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Abstract

Despite the increasing emphasis on computational literacy in higher education, we
observed that many undergraduate students particularly in developing contexts strug-
gle to master fundamental programming skills and develop critical thinking. Conven-
tional instructional approaches often lack interactivity and personalized scaffolding,
which are essential for teaching abstract programming concepts. In response to this
challenge, we examined the effect of artificial intelligence (Al)-assisted problem-based
learning (PBL) on students’ programming skills, critical thinking, and problem-solving
abilities in Java programming. Grounded in a quasi-experimental pre-test post-test
control group design, we involved 62 s-year computer science education students
from two public universities in Nigeria. Participants were assigned to either an experi-
mental group that used Google Gemini (Al) within a PBL framework or a control group
exposed to PBL adopting instructional videos. We employed four validated instruments
to measure computer programming skills (CPSAR), critical thinking (CTS), problem-
solving (PSS), and academic ability. Using multivariate analysis of covariance (MAN-
COVA), we analyzed group differences while controlling for pre-test scores and tested
moderation effects of academic ability and age group. Our results revealed a statisti-
cally significant improvement in programming skills among students in the Al-assisted
group, with a large effect size. Critical thinking and problem-solving skill outcomes

did not differ significantly between the groups. We also found a significant interac-
tion between the teaching strategy and academic ability, indicating that high-ability
students benefited more from Al integration into computer programming instruction.
This study provides original insights into Al-enhanced pedagogy and has practical
implications for improving programming instruction, particularly in resource-limited
educational environments.

Keywords: Artificial intelligence in education, Computer programming skills, Critical
thinking skills, Problem-based learning

1 Introduction

Computer programming one of the highly sought-after skills in the modern workforce
(Maghsoudi, 2024). At the university level, the course on computer application and
management course is taught using the Java programming language, which is man-
dated by the National University Commission (NUC) in Nigerian universities for the
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instruction of novice students. However, researchers have established that students’ aca-
demic achievement and proficiency in computer programming remain limited (Omeh
& Olelewe, 2021; Yagci, 2018). This deficiency hinders students’ ability to become self-
employed or to function effectively in computing firms. Consequently, this study exam-
ines the impact of integrating artificial intelligence technology with Problem-Based
Learning (PBL) to explore its efficacy in developing computer programming skills and
enhancing critical thinking abilities.

Studies have shown that the poor performance of students in computer programming
can be attributed to factors such as the teaching methods adopted by lecturers (Omeh
et al., 2022, 2024), inadequate instructional materials (Umakalu, et al., 2025), and large
class sizes (Mulryan-Kyne, 2010), among others. Often, students who marginally pass
problem-solving courses with poor grades still struggle to understand and translate
problems into programming instructions. This challenge is exacerbated by students’
varying academic ability levels (Yang, et al., 2024). The author noted that a student’s abil-
ity to apply what is learned from one context to another is referred to as transferable
skills. Researchers continue to seek solutions to improve student academic achievement
and skill development (Ateeq, et al. 2024). Abe, et al. ( 2024) maintained that the admis-
sion process for students into computing disciplines should be reviewed, along with the
educational curriculum in secondary schools. Furthermore, the theories and models
adopted by lecturers and instructors need to be examined (Ladele, et al. 2024), and tech-
nologies such as artificial intelligence tools (e.g., Google Gemini) that students interact
with daily should be utilized as learning aids.

Researchers have asserted that students with a strong background in mathematics and
problem-solving, coupled with higher self-efficacy beliefs, perform better in computer
programming courses (Jing, et al., 2024). Giannakos et al. (2025) insisted that adopting a
hands-on teaching approach, which allows students to plan their learning activities and
determine their learning methods under the guidance of a teacher, will not only improve
academic achievement but also enhance skill mastery. Suraworachet, et al. (2024) fur-
ther asserted that adopting technology that students use daily will enhance learning
flexibility. Studies continue to explore the adoption of Al technology in teaching intro-
ductory computer programming (Bulathwela, et al., 2024; Viberg et al., 2024). While
some studies have shown that Al technology does not support critical thinking, others
have found that its adoption enhances critical thinking (Darwin, et al., 2024; Yusuf et al.,
2024). This discrepancy in the literature highlights a gap, as the discussion on the adop-
tion of Al in education and its impact on critical thinking remains inconclusive. There-
fore, this study combines the PBL approach with Al technology and PBL approach with
Video to address this gap. This study examines the impact of teaching computer pro-
gramming languages using an innovative instructional approach, such as Problem-Based
Learning (PBL), introspecting with emerging technologies like Google Gemini and video
on enhancing students’ critical thinking abilities and their acquisition of computer pro-

gramming skills.

1.1 Theoretical framework
Stuart Dreyfus (2004) state that individual’s progress through different stages of learning
and skill acquisition. The five stages of skill acquisition are: novice, advanced beginner,
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competent, proficient, and expert. Utilizing Google Gemini and video are considered
relevant in creating a conducive learning environment for students in computer pro-
gramming skills acquisition. Consequently, students are engaged in various task levels:
Task 1—problem-solving and algorithm development, Task 2—developing a structured
program, Task 3 — program development, Task 4—software application development,
and Task 5—comprehensive computer programming tasks. The progression through
these tasks is a major factor distinguishing each stage at which a student is situated at a
given time. Furthermore, selecting students who are at the same level and class ensures
the selection of students with similar background knowledge. This approach aligns with
the research question: Does the acquisition of computer programming skills by students
taught using PBL-AI and PBL-Video technology improve significantly compared to those
taught without it, with respect to computer programming and critical thinking skills?

2 Literature review and hypothesis development

Problem-Based Learning (PBL) is a constructivist, collaborative, contextual, and autono-
mous learning approach that fosters students’ questioning, critical thinking, and prob-
lem-solving skills (Wood, 2003). Recent studies have established the positive impact of
PBL on students’ computing and programming skill development (Omeh et al., 2024;
Umakalu et al., 2025). Park and Ertmer (2007) maintain that PBL can be effectively inte-
grated with innovative technologies—such as artificial intelligence (AI), augmented
reality, and educational videos—to enhance instructional delivery in technical and
computing domains. AJ, in particular, has advanced rapidly in recent years, influencing
various sectors including education and software development (Fernandes, 2016). The
application of Al in programming instruction is increasingly common, with tools such as
intelligent tutoring systems, machine learning models, and automated code generation
platforms transforming how novice programmers engage with complex content. These
tools, including platforms like GitHub Copilot and Google Gemini, provide real-time
feedback, error correction, and personalized assistance—features that improve learn-
ers’ accuracy, reduce cognitive load, and facilitate the development of coding proficiency
(Garcia, 2025; Miller, 2004). Despite this progress, there remains a paucity of research
specifically examining the integration of Al tools like Google Gemini within PBL frame-
works for programming education, particularly in resource-constrained contexts.

In parallel, video technology has emerged as another critical instructional modality.
Video-based resources allow learners to observe procedural demonstrations, visualize
abstract logic structures, and engage with content at their own pace (Sevin & DeCamp,
2016; Ventura et al.,, 2015). According to Santagata et al. (2021), students who use video-
enriched instructional methods tend to perform better on coding tasks compared to
those relying solely on static or text-based resources. Video-supported PBL encour-
ages learner autonomy and fosters conceptual clarity through visual engagement and
repetition.

Framing these instructional technologies within a broader theoretical context,
Khanchel (2023) offers valuable insight into how technology acceptance, particularly
during the COVID-19 pandemic, reshaped learning experiences. Her work under-
scores that students’ engagement with digital platforms—motivated by choice and con-
fidence—was crucial for sustaining educational continuity during lockdowns. This shift



Omeh et al. Journal of New Approaches in Educational Research (2025) 14:22 Page 4 of 25

resulted in the formation of virtual communities, where peer interaction, collaborative
discourse, and shared inquiry became central to learning. These virtual communities
facilitated dynamic knowledge exchange, enhancing learners’ absorptive capacity—that
is, their ability to comprehend, internalize, and apply new knowledge effectively.

Importantly, such interactions also fostered collective intelligence, wherein the shared
insights of participants generated deeper understanding and reflection. Within AI-sup-
ported PBL environments, we argue that similar dynamics occur: learners interact not
only with peers but also with Al systems, engaging in an iterative process of feedback,
exploration, and knowledge construction. The AI functions as a cognitive collaborator,
extending learners’ capacity to problem-solve, reflect, and adapt in real time. The inte-
gration of absorptive capacity and collective intelligence thus offers a robust theoretical
lens for understanding how Al-enhanced PBL environments contribute to programming
skill development. Taken together, these theoretical and empirical insights support our
central proposition that Al-integrated PBL offers a more personalized, interactive, and
cognitively enriching instructional experience than video-assisted PBL. Accordingly, we
hypothesize that:

H1: There will be a statistically significant difference in post-intervention computer
programming skill scores between students taught using PBL-AI (experimental
group) and those taught using PBL-Video (control group), after controlling for pre-
test scores.

Programming education is more than just learning syntax and algorithms.
According to Thorgeirsson and Su (2021) computer programming requires criti-
cal thinking and problem-solving skills to develop efficient, logical, and optimized
solutions. The authors continues that cognitive abilities enable students to analyze
complex problems, troubleshoot errors, and innovate creative solutions. Literature
have examined how programming education enhances critical thinking and prob-
lem-solving skills, alongside key strategies used in teaching and learning (Parambil,
et al. 2024; Zhong & Zhan, 2024; Hu, 2024; Xu, et al., 2023). Critical thinking in pro-
gramming involves evaluating information, reasoning logically, and making informed
decisions. Researchers argue that programming assist in developing f higher-order
thinking skills, as students must predict outcomes, assess debugging strategies, and
refine algorithms (Kalelioglu & Giilbahar, 2014; Lai & Wong, 2022). Refine algo-
rithm is mostly based on the problem-solving skills of a students. Several instruc-
tional methods foster critical thinking and problem-solving abilities in programming
education such as pair programming & collaborative coding, gamification & coding
challenges and project-based learning (PBL) (Fadilla, et al. 2021). The author recom-
mended a further study on integrating PBL-AI and PBL-Video. Therefore, this study
hypothesis that:

H2: There will be a statistically significant difference in post-intervention critical
thinking skill scores between the experimental and control groups, controlling for
pre-intervention critical thinking skills.

Problem solve is central to programming, requiring students to break down tasks
into logical steps, troubleshoot errors, and refine solutions. Studies highlight how
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critical thinking divided into decomposition, pattern recognition, abstraction, and
algorithmic design plays a crucial role in programming education (Kousar & Afzal,
2021; Masek & Yamin, 2011). By applying iterative debugging techniques, students
improve their ability to identify logical errors and enhance efficiency. Researchers
advocate for adaptive learning environments that integrate artificial intelligence,
interactive tutorials, and real-time feedback to personalize instruction and enhance
logical reasoning (Asri, et al. 2024; Ardiansyah et al., 2024). The authors maintained
that problem-solving skills are essential components of programming education.
By incorporating structured learning techniques, collaborative coding environ-
ments and Al-enhanced tutoring, educators can strengthen students’ ability to ana-
lyze, troubleshoot, and develop efficient programs. Siswanto, (2025) and Yilmaz and
Yilmaz, (2023a, 2023b) recommended that future research will focus on immersive
learning experiences, such as virtual coding simulations and Al-driven personalized
training, to further enhance skill development in programming education.

H3: There will be a statistically significant difference in post-intervention problem-
solving skill scores between students in the experimental and control groups, con-
trolling for pre-intervention problem-solving skills.

Computer programming is a fundamental skill in the digital age, enabling indi-
viduals to design, develop, and optimize software applications. According to Durak,
Yilmaz and Yilmaz, (2019) programming skills encompass various competencies,
including problem-solving, logical reasoning, algorithmic thinking, and code effi-
ciency. Also, in a study by Polat and Yilmaz (2022) computer programming skills
requires proficiency in multiple areas, such as syntax and language proficiency, algo-
rithmic thinking, debugging and optimization. Thus, in software development prac-
tices connotes understanding data structures, object-oriented programming, and
system architecture to develop effective program instruction. Studies suggest that
hands-on learning through projects, coding challenges, and collaborative problem-
solving strengthens critical thinking skill (Gulec et al., 2019; Kosa, et al., 2016).

More so, critical thinking is a fundamental cognitive skill that allows individuals
to analyze information, evaluate evidence, and make reasoned decisions. According
to Moraiti, et al (2022) assert that t is crucial in various fields, including education,
science, business, and problem-solving scenarios. Researchers argue that fostering
critical thinking skills leads to better problem-solving, creativity, and logical reason-
ing (Basil, 2022; Basil, et al., 2022; Liu, et al., 2022a, 2022b). The authors maintained
that critical thinking is essential for navigating complex issues. It further encourages
questioning, logical analysis, and evidence-based reasoning helps individuals make
informed decisions and solve problems effectively. Basil et al., (2021) in their study
found that students with higher problem-solving skills has higher academic stand-
ard. Academic ability plays a significant role in learning programming concepts, as
students with strong logical reasoning, problem-solving abilities, and mathematical
skills often adapt faster to programming (Liu, et al, 2022a, 2022b). There is paucity of
research on effect of PBL introspecting with innovative technology (Al technology
and video) on computer programming skill, critical thinking skill, and problem-solv-
ing skill) moderated by students’ academic ability levels. Therefore, we hypothesis
that:
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H4: The effect of instructional group (PBL-AI vs. PBL-Video) on the combined
dependent variables (computer programming skill, critical thinking skill, and prob-
lem-solving skill) will be significantly moderated by students’ academic ability levels
(Low ability vs. High ability).

Programming education is influenced by various factors, including academic
ability, cognitive development, critical thinking skill, problem-solving skill and age-
related skill acquisition (Doleck, et al., 2017; Li, et al., 2023). The authors continued
that students engage with programming at different levels, ranging from basic cod-
ing literacy to advanced computational thinking, depending on their academic back-
ground, intellectual capacity, and age group. Moraiti et al. (2022) in their study of
how to improve problem solving and critical thinking recommended that age and
students’ academic ability is a strong factor that influence students learning out-
come. According to Hu et al (2016) understanding how these elements shape learn-
ing experiences in programming education is crucial for designing effective curricula
with respect to students’ academic ability. Academic ability plays a significant role in
learning programming concepts, as students with strong logical reasoning, problem-
solving abilities, and mathematical skills often adapt faster to programming (Fer-
reira., 2019). Therefore, we hypothesis that:

H6: The three-way interaction between instructional group, students’academic abil-
ity, and age group will significantly affect the combined post-intervention outcomes
(computer programming skill, critical thinking skill, and problem-solving skill).

Research indicates that students with higher proficiency in analytical thinking
excel in coding tasks, whereas novice programmers benefit from structured guidance
and interactive learning environments (Chuang & Chang, 2024). Programming edu-
cation is increasingly introduced at younger ages, with platforms such as Scratch and
Blockly designed to teach fundamental programming logic to children. Studies sug-
gest that: Young learners (6—12 years) grasp basic computational thinking through
visual programming (Rose et al., 2017). Adolescents (13—18 years) transition to text-
based programming languages, enhancing problem-solving skills (Ghosh, Malva &
Singla, 2024). Adults (18 + years) focus on specialized programming domains, apply-
ing knowledge to real-world projects and industry applications (Banic & Gamboa,
2019). Therefore, we hypothesis that:

H5: The effect of instructional group on the combined posttest scores will be signifi-
cantly moderated by student age group (20 years or younger vs. above 20 years).

3 Methodology

3.1 Context, participants, and research design

In this study, we employed a non-equivalent pre-posttest control quasi-experimental
research design to examine the effect of Artificial Intelligence (AI)-integrated Problem-
Based Learning (PBL) on students’ acquisition of computer programming skills, criti-
cal thinking and problem-solving abilities. The research was conducted at two public
universities in southeastern Nigeria, both offering a core first-year course titled Com-
puter Programming and Management in Schools. This course, taught in Java and man-
dated by the National Universities Commission (NUC), served as the platform for our

experimental design. To preserve natural instructional contexts, we grouped students
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based on intact classes, resulting in a sample of 62 students (42 females and 20 males),
aged between 16 and 25 years, who had successfully completed prerequisite program-
ming courses (COS 101 and COS 102). These students were divided into an experimen-
tal group (PBL-AI, n=25) and a control group (PBL-Video, n=37). Participants were
further categorized by academic ability (low vs. high) and age (20 years or younger vs.
above 20 years), creating a factorial framework for analysis. Importantly, our study fol-
lowed a 2 x 2x2 factorial structure, comprising three independent variables: instruc-
tional strategy (PBL-AI vs. PBL-Video), academic ability (low vs. high), and age group
(20 years or younger vs. above 20 years). This factorial arrangement allowed us to assess
both main effects and interaction effects among the variables. The matrix formed eight
distinct experimental conditions, with participants evenly distributed across them. This
approach facilitated rigorous statistical comparisons and ensured the internal validity of
our quasi-experimental design.

3.2 Study’s treatment package

To evaluate the effectiveness of integrating Artificial Intelligence (AI) technology into
computer programming instruction, we designed a six-week intervention involving two
groups: an experimental group (PBL-AI) that used Google Gemini as an instructional aid
and a control group (PBL-Video) that relied on traditional video-assisted instructional
materials. Both groups covered identical curricular content, derived from the National
University Commission (NUC) syllabus for Java programming in computer science edu-
cation. However, the instructional delivery strategies were differentiated, enabling us to
isolate the instructional impact of generative Al support within a problem-based learn-
ing (PBL) framework.

In Week 1, we commenced the intervention with a joint orientation session for all par-
ticipants. During this session, we introduced the course objectives, outlined the expec-
tations, and familiarized students with the tools they would use throughout the study.
Afterward, we administered the pre-test, comprising validated measures of problem-
solving skills, critical thinking, and computer programming skill. Students in the experi-
mental group received a structured introduction to Google Gemini, an Al-based code
assistant, emphasizing its role in supporting algorithm generation, code optimization
and debugging tasks. In contrast, students in the control group were guided through the
use of high-quality Java programming video tutorials curated from academic sources.
These videos provided conceptual overviews and illustrated practical programming
steps for novice learners (e.g.).

In Week 2, the focus shifted to algorithm design and structured problem-solving. Stu-
dents in the PBL-AI group explored open-ended real-world problems and leveraged
Google Gemini to brainstorm, generate and refine solution algorithms. The students
were divided in small groups (e.g. 7-students per group) using the Al assistant to evalu-
ate alternative coding paths and simulate logical flow. During in-class sessions, lecturers
and laboratory instructors encouraged metacognitive reflection by prompting learners
to compare the algorithmic generated by the Google Gemini Al technology. Conversely,
the PBL-Video group was taught by expert-led video content. The videos explained algo-
rithmic design and provided sample problems. Students watched the tutorials, engaged

in group discussions, and attempted similar exercises under instructor supervision.
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Week 3 was devoted to program structuring and debugging. The PBL-AI group
engaged in task-based learning where students wrote Java programs and received Al-
generated feedback to identify syntax and logical errors. Google Gemini served as a real-
time coach, offering error explanations and suggesting refactored code options. Students
iteratively corrected their work based on this feedback, promoting deeper engagement
with the debugging process. Meanwhile, the PBL-Video group analyzed prerecorded
instructor-led demonstrations of Java programming projects (e.g. projects from labora-
tory manual). These included identification of common debugging erros, with students
practicing replication and solution of similar problems in lab settings.

In Week 4, we emphasized testing and simulation. The PBL-AI group used Google
Gemini to test their completed simple Java scripts. Students simulated code execution
using logic-based test cases and evaluated output consistency based on Al-guided feed-
back. This iterative trial-and-error process fostered critical analysis of code structure
and output. In contrast, the PBL-Video group held group-based discussion where they
collaboratively tested previous sample programs and discussed possible modifications.
The technical instructors facilitated the evaluation of code (e.g. in text editor), but with-
out dynamic Al-driven feedback, the students relied primarily on peer explanations and
instructor-led clarifications.

Week 5 marked the development of functional software applications. In the PBL-
Al group, each student team conceptualized, designed, and implemented a simple
Java-based application such as a calculator, student grading system, or login interface.
Throughout development, Google Gemini offered support by suggesting logic struc-
tures, flagging inefficiencies, and providing user interface enhancement tips. This inter-
active feedback cycle reinforced self-directed learning and mastery of programming
concepts. Students in the PBL-Video group were provided with example prompts from
video materials. They developed comparable applications but received instructor feed-
back after submission rather than real-time assistance.

In Week 6, we focused on consolidation, peer mentoring, and summative evaluation.
Students from both groups participated in a peer review exercise, during which they
evaluated each other’s code based on functionality, clarity, and problem-solving qual-
ity. The PBL-AI group utilized Gemini to further revise and polish their solutions before
submission. All participants were then re-assessed using the post-test instruments to
determine the extent of learning gains. We collected data on each student’s post-inter-
vention scores in critical thinking, computer programming, and problem-solving to
assess the comparative effectiveness of the two instructional approaches.

3.3 Instrument

To ensure accurate measurement of the key constructs under investigation—academic
ability, computer programming skills, critical thinking skills, and problem-solving
skills—each instrument was adapted, validated, and tested for reliability. Existing lit-
erature, expert reviews, and alignment with our research objectives informed these
instruments. Firstly, we adapted an 8-item academic ability test to measure students’
reasoning and foundational knowledge in Java programming. The items assessed logi-
cal thinking and practical decision-making skills necessary for effective programming.
This test served as a moderating variable in the study, distinguishing between students



Omeh et al. Journal of New Approaches in Educational Research (2025) 14:22 Page 9 of 25

with high and low academic ability by using the 50th percentile rank to classify stu-
dent ability levels. Each item presented a scenario-based multiple-choice question
with four options, only one correct. For example, a sample item reads: “What should
be done when the robot doesn’t respond to Java programmed commands?” with pos-
sible responses including A. Check for power supply issues and connection errors,
B. Ignore the problem and restart the robot, C. Add more commands randomly, D.
Update unrelated software. This format ensured cognitive engagement with real-
world programming situations. The instrument employed a dichotomous response
format (1 = correct, 0 =incorrect), and internal consistency was established using the
Kuder-Richardson Formula 20 (KR-20), which yielded a reliability coefficient of 0.79,
indicating acceptable internal consistency for group comparison purposes.

We employed the Computer Programming Skills Assessment Rating Scale (CPSAR)
to measure students’ self-reported computer programming competencies. This instru-
ment consisted of 40 items organized across four functional domains of program-
ming: (1) Problem-solving and algorithm development, (2) Structured programming
development, (3) Full program development lifecycle, and (4) Software application
development. Each domain was constructed to represent real-world programming
tasks. For example, under Task 1: Problem-solving and algorithm development, items
included “Proper identification of a problem” and “Good algorithm development.”
Task 2 included items such as “Ability to use recursion” and “Ability to use application
codes’ burner for flash” Task 3 covered items such as “Ability to compile/Compilation
stage” and “Ability to maintain a program” Task 4 focused on broader software devel-
opment activities like “Ability to publish a software release” and “Ability to support
and add new features to a program”” Respondents rated their perceived proficiency on
each item using a five-point Likert-type scale, where 5= Very Good/Perfectly (VG/P)
and 1= Very Poor/Poorly Identified (VP/PI). This scale provided insights into stu-
dents’ confidence and self-perceived competence in handling different aspects of Java
programming. The CPSAR was subjected to pilot testing among a group of computer
science education students from a comparable institution, resulting in a Cronbach’s
alpha reliability coefficient of 0.91, indicating excellent internal consistency.

Additionally, we adapted a 7-item instrument based on critical discourse indica-
tors to assess critical thinking during programming activities. This scale evaluated
how students demonstrated reflective judgment, argumentation, and evaluation skills
within the programming context. Items assessed various aspects of higher-order
thinking, such as the ability to justify a viewpoint, analyze other perspectives, and
integrate differing ideas into a new perspective. Sample items included: “Do you give
substantiated arguments during programming?” “Do you justify your point of view
during programming?” and “Do you consider various arguments to form your view?”
Each item was rated on a five-point Likert scale ranging from 1= Strongly Disagree
to 5=>Strongly Agree. This scale allowed for a nuanced assessment of students’ criti-
cal engagement with programming problems and peer contributions. A panel of five
experts in science education and educational measurement reviewed and adapted the
instrument. Based on Lawshe’s (1975) content validation method, items with a Con-
tent Validity Ratio (CVR) of 0.78 were retained. The scale’s overall Content Validity
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Index (CVI) was computed at 0.88, demonstrating excellent content relevance. Pilot
testing yielded a Cronbach’s alpha of 0.81, confirming acceptable reliability.

Lastly, we used a 6-item scale to evaluate students’ problem-solving capacity within
Java programming contexts. The items were adapted from validated instruments that
assess 21lst-century learning and problem-solving skills. The instrument focused on
determining how students engage with problems using Java programming tools, how
they derive solutions when no immediate path is apparent, and whether they make deci-
sions that align with their goals and confidence. Sample items included: “Does Java pro-
gramming help you find solutions?” “Do you use Java programming to make informed
decisions?” and “Do you solve problems even when solutions are not obvious?” Par-
ticipants responded using a five-point Likert scale, where 1=Strongly Disagree and
5==Strongly Agree. This allowed us to capture individual perceptions of Java program-
ming as a systematic and exploratory problem-solving tool. As with the other instru-
ments, the Problem-Solving Scale underwent validation and reliability testing. Experts
evaluated each item using the Lawshe CVR method, and all retained items met the 0.78
threshold. The total CVI for the instrument was 0.84. During pilot testing with a simi-
lar cohort, the instrument demonstrated strong internal consistency with a Cronbach’s
alpha of 0.87.

3.4 Data collection procedure

We conducted the data collection for this study over a structured six-week period, care-
fully divided into three stages: the preparation phase, the intervention phase, and the
assessment phase.

3.5 Preparation phase

We commenced with an orientation session for all participants. During this session, we
comprehensively introduced the research objectives, clarified participant roles, and out-
lined expectations throughout the study. Ethical protocols were adhered to by securing
informed consent from each participant, ensuring voluntary participation and confi-
dentiality of responses. After the consent process, we administered the pre-test instru-
ments to all participants across both groups. These instruments included the Computer
Programming Skills Assessment Rating Scale (CPSAR), the Critical Thinking Skills Scale
(CTS), the Problem-Solving Skills Scale (PSS), and the Academic Ability Test. The pre-
test served as a baseline measure of students’ competencies prior to the instructional
intervention. Participants were also briefed on the nature of the instructional delivery
method they would receive either the Al-assisted PBL approach (PBL-AI) or the video-
based PBL strategy (PBL-Video). This orientation helped align participant expectations
and ensured clarity in instructional goals moving forward.

3.6 Intervention phase

The intervention phase spanned four consecutive weeks, during which students received
weekly structured instructional sessions aligned with the treatment package. During
this phase, the experimental group engaged in project-based learning supported by
Google Gemini, an artificial intelligence tool used for real-time programming assistance,
code debugging suggestions, algorithm generation, and logic validation. Each session
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encouraged active exploration, where students could query the Al, reflect on its sug-
gestions, and iteratively improve their code. Gemini’s role was not to replace cognitive
effort but to scaffold thinking, simulate responses, and provoke metacognitive reflection
through prompt-based learning. Meanwhile, the control group engaged with curated
video-based content that explained similar Java programming concepts. These videos
included step-by-step walkthroughs of core programming constructs such as loops, con-
ditional statements, object-oriented principles, and debugging strategies. After watch-
ing, students participated in guided discussions with peers and instructors to reflect on
the content and apply the learned principles to class-based programming tasks. Both
groups completed structured weekly tasks that aligned with the CPSAR domains. For
instance, in Week 2, students worked on algorithm design; in Week 3, they focused on
debugging tasks; and in Week 4, they developed and tested small software modules. All
students documented their progress using programming logs and code journals, which
were submitted weekly for formative feedback.

3.7 Post-intervention phase

The final week of the study was dedicated to post-intervention assessment. We re-
administered the same set of instruments used during the preparation phase to evaluate
changes in students’ computer programming skills, critical thinking, and problem-solv-
ing abilities. The post-tests were conducted under standardized conditions to reduce
measurement error and ensure consistency across both groups. In addition to the post-
tests, all students submitted a final programming project that integrated the various
learning domains covered during the intervention. These projects were assessed using
the CPSAR framework, which allowed us to evaluate not only the students’ cognitive
development but also their applied competencies in real-world programming scenarios.
Project evaluations focused on areas such as algorithm development, code structure,
debugging proficiency, documentation, and the overall effectiveness of their software
solutions. Throughout the data collection period, we monitored student participation,
engagement, and attendance, ensuring that all participants had equitable access to learn-
ing resources. The research team promptly addressed any technical or instructional
challenges to minimize disruptions. Our data collection procedure allowed us to capture
both the immediate and latent effects of the Al-assisted and video-assisted instructional
strategies on students’ performance and learning progression.

3.8 Method of data analysis procedure
We analyzed the data for this study using IBM SPSS Statistics version 26.0. Our analyti-
cal procedure began with thorough data cleaning to ensure the integrity and quality of
our dataset. We screened for missing values across all variables. When missing data were
detected, we examined patterns to determine whether they were missing completely at
random (MCAR), missing at random (MAR), or not missing at random (NMAR). Since
the few missing cases were complete at random and constituted less than 5% of the data-
set, we addressed them using expectation—maximization (EM) imputation to preserve
statistical power and avoid listwise deletion.

Before proceeding to the inferential analyses, we tested the assumptions under-
lying the Multivariate Analysis of Covariance (MANCOVA). We first assessed
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normality by examining the residual distribution using the Shapiro—Wilk and Kol-
mogorov—Smirnov tests. Although it is common practice to choose either the Sha-
piro—Wilk or Kolmogorov—Smirnov test based on sample size, we deliberately used
both tests to enhance the robustness of our assumption testing, especially consider-
ing the sample size in our study (n =62), which falls in the small-to-medium range.
As noted by Kim (2013), formal normality tests such as the Shapiro—Wilk and Kol-
mogorov—Smirnov may be appropriate for samples below 300 but may yield unrelia-
ble results with larger datasets. These tests were complemented by visual inspections
of Q-Q plots and histograms, which indicated that the residuals were approximately
normally distributed across groups.

Next, we tested for homogeneity of variances using Levene’s Test for each depend-
ent variable. The test results were not statistically significant, indicating that the
assumption of equal variances across groups was met. We also assessed the assump-
tion of homogeneity of variance—covariance matrices using Box’s M test. Although
this test was statistically significant, suggesting a potential violation of the assump-
tion, we relied on Pillai’s Trace as our multivariate test statistic. This choice is sup-
ported by the literature, which suggests that Pillai’s Trace is robust to violations of
homogeneity assumptions and performs well with unequal sample sizes (Van Aelst
& Willems, 2011).

After verifying the assumptions, we conducted the MANCOVA to examine whether
there were statistically significant multivariate differences in post-test scores across the
levels of our independent variables while controlling for the corresponding pre-test
scores. The MANCOVA enabled us to assess the joint effect of the independent vari-
ables on the set of dependent variables, providing a more comprehensive understanding
of the treatment effects. To further explore the multivariate effects and identify which
specific dependent variables contributed to the overall significance, we conducted fol-
low-up univariate Analyses of Covariance (ANCOVA) for each outcome. These univari-
ate tests allowed us to determine the unique effect of the independent variables on each
dependent variable while still controlling for baseline (pre-test) performance. We also
computed estimated marginal means to understand adjusted group means and assist in
interpretation. Where significant effects were found, we performed pairwise compari-
sons with Bonferroni corrections to control for Type I errors due to multiple testing.
Finally, to gauge the practical significance of our results, we reported effect sizes using
partial eta squared (1) for both multivariate and univariate analyses.

3.9 Ethical consideration

We prioritized ethical integrity throughout the study. Approval was obtained from the
Faculty of Vocational Technical Education Research Ethics Committee at the University
of Nigeria, Nsukka. We ensured voluntary participation by securing informed consent
from all students. Participants were briefed on their right to withdraw at any point with-
out consequence. All responses were anonymized, and the dataset was securely stored.
We adhered strictly to ethical principles of autonomy, beneficence, and justice, ensuring
that the research complied with both institutional and international ethical standards.
Our Ref UNN/PG/PhD/2020/95701 on 3/8/2022.
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4 Results

4.1 Assessment of underlying assumptions

Before conducting the MANCOVA, we assessed several critical assumptions to ensure
the validity of our results. We began by testing the assumption of normality using both
the Kolmogorov—Smirnov (KS) and Shapiro—Wilk (WS) tests across the levels of group
(experimental vs. control), academic ability (low vs. high), and age category (<20 vs.>20
years). As shown in Table 1, results indicated that the distribution of post computer pro-
gramming skills (Post_CPS) scores did not significantly deviate from normality in most
subgroups. However, there was a slight deviation in the Shapiro—Wilk test among par-
ticipants aged above 20 years (p=0.008), suggesting some skewness in that subgroup.
For post problem solving skills (Post_PSS), significant deviations from normality were
observed in the experimental group (SW=0.002; KS=0.013), and within the high aca-
demic ability subgroup (SW=0.017). The most substantial deviation from normality
occurred in post critical thinking skills (Post_CRT), where both the experimental group
(SW=0.000; KS=0.000) and those aged above 20 (SW=0.021; KS=0.002) showed
non-normal distributions. Given that the sample sizes in each subgroup exceeded 20
participants, the assumptions of normality for MANOVA can be considered robust to
moderate violations (Tabachnick & Fidell, 2007). We further supplemented the formal
tests of normality with visual inspections of Q-Q plots. These graphical assessments
revealed no severe deviations from normality, indicating that the residuals were approxi-
mately normally distributed across the different groups. Additionally, we then tested
the assumption of equality of variance—covariance matrices using Box’s M Test. The
result (see Table 2) was statistically significant, Box’s M =76.342, F(36, 1571.63) =1.637,
p=0.010, indicating a violation of this assumption. In response, we relied on Pil-
lai’s Trace for interpreting multivariate results, as it is the most robust statistic when

Table 1 Tests of normality for post-test scores by academic ability, age group, and group type

Variable Category Kolmogorov- df Sig Shapiro-Wilk df Sig
Smirnov (Stat.) (Stat.)
Post_CPS Low Ability .090 25 200 970 25 639
High Ability 123 37 172 952 37 110
20 Years or Below 167 22 114 931 22 131
Above 20 Years 73 40 004 921 40 008
Experimental 128 25 200 923 25 059
Control .090 37 200 990 37 979
Post_PSS Low Ability 112 25 200 980 25 889
High Ability 126 37 144 926 37 017
20 Years or Below 134 22 200 952 22 353
Above 20 Years 110 40 200 950 40 074
Experimental 197 25 013 857 25 002
Control 072 37 200 968 37 366
Post_CRT Low Ability 142 25 200 938 25 133
High Ability 180 37 004 868 37 .000
20 Years or Below 142 22 200 936 22 165
Above 20 Years 181 40 002 933 40 021
Experimental 304 25 .000 762 25 .000

Control 107 37 200 960 37 196

Page 13 of 25
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Table 2 Box's test of equality of covariance matrices

Box's M F df1 df2 Sig

76.342 1.637 36 157163 010

this assumption is violated. Next, we evaluated the Levene’s Test for equality of error
variances. The test revealed that none of the three dependent variables—Post_CPS,
Post_CRT, or Post_PSS—violated this assumption: Post_CPS: F(7, 54)=1.610, p =.152;
Post_CRT: F(7, 54) =1.644, p=0.143; Post_PSS: F(7, 54) =2.092, p=0.060. As none of
the p-values were below 0.05, the assumption of homogeneity of error variance was met
across all dependent measures (see Table 3).

4.2 Descriptive statistics for dependent variables by group

We explored the descriptive statistics for each dependent variable across the two
groups. The experimental group consistently outperformed the control group in com-
puter programming skills (Post_CPS), scoring a mean of 170.93 (SD =4.37), while the
control group recorded a lower mean of 145.37 (SD=2.45). For critical thinking skills
(Post_CRT), however, the control group showed a marginally higher mean (M =26.37,
SD=0.66) than the experimental group (M=24.16, SD=1.17). A similar trend was
observed in problem solving skills (Post_PSS) where the control group had a slight edge
(M=25.90, SD=0.70) compared to the experimental group (M=24.94, SD=1.25),
though the difference was minimal (see Table 4). These results suggest that the interven-
tion had a noticeable effect on computer programming skills but limited impact on the
other domains.

4.3 Multivariate test assessment

We proceeded to conduct a Multivariate Analysis of Covariance (MANCOVA) to inves-
tigate the joint effect of Group (experimental vs. control), Academic Ability, and Age
Group on three post-test outcomes Post_CPS, Post_CRT, and Post_PSS while control-
ling for pre-test scores. The multivariate test revealed a statistically significant main
Table 3 Levene’s test of equality of error variances

Dependent Variable F df1 df2 Sig
Post_CPS 1.610 7 54 152
Post_CRT 1.644 7 54 143
Post_PSS 2.092 7 54 .060

Table 4 Descriptive statistics for dependent variables by group

Variable Group M SD 95% Cl
Post_CPS Experimental 170.93 437 [162.16, 179.69]
Post_CPS Control 14537 245 [140.46, 150.28]
Post_CRT Experimental 24.16 1.17 [21.81,26.51]
Post_CRT Control 26.37 0.66 [25.05, 27.68]
Post_PSS Experimental 24.94 1.25 [22.44, 27 .43]
Post_PSS Control 25.90 0.70 [24.50, 27.30]
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Table 5 Multivariate test results (Pillai's Trace)

Effect Pillai’s Trace F df Error df Sig n?

Group 434 12.537 3 49 .000 434
Academic Ability 042 716 3 49 547 042
Age Group .061 1.053 3 49 378 .061
Group x Acad. Abil 148 2.834 3 49 048 148

Table 6 Univariate ANCOVA results by group

DV F df Sig n? Interpretation
Post_CPS 26.05 1 .000 338 Significant

Post_CRT 2.69 1 107 050 Not significant
Post_PSS 0.46 1 502 009 Not significant

effect of Group, Pillai’s Trace =0.434, F(3, 49) =12.537, p <.001, n? =0.434. This suggests
that the intervention program significantly affected the combined dependent variables,
explaining 43.4% of the multivariate variance. There was also a significant interaction
effect between Group and Academic Ability, Pillai’s Trace=0.148, F(3, 49)=2.834,
p=0.048, n>=0.148, implying that the effectiveness of the intervention varied depend-
ing on students’ academic ability. However, neither the main effects of Academic Ability
(p=0.547) and Age Group (p=0.378), nor the interactions of Group x Age (p=0.531)
and Group x Academic Ability x Age (p =0.774) were significant (see Table 5).

Additionally, we estimated univariate ANCOVA tests to determine which specific
dependent variables were affected. The results indicated that Post_CPS was significantly
influenced by group membership, F(1, 51)=26.051, p <0.001, *=0.338, confirming a
large intervention effect on computer programming skills. However, the group differ-
ences for Post_CRT (F=2.693, p=.107, q2:.050) and Post_PSS (F=0.457, p=.502,
n?=0.009) were not statistically significant (see Table 6). These results suggest that while
the intervention had a powerful impact on enhancing computer programming skills, it
did not significantly affect critical thinking skills or problem-solving skills at the univari-
ate level.

4.4 Pairwise comparisons and estimated marginal means

To further examine group differences following the main MANCOVA and univari-
ate ANCOVA tests, we conducted pairwise comparisons using Bonferroni-adjusted
estimated marginal means (see Table 7). This approach was employed to control for
Type I error arising from multiple comparisons and to identify where significant dif-
ferences existed between the experimental and control groups across each depend-
ent variable. For the Computer Programming Skills (Post_CPS) variable, the pairwise
comparison revealed a statistically significant difference between the experimen-
tal and control groups, p<.001. Specifically, participants in the experimental group
scored significantly higher than those in the control group by an average of 25.56
points (Mean Difference =25.558, SE=5.007, 95% CI [15.505, 35.611]). This large
and significant difference indicates that the use of the intervention (e.g., Google
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Table 7 Pairwise comparisons of post-test scores between experimental and control groups

Dependent Group (I) Group (J) Mean Std. Error Sig. 95% Confidence
Variable Difference (Bonferroni) Interval
(1-))
Post_CPS Experimental  Control 25.558 5.007 000 [15.505,35.611]
Control Experimental —25.558 5.007 .000 [—35.611, —15.505]
Post_CRT Experimental  Control —2.206 1.344 107 [—4.905, 0.493]
Control Experimental 2.206 1.344 107 [—0.493, 4.905]
Post_PSS Experimental ~ Control —0.965 1428 502 [—3.831,1.901]
Control Experimental 0.965 1428 502 [—1.901,3.831]

Gemini) had a strong positive effect on participants’programming skills. In contrast,
for Critical thinking skills (Post_CRT), no statistically significant difference was found
between the experimental and control groups (p=.107), although the experimental
group showed a higher adjusted mean score (Mean Difference = —2.206, SE =1.344,
95% CI [—4.905,.493]). While suggestive of a potential trend, the result did not reach
the significance threshold. Similarly, for Problem-Solving Skills (Post_PSS), the differ-
ence between the groups was not statistically significant (p =.502). The mean differ-
ence of —0.965 (SE=1.428, 95% CI [—3.831, 1.901]) indicates that the experimental
group performed slightly better, but the result was not robust enough to suggest a
definitive advantage due to the intervention. This pattern is further corroborated by
the estimated marginal means reported in Table 7, where the adjusted mean for Post_
CPS was 170.93 for the experimental group versus 145.37 for the control group, while
the margins for Post_CRT and Post_PSS were more comparable.

In continuation of our MANCOVA results, we further examined the estimated mar-
ginal means for academic ability and age group (see Fig. 1) to understand the adjusted
performance differences on each outcome variable while controlling for the covari-
ates (Pre_CPS, Pre_CRT, and Pre_PSS). We observed higher adjusted means across all
three dependent variables (Post_CPS, Post_CRT, and Post_PSS) for students classified
as having high academic ability. Specifically: The Post_CPS score for high ability stu-
dents was higher (M =160.24) compared to low ability peers (M =156.05), suggesting
that stronger academic performers gained more from the programming instruction.
Similarly, Post_CRT scores were higher for high ability students (M=25.50 vs.
25.02), albeit with a minimal margin. For Post_PSS, a more noticeable difference was
observed (M = 26.40 for high ability vs. M = 24.44 for low ability), suggesting that aca-
demically stronger students demonstrated better integration of problem-solving skills.
Furthermore, students above 20 years demonstrated slightly higher Post_CPS scores
(M =159.60) compared to their younger counterparts (M = 156.69). This could reflect
maturity or greater cognitive readiness for abstract programming tasks. Interestingly,
Post_CRT scores were higher among students 20 years or younger (M =26.23) com-
pared to those above 20 (M =24.30). This suggests that younger learners may have
benefitted more from interventions designed to stimulate critical thinking, such as
interactive Al technologies. For Post_PSS, the difference was marginal, with students
above 20 years showing slightly higher scores (M =25.79 vs. 25.05), again hinting at
potential maturity-related benefits in problem-solving integration. Consequently,
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these results not only confirm the significant role of background characteristics (e.g.,
ability and age) in educational technology research, but also underscore the nuanced
interaction between instructional design and learner characteristics. While neither
academic ability nor age was statistically significant as a main effect in the MAN-
COVA model, their estimated marginal means suggest meaningful practical differ-
ences that should be explored further in future.

5 Discussion
5.1 Computer programming skill of students taught with PBL-Al and those taught
with PBL-Video

The Preliminary analysis such as formal tests of normality, Pillai’s Trace for interpreting
multivariate results which is the most robust statistic when assumption of normality is
violated and Levene’s test for equality of error variances was conducted to ensure that
assumption of homogeneity of error variance was met across all dependent measures.
This is supported by the study of Creswell, et al (2004) who assert that posttest ought to
be normal distributed across various subgroup as to ascertain that there is no outliers
and the sample size is adequate. The result shown that the intervention PBL-AI group
had a statistical significant effect on computer programming skills outcome compare to
the students taught with PBL-Video but limited impact on the other domain such as crit-
ical thinking skills and problem solving skills. The experimental group fared better than
the control group. This finding is consistent with Omeh and Olelewe (2024) who dem-
onstrated that the use of innovative teaching strategies eg. PBL introspecting with learn-
ing management system (e.g. Google classroom) had a considerable impact on student
academic performance. Herlambang, et al (2024) suggested that students improvement
in the academic achievement was attributed to the instructional method (e.g. PBL) cou-
pled with the student’s adoption of the emerging technology like AI (Omeh et al. 2025).
This clearly suggest that the adoption of PBL-AI as a sound instructional approach that
the policy makers in curriculum planning should adopt in the teaching of computer pro-
gramming skill acquisition. Also the study of Kavitha and Lohani, (2019) contracted with
the current study on the adoption of Al technology in enhancing student critical think-
ing developing.

Test statistics like MANCOVA, univariate ANCOVA and Bonferroni-adjusted esti-
mated marginal means was employed to control for Type I error arising from multiple
comparisons. The result also support that there is significant differences between the
experimental and control groups in computer programming skills outcome as a result of
the intervention (e.g., Google Gemini). This support the findings of Gelman and Tuer-
linckx, (2000) maintained that when there are multiple comparison error is likely to
occur, but as to ensure that it is established were the statistical significant lies. The result
shown that PBL-Video performs better than the PBL-AI group in critical thinking skills
and problem-solving skills. This finding is consistent with Lee et al (2025) who demon-
strated that the impact of Gen Al in critical thinking reduces cognitive effort. This is
shown that the students that adopted PBL-AI did not outperform those that adopted
PBL-video. Current study attributed PBL-AI poor development of critical thinking
skills and problem-solving skills to over dependent of students on Al during instruc-
tional delivery, limited human interaction as seen during the class section and focus on
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efficiency over learning. This is supported by Muthmainnah et al (2022) that learners
focused more on the how Google Gemini generate the code whenever right prompt
was used and the code run in the Java IDE without the students leaning the mastery the
learning process. More so study of Melisa et al (2025) maintained that study Adoption
of Al does not improve students’ development of problem solving especially in higher
education. The authors continued that student leaning with AI technology can solve
programming problem without requiring user fully understanding the underlying prin-
ciples. This result into code vibes other than learning how to debug codes and solve the
problems.

In contrast both critical thinking and problem-solving skills at posttest shown that
there is no statistically significantly different between the PBL-AI and PBL-video.
MANCOVA results shown that estimated marginal means for academic ability and age
group at posttest shown that student’s high academic ability was higher compared to
low ability peers, suggesting that stronger academic performers gained more from the
programming instruction. This finding is consistent with Liu et al., (2022a, 2022b) who
demonstrated a track record of higher academic standards are likely to perform better at
another given task reason was a result of adaptability to learning. Sun, et al (2022) and
Aru, et al. (2016) also suggested that student who perform in west Africa examination
are likely going to perform well in Joint administration and matriculation board suggest-
ing that academically stronger students demonstrated better integration of problem-
solving skills.

5.2 PBL-Al vs. PBL-Video on computer programming skill, critical thinking skill,
and problem-solving skill and academic ability levels

Multivariate Analysis of Covariance (MANCOVA) was adopted to examine the effect of
Group (experimental vs. control), academic ability and age group post-test outcomes of
computer programming skill, critical thinking skill, and problem-solving skill. The mul-
tivariate test revealed a statistically significant main effect of experimental vs. control.
This suggests that the intervention program significantly affected the combined depend-
ent variables, explaining 43.4% of the multivariate variance. The current study shown a
significant interaction effect between Group and academic ability. Pillai’s Trace imply-
ing that the effectiveness of the intervention varied depending on students’ academic
ability. This is supported by the study of Peng and Kievit, (2020) who posit that student
academic ability has always correlated with the student development of skills especially
in skill acquisition. This current study sight some factors such mathematical foundation
and adaptability to learning as the major influence that result in the students that has
higher academic ability to still do well in the development of computer programming
skills. This is supported by the findings Costa, et al (2024) who sighted other factors may
influence students skills acquisition such as environment and teaching method. This
current study shown no significant different on the academic ability and age group nor
the interactions of group x age and group x academic ability x age were significant. This
supports the findings of Nunes, et al (2014) who assert that age and teaching method
do not significant influence skill acquisition especially in higher education. Thus, cur-
rent study established that teaching method adopted (PBL-AI or PBL-Video) in teach-
ing computer programming skills and age of the student or teaching method adopted
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(PBL-AI or PBL-Video) in teaching computer programming skills and academic ability
of student has no effect with respect to students’ age.

Furthermore, at posttest students above 20 years demonstrated slightly higher scores
compared to their younger counterparts. This could reflect maturity or greater cogni-
tive readiness for abstract programming tasks. This is supported by the study of White
and Sivitanides (2002) that maintained that the study academic achievement is not a
function of student’s age. The authors continued that other social variable such parents’
social capital, environment and technology contributed to the student s achievement in
school. Also, critical thinking development were seen to be higher among students 20
years or younger compared to those above 20. This suggests that younger learners may
have benefitted more from interventions designed to stimulate critical thinking, such as
interactive AI technologies. This is supported by the study of Psotka, (2013) that younger
learners mostly adopt Al technologies like game, virtual reality among others in their
study. The author continued that other educational games and virtual reality as disrup-
tive technologies especially in programming. In addition, problem solving skills develop-
ment shown a marginal difference with students above 20 years showing slightly higher
scores, again hinting at potential maturity-related benefits in problem-solving integra-
tion. This Abrar, et al (2025) is supported by their study on young learners navigating
Problem-Solving with AI technology opined that problem solving skills development is
usually higher as a result of the learners adopt of Al tools. Consequently, these results
not only confirm the significant role of background characteristics (e.g., ability and
age) in educational technology research, but also underscore the nuanced interaction
between instructional design and learner characteristics. While neither academic ability
nor age was statistically significant as a main effect in the MANCOVA model, their esti-
mated marginal means suggest meaningful practical differences that should be explored
further in future.

6 Implications for practice and policy

Our study offers several practical and policy-relevant implications for enhancing pro-
gramming education, particularly within resource-constrained educational systems.
From a practical standpoint, the integration of Al tools like Google Gemini into prob-
lem-based learning (PBL) environments presents a promising instructional strategy for
improving students’ programming skills. We demonstrated that Al-assisted instruc-
tion can serve as a real-time scaffold, providing personalized feedback and supporting
learners in developing and debugging code. Educators and curriculum designers should
consider embedding Al tools into programming courses to facilitate adaptive learning,
foster engagement, and close competence gaps, especially among novice programmers.
For classroom practice, teacher training programs must incorporate digital pedago-
gies that build both technological proficiency and instructional confidence. Equipping
instructors with the skills to guide students in Al-supported environments will enhance
instructional effectiveness and ensure meaningful learner-tool interaction. At the pol-
icy level, our findings support the integration of Al-driven learning environments into
national curricula for computer science and STEM education. Ministries of Education
and higher education regulatory bodies should consider formulating policy frameworks
that promote Al literacy, ensure equitable access to Al tools, and guide ethical Al usage
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in instructional settings. Furthermore, investment in digital infrastructure is crucial to
ensure that Al-supported interventions are scalable across diverse educational contexts.
By bridging the gap between pedagogy and technology, our study underscores the value
of innovation-driven education policy. Targeted interventions like Al-assisted PBL can
contribute to achieving national goals for digital competence, equity, and employability
in 21st-century learning environments.

7 Conclusion

The aim of the current study was to empirically ascertain how programming skill and
critical thinking skills is fostered through Al-assisted PBL integration (PBL-AI vs PBL-
Video) in developing country. The result shown that the adoption of the PBL-AI and
PBL-Video improved student acquisition of computer programming outcome. Despite
the fact that computer programming skills outcome is crucial in today’s workplace,
research indicates that it will soon be a required ability for employment especially in
Al driven world. Thus, it is important that students develop computer programming
skills using innovative pedagogy such as PBL-AI and PBL-video. The result shown that
the intervention PBL-AI group had a statistically significant effect on computer pro-
gramming skills outcome compare to the students taught with PBL-Video but limited
impact on the other domain such as critical thinking skills and problem-solving skills.
The result shown that students that adopted PBL-Video performs better than the PBL-
Al group in critical thinking skills and problem-solving skills. Both critical thinking and
problem-solving skills at posttest shown that there is no statistically significantly dif-
ferent between the PBL-AI and PBL-video. MANCOVA results shown that estimated
marginal means for academic ability and age group at posttest shown that student’s high
academic ability was higher compared to low ability peers, suggesting that stronger aca-
demic performers gained more from the programming instruction. The current study
shown a significant interaction effect between group and academic ability. Also, it was
shown that there is no significant different on the academic ability and age group nor the
interactions of group x age and group x academic ability x age were significant. Further-
more, at posttest students above 20 years demonstrated slightly higher scores compared
to their younger counterparts. This could reflect maturity or greater cognitive readi-
ness for abstract programming tasks. Also, critical thinking development were seen to
be higher among students 20 years or younger compared to those above 20. This sug-
gests that younger learners may have benefitted more from interventions designed to
stimulate critical thinking, such as interactive. Therefore, university lecturers and tech-
nologists teaching computer programming are encouraged to apply innovative teaching
practices eg PBL introspecting with artificial intelligent (Google Gemni) and Video for
the effective development of computer programming skills in the learners.

8 Limitations and future directions

While our study offers valuable insights into the integration of artificial intelligence
in programming instruction, several limitations warrant consideration. First, we
employed a non-randomization trial and a quasi-experimental research design, which
may limit the generalizability of findings due to potential pre-existing differences
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among participants thus, using a randomization trial, pure quasi-experiment research
can enhance the study. Although we statistically controlled for pre-test scores, ran-
dom assignment was not feasible, and unmeasured confounding variables may have
influenced the outcomes. Second, the intervention spanned only six weeks, which
may not have been sufficient to yield substantial gains in higher-order cognitive out-
comes such as critical thinking and problem-solving. These constructs often require
prolonged exposure to complex tasks, iterative reflection, and deeper scaffolding that
may extend beyond the temporal scope of our study. Additionally, the reliance on self-
report instruments for some constructs could introduce response bias, despite our
efforts to validate the instruments. Third, our study was context-specific (Java Pro-
gramming), focusing on computer science education students from two Nigerian
universities, mar the generation of the study findings to another domain. As such, cul-
tural and infrastructural factors such as access to reliable internet and exposure to Al
tools may have influenced students’ engagement with the intervention and should be
considered when interpreting the results. Future research should explore longitudinal
designs that investigate the sustained impact of Al-assisted PBL on critical thinking
and problem-solving skills. Experimental studies with randomized designs and multi-
institutional samples are also recommended. Furthermore, qualitative investigations
into students’cognitive processes during Al interactions may offer deeper insights
into how Al tools mediate learning and foster higher-order thinking.
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