Data Viz

April 2, 2020
Data Science CSCIl 1951A
Brown University

Instructor: Ellie Pavlick
HTAs: Josh Levin, Diane Mutako, Sol Zitter



Announcements

* Videos on it you can! Use raise-hand teature for
guestions.

* Any guestions/concerns logistically?

e Extra Office Hours tomorrow



logay

* Questions from previous lectures? (Dimensionality
Reduction, Classitication, Regularization)

 Data Viz tips and best practices
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When do | do gata viz
during a project?

Viz #2: Quick histograms (or
| | box-whiskers maybe) of
Viz #1: Quick hours of sleep vs. number of

side-by-side concentrations
histogram of CS .

students’ sleep
vS. the rest.
Means + Cls

Run linear regression, control
for various things, find large
coefficient on whether student
has two concentrations

v 4
'
Iy
0

). 1 .

\ G2t . < TSR \ SR RS < o Sl Sl < v \ il . < M-SR A Lo o= . oS . a0
e o et S D OB i 2 aes NoT TR W T < ORI e VT TR W W PR L ORI ] V3 7 W W PR eL e e OB R 2l S Rer? O3 78 Wy W PTeL e RS
b
¢

Hypothesis: CS students sleep less than
Brown students in general




When do | do gata viz
during a project?

Viz #2: Quick histograms (or
box-whiskers maybe) of

Viz #1: Quick hours of sleep vs. number of
side-by-side concentrations
histogram of CS ,;
students’ sleep Viz #3: Quick
vs. the rest. histogram of number
Means + Cls § of concentrations for
Run linear regression, control  §  CS vs. non-CS
for various things, find large % students

5

coefficient on whether student
has two concentrations

o

3

0

) 13

" Y

i ’ e
Al ~ <~ Ny e \ S RIS

Hypothesis: CS students sleep less than
Brown students in general




When do | do gata viz
during a project?

Viz #2: Quick histograms (or
box-whiskers maybe) of

Vi.Z #1: Ql{iCk hours of sleep vs. number of
side-by-side concentrations
histogram of CS Viz #4: Final
students’ sleep Viz #3: Quick poliéhed
I\\/I/Z.at:SeJie(_s:tl.S ' histogram of number \is\ 5lizations for
] of concentrations for poster/paper/
Run linear regression, control  §  CSvs. non-CS report
for various things, find large  § students

5

coefficient on whether student
has two concentrations

o

3

0

) 13

" Y

i ’ e
Al ~ <~ Ny e \ S RIS

Hypothesis: CS students sleep less than
Brown studgnts in general




When do | do data viz
during a project?

Viz #ia: Quick histograms (or
| | box-whiskers maybe) of
Viz #1: Quick hours of sleep vs. number of

side-by-sie concentrations
histogram of CS .

| - Viz #N+1: Final
students Sl:_gep : Viz #ib: Quick pOliShed
vs. the rest. histogram of number .4 4jizations for
Means + Cls § of concentrations for ooster/paper/
Run linear regression, control  § CS vs. non-CS report
for various things, find large students

coefficient on whether student
has two concentrations

|

Hypothesis: CS students sleep less than
Brown studgnts in general



When do | do data viz
during a project?
* At the very start of analysis, to find out wth is going

on in my data

* Periodically throughout, to vet the quantitative
trends | am seeing

* At the very end of a project, to showcase the
results
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More iur&am&
(matplotlib, excel, whatever is easy)
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Mosk a&&em&om cause Es ﬂfum )

e At the very start of analysis, toO fgﬁd out

on in my data

IS going

* Periodically throughout, to vet the q_ant|tat|ve
trends | am seeing '
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When do | do data viz
during a project?

* Atthe very start of analysis, to find out wth is going
on in my data

+ Periodically throughout, to Ve’[he quantitative
trends | am seeing ® o\

e Atthe very end of a project

. 1§ showcase the
results

You are the wmain audience, qoal is to make
sure you understand what you are Llooking at
15 ’



When do | do data viz
during a project?

Evervc;me else is the main audience, Groal s bo

make point as clearly and concisely as possible
%t%t he very start 0? yS|s to find out w4h Is ggmg

on in my data

* Periodically throughout, to vet the qntitative

trends | am seeing

+ At the very end of a project, to showcase the
results
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0 many bad figures...
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My “three pillars” of Data Viz

LCN"% — Your figures should speak for themselves. The
analysis should be understandable and your conclusions
should be obviously supported, without too much effort
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My “three pillars” of Data Viz

LQM% — Your figures should speak for themselves. The
analysis should be understandable and your conclusions
should be obviously supported, without too much effort

H O
N E S
T Y
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My “three pillars” of Data Viz

Lﬁa’\% — Your figures should speak for themselves. The
analysis should be understandable and your conclusions
should be obviously supported, without too much effort

H O
N E S
T Y
Minimalisim = Substanca ovar swia, Maka

your point concisaly, without radundant or
distracting infonmation oF ornamaniation.
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‘form follows function’
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Great tangent to go on...

“1a RS

TUFRTE BEAUTliUL EVIDEI&CE'_\
3 The Visual Display of Quantitative Information e mios
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TUFTE VISUAL EXPLANATIONS

Edward Tufte—dogma of data viz
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My “three pillars” of Data Viz

LCN"% — Your figures should speak for themselves. The
analysis should be understandable and your conclusions
should be obviously supported, without too much effort
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Missing or Cryptic Labels

Learning curve
100
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50
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Missing or Cryptic Labels
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Skewed or Crunched Data

= Population 1 = Population 2
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Skewed or Crunched Data

= Population 1 = Population 2

Log Frequency




Skewed or Crunched Data




Skewed or Crunched Data

Somebimes can
N remwove outliers

(but say you did so...)




4 3 12 16 20

90 92 94 96 100

Sometimes better to N
amatvae separa&etv«. 100
(Look at your daka!)



Skewed or Crunched Data




Skewed or Crunched Data

100 100 100 100 100
75 75 75 75 75 M
50 50 50 50 50

25 25 25 25 25

0 0 0 0 0
20 40 60 80100 20 40 60 80 100 20 40 60 80100 20 40 60 80100 20 40 60 80 100

Somebkimes bebter to split into
mu&&pt@. charks...
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Chart/Data Type Mismatch

Company Earnings by Year (in

® 2012 millions)
® 2013
2014
® 2015
® 2016
® 2017
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Chart/Data Type Mismatch

Company Earnings by Year (in
® 2012 millions)

oo Not really
interpretable as

© 2015
® 2016

“Far&s c::wf a
whole”’...

® 2017
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Chart/Data Type Mismatch

Company Earnings by Year (in millions)
2.3
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Chart/Data Type Mismatch

Earnings Gap in Canada is Smaller

Earnings

Canada

W College
@ No College
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Chart/Data Type Mismatch

Earnings Gap in Canada is Smaller
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Clicker Question!

States | have lived in
18

13.5
2
39
o
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0
Michigan Maryland Pennsylvania New York Rhode Island

What is the biggest problem with this?

(a) Crunched/Skewed Pata

(b) Missing/Cryptic Labels

(¢) Chart/Data Type Mismatch
(d) I1s just ugly
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Clicker Question!

States | have lived in
18

13.5
&P
S 9
o

4.5

0
Michigan Maryland Pennsylvania New York Rhode Island

What is the biggest problem with this?

(a) Crunched/Skewed Data

(k) Missing/Cryptic Labels

(¢) Chart/Data Type Mismatch
(dr I1s just ugly



My “three pillars” of Data Viz



No Point of Comparison

Average Performance (over 5-fold validation)

Fancy Model? Fancy Model2 Fancy Model3
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No Point of Comparison

Average Performance (over 5-fold validation)

Fancy Model1 Fancy Model2 Fancy Model3 Random Guessing

Help calibrate how easy/hard the problem is,
what bypes of numbers to expect a priori..



Summary Stats Only

Average Performance (over 5-fold validation)

Baseline Old Model New Model
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Summary Stats Only

Average Performance (over 5-fold validation)

Baseline Old Model New Model
Sometimes can tnelude error bars/
confidence, intervals...



Summary Stats Only

Average Performance (over 5-fold validation)
B0 O

.........6.@....----------------------- R
.........4.@....------

.........2.@....------

A
U

Baseline Old Model New Model

Even betbter, just show all the data alongside
Ehe summary skaks.



Summary Stats Only

Population Population?

15

10




Summary Stats Only

Population Population?

15

10

0
0 3 6 9 12

Be careful aboul showing smoothed/
estimated/aggregated trends only



Summary Stats Only

Population Population?

15

10

0
0 3 6 9 12

Whenever possible, show underlying data
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Misleading/Badly Scaled
AXES

Baseline Old Model New Model
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Misleading/Badly Scaled
AXES

Percent Accuracy

Baseline Old Model New Model

Rescale ko a meaningful range (use full range
of values that are interesting/expected)



Percent Accuracy

Misleading/Badly Scaled
AXES

Baseline Old Model New Model

And/or include error bars
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My “three pillars” of Data Viz

Minimalisim — Substance over styla, Make
your point concisely, without radundant or
distracting infonmation or ornamaniation,
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Redundancy

F1 Score

Model1 Model2 Model3
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Redundancy

F1 Score

Model1 Model2 Model3

Dot use colors/decorations unless H«ev add
new inf%rmaﬁiom



F1 Score

Redundancy

Model1 Model2 Model3

Jdust Lloock how pre&&v Ehak is
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Superfluousness

Model Performance (F1 Score)




Superfluousness

Model Performance (F1 Score)

Model 2 Model 3

Model 1

Dot use colors/decorations unless &hev add
new imﬁggrma&mm



F1 Score

Superfluousness

Model Performance (F1 Score)

Model1 Model2 Model3

Jdust Lloock how pre&&v Ehak is
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Why Is that chart 3D"

Company Earnings by Year (in millions)

2.3
1.725
1.15
2012
2 .
013 2014 0.575
2015
2016 0

2017
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Why Is that chart 3D"

Company Earnings by Year (in millions)

2.3
1.725
1.15
2012
2 .
013 2014 0.575
2015
2016 0

2017

Jusk...donkt

62



Why Is that chart 3D

Company Earnings by Year (in millions)

2.3

1.725

1.15

0.575

0

2012 2013 2014 2015 2016 2017

Jdust Lloock how pre&&v Ehak is
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Umnanawn

rbidities

Epilepsy types

Combene:

Co_-m

 Epilepsy Syndromes
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Tips for quick-and-helpful
data viz

Type of Hypothesis First plot I’d make

Group A differs from Group B side-by-side histograms, with means and

according to metric C Cls
X effects Y scatter plot, with correlation
Prediction Tasks, dim.reduction feature matrix to 2D, then
Recommendations scatter and color by label/group
Any of the above correlation matrices between all features

counts of all features (broken down by

Any of the above groups/labels if relevant)

606



Tips for quick-and-helpful
data viz

* Histograms:

e Play with bin size/normalization until you can see clearly

e Sometimes | use box plots if the variation is low (but always
overlay the points themselves)

e Scatters:

e Apply jitter or transparency to scatter plots so you can see
overlapping points

* Add labels (or use plotly for interaction) so you can see
labels on points
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Tips for quick-and-helpful
data viz

Matplotlib: https://matplotlib.org/ my <3, because | am old-
school. Not super streamlined but does give you a lot of
control

Seaborn: https://seaborn.pydata.org/ plays well with numpy,
streamlines process for making complex charts (e.g. large
grids/side-by-sides) but harder to tweak little things

Plotly: https://plotly.com/ good for quick interactive charts (I
use this for messy scatter plots)

D3: https://d3js.org/ good for making very flashy plots (and
for doing your homeworks)

68
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Clicker Question!

40 -

Look at this chart
| made!l
(a) A
(b] B .
(c) C

_40 -

(d) F
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Look at this chart
| made!l
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Clicker Question!

Look at this chart
| made!l

(a) A
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() C
(d) F
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c" A watercolor painting celebrating that event hangs
lc today in the Chenango Museum in Norwich. The

canal itself was also utilized for recreation. In the
summer months it supported swimming, boating and
fishing. In the winter months, after the surface froze
over, ice skating and even horse racing became
favorite pastimes. Before the Chenango Canal was
built, much of the Southern Tier and Central New
York was still considered to be frontier.

LOOk a‘l' ‘l'his char‘l' In the summer months it supported swimming ,

pichicking and fishing .

l made!! —40 —20 0 20 40

Word

(a) A
(b) B
(¢) O
(d) F

Sentence

Paragraph




