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Abstract: This study investigates how Artificial Intelligence (AI)-based Tutoring Systems can be used
to provide secondaty school students with personalized learning feedback and to enhance their aca-
demic performance. The two main empirical objectives were to assess individualized formative assess-
ment in classroom settings and to examine teachers’ and students’ perceptions of Al adoption. A
mixed-methods quasi-experimental design was employed, integrating quantitative pre-/post-tests, in-
terviews, and focus groups across six schools (n = 600). This approach enabled triangulation between
measurable learning outcomes and contextual perception data for robust validation. Quantitative data
were analyzed using Python (t-tests, ANCOVA), while thematic coding in NVivo was applied to qual-
itative data. Expert review, pilot testing, and Cronbach’s o (>0.80) were used to validate the instruments
and ensure reliability, including pre-/post-tests and engagement scales. Findings revealed that students
who received Al-based interventions achieved significantly higher academic performance (Cohen’s d
= 1.05) and engagement (d = 0.72) compared with control groups. Teachers with Al exposure reported
greater preparedness (mean = 3.4) and fewer perceived barriers. The study provides empirical evidence
on the pedagogical viability of Al tutoring in under-resourced contexts, contributing to self-regulated
and socio-technical learning theories. It also recommends enhanced systemic teacher education, ethical
leadership, and structural support to foster equitable adoption of Al in education. The findings carry
strong implications for policy development and educational innovation in promoting data-driven, in-

clusive learning within Nigeria’s secondary education system.

Keywords: Al adoption; Artificial intelligence; Educational innovation; Intelligent tutoring systems;
Mixed-methods research; Personalized learning; Secondary education; Socio-technical systems.

1. Introduction

Artificial Intelligence (Al) is a transformative technology in education, and Intelligent
Tutoring Systems (ITS) represent one of its most impactful applications [1], [2]. This study
aims to design and empitically evaluate an Al tutoring system that provides personalized
learning feedback to secondary school students in Nigeria. The goal is to address persistent
challenges such as unequal educational opportunities, insufficient formative assessment, and
limited teacher feedback that characterize the Nigerian education system [3], [4]. ITS simulate
human tutoring by diagnosing misconceptions and providing adaptive, real-time instructional
feedback based on each learner’s pace and level of understanding [2], [5], [6]. Globally, ITS
have been successfully implemented in mathematics, science, and language instruction,
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yielding improvements in academic performance, motivation, and self-regulated learning
(SRL) among students |[7]—[11]. However, Nigerian classrooms continue to face systemic chal-
lenges such as overcrowding, poor infrastructure, and limited access to digital technologies,
which hinder the delivery of timely and differentiated feedback by teachers [12], [13].

Previous research on the pedagogical effectiveness of ITS [9], [14] has primarily em-
ployed quantitative experimental and quasi-experimental designs using pre- and post-tests to
measure learning improvement. Other studies [15]—[17] have adopted design-based ap-
proaches to iteratively enhance I'TS prototypes through learner interaction, while qualitative
and mixed-method studies [12], [13], [18], have explored teachers’ and students’ attitudes to-
ward Al tools—highlighting trust, usability, and ethical concerns as key factors.

Although these methods each have strengths, they also present limitations. Experimental
research often fails to account for socio-cultural and infrastructural realities influencing Al
adoption, while design-based research offers limited generalizability [12], [13]. Similarly, qual-
itative studies provide valuable insights but cannot quantify learning impact. In Nigeria, most
existing studies are confined to small-scale descriptive surveys without control groups, pro-
ducing insufficient empirical data on the effects of Al tutoring on measurable academic out-
comes or contextual factors such as teacher digital literacy and infrastructural barriers [13],
[19].

The key research gap, therefore, lies in the lack of large-scale, context-sensitive empirical
studies assessing both the pedagogical effectiveness and socio-technical feasibility of Al tu-
toring systems in Nigerian secondary schools [12]. Despite growing policy attention toward
educational technology and Al integration [14], [17], [20], the connection between adaptive
tutoring and tangible learning outcomes remains underexplored. Furthermore, ethical and
governance issues concerning data privacy, transparency, and algorithmic accountability are
still unresolved [21].

To address these challenges, this study proposes and empirically tests a localized Al-
based tutoring model within Nigeria’s secondary education system. The framework draws
upon cognitive modeling, SRL theory, Socio-Technical Systems Theory (STST), and Tech-
nology Acceptance Models (TAM/UTAUT) [22]—[24]. Consequently, a2 mixed-method quasi-
experimental design was selected to capture both quantitative learning outcomes and qualita-
tive contextual variables. This design enables the integration of quantifiable performance
measures with rich perceptual and contextual data, thereby enhancing both internal and ex-
ternal validity. As Creswell and Creswell [18] note, mixed-method research is particularly ap-
propriate when interventions require both statistical inference and contextual interpretation.
Compared to purely descriptive surveys—common in eatlier Nigerian Al studies that lacked
control groups and causal rigor [13], [19]—the quasi-experimental component allows the
measurement of actual performance differences attributable to Al use. Likewise, while purely
quantitative approaches often overlook socio-cultural dimensions, the qualitative component
in this study provides insight into infrastructural, ethical, and readiness factors that influence
feasibility [12], [13]. Thus, the mixed-method quasi-experimental design was strategically cho-
sen to triangulate learning gains with lived experiences, offering a more comprehensive and
contextually grounded evaluation of Al tutoring effectiveness.

Building upon prior works in socio-technical Al integration and educational technology
[6], [14], [17], [20], [21], this study makes three key contributions: (1) developing and validating
a context-specific Al tutoring model; (2) generating empirical evidence on its effects on stu-
dent learning conditions, engagement, and teacher preparedness; and (3) establishing a socio-
technical and ethical framework for Al implementation in low-resource educational systems.

The remainder of this paper is organized as follows: Section 2 presents related literature;
Section 3 desctribes the research methodology, including design, sampling, instruments, and
data analysis procedures; Section 4 discusses the results and findings; and Section 5 concludes
with recommendations, limitations, and future research directions.

2. Literature Review

Tutoring systems based on Al have become among the most empirically supported in-
novations in personalized learning [25]. ITS are adaptive learning systems that diagnose stu-
dent misconceptions and provide real-time personalized feedback based on individual pet-
formance and behavioral patterns [5], [9], [14], [15]. Such systems imitate human tutoring by
dynamically adjusting instructional content to match learner progress, thereby promoting
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mastery learning rather than time-based instruction [7], [25]. Current I'TS architectures employ
technologies such as knowledge-tracing algorithms, NLP engines, feedback learning models,
and student modeling modules to deliver adaptive and contextual feedback. Large-scale em-
pirical studies in mathematics, science, and language education have consistently shown that
I'TS significantly improve student performance, motivation, and SRL compared with tradi-
tional instruction [8], [16], [26]. These outcomes are largely attributed to the immediacy and
individualization of Al-dtiven feedback [4], [12], [16].

Global literature supports the view that ITS implementations tend to yield moderate-to-
large learning effects, particularly when grounded in pedagogical frameworks such as SRL and
feedback-based learning [9], [14], [25]. For instance, study [9] reported that interactive scat-
folding combined with Al-based formative assessment can substantially enhance learner re-
tention and engagement. Similarly, research [25] demonstrated that ITS are most effective
when embedded in socio-technical classroom settings, where teachers act as facilitators rather
than substitutes. These findings emphasize that Al should serve as an augmentation layer—a
supplement rather than a replacement—for teacher input [4], [12]. However, most of this
evidence has been drawn from technologically advanced regions such as North America, Eu-
rope, and Asia, where strong infrastructure and high levels of teacher digital competence are
common [27]. This context does not accurately reflect the realities of developing regions,
particularly Sub-Saharan Africa.

Historically, research on educational technology in African countries such as Nigeria
[16], [19] has primarily focused on ICT integration, LMS, and digital literacy, rather than adap-
tive Al tutoring. The majority of Nigerian studies remain descriptive, relying on teacher sur-
veys, needs analyses, or small pilot projects [13], [17], [19]. For example, study [17] examined
teacher awareness and attitudes toward Al but did not measure student outcomes, whereas
research [19] identified readiness issues related to training and infrastructure. Although these
studies contribute useful contextual insights, they lack the rigor of experimental or quasi-
experimental designs and fail to quantify the impact of Al tutoring on academic performance.
Moreover, contextual limitations such as unreliable power supply, weak internet connectivity,
high data costs, and sociocultural perceptions of Al are often overlooked in international I'TS
literature [2], [27]. Consequently, global discourse on Al in education risks marginalizing de-
veloping regions by proposing models that are misaligned with their infrastructural and cul-
tural realities [12].

Advanced countries benefit from high-speed connectivity, strong teacher preparation,
and robust data governance systems that enable seamless ITS implementation [25], [26]. In
contrast, developing nations continue to face obstacles such as unstable infrastructure, low
digital literacy, and insufficient teacher training [13], [19], [27]. While experimental studies in
advanced contexts consistently report learning gains, these models are not always transferable
to low-resource settings. Design-based research, though context-sensitive, lacks generaliza-
bility, whereas qualitative approaches, while rich in context, do not measure quantitative out-
comes. Consequently, a methodological imbalance persists between technological validation
and educational realism.

Recent empirical reviews [28]—[32], such as those examining Al-embedded technologies
in education, recent developments, open issues, and the contributions of Python to AIED,
have further underscored these gaps. Across multiple systematic reviews and meta-analyses,
small-to-medium or short-term learning improvements have been consistently reported,
though effect sizes vary depending on study domain and design [28], [29], [32]. Between 2024
and 2025, research in generative Al (GenAl) and bilingual or chatbot-based educational sys-
tems has expanded rapidly, particulatly in programming instruction and secondary-level digi-
tal literacy [30], [31], [33]. Python has emerged as the lingua franca of Al literacy and AIED
development, powering major libraries such as Scikit-learn, PyTorch, TensorFlow, and Hug-
ging Face [31], [33], [34]. Empirical studies (e.g., PyChatAl) demonstrate that when culturally
localized and appropriately validated, Python-based Al tools can effectively scaffold code
learning [30], [31]. Collectively, these studies suggest that while Al-enhanced feedback sys-
tems successfully foster interaction and engagement, challenges remain concerning algorith-
mic transparency, data privacy, and contextual scalability—particularly in low-governance dig-
ital environments [8], [13], [19], [20].

To overcome such limitations, this paper adopts a mixed-method and socio-technical
perspective. It bridges the gap between algorithmic efficacy and situational adaptability by
integrating quantitative performance analysis with qualitative inquiry into teachers’ and
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students’ perceptions, addressing the gaps noted in previous studies [13], [19], [27]. This dual
approach enables a holistic evaluation of Al tutoring not only in terms of technical accuracy
but also in terms of its educational and ethical viability in resource-limited contexts.

2.1. Theoretical relevant in Developing Contexts

The theoretical model guiding this study, as presented in Figure 1, combines SRL, Cog-
nitive Tutor Theory (CTT), STST, and TAM/UTAUT [22]—[24], [35]. This integrated frame-
work is particularly relevant for developing countries—especially Nigeria—because it situates
Al learning tools within the broader ecological context of human, technical, and institutional
factors.

e  SRL theory explains how learners monitor and regulate their cognitive processes, which
can be enhanced by Al systems through timely feedback and goal-setting mechanisms
9], [14].

e  CTT describes how adaptive systems organize the learning process by replicating expert
reasoning, enabling novice learners to progress toward mastery through modeling and
iterative feedback [7], [36].

e  STST emphasizes that educational technologies function effectively only when they align
with human actors (teachers), institutional capacities, and ethical governance structures
[22]-[24].

e TAM/UTAUT provide empirically validated constructs that explain why teachers and
students choose to adopt—or decline—the use of educational technologies [35], [37]—
[39].

Al-Powered Tutoring
System
(Nigerian Secondary
Schools)

Self-Regulated Learning
Theory

Improved Learning Outcomes
Socio-Technical Systems — Enhanced engagement,
Theory academic performance, and
motivation.

Cognitive Tutor/ITS
Theory

Technology Acceptance
Models (TAM/UTAUT)

Figure 1. Theoretical framework of Al-powered tutoring system for Nigerian secondary schools
[25].

This framework is particularly vital in the design of Al systems within the infrastructural
and pedagogical realities of secondary schools in developing contexts. It underscores the im-
portance of aligning Al system design with existing institutional capacities, teacher mediation,
and ethical imperatives such as transparency and fairness. Ultimately, this approach ensures
that Al functions not merely as a technological intervention but as a component of a com-
prehensive pedagogical ecosystem that is responsive to social, infrastructural, and institutional
constraints [10], [20], [24], [37].

2.2. Addressing the Gaps

Although global literature highlights the transformative potential of Al tutoring systems,
the African—and specifically Nigerian—context remains underrepresented in empirical,
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mixed-method, and ethically grounded research [1], [40]. Existing studies are often limited in
scale or perception-based, lacking causal evidence and contextual depth.

The present study addresses these limitations by adopting a multi-site, mixed-method
quasi-experimental design to evaluate learning performance and engagement outcomes, while
simultaneously examining teacher readiness, infrastructural feasibility, and ethical considera-
tions. By embedding Al tutoring within a socio-technical framework and adapting it to local
conditions, this study contributes actionable evidence for responsible and scalable implemen-
tation of Al-assisted personalized learning feedback in developing secondary school environ-
ments [7], [16], [19], [33]. Accordingly, the study is guided by two key empirical objectives:

e  To assess the effect of Al-driven tutoring systems on individualized learning feedback,
academic outcomes, and student engagement in Nigerian secondary schools.

e  To examine how teachers and students perceive and experience the challenges of adopt-
ing Al-based tutoring systems, and how prepared they are to integrate such systems into
classroom practice.

3. Methodology

3.1. Research Design

A mixed-method research design combining quantitative and qualitative approaches was
employed to analyze the impact of the Al-based tutoring system on student learning out-
comes, as well as the contextual, implementation, and perception-related issues surrounding
its use [18]. The quantitative component followed a quasi-experimental design involving pre-
test and post-test evaluations for both control and intervention groups to determine effects
on academic performance, motivation, and SRL [13], [20]. Complementing this, the qualita-
tive component consisted of semi-structured interviews and focus group discussions with
teachers and students to capture perceptions, barriers, and ethical concerns related to Al in-
tegration into classroom instruction.

3.2. Population, Sample, and Selection Criteria

The study targeted secondary school students and teachers from both public and private
schools across Nigeria [17]. A total of n = 600 respondents were selected from six schools—
three public and three privates, to ensure representation across different geographic and so-
cioeconomic contexts (urban and semi-urban).

Stratified random sampling was applied to select schools based on type, location, and
resource levels. For the quantitative component, simple random sampling was used to select
students from each school to measure real-world effects. For the qualitative strand, purposive
sampling was employed to select 30 teachers and 40 students, providing deeper insights into
Al tutoring implementation and capturing socio-ethical and readiness-related factors [15].

Eligible participants included Senior Secondary Two (S52) and Senior Secondary Three
(8S3) students who had attended the school for at least one academic year. Participating teach-
ers had a minimum of two years of teaching experience and were actively engaged in the
subject areas where the Al tutoring system was implemented [36]. Schools were required to
have basic infrastructure such as stable electricity and minimum internet access to ensure
system functionality.

3.3. Instrumentation

The primary instrument of intervention was the Al-based tutoring system prototype,
which generated real-time learner data based on individual performance patterns, response
accuracy, task duration, and misconceptions. Additional instruments included standardized
questionnaires and academic tests designed to measure curriculum-aligned learning outcomes.
Pre- and post-tests assessed academic performance, while motivation and SRL were measured
using modified versions of validated instruments. Semi-structured interviews and focus
groups supported the qualitative inquiry.

Content and face validity were ensured through expert review by professionals in edu-
cational technology and psychometrics. Instrument refinement was further achieved through
pilot testing with 20-30 students and teachers not included in the main study. Reliability was
examined using Cronbach’s o, targeting coefficients above 0.80—consistent with similar em-
pirical studies in Nigerian education [306].
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3.3.1. Instrument Development and Modification

The survey instrument was adapted from validated theoretical frameworks, including
TAM, UTAUT, STST, SRL, and ITS-related constructs. Key constructs such as Perceived
Use, Perceived Ease of Use, Attitude Toward Use, and Behavioral Intention were derived
from [38], while UTAUT components—Performance Expectancy (PE), Effort Expectancy
(EE), Social Influence (SI), Facilitating Conditions (FC), and Behavioral Intention (BI)—were
adapted following [39]. Although theoretical meanings were retained, minor contextual ad-
justments were made to suit the educational realities of Al-based learning in secondary
schools within developing counttries.

3.4. Data Collection

Quantitative data were collected through pre-test and post-test assessments and struc-
tured questionnaires administered via Google Forms using a 1-5 Likert scale. Participants
completed these either in person or online, depending on logistical feasibility [33]. Qualitative
data were collected post-intervention through semi-structured interviews with teachers and
focus group discussions with students [40]. These sessions explored participants’ perceptions,
implementation experiences, and ethical considerations associated with classroom Al integra-
tion [3], [13].

3.5. Data Analysis

Quantitative data were analyzed using descriptive statistics (means and standard devia-
tions) to summarize baseline and post-intervention measures [16]. Inferential statistics were
applied through paired-sample t-tests for within-group comparisons and independent-sample
t-tests for between-group analyses [23]. Covariate analysis (ANCOVA) was conducted to ad-
just for baseline differences, while effect sizes were computed to determine the intervention’s
magnitude. Qualitative data were analyzed thematically following the framework of [41],
which guided the identification of recurring themes related to usability, readiness, bartiers,
ethical concerns, and contextual factors.

3.6. Validity and Reliability

Internal validity was maintained through the use of control and intervention groups,
pre/post-test design, and monitoring of Al system usage logs [24]. Construct validity was
ensured by aligning instruments with theoretical constructs such as motivation and SRL. In-
strument reliability was verified through expert review, pilot testing, and calculation of
Cronbach’s a (> 0.80), ensuring both consistency and dependability across pre/post-tests and
engagement scales. Qualitative trustworthiness was established through triangulation between
student and teacher data, member checking, and the maintenance of a clear audit trail during
data analysis [42].

Questionnaires and engagement scales were further tested for internal consistency using
SPSS reliability analysis, yielding Cronbach’s a values above 0.80, indicating high reliability.
Inferential analyses—including paired-sample and independent-sample t-tests—were con-
ducted using SPSS and Python (SciPy), with p < 0.05 as the significance threshold.

3.7. Components of the AI Tutoring System and Its Functioning

The Al tutoring solution developed for this study, illustrated in Figure 2, comprises a
series of interconnected modules designed to support adaptive, data-driven, and teacher-me-
diated learning. Each module performs a distinct but complementary role within the overall
architecture:

e Student Modelling Module: This module employs machine learning (ML) algorithms to
generate learner profiles based on performance data, engagement logs, and patterns of
misconceptions [43]. It continuously tracks individual progress and behavioral patterns
to provide input for subsequent modules.

e Knowledge Tracing and Diagnosis Module: This component integrates Bayesian
Knowledge Tracing (BKT) and Deep Knowledge Tracing (DKT) models to detect mis-
conceptions, estimate knowledge states in real time, and predict mastery probabilities
[44]. These models enable dynamic updates to each learner’s profile as new evidence is
observed.
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e  Adaptive Feedback Engine: Using natural language processing (NLP) and reinforcement
learning (RL) techniques, this engine generates personalized feedback adapted to the
learner’s performance over time [2], [20], [28]. The engine produces a variety of out-
puts—such as hints, prompts, and explanations—to guide learners toward mastery.

e  Pedagogical Decision Module: This module coordinates instructional sequencing and
determines the type of feedback to be delivered (e.g., hints, prompts, explanations) based
on SRL principles [14], [25]. It operationalizes pedagogical rules derived from self-regu-
lated learning theory and integrates them with system-level behavioral predictions.

e  Teacher Dashboard and Analytics Interface: The dashboard visualizes learner progress,
mastery estimates, and common misconceptions, providing teachers with real-time ana-
lytics and alerts when intervention is needed [27], [36]. It allows teachers to monitor Al
teedback loops, assign new learning tasks, and adjust instructional strategies accordingly.

Student Modelling Module:

- ML learner profile generation

- Track mastering, engagement, misconceptions

- Input: performance + behaviour data

Knowledge Tracing and Diagnosing Module:
- Bayesian Knowledge Tracing (BKT)
- LSTM / Deep Knowledge Tracing (DKT)
- Realtime Estimation of Knowledge State

- Detect Misconceptions and Probability of Mastery

Adaptive Feedback Engine: System Output to Learner
- NLP Generation of Personalised Feedback - Personalised Hints, or Explanation
- RL-based Adaption to user Behaviour over time - Adapted Learning Task

- Produces: Hints, Prompts, Explanations - Real Time Mastery Update

Pedagogical Decision Module
- Applies Instructional Rules (SRL) Principles

- Select Feedback type and difficult adjustments

- Coordinates the Final Learning Intervention

Figure 2. Proposed architecture of the Al-powered tutoting system

The Al tutoring platform implemented in this study is a hybrid adaptive feedback sys-
tem, combining rule-based pedagogical logic with machine learning—driven adaptivity. The
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pedagogical decision module applies SRL-based rules to determine when specific feedback
types—such as hints, prompts, or explanations—should be issued [9], [24], [37], [45]. These
rules interact dynamically with ML components such as Bayesian and deep learning models,
which continuously update learner mastery estimates in real time.

This hybrid integration results in an adaptive feedback engine capable of merging fixed
pedagogical principles with data-driven behavioral insights to generate personalized recom-
mendations. The design thus supports a semi-autonomous yet teacher-mediated tutoring pro-
cess, aligning Al automation with human pedagogical oversight.

Python was selected as the development language due to its open-source nature, exten-
sive Al libraries, and flexibility in handling educational data formats—qualities aligned with
contemporary advances in Python-based artificial intelligence in education (AIED) [30]. The
resulting architecture provides real-time adaptivity and includes offline and low-bandwidth
operating modes, ensuring functionality in infrastructure-limited environments typical of Ni-
gerian secondary education.

3.8. Ethical Consideration

Ethical compliance for this study followed institutional research board (IRB) protocols
and national regulations. Prior approval was obtained from the relevant institutional review
board, and informed consent was secured from teachers, parents, or guardians of participating
students. All data collection and processing were conducted under strict conditions of confi-
dentiality and anonymity. Both online and physical data were securely stored in password-
protected and access-restricted environments to ensure data integrity.

Particular attention was given to compliance with the Nigeria Data Protection Act
(NDPA) 2023 [20], which outlines ethical standards for Al applications, including data pri-
vacy, algorithmic transparency, voluntary human participation, and the principle of non-ma-
leficence—ensuring that no participant is harmed by the implemented technology. These
measures collectively ensured that the research upheld principles of fairness, accountability,
and respect for human dignity throughout all stages of Al system deployment and data man-
agement.

4. Results and Discussion

The results of this study are structured around two empirical objectives (EO) that guided
the investigation:

1. to assess the effect of the Al-driven tutoring system on individualized learning feedback,
academic outcomes, and engagement among secondary school students in Nigeria; and

2. to examine teachers’ and students’ perceptions, challenges, and readiness toward adopt-
ing Al-based tutoring systems in Nigerian secondary schools.

The prototype of the Al-powered tutor was installed on medium-range laptops and
school computer laboratories equipped with Intel Core i5 processors (at least 8 GB RAM),
cloud-based storage, and a backup server to ensure offline continuity. The Python-based soft-
ware environment integrated learning analytics models, Jupyter back-end scripts, and a stu-
dent/teacher interface built into a Learning Management System (LMS) module compatible
with Moodle.

Data collection utilised NVivo for qualitative coding, Google Forms for digital survey
administration, and Python (SciPy and Pandas libraries) for paired and inferential statistical
analysis. The data included pre-test and post-test measutres of academic performance and
learner engagement (1-5 scale), as well as structured interview transcripts from teachers and
students across six secondary schools (n = 600). Instrument fidelity and internal validity were
verified through Al system usage logs that recorded session duration, feedback response time,
and error trace gradients [16].

In Table 1, the demographic characteristics show a balanced and diverse sample repre-
senting both public and private schools across urban and semi-urban regions of Nigeria, en-
suring representativeness of the study population.

4.1. Quantitative Results and Statistical Analysis

This subsection presents the quantitative findings related to Empirical Objective 1
(EO1), which assessed the impact of the Al-powered tutoring system on individualized learn-
ing feedback, academic outcomes, and engagement among students.
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Table 1. Demographic summary of respondents.

Attribute Classification Frequency Percentage (%)

Role Teachers 120 20
Students 480 80
0-2 30 36
Experience (years) 3 3 2
6-10 20 24
11+ 15 18
Public 3 50
School Type Private 3 50

Class SS2 200 41.6

SS3 280 58.4
Location Urban 3 50
Semi-Urban 3 50

Female 290 48.4

Gender Male 310 51.6
. Experimental 300 50
Assigned Group Control 300 50
Age Teachers (21-50+) 120 20
Students (18-20) 480 80

4.1.1. Academic Performance

The Al-tutoring intervention group demonstrated a substantial improvement in mean
academic scores from pre-test to post-test compared with the control group [26]. Paired t-
tests indicated that the intervention group’s pre/post gain was statistically significant (t =
12.20, p < 0.001) with a large effect size (Cohen’s d = 1.05), while the control group’s im-
provement was smaller but still significant (t = 2.73, p = 0.007) with a small effect size (d =
0.22).

The post-test comparison between groups was also significant (p < 0.001), indicating
better learning outcomes among students who used the Al system. These results are summa-
rized in Table 2 and illustrated in Figure 3.

Table 2. Summary of the impact of Al-powered individualized feedback on academic performance
(intervention vs. control)

Gr N Pre-test Post-test Mean SD  £val 1 Effect Size
oup Mean Mean  Gain value pvali€ Cohen’s d)
Intervention 300 56.2 72.4 +16.2 82 120 <0.001 1.05 (large)
Control 300 59.9 60.1 +4.2 9.0 2.73 0.007 0.22 (small)
18 16.2
£ 16
O 14
g 12
(]
S 10
go 8
s 6 4.2
§ 4
X —
~ 0
Intervention Control

Group

Figure 3. Percentage mean gain in academic performance between intervention and control groups
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The results indicate that the Al-tutoring system produced a statistically significant and
considerably larger improvement in academic achievement compared to traditional instruc-
tion.

4.1.2. Student Engagement and Motivation

Student engagement (measured on a 1-5 scale) also increased significantly in the inter-
vention group (t = 8.30, p < 0.001), with a moderate effect size, compared with a small and
non-substantial increase in the control group (t = 2.10, p = 0.037). Motivation and SRL scores
followed a similar trend—moderate and significant gains in the intervention group (p <
0.001), while the control group exhibited minimal improvement [13], [20].

Table 3. Summary of the impact of Al-powered individualized feedback on student engagement
(intervention vs. control)

Grou N Pre-test Post-test Mean SD  fvalue pvalue Effect Size
p Mean Mean Gain P (Cohen’s d)
Intervention 300 3.02 4.15 +1.13  0.85 830 <0.001 0.72 (moderate)
Control 300 2.98 3.11 +0.13 0.80  2.10 0.037 0.18 (small)
1.2 1.13
-
<
) 1
g 0.8
s
Z 06
°©
§D 0.4
% 0.2 0.13
5 o ]
- Intervention Control
Group

Figure 5. Percentage mean gain in student engagement between intervention and control groups.

The significant rise in engagement among students in the intervention group suggests
that Al-based personalized feedback effectively enhanced classroom interaction and learner
motivation. These results aligh with prior studies [19], [25], which emphasized that Al tutors
foster metacognitive awareness and SRL by dynamically adapting to students’ learning behav-
iots.

Reliability analysis using Cronbach’s a (> 0.80) confirmed the consistency of the engage-
ment and motivation scales, ensuring measurement validity [36]. Overall, these findings sup-
port the conclusion that integrating Al-powered individualized feedback significantly im-
proves learning outcomes, engagement, and motivation compared to conventional teaching
methods.

4.2. Qualitative Findings and Perception Analysis

The second empirical objective (EO2) explored teachers’ and students’ perceptions,
challenges, and readiness for adopting Al-based tutoring systems in Nigerian secondary
schools. The qualitative data were derived from semi-structured interviews and focus group
discussions, which were analyzed thematically using NVivo software. Five dominant themes
emerged, summarized in Table 4, reflecting perceptions, contextual challenges, and socio-
technical readiness dimensions aligned with established theoretical frameworks.

The most dominant theme identified was perceived benefits (85%), reflecting strong
positive attitudes toward Al tutoring among both teachers and students. Respondents valued
the immediacy of feedback, individualized support, and enhanced engagement facilitated by
the system. However, significant barriers were also reported, particularly regarding infrastruc-
ture and professional capacity. Teachers noted challenges related to unstable power supply
and internet access, while both teachers and students recognized the need for continuous
professional development (PD) to effectively integrate Al tools into pedagogy [27], [36].
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Table 4. Summary of teachers’ and students’ perceptions, challenges, and readiness for Al adoption

Frequency of Corresponding
Specific Factors q. Cyo Connotation / Interpretation Theoretical
Mentions (%)
Construct
Most respondents highlighted the positive ef-
fects of Al tutoring, 1ncl}1d1ng prompt feed- Technology Ac-
. . 0 back, enhanced interaction, and individual-
Perceived benefits  High (85%) . . . ceptance Models
ized guidance. Teachers emphasized that the
. . . , (TAM/UTAUT)
system helps to quickly identify students
weaknesses and tailor instruction accordingly.
. Participants reported persistent challenges
Technical . . . - e .
. . such as unreliable electricity, insufficient digi- Facilitating Condi-
problems with ~ High (78%) . . . . .
. tal equipment, and inconsistent internet con- tions
infrastructure L o
nectivity that affected Al system utilization.

Skill a.nd Several teachers and students indicated a .
professional need for additional training in Al tool usage SRL and Cognitive
development  High (70%) . ) 8 I AL TOOL USASE, ritor/TTS Frame-

data interpretation, and integration into les-
(PD) works
\ son plans.
requirements
Respondents raised concerns about data stor-
age, student consent, and algorithmic trans-
Issues of privacy Moderate  PATEOCY> emphasmng.the importance Qf Cj(hl— Trust and Ethical
and data (62%) cal AT use in compliance with the Nigeria Readiness
protection " Data Protection Act (NDPA, 2023) and in-
ternational standards such as the General
Data Protection Regulation (GDPR).

. Both groups undexfs'cor.ed the continuing Human-Centered AT
Pedagogical Moderate need for human facilitation to complement . .
. ) o . . and Socio-Technical
integration (58%) Al-generated recommendations and sustain

. Systems Theory
learner motivation.
90% 85%
78%
80% 70%
70% 62%
% 58%

o 60%
& 509
= 50%
(]
S 40%
(0]
& 30%

20%

10%

0%
Perceived Technical  Skill professional Issue of privacy  Pedagogical
benefits problems with  development and data integration
infrastructure (PD) protection
requirements

Specific Factors

Figure 6. Distribution of thematic factors: teachers’ and students’ perceptions, challenges, and readi-

ness for Al adoption

Concerns about data privacy and algorithmic transparency also emerged, emphasizing

the ethical dimension of Al deployment in education. These findings align with prior socio-
technical studies [3], [20] that highlight the critical role of governance, teacher mediation, and
ethical compliance in successful Al adoption. Furthermore, the emphasis on pedagogical
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integration supports the principle of human-in-the-loop learning design, where Al comple-
ments rather than replaces teacher functions [4], [12]. Figure 6 illustrates the relative promi-
nence of each theme, showing that perceived benefits were the most frequently mentioned,
followed by infrastructural limitations and professional development needs.

Overall, the qualitative findings demonstrate that while teachers and students generally
welcome Al-based tutoring systems, their effective and ethical integration depends on im-
proved infrastructure, ongoing professional training, and robust data protection policies.
These insights provide essential socio-technical context for scaling Al adoption in low-re-
source educational settings and underscore the need for policy frameworks that ensure re-
sponsible, human-centered implementation [3], [4], [12].

4.3. Discussion and Implications

The findings of this study demonstrate that institutionalizing Artificial Intelligence (A)-
based tutoring systems in Nigerian secondary schools can substantially enhance personalized
learning feedback, academic performance, and student engagement under statistically signifi-
cant conditions. As shown in Tables 1—4 and Figures 3—0, both the quantitative and qualita-
tive analyses confirm that adaptive, data-driven feedback mechanisms improve learning out-
comes by providing immediate and context-sensitive instructional responses to students’ mis-
conceptions [3], [9], [25], [36]. The results also validate the alignment of Al tutoring with the
theoretical foundations of SRL, Cognitive Tutor Theory, Socio-Technical Systems Theory,
and Technology Acceptance Models (TAM/UTAUT), which together explain the observed
interaction between technology adoption, learner behavior, and institutional readiness [14],
[20], [22]—[24].

4.3.1. Integration of Quantitative and Qualitative Insights

The quantitative results presented in Tables 2 and 3 indicate that the Al-tutored group
achieved statistically significant learning gains (t = 12.0, p < 0.001, Cohen’s d = 1.05), along
with increased engagement levels (t = 8.30, p < 0.001). These outcomes confirm that adaptive
Al feedback enhances learner motivation and self-regulatory capacity—outcomes also noted
in previous Al tutoring studies [9], [19], [25]. Complementing these numerical findings, the
qualitative results (Table 4; Figure 6) reveal strong perceived benefits among both teachers
and students (85%), alongside infrastructural and professional barriers such as limited power
supply, internet instability, and the need for continuous professional development (PD) [13],
[27]. This triangulation reinforces that learning benefits are maximized when technological
implementation is accompanied by human facilitation, ethical governance, and teacher readi-
ness [4], [12].

4.3.2. Socio-Technical and Pedagogical Implications

From a socio-technical standpoint, these findings highlight that effective Al tutoring
integration depends on systemic factors—namely infrastructure, human capacity, and institu-
tional policy [3], [30], [40], [47]. Teachers emphasized the importance of training in Al ana-
Iytics, data interpretation, and ethical use, reflecting the human-in-the-loop principle where
technology augments rather than replaces educators [4], [9]. Students similatly expressed pos-
itive engagement with Al-driven feedback while stressing the need for contextualization of
computer-generated recommendations within classroom instruction. These insights confirm
that technological success is contingent upon alignment across human, technical, and institu-
tional subsystems, as proposed by the STST [22]—[24].

4.3.3. Theoretical Confirmation and Policy Implications

The results substantiate the underlying theoretical framework adopted in this study.

e  SRL Theory is supported by evidence of increased motivation and engagement among
learners exposed to adaptive Al feedback [9], [14], [25].

e  Cognitive Tutor Theory is validated by the system’s ability to model expert reasoning
and guide learners toward mastery through real-time correction of misconceptions [2],
7], [36].

e  STST explains the dependence of Al success on infrastructural adequacy and teacher
mediation [20], [23], [24].

e TAM/UTAUT models are affirmed by high perceived usefulness and behavioral inten-
tion among respondents, particularly when supported by proper training and infrastruc-

ture [35], [37]—[39)].
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The ethical concerns raised by participants—particulatly regarding privacy, algorithmic
transpatrency, and data security—align with emerging global debates on responsible Al in
education and emphasize the relevance of the NDPA [20] and GDPR compliance [21], [44].
Policymakers and educational administrators should, therefore, prioritize developing a na-
tional framework for responsible Al integration in schools, combining technological capabil-
ity with ethical safeguards and teacher capacity building.

4.3.4. Overall Evaluation

This study contributes to the growing body of empirical evidence supporting Al-assisted
personalized learning in low-resource educational contexts [2], [8], [10], [11], [19], [48]. It
bridges the gap between algorithmic performance and contextual adaptability by providing
quantitative proof of learning improvement and qualitative insights into readiness and ethical
challenges. The integrated findings demonstrate that the successful institutionalization of Al
tutoring requires not only effective technological design but also sustained teacher engage-
ment, adequate infrastructure, and robust governance frameworks [3], [42], [47].

Furthermore, the results reaffirm the theoretical foundations of the research—namely,
SRL, Cognitive Tutot/Intelligent Tutotring System (ITS) Theoty, Socio-Technical Systems
Theoty, and Technology Acceptance Models (TAM/UTAUT)—by showing that technolog-
ical efficiency depends on the alignment of human, technical, and institutional subsystems [2],
51181, [111-{16], [19], [23}-{25], [27], [28], [301-{32], [34], [35], [37}-{40], [43], [44], [49}[51].
The willingness of teachers and the engagement of students underscore that human factors
remain central to the success of Al implementation, while infrastructure and policy serve as
essential enablers for sustainable adoption [3], [42].

5. Conclusions

This study provides robust empirical evidence that Artificial Intelligence (Al)-assisted
tutoring systems can significantly enhance personalized feedback, student engagement, and
academic performance in secondary education within developing countries such as Nigeria
[2], [40], [47]. The quasi-experimental findings revealed a large effect on academic achieve-
ment (Cohen’s d = 1.05) and a moderate-to-large effect on engagement (d = 0.72), confirming
the effectiveness of adaptive, real-time feedback over traditional one-size-fits-all instructional
models. These outcomes, supported by both quantitative and qualitative analyses, validate
that Al-powered individualized tutoring fosters active learning, motivation, and mastery of
concepts through continuous feedback and personalized scaffolding.

The study employed a rigorous mixed-methods design that integrated pre- and post-test
data with perception-based qualitative inquiry, thereby strengthening the internal and external
validity of its conclusions [28], [37], [43]. The convergence between quantitative and qualita-
tive findings further enhances confidence in the efficacy and usability of Al tutoring systems
and reveals how learners and teachers interact with Al tools in authentic classroom environ-
ments.

A key scientific contribution of this research is the empirical confirmation that the suc-
cess of Al tutoring depends on socio-technical alignment. Factors such as teacher prepared-
ness, infrastructural adequacy, and ethical governance emerged as crucial mediating condi-
tions shaping Al effectiveness [25], [44], [46]. These findings underscore that Al integration
should not be viewed solely as a technological intervention, but as part of a human-centered
educational ecosystem that emphasizes teacher mediation, learner agency, and ethical respon-
sibility [10], [20], [24]. This work represents one of the first mixed-method quasi-experimental
assessments of Al tutoring in the secondary school context within Sub-Saharan Africa, ad-
dressing a notable gap in existing Al-in-education research.

From a practical standpoint, the results offer valuable guidance for policymakers, school
administrators, and educational technology stakeholders seeking to implement Al tutoring in
low-resource environments. Specifically, Al tutoring systems can help reduce learning gaps,
enhance instructional quality, and support national digital education initiatives such as Nige-
ria’s ongoing education digitization agenda. Nevertheless, limitations remain, including the
short duration of intervention, the urban focus of the sample, and persistent infrastructural
vulnerabilities that restrict scalability.

Future research should pursue longitudinal and rural-based investigations, explore Al
adaptability under low-bandwidth conditions, and examine explainable Al (XAI) frameworks
to improve algorithmic transparency and trust. Additionally, such studies should adhere to
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national and international data protection standards such as the NDPA [20] and the GDPR,
ensuring that ethical safeguards evolve alongside technological innovation.

In conclusion, Al-based tutoring systems hold substantial potential to transform educa-
tional outcomes in developing contexts when implemented within supportive socio-technical
and ethical frameworks. When combined with adequate teacher training, infrastructural read-
iness, and transparent governance, Al can contribute meaningfully to equitable, scalable, and
context-sensitive educational improvement in Nigeria and beyond.

Author Contributions: Conceptualization: D.M.A.; Methodology: D.M.A.; Software:
D.M.A,; Validation: 1.O.O., J.N.N,, and C.O.; Formal analysis: D.M.A.; Investigation:
D.M.A,; Resources: D.M.A.; Data curation: D.M.A.; Writing—original draft preparation:
D.M.A.; Writing—review and editing: 1.O.O., JN.N.,, C.O., E]M., and T.K.; Visualization:
D.M.A.; Supervision: 1.O.O., J.N.N,, and C.O.; Project administration: D.M.A. All authors
have read and agreed to the published version of the manuscript.

Funding: No funding from any organization or individual

Data Availability Statement: Data will be provided on demand and should be channelled
to the corresponding author.

Acknowledgments: There was no external funding. Grammarly Al was used in spell check-
ing errors of the original draft manuscript.

Conflicts of Interest: There is no competing conflict of interest.

References

1]

[10]

(11]

[12]

[13]

[14]

V. J. Owan, C. O. Chukwu, V. U. Agama, T. J. Owan, J. O. Ogar, and I. ]. Etorti, ““Acceptance and use of artificial intelligence for
self-directed research learning among postgraduate students in Nigerian public universities,” Discov. Educ.,vol. 4, no. 1, p. 329, Aug.
2025, doi: 10.1007/s44217-025-00770-6.

G. Kestin, K. Miller, A. Klales, T. Milbourne, and G. Ponti, “Al tutoring outperforms in-class active learning: an RCT introducing
a novel research-based design in an authentic educational setting,” S¢i. Rep., vol. 15, no. 1, p. 17458, Jun. 2025, doi: 10.1038/s41598-
025-97652-6.

B. Bervell, D. O. Mireku, P. D. Dzamesi, E. B. Nimo, R. P. K. Andoh, and M. Segbenya, “Al Acceptance and Usage in Sub-Saharan
African Education: A Systematic Review of Literature,” J. Advocacy, Res. Edne.,vol. 12, no. 1, Apr. 2025, doi: 10.13187 /jare.2025.1.82.
O. . Omodara, “An Investigation of Teachers’ Awareness on the Usage of Technology Tools in Teaching and Learning in Public
Schools in Ekiti State, Nigeria,” Int. ]. Edw. Res, vol. 6, no. 4, pp. 10-19, 2023, [Online]. Available:
https:/ /ijojournals.com/index.php/et/article/view/ 668

S. Chen et al., “An integrated model for predicting pupils’ acceptance of artificially intelligent robots as teachers,” Educ. Inf. Technol.,
vol. 28, no. 9, pp. 11631-11654, Sep. 2023, doi: 10.1007/s10639-023-11601-2.

M. U. Habib, A. Sattar, M. J. Igbal, and S. Saleem, “AI Driven Tutoring vs. Human Teachers Examining the on Student Teacher
Relationship,” Rev. Appl. Manag. Soc. Sci., vol. 8, no. 1, pp. 363-374, Feb. 2025, doi: 10.47067 /ramss.v8il.466.

D. Aditya and P. C. Otermans, “A Review of Al-Enabled Personalised Teaching (2021-2025): Progress, Impact, and Future
Ditections,” J. Kenya Natl. Comm. UNESCO, Aug. 2025, doi: 10.62049/jkncu.v5i2.342.

M. A. Malik and R. Shah, “AT teachers (Al-based robots as teachers): history, potential, concerns and recommendations,” Front.
Educ., vol. 10, Feb. 2025, doi: 10.3389/feduc.2025.1541543.

A. Létourneau, M. Deslandes Martineau, P. Charland, J. A. Karran, J. Boasen, and P. M. Léger, “A systematic review of Al-driven
intelligent tutoring systems (I'TS) in K-12 education,” npj Sci. Learn., vol. 10, no. 1, p. 29, May 2025, doi: 10.1038/s41539-025-00320-
7.

W. Villegas-Ch, D. Buenano-Fernandez, A. M. Navarro, and A. Mera-Navarrete, “Adaptive intelligent tutoring systems for STEM
education: analysis of the learning impact and effectiveness of personalized feedback,” Swart Learn. Environ., vol. 12, no. 1, p. 41,
Jun. 2025, doi: 10.1186/s40561-025-00389-y.

Z. Liu, P. Agrawal, S. Singhal, V. Madaan, M. Kumar, and P. K. Verma, “LPITutor: an LLM based personalized intelligent tutoring
system using RAG and prompt engineering,” Peer] Comput. Sci., vol. 11, p. €2991, Aug. 2025, doi: 10.7717/peetj-cs.2991.

A. C.A and O. F.A, “Effect of Integrating Artificial Intelligence (AI) On the Teaching and Learning of Geometry Within Secondary
Schools in Ogun Central Senatorial Districts, Nigeria,” Int. J. Res. Innov. Soc. Sei, pp. 198-209, Sep. 2025, doi:
10.47772/IJRISS.2025.909000018.

A. A. Asanre, T. O. Taiwo, and T. A. Odupe, “Teachers’ Perception Towards the Integration of Attificial Intelligence in the
Teaching of Mathematics in Senior Secondary School,” J. Pendidik. Mat. dan Sains, vol. 12, no. 2, pp. 154-161, Nov. 2024, doi:
10.21831/jpms.v12i2.77349.

C. Merino-Campos, “The Impact of Artificial Intelligence on Personalized Learning in Higher Education: A Systematic Review,”
Trends High. Edune., vol. 4, no. 2, p. 17, Mar. 2025, doi: 10.3390/higheredu4020017.



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Adayilo, et al. 563

[15]
[10]

[17]

18]

[19]

[20]

[21]
[22]

(23]

[24]
[25]

[26]

[27]

28]
[29]

[30]

[31]
[32]
[33]
[34]

[35]

[30]

[37]

[38]
[39]

[40]

[41]

[42]

T. Son, “Intelligent Tutoring Systems in Mathematics Education: A Systematic Literature Review Using the Substitution,
Augmentation, Modification, Redefinition Model,” Computers, vol. 13, no. 10, p. 270, Oct. 2024, doi: 10.3390/computers13100270.
B. Bali, E. J. Garba, A. S. Ahmadu, K. T. Takwate, and Y. M. Malgwi, “Analysis of emerging trends in artificial intelligence for
education in Nigetia,” Discov. Artif. Intell., vol. 4, no. 1, p. 110, Dec. 2024, doi: 10.1007/s44163-024-00163-y.

Opyebola Olusola Ayeni, Nancy Mohd Al Hamad, Onyebuchi Nneamaka Chisom, Blessing Osawaru, and Ololade Elizabeth
Adewusi, “Al in education: A review of personalized learning and educational technology,” GSC Adp. Res. Rev., vol. 18, no. 2, pp.
261-271, Feb. 2024, doi: 10.30574/gscart.2024.18.2.0062.

J. D. W. Creswell and J. D. W. Creswell, Research Design: Qualitative, Quantitative, and Mixed Methods Approaches, Fifth. SAGE
Publications, 2022. Accessed: Jun. 10, 2021. [Online]. Available: https://us.sagepub.com/en-us/nam/research-design/book255675
A.-W. Ibrahim, A. A. Taura, A. Iliyasu, Y. O. Shogbesan, and S. A. Lukman, “Artificial Intelligence (Al): Perception and Utilization
of Al Technologies in Educational Assessment in Nigerian Universities,” Edukasiana ]. Inov. Pendidik., vol. 3, no. 3, pp. 367-380,
Jun. 2024, doi: 10.56916/ ¢jip.v3i3.763.

Federal =~ Republic  of  Nigeria,  “Nigeria  Data  Protection  Act, 2023  2023.  [Online].  Available:
https://cett.gov.ng/ngcert/resources/Nigetia_Data_Protection_Act_2023.pdf

European Union, “EU General Data Protection Regulation (GDPR), 2018.” 2018.

P. E. Smaldino ef al., “Information architectures: a framework for understanding socio-technical systems,” #pj Complex., vol. 2, no.
1, p. 13, Apt. 2025, doi: 10.1038/s44260-025-00037-z.

P. Arnau-Gonzilez, S. Solera-Monforte, Y. Wu, and M. Arevalillo-Herraez, “A framework for adapting conversational intelligent
tutoring systems to enable collaborative learning,” Experr Syst. Appl, vol. 271, p. 126663, May 2025, doi:
10.1016/j.eswa.2025.126663.

O. Kudina and I. van de Poel, “A sociotechnical system perspective on AL Minds Mach., vol. 34, no. 3, p. 21, Jun. 2024, doi:
10.1007/s11023-024-09680-2.

C.-C. Lin, A. Y. Q. Huang, and O. H. T. Lu, “Artificial intelligence in intelligent tutoring systems toward sustainable education: a
systematic teview,” Swart Learn. Environ., vol. 10, no. 1, p. 41, Aug. 2023, doi: 10.1186/540561-023-00260-y.

D. Bafieres, M. E. Rodriguez-Gonzalez, A.-E. Guerrero-Roldan, and P. Cortadas, “An eatly warning system to identify and
intervene online dropout learners,” Int. J. Edne. Technol. High. Educ., vol. 20, no. 1, p. 3, Jan. 2023, doi: 10.1186/s41239-022-00371-
5.

K. Alalawi, R. Athauda, and R. Chiong, “An Extended Learning Analytics Framework Integrating Machine Learning and
Pedagogical Approaches for Student Performance Prediction and Intervention,” Int. |. Artif. Intell. Edune., vol. 35, no. 3, pp. 1239—
1287, Sep. 2025, doi: 10.1007/s40593-024-00429-7.

S. Wang, F. Wang, Z. Zhu, J. Wang, T. Tran, and Z. Du, “Artificial intelligence in education: A systematic literature review,” Expert
Syst. Appl., vol. 252, p. 124167, Oct. 2024, doi: 10.1016/j.eswa.2024.124167.

J. Garzén, E. Patifio, and C. Marulanda, “Systematic Review of Artificial Intelligence in Education: Trends, Benefits, and
Challenges,” Multimodal Technol. Interact., vol. 9, no. 8, p. 84, Aug. 2025, doi: 10.3390/mti9080084.

M. Alanazi, A. Li, H. Samra, and B. Soh, “Examining the Influence of AI on Python Programming Education: An Empirical Study
and Analysis of Student Acceptance Through TAMS3,” Computers, vol. 14, no. 10, p. 411, Sep. 2025, doi:
10.3390/computers14100411.

R. Chugh e# al., “The Promise and Pitfalls: A Literature Review of Generative Artificial Intelligence as a Learning Assistant in ICT
Education,” Comput. Appl. Eng. Educ., vol. 33, no. 2, Mar. 2025, doi: 10.1002/ cae.70002.

M. Ilgun Dibek, M. Sahin Kursad, and T. Erdogan, “Influence of artificial intelligence tools on higher order thinking skills: a meta-
analysis,” Interact. Learn. Environ., vol. 33, no. 3, pp. 2216-2238, Mar. 2025, doi: 10.1080/10494820.2024.2402028.

J. N. Ndunagu, C. U. Ezeanya, B. O. Onuorah, J. C. Onyeakazi, and E. Ukwandu, “A Chatbot Student Support System in Open
and Distance Learning Institutions,” Computers, vol. 14, no. 3, p. 96, Mar. 2025, doi: 10.3390/computers14030096.

I. H. Y. Yim and J. Su, “Artificial intelligence (AI) learning tools in K-12 education: A scoping review,” J. Comput. Educ., Jan. 2024,
doi: 10.1007/s40692-023-00304-9.

C. N. Jatileni, S. Havu-Nuutinen, S. Péntinen, and J. Kukkonen, “Learning mathematics with personal mobile devices in school: a
multigroup invariance analysis of acceptance among students and teachers,” Front. Educ., vol. 9, Jul. 2024, doi:
10.3389/feduc.2024.1425779.

E. du Plooy, D. Casteleijn, and D. Franzsen, “Personalized adaptive learning in higher education: A scoping review of key
characteristics and impact on academic performance and engagement,” Heljyon, vol. 10, no. 21, p. ¢39630, Nov. 2024, doi:
10.1016/j.heliyon.2024.¢39630.

F. Al-Sayid and G. Kirkil, “Integrating Technology Acceptance Model With UTAUT to Increase the Explanatory Power of the
Effect of HCI on Students’ Intention to Use E-Learning System and Perceive Success,” IEEE Aeess, vol. 13, pp. 20720-20739,
2025, doi: 10.1109/ACCESS.2025.3534740.

F. D. Davis, “Perceived Usefulness, Perceived Ease of Use, and User Acceptance of Information Technology,” MIS Q., vol. 13,
no. 3, pp. 319-340, Sep. 1989, doi: 10.2307,/249008.

V. Venkatesh, M. G. Motris, G. B. Davis, and F. D. Davis, “User Acceptance of Information Technology: Toward A Unified
Viewl,” MIS Q., vol. 27, no. 3, pp. 425478, Sep. 2003, doi: 10.2307/30036540.

Harriet Akudo, Agbarakwe and C. Ozioma Ogbonna, “Leveraging Artificial Intelligence for Enhanced Assessment and Feedback
Mechanisms in Nigeria Higher Education System,” Int. ]. Res. Innov. Soc. Sei, vol. VIII, no. IX, pp. 142-151, 2024, doi:
10.47772/1JRISS.2024.809012.

V. Braun and V. Clarke, “Using thematic analysis in psychology,” Qual. Res. Psychol., vol. 3, no. 2, pp. 77-101, Jan. 20006, doi:
10.1191/1478088706qp0630a.

O. T. Adigun, F. A. Tijani, C. K. Hathambo, and S. L. Enock, “Understanding pre-service teachers’ intention to adopt and use
artificial intelligence in Nigetian inclusive classtooms,” Front. Educ., vol. 10, Feb. 2025, doi: 10.3389/feduc.2025.1519472.



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Adayilo, et al. 564

[43]

[44]
[45]
[40]

[47]

48]
[49]
[50]

[51]

H. Wang ¢z al., “Examining the applications of intelligent tutoring systems in real educational contexts: A systematic literature review
from the social experiment petspective,” Educ. Inf. Technol.,vol. 28, no. 7, pp. 9113-9148, Jul. 2023, doi: 10.1007/s10639-022-11555-
X.

A. W. Fodouop Kouam, “The effectiveness of intelligent tutoring systems in supporting students with varying levels of
programming expetience,” Discov. Edune., vol. 3, no. 1, p. 278, Dec. 2024, doi: 10.1007/s44217-024-00385-3.

Y. M. Hemmler and D. Ifenthaler, “Self-regulated learning strategies in continuing education: A systematic review and meta-
analysis,” Educ. Res. Rev., vol. 45, p. 100629, Nov. 2024, doi: 10.1016/j.edurev.2024.100629.

M. Giannakos ef al., “The promise and challenges of generative Al in education,” Behav. Inf. Technol., vol. 44, no. 11, pp. 2518-2544,
Jul. 2025, doi: 10.1080/0144929X.2024.23948806.

D. M. Adayilo, I. O. Oyefolahan, C. Otuya, E. O. Ladan, and J. N. Ndunagu, “Developing and Deploying Contextually Relevant
Al Teaching Assistant with Moodle in Nigerian Higher Education,” in Proceedings of the 2025 Moodlenoot Afica Conference on Leveraging
the Power of Disruptive Technologies for Africa’s Educational Transformation, Oct. 2025. [Online]. Available: https://easychair.org/smart-
slide/slide/xkhz#%7Bsn:1%7D

N. L. Schroeder, R. F. Siegle, and S. D. Craig, “A meta-analysis on learning from 360° video,” Comput. Educ., vol. 206, p. 104901,
Dec. 2023, doi: 10.1016/j.compedu.2023.104901.

E. P. Ezeoguine and S. Eteng-Uket, “Artificial intelligence tools and higher education student’s engagement,” Edukasiana . Inov.
Pendidik., vol. 3, no. 3, pp. 300-312, Jun. 2024, doi: 10.56916/ ¢jip.v3i3.733.

W. Ma, O. O. Adesope, J. C. Nesbit, and Q. Liu, “Intelligent tutoring systems and learning outcomes: A meta-analysis.,” . Edue.
Psychol., vol. 106, no. 4, pp. 901-918, Nov. 2014, doi: 10.1037/20037123.

K. Sperling, C.-J. Stenberg, C. McGrath, A. Akerfeldt, F. Heintz, and L. Stenliden, “In search of artificial intelligence (Al) literacy
in teacher education: A scoping review,” Comput. Educ. Open, vol. 6, p. 100169, Jun. 2024, doi: 10.1016/j.cac0.2024.100169.



