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Abstract. Adaptive learning systems have potential for accommodating student differences in a diverse population. Adaptive learning 

can be used both in blended learning settings and flexible learning methods by adjusting to the pace of student, allowing the flexibility 

in learning styles, different sequence of curriculum and customized presentation.  Adaptive system architecture consists of three 

essential parts; user model, domain model and interaction/adaptation model.  As one important feature of any adaptive system is the 

user model that represents information about each user/student, this paper focuses on user model by overviewing the existing 

approaches in user modeling in terms of used data types, model initializing methods and implementation of the models. 
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1. INTRODUCTION 

The popularity of novel technologies such as mobile devices and Internet connections among people from all ages 

drives the researchers to focus, among other things, on usability of technology in the education. Technology can be 

integrated into face-to-face teaching, blended teaching, virtual teaching and distance education. Technology Enhanced 

learning (TEL) can be used to provide flexibility in the mode of learning for both formal and informal settings. It can be 

used as a tool in the classroom, by utilizing smart boards, media and games, and as support for learning outside the 

classroom, in form of web applications, mobile applications and games. 

 

The “One-size-fits-all” approach is not appropriate when each user has unique cognitive processes and abilities. Adaptive 

learning systems address demographic variability of the learners by customizing course content or presentation according 

to differences in student skills [11]. They  may provide individualized learning in a flexible environment and content for 

the learners, with the support of learning analytics [18]. An adaptive learning environment facilitates the learning process 

dynamically by monitoring the activities of the users; interprets them to create basic domain-specific models; considering 

the user requirements and preferences out of the interpreted activities, represents these in associated models; and acts 

upon the available knowledge on the users and the subject. [38] 

The studies in the literature contain many examples of adaptive learning systems also with different names i.e. 

Intelligent Tutoring Systems (ITS)[46], Adaptive Intelligent Learning Environments (AILE) [23], Adaptive Educational 

Hypermedia Systems (AEHS)[10] or Personalized Learning Environments (PLE) [14]. Generally, all of them can be 

called as adaptive learning systems as they all have adaptation according to the learner characteristics.  

Early computer aided adaptive learning systems developed for teaching purposes were Intelligent Tutoring Systems 

(ITS) which are closer to a tutor-centered paradigm[47]. Traditional ITSs provide adaptive sequencing of curricula and 

support through adaptive feedback and scaffolding. With the development of the web, adaptive hypermedia techniques 

have become more popular [5]. ELM-ART- an interactive textbook with adaptive curriculum sequencing, tests and 

exercises for programming in LISP [22, 45] and AHA! (Adaptive Hypermedia Architecture) [8] could be given as 

examples of early web based adaptive learning systems.  In the 90’s, server-based www applications were not interactive 

enough to support following the student actions and provide online help. After the support of real interactivity; online 

behavior can be monitored and used for evaluation of their performance and providing help. Later on, many adaptive 

learning systems are proposed considering different user characteristics such as AEHS-LS (Adaptive E-Learning 

Hypermedia System based on Learning Style) [19] which determines the learning styles of the users and adopts the 

system accordingly.  

 

Adaptive system architecture consists of three essential parts; the user model, domain model and the 

interaction/adaptation model. The user model that represents information about each user/learner is an important feature 
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of any adaptive system. The aim of this paper is to overview existing methods utilized for user modelling in adaptive 

learning systems and to provide a survey on current research in this field. The paper is organized as follows; the second 

section of the paper explains the user model and its importance by giving user characteristics and model initialization 

techniques, while the third section explains user knowledge models. The Fourth section analysis recent research for each 

of the different ways of user modelling in case of uncertainty containing machine learning methods, and finally the fifth 

and sixth sections give a discussion and conclusion respectively.  

1.1. USER MODEL 

Adaptive systems mainly consist of three essential components; the user model, domain model and the 

interaction/adaptation model.     

The User Model describes the information about each user; such as knowledge level, preferences, learning style etc. 

Upon the evaluation of data collected from the user, the system draws conclusions on the user characteristics and acts 

accordingly. 

The Domain Model represents the domain concepts and provides a structure for the representation of the user domain 

knowledge. In different adaptive learning systems, these concepts can have different functions, weights and meanings. 

Commonly, each concept is connected or related with other concepts.  

The Adaptation/Interaction Model represents and defines the interaction between the user and the system. It includes 

evaluation, adaptation and inference mechanisms as the data stored in the Adaptation/Interaction Model is used to infer 

user characteristics with the objective of updating and validating the user model.  

According to [32], adaptation can be implemented in an e-learning system by using four elements; content 

aggregation, presentation, navigation and collaboration support. Adaptive content aggregation means, depending on the 

learning and teaching style or domain background knowledge the system could offer different types of content, in terms 

of different background domains, levels of detail or in different multimedia formats. In adaptive presentation, the content 

can be adopted with additional, prerequisite, comparative explanations and sorting content units regarding criteria like 

relevance to background knowledge, knowledge level, etc. Adaptive navigation is the adaptation of global or local 

guidance. An e-learning environment could offer direct guidance as well as link sorting, link hiding, link disabling and 

link annotating [11]. A network-based educational system that uses the system’s knowledge about learners to form a 

collaborating group can offer this support and suggest communication with the other learners to provide adaptive 

collaboration support.  

The user model is also referred as student model or learner model in different studies. The user model is required in 

an adaptive system because it can adopt aspects of the system according to given, or inferred, user characteristics. The 

model can be separated by the system from the rest of its knowledge and contains explicit assumptions about the user. 

The current trend favors user centric approaches instead of tutor centric approaches.  

Koch in [39], gives seven key features of the user models which are user-centric: 

 Assisting the user during the learning of a specific subject. 

 Providing information to adjust the user. 

 Adapting the interface to the user. 

 Helping users find information. 

 Giving immediate feedback to the user on his level of knowledge. 

 Supporting collaborative work. 

 Assisting the user during the use of the system. 

In user modelling there are two basic questions to be addressed; the first one is how to initialize the new user model 

and the second is how this model will be updated. Generally, this process involves diagnosis, classification, and control 

of the user parameters or characteristics. To diagnose the new user, firstly significance of the user characteristics should 

be evaluated.  

1.2. USER CHARACTERISTICS 

In adaptive/ personalized learning systems, student’s individual characteristics have a more significant role than in 

the traditional learning and can become a reason of student’s success or failure. In different adaptive learning systems 

different user characteristics are taken into consideration. What characteristics of the user should be considered to create 

a user model, to provide a successful and pleasant learning experience?  

Novel adaptive learning systems introduce the new development and deployment of adaptive mechanisms by using 

different attributes for user modelling. The structure of the user models constantly changes over time. Some of them 
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consider learning styles [17, 19, 20, 33, 40, 43] and some use hybrid models [2] to present user characteristics. Even the 

same authors over the years recommend different sets of user model attributes; as an example [11] and [22]. In [34] 

authors selected 22 user model attributes from the research performed in between 2001-2013. The given set of variables 

includes: age, gender, cognitive abilities (perceptual speed, processing speed, working memory capacity, reasoning 

ability, verbal ability, spatial ability and other cognitive abilities), meta-cognitive abilities, psychomotor skills, 

personality, anxiety, emotions and affect, cognitive styles, learning styles, experience, background knowledge, 

motivation, expectations, preferences, and interaction styles. Other user characteristics in a user model can be 

objectives/goals/tasks, personality traits, stereotypes, geographic data, demographic data, behavior, social/ group, 

environment/ work.   

Data used in user modelling is categorized in two main classes; Domain Independent Data and Domain Dependent 

Data. Domain Dependent Data or Domain-specific information model is referred to as the student knowledge model. It 

describes the students’ knowledge level, their understanding of domain knowledge or curriculum elements, the errors 

that the students made, the students’ knowledge development process, records of learning behaviors, records of evaluation 

or assessment, and so forth. 

The domain-independent information is information about the skills of students, so it is based on their behavior. It 

may include learning goals and objectives to compare with the learners’ achievements, cognitive capabilities such as 

inductive reasoning skill and associative learning skill, motivational states, background and experience, and preferences. 

The data collected from users can be categorized like in [2], as demographical data through the registration process, 

explicit ratings for a subset of the available items, and implicit data from the user’s online behavior.  

The users’ engagement level, motivation state, study time and study habits can be discovered by examining system 

usage data and online behavior. This information would help the system discover which user is about to quit, and to 

prevent this; the system could send remainders or offer different content to keep their progress.   

Requirements on User Profiling given in [32] are defining static and dynamic information attributes about the users, 

providing management (like storage, deletion or update) of attributes in real-time and supporting learner tracking (e.g. 

observing the learning process, the paths through the courses, all learning objects viewed) 

1.3. INITIALIZATION OF THE USER MODEL 

A common feature of various adaptive Web systems is the application of user models (also known as profiles) to 

adapt the systems’ behavior to individual users. User models are essential part of adaptive learning systems which 

represent the information about users.  

In [1], three approaches are explained for initializing the student model.  

1. The system may assume that a new user knows nothing about the domain.  

2. The user’s prior knowledge may be discovered by using a pre-test during the registration process to the system.  

3. The system may use patterns among students in order to group similar students into categories. 

The first approach can be preferred for the simplicity, but it is not reliable as it assumes the user knows nothing about 

the domain, although the user may already have some initial knowledge. A great number of educational systems initialize 

the models of new students by assuming that they know nothing or that they have some standard prior knowledge of the 

domain being taught. This causes the boredom of the users which already have initial knowledge about the domain and 

decreases their motivation.  

The second approach, applying a pre-test to measure the prior knowledge of the students is a more appropriate 

solution, but it contains a trade-off between the number of questions and accuracy. If the number of questions in the pre-

test is too high it would frustrate the user and decrease the motivation from the starting point. On the other side not having 

enough number of questions couldn’t give the real level of the user. To recover this trade-off, adaptive pre-test is 

suggested by [5], which can select the next question according to previous answers.  

The third initialization way does not require a pre-test, it groups similar users into the same categories, in other words 

stereotypes.  Stereotypes allow the system to start the customized interaction in a quicker way, often based upon a short 

initial interaction with the user or a short period observing the user. A system might ask the user just a few questions or 

it might set the student an initial task to assess their level. From this small base of information, the system estimates the 

values of a large number of components of the student model.[26] 
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2. USER KNOWLEDGE MODELS 

A knowledge model represents a reflection of the student's state and level of knowledge and skills in term of a 

particular subject domain [11]. User knowledge models can be categorized according to their coverage as Overlay models 

and Perturbation models. 

Overlay models keep the user/student knowledge only a subset of the entire domain knowledge and do not allow 

representing the incorrect knowledge that the student acquired or the misconceptions. This solution demands great 

flexibility in the student knowledge model for each topic [22]. Many researchers have adopted overlay student models to 

represent the learner’s knowledge for each concept independently, focusing on the comparison between the student model 

and the expert domain knowledge as in [12]-[36].  A certain measure is assigned to each curriculum element based on 

the estimated student's understanding on that element. The measure can be a scalar (an integer, or probability measure, 

or a flag such as initial acquisition/assimilation/mastery) or a vector estimate.  

Stereotypic inference also can be used in any modeling method. Users can be categorized i.e. as novices, 

intermediates, experts and others [26]. The stereotype and overlay techniques of student modeling are often combined in 

adaptive systems for education. The disadvantage of this technique is that it does not consider incorrect behavior of the 

user or the reason of that behavior.  

Perturbation models assume one or more perturbations (misconceptions) exist for each knowledge domain element. 

Incorrect user behavior may be caused by the application of one of misconceptions in place of the related correct 

knowledge element. Therefore the student knowledge is represented by a union of a subset of the domain model and 

another subset of the misconception set with all misconceptions that the learner may have [9]. Keeping the 

misconceptions or the errors in the students’ knowledge is a more realistic way for a better learning.   

3. UNCERTAINTY BASED USER MODELS 

In user modelling, there is often uncertain or imprecise information; rather it is not sure that the available information 

is absolutely true or the values are completely defined. In this case, several statistical prediction methods are used.  

There are several Artificial Intelligence techniques used in adaptive educational systems for predicting missing 

information, such as Fuzzy Logic (FL), Decision Trees, Bayesian Networks (BN), Neural Networks, Genetic Algorithms 

and Markov Models.  

3.1. FUZZY LOGIC 

Fuzzy logic methods are used in many adaptive learning systems in user modelling taking into consideration many 

different user characteristics as in  [2–4, 13, 41, 44, 48, 49].  In some studies fuzzy logic methods are commonly used for 

examining and assessing learning outcomes as in [44]. Learning and teaching behavior can be presented by the fuzzy 

rules in a human readable and linguistically interpretable manner.  

 

Student modelling is performed by fuzzy models with a multi-agent approach in [48]. Profiling system stores the 

learning activities and interaction history of each student into the student profile database which is abstracted into a 

student model. Student model contains fuzzy values of the students’ behaviors.  

In[30], eight stereotypes for representing the knowledge level of a learner from novice to expert. In this study fuzzy 

sets are combined with user stereotypes and the overlay model to give appropriate domain concepts that correspond to 

the learner's knowledge level and educational needs.  

The study [4] demonstrates the proposed zSlices type-2 fuzzy-logic-based system’s capability for uncertainties 

produce better performance, in terms of student performance and improved success rates compared with interval type-2 

fuzzy logic, type-1 fuzzy systems and non-adaptive systems. 

In [3], system gathers input and output information of the user during the learning process including head pose 

direction and face expressions and the state of the e-learning environment. An interval type-2 fuzzy logic-based system 

that can learn different teacher’s pedagogical decisions based on the content difficulty level as well as the students’ 

average level of engagements and the variation between the engagements in a dynamic real online teaching environment.  

3.2. DECISION TREES 

Decision trees are commonly used for gaining information for decision making. A decision tree is a tree structure 

such that each branch node represents a choice between a number of alternatives, and each leaf node represents decision. 
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Decision tree starts with a root node and users split each node recursively according to decision tree learning algorithm. 

The final result is a decision tree where each branch represents a scenario of decision and its outcome.  [27] 

 

One of the methods for user categorization is proposed in [1] is CLARISSE. It identifies the categories among students 

for an ITS for teaching of quantum information processing. CLARISSE generates an adaptive pre-test to identify the 

learner’s category after very few questions by using decision tree and classify new students according to their cognitive 

level.  

3.3. BAYESIAN NETWORKS 

Bayesian Networks (BN) are a probabilistic graphical model in which each node represents a random variable and 

each link represents probabilistic dependencies among the corresponding random variables [7]. BNs have been widely 

used for the purpose of modelling learner skills as they offer probability computations of unobserved nodes from evidence 

of observed nodes. [16] 

 

In [21] Bayesian Networks is used to detect the learning style of a student in a Web-based education system. The 

system models perception, processing and understanding of the students by evaluating their participation in forums, chats, 

mail systems and access patterns. Participation in forums, chats, and mail systems is used to detect whether the student 

prefers to work alone or in groups. Access patterns to information determine how students understand, sequentially or 

not.  

 

Dynamic Bayesian Networks (DBNs) have the potential to increase the representational power of the student model 

and increase prediction accuracy [25], by modelling skill hierarchies. Hierarchical models improve prediction accuracy 

significantly. A domain expert employing a more detailed skill topology and more complex constraint sets could probably 

obtain an even higher accuracy on data sets.  

 

The study [35] proposes a user modeling system named Zebra which manipulates students’ characteristics by a 

Triangular Learner Model which is consist of knowledge, learning style and learning history sub-models. Zebra has two 

engines: mining engine (ME) and belief network engine (BNE). Mining engine (ME) is responsible for collecting 

learners’ data, monitoring their actions, structuring and updating the model while Belief network engine (BNE) is 

responsible for inferring new personal traits by using Bayesian network and hidden Markov model into inference 

mechanism.  

3.4. NEURAL NETWORKS 

Artificial neural networks are one of the main machine learning methods designed for finding patterns in data. They 

are brain-inspired systems which are intended to replicate the way that humans learn. They are used for classification, 

clustering and prediction. 

SQL-Tutor is one of the Intelligent Tutoring Systems (ITS), which was developed to teach university students SQL 

using an Artificial Neural Network (ANN) for decision-making. Inputs of the system were time needed to solve the 

problem, the level of help provided to the student, the complexity of the problem and the knowledge level of the student. 

In the output, the ANN attempted to predict the number of errors or constraints violations committed by the student. The 

system employs this prediction to make the next teaching decision such as selecting the next problem from the problem 

database. [31] 

 

Another study [40] uses 32 different attributes which can be used to infer the learning style and preferred learning 

mode of the learner in accordance with Gardner’s theory of multiple intelligences by using two different feedforward-

backpropagation neural networks, one for the learning style and another for preferred learning mode.  

3.5. LEARNING ANALYTICS AND EDUCATIONAL DATA MINING TECHNIQUES 

Currently, data mining techniques and learning analytics techniques such as clustering, classification, collaborative 

filtering and association rule mining are used in e-learning platforms [6, 15, 24, 28–30, 37, 42]. In recent studies these 

methods are more often used.  

Learning analytics is the automatic analysis of educational data to enhance the learning experience.  
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In [42], authors proposed an Adaptive web-based English  tutor which uses an online pre-questionnaire to model each 

student’s learning style according to pre-defined Jackson learning styles. At the end, system classifies students according 

to the learning styles by using k-means clustering. 

In the study [37], behavior mining techniques were used to extract the students’ access patterns, preferences, learning 

styles to discover a method for delivering suitable and personalized contents to students based on their special 

characteristics. FP-Tree association rule mining technique was used for exploring the relationships between 

characteristics.   

4. DISCUSSION  

In an e-learning system it is crucial to consider the individual traits to take the attention of the user and increase the 

engagement level. Adaptive learning systems contain a user model which represents the essential information about the 

user. This information is used to adapt the system’s behavior according to individual traits of the users. E-learning systems 

may successfully retrieve different learning material and resources that technically match a specific goal. Recent systems 

are designed in a more user- centric way, allowing users having more choices or more flexibility.  

 

The user modelling is one of the key factors for the success of the e-learning system. Users’ achievements will depend 

to a large extent on the user models to represent the users’ actual interests and characteristics. In the literature, the number 

and type of user characteristics to adapt depending on the design of each system, but relevantly cognitive skills, learning 

styles and student knowledge are used more commonly as adaptation criteria. The first step in user model design should 

be defining static and dynamic data attributes about the users. Attributes such as user demographic data (i.e., gender, 

age), academic background etc. can be entered by the user through the registration process of the system. The system 

gathers the dynamic data from the user’s interactions and online behavior. For unknown information of the user, 

prediction methods are used. Machine learning and data mining methods are also widely used in recent studies to discover 

the patterns in user data rather than classic rule-based adaptation methods. Techniques that capture dynamic changes in 

user information and available user data can increase the adaptivity of user model, so the system can have better 

performance in individualization.  

Student model initialization using patterns among students in order to group similar students into categories seems 

more practical than assuming that a new user knows nothing about the domain or applying an exhaustive pre-test during 

the registration process. This allows the system to start the customized interaction in a quicker way. If the assumptions 

for the user are missing or incorrect, the system should update the user stereotype or change the user group upon the 

recent data.   

Adaptive environments also can adapt to support collaborative and group learning, not just to a single learner. User 

models are often developed using a combination of methods. For example, when user/student model initialization can be 

done by machine learning methods (i.e. Bayesian Networks), user model adaptation and prediction can be done by the 

help of educational data mining techniques such as clustering, classification etc.  

5. CONCLUSION 

In this paper we tried to answer the following questions: Which user characteristics are used in adaptive learning 

systems? Which way of user model initialization is more proper? Which adaptation methods are used? What are the pros 

and cons of adaptation methods? 

In the traditional face to face teaching-learning interaction; teacher/tutor is the center and student is supposed to adopt 

himself for the different attitudes or teaching methods of teachers. Also, in human tutoring, teacher can notice the students 

who are not learning well, which mistakes are done by the group of students, what are the misconceptions, what are the 

different learning styles in the group. In e-learning systems these kinds of knowledge should be extracted from the system. 

This is where the user modeling becomes critical for the enhancement of learning effectiveness of web-based educational 

systems. The purpose of user modeling is to understand the user and diagnose the characteristics of the user to be able to 

perform adaptation accordingly. As it can be seen from the existing studies, all methods employed to predict uncertainty 

in user modeling are dealing with different aspects of user characteristics. There is no model to take the student as a 

whole to evaluate all aspects of learning process. Furthermore, extracting data not only from the learning system but from 

users’ other interactions with other systems, web pages etc. to get a proper knowledge of real interests of the user can 

help improving the adaptation. When user modeling is done with more parameters, in other terms, using more data would 

increase the accuracy, but on the other side it could cause higher complexity and additional processing time. There is a 
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tradeoff between the amount of data and complexity which should be well balanced. This is why user characteristics or 

user data should be selected very precisely.  

In many researches one of the main problems are defined as the lack of standardization for the design of user models. 

Existing studies show that each method captures different elements of user characteristics by using different pedagogical 

theories. Combination of different techniques, in other words, hybrid systems could be the future of user models. The 

user model can be divided into sub-models such as knowledge model, interaction model, pedagogical model etc. This 

would contribute to the modularity of the systems or the easier combination of the different methods; such as using 

different algorithms for different sub-models, combining different machine learning or data mining methods. 

 

 

REFERENCES 

 
1. Aïmeur, E. et al.: CLARISSE: A Machine Learning Tool to Initialize Student Models. In: International Conference on Intelligent Tutoring 

Systems. pp. 718–728 Springer, Berlin, Heidelberg (2002) 

2. Al-Shamri, M.Y.H., Bharadwaj, K.K.: Fuzzy-genetic approach to recommender systems based on a novel hybrid user model. Expert Systems 

with Applications. 35, 3, 1386–1399 (2008). https://doi.org/10.1016/j.eswa.2007.08.016 

3. Almohammadi, K. et al.: A type-2 fuzzy logic recommendation system for adaptive teaching. Soft Computing. 21, 4, 965–979 (2017). 

https://doi.org/10.1007/s00500-015-1826-y 

4. Almohammadi, K. et al.: A zSlices-based general type-2 fuzzy logic system for users-centric adaptive learning in large-scale e-learning 

platforms. Soft Computing. 21, 22, 6859–6880 (2017). https://doi.org/10.1007/s00500-016-2236-5 

5. Arroyo, I. et al.: An Adaptive Web - based Component for Cognitive Ability Estimation. Proc. of AI-ED. 456–466 (2001) 

6. Bannert, M. et al.: Relevance of Learning Analytics to Measure and Support Students ’ Learning in Adaptive Educational Technologies.  (2018) 

7. Ben-Gal, I.: Bayesian Networks, http://www.eng.tau.ac.il/~bengal/BN.pdf, (2007) 

8. De Bra, P. et al.: Authoring and Management Tools for Adaptive Educational Hypermedia Systems : the AHA ! case study . Studies in 

Computational Intelligence (SCI). (2007) 

9. Brusilovskiy, P.L.: The Construction and Application of Student Models in Intelligent Tutoring Systems*. Journal of Computer and Systems 

Sciences International. 32, 1, (1994) 

10. Brusilovsky, P.: Adaptive Educational Systems on the World-Wide-Web : A Review of Available Technologies. Proceedings of Workshop 

“WWW-Based Tutoring” at 4th International Conference on Intelligent Tutoring Systems (ITS’98), San Antonio, TX. (1998) 

11. Brusilovsky, P., Millán, E.: User Models for Adaptive Hypermedia and Adaptive Educational Systems. The Adaptive Web. 3–53 (2007). 

https://doi.org/10.1007/978-3-540-72079-9_1 

12. Castillo, G. et al.: An Adaptive Predictive Model for Student Modeling. In: Advances in Web-based education: Personalized learning 

environments. (2005). https://doi.org/10.4018/978-1-59140-690-7.ch004 

13. Chrysafiadi, K., Virvou, M.: Fuzzy logic for adaptive instruction in an e-learning environment for computer programming. IEEE Transactions 

on Fuzzy Systems. 23, 1, 164–177 (2015). https://doi.org/10.1109/TFUZZ.2014.2310242 

14. Dabbagh, N., Kitsantas, A.: Personal Learning Environments, social media, and self-regulated learning: A natural formula for connecting 

formal and informal learning. The Internet and Higher Education. 15, 1, 3–8 (2012). https://doi.org/10.1016/J.IHEDUC.2011.06.002 

15. Daniel, B.K., Butson, R.J.: The rise of big data and analytics in higher education. (2017). https://doi.org/10.1201/9781315161501 

16. Desmarais, M.C., Baker, R.S.J.D.: A review of recent advances in learner and skill modeling in intelligent learning environments. 22, 9–38 

(2012). https://doi.org/10.1007/s11257-011-9106-8 

17. Diaz, F.S. et al.: An Adaptive E-Learning Platform with VARK Learning Styles to Support the Learning of Object Orientation . In: 2018 IEEE 

World Engineering Education Conference (EDUNINE). pp. 1–6 IEEE (2018). https://doi.org/10.1109/EDUNINE.2018.8450990 

18. Dziuban, C. et al.: Adaptive Learning : A Tale of Two Contexts. Current Issues in Emerging eLearning. 4, 1, (2017) 

19. Eltigani, Y. et al.: An approach to Adaptive E-Learning Hypermedia System based on Learning Styles (AEHS-LS): Implementation and 

evaluation. International Journal of Library and Information Science. 3, 1, 15–28 (2011) 

20. García, P. et al.: Evaluating Bayesian networks’ precision for detecting students’ learning styles. Computers and Education. 49, 3, 794–808 

(2007). https://doi.org/10.1016/j.compedu.2005.11.017 

21. García, P. et al.: Using Bayesian Networks to Detect Students’ Learning Styles in a Web-based education system. In: Proc of ASAI, Rosario. pp. 

115–126 (2005) 

22. Gerhard Weber, P.B.: ELM-ART – An Interactive and Intelligent Web-Based Electronic Textbook. International Journal of Artificial Intelligence 

in Education (IJAIED). 12, 351–384 (2001) 

23. Herder, E. et al.: Adaptive Intelligent Learning Environments. In: Duval, E. (ed.) Technology Enhanced Learning. pp. 109–114 Springer 

International Publishing (2017). https://doi.org/10.1007/978-3-319-02600-8 

24. Huda, M. et al.: Exploring innovative learning environment (ILE): Big data era. International Journal of Applied Engineering Research. 12, 17, 

6678–6685 (2017) 

25. Kaser, T. et al.: Dynamic Bayesian Networks for Student Modeling. IEEE Transactions on Learning Technologies. 10, 4, 450–462 (2017). 

https://doi.org/10.1109/TLT.2017.2689017 

26. Kay, J.: Stereotypes, student models and scrutability. In: International Conference on Intelligent Tutoring Systems. pp. 19–30 Springer (2000) 

27. Li, D.: An intelligent and effective e-learning system that provides tailored lessons to students. August, (2017) 

28. Liebowitz, J.: Thoughts on Recent Trends and Future Research Perspectives in Big Data and Analytics in Higher Education.  In: Big Data and 

Learning Analytics in Higher Education. pp. 7–17 Springer International Publishing, Cham (2017). https://doi.org/10.1007/978-3-319-06520-

5_2 

29. Makkena, C., Anuradha, K.: A Study on Efficiency of Data Mining Approaches to Online - Learning Methods. 2, 4, 808–816 (2017) 

30. Mavroudi, A. et al.: Supporting adaptive learning pathways through the use of learning analytics: developments, challenges and future 

opportunities. Interactive Learning Environments. 26, 2, 206–220 (2018). https://doi.org/10.1080/10494820.2017.1292531 

31. Mitrovic, A., Wang, T.: Using Neural Networks to predict Student’s Performance. In: Proceedings - International Conference on Computers in 



                             
N. Ademi. et al. / IBU International Journal of Technical and Natural Sciences 1 (2020) 35-42 

 

42 
 

Education, ICCE. pp. 969–973 (2002). https://doi.org/10.1109/CIE.2002.1186127 

32. Mödritscher, F. et al.: Enhancement of SCORM to support adaptive E-Learning within the Scope of the Research Project AdeLE. In: E-Learn: 

World Conference on E-Learning in Corporate, Government, Healthcare, and Higher Education. pp. 2499–2505 Association for the 

Advancement of Computing in Education (AACE) (2004) 

33. Nafea, S.M. et al.: An Adaptive Learning Ontological Framework Based on Learning Styles and Teaching Strategies. September, 11–12 (2017) 

34. Nakic, J. et al.: Anatomy of Student Models In Adaptive Learning Systems: A Systematic Literature Review of Individual Differences From 2001 

to 2013. J. Educational Computing Research. 51, 4, 459–489 (2015). https://doi.org/10.2190/EC.51.4.e 

35. Nguyen, L.: A user modeling system for adaptive learning. In: 2014 International Conference on Interactive Collaborative Learning (ICL). pp. 

864–866 IEEE (2014). https://doi.org/10.1109/ICL.2014.7017887 

36. Nguyen, L., Do, P.: Learner Model in Adaptive Learning. World Academy of Science, Engineering and Technology  . 21, (2008) 

37. Oskouei, R.J., Kor, N.M.: Proposing a Novel Adaptive Learning Management System: An Application of Behavior Mining & Intelligent Agents. 

Intelligent Automation and Soft Computing. 23, 2, 199–205 (2017). https://doi.org/10.1080/10798587.2016.1186429 

38. Paramythis, A., Loidl-Reisinger, S.: Adaptive learning environments and e-learning standards. Electronic Journal of Elearning. 2, 1, 181–194 

(2004). https://doi.org/10.1.1.131.288 

39. Parcus De Koch, N.: Software Engineering for Adaptive Hypermedia Systems Reference Model, Modeling Techniques and Development Process.   

Ludwig-Maximilians University of Munich (2001) 

40. Rasheed, F., Wahid, A.: Learning Style Recognition: A Neural Network Approach. In: First International Conference on Artificial Intelligence 

and Cognitive Computing , Advances in Intelligent Systems and Computing, Springer. pp. 301–312 (2019). https://doi.org/10.1007/978-981-13-

1580-0_29 

41. Sadique Ali, M., Ghatol, A.A.: A Neuro Fuzzy Inference System For Student Modeling In Web-Based Intelligent Tutoring Systems. In: 

Proceedings of international conference on cognitive systems. pp. 14–19 (2004) 

42. Tashtoush, Y.M. et al.: Adaptive e-learning web-based English tutor using data mining techniques and Jackson’s learning styles. 2017 8th 

International Conference on Information and Communication Systems, ICICS 2017. 86–91 (2017). https://doi.org/10.1109/IACS.2017.7921951 

43. Truong, H.M.: Integrating learning styles and adaptive e-learning system: Current developments, problems and opportunities. Computers in 

Human Behavior. 55, 1185–1193 (2016). https://doi.org/10.1016/j.chb.2015.02.014 

44. Venkatesan, S., Fragomeni, S./ S.: Evaluating learning outcomes in PBL using fuzzy logic techniques. In: 19th Annual Conference of the 

Australasian Association for Engineering Education: To Industry and Beyond; Proceedings of the (p. 534). Institution of Engineers, Australia. 

p. 534 (2008) 

45. Weber, G., Specht, M.: User Modeling and Adaptive Navigation Support in WWW-Based Tutoring Systems. In: User Modeling. pp. 289–300 

Springer Vienna, Vienna (1997). https://doi.org/10.1007/978-3-7091-2670-7_30 

46. Weber, G., Specht, M.: User Modeling and Adaptive Navigation Support in WWW - Based Tutoring Systems. Presented at the (1997). 

https://doi.org/10.1007/978-3-7091-2670-7_30 

47. Wilson, C., Scott, B.: Adaptive systems in education: a review and conceptual unification. International Journal of Information and Learning 

Technology. 34, 1, 2–19 (2017). https://doi.org/10.1108/IJILT-09-2016-0040 

48. Xu, D. et al.: Intelligent Student Profiling with Fuzzy Models. In: Proceedings of the 35th Hawaii International Conference on System Sciences. 

(2002) 

    


