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Table 1. Properties matrix of prominent types of information network in conjunction
with BisoNets (A=Attributed, T=Typed, H=Hierarchical, W=Weighted, D=Directed
and M=Multi relation)

Information Units Relations
A T H A T W D M

Ontologies X X
Semantic Networks X X X

Topic Maps X X X X X
Weighted Networks X

BisoNets X X X X X X X X

often has to be done manually. Moreover, not all data sources do possess the
required semantical information to assign the right type and therefore manual
annotations of the integrated information units and relations might be required.
If information units and relation types are abandoned, the integration of data
from heterogeneous sources is much easier but it might make the comprehension
of the integrated data more difficult. As a result, BisoNets support typed infor-
mation units and relations and allow their usage if the integrated data sources
provide this information, however they are not mandatory. In contrast to topic
maps, BisoNets also support weighted relations, thus allowing not only the inte-
gration of facts but also pieces of evidence. BisoNets combine the properties of
the existing network types in order to provide a well-defined and powerful data
structure that provides the flexibility to integrate relations from heterogeneous
data sources.

5 Patterns of Bisociation in BisoNets

Once the information has been integrated into a BisoNet, it can be analyzed in
order to find interesting patterns in the integrated data. One class of pattern is
bisociation. So far, we have identified three different kinds of bisociations [37],
which are described in more detail below.

5.1 Bridging Concept

Bridging concepts connect dense sub-graphs from different domains (see Fig-
ure 6). Bridging concepts employ ambiguous concepts or metaphors and are
often used in humor [34] and riddles [19]. While ambiguity is useful for mak-
ing jokes or telling stories, it is less popular in serious scientific or engineering
applications. For example, the concept of a “jaguar” is ambiguous since it may
refer to either an animal or a car. Metaphors, on the other hand, describe a
form of understanding or reasoning in which a concept or idea in one domain is
understood or viewed in terms of concepts or ideas from another domain. The
statement “You are wasting my time”, for instance, can be seen as a metaphor
that connects the time with the financial domain. Metaphors play a major role in
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our everyday life as they afford a degree of flexibility that facilitates discoveries
by connecting seemingly unrelated subjects [39].

A first approach to detect bridging concepts is the discovery of concept graphs
[35,36] in the integrated data. Concept graphs can be used to identify existing
and missing concepts in a network by searching for densely connected quasi
bi-partite sub-graphs. Once a concept graph has been detected the domains, its
aspect and member vertices stem from, can be analyzed in order to find concepts
graphs, e.g. concepts that connect information units from different domains.

Fig. 6. Bridging concept

5.2 Bridging Graphs

Bridging graphs are sub-graphs that connect concepts from different domains
(see Figure 7). They may lead to surprising information arising from different
domains since they are able to link seemingly unrelated domains (see Figure 7a).
An example of where bridging graph could be used to realize bisociation is the
Eureka act of the Archimedes example [20]. A bridging graph may also lead to
the linking of two disconnected concepts from the same domain via a connection
through and unrelated domain (see Figure 7b).

A first step in the direction of the discovery of bridging graphs is the formaliza-
tion and detection of such domain-crossing sub-graphs [43,44]. The discovered
sub-graphs can be further ranked according to their potential interestingness.
Therefore the interestingness is measured by a so called b-score that takes into
account the size of the connected domains, the sparsity of the connections be-
tween the different domains and the distribution of the neighbors of the bridging
vertices.

(a) (b)

Fig. 7. Bridging graphs
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5.3 Bridging by Graph Similarity

Bisociations based on graph similarity are represented by sub-graphs of two dif-
ferent domains that are structurally similar (see Figure 8). This is the most
abstract pattern of bisociation that has the potential to lead to new discover-
ies by linking domains that do not have any connection except for the similar
interaction of the bridging concepts and their neighbors.

These structurally similar but disconnected regions in a BisoNet can be dis-
covered by means of a vertex similarity based on the structural properties of
vertices. In [53,54] a spatial similarity (activation similarity) and a structural
similarity (signature similarity) based on spreading activation are introduced,
which can be used in combination in order to identify bisociations based on
structurally similar but disconnected sub-graphs.

Fig. 8. Bridging by graph similarity

6 Conclusion

In this chapter we identified several key properties of information units and rela-
tions used in information networks. We provided an overview of different types
of information networks and categorized them based on the identified properties.
These properties reflect the expressiveness and thus the ability of an information
network to model data of a diverse nature.

We further describe BisoNets as a new type of information network that is
tailored to the integration of heterogeneous data sources from diverse domains.
They possess the main properties required to integrate large amounts of data
from a variety of information sources. By supporting weighted edges BisoNets
support the integration not only of facts such as hand curated ontologies but
also of pieces of evidence such as results from biological experiments.

Finally we described three patterns of bisociations in BisoNets. Bridging con-
cepts refer to a single vertex that is connected to vertices from different domains.
These vertices, which belong to multiple domains, might be an indication of am-
biguity or metaphor - metaphors often being used in humor and riddles. Bridging
graphs on the other hand are sub-graphs consisting of multiple vertices and edges
that connect concepts from different domains. These sub-graphs might lead to
new insights by connecting seemingly unrelated domains. Last but not least, do-
main bridging by structural similarity is the most abstract pattern of bisociation
with the potential to lead to truly new discoveries by linking domains that are
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otherwise unconnected, except for the similar structure of their corresponding
sub-graphs.
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