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Abstract: 	Online  learning  is  the  emerging  technique  in  education  and  learning  during  the  COVID-19

pandemic  period.   Traditional  learning is  a  complex  process  as  learning  patterns,  approach,  skills  and

performance  varies  from  person  to  person.   Adaptive  online  learning  focuses  on  understanding  the

learner’s performance, skills and adapts to it.  The use of advanced technology also provides a means to

analyze the behavioral learning pattern.  As it provides the detailed skill mapping and performance which

enables the learner to understand the areas needs to be improved.  The information can also be used by

assessors to improve the teaching approach.  Advanced online learning system using arti=icial intelligence is

an emerging concept in the coming years.  In this new concept, the classes are not taken face-to-face in a

classroom but through an electronic medium as a substitute.  These virtual learning approach are gaining

importance every day and very soon they are going to be an integral part of our world.  Taking up these

virtual learning through an electronic medium is termed as online learning.  We proposed two new models

which are powered by arti=icial intelligence (AI) tools.  A number of examples of using these new models are

presented.  
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1. Introduction

The purpose of  this  adaptive and advanced online learning system is  to enable learners to get  proper

knowledge of course and adjusting system according to the users IQ level [1].  It is an educational method

which uses computers as interactive teaching devices and reduces the teacher’s workload and enhance the

learner understanding.  As the online learning system integrated with  Arti=icial  Intelligence (AI) is a new

approach it has many =laws.  Learning is a sophisticated process.  And if the computers have to replace a

human teacher they need to be more intelligent as Creative Intelligence Learning (CIL) approach does not

provide the quantitative teaching learning mechanism [2].  To strengthen the online learning process with

the  AI mechanism the paper proposed two new adaptive online learning models, 1: Statistical  Analysis

using AI  Learning  Model,  and 2:  Progressive  Response Learning Model.   This  paper will  elaborate  the

models in detail.

2. Statistical	Analysis	Using	AI	Learning	Model

Many  online  learning  assessment  systems  that  use  multiple  choice  approach  is  based  on  the  correct

answers to judge a learner on their understanding of what they have learned [3].  We have carry out various

experiments  on these  quanti=iable  measurements  (assessment  indicators)  on Mathematics  and English

subject on different learner groups.  With these assessment indicators, assessors and learners can easily

assess the online learning performance [4].    



In our research, we have identify 3 critical assessment indicators which can in=luence the learners’ learning

progress and understanding.  These 3 assessment indicators have inter-relationships with the underlying

=inal  mark from the assessment  [5].   At  the  end of  the  assessment,  the  AI engine will  analyze all  the

statistical information from these 3 indicators and provide a recommendation for the assessor and learner.

   

(1). Dif�iculty	Level (measure by the complexity of the questions [6], Table 1).

Each question will  have the dif=iculty level  embedded.   For example,  we take a topic in Addition from

Mathematics  subject.   For  an  Addition  topic,  we  can  assign  the  Dif=iculty  level  to  these  3  questions

depending  on  the  complexity,  i.e.  4  +  3  =  ?  (Low  Dif=iculty),  755  +  958  =  ?  (Medium  Dif=iculty)  and

7,431,398,214 + 32,883,295 = ? (High Dif=iculty).

Level Terms Quantitative Measurement

High	(hardest) 3

Medium 2

Low	(easiest) 1

Table 1. Dif=iculty Level – Quantitative Measurement

(2). Understanding	Level (measure by the time from the question appear to submission, Table 2).

Each question will have the understanding level embedded.  For example, assuming there is a question with

Level Term - High (from a to b) where “a = 3 seconds” and “b = 5 seconds”.  In this example, if the learner

can  submit  the  answer  between  3  to  5  seconds  after  the  question  appeared  than  the  answer  will  be

assigned 2 points for the Understanding indicator.

Level Terms Quantitative Measurement

High	(from	a	to	b)	fastest 2

Medium	(from	b	to	c) 1

Low	(from	c	onwards)	slowest 0

Table 2. Understanding Level – Quantitative Measurement

(3). Con�ident	Level (variation in choosing an answer before submission, Table 3).

For  each  question,  we  will  capture  the  behaviour  of  the  learner  when  choosing  an  answer  before

submission [7].  For example, for most learners if they are con=ident and prudent on choosing the correct

answer, they will submit the answer once decided without making any changes.  If the learner didn’t make

any changes  when  answer  this  example  question,  than  this  answer  will  be  assigned  2  points  for  the

Con=ident indicator.

Level Terms Quantitative Measurement

High	(no	change	on	�irst	pick) 2

Medium	(one	change) 1

Low	(two	changes	or	more) 0

Table 3. Con=ident Level – Quantitative Measurement

In this research, we have carry out multiple experiments to evaluate the use of assessment indicators and

the  statistical  information  generated  when  the  learner  performing  the  assessment  [8][9].   We  have

conducted  3  detail  experiments  and  the  outcomes  generated  shows  promising  result  on  the  learners’

overall learning performance.  Below are the 3 experiments summary which we have conducted on 100

online voluntary learners.    All  marks and indicators have been converted to percentage (%) prior  for

further analysis by the AI engine.



2.1. Experiments

Experiment	1:

20 Multiple Choice Questions (Dif=iculty level : 1)

Type of questions :  Year 5 - UK National Mathematics Curriculum (Topic: Geometry)

Standard marking scheme : Lowest (0 / 20) and Highest (20 / 20) {marks}

Understanding level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Con=ident level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Number of learners involved in this experiment : 100

Summary Results : 

◦ 10% of the learners who cannot move on to Experiment 2 in the 1st attempt, majority of their

Understanding level and/or Con=ident level are under 50%.  And the learners are required to

have a 2nd attempt.

◦ In the 2nd attempt, all the remaining 10% learners have successfully move on to Experiment 2

and both indicators show a major improvement and all indicators above 50%.

◦ 90% of  the  learners  who achieve  moving  to  Experiment  2 in  the  1st attempt,  have shown

promising result of over 50% in both Understanding level and Con=ident level.

Experiment	2:

20 Multiple Choice Questions (Dif=iculty level : 2)

Type of questions :  Year 5 - UK National Mathematics Curriculum (Topic: Geometry)

Standard marking scheme : Lowest (0 / 20) and Highest (20 / 20) {marks}

Understanding level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Con=idence level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Number of learners involved in this experiment : 100

Summary Results : 

◦ 23% of the learners who cannot move on to Experiment 3 in the 1st attempt, majority of their

Understanding level and/or Con=ident level are under 50%.  And the learners are required to

have a 2nd attempt.

◦ In the 2nd attempt, 17% out of 23% learners have successfully move on to Experiment 3 and

both indicators show a major improvement and all indicators above 50%.

◦ In the 3rd attempt,  all  the remaining 5% out of  23% learners have successfully move on to

Experiment 3 and both indicators show a major improvement and all indicators above 50%.

◦ 77% of  the  learners  who achieve  moving  to  Experiment  3 in  the  1st attempt,  have shown

promising result of over 50% in both Understanding level and Con=ident level.

Experiment	3:

20 Multiple Choice Questions (Dif=iculty level : 3)

Type of questions :  Year 5 - UK National Mathematics Curriculum (Topic: Geometry)

Standard marking scheme : Lowest (0 / 20) and Highest (20 / 20) {marks}

Understanding level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Con=idence level : Lowest (0 / 40) and Highest (40 / 40) {20 questions x 2 points}

Number of learners involved in this experiment : 100

Summary Results : 

◦ 56% of the learners who cannot complete the Experiment 3 in the 1st attempt, majority of their

Understanding level and/or Con=ident level are under 50%.  And the learners are required to

have a 2nd attempt.

◦ In the 2nd attempt, 19% out of 56% learners have successfully completed the Experiment 3 and

both indicators show a major improvement and all indicators above 75%.

◦ In the 3rd attempt, all the remaining 15% out of 37% (56% - 19%) learners have successfully

completed the Experiment 3 and both indicators show a major improvement and all indicators

above 75%.

◦ In the 4th attempt, all the remaining 22% (37% - 15%) learners have successfully completed the

Experiment 3 and both indicators show a major improvement and all indicators above 75%.

◦ 44% of the learners who completed the Experiment 3 in the 1st attempt, have shown promising

result of over 75% in both Understanding level and Con=ident level.



Both the assessment indicators and statistical information stand alone do not have any representations and

it  is meaningless without others being analyzed altogether [10][11].  Furthermore,  in order to have an

effective and ef=icient online learning outcome for the learner, the assessor requires to design and develop

the curriculum, learning materials and Q&A using a hybrid integrated model.  The curriculum needs to be

an all rounded learning blueprint, where learner can improve their understanding in a progressive manner

and user-friendly approach. 

2.2. AI	Rules

The  AI rules de=ine the way the online learning system assigned learning materials and exercises for the

learner to follow.  These are the basic rules which we have carry out in our experiments, in which we =ind it

effective in improving the learners understanding,  (Table 4).   Online learning assessor and learner can

modify all the assessment indicators accordingly (depending on various conditions and overall standard

requirements) [12].

Rule

number

Dif=iculty

level

Correct answers

(%)

Understanding

level (%)

Con=ident

level (%)
Recommendation (Response)

1 1 < 50 Nil Nil Repeat the same dif=iculty level =

1 exercise

2 1 ≥ 50 < 50 < 50 Repeat the same dif=iculty level =

1 exercise

3 1 ≥ 50 < 50 ≥ 50 Repeat the same dif=iculty level =

1 exercise

4 1 ≥ 50 ≥ 50 < 50 Repeat the same dif=iculty level =

1 exercise

5 1 ≥ 50 ≥ 50 ≥ 50 Move to  next  dif=iculty  level  =  2

exercise

6 2 < 50 Nil Nil Repeat the same dif=iculty level =

2 exercise

7 2 ≥ 50 < 50 < 50 Repeat the same dif=iculty level =

2 exercise

8 2 ≥ 50 < 50 ≥ 50 Repeat the same dif=iculty level =

2 exercise

9 2 ≥ 50 ≥ 50 < 50 Repeat the same dif=iculty level =

2 exercise

10 2 ≥ 50 ≥ 50 ≥ 50 Move to  next  dif=iculty  level  =  3

exercise

11 3 < 75 Nil Nil Repeat the same dif=iculty level =

3 exercise

12 3 ≥ 75 < 50 < 50 Repeat the same dif=iculty level =

3 exercise

13 3 ≥ 75 < 50 ≥ 50 Repeat the same dif=iculty level =

3 exercise

14 3 ≥ 75 ≥ 50 < 50 Repeat the same dif=iculty level =

3 exercise

15 3 ≥ 75 ≥ 50 ≥ 50 Move to next topic exercise

Table 4. The AI rules applied in the experiments.



3. Progressive	Response	Learning	Model

In  a  traditional  learning  model  involves  a  teacher giving  lectures  to  a  group  of  students  in  a  physical

classroom.  The teacher will then teach what has been prepared and planned in the curriculum.  However,

some students have different learning pace and understanding level.  This will creates many problems not

only to  the  teacher  but  to  the  entire  class.   Therefore,  this  Progressive  Response Learning Model  can

minimize these problems, where students having different learning pace and understanding level.

The principle behind this Progressive Response Learning model is ‘to make those fast pace learner go fast

while  slow  pace  learner  go  far’.   In  this  paper,  we will  present  two  analysis  where  this  model  can

demonstrate the effectiveness when apply to online learning.   In these two analysis,  I  will  use multiple

choice questions approach and the outcomes from the assessment will than be evaluated.  After that, the

assessor and learner can easily review the online learning performance [13].

The analysis consists of 2 assessment groups from 20 voluntary online learners between the age of 9 and

10.  We assigned them into 2 groups based on their school assessment results in Algebra topic, Mathematics

subject, GROUP (A) – 10 fast pace learners and GROUP (B) – 10 slow pace learners.  Each group will be

assigned  10  Q&A  sections  and  each  Q&A  section  will  have  10  questions.   In  total  we  will  apply  100

questions with the Dif=iculty level distribution of 40% Low, 30% Medium and 30% High.  In this analysis,

we will compare the traditional learning approach and the Progressive Response Learning approach.  The

Q&A questions are from Year 5: UK National Curriculum,  Algebra topic (Mathematics).

3.1. Traditional	Learning	Approach

All learners (fast and slow pace learners) are require to do all 10 Q&A sections, each section a day, within 10

days.  The outcomes from this assessment are represented in marks (in %) and the Dif=iculty level are

presented on the charts (Figure 1).  The charts show the results of two groups, GROUP (A) - Fast Pace

Learners and GROUP (B) - Slow Pace Learners.

Figure 1. The results from applying traditional learning approach on two different groups of learners,

GROUP (A) – Fast Pace Learners group and GROUP (B) – Slow Pace Learners group.



3.2. Progressive	Response	Learning	Approach

All learners (fast and slow pace learners) are require to do all 10 Q&A sections, each section a day, within 10

days.  In this model, we will repeat some of the previous Q&A in every exercise and using this approach we

can encourage the learner to retrieve the skills the learner learned from the previous exercise and increase

the con=idence level when facing new questions.  The outcomes from this assessment are represented in

marks (in %) and the Dif=iculty level are presented on the charts (Figure 2).

Figure 2. The results from applying Progressive Response Learning approach on two different groups of

learners, GROUP (A) – Fast Pace Learners group and GROUP (B) – Slow Pace Learners group.

As we can see from the preliminary experiment results, there are improvements in the overall marks and

performance after applying the Progressive Response Learning model.  Besides that, this model involves

psychological factor when facing different learner’s behavior, therefore, further research and investigations

are needed in this area.

4. Online	Learning	System

The online learning using AI system include several components which can be integrated as one complete

arti=icial intelligence online learning system [14].  These are the standard components:-

1. Reasoning − It is the set of processes that empowers us to provide basis for judgment, making decisions,

and prediction. 

2. Learning  − It is the activity of gaining information or skill by studying, practicing, being educated, or

experiencing something. Learning improves the awareness of the subjects of the study. 

3. Problem Solving − It is the procedure in which one perceives and tries to arrive at a desired solution

from a current situation by taking some path, which is obstructed by known or unknown hurdles. 

4. Perception − It is the way of acquiring, interpreting, selecting, and organizing sensory information. 

5. Linguistic Intelligence − It is one’s ability to use, comprehend, talk, and compose the verbal and written

language. It is signi=icant in interpersonal communication.

The  potential  of  online  learning  system  include  4  factors  of  accessibility,  =lexibility,  interactivity,  and

collaboration of online learning afforded by the technology (Figure 3).  In terms of the challenges to online

learning,  6  are  identi=ied:  de=ining  online  learning;  proposing  a  new  legacy  of  epistemology-social

constructivism  for  all;  quality  assurance  and standards;  commitment  versus  innovation;  copyright  and

intellectual property; and personal learning in social constructivism.



Figure 3. The AI online learning system components.

5. Conclusions

Adaptive online learning is an enhancement that makes learning systems more effective by adapting the

presentation  of  information  and  overall  link  structure  to  the  individual  learner,  based  on  learners’

knowledge and behavior.  The teachers can use the learner behavior information for various analyses and

make the changes in the teaching process to improve the teaching and learning process.  By further expert

analysis and experimentation it can become a =irm educational method which uses computers as interactive

teaching  devices  to  enhance  individual  skills.   It  is  based  on  project  methodology  in  which  learner’s

cognitive and psychological will be judged based on learner overall performance.  It is based on AI domain

and further scope of improvement is huge.  The two new proposed models show promising response in AI

online learning and further evaluation and research is in progress.
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