
iJIM | Vol. 18 No. 4 (2024) International Journal of Interactive Mobile Technologies (iJIM) 81

iJIM | eISSN: 1865-7923 | Vol. 18 No. 4 (2024) | 

JIM International Journal of 

Interactive Mobile Technologies 

Baba, K., El Faddouli, N.-E., Cheimanoff, N. (2024). Mobile-Optimized AI-Driven Personalized Learning: A Case Study at Mohammed VI Polytechnic  
University. International Journal of Interactive Mobile Technologies (iJIM), 18(4), pp. 81–96. https://doi.org/10.3991/ijim.v18i04.46547

Article submitted 2023-10-06. Revision uploaded 2023-11-29. Final acceptance 2023-12-14.

© 2024 by the authors of this article. Published under CC-BY.

Online-Journals.org

PAPER

Mobile-Optimized AI-Driven Personalized Learning: 
A Case Study at Mohammed VI Polytechnic University

ABSTRACT
With the rise of mobile learning platforms, it has become increasingly evident that individuals 
require personalized experiences that are tailored to the strengths and limitations of mobile 
devices. The present study explores the significant impact that personalized mobile learn-
ing environments, powered by artificial intelligence (AI), could have. This study specifically 
evaluates the impact of an AI-driven personalized educational platform, designed for mobile 
devices, on the academic achievement and educational progress of students at Mohammed 
VI Polytechnic University. The platform, designed for mobile devices, allows instructors to 
easily upload information. Learners can interact with an AI mentor through a chat interface 
that is seamlessly integrated into their mobile course materials. The system, constructed using 
cutting-edge technologies such as Langchain, Pinecone, and the LLM Model, excels at pro-
viding personalized, real-time feedback and support for learners who are frequently mobile. 
This study compared two groups of students. One group had access to a mobile personalized 
learning platform powered by AI, whereas the control group did not have access to it. We 
conducted a comparative analysis of mobile educational experiences, levels of engagement, 
and academic outcomes across these groups. In addition, qualitative feedback was gathered 
from educators and students to evaluate the mobile usability and effectiveness of the system. 
The results of our study demonstrate that the AI-driven mobile-tailored learning system sig-
nificantly improves the experience of mobile learners. The increased levels of engagement, 
improved understanding, and superior academic achievements support our claim. This study 
not only supports the potential of AI-driven personalized mobile learning in higher education 
but also emphasizes the importance of continuous innovation to improve its usefulness and 
effectiveness.
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1	 INTRODUCTION

Significant transformation is evident, as there is a shift away from conventional, 
uniform teaching methods towards more customized and adaptable approaches [1]. 
The concept of personalized learning acknowledges the diverse requirements, com-
petencies, and learning styles of learners and aims to tailor educational experiences 
accordingly [2]. According to [3], the fundamental concept of personalized learning 
is to provide learners with customized instruction, feedback, and support, thereby 
helping them reach their full potential and improve their academic achievements.

1.1	 Overview	of	artificial	intelligence-driven	personalized	learning	systems

The significance of personalized learning in the field of education can be 
attributed to various factors. The initial point of discussion pertains to accommo-
dating a diverse population of students with distinct learning preferences, cogni-
tive aptitudes, and prior knowledge [4]. Through customizing the learning process, 
educators can effectively provide students with personalized support and resources 
that meet their individual needs [5]. Research has shown that this specific method 
enhances engagement and motivation among learners, as they feel a stronger 
connection to the subject matter and a sense of ownership over their educational 
development [6].

Personalized learning fosters a learner-centric approach to education, enabling 
students to take responsibility for their learning and develop essential skills such as 
self-regulation, critical thinking, and problem-solving [7]. The focus on active learn-
ing and metacognition, supported by collaborative experiential learning methods, 
aims to equip students with the essential skills to succeed in a rapidly evolving world 
driven by technological advancements [8] [9].

The emergence of digital technologies and data-driven analytics has facilitated 
the development of advanced personalized learning systems [10]. The systems 
mentioned above use artificial intelligence (AI) and machine learning algorithms to 
analyze large amounts of student data, providing instant feedback and adaptively 
adjusting the learning path based on individual progress [11]. The integration of AI 
in the field of education has accelerated the adoption of personalized learning, offer-
ing flexible options that have the potential to revolutionize the approach to teaching 
and learning [12] [13].

1.2	 Objective	and	research	questions

The present study aims to investigate the impact of an AI-based personalized 
learning platform on the academic performance and learning experience of students 
at Mohammed VI Polytechnic University. The system being considered facilitates the 
process of teachers uploading course materials and allows students to interact with 
an intelligent tutor through a chat interface integrated within the course documents. 
The system utilizes advanced technologies such as Langchain, Pinecone, and the 
LLM Model to provide customized and instant feedback and assistance. Through an 
assessment of the effectiveness of this innovative methodology, our goal is to make a 
valuable contribution to the growing body of literature on personalized instruction 
and its potential implications for the future of teaching.
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2	 LITERATURE	REVIEW

The rapid advancements in the field of AI have enabled the development of vari-
ous methods for personalizing education. The methods have been specifically devel-
oped to enhance the process of acquiring knowledge by providing personalized 
feedback, adaptable learning paths, and customized materials that are tailored to the 
diverse needs and preferences of learners [11]. Scholars have explored different per-
sonalization techniques that leverage AI, including intelligent tutoring systems (ITS), 
adaptive learning platforms, and recommendation systems [14] [15] [16]. Research 
has shown that integrating AI into personalized learning can lead to significant 
improvements in learning outcomes, learner engagement, and satisfaction [12] [6].

2.1	 The	role	of	intelligent	tutoring	systems	and	chat	interfaces

Intelligent tutoring systems have been recognized as a highly effective approach 
for implementing personalized learning [14]. The aforementioned systems utilize AI 
methods to provide customized guidance, assessment, and support by adapting to 
the learner’s needs and progress [17]. According to VanLehn’s research, the imple-
mentation of ITSs has been found to enhance educational achievement by providing 
personalized, real-time feedback and guidance to learners [18].

Chat interfaces have become increasingly prominent in the realm of personal-
ized learning due to their ability to facilitate seamless interaction between learn-
ers and intelligent tutors, as well as ITS [19]. The interfaces facilitate students’ 
ability to engage in natural language dialogues with their instructors, replicating 
a personalized interaction with a human educator [20]. Chat interfaces have been 
found to enhance the personalized learning experience by allowing learners to ask 
questions and receive targeted support tailored to their individual concerns and 
misunderstandings [19] [21].

2.2	 Technologies	used	in	AI-based	personalized	learning	(Langchain,	
Pinecone,	and	LLM	model)

The integration of state-of-the-art AI technologies into personalized learning  
systems has led to more sophisticated and effective solutions. The LangChain frame-
work is an advanced tool designed to simplify the development of language model- 
driven applications. The underlying assumption is that the most impactful and 
unique use cases will extend beyond basic interaction with a language model via an 
application programming interface (API). Instead, they will demonstrate two essen-
tial competencies: having an awareness of data and being proactive.

The concept of being data-aware refers to the ability of applications to effectively 
integrate and interact with various data sources. The mentioned capability allows 
the language models to use additional data, which creates a more comprehensive 
framework and enables more advanced responses.

The term “agentic” refers to the ability of language models to actively engage in 
interactions with their surroundings. The nature of this interaction can manifest 
in various ways, including environmental modification, decision-making based on 
environmental factors, and the acquisition of knowledge from these interactions to 
shape future responses.

https://online-journals.org/index.php/i-jim


 84 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 18 No. 4 (2024)

Baba et al.

In summary, LangChain is an innovative framework that enhances the capa-
bilities of language model-driven applications by giving those data awareness and 
agency, ultimately optimizing their effectiveness and utility.

According to [22], the vector search engine enables the efficient and accurate 
retrieval of relevant information based on user queries and preferences. According 
to [23], the LLM Model, which is a large-scale language model, has the ability to gen-
erate text that is similar to human language and understand complex language struc-
tures. As a result, it is well-suited for providing personalized guidance and support.

According to [12], integrating various technologies into personalized learn-
ing systems has the potential to enhance their efficiency, adaptability, and ability 
to accommodate a broader audience, leading to more precise and context-specific 
personalization. According to [16], the adoption of a hybrid recommendation strat-
egy, which is grounded in the recognition of learning styles, led to a notable enhance-
ment in the customization of e-learning content. This enhancement resulted in 
higher learner satisfaction and performance.

3	 METHODOLOGY

The present study uses a quasi-experimental research design, in which two dis-
tinct groups of students from the same class are compared. The experimental group 
has access to an AI-powered personalized learning system called Campus+, while the 
control group does not have access to the same system. This specific design enables 
the assessment of the impact of Campus+ on various factors, including student 
engagement, motivation, academic performance, and retention of course material.

The methodology used in this investigation is outlined below:

•	 Pre-Implementation Phase: During the pre-implementation phase of Campus+, 
a pre-test is conducted on both the experimental and control groups to assess 
their initial comprehension and retention of course materials. This provides a 
basic measure of students’ academic achievement.

•	 Implementation Phase: During the implementation phase, the experimental 
group will have access to Campus+ for four weeks. At this stage, learners have 
the opportunity to engage with an AI-powered platform, ask questions, and 
receive personalized guidance and support. In the meantime, the observed group 
continues their academic pursuits without Campus+ intervention.

•	 Post-Implementation Phase: Following the implementation phase, a post-test 
is conducted on both groups during the post-implementation phase. The current 
assessment has been designed to measure the level of understanding, knowledge 
retention, and academic accomplishments of students who have used Campus+.

3.1	 Participants	and	setting

In this study, a questionnaire survey is used to collect data. [24] suggests that 
sample sizes ranging from 40 to 500 are suitable for most research. Consequently, 
we have decided to use random probability sampling for this research. This proce-
dure ensures a representative sample of students from the undergraduate computer 
science and medical sciences programs at Mohammed VI Polytechnic University.

The objective of the investigation is to assess and compare two groups of students 
from the same class. The first group will use the Campus+ AI-powered personalized 
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educational platform, while the second group will not use this system. Upon com-
pleting the experimental phase, an evaluation will be conducted on both groups 
through a survey, focusing on their ability to retain and recall course content as well 
as other academic performance metrics.

The study involved undergraduate students from Mohammed VI Polytechnic 
University who were enrolled in four distinct academic disciplines: thermodynam-
ics, operational research, neuroanatomy, and embryology. Out of the entire sample 
population, 46 individuals identified as male, constituting 45.5% of the total, while 
55 individuals identified as female, making up 54.5% of the total. The participants 
were divided into two age categories: 18–20 years, with 26 individuals in the exper-
imental group and 25 individuals in the control group, and 21–23 years, with an 
equal distribution of 25 individuals in both groups.

When analyzing the level of engagement with the Campus+ platform, it was discov-
ered that 70.3% (n = 71) of users were categorized as active users, while 29.7% (n = 30) 
exhibited lower levels of involvement. Further investigation of the experimental group 
that used the Campus+ AI-driven personalized learning platform revealed that 76.5% 
(n = 39) of participants were actively engaged, while the remaining 23.5% (n = 12) were 
classified as inactive. In contrast, the control group using the conventional Campus+ 
platform had 66% active users (n = 33), while the remaining 34% (n = 17) were classified 
as inactive. Table 1 presents a comprehensive demographic breakdown.

Table 1. Demographic information of participants

Participant Characteristics Experimental Group (Campus+ with AI) Control Group

Total Participants 51 50

Age

18–20 26 25

21–23 25 25

Gender

– Male 23 23

– Female 28 27

Course

– Thermodynamics 8 8

– Operational Research 11 11

– Neuroanatomy 11 11

– Embryology 9 10

Campus+ Usage

– Active Users 39 (76%) 33 (66%)

– Inactive Users 12 (24%) 17 (34%)

3.2	 Description	of	the	AI-driven	personalized	learning	system	
at	Mohammed	VI	Polytechnic	University

Mohammed VI Polytechnic University utilizes Campus+, an AI-powered per-
sonalized learning system. The mobile app was created to enhance students’ 
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educational experience and academic routine. It encompasses a variety of func-
tions related to university life. The following section describes the fundamentals 
of Campus+. Campus+ keeps students informed about important campus news and 
developments. The software provides students with timely updates tailored to their 
preferences, academic interests, and extracurricular activities, enabling them to uti-
lize the school’s social network. The platform makes event management and connec-
tions with students, staff, and alumni easier. Campus+ simplifies student schedule 
management and university networking.

Campus+ offers user-friendly school management features that enable students 
to access course schedules and assignments and stay organized. This enhances the 
learning experience by helping students complete their assignments. Campus+ gami-
fies the academic experience by encouraging students to complete tasks, earn points, 
and achieve success. Gamification encourages academic, extracurricular, and social 
involvement. Campus+’s interior navigation system assists students in navigating 
the campus. This feature assists students in navigating the university’s buildings and 
facilities, ensuring that they arrive on time for classes.

The core feature set of Campus+ revolves around its AI-based customization 
capabilities. The application customizes educational content to align with the unique 
needs and preferences of each student, optimizing their university experience. 
The Campus+ platform utilizes state-of-the-art AI tools, including Langchain, 
Pinecone, and the LLM Model, to provide instant assistance and evaluation to learn-
ers as they engage with academic content. The adoption of a personalized approach 
has been shown to enhance engagement, motivation, and academic results.

Fig. 1. Tutor GPT: A snapshot of the Campus+ application in action

In summary, Campus+ is an innovative personalized learning system that uses 
AI to integrate various features designed to enhance various aspects of the univer-
sity experience at Mohammed VI Polytechnic University. Campus+ aims to establish 
a personalized and engaging learning environment that meets the diverse needs 
and preferences of the student population through the provision of customized 
educational content and the utilization of advanced AI technologies.
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Fig. 2. AI-based personalized learning

Figure 2 illustrates the progression of a system designed to answer questions 
based on documents. This system integrates LangChain and Pinecone to effectively 
harness the capabilities of large language models (LLMs), such as OpenAI GPT-4. 
This system offers several advantages compared to the process of fine-tuning 
GPT models. It utilizes a tech stack that includes LangChain, Pinecone, Typescript, 
OpenAI, and Next.js. The LangChain framework facilitates the development of 
scalable AI and LLM applications and chatbots, thereby enhancing the system’s 
capability to handle complex tasks. Pinecone is a vector repository that enables 
the storage of embeddings and textual data extracted from PDFs. It enables the 
quick retrieval of similar documents. The incorporation of this combination, along 
with semantic search and GPT Q&A, results in expanded knowledge coverage, con-
textually appropriate responses, increased flexibility, and improved handling of 
ambiguous queries.

The LangChain framework, as illustrated in the diagram, is a comprehensive 
system that offers a variety of modules to assist in the development of language 
model-driven applications. The modules provided are designed to address various 
aspects of the development process, including models, indexes, and chains. This 
facilitates a seamless integration of language models with semantic search and other 
related features.

The utilization of various techniques for generating word embeddings, which 
are essential for understanding and interpreting textual content, has significantly 
progressed in the field of AI in education in recent years. Word2Vec [25] is a 
method that captures semantic associations between words based on their prox-
imity in a text corpus. It has two architectures: CBOW and Skip-gram. Negative 
sampling [25] and sub-sampling [26] are two alternatives that researchers have 
investigated to address issues such as sparse weight updates and computation-
ally expensive softmax calculations. These methods enhance model accuracy and 
speed by tackling the issue of frequent word occurrences and optimizing weight 
updates. The study will utilize the GloVe model [27], which is a hybrid approach 
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that effectively captures both local context information and global co-occurrence 
statistics of words. It combines the strengths of both window-based and count-
based methods. The quality of word embeddings has significantly improved as 
a result of these techniques. However, further study is still needed to develop 
models that can effectively represent the nuanced connections and variations 
between words.

4	 RESULTS

The data reveals that Campus+ was used by students of the thermodynamics 
(22%), operational research (30%), neuroanatomy (30%), and embryology (19%) 
programs. The integrated collaboration of multiple disciplines, particularly between 
operational research and neuroanatomy, is important as it allows for a more com-
prehensive and diverse analysis of learning events and their outcomes. The par-
ticipation rates in thermodynamics and embryology classes were slightly lower 
than in other courses, but this does not invalidate the study’s findings. Instead, 
it underscores the need for further research to fully understand these specific 
academic subjects.

An analysis of the data, as shown in Table 2, revealed significant differences 
between the pre-test and post-test scores of the two groups: control and experi-
mental, across four academic disciplines: thermodynamics, operational research, 
neuroanatomy, and embryology. In thermodynamics, the average scores of the 
control group exhibited a slight increase, from 14.4 to 14.575. Conversely, the 
experimental group observed a significant increase, with scores rising from 
14.3375 to 15.0375.

A similar pattern was observed in operational research: the mean scores of the 
experimental group increased from 14.12 to 14.74, while the control group saw a 
slight rise from 14.68 to 14.81. In the field of neuroanatomy, the mean scores of the 
control group increased from 14.65 to 14.84, while the experimental group expe-
rienced a more significant increase, rising from 14.27 to 14.93. In the subject of 
embryology, both groups showed improvement; however, the experimental group’s 
increase from 15.67 to 16.22 was more significant compared to the control group’s 
rise from 14.74 to 14.91.

Table 2. Comparative analysis of pre-test and post-test scores: Evaluating the efficacy  
of Campus+ across different subjects

Sub. Grp. Pre-TSM Post-TSM M. Diff. SD Diff. t-Val. df. p-Val.

Thermo. C. 14,40 14,58 0.175 0.25 2.80 7 0.024

E. 14,34 15,04 0.7 0.48 5.83 7 < 0.001

O. Research C. 14,68 14,81 0.13 0.24 2.17 9 0.057

E. 14,12 14,74 0.62 0.45 5.49 9 < 0.001

Neuroanatomy C. 14,66 14,84 0.187 0.26 2.87 10 0.015

E. 14,27 14,94 0.665 0.44 6.02 10 < 0.001

Embryology C. 14,74 14,91 0.167 0.23 2.89 8 0.020

E. 15,67 16,22 0.55 0.42 5.24 8 < 0.001
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These findings indicate a general increase in post-test scores for both groups 
across all subject areas. Notably, the experimental groups consistently demon-
strated a higher rate of improvement compared to the control groups, indicating 
that the experimental intervention used in this study may be effective. It is import-
ant to emphasize that these findings are preliminary, and further statistical inves-
tigations are necessary to determine the statistical significance of the observed 
differences [28].
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15.5

16

16.5

Control Experiment

Thermodynamics

Control Experiment

Operational Research

Control Experiment

Neuroanatomy

Control Experiment

Embryology

Pre-test Score Post-test Score

Fig. 3. Comparative analysis of pre-test and post-test scores across different academic disciplines and study groups

84% of students reported that Campus+ is “moderately effective” or “highly effec-
tive” in improving their learning efficiency, highlighting the tool’s significance in 
enhancing academic understanding.

Fig. 4. How effective has Campus+ been in aiding your learning process?
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After using Campus+, 80% of students reported feeling “slightly more engaged” 
or “highly engaged” with their studies. This demonstrates the platform’s ability to 
promote engagement and active learning.

Fig. 5. How has Campus+ affected your level of engagement with your studies?

73% of students reported that Campus+ has “somewhat increased” or “signifi-
cantly increased” their enthusiasm to learn. It demonstrates that the platform can be 
a major motivator for students to pursue their academic objectives.

Fig. 6. How has Campus+ influenced your motivation to learn?

Significantly, 80% of students reported that Campus+ provided “moderate reten-
tion” or “excellent retention” in helping them remember and retain course mate-
rial, demonstrating the platform’s effectiveness in aiding students in retaining 
information and improving memory.
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Fig. 7. How well have you been able to retain and recall course material after using Campus+?

88% of students rated Campus+ as “slightly better” or “far superior” compared 
to conventional teaching techniques, indicating that they viewed it as a valuable 
addition to their regular academic resources.

Fig. 8. How would you compare your learning experience with Campus+ to traditional learning methods?

The emphasis on the first level of Bloom’s Taxonomy is a particularly intriguing 
aspect of this study. The foundation of cognitive learning processes is believed to 
be the level of knowledge, or the recall of factual information [29]. Further empha-
sizing the significance of mastering this level before advancing to higher cognitive 
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skills such as understanding, applying, analyzing, evaluating, and producing [30]. 
Therefore, this study directly focuses on a crucial aspect of the student learning expe-
rience by evaluating the Campus+ system’s ability to improve knowledge retention.

Furthermore, the research on how Campus+ affects knowledge recall may pro-
vide valuable insights into how it can eventually support more complex cognitive 
tasks. The results could impact instructional techniques across various disciplines 
and provide a guide for future system changes [31].

5	 ETHICAL	CONSIDERATIONS	AND	LIMITATIONS

Data security and ethical issues were the primary concerns throughout this study. 
We ensured that all participants in the study were informed about their rights, the pur-
pose of the investigation, and the assurance that their data would be anonymized and 
protected in compliance with industry standards [32]. We also followed the principles 
of informed consent and voluntary participation outlined in the Helsinki Declaration.

On the other hand, the introduction of Campus+, an AI-powered educational plat-
form, raises concerns about bias and impartiality. According to research by [33], 
AI systems may inadvertently perpetuate societal biases present in their training 
data. Therefore, instead of providing equal learning opportunities to all students, 
the system’s recommendation and personalization features may perpetuate existing 
disparities in academic achievement among students from diverse populations.

The primary limitation of the present study is its focus on Bloom’s taxonomy 
Level 1 (knowledge), which provides only a partial understanding of the learning 
outcomes. Future research should focus on higher-level cognitive abilities, such as 
application, analysis, and synthesis [30].

Additionally, a notable limitation of this study is attributed to the technical con-
straints of the model. The platform is not yet ready to handle graphics, numbers, and 
mathematical formulas. This could have an impact on the comprehensive delivery 
of courses, especially those that heavily rely on mathematical and graphic content. It 
may restrict the platform’s applicability to a variety of courses, particularly those in the 
fields of science, mathematics, and engineering [34]. This may have an impact on the 
effectiveness of the learning experience. The platform should prioritize the ability to 
manage and convey complex graphical and mathematical content for future develop-
ment in order to enhance its usability and usefulness across various academic fields.

Furthermore, the study’s sample only included four academic programs, which 
may limit its ability to be widely generalized. Future studies should aim to incor-
porate a broader range of academic disciplines, larger sample sizes, and diverse 
educational settings.

The self-report survey methodology is also vulnerable to social desirability bias, 
leading respondents to overstate their positive experiences with the Campus+ plat-
form while downplaying their negative ones [35]. Future research could integrate 
survey results with data from other sources, such as learning analytics and class-
room observations, to offer a more comprehensive evaluation of the performance of 
the Campus+ platform.

6	 CONCLUSION

The present study investigated the effectiveness of a personalized learning plat-
form, Campus+, which employs AI technology, among undergraduate students in 
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Computer Science and Medical Sciences programs at Mohammed VI Polytechnic 
University. The study results suggest that the implementation of Campus+ had a pos-
itive impact on the academic achievement, engagement, and knowledge retention 
of students. The platform was found to be highly satisfactory by students in terms of 
its user-friendliness, effectiveness in facilitating the learning process, and ability to 
enhance engagement and motivation.

The findings indicate a clear advantage in incorporating personalized learning 
tools that utilize AI into the educational framework. Specifically, Campus+ shows 
promise for improving academic achievement. The implications of these findings 
are of great significance for institutions of higher education, especially at a time 
when the education sector is placing greater emphasis on digital transformation. 
The use of AI-powered platforms has been highlighted for their potential to enable 
personalized and adaptive learning, enhance student engagement and academic 
achievement, and supplement conventional teaching approaches.

Nonetheless, the research also highlights potential obstacles and ethical con-
siderations, such as the risk of unintentional bias and the perpetuation of exist-
ing disparities in scholarly achievements. Consequently, it is imperative for 
educational institutions to consider these potential drawbacks when integrating 
AI-powered educational systems. It is crucial to implement appropriate measures 
and maintain ongoing oversight to ensure fairness and equality in educational 
opportunities.

The research study also presents several possibilities for future investigations 
and improvements of personalized learning systems driven by AI. One primary 
limitation of the research was its focus on the lower level of Bloom’s taxonomy. 
Subsequent investigations should expand the scope of inquiry to assess the impact 
of these platforms on advanced cognitive abilities, such as application, analysis, 
synthesis, and evaluation. In addition, it is crucial to prioritize enhancing the 
platform’s capacity to manage complex graphical and mathematical content, as 
this has the potential to increase its relevance across a wider range of academic 
disciplines.

Furthermore, it is advisable for future research efforts to incorporate broader 
and more diverse participant pools, encompassing various academic disciplines 
and educational settings, to enhance the relevance of the findings. The integration 
of additional data sources, such as learning analytics and classroom observations, 
has the potential to complement survey results and provide a more comprehensive 
understanding of the effectiveness of AI-powered personalized learning systems.

In conclusion, the present study offers compelling evidence of the potential ben-
efits of AI-driven personalized learning systems, such as Campus+, in enhancing the 
quality of education. Nonetheless, it underscores the need for careful implementa-
tion, ongoing monitoring, and continuous improvement to enhance the effectiveness 
of these systems and ensure equality in educational outcomes.
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