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Multivariate Network

ANetwork Topology + Node and Edge Attributes

AVisualization is a tradeoff between Topology and Attributes

A Choosing efficient encodings for one aspect often interferes with the ability to
effectively visualize the other.
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The State of the Art in Visualizing Multivariate Networks
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Integrated Overloaded Hybrids Deriving New Attributes Clustering Converting Attributes/Edge to Nodes

Figure 1: A typology of operations and layouts used in multivariate network visualization. Layouts describe the fundamental choices for
encoding multivariate networks. View Operations capture how topology and attribute focused visualizations can be combined. Layout
Operations are applied to basic layouts to create specific visualization techniques. Data Operations are used to transform a network or
derive attributes before visualizations. The colors reflect node attributes (orange), edge attributes (purple), and topology (grey).

Abstract

Multivariate networks are made up of nodes and their relationships (links), but also data about those nodes and links as
artributes. Most real-world networks are associated with several attributes, and many analysis tasks depend on analyzing both,
relationships and attributes. Visualization of multivariate networks, however, is challenging, especially when both the topology
of the network and the attributes need to be considered concurrently. In this state-of-the-art report, we analyze current practices
and classify techniques along four axes: layouts, view operations, layout operations, and data operations. We also provide an
analysis of tasks specific to multivariate networks and give recommendations for which technique to use in which scenario.
Finally, we survey application areas and evaluation methodologies.
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Multivariate Network Tasks




How IS a multivariate network task different
than a regular graph task?

ARely on both the topology of the network and the attributes of the
nodes and edges
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AHowmanyof my collaboratorsare

AWhichclusterhas
AWhatisthe route to getall my errandsdone?

Tasks that rely on the topology of the network and the
of the nodes and edges



MVNYV tasks are applied to topological
structures
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Network and Attribute Characteristics
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Network Types

Layered Trees




Taxonomy of Layouts and Operations
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NodeLink Layouts




Topology Driven Layout Attribute Driven Layouts
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OnNode / OnEdge Encoding
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g:a OnNode / OnrEdge Encoding

Elzerand Wijk, 2014



3::» OnNode / OnrEdge Encoding

Nielsen2009



3::» OnNode / OnrEdge Encoding

Schoffeketal, 2016
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On-Node / On-Edge
Encoding

|s easilyunderstoodby most users
Workswell for all typesof networks

Scalability.
Nodesizeleavedlittle spaceto encodeattributes.

Recommendetbr smallnetworkswhenonly a few (usuallyunderfive) attributes on the nodesare
shown,or in combinationwith a zooming/filteringstrategy



Attribute-Driven Faceting
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Well suited for networks with different
node types or with an important
categoricabr set-like attribute.

Attribute-Driven
Faceting

Lessscalablewith respectto the numberof nodesand
network densitythan node-link layouts.

Neighborhoodspaths,and clustersare not easily
visibleif they spandifferent facets.

Recommendetbr networkswherenodescanbe separatednto groupseasily
andwherethesegroupsare centralto the analysis



Attribute-Driven Positioning
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Well suitedfor quantitative attributes _ _
Attribute-Driven

Positioning

Doesnot lenditself well to visualizinghe
topologyof the network.

Recommended for smaller,sparsenetworkswhererelationshipsdetweennodeattributes are
paramountto the analysistask,andtopologicalfeaturesonly providecontext
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Adjacency Matrix

m O O ©® >»

|dealfor denseand completely
connectednetworks

Requiregjuadraticspacewith respectto the
numberof nodes.

Complexityof choosingthe right reordering
algorithm

Recommendetbr smaller,complexand densenetworkswith rich nodeand/or edgeattributes,
for all tasksexceptfor thoseinvolvingpaths
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Well suitedfor layerednetworks ‘ O
Linksbetweennonconsecutivdayerscanbe
problematicto integrateand non-intuitive

Recommendetbr layeredor k-partite networkswith limited skiplinks.
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Can be used to visualizerich 1 : l 1 -

edge attributes and node
attributes at the sametime

BioFabric

More difficult to discovemeighbors
and clustersin Biofabriccompared
to matrices.

Recommendetbr small,sparsenetworkswith manynodesandrich edgeattributes
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