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ABSTRACT

Based on the principle of 'one size fits all', a previously developed e-learning model and learning
system research have been carried out, where differences between learners and students were not
taken into account, the same educational material was provided to each learner or student. The
needs and preferences of researchers and students will change with the introduction of a new
R&D style. The rapid e-learning programs of these days are equipped with online videos, audios,
and desktop recording features for which separate software were required in earlier days.
Students develop their skills and learn better from onscreen teaching material as compared to
printed textual lectures. The result of this to require more adaptive learning & evaluation of e-
learning model based on student knowledge. In this current article adaptive model for e-learning
framework illustrated and fundamentally concentrate on learner modelling module. In order to
meet individual requirements and evaluate the level of learners' performance in a e-learning
environment, students modeling are responsible for fulfilling this requirement.

Keywords: Adaptive Learning, Intelligent e-learning, Student Model, Evaluation, learning
objective.

1.0 INTRODUCTION

Expertise learning framework is teacher-learner models that compute in the intelligent and
adaptive manner. For the purposes of accepting or adjusting teaching-learning processes to meet
individual learner needs, a mechanism is applied based on Fuzzy Logic in Artificial Intelligent
Community. The Student Learning Model in Adaptive Intelligent E-Learning and Evaluation
Environment is expert and intelligent learning model used or access through the Web server. The
original adaptive intelligent Learning and Evaluation Environment is accessible to millions of
students around the world via web enabled computerized systems, allowing them to learn through
this system for free. By making learning available to students individually and as an adaptable
process through the Internet, the adaptive student model is helping over a majority of students to
reach their learning objectives and requirements efficiently and effectively.

In the area of teaching and learning based on their adaptation to knowledge level of user’s [1]
and other characteristics are background, hyperspace, experience, preferences and interests [2].
The influence of learning styles and their impact on the achievement of teaching has not been
given as much attention. In spite of realty styles of learning are an important method to enhance
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individual learning characteristics for users [3]. It is important to take into account that the
learning style of the students is an important factor in improving the learning performance or
elearning.

Moreover, an equally important issue is the assessment of the effective adapting learning styles
on pupils' performance. In the development of an adaptive intelligent e-learning framework based
on fuzzy-clustering approach [5], to extract relevant terms from pages visited by learners, the
student model is based on an analysis of a web log. In order to predict the interest of students in
delivering learning content from the semantic web, the fuzzy-clustering approach and the
statistical k-means clustering method are used. Brown et al., 2009, carried out an investigation
into Adaptive ELearning Hypermedia that specifically use Learning Styles as their Adaptation
Mechanisms and discovered six of the 10 systems did not appear to publish any quantitative
assessments [6].

The intelligent adaptive student learning and evaluation framework inherits the property of both
web base modern techniques and fuzzy logic, which gives the unique characteristics:

The intelligent adaptive student framework is not dependent on the classroom. The framework
uses same learning environment all over the world any time, not just in class.

The intelligent adaptive student framework based on adaptive knowledge is a cross platform
delivery. The majority of the platform can take advantage of additional web resources sharing
educational material for use in education systems.

The intelligent adaptive student framework provides adaptation of individual. Based on the
knowledge, information and requirements of each student as well as their understanding of the
subject area and teaching methodology, a Flexible Learning Environment has been set up.
Adaptive hypermedia systems have been provided with the intelligent adaptive student
framework. Learning materials and course content were created and organized on a dynamic
basis through the web based hypermedia and multimedia techniques.

The intelligent adaptive student learning and evaluation framework have centralized
maintenance. The only on server maintained systems and study material upload to the users all
over the world.

It is cost effective to use the intelligent adaptive student learning framework. Many learners and
students reuse the learning materials or course content once they have been produced.
Importance of the intelligent adaptation based on level of knowledge. The intelligence of an
adaptive learning system is widely attributed to its availability to adapt to a specific learner or
student during the learning/teaching process. A main characteristic of web/online learning is
adaptation than the one-size-fit and other standalone learning systems. These are:

A much wider range of learners will benefit from the adaptive e-learning system. The system, in
particular learner's design usually not suitable for other students because the learners have very
diverse level of knowledge, goals, backgrounds, learning styles, behavior, preferences or
education qualifications.

There is a rapid increase in the level of knowledge of individual learners. The content pages and
learning materials, which at the beginning are very difficult and complicated for an individual
learner, will be much simpler and less interesting once they've become trivial and tedious to a
single student. With the student learning process, level of knowledge and presentation standard
need to be change.
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In the majority of cases, learners in different parts of the world who do not have teachers or
classrooms to help them with face to face learning assistance can use this system. The system
should be comparable to a classroom counselor, providing training material and helping
individual learners.

The Rest of paper in part2, described current research and relevant problem and defining the
student adaptive intelligent learning and evaluation framework followed by many learner's
models and described the proposed model and present the details of implementation. In
conclusion, section 3 provides a summary and scope of the work to be carried out in this regard.
2.0 KNOWLEDGE BASED ADAPTIVE INTELLIGENT LEARNING AND
ASSESMENT

The importance of the student model in the Adaptive Knowledge Based Learning and
Assessment System is that, in most of the three phases of the adaptive process, details of the
learner, process the information and quiz/test was initialized and updated, and modified using the
student model in order to adapt the information.

In the adaptive system, student models are of greatest importance and very essential. The
adaptation of the system is primarily a choice and presentation of each successive learning
activity as an entire process involving all students' knowledge of the subject in which they have
learned, together with other appropriate factor of learners kept within learner/student framework.
In view of individual learner's needs to update and adapt the interaction with the system using a
student model.

One important point to bear our brain is real power of learning methodology does not come from
repeat something which accomplished elsewhere, but by using it to do what would have been
impossible without it (Thornburg, cited in the NASBE 2001)[7]. Today's examples of eLearning
on the net, largely a small amount of hyperlinks connected with the uploading of lecture notes
and notes in HTML format. The previous observation, the power of eLearning lies in taking
advantage of a broad range of capabilities that technologies are able to provided. Mostly, they
provide teaching materials and assessments adapt the needs of their students or learners. This
should include a web application for real time. Another efficient technology offers multimedia
presentation, the possibility of additional emerging skills, rapid simulations and hypermedia
display.

Adaptive intelligent learning is the main goal of delivering correct and appropriate content to
learners when they need it, at the right time in a way that suits their needs (NASBE 2001)[7].
We're focusing on what we need to do in order to achieve this ambiguous goal within the
eLearning context and synthesizing it. If the knowledge base is spread between different

servers and used appropriately algorithms for teaching-learning through Remote login, this
process shall be carried out. E-learning system Figurel shows the following basic component
or module of a Knowledge Base adaptive System, which is to be introduced in brief:
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Figure 1: A Framework for a Learning Management System consisting of two types of
evaluations.

Content model: Knowledge and skills is the domain of a content model, which is their relative
construction or interconnection. This is expertise module of what is to be learnt and how to
evaluated, which is capture and describe the contents of the course, experiments, illustrations,
along with direction for tutors how to construct content of course material, experiment and
illustrations for the framework. The model connected a hierarchical set of knowledge and skills
on the basis for assessments, diagnosis, guidance and corrective actions.

Learner's/student mode: An individual's experience profile and quiz will be included in the
model of a learner or student, which may also have other characteristics, to capture and analyze
the essential aspects of pupils for their own learning purposes. The measures for assessing the
position of learners on these aspects shall be included in this context.

Instructional model: This model manage and check the content quality, tutorial presentation
and find out mastery of learner's by observing learner's model co-related to model of content,
managing inconsistencies in a conceptual approach and for individual learner prescribed optimal
learning path. The information contained in this model provides a basis for deciding on how
content is presented to the individual learner, when and where intervention should take place.
Adaptive system: In order to demonstrate an adaptive learning model, the adaptive system shall
integrate and use information obtained from previous models.

2.01 CONTENT MODEL

The content models are divided into two categories: the need for an delivery system, as well as
the necessity of course material and contents of leaning to be delivered. We require the
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framework which is automated, durable, versatile as well as sustainable to the delivery side
equation. Content automated means that any content that has been designed in accordance with
the content requirements will be served by the system. Durability means you're living in the
Internet and should be able to provide instruction for more than one user simultaneously.
Versatile means flexibility or adaptability, which requires various levels and order of content to
be used. Sustainable refers to a system that is able to cope with increased demands, e.g. the
provision of more components, maximum users or so on. The subject topics shall be prepared so
a delivery system should be adapted to the requirement of specific students or learners, within
the context of learning material and course contents. The delivery system should be prepared
predictable parts for the each content and course material aggregation, so it can anticipate what
is going to happen. Which means it is necessary to build on a common specification for course
material and all the contents provided by this system. Depending on the content and purposes of
the course material, the issues relating to this system such as grain size will be different.
Student Learning Objective and Outcomes: In particular, the requirement that content be able
to develop a similar specification with current industry R&D associate of student learning
objective and outcomes such as IEEE LTSC 2003[8], IMS Global Learning Consortium 2001[9].
Student learning and Objective and Outcomes (SLOOs) are power-point presentations, small
functional factors, tutorials, activities, practical examples, questions-answers, case-studies
simulations and assessments. But they are used for creating larger collections of teaching
materials, instead of building a castle. In order to meet individual requirements for training and
performance support, SLOOs may be used separately or in combination with computer software,
educational consultants or the learners themselves.

In the modern scenario, SLOOs are assembled in advance of their delivery. During this meeting,
the arrangements are made for the implementation of these earning objectives to achieve the
educational objectives. These collections will be specified using the Advanced Distributed
Learning 2001[10] specification for defining courses. The basic idea is to divide SOLOs
collections in a way that it contains sub-collections, each containing all the educational
components necessary to teach this skill. The Adaptive System may use the hierarchy to
determine what is needed for learning and how it should be learned.

Different level of knowledge frameworks: The establishment of different level of knowledge
framework in the content model for each e-Learning system crucial to establish a dependency
relationship. It provides the basis for the assessment status of a given topic or SLOOs, the
cognitive assessment cause the problem, if any, the instruction or correction of what SLOOs need
to teach in order to solve the problem area or to present a new topic. Different levels of expertise,
abilities or skills may be assigned to each element or node in the framework of expertise level.
We include the some level of knowledge examples are:

Fundamentals Level of Knowledge (FLK) content: It covers meanings, explanation, exercises,
examples, flowcharts, expressions, formulas, and symbols so on, what part of the content they
cover.

Moderate Level of knowledge (MLK) content: It describes systematically one after
information’s, relations between function, sub-functions and so on how part of the contents is
covered.
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Advance Level of Knowledge (ALK) content: It contains the correlation between different
topics/concepts and the definite relationship among FLK and MLK nodes, depicts each and every
into a huge image and addresses the why part of content to be covered.

To restrict the level of knowledge framework every node interrelated of SLOOs to one level of
knowledge helps to ensure the course material break up to relevant brain size, by limited scope
what would be in any single node. This limitation also indicates that distinct approaches are
required for creation of instructions and evaluation. There are a number of different kinds of
knowledge which require different approaches. In order to enhance the level of knowledge, we
propose a further set of guidelines:

The FLK course will introduce straightforward latest ideas, annotations, definitions and formulas
in educational approach although the evaluation of their potential to recognise basic definition,
understand several procedure, rules, etc. would be based on an evaluation of competence with
regard to these concepts.

The MLK will be taught in an experiential environment where the learner/students enhanced
their skill or procedure, solve problems, whereas the evaluation concern the ability of learner's
that actually perform a procedures or apply a rules, not just recognise it.

Finally, ALK instruction is carried out after the learner has been provided with appropriate basic
information (FLK-MLK), then the large image might be explored, may be case studies or well-
designed analogies and so forth, although evaluation comprise student being able to transfer
FLK-MLK to novel areas, explain a system or phenomenon, predict outcome. Each of these
outcome types is represented by the results tests described previously in relation to an electrically
teacher study.

A collection of Student Learning Objectives and Outcomes (SLOOs), which teach or evaluate
any component of a concept or skill, is linked to every node. The simplified hierarchy of elements
(nodes) or framework and correlated level of knowledge is shown in Figure 2.

Figure2: Different level of knowledge frameworks hierarchy
As a general rule, we define various types of knowledge associated with their specific teaching

and evaluation methods. Now the question is: How can we optimize assessment and diagnosis of
different types of outcome, and what will happen when diagnosed? Prior to response the above-
mentioned queries, we present the student framework concern the repository information of
learner‘s current status in relation to the various SLOOs (i.e., domain-related proficiencies).
2.02 STUDENT MODEL:

Information derived from assessment is referred to in the student module, which ensures that
proficiencies are identified. The system uses that information to make a decision on the next step.
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This decision was about customizing and optimising the learning experience in the basis of
adaptive intelligent e-learning. The evaluation is valid and reliable, nevertheless, a crucial
element. One idea is to use known as the Evidence Centre Design Approach for evaluation (e.g.
Mislevy, Steinberg & Almond 1999)[11], allows an instructional designer or whomever to: i).
Determine the states to be build in respect of learner's, i.e. abilities, skill, expertise level of
knowledge and more characteristics which could be evaluate. ii). Define What is the relevant
evidence of a claim, i.e. learner's performance data, to be admissible, which demonstrate
different levels of ability?. iii). Determine the evaluation tasks to be carried out in order to obtain
this evidence.

Assessing the learner: It concern the question of what is to be evaluated in this regard. There
have different kind of adaptation effect for the learner's: 1) Independent domain information:
Includes data on learner's profiles, e.g. cognitive abilities or personality characteristics and
allows the system to select optimal SLOOs sequences and formats for their use. (ii) Dependent
domain information: it describe knowledge level evaluation via pre-quiz and data of performance
to allow the system to initialize a learner model in related to course content, material and SLOOs,
remove those already known, and focus instruction or evaluation or both on weak areas.

The assessment of an individual student's characteristics indicates which content and course
materials are to be provided in relation to a given set of topics or according to the provision of
adequate, alternate formats and media. These steps are part of a valid sequence for the
development of educational systems in various fields: 1) giving the introductory course material
to learner. (ii) Make sure the presentation rules or concepts are followed. (iii) Illustrative
examples and questions should be provided. (iv) Provide opportunities for liberal practice as well
as case studies. (v) To sum up and call for a reflection.

Therefore, one general rule of sequencing may provide simple subject topics than more
complicated ones in these areas, and common rules to deliver certain learning objectives may be
applicable in these areas: Introduction, concepts or rules, with examples, interactive explorations,
practice and direct evaluation of skills or knowledge, reflection and summarised.

Figure 1 shows the combination of the parts that were modified from Quinn, 2001[12]. The
typical way in which content is served based on the assumption of a knowledge gap among
learners, appears at the bottom of this figure. This is due to distinguish between student level of
knowledge and structure of the expert level of knowledge that is represented in the contents
model. Rules of instruction determine the type of knowledge or skill element that needs to
selected next i.e., selecting from a list of un-mastered objects In the upper right hand corner, a
further assessment is presented as another way of adapting instruction to learners' cognitive
abilities, educational style, personality or any other factors that may be important. It gives
information on how to present the chosen knowledge and skills.

2.03 INSTRUCTIONAL MODEL:

For systematic approaches such as those described by Robert Gagne, there are a number of
general and specific guidelines for the design of instruction. Still now, how are going to progress
from the guidelines to the selection of the SLOOs, and why? In order to respond to this question,
we will discuss student model approach which uses few teaching approaches in the framework
of IT system after having drawn up guidelines from Gagne's 1965[13] book "Conditions for
Learning". These procedures constitute learning conditions and, as a result, to set up instruction
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and choose suitable media (Gagne, Briggs & Wagern, 1992)[15]. As they offer clear guidelines
for design of good e-learning environments, we've included them here:

. Gain the student‘s attention (reception).

. Tell student’s about goals and expectations.

. Recall or Stimulate prior learning (retrieval).

. Provide an educational stimulus that is selective in its perception.

. Provide instruction in the use of semantic encoding;

. Elicit appropriate performance (responding).

. To provide feedback, and to reinforce it.

. Assess the learner‘s performance.

. Enhance retention and transfer (generalization).

Applying Gagne's nine steps model is a good way of facilitating successful learning and skills

O 0 3 N v B W N —

acquired through eLearning programmes. In contrast, an e-learning program provides unlimited
access to Web-based documents, no substitute found for developing for instruction. These types
of programs may be valuable as references or entertainment, but their effectiveness in processing
information will not be maximized. A number of key assumptions and principles for the design
of an eLearning system should be taken into account, in addition to those mentioned above.
Generally speaking, knowledge is activity, multiple representations of concepts and rules better
than a single one; it should be realistic and complex for the problem solving tasks in order that
students are able to demonstrate their competence through abstractions and reflection. It has a
broad range of characteristics as regards the appropriate features of an adaptation system:

i. The students would be involved in activities for creating and manipulating of representations.
The student must actively participate in the creation or manipulation of the representations if he
is expected to have a mental model that corresponds to the representation.

ii. For a concept or rule, the content and course material should be illustrated in different ways.
This allows an adaptive engine to provide a single representation of the student, which best
matches, his or her aptitude profile, while simultaneously providing additional representations
so that he or she is able to identify and understand this subject for the first time. Different visual
representations of the same concept, including textual & graphic or different graphical
representations of that concept and various conceptual explanation styles should be part of this
multiple representation.

iii. A finally learning activity that encourages integration and reflection of knowledge acquired
into the whole body of knowledge should be provided to the student. Finally, the system should
provide sufficient support and assistance so that students can spend time learning material rather
than systems. This is to ensure that the student's cognitive effort is concentrated on learning the
material to be presented, rather than learning the system to present it.

How are we going to determine learning objects or objects would be selected, and why, from
these general and specific guidelines? The principle approach to student modelling that works on
the basis of a learning system design where low level knowledge and skills elements are
identified and separated into three main outcomes which have already mentioned, i.e. FLK, MLK
or ALK. SLOQOs, i.e. the online manifestations of knowledge and skills elements, shall be used
to instruct and evaluate students as they move through the training session. If necessary,
additional instruction, evaluation and correction shall be considered for those knowledge
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elements which indicate values below the baseline mastery criterion. If the learner fails to achieve
mastery during assessment, which is followed or directly incorporated into the learning sequence,
remedial action shall be initiated.

It involves assessing students' ability to understand and use the system, with a particular focus
on their preponderance of lifelong skills such as working memory capacity, inductive reasoning
aptitude, investigative behaviour, impulsivity and relationships between learning needs. Another
approach for student modelling using Bayesian inference networks (BINs) to generate estimates
of learner proficiency in relation to the content (e.g. Mislevy, Almond, Yan & Steinberg,
1999)[17].

The following questions are to be answered by SMART and BIN approaches: a).what is the
degree of mastery in this topic currently, b). What causes learners' difficulties, if any? The degree
of accuracy required evaluation into a cognitive recognition is not offered by typical methods for
evaluating success, e.g. passing or failing, correctly solving two successive problems. SMART
and BINs, regardless of the size of the crop, provide mastery of probabilistic values for nodes or
topics The construction of knowledge together with an indication of how well a learning objective
is met, informs the adaptive engine when deciding what to present in terms of teaching decisions.
2.04 ADAPTIVE SYSTEM ENGINE

The basic principles of the adaptive system engine are very easy to understand when it comes to
content models, learner models and teaching models. The first step is to select the node (element
or topic) that will be presented, based on a student's assessment of his knowledge needs. The next
step will be to determine what Learning Areas are presented within this node, sequencing their
flavour according to the characteristics and specific needs of learners. After learner expertise
topics and selection process for a topic would be repeated until all topics will be expert, the
presentation of the LOs shall continue. It's just an overview, but the process itself is more
complicated. Each step of the node selection process should be examined, and the content of the
node or topic should be presented separately.

The choosing of a topic is very simple in our solution, as the Adaptive System Engine will choose
from any nodes or topics that have not yet been resolved and whose prerequisites are successfully
fulfilled. Nevertheless, the generation of a test prior to flying and an assessment that may include
sequence algorithm are other characteristics of our structure. Our Learning Objects every node
has been grouped according to their role within the learning process, and authors' guidelines are
limiting only one of them to a particular role. This means that the system can create a new
collection of nodes, which contain an evaluation task from your original collection, for any
collection of nodes. As a result, a new set of functions is presented as a preliminary test. The
student is presumed to have acquired the relevant content if he or she has passed an assessment
without making a presentation.

When adaptive engine shows objects relating to a specific node or topic, it applies set of rules for
choosing which SLOOQOs will be shown to students in order to display them. These rules shall take
into account the information contained in a learner model, the interaction between students and
nodes to date as well as the content models of each individual SLOO that is included within one
node. The rules allocate priority to each LO within a node on the basis of that information. The
highest priority is given to the student as soon as every LO has been calculated, which means
that it's almost immediately delivered.
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[ustration of how student educational objects works. We've study that every SLOO in node is
assigned initially arbitrary weighted. One rule is to reduce the priority of all SLOOs, except those
that fully fill the role of instruction, if students' interactions with nodes are not sufficiently filled.
i.e. a student has just started in node and thus reduces its priority. These rules ensure that an
introduction type SLOO shall be presented at the beginning of the instruction sequence in
accordance with the default sequence.

On the other hand, consideration should be given to learners who prefer a more flexible
contextualized learning experience, such as learners with a very specific and experimental
nature? To overcome this situation, there is a rule to stets if the learner is highly concrete and
highly experiential and if the learner's interaction with the topic is empty, then increase the
priority of associated assessment-task SLOOs. The second rule has no effect if the learner is not
concrete and experiential. However, if she/he second rules overrides the first then the learner sees
an assessment task at the beginning of the instructional sequences.

The rest of the rules shall examine a set of conditions linked to the teaching instructions and
adjust the priorities of the relevant Learning Objectives in an analogous manner. All of these
rules are intended to provide the student with an appropriate learning object at every stage of the
student's interaction with the node. One of the challenges is to deal with the accuracy of the rule
set; it should be designed in such a way as to provide an authentic and efficient learning
experience for all learners, irrespective of their characteristics.

The use of genetic programming techniques such as (GP; Koza, 1992) [18] for improving the
performance of a rule set is one way to achieve this. Studies have shown that this method is
applied in the design of rule based systems, such as Andre's 1994; Burkedhardt & ei 1995;
Tuntels & Jamshidi 1996[19]. The general approach is that, the algorithms population, each set
of rules is treated as a single set of rules; the rule sets can then be developed according to the
standard GP methods. For our purposes, the interesting feature of GP is that it turns a design task
to create a set of rules that effectively treats the learner, into a recognition task to determine how
well a rule set performs in treating learners effectively.

We think that a substantial sample of learning data can be used to assess the potential experience
of learners in an established set of rules, and we could use this information as basis for our
assessment function driving GP approaches. Further, we believe that the combination of human-
designed rules with computer-driven evolution gives us a high likelihood of success and avoids
many of the risks inherent in rule-based systems.

3.0 CONCLUSION

There are many reasons to pursue adaptive intelligent learning and evaluation frame work in e-
learning to improved learning experience, effectiveness and efficiency. The main potentials for
designing, developing and using best e-learning solutions in the field of online assessment can
be found for student learning purposes. In most cases, an assessment consists of major events in
the learning process and understanding that progress has been made. The current state of e-
learning, where teachers create electronic versions of traditional printed student manuals, articles,
as little more than an online lecture. The adaptive intelligent learning and assessment framework
allows for dynamic ordering of pages to allow the learner to see the right information at the right
time. The Learners worried with adaptive instruction based on their adaptive evolution of
emergence knowledge of content or skill or adjustments of material based on learner styles,
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cognitive abilities for making adaptive instructional decisions We believe that the time has come
for e-learning systems to be developed which are reliable in delivering unique, effective and
engaging training experiences with a view to meeting the need of individual learners. In this
personalised learning environment, rich descriptions of content elements and information about
learners as well as valid logical maps between the learner's characteristics and relevant content
are provided.
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