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Multivariate Network

ÅNetwork Topology + Node and Edge Attributes

ÅVisualization is a tradeoff between Topology and Attributes
ÅChoosing efficient encodings for one aspect often interferes with the ability to 

effectively visualize the other.







Multivariate Network Tasks



How is a multivariate network task different 
than a regular graph task?
ÅRely on both the topology of the network and the attributes of the 

nodes and edges
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What isanefficientwayI cancompleteallmyerrands?



Å How many of my collaborators are in the oceanography field?

Å Which cluster has the highest number of collaborations?
Å What is the fastest route to get all my errands done?

Tasks that rely on the topology of the network and the 

attributes  of the nodes and edges



MVNV tasks are applied to topological 
structures

Single Node/Edge Node Neighbors

Cluster

Path

Network/Subnetwork



Network and Attribute Characteristics



Topology

Name:Maya

Age:23

Nationality:Brazilian

GPA:3.8



Name: Maya 
Age: 23

Nationality: Brazilian 

GPA: 3.8



Name: Maya 
Age: 23

Nationality: Brazilian 

GPA: 3.8

Degree: 4



Name: Maya
Age: 23

Nationality: Brazilian
GPA: 3.8

Degree: 4

Name: Pedro
Age: 25

Nationality: Brazilian
GPA: 3.3
DEGREE: 3

Movie

PersonPerson

Movie

Person

Movie

Movie

Person

Name

Age

Nationality 

GPA

Title 

Genre 

Budget



Network Size

Small
<100

Medium 
100-1000

Large
>1000



Network Types

Sparse Dense Layered Trees



Taxonomy of Layouts and Operations
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SeparateViewsfor 

TopologyandAttributes

Multiple layoutsfor 

TopologyorAttributes





Node-Link Layouts
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On-Node / On-Edge Encoding
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On-Node / On-Edge Encoding

Gehlenborg et al. 2010



On-Node / On-Edge Encoding

Elzen and Wijk, 2014



On-Node / On-Edge Encoding

Nielsen, 2009



On-Node / On-Edge Encoding

Schöffel et al, 2016



Recommendedfor smallnetworkswhenonlya few (usuallyunderfive)attributeson the nodesare

shown,or in combinationwith a zooming/filteringstrategy

Scalability.

Nodesizeleaveslittle spaceto encodeattributes.

Iseasilyunderstoodby mostusers 

Workswell for all typesof networks
On-Node / On-Edge 

Encoding



Attribute-Driven Faceting
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Semantic Substrates

Shneiderman and Aris, 2006



Cerebral

Barskey et al. 2008



Lessscalablewith respectto the numberof nodes and

network densitythan node-link layouts.

Neighborhoods,paths,andclustersarenot easily 

visibleif they spandifferent facets.

Recommendedfor networkswherenodescanbeseparatedinto groups easily

andwherethesegroupsarecentralto the analysis

Well suited for networks with different

node types or with an important

categoricalor set-like attribute.
Attribute-Driven 

Faceting



Attribute-Driven Positioning





Graph Dice

Bezerianos et al. 2010



Edge Map

Dork et al. 2011



Recommended for smaller,sparsenetworkswhererelationshipsbetweennodeattributesare 

paramountto the analysistask,andtopologicalfeaturesonlyprovidecontext

Doesnot lend itself well to visualizing the

topologyof the network.

Well suitedfor quantitativeattributes
Attribute-Driven 

Positioning
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Adjacency Matrix

Alper et al, 2013
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Adjacency Matrix

Kerzner et al, 2017
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Adjacency Matrix

Berger et al, 2019
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Recommendedfor smaller,complexanddensenetworkswith rich nodeand/or edge attributes,

for all tasksexceptfor thoseinvolvingpaths

Requiresquadraticspacewith respectto the 

numberof nodes.

Complexityof choosingthe right reordering 

algorithm

Idealfor denseandcompletely

connectednetworks
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Quilts
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Recommendedfor layeredor k-partite networkswith limited skiplinks.

Linksbetweennonconsecutivelayerscanbe 

problematicto integrateandnon-intuitive

Well suitedfor layerednetworks



BioFabric
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BioFabric

Longabaugh, 2012



Recommendedfor small,sparsenetworkswith manynodesandrich edgeattributes

Can be used to visualize rich

edge attributes and node

attributesat the sametime

More difficult to discover neighbors

andclustersin Biofabriccompared

to matrices.

BioFabric



View Operations

Juxtaposed Integrated Overloaded



Juxtaposed




