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Abstract 

Digital learning platforms are changing the way we learn and when we learn. Massive Online Open Courses (MOOCs) from world-

class universities are making education accessible globally free of cost. Today we have millions of hours of content available on 

the web to learn about almost anything. A major challenge faced by digital learning platforms is to engage with learners better who 

come from various backgrounds and understanding levels. Learners on the web need personalized learning paths to optimize their 

learning outcomes. Adaptive Learning Systems (ALS) is making digital learning personalized, engaging, gamified and more 

productive. With ALS, learners can get personalized learning path recommendations along with unique examples and scenarios 

based on learner profiles to make them understand concepts better. In this paper, we discuss and analyze different approaches to 

ALS, their methodologies in trying to solve problems faced by learners and learning providers along with recommendation engines.  
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

Learning methods and systems are evolving with advances in technology to make learning more engaging, productive and user 

friendly. Digital learning approaches are becoming a new normal in education delivery methods because of the quick scalability it 

provides. With thousands of learners enrolled for a particular online program, it gets difficult for instructors to provide personalized 

delivery to learners. Also, the attention span with learners in today’s fast-paced mobile-first generation is less than 10 seconds. 

Another major challenge faced by digital learning instructors is the rate of completion of their programs. According to current data, 

the course completion rate in massive online open courses is less than three per cent. 

 Adaptive Learning Systems (ALS) for e-learning platforms can make learning personalized, engaging and more productive. 

ALS is a new generation computer-aided learning system that helps in delivering e-learning courses. ALS identifies the learning 

pattern of learners and then based on the data captured it predicts unique learning pathways for learners. These systems are designed 

after capturing data parameters from various sources like learners’ learning style identification, module wise learner evaluation, 

knowledge level identification, learner personality identification, the cognitive potential of a learner and other interests of the 

learner [3]. Each learner requires different learning methods, they have different methods to acquire knowledge and require 

different processing time [4]. An adaptive learning model built with personality trait identification of the learner can make learning 

more engaging.   

 Fig. 1. shown below represents a typical Adaptive Learning System architecture [5]. An adaptation engine comprises two 

modules. The first module is an adaptive navigation engine which helps decide the next learning module for the learner. The second 

module is a recommender system for the learning materials. Once the adaptive navigation engine recommends a concept, the 

recommender starts working to choose learning materials relevant to the concept and learner. The user model identifies the personal 

traits of each individual learner along with knowledge level identification. The domain model with learning contents and activities 

is important for the recommender system. The learning content, tags, and ratings are present in the domain model. The concepts, 

learning content, tags and ratings are designed by the learning instructors. 
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Fig. 1: Adaptive Learning System Architecture 

II. METHODOLOGY 

This literature review was conducted using the Systematic Literature Review guidelines laid out by Kitchenham and Charters 

(2007). We followed the steps of planning, conducting and reporting to perform our literature review. We identified the need for 

this literature review, development of review protocol, identifying the research questions, screening the papers, summarizing the 

selected papers and finally interpretation of the results. 

 The main aim of this literature review is to analyze the most recent works in the field of Adaptive Learning Systems. This 

literature review includes both theoretical and empirical works. Excel spreadsheets were used to manage the information obtained 

in a more organised manner. 

III. DISCUSSION 

In this section, we discussed some of the recent researches briefly on the Adaptive Learning Systems literature study. 

 Amir Hossein Nabizadeh et. al in 2019 [9] proposed an adaptive learning path recommender for learners to help finish their 

course efficiently. The recommendations are made based on available time and knowledge background of the learner. Their method 

focused on attaching learning objectives to course modules and calculating the approximate time required to finish each module 

along with an expected score for each module. The learning path is recommended to maximize the score of the learner in the 

stipulated time available. If a learner could not get an estimated score for a particular module from the recommended learning path, 

then their method recommends a set of auxiliary learning objectives for that module. 

 They discussed two approaches, one checks the possibility of not finishing a path in a given time and another checks the 

possibility of finishing the recommended path in the given time. They computed the time required to finish the course based on 

the recommended path using estimations of learning time required to complete each learning objective, taking into account the 

historic data of learners learning objective interactions. 

 This paper is focused on course generation based on the time availability of the learner and existing knowledge base of the 

learner. It also discusses auxiliary learning objective generation if a particular learning path is giving an expected score to the 

learner. The practical implementation of this method will need to be domain-specific and personalization is limited to learning 

objective to the final score and not example based. 

 Ibtissam Azzi et. al in 2019 [10] introduced a classification model to predict learning styles of learners in e-learning systems 

which helps to make the e-learning system adaptive. Learning style identification helps enhance motivation among learners, it 

reduces the learning time and improves learner performance. Learning style classification provides important information to 

instructors which helps them to build adaptive learning systems. Most available approaches to identify learning styles depend on 

data collected from a pre-selected set of learning courses or programs.  

 Their proposed system for learning style identification follows a two-step approach. In the first step, they proposed to capture 

all adequate data that will be used for prediction. To achieve this step for each learning program and course the data parameters 

are defined. In the next step, learning styles are identified using the data captured in the previous step. Fuzzy C Means algorithm 

is used to identify the learning styles for each individual learner and the whole sequence is mapped and stored into the Felder-

Silverman Learning Style Model (FSLSM) categories. 

 This paper proposed a robust learning style classification model. They used a learning management system based on Moodle to 

test their methods. 1000 learners participated to test the system.  In the proposed system, the learner needs to start the course and 
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complete it to some extent before the adaptive learning is introduced. The method still depends on defining the learning program 

and course parameters which are used to identify the learning parameters. 

 Hassan Khosravi et. al in 2020 [12] introduced an Adaptive Learning System called RiPPLE which recommends learning 

activities to online learners. The recommendations are based on the current knowledge state of the learner for a particular course 

or program. Learning activities recommended by RiPPLE system are from an existing pool of learning resources. RiPPLE is built 

to reduce the gap between large research domains like crowdsourcing, learning sciences and adaptive learning, and provide a 

platform to the instructors that can be directly used in their courses. RiPPLE was tested with 3000 learners and had a learning 

resource pool size of 7000. 

 The recommendation system introduced here works based on the knowledge state evaluation of each learner. By using the ELO 

rating system, RiPPLE approximates the learner evaluation score. The platform has offerings for both individual learners and 

instructors. Along with learning resource recommendation, RiPPLE provides badges to learners as a mode of engagement and 

competency mapping. 

 This paper focused on the practical implementation of an Adaptive Learning System by recommending learning resources from 

an existing pool. Evaluation of learners was limited to MCQs and general notes. Engagement with learners was limited to badges 

and didn’t focus much on the attention span of learners during digital learning.    

 Gunter Maris et. al in 2020 [15] introduced Urnings, a rating system for adaptive learning systems, competitive gaming and 

other platform and service ratings. The Urnings rating system can be compared to the popular ELO rating system. Urnings are 

different from the ELO rating system, as ELO does not include any standard set of errors that can be used for inference on ratings. 

In the proposed rating system, the size of the urn determines how fast ratings can change. 

 This paper proposed an advanced rating system which can help design evaluation components of adaptive learning systems. 

Urnings can make observations from many streams of data in an adaptive learning system, providing dynamic and precise 

evaluation results. But the rating system only works on simple dichotomous observations for now like correct and incorrect 

responses. Some observations show the Urning rating system can be extended to polytomous outcomes. 

 Leon Fadljević et. al in 2020 [13] introduced an adaptive e-learning system for students in the age range of 11 to 15 years old. 

Their approach is based on the analysis of the temporal behaviour of the students. They classified students’ in four different 

competence levels and based on that their system adapts for every student. Their research tries to investigate whether temporal 

behaviour between students is a differentiator in an adaptive system. 

 H Elmunsyah et. al in 2020 [14] discusses an adaptive learning system for the digital sharing communities. This paper proposed 

a 4D learning development method. The 4D method is based on the Life-Based Learning (LBL) approach required for industry 

4.0. The LBL method makes college graduates not only learn all the required competencies but also be able to develop abilities 

required to meet the demands of the industrial revolution. The proposed 4D learning method involves defining, design, develop, 

and disseminate. 

 This paper discussed a 4D learning model for the 21st-century generation Z digital learners. They focused on developing a 

learning model for the mobile-first generation. The research discussed the use of Artificial Intelligence for Adaptive Learning 

Systems for the Digital Sharing Community. The system is built using questionnaires that help users to choose the next learning 

activity. 

IV. RESULTS 

Table 1 listed below summarizes all the results interpreted from our discussions. 
Table – 1 

Adaptive Learning Systems Review Summary 

Source 
Publication 

Year 
Research/Study Description Results 

Amir Hossein Nabizadeh et. al, 

2019, Adaptive Learning Path 

Recommender Approach using 

Auxiliary Learning Objects 

2019 

Proposed an adaptive learning path 

recommender for learners to help finish their 

course efficiently. The method identifies the 

possibility of completion of a course with a 

particular learning path for an individual 

learner. 

This method focused on course 

generation based on the time availability 

of the learner and existing knowledge 

base of the learner. It also discusses the 

auxiliary learning objective generation. 

Ibtissam Azzi et. al, 2019, A 

Robust Classification to 

Predict Learning Styles in 

Adaptive E-learning Systems 

2019 

Proposed a robust classification model that 

classifies learners based on the learning 

styles of individuals. The learning styles are 

classified using Fuzzy C Means algorithm 

and the patterns are stored on to Felder-

Silverman Learning Style Model (FSLSM) 

categories. 

A Moodle-based LMS with 1000 learners 

were used to test the proposed 

classification model. For the system to 

work the learning programs and 

parameters used to capture relevant data 

needs to be defined prior. 

Hassan Khosravi et. al, 2020, 

Development and Adoption of 

an Adaptive Learning System: 

Reflections and Lessons 

Learned 

2020 

Demonstrated an Adaptive Learning System, 

RiPPLE. This ALS recommends learning 

programs and activities to e-learning 

learners. RiPPLE works with an available 

pool of learning activities. 

RiPPLE focused on building a practical 

ALS by recommending learning 

resources from an existing pool. Learner 

evaluation is limited to MCQs. 
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Gunter Maris et. al, 2020, 

Urnings: A Rating System 
2020 

Urnings rating system is built with motivation 

from the popular ELO rating system. This 

rating system can be used in adaptive 

learning systems, competitive gaming and 

other services which require a rating. 

Urnings can make observations from 

many streams of data in an ALS, 

providing dynamic and precise 

evaluation results. At present, the rating 

system only works on simple 

dichotomous observations like correct 

and incorrect responses. 

Leon Fadljević et. al, 2020, 

Slow is Good: The Effect of 

Diligence on Student 

Performance in the Case of an 

Adaptive Learning System for 

Health Literacy 

2020 

An adaptive learning system for kids in the 

age range of 11-15 year old. The system is 

built based on the temporal behaviour of the 

learners. 

Based on the outcomes of their research, 

authors classified learners in four 

categories. The decision was taken based 

on the temporal behaviour of the 

learners. 

H Elmunsyah et. al, 2020, 

Adaptive Learning System in 

Open Educational Resource 

Digital Sharing Community as 

a Media for Learning 

Autonomous Students 

2020 

A 4D Life-Based Learning (LBL) method 

which involves defining, design, develop, and 

disseminate. Their method is built for the 

Digital Sharing Community. 

The 4D LBL method is built with a focus 

on the mobile-first Generation Z 

learners. They focused on building a 

system which makes e-learning time 

efficient. 

V. CONCLUSION 

In this modern era, the whole concept of education is evolving. E-learning is becoming one of the modes of delivery of education. 

With education delivery becoming remote and virtual, there is a need for personalization. Adaptive Learning Systems make e-

learning more engaging through personalized delivery of learning activities to the learner. In this paper, we discussed some of the 

recent developments and approaches towards Adaptive Learning Systems, learning path identification and user rating systems. We 

identified that most approaches depend either on defining the data parameters prior or selecting learning resources from an exiting 

pool of learning activities/programs. 
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