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Communities and Emerging Semantics in
Semantic Link Network: Discovery and Learning
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Abstract—The World Wide Web provides plentiful contents for Web-based learning, but its hyperlink-based architecture connects
Web resources for browsing freely rather than for effective learning. To support effective learning, an e-learning system should be able
to discover and make use of the semantic communities and the emerging semantic relations in a dynamic complex network of learning
resources. Previous graph-based community discovery approaches are limited in ability to discover semantic communities. This paper
first suggests the Semantic Link Network (SLN), a loosely coupled semantic data model that can semantically link resources and
derive out implicit semantic links according to a set of relational reasoning rules. By studying the intrinsic relationship between
semantic communities and the semantic space of SLN, approaches to discovering reasoning-constraint, rule-constraint, and
classification-constraint semantic communities are proposed. Further, the approaches, principles, and strategies for discovering
emerging semantics in dynamic SLNs are studied. The basic laws of the semantic link network motion are revealed for the first time. An
e-learning environment incorporating the proposed approaches, principles, and strategies to support effective discovery and learning is

suggested.

Index Terms—Community discovery, e-learning, emerging semantics, semantic community, Semantic Link Network.

1 INTRODUCTION

THE World Wide Web provides not only a worldwide
information sharing platform but also plentiful con-
tents for Web-based learning. However, the Web’s
hyperlink architecture interconnects Web resources for
browsing freely rather than for learning effectively. There-
fore, how to effectively organize learning resources of
various types to support e-learning in a semantic context
becomes a challenge.

The following three issues are critical for a Web-based e-

learning system to organize resources for effective learning:

1. A self-organized semantic data model that can
effectively organize resources and loosely couple a
query and the structure of organizing resources.

2. Automatically discovering various semantic com-
munities in the network of semantically linked
resources so that operations on resources can be
efficiently executed.

3. Automatically discovering emerging semantic rela-
tions in a dynamic network of resources so that
queries on various relations can be answered
effectively.

To resolve the first issue, we propose the Semantic Link

Network (SLN), a self-organized semantic data model for
semantically organizing resources, which can be abstract

concepts or specific entities such as texts, images, videos,
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and audios. For example, learning resources can be linked
to their classes by the instanceOf link, and a class can be
linked to its superclass by the subtype link. The SLN has the
following features:

1. Itreflects various semantic relations between classes,
between relations, and between entity resources.

2. It is a semantics-rich self-organized network. Any
resource can be semantically linked to any other
resources. There is no strict structure like relational
databases.

3. It can derive out implicit semantic links based on a
set of reasoning rules.

4. The semantics of the network keeps evolving with
various operations on the network.

To resolve the second issue, this paper investigates the
approaches to discovering semantic communities in SLNs
according to the features of SLN. Previous graph-based
community discovery approaches have the following three
major limitations when applied to SLNs: 1) the effect is
unsatisfied because ordinary graphs cannot reflect semantic
relations, and it is incapable of supporting relation reason-
ing and relation query, which is often required in real
applications, 2) the meaning of the discovered communities
is unknown unless we assign semantics on edges and
nodes, and 3) their costs are too high to be used in a large-
scale network.

To resolve the third issue, this paper proposes two
approaches to discovering the emerging semantics in
dynamic SLNs. It is very useful for e-learning systems to
know the emerging semantics of a community and the
emerging semantic relations between resources in the SLN
evolving with interaction between users and the e-learning
system.

Incorporating the above solutions, an e-learning envir-
onment can support discovery and learning in a semantic
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context. The final part of this paper introduces the feature of
such an e-learning environment.

2 RELATED WORK

2.1 On Web-Based Learning

The study of Web-based learning mainly concerns the
applications of computing technologies, especially the Web
technologies to support effective learning on the World
Wide Web. An e-learning system that can select the sequence
of Web resources and link them into a coherent focused
organization for instruction is introduced in [10]. It can
automatically generate an individual learning path from a
repository of XML-based Web resources. A knowledge tree
is suggested as an architecture for adaptive e-learning based
on distributed reusable intelligent learning activities [8].
Many new technologies for e-learning over the Internet are
introduced in [19].

To discover the interested content and the basic semantic
relation in a large-scale network of contents is a basic issue
of realizing effective Web-based learning.

2.2 On Community Discovery and Relation Query

A particular structure often exists in the networks such as
the World Wide Web, citation networks, e-mail networks,
food webs, social networks, and biochemical networks:
nodes are often clustered into tightly knit groups, and edges
are dense within groups and loose between groups. Such a
structure reflects the characteristic of human group behavior
of sharing information. Research on discovering network
community has been done as graph partitioning in graph
theory, computer science, hierarchical clustering in sociol-
ogy, and geographical partition [4], [11], [14], [16], [17], [28],
[35] [36], [39]. One type of algorithms operates on the whole
graph and iteratively cuts appropriate edges. They divide
the network progressively into smaller disconnected com-
munities. The key step of the divisive algorithms is the
selection and removal of appropriate edges connecting
communities.

The idea of betweenness centrality is early proposed by
Freeman [11]. Girvan and Newman proposed a divisive
algorithm (called the GN algorithm) to select the edges to be
removed according to their “edge betweenness” [7], [12],
[22], [23], [24], [25], a generalization of the centrality
betweenness [11]. Considering the shortest paths between
all node pairs in a network, the betweenness of an edge is
the number of the shortest paths through it. It is clear that
when a graph is made of tightly bounded and loosely
interconnected clusters, all of the shortest paths between
nodes in different clusters need to go through these few
intercluster connections, which therefore own large be-
tweenness values. The GN algorithm consists of the
computation of the edge betweenness for all edges in the
graph and in the removal of those with the highest
betweenness value. The iteration of this procedure leads
to the split of the network into disconnected groups, which
in turn undergo the same procedure until the whole graph
is divided into a set of isolated nodes or a predefined
condition (e.g., the number of expected communities) is
satisfied. The communities are differentiated in a strong
sense and in a weak sense in [26].
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It is worth to notice that many clustering algorithms can
be used to discover communities under different conditions
if we regard community discovery as a kind of clustering
process [32], [34].

In real-world networks, nodes and links contain some
information and may indicate certain semantics. If nodes
are assigned with semantics, heuristic methods can be used
to reduce the cost of operating the whole graph. The
similarity or dissimilarity between nodes can be measured
if nodes are represented by a set of features. Based on the
dissimilarity between nodes, the minimum spanning trees
generated from the original network can be used to
efficiently regionalize socioeconomic geographical units
[4]. A physics-based approach is proposed to find commu-
nities efficiently by using the notions of voltage drops
across networks [36].

Semantic relation discovery is an important issue for
network application. Aleman-Meza et al. propose an
approach to discovering various semantic associations
between reviewers and authors in a populated ontology
to determine a conflict degree of interest [3]. This ontology
was created by integrating entities and relationships from
two social networks: friend-of-a-friend and coauthor social
networks. Matsuo et al. propose a social network extraction
system, POLYPHONET, employing several techniques to
extract relations of persons, detect groups of persons, and
obtain keywords for a person [21]. Approaches to learning
the social network from incomplete relationship data are
proposed [20]. It assumes that only a small subset of
relations between individuals is known; therefore, the social
network extraction is translated into a text classification
problem. Cai et al. discuss the approach to mining hidden
communities in heterogeneous social networks [9].

The topological structures of three real online social
networking services, each with more than 10 million users,
are compared and analyzed in [2]. Kumar et al. present a
series of measurements of two such networks with more
than five million people and 10 million friendship links,
annotated with metadata capturing the time of every event
in the life of the network [18].

Pujol et al. discuss the issue of calculating the degree
of reputation for agents acting as assistants to the
members of an electronic community and give a solution.
Usual reputation mechanisms rely on the feedback after
interaction between agents [31]. An alternative way to
establish reputation is related with the position of each
member of a community within the corresponding social
network. The group formation issue in a large social
network is also discussed in [5].

The growth of social networking on the Web and the
properties of those networks have created a great potential
for producing intelligent software that integrates users’
social network and preferences. Golbeck and Hendler
assign trust in Web-based social networks and investigate
how trust information can be mined and integrated into
applications [13]. Hossain et al. draw on network centrality
concepts and coordination theory to understand how a
project’s team members interact when working toward a
common goal [15]. A text-mining application based on the
constructs of coordination theory was developed to
measure the coordinative activity of each employee. Results
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show that high network centrality is correlated to the ability
of an actor to coordinate actions of others in a project team.
Yang et al. studied the approach to community mining in a
signed social network [37]. An approach to discovering
global network communities based on local centralities is
proposed [38].

2.3 On Semantic Web and Semantic Link Network

Berners-Lee et al. proposed the notion of Semantic Web [6],
which has become a research area. The URI (www.w3.0rg/
Addressing/URL/URI_Overview.html) is used to uniquely
identify resources. XML (www.w3.0org/XML/), RDF
(www.w3.0rg/RDF/), and OWL (www.w3.0rg/TR/owl-
features/) try to describe the semantics of resources from
structural, relational and logical points of view, respectively.
SPARQL (www.w3.0rg/TR/rdf-sparqgl-query/) serves as
the query language of the Semantic Web. The SLN was
proposed as a semantic data model for organizing various
Web resources by extending the Web’s hyperlink to a
semantic link.

SLN is a directed network consisting of semantic nodes
and semantic links. A semantic node can be a concept, an
instance of concept, a schema of data set, a URL, any form
of resources, or even an SLN [40]. A semantic link reflects a
kind of relational knowledge represented as a pointer with
a tag describing such semantic relations as causeEffect,
implication, subtype, similar, instance, sequence, reference, and
equal. The semantics of tags are usually common sense and
can be regulated by its category, relevant reasoning rules,
and use cases. A set of general semantic relation reasoning
rules was suggested in [40] and [42]. If a semantic link exists
between nodes, a link of reverse relation may exist, e.g.,
A—isSouthOf ¥ B is the reverse link of B—isNorthOf ¥ A,
where isSouthOf and isNorthof are common sense. A
relation could have a reverse relation. Relations and their
corresponding reverse relations are knowledge for support-
ing semantic relation reasoning. SLN is a self-organized
network since any node can link to any other node via a
semantic link.

SLN has been used to improve the efficiency of query
routing in P2P network [43], and it has been adopted as one
of the major mechanisms of organizing resources for the
Knowledge Grid [40]. Pons has successfully applied the
SLN to object prefetching and achieved a better result than
other approaches [30].

In the following, we extend the previous SLN model to a
self-organized semantic data model. For simplicity, SLN
denotes both the SLN as a model and the network of
semantic links in this paper.

3 THE SEMANTIC LINK NETWORK—
A SELF-ORGANIZED SEMANTIC DATA MODEL

3.1 The Basic Semantic Link Network Model
Various explicit and implicit semantic relations in the world
constitute various SLNs, which can be formalized into a
loosely coupled semantic data model for managing various
Web resources. It consists of semantic nodes, semantic links
between nodes, and a set of relational reasoning rules like
D) (i.e. the connection of semantic relation and

semantic relation implies semantic relation ).

As a data model, an SLN consists of the following parts,
as shown in Fig. 1:

Primitive Semantic Space

Society
7 * -
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1:[ Interaction
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Fig. 1. The SLN model and relevant techniques. The dashed block
represents relevant techniques for creating and using the SLN.

1. Primitive semantic space. It specifies the semantics
of semantic nodes and semantic links. It consists of
the classification trees on concepts, which can also
represent relations, reasoning rules, and basic data
types. In a classification tree, the root concept is
classified by its subconcepts, which can be further
classified by finer subconcepts. The semantic
distance between two concepts in a classification
tree is the sum of their distances to the nearest
common ancestor. Usually, the first level of the
classification trees regulates common sense, and
the second-level regulates domain common sense
like ACM CCS. Users can use their own keywords
to tag semantic nodes and semantic links by
extending the classification. The frequently used
user-defined tags can be regarded as common
sense by linking them to existing classes (concepts),
but other user-defined tags should be given
detailed explanations. A semantic node in an SLN
can be represented as name: field or a schema
of data sets hname: field;...;name: field, where
name and field respectively represents the attri-
bute and its data type in this case. A field can also
refer to the path from a root to the class in the
classification tree. The field can be default if it is a
common sense. A semantic link is denoted as
name: SemanticNode; SemanticNode . The primi-
tive semantic space is shared by all participants
and evolves with their use of the space in
managing the expanding resources. The classifica-
tion trees exist in nature and society. In a large
social network, each individual can only know a
part of it.

2. Metric space. It values the semantic nodes and
semantic links. The value of a semantic link is in
positive proportion to the following three factors:
1) the values of its two ending nodes, 2) the times of
its occurrence in an SLN, and 3) the times it
participates in reasoning. The value of a semantic
node is in positive proportion to the values of its
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neighbor nodes. The metric space also determines
the probability over the SLN. The probability of the
existence of a semantic link is in positive proportion
to the probability of the existence of its precondition
relations of a reasoning rule. The probability of the
existence of a node is determined by the probability
that it belongs to a classification in the semantic
space.

3. Abstract SLN. It consists of abstract semantic nodes
and abstract semantic links, which connect semantic
nodes by abstract relations. An abstract SLN can be
regarded as the schema of SLN where semantic
nodes and semantic links are defined in the semantic
space.

4. Instance SLNs. An instance SLN consists of seman-
tic nodes and links instantiated from the abstract
SLN. An abstract SLN can generate several SLN
instances by instantiating its semantic nodes and
semantic links.

The SLN Schema is a triple denoted as SLN-Schema ...

<ResourceTypes; LinkTypes; Rules>. ResourceTypes is a
set of resource types, each of which is represented as

ResourceType ... tname: field jiname: field;...;name
Field :

LinkTypes is a set of semantic link types belonging
to ResourceTypes ResourceTypes, each of which is
represented as

LinkType ... tname: ResourceT ype;ResourceType :

Rules is a set of reasoning rules on LinkT ypes, denoted as
Rules ... f D j: ; 2 LinkTypesg. The field can be
defined by the basic data type, classification trees, or rules
in the primitive semantic space.

The following are two strategies to construct an SLN as a
data model.

Schema-first strategy. Define the SLN schema first and then
instantiate it according to application requirements.

This strategy requires users to share the same schema
information: resource type, link type, and reasoning rules.
This also implies that users have consensus on the primitive
semantic space.

The SLN schema is useful in defining an SLN for special
interested groups or local applications. But it is not
appropriate to define a rigid schema for massive Web
applications, especially where resources are self-organized
and expanding, and relations keep changing.

Self-organized strategy. Users freely define instance SLNs and
their rules and then link them to each other. A linked semantic
data model can be obtained by analyzing existing SLNs,
discovering semantic communities, making abstraction on
semantic nodes and semantic links, and regulating the
semantic structure of semantic nodes.

The self-organized strategy can adapt to the change of
resources and relations. To raise efficiency, queries are more
often routed within the same semantic community than
across communities [43].
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3.2 Operations of SLN
The following are some important SLN operations:

1. Locate all semantic nodes linked to the given node
via a set of given semantic links. If the semantic links
are default, it outputs all nodes linked to the
given node.

2. Locate the semantic community a given node
belongs to.

3. Locate the semantic communities a set of given
nodes belongs to.

4. Locate the semantic community a given semantic
link belongs to.

5. Locate a semantic path connected by a given pair of
semantic nodes.

6. Locate a semantic community that semantically
includes a given semantic community or semantic
node.

7. Delete a semantic link. If it inputs a semantic link,
then it deletes all of the semantic links that appeared
in the SLN. If it inputs a semantic link and two
semantic nodes, it deletes the semantic link between
the two semantic nodes.

8. Add a semantic link to the SLN. It inputs one
semantic link and two semantic nodes and then adds
the semantic link between the two nodes.

9. Delete an isolated semantic node in the SLN.

10. Add a semantic node to the SLN. It inputs a
semantic node, a semantic link, and a target
semantic node in the SLN and then connects
the semantic node to the target semantic node by
the semantic link.

The operations between SLNs “[,” “\,” and “

graph-based operations listed as follows:

are

1. Union. It inputs SLN; and SLN, and then outputs
SLN ... SLN; [ SLN3, the union of two SLNs as a
graph and the union of the rule sets of SLN;
and SLNs,.

2. Intersection. It inputs SLN; and SLN, and then
outputs SLN .. SLN; \SLN, by calculating the
intersection of two SLNs as a graph and the
intersection of two rule sets.

3. Difference. It inputs SLN; and SLN; and then outputs
SLN ... SLN; SLN; by removing their common
semantic links from SLN; and keeping its own rules.

4. Matching. It inputs SLN; and SLN; and then outputs
a matching degree, which can be defined as a
function of the above operations.

SLN also provides the following operation to find the
influence set for high-level applications:

InfluenceSet . Given a relation , find a subset of Rules that

satisfies the following:

1. If appears in the precondition of a rule in Rules, then
the rule is also in InfluenceSet

2. If s the postcondition of a rule in Rules, then the
rule is also in InfluenceSet

3. If there exists a set of rules rules;...; and rule, in
Rules such that they can link with each other for
reasoning and appears in the precondition of rule; or
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in the postcondition of rule,, then InfluenceSet
includes ruleq;...; and rule,.

The influence set of a relation is actually all of the
relations that are influenced by or influence the given
semantic relation.

More operations can be defined for various purposes,
but what is the most basic set of operations? The following
lemma answers this question.

Lemma 1. The basic operation set of SLN consists of the following
four operations: add an isolated node n to SLN AddNode n ;
delete an isolated node n from SLN DelNode n ; add a
semantic link between nodes n and n' in SLN
AddLink ;n:;n':and delete a semantic link  between two
nodes n and n’ in SLN DelLink :n;n’.

First, it is clear that operations in the basic set of
operations cannot be expressed with each other. Second, for
any two SLNs SLN; and SLN_, there exists a series of basic
operations to transform one into the other. SLN; and SLN,
can become the same by continuously applying the basic
operations in the following cases: use DelNode to delete
node n in SLN;j if there exists an isolated semantic node n in
SLN; but not in SLN,, use AddNode to add an isolated
node n to SLN; if there exists an isolated semantic node n
that is not in SLN; but in SLN,, use DelLink to remove
from SLN;j if there exists a semantic link in SLN; but not
in SLN,, and use AddLink to add to SLN; if there exists a
semantic link in SLN; but not in SLN;. Third, operations
between SLNs can be implemented by basic operations
since an SLN can be regarded as a semantic node.
Therefore, the above lemma holds.

3.3 Relational Reasoning of SLN

Two connected semantic links could derive out a new
semantic link if there is an applicable reasoning rule. The
reasoning rules can be regarded as an operation “” on
semantic relations, e.g.,, rule n I np’ n® ¥’
n ¥ n%%can be represented as a calculus on semantic
relations: D) (wesaythat , ,and participate in a
reasoning). Each rule can be assigned a certainty degree
defined in the metric space to represent the recommender’s
confidence on this rule. Table 1 gives some heuristic
reasoning rules for reference.

An SLN can be represented by a Semantic Relationship
Matrix (SRM), where element |;; represents a set of semantic
relations from resource r; to rj, l;; ... eq, and lj; is the reverse
relation of I;;. If there are no semantic relations between r;
and rj, Iij ... I ... null. The SRM of any SLN is unique if the
order of nodes in the matrix is fixed.

Definition 1. The reasoning closure of SLN denoted as SLN is
a reasoning-complete SLN; no new semantic link can be
derived out by applying the reasoning rules.

The reasoning closure SLN can be computed by the
multiplication of the SRM [40]. For a given SRM
M .. M " " the result of Mix My is still a matrix.
Mix Myj means that the ith node can reach the jth node
with the semantic type in matrix M My by two steps.
According to the definition of Mix My, we can define
Mk 1. MK M, and Mi;}‘ ' means that the ith node can
reach the jth node with the semantic types in Mi;'j‘ ! by

TABLE 1
Some Heuristic Reasoning Rules

k 1 steps. Let X be the SRM of the SLN ; then,
X.. M M, My , where k is a positive integer
determined by the recursion procedure. The maximum
number of k is the length of the acyclic longest reasoning
path.

Characteristic 1. An SLN is equivalent to its reasoning closure
in semantics.

For the same SLN, given different reasoning rule sets
will generate different reasoning closures.

Characteristic 2. Two SLNs are equivalent if their reasoning
closures are the same.

Reasoning on SLNs only depends on its reasoning rules;
multiple semantic links or paths may exist between nodes
representing relations of different aspects, so the following
characteristic holds.

Characteristic 3. may not be equal to , for

any three sequentially connected relations , , and

Characteristic 4. The connection of two semantic links
(relations) may derive out a new semantic link different from
the existing semantic link between the same pair of nodes, that
is, the generation of a new semantic link depends on the Rules
of SLN.

The above characteristic implies that a network of
semantic links cannot fully determine its semantics. Given
different Rules, a network of semantic links can stand for
different semantics.

The SLN inherits the self-organization characteristics of
the Web’s hyperlink network. It is easy to use, without any
special training. It is a loosely coupled semantic data model
that allows new nodes to be freely added to the network by
establishing the semantic link(s) with existing semantic
nodes. Once established, it supports various relational
qgueries with rich semantic links and semantic relation
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