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Why Study Vis?
Microcosm of HCI

Perception
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Systems


Languages/Formalisms

Data transformation

Novel interactions/encodings


Interaction

Emotion/Affect

Design conventions

Art 

Conceptual Frameworks (taxonomies, design dimensions)

Experimental Design/Evaluation

Tasks/Workflows

Context of Use (science, journalism, business analytics, public health, data science)

Users (scientists, journalists, programmers, data scientists, novices
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Why Visualize?




Your Brain is Good at Pattern Recognition


Matejka & Fitzmaurice, CHI 2017

https://www.research.autodesk.com/publications/same-stats-different-graphs/
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To Explore
Your brain is really good at noticing visual patterns!


Use your eyes helps you discover interesting things.


To Debug
˝What changed about the data after I ran this code?˛


Visual summaries help you decide if the data align with your expectations.



To Present
Help other people understand what you found in the data.



Tell a story about data while letting the viewer verify it. 


Use Cases



Visualizations Are Everywhere!
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Visualizations Are Everywhere!


Time
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Calendar category



Visualization leverages your perception and pattern recognition to help explain data.






How to Visualize?




What Type of Data?

Your data has a type.
(Each visualization pattern only works with certain types of data.






Nominal/Categorical
Can only compare equal/non-equal

States, Countries

Type of Student (undergrad, masters, phd)

Basically anything that isn’t written with numbers

Could be hierarchical (country → state → city



Ordinal
Having an order

Olympic medals

Likert scales (strongly disagree ←> strongly agree)

Level of educatio



Quantitative
Inherently numeric, you can do math to it

$ of Revenue

# of customers

Intervals

Ratio



Temporal
Having to do with dates/time

Year/Month/Day

Fiscal quarter

School year

Ranges/Duratio



Marks
Graphical shapes that represents some part of the data

Bars: Compare Position, Length



Marks
Graphical shapes that represents some part of the data

Points: Compare Position



Marks
Graphical shapes that represents some part of the data

Lines: Compare Position, Length



Encodings
How data maps to perceptual ˝channels˛

Position: Quantitative, Categorical
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Encodings
How data maps to perceptual ˝channels˛

Length: Quantitative



Encodings
How data maps to perceptual ˝channels˛

Area: Quantitative



Encodings
How data maps to perceptual ˝channels˛

Shape, Style: Categorical



Anatomy of a Chart
Source: NYT

https://www.nytimes.com/2024/10/05/upshot/americans-homebodies-alone-census.html
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Salient Features

Source: NYT

https://www.nytimes.com/2024/10/05/upshot/americans-homebodies-alone-census.html


Color: Categorical
Source: NYT

https://www.nytimes.com/interactive/2014/08/13/upshot/where-people-in-each-state-were-born.html


Color: Quantitative
Source: NYT

https://www.nytimes.com/interactive/2024/science/solar-eclipse-cloud-cover-forecast-map.html


Color: Both?
Source: NYT

https://www.nytimes.com/interactive/2014/04/24/upshot/facebook-baseball-map.html


Visualizing Distributions
Source

Years in current job

https://www.quora.com/What-is-the-difference-between-a-CDF-and-a-PDF


Visualizing Distributions

Box Plot

Source: DVP

https://datavizproject.com/
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Visualizing Distributions

Box Plot Violin Plot
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Visualizing Distributions
Source: DVP
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Visualizing Distributions

Distribution

Source: DVP

https://datavizproject.com/


Visualizing Distributions
Matejka & Fitzmaurice, CHI 2017

https://www.research.autodesk.com/publications/same-stats-different-graphs/


Perception & Comparison




Encodings
How data maps to perceptual ˝channels˛

Area: Quantitative



No Pie Charts!
The eye tends to perceive area instead of angle, making large segments look much larger than small segments.
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https://datavizproject.com/


No Pie Charts!
The eye tends to perceive area instead of angle, making large segments look much larger than small segments.




Donut Chart
Encourages viewer to perceive angle instead of area.
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Donut Chart
Encourages viewer to perceive angle instead of area.


Bar Chart
Like a donut chart, but not bendy! Your eye is good at comparing straight lengths!
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Bad Color Encoding,
Quantitative ™ Categorical (CDC, 2020)

Source

https://www.reddit.com/r/dataisugly/comments/gaaxtl/poor_color_choice_for_covid_cases_by_cdc/
https://www.reddit.com/r/dataisugly/comments/gaaxtl/poor_color_choice_for_covid_cases_by_cdc/
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All-Time COVID Deaths (NYTimes, 2023)
Source

https://www.nytimes.com/interactive/2023/us/covid-cases.html


Primaries vs. Caucuses (MCI Maps, 2020)
Source

https://mcimaps.com/how-caucuses-vs-primaries-can-lead-to-different-results/


Average Female Height
Source

https://x.com/reina_sabah/status/1291533944467468289
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Average Female Height by Country
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Wikipedia

https://en.wikipedia.org/wiki/HSL_and_HSV


Wikipedia

https://en.wikipedia.org/wiki/CIELAB_color_space


Wikipedia

https://en.wikipedia.org/wiki/Oklab_color_space


Source: BBjörn Ottosson,
,
R
Raph Linus

https://bottosson.github.io/posts/oklab/
https://raphlinus.github.io/color/2021/01/18/oklab-critique.html


Smart et al., VIS 2019

https://cmci.colorado.edu/visualab/ColorCrafting/


Tasks
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S&P 500 - Hourly Data
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S&P 500 - Hourly Data



˝Overview first, zoom and filter, then details on demand.˛


� Bruce Shneiderman, ˝The Eyes Have It˛

Course Name | Syllabus | Instructor 82



Shneiderman, 1996





Overview

Zoom

Filter

Details on demand

Relate

History

Extra

Shneiderman, 1996



Brehmer & Munzner, TVCG 2013

https://ieeexplore.ieee.org/document/6634168/


Affect & Salience




Conventions > Art
CIS 5450 | Data Visualization | Jeff TaoSource: Reuters,
,
S

SCMP

https://www.businessinsider.com/gun-deaths-in-florida-increased-with-stand-your-ground-2014-2
https://www.simonscarr.com/iraqs-bloody-toll


A Personal Tale




Visualization is narrative

Visualization is a form of storytelling.

But what you intend and think is salient is not the same as what the viewer will think is salient!






Case Study:(My Own Research Paper




Us: ˝Look, the green line bottoms out and then doesnˇt get any better!˛




Case Study:(My Own Research Paper




Them: ˝Wow, your method isnˇt that much better!˛



Case Study:(My Own Research Paper




Us: ˝Look, the gaps are bigger now!˛



Conventions? Affect? Art?
Source: Reuters

https://www.businessinsider.com/gun-deaths-in-florida-increased-with-stand-your-ground-2014-2


Source: Reuters,
,
S
SCMP

Won multiple
awards!


Conventions? Affect? Art?

https://www.businessinsider.com/gun-deaths-in-florida-increased-with-stand-your-ground-2014-2
https://www.simonscarr.com/iraqs-bloody-toll


Source: Lan et al., VIS 2023

https://arxiv.org/abs/2308.02831


Source: Periscopic, 2018

https://guns.periscopic.com/


Telling Stories Too Well





Pareidolia
Source

https://berkeley.pressbooks.pub/organizing4kids/chapter/activity-pareidolia/


˝Technical Analysis˛
Source: TrendSpider

https://trendspider.com/learning-center/chart-patterns-head-and-shoulders/


˝Technical Analysis˛
Source: TechCharts

https://blog.techcharts.net/2018/01/30/head-shoulder-failure/


Spurious Correlations
Source: Spurious Correlations

https://www.tylervigen.com/spurious-correlations


Spurious Correlations
Source: Spurious Correlations

https://www.tylervigen.com/spurious-correlations


Multiple Comparisons
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Multiple Comparisons
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Most Correlated #1 (r=0.499, p=0.0003)
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Most Correlated #2 (r=0.507, p=0.0002)
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Walk 50


Most Correlated #3 (r=0.515, p=0.0002)
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Most Correlated #4 (r=0.522, p=0.0001)

Most Correlated Pairs (positive correlations, based on de-trended data)



Multiple Comparisons
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Expected
Observed

The More You Test, The More "Significant" Results You Find

If p = 0.05, then 5% of all comparisons I do will be significant, whether or not they make sense!





Summary
The basics: Data Types, Marks, Encodings

We visualize data to take advantage of our perception and to 
make cognition easier

Choosing the right encodings can be tricky and depends on 
task, context, and even the shape of the data itself

Vis can be affective/emotional, and that doesn’t make it fake

But vis is so convincing that you can make yourself believe 
things that aren’t true


