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Goal
Beyond exploratory analysis: 
visualization for communication



Data Visualization
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Design Criteria 
Expressiveness  
A set of facts is expressible in a visualization if it 
expresses all the facts and only the facts in the data. 

Effectiveness  
A visualization is more effective than another one if the 
information conveyed is more readily perceived. 



Rapid data exploration and analysis



Exploratory 
• Data Centered 
• Domain Experts 
• Analysis 
• Desktop 
• In-Lab

Data Insights ?



Need to communicate  
insights found from data



Infographics



Storytelling Hans Rosling



Data Journalism



Data Arts

Dear Data 
G. Lupi & S. Posavec

Data Sketches
N. Bremer & S. Wu



New Environments



Messages
Beyond Exploratory 
• Human Centered 
• General Audience 
• Communication 
• Off-Desktop 
• In-the-Wild

Exploratory 
• Data Centered 
• Domain Experts 
• Analysis  
• Desktop 
• In-Lab

Data Insights



Topics

• Visualization for communication 
• Telling compelling stories with data 
• Story Points and Dashboards in Tableau



Visualization for Communication



Visualization for Exploration

• Faster and accurate reading 
• Rapidly generate many visualizations 
• No titles, annotations, embellishments



Visualization for Communication

• Good headlines 
• Annotations and highlights 
• Redundant encodings 
• Pictograms and useful embellishments 
• Explanations (e.g., legend, source)



Examples of Redundant Encoding
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Source: Gender Statistics 2013, World Bank
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LIFE EXPECTANCY VS ECONOMIC GROWTH

DATA REDUNDANCY

Source: World Bank national accounts data, and  
OECD National Accounts data files (2013).
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LIFE EXPECTANCY VS ECONOMIC GROWTH

DATA & MESSAGE REDUNDANCY

Source: World Bank national accounts data, and  
OECD National Accounts data files (2013).
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LIFE EXPECTANCY VS ECONOMIC GROWTH

DATA & MESSAGE REDUNDANCY

Source: World Bank national accounts data, and  
OECD National Accounts data files (2013).
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Telling Stories with Data



Bach et al. CG&A’17



Bach et al. CG&A’17



Stories are the most powerful delivery tool for information, more 
powerful and enduring than any other art form

Stories



Use of elements from storytelling 
to convey compelling data stories

https://www.youtube.com/watch?feature=player_detailpage&v=hVimVzgtD6w#t=159s


[B. Lee et al 2015]

Data Storytelling Process: 
transforming data into visual stories.

https://www.microsoft.com/en-us/research/publication/telling-story-closer-look-process-transforming-data-visually-shared-stories/


[B. Lee et al 2015]

Iterative exploration: 
Traditional visualization process

Data Storytelling Process: 
transforming data into visual stories.

https://www.microsoft.com/en-us/research/publication/telling-story-closer-look-process-transforming-data-visually-shared-stories/


[B. Lee et al 2015]

Data Storytelling Process: 
transforming data into visual stories.

https://www.microsoft.com/en-us/research/publication/telling-story-closer-look-process-transforming-data-visually-shared-stories/


[B. Lee et al 2015]

Data Storytelling Process: 
transforming data into visual stories.

https://www.microsoft.com/en-us/research/publication/telling-story-closer-look-process-transforming-data-visually-shared-stories/


Genres of Data Stories



• Strict ordering of scenes 
• Heavy messaging 
• No interactivity

• No prescribed ordering 
• No messaging 
• Free interactivity

Narration Styles

Author-Driven Reader-Driven



Author-Driven Reader-Driven
• Linear ordering of scenes 
• Heavy messaging 
• No interactivity

• No prescribed ordering 
• No messaging 
• Free interactivity

Narration Styles

+



Author-Driven



Author-driven, Reader-driven etc

https://www.youtube.com/watch?feature=player_detailpage&v=hVimVzgtD6w#t=159s


Reader-Driven



http://playground.tensorflow.org/


Author-Driven + Reader-Driven



https://archive.nytimes.com/www.nytimes.com/interactive/2010/02/02/us/politics/20100201-budget-porcupine-graphic.html?_r=0


http://guns.periscopic.com


http://www.fallen.io/


Visual Narrative Design



Employ Narrative Structure

Bach et al 2017





E. Segel



E. Segel



E. Segel



Use Multiple Charts
To break down the complexity of the story and progressively 
reveal different facets of the data. 

Bach et al 2017



Qu et al 2018

Keeping  
Multiple Views 

Consistent



Storytelling, Double-edged Sword?



[South China Morning Post 2011]



[South China Morning Post 2011] Flipped upside down….



[South China Morning Post 2011] Flipped upside down….

Same Data, 
Different Stories



Presentation & Storytelling 
in Tableau



Dashboard



Annotation



Story Points



Advanced visualizations

Next



5 min break


