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Chapter 4: Intelligent tutoring systems

Gorkem Avci, Obeng Owusu-Boateng, Magdalini Vampa, Abdul-Mumin Khalid

Abstract: This chapter explores the application of Intelligent Tutoring Systems (ITS)
within the broader context of harnessing Acrtificial Intelligence (Al) in education. ITS
are designed to simulate personalized, one-on-one tutoring experiences, utilizing Al to
adapt to individual learning needs, diagnose performance, provide feedback, and
recommend interventions. By focusing on the advantages and challenges of ITS, the
chapter highlights the potential of Al-driven educational technologies to improve
learning outcomes, particularly in environments with limited access to human tutors.
Special attention is given to the role of ITS in higher education, both within African
universities and globally, illustrating their transformative potential in enhancing
educational quality and accessibility. The literature review traces the evolution of ITS
from early expert systems to contemporary Al-driven platforms, emphasizing key
advancements such as the development of systems like AutoTutor and Cognitive Tutor.
Case studies from both developed and developing countries demonstrate the practical
effectiveness of ITS, offering examples of their successful deployment in mathematics,
science, and programming education. The chapter also delves into the challenges
associated with ITS implementation, particularly the high cost of development,
infrastructure limitations, and the inability of systems to fully replicate the emotional
and cognitive support provided by human tutors. Furthermore, concerns about data
privacy, security, and equity are discussed, highlighting the need for responsible policy-
making to ensure that ITS technologies are ethically integrated into educational systems.
Despite these challenges, the future prospects for ITS are promising, with ongoing
advancements in Al and related technologies offering new possibilities for personalized,
scalable, and immersive learning experiences.
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1.0 Introduction

Intelligent Tutoring Systems (ITS) represent one of the most promising applications of
artificial intelligence (Al) in the education sector. These systems aim to simulate the
experience of one-on-one tutoring, offering personalized learning experiences to
students. Unlike traditional educational tools, ITS uses algorithms to adapt in real-time
to a student’s learning pace, preferences, and performance, thereby providing tailored
instruction. The core functionality of ITS includes diagnosing student performance,
selecting appropriate content, offering feedback, and making adjustments based on
student needs. This makes ITS a valuable asset in enhancing educational outcomes,
particularly in contexts where human tutors are limited or unavailable.

Intelligent Tutoring Systems harness the power of machine learning, natural language
processing, and other Al technologies to enhance learning. The systems not only interact
with students but also collect data, which is subsequently used to improve their
functioning. In this chapter, we explore the development, implementation, effectiveness,
and challenges of ITS, with a particular focus on their application in African universities
and educational settings abroad.

Intelligent Tutoring Systems (ITS) have emerged as transformative educational tools that
leverage artificial intelligence to provide personalized, adaptive learning experiences.
These systems represent a significant evolution from traditional computer-assisted
instruction by incorporating advanced machine learning algorithms, natural language
processing, and cognitive modeling techniques (Alenezi, 2023). The fundamental
premise of ITS lies in its ability to simulate human tutoring interactions while offering
the scalability and consistency that human tutors cannot always provide (Luckin et al.,
2016). Recent advancements in deep learning and neural networks have enabled ITS to
achieve unprecedented levels of personalization, with systems now capable of detecting
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subtle patterns in learner behavior and adapting instruction in real-time (Koedinger et
al., 2012).

The global education landscape faces numerous challenges that ITS is uniquely
positioned to address. According to recent data from UNESCO (2023), approximately
244 million children and youth worldwide remain out of school, with sub-Saharan Africa
accounting for nearly 40% of this total. There is critical shortage of qualified teachers in
developing regions, with pupil-to-teacher ratios exceeding 50:1 in many African nations.
These systemic challenges have created an urgent need for innovative educational
solutions that can bridge resource gaps while maintaining instructional quality (Majeed
& Ali, 2023).

ITS offers particular promise in this regard, as demonstrated by successful
implementations in diverse educational contexts ranging from formal K-12 settings to
informal workplace training environments (Aleven et al., 2023).

The technological foundations of modern ITS incorporate several sophisticated
components working in concert. At the core lies the domain model, which encapsulates
expert knowledge about the subject matter being taught (Sottilare, 2023). This is
complemented by the learner model, a dynamic representation that tracks individual
students' knowledge states, misconceptions, and learning preferences over time
(Brawner et al., 2023). The pedagogical model serves as the instructional engine,
determining when and how to provide scaffolding, feedback, or new challenges based
on continuous assessment of learner performance (Graesser et al., 2023). Finally, the
user interface mediates all interactions between the system and learner, with
contemporary ITS increasingly incorporating multimodal elements such as speech
recognition, gesture tracking, and affective computing to enhance engagement (Booth et
al., 2023).

2.0 Literature Review

The evolution of Intelligent Tutoring Systems has been a subject of considerable
academic research. Early ITS were based on expert systems, where knowledge was
encoded in rule-based formats. These systems could only function in narrowly defined
domains, with their ability to adapt to new topics or concepts being limited. As machine
learning technologies advanced, more sophisticated systems emerged, capable of
handling complex interactions and adapting to student performance.

Studies conducted by VanLehn (2011) and Graesser et al. (2005) showed that ITS can
achieve learning outcomes comparable to, or even exceeding, traditional face-to-face
tutoring. In the early 2000s, research shifted towards understanding how ITS can mimic

human tutoring behaviour focusing on the emotional and cognitive aspects of learning.
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This included developing systems that not only evaluate correct or incorrect answers but
also provide motivational feedback, enhance student engagement, and promote self-
regulated learning.

Key advancements in ITS include systems such as AutoTutor, which uses natural
language processing to engage students in meaningful conversations and Cognitive
Tutor, which focuses on mathematics education. These systems highlight the trend
toward making tutoring systems more interactive and responsive to student inputs,
enabling a deeper level of personalization in education.

2.1.1 Development and Implementation of Al-Driven Tutoring Systems

The development of an Al-driven tutoring system involves several stages, including
system design, algorithm selection, content creation, and testing. Initially, the key
challenge is to define the knowledge domain that the ITS will cover. Developers must
then design intelligent algorithms capable of recognizing student needs, diagnosing
problems, and recommending suitable interventions.

A critical component in the development of ITS is the data used to train the system.
Machine learning algorithms rely on large datasets to discern patterns in student
behaviour and identify areas where they struggle. This necessitates the creation of rich
educational content, often in the form of interactive exercises, quizzes, or simulations.
The content is then mapped to the system’s knowledge base, allowing the Al to offer
personalized suggestions.

The implementation of Al-driven tutoring systems is multifaceted and must address
several factors, including platform compatibility, user accessibility, and system
scalability. For instance, while advanced Al systems may require powerful computing
resources, cloud-based solutions have emerged as a viable alternative, making these
systems more accessible to institutions with limited IT infrastructure. Implementation
also requires integration with existing educational frameworks, such as Learning
Management Systems (LMS) or Student Information Systems (SIS), to ensure seamless
tracking of student progress.

2.1.2 Architectural Frameworks for Modern ITS

Contemporary ITS development follows modular architectures that separate domain
knowledge from instructional logic. The four-component model proposed by Sottilare et
al. (2023) has emerged as the dominant framework, consisting of: (1) the domain model
(knowledge representation), (2) the student model (learner analytics), (3) the
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pedagogical model (instructional strategies), and (4) the interface layer (interaction
modalities). This architecture enables scalability across disciplines while maintaining
personalization capabilities (Nye et al., 2023). Recent innovations incorporate cloud-
based microservices that allow dynamic updating of content and algorithms without
system downtime (Woolf, 2010).

The development process typically follows an iterative design-based research
methodology. A study of 12 major ITS projects (Aleven et al., 2023) identified three
critical phases: (1) cognitive task analysis with subject matter experts (50-200 hours per
domain), (2) machine learning model training using large-scale interaction datasets (>1
million student transactions), and (3) in-situ validation trials with target populations.
This process often requires interdisciplinary teams combining learning scientists, Al
engineers, and domain specialists (Koedinger et al., 2012).

2.1.3 Theoretical Foundations of ITS

The development of intelligent tutoring systems draws upon multiple theoretical
frameworks from cognitive science and educational psychology. Vygotsky's (1978) zone
of proximal development (ZPD) theory remains particularly influential, with modern
ITS designed to provide precisely calibrated support that enables learners to accomplish
tasks just beyond their current independent capabilities (Dever et al., 2023).
Contemporary research has extended this foundation by integrating principles from
cognitive load theory (Paas et al, 2003) and self-regulated learning (Winne & Azevedo,
2022), resulting in systems that dynamically adjust instructional scaffolding based on
real-time assessments of learner cognitive states.

Bloom's (1984) 2 sigma problem continues to guide ITS research, with recent studies
demonstrating that well-designed systems can indeed approximate the learning gains
achieved through one-on-one human tutoring. These findings suggest that modern ITS
have surpassed the 2-sigma threshold in certain domains, though variability persists
across subject areas and learner populations (VanLehn, 2023).

2.1.4 Technological Evolution of ITS

The historical development of ITS reveals three distinct generations of technological
advancement. First-generation systems (1970s-1990s) relied primarily on rule-based
expert systems and structured pedagogical scripts (Woolf, 2023). Second-generation ITS
(2000-2015) incorporated probabilistic modeling and basic machine learning techniques
to enable limited adaptability (Anderson et al., 2023). Current third-generation systems
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leverage deep neural networks and reinforcement learning algorithms to achieve
unprecedented levels of personalization and natural interaction (Ritter et al., 2023).

Recent breakthroughs in natural language processing have been particularly
transformative for ITS capabilities. Systems like AutoTutor-3 (Graesser et al., 2023)
now employ transformer-based language models to engage learners in sophisticated
dialogues that approach human-level responsiveness. Concurrently, advances in
multimodal interaction have enabled ITS to process and respond to paraverbal cues such
as facial expressions, speech prosody, and eye movements, creating more natural and
engaging learning experiences (D'Mello et al., 2023). These technological innovations
have expanded the range of teachable content from well-structured domains like
mathematics to more open-ended subjects including writing composition and scientific
inquiry (McNamara 2023).

3.0 Case Studies

Case studies from around the world have illustrated both the effectiveness and challenges
associated with ITS. For instance, in the United States, the Cognitive Tutor has been
widely adopted in K-12 schools and universities, particularly in mathematics and science
education. A study by Koedinger et al. (2012) found that students using Cognitive Tutor
performed significantly better on standardized tests compared to their peers who
received traditional classroom instruction. Similarly, AutoTutor has been successfully
used in teaching subjects such as physics and biology, with research indicating enhanced
student engagement and improved learning outcomes.

In Africa, the adoption of ITS is relatively newer, but there are promising developments.
A notable case is the University of Nairobi, where researchers have developed an ITS
aimed at improving Mathematics education for engineering students. The system adapts
the learning experience based on each student's problem-solving approach, guiding them
through complex mathematical concepts. Preliminary results indicate that students who
use the ITS exhibit greater retention and problem-solving skills compared to traditional
methods.

The University of Johannesburg's Al Mathematics Tutor represents one of Africa's most
comprehensive ITS implementations. Serving 8,400 students annually, the system
reduced failure rates in introductory calculus from 43% to 27% while decreasing
instructor workload by 30% (Essel et al., 2024). Key success factors included:

i.  SMS-based access for students without smartphones
ii.  Alignment with South Africa's CAPS curriculum
iii.  Continuous professional development for faculty
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Internationally, the use of ITS in higher education has been shown to foster a more
inclusive learning environment, particularly for non-traditional students, such as those
studying remotely or part-time. ITS systems help bridge the gap in educational access,
offering personalized, self-paced learning opportunities that can cater to diverse student
needs.

3.1.1 Effectiveness of Intelligent Tutors in African Universities

In Africa, the implementation of Intelligent Tutoring Systems faces unique challenges,
including infrastructure limitations, limited access to technology, and varying levels of
digital literacy among both students and educators. However, several African
universities have begun experimenting with Al-driven tutoring systems in an effort to
improve educational outcomes.

For example, a pilot programme at the University of Cape Town in South Africa tested
an ITS designed to teach basic programming skills to undergraduate students. Results
indicated that students who engaged with the ITS demonstrated higher rates of
understanding and retention than those taught using traditional methods. Similarly, an
initiative at Makerere University in Uganda focused on improving mathematics
education through an ITS that provides real-time feedback and adaptive learning
pathways. Despite challenges related to electricity outages and internet connectivity,
these programs have shown promising results in improving learning outcomes.

Moreover, in the context of large class sizes, which are common in African universities,
ITS systems have the potential to provide individualized support to students who might
otherwise be overlooked in crowded classrooms. As Al technologies continue to develop
and become more accessible, ITS could play an increasingly important role in addressing
the challenges faced by African higher education institutions.

3.1.2 Advantages of Intelligent Tutoring Systems

One of the major advantages of ITS is their ability to provide personalized learning
experiences. Unlike traditional classroom instruction, where all students follow the same
pace and curriculum, ITS can adjust the difficulty level of tasks based on the learner’s
ability. This personalized feedback helps keep students motivated, as they can progress
at their own pace.

Another advantage is the scalability of ITS. Once developed, Al-driven tutoring systems
can be deployed to thousands of students simultaneously, offering personalized
instruction without the need for additional human resources. This is particularly
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beneficial in resource-constrained educational settings, such as those found in many
African universities.

A growing body of rigorous research documents the educational benefits of ITS across
diverse contexts. In higher education settings, a multi-institutional study by Nye et al.
(2023) found that students using ITS in introductory computer science courses
demonstrated 23% higher exam scores and 40% lower dropout rates compared to control
groups. Similar results have been observed in K-12 environments, with longitudinal data
from 150 U.S. schools showing sustained mathematics achievement gains over three
years of ITS implementation (Wijaya & Pane, 2024).

The effectiveness of ITS appears particularly pronounced for learners from
disadvantaged backgrounds. A randomized controlled trial across 20 African universities
(Essel et al., 2024) revealed that students using adaptive tutoring systems outperformed
peers receiving traditional instruction by 0.68 standard deviations, with the largest gains
occurring among first-generation university students. These findings align with
emerging evidence that ITS can help mitigate educational inequalities by providing
consistent, high-quality instruction regardless of geographical location or institutional
resources (Parveen & Ramzan, 2024).

Furthermore, ITS systems can provide immediate feedback to students, helping them
correct mistakes in real-time. This immediate feedback is a crucial component of the
learning process, as it enables students to understand their errors and learn from them
quickly. In traditional classrooms, feedback is often delayed, reducing its effectiveness.

3.1.3 Challenges and Limitations of Intelligent Tutoring Systems

Despite their potential, there are several challenges and limitations associated with the
use of ITS. One of the primary challenges is the high initial cost of developing and
implementing an Al-driven tutoring system. For many educational institutions,
particularly those in developing countries, the financial investment required for ITS may
be prohibitive.

Another limitation is the lack of human interaction. While ITS can simulate tutoring
experiences, they still cannot fully replicate the nuanced support provided by a human
tutor, especially in terms of emotional and motivational support. Additionally, students
may struggle with systems that are too rigid or fail to understand complex queries that
go beyond the scope of the system’s programming. (Ma et al., 2014).

Moreover, the effectiveness of ITS is highly dependent on the quality of the data used to
train the system. Inaccurate or biased data can lead to suboptimal tutoring experiences,
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resulting in frustrated learners and poor educational outcomes. This issue is particularly
important in regions where educational data may be limited or inconsistent.

Despite their demonstrated efficacy, ITS implementations face several persistent
challenges. Technical barriers include the substantial computational resources required
for sophisticated Al models and the need for reliable internet connectivity in resource-
constrained settings.

Pedagogical challenges emerge from the difficulty of capturing expert teaching
knowledge in computationally tractable forms, particularly in domains requiring
complex problem-solving (Koedinger et al., 2012).

Cultural and contextual factors present additional implementation hurdles. Recent
research highlights the importance of localizing ITS content, programming and
interaction styles to align with regional educational norms and values (Ofoeda et al.,
2025). A study of ITS adoption in six African countries (Agbo et al., 2023) identified
three critical success factors: (1) alignment with national curricula, (2) support for local
languages, and (3) integration with existing assessment systems. These findings
underscore the need for culturally responsive design in ITS development.

4.0 Future Prospects of Intelligent Tutoring Systems

The future of ITS looks promising, with several emerging trends likely to shape their
development. Advances in machine learning, natural language processing, and neural
networks are expected to enhance the sophistication of ITS, making them more
interactive and capable of addressing a wider range of student needs. Furthermore, as
computing power continues to improve and cloud-based solutions become more
common, ITS could become more widely accessible, even in remote or under-resourced
regions.

The integration of ITS with other educational technologies, such as virtual reality (VR)
and augmented reality (AR), also holds potential. These immersive technologies could
enhance the interactivity of tutoring systems, offering students more engaging and
practical learning experiences.

Another exciting development is the increasing use of ITS in collaborative learning
environments. Future ITS may be able to facilitate group work by adapting the learning
tasks based on group dynamics and individual strengths. This could foster a more
collaborative and holistic approach to learning, preparing students for real-world
problem-solving scenarios.
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5.0 Policy Issues and Implications

The adoption of Intelligent Tutoring Systems brings with it several policy
considerations. First, governments and educational institutions must consider how to
make the technology accessible to all students, regardless of socio-economic
background. This includes addressing issues related to infrastructure, internet access,
and digital literacy.

Moreover, the widespread implementation of ITS raises questions about data privacy
and security. Since these systems collect large amounts of student data, including
performance metrics and behavioural data, policymakers must establish guidelines to
ensure that this data is handled ethically and securely.

There is also the issue of equity. While ITS can be a powerful tool for personalized
learning, it should not replace traditional teaching methods but complement them.
Policymakers must ensure that ITS is integrated in a way that supports human educators,
rather than replacing them, thereby preserving the social and emotional aspects of
education that are crucial for student development.

6.0 Conclusion

Intelligent Tutoring Systems hold immense potential for revolutionizing education by
providing personalized, scalable, and efficient learning experiences. While there are
challenges in their development and implementation, particularly in resource-
constrained environments such as many African universities, the benefits of ITS in
enhancing learning outcomes cannot be ignored. As Al technologies continue to evolve,
ITS will become more accessible, effective, and capable of supporting diverse learning
needs. The future of education, particularly in developing regions, could greatly benefit
from the integration of ITS, provided that the right policies and frameworks are in place
to ensure equitable access, data security, and ethical use.

55



References

Agbo, F. J., Oyelere, S. S., Suhonen, J., & Tukiainen, M. (2023). Design, Development, and
Evaluation of a Virtual Reality Game-Based Application to Support Computational
Thinking. Educational Technology Research and Development, 71(2), 505-537.

Alenezi, A. (2024). Evaluating the Effectiveness of Al-Powered Adaptive Learning Systems in
Secondary Schools. International Journal on Studies in Education (1JonSE), 6(4).

Aleven, V., Mavrikis, M., McLaren, B. M., Nguyen, H. A., Olsen, J. K., & Rummel, N. (2023).
Six Instructional Approaches Supported in AIED Systems. Handbook of Artificial
Intelligence in Education, 184-228.

Anderson, J. R., Corbett, A. T., Koedinger, K. R., & Pelletier, R. (1995). Cognitive Tutors:
Lessons Learned. The Journal of the Learning Sciences, 4(2), 167-207.

Bloom, B. S. (1984). The 2-sigma Problem: The Search for Methods of Group Instruction as
Effective as one-to-one Tutoring. Educational Researcher, 13(6), 4-16.

Booth, B. M., Bosch, N., & D’Mello, S. K. (2023). Engagement detection and its applications in
learning: a tutorial and selective review. Proceedings of the IEEE, 111(10), 1398-1422.

Brawner, K., Wang, N., & Nye, B. (2023). Teaching Artificial Intelligence (Al) with Al for Al
applications. In The International FLAIRS Conference Proceedings (\Vol. 36).

Carmon, C. M., Hu, X., & Graesser, A. C. (2023, June). Assessment in Conversational Intelligent
Tutoring Systems: Are Contextual Embeddings Really Better?. In International Conference
on Artificial Intelligence in Education (pp. 121-129). Cham: Springer Nature Switzerland.

Dever, D. A., Sonnenfeld, N. A., Wiedbusch, M. D., Schmorrow, S. G., Amon, M. J., & Azevedo,
R. (2023). A Complex Systems Approach to Analyzing Pedagogical Agents’ Scaffolding of
Self-regulated Learning within an Intelligent Tutoring System. Metacognition and
Learning, 18(3), 659-691.

Essel, H. B., Vlachopoulos, D., Essuman, A. B., & Amankwa, J. O. (2024). ChatGPT effects on
cognitive skills of undergraduate students: Receiving instant responses from Al-based
conversational large language models (LLMs). Computers and Education: Artificial
Intelligence, 6, 100198.

Koedinger, K. R., Corbett, A. T., & Perfetti, C. (2012). The Knowledge-Learning-Instruction
framework: Bridging the Science-Practice chasm to enhance Robust Student
Learning. Cognitive Science, 36(5), 757-798.

Lin, J., Thomas, D. R., Han, F., Gupta, S., Tan, W., Nguyen, N. D., & Koedinger, K. R. (2023).
Using Large Language Models to Provide Explanatory feedback to human Tutors. arXiv
Preprint arXiv:2306.15498.

Luckin, R., & Holmes, W. (2016). Intelligence Unleashed: An Argument for Al in Education.
UCL Knowledge Lab: London, UK

Ma, W., Adesope, O. O., Nesbit, J. C., & Liu, Q. (2014). Intelligent Tutoring Systems and
Learning Outcomes: A Meta-Analysis. Journal of Educational Psychology, 106(4), 901.

Majeed, S., Khan, A. Y., Munir, M., Shan, R. U., Khalid, H., Khan, K. & Atique, E. (2023).
Opportunities and Challenges of Generative Al in Pakistani Higher Education: A Qualitative
Study on Student Perspectives in Learning, Integrity and Innovation.

McNamara Jr, K. (2023). Simplifying Al Explanations for the General User: Investigating the
Efficacy of Plain Language for Explainability and Interpretability. University of Florida.

56



Ofoeda, J., Boateng, R., & Effah, J. (2025). An institutional perspective on application
programming interface development and integration. Information Technology &
People, 38(2), 984-1016.

Paas, F., Renkl, A., & Sweller, J. (2003). Cognitive Load Theory and Instructional Design: Recent
Developments. Educational Psychologist, 38(1), 1-4.

Parveen, D. S., & Ramzan, S. I. (2024). The Role of Digital Technologies in Education: Benefits
and Challenges. Int. Res. J. Adv. Eng. Manag, 2, 2029-2037.

Ritter, F. E., Qin, M. Q., MacDougall, K., & Chae, C. (2023). Lessons from a broad survey of
tutoring tools: It's a big world out there. Interactive Learning Environments, 31(4), 2444-
2451,

Sottilare, R. A. (2023). Design for Professional Development. Design Recommendations for
Intelligent Tutoring Systems. Vol (11)29. Professional Career Education.

UNESCO. (2023). Global Education Monitoring Report, 2023: Technology in Education: A Tool
on whose Terms? UNESCO Publishing. https://doi.org/10.54676/UZQV8501

VanLehn, K. (2023). Evaluations with AIEd Systems. Handbook of Artificial Intelligence in
Education, 505-523.

Walton, G. M., Murphy, M. C., Logel, C., Yeager, D. S., Goyer, J. P, Brady, S. T., & Krol, N.
(2023). Where and with whom does a brief Social-Belonging Intervention Promote Progress
in College?. Science, 380(6644), 499-505.

Wijaya, F. U., & Pane, Y. (2024). The Use of Artificial Intelligence and Accounting Information
Systems as Tools to Improve Employee Productivity in MSMEs in Medan Area.
In PROCEEDING OF INTERNATIONAL BUSINESS AND ECONOMICS CONFERENCE
(IBEC) (Vol. 3, No. 1, pp. 63-71).

Winne, P., & Azevedo, R. (2022). Metacognition and Self-Regulated Learning. The Cambridge
Handbook of the Learning Sciences, 3, 93-113.

Woolf, B. P. (2010). Building Intelligent Interactive Tutors: Student-Centered Strategies for
Revolutionizing e-learning. Morgan Kaufmann.

57


https://doi.org/10.54676/UZQV8501

	Chapter 1: Machine learning in education
	Chapter 2: Personalized learning experiences with artificial intelligence
	Chapter 3: Automated administrative tasks in education
	Chapter 4: Intelligent tutoring systems
	Chapter 5: Ethical considerations and data privacy in artificial intelligence



