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ABSTRACT

Artificial Intelligence is an advanced field of research. It is particularly used in the field of
education to increase the effectiveness of teaching and learning techniques. Ongoing research
and development initiatives have led us to the origin of intelligent tutoring. It has gained immense
popularity in current times specifically due to the development of Intelligent Tutoring Systems
(ITS). In the early twentieth century, the Intelligent Tutoring Systems are/were termed as the most
prevalent and effective way to learn and teach. However, there exist some traditional
comparative studies that depreciate these artificial teaching and learning techniques. The current
scope of the work focuses on Pedagogy and Domain models of ITS. The aim of this research is
to develop an adaptive tutoring engine, facilitating, knowledge base delivery through a learner-
centric learning path. The domain knowledge incorporated in the proposed Intelligent Tutoring
System is Seismic Data Interpretation (SDI). The proposed ITS has been named as SeisTutor.

SDIl involves aset of steps outlining the procedure in which a given seismic snap (image)
depicting the subsurface geology is interpreted. The main purpose of this is to discover
geological structures appropriate for hydrocarbon amassing. Being in the process of interpreting
seismic images over several years, the seismologists are very well-versed and have
uncovered many less-known or unknown details. This knowledge is large, experiential, and
individualistic in nature, and it is present in minds of Experts. Thus, it is present in tacit form, and
not in explicit form. Till date, there are no efforts known to make this knowledge explicit and
further use it to teach to novice seismologists. There are various mechanisms to explicating the
tacit knowledge. In the present work, initially causal map mechanism was used, a series of
questions were put forward in two phases in independent settings and gathered knowledge was
used for developing the causal map. The second phase of the work was initiated with semi-
structured mechanism, with the same subjects (seismologists) and same researcher teams, as in
phase 1. The results were cumulated and a formal account of each topic of interest was
generated. This led to the construction of a knowledge capsule, which was an explicit

representation of knowledge.



After extraction of knowledge, the next challenge is to transform it into a form which could
be utilized for tutoring. The procedure followed was to sequence and classify the gathered
knowledge as per seismologist’s guidelines and the degree of tacit-ness (td). The term tacit-ness
(td) can be defined as the extent to which a given piece of knowledge is tacit and
undocumented. After validating the sequenced knowledge through ongoing consultation with
seismologists, knowledge capsules or individual units of knowledge have been developed. The
knowledge capsule is made available to novice seismologists in different imbibing levels and
preferred media. The current scope is limited to offering three learner grasping levels (‘Beginner’,
‘Intermediate’, ‘Expert’) and four preferred media (‘Imagistic’, ‘Intuitive’, ‘Auditory’, ‘Active’),
adding up to twelve different types of combinations. The learner dashboard forms an interactive
interface to deliver the knowledge capsule as learning material, (subject matter of seismic data
interpretation) in twelve distinct manners, offering the learner a customized learning

experience.

Under the current scope of work, implementation of adaptive tutoring strategy is done
by making use of learner’s ‘prior knowledge level’ and a curriculum is offered accordingly.
Custom-tailored curriculum has been implemented and made available to the learner based on
‘Bug Model’. The present research work is focused on a well-planned, systematic start of the
tutoring process, doing so by a curriculum design suitable for a given learner which presents a
navigable learning path. To evaluate the effectiveness of the learning process, two analysis
modules were designed and developed, one is CNN based psychological states recognition module
and the other is performance analyzer module. Currently, the recognized psychological states are
being used for the purpose of keeping track of learner emotions during the ongoing tutoring. This
is the input to the dynamic profiling of learner, over ongoing tutoring. This mechanism has been
implemented using Machine Learning Techniques of Artificial Intelligence. This code snippet
accepts input, an individual learner’s snap during ongoing tutoring session and recognizes the
psychological states (“Happy ”, “Sad”, “angry”, “surprise”, “fear”, “disgust”, “neutral”). Then
these are displayed along with the learner progress. The tutoring sessions are aligned and executed
in a week-wise pattern. After every first week, a performance analyzer module (subjective test)
has been implemented. This test prompts the learner to summarize the understanding of provided

learning content in the form of plain text.



The evaluation of SeisTutor is performed with total 60 learners from an academic
background of petroleum engineering. Out of 60 learners, 32 learners are categorized as a control
group and remaining 28 learners as the experimental group. The experimental set-up was laid up
for an evaluation study. The aim of evaluation is assessment of level of effectiveness gained at
achieving learning objectives. In post tutoring phase, two widely accepted methods were used:
The analysis of learner performance and a well-accepted Kirkpatrick Model. To evaluate learning
performance, the ANOVA test is conducted with scores of participants in pretest and posttest tests,
which is a well-known method for assessing the effectiveness of training program. The results

indicate the significant difference in outcome achievement quantified by learning gain of 44.4%.

Kirkpatrick’s Four Levels Evaluation Model is another widely accepted method for
evaluating the effectiveness of training for a variety of organizational types (Kirkpatrick &
Kirkpatrick, 2006). The levels are: 1-Reaction, 2-Learning, 3-Behavior, and 4-Results. The
outcome of “Reaction” reveals that, 44 % learners are happy with the offered learning content
(customized learning content) and teaching process i.e. pedagogy. The outcome of “Learning”
reveals that, the experimental group showed 44.4 % of learning gain as against a control group
with only 24.8%. This is indicative that, experimental group of SeisTutor experienced enhanced
learner interest and curiosity, indirectly relatable to increase in the learner performance. The
outcome of “Behaviour” reveals that, the proposed system design produces productive learning in
the domain of SDI through the application of computer science and artificial intelligence. In
addition, the 86% learners were satisfied and achieved better results with SeisTutor and improved
learning due to the use of Custom-Tailored tutoring strategies. The outcome of “Results” indicates
that the calculated T value (Tsq¢s) for the experimental group is 11.410, P < 0.01. The average
posttest scores were 2.21786 points higher than pretest scores. Here the calculated Tg.q:s 1S
greater than T,.;:;ci  thus hypothesis 1.0 (negligible performance improvement) is rejected.
Therefore, one can deduce with confidence that the experimental group has gained effective
learning as against the control group. A comparison of SeisTutor with the existing open-source
e-learning software is presented and evaluated based on the parameters like GUI based, Learner-
Centric learning environment, dynamic profiling, learning content, resolving query during the
session, navigation support, and learner feedback. The conclusion drawn from this comparative

analysis is that 74 % of learner are strongly satisfied with the SeisTutor (‘GUI based’, ’Learner-



Centric Learning Environment’, ’Dynamic Profile’, ’Learning Content’, ’Resolving Learner

Query during Session’, ‘Navigation Support’, and ’Learner Feedback’).
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Appendices 1
Keyword for Week 1

Main Reference N-gram Co-Occurrence Matric Labels
Matric
Petroleum Four Basic Stages
Exploration Seismic acquisition, Seismic data processing, Stage
Understanding the data and Seismic data classification
interpretation
Seismic data Various seismic gathers Types of
Processing analysis
Common midpoint binning Types of
analysis
Stacking Types of
analysis
Seismic Waves Sudden breaking of rocks Reason of
occurrence

Two types Classification
Body waves Primary waves Classification
types
Secondary Waves Classification
types
Surface waves Rayleigh waves Classification
types
Love waves Classification
types
Primary waves Compressional waves Wave motion
Fastest waves Speed
Solid and liquid Can move
Secondary Waves | Transverse wave Wave motion
Medium Speed
Solid Can move
Rayleigh Waves | Rolls Wave motion
Slow Speeds
Earth surface Can travels
Love Waves Side to side Wave motion
Fastest Speeds
Earth surface Can travels
Velocity Reflection Change result
Refraction Change result
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Keyword for Week 2

Main Reference N-gram Co-Occurrence Labels
Matric Matric
Seismic Sources Marine Acquisition
Land Acquisition
Land Acquisition Explosives Technigue used
Thumper Truck Technique used
Vibroseis Technigue used
Marine Acquisition Airgun Technique used
Explosives Drill Hole Perform by
Chemical composition Made up of
Cheap Cost
Thumper Truck Vibrator Process
seismic waves Emit
Vibroseis Vibrator Process
seismic waves Emit
Airgun pneumatic chambers Consist of
Air Release
Seismic Receivers Marine Acquisition
Land Acquisition
Land Acquisition Geophone Technique used
Marine Acquisition Hydrophone Technigue used
Geophone Electric voltage Produce
Coil and magnet Relative motion
Hydrophone Change Detect

Pressure sensor

Compasses tail bouys

Analog Recording

Analog amplifier

Analog to digital converter
process

Analog filter

Analog to digital converter
process

Magnetic analog recorder

Analog to digital converter
process

Continuous Signals form
Analog amplifier Automatic gain control Special circuit
Analog filter Noise Remove
Magnetic analog Modulators Seismic range
recorder
Horizon Contouring Steps involve
Well-Calibration Steps involve
Velocity Estimation Steps involve
Depth map Steps involve
Contouring Three dimensional form Representation of horizon

Well-Calibration

Two way travel time to depth

Conversion

Velocity Estimation

Migration

Seismic Imaging
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| Depth map

| Structural ambiguity

| Used to remove

Keyword for Week 3
Main Reference Matric | N-gram Co-Occurrence Matric Labels
Faults Foot wall Walls
Hanging wall Walls
Normal faults Types
Reverse faults Types
Strike slip faults Types
Stress Reason of breaking
Normal faults Divergent Plate motion
Tension force
Reverse faults Convergent Plate motion
Pushing force
Strike slip faults Transform Plate motion
Stress Tensile Types
Compressive Types
Shear Types
Strain Tensile Types
Compressive Types
Shear Types
Volumetric Types
Keyword for Week 4
Main Reference Matric N-gram Co-Occurrence Matric | Labels
Direct Hydrocarbon Indicators Flat spot Types
Bright Spot Types
Dim Spot Types
Velocity Interpretation Average Types
Interval Types
Root Mean Square Types
Faults map Understanding Uses
Drilling plan Uses
Location Uses
2D Less data Survey
3D Data Survey

Xvii



Appendices 2

Table 7.15 Learner Feedback on effectiveness of SeisTutor

Questions Degree
Strongly | Satisfy | Neutral | Dissatisfy | Strongly
satisfy dissatisfy
What is your overall level of
satisfaction with SeisTutor? 27 23 6 3 1
The learning through this
tutoring system (SeisTutor) | 27 26 5 1 1
Was easy.
Did you feel that you were
a achieving learning | 30 21 6 3 0
< | outcomes?
.= | | would recommend a course
& | through SeisTutor with no | 29 24 3 5 0
[ | instructor help
GE) Would you recommend
% | SeisTutor to individual who
@ |needs to take another 25 27 > 3 0
course?
DldSelsTutorsupportyquto 28 27 3 0 5
make your study productive?
How well does this system
deliver on your learning | 31 21 5 2 1
intentions?
Table 7.16 Learner Feedback on Adaptivity of SeisTutor (Adaptive Tutoring Strategy)
Questions Degree
Strongly | Satisfy | Neutral | Dissatisfy | Strongly
Satisfy dissatisfy
Did SeisTutor satisfy you with
dynamic creation of your | 27 21 7 1 4
— { learning profile?
21 Were you convenient and
.= 4 satisfied with the tutoring
§ strategy presented to you by 24 19 d 6 2
-<CE; SeisTutor?
d The information provided by
SeisTutor is at a level that you | 29 17 12 0 2
understand.
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The tutoring session was at
the right level of difficulty for
you.

26

23

As a learner, did you feel that
your learning style was
appropriately judged?

29

25

Once, tutoring begins and you
were tutored, were your
learning preferences
sufficiently satisfied?

24

24

Did the experience of learning
by your own learning
preference, make you perform
better?

24

21

Based on your prior subject
knowledge, has SeisTutor
accurately determined
exclusive curriculum for you?

14

How satisfied are you with the
exclusively determined
curriculum?

13

As a learner did you feel
learning material enabled you
to improve your ability to
formulate and analyse the
problem?

10

14

Are you satisfied with the
sequencing  of  learning
content?

14

09

Does sequencing of learning
material relate with your
previous knowledge? (Give
Rating)

12

11

Has this learning session been
successful in improving your
knowledge in the subject
domain? (Give Rating)

12

11

Did this learning material
fulfill your expectations?

11

13

The Understanding Test at the
end of each week corresponds
to the lessons taught?

11

13

Seis  Tutor compels and
supports me to complete the
quizzes , understanding test
and lessons ?

13

12

XiX



The Post Tutoring Evaluation
system (Week Wise
Understanding ) as it exists is

14

10

How do you rate the sequence
of the lessons in the course?

18

Has Seis Tutor accurately
determined your
psychological ~ (Emotional)
state during tutoring session?
(Give Rating)

11

Do you feel recognition of
emotion  during  ongoing
tutoring is indicative of
empathy of the system?

13

12

The course content are
relevant and well organized ?

14

10

Table 7.17 Learner Feedbacks on SeisTutor ongoing Learning Support

Questions

Degree

Strongly
Satisfy

Satisfy

Neutral

Dissatisfy

Strongly
dissatisfy

How are you satisfied with the system
support?

24

17

11

2

The system
enabled  finding
information easily.

navigation
the

support
needed

21

17

11

Was the pre-learning procedure
available in SeisTutor helpful to you?

25

17

Were you able to understand the
language used to explain the lessons in
SeisTutor?

33

21

The tutoring was flexible to meet my
learning requirements.

30

21

Table 7.18 Learner Feedbacks on learning material, quizzes and overall SeisTutor support

Questions

Strongly
Satisfy

Satisfy

Neutral

Dissatisfy

Strongly
dissatisfy

SeisTutor explained the content
correctly.

23

25

1

SeisTutor made the course as
interesting as possible.

31

19

0

XX



The tutoring resources were

21 19 7
adequate.
The presentation of course
content stimulated my interest | 32 24 2
during learning session.
The course content are relevant 29 o5 3
and well organized.
SeisTutor supported me to
understand the content, which | 27 26 6
found confusing?
The quiz at the end of each week
corresponds to the lessons | 28 27 3
taught?
The question wise hints were 97 26 5
helpful.
D|dtheSelsTu_t_orreactdeudedIy 26 21 11
to your necessities?
Was the learning provided
sufficiently to take the quiz? 36 18 4
During ongoing tutoring,
assessments are a fair test of my 32 21 5

knowledge and learning
preferences.
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Appendices 3

Table 7.23 Learners Feedbacks on learning through My-Moodle

Questions Strongly- Neutral | Strongly-
Dissatisfied Satisfied
1 | How satisfied are you with the look and feel
(user interface design) of this system? 17 21 32
2 | The Pre Tutoring Test is conducted 25 13 32
3 | As a learner, did you feel that your learning
style was appropriately judged? 32 20 18
4 | The information provided by My-Moodle is at
a level that you understand. 31 9 30
5 | Were you convenient and satisfied with the
tutoring strategy presented to you by My-
Moodle? 25 10 35
6 | Based on your prior subject knowledge, has
My-Moodle accurately determined exclusive
curriculum for you? 33 12 25
7 | The course content are relevant and well
organized. 35 25 10
8 | Is My-Moodle accurately determined your
psychological (Emotional) state during
tutoring session? (Give Rating) 25 3 42
9 | The Understanding Test at the end of each
week corresponds to the lessons taught? 35 10 25
10 | The Post Tutoring Evaluation system (Week
Wise Understanding ) as it exists is : 24 23 23
11 | The system navigation support enabled you to
find the needed information. 15 19 36
12 | Is My-Moodle Handle the Learner’s Issue/
during the ongoing Learning Session 37 9 24
13 | Is My-Moodle gathers the Learner Valuable
Feedback 23 10 37
Table 7.24 Learners Feedbacks on learning through Course-Builder
Questions Strongly- Neutral | Strongly-
Dissatisfied Satisfied
1 | How satisfied are you with the look and feel
(user interface design) of this system? 16 22 32
2 | The Pre Tutoring Test is conducted 65 5 0
3 | As a learner, did you feel that your learning
style was appropriately judged? 50 18 3
4 | The information provided by Course-Builder is
at a level that you understand. 63 4 3
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5 | Were you convenient and satisfied with the

tutoring strategy presented to you by Course-

Builder ? 65 4 1
6 | Based on your prior subject knowledge, has

Course-Builder accurately determined

exclusive curriculum for you? 56 9 5
7 | The course content are relevant and well

organized. 56 3 11
8 | Is Course-Builder accurately determined your

psychological (Emotional) state during

ongoing tutoring session? (Give Rating) 61 7 2
9 | The Understanding Test at the end of each week

corresponds to the lessons taught? 61 7 2
10 | The Post Tutoring Evaluation system (Week

Wise Understanding ) as it exists is : 4 12 54
11 | The system navigation support enabled to find

the needed information. 27 8 35
12 | Is Course-Builder Handle the Learner Issue/

Problem during the ongoing learning Session 44 6 20
13 | Is Course-Builder gathers the Learner Valuable

Feedback 27 11 32

Table 7.25 Learners Feedbacks on learning through Teachable
Questions Strongly- Neutral | Strongly-
Dissatisfied Satisfied

1 | How satisfied are you with the look and feel

(user interface design) of this system? 1 30 39
2 | The Pre Tutoring Test is conducted. 66 4 0
3 | As a learner, did you feel that your learning

style was appropriately judged? 47 18 5
4 | The information provided by Teachable is at a

level that you understand. 67 1 2
5 | Were you convenient and satisfied with the

tutoring strategy presented to you by Teachable

? 65 3 2
6 | Based on your prior subject knowledge, has

Teachable accurately determined exclusive

curriculum for you? 63 5 2
7 | The course content are relevant and well

organized. 65 3 2
8 | Is Teachable accurately determined your

psychological (Emotional) state during tutoring

session? (Give Rating) 66 1 4
9 | The Understanding Test at the end of each

week corresponds to the lessons taught? 39 28 3
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10 | The Post Tutoring Evaluation system (Week

Wise Understanding ) as it exists is : 12 13 45
11 | The system navigation support enabled to find

the needed information. 18 10 42
12 | Is Teachable Handle the Learner Issue/

Problem during the ongoing learning Session 39 4 27
13 | Is Teachable gathers the Learner Valuable

Feedback 18 7 45

Table 7.26 Learners Feedbacks on learning through SeisTutor
Questions Strongly- Neutral | Strongly-
Dissatisfied Satisfied

1 | How satisfied are you with the look and feel

(user interface design) of this system? 11 10 50
2 | The Pre Tutoring Test is conducted 6 5 59
3 | As a learner, did you feel that your learning

style was appropriately judged? 11 5 55
4 | The information provided by SeisTutor is at a

level that you understand. 13 6 52
5 | Were you convenient and satisfied with the

tutoring strategy presented to you by

SeisTutor? 8 3 60
6 | Based on your prior subject knowledge, has

Seis Tutor accurately determined exclusive

curriculum for you? 8 4 58
7 | The course content are relevant and well

organized. 12 4 55
8 |Is SeisTutor accurately determined your

psychological (Emotional) state during

tutoring session? (Give Rating) 8 7 55
9 | The Understanding Test at the end of each

week corresponds to the lessons taught? 4 5 62
10 | The Post Tutoring Evaluation system (Week

Wise Understanding ) as it exists is : 6 3 61
11 | The system navigation support enabled to find

the needed information. 14 8 48
12 | Is SeisTutor Handle the Learner Issue during

the ongoing learning Session 16 6 48
13 | Is SeisTutor gathers the Learner Valuable

Feedback 10 15 46
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Chapter 1 Introduction

In this chapter introduction, problem statement, need and motivation, gaps, questions and scope
of research have been discussed. Subsequently, the objectives of research, contribution, and

organization of the thesis have been presented.

1.1 Introduction

The incorporation of Artificial Intelligence (Al) techniques into the field of education,
makes learning and teaching more effective. In the recent past, this area has been rigorously
exploited and has resulted in incremental growth in the development of numerous computer
artifacts. There are various forms of computer artifacts, one amongst are Intelligent Tutoring
System (ITS) [1]. ITS field has originated at the intersection between three disciplines, i.e.
Psychology, Computer Science and Education (shown in Figure 1.1). Psychology involves the
study of learner behavior during interaction with the tutoring system. Computer Science covers
the use of digital technology, in ITS, supporting the emulation of cognitive intelligence, and
abilities of human tutors. The education covers the collection of knowledge and its delivery
mechanism to the targeted learner.

\/

Psychology

Figure 1-1 Intersection of disciplines leading to the birth of an Intelligent Tutoring System



Research in psychology, education, and computer science (Al and Machine Learning)
fueled the foundation of the field of Intelligent Tutoring Systems. Thus, ITS aims to cognize the
learner's needs, and grasping levels, offer the learning material that best suits the learner's
requirements. ITS act as a cognitive tutor that not only solves the learner's issues (hints and
feedbacks) but also keeps an eye on the learner's performance and activity during learning and
deduces the competency level of learner's in the particular subject domain. It seeks to determine
the learner's cognitive state of mind. Thus, identification of the cognitive state of learners makes a
computer-assisted learning system an intelligent tutoring system. There is progressive growth of
a computer-assisted learning system to various forms of web-based learning systems and a further

advancement to form a personalized tutoring system.

There is a considerable difference between ITS and other web-based learning systems. A
web-based learning system facilitates the learner to follow a specific learning material aligned
in certain sequence same for all learners, hence fails to provide personalized learning environment

and necessary personal guidance (hints and feedbacks) during learning.

Numerous ITSs/E-learning systems exist in the literature, with their distinct architecture
(Wenger, 1986[2]; Baffes & Mooney, 1996[3]; Chou et al., 2003[4]; Conati et al., 2002[5]; [6];
[7]Kavcic et al., 2003; [8]). The architecture of a typical ITS is comprised of five main
components: Learner Model, Pedagogy Model, Expert Model, Knowledge/Domain Model, and

Learner Interface Model (see Figure 1.2).

User Pedagogy
Interface Model

Learner
Model

Figure 1-2 Architecture of Typical ITS



1. Learner Model captures the information about the learner, like their previous knowledge,
Learning Style, errors, misconceptions (Freedman et al., 2000) [9]. It also stores the learner action
and performance during learning (such as correct responses, the hint opted, incorrect responses)
2. Pedagogy Model responsible for making a strategic decision based on learner actions, the
information provided by the Learner Model and Domain Model. This model first refers to the
learner information from the Learner Model and identifies the appropriate pedagogical style based
on learner preferences (profile and Learning Style) (Beck, J.E. & Chang, K.M. (2007) [10].

3. Expert Model uses share snippets of knowledge instructed to the learner. This model uses the
knowledge, skills shared by the expert and represents the domain knowledge in such a way that
helps to improve the problem-solving skills.

4. Domain Model holds knowledge or information being instructed by ITS. Knowledge from
experts is represented in it in variety of forms. Facts and procedure are one way of representation.
5. User Interface model allows a learner to communicate with the learning system. This model

amalgamates the interactive media and graphics to communicate with the learner.

Till now, various ITSs have implemented different subject domains such as physics,
mathematics, computer science, and medical informatics. From the literature, it has been noticed
that the domain knowledge in the developed ITS is of well-documented domains, i.e.
Electrodynamics, Physics, SQL, C++, Physiology for Medical Students, Natural Language,
English, Java, Maths and database (Virvou, M.et.al, 2004 [11]; [12]; [13]; [14]Vicari et al., 2008
[8] Mitrovic, 2003 [15]; Baffes & Mooney, 1996 [3]; Khuwaja et al., 1994 [16]; Naser, S. S. A.,
2008 [17]; Chien et al., 2008 [18]). Till now there is no such ITS where domain knowledge is
based on domains that are not well-documented, i.e. not available in explicit form, i.e.

experiential knowledge.

Experiential knowledge is knowledge acquired through experience. More precisely, it is
elaborated as "learning gained through activity.” It is a process by which one can develop values
and skills from experiences (see Figure 1.3). It relates to action learning, adventure learning,

cooperative learning, and active learning.



 Application * Activity

What do i do What
next? happened ?
(Future) (Facts)

Why did that What did i
happen? experience?
(Findings) (Feelings)

» Concept Reflection

ualization

Figure 1-3 Features of Experiential Learning

In this research, “Seismic Data Interpretation” is the subject domain that is a type of experiential
learning. Seismic Data Interpretation (SDI) is the field of Geophysics that falls under petroleum exploration
processes. In the exploration process, seismologists (specialized scientists) outline the earth's subsurface
structure using seismic SEG-Y Map. The seismologists use their knowledge to interpret the subsurface
structure helpful to infer the presence of hydrocarbons. The interpretation task is difficult; hence more time
is spent to come to a decision with appropriate justification. Due to a lack of evidences, it is difficult to
convince other seismologists. Thus, there is uncertainty in the conclusions drawn by the seismologists. This
uncertainty is due to the lack of thumb rules. Seismologists gain the interpretation skills with rigorous
hands-on practice. Thus, this knowledge is experiential and highly individualistic. Therefore, SDI is
considered as tacit knowledge.

A considerable amount of research work has been done and is continuing, in
technologies that can improve the adaptation process in e-learning systems, including curriculum
sequencing techniques and cognizing the psychological state of the learner. In a learning system,
the classification of learning contents and its associated activities, and presenting to the learner to
attain the learning goals is known as learning path. This learning path may differ from individual
to individual, depending on his/her profile. This will give a different learning experience to every
learner, further helps to grasp the learning content effectively. Every learner holds previous
knowledge about the course subject. Thus, from the literature, it is deduced that if learning

content is offered as per the learner's previous knowledge and preferences, there is an enhancement

4



in overall learning and learner engagement. The notion of curriculum sequencing is to create a
personalized course for each learner by automatically selecting the most suitable teaching

format, such as presentation slides, video lectures, audio lectures.

An adaptive intelligent tutoring system incorporates the learner's emotions along with
the personalization. For instance, in Wolcott [19], it is argued, human tutor relies on nonverbal
ways like facial expressions, body language and eye contact to identify the psychological state of
learners, which signifies the degree of understanding and engagement. Thus, integrating an
emotion recognition feature into an intelligent tutoring system, embellish its skills to administer
the essential advice, effective tutoring and last but not the least make tutoring session more

worthwhile.

1.2 Problem Statement

The creation of domain knowledge capsules is a time-consuming, expensive and herculean
task. It requires immense efforts to design and deliver learning content that suits the learner needs
and solves learning issues as human tutor resolves in a face-to-face learning environment. The
designing of knowledge capsules becomes more time-consuming when the domain knowledge is
not well-documented. Thus, gathering such type of knowledge from domain experts is a major

challenge. Further, conversion into tutor-able form is another major bottleneck.

Until now, existing ITS has focused mainly on offering learning material based on learner's
learning inclination (Weber, (2001)[20]; Gerdes (2017) [21]). Nevertheless, a limited amount of
attention has been given to curriculum sequencing, i.e. designing the exclusive learning path for
the learner. Thus, incorporating adaptation and personalization features are major challenges for a
learning system due to individual diversities and changing learner requirements (Lo, Chan 2012)
[22]. Therefore, a Custom-Tailored Curriculum Sequencing module is introduced in ‘SeisTutor’

aiming to bring personalization and adaptation features.
Hence, the problem statement is:

“A Learner-centric Knowledge-based tutoring engine with Dynamic Profiling and Pedagogical
Recommendation for Seismic Data Interpretation.™



1.3 Need and Motivation

With the advancement of internet technology, it has been observed that there is a rapid growth in
distance learning modality through the web. This mode of learning is better known as the e-
learning system. These systems present low intelligence because they offer a pre-identified
learning frame to their learners. The advantage of these systems is to offer to learn anytime and
anyplace without putting emphasis on a learner's needs, competency level, and previous
knowledge. Every learner has different grasping levels, previous knowledge and preferred mode
of learning and hence the learning process of one individual may significantly vary from other
individuals.

From the literature, it has been inferred that, if a learner's previous knowledge and his/her
preferences have been prior-identified, then learning can be recommended in such a manner that
enhances the learner's learn-ability. Therefore. The overall effectiveness of ITSs is grounded on
the identification and recommendation of an exclusive learning path, i.e. Tutoring Strategy
(Custom-Tailored learning path), an amalgamation of Learning Style, Learning Profile, and
previous knowledge by Pedagogy Model. Thus, the recommendation and alignment of learning
material as per learner’s previous knowledge, competency level and imbibing level of the learner
is one of the novel aspects of ITS. Embedding this cognitive intelligence in ITS is one of the major
challenges in ITS.

There are various challenges in knowledge-based ITS:
i Pre-deciding the rules for creating Tutoring Strategy
il Often sometimes experts have to create many rules (considering all possible cases) to
address a particular scenario. (for example: suppose there is a question in which the learner
has to find out the number of the possible paths from source to destination, then experts

have to create many rules (based on all possible cases) for solving the same problem).

The creation of the knowledge base is highly expensive and laborious task. The effort of
creating knowledge units (capsules) is multiplied when the knowledge is highly individualistic.
This kind of knowledge is gradually gained through experiences and hence present in tacit form.
Explicating tacit knowledge from experts act as a significant bottleneck because experts deduce
some conclusions in his/her mind, lacking proper justification. Therefore, gathering experiential

knowledge and their representation is another major challenge.



1.4 Research Gaps

ITS has various research gaps, out of these few of them, are taken into the scope of the current

work to address. Following are the few gaps that have been proposed to be incorporated in present

ITS:

I Issues in the acquisition of tacit knowledge (Seismic Data Interpretation) from the experts.

il Challenges of explication of tacit knowledge.

iii Non-availability of knowledge repository for tacit knowledge of Seismic Data

Interpretation domain.

iv Lack of generation of exclusive Tutoring Strategy (Learner-Centric).

v Lack of sequencing of learning material as per learner preference and previous knowledge.

vi Lack of adaptivity through pedagogical recommendation.

1.5 Research Questions

Development of ITS presents several research questions. Following are the few research questions

drawn from the literature that have been addressed by the proposed ITS:

vi.

What are the steps involved to gather experiential knowledge from domain experts?
How to represent experiential knowledge?

Due to the lack of evidence to justify the fact, how this kind of knowledge is to be
converted into tutor-able form?

On what criteria, learning material is aligned as per learner preference?

How to generate a course coverage plan, which is exclusively designed for the
learner?

How a system can identify the learner preferences, exclusive course coverage plan

and give a custom-tailored pedagogical recommendation for adaptivity?

1.6 Scope of Research

This research work is primarily focused on Pedagogy Model and Domain Model (see Figure 1.4)

of the ITS. Therefore the current scope of the work is focused on the design and development of

a Learner-centric Knowledge-Based Tutoring engine that gives exclusive Tutoring Strategy as a

pedagogical recommendation to tutor the domain knowledge of SDI.
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Figure 1-4 Working Model

1.7 Objectives
A Learner-centric Knowledge-based tutoring engine with Dynamic Profiling and Pedagogical

Recommendation for Seismic Data Interpretation.
The sub-objectives are:
= To design and develop an adaptive knowledge-based tutoring engine.
= Development of dynamic profile, exclusive Tutoring Strategy and pedagogical
recommendation for the learner.
= Content development and delivery through a learner-centric learning path based on
Tutoring Strategy.
1.8 Contribution of Research
The proposed ITS is christened as SeisTutor because the domain knowledge in this ITS is "Seismic
Data Interpretation.” As mentioned in Section 1.7.1, this domain is highly tacit because of the lack
of thumb rules and predominantly dependent on interpretive powers, capabilities, and experience
of human experts, the seismologists. This knowledge is gained over a substantial period. Thus,
novice seismologist has to undergo a lengthy training period or wait to gain enough field
experience naturally with passing time.
SeisTutor is an attempt to address this problem. Necessary seismic interpretation skills with
the fundamentals of this field have been gathered to form the subject matter. This knowledge,
initially in tacit form, has been transformed into explicit form and further to tutor-able form. As

each learner may have a different competency level and learning pattern, SeisTutor has been
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developed, to initially interrogate, to adjudge the learner sufficiently, to offer learning through an
exclusively designed learning plan, referred to here as "Tutoring Strategy.' Further, it also assesses
the learner as per his or her performance during the tutoring sessions.

While SeisTutor does not guarantee complete mastery of the subject matter, it is a modest
effort in the direction of making the knowledge on this rare domain available in the tutor-able form
and also offered in a learner-centric form (as per individual learner preferences).

The research work in this thesis has made some significant contributions to the field of
intelligent tutoring systems, listed as below.

18.1 Development of Adaptive Knowledge Base

One contribution of this work is to develop personalized learning material through the
implementation of the adaptive Domain Model by considering learner characteristics and

performance into consideration.

SeisTutor holds knowledge capsules on the subject domain “Seismic Data Interpretation.
The primary task is to gather experiential knowledge (tacit) from the experts and convert it into an
explicit form using existing tacit knowledge acquisition techniques. Further, one step forward, this
explicit knowledge is designed and aligned into a total of twelve different Pedagogy Styles (a
combination of learner's profile and learning style). Thus, SeisTutor is having a total of twelve
knowledge capsules, which is capable enough to address the learners differently. Hence, SeisTutor
is built with an adaptive knowledge base, that offers personalized learning material based on
Learner Profile and Learning Style.

Presented below is an example, describing recommendation of the personalized learning
material, by determining pedagogical styles of learners.

Assuming learner’s Learning Style test score is : Imagistic =9, Acoustic =3, Intuitive = 5,
Active = 8 and the learner’s level score is Beginner = 9, Intermediate = 4, Expert = 7. Considering
a combination of both the test scores in increasing order, a list of pedagogical styles are listed and
maintained by SeisTutor as a priority queue. For example, in this Pre-Test case, following
pedagogical styles have been listed Priority-wise: {(Imagistic-Beginner, 1), (Active-Beginner, 2),
(Intuitive-Beginner, 3) and (Acoustic-Beginner, 4)}. Similarly, beyond the highest scores of

‘Imagistic’ and ‘Beginner’, further combinations of the next highest scores of Learning Styles and



Levels are listed and maintained. In this Pre-Test case, the learner appears to be more of a
‘Beginner’ in terms of level and having a higher preference for ‘Imagistic’ Learning Style, than
any other styles, hence ‘Beginner + Imagistic’ Pedagogy Styles is identified, to be executed for
him/ her.

1.8.2 Learner-Centric Curriculum Recommendation

The aim of this part of the contribution is to develop a personalized learning path or learner-
centric curriculum through the implementation of the adaptive Domain and Pedagogy Model by
considering learner characteristics and performance. To bring an adaptive and personalized
learning path Pedagogy Model plays a vital role in ITS. With the collaboration of both the
models, proposed ITS offers personalized learning paths. Learner previous knowledge is examined
to provide personalized tutoring. By implementation of Bug Model, the Custom-Tailored
Curriculum has been determined. The Bug Model is used to identify the learner's bugs
(misconceptions) during the Pre-Test. In literature, this model is used to recommend the post-test
remedial solution. In this research, a similar phenomenon of the Bug model is used. However, in
the current context, it is used to identify the learner’s previous knowledge and errors, and based

on that, recommend an exclusive curriculum plan at the beginning of the learning session.

1.8.3. Personalized Tutoring Strategy

To provide a personalized learning environment for the learner, proposed ITS incorporates
intelligence techniques, which have been detailed in upcoming sections. These intelligence
techniques take various learner characteristics (Learner Level and Learning Style) and educational
parameters (previous learner knowledge, the facial expression during learning, learner
performances) into consideration, to provide a personalized learning path (learner-centric
curriculum) as an exclusive ‘Tutoring Strategy’ to the learner.

1.8.4. Identification of Learner Understand-ability

To access the overall learner’s understanding of the concept a performance analyzer test has been
built, where the learners are asked to summarize and write their understanding in the form of text.
Based on this summary, the ‘Degree of Understanding’ score is computed. Performance
assessment done periodically is also utilized for quantifying the learning gains of the learner

through the ongoing learning journey. This is the non-psychological assessment of learners.
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1.8.5. Identification of Learner Emotional State

To recognize a learner's emotional state, a ‘CNN based Emotion Recognition Module’ is
developed that uses Machine Learning. This module helps to identify the learner's emotions during

ongoing learning. This is a psychological assessment of learners.

From the literature study (Section 2), it is observed that learner emotions help to determine
not only learner’s inner cognitive state, but also help to assess the effectiveness of the tutoring

system (learning material and tutoring mechanism).

1.9 Intelligence in SeisTutor
19.1 Learner-Centric Curriculum Recommendation
Understanding the learner's previous knowledge and recommending an exclusive learning
path is considered as Constraints Satisfaction Problem because it involves the determination of the
level of knowledge on the course, realignment, and sequencing of learning material as customized
curriculum. Constraints are the rules or policies designed to fulfill the objectives. There are two
types of constraints, i.e. hard and soft constraints. Violation of constraints is not allowed in hard
constraints, conversely, most optimal solution is considered in soft constraints. In this work, hard
constraints are imposed using Bug Model while soft constraints are imposed for determining the
personalized curriculum. The Bug Model is used to identify the learner's bugs (misconceptions)
during the Pre-Test and based on the bugs personalized curriculum is determined.
1.9.2 Identification of Learner Emotional State
The CNN based emotion recognition module is implemented using Machine Learning
Techniques of artificial intelligence, i.e. Convolution Neural Network (CNN). Literature on Facial
Expression Recognition (FER) reveals that a Convolution Neural Network is best for real-time
face pose, face location, and facial scale deviations in terms of accuracy (training and testing).
Therefore, for emotion recognition, nine layers based CNN module is developed.
193 Degree of Understanding
The degree of understanding module is implemented using semantic analysis (Natural
Language Processing), i.e. word-based summary analysis. This module requests the learner to
write their understanding. Further, their responses are analyzed to obtain scores and compute the
degree of understandability (learner attainment level).
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1.10 Structure of the Thesis
This thesis has been organized into eight chapters.
Chapter 2: describes the background details and literature review on Intelligent Tutoring Systems/
e-learning systems, the importance of tacit knowledge, how tacit knowledge explication helps in
organizational growth, learning path sequencing in e-learning and ITS, followed by the
significance of capturing psychological parameters during tutoring.
Chapter 3 describes the design of the Domain Model, followed by a detailed discussion covering
the development of an adaptive knowledge base and a multilevel hierarchical representation of
knowledge.
Chapter 4 describes the conceptual flow of SeisTutor and adaptation modules incorporated in the
Pedagogy Model, followed by the design of the Custom-Tailored Curriculum Sequencing model,
Tutoring Strategy Recommendation model, and Learner Performance Analyzer Module
(psychological and non-psychological).
Chapter 5 describes the implementation aspects of the proposed adaptive model in SeisTutor. In
this chapter, the execution of SeisTutor with illustrations is presented.
Chapter 6 details the evaluation of learner performance through developed ITS- SeisTutor. In this
chapter, the statistical methods and their applications on the learner performance is presented.
Chapter 7 details the obtained results under the evaluation of learner performance through
developed ITS- SeisTutor. The results of the pre-tutoring tests and the post-tutoring tests in terms
of learning gain are discussed. The Kirkpatrick's four-phase evaluation is used to determine the
effectiveness of SeisTutor. The effectiveness of the proposed system, SeisTutor evaluated through
learner feedback questionnaire and the learner's emotional state is presented. The learner
observations on the adaptivity of the knowledge base and exclusive curriculum features are
evaluated through comparative study with the existing ITS.

Chapter 8 concludes with a summary of the research contribution, conclusion, and future scope.
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Chapter 2 Literature Review
This chapter presents findings in the field of Intelligent Tutoring Systems (ITS) and the
progression of ITS in terms of incorporation of Artificial Intelligence (Al) and Machine Learning
(ML) techniques for intelligence in teaching pursuits, the subject matter tutored, the domain
knowledge issues covering experiential domain and its acquisition, exclusive learning path

sequencing and emotion recognition of learners during ongoing tutoring.

2.1 Background
In this section, a comprehensive coverage of the development of ITS from traditional

Computer-Aided-Instruction (CAI) to an Artificial Intelligence techniques embedded tutoring
systems is discussed.

Computer Aided Instruction (CAI) systems store the learning material, which is further
used by learner in different ways (representation) [Lawler, 1987] [23]. These systems have several
limitations. These systems mainly focused on quantitative education (teacher-centric) rather than
qualitative nature (learner-centric) of education. Highly primitive tutoring strategy is adopted by
the CAI systems which leads to less interaction between CAI tutor and the learner. Further
advancement led to the origin of the field of Intelligent Computer Aided Instruction (ICAI) or
Intelligent Tutoring System (ITS) [1].

The goal of ITS is to overcome the shortcomings of CAI system. ITS is also known as
cognitive tutor because it offers learning material that best suits the learning preference of the
learner. These systems offer adaptive tutoring by utilizing Artificial Intelligence (Al) techniques
[Kearsley,2005] [24]. The emergence of ITS makes teaching more effective because it takes care
of the specific needs of the learners, guides and monitors the learning progress of the learner and
provides necessary feedbacks to the learner during tutoring session.

The first intelligent tutoring system (ITS) was modernized in the year 1950 in the form of
CAI (B.F. Skinner, 1950) [25]. McDonald, Woolf developed intelligence embedded Computer-
Aided-Instruction, that deliver learning material by establishing effective interaction with the
learner. Thus, these systems emulate cognitive intelligence of human only to a small extent, i.e.,

provide necessary guidance based on learner’s action. However, all the aspects of the learner model
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are not handled appropriately by this system. Additionally, learning material becomes too large to
embed directly into the programming.

ITS developed by (Uhr 1969) [26] creates questions on vocabulary and arithmetic, but
unable to adapt and model learner needs. In advancement to this, several adaptive systems
developed by the researchers (Sleeman & Brown, 1982) [27] (Woods and Hartley,1971) [28]
(Suppes, 1967) [29].

However, the Learner Model and Pedagogy Model were not adequately explored. The
learner demographic information, performances, action activities not properly warehoused. These
were the pioneer ITS. Another system subsequently developed known as “drill and test.” These
systems undertake learner’s performance and response as a pivotal criterion to determine and
recommend the next tests as well as the next upcoming learning material. However, these systems
are unable to provide the necessary guidance in the form of feedback, which further led to a
research gap in the development of a new era learning system.

Advancement in the learning systems led to significant modifications in the architecture of
ITS. Further improvements in Pedagogy Model led to adapting the learning material to learner
competency. Thus the focus of incorporating Al techniques shifted to fine-tune pedagogical
recommendation and learner feedback.

An intelligent tutoring system developed by the Andes comprises Physics as the knowledge
domain (Gertner and VanLehn, 2000 [13]; Conati et al., 2002)[5]. For decision making, they utilize
a Bayesian network. Physics is a well-documented subject domain. The Andes incorporates an
intelligent feature of determining performance parameters, predicting learner’s subsequent actions
and identification and recommendation of a suitable strategy. In the Andes, the physics problem
is segregated into sub-problems and further used to build a Bayesian network. Further, this network
helps to determine the best feasible learning path.

IntermediActor utilizes fuzzy techniques to determine previous knowledge of the learner and used
concepts of data structure (graph) to sequence the learning material.

SQLTutor uses the Artificial Neural Network to determine what learning material should
be presented next. Therefore, learning psychology during learning sessions and learner’s responses
to a task is taken into consideration (Mitrovic, 2002 [8]; Mitrovic, 2003 [15]).

C++ Tutor is an ITS developed by Mooney. With this tutoring system, questions were

delivered in the form of feature vectors. Here the learner’s responsibility is to identify the vectors
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and label them. They use the NEITHER algorithm to improve the rule base which further helps to
deduce the learner perceptions based on the solution’s provided by the learner. This whole process
is christened as “THEORY REVISION”. At the end of this procedure, the system demonstrates
the misconceptions of learners.

CIRCSIM Tutor is a dialogue-based ITS, developed by Evens. The Domain Model
comprises of physiology as a subject domain. In this, ITS, learner model is further segregated into
four modules: tutoring history, learner history (response), performance, and learner solution.

(Chakaraborty, 2010) [30] presented a review on existing ITS and deduced following
research gaps: absence of Custom-Tailored course coverage plan, Creation of a customized
knowledge pool, Customized representation of learning material, and Customized characterization
of the learner.

VisMod is an ITS developed by Zapata-Rivera (Zapata-Rivera and Greer, 2004 [6]). This
system has three-level hierarchical architecture and claims to deliver learning material on a variety

of subject domains to the learner.

2.2 Domain Model
The Domain Model is the base for providing the adaptability in the ITS/E-learning systems. For

the current scope of work, ‘Seismic Data Interpretation” is considered as a subject domain. Seismic
Data Interpretation” (SDI) subject is observed to be having a high degree of tacit-ness due to the
absence of rules for seismic interpretation. Therefore, this knowledge is known as experiential
knowledge which is gained through experience. For the construction of an adaptive Domain
Model, acquisition of tacit knowledge followed by the realignment of the acquired knowledge as
per Learner Profile and Learning Style has been performed.
2.2.1 Experiential (Tacit) Domain Knowledge

This section covers knowledge, its forms as in the context of making it available for tutoring
through tutoring system.

Knowledge is considered an essential asset. Knowledge management produces and
disseminates knowledge and information, offers effective utilization of knowledge to have a
strategical enrichment for the organization (Nawaz et al., 2014) [31]. As per Liebowitz and
Beckman, knowledge management, inherently maximizes organizational knowledge related
effectiveness (motivate innovation, superior performance, build new capabilities) (Lytras,
Pouloudi and Poulymenakou, 2002) [32]. As per (Wu and Chen, 2014) [33], Knowledge
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Management is considered as the operational strategy for an organization because it facilitates
them to create new innovative business processes to enhance their performance.

Knowledge is classified into two categories, tacit and explicit knowledge. A new
innovative idea is born when there is a collaboration between explicit and tacit knowledge.
Existing literature classifies knowledge as theoretical or practical, internal or external, foreground
and background. The categorizing of explicit and tacit is the most common aspect of knowledge
(Nonaka, 1994, Pathirage, 2007) [34] [35]. Tacit knowledge is an alternative form of experiential
knowledge. Experiential knowledge is the factual information gained from own experience with
circumstances compared with the knowledge gained through reasoning.

For organizational growth, tacit knowledge plays a vital role that comprises experiences,
movement skills, implicit thumb rules, and intuition. There is a considerable difference between
tacit knowledge and explicit knowledge. Explicit knowledge is well-documented knowledge
(O’Dell and Grayson, 1998) [36], while tacit knowledge is presented in the heads of the individuals
exists in the form of perspective, personal beliefs, and values (Baumard, 2002, Borges, 2013) [37]
[38].

Some researchers claim that knowledge falls neither purely in explicit nor purely in tacit.
However, knowledge lies somewhere in the middle. Nonaka (1998) [39] also emphasizes the
importance of associations between explicit and tacit knowledge and also states that tacit and
explicit knowledge is not a separate entity; instead, they are a complement to each other.

Polanyi defines tacit knowledge, as that cannot express verbally; it presents in the human brain.
(Polanyi, 1966) [40] precisely put a phrase on tacit knowledge, “we used to express less than we
know.” Tacit knowledge is entirely different from explicit knowledge as it is not easy to transfer
and code by conventional mechanisms. Polanyi (1998) [41] states that “knowing how” and
“knowing what.” “Knowing how” indicates that something attainable in action and “Knowing
what” indicates that something lucid. Tacit knowledge can easily understand through the concept
of proximal and distal. Distal addresses the action, whereas the proximal addresses the particular
action in depth. For example: when cooking food. Proximal knowing is how to cook food
(concentrate on the ingredients) while distal knowing is the overall knowledge of cooking food
(Berente, 2007) [42]. Tacit knowledge includes a range of sensory and conceptual information. An
image is created in a sense to make a sense (Hodgkin, 1991) [43]. There are numerous definitions

of tacit knowledge. However, this definition is used to define how tacit knowledge is different
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from explicit knowledge (Linde, 2001) [44]. Management literature admits that tacit knowledge is
essential, difficult to imitate, unique, and gained through experiences (Chen and Mohamed, 2010;
Nonaka and Takeuchi, 2004) [45] [46].

2.2.2 Experiential Knowledge Acquisition Approaches
This section covers the various ways through which the experiential knowledge is explicated and
made available for use. The utility and challenges are discussed.

Experiential knowledge acquisition is considered to be an essential task for organizational
welfare. Thus, the following are the techniques used to acquire tacit knowledge:

2.2.2.1  Cognitive Map
A cognitive map is used to portray the belief of the subjects (Eden et al.,1981) [47]. Eden worked
to comprehend and deduce the subject’s perceptions and tries to discover how the subjects perceive
and illustrate the surrounding things (Eden, 1990, p. 37) [48]. The subject’s tacit knowledge is
represented in the form of a map. This map is further explored to represent the subject’s opinions
on a particular problem. There are various types of cognitive maps (Huff, 1990) [49]. The causal
map is one of the types of cognitive maps. The Causal map is also a way of gathering and
representing tacit or experiential knowledge with the help of graphical notation (nodes indicates
the opinion while edges indicate the linkage between the concepts).

2.2.2.2  Causal Map
A causal map is the most reliable technique for explicating experiential knowledge because its
prime focus is on activities (Huff, 1990)[49] and also helps deduce the supporting evidence of
belief. As illustrated earlier that it is a graphical representation of experiential knowledge, where
nodes indicate the activity and edges indicate the relation or working steps (causalities). Perceiving
and emulating specific experiential actions over a period of time, the subject, deduce some rules
for the beliefs that are consistent for a particular task.

Experiential knowledge is gathered in a causal map by gathering the subject’s experiences.
During map constructions, subjects are requested to illustrate the scenario, constraints, obstacles,
actions, behavior, and the results. This probing helps to reveal the hidden, and unarticulated skills.

Thus, this indicates the transitions of knowledge from tacit to explicit.
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2223 SelfQ
Self Q is a self-interviewing practice, helps to deduce the subject’s thought process. In this
technique, subjects interrogate themselves. The subjects are the sole author on his/her knowledge,
thus based on his/her knowledge, he/she interrogate a specific frame of questions (includes a
parameter, situation) to explicit their tacit knowledge (Bougon, 1983) [50]. This technique is
profound to be a promising technique because the person knows herself/himself better than others.

2.2.2.4  Semi-Structured Interview
In this knowledge extraction technique, the aim is predefined. The interviewer explores to know
the complete story (factor, situation, steps, and constraints) of a subject’s experience. According
to (Ambrosini, 2001) [51] narrating experience is considered to be adequate to explicit their
implicit knowledge; thus, there is a need to encourage the subjects to share knowledge. From the
research, it has been observed that narrating stories discloses more hidden information than regular
sharing of knowledge (Rabionet, 2001)[52].

2.3 Pedagogy Model
Pedagogy Model is the brain of an ITS/e-learning systems, responsible for providing adaptability
and personalization features.

2.3.1 Path Sequencing of Learning Material in Learning Systems
This section illustrates the preliminary research work on path sequencing of learning material in
an intelligent tutoring system/e-learning system/learning management system.
As discussed in Chapter 1, an ITS is a rule based system, and the programmer defines all possible
rules that address specific circumstances. These rules indicate that it follows a predefined
curriculum and offers remedial actions based on learner activity like human tutors do [53][25][54].

A depth-first traversal algorithm was used for curriculum sequencing in Knowledge-based
Systems [55]

ITS developed by Chen(2011) [56] offers a personalized learning environment by offering
learning material to the learner based on previous knowledge about the course. To adjudge
previous learner knowledge Pre-Test plays an important role. The pathfinder technique has been
used to determine previous knowledge of the learner.

The concept map is another technique that has been used to depict the relationship between

the topics and associated subtopics in the form of nodes and edges, where nodes indicate the topics
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and edges indicate the relation. Nonav and Canas suggest this notion of concept map. They infer
this notion from the theory of Ausubel [57].

ITS developed by (Haoran Xie, 2017) [58] proposed a solution for determining the learning
path for a group of learners. They utilized a profile based framework for determining appropriate
learning path.

Further advancement in this field uses a data mining technique to mine the meaningful
learning path for the learner. This kind of system tracks learner activity during learning and
recommends the most suitable learning path. ITS developed by (Tung-Chen Hsieh, 2010) [59]
incorporated two methodologies, one is determining the learning path, and the other is
recommending the learning path. Initially, the system utilizes the apriori algorithm to generate an
initial course coverage plan; further, they used formal concept analysis to determine the association
between the concepts and then adjudge preferable course coverage plan.

Another [60] proposal uses, a fuzzy rule base technique utilized to determine the
association between the list of materials and learner requirements based on web navigation. In
recent development in technologies some concept of ontologies, genetic-based algorithm and
artificial neural network are used to recommend a suitable course coverage plan [61] [62].

ITS developed by (Chen, 2008) utilizes the nature-inspired algorithm to adjudge the
Custom-Tailored learning path. They used two critical parameters for fitness function; one is
difficulty level and other associations between the course concepts. Another research work on e-
learning system makes use of the nature-inspired algorithm for determining optimal course
coverage plans based on the incorrect response on the Pre-Test (Chen, 2008; Agbonifo and Obolo,
2018)[63] [64].

In a recent development, a bio-inspired artificial intelligence, i.e., Ant Colony Optimization
(ACO), is utilized for determining the course coverage plan. Initially, the ant-based system [65]
utilized the Traveling Salesman Problem (TSP). This mapping helps to determine the optimized
learning path. This learning path represented with the help of graphs with weighted edges that
indicates ant pheromone (students) i.e., released pheromones along their path.

In [66], the author uses ACO techniques to recommend an adaptive learning path by taking
learner’s Learning Style into consideration. [67] Utilizes self-organizing techniques to recommend
optimal course coverage plans to the learner. Similar practices can be applied through a

probabilistic technique in which nodes indicate the pedagogy items and edge indicates the
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hypertext links (preferred probabilities) and learner act as ants who have to traverse all the nodes
[25,53,61,68,69].

ITS developed by Jamon et al. utilizes an “ant-hill” nature-inspired algorithm, based on
learner success/failure ratio for validating an item/topics/concepts ant lay pheromone. Thus,
pheromone helps to determine the optimized course coverage plan for learners [70]. A style based
Ant Colony system (SACS) utilized advance Ant Colony algorithm. They design the user model
by determining a suitable course coverage plan for a group of learners using a graph-based path
structure [71] [72].

ITS developed by Sengupta et al. experiments with Ant Colony Optimization to attain the
personalization feature in the recommendation of the learning path. They utilized frequent graph
patterns to determine the correlation between the concepts [73].

ITS developed by Kardan experiments with a two-phase learning path algorithm. In the
first phase, they adjudge the knowledge level of learners based on the performance in the Pre-Test.
In the second phase, they used a metaheuristic algorithm to determine and recommend a suitable
learning path to the learner. [59]

ITS developed by agbonifo et al. experiments with the learner model. Their developed ITS
determine the learner’s Learning Style using “Honey and Mumford” Learning Style model. To
recommend a suitable learning path for learners, they utilize the Neuro-Fuzzy technique. Here
researcher did not consider the difficulty level of learning material [74] [75].

2.4 Impact of capturing Emotion in Learning System
ITS’s are a generation of the computer-based software system; the purpose is to improve and
support learning in a particular domain. It emulates human intelligence, offers the benefits of
personal teaching and also provides personalized and adaptive learning environment. Here an
adaptive learning environment indicates the integration of cognitive intelligence into the traditional
CAl.

For era, the notion of ITS has been grounded on the principles of constructivism and
cognitivism. They are primarily focusing on learner’s cognitive processes. Recently, researchers
have switched their attention from learner’s cognitive processes to learner’s emotion enabled
cognitive processes. This switching is due to researcher giving more emphasis to the correlation
between learning and emotions. The results from previous research show that emotions play an

ample role in the learning process as they are equally responsible in affecting learner’s learning
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and motivation abilities. Previous research studies deduce that the learner perceives negative and
positive sentiments throughout the learning process. Thus, it indicates that more emphasize is to
be given to learner’s emotion enabled cognitive processes in the development process of the

learning system.

241 Emotion Recognition in Learning System

Murthy and Jadon [76] [77] have taken six emotions, i.e., Sad, Happy, Surprise, Disgust, Normal,
and Ambiguous into consideration. For emotive recognition, they utilize Eigenfaces. Their main
inspiration was to use the dimensionality reduction technique (Principal Component Analysis) for
a more extensive set of data. By using this technique, they achieved 83% accuracy. However, they
utilize PCA, which makes this technique more expensive because the computation of the
covariance matrix is performed at the expense of efficiency mainly when abundant datasets
encompassed for training purposes [77].

Lien and colleagues [78] have considered two approaches, i.e., SVD (Singular Value
Decomposition) and direct matching. Firstly, they transformed the images into corresponding
transitional expression matrices, and then they perform a direct matching operation. These two
approaches impose certain drawbacks, i.e., A direct matching operation provides no or little
precision for computing correlation coefficients. Therefore, facial image conversion would result
in producing asymmetrical output facial images.

In Arumugam [79], for feature extraction, they integrate FLD (Fisher’s Linear
Discriminant) and SVD (Singular Value Decomposition), and for the classifier, they utilize Radial
Basis Function. Mainly they focused on only three types of emotions, i.e., Disgust, Happy, and
Anger. The major drawback of this approach is that they achieve low accuracy by utilizing this
combination. The computation of naive SVD is often going beyond the computation speed and
power of various machines [80].

The ITSPOKE ITS is a dialogue system [81] that mentors a learner through a long physics
qualitative question by describing every aspect of misconception. To identify the learner’s
emotional state, i.e., positive, neutral, and negative, they utilize sound and prosodic features mined
from learner speech. By using this technique, they achieved 80.53% accuracy.

AutoTutor [82] successfully addresses more refined emotional states, i.e., confusion, boredom,

frustration, flow, and neutral. They observed emotions from body posture, conversational cues,
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and facial features. For valid replies from a tutoring system, they utilize some animated
pedagogical agent having animated facial expression, sound, and speech.

Woolf [83] has taken five emotions, i.e., self-confidence, frustration, boredom, motivation,
and fatigue, into consideration. He utilized different heuristic rules for providing an adequate
response (changing voice and gesture, sympathetic response, graphs and hints, text messages) to
the learner’s cognitive state. He computed the degree of engagement concerning the overall impact
on learner’s learning and behavior.

Mao and Li [84] [85] proposed an Emotion-Sensitive ITS named “4ALICE . Alice utilizes
an emotion agent that is effectively capable of recognizing the emotions of the learner through
text, speech, and facial expression. They consulted human tutors to discuss all possible scenarios
and developed rules. Thus ‘ALICE’ behaves closest to the human tutors through the ongoing
tutoring sessions.

Tian [86] proposed a framework based on the intersection of active listening and affective
computing. In this framework, emotion recognized by analyzing the textual interaction, such as
sentence typed, group discussion, chat rooms and question, and answer. For providing an effective
text-based response, they utilize case-based reasoning.

Strain and D’Mello (2011) [87] had done the analytical study on learner’s psychological
state while performing any task. Systems initially consider negative emotion of learner towards
learning session and begin learning session accordingly; and then answer the questions about what
they had learned. The results show that the utilization of cognitive reappraisal as an emotion
regulation strategy leads to more positive activating emotions and better reading comprehension.

As mentioned earlier, minimal work concerning learner path sequencing is reported so far
in ITS — a couple of instances discussed below.

ELM-ART ITS [53] provides a path sequencing and adaptive hypermedia, which enable
the learner to navigate through this material. ELM-ART provides navigation support by utilizing
two hypermedia techniques, i.e., adaptive annotation (focus on visual artifacts and their
representation) and adaptive sorting (determine the similarity between concepts and offer more

suitable concepts),

Summary
This chapter explored the work in the field of Intelligent Tutoring System (ITS)/E-learning

System/Hypermedia System for several domains. The related work under various components of
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ITS architecture: Domain Model, and Pedagogy Model have been discussed. The Domain Model
that is a crucial component of the ITS has been explored in detail. With emphasis on the
experiential knowledge domain and their acquisition and explications techniques. The Pedagogy
Model that is considered as the heart of the ITS has been explored, in detail, emphasizing on
learning path sequencing techniques, used to provide adaptivity and personalization in the ITS/e-
learning system/ LMS. Towards concluding part of this chapter, importance of emotion

recognition in the ITS/e-learning system/ LMS, is discussed.

23



Chapter 3 Design and Development Methodology of Domain Model

This chapter describes the development of an adaptive domain model for the tacit knowledge
domain. The prime consideration has been inclined towards the development of a knowledge base
that comprises twelve pedagogy styles that have been designed as per learner preferences
(Learning Style and Learning Profile).

3.1 Domain Model

Domain Model is the heart of an Intelligent Tutoring System (ITS) because the domain
model contains the expert knowledge, which is gained through experience and makes available for
the novice learner when requested. This model is highly focused on the "What to Teach™ issue (see
Fig. 3.1). Domain model comprises of “what” is to be taught. The learning material forms content
of course (SDI). Knowledge Engineer gathers domain knowledge from the domain experts,
realigns and sequences the gathered knowledge under the supervision of the subject domain
experts. The aim of the domain model is to keep the subject domain and the learning material as
content in the course and deliver it to the learner. This model organizes the subject topic, sub-

topics, and their association with other topics.

The organizing of knowledge is in a style and level as per the convenience of the learner, to

provide better learning gain.

Scope of Domain
— Mlodel

/ What to
/ Teach

Instructional ™~
Strategy

Figure 3-1 Responsibility of Domain Model
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For the current scope of work, Seismic Data Interpretation (SDI) is considered as a subject domain.
This subject domain is one of the knowledge domains, which is undocumented and highly
experiential. Since, the knowledge is gained through experience, without any documented sources
available it is qualified as a Tacit Domain of Knowledge.

3.1.1 Seismic Data Interpretation: as a Tacit Domain

Seismic Data Interpretation (SDI) is the sub-field of Geophysics under the field of Petroleum
Exploration. The Petroleum Exploration process uses seismic data to understand and delineate the
subsurface geology. The final result of the exploration process is further processed and is available
for analysis in the form of a SEG-Y map of seismic images. Till date, there are human experts, i.e.
Seismologists that analyze SEG - Y maps and discover their understandings. During analysis,
experts are trying to understand what kind of subsurface geology exists. This process is termed as
interpretation. There are no documented thumb-rules for interpretation. The interpretation
knowledge available is ‘implicit’ within the experts and exists as their mental database. It has been
gained by them, over years of experience, and the time spent in the fields. This knowledge is
termed as ‘Tacit Knowledge’. The lack of documentation, causes the uncertainty to exist, in
interpretation. There may be a possibility that the same SEG-Y map may be interpreted differently
by different seismologists, because this knowledge, to a great extent, is highly individualistic, and
varies from expert to expert.

A novice seismologist joining an organization engaged in Petroleum Exploration processes
holds very minimal interpretation powers and needs time and practice to hone satisfactory skills.
But this process is time-consuming and expensive intensive. The organizations, incur expenditure
on long training cycles, to train them, and let them practice their skills over a period of time, so
that they can deliver reasonable interpretation. The major bottleneck is the nature of knowledge,
which due to its individualistic and experiential characteristics, incurs long training periods. The
focus of this research work is capturing this experiential knowledge, which is present in the
tacit/implicit form, converting this knowledge into an explicit form and making it tutor-able. The
main reason to explicate this knowledge is to reduce the overall training cycle. Fig. 3.2 describes
the distinct features of Tacit and Explicit Knowledge.
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Figure 3-2 Features of Tacit and Explicit Knowledge

3.2 Development of Adaptive Domain Model

This section describes the development of an adaptive domain model or an adaptive knowledge
base. The developed domain model comprises of twelve pedagogy styles. Each of the pedagogy
styles is distinct to each other. Based on learner preferences most optimal pedagogy styles are
chosen. This feature of SeisTutor makes the domain model an adaptive knowledge base, because
it enables the SeisTutor to adjudge the learners preferences and provide the learning material

accordingly.

For developing the adaptive domain model, the current work has been categorized into

two phases (see Fig. 3.3).

The objective of the first phase is to acquire tacit knowledge, characterize it and convert it
into an explicit form. In subsequent phases, the explicated knowledge is transformed, into a tutor-
able form. For this purpose, the content is shaped as a course with a structured course plan (also
referred as, course coverage plan). The content coverage organized into Units and Sub-Units,
spread over the coverage time is organized. Various acquisition techniques, i.e. causal map and

one-to-one interviews/semi-structured methods, have been used for each of the above steps.
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The objective of the second phase is to align the learning material as per the curriculum
and make it tutor-able. The packaging of learning material is known as a knowledge capsule. In
the present work, the SeisTutor comprises of twelve knowledge capsules. Every knowledge
capsule holds same content, but their content representation, usage of rich media techniques and
the content elucidation level varies. In several ways, there is variation from capsule to capsule.
Therefore, as a result, twelve adaptive knowledge capsules have been developed to offer to the

learners, as per the adjudged requirement.

RN

Adaptive Domain Model

~
= L

Phase 1 : Tacit Knowledge Phase 2 : Knowledge
Acquisition and Representation: Multilevel
Characterization hierarchical model

\\/ \\/

Figure 3-3 Conceptual diagram of the development of the adaptive domain model.

Fig. 3.3 describes the conceptual workflow that has been used to develop an adaptive domain
model. Subsequent sections describe the techniques and methodologies used in Phase 1 and
Phase 2.

3.2.1 Phase 1: Tacit Knowledge Acquisition and Characterization

This section describes the steps followed to discover and gather tacit knowledge from the experts
through causal and semi-structured methods. Fig. 3.4 shows the process involved to solicit tacit
knowledge from the expert and then make it tutor-able. In knowledge gathering step, knowledge
from basic to advanced levels, on SDI is gathered from experts. In knowledge characterization
step, the nature of the knowledge is studied, to clarify and elaborate. The related topics and
subtopics are combined, to make a complete unit/package. In knowledge sequencing, the
characterized units are re-aligned to form a complete course coverage plan. In validation step, the
designed curriculum is verified from the domain experts for their approval. Then, the learning

material is organized as individual knowledge capsules as per the validated course coverage plan.
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For gathering knowledge on the SDI domain, formal permission was sought from public
sector companies who have been involved in seismic data acquisition and interpretation tasks. A
total of 09 meetings were held with Deputy General Manager (DGM) and their team. A well-
structured questionnaire (causal map construction technique) and one-to-one interviews (semi-

structured method) have been used as instruments for domain knowledge collection and

conversion.
Knowledge Knowledge Knowledge Validation Knowledge
Gathering Characterization Sequencing Capsules

\ J | )
| |

Phase 1: Tacit Knowledge Acquisition Phase 2: Knowledge Representation:

Active |— Intermediate

Expert

and Characterization Multilevel hierarchical model
Tacitto | Begier |
1
. . | Intuitive |- | Intermediate | |
Explicit :
J ;
s \ -E Beginner i
Level 1: Causal £ || Imagistic |- |Intermediate | |
Map & i
£ 1 Twelve Knowledge
\ / L S rn—
= Beginner | | Capsules

( h = 1
Level 2: é A | Acoustic I— |Intermediate| i
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\ J . 1
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i
1
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1
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J

1
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Figure 3-3 Phases involved to solicit tacit knowledge from experts and make it tutor-able

3211 Conversion of Tacit to Explicit: Findings

This section describes the experience during gathering tacit knowledge (of seismic data

interpretation) and their transformation into an explicit form.
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A formal note-sheet presenting the general motivation behind the activity is conveyed to
the concerned authority. For acquiring tacit knowledge from experts, two independent groups of 2
individual each is «created and the task of requesting tacit knowledge from 5
geologists/seismologists was performed. Out of the group of 5 seismologists, 2 were expert
profiles (engaged in interpretation skill for more than 12 and 13 years, respectively), 2 were
middle-level expert profiles (who had been doing interpreting activities since 3 and 4 years
individually), and the last individual was a novice student (recently in-cumbered into the group to
learn and to practice hands-on activity on, interpretation skill).

The aim of the formation of a group with varied proficiency of interpretation skill is purposeful,
to accumulate all viewpoints and to have enough ways for iterative data gathering and validation.
Over a progression of meetings, the process of obtaining and requesting tacit knowledge from
geologists/seismologists is performed. Primarily, the causal map is used, in which a series of the
questionnaire were made and put forward in front of domain experts by both the groups and
accumulate sufficient information which further helps in the construction of the causal map. The
first group did their scrutinizing, probing, and causal map development activity. In the causal map,
nodes indicate the questions or topics and links indicate the feature of the nodes (normal, important
and prediction task). This procedure has taken the time of three weeks by group 1 and the other
group took around four-week of time. To accumulate adequate information, questions ranging
from, techniques used for seismic data acquisition to analysis to interpretation were developed.
Table 3.1 indicates the partial list of questionnaires unfolding the seismic data interpretation

process.

3.2.1.2 A partial list of a questionnaire for Causal Map Construction

Table 3-1 Partial List of a questionnaire for Causal Map Construction

S.No Questions

i What does the seizsmic snap indicate?

il Where might vou find additional seismic information to affirm the shape and size of
the structural trap that you have mapped?
iii. | Kindly explain the scenario where the horizon and fanlts incorrectly interpreted?
iv. Illustrates the steps invelved in the identification of faults and their types, through
velocity correlation?
V. What are the challenges faced during analysis and interpretation?

vi. Several stories are revealing that error encounters during an acquisition? Please discuss.

29



The causal

map built by each group

IS closely examined together to create a

reasonably appropriate material representing the conversion of tacit knowledge into explicit

knowledge. This piece of work is identified as Level 1.

Terms gathered from the casual map have been listed below-

(=R = R NI SR FL R S

o I o Y SR U T =
WS Seea kLD e S

Serzmic Acquistion
Onshore

Offshore

Thumper Truck

Geophone

Axr gun

Hydrophone

Analog Fecording

Analog to digital conversion
Wiggle Trace

CDP Gather

Stacking

NormmalMove-out correction
Processed setsmic section
Common Depth points
Floating Datum

TWT (Two Way Time)

Time versus Depth Conversion

Seismic Map

Check-lme zcale and orientation

Top-down approach for clarity of understanding

Determine prinary reflectors and geometrics
Prediction of Hydrocarboh amassing

Note

+1 :- Normal Task , +2 :- Important Task , +3 :- Prediction Related Task

Figure 3-4 Causal Map for Processes involved in “seismic interpretation domain “
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Fig. 3.5 shows the causal map in which the subject theme is ranging from seismic data acquisition
and processing to analysis and interpretation. The current scope of this work is to capture the

tacit knowledge of seismic data interpretation, whose terms are numbered, from 19 to 23.

Q Frerafive THI Ideniiflcation of faults

o [nterpret Fanlts

Theory Be hind Sub-Surface Geology
Feflection Seismolozy Iz Ivlapped

Interpret
Horizons
U Beyative THI Identification of
horizems

Figure 3-5 Schematic diagram of seismic interpretation task

Fig. 3.6 shows the graphical representation of the interpretation task. For simplicity, faults
and horizons are referenced here. Fig. 3.6 reveals that the whole process of interpretation is
iterative; with each section repeatedly examines. After accumulating all the translated seismic
section subsurface, the topographical map is created.

The built causal map has been further detailed. The exhaustive causal map (step numbered) has
been shown in Fig. 3.7. Fig. 3.7 is the continuation of Fig. 3.5 from step number 19, which is
numbered from 1 to 9. The depiction of steps recorded beneath:

This Process 15 followed for
all available seismic secfions.

This Frocess Is followed for
all available selsmic secfions.

Figure 3-6 Schematic diagram of seismic interpretation task
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1.  Seismic Map

2. Interpretation initiates

3. Structural Interpretation

4. Structural analysis

5. Stratigraphic Interpretation
6. Stratigraphic analysis

4.1. Faults and folds

42  salt

4.3  Shale Diapers

4.4  Structural Trends

4.5 Structural Features

6.1  Unconformities

6.2  Stratal Packages

6.3  Environments/ Facies/ Lithologies
6.4 Ages

7. Identify Prospect elements
7.1  Source of the geological feature
7.2 Migration

7.3 Reservoir

74 Trap

7.5  Seal

8. Assess the Highest Potential Prospects
8.1 How much oil/gas do we except?

8.2 How certain are they?
9. Economical analysis

The semi-structured mechanism is utilized in Level 2 and proceeded with a similar group
and same geologist/seismologist groups, as in Level 1. The geologists/seismologists were
scrutinized and requested, to share their skills, discoveries, and stories, jot down what worked and
what didn't and their portrayals were recorded. The two groups drew out their outcomes from the
recorded experience stories and narrations. This activity finished in 5 weeks by the two groups.

The outcomes were cumulated, and a proper record of each topic and subtopics of interest
was created. This notion prompted the development of a knowledge capsule. The significant
commitment of the present work is to explicate the tacit knowledge in the form of knowledge
capsules, enabling its future scope in phase 2.

Fig. 3.8 demonstrates the diagrammatic representation of a semi-structured mechanism,
where, the nodes 1, 14, 19, and 23, are shown, that holds the information that should be
transformed from implicit to explicit form. These nodes are further probed. Let us consider the
probing of node 1, i.e. 1.A, 1.B, 1.C. Suppose if node one is focused on a specific topic, further
detailing on that topic are 2.A, 2.B, 2.C, that might be the supporting subtopics to briefly describe
the concepts of node one or topic one (where 1,2,3,4 indicates the level of probing while A, B ,C
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represents the supporting subtopics of particular node). The primary motivation for adopting this
mechanism is to get a clear understanding of the topics. Each detailing (probing) attempted has its

purpose; the purpose of node 1 is to comprehend the different strategies to accomplish.

&1\ %
®
®

&

@ <:I What Methods helps to accomplish task 17

/r\
@ T\ @ <: How does it perform?
UL
@ ®® <:J WALl you please share example?

O gt

Figure 3-7 Semi-Structured mechanism.

A similar procedure is pursued for the remaining activities (topics/subtopics) 14, 19, till
23. This way, the probing can proceed with further revealed hidden details and eliciting
experiences. Figure 3.8 shows the probing of 4 topics up to 4 levels of segregation. The course
coverage plan was designed as instructed by the domain experts. Furthermore, the captured domain
knowledge has been transformed into knowledge capsules. The development of knowledge
capsules puts one level ahead from the explicit representation of the tacit knowledge to tutor-able

form. This work is accomplished in phase 2.

3.2.2 Phase 2: Knowledge Representation: Multilevel hierarchical model

This section describes the conversion of explicit SDI domain into a tutor-able form in the form of
twelve knowledge capsules. Thus, to accomplish the objective, the course manager and the
knowledge repository submodules have been developed that combine to form a knowledge base
module. The purpose of the course manager is to align the subject topics, sub-topics based on the
association between them. The purpose of the repository is to warehouse the learning material and

assessment materials. Learning material and assessment material are described by
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meta description that aid in maintaining, locating, representation, and reusability of subject

knowledge in the knowledge-base.

Course
Manager

Knowledge

Base

Knowledge
Repository

Figure 3-8 Knowledgebase Modules.

Course Manager

Concept

Dependency ‘ Concept Tree

Graph

Figure 3-9 Responsibility of Course Manager
3.2.2.1 Course Manager

The course manager is the graphic representation, of course material. It utilizes data structure

techniques for its illustration, i.e., Concept Dependency graph and Concept Tree (see Fig 3.11).
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3.2.2.1.1 Concept Tree

The concept tree possesses a hierarchical tree-type data structure, where the subject name resides

at the root node and topics and sub-topics reside on a leaf node (see Fig. 3.12).

Seismic Data Interpretation

Week 1 Week 2 Week 3 Week 4

Faults in Petroleum

— Introduction — Survey Types — Province — Interpretation of Faults
o i ] Analog and Digital L - ] . .
Seismic Waves Recording Equipments Stress and Strain Velocity Interpretation

|| Seismic Expression of

—  Reflection Seismology — Horizon Correlations Faults

— Hydrocarbon Indicators

Figure 3-10 Course Tree representation of Subject Domain 'Seismic Data Interpretation.’
3.2.2.1.2 Concept Dependency Graph

The concept dependency graph is the graphical representation of the association between subject
topics and sub-topics (see Fig. 3.13). Every domain knowledge warehoused in the knowledge base
is the pair representation of concept dependency graph and concept tree which work together and
aid in maintaining, locating, representing, and reusability of subject knowledge.
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Figure 3-11 Course Dependency Graph representation of Subject Domain 'Seismic Data Interpretation.'

3.2.2.2 Knowledge Repository

Knowledge repository comprises of learning materials and assessment materials. As
aforementioned, every learning topic and sub-topics provide meta-description which speeds up the
accessing of the learning material from the knowledge pool. The critical issues in the teaching
system are overwhelmed by ontologies [88]. The interim web offers a productive, interactive mode
of learning by utilizing audio, text, images, pedagogical agents and animation. Which persuades

the active interaction between the learner and computer-aided system [19].

Furthermore, this active interaction enriches the persuasive communication, improves
problem-solving skills, and over-all learning gain. The ontology-based representation of the
subject domain is demonstrated in Figure 3.14. This representation aids in enriching the
recommendation of learning materials. The amalgamation of learning material with this kind of
representation aids the SeisTutor to pacify the learner preferences (mode of learning, the difficulty
level). In the current scope of work, a three-level knowledge base frame is used, that is

demonstrated in Fig.3.14.
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Course Level

1T
Knowledge Concept Level
Figure 3-12 Knowledge Base frame

3.2.2.2.1 Learning Strategy Level
SeisTutor comprises of the total twelve pedagogy styles that rely on the productive, interactive

multimedia techniques, learning styles (learning preferences), and the learning profile (level of

difficulty) (see Fig. 3.15).
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Figure 3-13 Domain Pedagogical structure in SeisTutor (Learning Style and Learner Profile)

3.2.2.2.2 Course Level
The course level is the hierarchical representation of the Week-Wise learning course material.

3.2.2.2.3 Knowledge Concept Level
The subject topics, sub-topics, and their hierarchical representation form a course coverage plan.
The course coverage plan also retains the association among the topics, sub-topics (part-of,
prerequisite).

Henceforth, domain model in SeisTutor gear with the richness of multimedia amalgamated

learning materials. SeisTutor retrieves a portion of learning material from the knowledge base
depending upon the learner's profile and learning style. Furthermore, the learning content is

aligned as per the distinct curriculum identified by the SeisTutor.

Table 3-2 Nomenclature

Symbol Definition

DKBgp; | Knowledge of Seismic Data Interpretation Subject Domain
LSsp; a pool of knowledge capsules or pedagogy style
LTsp; a collection of learning or subject topics

SSTsp; | set of subject sub-topics

STRsp; | describes the association between topics

SSTRp,; | defines the association between the sub-topics
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STypaate | Update function utilized by the domain or subject experts
SSTypaate | SUDjECt sub-topic update function utilized by the domain or subject experts

Definition:
A formal representation of a domain or subject knowledge in SeisTutor is defined as follows:
DKBgp; = < LSspy, LTspr, SSTspr, STRspr, SSTRspr, STupaater SSTupaate > (3.1)

LSsp; = {PS1,PS,, PS5 ... ...... ,PS;,} 1t is a pool of knowledge capsules or pedagogy style,
depending upon the identified pedagogy style one chosen among them.

LTsp; = {LTy, LT,, LT, ... ... ... } It is a collection of learning or subject topics covered during the
learning session.

SSTgp; = {STy,ST,, ST;, ... ... } It is a set of subject sub-topics used to illustrate the topic
thoroughly.

STRgp; = {STR;,STR,,STR;, ... ... } Subject topic relation describes the association between
topics (prerequisite, part of).

SSTRsp; = {SSTR,,SSTR,,SSTR;, ... ... } Subject sub-topic relationship defines the association
between the sub-topics. Here association indicates how one sub-topic is associated (prerequisite,
part of) to other sub-topics.

STypaate: It is @ subject topic update function utilized by the domain or subject experts to
perform the required revisions in the course coverage plan.

SSTypaate - It is a subject sub-topic update function utilized by the domain or subject experts to

perform the required revisions in the learning material.

3.2.2.3.Domains of Learning

As per Benjamin Bloom, learning is everywhere, one can use their mental skill, develop an
attitude and acquire physical skills based on their skill used to perform activities [93]. Bloom
classifies the domain of learning into three different categories, i.e. Affective, Cognitive, and

Psychomotor.
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 Psychomotor learning domain further categorized into seven sub-categories.
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Figure 3-14 Learning Domain Categories.

For the current scope of work four learning styles are taken into the consideration, i.e. Imagistic, Intuitive,

Acoustic and Active. The feature of these learning styles are formulated in table

Table 3-3 12A2 Learning Styles

Learning Imagistic Intuitive Acoustic Active
Style (LS)
Key Learning Learning through an | Learning through | Learning through
Terminologies | through understanding of the | hearing accomplishment
perceiving written word
Interactive | Flowcharts, Written  paragraph, | Listening Hand-on
Multimedia | diagram, and | written notes, and Exercise
videos Action charts.
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Figure 3-15 one to one mapping between the Learning Domain and the 12A2 Learning Style.

Figure 3.15 is showing how these learning domains are related to the incorporated learning
styles.

Summary
This chapter presents the distinct features of implicit and explicit knowledge. Establishing the

domain of Seismic Data Interpretation, as an experiential domain, it describes the steps involved
in the accumulation of tacit knowledge, their characterization, and details the transformation of
tacit-to-explicit-to-tutor-able. The tutoring material laid into a course delivery pattern comprising
of 4 weeks and its execution through SeisTutor is described. The content has been organized into
topics and subtopics in the week-wise pattern demonstrated in this chapter. Finally, an adaptive

knowledge base is developed, that comprises of twelve knowledge capsules.

The next chapter covers, Pedagogy Model with the design and implementation of its, sub-modules,
the Custom-Tailored Curriculum Sequencing Module, the Emotion Recognition Module, and the

Performance Analyzer Module.
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Chapter 4 : Design and Development Methodology of Pedagogy Model

This chapter introduces the detailed design of SeisTutor and the adaptive features incorporated
in the Pedagogy Model. This is followed by an in-depth discussion of the adaptive features that
are, Custom-Tailored Curriculum Sequencing module, Tutoring Strategy recommendation
module, and Learner Performance Analyzer module (emotion recognition module and the degree
of understandability). The emotion recognition module is used to keep track of learner emotions
while the degree of understandability module is used to determine the learner degree of
understanding after the completion of the learning session. The overall performance and activity

of the learner is visualized in the form of a progress report.
4.1 Pedagogy Model

The pedagogy model is the brain of ITS, as it is responsible for making strategic decisions
throughout the learning sessions. A strategic decision includes, identification of tutoring strategy,
recommendation of an exclusive course coverage plan, gauging performance parameters, and
analyzing the post-tutoring measures (learning gains, learner’s emotional state throughout
learning, the degree of understandability). It recommends the course structure, tailoring the
representation of learning material depending upon the information captured in the learner model.
This model comprises of three adaptation features, such as the Custom-Tailored Curriculum
Sequencing module, Tutoring Strategy Recommendation, and Learner Performance Analyzer

module, which have been built into it, to facilitate customized tutoring to the learner.

4.2.Proposed Architecture and Work Flow of SeisTutor

The execution is depicted in different phases (See Fig. 4.1). The pre-tutoring phase, also

termed the Initial Assessment phase, is detailed below.

Firstly learner has to create learner account by registering themselves with the SeisTutor.
As soon as a learner account is created, learners are asked to sign in to their account and undergo
a pretest. The pretest is the inescapable pre-assessment test, without which learners are not allowed
to proceed with the learning session. This test further opens up the way for learner to get tutored

as per individual learning style and learning level attributes (termed as Tutoring Strategy).
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The learner is put through a pretest, which provides a set of questions under two test
categories — Domain Knowledge Test and Learning Style Test. Domain Knowledge Test
comprises of 20 problems (questions). The Domain Knowledge Test is designed, in such a
manner that the outcome of this test reveals two characteristics of the learner. One is the learner’s
competency (indicative of learner’s grasping comfort), and the other is, learners’ prior knowledge
about the subject domain, and the outcome is referred as ‘Learner Level’. Learning Style Test

comprises 18 problems (questions). This set is referred to as the 'Learning Style Question Pool’.

O\

,—{ Tutoring Phase
CPre-test g K-L_earner Pe_:rformanc_e
*Domain-Knowledge ; display using graphical
Identification *Determine Custom- tools.
Tailored Curriculum

«Learning style L
Identification *Recommend Tutoring

Strategy
 Tutoring Session Start
Initial Assessment \ Final Assessment
Phase Phase

Pre-Tutoring - Designing of exclusive tutoring strategy Post-Tutoring
¢ Recommend Tutoring strategy to the
* learner(Pedagogical Recommendation)

Figure 4-1 Architecture of SeisTutor
As per the scores of Domain Knowledge Test, the profiles, ‘Beginner’, ‘Intermediate’ or
‘Expert’ are allotted to the learner. Thereafter, the Leaner Level is alternatively referred as ‘Learner
Profile’ in this work. The scores of ‘Learning Style Test’ are mapped with the Learning Styles,
Imagistic, Intuitive, Acoustic and Active. Thus, pre-test once conducted for the learner generates
output, translated as the learner’s Learning Profile and Learning Style. This is the output of the

pre-tutoring phase.

The combination of Learning Style and Learner Profile, is referred here, as Pedagogy Style.
The Pedagogy Style governs the tutoring mechanism for the learner, and hence it is termed as the

Tutoring Strategy, which is individualistic for the given leaner.
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Presented below is an example, describing the process of determination of Tutoring Strategy,

as per the pre-test scores

Assuming Learning Style Test score of the learner, is: Imagistic =9, Acoustic =3, Intuitive =
5, Active = 8 and the level of learner (as per scores of Domain Knowledge Test, and thereof, the
allotment of the profiles)), is Beginner = 9, Intermediate = 4, Expert = 7. With the combination of
both the test scores in increasing order, a list of pedagogy styles is listed and maintained by

SeisTutor as a priority queue.

In this example, in the pretest, the level of the leaner was obtained as ‘Beginner’. As, per the
outcome of the Learning Style Test, the Pedagogy Styles are listed Priority-wise, as: {(Imagistic-
Beginner, 1), (Active-Beginner, 2), (Intuitive-Beginner, 3) and (Acoustic-Beginner, 4)}, indicating
the Imagistic-Beginner combination is at the top of the list, followed by the combinations,

Active-Beginner, Intuitive-Beginner, and Acoustic-Beginner in this order.

Thus, in this pretest case, the learner appears to be more of a ‘Beginner' in terms of Level and
having a higher preference for 'Imagistic' Learning Style than any other style. The 'Beginner +

Imagistic' pedagogy style is identified to be executed for him/her.

Further, the prior knowledge of the learner, which is indicative of how much the learner knows,
before he/she formally proceeds with the learning is also assessed through DKT, and is used in
designing the Custom-Tailored Curriculum detailed in the next section of this chapter.
Accordingly, an exclusive tutoring strategy, is devised by SeisTutor, with an exclusive course

coverage plan, comprising the specific topics and sub-topics aligned exclusive for the learner.
4.2.1 Custom-Tailored Curriculum Sequencing Model

Generally two kinds of information are employed during face to face tutoring scenario, i.e.
understanding the learner requirements (grasping level, preferred style of learning), accordingly

the teaching strategy is devised.

The most desirable feature of a teacher is to adjudge the psychology (emotion or
expression) of the learner and accordingly adapting the teaching style. As per the learner
preference, the primary aspect of adapting is to select the most optimal course coverage plan, as

a critical response to the learner's prior knowledge (Zhu and Cao 2008) [89].The selection of the
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most optimal learning path is depiction of ideal human cognitive intelligence in classroom

teaching. This cognitive intelligence has been developed in SeisTutor.

In a traditional ITS architecture, the learner model gauges the learner characteristics by
observing the learner’s activities throughout the learning sessions. The pedagogy model
collaboratively works with the learner model, which determines a custom-tailored course coverage

plan for the learner.

In SeisTutor, the Curriculum Generator Module has been developed, that utilizes the
performance measures of the learner in the pretest and designs the exclusive curriculum (See Fig.
4.2).

The devised curriculum is appropriate for learning, as it adapted to the learner as per his/her

competency level and preferences.

The learning session is planned to proceed with the recommended curriculum. The
curriculum recommendation is the list of topics and subtopics identified from the knowledge pool
and aligned in a specific sequence. The sequencing of topics and sub-topics as per the identified
curriculum is known as ‘learning path.' In this scope of work, the exclusive curriculum is

determined using the 'Bug-Model' technique.

The Domain Knowledge Test, as mentioned above, is presented before commencing the
learning session. Every question in this test is associated with the subject topics/sub-topics by a
tag that functions as an identifier for the subject topic/sub-topic. The course generator examines
every response provided by the learner. The incorrect responses by the learner are categorized as
'bug.’
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Figure 4-2 Working of proposed CTCSS Module

Subsequent to the completion of Domain Knowledge Test, Course Generator can generate the list
of 'bugs,’ wherever the learner provided incorrect responses. This list is a collection of topics/sub-
topics, that learners may not be having a very clear understanding. This leads the Course Generator
to recommend the learning path which includes these topics or sub-topics, directing the learner to
gain comfort and mastery by offering repetition, re-emphasis, and additional clarity on the subject
topics / subtopics where the learner currently holds less understanding. This is referred as Custom-

Tailored Curriculum Sequencing.

4.2.1.1 Mathematical justification of Custom-Tailored Curriculum Sequencing Module

Table 4-1 Nomenclature
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Symbol Description
5T List of topics to be discussed
DKT This is 4 | The questionnaire asked in Pretest.

DKTepprece | Correct response

DKT,pong | Incorrect response

Curreopic Topic to be learned
sty Introduction
st, Seismic Waves
sty Reflection Seismology
5ty Survey Types
sts Analog and Digital Recording Equipment’s
stg Horizon Correlation
st Faults in Petroleum Provinces
stq Stress & Strain
sty Seismic Expression of Faults
5ty Interpretation of Fault data and 3-D data
5ty Velocity Interpretation
5ty Hydrocarbon Indicators

Let us consider ST as the list of topics to discuss during the learning session.

ST = {Stl,stz,stg, ...Stlz} (41)

Let us consider DKT,, is the pool of questionnaire asked in Domain Knowledge Test (DKT)
(Pretest).

DKTQ = {dktql, dktqz, dktLI3, ......... dktqlz} (42)
Then,
DKT, e ST (4.3)

Eqn. 4.3 specifies that each question that is asked during DKT is associated with the list
of topics detailed to discuss.

Note:

The association between topics and questions can be many-to-one and one-to-one, for
the ease of illustration and understanding one-to-one mapping is considered and demonstrated
below (See Fig. 4.3).
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Pretest Covered
Questions Topics

Figure 4-3 One-to-one mapping state

Let us consider DKT¢orrece as the list of questions responded correctly, and DKT . on4 the list
of questions responded incorrectly.

DKT¢orrect = {dktcq, dktc,, dktcs, ... ... ... dktcy,} (4.49)
DKT,ong = {dktw,, dktw,, dktws, ... ... ... dktw,} (4.5)
Let us consider that the learner provides correct responses to (DKT,) 20 % of questions.
As DKT orrect € DKTyand DKT orrec: S DKT, (4.5)
DKT .orrect = {dktcs, dktce, dktcqg} (4.6)
Then 80 % of questions DKT, belong to the list of incorrect responded questions.
DKTyyrong = (DKTg — DKT correct) (4.7)
i.e.

DKTwrong = {dktwl, dkth, dktW4_, dkth, dktW7, dktWa, dkth, dktwu,

Similarly, DKT,ong € DKTy and DKT,,,ong S DKT (4.9
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Figure 4-4 One-to-one mapping between incorrectly responded and domain knowledge questions.

The DKT,yyong list is made up of questions that are incorrectly responded by the learner from the
pool of questionnaire DKT, (See Fig.4.4).

Above-mentioned in Eqn. 4.3 that DKT, € ST

Therefore by transitivity law of algebra, i.e., if Set X e Y,and Set Y € Z,thenX € Zor X €
YeZz

Thus, DKT\pyony € DKTy € ST (4.10)
ST = {Stl, StZ, St4,, Sts, St7, Stg, Stg,Stll, StlZ} (411)
DKT DKT\rong Covered Curriculum

Topics

{ —}dkth'il / }Sl‘z{_
Sty
}d{ftﬁ"q }Stq.'(

Figure 4-5 Curriculum designing

As per Eqgn. 4.11 and 4.12, custom-tailored curriculum design is determined by SeisTutor. The
mathematical proof is demonstrated in Fig. 4.5. The algorithm for the custom-tailored curriculum
sequencing using the bug model is presented below.
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4.2.1.2 Algorithm

Input: Outcomes of Domain Knowledge Test

Output; Exclusive curriculum design for the learner

Begin

End

1.

Retrieve the answers opted by the leaner for the given set of questions DKT,, in a variable

DKTgr = {QR1,QR3, QRs, ........., QR,}. Where RT is a set which encloses, learner's responses, DKT is the set of
asked questions, and QR;, QR,, QRs, ... ......, QR,, is individual learner responses.

Matching operation performed between the received results and the actual copy of answers, which stored in the database.
AC = {QA,, QA,, QA;, ... ... .. ,QA,}. Where AC is a set that encloses correct responses and QA;, QA,,
QAs, ... ... ...,QA,} is the corresponding correct answers.

Separate sets of correct responses DK T¢oprec: @Nd incorrect responses DKT,yqy, 4 Created.

3.1. do

3.2. {

33. if (QR; == Q4;)

3.4. {

3.5. DKTcorrect = dktq; ;
3.6. }

3.7. else

3.8. {

3.9.  DKTyrong = dktq; ;

3.10. }

311, i+ 4+

3.12. } while (i < n); // where n is the number of questions asked in Pre — Knowledge Pretest

Step 2 and 3 will repeat for all the response until while condition met.
DKT,rong Sets are taken into consideration and perform a mapping operation between the topics covered and
DKTyrong Sets.

5.1. for(k=1Lk<nmk++)

5.2 ¢
53. for(l=1l<ml++)
5.4. {
If (DKTwmngk == QW) == STI) /I 'where QW is a set which encloses the labels (that directly links to the topics) and QW =
{QWy, QW,, QW;, ... ......, QW,} are the respective labels associated with the questions.
6.1.
6.2. (
6.3. ST = st; ;
6.4. )
6.5. else
66.
6.7. continue ;
68. )
6.9. }
6.10. }

ST Set consists of the course collection, which is exclusively designed for the learner by the SeisTutor.
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4.2.2 Tutoring Strategy Recommendation

As in case of traditional face to face teaching, the content delivery to the learners comprises of

the human tutor understanding their profile, learning style and accordingly devising the strategy

to deliver content. Similarly, the tutoring by SeisTutor is based on key attributes of the learner, the

Learner Profile, Learning Style and the prior knowledge assessed through Bug Model. The tutoring

strategy is termed as Custom-tailored Curriculum Tutoring Strategy. This comprises of all input

parameters obtained from the pre-tutoring phase. (see Fig. 4.6, Fig. 4.7, and Fig. 4.8). Table 4.2,

4.3, 4.4 and Table 4.5 describe the input parameters involved)

Styles
Pre-Test Learner ( Tutoring

®

AN

Learning Learning
_h =
Style Test * Style Adjudge fs1)
Pedagogy —

, Strategy )
Profile B Cuztom-Tailored

Domain Adjudge Tutoring Strategy
Enowledge Test
Prior ) .
Enowledge —» E"'d." SIve
L= Curriculom —
Determine .
Design

Figure 4-6 Conceptual flow of Tutoring Strategy (Instructional Strategy) computation

Table 4-2 Parameters for Tutoring Strategy Computation

Parameters Values
Learner Profile (LP) Beginner Intermediate Expert
Learning Style (LS) Imagistic Intuitive | Acoustic Active
Prior-Knowledge (PK) List of topics/sub-topics identified based on bugs.

51



Table 4-3 Learning Profile attributes

Parameters Values
Value=10 Value=1 Value =2
Leamner Profile Beginner Intermediate Expert
(LP)
Difficulty Level Easy (Smmple) Average (Moderate) Tough
(Proficient)
Features More comprehensive Less comprehensive Precise (to the
illustration. illustration. point)
Table 4-4 Learning Style attributes
Parameters Values
Value=10 Value =1 Value=2 Value=3
Learning Style Imagistic Intuitive Acoustic Active
(L3)
Eey Learning Learning through an | Learning Learning  through
Terminclogies | through uonderstanding  of the | through accomplishment
percelving written word hearing
Interactive Flowcharts, Written paragraph, | Listening Hand-on Exercize
Multimedia diagram, and | written notes_ and Action
videos charts.
Table 4-5 Structure of Pedagogy Styles in 'SeisTutor'
S.N. | Pedagogy Styles (PS) | Learner Profile (LP) Learning Styles (LS)
Imagistic | Intuitive | Acoustic | Active
1. PS1 Beginner v
2. PS2 Beginner v
3. PS3 Beginner v
4. PS4 Beginner v
5. PS5 Intermediate v
6. PS6 Intermediate v
7. PS7 Intermediate v
8. PS8 Intermediate v
9. PS9 Expert v
10. PS10 Expert v
11. PS11 Expert v
12. PS12 Expert v
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Figure 4-7 Design of Selection of Tutoring Strategy (TS)

Twelve combinations of various pedagogy styles have been developed. Each blend is

represented as a distinct strategy, and every plan is pre-characterized based on the inputs of tutoring

parameters for pre-tutoring phase. Each combination is mapped with the specific level and style content

to provide to the learners.
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The twelve pedagogy styles (PS1, PSz..., PS12), each is combination one Learner Profile and
one Learning Style (see Table 4.2, 4.3, 4.4, and Fig 4.6) and is mapped to its content, that embodies
the said characteristics of respective profile and preferred style of the learner. Based on the prior
knowledge of the learner, in SeisTutor, as per the algorithm discussed in section 4.2.1.2, alignment

of content and designing of exclusive curriculum (course coverage plan) in done for the learner.

Thus, the developed custom-tailored curriculum tutoring strategy is available to be
recommended by the SeisTutor. The design for selecting a tutoring strategy for the different groups of

the learners is presented in Figure 4.8.

The Second Phase is the Tutoring Phase. In this phase, the learner gets started with the
tutoring session, as per the initially identified tutoring strategy, and learner activities are captured.
Activities include recording and analysis of psychological and non-psychological parameters.
Learner Psychological parameters are the learner's emotions during the ongoing tutoring sessions.
In contrast, non-psychological parameters are the performance in the week-wise assessment,
computed through, 'number of question attempts, number of correct answers, number of hints
taken, and time taken.' One checkpoint, usually at the end of each week, is incorporated, that offers
to change tutoring strategy (in a user-driven [learner can opt for the flip] or system-driven manner
SeisTutor decides and flips based on learner performance measures). The tutoring strategy can be
altered (flipped), only once during the entire tutoring session. The decision of changing pedagogy
style, is effected through assignment of the next pedagogy style in the priority queue. This decision
is taken, based on the performance parameters of the learner, during the ongoing tutoring
session. In other words, the pedagogy style of the learner is altered when the learner is low on the
performance in the current pedagogy style, indicating that the learner may not be comfortable with

the current pedagogy style, calling for a change of the tutoring strategy.

Performance parameters play a vital role in understanding the comfort level of the
learner. Their monitoring during the ongoing learning forms the basis to trigger the change of

tutoring strategy, as applicable.

The SeisTutor mimics the behavior of the human tutor, i.e. by offering the learning material
as per learner’s prior or previous knowledge, preferred learning style and learner grasping levels

(obtained in pre-tutoring phase) bringing in the adaptive feature. During ongoing tutoring based
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on numeric (quantitative) performance parameters, quantitative values such as the degree of

understanding, learner emotional state and learning gain, are being determined.

The third phase is the Post Tutoring Phase. In this phase SeisTutor generates the learner
progress report, which includes learner week-wise measures for quiz performance, emotions,
degree of understanding of learned concepts, session details, time spends on topics, Learning Gain
and Dynamic Profile (Profile Shift (before and after learning))

4.2.3 CNN based Emotion Recognition Module

This Emotion recognition module gets triggered when the learner starts the learning
session (shown in Figure 4.8). As illustrated in Figure 4.7, as soon as the learner begins the learning
session, CNN based emotion recognition module is instantiated (see Figure 4.8). The CNN based
emotion recognition module is implemented using machine learning techniques of artificial
intelligence, i.e. Convolution Neural Network (CNN). From the several studies on Facial
Expression Recognition (FER) literature, it has been found that convolution neural network is best
for face pose, face location and facial scale deviations [90] [91]. Therefore, for emotion
recognition, nine layer based CNN module is developed. The work flow of CNN based emotion
recognition module is shown in Fig. 4.8. The emotion recognition module captures the snap of the
learner through webcam, which is further processed by the CNN based emotion recognition
module, and determines the facial emotion of the learner. The determined emotion is saved for
future analysis (Phase 1: Evaluation of Reaction). The whole process of gathering emotion states
is repeated until the learner completes all the learning content (topics) associated for all the week.
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Figure 4-8 CNN based Emotion states Recognition Module
Emotional state, i.e., facial emotion recognition, involves two steps.
1) Face Detection

2) Emotion Detection

To accomplish this proposed model, it follows two techniques:

1) Haar Cascade classifier: It identifies the frontal face or affected region in an image. There
are other techniques to do the same task, but Haar Cascade is faster in real-time.
2) Xception CNN Model: For emotion recognition, CNN architecture used in which (48 *

48 Pixels) of the bounded face is taken as an input and based on the probabilities, it
predicts the emotion.
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Data-Set

The dataset for training and validation processes are gathered from the Kaggle website [92]. The
dataset contains grayscale face images of (48 * 48 pixels). The primary task is to classify the
face image on the basis of seven kinds of emotions (Happy =3, Sad=4, Surprise=5, Neutral=,
Angry= 0, Disgust = 1, Fear = 2). There are 35,888 samples in the FER2013 dataset.

The following techniques are used for the training of CNN model.

Data Augmentation: This technique is used when the training data is not adequate to learn the
image features. It performs operations like normalization, cropping, rotation, zoom, flip, and shear
on training dataset.

Kernal regularizer: During optimization, it puts penalties on layers, these penalties further fused
with a loss function. L2 regularization is augmented in CNN.

Batch Normalization: It is used for normalizing the activation of the preceded layer. It is used to
increase the speed of the training process.

Global Average Pooling: It is used to reduce feature maps (computing average of all feature map
elements) into a scalar value.

Depth-Wise Separable Convolution: It reduces the computational cost (decreasing the number
of parameters) in comparison with the standard convolution layer.

4.2.3.1 Case-Wise Response of CNN-based Emotion Recognition Module.

Case 1: Learner created his/her Learner account and sign in to the SeisTutor.

System Behavior: Learner psychological states are not recognized by the CNN-based Emotion
Recognition Module immediately after learner logs on to the learner account.

Case 2: Learner undergoes Pretest.

System Behavior: Learner psychological states are not recognized by the CNN-based Emotion
Recognition Module during pre-assessment test (pretest).

Case 3: Learner begins the Learning session by accessing lesson under week (1 to 4) but does not
complete the lesson.

System Behavior: The CNN-based emotion recognition module starts capturing the learner
emotions as the learner accesses lessons under week (1 to 4) and finishes by clicking on “Mark as
Completed” button. The system takes as the learner has completed the lesson. Successively as the
learner, continues lesson after lesson across weeks, the learner emotions are captured until the
session is active.

Case 4: Learner begins the Learning session by accessing lesson under week (1 to 4) but does not
finish the lesson and the session abruptly closes.
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System Behavior: if this scenario is encountered then the system does not present the learner
emotions, as no records of the same is maintained.

Case 5: Learner begins with the Learning session and continues learning lesson after lesson but
does not click the “Mark as Complete” button.

System Behavior: if this scenario is encountered then the system continues to capture learner
emotions until the session is active.

Case 6: Learner begins with the Learning session and continues learning lesson after lesson and
clicks on “Mark as Complete” button of the particular lesson.

System Behavior: if this scenario is encountered then the system captures the learner emotions
for that particular lesson.

Case 7: Learner begins the Learning session by clicking on a Lesson under week (1 to 4) but
completed the lesson.

System Behavior: in this scenario, the system captures learner’s psychological state for that
particular lesson.

Case 8: Learner undergoes Performance Assessment Test (Quiz Test and Degree of
Understanding Module).

System Behavior: Learner’s emotions are not captured during Performance Assessment Test.

4.2.4 Learner Performance Analyzer Module
4.2.4.1.Degree of Understandability

The Degree of Understandability module aims to identify how effectively a learner understands
the taught concepts. The word-based summary analysis is performed to assess in SeisTutor. The

basic flow of this module is shown in Fig. 4.9.

The tutoring sessions are scheduled and executed in a week-wise pattern. After completion of the
first week of the learning session, a subjective test has been implemented. This test asks the learner
to enter his/her understanding of the learning content in the form of plain text (see Fig. 4.10).
Further, these plain texts are split into sentences using stop words. There is a set of reference
matrix, which includes the Main Reference Matrix and Co-Occurrence Reference Matrix. N-Gram
Co-Occurrence Reference Matrix contains the N terms that describe the properties and features of
the main reference matrix. Sub lexicons are in one to many relationships with the main lexicons.
Learner Solutions compared with the Main Reference Matrix and make a separate matrix of both
matched and unmatched text/words. Based on the matched terms, the level similarity measure is

quantified (see Fig. 4.10). Now, based on matching lexicons from the main reference matrix, their
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associated N-gram Co-Occurences reference text is retrieved. Next step is to compare the N-gram

Co-Occurences reference text with the learner solution and make a separate matrix of both matched

and unmatched text.

Based on the match, the N-gram Co-Occurrence similarity measure is

quantified (see Fig. 4.11). Now from Eqn. 30, 31, and 32, the understanding scores (polarities) or

the degree of understanding has been computed The purpose of making the unmatched matrix is

to give necessary feedback to the learner, which notifies that the learner has not understood or

covered these topics and suggest to revisit the specific topics. Based on the understanding score,

polarities have been determined.

Main Reference

Matrix
Learner

. Co-Occurrence
Solution

Reference Matrix

[ Pre-Processing ]

1
1
Keyword N-gram Co- 1
Matching occurrence :

’

Score (Degree of
Understanding)

Figure 4-9 Flow Diagram of the proposed performance analyzer module

Above > 30 % Ef fective Impact

Polarities = { Dou < 30 % Negligible Impact

Subject: Seismic Data Interpretation

Opinion Holder: Participants of SeisTutor
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Figure 4-4-10 Step-Wise Execution of keyword matching technique

Reference Co-
Occurrence Matrix

N-Gram Co-
Occurrence
similarity measure

Figure 4-11 N-Gram Step-Wise Execution

Mathematical Justification of Performance Analyzer Module

Table 4-6 Nomenclature

Symbol Definition
w It represents a week, as performance analyzer SeisTutor computes the
degree of understanding.
MK Set of Main Reference Matrix.
SK ok, Set of Co-Occurrence Reference Matrix subsequence of words that carry in
a sentence.
X Learners entered a summary of the learned concepts.
ArrMatchlList | It contains the words that are in the Main Reference Matrix.
ArrResult It contains the words which are not in both Main Reference Matrix and
Co-Occurrence Reference Matrix
SubMatchList | It includes the lexicon that is in both Main Reference Matrix and Co-
Occurrence Reference Matrix
NoTopicList | It contains the words that are not in the Main Reference Matrix.
SMK,,,, Matched Co-Occurrence Reference Matrix
Counter A variable that counts the rewards when there is a match.
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Let us consider MK is the Main Reference Matrix in W,

W={Wy, Wy W; W,} (4.12)

~ mkl -
mkz

MK =| | (4.13)
mkl()
mk11
lmk,

Let us consider SK is the Co-Occurrence Reference Matrix that illustrates functionality, feature
& property about words in the Main Reference Matrix.

'mk1 Skl-
SKmi, = |mky . (4.14)
_mk1 Sk7_
_mkz Skl_
SKme = mkz . (415)
_mkz Skg_
_mkg Skl_
SKmk3 = mk3 . (416)
imk; sks|
mk12 Sk1
Similarly for, SKx,, = [mky2 (4.17)
mk12 Skg
SK ¢ MK (4.18)

Eqgn. 4.19 indicates that there is a strong correlation between Co-Occurrence Reference
Matrix and the Main Reference Matrix, which describes the fruitful information conveyed during
learning sessions.

Let us consider the learner entered paragraph, further saved in X for further operation.
X — {ll ll} ;

X111 xln]

X = (4.19)

Xn1 " Xan

Suppose there are four lists named as
ArrMatchmatrix, ArrResultmatrix, SubMatchmatrix, and NoTopicmatrix

The next operation is to compare matrix X with the main reference matrix.
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i.e., compare X with MK
----) if, there is a match, then add MK; in ArrMatchmatrix
----) otherwise, add MK; in NoTopicmatrix

Suppose out of 12 Main reference matrix 3 words are matched.

mk4
mk6

ArrMatchmatrix =

mk,
] (4.20)

-mky -
mk3
mk5
mk7

NoTopicmatrix = | mkg (4.21)
mkg
mkg
mkq,

'mkq, ]

As aforementioned in Eqgn. 4.15, 4.16, 4.17 and 4.18, which indicates that each MK has their
own respective SK.

Thus,

Matched MK is retrieved from ArrMatchmatrix and retrieve their respective Co-Occurrence
Reference Matrix from SK.

'mk1 Skl_
SKmkl = mk1 . (422)
imk, sk-]
'mk4 Skl_
SKmk4_ = mk4 . (423)
imk, skol
_mk6 Skl_
SKmks = |mke . (4.24)
_mk6 Sk5_

Now compare matrix X with Co-Occurrence reference matrix
i.e. compare ArrMatchmatrix with X

----) if, there is match has then added SKyy, in SubMatchmatrix
----) otherwise, add SK,y,in ArrResultmatrix

Suppose matched Co-Occurrence Reference Matrix for Main Reference Matrix are as follows



'mk1 Skl-
mk1 Sk4_
SME iy = |l sk (4.26)
Sk7
‘mk4 Skl_
mk4 Sk4_
mk4_ Sk5
SMKmk4 sk, (4.25)
skg
| sky |
-mk6 Skl-
SMK‘m.k6 = mk6 Sk4, (426)
imkg sk
SubMatchmatrix = [SMK ., SMK e, SMK ., | (4.27)
Traverse both the ArrMatchmatrix and SubMatchmatrix
Word Level reference Score = {if Mat:;’sl’e iZZZZT::::;Z?;iZIz;= 0.5 (4.28)

if Match, increment Counter by =1 (4 29)
else, Counter remain same )

N — Gram Co — Occurrence reference Score = {
From Equation 30 and 31, the value of the counter computed below:
Counter = ((3%0.5) + (13 1))

Counter = (1.5 + 13)

Counter = 14.5

DOU = { (Counter) N 100}

Number of rows in main reference matrix . .
( i i )+(Number of rowsin Co—Occurrence matrix = 1)

’ (4.30)

Let us consider the total number of Sub lexicon for 12 Main lexica are 40.

Then, from Eqn. 4.32, the degree of understanding is computed as follows:

14.5
Degree of Understanding = {—=————¢ * 100
(12/,) + (40)

14.5
Degree of Understanding = {@} * 100

Degree of Understanding = 31.52 %



4.2.4.2. Attainment Level

The attainment level of the learner is examined using the ‘Degree of Understanding” Module.
This is the subjective test, in which the learner is prompted to enter his/her understanding of the
learning content, in the form of plain text. Further, their responses are analyzed to obtain scores
and compute the degree of understandability (refer to Equation 4.30). This score indicates the
percentage of learning grasped by the learner.

Summary
The design of the adaptation modules incorporated in the Pedagogy model, the Custom-Tailored

Curriculum Sequencing Model, Tutoring Strategy Recommendation model, and Learner
Performance Analyzer Module (psychological and non-psychological) have been discussed.
Additionally, the composition of Pedagogy Style, the design of the Course coverage plan depending
on prior knowledge, and the methodology of the selection of the Tutoring Strategy is presented. The
Tutoring Strategy, architecture design offers personalized tutoring strategies for educating a specific
topic to the learners.

The next chapter discusses the implementation of SeisTutor, and details its working with

schematic and flow diagrams.
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Chapter 5 Implementation of Prototype Intelligent Tutoring System-

SeisTutor
This chapter introduces execution of SeisTutor, which includes sub-components of the Learner

Model, Pedagogy Model, Domain Model, Expert Model, and Learner Interface Model. The
Domain Model includes the Course Manager and the Knowledge Repository sub-components. The
Pedagogy Model includes the Curriculum Identification Module, the Tutoring Strategy
Recommendation Module, and the Learner Performance Analyzer Module sub-components. The

interconnection, functioning and data flow is described in the chapter using the DFDs.

5.1 Implementation of the System
SeisTutor is coded by using the C# .NET framework. Data is stored through the MS Access

database running on Windows platform. CNN based Emotion Recognition Module is implemented
using Python, which is integrated into the SeisTutor C# code. This is a standalone offline

application compatible to Windows platform.

[ Adjudge Profile ]

Learner Interface [ Adjudge Learning Style ]

[ Adjudge Prior Knowledge ]

Learner Model [

. Design Curriculum ]
SeisTutor g

[ Determine Psychology State ]

Pedagogy Model

[ Generate Progress Report ]

Domain Model [ Post-Assessment Analysis ]

(
t Generate Feedback ]

[ Generate Learner Activity Report ]

Figure 5-1 Level O - DFD of SeisTutor

5.2 Learner Interface Model
The Learner Interface Model is a key component of an ITS because it provides a medium

through which a communication is established between the learner and the system. It aids the
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learner in learning and ITS, for offering learning material during learning sessions. This model is
not only to facilitate the learner to visualize their results but also provides a personalized

interaction mode of learning. It plays a significant role in ITS, as it enables the learner to access

the system functionalities. Figure 5.2 presents the main window of the learner interface model.

SEISTUTOR About Catalog ‘ Sign Up

Expertise to interpret seismic
section to infer sub-surface

geology

Learn in your style, Learn at SeisTutor
your level, and Learn
intelligently

- Wants to learn .
R e Scismic Data SeisTutor
Interpretation

Learner

1.l understand my learner.
Learn More 1. 1 don't know my level 2.1 tutor in your style, at your
or style, level
3. Learner-centric leamning

2. Guide me to step- environment.

by-step learning. 4. Exclusive feedback and
remedial tutoring

3. How did | perform ? 5. Learner-centric performance
analysis

Designed and Developed under project

DEPARTMENT OF Reference Number: - SR/CSRI/140/2013

SCIENCE & TECHNOLOGY| funded under
Cognitive Science Research Initiative (CSRI), Department of Science and Technology (DST), New Delhi

Figure 5-2 Main Window of the Learner Interface

In addition to this, the learner interface is used to visualize the learning material by means of
rich intrinsic multimedia artifacts like pictures/images, audio, and video. By establishing
interaction with the other models, this model can offer learning material, assessment materials,

hints, feedback, and learning progress statistics to the learner.

521 Learner Registration

Learner Registration sub-component enables the learner to register with the tutoring system.
For registration, three credentials are required, a unique username, email-id, and password. If the
username is unique, then the system saves learner credentials and generates a unique learner id.
Furthermore, this unique learner id is used to manage the learning sessions, gauge the learner

activities, facilitating in making the strategic decisions.
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Fig. 5.3 and 5.4 illustrates the learner registration process flow and learner registration

interface, respectively.

Enter Unique
User Name
and E-Mail Id

Enter Credentials

Displays “Learner
Exist” enter unique
learner details

Learner DB

Learner
Exists?

No
Account is
created

Figure 5-3 Process of Registering with SeisTutor
Figure 5.3 demonstrates the system which is accepting the details of the learner for the first time,
if the learner is existing learner then the system presents notification to enter unique credentials

(User Name and Password).

SEISTU TOR About Catalog Sign In

Create your Learner Account

Your Learner account is your portal to all things Seistutor: your
classroom, projects,quizes, course progress and more!

Username amit_kumar ‘

Usename already taken by someone. Try another

Email ‘

Password ‘

d under project

m gz:::m%"? /CSRI/140/2013 U p E S
SCIENCE & TECHNOLOGY

3
2O

er
———— Cognitive Science Research Initiative (CSRI), Department of Science and Technology (DST), New Delhi

Figure 5-4 Learner Registration Interface

Following security features are built in while creating a new user account. For creating the
learner account, the learner has to enter the valid length of user name (min 6 character), email id
will be an authentic email id i.e. it should contain one @ followed by the dot symbol, and password

will be in the combination of at least 2 numeric, 1 special character and 1 Capital letter.
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SEISTUTOR About Catalog Sign Up

Sign In

Create your Learner Account
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Figure 5-5 User Name validation interface

Create your Learner Account
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Figure 5-6 Password character length validation interface
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Figure 5-7 Weak password validation interface
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Figure 5-8 Strong password validation interface
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5.3 Domain Model
The domain model comprises the knowledge base of the SeisTutor. It organizes the structure of

the course to be delivered (topic/sub-topics, and the association between the topics). The domain

model represents the ‘What-to-teach’ component of the SeisTutor. Fig. 5.9 shows the DFD of the

domain model.
| 1 Cemrze Curricalom /’ -‘\‘\ 3 Course Mapping
Fatrievs Comras 0 Domain Model
Jnf. Feetrieve Mapping Infe.
Diplay Courze
Configure . Dicplay Mapping Infe.
Diomain Expert . Course Manazer
_ Configure Mapp Domsin Expert
o S «

Dizplay Learming

1
Knowledsze Repository

Fetrieve Learning

Material I\._ ..“'J

I Learminz Material

- /

Figure 5-9 DFD of the Domain Model

The domain model consists of two sub-components, the first is the Course Manager, which
contains the structure of the domain and organizes the course in the manner easy to understand
and the other is the Knowledge Repository which stores the learning and test material in the
database. The learning content is represented by the meta-description attributes. The meta-
description forms of learning content help the system to reuse and track the learning content from
the knowledge base of the SeisTutor. The experts perform the course mapping task through the
expert interface module. Fig. 5.10 presents the working of Domain Model and Fig. 5.11 presents
the domain model interface. As shown in Fig. 5.10, Pedagogy Model makes retrieval request to
Domain Model, for retrieving learning content based upon the Tutoring Strategy. The Course
Manager of Domain Model retrieves learning material from the knowledge Repository. Learning
Materials in the Knowledge Repository are organized in the form of Knowledge Capsules. As
there are twelve Tutoring Strategy hence, Knowledge Repository comprises of twelve Knowledge

Capsules. On receiving Learning Content from the Knowledge Repository, Course Manager
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organizes the Learning Material as per the recommended curriculum and hand over the material

to the Pedagogy model for further processing.

/—\Tutoring Strategy

\@/

3. After retrieving the
learning  content, course
manager  organizes  the

learning materials as per the

recommended curriculum.

Course

-

@@
®@
@

@

Knowledge Repository

A

Manager

2. Course Manager fulfil
the retrieval request by

acquiring the
requested learning
content  from the
Knowledge
Repository.

Domain

Pedagogy
Model

1. Pedagogy Model sent
a request to Domain
Model for retrieving
learning content based
upon the Tutoring

Strategy.

Figure 5-10 Step-Wise Execution of working of Domain Model.
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Figure 5-11 Domain Model Interface

71




5.4 Learner Model

The learner model is one of the critical components of SeisTutor. It stores the learner
characteristics information such as Learner Profile, Learning Style, Prior Knowledge and
Cognitive Skills. SeisTutor aims to provide a personalized learning environment. To accomplish
this, SeisTutor incorporates cognitive intelligence. Learner Characteristics (Learner Profile, Prior
Knowledge and Learning Style) play a vital role in generating appropriate pedagogy styles, which
further improves the learner performances in many ways. Learning material as per the preferred
style of learning makes the learning more comfortable, effective, and adaptable (Tseng, Chu,
Hwang, & Tsai, 2008).

- X
SEISTUTOR (EARNERY!  Learner i - 10029

Pedagogy Style Login since : 04082038 0053:48
(Tutoring Strategy)

il &

COURSE PROGRESS

Dashboard

/I\ NOT STARTED YET Learning Style

Learning Leve

My Course

& TUTORING STRATEGY
L) CHANGED ' ' NEW LEARNER PROFILE

NA NA

Sign out

Figure 5-12 The Learner Model Interface (Home Page)

The learner characteristics model holds learner characteristics, such as domain Prior knowledge,

Learning Style, and Learning Level. The learner characteristics help the system to determine the
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profile (Beginner, Intermediate, or Expert) of a learner. The screenshot of the learner model

interface is presented in Fig. 5.12.

5.5 Pedagogy Model

The pedagogy model is the brain of an ITS as it is used to make fruitful decisions to mimic the
human cognitive intelligence. The learner characteristics and the prior learner knowledge play a
crucial role in incorporating adaptation/cognitive features in SeisTutor. As aforementioned, that
learner characteristics information is gathered through two tests. The objective of the Domain
Knowledge Test is to determine not only the learner profile, but also identify the learner's prior
knowledge (See Fig. 5.13).

Test Name: Domain Knowledge Test (Assesses your knowledge)

SEISTUTOR Welcome AMIT_KUMAR

Test started at: 2/21/2019 4:02:28 PM Time- 0:0:26

10. A seismic gapis:

© a segment of an active fault where earthquakes have not occurred for a long time.
¢ the time between large earthquakes.
© the center of a tectonic plate where earthquakes rarely occur.

¢ alarge chasm opened by an earthquake.

Back Clear Response Finish and Submit

Designed and Developed under project

\ ggg:;TMENT%T Reference Number: - SR/CSRIf140/2013 U p E S
> SCIENCE & TECHNOLOGY funded under
| e —

i Cognitive Science Research Initiative (CSRI), Department of Science and Technology (DST), New Delhi

Figure 5-13 Domain Knowledge Test Model Interface

Learner Prior Knowledge indicates the acceptable threshold knowledge that the learner is
already having on subject topics/sub-topics. Furthermore, it aids the SeisTutor in determining the
list of topics on which learners have to put more emphasis on, and the same are realigned to form
a Custom-Tailored Curriculum for the learner. The amalgamation of the designed curriculum and
the Pedagogy Style, form an exclusive tutoring strategy. This personalized tutoring strategy is
exclusively designed for the learner, which further improves the learner's performance in many

ways. SeisTutor not only offers sequenced learning material aligned as per the learner grasping
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and preferred mode of learning, but also exclusively focuses on the subject topics/sub-topics where

the learner is having less understanding. The screenshot of the Custom-Tailored Curriculum

offered to the learner dashboard is shown in Fig. 5.15. Fig. 5.14 presents the DFD for the Pedagogy

model and its subcomponents.
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Prier Enerledze

Dizplay Learmer
Update Totering

Retrieve Learner Prigr
Enzledzs

0 Pedagogy Model

Update Adeptetion
Parameter
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Update Le

Fedrieve Update Infa.

Lesrner
2
Tutoring Stratezy
Bedrieve Adaptation
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Paramster
3 *-h'-‘-—l-.___‘_=__
Performance Anslvzer Module Updsate Adaptation
Al Learmer Characteristics Ad pta
Parameter
Figure 5-14 DFD of the Pedagogy Model
X
SEISTUTOR LEARNER11 Learning Style - Intuitive  Learning Level - Beginner
CUSTOMIZED CURRICULUM DEFAULT COURSE
Week1 Week1
Introduction Introduction
Reflection Seismology Seismic Waves
Seismic Waves Reflection Seismology
Week2 Week2
Analog And Digital Recording Equipments Survey Types
Analog And Digital Recording Equipments
Horizon Corelation
Week3 Week3
Faults In Petroleum Provinces Faults In Petroleum Provinces
Stress And Strain Stress And Strain
Seismic Expression Of Faults Seismic Expression Of Faults
Week4 Week4
Hydrocarbon indicators and modeling Interpretation Of Fault Data And 3D Data
Interpretation Of Fault Data And 3D Data Hydrocarbon indicators and modeling
Velocity Interpretation Velocity Interpretation
Do you want to proceed with Custom-Tailored Curriculum ? ﬂ Do you want to proceed with Default Curriculum? Yes

Figure 5-15 Custom-Tailored Curriculum offered to the learner.
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In addition to this, pedagogy model is also responsible for determining the learner's
emotions during ongoing learning sessions. Emotion recognition during an ongoing learning
session play a vital role in establishing individuality feature. Here individuality indicates the
individual psychological perceptions. This feature helps the learning systems in determining the
learner understanding and overall satisfaction level. Therefore, emotion recognition feature
embellish effective learning sessions and make the learning session worthwhile.

The Emotion recognition module has been implemented using Machine Learning
Techniques of Artificial Intelligence. This module accepts input, an individual learner’s snap
during ongoing learning session and recognizes the psychological states (“Happy”, “Sad”,
“angry”, “surprise”, “fear”, “disgust”, “normal”). Then these are displayed along with the
learner progress. The whole process of gathering psychological (emotion) state is repeated until
the learner completes all the learning content (topics) associated with all the weeks. Currently, the
recognized psychological states are being used for the purpose of keeping track of learner emotions
during the ongoing tutoring. The purpose of this module is to identify the learner’s emotions
towards the learning content offered by the SeisTutor and also identify their perceptions while
exploring and learning (overall experience) through SeisTutor. Fig. 5.16 shows the working of
emotion recognition module and Fig. 5.17 shows the emotion recognition during ongoing tutoring

session.

75



Tutoring Session
Beains

Trigger | <

I 1
CNN Based Emotion Track Learning Concept
Recognition Module Completion status Week-Wise
A

[ 1
Happy Sad Angry Neutral Surprise Fear Disgust
1 )

Is Week-Wise Learning
topics is completed?

Yes
Quiz Test

If all the Learnin

Generate Progress
Report

Topics/Subtopics and
ssessment is complete

No

— 1. Average Week-Wise Learner
Emotion.
2. Week-Wise Score
3. Overall Learning Gain
4. Week-Wise Understanding Score
5. Learner Learning Sessions
6. Week-Wise Total Time Taken.

7. Week-Wise Hint Taken

Figure 5-16 Working of Emotion Recognition Module during Tutoring Session

76



LEARNER11

Learning Style: Intuitive

BACK TO COURSE Home <Introduction>
Lesson 1 0f 12 me® B8 B Q ® 1.8 R 0s% v e ® signin

Introduction 5] B

® window_frame - a X

[ntroduction ‘

B
| [SRACSRI/140/2013) developed at Usiversity of Petroleatn and Energy Studie: Iatuitive Learsing stvle- Begmaer

v
Mark as Completed

Hydrocarbon Indicators and Modeling ¥
>

Figure 5-17 Emotion Recognition during the tutoring session

55.1 Performance Analyzer Module

The purpose of the Performance Analyzer module is to identify the degree of understanding of
learning content. The degree of understanding is the subjective test, it is executed in a week-wise
pattern. In this test learner is prompted to enter his/her understanding of the learning content, in
the form of plain text. The learner is expected to make use of maximum keywords related to the
learning content of the given topics/ chapters/sub-topics of the week. The degree of understanding
of the lesson is assessed through pattern matching of these keywords with the complete content of
that topic/chapter/subtopic. The degree of understanding formulae is used to quantify the scores
and compute the degree of understanding. Fig. 5.18 shows the understanding test for a computing
degree of understanding.
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Week1 : Understanding Test Learning Style - Intuitive Learning Level - Beginner

SEISTUTOR LEARNER11 BACK TO COURSE

Instructions for Understanding Assessment Test (This test adjudges your understanding of the course content)

1. Elaborate your understanding on
Petroleum Exploration stages, Seismic waves and their types and Reflection Seismology.

2. Do not use abbreviations.

Enter your summary here

Petroleum exploration is generally used lo perform in four stages. this involves seismic data seismic data pr ing . und the data and seismic data
interpretation. this interpretation mainly performed by using seismic waves. seismic waves are the waves which get generated due to sudden breaki ing of rocks. they are of

o types body waves and sufface waves. body waves futher classified into two types: primary and surface waves. surface wave clasaified into two types rayleigh wave
and love wave

[ | [ ]

Petroleum exploration is generally used to perform in four stages.

this involves seismic data acquisition, seismic data processing , understanding the data and seismic data interpretation.
this interpretation mainly performed by using seismic waves.

seismic waves are the waves which get generated due to sudden breaking of rocks.

they are of two types body waves and surface waves.

body waves further classified into two types: primary and surface waves.

surface wave clasaffied into two types rayleigh wave and love wave.

Figure 5-18 Understanding test for adjudging the learner degree of understanding

5.6 Learner Statistics

The tutoring system maintains two types of data. First, the Demographic data that provide
necessary information of the learner, such as name, email id, age, highest qualification, occupation,
etc. and second, is the personalized learning data that is generated during tutoring session which
is further used by the system for decision making. The system records the learner activity during
tutoring, and also makes use of the personalized data for assessing and evaluating the learner
performance such as learner week-wise quiz performance, week-wise maximum occurrence
emotions (emotion which was found to be for a maximum period of time during tutoring session),
week-wise degree of understanding of learned concepts, login sessions, time spends on topics,
Learning Gain and Dynamic Profile (Profile Shift (before and after learning)). These learner
performances are shown with the help of visualization techniques, i.e. pie charts, line diagram and

Bar graph. Fig. 5.19 presents the learner progress report generated by the SeisTutor.
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Figure 5-19 Learning Data Chart Stored with SeisTutor

5.7 Learner Feedback

The purpose of gathering learner’s feedback is to determine the learner's experiences, their
perception, and provide suggestions for improvement. After completing the learning session, the
learner has to give their valuable views. A pool of 44 question questionnaire was created, covering
all aspects of SeisTutor such as adaptation features (Custom-Tailored Curriculum, Tutoring
Strategy recommendation, emotion recognition and degree of understanding), ongoing support,
personalization feature, etc. Appendix 2 presents the learner feedback report. Learner’s feedback
plays a vital role in evaluating the effectiveness of the learning process, overall satisfaction level,
learner adaptation and intelligence feature (CTCSS) incorporated in SeisTutor. The Learner feedbacks
are ranked under five categories, i.e. strongly satisfied, satisfied, neutral, dissatisfied and strongly
dissatisfied.

Neutral indicates that the learner is not able to strongly mark their experience with the
system. Strongly dis-satisfied and dissatisfied indicates that the learner is not happy with the
features experienced during the learning session. Strongly satisfied and satisfied indicates that the
learner is happy with the features experienced during the learning session. Learner’s feedbacks

provide on 5 points Likert scale 1-5.
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Summary
This chapter deliberates the execution of Learner Model, Pedagogy Model and Domain Model,

Learner Statistics and Learner Feedbacks components of the SeisTutor. The Learner Model is
developed using fuzzy inference technique. It gauged the learner characteristics and recommend
the initial Pedagogy Styles (Tutoring Strategy). The intelligence features of the Pedagogy model
are implemented using the ‘BUG’ model (Custom-Tailored Curriculum Sequencing Module),
Machine Learning Technique (CNN based Emotion Recognition Module), and word-based
summary analyzer technique (Performance Analyzer Module). The bug model identifies the
learner’s previous/prior knowledge by identifying the bugs during the pretest (domain knowledge
test) and further recommends the Learner-Centric learning path. A machine learning technique is
used to implement the emotion recognition module. A CNN based Emotion Recognition Module
tracks the learner's emotions during ongoing learning sessions. A word based summary analyzer
technique enables the learners to summarize and write their understanding, based on the summary
their understanding score is quantified. The DFD and screenshots of various components of the

SeisTutor are shown.

In the following chapter, the statistical methods used for the evaluation of SeisTutor will

be discussed.
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Chapter 6 Evaluation of SeisTutor

This chapter describes the evaluation of the SeisTutor. This section describes the statistical
methods and their application on the learner’s performance parameters, captured during ongoing

tutoring through SeisTutor.

6.1 Overview

This section describes the statistical methods used for evaluating the SeisTutor. Evaluation of
developed software SeisTutor is an important aspect of this research work. The objective of this
research is to quantify the effectiveness of SeisTutor in providing Learner-Centric learning
environment for learning Seismic Data Interpretation domain. Thus, to accomplish this, SeisTutor
has been tested on selected population of students and teachers from an anonymous university.
Total 60 learners volunteered in the evaluation process. The participants were divided into two

groups: Control Group and Experimental Group.

Control Group Evaluation: The Control Group participants are given a standard curriculum in
which learning topics and subtopics are arranged in the unaltered sequence. Therefore, all the

learners follow the same learning path.

Experimental Group Evaluation: The Experimental Group participants are offered Custom-
Tailored Curriculum , in which, learning content is realigned based on the learner responses during
their domain knowledge test, conducted as part of pre-test. Additionally, during a learning session,
psychological state (emotions) and degree of understanding are determined which are, further used

for post analysis purpose.

The aspects of comparison of the both the groups are represented in the table (Table 6.1). The
purpose to compare the results is to identify the differentiation in the learning experiences.

Table 6-1 Feature-wise comparison of SeisTutor performance with two groups

Control Group Experiment Group
Personalized Tutoring | Offer learning content (similar | Offer personalized learning content
contents curriculum) based on Tutoring Strategy | (different curriculum) based on Adaptive
(Pedagogy Style) (See Fig 6.1). Tutoring Strategy (See Fig 6.2).
Psychological State | The Emotional state of the learner 1s not | Determine the Emotional State (emotion) of
tracking capturing during the ongoing learning | the learner during the ongoing learning
session. session.
Degree of | Learner's understanding of the concept. | Quantify learner's understanding of the
Understanding not adjudged. concept.
computation
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Both the experiments are executed and the results have been monitored. Fig. 6.3 illustrates the

flow of the evaluation process.

Imagistic

Intuitive

Acoustic

Active

Learning Style

> Beginner

Intermediate

Expert

Learning Profile

g—
Imagistic-Beginner
Imagistic-Intermediate
Imagistic-Expert
Intuitive-Beginner
Intuitive-Intermediate
Intuitive-Expert
Acoustic-Beginner
Acoustic-Intermediate
Acoustic-Expert
Active-Beginner
Active-Intermediate
Active-Expert

\ )
|

Tutoring Strategy (Pedagogy Style)

Figure 6-1 Tutoring Strategy (Pedagogy Style) Generation

Imagistic

> Beginner

Intuitive

Intermediate

Acoustic

Expert

Active

Learning Profile

Learning Style

g—
Imagistic-Beginner
Imagistic-Intermediate
Imagistic-Expert
Intuitive-Beginner

+ Intuitive-Intermediate

Intuitive-Expert
Acoustic-Beginner
Acoustic-Intermediate
Acoustic-Expert
Active-Beginner
Active-Intermediate
Active-Expert

——

\

Custom-Tailored
Curriculum

|

Adaptive Tutoring
Strategy

Figure 6-2 Adaptive Tutoring Strategy Generation Steps
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Figure 6-3 Flow of accomplishing the evaluation process.
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Post Learning
Assessments

To determine, their willingness to participate in the evaluation process, a consent form presenting,

essential details of the process, was circulated amongst volunteers. Each participant must give their

consent for participation in the evaluation process. Out of 60 volunteers, 32 of them were
designated as Control Group and the remainder 28 designated as the Experimental Group. In the

further text, these volunteers, will be referred to as participants or learners. Table 6.2 presents the

demographic profile of the participants.

Table 6-2 Demographic Characteristics of participating Learners

Demographic Characteristics
Characteristic N= 60
Frequency Percentage

Gender Male 35 58 %
Female 25 42 %

Age 18-20 7 12 %
20-22 11 18 %
22-24 11 18 %
24-28 3 5%
28-32 7 12 %
32-34 13 22 %
>34 8 13 %

Education Diploma 0 0 %
High/ Secondary School | 18 30 %
Graduation 10 17 %
Post-Graduation 21 35 %
Ph D 11 18 %

Occupation Student 18 30 %
Teacher 11 18 %%
Both {Teacher & | 19 32 %
Student)
Others 12 20 %
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During the ongoing session, SeisTutor captures the learner’s pretest scores, quiz scores, emotions,
degree of understanding test scores and their feedback. These are captured separately for control
and experimental groups. These parameters are normalized first for further processing. There are
two aspects of the evaluation, first aspect, is to identify which group presents an improvement in
learner’s learning/aptitudes (i.e. test results) and the second aspect is to determine the learner’s
reactions, comfort level, behavior and overall results. The first aspects of evaluation are
accomplished by using one Tailed ANOVA statistical test. The Analysis of Variance (ANOVA)
statistical test is used and considered an appropriate test for judging the significance of the sample
means or for judging the significant differences between the two samples (i.e. pretest and the
posttest) for both the groups. The ANOVA test is utilized to compare two populations or samples
in which you have two examples of observations which matched together (e.g. learner test results
before and after a specific course, i.e. Pretest, Posttest). The relevant test statistics of F-ratio is
calculated from the sample data and then compared with the value based on F-distribution (read

from the F-table for the different level of significance of the different degree of freedom).

Two estimations of sample variance take into consideration, one based on between samples
variance and the other based on within sample variance. Then both the estimations of sample

variance are compared with an F-ratio (see Fig. 6.4).

Estimate of population variance based on between samples variance

estimate of population variance based on within samples variance

The second aspect of evaluation is accomplished by utilizing Kirkpatrick four phase
Evaluation Model. Kirkpatrick evaluation prototype comprises of four-phases shown in Fig. 6.5
and Fig. 6.6. Fig. 6.7 shows the Statistical evaluation technique which is used for demonstrating
the evaluation of SeisTutor by employing Kirkpatrick four phase evaluation model.
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Figure 6-4 Rules of Deduction of ANOVA Test
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Figure 6-5 Kirkpatrick's four-stage evaluation



*Evaluation of reaction mndicates how far the lezmer liked the leamn
contents during leammg seszion. Reaction includes feeling (psychologic
reaction or emotion) which is different from quantifying how it leamed

Evaluation of ), durmg learning session. There are various methods fo measure leamer’s

Reaction reaction. One popular method is open end questionnaire. Although this
method is easy to gather information from the leamer but does not conclude
any useful information regarding the training process (Kirkpatrick &

Kirkpatrick 20035).

hld

*Evalustion of leaming indicates the how efficiently learmer grasped the

leaming content presented during learming session. This information 1z quite

Evaluation of difficult to measure a5 compare to the reactions. The leamer’s, leamjl:ag Can

Learning — be measured by objective and quentitative manners. (Endres and Kleiner

= {19907) conclude that, Pre-tests and Post-tests 13 consider as compulsory

while computing the overall leaming (Knowles et al. 1998; Ehlers &
Schneckenberg 2010.

e
=Evaluation of behaviour indicates how efficiently leamer apply the leammg
Evaluation of in rezl time practice. To measure this kind of behaviowr 13 quite difficult.
Behaviour The only way of measuring this is to collect feedbacks from leamers and
their teachers.
Evaluation of *Evaluation of results indicates the overall mupact of learming session over
Results leamer (Kirkpatrick & Kikpatrick 2007).

Figure 6-6 Brief illustrations of Kirkpatrick's four-stage of evaluation.

CNN based Emotion
Recognition Module

REACTION
Learning Gain
(Pretest and Posttest)
LEARNING
Learner Feedbacks
BEHAVIOUR

Paired-Sample-T-Test

RESULTS K—

Figure 6-7 Statistical evaluation technique which is used for demonstrating the evaluation of SeisTutor by employing Kirkpatrick
four phase evaluation model.
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In addition to this a comparative analysis is performed between the proposed ITS i.e. SeisTutor
with the existing online Learning Systems. These learning systems are analyzed on seven
parameters, i.e. (‘GUI based’, ’Learner-Centric Learning Environment’, 'Dynamic Profile’,
’Learning Content’, ’Resolving Learner Query during Session’, ‘Navigation Support’, and

’Learner Feedback’) .

6.2 Learner Statistics

As shown in Table 6.2, a higher percentage of the learner population (58 %) was male against
female participants. The majority of the participants were holding post-graduation (35 %) as their
highest qualification. SeisTutor is solely developed for "Seismic Data Interpretation” subject
domain. Thus, it is aimed, for use by the learners, belonging to subject domains such as Petroleum
Engineering and Petroleum Exploration. The participants, included undergraduate learners (Under
graduate program of Petroleum engineering), Teachers (Petroleum Engineering department) and
others, mainly practitioners (from public sector undertaking company belonging to the exploration

industry).

6.2.1. Data Preparation

The data obtained in the experiment, was screened, through elimination of missing values. Further
normalization of data was performed using MIN-MAX Normalization. SPSS version 25 was used

for the analysis.

6.2.2. Min Max Normalization

For evaluating the learner's performance, learner’s scores (Domain Knowledge Test, Post
Assessment Test, and Learning Gain) are normalized 0 to 5 Likert Scale and psychological stats
into 0 to 100. The Min-Max normalization transforms a value of X={x_1,x 2,x 3,......... ,X_n},

and fits in the range of [A, B]. The formula for Min-Max normalization is defined below, where

A is the lowest range; B is the highest range. In our case [A, B] is [0, 10];

_ { xj—Lowest value in X }* (B—A)+A (6.1)

Highest value in X—Lowest value in X

6.2.3. Analysis of Learner Performance (First Aspects of Evaluation)
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This section evaluates the learner’s performance during the learning process. The Min-Max
normalization techniques are used to normalize the performance parameters. Three performance
parameters are used in this study: pretest score, week-wise quiz scores, and posttest score. The
normalization performs a linear transformation of original scores and fits the score in the range of

[0.0, 5.0]. Hence, data range, uniformity is maintained for further processing.

The score of learner performance of Week-1 Week-2, Week-3, and Week-4 is calculated

and analyzed in both the groups. Pre Tutoring and Post Tutoring Performance

6.2.3.1. Pre Tutoring and Post Tutoring Performance

The participant's pretest (Pre-tutoring) and posttest performance are quantified and calculated for
both the groups. The mean score pretest and posttest test for control and experimental groups are
2.41, 3.65, 1.72 and 3.94, respectively. The ANOVA test conducted on these scores.

Ho: Null Hypothesis: There is no significant positive difference between pretest and posttest

scores, with the posttest score being higher, indicating that there is no improvement.

Hi: Alternate Hypothesis: There is a significant positive difference between scores of pre-test

and post-test, with the post-test score being higher, indicating that there is an improvement.

6.2.4. Predictive Statistical Analysis of Degree of Understanding Module

This section evaluates the computational accuracy, recall and precision of Degree of
Understanding module of the Performance Analyzer Module. As discussed earlier that after
completion of every week, learners have to give quizzes and Degree of Understanding test. In this
evaluation process, week-wise quiz score is considered as the control parameter while the Degree
of the Understanding score is considered as the predictive parameter. As there are four weeks, and
this predictive statistical analysis is performed on 28 learners (see Fig. 6.8). Thus, total number of

observations are 112 (28 (learners) * 4 (4 weeks understanding test) = 112).
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Figure 6-8 Flow diagram of Post Assessment Tests
6.2.4.1. Rubrics for Post Assessment Test.

Table 6-3 Performance Assessment Rubrics for Quiz Test.

Levels Marks Description

Level O 0 Has no understanding of content.

Level 1 1 Weak: Struggling to understand the learning
content.

Level 2 2 Need Work: Has little understanding of the
material.

Level 3 3 Good: Has moderate understanding of the
material.

Level 4 4 Very Good: Has very good or effective
understanding of the material.

Level 5 5 Excellent: Has perfect or near-perfect
understanding of the material.

Table 6-4 Performance Assessment Rubrics for Understanding Test.

Levels Range Description

Level 0 | (0 %) Has no understanding of content.

Level1 | (0-20 %) Weak: Struggling to understand the learning
content.

Level 2 | (20-40 %) Need Work: Has little understanding of the
material.

Level 3 | (40 -60 %) Good: Has moderate understanding of the
material.

Level 4 | (60 - 80 %) Very Good: Has very good or effective
understanding of the material.

Level 5 | (80-1009%) | Excellent: Has perfect or near-perfect
understanding of the material.
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6.2.5. Kirkpatrick Four Stage Evaluation (Second Aspects of Evaluation)

6.2.5.1.Kirkpatrick phase 1: Evaluation of Reaction:

In this phase learner reaction towards learning content and overall support provided by the learning
system is determined. To determine learners reactions, SeisTutor incorporates the CNN based
Emotion Recognition Module and open-end questionnaire (Learner Feedback). Therefore, in this
evaluation, learner’s emotions during ongoing learning sessions take into the consideration

(participants of experimental group) (see Fig. 6.9).

INPUT OUTPUT
PARAMETER

4 )

Determine Maximum

Learner’s Image Frame Evaluation of Occurrence of
dU“r_‘g ongoing learning REACTION Emotions for every
Session. week.

- J

Figure 6-9 Input-Output Parameter for the evaluation of REACTION.

6.2.5.2.Kirkpatrick phase 2: Evaluation of Learning
In this phase learners overall learning is quantified. Therefore, learners quiz and Degree of

Understanding test scores take into the consideration. In this phase learning gain for both the
groups are quantified (quiz scores) and compared (see Fig. 6.10).

INPUT OUTPUT
PARAMETER

4 )

Pretest and Posttest Evaluation of Learning Gain for both
Scores of both the LEARNING the __groups are
groups. guantified.

- J

Figure 6-10 Input-Output Parameter for the evaluation of LEARNING.
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Furthermore a correlation analysis, i.e. Bivariate Pearson Correlation is performed on these data.
This correlation analysis determines the relationship between two parameters. The Hypothesis test

for P value is.
HO: There is no significant relationship between Quiz Score and Degree of Understanding Score.

Ha: There is a statistically significant relationship between Quiz Score and Degree of

Understanding Score.

Another reason of performing this correlation analysis is that this Degree of Understanding test is
conducted only for the experimental group of learners. Therefore, the statistical comparative
analysis based on the degree of understanding scores are not possible to perform. If this test rejects
the HO: Null hypothesis, then there a linear relationship between learning gain and Degree of

Understanding Score.

6.2.5.3.Kirkpatrick phase 3: Evaluation of Behaviour:
In this phase learner’s behaviour towards, Effectiveness, Adaptation (incorporated artificial

intelligence features), overall support, learner comfort level and Custom Tailored Curriculum
Sequencing is quantified (see Fig. 6.11). Therefore, learner feedbacks are taken into the
consideration. Learner feedbacks are taken on a five point Likert scale 0-5 (strongly satisfied,

satisfied, neutral, dis-satisfied and strongly dis-satisfied).

INPUT OUTPUT
PARAMETER

4 )

e  Effectiveness

e  Adaptation
Learner Feedbacks of Evaluation of e Overall Support
hoth the groups. BEHAVIOUR e Custom-Tailored

Curriculum
Sequencing.(CTCSS)

\ / Figure

6-11 Input-Output Parameter for the evaluation of BEHAVIOUR.

6.2.5.4.Kirkpatrick phase 4: Evaluation of Results:
In this phase overall results in terms of effective learning are quantified. Therefore learner’s pretest

and posttest scores of participants involved in both the studies (Experimental and Control groups)

take into the consideration. To quantify the effectiveness of learning, Paired Sample T-test is
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performed. Paired Sample T Test is the Robust T test, which determines the mean difference
between the pretest and the posttest scores and determining whether it is zero or not. For effective
learning there should be a large mean difference between pretest and posttest scores (see Fig. 6.12).
Here two cases take into consideration.

INPUT OUTPUT
PARAMETER

/ \ Case based Hypothesis analysis is
performed on the result obtained
from Paired-wise sample T Test,

Pretest and  Posttest Evaluation of thst determine which group of
Scores of both the RESULT learner have large mean difference
groups. between pretest and posttest scores.

- J

Figure 6-12 Input-Output Parameter for the evaluation of RESULT.

Case 1: A Paired-Sampled-T-Test performed on Experimental group.

Hypothesis-Case-1.0: Let the participants involved in the Experimental group having similar

pretest and posttest mean scores (negligible performance improvement).

Hypothesis-Case-1.1: Let the participants involved in the Experimental group having different

pretest and posttest mean scores (effective performance improvement).
Case 2: A Paired-Sampled-T-Test performed on Control group.

Hypothesis-Case-2.0: Let the participants involved in the control group having similar pretest and

posttest mean scores (negligible performance improvement).

Hypothesis-Case-2.1: Let the participants involved in the control group having different pretest

and posttest mean scores (effective performance improvement).

6.2.6. Comparative analysis of performance between the proposed Learner-Centric
tutoring system "'SeisTutor" with Existing online Tutoring Systems

6.2.6.1.MY-Moodle

My-Moodle is an open-source tutoring system, which helps the researcher to set up their learning

environment (researcher are able to upload their learning materials and assessment tests) and test
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their proposed intelligent tutoring system. My-Moodle comprises of courses that contain resources

and activities, i.e. glossaries, assignments, quizzes, databases, etc. The primary focus of My-

Moodle is to provide the activity-based modelling, in which the activities are segregated into

sequences, which guides the learner in the form of learning path. Fig. 6.13 depicts the dashboard

of My-Moodle.
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@& Dashboard R
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0y private fles Available courses

# Site administratior

¢ Data Interpretatic

Lesson Plan Subject- “Basic

The whole tutoring session

three lesson's.
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ntroduction to Seis

segregated into 4

smic Data Interpretation’

week plans. Every week further classified into

ually exist in the
'ge, earth

y of life

6.2.6.2. Course-Builder

Figure 6-13 My-Moodle Dashboard

Course builder helps the researcher to create their own learning environments, i.e. subject domain

and learning quizzes, by using a rich feature set without any programming. The Course-builder is

built on google app engine, therefore there is no limit on the number of registrations for learning

the courses. It helps to keep the relationship with learners as well as with the teacher. Their vision

is to provide broad access to education; that's why they collaborate with Openedx. Fig. 6.14 depicts

the dashboard of Course builder.
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Announcements Course Registration

Seismic Data Interpretation

Register

Figure 6-14 Course-Builder Dashboard

6.2.6.3.Teachable

Teachable is an open-source tutoring system, which provides a user-friendly learning environment.
It provides a platform where subject experts can upload their learning content irrespective of what
technology they have used. Teachable LMS is easily manageable, helps to build your brand, and
it is best for the entrepreneur. However, they didn't focus on personalization and provide learning
by adapting learner's grasping levels and preferred media. Fig. 6.15 depicts the dashboard of
Teachable.

Seismic Data Interpretation in Courses

Welcome to Seismic Data Interpretation

Enroll Now

each Online with teachable

Figure 6-15 Teachable Dashboard
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6.2.6.4. SeisTutor

The SeisTutor mimics the behaviour of the human tutor. The objective of SeisTutor to provide the
Custom-Tailored learning environment for tacit subject domain “Seismic Data Interpretation”.
Therefore, it incorporates computer science and artificial intelligence features, i.e. Custom-
Tailored Curriculum Sequencing Module, Adaptive Tutoring Strategy Recommendation module
and Performance Analyser Module (CNN based Emotion Recognition Module and Degree of
Understandability Module). SeisTutor offers Learner-Centric learning material, i.e. the learning
material is aligned as per learner learning style, learning profile or level and prior knowledge level.
During ongoing tutoring, performance parameters, such as degree of engagement, emotions, quiz score

and learning gain, is determined. Fig. 6.16 and 6.17 represents the learner dashboard.
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TUTORING STRATEGY NLP

CHANGED NEW LEARNER PROFILE

NA NA

Sign out

v

—

Figure 6-16 Learner dashboard using SeisTutor
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Figure 6-17 Custom-Tailored Curriculum offered to the learner.

Table 6-5 Summary of exiting Tutoring System

Parameters My Course | Teachable | SeisTutor Conclusion Drawn
Moodle Builder
(LMS)
GUI Based Interactive Yes Yes Yes Yes All learning systems had
GUI done the significant work
on the looks and felt of the
tutoring system, which
further helps to learn and
made the system easy to
use. Feedback report
indicates that 71% of
learner are highly satisfied
with the SeisTutor GUI in
comparison  with  My-
Moodle (47%), Course
builder (50%) and
teachable (57%)

Learner- Learner No No No Yes Learner Centric learning
Centric Learning environment  is  an
Learning Style essential aspect of the
Environme | Learner No No No Yes tutoring system because it
nt Learning makes  the  learning
Level effective. But, as per the
Adaptive No No No Yes feedback received, it has
Tutoring been noticed that My-
Strategy Moodle, Course Builder,
Custom- No Separat | No Yes and Teachable have given
Tailored e course less  emphasis  on
Curriculum tracks determining learner
features preferences learning style




are and custom-tailored
there, curriculum as compared to
but they SeisTutor. However,
are not some significant amount
customi of work has been done by
zed. the course builder for
They identifying curriculum but
are pre- still lacking behind to
decided adapt the learner's prior
by the knowledge and provide
adminis the personalized learning
trator path. Feedback report
based indicates that 82% of
on the learner are highly satisfied
advance with the SeisTutor GUI in
, and comparison with My-
basic Moodle (38%), Course
course builder (4%) and

opted teachable (4%)

by the
learner.

Dynamic Learner Pre- | No No No Yes SeisTutor carefully
Profiling Test analyzes  the  learner
Learner Post- | Yes Yes Yes Yes psychological state and
Test performance  parameter
Learner No No No Yes before beginning learning
Psychologica session, after learning
| State during sessiqn and _during the
Ongoing learning session. Thus,
Session based on his/her
interaction ~ with  the
system SeisTutor
dynamically analyze
(learning gain) and update
the learner profile. While
other learning systems
analyze the learner after
the completion of the
learning session.
Feedback report indicates
that 83% of learner are
highly satisfied with the
SeisTutor GUI in
comparison  with  My-
Moodle (46%), Course
builder (27%) and

teachable (23%)
Learning Passive Yes Yes Yes No SeisTutor offers learning
Content Learning material in total twelve
Contents pedagogy style, while

My-Moodle, Course-
Builder and teachable
offer learning material
only in one style.
Feedback report indicates
that 78% of learner are
highly satisfied with the
SeisTutor GUI in
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comparison with My-
Moodle (14%), Course
builder (16%) and
teachable (3%)

Resolving
Learner
Query
during
Session

Handle
Learner
Problem
during  the
session

No

Yes

Yes

No

SeisTutor and  My-
Moodle are unable to
handle learner runtime
issues, while Teachable
and Course-Builder offer
learners issue at runtime.
Feedback report indicates
that 68% of learner are
highly satisfied with the
SeisTutor GUI in
comparison  with  My-
Moodle (34%), Course
builder (28%) and
teachable (38%)

Navigation
Support

Other
parameters
(navigation,
modality,
language,
learning goal)

Yes

Yes

Yes

Yes

All learning system had
done the significant work
on providing the excellent
navigational support in the
tutoring system, which
further helps to navigate
from one module to other
easily. Feedback report
indicates that 68% of
learner are highly satisfied
with the SeisTutor GUI in
comparison  with  My-
Moodle (51%), Course
builder (50%) and
teachable (60%)

Learner
Feedback

Learner
Feedback

Yes

Yes

Yes

Yes

All  learning  system
captures  the  learner
feedbacks to analyze the
effectiveness and comfort
level of the learning
system. Feedback report
indicates that 65% of
learner are highly satisfied
with the SeisTutor GUI in
comparison  with  My-
Moodle (53%), Course
builder (46%) and
teachable (64%)

Here, the comparison is performed based on the functionality of the tutoring system listed in table
6.5. A total of 70 learners are registered themselves for learning the subject “Seismic Data
Interpretation”. Teachable, Course-Builder, My-Moodle, and SeisTutor were evaluated by the

same set of 70 learners, and their valuable feedbacks are discussed.
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Feedbacks are ranked under three categories, i.e. strongly dissatisfied, neutral and strongly
satisfied. Neutral indicates that the learner is not able to strongly mark their experience with the
system. Strongly dis-satisfied indicates that the learner is not satisfied with the feature experienced
by the learner during the learning session. Strongly satisfied indicates that the learner is satisfied
with the feature experienced by the learner during the learning session. Learners are allowed to

give their feedbacks ranges from 5 points Likert scale 1-5.

Summary
This chapter describes the statistical methods used for the evaluation of the SeisTutor. In the

following chapter, the results and findings through the evaluation of SeisTutor are discussed.
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Chapter 7 Results and Discussions
This chapter discusses the results obtained under the evaluation process of SeisTutor chapter. The

statistical results and findings, have been discussed.

7.1 Analysis of Learner Performances

This analysis determines the overall learner performance. Learner performance (scores) in quizzes
(Week-1 Week-2, Week-3, and Week-4) is analyzed and the average of the same is computed for

both the groups i.e. Experimental and Control.

Table 7.1 and Table 7.2 shows, the average week wise learner’s performances of both the

groups (control and experiment) respectively.

Table 7-1 Overall performance of Control Group

S.N | Before Tutoring During Tutoring After Tutoring

Pretest Learner Level | Week wise learner | Post  Tutoring | Learner Level

Score (LL) performance Score (LL)

W1 W2 W3 W4

L1 2.31 INT 3 2 3 4 3 INT
L2 2.31 INT 1 3 4 4 3 INT
L3 4.62 EXP 4 4 5 4 4.25 EXP
L4 2.31 INT 2 3 2 5 3 INT
L5 4.62 EXP 3 4 5 4 4 EXP
L6 0.38 BEG 4 4 3 4 3.75 EXP
L7 2.31 INT 3 3 4 5 3.75 EXP
L8 2.31 INT 2 4 4 5 3.75 EXP
L9 4.62 EXP 5 5 5 4 4.75 EXP
L10 | 2.69 INT 3 4 3 4 3.5 INT
L11 | 0.38 BEG 1 3 4 5 3.25 INT
L12 | 2.31 INT 4 4 4 5 4.25 EXP
L13 | 2.31 INT 2 3 5 4 3.5 INT
L14 | 2.31 INT 3 2 3 4 3 INT
L15 | 1.54 BEG 3 3 4 4 3.5 INT
L16 | 2.69 INT 4 5 4 5 4.5 EXP
L17 | 2.31 INT 3 4 3 4 3.5 INT
L18 | 2.31 INT 4 5 5 4 4.5 EXP
L19 | 0 BEG 3 4 4 3 3.5 INT
L20 | 2.69 INT 2 3 4 3 3 INT
L21 | 2.31 INT 2 3 3 4 3 INT
L22 | 0 BEG 3 3 3 4 3.25 INT
L23 | 2.15 INT 5 5 5 4 4.75 EXP
L24 | 2.31 INT 4 4 3 3 3.5 INT
L25 | 2.31 INT 3 3 3 4 3.25 INT
L26 | 0.38 BEG 4 5 4 3 4 EXP
L27 | 4.62 EXP 5 3 4 3 3.75 EXP
L28 | 2.31 INT 4 4 4 4 4 EXP
L29 | 4.62 EXP 4 4 4 4 4 EXP
L30 | 4.75 EXP 4 5 4 5 4.5 EXP
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L31 | 35 INT 2 2 2 3 2.38 INT

L32 | 0.38 BEG 4 3 3 3 3.25 INT

Avg | 241 322 363 [375 |4 3.65

Table 7-2 Overall performance of Experiment Group

S.N | Before Tutoring During Tutoring After Tutoring
Pretest Learner Level | Week wise learner | Post  Tutoring | Learner Level
Score (LL) performance Score (LL)

w1 W2 W3 W4

L1 INT
2.69 INT 2 3 3 5 3.25

L2 EXP
1.54 BEG 3 3 4 5 4

L3 EXP
1.92 BEG 4 4 5 3 4

L4 EXP
2.69 INT 5 4 4 4 4.25

L5 INT
1.54 BEG 3 3 4 4 3.5

L6 EXP
1.92 BEG 3 4 5 4 4

L7 EXP
0.38 BEG 4 5 3 5 4.25

L8 EXP
1.54 BEG 5 5 3 5 4.5

L9 EXP
1.15 BEG 5 4 4 3 4

L10 EXP
2.31 INT 3 3 4 5 3.75

L11 INT
0.38 BEG 2 3 3 4 3

L12 INT
2.31 INT 2 3 4 5 3.5

L13 EXP
1.15 BEG 5 5 3 4 4.25

L14 EXP
0.77 BEG 4 3 4 5 4

L15 EXP
1.15 BEG 3 5 3 4 3.75

L16 INT
1.92 BEG 2 4 4 4 3.5

L17 EXP
2.31 INT 3 4 5 5 4

L18 INT
1.54 BEG 3 3 4 4 3.5

101



L19 EXP
0.13 BEG 3 4 5 3 3.75

L20 EXP
0.77 BEG 2 3 5 5 3.75

L21 EXP
1.92 BEG 5 4 3 5 4.25

L22 EXP
3.43 INT 3 5 4 4 4

L23 EXP
0.77 BEG 5 4 5 3 4.25

L24 EXP
0.38 BEG 5 4 5 4 45

L25 EXP
4.23 EXP 3 5 4 5 4.25

L26 EXP
3.08 INT 4 5 5 5 4.75

L27 EXP
1.54 BEG 3 5 4 4 4

L28 EXP
2.69 INT 2 3 5 5 3.75

Avg
1.72 343 [ 393 |4.07 |432 |39

Control Group:

The mean score performance of Week-1 is [3.22], Week-2 is [3.63], Week-3 is [3.74], and

Week-4 is [4.00] as shown in Fig. 7.1 below. The performance graphs of learner’s for week-1,

week-2, week-3, and week-4 of the control group are shown in Fig. 7.2, Fig. 7.3, Fig. 7.4, and
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Fig. 7.5, respectively.
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Figure 7-5 Control Group Learner Performance in Week 4

Experimental Group:

The mean score performance of the week-1 is [3.43], week-2 is [3.93], Week-3 is [4.07], and week-
4 is [4.32] as shown in Fig. 7.6 below. The performance graphs of learner’s for week-1, week-2,

week-3, and week-4 of the experimental group are shown in Fig. 7.7, Fig. 7.8, Fig. 7.9, and

Fig.7.10 respectively.
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Figure 7-6 Average Learner Performance of Experimental Group
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Figure 7-11 Average Week-Wise Improvement

The average week-wise learner’s performance of both the groups is compared, the second group
(experimental group) gradually shows the improvement as against the first group (control group)
since starting from Week 1 to Week 4. The mean score improvements of Week-1 is [0.21], Week-
21is[0.3], Week-3 is [0.32], and Week-4 is [0.32]. From their mean score week-wise improvement,
one can say with confidence that learning through adaptive Tutoring Strategy helps the learner to

enhance the learner performance (see Fig. 7.11).

Pre-Test_Control Group Learner |Post-Test Control Group Learner

Beginner, 0

Intermediate
.17

"Beginner ®Intermediate ® Expert ® Beginner © Intermediate = Expert

Figure 7-12 Learner Level before and after tutoring (Control Group)
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Figure 7-13 Learner Level before and after tutoring (Experimental Group)

Based on the performance of the learner in the pretest, SeisTutor categorizes the learners

into the three groups, i.e. Beginner, Intermediate, and Expert. From the pretest scores of control

group learners, it has been observed that initially, 7 learners belonged to the Beginner category, 19

learners belonged to the Intermediate category and 6 learners belonged to the Expert category.

Learner’s initial profile gets upgraded or downgraded based on their overall performance during

the tutoring session. From the results it has been observed that, 7 learners initially belonged to the

Beginner profile, out of which 4 get promoted to Intermediate and remaining 2 get promoted to

the Expert profile (see Table 7.3).

Table 7-3 Learner Level before and after tutoring (Control Group)

S.N | Before Tutorin After Tutoring
Learner Level | Learners | Beginner | Intermediate | Expert
1. Beginner 7 0 4 3
2. Intermediate 19 0 12 7
3. Expert 6 0 1 5
Table 7-4 Learner Level before and after tutoring (Experimental Group)
S.N | Before Tutorin After Tutoring
Learner Level | Learners | Beginner | Intermediate | Expert
1. Beginner 19 0 4 15
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2. Intermediate 8 0 2
3. Expert 1 0 0 1

Similarly, initially 19 learners belonged to the Intermediate profile. It has been observed
that, out of 19 learners, 12 learners continue to remain at the same level (Beginner), while 7 of
them, get promoted to Expert profile. Initially, 6 learners belonged to Expert profile, out of these
6 learners, 5 learners continue to remain at the same level (Expert) while only 1 learner gets

downgraded to Intermediate profile.

Now considering the pretest scores of the second phase, it has been observed that initially,
19 learners belonged to the Beginner category, 8 learners belonged to the Intermediate category

and 1 learner belonged to the Expert category.

Initially, 19 learners belonged to Beginner profile out of them 4 get promoted to
Intermediate and remaining 15 get promoted to Expert profile (see Table 7.4). Similarly, initially,
8 learners belonged to the Intermediate profile out of them 2 learners continue to remain at the
same level, while 6 learners get promoted to Expert profile. Initially, only 1 learner belonged to
Expert profile and that learner remains at the same level.

Therefore, this can be concluded from the aforementioned analysis, that the learners, which
belongs to Experimental group, improved their performance in terms of scores (shown in Fig. 7.12
and Fig. 7.13). Here, learner profile upgradation from their initial learning profile specifies the

effectiveness of the learning program. i.e. Dynamic Profiling of the learner.

7.2. Predictive Statistical Analysis of Degree of Understanding Module

This section discusses the results and finding of the Predictive Analysis performed on the scores
obtained by the learner in the Degree of Understanding Test.

Table 7.5 summarizes “degree of understanding computations” using 2x2 confusion matrix

that portrays four possible circumstances.
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Table 7-5 2x2 confusion matrix

True Positive False Positive

Condition: Effective Impact correctly | Condition: Negligible Impact incorrectly
predicted predicted

False Negative True Negative

Condition: Effective Impact incorrectly | Condition: Negligible Impact correctly
predicted predicted

Let first quantify the precision-recall and accuracy.

Precision: Proportion of positive cases predicted positively.

TP
TP+FP

Precision = (7.1)
Recall: Proportion of positive cases predicted accurately (consider all the cases).

TP
TP+FN

Recall = (7.2)
Accuracy: Proportion in which both positive and negative cases predicted accurately.

TP+TN
TP+FN+FP+TN

Accuracy = (7.3)

Let the threshold value is 2 then Table 7.6 depicts the 2x2 confusion matrix

Table 7-6 2x2 confusion matrix when the threshold value is 2

True Positive False Positive
94 0
False Negative True Negative
15 3

From Equation 2, 3 and 4, the computed precision, recall and accuracy are as follows:

Precision = % => 1 (7.4)
Recall = —2= => 0.8623 (7.5)
ecatl = Seit1s B ' '

94
Accuracy = 91715703 => 0.84 (7.6)

Similarly, when the threshold value is 3, then Table 7.7 depicts the 2x2 confusion matrix
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Table 7-7 2x2 confusion matrix when the threshold value is 3

True Positive False Positive
75 0

False Negative True Negative
19 18

From Equation 7.1, 7.2, and 7.3 the computed precision, recall and accuracy are as follows:

Precision = % = 1 (7.7)
Recall = - =» 0.7978 (7.8)
75+19
75
Accuracy = ~sTi9718 => 0.67 (7.9)

From equations 7.6, 7.7, 7.8, and 7.9, it has been observed from the obtained results is that when
the threshold value increases, the recall and accuracy value is decreasing, but the precision value
remains the same. Precision and Recall are inversely proportional to each other. The results from
equations 7.4, 7.5 and 7.6, the prediction accuracy of the Degree of Understanding module is 84
%. It may get varied based on the threshold value.

7.3.Pre Tutoring and Post Tutoring Performance

This section identifies and discusses the results of the groups that prompts enhancements in
learner’s learning/aptitudes (i.e. test results). The ANOVA is performed on the pretest and posttest

score of learners of both the groups. The inference on the obtained results are as follows.

The F-ratio of the ANOVA test for the control group is F_calc=21.68911 at 0=0.05, where
a is a significant level, while the tabulated value is F o = 4.00 (From the F-Table). Here
F calc>F a, with the degree of freedom being vl =1 and v2 = 62 (see Table 7.10). The learning
gain has been shown in Table 7.8. Hence, the null hypothesis Ho rejected and the alternative
hypothesis, Hi: ul < y2 is accepted. It indicates that there is a significant difference between scores
of pretest and posttest tests. Hence, it is deduced that the difference in the posttest and pretest is
significant and the training is effective for the control group.

Similarly, the F-ratio of the ANOVA test for the experimental group is F_calc= 119.7141
at 0=0.05, where a is a significant level, while the tabulated value is F o = 4.03 (From the F-
Table). Here F_calc> F_a, with the degree of freedom being vl =1 and v2 = 54 (see Table 7.9).
Hence the null hypothesis Ho rejected and the alternative hypothesis H1: pl < p2 is accepted. It

indicates that there is a significant difference between pretest and posttest tests. Hence, it is
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deduced that the difference in posttest and pretest is significant, and the training is effective for

the experimental group. The learning gain has been shown in Table 7.8.

The participant’s performance for both the phases reject the null hypothesis, which means
training provided in both the groups is effective. However, this research aims to identify that which
phase or group of training has a higher impact on enhancing the overall learning gain. The
participants of the experimental group receive Custom-Tailored Curriculum Sequenced learning
material(based on their prior/previous knowledge), learner’s facial expressions are captured
(ongoing learning session), and degree of the understanding score is determined, while these
features enabled the learning environment is not offered to the participants of the control group.
Therefore, to conclude, F_calc of both the groups are compared. F_calc of experimental group
(119.7141 — 21.68911 = 98.02499) is higher than F_calc of the control group. Thus, the
experimental group reports a significant difference in the posttest and pretest scores and provides

more effective training than the control group.

Table 7-8 Data of pretest and posttest in terms of learning gain

System Total Pre- Post- Mean
Participants | Tutoring Tutoring Learning Gain
Test Score | Test Score
Experimental | 28 1.72 354 444 %
Group
Control 32 241 3.65 243 %
roup

Table 7-9 Data of pretest and posttest in terms of learning gain Experimental Group

Source of | 55 DF VS F-ratio S04 F-limit (From
variation the F table)
Between 63.86446 | (2-11 63.86446 | 119.7141 | F(1,34)=4.03
Sample

Within 31.06302 | (536-2)=354 0373241

Sample

Total 63.86446 | (36-1)=153
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Table 7-10 Data of pretest and posttest in terms of learning gain Control Group

Source of | 55 DF Vs F-ratio 50 F-limit (From
variation the F table)
Between 24 88763 | (2-1)1 24 88762636 | 21.68911 [F(1,62)=4.00
Sample

Within 71.1432 | (64-2)=62 1.147470917

Sample

Total 06.03082 | (64-1)=063

7.4. Kirkpatrick Four Stage Evaluation
This section identifies, discusses and compare the obtained results based on the 4 phases of the

Kirkpatrick model namely, learner’s reactions, comfort level, behavior and overall results. A four
phase evaluation is performed on learner’s emotion, pretest score, posttest scores, quizzes and
feedback that belonged to both the groups. The phase-wise inference on the obtained results are as

follows.

7.4.1. Kirkpatrick phase 1: Evaluation of Reaction:

The Learner reaction towards the learning content is gauged using CNN based Emotion Recognition
Module. The Min-Max normalization performs a linear transformation on the original scores and
fits the scores in the range of [0-10]. To maintain the uniformity of score normalization is

performed.

Table 7-11 Descriptive Statistics of Psychological parameter of the learner for Experimental Group

Emotions Mean Std. Deviation Mean %
Happy 4.4174 29.6357 44.1
Sad 2.4272 24,9175 24.2
Surprise 3.2275 28.2939 32.2
Fear 3.0612 26.8571 30.6
Angry 3.6728 26.1069 36.7
Neutral 4.0389 26.6193 40.3

The emotions of the learner are determined only for the participants, who have been
involved in the Experimental group evaluation. Thus the average mean score percentage of
maximum emotion occurrence is shown in table 7.11. The result of 28 participants is shown in
table 7.11, in which 44 % of emotion are happy, 40 % of emotion are neutral, 36% of emotion are

angry, 32 % of emotion are surprise, 30 % of emotion are fear and 24% of emotion is sad. Thus,
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from the result, the maximum emotion observed, is happy (44 %), which specifies that the 44 %

of learners are happy with the provided learning content, and teaching process (pedagogy).

7.4.2. Kirkpatrick phase 2: Evaluation of Learning
This phase quantified the learner’s overall learning, i.e. Learning Gain. Eqn. 7.10 is used for

computing learning gain. The inferences on the results are as follows.

Learning_Gain = (PostTest_Score; — PreTest_Score;) (7.10)

Table 7-12 Learner's Learning Gain

Study Cases No of | Learning Gain
Participants | Mean Standard | Mean %
(n) deviation
Experiment Group | 28 2.2170 1.02795 44.34%
Control Group 32 1.2793 1.37034 24.8%

The average learning gain of participants in the experimental group is 44.34 %, and for the control
group, is 24.8%. Thus, it has been concluded that if the learning material is offered as per learner's
inclination with an exclusively designed curriculum based on their prior knowledge, then the
proposed SeisTutor succeeds in enhancing the learner interest which indirectly enhances the

overall learning gain (see Table 7.12).

Table 7.12 describes the progressive learning gain of 44.34% among learners that
participated in the experimental group. Furthermore, this data (learning gain) is used for correlation
analysis, i.e. Bivariate Pearson Correlation. This test is performed between the learning gain and
the degree of understanding score of experimental group. As described in section 4, the
Performance Analyzer Module is implemented for determining the degree of understanding. But
this module is not offered to the control group. Therefore, this correlation analysis aims to
determine the correlation between learning gain and the degree of understanding score. If there is
a correlation, then from the law of symmetry, i.e. if,A € B and B € C then, A € C, one can say
with confidence that if this test is offered to the control group, then in that case also the participants

of the experimental group having a higher degree of understanding score (against the control
group).
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Table 7-13 Average Mean Score of Learning Gain & Degree of Understanding

Parameters No. of Participants | Learning Gain
(n) Mean | Standard deviation | Mean %
Learning Gain 28 2.2170 | 1.02795 44.34%
Degree of Understanding | 28 2.5467 | 1.31201 50.9%
Table 7-14 Correlation Matrix between Learning Gain and Degree of Understanding
Parameters Learning Gain | Degree of Understandings |
Learning Gain | Pearson correlation | 1 0484
Sig. (2-tailed) 0.009
N 28 28
Degree of Pearson correlation | 04347 1
Understanding | Sig. (2-tailed) 09
N 28 28
#*% (Comelation iz significant at the 0.01 level (2-tziled).
£ = o
2 400+ o
§| 3.00— © o
°| (o]
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Figure 7-14 Linear Relationship with Learning Gain and Degree of Understanding

Here the correlation of Learning gain by itself is 1; this is due to a variable or parameter is perfectly
interrelated with itself. The Pearson correlation of learning gain with the Degree of understanding
is 0.484 with a 2 tailed significance, i.e. P-value is less than 0.05. Thus, it has been concluded that
Learning gain and Degree of Understanding having a statistically significant linear relationship.
(P < 0.05) (see Fig. 7.14 and Table 7.14).
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7.4.3. Kirkpatrick phase 3: Evaluation of Behaviour:
Based on learner feedback, this phase quantifies/assesses the learner’s behaviour towards,

Effectiveness, Adaptation (incorporated artificial intelligence features), overall support, learner

comfort level and Custom Tailored Curriculum Sequencing.

100 93 93
90 86 85
80
70
20 48 45 a5 18 46
S0 40
40
30
20
10
0 Overall CTCSS
Effectiveness Satisfied Adaptation Sa tis fa.c tion
m Strongly Satisfied 48 45 40 50
| Satisfied 45 48 46 35
Overall Satisfaction 93 93 86 85
m Strongly Satisfied m Satisfied Overall Satisfaction

Figure 7-15 Evaluation of Learner Behavior based on Learner Feedbacks

As soon as the learner completes all the learning concepts of each week, SeisTutor requests
the learner to give their feedback. In this section, a conclusion from the learner’s feedbacks is
drawn. The learners are considered as an impeccable part of this evaluation. The overall
satisfaction with SeisTutor was around 93%, out of which 45% were strongly satisfied, and 48%
were satisfied as well (see Figure 7.25, Table 7.15 in appendix 2). It has been also observed that

learners, learning became productive with the SeisTutor.

Table 7-15 Learner Feedback on effectiveness of SeisTutor

22 questions were asked about the impact of the intelligent features provided by SeisTutor,
the same has been collected and summarized in Table 7.16 (appendix 2). As some intelligent
features are not provided to the control group participants (Custom-Tailored Curriculum
Sequencing Module, Emotion Recognition Module and Degree of Understanding). Thus,

feedbacks of 28 learners have been taken into consideration from experimental group participants.
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Most of the participants were happy with the adaptive tutoring strategy provided by the
system with 86% satisfaction, which includes 46% who were satisfied and 40% who were strongly
satisfied. The 85% of participants felt that learning from their own learning experience make them
perform better in which 40% who were strongly satisfied and 45% that were satisfied. The 85 %
of participants were happy with the recommended exclusive curriculum with the system, which
includes 35% were satisfied and 50% were strongly satisfied. 92% of participants agreed that
understanding test at each week corresponds to the lessons taught, in which 39% strongly agreed,
and the rest 53% agreed as well. At last, 82% participants agreed that CNN based Emotion
Recognition module accurately determined their emotions during learning, in which 39% were

strongly agreed and 43% were satisfied as well.

Table 7-16 Learner Feedback on Adaptation of SeisTutor

The overall support provided by SeisTutor to the learning process was assessed through
the learner's feedback questionnaire answered by 60 participants (see Table 7.17 in appendix 2).
The analyzed results showed that 87% of the participants are happy with the overall SeisTutor
supports, with 47% -satisfied and 40% -strongly satisfied. In addition to that, 78% of the
participants are happy with the system navigation support enabled to find the needed information
with 43% - satisfied and 35% - strongly satisfied.

Table 7-17 Learner Feedback on SeisTutor ongoing Learning Support

The usefulness of the Learning contents such as content explanations, revisions, presented
quizzes, and the question hints in the learning process evaluated in Table 7.18. The questionnaire
feedback results show that, 85% students were happy with the content explained by SeisTutor with
47% satisfied and 38% strongly satisfied. Moreover, 78% of students showed their interest and
agreed that the tutoring resources were adequate with 35% - strongly satisfied and 43% - satisfied.
It is clear that the quizzes and hints were realistic and focused on the learning contents provided
by the SeisTutor.

Table 7-18 Learner Feedbacks on learning material, quizzes and overall SeisTutor support

From the overall evaluation of the SeisTutor, on learner’s feedbacks, reveals that 86% of
learners agreed that tutoring was provided as per their learning profile or level, learning style and

prior knowledge. Most of the learners or participants liked the artificial intelligence features such
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as the automatic recommendation of Adaptive Tutoring Strategy, dynamically assessing the
learner performance, Emotion Recognition and measurement of their Degree of Understandability

Score.

The learner's feedbacks were retrieved and analyzed in a free form fashion. Some learners
put their suggestions to improve the productivity of SeisTutor. Most of the suggestions were
general and related to the improvement of the system, and 08 were negative regarding the
improvement of the quality of learning contents, improving the quality of the video lessons, and
hints provided by the system. At last, through the overall evaluation of SeisTutor, 87% of learners

agreed that they have improved their learning performance and outcomes.

7.4.4. Kirkpatrick phase 4: Evaluation of Results:
This phase quantified the overall results in terms of effective learning. A Paired Sample

T-test is performed on the learner’s performance parameters, i.e. pretest and posttest scores of
participants involved in both the studies (Experimental and Control groups). The Hypothesis for

inferencing the results is described as follows.
Case 1: A Paired-Sampled-T-Test performed on Experimental group.

Hypothesis-Case-1.0: The participants involved in the Experimental group have similar pretest

and posttest mean scores (negligible performance improvement).

Hypothesis-Case-1.1: The participants involved in the Experimental group have different pretest

and posttest mean scores (effective performance improvement).
Case 2: A Paired-Sampled-T-Test performed on Control group.

Hypothesis-Case-2.0: The participants involved in the control group have similar pretest and

posttest mean scores (negligible performance improvement).

Hypothesis-Case-2.1: The participants involved in the control group have different pretest and

posttest mean scores (effective performance improvement).

The calculated T value (Tq¢5,) for the experimental group is 11.410, P < 0.01 (see Table
7.21). On an average posttest score was 2.21786 points which are higher than pretest scores. Here
the calculated Ts; 45 IS greater than T,,.;+icq1, thus hypothesis 1.0 is rejected. From Table 7.21 and

7.19, it has been concluded that there is a significant difference between Pretest and Posttest scores.
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The calculated T value (Ts¢q¢5,) for the control group is 5.312, P < 0.01 (see Table 7.22).
On an average posttest score was 1.24719 points which are higher than pretest scores. Here the
calculated T 1S greater than T,p.;ticqai- Thus hypothesis 2.0 are rejected. From Table , 7.20 and 7.22

it has been concluded that there is a significant difference between Pretest and Posttest score.

Null hypothesis have been rejected by both the groups that means both the groups provide
adequate training. But the aim of this analysis is to identify, which group is having a higher impact
on enhancing the overall learning gain. For concluding the aim, T, Of both the groups are
compared. Tg:q:es OF experimental group is higher than Tg..:s Of control group. Thus, the
experimental group is having a significant difference in the posttest and pretest scores and also

provides more effective training than the control group.

Table 7-19 Statistical results of Paired Sample T-Test of Experimental group

Comparison Item Learning Mode

Mean N Std. Deviation | Std. error Mean
Posttest of Experimental group Participants | 3.9375 | 28 | .39455 .07456
Pretest of Experimental group Participants | 1.7196 | 28 | .99740 .18849

Table 7-20 Statistical results of Paired Sample T-Test of Control group

Comparison Item Learning Mode

Mean N Std. Deviation | Std. error Mean
Posttest of Control group Participants | 3.6525 | 32 | .58915 .10415
Pretest of Control group Participants | 2.4053 | 32 | 1.39565 24672

Table 7-21 Paired-Sampled-T-Test results of Experimental group

Mean Std. Std. 95% Confidence | T Stats | df | T
Difference | Deviation | Error | Imterval of  the Critics
Mean Difference
Lower | Upper

Pair 1: Posttest | 2.21786 102856 19438 | 181902 | 261660 | 11410 | 27 | 2.051%
of Experimental
group — Pretest
of Experimental
| group

120



Table 7-22 Paired-Sampled-T-Test results of Control group

Mean Std. Std. 95% Confidence | T Stats | df | T Critics
Deviation | Error Interval of the | (Calc)
Mean Difference
Lower Upper

Pair 1:| 1.24719 | 1.32804 23477 .76838 1.72600 5.312 31 | 2.03951
Posttest  of
Control
group -
Pretest of
Control
group

This analysis concludes that the Experimental group surpasses the Control group as it provides

Custom-Tailored Designed Curriculum, identify the learner’s emotions during learning process

and compute the overall degree of understanding, which fulfil the learner’s requirements.

7.5. Comparative analysis of performance between the proposed Learner-Centric tutoring

system "'SeisTutor" with Existing online Tutoring System

A comparative analysis is performed between the proposed SeisTutor with the three open source

online learning system (My-Moodle, Course-Builder and Teachable). The inferences drawn from
the learner’s feedback are described below. Table 7.23, Table 7.24, Table 7.25 and Table 7.26
indicates the analysis of responses to Learner feedback questionnaire for My-Moodle, Course-

Builder, Teachable and SeisTutor, respectively.

Table 7-23 Analysis of responses on Learner feedback questionnaire: My-Moodle

Parameters Strongly-Dissatisfied | Neutral | Strongly-Satisfied
(%) (%) | (%)

GUI Based 24 30 46
Learner-Centric Learning Environment | 45 17 38

Dynamic Profiling 35 18 46

Learning Content 50 36 14

Resolving Query during the session 53 13 34

Navigation support 22 27 51

Learner feedback 33 14 53

Cumulative Percentage (%) 37.42 22.22 40.36
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Table 7-24 Analysis of responses on Learner feedback questionnaire: Course-Builder

Parameters Strongly- Neutral Strongly-
Dissatisfied | (%) Satisfied
(%) (%)

GUI Based 23 31 46

Learner-Centric Learning | 84 12 4

Environment

Dynamic Profiling 62 11 27

Learning Content 80 4 16

Resolving Query during | 63 9 28

the session

Navigation support 39 11 50

Learner feedback 39 15 46

Cumulative Percentage | 55.74 13.33 30.92

(%)

Table 7-25 Analysis of responses on Learner feedback questionnaire: Teachable

(%)

Parameters Strongly- Neutral | Strongly-
Dissatisfied | (%) Satisfied
(%) (%)

GUI Based 1 43 56

Learner-Centric Learning | 80 16 4

Environment

Dynamic Profiling 68 9 23

Learning Content 93 4 3

Resolving Query during | 56 6 38

the session

Navigation support 26 14 60

Learner feedback 26 10 64

Cumulative Percentage | 50.10 14.47 35.43

Table 7-26 Analysis of responses of Learner feedback questionnaire: SeisTutor

Parameters Strongly- Neutral | Strongly-
Dissatisfied (%) Satisfied
(%) (%)

GUI Based 16 21 71

Learner-Centric Learning | 12 6 82

Environment

Dynamic Profiling 10 7 83

Learning Content 17 5 78

Resolving Query during | 23 9 68

the session

Navigation support 20 12 68

Learner feedback 14 21 65

Cumulative Percentage | 16 12 74

(%)
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Comparitive analysis of Intelligent Learning System
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Figure 7-16 Comparative studies of existing tutoring system with SeisTutor on Strongly Dis-satisfaction level
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Figure 7-17 Comparative studies of existing tutoring system with SeisTutor on Neutral Level
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Comparitive Analysis of Intelligent Learning System
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Figure 7-18 Comparative studies of existing tutoring system with SeisTutor on Strongly Satisfaction level

Fig. 7.21, Fig. 7.22 and Fig. 7.23 demonstrate the comparative analysis of the tutoring systems
(Teachable, Course-Builder and My-Moodle) with the SeisTutor, on the basis of the strongly
satisfactory level on a likert scale of 1 to 5 ranging from strongly dissatisfied to strongly satisfy.

GUI Based

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of learner with
SeisTutor, is only 16%, while with the My-Moodle, this percentage increases to 24%. The Neutral
level of learner with SeisTutor, is 21%, while with Teachable, this percentage increases to 43%.
The Strongly Satisfaction level of learner with SeisTutor, is 71 %, while with My-Moodle, this
percentage decreased to 46 %.

Learner Centric Learning Environment

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 12%, while with the Course Builder, this percentage increases to 84 %. The
Neutral level of learner with SeisTutor, is 6%, while with the My-Moodle, this percentage
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increases to 17%. The Strongly Satisfaction level of learner with SeisTutor, is 82 %, while with

the Course Builder and Teachable, this percentage decreased to 4%.

Dynamic Profiling

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 10 %, while with the Teachable, this percentage increases to 68%. The Neutral
level of the learner with the SeisTutor, is 7%, while with the My-Moodle, this percentage increases
to 18%. The Strongly Satisfaction level of the learner with the SeisTutor, is 83 %, while with the
Teachable, this percentage decreased to 23 %.

Learning Content

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 17 %, while with the Teachable, this percentage increases to 93%. The Neutral
level of the learner with the SeisTutor, is 5 %, while with the My-Moodle, this percentage increases
to 36%. The Strongly Satisfaction level of the learner with the SeisTutor, is 78 %, while with the
Teachable this percentage decreased to 3 %.

Resolving Query during Session

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 23 %, while with the Course Builder, this percentage increases to 63%. The
Neutral level of the learner with the SeisTutor, is 9 %, while with the My-Moodle, this percentage
increases to 13%. The Strongly Satisfaction level of the learner with the SeisTutor, is 68 %, while
with the Course Builder this percentage decreased to 28 %.

Navigation Support

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 20 %, while with the Course Builder, this percentage increases to 39%. The
Neutral level of the learner with the SeisTutor, is 12 %, while with the My-Moodle, this percentage
increases to 27%. The Strongly Satisfaction level of the learner with the SeisTutor, is 68 %, while
with the Course Builder this percentage decreased to 50 %.

Learner Feedback.

From the analysis, it has been concluded that the Strongly Dis-satisfaction level of the learner with
the SeisTutor, is 14 %, while with the Course Builder, this percentage increases to 39%. The

Neutral level of the learner with the SeisTutor, is 21 %, with the Teachable, this percentage
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decreases to 10%. The Strongly Satisfaction level of the learner with the SeisTutor, is 65 %, while
with the Course Builder this percentage decreased to 46 %.

The conclusion drawn from this analysis is that all the tutoring systems mentioned above are
lacking adaptivity, dynamic profiling, and personalization features. The critical feature of
SeisTutor is personalization, adaptivity and dynamic profiling. From the comparative analysis, it
has been observed that 71 % of learners are strongly satisfied with the GUI based feature, 82 %
with Learning Centric Learning Environment feature, 83 % with Dynamic Profiling feature, 78 %
with Learning Content feature, 68 % with Resolving query during session feature, 68 % with
Navigation Support feature and 65 % with Learner feedback feature. The overall conclusion from
the comparative study is that the satisfaction level of learners with the SeisTutor is 74%, with My-
Moodle is 40.36 %, with Teachable is 35.43 % and with Course Builder is 30.92%.
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Chapter 8 Conclusion and Future Scope

This chapter summarizes the work conducted in this research. The summary of the contribution of the
conducted research has been underlined. Subsequently, the conclusions and the future scope in this
area based on the conducted research have been described.

8.1 Summary

The objective of the current research work is to develop an adaptive tutoring engine, facilitating,
knowledge base delivery through a learner-centric learning path. The design and development of
an adaptive domain model and pedagogy model make the tutoring engine, an adaptive tutoring
engine and provides the learner-centric learning path to the learner. For the current scope of work,
the domain knowledge incorporated in ITS is Seismic data interpretation, which is an experiential
knowledge domain. Thus, acquiring, characterizing, sequencing, validating, and developing
personalized course content (based on learner’s learning profile and learning style), of the SDI
knowledge domain creates a pool of adaptive knowledge base or repository. The adaptive
pedagogy model leads to the systems that provide Custom-Tailored Learning material to the
learner based on the learner’s prior knowledge, learning profile, and learning style. The Custom-
Tailored Learning Path recommendation at the beginning of the learning session is rarely
recommended in the existing ITS, this is due to the lack of empathy in ITS. Thus, this research
aims to focus on the domain model and the pedagogy model. Therefore, the answer of the research
questions is discussed below. The research questions drawn from the literature are—\What are the
steps involved to gather experiential knowledge from domain experts? How to represent
experiential knowledge? On what criteria, learning material is aligned as per learner preference?
How to generate a course coverage plan, which is exclusively designed for the learner? How a
system can identify the learner preferences, exclusive course coverage plan, and give a custom-
tailored pedagogical recommendation for adaptivity?

The following highlights the research contribution based on the conducted research work.

e An adaptive domain model indicates that the ITS offers an adaptive learning material that
is offered as per the instruction received from the pedagogy model. Adaptive learning
material specifies that the learning materials are aligned or structured as per the learner
competency level and the learning preferences. As mentioned above, the seismic data

interpretation domain is highly individualistic. Therefore, for gathering causal maps and
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semi-structured acquisition techniques are utilized. After extraction of knowledge,
Knowledge manager sequences and classify the gathered knowledge as per seismologist’s
guidelines. The knowledge manager then validates the sequenced knowledge through
ongoing consultation with seismologists and develops knowledge Capsules. To make the
adaptive domain model, the learning materials and restructured and realigned as per
learning profile (‘Beginner’, ‘Intermediate’, ‘Expert’) and learning style (‘Imagistic’,
‘Intuitive’, ‘Auditory’, ‘Active’) adding up to twelve different combinations. Therefore,
the tutoring engine offering the learner a customized learning experience by delivering
tailored subject matter.

e An adaptive pedagogy model indicates that ITS offers a Learner-Centric learning path. The
Learner-Centric Learning Path specifies that ITS offer personalized learning paths. This
intelligent feature is implemented using the “BUG MODEL”. The BUG MODEL is used
to identify the learner’s previous/prior knowledge by identifying the learner’s bugs during
the pretest. The proposed novel approach has the advantage to determine the learner prior-
knowledge and recommends the custom-tailored course coverage plan that improves the

effectiveness of the system.

8.2 Conclusion

This research work focused on the development of a personalized, intelligent tutoring system for
the domain "Seismic Data Interpretation™. This research work illustrates the design, development
and evaluation of the personalized intelligent tutoring system. The proposed personalized
intelligent tutoring system christened as SeisTutor, emulates the human cognitive intelligence by
incorporating the artificial intelligence features, i.e. Custom-Tailored Curriculum Sequencing
Module, Tutoring Strategy Recommendation module, CNN based Emotion Recognition Module
and Performance Analyser Module (Degree of Understanding Module). Total 60 learners have
participated in the evaluation process. The participants were classified into two groups: Control
Group and Experimental Group. Out of 60 participants, 32 of them designated as Control Group,
and remaining 28 is designated as Experimental Group.

There are two aspects of the evaluation process, the first aspect is to identify which group prompts
improvement in learning and second aspects is to determine the learner’s behavior, reaction,

comfort level and overall results. The First aspect of the evaluation process is accomplished by
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using the one-Tailed ANOVA and Second aspect of the evaluation process is accomplished by
using well accepted four phases/ stage Kirkpatrick evaluation model.

ANOVA tests conducted on the pretest and posttest scores. The results indicate the effective
learning gain of 44.34 % by Experimental group. The calculated F ratio of the ANOVA test for
the experimental group is 119.71, which is higher than the calculated F ratio for control group
21.68. Thus, the Experimental group is having a significant difference in the posttest and pretest
scores and provides effective learning against the control group.

Kirkpatrick's Four Levels Evaluation Model is another widely accepted method for evaluating
the effectiveness of the learning program. The levels are 1-Reaction, 2-Learning, 3-Behavior, and
4-Results. The outcome of reaction reveals that 44 % of learners are happy with the offered
learning content (customized learning content) and teaching process, i.e. pedagogy. The outcome
of learning reveals that, experimental group possesses 44.34 % of learning gain and control group
holds only 24.8%. Thus, the experimental group succeeds in enhancing the learner interest and
curiosity, which indirectly increases the learner’s performance. The outcome of behaviour reveals
that the proposed system design produces productive learning in Seismic Data Interpretation
through incorporating computer science and artificial intelligence features. Besides, 86% of
learners were satisfied and achieved better results with SeisTutor and improved their learning with
the selection of appropriate Adaptive Tutoring Strategies. The outcome of the results indicates that
calculated T value (Tg:q:,) for the experimental group is 11.410 and control group is 5.312,
P<0.01. The average posttest score of Experimental group was 2.21786 points which are higher
than pretest scores. The average posttest score of Control group was 1.24719 points which are
higher than pretest scores. Here the calculated (Ts:4ts,) IS greater than T,-;¢icq1, thus both the groups
rejected hypothesis 1.0 and 2.0. Furthermore, the T.,:s Value of both the groups are compared.
From the results it has been revealed that the Experimental group provide more effective learning
against Control group. In addition to this SeisTutor is compared with the existing open source
tutoring system. From the analysis, it has been concluded that 74 % of learner are strongly satisfied
with the SeisTutor (‘GUI based’, ’Learner-Centric Learning Environment’, 'Dynamic Profile’,
’Learning Content’, ’Resolving Learner Query during Session’, ‘Navigation Support’, and

’Learner Feedback’).
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8.3 Future Scope

The findings of the developed system in this thesis can be used for further research and
development. In the accompanying sections, conceivable future headings are discussed.

Through the findings and discussion of the study’s recommendation and future scope have been
put forward, these are as follows.

. In the future, the implementation of a domain-independent intelligent tutoring system will
be a new sub-domain to be explored. The domain independence reduces the efforts of creating a
whole ITS system.

. Extension of Custom-Tailored Curriculum recommendation in the tutoring system will be
the area to be worked on. There is a need to find out other intelligence techniques for
determining learner’s lack of knowledge of technical terms, which is discussed during the
ongoing learning session. Currently, the Custom-Tailored Curriculum module recommends the
Learner-Centric learning path based on the prior knowledge of the learner at the beginning of the
learning session.

. In this research work, the CNN based emotion recognition module is used to track the
learner's emotion during the ongoing learning session. In the future, facial expression can be
considered as a key parameter for pedagogy flipping (when the learner is not happy with the
recommended pedagogy) during the ongoing learning session.

. This research work considers only twelve Tutoring Strategy (the combination of one
Learning style with the one Learning profile). In the future, the combination of more than one
learning style with one learning profile can be considered for ITS.

130



REFERENCES
[1] H. S. Nwana, (1990). "Intelligent tutoring systems: An overview". Artificial Intelligence
Review 4: 251-277.
[2] Wenger, E. (1986). Artificial intelligence and tutoring systems: Computational approaches to
the communication of knowledge. Univ. of California, Irvine.
[3] P. Baffes, and R. Mooney, “Refinement-Based Student Modeling and Automated Bug Library

Construction”, In Journal of Artificial Intelligence in Education, vol 7(1), pp. 75-116 (1996).

[4] Chou, C. Y., Chan, T. W., & Lin, C. J. (2003). Redefining the learning companion: the past,
present, and future of educational agents. Computers & Education, 40(3), 255-269.

[5] Conati, Cristina, Abigail S. Gertner, Kurt VanLehn, and Marek J. Druzdzel. "On-line student
modeling for coached problem solving using Bayesian networks." In User Modeling, pp. 231-
242. Springer, Vienna, 1997.

[6] Zapata-Rivera, D., Greer, J., Interacting with Inspectable Bayesian Student Models.
International Journal of Artificial Intelligence in Education, 14, 127 — 168, (2004).

[7] Kavcic, A., Pedraza-Jiménez, R., Molina-Bulla, H., Valverde-Albacete, F. J., Cid-Sueiro, J.,
& Navia-Vazquez, A. (2003, September). Student modeling based on fuzzy inference
mechanisms. In The IEEE Region 8 EUROCON 2003. Computer as a Tool. (Vol. 2, pp. 379-
383). IEEE.

[8] T. Wang and A. Mitrovic, “Using neural networks to predict student's performance”, In Proc.

Of International Conference on Computers in Education, pp-969-973 (2002).

[9] Freedman, R., Ali, S.S. & McRoy, S. (2000). Links: what is an intelligent tutoring system?
Intelligence, 11, 15-16.
[10] Beck, J.E. & Chang, K.M. (2007). Identiability: A fundamental problem of student

modeling. In Proceedings of the 11th international conference on User Modeling, UM '07,
137{146, Springer-Verlag, Berlin, Heidelberg. 32, 36

[11] Katsionis, G., & Virvou, M. (2004). A cognitive theory for affective user modelling in a
virtual reality educational game. In Proceedings of 2004 IEEE international conference on
systems, man, and cybernetics (pp. 1209-1213).

[12] M.W. Evens, S. Brandle, R. Chang, R. Freedman, M. Glass, Y.H. Lee, L.S. Shim, C.W.
Woo, Y. Zhang, Y. Zhou, J.A. Michael, & A.A. Rovick, “CIRCSIM-Tutor: An intelligent
tutoring system using natural language dialogue”, in Proc. Twelfth Midwest Al and Cognitive
Science Conference, Oxford, pp. 16-23 (2001).

[13] Gertner and K. VanLehn, “Andes: A coached problem solving environment for physics”,
In Proc. 5th International Conference. Intelligent Tutoring Systems, Berlin, pp. 133-142
(2000).

131



[14] Vicari, R., Flores, C. D., Seixas, L., Gluz, J. C., & Coelho, H. (2008). AMPLIA: A
probabilistic learning environment. International Journal of Artificial Intelligence in
Education, 18(4), 347-373.

[15] Mitrovic, A. (2003). An intelligent SQL tutor on the web. International Journal of Artificial
Intelligence in Education, 13(2-4), 173-197.

[16] Khuwaja, A. Ramzan, M.W. Evens, J.A. Michael, and A.A. Rovick, “Architecture of
CIRCSIM-Tutor (v.3): A smart cardiovascular physiology tutor”, In Proceedings of the 7th
Annual IEEE Computer-Based Medical Systems Symposium, Winston-Salem, NC, pp.-158-
163 (1994).

[17] Naser, S. S. A. (2008). JEE-Tutor: An Intelligent Tutoring System For Java Expressions
Evaluation. Information Technology Journal, 7(3), 528-532.

[18] Chien, T. C., Yunus, M., Suraya, A., Ali, W. Z. W., & Bakar, A. (2008). The Effect of an
Intelligent Tutoring System (ITS) on Student Achievement in Algebraic Expression. Online
Submission, 1(2), 25-38.

[19] L. Wolcott, “The Distance Teacher as Reflective Practitioner”, Educational Technology 1,
1995, pp. 39-43.

[20] Weber, G., & Brusilovsky, P. (2001). ELM-ART: An adaptive versatile system for Web-
based instruction.

[21] Gerdes, A., Heeren, B., Jeuring, J., & van Binsbergen, L. T. (2017). Ask-Elle: an adaptable
programming tutor for Haskell giving automated feedback. International Journal of Artificial
Intelligence in Education, 27(1), 65-100.

[22] Lo, J. J, Chan, Y. C., & Yeh, S. W. (2012). Designing an adaptive web-based learning
system based on students’ cognitive styles identified online. Computers & Education, 58(1),
209-222.

[23] Lawler, R. W., & Yazdani, M. (Eds.). (1987). Artificial Intelligence and Education:
Learning environments and tutoring systems. Intellect Books.

[24] Kearsley, G. (2005). Online learning: Personal reflections on the transformation of
education. Educational Technology.

[25] B.F. Skinner,“Teaching Machines,” Science 128.

[26] Uhr, L. (1969, August). Teaching machine programs that generate problems as a function
of interaction with students. In Proceedings of the 1969 24th national conference (pp. 125-
134).

[27] Sleeman, D., & Brown, J. S. Introduction: Intelligent Tutoring Systems. Intelligent
Tutoring Systems, Ed. Academic Press, 1-11, (1982).

[28] Woods, P., & Hartley, J. R. (1971). Some learning models for arithmetic tasks and their
use in computer based learning. British Journal of Educational Psychology, 41(1), 38-48.

[29] Suppes, P. (1967). On using computers to individualize instruction. The computer in
American education, 11-24.

132



[30] Chakraborty, S., Roy, D. and Basu, A., Development of Knowledge Based Intelligent
Tutoring System, TMRF e-Book, Advanced Knowledge Based Systems: Model Applications
& Research . (Eds. Sajja & Akerkar), 1, 74 — 100, (2010).

[31] Nawaz, M. S., Hassan, M. and Shaukat, S. (2014), Impact of Knowledge Management
Practices on Firm Performance: Testing the Mediation Role of Innovation in the
Manufacturing Sector of Pakistan, Pakistan Journal of Commerce and Social Sciences, Vol.8
(1), pp-99- 111.

[32] Lytras, M., Pouloudi, A. and Poulymenakou, A. (2002), Knowledge management
convergence - expanding learning frontiers, Journal of Knowledge Management, Vol. 6, Iss 1,
pp. 40-51.

[33] Wu, I. L. and Chen, J. L. (2014), Knowledge management driven firm performance: The
roles of business process capabilities and organizational learning, Journal of Knowledge
Management, Vol.18, Iss 6, pp.1141-1164.

[34] Nonaka, I. (1994), Dynamic Theory of Organizational Knowledge Creation, Organization
Science, Vol.5, No.1, pp.14-37.

[35] Pathirage, C., Amaratunga, D. and Haigh, R. (2007), Tacit knowledge and organizational
performance: Construction industry perspective, Journal of Knowledge Management, VVol.11,
No.1, pp.115-126.

[36] O’Dell, C. and Grayson, J. (1998), If Only We Knew What We Know, The Free Press,
New York.

[37] Baumard, P. (2002), Tacit knowledge in professional firms: The teaching of firms in very
puzzling situations, Journal of Knowledge Management, VVol.6, No.2, pp.135-151.

[38] Borges, R. (2013), Tacit knowledge sharing between IT workers: The role of organizational
culture, personality, and social environment, Management Research Review, VVol.36, No.1, pp.
89-108.

[39] Nonaka, I. (1998), The Knowledge Creating Company, Harward Business Review on
Knowledge Management, USA, pp. 21-46.

[40] Polanyi, M. (1966). The logic of tacit inference. Philosophy, 41(155), 1-18.

[41] Polanyi, M. (1998), Personal Knowledge. Towards a Post Critical Philosophy, Routledge,
London.

[42] Berente, N. (2007), http://filer.case.edu/~nxb41/tacit.html,

[43] Hodgkin, R. (1991) , Michael Polanyi - Prophet of life, the universe and everything, Times
Higher Educational Supplement, September 27, pp.15-21.

[44] Linde, C. (2001), Narrative and social tacit knowledge, Journal of Knowledge
Management, Vol.5, No.2, pp.160-170.

[45] Chen, L. and Mohamed, S. (2010), The strategic importance of tacit knowledge
management activities in construction, Construction Innovation, Vol. 10 Iss 2 pp. 138 — 163

[46] Nonaka, I. and Takeuchi, H. (2004), Theory of organisational knowledge creation, in
Takeuchi, H.

133


http://filer.case.edu/~nxb41/tacit.html

[47] Jones, S., & Eden, C. (1981). Modelling in marketing: explicating subjective
knowledge. European Journal of Marketing.

[48] Cropper, S., Eden, C., & Ackermann, F. (1990). Keeping sense of accounts using
computer-based cognitive maps. Social Science Computer Review, 8(3), 345-366.

[49] Huff, A. S. (1990). Mapping strategic thought. John Wiley & Sons.

[50] Bougon, M. G. (1983). Uncovering cognitive maps: The Self-Q technique. Beyond
method: Strategies for social research, 173487.

[51] Ambrosini, V., & Bowman, C. (2001). Tacit knowledge: Some suggestions for
operationalization. Journal of Management studies, 38(6), 811-829.

[52] Rabionet, S. E. (2011). How I Learned to Design and Conduct Semi-Structured Interviews:
An Ongoing and Continuous Journey. Qualitative Report, 16(2), 563-566.

[53] Brusilovsky, P. , Schwarz, E., and Weber, G.1996. ELMART: An intelligent Tutoring

System on World Wide Web. In C.Frasson, G.Gauthier, & A.Lesgold(Eds). Third International
Conference on Intelligent Tutoring Systems, 1TS-96 (Vol 1086,pp.261-269). Berlin: Springer
Verlag.

[54] D. Wu, “Active Acquisition of User Models: Implications for Decision-Theoretic Dialog
Planning and Plan Recognition,” User Modeling and User-Adapted Interaction, pp. 149-172
(1991).

[55] Baldoni, M.,Baroglio, C., Patti, V. 2001. Structureless, Intention-Guided Web Sites:
Planning Based Adaptation. Proc. 1st International Conference on Universal Access in Human-
Computer interaction, Vol 3. pp237-241

[56] Chen L. H., 2011. Enhancement of student learning performance using personalized
diagnosis and remedial learning system. Computers & Education, 56: 289-299.
[57] Ausubel, D. P. (1963). The psychology of meaningful verbal learning.

[58] Haoran X, Di Z, Fu L W, Tak-Lam W, Yanghui R and Simon H W, 2017. Discover
Learning Path for Group Users: A Proble-based Approach, Neurocomputing.

[59] Tung-Chen, A mining based approach on discovering courses pattern for constructing
suitable learning path, Expert Systems with applications 37 (2010), pp-4156-4167.

[60] Yanyan Li and Ronghuai Huang. 2006. Dynamic Composition of Curriculum for
personalized E-Learning. Knowledge Science & Engineering Institute, Beijing Normal
University.

[61] Karampiperis, P., and Sampson, D. 2004. Adaptive Instructional Planning using
Ontologies. In Proceedings of the IEEE International Conference on Advanced Learning
Technologies(ICALT’04).

[62] Dron.J .2002. Achieving self-organisation in network-based learning environments. Phd
Thesis. University of Brighton.

134



[63] Chen, C. M. (2008). Intelligent web-based learning system with personalized learning path
guidance. Computers & Education, 51(2), 787-814.

[64] Agbonifo, O.C., & Obolo, O. A. (2018). Genetic Algorithm-based Curriculum Sequencing
Model For Personalised E-Learning System.

[65] Seridi, H., Sari, T. and Sellami, M.2006. Adaptive Instructional Planning in Intelligent
Learning Systems. In Proceedings of the IEEE International Conference on Advanced
Learning Technologies(ICALT’06).

[66] Chin-Ming Hong, Chih-Ming Chen, Mei-Hui Chang and Shin-Chia Chen. 2007. Intelligent
Web-based tutoring System with Personalized Learning Path Guidance. Proceedings of the
IEEE International Conference on Advanced Learning Technologies(ICALT’ 07).

[67] E. bonabeau, M.Dorigo and G. Theraulaz. 1999. Swarm intelligence: From Natural to
Artificial Systems, Oxford University Press.

[68] Dahbi, A., Elkamoun,N., Berraissoul,A. 2006. Adaptation and Optimisation of
Pedagogical Paths by Ant’s Algorithm. IEEE Information and Communication Technology
(ICTTA’06)

[69] Bert van den Berg, Rene van Es, Colin Tattersall, Jose Janssen, Jocelyn Manderveld,
Francis Brouns, Hub Kurves, Rob Koper.2005. Swarm-based Sequencing recommendations in
E-Learning. In Proceedings of the 2005 5th International Conference on Intelligent Systems
Design and Applications (ISDA’05)

[70] Jamont, Y Valigiani, G., Biojout, R.,., Lutton, E., 2005.Experimenting with a real-size

man-hill to optimize pedagogical path. In SAC’05 Proceedings, USA

[71] Semet, Y., Yamont, Y., Biojout, R., Luton, E,.2003. Ant Colony Optimization for e-
learning: Observing the emergence of pedagogic suggestions. IEEE Swarm Intelligence
Symposium.

[72] Wang,T.-l et.al.,.2007.Using a style based ant colony system for adaptive learning. Expert

Systems with Application, doi:10.1016/j.eswa.2007.04.014

[73] Ahmed A. K, Molood A.E and Maryam B.I, 2014. A new personalized learning path
generation method: ACO-MAP, Indian journal of Scientific Research. vol 5(1).
[74] Agbonifo, O. C., Adewale, O., & Alese, B. K. (2012). Design of a Neurofuzzy-Based

Model for Active and Collaborative Online Learning. Unpublished PhD Thesis, Federal
University of Technology Akure, 7-8.

[75] Adesuyi,A.T., Adewale, O.S, and Thompson A.F.,(2014) “Ontology-Based
Personalisation System for E-Learning,” International Journal of Computer Science,
Engineering & Technology, 1( 1), 1-11,.

[76] G.R.S. Murthy and R.S. Jadon, “Effectiveness of Eigen spaces for Facial Expressions
Recognition”, International Journal of Computer Theory and Engineering, 2009, Vol. 1(5), pp.
638-642.

135



[77] B.C. Becker, E. G. Ortiz and C. Flori, “Evaluation of Face R Recognition Techniques for
Application to Facebook 5000 Forbes Avve University of Centr” in 8th IEEE International
Conference on Automatic Face and Gesture Recognition, 2008,pp.1-6.

[78] C. Lien, Y. Chang and C. Tien, “A Fast Facial Expression Recognition Method at Low-
Resolution Images”, International Conference on Intelligent Information Hiding and
Multimedia, 2006, pp. 419-422.

[79] D.S.P. Arumugam, “Emotion Classification Using Facial Expression”, International
Journal of Advance Computer Science and Applications, Vol-2(7), 2011.

[80] H. Lu, K. N. K. Plataniotis and A.N. Venetsanopoulos, “MPCA: Mulitilinear Proncipal
Component Analysis of Tensor Objects”, IEEE Transactions on Neural Networks/ a
publication of the IEEE Neural Networks Council, Vol-19(1), 2008, pp. 18-39.

[81] D. Litman and K. Forbes, “Recognizing Emotions from student speech in Tutoring
Dialogues”, proceedings of the ASRU, 2003.

[82] S. D’Mello, T. Jackson, S. Craig, B. Morgan, P. Chipman, H. White, N. Person, B. Kort,
R. el. Kaliouby, R.W. Picard and A. Graesser, “AutoTutor Detects and Responds to Learners
Affective and Cognitive States In”, Workshop on Emotional and Cognitive Issues at the
International Conference of Intelligent Tutoring Systems, 2008.

[83] Woolf, B., Burleson, W., Arroyo, I., Dragon, T., Cooper, D., & Picard, R. (2009). “Affect-
aware tutors: Recognising and responding to student affect”, International Journal of Learning
Technology, 4(3/4), 129.

[84] Mao, X., & Li, Z. (2009). “Implementing emotion-based user-aware e-learning”, In
Proceedings of the 27th international conference extended abstracts on Human factors in
computing systems - CHI EA *09 (pp. 3787-3792). New York, NY: ACM Press.

[85] Mao, X., & Li, Z. (2010). “Agent based affective tutoring systems: A Pilot study”,
Computers & Education, 55(1), 202—-208.

[86] Tian, F., Gao, P., Li, L., Zhang, W., Liang, H., Qian, Y., & Zhao, R. (2014). “Recognizing
and regulating e-learners’ emotions based on interactive Chinese texts in e-learning systems”,
Knowledge-Based Systems, 55, 148-164.

[87] Strain, A., & D*Mello, S. (2011). Emotion regulation during learning. In G. Biswas, S.
Bull, J. Kay, & A. Mitrovic (Eds.), Artificial Intelligence in Education SE - 103 (Vol. 6738,
pp. 566-568). Springer Berlin Heidelberg. doi:10.1007/978-3-642-21869-9_103

[88] Y.Wu, W. LiuandJ. Wang, “Application of Emotional Recognition in Intelligent Tutoring
System”, in Ist International Workshop on Knowledge Discovery and Data Mining (WKDD
2008), 2008, pp. 449-452.

[89] Zhu & chcao 2008

[90] B. Fasel, “Robust face analysis using convolutional neural networks,” in Pattern

Recognition, 2002. Proceedings. 16th International Conference on, vol. 2. IEEE, 2002, pp. 40—
43.

136



[91] Fasel, B. (2002, October). Head-pose invariant facial expression recognition using
convolutional neural networks. In Proceedings. Fourth IEEE International Conference on
Multimodal Interfaces (pp. 529-534). IEEE.

[92] https://www.kaggle.com/deadskull7/fer2013/kernels

[93] Bloom, B. S., Engelhart, M. D., Furst, E. J., Hill, W. H., & Krathwohl, D. R. (1956).
Taxonomy of educational objectives: The classification of educational goals. Handbook 1:

Cognitive domain. New York: David McKay.

137


https://www.kaggle.com/deadskull7/fer2013/kernels

List of Publication

[1] Ninni Singh, Amit Kumar, Neelu Jyothi Ahuja, ‘A Novel architecture for curriculum
sequencing module of adaptive intelligent tutoring system’.Journal of cases of information
technology, Vol 20(3).

[online] Available: https://www.igi-global.com/article/a-novel-architecture-for-learner-centric-
curriculum-sequencing-in-adaptive-intelligent-tutoring-system/207363

[2] Ninni Singh, Amit Kumar, Neelu Jyothi Ahuja, “Implementation and Evaluation of
Personalized Intelligent Tutoring System”, International Journal of Innovative Technology and
Exploring Engineering (1JITEE), volume 8 issue 6C.

[online] Available: https://www.ijitee.org/wp-content/uploads/papers/v8i6¢/F12180486C19.pdf
[3] Ninni Singh, Neelu Jyothi Ahuja, “Bug Model based Intelligent Recommender System with
exclusive curriculum sequencing for Learner-Centric Tutoring”, International Journal of Web-
Based Learning and Teaching Technologies (IJWLTT), Volume 14, Issue 4.
[online]Available:https://www.igi-global.com/article/bug-model-based-intelligent-
recommender-system-with-exclusive-curriculum-sequencing-for-learner-centric-tutoring/234369
[4] Ninni Singh, Neelu Jyothi Ahuja, “Implementation and Evaluation of Intelligence Incorporated
Tutoring System”, International Journal of Innovative Technology and Exploring Engineering
(NITEE), volume 8 issue 10C.

[online] Available: https://www.ijitee.org/wp-content/uploads/papers/v8i10/J98490881019.pdf
[5] Ninni Singh, Neelu Jyothi Ahuja, “Empirical Analysis of Explicating the Tacit Knowledge
Background, Challenges and Experimental findings”, International Journal of Innovative
Technology and Exploring Engineering (IJITEE), volume 8 issue 10C

[online] Available: https://www.ijitee.org/wp-content/uploads/papers/v8i10/J98500881019.pdf

[6] Neelu Jyothi Ahuja, Ninni Singh, Amit Kumar, ‘Development of knowledge capsules for
custom-tailored dissemination of knowledge of Seismic data interpretation’, International
Conference on Recent Advancement in Computer, Communication and Computational Sciences
2016, (ICRACCS-2016)] proceedings in springer series of Lecture Notes on Data Engineering and
Telecommunications. (Scopus indexed).

[online] Available : https://link.springer.com/chapter/10.1007/978-981-10-4585-1 16

138


https://www.igi-global.com/article/a-novel-architecture-for-learner-centric-curriculum-sequencing-in-adaptive-intelligent-tutoring-system/207363
https://www.igi-global.com/article/a-novel-architecture-for-learner-centric-curriculum-sequencing-in-adaptive-intelligent-tutoring-system/207363
https://www.ijitee.org/wp-content/uploads/papers/v8i6c/F12180486C19.pdf
https://www.ijitee.org/wp-content/uploads/papers/v8i6c/F12180486C19.pdf
https://www.igi-global.com/article/bug-model-based-intelligent-recommender-system-with-exclusive-curriculum-sequencing-for-learner-centric-tutoring/234369
https://www.igi-global.com/article/bug-model-based-intelligent-recommender-system-with-exclusive-curriculum-sequencing-for-learner-centric-tutoring/234369
https://www.ijitee.org/wp-content/uploads/papers/v8i10/J98490881019.pdf
https://www.ijitee.org/wp-content/uploads/papers/v8i10/J98500881019.pdf
https://link.springer.com/chapter/10.1007/978-981-10-4585-1_16

Thesis

ORIENALITY REPORT

9% O o 2%

SIMILARITY INDEX INTERMET SOURCES  PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

www_ljitee.or
1 2%
5 Submitted to University of Petroleum and 1
. %
Energy Studies
Student Paper

Ninni Singh, Neelu Jyothi Ahuja, Amit Kumar. "A 1 o
Novel Architecture for Learner-Centric ’
Curriculum Sequencing in Adaptive Intelligent
Tutoring System”, Journal of Cases on
Information Technology, 2018

Pubdication

ﬂ Ninni Singh, Neelu Jyothi Ahuja. "Bug Model
Based Intelligent Recommender System with
Exclusive Curriculum Sequencing for Learner-
Centric Tutoring”, International Journal of Web-

Based Learning and Teaching Technologies,
2019

Fubdication

{11%

hdl.handle.net
Internat Source {:1 u.-"rn

139





