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Graphs and Trees 
Graphs 
Model relations among data 
Nodes and edges 
 
 
Trees 
Graphs with hierarchical structure 

■  Connected graph with N-1 edges 
Nodes as parents and children 

Reingold & Tilford’s Tidier Layout 
Goal: maximize density and 
symmetry. 
 

Originally for binary trees, 
extended by Walker to cover 
general case. 
 

This extension was corrected 
by Buchheim et al to achieve 
a linear time algorithm. 
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Force-Directed Layout 
Edges = springs    F = -k * (x – L) 

Nodes = charged particles   F = G*m1*m2 / x2 
 

 

Repeatedly calculate forces, update node positions 
 Naïve approach O(N2) 
 Speed up to O(N log N) using quadtree or k-d tree 
 Numerical integration of forces at each time step 
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Constrained Optimization Layout 
Minimize stress function                                         

stress(X) = Σi<j wij ( ||Xi-Xj|| - dij )2 

■  X: node positions, d: optimal edge length, 
■  w: normalization constants 
■  Use global (majorization) or localized (gradient descent) 

optimization 

à Says: Try to place nodes dij apart 
 

Add hierarchy ordering constraints                
 EH(y) = Σ(i,j)∈E ( yi - yj - δij )2 

■  y: node y-coordinates 
■  δ : edge direction (e.g., 1 for iàj, 0 for undirected) 

à Says: If i points to j, it should have a lower y-value 

Sugiyama layout (dot) 

Preserve tree structure 

DiG-CoLa method 

Preserve edge lengths 
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Examples 
[Slide from Tim Dwyer] 

Attribute-Driven Layout 
Large node-link diagrams get messy! 
Is there additional structure we can exploit? 
 
Idea: Use data attributes to perform layout 

■  e.g., scatter plot based on node values 
Dynamic queries and/or brushing can be used to 

explore connectivity 
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Attribute-Driven Layout 

The “Skitter” Layout 
•  Internet Connectivity 
•  Radial Scatterplot 
 

Angle = Longitude 
•  Geography 
 

Radius = Degree 
•  # of connections 
•  (a statistic of the nodes) 

Semantic Substrates [Shneiderman 06] 
Semantic Substrates [Shneiderman 06] 
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PivotGraph [Wattenberg 2006] 

Layout aggregated graphs according to node attributes 

Operators 

 

Roll-Up 
Aggregate items with 
matching data values 

 

Selection 
Filter on data values 
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PivotGraph 

PivotGraph 
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PivotGraph Matrices 

PivotGraph Matrix 

Limitations of PivotGraph 
Only 2 variables (no nesting as in Tableau) 
Doesn’t support continuous variables 
Multivariate edges? 
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Hierarchical Edge Bundles 

Trees with Adjacency Relations 
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Bundle Edges along Hierarchy 

Configuring Edge Tension 
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Use radial tree layout for inner circle  
Mirror to outside 
Replace inner tree with hierarchical edge bundles 
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Summary 
Tree Layout 
   Indented / Node-Link / Enclosure / Layers 
   How to address issues of scale? 

■  Filtering and Focus + Context techniques 
 

Graph Layout 
   Tree layout over spanning tree 
   Hierarchical “Sugiyama” Layout 
   Optimization (Force-Directed Layout) 
   Attribute-Driven Layout 

Announcements 
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Final project 
Design new visualization method 

■  Pose problem, Implement creative solution 

Deliverables 
■  Implementation of solution 
■  8-12 page paper in format of conference paper submission 
■  1 or 2 design discussion presentations 

Schedule 
■  Project proposal: 10/27 
■  Project presentation: 11/10, 11/12 
■  Final paper and presentation: TBD, likely 12/1-12/5 

Grading 
■  Groups of up to 3 people, graded individually 
■  Clearly report responsibilities of each member  

Dates: 11/10 and 11/12 
■  Description of problem you are addressing 
■  Survey of related work 
■  Description/storyboard and demo of approach 
■  A list of milestones for finishing the project by the deadline 

Scheduling 
■  Send me dates you cannot attend class by tomorrow 
■  Next class We will ask for volunteers to present on each day 

In-Class Project Presentations 
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Collaborative Visual Analysis 

A Tale of Two Visualizations 
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[Heer, Boyd InfoVis 05]	



Observations 
Groups spent more time in front of the 
visualization than individuals 

Friends encouraged each other to unearth 
relationships, probe community boundaries, and 
challenge reported information 

Social play resulted in informal analysis, often 
driven by story-telling of group histories 
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NameVoyager The Baby Name Voyager 



18 

Social Data Analysis 
Visual sensemaking can be social as well as 
cognitive 

Analysis of data coupled with social interpretation 
and deliberation  

How can user interfaces catalyze and support 
collaborative visual analysis? 

Social Data Analysis 
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Wikimapia.org 

Spotfire Decision Site Posters 
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Many-Eyes 
[ Viégas, Wattenberg, et al. CHI 07]	



Tableau Public 
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Where can Collaborators Contribute? 

Raw Data Data Tables Visual 
Structures     Views         

Data Transformations Visual Mappings View Transformations 

Visual Analytics 
Observations 
Hypotheses 
Evidence (+/-) 
Summarize 
Report / Presentation 

Data Management 
Contribute Data 
Clean Data 
Categorize Data 
Moderate Data 
Create Metadata 

Visualization 
Select Data Sources 
Apply Visual Encoding 
Author Software 

Sensemaking  [Card, Mackinlay, & Schneiderman] 
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Design Considerations  [Heer & Agrawala VAST 07, IVS 08]	


 

1. Division, allocation, and integration of work 
2. Common ground and awareness 
3. Reference and deixis (pointing) 
4. Identity, trust, and reputation 
5. Group formation and management 
6. Incentives and engagement 
8. Presentation and decision-making 

Sense.us: Collaborative 
Visualization of Demographic Data 
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[Heer,  Viégas, Wattenberg CHI 07]	



Exploratory Design Rationale 
Sharing within visualization and across the web 
 

 



24 

Exploratory Design Rationale 
Sharing within visualization and across the web 
 

Pointing at interesting trends, outliers 
 

Exploratory Design Rationale 
Sharing within visualization and across the web 
 

Pointing at interesting trends, outliers 
 

Collecting and linking related views 
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Exploratory Design Rationale 
Sharing within visualization and across the web 
 

Pointing at interesting trends, outliers 
 

Collecting and linking related views 
 

Awareness of social activity 
 
 
 

Building Off of Others 
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Data Jokes 

Sharing in External Media 
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Designing for Social Data 
Analysis 

Social Data Analysis 
How can users’ activity traces be used to 
improve awareness in collaborative analysis? 
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Read & Edit Wear, Hill et al 1992 

Social Navigation 

Scented Widgets [InfoVis 07] 

Visual navigation cues embedded in interface widgets 
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Visitation counts 

Comment counts 
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No scent (baseline) 

Do activity cues affect usage? 
Hypotheses: With activity cues, subjects will 
1. Exhibit more revisitation of popular views 
2. Make more unique observations 

 
Controlled experiment with 28 subjects 
Collect evidence for and against an assertion 
 
Varied scent cues (3) and foraging task (3) 
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“Technology is costing jobs by making occupations obsolete.” 

Results 
 
 
 
 
 

Unique Discoveries 
Visit scent had sig. higher rate of discoveries in first block 
Less reliance on scent when subjects were familiar with data 
and visualization 
 
 

Revisitation 
Visit and comment scent conditions correlate more highly 
with seed usage than no scent 
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Social Data Analysis 
How can users’ activity traces be used to 
improve collaborative analysis? 
 

How should annotation techniques be 
designed to provide nuanced pointing 
behaviors? 
 

Do you see what I see? 
http://sense.us/birthplace#region=Middle+East 
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Common Ground 
The shared understanding enabling conversation and 
collaborative action [Clark & Brennan ’91] 

 
Do you see what I see? à View sharing (URLs) 
 
 

Principle of Least Collaborative Effort: participants exert 
just enough effort to successfully communicate 
[Clark & Wilkes-Gibbs ’86] 

“Look at that spike.” 
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“Look at the spike for Turkey.” 

“Look at the spike in the  
middle.” 
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Use of Annotations 
 

   Text   24.6%  ||||||||||||||||||||||||| 
   Ovals   17.9%  ||||||||||||||||||   
   Pencil  16.2%  ||||||||||||||||   
   Lines   14.5%  |||||||||||||||   
   Rectangles   1.7%  || 

 
 
39.0% of comments included annotations 
Pointing to specific points, trends, or regions (88.6%) 
Drawing to socialize or tell jokes (11.4%) 
 

Variety of subject responses 
‘Not always necessary’, but ‘surprisingly satisfying’ 
Some concern about professional look 

Arrows
Text
Ovals
Pencil
Lines
Rectangles

0% 5% 10% 15% 20% 25%

1.7%
14.5%
16.2%
17.9%

24.6%
25.1%

Many-Eyes: Social Data 
Analysis at an Internet Scale 
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Many-Eyes 
[ Viégas, Wattenberg, et al. CHI 07]	



Templates for Visualizing Data 
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Commenting  

Outside Communities 
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Swivel.com,  
and 
others… 

A graveyard of “YouTubes for Data”  
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Emergent analysis and discussion isn’t very good  

Many Eyes – circa 4/2012 

   128,478 Visualizations  

17,340 Comments      
                                   

    only ~11% of comments provided a plausible 
hypothesis or explanation for the data in the 
chart 
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Can having access to social information 
be harmful to analysis? 

The Impact of Social Information 
on Visual Judgments 



41 

Can evidence of 
others’ graphical 
judgments 
(accurate or not) 
impact subsequent 
users’ judgments?  

B C 

Asch 1951 

A 

Social Influence 
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Social Influence 
Normative versus Informational 
 
 
Using social signals as evidence when 
we’re choosing: 

■  Restaurants 
■  Music (Salganik et al. 2009) 
■  Tags (Golder et al. 2007) 

 

Controlled Experiment 
Interested in impact on accuracy of graphical 
judgments (given task where subjects are 
incentivized to be correct) 
 
Two conditions: 
Non-social: Visual judgment task with no social 

information  
Social: Same task, presented with summary of 

judgments from non-social group 
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Visual judgment task 

Cleveland & McGill 1984 

1. Which of the two marked sections is larger? 

2. Make a quick visual judgment of what proportion the smaller 
section is of the larger. 

AMT study: Heer & Bostock 2010 

Non-social 

proportion estimate 

50 people 

proportion estimate 

Mean (56%) 1SD (78%) 
Social 

“Faithful” “Biased” 
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Faithful 

Control 

Biased 

Can having access to others’ graphical 
judgments (accurate or not) impact subsequent 
users’ judgments?  

Results 

Does the amount of social information matter? 

Implications 
No social 
information? 

 Mean = true value 

(the hope) 

Mean ≠ true value 

(the reality) 
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Issues when analysis remains shallow … 
 
 
Can we augment social data analysis to 
support deeper analysis and synthesis? 


