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Course Grading
Class Participation 5% 
Reading Commentaries 5% 
A0: Sketching Visualizations 2% 
A1: Visualization Design 3% 
A2: Exploratory Data Analysis 10% 
A3: White/Black Hat Visualization 15% 
A4: Interactive Narratives 20% 
Final Project 40% 

Proposal  
MVP + Presentations  
Poster Session + Final Deliverables 

5 slack days which can be used as you 
wish for assignments.  

Slack days should cover minor illnesses, 
special occasions (including religious 
holidays). 

Additional extensions only granted for 
serious issues with a written note of 
support from S3 or GradSupport @ OGE. 

Share your work on Slack to inspire your 
classmates + receive design feedback!
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VisualData
Mapping or Visual Encoding

Expressiveness 
A set of facts is expressible in a visual 
language if the sentences (i.e. the 
visualizations) in the language 
express all the facts in the set of data, 
and only the facts in the data.

[Mackinlay 1986]

Data models give 
us a way of talking 
about this.

Image models give 
us a way of talking 
about this.

Effectiveness 
A visualization is more effective than 
another if the information it conveys 
is more readily perceived than the 
information in the other visualization
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Magnitude Channels: Ordered Attributes Identity Channels: Categorical Attributes

Spatial region

Color hue

Motion

Shape

Position on common scale

Position on unaligned scale

Length (1D size)

Tilt/angle

Area (2D size)

Depth (3D position)

Color luminance

Color saturation

Curvature

Volume (3D size)

Channels: Expressiveness Types and E!ectiveness Ranks

: O or Q attributes : N attributes 

Tamara Munzner, Visualization Analysis and Design  (2014).



Visualization Critique

What is this a visualization of ? 

Which of the visual encoding techniques 
we've discussed this week are being used? 
How effective or ineffective are they?  

To help structure your critique: 
> "I like..." 
> "I wish..." 
> "What if...?"



https://thesocietypages.org/socimages/2014/12/28/how-to-lie-with-statistics-stand-your-ground-and-gun-deaths/
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https://www.scmp.com/infographics/article/1284683/iraqs-bloody-toll
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https://www.scmp.com/infographics/article/1284683/iraqs-bloody-toll
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VisualData
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Data Provenance

Who collected or produced it? 

What was their intent? 

Is it a reputable source? 

What are the motives of the 
data producer (are they can 
advocate or lobbyist?)
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Data Provenance

When was the data collected? 

Measurements can change 
over time. 

Definitions/interpretations in 
quantification can change 
over time. 

Is the data recent, and how 
much does that matter to the 
insight you wish to convey?

David Berstein & Noah Isackson. Chicago Magazine,  April 2014.

https://www.chicagomag.com/Chicago-Magazine/May-2014/Chicago-crime-rates/
https://www.chicagomag.com/Chicago-Magazine/May-2014/Chicago-crime-rates/
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Missing  
Values
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Berkeley ||||||||||||||||||||||||||||||| 
Cornell |||| 
Harvard ||||||||| 
Harvard University ||||||| 
Stanford |||||||||||||||||||| 
Stanford University |||||||||| 
UC Berkeley ||||||||||||||||||||| 
UC Davis |||||||||| 
University of California at Berkeley ||||||||||||||| 
University of California, Berkeley |||||||||||||||||| 
University of California, Davis |||
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“The first sign that a visualization is good is that it shows you 
a problem in your data. Every successful visualization that I've 
been involved with has had this stage where you realize, "Oh 
my God, this data is not what I thought it would be!" So already, 
you've discovered something.” 

– Martin Wattenberg  
Co-lead of Google's People + AI Initiative 

ACM Queue, Mar 2010
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“I spend more than half of my time integrating, cleansing and 
transforming data without doing any actual analysis. Most of 
the time I'm lucky if I get to do any “analysis” at all.” 

– Anonymous Data Scientist  
[Kandel et al. VAST 2012]
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DataWrangler

Wrangler: Interactive Visual Specification of Data Transformation Scripts. Sean Kandel et al., ACM CHI 2011.

http://vis.stanford.edu/wrangler
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Exploratory Visual Analysis
Process 

1. Construct graphics to address questions. 
2. Inspect "answer" and ask new questions. 
3. Iterate... Tam

ara M
unzner, Visualization 

Analysis and Design  (2014).
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Analysis Example:  
Motion Pictures Data
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Analysis Example:  
Motion Pictures Data

A sample of 3,201 movies collected in 2010. 

 Title  String (N) 

 IMDB Rating  Number (Q) 

 Rotten Tomatoes Rating  Number (Q) 

 Genre  String (N) 

 Release Date  Date (T) 

 US Gross Number (Q) 

 Worldwide Gross Number (Q)
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😦 



44

😨
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😱 



6.859: Interactive Data Visualization 
Exploratory Data Analysis

Arvind Satyanarayan Download data for today's activity: 
www.yellkey.com/free
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Exploratory Visual Analysis
Process 

1. Construct graphics to address questions. 
2. Inspect "answer" and ask new questions. 
3. Iterate... 

Lessons 

✓ Check data quality and your assumptions. 

✓ Start with univariate summaries, then 
consider relationships between variables.

Tam
ara M

unzner, Visualization 
Analysis and Design  (2014).
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Analysis Example:  
Antibiotic Effectiveness
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Analysis Example: Antibiotic Effectiveness

Collected prior to 1951 

Genus of Bacteria  String (N) 

Species of Bacteria  String (N) 

Antibiotic Applied  String (N) 

Gram-Staining?  Pos / Neg (N) 

Min. Inhibitory Con. (g)  Number (Q)
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What questions might we ask?

Collected prior to 1951 

Genus of Bacteria  String (N) 

Species of Bacteria  String (N) 

Antibiotic Applied  String (N) 

Gram-Staining?  Pos / Neg (N) 

Min. Inhibitory Con. (g)  Number (Q)
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How do the drugs compare?

Original graphic by Will Burtin, 1951.

Encodings 
Radius: 1 / log(MIC) 

Bar Color: Antibiotic 

Background Color:  
Gram Staining
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How do the drugs compare?

Mike Bostock, Stanford CS448b (Winter 2009).X-Axis: Antibiotic | log(MIC) 
Y-Axis: Gram-Staining | Species 
Color: Most Effective?
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How do the drugs compare?

Bow
en Li, Stanford CS448b (Fall 2009).
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Which antibiotic should one use?



57

Do the bacteria group by 
antibiotic resistance?
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Not a streptococcus! 
(realized ~30 yrs later)

Really a streptococcus! 
(realized ~20 yrs later)
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Do the bacteria group by resistance? 
Do different drugs correlate?
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Exploratory Visual Analysis
Process 
1. Construct graphics to address questions. 
2. Inspect "answer" and ask new questions. 
3. Iterate... 

Lessons 
✓ Check data quality and your assumptions. 

✓ Start with univariate summaries, then 
consider relationships between variables. 

✓ Avoid premature fixation: balance data 
variation and design variation.

Tam
ara M

unzner, Visualization 
Analysis and Design  (2014).
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Is EDA/EVA fishing?  
🎣 
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Is EDA/EVA Fishing? 🎣 

Based on slides by Jessica Hullman

Some statisticians have proposed that when we look for 
patterns in visualizations, we're doing a series of visual 
hypothesis tests.  

Multiple comparisons problem:  the more hypothesis 
tests, the greater the chance of a cpurious finding (since 
the Null Hypothesis Significant Test admits 5% false 
positives). 

No, because there's not a clear separation between 
exploratory and confirmatory analysis.
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Is EDA/EVA Fishing? 🎣 

Based on slides by Jessica Hullman

Some statisticians have proposed that when we look for 
patterns in visualizations, we're doing a series of visual 
hypothesis tests.  

Multiple comparisons problem:  the more hypothesis 
tests, the greater the chance of a cpurious finding (since 
the Null Hypothesis Significant Test admits 5% false 
positives). 

No, because there's not a clear separation between 
exploratory and confirmatory analysis. 

Sort of if you use the same dataset to make hunches and 
then test them (i.e., you cannot collect more data). Try a 
hold out set (e.g., separate training vs. test data).


