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The section on spatial versus non-spatial data also raised questions for me. For 
information with a natural spatial mapping, like showing ozone levels on a globe, the 
visualization feels intuitive. But for abstract data like financial transactions, 
designers have to invent new mappings. For example, mapping stock prices onto time 
series graphs feels “obvious” now, but it’s a convention, not a natural truth. How many of 
the “standard” ways we visualize abstract data are shaping how we see patterns?

… while I think this ranking is a good general principle at first glance, I am skeptical 
of how useful it is to draw these lines when creating visuals. While I understand that 
this ordering is meant moreso as a guideline to what is traditionally effective, I do wonder 
how much the ordering holds in specific cases. For example, and maybe I hold bias 
because I am colorblind, but I see that for nominal variables hue is ranked significantly 
above shape in importance, which from looking at the various visualizations in the readings 
this week."

READING RESPONSE: QUESTIONS/THOUGHTS
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TODAY

Learning Objectives

1. What is exploratory data analysis and 
why is it important?

2. What factors should we consider when 
exploring a dataset?

3. How do visualization researchers design 
tools to support exploratory data 
analysis?
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WHAT WAS THE FIRST DATA 
VISUALIZATION?
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~6200 BC Town Map (?) of Catal Hyük, Konya Plain, Turkey 0 BC
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~6200 BC Town Map (?) of Catal Hyük, Konya Plain, Turkey 0 BC
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~950 AD Position of Sun, Moon and Planets0 BC

11

Sunspots over time, Scheiner 1626

12



10/1/25

6

Longitudinal distance between Toledo and Rome, van Langren 1644
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The Rate of Water Evaporation, Lambert 1765
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The Rate of Water Evaporation, Lambert 1765
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THE GOLDEN AGE OF VISUALIZATION

1786 1900
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The Commercial and Political Atlas, William Playfair 1786
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Statistical Breviary, William Playfair 1801
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1786 1826(?) Illiteracy in France, Pierre Charles Dupin
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1856 “Coxcomb” of Crimean War Deaths, Florence Nightingale1786
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1864 British Coal Exports, Charles Minard1786
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1884 Rail Passengers and Freight from Paris1786
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1890 Statistical Atlas of the Eleventh U.S. Census1786
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THE RISE OF 
STATISTICS

1786 1900 1950

1. Use of formal methods from statistics 
and social science

2. Little innovation in graphical methods

3. A period of popularization and 
application

4. Graphical methods enter textbooks, 
curricula and mainstream use
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The Future of Data Analysis, Tukey 19621786
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The Future of Data Analysis, John 
W. Tukey 1962

Four major influences act on 
data analysis today: 

 1. Formal theories of statistics

 2. Accelerating developments in 
          computers and display devices
 3. More and larger bodies of data
 4. Emphasis on quantification in 
           many disciplines
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The Future of Data Analysis, John 
W. Tukey 1962

Exposure, the effective laying open 
of the data to display the 
unanticipated, is to us a major 
portion of data analysis. Formal 
statistics has given almost no 
guidance to exposure; indeed, it is 
not clear how the informality and 
flexibility appropriate to the 
exploratory character of exposure 
can be fitted into any of the 
structures of formal statistics so far 
proposed.
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The Future of Data Analysis, John 
W. Tukey 1962

Nothing - not the careful logic of 
mathematics, not statistical models 
and theories, not the awesome 
arithmetic power of modern 
computers - nothing can substitute 
here for the flexibility of the 
informed human mind.

Accordingly, both approaches and 
techniques need to be structured so 
as to facilitate human involvement 
and intervention
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DATA WRANGLING
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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 2012]
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How do rows and columns, match up with data fields, and 
observations? 

 In tidy data
1. Each field forms a column 
2. Each observation forms a row
3. Each type of observational unit forms a table

Flexible starting point for analysis, transformation, and visualization

TIDY DATA [Wickham 2014]
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https://fivethirtyeight.com/videos/the-ultimate-halloween-candy-power-ranking/

Halloween Candy Power Ranking Dataset

Dataset

Data Item/Observation

Data Field

Cell Value
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Wrangler: Interactive Visual Specification of Data Transformation Scripts [Kandel 2011]
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ARQUERO  https://observablehq.com/@uwdata/tidy-data-in-javascript
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One often needs to reformat, clean, quality assess, and integrate 
data prior to analysis 

Some approaches:
 Code: arquero (Javascript), dplyr (R), pandas (python)
 Manual manipulation in spreadsheets
 Open Refine
 Tableau

Data wrangler [Kandel 2011] became Trifacta Wrangler but was 
recently bought by Alteryx and is a little harder to use now

WRANGLING DATA
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https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://observablehq.com/@uwdata/tidy-data-in-javascript
https://uwdata.github.io/arquero/
https://dplyr.tidyverse.org/
https://pandas.pydata.org/
http://openrefine.org/
https://www.tableau.com/
https://www.alteryx.com/about-us/trifacta-is-now-alteryx-designer-cloud
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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
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Berkeley    |||||||||||||||||||||||||||||||
Cornell     ||||
Harvard     |||||||||
Harvard University   |||||||
Stanford    ||||||||||||||||||||
Stanford University   ||||||||||
UC Berkeley    |||||||||||||||||||||
UC Davis    ||||||||||
Univ. of California at Berkeley    |||||||||||||||
Univ. of California, Berkeley  ||||||||||||||||||
Univ. of California, Davis        |||

VISUALIZE FRIENDS BY SCHOOL
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Missing Data  no measurements, redacted, …?

Erroneous Values  misspelling, outliers, …?

Type Conversion  e.g., zip code to lat-lon

Entity Resolution  diff. values for the same thing?

Data Integration  effort/errors when combining data

LESSON: Anticipate problems with your data.
Many research problems around these issues!

DATA QUALITY HURDLES
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ANALYSIS EXAMPLE:
MOTION PICTURES DATA
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Title      String (N)
IMDB Rating    Number (Q)
Rotten Tomatoes Rating  Number (Q)
MPAA Rating    String (O)
Release Date    Date (T)

MOTION PICTURES DATA TYPES
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IMDB USER RATINGS
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ROTTEN TOMATOES RATINGS
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Check data quality and your assumptions

Start with univariate summaries, then consider 
relationships between variables

Avoid premature fixation!

LESSON: EXERCISE SKEPTICISM
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ANNOUNCEMENTS
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ASSIGNMENT 2:  EXP. DATA ANALYSIS  
Due 10/13   10:30am

Use Tableau or Vega-Lite to formulate & answer data questions
First steps
 Step 1: Pick domain & data
 Step 2: Pose questions
 Step 3: Profile data
 Iterate as needed
Create visualizations 
 See different views of data
 Refine questions
Author a report
 Screenshots of most insightful views (8+) 
 Include titles and captions for each view 
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This Fri 10/3 10:30-11:30 We will 
walk through the basics of using 
Tableau. Should be helpful for A2

Tableau Tutorial Session
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ANALYSIS EXAMPLE:
ANTIBIOTIC EFFECTIVENESS
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Genus of Bacteria    String (N)
Species of Bacteria    String (N)
Antibiotic Applied    String (N)
Gram-Staining     Pos / Neg (N)
Min. Inhibitory Concentration (g) Number (Q)

Collected prior to 1951

ANTIBIOTIC EFFECTIVENESS DATA TYPES
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WHAT QUESTIONS MIGHT WE ASK?

65

[Burtin 1951]

HOW DO DRUGS 
COMPARE?

Radius: 1/log(MIC)
Bar Color: Antibiotic
Background Color: Gram Staining
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Not a streptococcus! 
(realized ~30 yrs later)

Wainer & Lysen
American Scientist, 2009 

Really a streptococcus! 
(realized ~20 yrs later)

HOW DO BACTERIA GROUP 
W.R.T ANTIBIOTIC RESISTANCE?

67

1. Construct graphics to address questions
2. Inspect “answer” and assess new questions
3. Repeat!

Transform the data appropriately (e.g., invert, log)

“Show data variation, not design variation” -Tufte

LESSON: EDA IS AN ITERATIVE PROCESS
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TABLEAU/POLARIS

104

Started as a Stanford research 
project by C. Stolte, D. Tang & 
P. Hanrahan

POLARIS [Stolte 2002]
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Data 
Display

Data
Model

Encodings

TABLEAU
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Dataset: 
Federal Elections Commission Receipts
Every Congressional Candidate from 1996 to 2002 
4 Election Cycles
9216 Candidacies

TABLEAU DEMO
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Year (Qi)
Candidate Code (N)
Candidate Name (N)
Incumbent / Challenger / Open-Seat (N)
Party Code (N) [1=Dem,2=Rep,3=Other]
Party Name (N)
Total Receipts (Qr)
State (N)
District (N)

This is a subset of the larger data set available from the FEC, but should be 
sufficient for the demo

DATA TYPES
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What might we learn from this data?
Have receipts increased over time?
Do democrats or republicans spend more?
Candidates from which state spend the most money?

HYPOTHESES
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TABLEAU DEMO
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Insight: simultaneously specify both database queries & visualization

Choose data, then visualization, not vice versa

Use smart defaults for visual encodings (Like APT)

Can also suggest more encodings upon request (ShowMe)

POLARIS/TABLEAU APPROACH
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Exploratory analysis combines data analysis and graphical methods

Use questions to uncover more questions

Interaction is essential for exploring large multidimensional datasets

SUMMARY
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