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ABSTRACT

Feedback is a critical component of formative assessment yet remains underutilized in higher education
STEM courses due to large class sizes and instructor workload. Emerging artificial intelligence (AI)
technologies are reshaping STEM education by enabling scalable, personalized feedback and promoting
active learning. This study explores the instructional potential of Al-supported feedback in addressing these
challenges, with a particular focus on self-explanations. It reports on two iterations of a classroom response
system in an undergraduate computer science (CS) course across two semesters. The first iteration provided
static feedback based on instructor-prepared sample responses, while the second incorporated Al-generated
adaptive feedback powered by natural language processing. Using a comparative case study design, the
authors investigated differences in student self-efficacy, engagement, and perceptions of system usability.
Both implementations sustained student engagement and participation in CS courses, demonstrating the
system’s effectiveness in fostering active learning. Findings highlight the potential of Al-driven feedback to
enhance scalability and interactivity, deepen conceptual understanding, and reduce instructor workload.
These results underscore the promise of Al-driven feedback systems for enhancing interactivity and learning
in STEM courses, particularly in CS contexts with growing enrollments. Future work should explore
question frequency, question formats, instructot’s perspectives and pedagogy with feedback tools, and
improve Al accuracy to reduce over-reliance.

Keywords: student engagement, computer science, artificial intelligence, feedback, STEM in higher
education

Science, Technology, Engineering and Math (STEM) fields in higher education are being transformed by
artificial intelligence (Al) technologies. These technologies are often being used to support instructors and students
in curriculum design, monitoring engagement, providing and receiving customized feedback, and conducting just-
in-time assessment of learning outcomes (Joseph & Uzondu, 2024; Seco et al., 2025). As Al technologies advance
in their capacity to provide automated and customized feedback, higher education institutions are increasingly
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leveraging Al-supported feedback mechanisms within their learning environments (Acar et al., 2025; Chen, 2025;
Slimi et al., 2025).

INTERACTIVITY AND FEEDBACK IN STEM COURSES

In higher education settings, student engagement and interaction within courses play a crucial role in promoting
learning and engagement (Beauchamp & Kennewell, 2010; Gonzalez-Cacho & Abbas, 2022). One way to increase
interactivity and productive engagement in courses is embedding formative feedback mechanisms which offer
timely insights on student progress. Feedback provides students with information about their performance, helps
them interpret their performance results, and enables them to identify areas of improvement, thereby supporting
their learning (Henderson et al., 2019a, 2019b). By making students aware of how their current performance
compares to the expected performance, feedback creates an opportunity for students to address the “gaps” in their
learning, which is an essential premise of formative assessment in education (Hattie & Timpetley, 2007). Despite
its recognized effectiveness in supporting instruction, student learning processes, and performance in higher
education (Baartman & Quinlan, 2024; Pitt & Quinlan, 2022; Shute, 2008), feedback remains underutilized. This
is largely due to limited instructor time, large class sizes, and the heavy workload it imposes on instructors (Burner
et al., 2025; Henderson et al., 2019a, 2019b; Mirhosseini et al., 2023).

This underutilization is particularly common in higher education STEM courses, which are often dominated by
lecture-based teaching methods that lack meaningful interactivity and formative feedback (Gonsar et al., 2021;
Ortiz Moreno et al., 2025). The lack of interactivity and the dominance of lectures in STEM courses pose serious
issues in undergraduate education. Prior studies have shown that when STEM faculty implement active learning
strategies in college courses, student achievement improves across all STEM disciplines (Freeman et al., 2014;
Villegas-Ch et al., 2025), and these active learning strategies contribute to narrowing achievement gaps for
underrepresented STEM students, helping to create a more equitable learning environment (Ortiz Moreno et al.,
2025; Theobald et al., 2020). Similarly, when feedback is used in STEM courses, results show positive outcomes
such as increased student motivation and engagement in course content (Park et al., 2023), improved attendance
and comprehension (Zhao, 2023), improved interest in course topic and higher course grades (Park et al., 2024),
and stronger intentions to persist in the course content area (Marwan et al., 2020).

In line with these findings, a growing number of technological solutions have been developed to enhance
interactivity and facilitate timely, personalized feedback that addresses the long-standing challenges in instructional
scalability, instructor time, learner engagement, and learner support. For example, classroom response systems
which allow instructors to pose multiple-choice or short answer questions in real time, ranging from clickers
(Blasco-Arcas et al., 2013; Jammeh et al., 2025; Mayer et al., 2009), to audience response systems (Diaz et al., 2024;
Hunsu et al., 2016). Research has demonstrated that such systems can foster active participation and support the
acquisition of factual knowledge (Campbell & Mayer, 2009; Hunsu et al., 2016) but also may limit the development
of a deep conceptual understanding of underlying concepts and principles, as these technologies can momentarily
disrupt the cognitive processes (Shapiro et al., 2017). This suggests that educational technologies do not inherently
foster learning outcomes, rather their success relies on intentional pedagogical scaffolding.

Rationale for self-explanations in CS

Similarly, Al tools by themselves are inadequate for promoting deep learning and reflection. Their effectiveness
depends on well-designed well-structured pedagogical practices and deliberate choices of instructors (Adamakis &
Rachiotis, 2025). To address this limitation, we introduced an explanation-based classroom response system that
fosters students’ metacognitive processes, informs instructor about students’ understanding in the course concepts,
and provides time and space for instructor for reflection and instant instructional pivot. The system, Explainlt, is
an Al-based classroom response system that supports students’ self-explanation-based responses to promote
deeper learning while leveraging Al for real-time customized feedback generation (Carpenter et al., 2024; Ozogul
et. al., 2025). Self-explanation is a cognitive process through which learners develop inferences regarding
conceptual relationships or causal connections within the learning material they have studied by articulating
concepts in their own words (Bisra et al., 2018; Elme et al., 2022). As self-explanation promotes meaning making
and fosters building cohesive mental models, it is promising for STEM higher education and for preparing students
for today's job market (Jelks & Crain, 2020). We intentionally incorporated self-explanations into the design of this
tool for CS higher education courses to provide students with opportunities to interact with the digital tool while
helping them develop critical and deep-thinking skills. The system immediately summarizes students’ self-
explanation responses, enabling instructors to adjust the CS curriculum and use this technology-rich tool to provide
just-in-time feedback to students, consistent with the 2019 UNESCO Beijing Consensus on Artificial Intelligence
and Education on leveraging Al to support just-in-time feedback in education. By integrating Al-supported tools
that provide feedback on students’ written self-explanations, these systems may relieve instructors of this time-
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consuming task and allow them to focus on higher-order discussions during class time, based on Al-summarized
student responses (Firat, 2023).

Self-explanation has been recognized as a powerful strategy to foster active participation in learning, help
construct cohesive mental models (Roy & Chi, 2005), and enhance problem-solving abilities (Chi et al., 1989).
Encouraging students to generate self-explanations can provide significant learning benefits in undergraduate
STEM classrooms. Research consistently shows that students who engage in self-explanation learn far more
effectively than those who do not (Chen et al., 2025; Fonseca & Chi, 2011). Studies investigated the self-explanation
effect in computer science (CS) higher education courses consistently reported positive impact on student learning
and engagement (Sandoval-Medina et al., 2024; Tamang et al., 2020; Vihavainen et al., 2015). Effectively translating
these benefits of self-explanation in CS courses requires tools that facilitate real-time interaction, promptly assess
students’ responses, and generate feedback to guide cognitive processes. Without such tools, instructors would
struggle to evaluate student self-explanation responses instantly and efficiently during class time (Nakamoto et al.,
2023, 2024).

Given the cognitive benefits and pedagogical potential of self-explanations coupled with feedback in STEM
courses, particularly in CS, it is essential to explore how Al can support their implementation at scale. In this
regard, Al-supported feedback offers a compelling solution for enhancing undergraduate STEM education,
especially in courses often criticized for their lack of interactivity, a factor closely linked to lower student
performance (Freeman et al., 2014). By enabling scalable and customized solutions, Al technologies may help
address this challenge, especially in disciplines that involve complex problem solving, such as CS (Adekola, 2025;
Muangprathub et al., 2020; Roll & Wylie, 2016). As long as instructor oversight and transparency are preserved
when using these tools, they can help instructors deliver customized formative feedback in a timely manner and
support instructors administratively (Zacharis & Papadakis 2025), which are central to constructive learning
activities (Chiu & Chi, 2014). In a study by Lopez-Pernas et al. (2025), authors found that when CS students used
Al in course work, they relied on instant solutions provided by Al and skipped higher metacognitive processes
such as self-explanations or reflections when solving CS problems. Similar findings were reported by Prasad &
Sane (2024), indicated that integration of Al technologies without self-explanation or reflection processes
embedded, may not sufficiently support the development of problem-solving skills among novice CS students.

These studies underscore the need for intentionally designed Al-supported learning tools that scaffold
metacognitive engagement rather than to replace it, particularly in CS undergraduate education, where rising
enrollments make it increasingly difficult for instructors to provide timely, personalized feedback to every student
(Tang et al., 2024). In a study by Marwan et al. (2020), novice CS students who received adaptive feedback during
programming courses reported higher engagement, improved learning outcomes, and greater intentions to petsist
in the field. Similar results were reported by Villegas-Ch et al. (2025) for CS students in logic and sequential problem
solving. Students who received adaptive and targeted feedback in an active course setting significantly
outperformed the ones who were taught with a traditional approach. These findings emphasize the potential of
Al-driven feedback systems enhance academic performance and persistence in CS.

Building on these findings, it is important to consider how students perceive and access Al-generated feedback.
Recent studies reveal diverse student perceptions toward Al-generated feedback (Chan & Hu, 2023) and issues
related to its accessibility (Khairuddin et al., 2024). Student perceptions become crucial given the widespread
integration of Al technologies in academic activities (Hooda et al.,, 2022). For example, a comparative study
between instructor-generated and Al-generated feedback showed that students consistently rated instructor
teedback as significantly more useful (Er et al., 2025). Therefore, understanding these perceptions is essential for
designing feedback systems support student learning.

Additionally, as Al integration in higher education is moving rapidly, it is important to consider instructors
understanding of pedagogical implications of integrating Al tools to their courses (Ugras et. al. 2024) and bring in
the contextualized nuanced understanding that instructors provide in a hybrid approach while integrating Al
(Kaliisa et al., 2020). In the case of Al-generated feedback it is important that instructors be in the loop and engaged
as students interact with these technology-rich environments.

This study keeps the instructor in the loop and does not impose any requirements regarding how often or in
what ways the feedback is used on students’ self-explanations in the context of the instructor’s CS courses. Instead,
it examines how these two feedback versions are used in a natural setting, contribute to CS students’ self-efficacy,
perceptions of the feedback delivery system’s usability, and engagement with the feedback. As emphasized by
Ugras et al. (2024) and Shishakly (2025) students should move beyond passively receiving information or answers
from Al and instead engage in critical reflection and evaluation. Accordingly, the self-explanations incorporated
into this study’s design support critical and deep learning by encouraging students to actively interact with digital
technology while receiving feedback.

The following four research questions were posed:
1. How did the instructor and students use static feedback and adaptive Al feedback in the two CS courses?
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2. How does student self-efficacy in CS courses differ between static feedback and adaptive Al-generated
feedback?

3. How do students’ perceptions of classroom response system usability compare between the static feedback
and adaptive Al-generated feedback versions in CS courses?

4. How do students’ perceptions of engagement differ between static and adaptive Al-generated feedback in CS
courses?

CONTEXT
The CS course

The two feedback type iterations via a classroom response system were implemented across two semesters in
a 3-credit undergraduate CS course titled “Automated Learning and Data Analysis.” This course introduces key
concepts and computational methods for extracting insights from data. The course had ten objectives, including
“List and explain the problems arising in preparing data for analysis, and the methods for addressing these
problems” and “Explain and contrast methods for evaluating the performance of automated learning algorithms.”
The course was offered face-to-face and taught by the same instructor.

The explanation-based classroom response system

Explainlt is a web-based classroom response system that elicits students’ self-explanations in response to
instructor-generated questions and delivers feedback through the Instructor and Student Apps. The system uses
self-explanations, active and constructive learning, and advanced natural language processing to enhance the CS
course and its instruction. In the first semester implementation, the system featured static feedback based on
instructor-provided representative responses, allowing students to compare their self-explanations with sample
answers. In the second iteration, the system incorporated Al-generated adaptive feedback powered by the GPT-
40 mini large language models (LLMs), which automatically evaluated student responses and provided customized
and formative feedback on self-explanations. This enhancement represented a transition from instructor-
dependent static instant feedback to Al-generated adaptive instant feedback, enabling more customized learning
support.

The Explainlt apps

This explanation-based classroom response system includes three Apps: Instructor Authoring Tool, Instructor
Dashboard, and Student Response App. In the Instructor Authoring Tool, instructors can add the course and
topics to this App. Under the Specific Course and Topic section, instructors can create questions along with
corresponding sample answers (Figure 1). In the Instructor Dashboard, instructors can filter courses, topics, and
questions to review the number of responses and the dates when questions were posed (Figure 2). To view a
student’s response to a specific question in detail, instructors can double-click the corresponding row in the chart
to open a pop-up window (Figure 3). Regarding the student’s response app, students can submit their response
to the question posed by the instructor. Then they can review all the response logs as well as the feedback they
received to each response in the same App section. The main difference between the two versions of the system
lies in the feedback content students receive based on their submitted responses. In the first iteration, students
could view only their own responses and the corresponding sample answer from the instructor (Figure 4). In the
second iteration, students can view customized Al-feedback in addition to a correctness rating (Figure).
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Figure 1

Instructor anthoring tool interface for creating questions and sample answers

Instructor App

ExPLAINIT: AUTHORING ToOL

Courses:

Automalted Leaming and Data Analysis 2023 Fall -

Questions:

Q,

How does a sofl-margin SVM differ from a hard-margin SVM?

I it aways better 1o use a sofl-margin SVM to ensure model flexibility?
why?

Is an SVIM more suitable for small datasels than large datasels? Why?

Can SVMs be used for both classification and regression 1asks?
Example?

Figure 2

Logout Reset Password

[ElExplainit

Topics:

SVM -
Answers:

Q

No. If the data is truly linearly separable and not noisy, a hard-margin
SVM might be more appropriale as it can offer a more definitive and clear
separation between classes. The choice between hard-margin and soft-
margin SVMs depends on the specific characteristics of the dataset and
the problem at hand

Instructor dashboard interface for viewing response correctness charts

Instructor App Logout Reset Password
EXPLAINIT: DASHBOARD [ElExplainit
Courses: Topics:
Automated Leaming and Data Analysis 2023 Fall - SVM -
Question:
Is it always better to use a soft-margin SVM to ensure model flexibility? Winy? -
=]
C Load Chart =
QUESTION RESPONSE COUNT QUESETION SENT DATE

svm All Question Responses: 126

W Comect
Partially Correct
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Figure 3

Instructor dashboard interface for viewing student responses to specific questions

Instructor App Logout
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Figure 4
Student Response App Interface for the Static Feedback Version of Explainlit

Student App Logout  Register

EXPLAINIT: RESPONSE [=lExplainit

Archive

2023-12-04 22:29:25

Can SVMs be used for both classification and regression tasks? Example?

Correct Answer:

Yes. SVMs are versatile and can be used for both classification (Support Vector Classification
SVC) and regression tasks (Support Vector Regression, SVR). In classification, they find the
hyperplane that best separates different classes, while in regression, they fit the best
hyperplane that predicts a continuous outcome. Example for SVR. 1) Scenario: Imagine you
have a dataset with features of houses, such as the number of bedrooms, location, and square
footage, and you want to predict their market price. 2) How SVM Works in This Case: In this
scenario, an SVM for regression (SVR) is used. Instead of classifying data points into
categories, the SVR will find a hyperplane (in this multidimensional feature space) that best fits
the data points to predict a continuous variable — in this case, the price of the houses. The SVR
tries to include as many data points as possible within a certain threshold margin while
minimizing the errors in prediction

2023-12-04 22:29:21
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Figure 5
Student Response App Interface for the Al Feedback Version of Explainlt

CSC422 2024 Fall Logout  Register

EXPLAINIT: RESPONSE [=lExplainit

Archive

Time:  05:37.00

What is an example of an association rule in a market-basket analysis, and how can it be
useful?

»

Al-Generated Feedback:

Rating: Correct Reasoning. The student accurately identifies an example of an association rule
in market-basket analysis and explains how it can be useful for retailers in terms of product
placement, cross-selling, and marketing campaigns. They also provide a clear understanding of
how certain items are indicative of the purchase of others, demonstrating a solid grasp of the
concept

Correct Answer:

An example of an association rule in market-basket analysis is: {Diaper} — {Beer}, which means
that customers who buy diapers often also buy beer. This rule is derived by analyzing
transaction data and finding patterns of co-occurrence. It can be useful for businesses by
informing product placement strategies, such as placing diapers and beer closer together in
stores to encourage combined purchases, or for designing promotional offers that bundle these
products

METHOD

This study adopts a comparative case study design (Yin, 2017) to explore student experiences with the two
distinct feedback iterations by the system and focusing on instructional implementation in two CS courses. This
approach enables an in-depth comparison of how modifications in feedback (static versus Al-generated) influence
students’ learning experiences. The design allows for a rich, multi-faceted comparison of two software iterations
that employ different types of feedback within the same CS course context and under the same instructor.

The first-semester implementation focused on instructor posting questions and students writing self-
explanation responses, followed by receiving static feedback based on instructor-prepared sample responses
entered in advance. In contrast, the second semester implementation incorporated Al-based answer classification
and introduced Al-generated adaptive feedback within the same course during the subsequent semester.

Participants

The participants were undergraduate CS students and one CS instructor at a public university in the Southeast
U.S. The number of students enrolled in the two courses was 36 and 50, respectively. Of the enrolled students, 32
(89%) students in the first implementation and 28 (56%) students in the second implementation completed the
demographic survey.

In the first implementation, participating students reported ages ranging from 18 to 28 years. Twelve students
(37%) were juniors, and 20 (63%) were seniors. The gender distribution was 8 female (25%), 23 male (72%), and
1 did not report gender (3%). Regarding ethnicity, 16 students (50%) identified as White, 13 (41%) Asian, and 3
(9%) preferred not to answer. In the second implementation student ages ranged between 20 to 23 years. Twenty-
one students (75%) were seniors, 6 (21%) were juniors, and 1 (4%) was sophomore. The participants included 23
male (82%), 4 female (14%), and 1 student (4%) who did not report gender. Regarding ethnicity, 10 students (36%)
identified as White, 10 (36%) Asian, 3 (11%) Black or African American, 1 (3%) Hispanic or Latino, 1 (3%) Native
American, 2 (8%) Other, and 1 (3%) did not respond.

Data collection procedures
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The Institutional Review Board (IRB) approval was obtained before the study began, and all research
procedures adhered to IRB requirements. The instructor was recruited via email outlining the study and its
procedures. After expressing interest, the research team scheduled an online introduction and a training session to
demonstrate the system’s features and address questions to the instructor. During this session, the instructor
received login credentials, was shown system features, and received guideline document for writing self-explanation
questions. Before the start of the first semester, the research team met with the instructor again to address specific
questions regarding setup and other issues. The team remained available for consultation via email or Zoom at any
time during the study. At the beginning of the first CS course, the instructor introduced the system to his students,
provided students with the study information sheet, consent form, and links to pre-surveys. Students were asked
to review the study information sheet and electronically sign the IRB approved consent form to allow their
demographic information and study response log data to be used for research purposes. Then all students were
given a generic 1D to interact with the system, thus when interacting with third-party Al tools no personally
identifiable information was included or collected. De-identified student response data for surveys were stored on
secure university approved cloud-based storage systems. All instructor questions and student responses were
captured within Explainlt. At the end of the course, participating students completed post-surveys. The research
team downloaded all stored data and survey responses for analysis.

Data sources
Surveys

Data were collected electronically from the students using identical instruments across two semesters. Three
survey instruments were used: one for student demographics (pre), one for self-efficacy (pre and post), and one
for engagement and system evaluation (post). The eight-item demographic survey collected student background
information such as grade level, gender and ethnicity. The self-efficacy surveys captured students’ confidence in
the knowledge and skills related to course objectives. The survey instruments were adapted from Unfried et al.
(2015), O’Brien et al. (2018), and Brooke (1996), with minor modifications to align with the CS context of this
study. The self-efficacy and user engagement surveys had five-point Likert scale. The system usability survey
included both Likert-scale and open-ended questions. The open-ended questions asked students what features they
“liked best” and “liked least,” and which additional features would support their learning.

Student and instructor interaction system data from the system

Another data source was the instructor-posed questions, student self-explanation responses, and feedback data
stored in Explainlt.

DATA ANALYSIS

Once all survey responses were collected, the data were downloaded and prepared for analysis. Quantitative
data were analyzed with descriptive statistics and non-parametric tests. These analyses provided an overview of
students’ perceptions of self-efficacy, engagement, and system usability across implementations. For the qualitative
data, a thematic analysis (Braun & Clarke, 2012, Chapter 4) was conducted on open-ended responses. This analysis
aimed to identify key patterns and themes about the quality of system feedback, usability, and perceived learning
benefits.

RESULTS

Research question 1. How did the instructor and students use static feedback and adaptive Al feedback in the
two CS courses?

The instructor posed varying numbers of questions across the two semesters while teaching the same course.
In the first semester implementation, the instructor created questions on three CS topics—Deep Learning,
Clustering, and Support Vector Machine (SVM). A total of 18 questions and sample answers were prepared by the
instructor before the semester began, of which 13 were posed during course.

In the second semester, the instructor developed questions for 13 CS topics, including topics such as Data
Types and Decision Trees. For these topics, he prepared 27 questions prior to semester start, and posed all
questions to students throughout the semester, indicating a more comprehensive integration of feedback intervals
into the instructional process. A comparison of the topics and questions across the two implementations revealed
some overlap. The common topics were Deep Learning and SVM, and there was one question that appeared in
both semesters under the SVM topic. Table 1 shows examples of instructor posed questions to illustrate the nature
of the self-explanation questions. None of the questions posed over two semesters required a mathematical
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formula response, as parsing mathematical expressions can pose a significant challenge for LLMs; all required
conceptual and textual self-explanations.

Table 1

Excamples of instructor-created questions

Number Topic Question
Semester 1
1 Deep Learning What does the term "deep" in deep learning refer to?
3 Deep Learning In a neural network, what function is responsible for introducing non-
linearity to the model?
10 SVM How does soft-margin SVM differ from hard-margin SVM?
Semester 2
1 SVM How do soft-margin SVM differ from hard-margin SVM?
11 Model Evaluation What are the steps of k-fold cross-validation?
17 Data Types What is the main difference between these four data types (Nominal,

Ordinal, Interval, Ratio)? Please describe them in turn and compare
them to the data types that preceded each category.

In the Explainlt Student App, feedback students received differed across two semesters. In the first semester,
students received instructor-prepared static feedback delivered through the system. In the second implementation,
students received both Al-based correctness ratings (correct, partially correct, or incorrect) and Al-generated
adaptive feedback. Table 2 and Table 3 (in APPENDIX) shows examples of feedback provided to students on

their self-explanation responses.

Table 2
Excamples of static instructor feedback students received in the first CS course
. Student self-
Question posed =, lanation Human Static instructor feedback
by the instructor opic explanatio Rating atic instructor feedbac
response
What is the main  Clustering K-means is a Correct The main difference is that K-means
difference partitional clustering partitions the data into K non-
between K-means clustering algorithm ovetlapping clusters, without any
and hierarchical that divides data hieratrchical structure, while hierarchical
clustering? into a fixed number clustering creates a tree of clusters called a
of clusters (k), dendrogram. Hierarchical clustering does
while hierarchical not require the number of clusters to be
clustering creates a specified in advance and can produce a
tree-like structure set of nested clusters at different levels of
of nested clusters granularity.
without requiring a
predefined number
of clusters.
In a neural Deep Nonlinear Partially Activation functions are responsible for
network, what Learning  transformations in Correct introducing non-linearity to the model.
function is its layers Examples include the ReLU (Rectified
responsible for Linear Unit), sigmoid, and tanh functions.
introducing non-
linearity to the
model?
Is it always better SVM Yes because a soft-  Incorrect  If the data is truly linearly separable and

to use a soft-
margin SVM to
ensure model

flexibility? Why?

margin SVM is
often more robust
with noise and
outliers.

not noisy, a hard-margin SVM might be
more appropriate as it can offer a more
definitive and clear separation between
classes. The choice between hard-margin
and soft-margin SVMs depends on the
specific characteristics of the dataset and
the problem at hand.
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Table 3
Excamples of adaptive Al-feedback students received in the second CS conrse
Question posed Topic Student self-explanation Al Al feedback
by the instructor response Rating
What are the Exploratory ~ Common properties of ~ Correct The student response is correct.
Common Data similarity include: They accurately identified the
Properties of Analysis Reflexivity: An object is common properties of similarity,
Similarity? similar to itself. including reflexivity, symmetry,
Symmetry: If object A is and transitivity. Each property is
similar to object B, then explained cleatly and accurately.
B is similar to A. Therefore, the response is rated as
Transitivity: If object A is cotrect.

similar to B, and B is
similar to C, then A is
similar to C.
What is the ANNs and  Convolutional layers help ~ Partially Partially correct. The primary

primary purpose Deep to reduce the complexity ~ Correct purpose of using convolutional
of using Learning of a piece of data in layers in deep learning is to extract
convolutional order to store the features from the input data (such
layers in deep information. For images, as images) by applying filters to
learning? it will look at a grid of detect patterns and structures.
pixels, give it a value, and While it is true that convolutional
pass that on in order to layers help to reduce the
reduce the amount of complexity of the data by
information present in extracting important features, the
the image. main goal is not to simply store

information but rather to learn
and identify patterns that are
crucial for making predictions or

classifications.
What is the Clustering Hierarchical clustering  Incorrect  The student response is incorrect.
primary difference allows subclusters to The primary difference between
between form within clusters, partitional and hierarchical
partitional and while partitional clustering is that partitional
hierarchical clustering does not allow clustering requires the user to
clustering? for any cluster overlap. specify the number of clusters

beforehand, while hierarchical
clustering does not require the
user to specify the number of
clusters. Hierarchical clustering
can be agglomerative (bottom-up)

or divisive (top-down) and does

allow for subclusters to form
within clusters. Therefore, the
student's response is incorrect.

In terms of student performance, across 314 student responses in the static-feedback the percentage rated as
correct for each question ranged from 21% to 100%. The question with the highest correctness rate (100%) was
the final question: “Can ST Ms be used for both classification and regression tasks? Example?” The question with the lowest
correctness rate (21%) was the first question: “What does the term ‘deep’ in deep learning refer 10?2” Overall, 11 out of 13
questions received responses with correctness rates above 50%, indicating strong performance through self-
explanation responses. Additionally, 18 out of 314 responses were rated as incorrect, with incorrect rates ranging
from 2% to 27% across all questions.

In the adaptive Al-generated feedback implementation, across 1,322 student self-explanation responses, the
correctness rate ranged from 36% to 98%. The question receiving the highest correct rating at 98% was “Why
Dimensionality Reduction?” while the lowest correct rating as 36% “How to calculate the misclassification ervor at node 17 A
total of three responses marked as incorrect by the AL
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Research question 2. How does student self-efficacy in CS courses differ between static feedback and adaptive
Al-generated feedback?

The number of completed student self-efficacy surveys varied both across different instruments within each
implementation and across the two implementations for the same instrument. For the static-feedback semester
implementation 16 (44%) students completed both pre- and post- self-efficacy surveys. Regarding the Al-generated
feedback implementation, 13 (26%) students completed both the pre- and post-self-efficacy surveys.

Given the student responses resulted in a small sample in both semesters and the ordinal nature of the data,
the Wilcoxon signed-rank test was conducted for each pair of pre- and post self-efficacy data for the two iterations
of the system respectively. The Wilcoxon signed-rank test indicated no significant differences in self-efficacy during
the static-feedback implementation between pre- and post-surveys (Z= -.63, p= .53, 7= .16). For the Al-generated
feedback, the Wilcoxon signed-rank test indicated no significant differences in self-efficacy between pre- and post-
surveys (Z= -.36, p= .72, = .11). These results suggested that students’ self-efficacy remained mainly stable
through the pre- and post-surveys in either first or second implementation.

Research question 3. How do students’ perceptions of classroom response system usability compare between
the static feedback and adaptive Al-generated feedback versions in CS courses?

For the static-feedback implementation, system usability data were collected from 17 (47%) students. The
thematic analysis of the open-ended question responses uncovered several key themes. Most students indicated
that the classroom response system was helpful for their learning and deepening their understanding of course
concepts. In terms of disliked aspects, a few students mentioned timeout issues that required reloading the
Explainlt student application. Additionally, students suggested features such as viewing answer history, visualizing
instructor questions with graphs, distinguishing graded from non-graded questions (e.g., participation), and
summarizing responses.

For the Al-generated feedback implementation, open-ended responses were obtained from 17 (34%) students.
Students highlighted several favorable aspects, appreciation for the instant and insightful feedback that fostered
deeper thinking (7) and the Al-generated evaluative feedback (5). Three additional positive responses included the
system’s ease of use, its simple interface design, and the engaging nature of the instructor questions. Additional
suggestions included making the feedback area more prominently displayed with figures and graphs, adding a hint
function, and incorporating a discussion board.

Research question 4. How do students’ perceptions of engagement differ between static and adaptive Al-
generated feedback in CS courses?

In the first implementation with instructor static-feedback, 18 (50%) students completed the user engagement
survey after using Explainlt for a semester. The mean engagement ratings for each question across all participants
was 3.48. This showed that most students perceived themselves as engaged while system being used in their CS
course. The following three items in the survey received the highest ratings: “Feedback system was not confusing
to use” (4.28); “Feedback system was not stressful (4.28)”; and “Using the feedback system to learn was an
interesting experience” (4.11).

As for the Al-based feedback implementation, 19 (38%) students completed the engagement survey. The
overall mean engagement score across all items was 3.25. The three statements that received the highest ratings
were: “Using the feedback system was rewarding.” (4.17); “Using the feedback system was worthwhile.” (4.11);
“Using the feedback system to learn was an interesting experience.” (4.06).

DISCUSSION

This comparative case study examined how static feedback, compared to adaptive Al-generated feedback,
influenced instructors’ and students’ use of digital feedback system, students’ self-efficacy, and engagement in CS
courses. The results showed that the instructor posed more self-explanation questions in the adaptive Al-generated
feedback implementation compated to the static-feedback implementation, resulting in higher student engagement
(27 questions, generating 1,322 total responses from 48 to 50 students per question). The higher number of
questions posed by the instructor may reflect multiple rationales. One might be the distinct features of the two
systems and their feedback design. In the Al-generated feedback condition, the instructor did not need to create
sample responses, allowing more time to generate self-explanation questions and fully leverage the tool’s Al
capabilities. This increase in number of instructor-generated questions corresponded with greater student
participation in the Al-supported feedback iteration versus the static-feedback iteration, suggesting that adaptive,
personalized feedback fostered consistent participation and deeper conceptual understanding.

Another possible explanation for differences in student engagement and performance may relate to the self-
explanation question topics covered across the two semesters. Although the same course was taught by the same
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instructor, the instructor posed questions on some common topics, while a greater number of different topics of
self-explanation questions were posed in the second semester. As a result, student engagement and participation
may have been influenced by issues like topic difficulty, student interest, or relevance of the topics to CS students.

A second explanation is that the instructor may have developed greater confidence in using the system during
the first semester and subsequently implemented it more frequently in the second semester, which coincided with
the use of Al-generated feedback. Lastly, the instructor may recognize the value of formative feedback and time
efficiencies associated with using such feedback in his courses, leading to more frequent use of self-explanation
questions. These possible interpretations align with prior research suggesting that AI may have potential for low-
stakes formative feedback while reducing instructor workload (Burner et al. 2025; & Zacharis & Papadakis, 2025).
Future research may investigate the same topic coverage under different feedback conditions by using a controlled
experimental design and further explore instructors’ experiences to better understand instructional decision-
making related to formative feedback cycles in STEM contexts.

Another interesting observation is that although participation was higher in Al-generated feedback, student
engagement ratings were slightly lower compared to the static feedback implementation (3.25 versus 3.48). One
possible explanation might be that topics covered in second semester was more difficult or less interesting to
students. Another possibility is that the instructor posed more questions and did so more frequently in the Al-
supported setting. While this likely increased students’ course participation frequency, it may have made the activity
feel routine, thereby reducing its perceived novelty and overall student engagement. Similar findings were reported
by Zhao (2023) in a CS course, indicating that increased frequency of posing questions diminished students’
motivation. A further explanation for the lower engagement could be also the nature of cognitive involvement
required of students while processing the feedback they received. In the static-feedback condition, students actively
analyzed the instructor’s sample answer and compared it with their own, fostering deeper cognitive processing. In
contrast, the Al-supported version provided detailed, customized explanations, which may have scaffolded
learning but reduced the need for students to engage in active analysis. Future research could explore the optimal
number and frequency of instructor questions per session to maintain engagement without causing fatigue.
Another avenue might involve diversifying question formats (e.g., figures, videos, cases), or varying question types
(e.g., multiple choice, definition), to sustain student engagement and interest.

Another challenge noted in the literature is that STEM instructors’ often have limited time to provide immediate
formative feedback in courses (Henderson et al., 2019a, 2019b; Nakamoto et al., 2023, 2024). In this study, the
implementation of Al-generated adaptive feedback in CS courses effectively addressed this barrier: a single
instructor managed 1,322 open-ended self-explanation responses by leveraging Al technologies. As a result,
students not only received assessments of the correctness of their responses, but received adaptive feedback
tailored to their self-explanations. This streamlined feedback approach enabled the instructor to post several self-
explanation questions, known to promote deeper cognitive engagement with course content (Shapiro et al., 2017),
and to focus on broader range of the CS content. This approach was beneficial for student understanding and
engagement in the course, prioritizing pedagogy over concerns about workload and time commitment.

Building on this streamlined approach, Explainlt further enhanced classroom interactivity by addressing the
issue of providing formative feedback in large STEM courses, a persistent concern mentioned by Freeman et al.
(2014), Mirhosseini et al. (2023), and Villegas-Ch et al. (2025). This system enhanced classroom interactivity by
addressing the challenge of providing formative feedback in large STEM courses. The number of responses
submitted by each student in both iterations indicates active engagement with course material, contrasting with the
passive reliance on lectures often observed in CS courses (Gonsar et al., 2021). This finding is in line with prior
research and demonstrates that Al-supported feedback systems may fulfill their promise by enabling instructors
to provide customized feedback and perform just-in-time assessments of students within courses (Joseph &
Uzondu, 2024; Seco et al., 2025).

Lastly, student performance assessed by the system, along with the self-efficacy and perceptions of engagement
survey results, suggests that both the static and adaptive versions of the feedback system helped maintain moderate
to high levels of engagement among undergraduate CS students. This indicates the system’s viability as an
instructional support tool. The observed increase in student engagement in the Al-enhanced iteration further
suggests that adaptive, just-in-time feedback fosters sustained engagement and possibly deeper conceptual
understanding, critical for STEM persistence and outcomes (Freeman et al., 2014; Marwan et al., 2020, Mirhosseini
et al., 2023).

The Al-supported feedback implementation covered more topics (13 vs. 3) and more questions (27 vs. 13) than
static-feedback implementation, which may also indicate greater integration of the system into instruction in the
second semester. In the static-feedback implementation, correctness improved from early to later questions,
suggesting gradual learning. In the adaptive feedback implementation, correctness was consistently high across
most questions, indicating that adaptive feedback may accelerate learning and reduce variability. The adaptive
feedback likely contributed to improved accuracy and reduced errors, as students received tailored guidance rather
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than static responses. This finding is similar with Villegas-Ch et al. (2025) study that dynamic, Al-generated
feedback may better support conceptual understanding and error correction in CS courses. Future studies may
focus on Al-supported and allowing students to review the feedback they received and re-submit responses.

The integration of static feedback and adaptive Al-generated feedback combined with assessments of the
correctness of student responses in a CS course, demonstrated its capacity to foster increased student participation
and improved student performance. The static feedback implementation showed a clear progression in correctness,
starting with the lowest rate (21%) on the first question and reaching 100% on the final question. This pattern
indicates gradual improvement in conceptual understanding, as course topics become more complex over the
semester, likely driven by repeated exposure to static feedback and students’ active participation. In contrast, the
adaptive feedback implementation maintained consistently high correctness ratings across most questions,
suggesting that dynamic, adaptive feedback may accelerate learning and may reduce variability in student
performance.

Despite the promise of Al-supported feedback and active learning in CS courses, a few limitations should be
noted. First, there is the potential risk of instructors over-relying on Al-based systems to assess student work
without verifying the accuracy of the feedback students receive. In this project, the team attempted to ensure
accuracy by evaluating the system’s ability to assess student self-explanations (Carpenter et al., 2024; Ozogul et al.,
2025), and the instructor was supported by a research team continuously to allow for monitoring of output, and
by doing sample ratings. In addition to these “human in the loop” precautions, reliability was further bolstered
using a low temperature (0.2) for the LLM, which encourages the LLM to behave much more predictably and
produce very similar outputs for the same input (Fastowski et al., 2025). Even so, to make sure that there will be
no issues with LLMs the research team needs to iteratively refine the LLM prompts and conduct repeated testing
to evaluate the model’s assessment and feedback generation performance over time. In other contexts, the
responsibility for accuracy checks may also fall on the instructor. Until such checks are completed for any
comparable system, instructors should approach reliance on Al-supported feedback with caution. Second, because
this study focused on self-explanations in CS, due to the nature of the field there was limited variations in student
responses. In other STEM contexts, greater variability may affect the Al’s ability to accurately evaluate and rate
responses. Third, we did not capture instructor perspective in this study as it was focused on student experiences.
As such, our interpretations of instructor rationales and use of the feedback versions is limited. Lastly, even though
both implementations were done in the same course, the set of topics covered in the second semester was not
identical to those in the first. Due to this we must further examine our attributions of student engagement that
may result from exposure to the feedback version and consider the potential differences in topic difficulty or
student interest in a topic.

CONCLUSION

Overall, the findings highlight the potential of Al-generated adaptive CS by offering more personalized
guidance than static feedback. Broader integration of Explainlt may have important implications for STEM
education, as instructors’ repeated use across semesters suggests increased confidence in the system’s instructional
value and its potential to reduce workload while maintaining pedagogical quality. For students, sustained exposure
to adaptive Al-supported feedback may foster deeper conceptual understanding, improved self-efficacy, and
persistence in STEM fields. Future research should examine whether these benefits generalize across STEM
disciplines and instructional contexts, and investigate long-term effects on motivation, retention, engagement, and
learning outcomes, including how such systems complement active learning strategies.
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