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ABSTRACT

Artificial intelligence has become an increasingly present technology in our daily lives and mobile
applications are no exception. Artificial intelligence offers many advantages in the development of mobile
applications, on the one hand improving the user experience and on the other hand opening up new
possibilities for developers.

Learning is one of the areas concerned with the integration of artificial intelligence in the development of
mobile applications, it is mobile learning which consists of using mobile devices to access content and
educational resources at anytime and anywhere by adapting and creating individualized learning paths
based on each learner's needs, interests and prior knowledge.

This article presents an approach to an adaptive learning system designed for mobile devices. This
approach allows real-time personalized monitoring of the learner during the learning process, providing a
personalized learning path based on observation of the context and centered on the learner using mobile
devices. This monitoring is carried out using the Felder-Silverman learning style to detect the learning style
of each learner, and the artificial intelligence approach of Case-Based Reasoning to ensure automatic
prediction and adaptation to the dynamic changes in the behavior of the learner during the learning process
(their profile and the characteristics of their mobile device) through the search for similar past learning
paths.

Keywords: Case-Based Reasoning, Mobile Devices, E-Learning, Artificial Intelligence, Adaptive Learning
System, Context-Aware, Mobile Learning System, K-Nearest Neighbours

1. INTRODUCTION their learning processes. This is known as mobile

learning.

With the development of mobile In general, mobile learning is increasingly

technology and the widespread use of mobile
devices, users are increasingly integrating these
new communicating and intelligent devices into
their learning processes. This is known as mobile
learning.

Information and Communication
Technologies in Education (ICTE) are evolving
rapidly, incorporating new trends that are
considerably changing the use of adaptive learning
in education. One of these emerging trends is
mobile learning, which enables learners to access
educational resources on the move, using mobile
devices. With the development of mobile
technology and the widespread use of mobile
devices, learners are increasingly integrating these
new communicating and intelligent devices into

emerging as an effective learning method, thanks to
the use of intelligent mobile devices that are always
operational and easily transportable, and that can be
used anywhere, at any time and in any context [1].
The use of a mobile device in an adaptive
learning system must allow for personalised
monitoring according to the learner's context, which
is based on certain factors such as the collection of
various changes surrounding the learner (the profile
and characteristics of their mobile device), the
processing of these variables, real-time decision-
making, etc. These points present the main
challenges, particularly in terms of the
compatibility of systems with the various devices
and the connectivity and battery requirements,
which can considerably reduce the effectiveness of
learning in these systems. This requires a thorough
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review of pedagogical strategies by teachers, as
well as an adaptation of course design methods to
maximise learning effectiveness and minimise the
abandonment.

These challenges can be limited through
the integration of artificial intelligence (AI), which
has become an increasingly prevalent technology in
our daily lives.

Al offers many advantages in the field of
mobile learning, making it possible to personalise
and enhance the learner experience by offering
relevant and tailored content. The benefits of Al in
mobile learning include the ability to analyse
learner behaviour, preferences and usage patterns to
deliver personalised learning paths [2].

It also enables efficient management of
device resources, such as battery consumption,
connectivity and memory, making it possible to
adapt learning resources to device resources.

In this paper, we present an architecture
for an adaptive mobile learning system based on the
artificial intelligence paradigm the Incremental
Dynamic Case-Based Reasoning (IDCBR) [3],
which supports and tracks the the learner in
difficulty in real time through the different stages of
the dynamic CBR cycle, recommending a relevant
learning path through observation and comparison
of his learning path with the learning paths of other
learners with similar behaviors and similar mobile
device characteristics.

The rest of this article is organized as
follows: in the second section, we present mobile
learning, context awareness in a mobile learning
system and the approach to decision-making, the
Dynamic Case-Based Reasoning. In the third
section, we describe the proposed adaptive learning
system approach and the various models making up
the system and we finish by a conclusion

2. LITERATURE REVIEW

2.1 Mobile Learning

The emergence of new technologies has
led to the emergence of new research and
methodologies, as well as new projects. This covers
most areas of science and engineering, and
particularly mobile learning. Mobile technologies
have brought new concepts and practices that are
increasingly easy to integrate into different fields,
such as mobile adaptation and context awareness.
Lately, these concepts are being combined with the
education domain to establish an important
infrastructure to help teachers and learners use new
approaches and technologies for teaching in mobile
environments [4].

The field of mobile learning is very recent,
addressing the relationship between teaching and
learning using mobile technology. According to [5],
this field can be defined:

v" An extension of e-Learning [6]: since e-
Learning enables content and services to be
delivered electronically via a computer
network linking learner and teacher. Mobile
learning presents an intersection of e-Learning
with mobile technologies ([7, 8, 9 and 10]);

v" Learning carried out using mobile devices.
Mobile learning is an extreme evolution of e-
learning, in which the learner can follow a
course using a mobile device [11];

v" Learning based on the learner's mobility ([12
and 13]). In mobile learning, it is necessary to
understand how learning activities are
integrated with mobile technology [14].

In general, mobile learning is a type of e-
learning that uses mobile technology to respond
appropriately to the mobility of learners. This type
of learning is defined as learning through a context
that is centered on the learner using mobile devices.
2.2 Context awareness

According to [15], context is defined as
"any information that can be used to characterize
the situation of an entity. The entity is a person, a
place, an object that is considered relevant to the
interaction between the user and the application. In
the context of mobile learning, it is necessary to
take context sensitivity into account to adapt
learning to different learners according to their
needs and the characteristics of their devices.
Context awareness is a delicate feature for a mobile
learning system.

Indeed, it reflects the ability to react
appropriately to modifications and changes in the
context, due to the mobility of learners resulting in
a change in location, connection, low or high
bandwidth, in addition to the variability of mobile
devices which can be characterized by a large or
small screen and different operating systems, etc.
So it's important that the mobile learning system
reacts automatically and dynamically to these
changes, and offers the learner context-appropriate
learning resources

2.3 Case-Based Reasoning

Case-Based Reasoning (CBR) is a
problem-solving  approach that uses past
experiences to solve new problems [2]. A very
important feature of the CBR is its relationship with
learning, it allows updating cases and learning new
cases. Solving a problem using the Case Based
Reasoning approach can be done through a typical
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cycle with a set of the following steps: Elaboration,
Retrieve, Reuse, Revise and Retain [3 and 16]. A
new cycle of Case-Based Reasoning (CBR) is
proposed by [3], presented in figure 1, which makes
it possible to deal with dynamic situations: this is
Incremental Dynamic Case-Based Reasoning
(IDCBR). The IDCBR cycle presents an adaptation
of the classic CBR cycle with a change in the order
of the steps (certain steps can be re-executed
several times).

The IDCBR cycle contains two main steps

[31:

v’ Initialization step: this step makes it possible
to develop the initial target case (Elaboration
step in a classic cycle) from the description of
the situation to be treated and to find similar
source cases using a similarity measure (step of
retrieve in the classical cycle). The goal of this
step is to create a candidate list containing the
source cases most similar to the target case;

Enriclavest of
thee base of

Tases

Fowised

SYArTE CaE

New

o

Elaboration?

v" Dynamic step: detection of the first change in
the target case causes the creation of a memory
loop which leads to a new elaboration of the
target case and an update of the list of similar
source cases already created in the previous
step. This loop is finished when there are no
changes in the target case and it is activated
each time the target case changes during the
execution of the reuse step and the retrieve step
(classic cycle) . If there is no change in the
target case, the classic cycle is executed until
the learning step.

The IDCBR is a continuous cycle which
takes into consideration the dynamic and
incremental change of the target case to be
resolved, it makes it possible to stop the execution
of certain steps and to re-execute others at each
moment where there is a new change detected in
the target case.

Updatins the list of

zimilar sowrce cases

Figure 1: IDCBR cycle [3]

3. METHOD

Our proposed approach makes it possible
to offer adapted and individualized learning to the
learner in real time in a mobile learning system,
using artificial intelligence techniques to
automatically adapt to dynamic changes in the
learning context during the learning process.

According to [17], context is divided into
three categories:
v IT context;
v User context;
v" Physical context.

According to [18] added a new context, it
is the temporal context and according to [19]
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defined the context by four categories: identity,

place, status and time.

In our mobile learning system, the context
will be defined by three essential elements making
it possible to represent all the information that
characterizes a learning situation (figure 2):

v’ Learner profile: personal information, learning
profile, prerequisites;

v Educational objects: learning objects, versions
of learning objects which are presented
according to type (course, exercise, algorithm,
etc.) and format (text, audio, video);

v' Mobile  device:  battery  consumption,
connection speed.

Our approach presented in Figure 3 allows v

us to:

v’ Detect the initial learner profile using the v

Felder-Silverman FSLSM learning style model

[20 and 21], creating profile classes and v

providing an initial learning path for each

learner. v

v Monitor the learning of the learner in real time
who has encountered learning problems using
the Incremental Dynamic cycle of Case-Based
Reasoning (IDCBR) [3], to offer them a path
adapted to the dynamic change of their context.

Learnin
g profile

Mobile
device

Figure 2: Elements constituting the context

Our approach is composed of four models:
Learner Model: allows detecting the learner
profile of learner;

Educational Model: allows educational content
to be presented in several formats and types;
Mobile Model: allows you to collect and detect
characteristics on mobile devices;

Adaptation Model: allows you to adapt and
individualize the content according to the
learner model and the mobile model.

)

Learner Model
Profiles, Needs

Educational Model
Learning ohiects

Mobile Model
Barttery, Connectivity

Learning path (base of cases)

Retain

/7

Revise

N

Adaptation Model

Elaboration

\

Retrieve

/

Reu

Figure 3: Proposed approach

3.1 Learner Model

Learner modeling is essential for
generating individualized learning path. This
involves describing the properties of the learner to
which the system must adapt. These properties can

3884

be different from one learner to another and for the
same learner, they can vary over time.

In our system, this model is essentially

based on the FSLSM learning style model [20 and
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21] in order to know the learning preferences and
needs of the learner.

The FSLSM learning style model
classifies the learning styles according to 4
dimensions: Sensing/Intuitive, Active/Reflective,

Visual/  Verbal and Sequential/Global. These
dimensions respectively describe the variation of
each learner’s information perception, information
processing, information reception and information
understanding

The FSLSM learning style is obtained

using the Index of Learning Styles (ILS) [22],

which takes the form of a 44-question multiple-

choice questionnaire used to assess the learner's
preferences through their responses, quantifying
each of the four dimensions using a score between -

11 and +11.

This model is used to:

v Collect personal information from the learner
such as username, password, last name, first
name, age, email, country, etc. The acquisition
of this information can only be done with an
identification form that the learner must
complete during their first contact with our
system;

v Detect the learning style of each learner via the
FSLSM learning style model. The choice of the
FSLSM learning style model is due to the
following reasons [23, 24 and 25];

v' Propose an initial learning path, there is a
relationship between educational resources and
FSLSM learning styles as mentioned in the
following table

Table 1: Recommendation of learning objects according
to FSLSM [22, 23, 24 and 25]

Recommendation of

FSLSM Learning Style Learning Objects
Intuitive Concepts and theories
Perception . Material facts and
Sensing
concrete data
Linear text, chat, forum,
. Active emails, arrow based
Processing .
navigation
Reflective Case studies
Graphs, tables,
Visual diagrams, images, video,
Inout demonstration, etc
P Text-based material,
Verbal including audio objects,
hypertext, slideshows
. Orientation, predefined
Sequential .
. learning paths
Understanding
Open course structure,
Global
response system, etc

3.2 Educational Model
The educational model is based on a
differentiated pedagogy [29] which allows for the

diversification of content, in order to resolve the
problems linked to the heterogeneity observed in
the profiles of learners by diversifying the means
and procedures of learning.

Differentiated pedagogy makes it possible
to offer several versions of the same learning object
and to check the relevance of each learning object
for subsequent use (problems that may appear
during learning).

In our case, we have divided the course
into several units or learning objects numbered
from 0 to n-1 (n represents the maximum number of
learning objects in a course). Each learning object
is represented in different formats (text, audio, and
video) and types (definition, exercise, example ...)

3.3 Mobile Model

The FSLSM model describes the learning
process according to four dimensions concerning
the perception, processing, input and understanding
of knowledge, each dimension of the FSLSM
promotes learning.

The following table presents the
correspondence between FSLSM learning styles
and the characteristics of the mobile device.

Table 2: Correspondence between FSLSM learning
styles and the characteristics of mobile devices

Recommendation Mobile device characteristics
Ofé‘;?:cntlsng Connectivity Battery

Intuitive High Low
Sensing Low High
Active Low Low
Reflective High High
Visual High High
Verbal High High
Sequential Low High
Intuitive High Low

3.4 Model adaptation
After detecting the learner's learning style,

which allows us to offer them a learning path based

on their style. Each learner's learning process takes

two scenarios:

v" Normal: the system goes directly to the last
step of the IDCBR which allows the learning
style of each learner, their interaction traces and
the characteristics of their mobile device to be
recorded as a new case (a new experience
successful) in the case base;

v' Abnormal: when the system detects an
anomaly or problem during the learning
process. The IDCBR cycle is triggered to
provide real-time monitoring.

In the second situation, the IDCBR adapts
the learning process according to the profile and
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real behavior of each learner through: Observation
of the learner's learning process (their learning
path) and the characteristics of his mobile device.

In the adaptation model, the system must
adapt learning based on the preferences, needs and
mobile characteristics of each learner. It allows
dynamic and individual supervision in real time via
the IDCBR approach, which allows, through its
different steps, to follow the learner at each
moment of their learning in order to offer them
learning adapted to their context.

4. DISCUSSION

Learning adaptation is a decisive element
in the learning process. This adaptation is based on
FSLSM learning styles and the characteristics of
the mobile device, which poses a problem for
dynamic change either at the level of the learner's
behavior or at the level of the mobile device. This is
why we used the IDCBR approach to manage
dynamic situations and make decisions in real time,
based on the learning needs of each learner and the
mobile characteristics of their device in order to
monitor them and to offer a path adapted to the
dynamic change of the mobile learning
environment. In the adaptation model, the dynamic
CBR cycle is applied through the differents steps.

4.1. Elaboration

The role of this step is to detect the initial
learning style of each learner through the results of
the FSLSM questionnaire and to collect data so that
the system can propose an initial learning path to
begin the learning process. This step also collects
the learner's behaviour by observing their traces in
the system in real time and the characteristics of
their mobile device, such as battery and
connectivity. The data collected presents the
learning path of each learner (target case).

The learning path for each learner is
presented as follows:
Learning pathij=learning traces,j + mobile device
characteristics,j)

Learningpath;=Y.:=%~! Learning path,j

Avec:

v’ j: presents the learner;

v' ti: presents the moment when the learner
consults a learning object i;

v n: presents the maximum number of learning
objects

4.2. Retrieve
This step detects learners with similar
behaviour and the same mobile device

characteristics (sources cases) as the learner in the

learning situation (target case), by searching the

database of source cases (learning path) using a

similarity measure.

In this step, we will use the K-Nearest
Neighbours method (KNN) [30 and 31]. The KNN
is one of the methods of supervised machine
learning [32] that is simple and easy to implement.
It can be used to solve classification and regression
problems.

It is necessary to classify the learners in
difficulty in each learning moment in order to
detect the class mainly represented by the K nearest
learners. To classify the learners, by applying the
KNN algorithm:

KNN algorithm (BC, k, TC ti)

a. Determine parameter k in general, the good
value of K is Vp, where p is the population
(learning base) [33]. In our case, n presents the
number of learners who have validated a course;

b. For eachiitem (i from 0 to n-1)

For each SC item in the BC

d. Calculate and store the distance D between TC
and the SC. /* Calculate the similarity between the
Learning path(t,TC) and all Learning paths(t;,SC)
*

e. Store this distance and the associated data in a
list of distance (D, SC).

f. Sort the liste of distance in ascending order.

Select the first K entries in this list.

Obtain the labels of the k selected data from the

BC.

i. Retrieve the majority entrie.

i

= 09

Avec:

v n: presents the maximum number of learning
objects;

v BC: presents the base of cases ;

v k :presents the number of nearest neighbours
(learners) ;

v' TC: presents the target case;

v SC: presents the source case;

v d: presents the Euclidean distance [34].

The result of this algorithm is to recover
the majority entries (source cases) of the K-NN of
the learner in difficulty from to to ty.1.

At each moment when the system detects a
learning problem in the learning process, the K-NN
algorithm will be applied through the execution of
the retrieval loop [3and 35].

4.3. Reuse
The role of this step is to adapt the source
case recovered in the previous step, by applying:
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v The solution proposed without change.
v" The proposed solution with change.
v Human intervention.

4.4. Revise
This step allows the revision of the source
case:

e If the chosen case presents the most similar
source case.

e Otherwise, if the source case does not
correspond to the target case. In this case, the
system must return to the second step (Retrieve)
to search for similar cases again.

4.5. Retain

When the learner completes his learning
process and does not encounter any new learning
problems, this learner (target case) becomes a new
solved case and retained in the case base. This case
is used immediately for solving future problems.
The profile of this learner, the learning traces, the
learning path and the characteristics of the mobile
device will be saved in the case base as a new
experience.

5. CONCLUSION

The proposed approach was designed for
different learners with different characteristics in
order to provide them with the appropriate learning
that meets with their knowledge level and learning
styles. Our contribution consists of proposing an
approach  allowing adaptive learning and
individualized monitoring in real time in a mobile
learning system. Our approach is based on the
FSLSM learning style to detect the learner's initial
style and the characteristics of their mobile device.
Depending on the detection of the learner's context
in the mobile system, a decision is made through
the IDCBR approach is applied in order to create a
personalized learning path adapted to the dynamic
change in the behavior and characteristics of the
mobile device of each learner.

Our future work consists in developing the
different stages of the dynamic CBR cycle, by
integrating other Machine Learning methods and
multi-agent systems.

6. REFRENCES:

[1] YIN, Chuantao, SAMCCO: Un systéme
d'apprentissage  mobile  contextuel et
collaboratif dans des situations
professionnelles, 2010, Theése de doctorat,
Ecully, Ecole centrale de Lyon.

[2] Lakhal, Mohammed, and
Boumahdi. "L’impact des

Abdelaziz
technologies

(4]

(7]

(9]

[11]

[12]

[13]

e
3887

d'apprentissage adaptatif sur I'engagement et
la motivation des apprenants.” International
Journal of Accounting, Finance, Auditing,
Management and Economics 5.9 (2024):
475-492.

ZOUHAIR, Abdelhamid. Raisonnement a
Partir de cas dynamique multi-agents:
application a wun systtme de tuteur
intelligent. 2014. Thése de doctorat. Le
Havre.

KHADDAGE, Ferial, CHRISTENSEN,
Rhonda, LAI, Wing, et al. A model driven
framework to address challenges in a mobile
learning environment. Education and
Information Technologies, 2015, vol. 20, p.
625-640.

WINTERS, N. What is mobile learning. Big
issues in mobile learning, 7-11. Erisim
tarihi: 20.04. 2016. 2007.

BROWN, Tom H. The role of m-learning in
the future of e-learning in Africa. In : 21st
ICDE World Conference. 2003. p. 122-137.
Chabra, T. et Figuereido, J. (2001), How to
design and deploy handheld learning, [Web
Page].
http://www.empoweringtechnologies.net/eL.
earning_expov5_files/v3 document.htm
[2007, August 30].

Milrad, M. (2004), Mobile Learning
Challenges, Perspectives and Reality , [Web
Page]. http://21st.century.phil-
inst.hu/vol2_milrad.pdf [2007, August 30].
Quinn, C. (2000), mLearning : Mobile,
Wireless, InYour-Pocket Learning, [Web
Page]. http
:www.linezine.com/2.1/features/cqmmwiyp.
htm.

TRIFONOVA, Anna et RONCHETTI,
Marco. A general architecture to support
mobility in learning. In : IEEE International

Conference on  Advanced  Learning
Technologies, 2004. Proceedings. IEEE,
2004. p. 26-30.

Traxler, J. (2005), Mobile Learning : It's
here, but what is it ? In A. Kukulska-Hulme
et J. Traxler (editors), Mobile Learning : A
Handbook for Educators and Trainers.
London : Routledge.

O'MALLEY, Claire, VAVOULA, Giasemi,
GLEW, J. P. et al Guidelines for
learning/teaching/tutoring in a mobile
environment. 2005.

SHARPLES, M. How can we address the
conflicts between personal informal
education and  traditional  classroom




Journal of Theoretical and Applied Information Technology
15" May 2025. Vol.103. No.9

d

N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

[15]

[16]

[21]

[22]

[23]

education. In :Big Issues in Mobile
Learning. Report of a workshop by the
Kaleidoscope Network of Excellence
Mobile Learning Initiative. Learning
Sciences Research Institute. University of
Nottingham, 2006.

RYU, Hokyoung. Designing learning
activities with mobile technologies. In
: Innovative mobile learning: Techniques
and technologies. IGI global, 2009. p. 1-20.
ABOWD, Gregory D., DEY, Anind K.,
BROWN, Peter J., et al. Towards a better
understanding of context and context-
awareness. In : Handheld and Ubiquitous
Computing: First International Symposium,
HUC’99 Karlsruhe, Germany, September
27-29, 1999 Proceedings 1. Springer Berlin
Heidelberg, 1999. p. 304-307.

Mille A., “Traces bases reasoning (TBR)
definition, illustration and echoes with
storytelling,” Rapport Technique RR-LIRIS-
2006-002, LIRIS UMR 5205 CNRS/INSA
de  Lyon/Universit¢  Claude  Bernard
Lyonl/Universit¢ Lumiére Lyon 2/Ecole
Centrale de Lyon, 2006.

OUSSAMA, SOLTANI et BOUAZDIA,
Mohamed Abdelouaheb. Adaptation des
profiles utilisateurs selon le contexte. 2017.
Thése de doctorat. Universite laarbi tebessi
tebessa.

CHEN, Guanling et KOTZ, David. A survey
of context-aware mobile computing
research. 2000.

SOUALAH-ALILA, Fayrouz. CAMLearn:
Une  Architecture de  Systéme de
Recommandation Sémantique Sensible au
Contexte. Application au Domaine du M-
Learning, 2015.

FELDER, Richard M., SILVERMAN, Linda
K., et al. Learning and teaching styles in
engineering education. Engineering
education, 1988, vol. 78, no 7, p. 674-681.
ANNABI, MOHAMED ANIS. Détection
Automatique des Styles d’ Apprentissage des
Apprenants a travers 1’Analyse des Traces
de Navigation dans les EIAH. 2020.

SOLOMAN, Barbara A. et FELDER,
Richard M. Index of learning styles
questionnaire. NC State University.

Available online at: http://www. engr. ncsu.
edu/learningstyles/ilsweb. html (last visited
on 14.05. 2010), 2005, vol. 70.

KULIJIS, Jasna et LIU, Fang. A Comparison
of Learning Style Theories on the Suitability
for elearning. Web Technologies,

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

e
3888

Applications, and Services, 2005, vol. 2005,
p. 191-197.

SANGINETO, Enver, CAPUANO, Nicola,
GAETA, Matteo, et al. Adaptive course
generation  through learning styles
representation. Universal Access in the
Information Society, 2008, vol. 7, p. 1-23.
POPESCU,  Elvira. Dynamic  adaptive
hypermedia systems for e-learning. 2008.

Thése de  doctorat. Université  de
Technologie de Compiégne.
GRAF, Sabine, LIU, Tzu-Chien, et

al. Identifying learning styles in learning
management systems by using indications
from students' behaviour. In : 2008 eighth
ieee international conference on advanced
learning technologies. IEEE, 2008. p. 482-
486.

HONG, Hong, et al. Adaptation to student
learning styles in web based educational
systems. In : EdMedia+ Innovate Learning.
Association for the Advancement of
Computing in Education (AACE), 2004. p.
491-496.

POPESCU, Elvira, TRIGANO, Philippe, et
BADICA, Costin. Relations between
learning style and learner behavior in an
educational  hypermedia  system: An
exploratory study. In :2008 Eighth IEEE
International Conference on Advanced
Learning Technologies. IEEE, 2008. p. 725-
726.

KAHN, Sabine. Pédagogie différenciée:
Guide pédagogique. De Boeck (Pédagogie et
Formation), 2017.

Hastie, T., Tibshirani, R., et Friedman, J.:
The Elements of Statistical Learn ing : Data
Mining, Inference, and Prediction (2001).
CRISTIANINI, Nello et SHAWE-
TAYLOR, John. An introduction to support
vector machines and other kernel-based
learning methods. Cambridge university
press, 2000.

SILVA, Catarina et RIBEIRO,
Bernadete. Inductive inference for large
scale text classification: kernel approaches
and techniques. Springer, 2009.
THIRUMURUGANATHAN, Saravanan. A
detailed introduction to K-nearest neighbor
(KNN) algorithm. Retrieved March, 2010,
vol. 20, p. 2012.

K. W. a. L. Saul, "Distance metric learning
for large margin nearest neighbor
classification," The Journal of Machine




Journal of Theoretical and Applied Information Technology ~
15% May 2025. Vol.103. No.9 N
© Little Lion Scientific

SATIT

ISSN: 1992-8645 www jatit.org E-ISSN: 1817-3195

Learning Research, vol. 10, pp. 207-244,
2009.

[35] EN-NAIMI, El Mokhtar et ZOUHAIR,
Abdelhamid. Intelligent dynamic case-based
reasoning using multi-agents system in
adaptive e-service, e-commerce and e-
learning systems. International Journal of
Knowledge and Learning, 2016, vol. 11, no
1, p. 42-57.

3889



