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ABSTRACT  
Aim/Purpose This paper examines the potential of ChatGPT-assisted retrieval practice to 

enhance students’ final exam performance. ChatGPT was utilized to generate 
questions and deliver timely feedback during retrieval practice, supporting 
learning in large class settings where providing personalized feedback is often 
challenging. 

Background Students often excel in continuous assessments yet face significant challenges in 
final exams, largely due to the demanding nature of these exams that require the 
recall and application of accumulated knowledge. This persistent issue 
highlights a gap in traditional study practices and underscores the need for 
innovative strategies to support long-term memory retention. This study 
explores how ChatGPT can bridge this gap by supporting retrieval practice, an 
evidence-based strategy known to improve long-term memory retention. 

Methodology This study adopts a retrospective cohort design, comparing final exam scores 
between previous cohorts who did not use ChatGPT for retrieval practice 
(control group) and current cohorts who did (experimental group). ChatGPT 
was used to generate objective questions for retrieval practice and provide 
immediate feedback to students. The primary sample consists of second-year 
education students enrolled in the Measurement and Evaluation in Education course, 
with 64 students randomly selected for each group. In addition to analyzing 
exam scores, the study incorporates complementary findings from students’ 
feedback collected at the end of the semester to gain a deeper understanding of 
their experiences with ChatGPT-assisted retrieval practice. 

Contribution As higher education in Malaysia increasingly shifts towards alternative 
assessments, this study highlights a simple yet impactful retrieval practice as a 
learning strategy that integrates formative assessment with feedback. With the 
aid of generative AI such as ChatGPT, such strategies can be implemented 
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easily and effectively by offering a practical solution that enhances exam 
performance while reducing the lecturer’s workload. 

Findings The results of the study indicate that students who engaged in AI-assisted 
retrieval practice using ChatGPT performed significantly better on their final 
exams compared to those who did not. A Welch’s t-test revealed a significant 
difference in exam scores between the control group (students without 
ChatGPT-assisted practice) and the experimental group (students with 
ChatGPT-assisted practice). While the findings demonstrate the effectiveness of 
ChatGPT in enhancing academic performance, they also underscore the 
importance of complementing AI support with human feedback to address 
complex learning needs and provide deeper contextual understanding. 

Recommendations  
for Practitioners 

Practitioners should consider using AI tools like ChatGPT to support retrieval 
practice by helping students generate questions and receive immediate feedback, 
particularly in large classes. AI feedback should be complemented with human 
input to address complex questions and provide deeper understanding. Provid-
ing students with guidance on using AI tools effectively can maximize their ben-
efits while balancing group activities with individual tasks ensures both collabo-
ration and personalized engagement. Regularly gathering student feedback and 
tracking performance can help refine the integration of AI tools to better meet 
learning goals. 

Recommendations  
for Researchers  

Future studies should investigate the long-term impact of ChatGPT-assisted 
retrieval practice on memory retention and explore how different types of 
ChatGPT-generated feedback influence learning outcomes. Additionally, the 
research could examine how the integration of lecturer-generated or student-
generated questions in ChatGPT-assisted retrieval practice affects learning and 
whether varying these approaches could further enhance memory retention and 
exam performance across different educational contexts and subjects. 

Impact on Society ChatGPT-assisted retrieval practice, when effectively implemented, transforms 
retrieval practice from being just an assessment tool into a powerful learning 
strategy that enhances memory retention. With ChatGPT providing timely feed-
back and supporting educators and students, it can reduce the burden on educa-
tors in large classrooms while empowering students to take greater control of 
their learning.  

Future Research Future research should explore the longer and more frequent use of ChatGPT-
assisted retrieval practice to give students more opportunities for individual en-
gagement. Studies could also focus on improving ChatGPT’s feedback for more 
complex questions and finding the best ways to combine AI feedback with hu-
man input. Expanding research into different subjects and tracking long-term 
effects on learning and performance would help better understand how 
ChatGPT can be effectively used in education. 

Keywords AI-assisted learning, retrieval practice, ChatGPT, formative assessment, final 
exams 

BACKGROUND  
The Code of Practice for Programme Accreditation (COPPA) for Malaysia Higher Education (Ma-
laysian Qualifications Agency, 2018) defines continuous assessment as “assessments conducted 
throughout the duration of a course/module for the purpose of determining student attainment.” 
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These assessments, which may include presentations and projects, typically contribute 40-60% of the 
overall grade and provide ongoing feedback that helps students improve over the semester (Malay-
sian Qualifications Agency, 2018). In contrast, final exams are summative assessments: “assessment 
of learning which summarizes the student progress at a particular time and is used to assign the stu-
dent a course grade” (Malaysian Qualifications Agency, 2018, p. iii). Occurring only once, final exams 
offer no opportunity for feedback, making the effective recall of accumulated knowledge critical for 
success (French et al., 2024). 

In my five years of teaching measurement and evaluation in education to undergraduate students, I 
have consistently observed that students who perform well in continuous assessments often struggle 
with final exams. This concern is also reflected in the research, which indicates that while students 
tend to excel in coursework, their final exam scores are generally lower (Flom et al., 2023; Richard-
son, 2015). Factors contributing to lower exam scores can be categorized into those related to exam 
items, e.g., item difficulty and format (Abdullah et al., 2012; Maeda, 2021; Rudolph et al., 2019; Smo-
linsky et al., 2020), and those related to examinees, e.g., test anxiety, working memory capacity, and 
study habits (Dewi & Mangunsong, 2012; Jamieson et al., 2016; Maeda, 2021; McDougall & Grune-
berg, 2002). Notably, poor performance is often linked to inadequate retrieval of learned infor-
mation, as illustrated by Ebbinghaus’ forgetting curve, which demonstrates memory decline without 
reinforcement (Donker et al., 2022; McDougall & Gruneberg, 2002). 

Retrieval practice is a cornerstone of effective learning that involves actively recalling information 
from memory (Jaeger et al., 2024; Ritchie et al., 2013; Sana & Yan, 2022). This technique has 
significantly boosted long-term retention and deepened conceptual understanding, outperforming 
passive review methods (Carpenter et al., 2016; Deng et al., 2015; Jaeger et al., 2014; Ritchie et al., 
2013). However, its traditional implementation faces several challenges. Effective retrieval practice 
hinges on the provision of timely and specific feedback that is tailored to individual student needs; 
yet, in large-class settings (e.g., typical educator-to-student ratios of 1:30 in Malaysian universities), 
providing such personalized feedback is a monumental task (Christiansen et al., 2024; Metu et al., 
2024; Singh, 2019; Tan, 2020). Therefore, educators often resort to generic feedback due to time 
constraints, and delays in feedback can allow misconceptions to persist (Kubik et al., 2021).  

Additionally, traditional retrieval practice methods such as low-stakes quizzes, multiple-choice ques-
tions, and short-answer questions require substantial preparation, administration, and grading effort 
(Sana & Yan, 2022). These labor-intensive processes limit the frequency and scalability of retrieval 
practice, preventing the optimally spaced repetitions that research suggests are necessary for robust 
learning (Ritchie et al., 2013; Sana & Yan, 2022). Recent studies have begun to explore the potential 
of ChatGPT to generate tailored retrieval questions automatically. For instance, Indran et al. (2023) 
and Zuckerman et al. (2023) demonstrated that ChatGPT can produce high-quality, contextually rele-
vant questions that align with learning objectives, significantly reducing the burden on educators 
while enabling more frequent, adaptive retrieval practice. 

These capabilities of ChatGPT make it a promising tool for implementing effective retrieval prac-
tices, which rely on the generation of questions and feedback to support student learning. Neverthe-
less, to date, only one study has specifically investigated the use of ChatGPT for retrieval practices 
(Meier & Löfqvist, 2024). While this study reported positive outcomes, such as improved learning 
retention and performance, its findings are based on a relatively small sample size (n=17). As a result, 
the conclusions of their study should be regarded as preliminary and interpreted with caution. They 
also suggested that further research is needed to validate these results, particularly in larger educa-
tional contexts, to fully understand the potential and limitations of ChatGPT in facilitating retrieval 
practice. 

Recognizing this gap, I see an opportunity to utilize ChatGPT’s capabilities to improve students’ final 
exam performance. ChatGPT offers key benefits such as automated question generation, instant 
feedback, and adaptive learning support, reducing the burden of manual assessment tasks (Kasneci et 
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al., 2023; Steiss et al., 2024). For students, it enables personalized learning by delivering tailored ques-
tions and immediate feedback, reinforcing memory retention and conceptual understanding (Holmes 
et al., 2019; Luckin & Holmes, 2016) 

Drawing on established theories of formative assessment and retrieval practice (Halamish & Bjork, 
2011; Karpicke, 2017), this study investigates whether integrating ChatGPT into retrieval practice can 
effectively address traditional limitations such as delayed and generic feedback in large-class settings, 
ultimately improving final exam performance. This paper aims to contribute to the growing body of 
work on artificial intelligence (AI) applications in education by explicitly linking these challenges to 
current research gaps and engaging with key academic literature. 

LITERATURE REVIEW 
RETRIEVAL PRACTICE AS LEARNING STRATEGIES  
Retrieval practice is grounded in the principle that actively recalling information from memory 
strengthens long-term retention (Ariel & Karpicke, 2018; Karpicke & Roediger, 2007). Traditionally, 
testing has been viewed primarily as a means to measure learning, often associated with rote memori-
zation. However, retrieval practice goes beyond assessment – it is a powerful learning strategy that 
enhances memory, boosts motivation to study, and significantly improves long-term retention com-
pared to methods like repeated studying or reading (Abel & Bäuml, 2020; Casselman, 2024; Karpicke, 
2017; McDougall & Gruneberg, 2002). According to the retrieval-based learning approach (Jaeger et 
al., 2014; Karpicke, 2017; Karpicke & Roediger, 2007), each instance of retrieval strengthens the 
memory trace, increasing the likelihood of long-term retention. 

Glover (1989) argues that repeated retrieval practice before a final assessment significantly enhances 
students’ ability to recall and apply information during exams. Ariel and Karpicke (2018) further 
highlight that after students successfully recall information for the first time, continued retrieval prac-
tice is crucial, as multiple attempts lead to greater retention compared to a single recall. This iterative 
process reinforces memory, making it more durable and accessible when needed. Similarly, studies by 
Ma et al. (2020) and YeckehZaare et al. (2019) demonstrate that the effectiveness of retrieval practice 
increases with repeated attempts. 

While retrieval practice is beneficial on its own, embedding it within formative assessment practice, 
such as providing feedback (e.g., providing correct answers), significantly enhances its effectiveness 
(Agarwal et al., 2016, 2021; Jaeger et al., 2024; Roediger & Butler, 2011), especially for students with 
lower memory capacity (Agarwal et al., 2016, 2021). Formative assessment, as conceptualized by 
Black and Wiliam (1998), emphasizes the role of feedback in guiding student learning by providing 
actionable insights that help learners refine their understanding. Feedback allows students to com-
pare their responses to the correct ones, reinforcing accurate information and correcting misunder-
standings. Sadler (1998) further argues that effective formative assessment requires students to recog-
nize the gap between their current performance and the desired learning outcome, making feedback 
an essential component in this process. 

Although formative assessment is often seamlessly integrated into teaching strategies (Ruiz-Primo, 
2011; Trumbull & Lash, 2013), it also demands that students take a more focused approach to learn-
ing and put in greater effort to improve their own learning (Casselman, 2024; Trumbull & Lash, 
2013). This aligns closely with the principles of retrieval practice, which similarly requires students to 
exert more mental effort (Agarwal et al., 2016; Hui et al., 2022). However, in traditional classroom 
settings, delays in feedback delivery often limit its effectiveness. Large student-to-teacher ratios fur-
ther constrain educators’ ability to provide timely and individualized responses, leaving many stu-
dents without the guidance needed to improve their recall and application of knowledge (Ruiz-Primo, 
2011; Trumbull & Lash, 2013). 
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Although retrieval practice has been widely validated across educational levels (Carpenter, 2023; Car-
penter et al., 2022; Jaeger et al., 2014), its implementation in higher education remains inconsistent. 
Several studies demonstrate its effectiveness through different instructional approaches. Greving and 
Richter (2022) examined the testing effect in university lectures and found that short-answer ques-
tions significantly enhanced retention, whereas multiple-choice questions had little impact. Bego et al. 
(2024) investigated spaced retrieval practice in STEM courses through bi-weekly quizzes, finding sub-
stantial benefits for engineering and health science students. Broeren et al. (2021) explored self-regu-
lated retrieval practice, showing that while instructional interventions improved students’ use of re-
trieval strategies, they did not necessarily translate into higher test scores without additional support. 

Notably, the studies discussing question formats in retrieval practice primarily examined their effec-
tiveness during each retrieval attempt rather than their direct impact on final exam performance. 
While these studies provide strong evidence that different question types influence retention and re-
call in practice sessions, they do not explicitly explore whether these benefits carry over to high-
stakes summative assessments. This distinction is critical, as final exams require students to retrieve 
accumulated knowledge under exam conditions that introduce additional cognitive demands, such as 
test anxiety and time constraints. 

Research suggests that retrieval practice is most effective when it aligns with final exam formats. 
Morris et al. (1977) propose that memory performance improves when the method of learning 
matches the method of recall, indicating that study methods should mirror test conditions to enhance 
retrieval efficiency. Jensen et al. (2014) emphasize that the structure of objective questions such as 
multiple-choice, fill-in-the-blank, and short-answer questions used throughout the semester influ-
ences students’ learning strategies, ultimately impacting their final exam performance. Cummings 
(2020) and Morano (2019) also support this view, arguing that practicing recall in a format similar to 
the final exam strengthens students’ ability to retrieve and apply knowledge during high-stakes assess-
ments. These findings highlight the importance of structuring retrieval practice to reflect final exam 
conditions, as it influences how students engage with the material, the effort they invest, and their 
study strategies outside of class (Agarwal et al., 2021; Casselman, 2024). 

These findings reinforce the need for structured retrieval practice that aligns with final exams and 
provides frequent feedback opportunities. Hence, this study posits that retrieval practice can improve 
students’ final exam scores. To achieve this, learning activities should incorporate questions that mir-
ror the format of the final exam, ensuring consistency between practice and assessment. Additionally, 
retrieval practice should be implemented multiple times, as repeated attempts significantly enhance 
memory retention, even though the optimal frequency remains unspecified. Finally, incorporating 
feedback, such as providing correct answers after each retrieval attempt, is essential for reinforcing 
accurate knowledge and addressing misunderstandings.  

However, traditional retrieval practice methods such as quizzes, fill-in-the-blank, multiple-choice 
questions, and short-answer exercises require substantial time and effort for educators to prepare, ad-
minister, and grade (Meier & Löfqvist, 2024; Sana & Yan, 2022). The manual nature of these tasks 
limits the frequency of retrieval opportunities and prevents students from engaging in optimal spaced 
practice (Sana & Yan, 2022). To address these limitations, AI-driven tools such as ChatGPT offer a 
potential solution for question generation and feedback delivery. 

GENERATIVE-ARTIFICIAL INTELLIGENCE AS A TOOL IN ENHANCING 
LEARNING 
Artificial intelligence (AI), particularly generative models like ChatGPT, has become widely used in 
education, enhancing teaching, learning, and assessment. Originally designed for text generation (Flo-
ridi & Chiriatti, 2020; Kikalishvili, 2023; Strasser, 2024), ChatGPT has since improved in contextual 
understanding, fluency, and reasoning (OpenAI, 2023; Yu, 2023). The release of GPT-4 in 2023 in-
troduced multi-modal capabilities, while CustomGPT in 2024 allowed users to fine-tune AI re-
sponses for specific tasks (Almasre, 2024; OpenAI, 2023). 
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For educators, ChatGPT serves as a versatile tool that improves lesson planning, content creation, 
and student support. It also assists in grading and feedback generation, reducing workload while en-
suring timely and consistent responses (Kiryakova & Angelova, 2023; Modran et al., 2024). Beyond 
administrative tasks, educators use ChatGPT to facilitate discussions, scaffold learning, and simulate 
real-world problem-solving, encouraging deeper student engagement (Dai et al., 2023; Kiryakova & 
Angelova, 2023; Lo, 2023). 

ChatGPT acts as a virtual assistant for students, offering personalized learning support, improving 
motivation, and enhancing understanding of complex topics (Dai et al., 2023; Rasul et al., 2023; Sain 
et al., 2024). It helps generate ideas, provides constructive feedback, and increases engagement in 
learning activities (Rasyid et al., 2024; Sain et al., 2024). Studies highlight that students find ChatGPT 
to be an accessible and effective tool for improving learning outcomes (Rasyid et al., 2024; Sain et al., 
2024). 

ChatGPT as a feedback mechanism 
Feedback is a critical component of effective retrieval practice, as it helps reinforce accurate 
knowledge, correct misconceptions, and improve long-term retention (Agarwal et al., 2016; Roediger 
& Butler, 2011). In traditional retrieval practice settings, feedback is often delivered manually by edu-
cators, posing significant challenges in timeliness, personalization, and scalability, particularly in large-
class settings (Ruiz-Primo, 2011; Trumbull & Lash, 2013). The high student-to-teacher ratio in higher 
education (e.g., 1:30 or higher) further constrains instructors’ ability to provide individualized feed-
back, leaving many students without the necessary guidance to refine their recall strategies (Christian-
sen et al., 2024; Metu et al., 2024). 

In contrast, ChatGPT can provide immediate, personalized feedback, reducing the turnaround time 
for response evaluation and allowing students to correct errors in real-time (Kasneci et al., 2023; 
Steiss et al., 2024). Unlike traditional manual feedback, ChatGPT-generated feedback can be tailored 
to individual responses, offering explanations, hints, and contextualized corrections that cater to dif-
ferent levels of understanding (Holmes et al., 2019; Luckin & Holmes., 2016). 

Studies have shown that AI-powered feedback mechanisms can enhance student engagement, 
retention, and metacognitive awareness. Meier and Löfqvist (2024) explored the effectiveness of 
ChatGPT as a real-time feedback provider in retrieval practice. They found that students who 
received ChatGPT-generated explanations demonstrated improved recall accuracy and conceptual 
understanding. Similarly, Cheung et al. (2023) reported that ChatGPT-assisted feedback improved 
self-regulated learning behaviors, as students could engage in iterative learning cycles by refining their 
responses based on ChatGPT-generated suggestions. 

However, despite these advantages, ChatGPT-generated feedback has limitations. Concerns have 
been raised regarding potential biases in ChatGPT-generated explanations, inaccuracies in grading 
open-ended responses, and the inability to fully replicate human expertise in nuanced feedback 
(Özbay, 2024). Additionally, the effectiveness of ChatGPT as a feedback tool depends on how well 
students interpret and apply its generated responses, raising questions about whether AI feedback 
should complement, rather than replace, human guidance (Kiryakova & Angelova, 2023). 

ChatGPT as a test questions generator 
ChatGPT has demonstrated significant utility in providing feedback, generating complex assessment 
items, and addressing a critical challenge in education – the time and effort required to create high-
quality test questions. Traditionally, instructors manually design test questions, which can be labor-
intensive, especially in large-class settings where frequent assessments are needed (Meier & Löfqvist, 
2024). Studies have highlighted ChatGPT’s effectiveness in reducing academic workload while main-
taining quality standards, making it a valuable tool for educators (Cheung et al., 2023). 
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One of ChatGPT’s strengths is its ability to generate diverse question types tailored to different cog-
nitive levels and assessment needs. Research has shown that ChatGPT can effectively create struc-
tured, well-balanced questions, ranging from basic recall questions to higher-order critical thinking 
tasks. For example, Fernández et al. (2024) and Meier and Löfqvist (2024) demonstrated ChatGPT’s 
capability to generate short-answer questions, while Cheung et al. (2023), Özbay (2024), Rivera-Rosas 
et al. (2024) and Yusof and Ismail (2023) found that it can also produce multiple-choice questions 
(MCQs) that closely resemble human-crafted exam items. Cheung et al. (2023) further reported that 
expert evaluations rated ChatGPT-generated questions as comparable in quality to those created by 
experienced educators, emphasizing their potential to complement traditional question design meth-
ods. 

However, while ChatGPT’s capabilities in generation questions are promising, researchers emphasize 
the need for careful evaluation and refinement of its generated content. ChatGPT-generated 
questions may sometimes lack detailed phrasing, contain unintended biases, or fail to align perfectly 
with learning objectives. As Özbay (2024) and (Cheung et al., 2023) pointed out, while ChatGPT is a 
powerful assistant for educators, its outputs still require human oversight to ensure accuracy, fairness, 
and pedagogical relevance. Furthermore, studies have demonstrated that the quality of ChatGPT-
generated questions depends heavily on the specificity of the prompt given (Kıyak et al., 2024; Kıyak 
& Emekli, 2024; Rivera-Rosas et al., 2024). Well-structured prompts that specify question type, 
difficulty level, content focus, and cognitive skill level yield more precise and pedagogically sound 
results. 

RESEARCH METHODOLOGY 
RESEARCH DESIGN 
The study used a retrospective cohort design to investigate the impact of AI-assisted retrieval 
practice support on students’ final exam scores. In this design, the use of AI-assisted retrieval 
practice (exposure) and the final exam scores (outcome) had already occurred when the study 
commenced. The research involved gathering existing information on students’ engagement with AI-
assisted retrieval practice from historical data and combining this with their final exam scores. 
Specifically, the study compared the final exam scores of a previous cohort of students who did not 
utilize AI-assisted retrieval practice with those of the current cohort who did. 

At the time of implementation, the use of AI-assisted retrieval practice was focused solely on 
supporting students’ learning and improving exam outcomes, particularly in response to 
underperformance in the previous cohort.  The decision to write this paper and analyze the data as 
part of a research study was made later and students were not initially aware that their results would 
be used for research purposes.  

ETHICAL CONSIDERATIONS 
This study utilized secondary data originally collected for educational purposes for both the control 
and experimental groups. At the time of implementation, students participated in ChatGPT-assisted 
retrieval practice solely as a learning activity to enhance their understanding and exam preparation, 
with no prior intention of their scores being used for research. The decision to analyze their exam 
performance for this study was made retrospectively. 

To ensure ethical integrity, institutional guidelines on secondary data use were followed, with all data 
anonymized and no additional risk posed to participants. In accordance with the Malaysian Code of 
Responsible Conduct in Research (National Science Council, 2020), researchers using secondary data 
must implement appropriate data management practices, including anonymization. Therefore, for 
this paper, the following measures were taken: 

(i) The cohorts’ names were adjusted to maintain anonymity. 
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(ii) Random sampling was employed to ensure that no individual data could be identified. 
(iii) The dataset of students’ final exam scores was recorded in a manner that prevented subject 

identification and privacy could only be accessed with a two-identification password, in 
compliance with Malaysian Personal Data Protection Act (Ministry of Digital, 2010) guide-
lines.  

POPULATION AND SAMPLING 
The participants in this study were second-year education students enrolled in the compulsory Meas-
urement and Evaluation in Education course. They were divided into two groups – a control group 
and an experimental group. The control group consisted of a previous cohort that did not participate 
in AI-assisted retrieval practice, while the experimental group comprised students from a cohort that 
did. Both groups took final exams, which, although not identical, followed the same format, covering 
the same topics with 60 multiple-choice questions, and assessed across similar taxonomy levels, rang-
ing from remembering to analyzing.  

Table 1 provides a breakdown of the participants in the study across the control and experimental 
cohorts. The control group consisted of students from three cohorts between Sem 1 A, Sem 2 A, and 
Sem 2 B, with a total of 197 students. Specifically, the cohort sizes were 54, 85, and 58 students, re-
spectively. The experimental group comprised students from two cohorts: Sem 1 C and Sem 2 C. 
The cohort sizes were 60 and 126, respectively, with a total of 186 students in the experimental 
group.  

Table 1. Total students across semesters 

Cohort 
(controlled) 

No. of 
students 

Cohort 
(experimental) 

No. of 
students 

Sem 1 A 54 Sem 1 C 60 
Sem 2 A 85 Sem 2 C 126 
Sem 2 B 58  
Total 197 Total 186 

 

Since the primary objective was to compare the means between the control and experimental groups, 
the sample size was calculated using GPower, based on the criteria d = 0.5, α = .05, and (1 - β) = .80 
for an independent t-test (Kang, 2021; Kim & Park, 2019), as shown in Figure 1. The sample size for 
each group was set at 64. An equal sample size in both groups, with a 1:1 ratio, maximizes the statisti-
cal power of the analysis while minimizing the risk of Type I and Type II errors (Kim & Park, 2019; 
Rusticus & Lovato, 2014).  

 
Figure 1. Required sample size for independent t-test 
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Additionally, equal sample sizes strengthen internal validity by reducing potential biases in variance 
estimation, ensuring compliance with the assumption of homogeneity of variance in t-test analysis 
(Rusticus & Lovato, 2014). In line with best practices in educational research, balanced group sizes 
enhance the comparability and interpretability of findings, particularly in controlled intervention 
studies (Lydersen, 2018). Finally, the minimum required sample size for each group in a t-test is 40 
(Skaik, 2015), making 64 participants per group sufficient for this study 

To ensure all the participants in each group were randomly assigned, the systematic sampling tech-
nique was applied. First, the 197 students were randomly arranged in a list using Microsoft Excel. 
Then, systematic random sampling was applied with a sampling interval of approximately 3 (197/64 
≈ 3). Every third student on the list was selected and assigned to the control group. To ensure that 
the control group included exactly 64 students, one additional student was randomly selected, as se-
lecting every third student alone would have resulted in only 63 students. Similarly, for the experi-
mental group, the 186 students were randomly arranged in Microsoft Excel, and using the same sys-
tematic random sampling method with a sampling interval of 3 (186/64 ≈ 3), every third student was 
selected and assigned to the experimental group. 

BASELINE SCORE 
In addition to randomization to minimize confounding factors, this study used coursework scores as 
baseline data. These scores were analyzed using an independent t-test, with the necessary assump-
tions such as normality and homogeneity of variance for the t-test examined beforehand. 

The results of the normality tests for both the control and experimental groups are presented in Ta-
ble 2. The Kolmogorov-Smirnov and Shapiro-Wilk analyses indicated that all p-values exceeded the 
0.05 significance threshold. Therefore, the assumption of normality holds for both groups, suggest-
ing that the data are normally distributed and suitable for parametric testing. 

Table 2. Normality test for baseline score 

Tests of normality  
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 

Coursework Controlled 0.096 64 .200* 0.974 64 0.19  
Experimental 0.072 64 .200* 0.966 64 0.076 

* This is a lower bound of the true significance 
a Lilliefors Significance Correction 

The results of the homogeneity of variance test, as shown in Table 3, indicate that Levene’s statistics 
for all criteria (based on mean, median, median with adjusted degrees of freedom, and trimmed mean) 
were non-significant, with p-values greater than 0.05 (p > 0.418 for all). Therefore, the assumption of 
homogeneity of variances is satisfied, suggesting that the variances between the control and experi-
mental groups are equal, and the data is suitable for parametric analysis using an independent t-test. 

Table 3. Test of homogeneity of variance for baseline score 

Test of homogeneity of variance 

 Levene 
Statistic df1 df2 Sig. 

Coursework  

Based on mean 0.661 1 126 0.418 

 Levene 
Statistic df1 df2 Sig. 

Based on median 0.626 1 126 0.43 
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Table 4 shows the results of the independent samples t-test for coursework scores between the con-
trol and experimental groups. The t-test for equality of means revealed no statistically significant dif-
ference in coursework scores between the two groups, with a two-sided p-value = 0.05 (t(126) = -
1.98). The mean difference between the control and experimental groups was -1.01 (SE = 0.51), with 
a 95% confidence interval ranging from -2.02 to -0.00074.  

Table 4. Independent samples t-test for borderline score 

Independent samples test  
t-test for equality of means 

t df 
Significance 

Mean 
difference 

Std. error 
difference 

95% confidence 
interval of the 

difference 
One-

sided p 
Two-

sided p Lower Upper 

Course
work 

Equal 
variances 
assumed 

-1.98 126 0.025 0.05 -1.01094 0.51047 -2.0211 -0.00074 

Equal 
variances 
not 
assumed 

-1.98 123.58 0.025 0.05 -1.01094 0.51047 -2.0213 -0.00055 

Given that -0.00074 is extremely close to zero when rounded to two decimal places, the upper limit is 
0.00, which indicates that the interval effectively includes zero. This supports the conclusion that 
there is no statistically significant difference in coursework scores between the two groups (Altman, 
2005; Hoekstra et al., 2014). 

IMPLEMENTATION OF AI-ASSISTED RETRIEVAL PRACTICE 
The implementation of this study is based on formative assessment practices (Bell & Cowie, 2001; 
Ruiz-Primo, 2011), which consist of three key components:  

(i) gathering information,  
(ii) interpreting information, and  
(iii) using the information.  

Additionally, it is crucial to explicitly explain and clarify learning goals at the beginning of each class 
to ensure focus and direction (Bell & Cowie, 2001; Ruiz-Primo, 2011). 

Figure 2 illustrates the process of formative assessment, encompassing four key stages: clarifying 
learning goals, gathering information, interpreting the information, and using the information. Each 
stage is designed to continuously inform and improve student learning through ongoing feedback 
and instructional adjustments. These phases, except the first one, were integrated with ChatGPT to 
enhance the learning experience and align with the course learning outcome (CLO). 

 

Test of homogeneity of variance 

Coursework  
Based on the median and with 

adjusted df 0.626 1 120.359 0.43 

Based on trimmed mean 0.635 1 126 0.427 
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Figure 2. Process of formative assessment 

Clarifying learning goals 
The Measurement and Evaluation in Education course spans one semester, covering 12 topics over 
approximately 14 weeks. Each topic is addressed in a weekly two-hour class session. The course is 
structured around four distinct learning outcomes, which are presented to students during the first 
week of the semester. Each learning outcome is evaluated using a different assessment method. The 
final exam, designed to assess the first learning outcome, encompasses all the topics covered in the 
course. This exam measures students’ abilities across the cognitive levels of remembering, under-
standing, applying, and analyzing and typically consists of 60 multiple-choice questions.  

To ensure clarity and focus, the relevant learning outcomes are reiterated at the beginning of each 
class session, helping students understand the specific goals for that week’s topic. During the course, 
students were also informed about the objectives of the AI-assisted retrieval practice, with a specific 
focus on improving exam performance. The need for improvement was highlighted by referencing 
the unsatisfactory exam scores from the previous year. Additionally, the role of AI in generating 
questions and providing feedback was explained. 

Gathering information 
Pavelea and Moldovan (2020) have studied a few factors that contribute to students’ academic per-
formance. They reported that some of the significant contributors are attention during courses and 
involvement in activities that influence final examination scores. Therefore, to implement retrieval 
practice, weekly tasks were designed to actively engage students in recalling and applying course con-
tent. These tasks involved both lecturer-generated and student-generated questions. The use of ques-
tions as a central task is supported by evidence indicating that test-like activities significantly enhance 
learning and improve long-term memory retention (Desy et al., 2017; Karpicke, 2017).  

Validity in formative assessment depends on alignment with learning objectives, ensuring that 
assessments measure what they intend to assess (Divjak et al., 2024; Stobart, 2012). Developing clear 
guidelines based on teachers’ knowledge and practices further strengthens assessment validity 
(Aglanovna et al., 2024). To ensure that both student- and lecturer-generated questions meet 
formative assessment standards: 

(i) All questions were directly linked to weekly course topics and learning objectives (only up 
to the applying level), enhancing instructional coherence and engagement. 

(ii) Students developed questions strictly based on assigned topics from the learning hand-
book, maintaining content relevance. Additionally, specific commands for ChatGPT to 
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generate multiple-choice questions (MCQs), as utilized in Yusof and Ismail (2023), were 
applied to guide question formulation systematically. 

(iii) Before use, student-generated questions were reviewed and revised by the lecturer for clar-
ity, appropriateness, and alignment with assessment criteria, preventing ambiguities and en-
suring accuracy.  

There were two rounds of retrieval practice: one during class and another during revision week. In 
the context of a two-hour class, students were prompted to answer the questions 10 to 15 minutes 
after the lecture without referring to any notes. Following this, feedback was provided, and a class 
discussion was held to deepen understanding. Students then submitted all tasks through the e-learn-
ing platform. As a final step in preparation for the examination, students were required to revisit and 
answer all the tasks again during their study week.  

During revision week, students revisited the same questions from each week’s practice, including 
both lecturer-generated and student-generated questions. Additionally, each topic was supplemented 
with extra questions voluntarily developed by students using ChatGPT. These questions were first 
verified by the lecturer before being shared with their peers. A notable challenge in this implementa-
tion was the low participation in creating and sharing additional questions, likely due to the voluntary 
nature of the task. However, it is worth noting that most students actively engaged by submitting an-
swers to the questions developed by their peers. 

The approach of prompting students to answer questions after a lecture and revisit these tasks during 
their study week is grounded in the principle that retrieval practice enhances long-term retention. As 
demonstrated by Roediger and Karpicke (2006), while repeated studying may be beneficial for imme-
diate recall, retrieval practice proves more effective for delayed recall, such as weeks after the initial 
learning or during exams held day. This aligns with the design of this course, where students engage 
in retrieval practice shortly after the lecture and then again during their study week, effectively pre-
paring them for the final exam. 

Lecturer-generated questions 
Students were provided with a variety of objective question types, including multiple-choice ques-
tions, true-false questions, word puzzles, and short-answer questions. Each task required students to 
complete the answers independently.  

Table 5 outlines the weekly topics involved in retrieval practice and specifies the type of tasks as-
signed, including multiple-choice questions, short-answer questions, and word puzzles, along with 
the number of items and the duration of each practice session. These lecturer-generated questions are 
designed to reinforce students’ understanding of the weekly content, with practice sessions lasting 
between 10 and 15 minutes. 

Table 5. Lecturer-generated questions 

Week Topic Type of task No. of 
items 

Practice  
duration 
(mins) 

Week 1 Introduction to testing, 
measurement, evaluation, 
and assessment 

Multiple-choice 
question, short answer 20 15 

Week 2  Formative and summative 
assessment Multiple-choice 

question, word puzzles 20 15 
Week 3 Measurement scales 

Week 9 Traditional and alternative 
assessment  True/false 10 10 

Week 10 Validity and reliability Short answer 10 10 
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Week Topic Type of task No. of 
items 

Practice  
duration 
(mins) 

Week 11 
Basic statistics (mean, mode, 
median, variance, standard 
deviation) 

Multiple-choice question 2 data sets 15 

Week 12 Item analysis (difficulty and 
discrimination index) Multiple-choice question 2 data set 15 

Student-generated questions 
In Week 5, during the topic of item development, students engaged in a group-based retrieval prac-
tice activity designed to reinforce their understanding. Working in groups, they developed three ob-
jective questions that targeted the remembering, understanding, and applying levels of the Revised 
Bloom’s Taxonomy. These questions must be based on the topics covered in the course and were 
created with the assistance of ChatGPT. 

Figure 3 presents a sample of three questions (in Malay language) developed by one of the student 
groups. These questions focus on the topic of Alternative and Traditional Assessment and include 
three types of objective questions: a fill-in-the-blank question, a true-false question, and a multiple-
choice question. Once the questions were developed, each group shared their set with the rest of the 
class. For example, in a class with five groups, each would respond to the questions the other four 
groups created. This process included answering the questions and critically evaluating their peers’ 
work to ensure that the multiple-choice stems were clearly written, the options were unambiguous, 
and the questions adhered to the correct format. 

 
Figure 3. Sample of students’ generated questions 
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Interpreting information 
After each retrieval practice session, a discussion was held immediately. For lecturer-generated ques-
tions, the correct answers were reviewed and discussed with the students to ensure understanding. 
For student-generated questions, each group member presented their answers to the class. Any mis-
conceptions that arose during these presentations were addressed with immediate feedback, allowing 
students to correct their understanding in real-time. Students were also encouraged to use ChatGPT 
to verify their answers. 

During revision week, students primarily relied on ChatGPT for feedback. After answering all the 
questions, especially those they had generated themselves using ChatGPT, they used the tool to re-
ceive immediate feedback. Students only sought further clarification from the lecturer via WhatsApp 
in cases of confusion or ambiguity, as shown in Figure 4, where they asked for clarity on the ques-
tions they developed and confirmation of the feedback provided by ChatGPT. 

 

 
Figure 4. Feedback on student-developed questions and follow-up clarifications 

Using information 
After receiving feedback from the lecturer, ChatGPT, and peer discussions during each class practice, 
students were asked to write brief reflections on their learning experiences, outline their expectations 
for the next retrieval practice session, and prepare for the upcoming final exams. 

For example, one area where students commonly expressed confusion during the first week of re-
trieval practice was the overlap between the concepts of testing, measurement, evaluation, and assess-
ment. These terms are often used interchangeably, which can create confusion. One student re-
flected, “I am confused about the differences between testing, measuring, evaluating, and assessing. They seem to over-
lap, and I find it difficult to clearly understand where one concept ends and the other begins”. Similarly, another stu-
dent expressed, “I still don’t understand the key differences between these terms. All the answer options seem almost 
the same to me. Please pray I get an A for this course!” Another student noted, “Some books use the term evalua-
tion, while some articles refer to assessment, and their definitions make it very hard for me to understand the difference. 
However, thank you, Dr., for the explanation; it has helped clarify things a bit.” 

To address this concern, a more detailed explanation with clear examples and scenarios was provided 
during the following week’s class, as the two-hour session initially allocated did not allow enough 
time for an in-depth discussion. Therefore, any concerns that arose during the week were addressed 
in the subsequent class session to ensure students fully understood the distinctions between these 
concepts. Additionally, short supplementary learning videos were created using Loom, as shown in 



Yusof 

15 

Figure 5, specifically tailored for students needing extra support or clarification on key concepts. 
These videos provided students with the flexibility to access the content at their own pace and revisit 
explanations as needed. 

 
Figure 5. Examples of short learning videos on specific topics 

Students were also encouraged to write their expectations for the next retrieval practice based on the 
feedback they received.  Several students expressed gratitude for the feedback provided during re-
trieval practice, noting its impact on their confidence and performance expectations. One student re-
flected, “Thank you, Dr., for the explanation. I feel more confident now, and I hope this retrieval practice will help 
me perform better in the final exams. The feedback was really useful, and I believe that by continuing with these prac-
tices, I can improve in the areas I’m struggling with.” Additionally, students highlighted the novelty and ef-
fectiveness of the retrieval practice. As another student shared, “I’ve never done retrieval practice like this 
before, and I realize how effective it is for identifying my weak points. I hope you can provide more questions in the next 
session so I can better understand where I need to focus my studies.” 

However, during the revision week, no formal reflections were requested, as formal classes had al-
ready concluded by that time. Instead, students were encouraged to independently engage with 
ChatGPT to review the material and clarify any lingering doubts. They were also advised to reach out 
to the lecturer for feedback or additional guidance as needed in the lead-up to the final exam. This 
approach allowed students to take ownership of their learning while still having flexible access to 
both ChatGPT-assisted support and lecturer feedback, ensuring they were well-prepared for the final 
assessment.  

Lastly, at the end of the semester, a questionnaire was administered to gather feedback on students’ 
experiences and perceptions regarding retrieval practice, question development, and feedback mecha-
nisms. The questionnaire was self-developed and has been implemented over two semesters. The 
complete questionnaire is provided in the Appendix for reference. The questionnaire consisted of 
five sections, each containing four items, measured on a 4-point Likert scale ranging from 1 (strongly 
disagree) to 4 (strongly agree): 

(i) Perceptions of Retrieval Practice: Focused on evaluating students’ views on the effectiveness of 
retrieval practice in enhancing their learning and exam preparation. 

(ii) Preference for Student-Developed vs. Lecturer-Generated Questions: Examined preferences and per-
ceived benefits of questions developed by peers versus those generated by lecturers. 
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(iii) Experience with ChatGPT in Developing Questions: Explored how ChatGPT was used to assist 
students in developing questions and its perceived utility in reinforcing learning. 

(iv) Experience with ChatGPT Feedback: Assessed the clarity, usefulness, and accessibility of feed-
back provided by ChatGPT during retrieval practice sessions. 

(v) Preference for Feedback from Lecturer vs. ChatGPT: Investigated students’ preferences for feed-
back sources, comparing lecturer feedback with ChatGPT-generated feedback. 

A principal-components analysis of residuals (PCAR) was conducted to assess the unidimensionality 
of the instrument across two cohorts, as shown in Table 6. Item reliability was high for both cohorts, 
with Cohort 1 achieving a reliability of 0.85 and Cohort 2 achieving 0.91. The variance explained by 
measures was 25.0% for Cohort 1 and 16.7% for Cohort 2, aligning closely with expected values. 
However, eigenvalues for the 1st contrast exceeded the threshold of 2.0 in Cohort 1 (3.19), suggest-
ing potential multidimensionality. In contrast, Cohort 2 exhibited lower eigenvalues (1.95), indicating 
stronger unidimensionality. 

Table 6. Principal component analysis of residuals 

Cohort Total 
students 

Total 
submission 

(n) 

Item 
reliability 

(n=20) 

Principal-components analysis of residuals 

Raw variance 
explained by measures 

Raw unexplained 
variance 

Observed Expected Eigenvalue 
(1st contrast) 

Eigenvalue 
(2nd contrast) 

Sem B 1 60 29 0.85 25.0%           24.9% 3.19 2.42 
Sem B 2 126 73 0.91 16.7% 16.6% 1.95 1.89 

To investigate the higher eigenvalues observed in Cohort 1 further, an analysis of residual correla-
tions was conducted to identify potential local dependence among items, as shown in Table 7. The 
analysis revealed that all standardized residual correlations were below the threshold of +0.7, indicat-
ing no evidence of highly locally dependent items (Linacre, 2025). The highest residual correlation 
was 0.45 between items A1 and D3, suggesting moderate shared variance that does not warrant item 
removal. These findings suggest that the observed higher eigenvalues in Cohort 1 may be attributed 
to its smaller sample size rather than significant multidimensionality or local dependence among the 
items. This interpretation is further supported by the lower eigenvalues observed in Cohort 2 (1.95 
and 1.89), which demonstrate stronger unidimensionality, likely due to the larger sample size provid-
ing more stable variance estimates. 

Table 7. Largest standardized residual correlations 

Correlation Entry number item 1 Entry number item 2 
0.45 1 A1 15 D3 
0.44 5 B1 11 C3 
0.39 8 B4 15 D3 
0.37 2 A2 19 E3 
0.34 15 D3 19 E3 
0.32 1 A1 8 B4 
0.31 17 E1 20 E4 
-0.61 1 A1 9 C1 
-0.59 12 C4 19 E3 
-0.55 14 D2 20 E4 
-0.53 4 A4 20 E4 
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Correlation Entry number item 1 Entry number item 2 
-0.52 2 A2 12 C4 
-0.37 11 C3 17 E1 
-0.37 2 A2 13 D1 
-0.36 4 A4 7 B3 
-0.34 5 B1 15 D3 
-0.33 3 A3 9 C1 
-0.33 10 C2 11 C3 
-0.32 9 C1 15 D3 
-0.31 4 A4 6 B2 

FINDINGS 
COMPARISON OF EXAM SCORES BETWEEN CONTROL AND EXPERIMENTAL 
GROUPS 
Prior to conducting the t-test, assumption analyses were performed to ensure the validity of the re-
sults. Specifically, the normality of the data and the homogeneity of variances were evaluated, as 
these assumptions are critical for the appropriate application of the t-test and the validity of its con-
clusions. 

The normality of exam scores for both the control and experimental groups was assessed using the 
Kolmogorov-Smirnov and Shapiro-Wilk tests, as shown in Table 8. In the control group, the Kolmo-
gorov-Smirnov test yielded a p-value of .200, while the Shapiro-Wilk test produced a p-value of .294. 
Similarly, in the experimental group, the p-values were .200 for the Kolmogorov-Smirnov test and 
.486 for the Shapiro-Wilk test. As all p-values exceeded the standard threshold of p>.05, these find-
ings confirm that the exam scores in both groups are normally distributed, thereby satisfying the as-
sumption of normality necessary for further analysis. 

Table 8. Normality test for exam score 

Tests of normality 
Group 
  

Kolmogorov-Smirnova Shapiro-Wilk 
Statistic  df Sig. Statistic df Sig. 

Exam-
score 

Controlled 0.089 64 .200* 0.978 64 0.294 

  Experimental 0.051 64 .200* 0.982 64 0.486 

*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 

 

During the analysis of exam scores using Stem & Leaf plot as shown in Table 9, an outlier was identi-
fied in the control group with a score of 10, which is lower than the rest of the data. According to 
Aguinis et al. (2013), outliers should not be automatically removed unless there is clear evidence that 
they result from measurement error or do not represent the population of interest. The outlier was 
retained because it represents a legitimate data point within the natural variability of the student pop-
ulation. 
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Table 9. Stem-and-leaf plot 

Examscore stem-and-leaf plot for 
group = controlled 

Examscore stem-and-leaf plot for 
group = experimental 

 Frequency     Stem & Leaf 
     1.00           1.  0 
    12.00          1.  555667888999 
    16.00          2.  0001222223344444 
    17.00          2.  55556666788899999 
    15.00          3.  000111122222244 
     3.00           3.  666 
 Stem width:     10.00 
 Each leaf:        1 case(s) 
   
 

 Frequency    Stem & Leaf  
     5.00           2.  00111  
     4.00           2.  2222  
     6.00           2.  444555  
    11.00          2.  66666667777  
    12.00          2.  888888899999  
     9.00           3.  000001111  
     7.00           3.  2222233  
     6.00           3.  444445  
     4.00           3.  6667  
 Stem width:     10.00  
 Each leaf:        1 case(s) 

Furthermore, Levene’s test for homogeneity of variances was conducted to assess whether the vari-
ances of exam scores were equal between the control and experimental groups, as shown in Table 10. 
The results indicated that the assumption of equal variances was violated, as the test yielded signifi-
cant p-values across all four methods: based on the mean (Levene statistic = 7.209, p = .008), based 
on the median (Levene statistic = 7.132, p = .009), based on the median with adjusted degrees of 
freedom (Levene statistic = 7.132, p = .009), and based on the trimmed mean (Levene statistic = 
7.173, p = .008). Since all p-values were less than the threshold of p<.05, this indicates that the vari-
ances between the groups were not equal, and therefore, the assumption of homogeneity of variances 
was not met. 

Table 10. Homogeneity of variance 

Test of homogeneity of variance 
Test of homogeneity of variance Levene statistic df1 df2 Sig. 

Test of 
homogeneity 
of variance 

Based on Mean 7.209 1 126 0.008 
Based on Median 7.132 1 126 0.009 

Based on Median and 
with adjusted df 

7.132 1 118.379 0.009 

Based on trimmed mean 7.173 1 126 0.008 

Therefore, this study employed Welch’s t-test instead of the standard independent t-test, as the data 
met the assumption of normality but not homogeneity of variances. Welch’s t-test is recommended 
in such cases because it provides better control of Type I error rates when the assumption of homo-
geneity of variances is violated (Delacre et al., 2017). 

Table 11 presents the descriptive statistics for the exam scores of the control and experimental 
groups. The control group (N = 64) had a mean exam score of 25.44 with a standard deviation of 
5.95 and a standard error of the mean of 0.743. The experimental group (N = 64) had a higher mean 
exam score of 28.81 with a standard deviation of 4.37 and a standard error of the mean of 0.547. 
These descriptive statistics indicate that the experimental group, which utilized AI-assisted retrieval 
practice, performed better on average than the control group. 

The results in Table 12 indicate a significant difference in final exam scores between the groups 
(t(115.734) = -3.647, p < 0.001). The mean difference in scores is -3.36453, with a standard error of 
0.92258. The 95% confidence interval for the difference in means ranges from -5.19186 to -1.53719, 
indicating that the difference in scores is statistically significant and likely not due to random chance. 
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Table 11. Descriptive statistics for exam scores 

Group statistics 
 ID N Mean Std. deviation Std. error mean 

ExamScore Controlled 64 25.4405 5.94552 0.74319 
Experimental 64 28.805 4.37319 0.54665 

Table 12. Independent samples test for exam score 

Independent samples test  
t-test for equality of means 

t df 
Significance Mean 

difference 
Std. error 
difference 

95% confidence 
interval of the 

difference 
One-

sided p 
Two-

sided p Lower Upper 

Exam-
score 

Equal 
variances 
assumed 

-3.647 126 0.000 0.000 -3.36453 0.92258 -5.19029 -1.53877 

Equal 
variances 
not 
assumed 

-3.647 115.734 0.000 0.000 -3.36453 0.92258 -5.19186 -1.53719 

STUDENT FEEDBACK ON RETRIEVAL PRACTICE AND CHATGPT-ASSISTED 
At the end of the semester, following the completion of the final exam, students were invited to 
complete a questionnaire. The primary purpose of collecting this feedback was to identify areas for 
improvement in subsequent semesters. Of the 186 students in the experimental group (across two 
semesters), a total of 102 students responded to the questionnaire. Since the questionnaire consists of 
Likert-scale items, which are considered ordinal data (Sullivan & Artino, 2013; Yusof, 2024), descrip-
tive analyses, such as percentages, median, and mode, were utilized to summarize the responses. 

Perceptions of retrieval practice 
Perceptions of students toward retrieval practice were measured based on: 

(i) Perception A1: Retrieval practice helped me retain information better for the final exam. 
(ii) Perception A2: Retrieval practice improved my understanding of key course concepts. 
(iii) Perception A3: Retrieval practice sessions were a valuable addition to my overall learning 

process. 
(iv) Perception A4: I feel more confident about answering exam questions after engaging in re-

trieval practice. 

Table 13 shows the median and mode for all four items were consistently 3, indicating that most stu-
dents agreed with the statements.  

Table 13. Perceptions of retrieval practice 

Statistics Perception_A1 Perception_A2 Perception_A3 Perception_A4 
Median 3 3 3 3 
Mode 3 3 3 3 

Figure 6 shows a significant proportion of students expressed positive perceptions, with 71.64% 
agreeing and 28.40% strongly agreeing that retrieval practice helped them retain information better 
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for the final exam (A1). Similarly, 53.90% agreed, and 46.10% strongly agreed that it improved their 
understanding of key concepts (A2). Retrieval practice was also seen as a valuable addition to the 
learning process, with 56.90% agreeing and 43.10% strongly agreeing (A3). However, confidence in 
answering exam questions (A4) was slightly lower, with 54.90% agreeing, 26.50% strongly agreeing, 
and 18.60% disagreeing. These results indicate an overall positive perception of retrieval practice, 
though confidence in exam performance shows room for improvement. 

 
Figure 6. Percentage of agreement (perceptions of retrieval practice) 

Preference for student-developed vs. lecturer-developed questions 
Students’ preferences for student-developed versus lecturer-developed questions were measured 
based on: 

(i) Preference B1: I preferred lecturer-generated questions because they provided a clearer 
structure for retrieval practice. 

(ii) Preference B2: I found student-developed questions more relatable and better aligned with 
my learning needs. 

(iii) Preference B3: Lecturer-generated questions were well-structured and closely matched the 
format of the final exam. 

(iv) Preference B4: I found it easier to learn from retrieval practice sessions that used lecturer-
generated questions. 

Table 14 illustrates students’ preferences for lecturer-generated versus student-developed questions 
during retrieval practice. The median and mode for all four statements were consistently 3, indicating 
a general agreement across the responses. 

Table 14. Preference for student-developed vs. lecturer-generated questions 

Statistics Preference_B1 PreferenceQS_B2 PreferenceQS_B3 PreferenceQS_B4 
Median 3 3 3 3 
Mode 3 3 3 3 

Figure 7 shows the percentage of students who agreed with each statement regarding their preference 
for student-developed versus lecturer-developed questions. For B1, which assessed the preference 
for lecturer-generated questions due to their clearer structure, 41.2% of students agreed, and 30.4% 
strongly agreed, reflecting a positive inclination toward structured questions provided by the lecturer. 
Similarly, for B3, 56.9% agreed, and 43.1% strongly agreed that lecturer-generated questions were 
well-structured and closely aligned with the final exam format. In contrast, B2, which explored the 
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relatability of student-developed questions, showed more varied responses, with 34.3% agreeing, 
22.5% strongly agreeing, and 25.5% strongly disagreeing. Lastly, for B4, which evaluated the ease of 
learning from lecturer-generated questions, 54.9% agreed, and 26.5% strongly agreed, further 
emphasizing the preference for lecturer-generated questions. Overall, while students acknowledged 
the relatability of student-developed questions, the structured and exam-oriented nature of lecturer-
generated questions was clearly favored. 

 
Figure 7. Preference for student-developed vs. lecturer-developed questions 

Students’ experience with ChatGPT in developing questions 
As students were tasked with generating questions using ChatGPT, the following statements assess 
their experiences with the tool: 

(i) ChatGPTQS_C1: ChatGPT helped me create better questions for retrieval practice. 
(ii) ChatGPTQS_C2: ChatGPT was useful in helping me structure questions that aligned with 

the learning objectives. 
(iii) ChatGPTQS_C3: I felt more confident in the quality of the questions I developed with 

ChatGPT’s assistance. 
(iv) ChatGPTQS_C4: ChatGPT made it easier to generate diverse types of questions for retrieval 

practice. 

Table 15 summarizes students’ experiences with ChatGPT in developing questions for retrieval prac-
tice. The median for all items was consistently 3, indicating general agreement among respondents, 
while the mode varied, with C2 having a mode of 4, reflecting a stronger positive response for this 
item. 

Table 15. Students’ experience with ChatGPT in developing questions 

Statistics 
ChatGPTQS 

C1 
ChatGPTQS 

C2 
ChatGPTQS 

C3 
ChatGPTQS 

C4 
Median 3 3 3 3 
Mode 3 4 3 3  

Figure 8 shows agreement for each statement. For C1, which explored whether ChatGPT helped stu-
dents create better questions, 33.3% agreed, and 25.5% strongly agreed, highlighting a moderately 
positive experience. For C2, which assessed ChatGPT’s usefulness in structuring questions aligned 
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with learning objectives, 34.3% agreed, and 22.5% strongly agreed, showing relatively stronger agree-
ment compared to the other items. Similarly, for C3, which measured students’ confidence in the 
quality of questions developed with ChatGPT, 30.4% agreed, and 21.6% strongly agreed, indicating 
moderate confidence levels. C4, which evaluated whether ChatGPT made it easier to generate diverse 
question types, had the highest proportion of strong agreement, with 36.3% strongly agreeing and 
15.7% agreeing. This indicates that ChatGPT was particularly appreciated for its ability to assist in 
creating varied question formats. Overall, while students found ChatGPT helpful in various aspects 
of question development, its role in generating diverse questions stood out as the most impactful.  

 
Figure 8. Students’ experience with ChatGPT in developing questions 

Students’ experience with ChatGPT as a feedback tool 
To assess students’ experience using ChatGPT for feedback, the following statements measure their 
perceptions: 

(i) ChatGPTFeed_D1: ChatGPT provided sufficient feedback for me to understand my mis-
takes. 

(ii) ChatGPTFeed_D2: I feel less confident relying solely on ChatGPT feedback. 
(iii) ChatGPTFeed_D3: ChatGPT’s feedback was accessible whenever I needed support for 

reviewing my answers. 
(iv) ChatGPTFeed_D4: ChatGPT’s feedback sometimes lacked the depth needed for complex 

questions. 

Table 16 summarizes students’ experiences with ChatGPT as a feedback provider. The median for 
most items was 3, indicating a neutral to moderately positive perception of ChatGPT’s feedback. 
However, D3 had a median of 4, suggesting stronger agreement that ChatGPT was accessible for re-
viewing answers. The mode followed a similar pattern, with D4 having the lowest rating (mode = 2), 
indicating that students found ChatGPT’s feedback lacking in depth for complex questions. 

Table 16. Experience with ChatGPT feedback 

Statistics ChatGPTFeed 
D1 

ChatGPTFeed 
D2 

ChatGPTFeed 
D3 

ChatGPFeed 
D4 

Median 3 3 4 2 
Mode 3 3 4 2 



Yusof 

23 

Figure 9 illustrates that students generally perceived ChatGPT’s feedback as both sufficient and ac-
cessible. For D1 (ChatGPT provided sufficient feedback for me to understand my mistakes), 29.4% 
agreed, and 22.5% strongly agreed, indicating that many students found ChatGPT’s feedback helpful. 
However, 25.5% strongly disagreed, suggesting that a notable portion of students felt the feedback 
did not adequately address their mistakes. For D3 (ChatGPT’s feedback was accessible whenever I 
needed support for reviewing my answers), responses were overwhelmingly positive, with 55.9% 
strongly agreeing and 21.6% agreeing, highlighting that students widely valued ChatGPT’s availability 
during retrieval practice. 

 
Figure 9. Students’ experience with ChatGPT as a feedback tool 

Conversely, for D2 (I feel less confident relying solely on ChatGPT feedback), the responses 
reflected some reservations, with 29.4% agreeing and 24.5% strongly agreeing, showing that a 
significant number of students were hesitant to depend entirely on ChatGPT’s feedback. However, 
20.6% strongly disagreed, indicating that some students felt confident using ChatGPT independently. 
For D4 (ChatGPT’s feedback sometimes lacked the depth needed for complex questions), 31.4% 
disagreed, while 25.5% strongly agreed, revealing a divide in perceptions regarding ChatGPT’s 
effectiveness in handling complex topics. While some students appreciated its feedback, others found 
it lacking the depth necessary for more advanced inquiries. 

Feedback preference 
In addition to receiving feedback from ChatGPT, students also receive feedback from lecturers dur-
ing class or through WhatsApp. Their feedback preferences were measured based on the following 
statements: 

(i) PreferenceFeed_E1: I found lecturer feedback to be more comprehensive than ChatGPT’s 
feedback. 

(ii) PreferenceFeed _E2: ChatGPT’s feedback was quicker and more convenient than receiving 
feedback from the lecturer. 

(iii) PreferenceFeed _E3: I trust lecturer feedback more than ChatGPT feedback for ensuring 
accurate understanding. 

(iv) PreferenceFeed _E4: I would like a combination of feedback from both ChatGPT and the 
lecturer in future learning sessions. 

Table 17 summarizes students’ feedback preferences regarding ChatGPT and lecturer-generated 
feedback. The median and mode for E2 and E3 was 3, indicating general agreement that ChatGPT’s 
feedback was quick and convenient, but lecturer feedback was more comprehensive and trustworthy. 
Meanwhile, E1 and E4 had a mode and median of 4, suggesting stronger agreement that lecturer 
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feedback provided more depth and that students preferred a combination of both ChatGPT and lec-
turer feedback in future learning sessions. 

Table 17. Feedback preference 

Statistics PreferenceFeed 
E1 

PreferenceFeed 
E2 

PreferenceFeed 
E3 

PreferenceFeed 
E4 

Median 4 3 3 4 
Mode 4 3 3 4 

Figure 10 shows students’ preferences regarding feedback sources, showing distinct patterns of agree-
ment and disagreement across the items. For E1 (I found lecturer feedback to be more comprehen-
sive than ChatGPT’s feedback), responses were highly positive, with 54.9% strongly agreeing and 
26.5% agreeing, indicating a strong consensus on the depth and comprehensiveness of lecturer feed-
back. Similarly, for E3 (I trust lecturer feedback more than ChatGPT feedback for ensuring accurate 
understanding), 52.0% agreed, and 48.0% strongly agreed, reinforcing students’ trust in lecturer-pro-
vided feedback. For E2 (ChatGPT’s feedback was quicker and more convenient than receiving feed-
back from the lecturer), 49.0% agreed, and 24.5% strongly agreed, highlighting ChatGPT’s accessibil-
ity. However, 26.5% disagreed, suggesting that while ChatGPT was valued for its speed, it did not 
fully meet all students’ expectations. 

 
Figure 10. Students’ feedback preferences 

For E4 (I would like a combination of feedback from both ChatGPT and the lecturer in future learn-
ing sessions), 44.1% strongly agreed, and 27.5% agreed, indicating a clear preference for a blended 
feedback approach, combining the efficiency of ChatGPT with the depth and reliability of lecturer 
feedback. 

DISCUSSION 

The implementation of retrieval practices during the course was motivated by the observation that 
students’ final exam scores were generally lower compared to their coursework marks, even among 
those who performed well in coursework. Retrieval practices were introduced due to their proven ef-
fectiveness in sustaining memory over time (Bishop, 2022; Jaeger et al., 2014; Karpicke, 2017; 
Moreira et al., 2019), ensuring that knowledge is retained until the final exams. Research has shown 
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that retrieval practices become even more effective when they are similar format to final exams, re-
peated and accompanied by formative feedback (Agarwal et al., 2016, 2021; Casselman, 2024; Roedi-
ger & Butler, 2011).  

Building on this evidence, the current implementation utilized ChatGPT as a tool to facilitate student 
engagement by encouraging its use for both creating questions and obtaining immediate feedback on 
practice responses. This dual functionality of ChatGPT was designed to enhance the effectiveness of 
retrieval practice by integrating active learning with timely feedback, thereby better-supporting stu-
dents in their exam preparation. 

IMPACT OF RETRIEVAL PRACTICE ON EXAM PERFORMANCE 
The implementation of retrieval practices during the course demonstrated a positive impact on stu-
dents’ final exam performance, as evidenced by the improved scores in the experimental group com-
pared to the control group. This improvement underscores the effectiveness of retrieval practices in 
enhancing long-term retention and application of knowledge. The observed progress aligns with re-
search emphasizing the role of retrieval practice in strengthening memory and fostering deeper learn-
ing (Agarwal et al., 2021; Casselman, 2024; Karpicke, 2017; Moreira et al., 2019).  

The retrieval practices in this study were conducted twice before the final exam: first during weekly 
class sessions, where individual topics were addressed, and again during the study week, which re-
viewed all topics covered throughout the course. This two-stage approach allowed students to revisit 
the material at different intervals, utilizing the spacing effect, which is known to enhance memory re-
tention over time. Prior research highlights that retrieval practice, particularly when spaced out over 
intervals such as days or weeks, significantly improves long-term retention (Ariel & Karpicke, 2018; 
Ma et al., 2020; YeckehZaare et al., 2019). The results of this study align with these findings, demon-
strating that retrieval practice is an effective tool for supporting academic performance. 

A potential confounding factor in this study was the possibility that students independently engaged 
in additional retrieval practices outside the structured sessions. However, the random selection of 
participants for both the experimental and control groups minimized this risk (Shadish et al., 2011), 
ensuring that external influences, such as independent retrieval efforts, were evenly distributed across 
the groups. This approach strengthens the validity of the findings, providing robust evidence that the 
structured retrieval practice sessions were a significant factor in the observed improvement in exam 
performance. These results are consistent with YeckehZaare et al. (2019), who demonstrated that re-
trieval tools effectively enhance learning outcomes, even when controlling for external factors such 
as prior knowledge or study habits, further underscoring the reliability and utility of retrieval practices 
in improving academic achievement. 

Furthermore, students’ perceptions of the retrieval practice, collected after the final exam, indicated 
overwhelmingly positive feedback. Most students agreed that retrieval practice helped them retain 
information better for the final exam, demonstrating its value in enhancing memory retention. Addi-
tionally, many students reported that retrieval practice improved their understanding of key course 
concepts, reinforcing its role in fostering deeper learning. The sessions were widely regarded as a val-
uable addition to their overall learning process, with students noting that the practice bolstered their 
confidence in answering exam questions. 

During the implementation of retrieval practice, the primary focus was on improving final exam per-
formance, treating retrieval practice as a formative activity to support learning rather than an oppor-
tunity for detailed quantitative analysis. Hence, feedback was provided immediately after each session 
to address misconceptions and reinforce learning, consistent with research demonstrating that feed-
back enhances the effectiveness of retrieval practice (Agarwal et al., 2021; Casselman, 2024; Jaeger et 
al., 2024). However, the absence of recorded individual performance data during these sessions pre-
sented limitations. Specifically, it prevented the identification of students with lower memory capac-
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ity, who are known to benefit significantly from retrieval practice when paired with immediate feed-
back and targeted support (Agarwal et al., 2016; Racsmány et al., 2020; Roediger & Butler, 2011). 
This limitation also restricted a more detailed analysis of how each retrieval session contributed to 
the progress of students with varying memory capabilities. 

Despite these limitations, the findings underscore the importance of embedding retrieval practice 
within formative assessments and incorporating immediate feedback to maximize its benefits. By 
providing opportunities for repeated recall and addressing misunderstandings in real-time, retrieval 
practice proved to be a valuable tool for enhancing long-term retention and supporting students’ aca-
demic performance (Casselman, 2024; Hui et al., 2022). The findings corroborate those of Meier and 
Löfqvist (2024), affirming ChatGPT’s potential as a valuable tool for enhancing retrieval practices. Its 
demonstrated ability to generate targeted questions and provide effective feedback highlights its ca-
pacity to support and enrich learning processes. 

CHATGPT-ASSISTED IN RETRIEVAL PRACTICE  
This study clarifies the role of ChatGPT in supporting retrieval practice by demonstrating its poten-
tial to enhance both student performance and learning experiences. While research on ChatGPT’s 
role in retrieval practice is still emerging, scholars such as Meier and Löfqvist (2024) suggest that it 
can be a powerful tool for generating questions and providing personalized feedback, thereby reduc-
ing educators’ workload and enhancing student engagement (Kiryakova & Angelova, 2023; Modran 
et al., 2024). This aligns with the findings of this study, which demonstrated that students who en-
gaged in ChatGPT-assisted retrieval practices achieved higher final exam scores compared to those 
who did not. 

ChatGPT’s role in question development 
One of the key ways ChatGPT supported retrieval practice was by helping students create effective 
questions (Meier & Löfqvist, 2024). It was particularly useful in aligning these questions with the 
course’s learning objectives and encouraging students to think critically about the material. Addition-
ally, ChatGPT’s ability to produce a variety of question types (Indran et al., 2023; Zuckerman et al., 
2023) can make the process more engaging and help students explore the course content from multi-
ple perspectives. 

In this study, while most students agreed that ChatGPT helped them develop questions aligned with 
the learning outcomes, they ultimately preferred lecturer-generated questions, viewing them as more 
structured and better suited to assessment expectations. This preference may also highlight a limita-
tion in the implementation of ChatGPT-assisted question development. Students were instructed to 
create their own questions during only one class session, limiting their exposure to this practice. Ad-
ditionally, due to the constraints of the two-hour class, which included developing, answering, and 
providing feedback on questions, the activity was conducted collaboratively in groups rather than in-
dividually.  

Although this group-based approach was efficient, it may have restricted opportunities for personal-
ized engagement with the material (Silseth & Furberg, 2024; Theobald et al., 2017). In the context of 
this study, it also constrained students’ ability to fully explore and leverage ChatGPT’s potential for 
tailoring questions to their unique learning needs. While ChatGPT proved useful in supporting ques-
tion development, the implementation lacked the depth and repetition necessary for students to build 
confidence and proficiency in independently crafting high-quality, outcome-aligned questions. Only a 
few students voluntarily developed their own questions during the study week, suggesting that stu-
dents may require more structured opportunities to independently explore ChatGPT’s potential. 

Another key challenge observed was related to the complexity of crafting multiple-choice questions 
(MCQs). Students were provided with general prompts to develop MCQs, but these prompts did not 
specify key elements such as answer keys, options, and distractors. As a result, many students made 
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errors in structuring their answer choices and distractors, which are essential components of well-de-
signed MCQs. This issue suggests that while ChatGPT assisted in question generation, it did not pro-
vide enough guidance on constructing high-quality answer choices and plausible distractors. Studies 
have demonstrated that the quality of ChatGPT-generated questions depends heavily on the specific-
ity of the prompt given (Kıyak et al., 2024; Kıyak & Emekli, 2024; Rivera-Rosas et al., 2024). 

The survey’s results further reinforced this challenge, as students expressed a preference for lecturer-
developed questions. One possible explanation is that lecturer-generated MCQs tend to be better 
structured and refined, ensuring alignment with course learning outcomes and assessment expecta-
tions. Additionally, students may not have had enough practice in designing effective MCQs, leading 
them to rely more on questions created by instructors. Future implementations should consider 
providing more structured guidance on MCQ development, such as step-by-step prompts or AI-as-
sisted refinement tools, to help students generate better-quality questions. 

Another limitation of the current implementation was that ChatGPT was not utilized to generate 
higher-order questions that require analyzing, evaluating, or creating. In this study, students primarily 
developed lower-order MCQs focused on remembering, understanding, and applying, as these levels 
were directly aligned with the course’s learning objectives. However, Bloom’s Taxonomy suggests 
that higher-order thinking skills, such as analyzing, evaluating, and creating, are essential for deeper 
learning and critical thinking development (Anderson, 2005; Krathwohl, 2002) 

The absence of higher-level question generation may have limited students’ ability to engage in 
deeper cognitive processing. Although developing such questions were not explicitly required in this 
course, future studies could explore the potential of ChatGPT in scaffolding students’ ability to gen-
erate more complex and cognitively demanding questions. This could involve using customized 
prompts to encourage ChatGPT to generate higher-order questions, allowing students to develop a 
broader range of question types beyond basic recall-based MCQs. 

ChatGPT’s role in feedback for retrieval practice 
Effective feedback is a crucial component of retrieval practice, as it helps students reinforce correct 
knowledge, identify misunderstandings, and refine their learning strategies. In the context of retrieval 
practice, timely and constructive feedback allows students to strengthen memory recall, adjust incor-
rect responses, and deepen their understanding of key concepts (Agarwal et al., 2016; Jaeger et al., 
2024; Racsmány et al., 2020). This study examined students’ experiences with ChatGPT-generated 
feedback as an aid in retrieval practice and their preferences between ChatGPT and lecturer-provided 
feedback. The survey results revealed both the strengths and limitations of ChatGPT as a feedback 
tool, particularly in its role in assisting students in retrieval practice by offering immediate responses 
and supporting independent learning. 
One of ChatGPT’s most notable strengths was its immediacy and accessibility, which students widely 
appreciated. Unlike lecturer feedback, which is often constrained by time and availability, ChatGPT 
allows students to receive feedback instantly, particularly outside classroom hours. Many students 
agreed or strongly agreed that ChatGPT was a useful tool for checking their answers, reviewing mis-
takes, and clarifying doubts in real-time, making it a valuable asset for self-regulated learning in re-
trieval practice. Furthermore, the ability to access feedback at any time was also beneficial during 
study week, when students required immediate responses to reinforce learning. This aligns with re-
search emphasizing that timely feedback is critical in retrieval practice, as it prevents students from 
reinforcing incorrect knowledge and helps them adjust their understanding before misconceptions 
take hold (Agarwal et al., 2016; Roediger & Butler, 2011).  

Despite ChatGPT’s convenience, students overwhelmingly preferred lecturer feedback, particularly 
for gaining a thorough understanding of complex concepts. Many students felt less confident relying 
solely on ChatGPT, preferring to verify its feedback with lecturer explanations. A majority of stu-
dents strongly agreed or agreed that lecturer feedback was more comprehensive, providing greater 
depth, clarity, and reassurance than ChatGPT’s responses. One possible reason for this preference 
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was the inconsistencies some students encountered in ChatGPT’s responses, particularly for difficult 
concepts. Similar findings have been reported that ChatGPT also struggles to provide reliable re-
sponses when addressing sophisticated or multifaceted issues (Naik et al., 2024; Tyson, 2023). Nota-
bly, ChatGPT occasionally provided incorrect answers to its own generated questions when students 
led the process without structured prompts. Since ChatGPT generates responses based on the phras-
ing and specificity of user input, the quality of its feedback depends heavily on how students frame 
their queries (Steiss et al., 2024). Furthermore, all students used the free version of ChatGPT, which 
may have limitations compared to premium versions, potentially affecting response accuracy, depth, 
and consistency.  

Expectedly, students expressed a strong preference for a blended feedback model. A significant num-
ber of students strongly agreed or agreed that they would like to receive a combination of feedback 
from both ChatGPT and lecturers in future learning sessions. The findings suggest that ChatGPT 
and lecturer feedback serve distinct but complementary roles in retrieval practice. ChatGPT excels in 
delivering immediate, scalable feedback, making it ideal for quick self-assessment, factual verification, 
and independent study. However, lecturers remain essential for deeper discussions, personalized clar-
ification, and conceptual accuracy. This finding echoes Otaki and Lindwall’s (2024) findings, assert-
ing that the distinction goes far beyond mere interaction. It underscores the critical role of face-to-
face engagement in fostering meaningful interpersonal relationships rooted in temporal depth and 
emotional resonance. These connections transform students and teachers into active participants 
within shared communities of practice, promoting a deeper sense of collaboration, understanding, 
and shared purpose. 

RESEARCH AND PRACTICAL IMPLICATION 
This study explores the practical and research implications of integrating ChatGPT into retrieval 
practices, emphasizing its transformative potential in educational settings. Beyond the immediate 
findings, the results point to actionable strategies for educators and institutions while identifying criti-
cal areas for future research. 

Theoretical implications 
The findings of this study contribute to the growing body of research on retrieval practice and its 
role in enhancing long-term memory retention and academic performance. By demonstrating that 
structured retrieval practice, facilitated through digital tools such as ChatGPT, leads to significant im-
provements in exam performance, this study strengthens the theoretical foundation of retrieval-based 
learning within cognitive psychology and educational assessment. Specifically, the results align with 
the retrieval practice effect (Roediger & Butler, 2011) and the spacing effect (Ariel & Karpicke, 
2018), reinforcing the importance of repeated recall over distributed intervals to enhance learning 
outcomes.  

Moreover, this study highlights the value of ChatGPT-assisted formative assessment, particularly 
through the integration of ChatGPT as a tool for retrieval practice. The ability of ChatGPT to pro-
vide immediate feedback aligns with research emphasizing that formative assessment is most effec-
tive when feedback is timely, targeted, and actionable. By facilitating frequent, low-stakes retrieval 
tasks, ChatGPT-supported retrieval practice offers a scalable approach to formative assessment that 
reinforces memory and understanding over time. The results support the argument that formative 
retrieval activities, particularly when enhanced with immediate feedback, contribute to deeper learn-
ing and academic success (Agarwal et al., 2016, 2021; McDougall & Gruneberg, 2002; Roediger & 
Butler, 2011). 

While this study did not explicitly adopt the Self-Regulated Learning (SRL) theory (Zimmerman & 
Schunk, 2011) as a theoretical lens, the findings suggest potential intersections with this perspective. 
The use of ChatGPT enabled students to take greater control over their learning process by generat-
ing questions, evaluating their own answers, and engaging in independent study. This aligns with the 
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SRL model, which emphasizes metacognitive regulation, strategic learning, and self-motivation in ac-
ademic achievement. Future research could further explore how ChatGPT-assisted retrieval practice 
fosters self-regulated learning behaviors, particularly in enhancing metacognitive awareness and stra-
tegic study habits. 

Similarly, while scaffolding theory (Wood et al., 1976) was not a central framework in this study, the 
findings suggest that ChatGPT-generated feedback could serve as a form of scaffolding in retrieval-
based learning. ChatGPT provided students with immediate explanations and guidance, allowing 
them to adjust their understanding without direct instructor intervention. This suggests that AI can 
act as a temporary support structure, gradually transferring learning responsibility to students who are 
a key principle in scaffolding. However, since students in this study still preferred lecturer-generated 
questions and feedback, future research should explore how AI-driven formative assessment can be 
structured to better support student autonomy while maintaining instructional quality. 

Practical implications 
The findings of this study provide several practical implications for the integration of ChatGPT-as-
sisted retrieval practice in educational settings. ChatGPT was used to generate questions and provide 
immediate feedback. Educators can enhance existing retrieval practice strategies to improve student 
engagement and learning outcomes. However, structured implementation is required to maximize its 
effectiveness while addressing the identified limitations. 

This study demonstrates that ChatGPT can serve as a valuable tool in retrieval practice, particularly 
in automating question development and providing instant formative feedback. The ability to gener-
ate diverse question types aligned with course objectives allows for more frequent and structured re-
trieval opportunities. However, to ensure the quality of ChatGPT-generated questions, human over-
sight is necessary, especially in designing multiple-choice questions (MCQs) that require well-bal-
anced answer choices and plausible distractors. This was also highlighted in studies such as Cheung 
et al. (2023), Özbay (2024), and Yusof and Ismail (2023). Therefore, educators should develop struc-
tured prompting strategies to guide ChatGPT’s output and ensure alignment with assessment criteria. 

Future implementations of ChatGPT-assisted retrieval practice should also explore its role in foster-
ing higher-order cognitive skill levels such as analyzing, evaluating, and creating. Educators can de-
sign ChatGPT-assisted retrieval activities that require students to engage in complex problem-solving 
rather than simple factual recall. By using customized prompts, ChatGPT can generate case-based or 
scenario-driven questions that prompt students to justify their reasoning and apply knowledge in new 
contexts (Mariano et al., 2024). However, the design of these activities should align with the intended 
learning objectives, as the effectiveness of formative assessment depends on its ability to accurately 
measure and support student learning progress (Aglanovna et al., 2024; Divjak et al., 2024; Stobart, 
2012). Without clear alignment with course goals, ChatGPT-generated retrieval questions or feed-
back may become disconnected from broader learning objectives, reducing their impact on concep-
tual understanding.  

While students recognized the usefulness of ChatGPT-generated questions, they expressed a prefer-
ence for lecturer-developed questions, which they perceived as better structured and more reflective 
of assessment expectations. This suggests that ChatGPT-assisted retrieval practice should be imple-
mented with scaffolding techniques, allowing students to transition from ChatGPT-assisted question 
development to independent question creation. Structured exercises could involve guided question 
refinement activities, where students first generate questions with ChatGPT and then critically evalu-
ate and improve them under lecturer supervision. 

The findings also highlight that ChatGPT’s immediacy in providing feedback was particularly benefi-
cial for independent learning and self-regulated study practices. However, concerns regarding the 
depth and accuracy of ChatGPT-generated feedback suggest that it should be integrated as part of a 
hybrid feedback model (Jacobsen & Weber, 2023; Nazaretsky et al., 2024). This approach would 
strengthen ChatGPT’s ability to provide instant clarification and low-stakes formative feedback while 
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lecturers provide in-depth explanations and targeted guidance for higher-order thinking skills. Institu-
tions may consider designing tiered feedback mechanisms, where ChatGPT-generated feedback is 
supplemented with lecturer-led discussions to deepen conceptual understanding. 

Most importantly, to maximize the benefits of ChatGPT-assisted retrieval practice, both educators 
and students must be equipped with the necessary skills to effectively utilize ChatGPT in learning 
and assessment (Elbanna & Armstrong, 2024; Javaid et al., 2023). Professional development pro-
grams for educators should focus on designing effective ChatGPT-assisted retrieval activities, partic-
ularly in developing structured prompts that guide ChatGPT’s question generation to align with 
learning objectives. Additionally, given the limitations of ChatGPT, professional development should 
also address potential biases, inconsistencies, and ethical concerns, helping educators develop strate-
gies to critically assess and refine ChatGPT-generated content. 

Similarly, students also require targeted training on how to effectively interact with ChatGPT for re-
trieval practice. Training should emphasize the importance of crafting effective prompts to generate 
well-structured questions, allowing students to experiment with different question formats such as 
multiple-choice, short-answer, and case-based problems. Furthermore, students must learn how to 
critically evaluate ChatGPT-generated responses, distinguishing between accurate and potentially 
misleading feedback (Dai et al., 2023; Sain et al., 2024). To encourage self-regulated learning, students 
should be guided on how to use ChatGPT-generated feedback as an initial source of clarification 
while seeking further guidance from lecturers for deeper understanding. Additionally, discussions on 
ethical use are essential to prevent over-reliance on ChatGPT and promote academic integrity. 

Future research directions 
The findings of this study provide several important implications for the integration of ChatGPT-
assisted retrieval practice across diverse educational contexts. While this study demonstrated the ef-
fectiveness of ChatGPT-assisted retrieval practice in improving final exam performance, further re-
search is needed to examine its long-term effects on memory retention. Retrieval practice is known 
to strengthen memory over time, but it remains unclear whether ChatGPT-assisted retrieval practice 
leads to sustained improvements in recall across extended periods. Longitudinal studies could explore 
whether repeated use of ChatGPT-generated retrieval practice enhances knowledge retention across 
semesters.  

Another key area for future research is the impact of ChatGPT-assisted retrieval practice on higher-
order cognitive skills. Traditional retrieval practice primarily strengthens factual recall, but research is 
needed to investigate whether ChatGPT-generated questions and feedback can also facilitate deeper 
learning, such as conceptual application, critical thinking, and problem-solving. Since this study pri-
marily focused on recall-based objective questions, future studies could explore how ChatGPT can 
generate and support retrieval practice for higher-order questions, such as those requiring analysis, 
evaluation, and synthesis. 

Additionally, the nature of feedback provided by ChatGPT, its immediacy, and the frequency of stu-
dent engagement with the feedback may also influence higher-order cognitive development. Immedi-
ate feedback allows students to identify and correct misconceptions in real-time, preventing the rein-
forcement of incorrect knowledge. However, it remains unclear whether frequent use and exposure 
to ChatGPT-generated feedback fosters deeper metacognitive awareness and self-regulation skills. 
Future studies could examine whether students who regularly engage with ChatGPT-assisted retrieval 
practice and receive continuous feedback develop better problem-solving abilities, improved critical 
thinking skills, or enhanced conceptual understanding compared to those who rely solely on delayed 
human feedback. 

Furthermore, future research should explore how ChatGPT’s feedback can be refined to better sup-
port higher-order cognition. While ChatGPT can efficiently assess factual accuracy, its ability to pro-
vide detailed feedback on complex, open-ended responses remains limited. Investigating ways to en-
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hance ChatGPT-driven formative feedback, such as integrating explanations, prompting deeper re-
flection, or incorporating scaffolding techniques, could significantly improve its effectiveness in fos-
tering higher-order learning outcomes. Additionally, future studies should consider developing hybrid 
retrieval practice models that combine ChatGPT-generated feedback with human evaluation to opti-
mize learning quality and ensure pedagogical rigor. 

Additionally, future research should investigate students’ perceptions of ChatGPT-generated ques-
tions and feedback further, focusing on factors such as trust, usability, engagement, and confidence 
in its reliability and effectiveness. This study found that while students appreciated the convenience 
and accessibility of ChatGPT-generated questions and feedback, they preferred lecturer-developed 
questions due to their structured nature and perceived alignment with assessment expectations. 
Hence, future studies could explore how student confidence in ChatGPT-assisted retrieval practice 
evolves over time and whether structured guidance on ChatGPT-generated content can enhance 
trust in its accuracy and educational value. Another important avenue is investigating whether train-
ing students to refine prompts and critically evaluate ChatGPT-generated responses can improve 
their confidence in using ChatGPT for retrieval practice. 

CONCLUSION 
This study demonstrated the significant potential of ChatGPT-assisted retrieval practice in enhancing 
student learning outcomes, particularly in improving final exam performance. Integrating ChatGPT 
into question development and formative feedback processes provided an accessible and scalable so-
lution to support retrieval practice, especially in large-class settings where individualized feedback is 
often constrained. The findings affirm the effectiveness of retrieval practice as a robust learning strat-
egy while also highlighting the role of ChatGPT in facilitating structured, frequent, and personalized 
engagement with course content. 

Beyond its practical application, this study contributes to the broader field of AI-driven assessment 
methodologies by demonstrating how generative AI can be utilized to enhance formative learning 
experiences. The ability of ChatGPT to generate diverse question types and provide immediate feed-
back presents new opportunities for integrating AI into assessment design, reducing educator work-
load, and fostering self-regulated learning. Additionally, this study highlights the potential for scaling 
AI-assisted retrieval practice across various educational contexts, particularly in disciplines that rely 
on knowledge retention and conceptual application. Future research should explore how ChatGPT 
can be adapted to different subject areas, educational levels, and assessment formats, as well as its ef-
fectiveness in fostering higher-order cognitive skills such as critical thinking, problem-solving, and 
synthesis. 

While the findings were promising, this study also identified several limitations. The limited exposure 
to ChatGPT-assisted question development, as it was integrated into only one session, may have re-
stricted students’ ability to fully utilize AI-generated retrieval practice. Additionally, the group-based 
nature of the implementation may have limited individual engagement with AI-generated questions, 
potentially affecting students’ confidence in using ChatGPT independently. Furthermore, while 
ChatGPT provided immediate feedback, concerns about the depth and accuracy of AI-generated re-
sponses indicate that human oversight remains essential. These findings suggest that AI tools should 
be integrated as a complement rather than a substitute for educator-led instruction and formative as-
sessment. 

While the results were promising, certain limitations in the implementation were noted. Students had 
limited exposure to ChatGPT-assisted question development, as it was integrated into only one ses-
sion. Additionally, the group-based format restricted individualized engagement, potentially limiting 
the depth of learning and personalized application of ChatGPT’s capabilities. Feedback from stu-
dents highlighted the accessibility and immediacy of ChatGPT’s responses, yet its depth was some-
times inadequate for addressing more complex queries. These findings indicate that while ChatGPT 
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serves as a valuable complement to traditional teaching methods, it is not a replacement for the de-
tailed feedback and contextual understanding provided by educators. 

To enhance the effectiveness of ChatGPT-assisted retrieval practice, future implementations should 
focus on providing more structured guidance in AI-assisted question generation, promoting sus-
tained individual engagement with AI tools, and refining hybrid feedback models that blend AI-gen-
erated and lecturer-driven responses. Longitudinal studies could further examine the long-term im-
pact of AI-assisted retrieval practice on memory retention and higher-order cognitive skills, as well as 
the scalability of this approach in diverse learning environments. 

This study highlights the importance of combining technological tools with human guidance to cre-
ate an effective and well-rounded learning environment. While tools like ChatGPT provide quick ac-
cess to information, generate questions, and offer immediate feedback, they do not fully replace the 
depth of understanding and personalized support that educators provide. Moving forward, efforts 
should focus on increasing students’ engagement with these tools by incorporating structured activi-
ties that encourage independent practice, guided refinement of generated content, and support for 
higher-order thinking skills.  

Additionally, improving feedback mechanisms by blending automated responses with teacher-led dis-
cussions can help address gaps in understanding. By thoughtfully integrating technology with tradi-
tional teaching methods, educational institutions can develop a more inclusive and adaptable learning 
framework that benefits students with different learning styles, cognitive abilities, and academic 
needs. 
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APPENDIX 
STUDENT FEEDBACK QUESTIONNAIRE ON CHATGPT-ASSISTED 
RETRIEVAL PRACTICE 
 

Statement 

Agreement scale 
1. Strongly disagree 
2. Disagree 
3. Agree 
4. Strongly agree 

Section A: Perceptions of Retrieval Practice 1 2 3 4 
Retrieval practice helped me retain information better for 
the final exam.     

Retrieval practice improved my understanding of key 
course concepts.     

Retrieval practice sessions were a valuable addition to my 
overall learning process.     

I feel more confident about answering exam questions 
after engaging in retrieval practice.     

 
Section B: Preference for Student-Developed vs. 
Lecturer-Developed Questions 1 2 3 4 

I preferred lecturer-generated questions because they 
provided a clearer structure for retrieval practice.     

Student-developed questions were more relatable and 
aligned with my learning needs.     

Lecturer-generated questions were well-structured and 
closely aligned with the format of the final exam.     

I found it easier to learn from retrieval practice sessions 
that used lecturer-generated questions.     

 
Section C: Students’ Experience with ChatGPT in 
Developing Questions 1 2 3 4 

ChatGPT helped me create better questions for retrieval 
practice.     

ChatGPT was useful in helping me structure questions 
that aligned with the learning objectives.     

I felt more confident in the quality of the questions I 
developed with ChatGPT’s assistance.     

ChatGPT made it easier to generate diverse types of 
questions for retrieval practice.     

 
Section D: Experience with ChatGPT Feedback 1 2 3 4 
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Statement 

Agreement scale 
1. Strongly disagree 
2. Disagree 
3. Agree 
4. Strongly agree 

ChatGPT provided sufficient feedback for me to 
understand my mistakes.     

I feel less confident relying solely on ChatGPT feedback.     
ChatGPT’s feedback was accessible whenever I needed 
support for reviewing my answers.     

ChatGPT’s feedback sometimes lacked the depth needed 
for complex questions.     

 
Section E: Feedback’s Preference 1 2 3 4 
I found lecturer feedback to be more comprehensive than 
ChatGPT’s feedback.     

ChatGPT’s feedback was quicker and more convenient 
than receiving feedback from the lecturer.     

I trust lecturer feedback more than ChatGPT feedback for 
ensuring accurate understanding.     

I would like a combination of feedback from both 
ChatGPT and the lecturer in future learning sessions.     
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