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Abstract

E-learning today shows an exponential growth and there is a
need to develop more flexible delivery processes, which will
add value to the learning experiences of a student during
his/her learning process. The atomic unit of any e-learning
environment is a Learning Object, a reusable digital entity.
These Learning Objects are stored in repositories and
managed by Learning Management Systems in order to
provide a better coverage of concepts to the learner. A close
relative of Learning Object is the Knowledge Object which is
an essential unit of a Knowledge Management System. In
this research paper, a way is proposed to converge these
objects together and most similar Learning Knowledge
Objects delivered to a student using hierarchical clustering
techniques. The learning experience is more valuable for a
student especially for those with higher order thinking skills.
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Introduction

One of the biggest impacts of technology on the
education domain is the development of the Learning
Management System (LMS) which is capable of storing,
sharing and imparting knowledge to the learner.
Almost all research and academic institutions own and
archive a great number of documents like lesson plans,
studying material and research related resources. They
are stored and used for a longer period of time by
lecturers, researchers and students to enhance their
academic knowledge. The potential educational value
of these resources is very high. Some of these resources
have already been converted into Learning Objects
(LO), are stored and structured in a meaningful way in
an LMS, thus enriching classical teaching. Experienced
faculty has in depth knowledge in a particular domain.
This tactic knowledge is collected by knowledge

management tools and can be stored in a knowledge
base of a KnowledgeManagementSystem (KMS). These
valuable experience captured helps to retain the
knowledge of an expert, even when he leaves the
organisation. This unstructured tacit knowledge can be
converted into structured knowledge, by adding an
objective, and metadata to it. This Knowledge Object
(KO) and the Learning Object forms a digital entity.
These can be converged and made available while
teaching a module in a curriculum. Thus, the learning
material defined for a particular subject and the in
depth knowledge of experts in the same subject can be
combined and delivered as one whole unit to the
students while learning. This can be considered as
Learning Knowledge Object (LKO). The objects are
delivered based on various attributes like publisher,
domain, title, education level, type etc. Text similarity
matching of LO & KO can be very useful for
identifying the different LKO having similar content.
In this paper, data mining techniques are used to
group objects based on similarity measures. Also
hierarchical clustering algorithm is used, so that a
reduced set of relevant objects are delivered.

Literature Survey

A LO, according to the experts is a reusable digital
entity used as one of the core elements of the LMS.
These LOs are structured in a meaningful way and
have a Learning Objective (IEEE LTSC, 2002; Barron
2000; Wiley 2000; Gallenson 2002). A LO refers to any
digital educational resource and lesson provided
during a technology-supported learning. Many
structures of the LOs have been proposed and its key
features are: - a) Learning objective b) Metadata c)
Assessment d) Performance goal (Wagner 2002;
SCORM, 2005; Mortimer, L.2002; Gallenson, 2002;
Metros, 2002-03). Basically LO comprises an asset
(image, text, video, web page) and an information
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object that teaches a single concept. The smallest level
of granularity of an object can be a picture or a text and
at the largest level can be a set of courses (Wiley &
Gibbons, 2000).

A metadata is a structured information that helps to
fetch and manage a LO, it provides the description that
facilitates and administrates LMS. The various
metadata standards for Learning Objects are Dublin
Core Metadata (Dublin core, 2012), IEEE Learning
Object Metadata (IEEE LTSC), IMS Global Learning
Consortium (IMS, 2006).

Knowledge Object is defined as a record of information
that serves as a building block in a KMS. It has content,
knowledge base, rules to identify and categorise
knowledge components (Merrill, 2006). Horton (2001)
said, “A KO is an electronic content, that should consist
of a goal, content, metadata and security information”.
A KO is a tightly integrated bundle of ideas, related
information and experiences. KOs are closely related to
LOs or a part of a LO (Ruffner & Nina, 2008).

An online delivery of complex LOs, results in high
quality outcome for students (Ellis 2006). A new
knowledge-based model for representing LO instances
can shift the reuse dimension from component-based to
generative reuse in LO domain (Stuikys, 2007).

A Knowledge Puzzle Content Model which creates
pertinent LKOs that can be adapted to fit a particular
instructional theory and a particular learner model was
proposed by (Zouaq 2007). Ontology of learning object
repository (LOR) can be used for pedagogical
knowledge sharing (Wang, 2008). By exploiting KMSs
functionalities in LORs would bare the potential to
support the organization and sharing of educational
communities’ explicit knowledge (Demetrios 2013).

The e-Learning system can be used to enhance
knowledge management in an organization and
provide the benefits of both (Walid Qassim 2011).

Data mining techniques facilitate organisation,
extraction and delivery of the LO. A cluster analysis is a
collection of statistical methods that identifies a group
of samples that behave similarly or show a similar
characteristic. The clustering algorithms are broadly
classified as hierarchical and non-hierarchical
algorithms. In a non-hierarchical clustering method,
the clusters are constructed according to the distance
measured from a central point. K-mean, K-medoid are
some examples of it. In a hierarchical approach,
clusters are generated by iteratively merging the sub

clusters and generate a tree like structure that reflects
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the relationship between entities. Agglomerative
Nesting (AGNES) and Divisive Analysis (DIANA) are
the two basic types of hierarchical clustering (Han,
2008).

An agglomerative algorithm works by grouping the
data one by one on the basis of nearest distance
measure of all pairwise distances between the data
point. Unlike k-mean, we need not specify the number
of clusters in advance. The hierarchical agglomerative
approach of clustering plays a vital role in domains
such as medical, bioinformatics, information retrieval
taxonomy etc.

Clusters are visualised as a dendogram, as shown in
Fig. 1. A dendogram decomposes data objects into
several levels of nested partitioning. A desired level is
chosen along the y-axis of the dendogram. If we cut
across the dendogram, the number of lines we cross
represents the number of groups that are identified
when objects are clustered. Each merge is shown by a
horizontal line. We can view the data at various levels

AL

FIG. 1 A SIMPLE DENDOGRAM

of granularity.

MNumber of cluifers

Need for a LKO

LMSs mainly helps in centralise and automate training,
assemble and deliver learning content, and enables
reuse of learning modules. The system delivers the
content framed by a teacher or a contributor. Today, a
more knowledge enriched learning is needed by the
user. Ideally, the material that the learner receives for a
topic in a subject must be blended with enhanced
knowledge. It can be saved in the form of KO in the
knowledge base of KMS. There is a need to converge
the LO & KO so that enhanced LKO can be delivered to
the user, thus making an effective use of various
distributed knowledge. LKO helps the student to get an
extra edge of learning and prepare for various forms of
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assessment thereby improving their cognitive skills.
The LKO engages the learner to actively explore, reflect
and produce knowledge rather than recall and
regurgitate. Appending KO to LO, knowledge-pull
occurs in a learning system, thereby enriching the
learning experience of a learner.

Method

Creation of LKO

Step 1. Creation of LMS, inclusion of LOs and
metadata for it.

Step 2. Creation of KMS, inclusion of KOs objects and
metadata for it.

Step 3. Both the objects have metadata. Cleaning of
data is required, before the convergence of LO & KO.

Step 4. A set of common attributes can be considered
for both LO & KO. Based on the user query with
respect to a domain and topic, a set of LO & KO are
retrieved from LMS & KMS respectively and can be
classified using classification techniques like a decision
tree (Sabitha, Mehotra, 2013) or a naive Bayes
algorithm etc., as in Fig. 2.

FG:?—.. .....@-/

Y@

Data
cleaning

IL Convergence

User Query

IL LKO

FIG. 2 CLASSIFCATION OF OBJECTS

Convergence of LO & KO as LKO

The prime concern to obtain the complete knowledge
is by converging LO & KO. The metadata of LO & KO
facilitates convergence. The Dublin Core metadata
standard for LO is considered in the LMS. The LO of
LMS possesses 15 attributes and some of these
attributes are title, subject, contributor, date created,
type etc., Although there are no well defined structure
of metadata for a KO, attributes like title, domain,
author, date created, time, knowledge source, patent,
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types of knowledge are used in the KMS. The LO &
KO can be combined as an object called LKO. Many
ways are proposed for the formation of a LKO.
Extracting document content (LO) to construct a
concept map for each document and by identifying the
important concepts and relations between them,
results in a LKO (Zouaql, 2007). An ontology model
was proposed to generate LKOs based on instructional
theories (Wang, 2008). For the formation of LKO, it is
proposed that KO can be classified with LO through
classification technique (Sabitha, Mehotra 2013). These
LKOs are a self-contained instructional unit and can be
delivered to learners (who have the basic prerequisite)
to improve their pedagogical learning experience.
According to Hodgins (2002), a relevant LO delivered
to the user is one of the key strategies in learning. A
knowledge based generative object model can be
generated by factoring and aggregating knowledge
units within a LO (Vytautas 2007).

Proposed Models for Delivery of LKO

The model of delivery is given in Fig. 3. The classified
objects as shown in Fig. 2 is considered by hierarchical
clustering engine. The clusters are formed for the
LKOs based on the cosine similarity coefficient.
Validity measures like BSS, F-Score can be used to
evaluate the best clusters (Vipin 2007). The advance
learners have some prior knowledge and look for
additional or enhanced knowledge. The clusters with
fewer LKOs are delivered to these learners. Thus, the
objective of delivering is reduced and more relevant
contents are given to advance learners.

Delivered to user

% ' Hierarchical
Learing s h CLUSTERING ENGINE

ManzgementSystem U Similarity
Matrix

Lzarning Objacts

=

Similarity based
Classification of Learning
BKnowledge Objects

s

Knowledge Objects

Fuldiaher
Knowledgz Management System KMS

HOJC©

FIG. 3 DELIVERY OF LKO

Agglomerative Algorithm

Distance is calculated based on: -

1) Single link (minimum): The distance between two

11
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clusters are defined as the smallest dissimilarity
between the points.

2) Complete link: The distance between two clusters
are defined as largest dissimilarity (smallest
similarity) between the points.

3) Average link (average): The distance between
clusters are calculated as the weighted average
dissimilarity (or similarity) value.

4) Ward Criteria: It is an alternative technique
assuming that a cluster is represented by its
centroid. Proximity is measured in terms of sum of
squared errors (SSE), so as to minimise the sum of
squared distances of the points from the cluster
centroid.

The agglomerative algorithm is as follows:-
Compute the proximity matrix (similarity)
Repeat

Merge the 2 clusters which are closer.

Update the proximity matrix to show proximity
between the new cluster and original cluster.

Until one cluster exists.

Cluster Validity Measures

The cosine similarity was used to measure the object
content instead of their metadata.

e Keyword analysis for the clustered objects are
performed.

e Statistical evaluation measures for cluster
validity like compactness and separation are
used.

Compactness: The objects of each cluster
should be as close to each other as possible and
the measure is variance.

Separation: The clusters themselves should be
widely spaced. The measures are within group
sum of squares (WSS), between groups sum of
squares (BSS) and total sum of squares
(TSS).BSS and gap ratio are considered.

Experimental Set-up

Step 1: A set of 60 LOs & 15 KOs are considered and
these are classified objects based on user query for
domain “data mining” (refer Fig. 2). The dataset of
classified objects are shown in Fig. 4.

Step 2: To calculate the proximity (similarity) between
two objects measures like euclidean distance for two
dimensional points are used. Sparse data like
documents, uses Jacquard and cosine similarity
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measure. Here the content of objects are considered to
find the proximity instead of their metadata, so that the
cosine measure is taken.

KEY|OBJECT TOPIC SUBTOPIC CATEGORY|CONTENT

1101 INTRODUCTIONDATA MINING DEFINITION Data mining (knowledge discovery from data)
Extraction of interesting (non trivial, implicit,
previously unksown and poteatially nseful)
patterns or knowledge from buge amount of data

2102 INTRODUCTIONENOWLEDGE | DEFINITION data mining bs 3 step in Knowledge discovery process
‘1]}]5{)0\'1;]{1’

3|LO3 INTRODUCTIONDATA
WAREHOUSE

DEFINITIONdata Isa itory which stores data from

P
VATHUS SONCTCs in an
unified format

4|LO4 KNOWLEDGE |PATTERN DEFINITIONA pattern is interesling il it is easily understod by
DISCOVERY  |EVALUATION humans,

valid on mew or lest

data with some degree of certainty,

patentially useful, navel, or validates
DEFINITIONData in the real world is dirty Jinconsistent and moisy.
5o cleaning is required

5|LO5 PRE DATA
PROCESSING  |CLEANING

6|LO6 PRE DATA DEFINITION Integration of multiple datab data cubes, or files
PROCESSING | INTEGRATIO Combines data rom mulliphe sources into 3 coberent
N store

FIG. 4 DATASET OF LKO
Cosine similarity is calculated as follows:-

Given two vectors of attributes, A and B, the cosine
similarity, cos (0), is represented using a dot product
and magnitude:-

AB _ SILAB,
[AllBl Jziaay <yzrue)?
Step3: The similarity between the content of the objects
(refer Fig. 4) are generated and are shown in table 1:-

similarity = cos(d) =

TABLE 1 SIMILARITY MEASURES

Objectl Object2 Similarity Measure
1 2 0.2877408
1 3 0.04241506
1 4 0.12719396
1 5 0.01491909
1 6 0.06201117
1 7 0
1 8 0.03396251
1 9 0.12719396
1 10 0.03076241
1 11 0.08882356
1 12 0.10597134
1 13 0.07352384
1 14 0.02658609
1 15 0.2022802
1 16 0.01837801
1 17 0.02214211
1 18 0.03992946
1 19 0.05474195
1 20 0.07119731

Step 4: Based on the similarity values given in Table 1, a
75 X 75 matrix is generated and is shown in Fig. 5.
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0.0257
0.0448
0.0229
0.0093
0.0545
0.0257
0.0782
0.0164
0.0054
0
0.0151
0.2055
0.017

0.022
0.0332
0.0392
0.0059
0.0183

0.022
0.0483

0.015
0.0034

0
0.0151
0
0.0334

0

0.0448 0.0229 0.0093 0.05454494 0.02967865
0.0332 0.0392 0.0039 0.01825525 0.02202368
0.0218 0.0416 0.0087 0.01766519 1

0.07815726
0.04826957
0.03330328

0.0218
0.0416
0.0087
0.0177

1
0.0393
0.0562
0.0646
0.0296
0.0584
0.0373
0.0393

0f 0.0103 01297 0.01978079 0.02182096 0.03857769

0.0103 0f 0.0061 0.04134843 0.04155542
0.1297 0.0061 0| 0.01986865 0.00866214
0.0158 0.0413 0.0199 0| 0.01766519 0.02105181
0.0218 0.0416 0.0087 0.01766519 0] 0.03330328

0.03295555
0.0154336

0.0386 0.033 0.01%4 0.02105181 0.03930328 0

0.0177 0.0134 0 0.02581227 0.03619985 0.01534859
0.014 0.0183 0.0093 0.01123443 0.06458372 0.03461639
0.0072 0.021 0 0.0104538 0.02959337 0.01240587
0.0177 0.0234 0.0079 0.02053733  0.058447 0.01331287

0 0.0053 0 0.00944218 0.03732981 0.00689354
0.0286 0.0136 0.0102 0.01290971 0.03927531 0.08544917

FIG. 5 MATRIX OF LKO

Step 5: To generate clusters, data mining tool is used.
The similarity matrix is loaded as shown in Fig. 6 and

hierarchical clustering operators are used.

[AYeE) (T

H-E Dataset (tanD23C. txt)
*:i Define status 1

Target: 0

Input: 75

lustrative : @
E——
Attribute Target Input lllustrative
1 = yes

2 yes

3 yes

4 yes

5 yes

& yes

7 yes

B yes

9 yes

10 yes

11 yes

12 yes

Output

Clustering Results

FIG. 6 MATRIX LOADED IN TOOL

A total of seven clusters is formed as shown in Fig. 7.
Ward’s method is used. It also has the same objective
function as K-mean clustering. The initial cluster

distances in ward's minimum variance method are
defined to be the squared euclidean distance between

points.

d|St(X,Y) :\/(Xl_ yl)z +,..+(Xn _ yn )2
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Clustering results

Clusters

Cluster

cluster
cluster
cluster
cluster
cluster
cluster

cluster

n:

n:

= 3|3 =
b I - ST L R S R

=1

Description Size

-

7

c_hac_1 L
c_hac_2 7
c_hac_3 30
c_hac_4 9
c_hac_5 12
c_hac_6 2
c_hac_7 10

FIG. 7 SIZE OF CLUSTERS

Objects and Clusters

The object id’s and their corresponding clusterid’s are
shown below in Fig. 8a.

For example:-

The contents of the objects of cluster number:
“4” in Fig. 8b are considered for validation and
almost all objects belong to topic “association”
for the domain “data mining”.

The

contents

of the objects of cluster

number: “1” in Fig. 8c have all object belong to
the topic “data integration” for the domain
“data mining”.

Chuster

Cluster
id| m

Chuster
id [ mo
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Chuster

Chuster
il| m

Cluster Chuster Chuster Chuster
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18 [ hacd
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¢ _hac 3 chacd| 12 chac 7
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4

o hac 3| T

=

chae 3| T |chacd| 23 chae 7

7 | chac ]

B |chacd

0

chac 3|10

chacd| | A chac 7

11 | ¢ hac 3

3 |chac3
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o hac 3| 16

chacd| 2 25

chac ]

13 | e hac 3

¢ hae 3
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chac 3|17

¢ hac 4 chae 7

1| hac ]

=

¢ hac 3
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¢ _hac 3

4
51|chacd| ¢ chac T

FIG.8a OBJECT IDS

AND CLUSTER NUMBERS
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i e it pass, the algonthm coents contrmence of items (atteibute valee piirs) in the
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PP stands e freguent patem.

FIG. 8b CONTENTS OF CLUSTER NUMBER: 4
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1os | PREPROCESSING | DATA INTEGRATION DETINITION

SUNITA|

Intepration of smitiple datahases, data cubes, or fles
Combines data from nwuitiple sources mto a coherent
store

L0z | DATA INTEGRATION SCHEMA INTEGRATION CONCEPT

SUNITA

‘Entity xbentification problan senify real workd
ensities from amikipls data sources, e.g., Acust-id 0
B.oust-2

SEEMA | entities fr

Schema mtegration: e.g., A.custid B.custno Integrate
metadata from diferent sources
Entity identification problenr Identify real wodd

10s5 | DATA INTEGRATION SCHEMA INTEGRATION techuiyue

liiple data sowces, ez, Bll Cholon -

=

ol

DATA INTEGRATION SCHEMA INTEGRATION CONCEPT

Thata integrarion” Coebines dara from mulriple
searces ik 2 coherent store

LEENU Schema integration A cust id J B.cusmo

Loy [PRE PROCESSING

DATA INTEGRATION | TYPES

coherent data store

SUNITA |Metadata, correlation anahvsis, data confict detection

FIG. 8c CONTENTS OF CLUSTER NUMBER: 1

Cluster Levels

67

&9
70
71
72
73
74
75
76

Ta

g 3

a1

£ 8B

L T O T o T o o e e e o et (e

(29,51) 0.0824
(3,61) 0.1455
(14,77) 0.1519
(18,19) 0.2280
(5,78) 0.2639
(20,23) 0.2754
(21,25) 0.2757
(33,35) 0.2978
(13,47) 0.3034

FIG. 9 CLUSTER LEVELS

Fig. 9, shows

e At node ‘76’, the child with object id ‘29" and
object id ‘51" are clustered and belong to cluster

3.

As shown in Fig. 9a, the node ‘76’ contains the
objects under the topic “data transformation”

for the domain “data mining”

e At node ‘77, the child with object id ‘3" and
object id ‘61" are merged and belong to cluster

‘3;.

e Atnode ‘78, child with object id ‘14" and node
‘77" are merged.

fa [owicTione  [siBronc OGO [ATER  oovTEM
oiow P A ms Trasfrmaionof s o i
PROCESSING | TRANSFORMATION SABITHA techmiques e Normalization and
Aggreaation Smoathing generalisation
S0 DuA DORALSMION  [ICRWES  SBM jsscasorendendsag e desh
TRANSFORMAT
oy

14

Fig. 9a NODE 76

Best Cluster Selection

Since hierarchical clustering algorithms discover
clusters which are not known prior, the final partitions
of a data set requires some evaluation in most
applications. Finding the quality of the clustering is
necessary and it is measured under three approaches
namely external criteria, internal criteria (proximity
matrix) and relative criteria. Cluster cohesion,
measures how closely are objects related in a cluster
(SSE) and a cluster separation measures, how distinct
or well separated a cluster is from other clusters
(squared error). Separation is measured by the
between sum of squares (BSS). The formula of BSS is
appended below:-
BSS =YX, |G| (m —mi)?
where |Ci | is the size of a cluster.

The compactness of the data is measured by the gap
value while higher value of gap means good clustering.
A good clustering also has high BSS ratio. The
dissimilarity between clusters are considered by the
BSS ratio. A high BSS and gap values are at cluster 7 as
shown in Fig. 10.

Best cluster selection
Clusters BSS ratio Gap
1 0.00:00 0. 0000
2 0.06638 1.4711
3 0.113%9 0. 1090
4 0.1596 0.1314
5 0.2036 0.3781
.1 0.2425 0.2859
7 0.2776 0.5362
8 0.3055 0.0332
L 0.3330 0.1326
10 0.3587 0.0080
11 0.3844 0.0949
12 0.4087 0.1933
13 0.4305 0.1936
14 0.4497 0.0192
15 0.4687 0.0125
16 0.4875 0.0750

FIG. 10 BEST CLUSTER SELECTION

Dendogram

The clustering of data objects is obtained by cutting the
dendogram at a desired point along the Y-axis. The
point can be taken for BSS as 0,0.2776 and for gap ratio
it is 0,0.5362. The line that cut across in the dendogram
is shown in Fig. 11 and crossing seven lines represents
seven groups that are identified when objects are
clustered.
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FIG. 11 DENDOGRAM

Validation

Keyword Search

The following figure shows the objects retrieved for a
word —“support”. Objects 10, 16, 52,53 and 66 belong
to cluster 4.

53 Aprior s e best-known algorithm tomine association  objects ob 153t C:\cabith Wed Aug 33 0.2651
66 it s an algorithm used in market analysis, ltusestwo  objects ok 16.tx C:\sabith Wed Auz 66 0.243722
30 Qbjective: based on statistics and structures of pattems, objects b 1304 C:\sabith Wed Aug 0 01578
16 An itemset satis es minimum supportfthe occurrence  objects b 1164 C:\sabith Wed Aug 16 0.146817
10 Association analysis is the discovery of what are objects o 110t Cilsabith FriAug 10 0.087297
5 ashing is a technique in association mining.A hash-based objects ob 1524 Ci\sabith Wed Aug 52 0054204

FIG. 12 KEY WORD SEARCH

Validity Based on Compactness

The measure used is variance. The total variance of the
entire objects is 0.292994. The total variance of objects
of cluster number 4 is 0.211. Variance and the scatter
plot of cluster number 4 are shown in Fig. 13a, Fig. 13b
respectively.

00 1 U 32 33 58 38 i 11
101 0] 0.0452) 0.067] 0.121433| 0.1166 0.062217| 0.112204( 0086793 0.112204
16) 0.045 0| 0.086| 0.057845| 0.0275] 0.016035| 0.058761 0.024116/ 0.058761
17)0.067) 0.086) 0] 0.060008| 0.0166 0.007582| 0.073818| 0.034357) 0.073818
52|0.121) 0.0578| (.06 0| 0.1024 0.114554| 0.153114| 0021285/ 0.153114
53| 0.117] 0.0275| 0.017] 0.102447 0] 0.072368| 0.035846] 0.143419) 0035846
56(0.062) 0.016| 0.003| 0.114534| 0.0724 0 0.04407) 0.065791 0.04407
58| 0.112| 0.0588| 0.074| 0.153114] 0.0338) 0.04407 0] 0.035078 1
66| 0.087) 0.0241) 0.035| 0.021285| 0.1484) 0.065791| 0.035078 0] 0.035078
71)0.112] 0.0385) 0.074| 0.153114| 0.0358) 0.04407 1] 0.035078 0
VARIANC 0002 0.0007 0.001 0.003049 0.0026 0.001316 0.099385 0.001996 0.099385 0.21113

FIG. 13 a VARIANCE OF CLUSTER 4

0.12

0.08
206 # Seriesl
0.04 -

0.02

FIG. 13b SCATTER PLOT

www jitae.org

Validity Based on Separation

OBJECTS BSS WSS TSS
10 0.0523 0.0531 0.1054
16 0.0346 0.0329 0.0675
17 0.0311 0.047 0.0781
52 0.0588 0.0511 0.1099
53 0.0357 0.0727 0.1084
56 0.0244 0.1134 0.1378
58 0.1929 0.7903 0.9832
66 0.0548 0.0947 0.1495
71 0.1929 0.7903 0.9832
FIG. 14a WSS, BSS OF CLUSTER4
0.9
0.8 — E 3
0.7 -
0.6
0.5
0.4 _ ® Seriesl
0.3
0.2 >
o 2 4 (3 8 10
FIG. 14b SCATTER PLOT OF WSS
Conclusions

The constant evaluation of a LO helps in high quality
of web-based education. Many features are considered
in the creation and delivery of LO like presentation,
content accuracy, learning goals, motivation,
interaction, reusability and accessibility. The quality of
learning content delivered to a user also plays an
important role. Determination of the quality of the
Learning Objects is a challenge in an e-Learning
environment. Though there are thousands of
repositories for Learning Objects, the quality of
retrieved resources varies and the processes involved
are not an easy task. A way to improve the content of
LOs is proposed by converging it with KOs.
Granularity in the context a LO is often used to refer to
the size of an object. Considering the size of
granularity a few closely related objects could be
delivered. The clustering (ward’s)
produces smaller size, reasonable clusters. It minimises
the total within the cluster variance. The idea of using

the above technique is to deliver the closely related

hierarchical

LKOs. To reduce the computational cost, we can firstly
use K-mean clustering and then perform hierarchical
clustering on these small clusters. We can rank the
objects (Xavier Ochoa & Duval, 2008; Sabitha &
Mehotra, 2012) and the best ranked objects can be
classified. Thus a reduced set of objects are considered
for clustering. The hierarchical clustering provides an
advantage by letting the learner to select a number of
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cluster wanted in the output, rather than fixed as a
case of K-mean clustering.

Future Scope

The actual LMS has a mixed type of metadata i.e.,
Metadata may have attribute values that are numeric
or categorical. To consider both parameters as a criteria
for hierarchical agglomerative clustering method, we
can use the spread (data distribution) of clusters as the
merging criteria. For numeric attributes, variance and
for categorical attributes, entropy has been used to
measure the data distribution (spread) in a cluster. The
current method does not take care of usage of the
objects, but the quality of the new method can be rated
with the help of user feedback and the rank of LKO
can be generated and used as a quality metric for
clustering the objects. Further, clustering based on a
similarity index can be used in converging two LMS
and developing a suitable semantic LOR.

Abbreviations

LO: Learning Object

KO: Knowledge Object

LMS: Learning Management System
KMS: Knowledge Management System
LKO: Learning Knowledge Object
LOR: Learning Object Repository
BSS : Between Sum of Squares
WSS: Within Sum of Squares

SSE : Sum of Squared Errors
AGNES: Agglomerative Nesting
DIANA: Divisive Analysis
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