brief conceptual clarifi-
cation questions. Finally, during the step-by-step solution phase,
only one participant (P22) reviewed the AI’s explanation before
submission.

5.4.4 Ownership Over Created Materials. Participants using Ex-
Peerience reported a stronger sense of ownership over their WEs,
with 10 out of 12 rating themselves as the main creators (4 or 5 on
the scale) (see figure 9, a). In contrast, ratings in the baseline group
were more varied, with four participants giving low scores (1 or 2),
suggesting reduced ownership and greater reliance on AI-generated
outputs.

5.4.5 System Usability and Reported Challenges. Participants in
the ExPeerience group mainly reported challenges related to the
usability of the system and the readability of AI-generated outputs.
In contrast, participants in the baseline group faced challenges
primarily related to the reliability of AI and difficulties in prompting
it.

In the ExPeerience group, participants’ feedback centered on
how the system’s interface and AI features could be improved
for smoother interaction. P1, P2, P3, P5, and P20 noted that the
contexts suggested by the AI Context Generator were too lengthy.
They indicated a shorter, more concise version would enhance
readability. P6, P14, and P19 highlighted interface-related issues: P6
mentioned the lack of confirmation messages after clicking buttons,
P14 reported difficulty locating the generated dummy data without
assistance, and P19 noted being unable to regenerate additional
dummy data after revising tables multiple times. Despite these
issues, most participants appreciated the structured workflow and
supportive AI feedback. When asked what they would change, P3,
P5, and P15 suggested providing more precise or actionable AI
feedback. Moreover, P16 and P19 wanted greater control over data
table customization, and P1 proposed adding a feature to display the
Entity-Relationship Diagram (ERD) diagram of the tables created
in their WEs.

For the baseline group, P7 and P17 reported that Gemini often
misunderstood prompts or produced irrelevant data tables, requir-
ing several regeneration attempts. P10 and P13 found Gemini un-
helpful for writing SQL code, with P13 noting that the model failed

to retain context between turns. P12 and P22 mentioned that Gem-
ini often completed the entire task with minimal opportunity for
their own input.

5.5 Learning Outcomes
5.5.1 Test Question Accuracy and Explanations. In the ExPeerience
group, two students (P5 and P20) showed clear improvement, pro-
gressing from all incorrect answers in the pre-test to fully correct
responses in the post-test. One student (P8) demonstrated partial
improvement, moving from all incorrect answers in the pre-test
to one correct answer in the post-test. Both P5 and P20 showed
initial confusion about JOIN-related concepts in their pre-test’s
explanations, but correctly resolved these issues in the post-test.
P8’s explanations shifted from surface-level descriptions of output
patterns to correctly reasoning. However, P15 continued to struggle,
focusing on the WHERE clause rather than JOIN logic.

Seven participants (P1, P3, P4, P6, P10, P14, P16) maintained
perfect accuracy across both tests, consistently grounding their
reasoning in problem requirements and table relationships. One
participant (P2) missed a single post-test item but otherwise demon-
strated consistent understanding.

In the baseline group, five students (P7, P9, P17, P18, P22) main-
tained perfect accuracy, and one (P21) missed a single post-test
question. Their explanations mirrored the reasoning patterns of
top ExPeerience performers. P11 and P12 improved from partially
incorrect to fully correct, with post-test explanations showing more
contextually grounded reasoning . P13 remained stable with one
recurring errorand their explanation mainly paraphrasing question
text without discussing data relationships. P10 and P23 initially
perfect but made a post-test error. P24 struggled throughoutto map
the problem goal to the correct concept.

5.5.2 Confidence in Concept Understanding, Application, and Problem-
Solving. ExPeerience participants reported increased confidence
across all measures, whereas baseline participants showed little or
no growth (Figure 10).

Although randomly assigned, baseline participants reported
higher confidence than those in ExPeerience, particularly in decid-
ing which OUTER JOIN to use (𝑑 = −1.13, 𝑝 = 0.016). In the post-
test, no statistically significant between-group differences were
observed (𝑝 > 0.05). Overall, ExPeerience participants exhibited a
generally upward trend in confidence, while baseline participants’
confidence remained stable or declined slightly.

Regarding confidence in concept understanding (“I can explain
the difference between INNER and OUTER JOINs”), both ExPeeri-
ence (𝑝 > 0.5, 𝑑 = 0.22) and baseline participants (𝑝 > 0.5, 𝑑 = 0.12)
showed no significant change. For the confidence in applying the
concept (“I can decide when to use LEFT/RIGHT/FULL OUTER
JOIN”), ExPeerience participants showed a significant improvement
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Figure 9: Student perceptions of agency/ownership and usability. (a) Students’ attitude toward being the main creator of the
WE. A rating of 1 - Strongly Disagree indicates that students did not view themselves as the main creator, whereas 5 - Strongly
Agree reflects a strong sense of ownership. (b) Students’ usability ratings for the ExPeerience system. Most students reported
positive experiences with the ExPeerience system.

(𝑝 = 0.035, 𝑑 = 0.66), whereas baseline participants experienced a
slight, non-significant decrease (𝑝 > 0.5, 𝑑 = −0.10). In terms of
the confidence in problem-solving (“I can write a SQL query using
OUTER JOINs to solve a real-world problem”), ExPeerience partici-
pants reported moderate gains (𝑝 = 0.151, 𝑑 = 0.43), compared to no
observable change among baseline participants (𝑝 > 0.5, 𝑑 = 0.06).

6 Discussion
This work focuses on developing learnersourcing workflows and
scaffolding artifacts to support the problem-solving learning objec-
tives within database programming subjects. Through a formative
student-centered design process, we developed and evaluated an
AI-assisted learnersourcing workflow and system, ExPeerience, and
explored its impact on the learnersourced content quality, learner
experience, and the learning outcome. This section reflects on how
AI-assisted features improved the design of ExPeerience, balanced
the two competing goals of learnersourcing: student learning and
sourcing from students, how students collaborated with AI, and
the broader design implications for AI-assisted learnersourcing
systems.

6.1 Balancing Learning and Sourcing through
AI-Assisted Learnersourcing

In learnersourcing tasks, students often face high cognitive de-
mands when generating high-quality learning materials [32]. Prior
systems, such as Upgrade [73], addressed this challenge by enabling
learners to revise or evaluate existing student work. Platforms like
RiPPLE have recently incorporated AI feedback to enhance the qual-
ity of student-generated materials post hoc [56]. Although these
approaches improve efficiency and output quality, they often con-
strain learners’ opportunities to engage in open-ended ideation and
iteratively refine their work based on just-in-time feedback during
the creative process.

ExPeerience redistributed cognitive responsibilities between stu-
dents and the AI in a complementary manner. Students concen-
trated on educational tasks, such as deciding a topic for contextual-
ization, composing solutions, articulating reasoning, and demon-
strating their mental models through step-by-step breakdowns,
while delegating procedural and mechanical sub-tasks to the AI, in-
cluding generating dummy data, suggesting problem contexts, and
structuring problem descriptions. Unlike general-purpose chatbots
that respond to open-ended prompts, which prior work has shown
can reduce users’ cognitive effort but also risk diminishing critical
engagement [38], ExPeerience embedded AI as a set of task-specific

collaborators that provided targeted, context-aware assistance at
each stage of creation. This design allowed students to receive rel-
evant feedback without spending extra time crafting prompts, a
difficulty frequently reported by participants in the baseline group.

Moreover, rather than heavily relying on the AI for end-to-
end generation, as observed in the baseline group, students in
ExPeerience iteratively validated and refined AI-generated and self-
generated content. Features such as Evaluate My Context and Check
My Code guided learners to move fluidly between creation and
reflection. The resulting examples were not only more contextually
rich but also pedagogically coherent, suggesting that AI-assisted
learnersourcing can support both content generation and active
knowledge construction.

6.2 Student-AI Interaction in Learnersourcing
Participants in two groups reflected broader patterns of human-AI
collaboration. These patterns illustrate how differences in prompt-
ing proficiency, perceived AI roles, and trust calibration collectively
shaped students’ interactions with AI and influenced the quality of
their learning engagement.

6.2.1 Prompting Proficiency and Interaction Confidence. Differ-
ences in prompting proficiency, particularly among baseline partic-
ipants, revealed that students’ prior familiarity with large language
models (LLMs) shaped not only how effectively they communi-
cated with the AI but also how confidently they engaged in the
interaction. Participants with more LLM experience demonstrated
greater interaction confidence, articulating their goals clearly and
using open-ended, dialogic exchanges to refine ideas and explore
alternative solutions. Their familiarity with AI behavior allowed
them to treat the system as a responsive collaborator. In contrast,
less experienced users engaged more directly, relying on prewritten
task instructions or single-turn interactions that positioned the AI
as a procedural tool rather than a conversational partner.

Interestingly, during the interview, participants also noted that
their prompting proficiency was also platform-specific. They felt
comfortable using ChatGPT, a conversational LLM developed by
OpenAI, but less so with Gemini. This distinction suggests that
prompting expertise is not a fixed skill but an adaptive literacy
influenced by interface design, model behavior, and conversational
framing. When users are uncertain about how an AI interprets
input or communicates intent, they may experience hesitation and
reduced confidence, which can limit exploratory learning. When
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Figure 10: Distribution of student confidence ratings in pre- and post-test surveys across the three confidence dimensions. Each
bar represents the number of students who selected each Likert scale option (1 = Strongly Disagree, 5 = Strongly Agree). The
three dimensions correspond to: (1) Conceptual Confidence - understanding the difference between INNER and OUTER JOINs,
(2) Decision-Making Confidence - deciding when to use LEFT/RIGHT/FULL OUTER JOINs, and (3) Application Confidence -
writing SQL queries using OUTER JOINs to solve real-world problems.

learners are unsure about an AI’s interpretive logic or commu-
nicative intent, their confidence declines, potentially constraining
exploratory interactions.

6.2.2 Perceived Role of AI and Implication for Trust in AI-Generated
Content. While trust was not directly measured as an outcome
variable, participants’ interaction patterns and interview responses
suggest differences in how AI-generated content was perceived
and evaluated across conditions. In ExPeerience, the roles of the AI
were explicitly defined through the interface and the task structure.
This clarity encouraged students to treat the AI as a supportive
collaborator rather than an unquestioned authority. This trans-
parency fostered calibrated trust: learners critically evaluated AI
suggestions, integrating them selectively while maintaining con-
trol over conceptual and creative choices. In contrast, participants
in the baseline group often accepted AI-generated outputs with-
out verification, equating fluency and completeness with accuracy.
Such uncritical trust reduced opportunities for reflection, owner-
ship, and reasoning, turning interaction into execution rather than
learning. This aligns with prior IUI work arguing that engaging
with AI-generated code requires explicit scaffolds that prompt users
to inspect, evaluate, and reflect rather than accept outputs at face
value [29]. These patterns highlight that learners’ perception of
the AI’s role is not merely attitudinal but functional. The clearer a
system defines its purpose and boundaries, the more balanced and
critical students’ trust becomes.

6.3 Design Implication for future AI-assisted
educational systems

This study highlights that effective human-AI collaboration in ed-
ucation depends not only on accurate outputs but also on how
systems scaffold interaction, communicate their roles, and sup-
port reflection. Because learners vary in prompting proficiency,

confidence, and understanding, AI tools must adapt while remain-
ing transparent and preserving learner agency. The following de-
sign implications outline how future systems can (1) offer adaptive
scaffolding for diverse learners, (2) ensure transparency and role
communication, and (3) provide actionable feedback that fosters
reflection and conceptual growth.

6.3.1 Define the role of AI explicitly. Transparent system design
fosters students’ calibrated trust, a state inwhich users’ perceived re-
liability of AI aligns with its actual capabilities [76]. When learners
clearly understand what the AI contributes and why, they are better
able to integrate its feedback while maintaining epistemic control.
ExPeerience achieved this through feature-specific boundaries that
signaled where AI support began and ended. Future AI-assisted
systems should continue to make AI reasoning, confidence, and
limitations visible to users. This might involve visual indicators
of uncertainty, explanations of decision logic, or meta-level cues
about how the model interprets queries.

6.3.2 Providing Actionable Feedback. Beyond functional correct-
ness or efficiency, AI-assisted systems should reinforce students’
authorship and reflection by providing feedback that is concise, ac-
tionable, and pedagogically meaningful. In our ExPeerience group,
learners expressed understanding of the feedback but difficulty
determining how or where to implement. This underscores the
importance of formatting feedback for actionability, ensuring that
comments clearly indicate next steps and connect to specific ele-
ments of students’ work. Because AI-generated feedback can be
variable and difficult to control in tone, length, or specificity, sys-
tem design should mediate this unpredictability through structured
prompts, summarization layers, or instructor-defined templates.
Such mechanisms can help maintain consistency and reliability,
allowing learners to engage with AI feedback productively rather
than being overwhelmed or misled by its inconsistency.
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6.3.3 Adaptive Scaffolding for Diverse Learners. AI-supported envi-
ronments should provide flexible scaffolds that adjust to students’
prompting proficiency. For experienced users, open-ended conver-
sational modes can support creativity, personalization, and self-
directed inquiry. For novices, embedded scaffolds, such as guided
prompts, structured templates, or example-based cues, can lower
the cognitive load associated with both task formulation and in-
teraction management. Future systems could further personalize
scaffolding by dynamically assessing learner confidence and inter-
action patterns, adjusting the level and timing of AI intervention.
Such adaptivity ensures that AI remains a productive learning part-
ner rather than a source of cognitive friction.

6.4 Limitations and Future Work
We acknowledge several limitations in our study that open avenues
for future work. First, the study involved a relatively skewed sam-
ple of students from computing-related disciplines and focused
solely on the database programming education, which may limit
the generalizability of findings to other domains or larger classroom
settings. Future work should examine how the design principles of
ExPeerience transfer to different subject areas and learner popula-
tions, including non-technical or novice users with varying degrees
of AI literacy.

Second, our evaluation captured students’ immediate interac-
tions and perceptions but did not assess long-term learning gains
or behavioral changes over time. Future studies could adopt longi-
tudinal or classroom-integrated deployments to investigate how
sustained exposure to AI-assisted learnersourcing affects students’
conceptual understanding, reflection habits, and collaborative dy-
namics.

Third, although ExPeerience employed a controlled experimen-
tal comparison with a general-purpose chatbot condition (Gemini),
the rapidly evolving landscape of large language models presents
ongoing challenges for reproducibility and validity. Future research
should examine how variations in model capabilities, prompt sensi-
tivity, and interface affordances influence learner engagement and
trust calibration.

Finally, our design focused primarily on individual learners; how-
ever, learnersourcing inherently involves community participation.
Future iterations of ExPeerience could integrate peer evaluation,
AI-supported aggregation of student-generated materials, or col-
laborative reflection on AI feedback. Expanding toward multi-user
or classroom-level deployments would provide deeper insight into
howAI canmediate not only individual cognition but also collective
knowledge construction.

7 Conclusion
This work introduces ExPeerience, an AI-assisted learnersourc-
ing system designed to address the long-standing tension between
learning-oriented engagement and sourcing-oriented structure in
learnersourcing educational content creation. Through a student-
centered design process across three phases, we reimagined the
learnersourcingworkflow by integrating targeted scaffolding stages-
ideation, generation, and evaluation- and incorporating AI features
that support each form of scaffolding in the updated design of

ExPeerience. In a comparative evaluation against a baseline condi-
tion, students using ExPeerience produced more diverse problem
contexts, demonstrated deeper reasoning in their solutions, and
reported a better sense of authorship. Additionally, we reflected
on the student-AI interaction patterns and suggested design impli-
cations for future AI-assisted educational systems. By positioning
AI as a facilitator rather than a replacement for student thinking,
ExPeerience advances AI-supported learnersourcing as a model in
which high-quality, reusable educational resources are generated
through learning rather than at its expense.
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A Prompts Used in the System
We list all prompts implemented and used in the system below.

Listing 1: Prompt for AI Context Generator
1 You are an AI assistant helping students generate

problem contexts for worked -out examples {
assignment_context }.

2 This problem context serves as the background
information for the problem description that
students will later

3 define their PL/SQL problem within. The context
should be a paragraph long , detailed enough to
be understandable

4 and meaningful even to someone unfamiliar with the
topic area.

5

6 The student has entered keywords or topics: "{
user_message }"

7

8 Based on these keywords , generate 2 to 3 paragraph
-length problem context suggestions. Each
context should:

9

10 1. Be a realistic , relatable scenario that could
serve as background for a PL/SQL worked -out
example.

11 2. Be detailed enough to be understandable to
someone unfamiliar with the topic.

12 3. Provide a foundation for students to define
their own specific problem and solution.

13 4. Be relevant to the keywords/topics the student
provided.

14 5. Be suitable for demonstrating {assignment_name}
concepts.

15

16 Format your response as 2 to 3 distinct context
suggestions , each as a separate paragraph.

17 Make them engaging and practical , with a tone that
is helpful and encouraging.

Listing 2: Prompt for Evalute My Context

1 You are an expert instructor in database
programming. You are evaluating a student 's
problem context{assignment_context }. This
problem context serves as the background
information/story for the problem description
that students will later define their database
problem within. The context should be easy to
understand , practical , and flexible enough

for the student to further define their own
problem and solution within it.

2

3 The student has provided the following problem
context:

4 {context_text}
5

6 Please evaluate this problem context using the
following criteria.

7

8 1. Clarity of the problem context: The context is
clear , well -structured , and easy to understand
. Can someone unfamiliar with the domain
follow the scenario?

9 2. Appropriateness: The context is suitable for
database programming and does not offend any
ethical or legal issues. Does it naturally
lead to database operations and programming
solutions?

10 3. Completeness: The context provides enough
information to create a meaningful problem.
Are all necessary details included?

11

12 At this point , student didn 't need to include any
data tables and data attributes in the problem
context. The student just need to provide a

good "story" that can served as the background
information for the problem description. And

this problem context could be any topic they
like but it didn 't offend any ethical or legal
issues.

13 Here are some examples of good problem context:
14 1. Applying for jobs is one of the first steps

to securing employment after college.
Usually , graduates look for jobs related
to their degree (for example , a Computer
Science graduate might apply for a
Software Developer role), as well as
positions that match their current
experience level. When considering salary ,
it's wise to compare the offered pay to

the average salary for a similar role at
that experience level. Overall , there can
be many jobs a graduate considers during
their search , and keeping track of them
can become overwhelming.
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15 2.Many colleges offer hundreds or thousands of
courses , each requiring a unique course

ID , assigned professors , a maximum number
of students , and a date when the course
was added to the catalog. The course ,
professor , and student enrollment
information change gradually throughout a
semester and the school year , so the
course catalog must be updated regularly.
However , it is poor practice to update ,
insert , or delete course data without
recording the changes , because if a
mistake occurs , it may be impossible to
trace or revert to previous values without
a record , making the process potentially

irreversible.
16 3.Most pet owners spend a lot of time looking

for the right boarding facility to care
for their pet while they 're away. When
selecting a provider , several factors can
influence the decision. Pet owners
typically consider location , price , and
the special services offered by the
boarding facility to find the most
trustworthy and safe place.

17 Based on the above criteria , please provide a
detailed evaluation of the problem context and
list out the areas for improvement and

specific suggestions to help the student
improve their problem context. Make sure your
suggestions are actionable and specific to the
student 's problem context. And keep you

feedback in a concise and professional manner.
18

19 ** CRITICAL INSTRUCTIONS :**
20 - You MUST return ONLY a valid JSON object
21 - Do NOT include any markdown formatting , code

blocks , or additional text
22 - Do NOT include any explanations before or after

the JSON
23 - The JSON must be properly formatted and valid
24

25 Please use this exact JSON format for your
evaluation:

26

27 {{
28 "areas_for_improvement ": [
29 "<specific area for improvement 1>",
30 "<specific area for improvement 2>",
31 "<specific area for improvement 3>"
32 ],
33 "recommendations ": "<overall encouraging

recommendations for the student to further
improve their problem context >"

34 }}
35

36 ** IMPORTANT GUIDELINES :**
37 - Be specific and detailed in your feedback
38 - Reference specific aspects of the student 's

context in your feedback
39 - Provide actionable suggestions within each

improvement area

40 - Use clear , educational language that helps the
student understand the assessment

41 - Avoid generic statements - make your feedback
specific to the content provided

42 - Be constructive and encouraging while being
honest about areas for improvement

43 - Make sure each comment is less than 50 words

Listing 3: Prompt for AI Problem Description Generator
1 You are a professor for the database programming

course focus on the SQL and PL/SQL. Your task
is helping students define a problem
descriptions for their database programming
worked -out examples{assignment_context }.

2

3 Based on the following problem context , generate
THREE distinct problem descriptions that
represent different levels of difficulty and
complexity:

4

5 ** Problem Context :**
6 {problem_context}
7

8 ** Requirements :**
9 1. Generate exactly THREE problem descriptions
10 2. Each description should be clearly labeled

as EASY , MEDIUM , or HARD
11 3. The descriptions should be progressively

more complex:
12 - EASY: Basic operations , simple queries ,

minimal complexity
13 - MEDIUM: Moderate complexity , multiple

operations , some advanced features
14 - HARD: Complex operations , advanced

features , sophisticated logic
15

16 4. Each description should:
17 - Be specific and actionable
18 - Include the table names and data

attributes in the description and
usually 2 tables are enough.

19 - Include clear requirements and
constraints

20 - Be appropriate for database programming
implementation {assignment_context}

21 - Build upon the provided problem context
22 - Include what the solution should

accomplish
23

24 5. Format your response as a JSON object with
this exact structure:

25 {{
26 "easy": {{
27 "title": "Brief title for the easy

problem",
28 "description ": "Detailed problem

description for easy level",
29 "difficulty ": "Easy",
30 "complexity_level ": "Basic",
31 "key_concepts ": [" concept1", "concept2

", "concept3 "]
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32 }},
33 "medium ": {{
34 "title": "Brief title for the medium

problem",
35 "description ": "Detailed problem

description for medium level",
36 "difficulty ": "Medium",
37 "complexity_level ": "Intermediate",
38 "key_concepts ": [" concept1", "concept2

", "concept3", "concept4 "]
39 }},
40 "hard": {{
41 "title": "Brief title for the hard

problem",
42 "description ": "Detailed problem

description for hard level",
43 "difficulty ": "Hard",
44 "complexity_level ": "Advanced",
45 "key_concepts ": [" concept1", "concept2

", "concept3", "concept4", "
concept5 "]

46 }}
47 }}
48

49 Ensure the descriptions are realistic , educational
, and appropriate for students learning PL/SQL
. Make them engaging and practical while
maintaining clear progression in difficulty.

Listing 4: Prompt for Generating Data Tables
1 You are an expert database designer and PL/SQL

instructor. Based on the given problem context
and description , generate appropriate

database table structures that would be needed
to solve the problem.

2

3 Problem Context: {problem_context}
4 Problem Description: {problem_description}
5 Assignment: {assignment_name if assignment_name

else 'PL/SQL Practice '}
6

7 CRITICAL INSTRUCTIONS:
8 1. ** Extract specific table names and columns

mentioned in the problem description ** -
If the problem description explicitly
mentions table names (like "Customers
table", "Sales table", "hw3_locations
table "), use those EXACT table names.

9

10 2. ** Follow the problem description structure
** - If the problem description says "You '
ll be working with two tables: Customers
and Subscriptions", create exactly those
two tables with appropriate columns.

11

12 3. **Use the context to determine missing
details ** - For any table/column names not
explicitly mentioned , infer appropriate

names based on the problem context and
description.

13

14 4. ** Ensure tables support the problem
requirements ** - Make sure the generated
tables contain all the data fields needed
to solve the problem described.

15

16 Examples of what to extract:
17 - "Customers and Subscriptions tables" âĘŠ

Create "Customers" and "Subscriptions"
tables

18 - "hw3_locations table with location_name ,
location_category , location_description"
âĘŠ Create "hw3_locations" table with
those exact columns

19 - "Sales table with Sale_ID , Product_ID ,
Quantity_Sold , Sale_Date" âĘŠ Create "
Sales" table with those exact columns

20

21 For each table:
22 1. Use the exact table names mentioned in the

problem description
23 2. Add any additional columns needed to

support the problem (like primary keys ,
foreign keys)

24 3. Use appropriate Oracle/PL/SQL data types (
NUMBER , VARCHAR2 , DATE , etc.)

25 4. Include appropriate constraints (PRIMARY
KEY , NOT NULL , etc.)

26

27 Return your response as a JSON object with the
following structure:

28 {{
29 "table_name_1 ": [
30 {{" column_name_1 ": "data_type_1 "}},
31 {{" column_name_2 ": "data_type_2 "}},
32 ...
33 ],
34 "table_name_2 ": [
35 {{" column_name_1 ": "data_type_1 "}},
36 {{" column_name_2 ": "data_type_2 "}},
37 ...
38 ]
39 }}
40

41 Example format based on problem description:
42 If problem description mentions: "You 'll be

working with Customers and Subscriptions
tables. The Customers table has customer_id
and customer_name. The Subscriptions table has
subscription_id , customer_id , and plan_type ."

43

44 Return:
45 {{
46 "Customers ": [
47 {{" customer_id ": "NUMBER "}},
48 {{" customer_name ": "VARCHAR2 (100) "}}
49 ],
50 "Subscriptions ": [
51 {{" subscription_id ": "NUMBER "}},
52 {{" customer_id ": "NUMBER "}},
53 {{" plan_type ": "VARCHAR2 (50) "}}
54 ]
55 }}
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56

57 Important:
58 - Generate ONLY table structure (column names and

data types)
59 - Do NOT include any sample data or values
60 - Use appropriate Oracle/PL/SQL data types
61 - Extract and use EXACT table and column names

from the problem description
62 - Ensure the tables support the problem

requirements
63 - Return ONLY the JSON object , no additional text

or explanations
64 """

Listing 5: Prompt for Generating Structured Dummy Data
1 Given the problem context and problem description

along with the table attributes ,
2 please generate a table populated with dummy data

for the problem.
3

4 Example:
5 Problem Context - Which car to buy that meets my

price range and requirements
6 Problem Description - There is a car table and a

car -info table. Using these two tables ,
7 I would like to buy a car that is in my price

range of 20 ,000 ~ 25,000 with a mileage
8 range of 10 ,000 miles to 18,000 miles and , most

importantly , at least made by the year 2021.
9

10 Table Data - ('Car ': [('CarID ': 'NUMBER '), ('Model
': 'VARCHAR2 '), ('Make ': 'VARCHAR2 '), ('Color
': 'VARCHAR2 ')],

11 'Car Info ': [('CarID ': 'NUMBER '), ('Year ': '
VARCHAR2 '), ('Mileage ': 'NUMBER '), ('Price ': '
NUMBER ')])

12

13 Output after user filtering - ('Car Table ': [('
CarID ':
['1','2','3','4','5','6','7','8','9','10']),

14 ('Model ': ['Civic ','Camry ','Accord ','Altima ','CRV
','Corolla ','Fusion ','Sonata ','Escape ','CX5 '])
,

15 ('Make ': ['Honda ','Toyota ','Honda ','Nissan ','Honda
','Toyota ','Ford ','Hyundai ','Ford ','Mazda ']),

16 ('Color ': ['Red ','Blue ','Silver ','Black ','Grey ','
White ','Red ','Blue ','Black ','Grey '])],

17 'Car Info Table ': [('CarID ':
['1','2','3','4','5','6','7','8','9','10']),

18 ('Year ':
['2020','2019','2021','2022','2018','2023','2017','2016','2020','2019'])
,

19 ('Mileage ':
['25000','30000','15000','10000','40000','5000','50000','60000','35000','45000'])
,

20 ('Price ':
['20000','18000','22000','25000','16000','28000','14000','12000','19000','17000'])
])

21

22 Provided data:
23

24 Problem context: (problem context)
25

26 Problem description: (problem description)
27

28 (table_data)
29

30 We only need the tables with 10 entries - no
additional descriptions , clarifications ,

31 or introductory text like "Sure ...".
32

33 Use this JSON format:
34

35 "Table Name": [
36 {"Column name 1": [" Element_1", "Element_2", "

Element_3 "]},
37 {"Column name 2": [" Element_1", "Element_2", "

Element_3 "]},
38 {"Column name 3": [" Element_1", "Element_2", "

Element_3 "]}
39 ]

Listing 6: Prompt for Check My Code
1 You are an instructor evaluating a student 's

solution. Analyze the code and provide direct ,
actionable feedback.

2

3 Problem Context: {problem_context}
4 Problem Description: {problem_description}
5 Assignment: {assignment_name or 'Not specified '}
6

7 Student 's overall solution:
8 {overall_solution}
9

10 CRITICAL INSTRUCTIONS:
11 1. **If the code is correct and complete **:

Respond with exactly "EVERYTHING LOOKS GOOD"
12 2. **If there are issues **: Provide specific

action items in this format:
13 - FIX: [specific issue] - [how to fix it]
14 - IMPROVE: [specific improvement] - [how to

implement it]
15 - ADD: [missing element] - [how to add it]
16

17 3. **Be direct and concise **: No lengthy
explanations or encouragement

18 4. **Focus on actionable items **: Tell the student
exactly what to do

19 5. **One issue per line **: Each problem should be
a separate action item

20

21 Examples of good responses:
22 - EVERYTHING LOOKS GOOD
23 - FIX: Missing semicolon on line 5 - Add semicolon

at the end
24 - IMPROVE: Variable naming - Use descriptive names

like 'user_count ' instead of 'x'
25 - ADD: Error handling - Wrap database operations

in try -catch blocks
26
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27 Do not provide general feedback or explanations.
Only give specific action items or "EVERYTHING
LOOKS GOOD".

28 """
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