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Visual Analysis of Relatedness in Dynamically Changing Repositories

Coupling Visualization with Machine Processing for Gaining Insights into Massive Data
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1 - Visual Analytics: Definition, Goals and Challenges

Users are increasingly confronted with massive amounts of information containing potentially useful
knowledge, which is implicitly present in the data and needs to be unveiled. Knowledge discovery (KD)
and data mining [5] are research fields addressing the analysis of large data sets with automatic methods.
However, human powerful visual system remains largely unchallenged in recognising complex patterns in
large data. With the aim of getting the best of both worlds, the novel field of visual analytics (VA)
combines automatic analysis with visual methods [2, 4], tightly integrating humans, with their knowledge
and intuition, in the analytical process. VA holds the promise of dealing with large, complex data sets,
which classical information visualisation (IV) cannot directly handle. VA builds upon IV by including
automated analysis in the process of deriving new knowledge: the user is empowered to see patterns, pose
a hypothesis, and then apply further automatic and interactive analysis steps to drill down in data and
confirm or reject the hypothesis. The balance between interactive and automatic analysis, design of VA
workflows, issues of scalability and data quality remain major challenges of the field [1, 3].

2 — Relatedness Analysis in Dynamic Text Repositories and Semantic Knowledge Bases

Despite the increasing use of various modalities, such as audio, video, 3D models, or sensory data, text
remains an essential data type in many domains such as media, research, patent management etc. Analysts
dealing with large text corpora need to gain insight into topical structures of the corpus, discover arising
trends and important events, and identify relationships between entities such as organisations and persons.

The presented visual analysis approach provides methods for identifying patterns in data sets based on
relatedness between the data items, in this case the topical similarity between text documents. A scalable,
incremental (i.e. capable of accommodating data changes) projection algorithm [7], hierarchically clusters
and projects the documents into the 2D plane so that topical similarity is represented by spatial proximity.
The resulting layout is visualised by an information landscape - a visual metaphor (up in Fig. 1) allowing
the user to immediately spot clusters of topically related documents (represented by hills), see their sizes,
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Fig. 1. Visual Analytics combines automatic analysis with
visual methods.

Abstract: We are facing massive amounts of data,
which contain bidden but potentially useful knowledge
and facts. Visual analytics combines antomatic data
analysis  with interactive visualisation, promising 1o
provide the advantages of both.

Besides  their  sheer size, real-world data  sets  are
permanently undergoing changes. As a consequence, visual
and algorithmic methods are required, which are capable
of handling dynamic data. The presented visnal analytics
approach focuses on methods for identifying patterns in
data sets based on (some kind) of relatedness between the
data items. In the example at hand, large growing
document corpora are analysed to identify major topical
clusters and relationships between them, as well as to
discover topical trends, events and temporal correlations.
Additionally, to demonstrate the applicability of the
methods on data other than text, selected techniques are
used for visual exploration and navigation of semantic
knowledge bases (ontologies).
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estimate their topical relatedness, and identify outliers. At the same time temporal developments of the
topical clusters are shown in the stream view (down in Fig. 1). Visualisations are integrated by a
coordinated multiple view framework, so that interactions performed in one view are reflected in the
other(s) enabling interactive topical-temporal analysis of text data [8]. Topical clusters and/or events of
interest can be analysed into depth by retriggering the projection algorithm on the selected data subset.
Entities extracted from the text, such as persons, organizations or locations, can be highlighted and
correlated with the topical clusters. Fast filtering is supported by advanced retrieval techniques.

Finally, to demonstrate the applicability of the described methods on semantic data, which is (in contrast
to text) highly structured with relationships being the central feature of the data type, selected techniques
are employed to realise visual interfaces for explorative navigation and alignment of ontologies [0].

Fig. 2. Topical-temporal visualisation of 6900 news articles.
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