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Summary. In this paper we present a novel method for qualitative assessment of
educational resources, speciﬁcally ’test problems’. For test problems, the basic elements
of design are in the form of concepts arranged in a hierarchy. Course concept knowledge
can be represented in the form of prerequisite relation based ontology using which,
assessment and information extraction from test problems is possible. Using a schema
based on Web Ontology Language (OWL), course ontologies can be represented in a
standard and sharable way. Some synthetic parameters for the assessment of a test
problem in its concept space are introduced. The assessment system can be further
extended to analyze any type educational resource.
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1 Introduction
The web has greatly facilitated online sharing of course material. There have
been many organized attempts to create large digital courseware libraries to
promote sharing like NIST’s Materials Digital Library Pathway, NSDL Digital
Libraries, OhioLink, ACM Professional Development Center etc. MITŠs Open
Course Ware (OCW) project has more than 1000 course materials freely available, Universia maintains translated versions of OCW courses in 11 languages,
China Open Resources for Education (CORE) has a goal to include Chinese
versions of the OCW. The amount of digital courseware content available online
is huge. Surprisingly, the real sharing of the materials among the educators is
still very low. In OCW it has been noted that only 16 of the users are educators out of which not more than 26 use it for planning their course or teach a
class [1]. Most courseware today, on the web or otherwise is not accompanied
with a conceptual design. There is no well formed encoding principle for capturing and sharing the schema associated with course materials. To make this
digital content reusable, the associated meta data should be consistently represented. Traditionally, concepts maps are used to represent the concept space for
the course knowledge like for biology courses [2] and many other areas however
they are too expressive and consequently contain more semantic relationships
than necessary for eﬀective computation. Ontologies provide a means to eﬀectively map this knowledge into concept hierarchies. Standardization of semantic
K.M. Wegrzyn-Wolska
and P.S. Szczepaniak (Eds.): Adv. in Intel. Web, ASC 43, pp. 349–354, 2007.

springerlink.com
© Springer-Verlag Berlin Heidelberg 2007

350

J. Khan and M. Hardas

representation standards like RDF and OWL oﬀers great technical platform to
represent the concept knowledge space symbolized by ontologies and greatly
improve its machine usability. In this paper we present an approach to course
knowledge representation using ontology in an expressible and computable format using has-prerequisite relationships where concepts involved in teaching a
course are arranged in an hierarchical order of learning. Another original approach for speciﬁcally pointing out areas in ontologies of maximum relevance
called as CSG extraction is given. We investigate the properties of test problems
by following a purely knowledge based approach for assessment using course ontologies. The system has the potential to make the already available test-ware
resources on the web reusable.

2 Course Ontology
Most ontologies today are so extensive in the breadth of knowledge that processing of these ontologies becomes a gargantuan computation task. There needs
to be a way to eﬃciently process the relevant information to give results in
minimum time and complexity of computation. Ontologies are made up of individuals, classes, attributes and relationships. The has-prerequisite relationship
in a course ontology refers to the prerequisite understanding of the child node
needed to understand the parent node. On the whole the course ontology is constructed in such a hierarchical fashion that the children of node represent the
knowledge required to understand the parent node. A node is characterized by
two values namely, self-weight and prerequisite weight, Figure 1. The self-weight
of a concept node is the amount of knowledge required to grasp the concept. To
understand the concept entirely, knowledge of the prerequisite concepts is also
required, which is given by the prerequisite weight of the node. Another value
which characterizes the course ontology representation is the link weight. The
link weight again is the value of the semantic importance of child concept to
the parent concept. Child concepts imperative in the understanding of parent
concepts will have a greater link weights than the others.

Fig. 1. Example Concept space graph, T(A)
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The course ontology is mathematically deﬁned in the form of a concept space
graph (CSG). A CSG is a view of the concepts space distribution in the domain
of a particular course.
A concept space graph T (C, L) is a projection of a semantic net with vertices
C and links L where each vertex represents a concept and each link with weight
l(i, j) represents the semantics that concept cj is a prerequisite for learning ci ,
where (ci , cj ) ∈ C and the relative importance of learning cj for learning ci is
given by the weight. Each vertex i in T is further labeled with self-weight value
Ws (i) and cumulative prerequisite set weight Wp (i).
A CSG with root A is represented as T (A) in Figure 1. For any node in the
CSG, the sum of self-weight and prerequisite weights and the sum of the link
weights for all children is 1.
2.2

Prerequisite Eﬀect of a Node

The notion of node path weight is introduced to compute the eﬀect a prerequisite
node has on a root node through a speciﬁc path. A single node can have diﬀerent
prerequisite eﬀect on a root through diﬀerent paths.
When two concepts x0 and xt are connected through a path consisting of nodes
given by the set [x0 , x1 , ..., xt ] then the node path weight between these two nodes
is given by:
1

l(xm−1 , xm ) ∗ Wp (xm−1 )
(1)
η(x0 , xt ) = Ws (xt )
m=t

In the Figure 2, concept L is connected to B through E and F. Therefore the
prerequisite eﬀect it has on B is dependent on the prerequisite eﬀect both E and
F have on B respectively. From the node path weight calculations we can see
that L has a stronger prerequisite eﬀect on B through F rather than E. This is
because, L is more important to F (0.5) than E (0.15), prerequisite importance
of L is more to F (0.8) than E (0.6) and subsequently F (0.55) is more important
to B than E (0.4). Thus node path weights takes into consideration not only
the singular eﬀect a node has on its immediate parent but also the combined
prerequisite eﬀect a node would have to a root, B in this case, along a certain
path.

Fig. 2. Calculating prerequisite eﬀect of a node along a path; Node path weight
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3 Assessment Approach and Projection Graph
The assessment process is essentially a two step approach. The ﬁrst main step
is the extraction of the relevant concepts from the CSG and is called as ŞCSG
extractionŤ. A generalized CSG can be vast and therefore it is irrational to process the whole ontology. We deﬁne a pruned sub-graph called as projection graph
which cuts the computation based on a limit on propagated semantic signiﬁcance. The pruning is achieved by introducing a variable called as the projection
threshold coeﬃcient (λ). By varying the threshold coeﬃcient the size of the computable projection graph can be varied and thus the semantic signiﬁcance. The
threshold coeﬃcient can be thought of as a parameter which can inversely set
the depth to which the topic has been taught.
3.1

Projection Graph

Given a CSG, T (C, L), with local root concept x0 , and projection threshold coeﬃcient λ, a projection graph P (x0 , λ) is deﬁned as a sub graph of T with root
x0 and all nodes xt where there is at least one path from x0 to xt in T such that
node path weights η(x0 , xt ) satisﬁes the condition: η(x0 , xt ) ≥ λ.

Fig. 3. Projection of concepts B, D and overlapping region

The projection set for x0 is [x0 , x1 , ..., xt ] represented as P (x0 , λ) = [xx0 0 , xx1 0 ,
..., xxt 0 ] where xji represents the ith element of the projection set of node j. The
projections for B and D and the overlapping region of their projections is shown
in Figure 3. All nodes that satisfy the condition of node path weights greater
than threshold coeﬃcient (through any path) are included in the projection.

4 Assessment Parameters
The second step in the assessment approach is to apply the parameters algorithms to the extracted projection graph to obtain the assessment values.
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Coverage

The coverage of a question gives a cumulative prerequisite eﬀect of the projection
graph on the knowledge required to answer a particular question. Coverage of
a concept is a direct indicator to the scope of the question in context of the
concept space of the course. Formally,Şcoverage of a node x0 with respect to the
root node r is deﬁned as, the product of the sum of the node path weights of
all nodes in the projection set P (x0 , λ) for the concept x0 , and the incident
path weight γ(r, x0 ) from the root rŤ. If the projection set for concept node x0 ,
P (x0 , λ) is given by then the coverage for node x0 about the ontology root r is
deﬁned as,
n

α(x0 ) = γ(r, x0 ) ∗
η(x0 , xm )
(2)
m=0

where γ(r, x0 ) is called as the Incident Path Weight and
γ(r, x0 ) =

η(x0 , xn )
η(x0 , xn )
=
Ws (xn )
η(xn , xn )

(3)

Total coverage of multiple concepts in a problem given by set [C0 , C1 , ..., Cn ] is,
α(T ) = α(C0 ) + α(C1 ) + ... + α(Cn ).
The node path weight deﬁnes the prerequisite eﬀect of a node to its designated
root. Therefore the summation of the node path weights of all the nodes in
the projection set gives the cumulative prerequisite eﬀect of the nodes in the
projection graph on their respective mapped concept roots. The concepts in the
projection graph in turn are the concepts which are required to understand a
particular concept, controlled by the threshold coeﬃcient. The coverage is thus,
the amount of knowledge required to answer or rather understand a particular
concept.
4.2

Diversity

Diversity is calculated by measuring the eﬀect of common and uncommon prerequisite concepts from the projections of the mapped concepts. Diversity is
formally deﬁned as Şthe ratio of summation of node path weights of all nodes in
the non-overlapping set to their respective roots, and the sum of the summation
of node path weights of all nodes in the overlap set and summation of node path
weights of all nodes in the non-overlap set.Ť Consider a problem maps to set
of concepts C = [C0 , C1 , ..., Cn ] with projections P (C0 , λ), P (C1 , λ), ..., P (Cn , λ)
and the non-overlapping and overlapping sets given by N = [N0 , N1 , ..., Np ]i and
O = [O0 , O1 , ..., Oq ]j where i and j are the local root parents of any element from
N and O and ∀i, j ∈ C. Diversity is given by,
p
i
m=1 η(i, Nm )
Δ = p
(4)

q
j
i
m=1 η(i, Nm ) +
m=1 η(j, Om )
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4.3

Conceptual Distance

Conceptual distance is a measure of distance between two concepts with respect
to the ontology root. Alternatively conceptual distance measures the similarity
between two concepts by quantifying the distance of the concepts from the ontology root. Formally it is deﬁned as Şthe log of inverse of the minimum value of
incident path weight (maximum value of threshold coeﬃcient) which is required
to encompass all the mapped concepts from the root conceptŤ. The conceptual
distance parameter is designed in such a way that it should be sensitive to the
depth of the concepts. Hence it is a function of maximum threshold coeﬃcient
required to cover all the nodes from the ontology root. Incident path weight (γ)
of a concept to the root is equivalent to the threshold coeﬃcient (λ) required to
encompass the node. If question asks concept set C = [C0 , C1 , ..., Cn ] then the
conceptual distance from the root concept r is,
δ(C0 , C1 , ..., Cn ) = log2 (

1
)
min[γ(r, C0 ), γ(r, C1 ), ..., γ(r, Cn )]

(5)
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