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ISTEUTZ1 ]}
The purpose of computing is insight,

not numbers.

piCtu res [Card, Mackinlay, Shneiderman]
[Richard Wesley Hamming]




Banana V. acuminata
Date P dactylifera

Cress Arabidopsis thaliana

Rice Oryza sativa
Sorghum Sorghum bicolor

Brome Brachypodium distachyon






IR W ... makes data accessible
VISUALIZATION

.. combines strengths of
humans and computers
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CAN'T WE JUST TRUST STATISTICS?

I 11 I11 IV
y X %

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
o 8.81 0 8.77 0 7.1- 3 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
: - 05 05
Mean x: 9y: 7.50 2.5
.56
Variance x: 11 y: 4.122 91
5. 89

Correlation x-y: 0.816

Linear regression: y = 3.00 + 0.500x



ANSCOMBE'S QUARTETT

Mean x: 9y: 7.50
Variance x: 11 y: 4.122

Correlation x-y: 0.816

Linear regression: y = 3.00 + 0.500x
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Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics
through Simulated Annealing, CHI 2017, Justin Matejka, George Fitzmaurice


https://www.autodeskresearch.com/people/justin-matejka
https://www.autodeskresearch.com/people/george-fitzmaurice
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THE BANANA CHART REDESIGNED: UPSET
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Largest Intersection Includes All Sets



THE BANANA CHART REDESIGNED: UPSET
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THE BANANA CHART REDESIGNED: UPSET
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Rightmost species Is most different

Arabidopsis thaliana
27,169 /21,950




UpSet - Visualizing Intersecting Sets Choose Dataset Load Data About UpSet UpSet for R

|

First, aggregate by Set Selection
" Batch Add Sets 5 @ B S 8 3 § @ D
en, aggregate by - —— S Sort Sets Q > g
S | U 5 45-
[ [ 1 1 T 1 % 4.0 — "
SOI‘[; by > Ooo 8 * 1000 |, 2000 , 3000 3883 . . l;, a5 . £ .‘:
CZ?c;ieneality 4%9 O//,Q) O%@ Cardinality , Deviation Release Date Average Rating Times Watched o ..,;?-.
® Deviation * Quey %0 %% o 0 2o sp 4o sg 06 S 0% s % s a0 2 4 0 20
Aggregates W 177 7 ] | - | [ | . 2
2’:::9 Al‘:ll . S 1003 | | O HE [ ::Z-l | | | | | | 1 ]
D 283 T Ty o B T | 1,920 1,930 1,940 1950 1,960 1,970 1,980 1,990 2,000
Row Height | Release Date
Large + 131 | | j L E |
Data 123 | | [| - il [ + | Scatterplot s €& 9 ¥ O
Min Degree: , - - _ .
o g A o S N e R B v
Max Degree: ‘ = I — ’ L II | M 2830
5 I [ |
¢ Hide Empty 4 = | ' ' e ___l i |
Intersections ) 66 ] | C T H LI | +
Dataset Information o0 = ] | 1 — il Querv Filters
Name: Movies Genres ’——‘ 38 ” Ik |_:|:4| HI | :y
¢ Asrbutes: o—o s 0 — o I A
# Elements: 3883 ” 24 I 1 T (1T
St:‘c?:p g:s:plens 13 l |_|I|_ |_:E_| T | 4+ | Name v | | Contains =
MovielLens ratings 13 H—} L — Query Results
dataset, curated and _
filtered by Alsallakh. 1S - —{H HT— | R Release Average Times  Set
e — o—o 7 | H HO iH Sudden Death (1995) 1995 2.66 102 1
Co—O 5 H —TH - Money Train (1995) 1995 2.54 160 1
o—0 - | — - - Guardian Angel (1994) 1994 3.5801 O 3
Fair Game (1995) 1995 2.1 96 1
000 . — H
Nick of Time (1995) 1995  3.07 229 2
o000 3 i +— - Broken Arrow (1996) 1996 2.88 638 2
OO 2 — - H Shopping (1994) 1994 2 6 2
O— 1 | | | Braveheart (1995) 1995 423 2443 3
Target (1995) 1995 4 1 2

http://vcg.github.io/upset/


http://vcg.github.io/upset/

UPSET

The canonical way to show set data with > 3 sets

Second-most cited VIS paper of the last decade

Multiple implementations in various languages
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DAIA SCIENCE



A data scientist is a statistician who
lives in San Fransisco.

WHAT IS DAIA

SIB|A{(WYM Data science is statistics on a Mac.

A data scientist is someone who is
better at statistics than any software
engineer and better at software
engineering than any statistician.




Data science is a multi-disciplinary tielo
that uses scientitic methods, processes,

LRI olgorithms, and systems to

M3 [MYW cxtract knowledge and insights from
structured and unstructured data.wiipedial

What's the Role of Visualization?




What's the Role of Visualization in Data Science?

e

Exploratory
Data Analysis

Raw Data Data Clean

Collected Processed Data @

ML Algorithms
reat orke )ﬂ—_‘ Statistical Models
. Make
: : Decisions
Build Data Communicate
Product Visualizations
Adapted from Doing Data Science: Straight Talk from the Frontline, Re port Findings

[O'Neil and Schutt, 2013]



What's the Role of Visualization in Data Science?

"W

Exploratory
Data Analysis



What's the Role of Visualization in Data Science?

m —_ Make

: Decisions
Communicate

Visualizations
Report Findings



What's the Role of Visualization in Data Science?

&?_’

Data
Processed




What's the Role of Visualization in Data Science?

o

ML Algorithms
Statistical Models



Visualization =

Human
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EMPIRICAL & THEORETICAL WORK

TECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES




Tabular Data

TECHNICAL CONTRIBUTIONS

Novel Visualization
Techniques

Ag... GroupName Rank ‘| Country +»Continent ¥ Ppl kno... 2*N. new HIV infections per 1000 ppl «» Discrimi... # Urban P... -
1_15 QY l 1‘8 Y o l ) l-: Y 5] lf‘; [ | Y e 1 Y - ftemn O Overview
) O .
. !-—- I-...Ill! - . e =!!!!!!-!! Showing 160 of 160 items
95.00 0.00 153 8.20 98.20
- Aneaso) "0 Botowana, Burkina Faso - —{ T+ B B
¢ 50 - L
—  Africa (50) 10 Algeria 1 Africa [] " Unknown _
— 20 Angola . Africa . Medium - Grouping Hierarchy
— 30 Benin L] Africa o Medium 1 B & Continent
— 40 Botswana I Africa Low ]
— 50 Burkina Faso 1 Africa B Predomina... +
- 6 0 Burundi " Africa ~ Slight |
- 70 Cameroon 1 Africa o Medium o
— 8 0 Cape Verde ' Africa ~ Unknown Sorting Hierarchy
- 90 Central African Republic I Africa ~ Slight ] 1 12 T Country
1= 100 Chad 1 Africa ~ Unknown
R Asia (35) 51 Afghanistan, Bangladesh, ] +
R O Bhutan, Brunei Darussalam, Asia D[j
$ 85 Cambodia ——
—  Asia (35) 510 Afghanistan Asia ~ Unknown Column Summaries
- 520 Bangladesh Asia ~ Unknown .
- 530 Bhutan Asia ~ Unknown T Country 2 QY
— 54 O Brunei Darussalam Asia ~ Unknown
- 550 Cambodia Asia Low []
- 56 0 China Asia ~ Unknown
- 57 0 Democratic People's Republic of | Asia ~ Unknown RegExp
B 580 India Asia _ Unknown [ Filter rows containing missing values
— 590 Indonesia Asia B Predomina..
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v Europe (42) 86 _ Albania, Armenia, Austria, ] | sl «» Continent z B Y-
' 127 O Azerbauan Belarus _ m - | |
—  Europe (42) 86 O Albania ~ Europe B Predomina... . .
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AN ™ o~ B R T T . I |




Multivariate Networks

TECHNICAL CONTRIBUTIONS

Novel Visualization

Length Path Statistics

0 1 2 3 4
Paths [ 0o ] o | 3 Paths 108/108

Path Topology [Active_Page A4l Edges 196/196

Start Hanspeter Pfis| End |Ben Shneidern n Advanced Query

Path List

-
I eCh n I u es L= Nodes  95/95 O 108
. -~
1. [Hmspe&er Plhta}—{ lemeun}—{ Adam Perer }—(Ben Shnedemu'] - « Author (95/95) 7
» CHI > s E:n Shneidpefnnal 1 -
nspeter Pfister ]
- °
2 TVF:G o i - Jean-Daniel Feke I
Cf\l_publlcahons ——— I | [ — Catherine Plaisar IS
cited | [ | I [ — Krzysztof Z. {\gjo: & I
degree [ | | I I | Desney S. T —1
tveg_publication [ | " — = — [ — Kzysztof Gajos M
Paul Andre [ |
Adam Perer [ |
1. Hanspeter Piste Desney S Tan B ] ) Jacob 0. Wotro B
rank van m
» CHI . . . . {_Frank van H’“) [ Adam Perer Wendy E. Mackay 1l
» TVCG - Jeffrey Nichols :
. R Juho Kim
— 1 [ ] [
c.hl_dpubllcahons — Brad A. Myers 1
I | I | — . -
cite Sarita Yardi I
degree e L — I — — Ed Husihsin Chi |
tvcg_publication (IS | I | _ Nam Wook Kim |
Torsten Maller I
m. ¢. schraefel |
1. [aneﬁer antel)—[.lem-ouiel Feke)—(ther‘ne Plnsm]—(Ben Smedemu] e Erin Treacy Solov |
Alan Boming I =
» CHI . M e oo o 1
»TVCG % * hd . , Sets  137/843 0 108
chi_publications —— 1 [ [ [ —
cited = — ——  — T — Desney S. Tan } {_Robert Jacobs <CHI(107/667)  IE—
degree [ | [ I | Interacting with e [
tvcg_publication [N ] I 5 — 50— A Crowdsourced . [N
g 7 |m s- m Excentric Labelin: -
Predictability and —
4.  Hanspeter Pfiste |——{ Jean-Daniel Feke|——{ Catherine Plaisan}——{ Jennifer Golbeck}—— Ben Shneidermar) - LifeFlow: visusizi Il
] LifeFlow: visualizi i
» CHI - . . anspeter Peter Szolovits Aligning temporal [l
» TVCG L A Pﬁsta] The challenges o -]
chi_publications C———1 [ [ I [ I [ LifeLines: Visual [
iy ManyNets: an ints [
cited | | | I I [ qEaen s
Query Previews ir [l
degree o | [ [ | I T ‘| hear the patter
tvcg_publication [ ] | I I [ Organization ove. Il
Scheduling on-of I
- — . - Jefirey Heer Integrating statist I
4.  Hanspeter Pfiste |—— Jean-Daniel Feke|——{ Wendy E. Macka ——{ Ed Huai-hsin Ch }—— Ben Shneidermar| Stuart K. Card Touchstone: exph
- 1 Cobi: communitys B
» CHI - . o From slacktivismt |
» TVCG . Demonstrational i I
chi_publications [ ] [ [ [ [ Improving the per I
cited  — ] ——— ——— [ — Frenzy: collabora' I
degree ) o — I o — ——— kb il
tvcg_publication ] | I | «TVCG (30/176) | ——
Preface. | —
4. Hanspeter Pﬁm)———{ Jeffrey Heer ——f{ Ed Huai-hsin Ch ——{Ben Shneidermar Promoting Insight N
[ ] Evaluation of File /
» CHI = ‘ o u B Temporal Summa [
» TVCG [ { Temporal Event £ -
chi_publicaions [—— ———] [ — = — [ — — Visuslizing Chang Il
m_p I A Task Taxonomy [l
cited | ——— ] I | I Evalugtionof Atk B
degree [ [ [ | | Balancing Systen I
tvcg_publication ] —— I —— [ 'Search, ShowCc I
Empirical Studies I
Video Snapshots I
4.  Hanspeter Pfiste Jeffrey Heer |——{ StuartK. Card —— Ben Shneidermar| - MizBee: A Multisc |
MulteeSum: A To I
» CHI - . . . - Overview Usein! |
» TVCG ° Melange: Space I
chi_publications [ ] | — [ —  —  — A Principled Way |
cited [ S— 1  E— C— o — ot
) e — e — e — —— Ay |
degree o SoccerStories: A |
tvcg_publication [N | [ [ ConTour Data-Dr |
v .
Entourage: Visua |
10 Cad Viriinliend I
« 2 3 5 6 7 »




TECHNICAL CONTRIBUTIONS Reshaping Networks

Network Model View

Data Wrangling
Methods

= W title = B Bechdel Score = |
% 38 Swordtish 1 078125 1 John David Washington /0
. . g o
RIS 15 Jurassic World: Fallen Kingd 3 : : 40 A $ AM 1 L
5 % 40 The Hobbit: The Battle of th(1 0.84375 0.67647058 cres ulefilmfworks Alec Baldwin

* 5 = 30 Pirates of the Caribbean: Th¢ 3 . . ®
. % 2 Bohemian Rhapsody 2 0.88888888888888 0.90476190 . . FlaflﬁkK adsman
. , Isiah Whitlock Jr.
2 7 First Man 3 0.8928571428571429 0.72727272.
5 % 4 The Predator

© o
. o
Spike Lee fAdam Driver

raw Pro

Attribute View —————— L Network Sample View — |

Forest Gump Forest Gump
genre: Drama genre: Drama
Promote

Pretty Woman [IRAELIMN Pretty Woman

genre: Comedy — genre: Comedy

Notting Hill u t Notting Hill
genre: Comedy genre: Comedy




TECHNICAL CONTRIBUTIONS

Tailored Methods
and Systems for High
Impact Science
Problems

Data Wrangling
Methods




Pathways and Omics Data

Tailored Methods
and Systems for High
Impact Science
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Phylogenies

Tailored Methods
and Systems for High
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Tailored Methods
and Systems for High
Impact Science

Problems

Dt feic )
iﬁf;'”a‘-*;-; EED
TOPLe
x1.3 ) )

B ey ierzn L

enomic Data

2
e R i

i

= e
Lasyhiydiman 7
R
! i

i A
o
%

s I-’*:é"z:l"i
ot

L)
i
=

Y e
Y g
h'ﬁa\' ..;Jlr -  Kip 12
ol L AR DR ‘F'i‘
ol BGRTT) gd
\ rpde) ot P
it ’. v"“:’f-";’;'!‘ﬂ?

iy o A0 NS

i R f b

S 1

'S l';'.“'ﬂ Sy

L S )
T A S A S AT

14 RN - 1% \ '
) R0 : Y L

R —i‘i " l“?’\L"}\r‘-:.r-
¥ TG NSy ’?'l_‘ ,’u{l ‘3'1.‘ ‘ﬁ
S0 Tk (e s

o A AT A

< AT _ R
TP T Y

(T e g

B

R g

HYan

ot

B b o

AR RNATR Il D e

" \ ol B
FeE "-.J-.:""'.-_Vx. S
WL pheral ALy
‘. 7 » -.' N
o r'-._.,~ - _a'.._.'.

High lev




Tailored Methods
and Systems for High
Impact Science
Problems

Evaluation
Methodology

Design Spaces /
Taxonomies




Evaluation
Methodology

Node-Link Layouts Tabular Layouts Implicit Tree Layouts

Topology-Driven Layout Attribute-Driven Layouts
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TECHNICAL CONTRIBUTIONS

Intent

Comment: Cluster seems to match to category physicist.

LITERATE VISUALIZATION:

MAKING VISUAL ANALYSIS SESSIONS REPRODUCIBLE AND REUSABLE
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HPUNWE] NS Reproducibility Rates

WHRIRIIRM[A [ Psychology: 40%
Cancer Biology: 11% .

1S THERE A

REPRODUCIBILIT
GRISIS?

A Nature survey lifts the lid on
how researchers view the ‘crisis’

rocking science and what they
think will help.

BY MONYA BAKER

[Baker, Penny, 2016]

[Open Science Collaboration, 2016]
[Begley, Ellis, 2012]

1,576
RESEARCHERS SURVEYED



https://www.nature.com/news/polopoly_fs/1.19970!/menu/main/topColumns/topLeftColumn/pdf/533452a.pdf
https://science.sciencemag.org/content/349/6251/aac4716
https://www.nature.com/articles/483531a

YA {H W Perverse incentives (publish or perish)
REPRODUCIBILITY CRISIS? W:3EYX 7o) "flashy results

{ Problems in data analysls

Lack of data sharmg

Lack of sharing the analysis process




' LITERATE PROGRAMMING

] Explain the why and how

~ using any means necessary!
Text
lmages / Visualizations

Formulas

Videos
| inks
Code

'Donald E. Knuth, 1984]



LITERATE PROGRAMMING IN THE WILD

© Observable Explore  _0 Demo § Fork m File  Edit View Insert Cell  Kernel  Widgets  Help Not Trusted | Python3 O

+ == @@ B 44 ¥ MRun B C » Markdown s
d3js.org
D; S QO N NN 1-example.docx (1 page) ¢ 0
Bring your data to life. + \
By @ Mike Bostock 7 Q- - — ~» nctior o "/ 5l v| Addins ~ F M]v QQ O} [Tj Q, Search Calculated z
©) 1-example.Rmd - P-value = sum of area in two tails= 2[1 — D(lz])]
Published Aug 6, 2019 Listed in d3-random g ARE Q| @ Knit ~ ~ ‘0 ~#Run v | = Viridis Demo zceurve
1 --- The code below demonstrates two color palettes in the viridis package. Each plot displays a
PRI . ETIVIIE R " contour map of the Maunga Whau volcano in Auckland, New Zealand. 3. Two-tailed test
RandOm PrObablllty PIOtS ; tltle{_‘ . XLP{d;S Demot Viridis colors H, contains the inequality #
output: mL_documen image(volcano, col = viridis(200)) ' i
What do the normal quantile plots and histograms look like for D3’s various random -~ !
, 0
number generators? Let’s see! 5 T T
6- *  {r include = FALSE} B Calculated z, —z
i 7 library(viridis = . .
Uniform g y( ) Figure 8.4 Determination of the P-value for a z test
= *]
uniformData = » Float64Array(1000) [0.8364988573005558, 0.5923236613754859, 0.4144779646837171, ©.9507874319661804 9 O source: Devore, pp.329
. w
uniformData = Float64Array.from({length: 1000}, d3.randomUniform()) 29 Th? Fo‘_je below demorlStr‘ates tW(? CO’lOf:' pal?tFe§ in the “ i '
[viridis](https://github.com/sjmgarnier/viridis) package. Each plot - Slide Type Slide  +
. . o
displays a contour map of the Maunga Whau volcano in Auckland, New
Zealand S izes? '
ealand. o What to do for smaller sample sizes? Student's t-test
1Ll
12 - ## Viridi 1 g When n is small, the Central Limit Theorem can no longer be used. In this case, if the samples are drawn from an approximately normal distribution, then the
12— Lriais colors 0.0 0.2 0.4 0.6 0.8 1.0 correct distribution to use is called the Student's t distribution with v = n — 1 degrees of freedom. The probability density function (pdf) for the student's t
13 distribution is not pretty (Google it!) but it is built into scipy, so we can compare the student's t-test to the normal distribution.
14- " {r} B
1.0- oo o 15 1image(volcano, col = viridis(200)) In [16]: Slide Type - :
16 “° Magma colors
image(volcano, col = viridis(200, option = "A")) 1 # there is some trouble with this package for some python versions
17 2 # 1if it doesn't work, don't worry about it
o8- 18 - ## Magma colors 3 from ipywidgets import interact
19 :
— & 5 samp mean = 0
0.5— 20 - {r} ¥ » - 6 samp std dev = 1
21 1image(volcano, col = viridis(200, option = "A")) ~ 1
22~ pac 8 x = sc.linspace(samp mean-4*samp std_dev,samp mean+4*samp std dev,1000);
322 [ Viridis Demo 2 R Markdowtih - 9 def compare distributions(sample size):
0.4- : i R S 10 pdfl = norm.pdf(x, loc=samp mean, scale=samp std dev/sc.sqrt(sample size))
Console R Markdown » = [ 11 pdf2 = t.pdf(x,df=sample size-1,loc=samp mean, scale=samp std dev/sc.sqrt(sample size))
. - SO—— ) ; 12 plt.plot(x, pdfl, linewidth=2, color='k',label='normal distribution pdf')
e e - - 3 13 plt.plot(x, pdf2, linewidth=2, color='r',label='t distribution pdf')
0.2- > render("1l-example.Rmd", output_format = "word_document™) P 14 plt.xlim(x.min(),x.max())
15 plt.ylim(0,2)
g 16 plt.legend()
00-00 17 plt.show()
— 18
19 interact(compare distributions,sample size=(2,20,1))
T
0.2~ sample_size @ 5
200 -
= normal distribution pdf
0.4- | 1 | | | | | | | | 1 i ZI =t distribution pdf
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 +0.0 +0.5 +1.0 +1.5 +2.0 425 4+3.0 175 -
qgnorm(uniformData) 150 -
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25—
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15 =
050 -
10~
5= 0.25 -
O_
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TISITVIV/NI]'@ interactive, visual analysis session
well reasoned and documented

Current State:
no record of
let alone why

was done,




A MANUAL ATTEMPT AT LITERATE VISUALIZATION
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Intent is the user’s reason for
performing a brush with a

LEIRSENNE I visualization.
WHEN BRUSHING?

Outlier Clusters






WHY DO WE CARE?

Speed up complex

selections

Selection Outliers?




WHY DO WE CARE?

ID Based Selection:
Selected Elements: 7,9, 13, 18, 22

Semantic Selection:
Flements in K-Means cluster centered at[2, 3]

Meaningful, higher level concept:
improves reproducibility

Robust to changes and updates in dataset:
enables re-usability




HOW DO WE INFER INTENT?

Selection



HOW DO WE INFER INTENT?

Selection Predictions

K-Means

DBScan

Regression

Outlier Detection
Skyline

Decision Trees / Ranges
Categories



HOW DO WE INFER INTENT?

1.Range IR
2. Cluster |
3. Outlier B

Selection Predictions Ranking
K-Means Jaccard Distance
DBscan Naive Bayes
Regression Classifier
Outlier Detection o
. Heuristic
Skyline
Decision Trees / Ranges Measures J(S,C) =
Categories 7 |SucC




HOW DO WE INFER INTENT?

1.Range IR

2. Cluster B | think this cluster...
3. Outlier B
Selection Predictions Ranking Confirming Intent
K-Means Jaccard Distance & Annotation
DBSC&‘”. Naive Bayes
Regression Classifier
Qutlier Detection o
. Heuristic
Skyline
Measures

Decision Trees / Ranges
Categories
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Visualization and Selection

http://vdl.sci.utah.edu/predicting-intent/

1
10

Intent

Pred ictions Time required: 0.01 seconds

Selections

0 0 O

UNION INTERSECTION INDIVIDUAL

Annotation of Intent and Predictions

TOTAL



Semantic Selections & Annotations
allow us to have

TOWARDS LITERATE about events in an
NIV analysis process.

Analysts have the means to justify
their choices.

Makes it easier to build analysis
stories and retrieve important states.
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Literate Visualization | Clinical Genealogies J Evaluating Complex
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Clinical Genealogies
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THE WORLD HEALTH
ORGANIZATION ESTIMATES

ONE PERSON DIES OF
SUICIDE EVERY 40 SECONDS




SUICIDE IS THE SECOND LEADING CAUSE OF DEATH
IN YOUTHS BETWEEN 15 AND 29 YEARS OLD




(1

AVERAGE SVICIDE RATEBY STAT
(Natio nal average 13.26 per100,000)
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~_ UTAHHAS THE 5TH HIGHEST
[ o SUUCIDERATE N THE COUNTRY
* WITH BETWEEN 500-400
CASES PER YEAR
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Genetic risk factors in two Utah pedigrees at high risk for suicide

H Coon’, T Darlington’, R Pimentel®, KR Smith*>, CD Huff", H Hu", L Jerominski’, J Hansen', M Klein®, WB Callor®, J Byrd®, A Bakian’,
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YL/ Understand Complex Conditions
MI\[W Discover Genetic Risk Factors

Dataset:
118k people, 19k suicide cases, ~2k

with genomic data, 550 tamilies
Based on Utah Population Database



J{IM[3[Ml Find familial cases that also have an
HiIJ\KJ “interesting” phenotype

e.g., predominantly female, associateo

with rare psychiatric disease, etc.

Prioritize those cases for analysis of
shared genomic sequences

Proofread the Data!







Age

Sex
Race

Bipolar
Depression
Asthma
Obesity
Schizophrenia
Cause of Death
Weapon Used




GENEALOGY WITH ~400 MEMBERS RENDERED WITH PROGENY
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IN{t/3 Currently used by team of Psychiatry
AR @ researchers on a daily basis

Widespread interest from other labs
working with UPDB data

Integration of other data types
Geospatial, Environmental, Genomic
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Evaluating Complex
Systems

searched

Empirically Evaluating Complex Interactive
" ...l Visualization Techniques

Carolina Nobre, Dylan Wootton, Lane Harrison




Perceptual studies

Controlled interactions

V7

////// A\ N\ UEER SR NN

RN

\

\

M\
\

\ W

N\ AN AL TRERRR N

NN m

TR

//
m _,//

///////// \\ //////////

\
\
Wi
\
\

o

> s 2

mam
N O

m"._l

c S 2

On®
S

(/)

C

o

2

C

N

"©

-

9

S

O

2

C

e

N



Continent

AS

EU
|

SA
L]

Z

Inst.

Type

Person

Acct. Age

{9
7/
e |

Tweets

Followers

— pa—

¢
(0 @)

Likes

-

POOAN
neIp

'L
Sewoy |
o]
elewe|
T™L
anel1g
}818
alydog
PIYEYS
oualeg
10S
|anwes
ueiy
pPUE[BOY
Heqoy
qoy
euly
BY)S80N
S|IIN
E|OJIN
WeN
SMBIANN
ElaJIIN
[2EYDIN
UeEDIN
BUUBN
HEW
IEN
BIe\
Apue
uui
IUUOT
eue
lo)=m
1S1
SNe|M
1257

uopr
ueyor
or
BoISSa
Aaylep
uose
uep
sewep
AOEN
1dl
JounH
JobjoH
BimjeH
aluanib
FAUE
uelfi3
UOISIAT
8L0ZSING

6 LSIAS
ueAd

sef33
AIUIWIO]
PIeq
sleq
3380
sSuyoO
sSOllen
fejeben
wng
ueg
PUIAY/
BUUY
ealpuy
Jad|y

X8|y
LA

Name

@
®
=
O

]

L

VY YV YV VP Y VP Yy Yy VYV VP VP VP VP VPV VP VY Y Y Y Yy Y VYV VPV VP Yy Yy Yy Yy Yy VYV Yy Y Yy VP VP Yy Yy Yy Yy Yy Yy Yy Yy Yy Yy Yy Yy Y Y Y Y Y Y Y Y7 YYYYYYYYYY
!

AA
Alex &
Alper

Andrea
Ben

Anna
Arvind
Bum
Cagatay
Carlos
Chris
CSEE

k

D3js

1ons?

D
=
sl

O

1%

S

QD
sl
=

>

D
el

3

-

O

QD
il

1

—
el

1>

=

D

o
sl

7L,
o
=

—
sl

N
el

1°

O
=

3

D

QD

7L,

—

=

| a—

1°
i

N -
N I m
o
N
v o B
i i
I
=
[
o
=
|
[l
.
L]
-
H i
B ]
|
i
[
IS E e 5823852533 22282°588F 83
SLLEDZ0< P QI P Ogan2EcF e S50
WM.@MV Z 0 nnnueRa oL O W m O <
= = pd nnhu ) DOW [ m



EUROVIS 2019 Volume 38 (2019), Number 3
R. S. Laramee, S. Oeltze, and M. Sedlmair STAR — State of The Art Report
(Guest Editors)

The State of the Art in Visualizing Multivariate Networks
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Which 1s better for which task?




CHALLENGE

CONFOUNDERS

HOW CAN WE MAKE SURE THAT WHAT
WE TEST IS WHAT WE CARE ABOUT?
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SOLUTION

CONFOUNDERS

BASED ON EXISTING

GUIDELINES AND KNOWLEDGE

BASED ON EXPERT HEURISTIC

EVALUATION

Please rate relative to conceivable design alternatives but
assuming a node-link diagram as given.

Nested Bars/Glyphs
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Answer Section

Selected Nodes

26. Embedded bar charts are well suited to encode multiple numerical attributes.
Mark only one oval.

1 2 3 4 5 6 7

Strongly Disagree C) O C) O O Q O Strongly Agree

27. Embedded colored glyphs are well suited to encode multiple categorical attributes.
Mark only one oval.

1 2 3 4 5 6 7

Strongly Disagree Q O O O @ O Q Strongly Agree



CHALLENGE

SCALE

NEED STATISTICAL POWER

HOW CAN WE DO THIS IN A
CROWDSOURCED SETTING?

@ Prolific ABOUT HOWITWORKS PARTICIPANTS PRICING CONTACT LOGI

Quickly find research

participants you can trust.
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Launch your study to tens of thousands of trusted participants in minutes. -~ ™ .-
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Recruit niche or representative samples on-demand. Prolific builds the most
powerful and flexible tools for online research. Sign up for free.

Research Participate

Collect high quality responses from Take part in engaging research, earn
people around the world within cash, and help improve human
minutes. Learn more knowledge. Learn more

' .’*;-“‘.' CANCER

. , ‘ o . i, |
 oviorn arbit T HARARD Granford A feeen  Yale (@ Measuring

ol

Find any research participant, anywhere in the world

Our participant pool is profiled, high quality and fast. The average study is completed in under 2 hours. Filter particip



WHAT DID 1 JUST SEE2

CHALLENGE

NOVICE USERS

NOVICE USERS DON'T KNOW
ABOUT ADVANCED
VISUALIZATIONS




SOLUTION

NV IO GRS e et e s

which rgmsen& this network in the following way.

CAN GIVE USERS THE -
NECESSARY TO
COMPLETE THE TASKS.

Let's start off with some Practice Tasks

In this section, you will get familiar with the visualization by following a guided tour of the visualization, and then answering two practice tasks.

Reminder: In order to be compensated for this study, you must complete the guided tour that will pop up at the start of the trials!
You will only be allowed to proceed once you have answered the trial questions correctly.

You are not being timed for this portion of the study so take your time!

Start Practice Session




INCENTIVES

HOW CAN WE GET USERS
TO TRY HARD

AND

TO PARTICIPATE IN AN EXPERIMENT
THAT TAKES ~1H
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26 Aug 2019, 21:04 $15.67/hr 73,947 of 86,264 150/150

v Approve all = Message all $ Bonus payment More
PARTICIPANT ID STARTED TIME TAKEN STUDY CODE STATUS v
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~$4,500in 2h




guided incorrect answers searched
tour during trials for node

HOW CAN WE MAKE SU RE L /» correct task /» incorrect task
THIS ALL WORKS? || —— ] —
I e
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SELECTED RESULIS
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PATHS B e

Is NL or AM better for ///// \ g
: / @, ) Doa:d ®
Path Tasks? = S

Lane

i




NL outperforms AM for path based tasks

0.54~[0.46,0.62 1.94~[1.76,2.18]

0.00 0.50 100 O 2 4 6
W= 15630 p= 1.36e—12 d=0.88~[0.63,1.14] W= 5419 p= 3.21e~15 d=—-0.92~[~1.07,—0.75]

T15 - Attribute on Multiple Paths

Accuracy Time (minutes)
0.72~[0.64,0.77] 1.21~[1.09,1.4]
NL —o— \ 4
AM S -
~[0.29,0.44] 2.79~[2.5,3.28]
0.00 0.50 100 O > 4 6

W= 15484 p=4.34e-10 d=0.77~[0.52,1.05] W= 4161.5 p=2.2e-16 d=-0.92~[-1.17,-0.66]



What types of insight do NL and AM representations support?




AITRIBUTE OVERVIEW

‘INSTITUTIONS HAVE MUCH
FEWER TWEETS IN GENERAL
THAN PERSON ACCOUNTS”
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TOPOLOGY-ATTRIBUTE

“IT DOES SEEM A BIT ODD THAT

JEFFREY ALEX AND ROB HAVE SUCH
LARGE NETWORKS WITH THEIR
LOWER THAN AVERAGE TWEETING.”




Yes We Can!
e Picking the right techniques

e Fvidence-based design
RECAP °

* Design validation

CAN WE DO QUANTITATIVE f -
S Ca= © Careful training

SYSTEMS?

e Good compensation

of what can be
evaluated using crowdsourcing




WHAI'S NEXT?



EMPIRICAL & THEORETICAL WORK

TECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES




TECHNICAL CONTRIBUTIONS Provenance Tracking, Storytelling, Intents

Vision: Make Transitions between Computational Work
and Interactive Visualization Seamless

Data

“"Functions”

RS

Interactive

Computational . . e
P Visualization

System

Notebook

~_

Re-usable analysis process

Well justified “audit trail” of decisions



Keep Collaborating

%O

A Science Drives Visualization Research

Q Visualization Research Enables Science

Needed: Methods to transition from

prototypes to robust tools




EMPIRICAL & THEORETICAL WORK

A lot of vis design uses best practices with weak empircal foundations
Need to continue to develop strategies to validate complex methods
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UNIVERSITY
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