Visualizing Complex Science
Sam Way

rch Scientist, Spotify
mfw y@spotify.com




Thank you, organizers.









FLATTENING THE CURVE

without
n fumber | protective
Of cases measures

health care system capacity

_with
protective
measures

time since first case




Quickly:
Data Viz Tips for creating simple
at Spotify and effective visualizations




Visual communication
at an audio company

A short tour of (some of) our audiences
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Audience

1,040,126 listeners

LAST 28 DAYS

LISTENERS STREAMS FOLLOWERS

Our artists.

How they listen

LAST 28 DAYS

Spotify Playlists & Radio 48%
e e

Their Saved Music & Playlists 9%
|

e Spotify. for Artists



You were genre-fluid.
You refused to let one sound define you.

Our listeners.




You were genre-fluid.
You refused to let one sound define you.

Our listeners.
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Few scientists receive explicit
training on how to make visualizations



Less quickly:
Tips for creating simple
and effective visualizations




Consider the following

e Rules of thumb that apply to many — not all — instances

e Visualizations are one of the most creative parts of being
a scientist. Developing your own style i1s encouraged.



Determining

your goals




First, why make visualizations?

Visualizations can...

clarify your story,

emphasize a message,

build trust with audience,

inform their decisions.




Specify goals for your visualization.

Visualizations can serve several purposes.
Think about which goals you have for the viewer.

Showing people clarify your story,
what you see | emphasize a message,

, build trust with audience,
Letting people to explore

inform their decisions.



Bottom line: Make sure your
visualization has a purpose.



Consider your audience.

1.00 -
Who’s going to see
your visualization?

What goals do they have?
What’s their background? What

'00-'09 (G=0.40)
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'80-'89 (G=0.48)
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Be aware of unintentional messages.

What can you tell me about the person who made these figures?

12 T T T T T < - o -
- o . ° . ) o, . 2 I
° ¢ 5 0.9 ¢ @
1.0 - LI 7 . - OO ¢ *
_ s @ . o o . o . ° o o 0.8 * L 2 * °
S y ° o ° 8 o ¢
08 - . < ] o ) o o 0.7 L
- ) -
*  tv * e I I : 5 - o ¢ o!
e ©C - o = 0
06 - e " v e, - “ o c° ¢ & 4 e ° + ¢ *
) ¢ s> L ° ) z <
e ® ° o © o 7 = n=
[+) ® - DO o é 0 2
* ® . Q ... .o O ' o ¢
0.4 - . ® o . . . - - o, 5 A * Seriesl
L] e a7 = 9 - x 04 @
a . o ¢ “ © * L
e® ] a a L < o
02 - LAY L c . e | % . . 0.3
. 8 b , = 0. ® . ] g | ) ¢ & ° ) 0 , - ‘ * o
0.0 e o - . o ¥ a - o 5 o o ' ¢ ¢ ¢ *
| ¢ %o . 3
) C O.‘. ’ 0 ‘.
_02 1 1 1 1 1 g — @ “
-0.2 0.0 0.2 0.4 C.o6 C.8 1.0 1.2 | ' ' J J 0 *
an 1.2 C.4 0.6 0.a 1.0 0 0.2 0.4 0.6 0.8 1 1.2

M EXPERIMENT #2



Be aware of unintentional messages.

12

1.0

0.8

0.€

® Scries]

Defaults aren’t necessarily bad

But, they could suggest you put
little effort into your visualizations

Some fields might unfairly judge
you/your science by the program

Put effort into your visualizations



Selecting
appropriate

visualization




Make use of people’s intuition.
What kind of graph will they expect? Start there.

“The variables “The distribution “The groups “Popular in
are related” Is skewed” differ in Y” the Southeast”



Make use of people’s intuition.
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“The variables “The distribution “The groups “Popular in
are related” Is skewed” differ in Y” the Southeast”
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Make use of people’s intuition.
What kind of graph will they expect? Start there.

“The variables “The distribution “The groups “Popular in
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Make use of people’s intuition.
What kind of graph will they expect? Start there.

“The variables “The distribution “The groups “Popular in
are related” Is skewed” differ in Y” the Southeast”
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Make use of people’s intuition.
What kind of graph will they expect? Start there.

“The variables “The distribution “The groups “Popular in
are related” Is skewed” differ in Y” the Southeast”
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Combine multiple types.

Example: when are faculty most productive?

-
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Combine multiple types.

Example: when are faculty most productive?

The histogram answers
our scientific question.

(Tells a story)

Early-career
faculty
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Combine multiple types.

Example: when are faculty most productive?

-
0 5 10+
Number of faculty

The heatmap reveals
the underlying data.

(Lets the audience explore)

Early-career
faculty

O 5 10 15 20 25 30 35 40
Length of career



Building

prototypes




Prototype your visualizations.

Before you code up anything, get
out your colored pencils and draw.

Come up with a handful of concepts
and reflect on what you like about
each one of them.



https://unsplash.com/photos/vZCc-uJCpns

your visualizations.

Example: who listens to whose music?




Prototype your visualizations.

Example: who listens to whose music?




Prototype your visualizations.

Example: who listens to whose music?

Correlation coefficient I -
of export distributions
-6-30 3 6 9

Official
Country Launch Continent language
Bolivia 13 S.America  Spanish
Paraguay 13 S. America Spanish
Guatemala 13 N. America Spanish
El Salvador 13 N.America  Spanish
Honduras 13 N. America Spanish
Nicaragua 13 N.America  Spanish
Peru 13 S. America Spanish
Argentina 13 S. America Spanish
Uruguay 13 S.America  Spanish
Mexico 13 N. America Spanish
Colombia 13 S.America  Spanish
Ecuador 13 S. America Spanish
Chile 13 S.America  Spanish
Costa Rica 13 N. America  Spanish
Dominican Republic 13 N. America Spanish
Panama 13 N. America  Spanish
Andorra 12 Europe Catalan
Spain '08  Europe Spanish
United States 11 N. America  English
Philippines 14 Asia English
Indonesia 16 Asia Indonesian
Malaysia 13 Asia Malay
Singapore 13 Asia English
Japan 16 Asia Japanese
Viet Nam 18 Asia Vietnamese
Taiwan 13  Asia Chinese
Hong Kong 13  Asia English
Thailand 17 Asia Thai
Canada 14 N. America  English
Australia 12 Oceania English
New Zealand 12 Oceania English
Tunisia 18  Africa Arabic
Algeria 18  Africa Arabic
Morocco 18 Africa Arabic
Lebanon 18 Asia Arabic
Egypt 18  Africa Arabic
Palestine 18 Asia Arabic
Jordan 18 Asia Arabic
Qatar 18 Asia Arabic
Oman 18 Asia Arabic
United Arab Emirates '18  Asia Arabic
Saudi Arabia 18 Asia Arabic
Bahrain 18 Asia Arabic
Kuwait 18 Asia Arabic
Brazil 14 S. America Portuguese
Portugal 13 Europe Portuguese
Switzerland 11 Europe German
France '08 Europe French
Belgium 11 Europe Dutch
Netherlands 10  Europe Dutch
South Africa 18  Africa English
United Kingdom '08  Europe English
Ireland 12 Europe English
Denmark 11 Europe Danish
Sweden '08 Europe Swedish
Finland '08  Europe Swedish
Norway '08 Europe Norwegian
Austria 11 Europe German
Germany 12 Europe German
Israel 18 Asia Hebrew
Turkey 13 Asia Turkish
Bulgaria 13  Europe Bulgarian
Romania '18  Europe Romanian
Cyprus 13 Asia Greek
Greece 13 Europe Greek
Iceland 13 Europe Icelandic
Hungary 13 Europe Hungarian
Estonia 13 Europe Estonian
Lithuania 13 Europe Lithuanian
Latvia 13 Europe Latvian » . B
Poland 13 Europe Polish . - "
Czech Republic 13 Europe Czech
Slovakia 13 Europe Slovak
Italy 13 Europe ltalian

Malta 13 Europe English




Correlation coefficient
of export distributions
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Official
Country Launch Continent language
Bolivia 13 S. America Spanish
Paraguay 13 S. America Spanish
Guatemala 13 N.America  Spanish
El Salvador 13 N.America  Spanish
Honduras 13 N. America Spanish
Nicaragua 13 N.America  Spanish
Peru 13 S. America Spanish
Argentina 13 S. America Spanish
Uruguay 13 S. America Spanish
Mexico 13 N.America  Spanish
Colombia 13 S. America Spanish
Ecuador 13 S. America Spanish
Chile 13 S.America  Spanish
Costa Rica 13 N. America  Spanish
Dominican Republic 13 N.America  Spanish
Panama 13 N. America Spanish
Andorra 12  Europe Catalan
Spain '08 Europe Spanish
United States 11 N. America  English
Philippines 14 Asia English
Indonesia 16 Asia Indonesian
Malaysia 13 Asia Malay
Singapore 13 Asia English
Japan 16 Asia Japanese
Viet Nam 18 Asia Vietnamese
Taiwan 13 Asia Chinese
Hong Kong 13 Asia English
Thailand 17 Asia Thai
Canada 14 N. America  English
Australia 12  Oceania English
New Zealand 12  Oceania English
Tunisia 18 Africa Arabic
Algeria 18 Africa Arabic
Morocco 18 Africa Arabic
Lebanon 18 Asia Arabic
Egypt 18 Africa Arabic
Palestine 18 Asia Arabic
Jordan 18 Asia Arabic
Qatar 18 Asia Arabic
Oman 18 Asia Arabic
United Arab Emirates '18 Asia Arabic
Saudi Arabia 18 Asia Arabic
Bahrain 18 Asia Arabic
Kuwait 18 Asia Arabic
Brazil 14 S. America Portuguese
Portugal 13 Europe Portuguese
Switzerland 11 Europe German
France '08 Europe French
Belgium 11 Europe Dutch
Netherlands 10 Europe Dutch
Coiith Africa H1Q  Africa Fnalich



Aim to visualize a sentence.

Focus on clearly communicating a single idea.

3 - Person with more prestigious appointment
VS. person with less prestigious appointment.

\/

Difference in publications
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Aim to visualize a sentence.

Focus on clearly communicating a single idea.

More prestigious , o ,
work environment 3 - Person with more prestigious appointment

- vS. person with less prestigious appointment.

g
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on_atrgin?ngt* 5\ ‘ 7 \0
environmen ~ :

Less prestigious . _
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Use color as an accent. Jramnost of my figures use
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No generation has seen their net worth grow

Those with the most wealth saw gains since 2007 quite like older Americans

- : P Change in medizn net worth since 1989
Change in net worth over 2007-2016, by percentile l . - | l

+13%

T — <35

Everyone else is worse off

-S0%

Life expectancy has actually fallen for 1989 1992 1985 1998 2001 2004 2007 2010 [ 2013 2016

some lower-income Americans Younger Americans have less wealth than in the past

Life expectancy at

age 50 among men Bornin 1930 Born in 1960

Lowest income But the rich

Low added more than
Middle seven years

High

Highest income
75 years old 80 85 90
The United States spends more on
health care than any other country,
but the life expectancy is falling

Recent example from NYTimes



Remove all non-essentials.

If it doesn’t have a purpose, take it out.

Percent share of local content
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Remove all non-essentials.
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Remove all non-essentials.
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Remove all non-essentials.
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Remove all non-essentials.
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Remove all non-essentials.
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Remove all non-essentials.
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Remove all non-essentials.

Percent share of local content
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Figure 2: Most markets exhibit a strong preference for lo-
cal content, with the exception of newer markets. Nearly
all countries show significant preference for their own mu-
sic. New markets in 2019 (lighter gray) constitute the earliest
adopters of Spotify in the respective countries.

these three attributes more generally. This inspection serves
as both an exploratory analysis of our data and highlights
complications that will need to be addressed by later analy-
ses.

Corroborating past studies, we confirm that countries’ in-

~
o

FR
BR
AR
MX

ES
DE

(o))
o
1
o
e o o o o

%))
(&
L
Q

H
o
1

o
o

PT

S
!
e
e
..\‘
oo
° o
o
o

¢ JP
PH
SG
HK
CA
AU
NZ

S
‘..
0‘..
® 9 0
]

Percent share of local content

- 00
a

o o
4+ — oo - Lo— -
| |
|I
"<
!
|
- o0 00 o
|
4 ¢¢ o0
I
- 00 00

1 1 I | 1

2 3 4 5 6 7 8 9 10 11
User cohort (years post-launch)

o

Figure 3: Late adopters (as registration year cohorts)
of Spotify tend to prefer more local content. Late 2019
consumption patterns reveal that listeners who were late
adopters of Spotify tend to stream more local content than
listeners who joined the platform earlier.

Figure 2: Most markets exhibit a strong preference for lo-
cal content, with the exception of newer markets. Nearly
all countries show significant preference for their own mu-
sic. New markets in 2019 (lighter gray) constitute the earliest
adopters of Spotify in the respective countries.

these three attributes more generally. This inspection serves
as both an exploratory analysis of our data and highlights
complications that will need to be addressed by later analy-
ses.

Corroborating past studies, we confirm that countries’ in-
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Figure 3: Late adopters (as registration year cohorts)
of Spotify tend to prefer more local content. Late 2019
consumption patterns reveal that listeners who were late
adopters of Spotify tend to stream more local content than
listeners who joined the platform earlier.



Give the viewer instructions.

Prevent them from having to consult the text.
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Give the viewer instructions.

Prevent them from having to consult the text.
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Gathering

feedback




Simulate your audience.

@ Female Full Professors

() Female Associate Professors
Female Assistant Professors

@® Male Full Professors

@ Male Associate Professors

() Male Assistant Professors
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Stanford University

R I R

UC Berkeley [T I I

MIT [ I I
L ]

California Institute of Technology [

Harvard University [ I | [

University of Washington | I S
University of lllinois, Urbana Champaign [ RS |
University of Wisconsin, Madison [ IS
University of Pennsylvania [ I (|
Rice Uriversity | I I
UCLA [
New York University |- [ I
University of Chicago |~ 1
University of Texas, Austin | IS D
Brown Uriversity [+ i

Columbia University | [
University of Toronto | I D |
University of Rochester [ IS S |
University of Southern California [
Johns Hopkins University = IS
University of Massachusetts, Amherst [ IS B
UC San Diego ||
University of Maryland, College Park | IS IS
University of Michigan | I
University of North Carolina, Chapel Hill _-_
Duke University [0 I I
State University of New York, Stony Brook [ S B
UCIrvine |

Dartmouth College | IS

University of V|rg|n|a T

University of Arizona | I
Pennsylvania State University | [ B
Ohio State University | IS S
Northwestern University [ I S
Washington University, St. Louis [
University of Pittsburgh [ I B
Boston University || N N
University of British Columbia [ N S
University of Oregon | I S
Syracuse University [ e
UG Santa Barbara [+ i I
University of Utah [ [ |

Female Full Professors
Female Associate Professors
Female Assistant Professors
Male Full Professors

Male Associate Professors
Male Assistant Professors



(Intercept) -4,
scale(prestige) 2.
scale(private) 1.
scale(dept.size) 1.
scale(jr.sr.ratio) -9.
scale(gender.ratio) -7.
scale(phd.gender.ratio) 9.
scale(phd.per.fac) 3.
scale(bs.per.fac) -5

scale(support.per.fac) 9.
scale(exfund.per.fac) 6.
scale(deptsup.per.fac) -1.
scale(teaching. load) -7
scale(avg.asst.sal) 4.
scale(avg.asst.sal.rel) -1.
scale(space.per.fac) 1.
scale(grad.sup) -b.
scale(local.pop) 6.
scale(parent.sup) 1.
scale(parent.sup.plus) -3.

coef
320906e-17
625988e-01
387510e-01
983602e-01
558408e-03
P84867e-02
798437e-03
848203e-01

.444218e-02

543509%e-02
856958e-02
674358e-01

.490268e-02

094305e-02
789111e-02
#98649%e-01
@55612¢-04
320005e-02
580210e-02

SO0 OO0 SO S®

Se

.05499178
08632739
.07156172
.07589478
. 06365449
.06756081
.06294453
. 07008914
. 06352855
. 06547985
07071276
. 08082410
. 07009245
.07299193
.06982525
.07586357
.06713530
.06512214
.09118763
885033e-02 0.

09084825

zvalue

.857367e-16
.041894¢+00
.938900e+00
.613622e+00
.501608e-01
.048665e+00
.556678e-01
.496715e+00
.569719e-01
.457473e+00
.0696918e-01
.071608e+00
.059557e+00
.609258e-01
.562270e-01
.448190e+00
.020012e-03
. 734849e-01
.732921e-01
.276398¢e-01

SO WWOW R NUITNWWEWWDNDOOUTN K

P

.000000e+00
.350947e-03
.251353e-02
.958812e-03
.806378e-01
.943323e-01
.76294%e-01
.869303e-08
.9146004e-01
.449859%¢e-01
.322002e-01
.830202e-02
.893462e-01
.748481e-01
.977756e-01
.475638e-01
.928032e-01
.318048e-01
.624218e-01
.689134e-01

(Intercept) -1.
scale(dept.size) 2.
scale(jr.sr.ratio) -6.
scale(gender.ratio) -3.
scale(phd.gender.ratio) -4.
scale(phd.per.fac) 3.
scale(bs.per.fac) -1.
scale(support.per.fac) 1.
scale(exfund.per.fac) 1.
scale(deptsup.per.fac) -1
scale(teaching. load) -1.
scale(avg.asst.sal) 8.

scale(avg.asst.sal.rel) -1

scale(grad.sup)
scale(local.pop)
scale(parent.sup)
scale(parent.sup.plus)

coef
@15627e-16

772717e-01
417544e-03
493457e-02
7909%64e-03
924791e-01
196690e-01
/75783%e-01
186341e-01

.856224e-01

284644e-01
159199%e-02

.627540e-02
scale(space.per.fac) 1.

329687e-01

3.940688e-02
8.609404e-02
6.
-3,

581023e-02
837969%e-02

8 0000800000008 ®

Simulate your audience, part 2.

se

.05746459

.07150747
.06040028
.06781088
.00482548
.078038592
.06366251
.06512311
.06999055
.08165860
.07203570
07472268
07217724
.07762836
.00831598
.06596881
.09416931
09509670

zvalue

. 7673906e-15

.877520e+00
.0656210e-02
.252521e+00
.390558e-02
.576103e+00
.879740e+00
.0699255e+00
.695001e+00
.273152e+00
. 783344e+00
.091931e+00
.254922¢e-01
.712888e+00
.768325e-01
. 30507 2e+00
.988501e-01

035859%¢-01

P UT RO NNNNOOGOOON ON W

p

. 000000e+00

.055266¢-04
.230742e-01
.103800e-01
.410855e-01
.459666¢e-08
.014349¢-02
.949487e-03
.007517e-02
.301704e-02
.453031e-02
. 748636e-01
.215964¢-01
.673307e-02
.640526e-01
.918684e-01
.846457¢e-01
0.

865172e-01



(Intercept) -4,
scale(prestige) 2.
scale(private) 1.
scale(dept.size) 1.
scale(jr.sr.ratio) -9.
scale(gender.ratio) -7.
scale(phd.gender.ratio) 9.
scale(phd.per.fac) 3.
scale(bs.per.fac) -5.
scale(support.per.fac) 9.
scale(exfund.per.fac) 6.
scale(deptsup.per.fac) -1.
scale(teaching. load) -7.
scale(avg.asst.sal) 4.
scale(avg.asst.sal.rel) -1.
scale(space.per.fac) 1.
scale(grad.sup) -b.
scale(local.pop) 6.
scale(parent.sup) 1.

scale(parent.sup.plus) -3

coef
320906e-17
625988e-01
387510e-01
983602e-01
558408e-03
P84867e-02
798437e-03
848203e-01
444218e-02
543509¢-02
856958e-02
674358e-01
490268e-02
#94305e-02
789111e-02
P98649%e-01
@55612e-04
320005e-02
580210e-02

. 885033e-02

SO WWOW R NUITNWWEWWDNDOOUTN K

P

.000000e+00
.350947e-03
.251353e-02
.958812e-03
.806378e-01
.943323e-01
.76294%e-01
.869303e-08
.9146004e-01
.449859%-01
.322002e-01
.830202e-02
.893462e-01
.748481e-01
.977756e-01
.475638e-01
.928032e-01
.318048e-01
.624218e-01
.689134e-01

(Intercept) -1.
scale(dept.size) 2.
scale(jr.sr.ratio) -6.
scale(gender.ratio) -3.
scale(phd.gender.ratio) -4.
scale(phd.per.fac) 3.
scale(bs.per.fac) -1.
scale(support.per.fac) 1.
scale(exfund.per.fac) 1
scale(deptsup.per.fac) -1.
scale(teaching. load) -1.
scale(avg.asst.sal) 8.

scale(avg.asst.sal.rel) -1

scale(grad.sup)
scale(local.pop)

3
8
scale(parent.sup) 6.
-3.

scale(parent.sup.plus)

Simulate your audience, part 2.

coef
@15627e-16

772717e-01
417544e-03
493457e-02
7909%64e-03
924791e-01
196690e-01
/75783%e-01

.186341e-01

856224e-01
284044e-01
159199%e-02

.027540e-02
scale(space.per.fac) 1.

329687e-01

.9400688e-02
.609404e-02

581023e-02
837969%e-02

O PP UGN NN OGO NONWR

p

. 000000e+00

.055266¢-04
.230742e-01
.103800e-01
.410855e-01
.459666¢e-08
.014349¢-02
.949487e-03
.007517e-02
.301704e-02
.453031e-02
. 748636e-01
.215964¢-01
.673307e-02
.640526e-01
.918684e-01
.846457¢e-01
,865172e-01



Simulate your audience, part 2.

coef coef
scale(prestige) 2.625988e-01
scale(dept.size) 1.983602e-01 scale(dept.size) 2.772717e-01
scale(phd.per.fac) 3.848203e-01 scale(phd.per.fac) 3.924791e-01

scale(support.per.fac) 1.75783%e-01

scale(deptsup.per.fac) -1.674358e-01 scale(deptsup.per.fac) -1.856224e-01



Simulate your audience, part 2.

coef coef
scale(prestige) 2.625988e-01
scale(dept.size) 1.983602e-01 scale(dept.size) 2.772717e-01
scale(phd.per.fac) 3.848203e-01 " scale(phd.per.fac) 3.924791e-01 4

scale(support.per.fac) 1.75783%e-01

scale(deptsup.per.fac) -1.674358e-01 scale(deptsup.per.fac) -1.856224e-01



(Intercept)
(Intercept) -4,
scale(prestige) -2.
scale(private) 1.
scale(dept.size) 1.
scale(jr.sr.ratio) -9.
scale(gender.ratio) -7.
scale(phd.gender.ratio) 9.
scale(phd.per.fac) 3.
scale(bs.per.fac) -5.
scale(support.per.’.._. 9.
scale(exfund.per.fac) 6.
scale(deptsup.per.fac) -1.
scale(teaching. load) -7.
scale(avg.asst.sal) 4.
scale(avg.asst.sal.rel) -1.
scale(space.per.fac) 1.
scale(grad.sup) -6.
scale(local.pop) 6.
scale(parent.sup) 1.

scale(parent.sup.plus) -3.

coef

se

zvalue

p

-1.015627e-16 0.05746459 -1.767396e-15 1.000000e+00

coef
320906e-17
625988e-01
387510e-01
983602e-01
558408e-03
084867e-02
798437e-03
848203e-01
444218e-02
543509e-02
856958e-02
674358e-01
490268e-02
@94305e-02
789111e-02
P98649%e-01
@55612e-04
320005e-02
580210e-02
885033e-02

SO OO0 SOS

se

.05499178
.08632739
.07156172
.07589478
. 06365449
.06756081
.06294453
.07000914
.06352855
. 06547985
07071276
.08082410
07069245
.07299193
.06982525
.07586357
.06713530
.06512214
.09118763
. 09084825

zvalue

.857367e-16
.041894¢+00
.938900e+00
.613622e+00
.501608e-01
.048665e+00
.556678e-01
.496715e+00
.569719%e-01
.457473e+00
.0696918e-01
.071608e+00
.059557e+00
.609258e-01
.562270e-01
.448190e+00
.020012e-03
. 704849%e-01
.732921e-01
.276398e-01

SO W W R, NUNWWEWWRNDOOUTN K

p

.000000e+00
.350947e-03
.251353e-02
.958812e-03
.806378e-01
.943323e-01
.762949e-01
.869303e-08
.914604e-01
.449859%¢-01
.322002e-01
.830202e-02
.893462e-01
.748481e-01
.977750e-01
.475638e-01
.928032e-01
.318048e-01
.624218e-01
.689134e-01

266e-04
742e-01
800e-01
855e-01
6o6e-08
349e-02
487e-03
517e-02
704e-02
B3le-02
636e-01
964e-01
307e-02
526e-01
684e-01
457e-01
172e-01

Standardized Regression Coefficient

-0.50 -0.25 0.00 0.25 0.50
Value in Value in Model 2
Model 1 (no Prestige, Private)

Prestige
Private

Department size

Non-TT teachers+researchers, per faculty
Admin and support staff, per faculty

PhD students, per faculty

Local population

Research area (sq. ft), per faculty
External funding dollars, per faculty

Avg. assistant professor salary

Gender ratio, faculty

Gender ratio, PhD students

Avqg. assistant professor salary, normalized
Undergraduate students, per faculty
Years of guaranteed PhD student funding
Junior-senior ratio (assistant to other)
Offers parental leave

Offers parental leave >6wks

Teaching load, courses per semester

IAG “*sgnd



(Intercept)
(Intercept) -4,
scale(prestige) -2.
scale(private) 1.
scale(dept.size) 1.
scale(jr.sr.ratio) -9.
scale(gender.ratio) -7.
scale(phd.gender.ratio) 9.
scale(phd.per.fac) 3.
scale(bs.per.fac) -5.
scale(support.per.’.._. 9.
scale(exfund.per.fac) 6.
scale(deptsup.per.fac) -1.
scale(teaching. load) -7.
scale(avg.asst.sal) 4.
scale(avg.asst.sal.rel) -1.
scale(space.per.fac) 1.
scale(grad.sup) -6.
scale(local.pop) 6.
scale(parent.sup) 1.

scale(parent.sup.plus) -3.

coef

se

zvalue

p

-1.015627e-16 0.05746459 -1.767396e-15 1.000000e+00

coef
320906e-17
625988e-01
387510e-01
983602e-01
558408e-03
084867e-02
798437e-03
848203e-01
444218e-02
543509e-02
856958e-02
674358e-01
490268e-02
@94305e-02
789111e-02
P98649%e-01
@55612e-04
320005e-02
580210e-02
885033e-02

SO OO0 SOS

se

.05499178
.08632739
.07156172
.07589478
. 06365449
.06756081
.06294453
.07000914
.06352855
. 06547985
07071276
.08082410
07069245
.07299193
.06982525
.07586357
.06713530
.06512214
.09118763
. 09084825

zvalue

.857367e-16
.041894¢+00
.938900e+00
.613622e+00
.501608e-01
.048665e+00
.556678e-01
.496715e+00
.569719%e-01
.457473e+00
.0696918e-01
.071608e+00
.059557e+00
.609258e-01
.562270e-01
.448190e+00
.020012e-03
. 704849%e-01
.732921e-01
.276398e-01

SO W W R, NUNWWEWWRNDOOUTN K

p

.000000e+00
.350947e-03
.251353e-02
.958812e-03
.806378e-01
.943323e-01
.762949e-01
.869303e-08
.914604e-01
.449859%¢-01
.322002e-01
.830202e-02
.893462e-01
.748481e-01
.977750e-01
.475638e-01
.928032e-01
.318048e-01
.624218e-01
.689134e-01

266e-04
742e-01
800e-01
855e-01
6o6e-08
349e-02
487e-03
517e-02
704e-02
B3le-02
636e-01
964e-01
307e-02
526e-01
684e-01
457e-01
172e-01

Standardized Regression Coefficient

-0.50 -0.25 0.00 0.25 0.50
Value in Value in Model 2
Model 1 (no Prestige, Private)

Prestige
Private

Department size

Non-TT teachers+researchers, per faculty
Admin and support staff, per faculty

PhD students, per faculty

Local population

Research area (sq. ft), per faculty
External funding dollars, per faculty

Avg. assistant professor salary

Gender ratio, faculty

Gender ratio, PhD students

Avqg. assistant professor salary, normalized
Undergraduate students, per faculty
Years of guaranteed PhD student funding
Junior-senior ratio (assistant to other)
Offers parental leave

Offers parental leave >6wks

Teaching load, courses per semester

IAG “*sgnd
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(Intercept)
(Intercept) -4,
scale(prestige) -2.
scale(private) 1.
scale(dept.size) 1.
scale(jr.sr.ratio) -9.
scale(gender.ratio) -7

scale(phd.gender.ratio) 9.
scale(phd.per.fac) 3.
scale(bs.per.fac) -5.

~

scale(support.per.’.._. 9.
scale(exfund.per.fac) 6.
scale(deptsup.per.fac) -1.

scale(teaching. load) -7
scale(avg.asst.sal) 4.
scale(avg.asst.sal.rel) -1
scale(space.per.fac) 1.
scale(grad.sup) -6.
scale(local.pop) 6.
scale(parent.sup) 1.

scale(parent.sup.plus) -3.

coef

se

zvalue

p

-1.015627e-16 0.05746459 -1.767396e-15 1.000000e+00

coef
320906e-17
625988e-01
387510e-01
983602e-01
558408e-03

.084867e-02

798437e-03
848203e-01
444218e-02
543509e-02
856958e-02
674358e-01

.490268e-02

@94305e-02

.789111e-02

?#98649e-01
@55612¢e-04
320005e-02
580210e-02
885033e-02

SO OO0 SOS

se

.05499178
.08632739
.07156172
.07589478
. 06365449
.06756081
.06294453
.07000914
.06352855
. 06547985
07071276
.08082410
07069245
.07299193
.06982525
.07586357
.06713530
.06512214
.09118763
. 09084825

zvalue

.857367e-16
.041894¢+00
.938900e+00
.613622e+00
.501608e-01
.048665e+00
.556678e-01
.496715e+00
.569719%e-01
.457473e+00
.0696918e-01
.071608e+00
.059557e+00
.609258e-01
.562270e-01
.448190e+00
.020012e-03
. 704849%e-01
.732921e-01
.276398e-01

SO W W R, NUNWWEWWRNDOOUTN K

p

.000000e+00
.350947e-03
.251353e-02
.958812e-03
.806378e-01
.943323e-01
.762949e-01
.869303e-08
.914604e-01
.449859%¢-01
.322002e-01
.830202e-02
.893462e-01
.748481e-01
.977750e-01
.475638e-01
.928032e-01
.318048e-01
.624218e-01
.689134e-01

266e-04
742e-01
800e-01
855e-01
6o6e-08
349e-02
487e-03
517e-02
704e-02
B3le-02
636e-01
964e-01
307e-02
526e-01
684e-01
457e-01
172e-01

Standardized Regression Coefficient

-0.50 -0.25 0.00 0.25 0.50
Value in Value in Model 2
Model 1 (no Prestige, Private)

Prestige
Private

Department size

Non-TT teachers+researchers, per faculty
Admin and support staff, per faculty

PhD students, per faculty

Local population

Research area (sq. ft), per faculty
External funding dollars, per faculty

Avg. assistant professor salary

Gender ratio, faculty

Gender ratio, PhD students

Avg. assistant professor salary, normalized
Undergraduate students, per faculty
Years of guaranteed PhD student funding
Junior-senior ratio (assistant to other)
Offers parental leave

Offers parental leave >6wks

Teaching load, courses per semester

IAG “*sgnd
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Standardized Regression Coefficient

-0.50 -0.25 0.00 0.25 0.50
Value in Value in Model 2
Model 1 (no Prestige, Private)

Prestige
Private

Department size

Non-TT teachers+researchers, per faculty
Admin and support staff, per faculty

PhD students, per faculty

Local population

Research area (sq. ft), per faculty
External funding dollars, per faculty

Avg. assistant professor salary

Gender ratio, faculty

Gender ratio, PhD students

Avg. assistant professor salary, normalized
Undergraduate students, per faculty
Years of guaranteed PhD student funding
Junior-senior ratio (assistant to other)
Offers parental leave

Offers parental leave >6wks

Teaching load, courses per semester
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Seek out peer review.
Ask for feedback and listen.

6.
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Thanks for listening
Sam Way

Research Scientist, Spotify
samfway@spotify.com




For your bookshelves

(attention, R users)

“nd Edisen I L Steve Krug
ocke russbaumer latic Data Visualisation DATA e et ‘
. B the VISUALIZATION 3
. storytelling SN functional = DON'T
with art
data .'*- _'-. ’): u;m':m’!h-:k SECOND EDITION D & = MAKE
deulzakon ‘\.J . L S j:' - : e Visual Dasplay l'}(, 'Lg:/" ‘:{" ME
gJdefar ‘-".3':;\:' -'," & : aberto cairo | ‘ of Quantitative Information = -
e : l__ S smeme St b e TH“’@'«QM
ANnCy Kk ® »e - m== ..L __ﬂ__ _L. e wape WiLEY A THIMDOA S2053 APPIOKE mv:t:r:mw
Great intro For those who want more Design perspective For inspiration
Fast read + accessible
General resources Science as Art Complexity
® visualisingdata.com/resources/ e Scientific Communication as Sequential Art (Bret Victor) e complexity-explorables.org
e Caveats to data visualization (by data-to-viz.com) e A Visual Introduction to Machine Learning (R2D3) e complexityexplorer.org
e The R Graph Gallery (Yan Holtz) e Simulated Dendrochronology of U.S. Immigration
e D3 Gallery
Papers containing example visualizations
Color e Systematic inequality and hierarchy in faculty hiring networks (Science Advances)
e coolors.co, palettable.io (custom color palettes) e The misleading narrative of the canonical faculty productivity trajectory (PNAS)
e jiffyclub.github.io/palettable (colors in Python) e Productivity, prominence, and the effects of academic environment (PNAS)
e colororacle.org (color blind test app) e Gender, Productivity, and Prestige in Computer Science Faculty Hiring Networks (WWW)
e Avoiding #000000 (by lan Taylor) e Environmental Changes and the Dynamics of Musical Identity (ICWSM)
e Local Trends in Global Music Streaming (to appear at ICWSM)

Python-specific

e Randal Olson’s matplotlib tips SpeCIaI thanks Contact |nfo
e Becoming an “Artist in Matplotlib” e Tech Research and the design teams at Spotify samfway@spotify.com
e jiffyclub.github.io/palettable (colors in Python) e Aaron Clauset, Dan Larremore, and Allie Morgan at CU Boulder, who @samfway (Twitter), samfway.com

e Avoiding #000000 (by lan Taylor) helped shape my approach to visualizations and this presentation


https://www.data-to-viz.com/caveats.html
http://data-to-viz.com
http://r-graph-gallery.com/
https://github.com/d3/d3/wiki/Gallery
http://ianstormtaylor.com/design-tip-never-use-black
http://www.randalolson.com/2014/06/28/how-to-make-beautiful-data-visualizations-in-python-with-matplotlib/
https://dev.to/skotaro/artist-in-matplotlib---something-i-wanted-to-know-before-spending-tremendous-hours-on-googling-how-tos--31oo
http://ianstormtaylor.com/design-tip-never-use-black
http://worrydream.com/ScientificCommunicationAsSequentialArt
http://r2d3.us/visual-intro-to-machine-learning-part-1
https://web.northeastern.edu/naturalizing-immigration-dataviz/
https://advances.sciencemag.org/content/1/1/e1400005
https://www.pnas.org/content/114/44/E9216
https://www.pnas.org/content/116/22/10729
https://dl.acm.org/doi/abs/10.1145/2872427.2883073
https://aaai.org/ojs/index.php/ICWSM/article/view/3250
http://samfway.com
http://complexity-explorables.org

Other rules of thumb*

Don’t use hard-to-read fonts. Try Helvetica instead.
Don’t use #000000. Try something less harsh.
Don’t use rainbow colormaps. Try something more functional.

Don’t make pie charts. Try... literally anything else.


https://olgabotvinnik.com/blog/how-to-set-helvetica-as-the-default-sans-serif-font-in/

