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Last time
Design principles provide strong guides for content creation tools: 
(1) identify design principles in expert output based on 
cognition/perception, and (2) instantiate them into algorithms 
to aid content creators, and (3) evaluate principles through user 
studies
Approach generalizes across a wide range of categories, ranging 
from digital illustration to audio, video, instructions and exploded 
views



Software and Tools
Unit 4

human-centered AI
tools and toolkits
content creation



Cognition
Unit 5

cognitive models
visualization
(and don’t forget the design cognition that we already covered)



Today
Data, marks, visual attributes and encodings
Graphical perception
Frontiers of visualization research
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Anscombe’s Quartet [Anscombe 1973]
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The ability to take data—to be able to understand it, to 
process it, to extract value from it, to visualize it, to 
communicate it—that’s going to be a hugely important 
skill in the next decades,  … because now we really do 
have essentially free and ubiquitous data. So the 
complimentary scarce factor is the ability to understand 
that data and extract value from it.

Hal Varian, Google’s Chief Economist
The McKinsey Quarterly, Jan 2009

What is visualization?
“Transformation of the symbolic into the geometric”

[McCormick et al. 1987]

“... finding the artificial memory that best supports our 
natural means of perception.” [Bertin 1967]

“The use of computer-generated, interactive, visual 
representations of data to amplify cognition.”
[Card, Mackinlay, & Shneiderman 1999]

Set A Set B Set C Set D
X Y X Y X Y X Y

10 8.04 10 9.14 10 7.46 8 6.58

8 6.95 8 8.14 8 6.77 8 5.76

13 7.58 13 8.74 13 12.74 8 7.71

9 8.81 9 8.77 9 7.11 8 8.84

11 8.33 11 9.26 11 7.81 8 8.47
14 9.96 14 8.1 14 8.84 8 7.04

6 7.24 6 6.13 6 6.08 8 5.25

4 4.26 4 3.1 4 5.39 19 12.5

12 10.84 12 9.11 12 8.15 8 5.56

7 4.82 7 7.26 7 6.42 8 7.91
5 5.68 5 4.74 5 5.73 8 6.89

[Anscombe 73]

Summary Statistics Linear Regression
uX = 9.0 ıX = 3.317 Y2 = 3 + 0.5 X
uY = 7.5 ıY = 2.03 R2 = 0.67
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Exports and Imports to and from all North America [Playfair 1786]
Important information: differences between exports and imports



Design principle: shade areas between lines to highlight differences



Charles Minard [1869]



Important information: army size decreasing as Napoleon marches
Design principle: use flow diagram width to convey the drop in army size



Estimated 2005 NIH Research Budget per Death [FAIR Foundation 04]
User’s task: Understand proportion of budget allocated to each disease, 
and compare proportion of budget allocated to each disease



Representation: pie chart to emphasizes part-to-whole relationship
But, a failure: doesn’t easily comparison between diseases by comparing 
pie slices (angles or areas)





What is visualization?
“Transformation of the symbolic into the geometric” [McCormick et al. 1987]
“…finding the artificial memory that best supports our natural means of 
perception.” [Bertin 1967]
“The use of computer-generated, interactive, visual representations of data to 
amplify cognition.” [Card, Mackinlay, and Shneiderman 1999]
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Data, marks, visual 
attributes and encodings



What unifies 
and describes  
visualizations?

Examples from Vega Lite

https://vega.github.io/vega-lite/


What precisely makes these visualizations—of the same dataset—different? 
[Heer 2021]

https://observablehq.com/@uwdata/data-types-graphical-marks-and-visual-encoding-channels


Anatomy of a visualization
Visualizations comprise a few main elements:

Data: the information to be visualized
Marks: geometric primitives, e.g., points, lines, areas
Visual attributes: transformations on the marks, e.g., size
Encodings: functions that map from data onto marks and 
visual variables

Let’s introduce each of these in turn.
19



Data: types of data [Stevens 1946]

Nominal: category labels, no inherent ordering

e.g., apples, oranges | operations: =, ≠
Ordinal: ordered, but no notion of “distance” 

e.g., freshman, sophomore, junior, senior | operations: =, ≠, <, >, ≤, ≥

Quantitative: can be compared via differences or ratios 

intervals, e.g., dates, lat/lon | operations: =, ≠, <, >, ≤, ≥, -

ratios, e.g., length, mass, temperature | operations: =, ≠, <, >, ≤, ≥, -, ÷
20



Same info, different type
Floating point numbers: 32.5, 54.0, -17.3
plus
Conceptual model: temperature
equals
Different possible data types:

Nominal: burned or not burned
Ordinal: cold, warm, hot
Quantitative: ℉

21



People Count:     # of people in group
Year:              1850 – 2000 (every decade)
Age:                     0 – 90+
Sex:                     Male, Female (Census classification)
Marital Status:     Single, Married, Divorced, …

U.S. Census Data



People Count:	  
Year: 	        	  
Age:                 	  
Sex:                  	  
Marital Status: 	

Census
Quantitative
Quantitative
Quantitative
Nominal

Nominal



Marks and visual variables 
[Bertin 1967]

Marks: geometric  
primitives

24

Points Lines Areas

Visual 
attributes: 
control mark 
appearance

Position (x, y)
Size

Value
Texture

Color
Orientation

Shape



Encodings
A map from data to visual attributes of marks

Mark: bar
county(nominal) → x 
population(quant) → 
size or length

Mark: point
acreage(quant) → x
population(quant) → y

Mark: point
acreage(quant) → x
population(quant) → y
county(nominal) → 
color

Mark: point
acreage(quant) → x
population(quant) → y
county(nominal) → color
avg_income(quant) → size

“Best” encoding based on perceptual effectiveness of visual attribute for data type



Area mark
year(quant) → x
population(quant) → y
country(nominal) → color

Bar mark
cluster(nominal) → x
population(quant) → y
country(nominal) → color

What precisely makes these visualizations—of the same dataset—different? 
[Heer 2021]

https://observablehq.com/@uwdata/data-types-graphical-marks-and-visual-encoding-channels


[Satyanarayan et al. 2016]



Graphical perception

How we look at graphs



Position
We immediately notice that:

A, B, C are distinguishable
Points are collinear. B is between A and C
BC is twice as long as AB

Position encodes quantitative data well

29

A

B

C



Value or gray level is perceived as ordered 
So, it encodes ordinal data well 

But, fine differences hard to perceive, so encodes quantitative data less well 

Hue is typically perceived as unordered 
So, hue encodes nominal data well

Color

30



We can perceive which areas have higher rates, but it takes effort 
to understand how much higher the rates are (2x? 3x?) 31



Bertin’s “Levels of Organization”
[Bertin 1967]

Position Nominal Ordinal Quantitative

Size Nominal Ordinal Quantitative

Value Nominal Ordinal (quantitative)
Texture Nominal (ordinal)
Color Nominal

Orientation Nominal

Shape Nominal

Ranking of visual variables in terms of how well they can represent 
different kinds of data: e.g., position and size are good for all data types



Brightness
Which is brighter? With only a quick visual judgment:

33



Brightness
Which is brighter? With only a quick visual judgment:

34



Brightness
Which is brighter? With only a quick visual judgment:

35



Brightness
Which is brighter? With only a quick visual judgment:

36

(128, 128, 128) (130, 130, 130)



Area
Which has greater area? With only a quick visual judgment:

37



Area
Which has greater area? With only a quick visual judgment:

38



Area
Which has greater area? With only a quick visual judgment:

39



Area
Which has greater area? With only a quick visual judgment:

40

10000π pixels 13924π pixels



Length
Re-encoding the same comparison as length rather than area:

41



Length
Re-encoding the same comparison as length rather than area:

42



Length
Re-encoding the same comparison as length rather than area:

43



Length
Re-encoding the same comparison as length rather than area:

44

1000 pixels

1392 pixels



We are poor at perceiving 
(some) differences [Cleveland and McGill1984]

45

Classic result: experimental tests of the relationship between encodings 
and the accuracy of the differences that we perceive from those encodings

Answers — map onto each cell to the left:What are the distances between these lines?



Result of systematic 
experimentation

46

In comparing relative magnitude:

Why pie charts get hate



Graphical perception 
enables chart construction 
[Mackinlay 1986]
Algorithm: encode the most important data using the highest-
ranking visual variable for the data type

47

Year Exports Imports
1700 170,000 300,000
1701 171,000 302,000
1702 176,000 303,000
... ... ...

1. quant(year)
2. quant(exports)
3. quant(imports)

mark: lines
quant(year) → x
quant(exports) → y
quant(imports) → y



48

1. quant(year)
2. quant(exports)
3. quant(imports)

mark: lines
quant(year) → x
quant(exports) → y
quant(imports) → y

Graphical perception 
enables chart construction 
[Mackinlay 1986]
Algorithm: encode the most important data using the highest-
ranking visual variable for the data type



Impact
Mackinlay’s algorithm gets extended by Chris Stolte and Pat 
Hanrahan into VizQL, which then becomes…

49



Frontiers of Visualization 
Research



Conveying uncertainty 
[Kay et al. 2016]

We over-rely on point 
estimates. People simplify 
distributions and attend to 
point estimates on the right 
(10min until the bus comes)

51



Conveying uncertainty 
[Kay et al. 2016]

52

Suggestion: quantile dot plots



Interpretation errors  
[Hofman, Goldstein, and Hullman 2020]
Two common visualizations of uncertainty:

53

Std. Error : 
uncertainty in the 
population mean

Std. Deviation: 
uncertainty in a 
single sample

Experiment: people 
overestimate 
treatment effects 
when shown standard 
errors instead of 
standard deviation



Uncertainty 
or 
variability? 
[Zhang et al. 2023]

Even experts draw the 
wrong conclusions: “The 
prevalent form of visualizing 
only inferential uncertainty 
can lead to significant 
overestimates of treatment 
effects, even among highly 
trained experts.”
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Exploratory analysis 
[Wongsuphasawat et al. 2015]

User inputs 
dataset and 
variables of 
interest, and 
recommender 
automatically 
generates 
visualizations of 
relevant other 
variables

55



Intentionally difficult? 
[Hullman and Adar 2011]
Generally, visualization (and HCI more 
broadly) argue optimizing for clear and 
correct interpretation
Yet difficult visualizations may support 
better comprehension and recall
Why? It induces active processing:

Forcing active construction of meaning
Disfluent learning experiences avoid 
heuristics and superficial reasoning 56

Difficult with chartjunk Easy



Rhetoric and visualization 
[Hullman and Diakopoulos 2011]

Visualizations embed rhetorical 
goals to tell a story

Semiotics: signs derive their 
meaning from culture and other 
signs placed near them
Rhetoric gets embedded by 
omission, by how we represent 
uncertainty, by visual metaphor 
(up and right = good), and others
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Conveying rhetoric visually 
[Wu, Chung, and Adar 2023]

Draw on the control techniques described in the “Black Box” lecture to make 
visualizations that reflect some desired underlying narrative or semiotics

Remember the “visual blends” example?
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Is vis ‘truth’? [Lee et al. 21]

Narrative visualization can 
be tuned to any goal: a 
group of scientific skeptics 
used the rhetorics of science 
and visualization to “follow 
the data” on COVID 
vaccines to its own 
conclusions
Visualization is not an 
objective process that always 
produces correct answers 59

 

  
 

  
 

 
  

 
 

 
 

 

  
 

  
 

 
  

 
 

 
 

Viral V
isualiz

ations
: How

 Coron
avirus

 Skept
ics Us

e Orthodo
x 

Data Pract
ices to

 Prom
ote Unort

hodox
 Scien

ce Online 

Crysta
l   Lee   

crystal
l@mit.edu   

Massach
usetts   I

nstitut
e   of   Te

chnolo
gy   

Cambridge
,   MA,   USA

   

Tanya   Yang   

tanyan
g@mit.edu   

Massach
usetts   I

nstitut
e   of   Te

chnolo
gy   

Cambridge
,   MA,   USA

   

Gabrie
lle   Inch

oco   

gincho
co@welles

ley.edu
   

Wellesley
   Colleg

e   

Wellesley
,   MA,   USA

   

Graham
   M.   Jones

   

gmj@mit.edu   

Massach
usetts   I

nstitut
e   of   Te

chnolo
gy   

Cambridge
,   MA,   USA

   

Arvind
   Satyan

arayan
   

arvind
satya@

mit.edu   

Massach
usetts   I

nstitut
e   of   Te

chnolo
gy   

Cambridge
,   MA,   USA

   

ABST
RACT

   

Contro
versial

   under
standin

gs   of   th
e   coron

avirus
   pande

mic   have
   

turned
   data   visuali

zations
   into   a   battleg

round.
   Defyin

g   public
   health

   

o!cials,   c
oronav

irus   sk
eptics   

on   US   social
   media   spent   

much   of   

2020   creatin
g   data   visual

ization
s   show

ing   that   th
e   gove

rnment’s   

pandem
ic   resp

onse   w
as   exce

ssive   a
nd   that   th

e   crisis
   was   ov

er.   This
   

paper   i
nvestig

ates   ho
w   pande

mic   visua
lization

s   circul
ated   on   social   

media,   a
nd   shows

   that   p
eople   w

ho   mistrust
   the   sc

ienti"c
   estab-

lishment   oft
en   deploy

   the   sa
me   rheto

rics   of   
data-d

riven   decisi
on-

making   used   by   expert
s,   but   t

o   advoc
ate   for

   radica
l   policy

   chang
es.   

Using   a   quanti
tative   a

nalysis
   of   how

   visual
ization

s   sprea
d   on   Twit-

ter   and
   an   ethnog

raphic   
approa

ch   to   analyz
ing   conver

sations
   about   

COVID
   data   on   Faceb

ook,   w
e   docu

ment   an
   episte

mologica
l   gap   

that   le
ads   pro

- and   anti-m
ask   group

s   to   draw   drastic
ally   di#ere

nt   

inferen
ces   fro

m   similar   dat
a.   Ultim

ately,   w
e   argue

   that   th
e   deplo

y-

ment   of   
COVID

   data   visual
ization

s   re$ec
t   a   deepe

r   socio
politic

al   

rift   reg
arding

   the   pla
ce   of   sc

ience   i
n   public

   life.   

CCS   CONC
EPTS   

•  Human-cen
tered   computing

   →   Empirica
l   studi

es   in   visu

alizati
on;   Vi

sualiz
ation   theor

y,   con
cepts   a

nd   parad
igms;   So

cial   m
edia;   E

thnog
raphic

   studie
s.  

-
-

KEYW
ORDS

   

digital
   ethno

graphy
,   netwo

rk   analys
is,   Twi

tter,   Fa
cebook

,   data   lit-

eracy,   
data   visual

ization
   

ACM   Refer
ence   Form

at:   

Crysta
l   Lee,   T

anya   Yang,   
Gabrie

lle   Inch
oco,   G

raham
   M.   Jones

,   and   Arvin
d   

Satyan
arayan

.   2021.
   Viral   V

isualiz
ations:

   How   Coron
avirus

   Skepti
cs   Use

   

Orthod
ox   Data   Practi

ces   to   Promote   Un
orthod

ox   Scienc
e   Onlin

e.   In   CHI  

Confer
ence   on

   Human   Factor
s   in   Computing

   System
s   (CHI   

’21),   M
ay   8–13,   

2021,   Y
okoham

a,   Japa
n.   ACM

,   New   York,   N
Y,   USA

,   18   pages.
   https:/

/doi.or
g/  

10.1145
/34117

64.3445
211   

Permission   to   make   dig
ital   or   

hard   copies
   of   par

t   or   all
   of   this

   work   for   pe
rsonal

   or   

classro
om   use   is   

grante
d   witho

ut   fee   p
rovide

d   that   co
pies   ar

e   not   m
ade   or   

distrib
uted   

for   pro
"t   or   co

mmercial   a
dvanta

ge   and
   that   co

pies   be
ar   this   

notice   
and   the   ful

l   citatio
n   

on   the   "r
st   page

.   Copyr
ights   fo

r   third-
party   component

s   of   thi
s   work

   must   be   h
onored

.   

For   all
   other   

uses,   c
ontact

   the   ow
ner/au

thor(s)
.   

CHI   ’21
,   May   8–13,   

2021,   Y
okoham

a,   Japa
n   

©   2021   Copyr
ight   he

ld   by   the   ow
ner/au

thor(s)
.   

ACM   ISBN   978-1-
4503-8

096-6/2
1/05.   

https:/
/doi.or

g/10.11
45/341

1764.34
45211   

1   INTROD
UCTIO

N   

Throu
ghout   

the   cor
onavir

us   pan
demic,   rese

archer
s   have

   held   up   

the   cri
sis   as   a

   “break
throug

h   moment”   fo
r   data   visual

ization
   re-

search
   [91]:   J

ohn   Burn-
Murdoch

’s   line   
chart   c

omparing
   infect

ion   

rates   a
cross   c

ountrie
s   helpe

d   millions   
of   peop

le   make   sen
se   of   th

e   

pandem
ic’s   sca

le   in   the   Un
ited   States

   [44],   a
nd   even   top   Trump   ad-

ministra
tion   o!cials   se

emed   to   rely   heavil
y   on   the   Jo

hns   Ho
pkins   

Univer
sity   COVID

   data   dashbo
ard   [70].   A

lmost   eve
ry   US   state   n

ow   

hosts   a
   data   dashb

oard   on   their   h
ealth   depart

ment   we
bsite   to

   show   

how   the   pa
ndemic   is   un

folding
.   Howe

ver,   de
spite   a

   prepon
deranc

e   

of   evid
ence   th

at   masks   ar
e   cruci

al   to   reduci
ng   viral   t

ransm
ission   

[25,   29
,   105],   

protes
tors   ac

ross   th
e   Unite

d   States
   have   a

rgued   for   

local   g
overnm

ents   to
   overtu

rn   their   m
ask   mandate

s   and   begin   re-

openin
g   schoo

ls   and   busin
esses.   

A   pande
mic   that

   a#ect
s   a   few,   

they   reason
,   shoul

d   not   im
pinge   

on   the   lib
erties   o

f   a   majority
   to   

go   about   
life   as   

usual.   
To   suppo

rt   their
   argum

ents,   th
ese   pro

testors
   

and   activis
ts   have

   create
d   thous

ands   o
f   their   

own   visual
ization

s,   

often   using   the   sa
me   datas

ets   as   h
ealth   o!cials.   

This   pa
per   inv

estigat
es   how

   these   a
ctivist   

networ
ks   use   

rhetori
cs   

of   scien
ti"c   rig

or   to   oppos
e   these

   public
   health

   measure
s.   Far   f

rom   

ignorin
g   scient

i"c   evi
dence   

to   argue   
for   ind

ividua
l   freed

om,   anti-

maskers
   often   engag

e   deep
ly   with   public

   datase
ts   and   make   wh

at   

we   cal
l   “coun

ter-vis
ualiza

tions”
—visua

lization
s   using

   orthod
ox  

methods
   to   make   un

orthod
ox   argum

ents—t
o   challen

ge   mainstre
am   

narrat
ives   th

at   the   
pandem

ic   is   u
rgent   a

nd   ongoi
ng.   By

   asking
   

community   members   to
   “follow

   the   da
ta,”   the

se   grou
ps   mobilize

   

data   visual
ization

s   to   suppo
rt   sign

i"cant
   local   c

hanges
.   

We   exam
ine   the

   circul
ation   of   CO

VID-re
lated   data   visual

iza-

tions   th
rough   both   quant

itative
   and   qualita

tive   methods
.   First,   

we   

condu
ct   a   quant

itative
   analy

sis   of   c
lose   to

   half   a
   million   tweet

s   

that   us
e   data   visual

ization
s   to   talk   about

   the   pa
ndemic.   We   use   

networ
k   analys

is   to   identif
y   communities

   of   use
rs   who

   retwee
t   the   

same   conte
nt   or   o

therwi
se   enga

ge   with
   one   an

other   (
e.g.,   m

askers   

and   anti-m
askers

).   We   proce
ss   over

   41,000
   images   th

rough   a   com-

puter   
vision   model   tr

ained   by   Poco   and   Heer   
[83],   a

nd   extrac
t   

feature
   embeddin

gs   to   identi
fy   cluste

rs   and   patter
ns   in   visual

iza-

tion   design
s.   The   

academ
ic   visu

alizatio
n   resear

ch   community   has   

traditi
onally

   focuse
d   on   mitigatin

g   chartj
unk   and   creati

ng   more   

intuiti
ve   visu

alizatio
n   tools   

for   use
   by   non-e

xperts
;   better

   visu-

alizatio
ns,   res

earche
rs   argu

e,   wou
ld   aid   public

   under
standin

g   of   

data-d
riven   pheno

mena.   H
oweve

r,   we   "
nd   that   a

nti-mask   group
s   

on   Twitte
r   often

   create
   polish

ed   counte
r-visua

lization
s   that   w

ould   

This w
ork is licen
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Caption Emphasis

Chart Emphasis≠

Takeaway: 
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The 30-year fixed mortgage rate increased slightly from 1997 to 1999.
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a main takeaway

Towards Understanding How Readers Integrate Charts and Captions: A Case Study with Line Charts [Kim et al. 2021]



The 30-year fixed mortgage rate increased slightly from 1997 to 1999.
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11% reported as 
a main takeaway

Towards Understanding How Readers Integrate Charts and Captions: A Case Study with Line Charts [Kim et al. 2021]



The 30-year fixed mortgage rate reached its peak of 18.5% in 1981.

Caption Emphasis

Chart Emphasis=

Takeaway: 
Chart Emphasis

57% reported as 
a main takeaway

Towards Understanding How Readers Integrate Charts and Captions: A Case Study with Line Charts [Kim et al. 2021]



Reading Charts and Captions 
[Kim et al. 2021]

When text and visualization emphasis mismatch, readers rely 
more on the chart and can miss information in the caption.
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EmphasisChecker: A Tool for Guiding Chart and Caption Emphasis [Kim et al. 2023]



Summary
Visualizations can be represented as encodings that map from 
data to marks & visual attributes based on data types

Our cognitive and perceptual systems determine which 
encodings are effective: we (mis)read data if encoded poorly
Active research at frontiers investigating how users can create 
effective visualizations and how readers take information 
away from them
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To learn more about visualization 
consider taking CS 448B: Fall 
2025

• An understanding of key visualization 
techniques and theory, including data 
models, graphical perception and methods 
for visual encoding and interaction.

• Exposure to a number of common data 
domains and corresponding analysis tasks, 
including exploratory data analysis and 
network analysis. 

• Practical experience building and evaluating 
visualization systems using Vega-Lite and 
D3.js. 

• The ability to read and discuss research 
papers from the visualization literature.
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