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'Scientific" and "Information" Visualization

e [WO subfields of visualization

e Scientific visualization (SciVis) deals with data where the spatial position is
given with data

- Usually continuous data
- Often displaying physical phenonema
- lechniques like iIsosurfacing, volume rendering, vector field vis

e Information visualization (InfoVis) deals with data that has no set spatial
representation; the designer chooses how to visually represent data
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SciVis
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INfoVis
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" I'he purpose of visualization Is Iinsight, not pictures’

— B. Shneiderman
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Why do we visualize data”?
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Data Analysis

Data
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Data Analysis

Data Computation
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Data Analysis

Data Computation Output
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Data Analysis

Data Computation Output
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Data Analysis

Data Computation Output Knowledge
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Data Analysis

Data Computation OQutput Knowledge
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Data Analysis

Data Computation Output Knowledge

David Koop ATPESC 2025 Northern Illinois University 9



Data Analysis

Data Computation Output Knowledge
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Outputs Often Become Inputs
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Different Types of Notebooks, Many Similarities

T O s

Out[1)=

ini2:= EigenVectorCentrality[%]

ouizl- {0.0733294, 0.0670173, 0.0911388, 0.084084, 0.0408522, 0.058568, 0.0694066, 0.0697708,
0.0586817, 0.0732617, 0.0785323, 0.060912, 0.0370771, 0.0646014, 0.0727667}

In@)= cities = GeoNearest["City" = (San Jose cirv ] s 36]

outial= {[ Cupertino |, (Saratoga |, |Los Gatos |, |Milpitas |, | Sunol-Midtown |, | East Foothills | ,

| Campbell |, | Cambrian Park |, | Fremont |, Morgan Hill |, |Seven Trees |, |Buena Vista |,

(Santa Clara |, [Sunnyvale |, | Alum Rock |, (Burbank |, | Fruitdale |, [ San Jose|,

| Newark |, (Monte Sereno |, | Mountain View |, | Palo Alto |, | Los Altos |, | Menlo Park |,

(Loyola |, [ San Martin |, |East Palo Alto |, | Lexington Hills |, | Los Altos Hills |, | Sunol }}

inf4:= BubbleChart3D[

liagrama Qs

e1p)
ol

Tooltip[#[{"GiniIndex", "Area", "PerCapitaIncome", "Population"}],

sugerencia A€

dicd

#["Name"]] & /@ cities]

Outj4]=

100% b
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Different Types of Notebooks, Many Similarities

et @ [#
inf1}:= RandomGraph[ {15, 50}, GraphLayout - "LayeredDigraphEmbedding"]

00 RStudio Source Editor
@ nb-demo.Rmd *
outf1]= <] APE QIR preview v O v B &+ & | [=PRun~ | E | =
9
10~ "~ "{r} = b
11 summary(iris)
12 o
ini2:= EigenVectorCentrality[%]
ut2l= {0.0733294, 0.0670173, 0.0911388, 0.084084, 0.0408522, 0.058568, 0.0694066, 0.06977 . " .
o {o 0586817, 0.0732617, 0.0785323, 0.060912, 0.0370771, 0.0646014, 0.0727667} SEpoL . LengEn SEpaL.Niakn Fetal.LengEh Paral-Nich Species
) e s e A = I Min. :4.300 Min. :2.000 Min. :1.000 Min. :0.100 setosa :50
. . : 1st Qu.:5.100 1st Qu.:2.800 1st Qu.:1.600 1st Qu.:0.300 versicolor:50
n@r= cities = GeoNearest["C1ty", [San Jose cirvy ], 30] . . . . . ..
S — Median :5.800 Median :3.000 Median :4.350 Median :1.300 virginica :50
out(3l= {I_ Cupertino |, (Saratoga |, |Los Gatos |, |Milpitas |, | Sunol-Midtown |, | East Foothills | , Mean :5.843 Mean :3.057 Mean :3.758 Mean :1.199
‘ : g 3 : : : : == 3rd Qu.:6.400 3rd Qu.:3.30@0 3rd Qu.:5.100 3rd Qu.:1.800
| Campbell |, [Cambrlan Park |, | Fremont |, [ Morgan Hill J » | Seven Trees |, | Buena Vista |, Max . -7.900 Max . -4.400 Max . -6.900 Max . :2.500
| Santa Clara |, Sunnyvale |, Alum Rock |, (Burbank |, |Fruitdale |, (San Jose |,
S : 13
| Newark |, | Monte Sereno |, | Mountain View |, | Palo Alto |, | Los Altos |, | Menlo Park |, 14+ ***{r} v »
(Loyola |, San Martin |, [ East Palo Alto |, [ Lexington Hills |, | Los Altos Hills |, ( Sunol }} 15 1ibr'ar'y(ggplot2|
16 gplot(Sepal.lLength, Petal.lLength, data = iris, color = Species, size =
4} BubbleChart3D[ Petal .Width)
diagrama de burbujas 3D 17 b
Tooltip[#[{"GiniIndex", "Area", "PerCapitaIncome", "Population"}],
sugerencia area
#["Name"]] & /@ cities] ‘
e ®  petalwidth
6~ . ® 05
@ o
< o @ s
[e)]
2 @
Outjdl= :_’ 4- ‘ . 2.5
S
o 8 Soen
ecles
) p
¢ setosa
® versicolor
2- o
a ® virginica
jspu]
.-a-.cl‘o-i. o
- 15:16 @ Chunk 2 < R Markdown <

100% b
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Different Types of Notebooks, Many Similarities

[ NN ) [#
inf1}:= RandomGraph[ {15, 50}, GraphLayout - "LayeredDigraphEmbedding"]

Out[1)=

ini2:= EigenVectorCentrality[%]

ouel= {0.0733294, 0.0670173, 0.0911388, 0.084084, 0.0408522, 0.058568, 0.0694066, 0.06977
0.0586817, 0.0732617, 0.0785323, 0.060912, 0.0370771, 0.0646014, 0.0727667}

In@)= cities = GeoNearest["City" = (San Jose cirv ] s 36]

outial= {[ Cupertino |, (Saratoga |, |Los Gatos |, |Milpitas |, | Sunol-Midtown |, | East Foothills | ,

| Campbell |, | Cambrian Park |, | Fremont |, Morgan Hill |, |Seven Trees |, |Buena Vista |,

| Santa Clara |, [ Sunnyvale |, [ Alum Rock |, (Burbank |, | Fruitdale |, (San Jose |,

| Newark |, [ Monte Sereno |, | Mountain View |, | Palo Alto |, |Los Altos |, | Menlo Park |,

(Loyola |, [ San Martin |, |East Palo Alto |, | Lexington Hills |, | Los Altos Hills |, | Sunol ;}

inf4:= BubbleChart3D[
diagrama de burbujas 3D
Tooltip[#[{"GiniIndex",

sugerencia

"Area", "PerCapitaIncome", "Population"}],

#["Name"]] & /@ cities]

Outj4]=

100% »
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11 summary(iris)
12 o

Sepal.lLength
Min. 14,300
1st Qu.:5.100
Median :5.800
Mean :5.843
3rd Qu.:6.400
Max. :7.900

13
14 ~ “{r}
15 1library(ggplot2

RStudio Source Editor

35, Preview ~

Sepal.Width
Min. :2.000
1st Qu.:2.800
Median :3.000
Mean :3.057
3rd Qu.:3.300
Max. 14,400

16 gplot(Sepal.lLength, Petal.lLength,

Petal .Nidth)
17 o
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Petal.Length
Min. :1.000
1st Qu.:1.600
Median :4.350
Mean :3.758
3rd Qu.:5.100
Max. :6.900

data =

iris, color =

&

‘Q

Petal .WNidth
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@ observablehg.com/@d3/bar-chart-race

@

4

0 Observable Pricing Templates Explore Community Learn Company Q Search Sign in m
D3 d3js.org
Fork T
@ Bring your data to life. ¥ For e ©
@ By Mike Bostock Published Nov 11, 2019 ISC Fork of Bar Chart Race, Explained 198 forks 142 Likes

This chart animates the value (in $M) of the top global brands from 2000 to 2019.
Color indicates sector. See the explainer for more. Data: Interbrand

data = » Array(1975) [Object, Object, Object, Object, Object, Object, Object, Object, Object, Object, Object, C
data = FileAttachment("category-brands.csv").csv({typed: true})

Replay

10,000 20.000 30,000 40,000 50,000

Microsoft
59,338

I1BM
53,941

GE
47,378

Intel
34,934

Nokia
27,188

Disney
26,722

McDonald's
26,311

25,458

2005

chart = {
replay;

const svg = d3.create("svg")
.attr("viewBox", [0, @, width, height]);

const updateBars = bars(svg);
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Notebooks Are Great for Exploration
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Notebooks Are Great for Exploration

e Digestible Blocks of Code
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Notebooks Are Great for Exploration

e Digestible Blocks of Code
e Rich, Inline Outputs (inc. widgets)
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Notebooks Are Great for Exploration

e Digestible Blocks of Code
e Rich, Inline Outputs (inc. widgets)
e Reuse Existing Outputs

David Koop ATPESC 2025 Northern Illinois University = 12



Notebooks Are Great for Exploration

e Digestible Blocks of Code

e Rich, Inline Outputs (inc. widgets)
e Reuse Existing Outputs

e Non-linear editing
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~ocus on Jupyter Notebooks

File Edit View Run Kernel Tabs Settings Help

()

@ + * C B Terminal 1 X | M READMEmd X | W Data.ipynb ® | [® juliaipynb X | W Fasta.ipynb X | B postBuild X
= # > notebooks B + X O 0O » m C Code v Python3 O
o | Name - Last Modified =
[ [ Dataipynb seconds ago Open a CSV file using Pandas
|« [W Fasta.ipynb 10 minutes ago
A Julia.ipynb 20 minutes ago In [17]: -dmport pandas
- - s df = pandas.read_csv('../data/iris.csv')
‘_g » W] Ripynb 6 minutes age df.head(5)
=
% Qut[17]: sepal_length sepal_width petal_length petal_width species
o
0 5.1 3.5 14 0.2 se
‘_8 1 49 3.0 14 0.2 setosa
Q
= 2 47 3.2 13 02 setosa
o
3 40 3.1 1.5 0.2 setosa
= B 5.0 3.6 14 0.2 setosa
=
—

from IPython.display import GeoJSON
GeoJSON(s, layer_options={'minZoom': 11})
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Notebook in JupyterlLab

Penguin Data Analysis

(1]: import pandas as pd

(2]: df = pd.read_csv('penguins_size.csv')

[2]: species island culmen_length_mm  culmen_depth_mm ... sex
0 Adelie Torgersen 39.1 18.7 . MALE
1 Adelie Torgersen 39.5 17.4 . FEMALE

3]: df['body_mass_g'l.max()
3]: 6300.0

4]: df.hist('body _mass_g', figsize=(6,3))

41: array([[<AxesSubplot:title={'center': 'body_mas..

body mass g

70 A
60 -
50 A
40 A
30 A
20 A
10 A

0_
3000 3500 4000 4500 5000 5500 6000
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Notebook in JupyterlLab
* Markdown Cells

(1]: import pandas as pd

(2]: df = pd.read_csv('penguins_size.csv')

[2]: species island culmen_length_mm  culmen_depth_mm ... sex
0 Adelie Torgersen 39.1 18.7 . MALE
1 Adelie Torgersen 39.5 17.4 . FEMALE

3]: df['body_mass_g'l.max()
3]: 6300.0

4]: df.hist('body _mass_g', figsize=(6,3))

41: array([[<AxesSubplot:title={'center': 'body_mas..

body mass g
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3000 3500 4000 4500 5000 5500 6000

David Koop ATPESC 2025 Northern Illinois University 14




Notebook in JupyterlLab

Penguin Data Analysis e Markdown Cells
= e Code Cells

(2]: df = pd.read_csv('penguins_size.csv') COde
[2]: species island culmen_length_mm  culmen_depth_mm ... sex

0 Adelie Torgersen 39.1 18.7 MALE

1 Adelie Torgersen 39.5 17.4 FEMALE

3]: df['body_mass_g'l.max()
3]: 6300.0

4]: df.hist('body _mass_g', figsize=(6,3))

41: array([[<AxesSubplot:title={'center': 'body_mas..

body mass g

70 A
60 -
50 A
40 A
30 A
20 A
10 A

0_
3000 3500 4000 4500 5000 5500 6000
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Notebook in JupyterlLab

Penguin Data Analysis e Markdown Cells

'1]: import pandas as pd ® COde CeHS
df = pd.read_csv('penguins_size.csv') COde

[2]: species island culmen_length_mm  culmen_depth_mm ... sex

0 Adelie Torgersen 39.1 18.7 MALE

1 Adelie Torgersen 39.5 17.4 ...  FEMALE - EXGCUtiOﬂ COUHJ[

3]: df['body_mass_g'l.max()
3]: 6300.0

4]: df.hist('body _mass_g', figsize=(6,3))

41: array([[<AxesSubplot:title={'center': 'body_mas..

body mass g

70 A
60 -
50 A
40 A
30 A
20 A
10 A

0_
3000 3500 4000 4500 5000 5500 6000
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Notebook in JupyterlLab

Penguin Data Analysis e Markdown Cells
(1]: import pandas as pd ® COde Ce”s

(2]: df = pd.read_csv('penguins_size.csv') C
- Code

[2]: species island culmen_length_mm  culmen_depth_mm ... sex

0 Adelie Torgersen 39.1 18.7 MALE

1 Adelie Torgersen 39.5 17.4 ...  FEMALE - EXGCUtiOﬂ COUHJ[

3]: df['body_mass_g']l.max() - OUtpUt
31: 6300.0 ® HTML

4]: df.hist('body _mass_g', figsize=(6,3))

41: array([[<AxesSubplot:title={'center': 'body_mas..

70 A
60 -
50 A
40 A
30 A
20 A

10 A

0_
3000 3500 4000 4500 5000 5500 6000
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Notebook in JupyterlLab

Penguin Data Analysis e Markdown Cells
(1]: import pandas as pd ® COde Ce”s

(2]: df = pd.read_csv('penguins_size.csv') COde
[2]: species island culmen_length_mm  culmen_depth_mm ... sex
0 Adelie Torgersen 39.1 18.7 MALE

1 Adelie Torgersen 39.5 17.4 ...  FEMALE - EXGCUtiOﬂ COUHJ[
3]: df['body_mass_g']l.max() - OUtpUt

o e HTML

4]: df.hist('body _mass_g', figsize=(6,3))

41 array([[<AxesSubplot:title={'center':'body_mas.. ® TeXt

70 A
60 -
50 A
40 A
30 A
20 A

10 A

0_
3000 3500 4000 4500 5000 5500 6000
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Notebook in JupyterlLab

Penguin Data Analysis * Markdown Cells
(1]: import pandas as pd @ COde CeHS
(2]: df = pd.read_csv('penguins_size.csv')

. - Code

[2]: species island culmen_length_mm  culmen_depth_mm sex

0 Adelie Torgersen 39.1 18.7 MALE '

1 Adelie TorZersen 39.5 17.4 FEMALE - EXGCUtIOn COunt
3]: df['body_mass_g']l.max() - OUtpUt

3]: 6300.0 o HTI\/”_

4]: df.hist('body _mass_g', figsize=(6,3))

4]: array([[<AxesSubplot:title={'center': 'body_mas.. * TeXt
- Display
* Image

3000 3500 4000 4500 5000 5500 6000
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: File Edit View Run Kernel Tabs Settings Help

| Lorenz.ipynb X
in Py
B + X O 0 » m C » Code v Python3 O

The Lorenz Differential Equations

E

Before we start, we import some preliminary libraries. We will also import (below) the accompanying lorenz.py file, which contains the actual
QQ solver and plotting routine.

smatplotlib inline
™ from ipywidgets import interactive, fixed

We explore the Lorenz system of differential equations:

x = o(y — x)
y=px—y—Xxz
zZ=—pz+xy

Let's change (o, B, p) with ipywidgets and examine the trajectories.

from lorenz import solve_lorenz
w=interactive(solve_lorenz,sigma=(0.0,50.0),rho=(0.0,50.0))
W

sigma 10.00

beta 2.67

0] 1 {o Python 3 | Idle Saving completed Mode: Command & Ln1,Col1 Lorenz.ipynb




: File Edit View Run Kernel Tabs Settings Help

| Lorenz.ipynb X
in Py
B + X O 0 » m C » Code v Python3 O

The Lorenz Differential Equations

E

Before we start, we import some preliminary libraries. We will also import (below) the accompanying lorenz.py file, which contains the actual
QQ solver and plotting routine.

smatplotlib inline
™ from ipywidgets import interactive, fixed

We explore the Lorenz system of differential equations:

x = o(y — x)
y=px—y—Xxz
zZ=—pz+xy

Let's change (o, B, p) with ipywidgets and examine the trajectories.

from lorenz import solve_lorenz
w=interactive(solve_lorenz,sigma=(0.0,50.0),rho=(0.0,50.0))
W

sigma 10.00

beta 2.67

0] 1 {o Python 3 | Idle Saving completed Mode: Command & Ln1,Col1 Lorenz.ipynb




Support for Rapid Exploration

® Fexible environment

- Edit any cell whenever you want

- Execute whichever cells you want
¢ |nline views of outputs

- NoO context switch

- Easily compare and trace outputs
e Explore data In situ

- Notebooks run in browser

- Kernels can run remotely

David Koop Northern Illinois University 16




Support for Clear Explanation

Gene Expression Data

We obtained gene expression data from the Cancer Cell Line Encyclopedia (CCLE) for 37 lung cancer cell lines assayed by our collaborators at CST. This
independent dataset can be used to find novel correlations between differentially expressed genes and PTMs as well as determine whether lung cancer cell lines
behave similarly in gene-expression-space and PTM-space. The gene expression data was processed in the CST Data Processing.ipynb notebook that: kept the top

1000 genes with the greatest variance across the cell lines, and Z-score normalized the genes across the cell lines to highlight differential expression across the lung
cancer cell lines.

In [4]: net.load file('../lung cellline 3 1 16/lung cl all ptm/precalc processed/CST CCLE exp.txt')
print( 'Expression data shape: ' + str(net.dat[ 'mat'].shape))

Expression data shape: (1000, 37)
In [5]: net.set _cat color('row', 1, 'Data-Type: Exp', 'yellow')

net.cluster(views=[])
net.widget()

& clustergrammer x v§§§> Cell Line
<O

Row Order q'\ A

/\
| DD ML N &0 D Q,Q"'b Q'\q@, . R
Alphabetically BT TO RIS SRANABIR RGIRAUR Tokk0.S oo 0
i R R S R AR R IR L AR R x\‘%‘%“fo“%%‘%\%“ ¥
Histology
Rank by Sum 'm N B b B B B BN sub-Histology

. >- EEE E = EmE = I NN BNENEN  ENEEEN ut-TP53

Rank by Variance mut-EGFR
cu- B B mut-RB1

Column Order o mut-KRAS

Alphabetically
Cluster
Rank by Sum

et
e J
> —

' ’ IN. Fernandez et al.]
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Support for Clear Explanation

g [ 79 . = f‘_-, - "‘ , > 3 > ee '.-' A S ,'_'"-p ..
e 8 v AT L SR e B « Textual explanation: Kd |
A H A .o "vas K. e >
- GBS - SRS S i ® [extual explanation: markdown cells
4 ‘.4¢/'/> é;-ii’{: _ . -. E 7- ‘ - ey ‘ ~ . " ‘.‘ (.: N -

| ® Graphical explanation: inline figures
= o |[nteractive explanation: widgets
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Exemplar Notebook

df.columns

import pandas as pd

Index(['species', 'island', 'culmen_length_mm', 'culmen_depth_mm',
'flipper_length_mm', 'body_mass_g', 'sex'],

df.read_csv('penguins_size.csv') ;
dtype="object')

species island  culmen_length_mm - body_mass_g Sex df = df.rename(columns={'culmen_length_mm': 'culmen length (mm)',
0O Chinstrap Dream 509 .. 3550.0 MALE 'body_mass_g': 'body mass (g)'})
1 Gentoo Biscoe 473 . 47250 NaN species island culmenlength (mm) .. bodymass (g) sex
O Chinstrap  Dream 509 .. 3550.0 MALE
342 Adelie  Torgersen NaN .. NaN NaN 1 Gentoo  Biscoe 473 .. 47250 NaN
343 Chinstrap Dream 470 . 37000 FEMALE
341 Gentoo Biscoe 499 .. 5400.0 MALE
df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', ,
'flipper_length_mm', 'body mass g'l) 343 Chinstrap  Dream 470 . 37000 FEMALE
species island culmen_length_mm .. body_mass_g sex df ['body mass (g)'].max()
O Chinstrap  Dream 509 . 3550.0 MALE
6300.0
1 Gentoo Biscoe 473 . 47250 NaN
df.groupby('island') ['body mass (g)']l.median()
341 Gentoo  Biscoe 499 .. 5400.0 MALE island
Biscoe 4775.0
343 Chinstrap  Dream 470 .. 37000 FEMALE Dream 3687.5

Torgersen 3700.0
Name: body mass (g), dtype: float64
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Exemplar Notebook

df.columns

import pandas as pd

Index(['species', 'island', 'culmen_length_mm', 'culmen_depth_mm',
'flipper_length_mm', 'body_mass_g', 'sex'],

df.read_csv('penguins_size.csv') ;
dtype="object')

species island ~ culmen_length_mm ... body_mass_g sex df = df.rename(columns={'culmen_length_mm': 'culmen length (mm)',
O Chinstrap Dream 509 .. 3550.0 MALE 'body_mass_g': 'body mass (g)'})
1 G{ L| near Ce” N um berlng D NaN species island culmen length (mm) .. bodymass (g) sex
. O Chinstrap  Dream 509 .. 3550.0 MALE
342 Adelie  Torgersen NaN .. NaN NaN 1 Gentoo Biscoe 473 .. 47250 NaN
343 Chinstrap Dream 470 . 37000 FEMALE
341 Gentoo Biscoe 499 .. 5400.0 MALE
df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', ,
'flipper_length_mm', 'body mass_g'l) 343 Chinstrap  Dream 470 . 37000 FEMALE
species island culmen_length_mm .. body_mass_g sex df ['body mass (g)'].max()
O Chinstrap  Dream 509 .. 3550.0 MALE
6300.0
1 Gentoo Biscoe 473 .. 47250 NaN

df.groupby('island') ['body mass (g)']l.median()

341 Gentoo Biscoe 499 .. 5400.0 MALE island
Biscoe 4775.0
343 Chinstrap  Dream 470 .. 37000 FEMALE Dream 3687.5

Torgersen 3700.0
Name: body mass (g), dtype: float64
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Exemplar Notebook

df.columns

import pandas as pd
Index(['species', 'island', 'culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body_mass_g', 'sex'],

df.read_csv('penguins_size.csv') ;
dtype="object')

species island  culmen_length_mm - body_mass_g Sex df = df.rename(columns={'culmen_length_mm': 'culmen length (mm)',
| I R L. L (,,),})

Code Runs Correctly
in Top-to-Bottom Order | ...

0O Chinstrap Dream 509 .. 3550.0 MALE

9 Linear Cell Numbering R

0 C
342 Adelie  Torgersen NaN .. NaN NaN 1 Gentoo  Biscoe 473 .. 47250 NaN
343 Chinstrap Dream 470 . 37000 FEMALE
341 Gentoo Biscoe 499 .. 5400.0 MALE
df = df.dropna(subset=|"'culmen_length_mm', ‘culmen_depth_mm', ,
aE [. . — grth_ A -aep N 343 Chinstrap  Dream 470 .. 37000 FEMALE
flipper_length_mm', 'body_mass_g'l)
species island culmen_length_mm .. body_mass_g sex df ['body mass (g)'].max()
O Chinstrap  Dream 509 . 3550.0 MALE
6300.0
1 Gentoo Biscoe 473 .. 4725.0 NaN
df.groupby('island') ['body mass (g)']l.median()
341 Gentoo  Biscoe 499 .. 5400.0 MALE island
Biscoe 4775.0
343 Chinstrap  Dream 470 .. 37000 FEMALE Dream 3687.5

Torgersen 3700.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns

import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,

df = pd.read_csv('penguins_lter.csv') dtype='object"')

study sample species culmen length body mass df = df.rename(columns={ : Eg;men_leng’lcr.]_rrrg 'C:JI ‘culmen l?ngth (mm) ',
hame number (mm) @) y_mass_g': 'body mass (g)'})
0 PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 . 4725.0 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie .. 41.5 4000.0 341 Gentoo Biscoe 499 .. 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in ()
————> 1 df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', df.groupby('study name') ['body mass (g)'].median()
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns
impor ] ] Index(['study name', 'sample number', 'species', 'region', ...,
M|SS|ng Ce” Numbers [2,3,4] 'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,
_ dtype="'object')
df — PU-ICGU_\.—DV\ 'JCIIHUJ.IID_LLCI n WOV ]
study sample species culmen length body mass S df.rename(columns={Igu;men_leng’lcf.l_rprtr)l d culmer(1 }?g?th LA
name number P (mm) (9) ody_mass_g : ody mass (g
0 PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 . 47250 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie ... 415 4000.0 341 Gentoo Biscoe 499 . 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in ()
————> 1 df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', df.groupby('study name') ['body mass (g)'].median()
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns
import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,
O df = pd.read_csv('penguins lter.csv') dtype="'object')
study <a Same Ce” Number O df = df.rename(columns={:culmen_leng’lch_rpm': 'culmen l?ngth (mm) ',
hame nun:].w. v = body mass_g': 'body mass (g)'})
0o PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 .. 47250 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie .. 41.5 4000.0 341 Gentoo Biscoe 4090 .. 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in ()
————> 1 df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', df.groupby('study name') ['body mass (g)'].median()
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns
import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
, 'body mass (g)'l],
df = pd.read_csv('penguins_lter.csv') OUt Of Order Ce” NumbeI‘S
study sample e culmen length body mass df = df.rename(columns={ | Eu;men_leng’lcr.]_rrrg d culmer(1 }?gg);th (mm) ',
name number P (mm) (9) ody_mass_g : ody mass (g
0o PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 .. 47250 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie .. 41.5 4000.0 341 Gentoo Biscoe 4090 .. 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in ()
————> 1 df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', df.groupby('study name') ['body mass (g)'].median()
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns

import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,

df = pd.read_csv('penguins_lter.csv') dtype='object"')

study sample species culmen length body mass df = df.rename(columns={ : Eg;men_leng’lcr.]_rrrg 'C:JI 'culmen l?ngth (mm) ',
hame number (mm) @) y_mass_g': 'body mass (g)'})
0 PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 . 4725.0 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie .. 41.5 4000.0 341 Gentoo Biscoe 499 .. 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP 2 i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in ()
————> 1 df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm', df.groupby('study name') ['body mass (g)'].median()
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0

PAL0O809 4200.0
PAL0Q910 4000.0
Name: body mass (g), dtype: float64

'body_mass_g"']

Why is this an error?
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Confusing Notebook

df.columns

import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,

df = pd.read_csv('penguins_lter.csv') dtype='object"')

study sample species culmen length body mass df = df.rename(columns={ : Eg;men_leng’lcr.]_rrrg 'C:JI 'culmen l?ngth (mm) ',
hame number (mm) @) y_mass_g': 'body mass (g)'})
0 PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 . 4725.0 NaN
342 PALO910 151 Adelie ... 36.0 3700.0
343 PALO910 152 Adelie .. 41.5 4000.0 341 Gentoo Biscoe 499 .. 5400.0 MALE
343 Chinstrap  Dream 470 . 37000 FEMALE

df = df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in () , _
———-> 1 df = df.dropna(subset=["'culmen_length_mm', 'culmen_depth_mm', roup Wthh df doeS thlS refer tO?
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64
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Confusing Notebook

df.columns

import pandas as pd Index(['study name', 'sample number', 'species', 'region', ...,
'flipper length (mm)', 'culmen length (mm)', 'body mass (g)'l,

pd.read_csv('penguins_lter.csv') dtype='object')

df.rename(columns={'culmen_length_mm': 'culmen length (mm)"',
study sample sbecies culmen length body mass 'bod . 'bod (q)'})
name number P (mm) (9) ody_mass_g : ody mass (g
0o PALO708 1 Adelie .. 391 3750.0 species island culmenlength (mm) .. bodymass (g) sex
1 PALO708 1T Gentoo .. 46.1 4500.0 O Chinstrap  Dream 509 .. 3550.0 MALE
1 Gentoo Biscoe 473 . 47250 NaN
342 PALO910 151 Adelie .. 36.0 3700.0
343 PALO910 152 Adelie .. 415 4000.0 341 Gentoo  Biscoe 499 . 5400.0 MALE

343 Chinstrap  Dream 470 . 37000 FEMALE
df.dropna(subset=['culmen_length_mm', 'culmen_depth_mm',

'flipper_length_mm', 'body mass_g'l]l)
PP ° i g df [ 'body mass (g)']l.max()

KeyError Traceback (most recent call last) 6300.0
Input In [6], in () , _
———-> 1 df = df.dropna(subset=["'culmen_length_mm', 'culmen_depth_mm', roup Wthh df doeS thlS refer tO?
2 'flipper_length_mm', 'body_mass_g'l])
study name
KeyError: ['culmen_length_mm', 'culmen_depth_mm', 'flipper_length_mm', PALO708 3900.0
'body_mass_g"'] PALO80Q9 4200.0

PAL0Q910 4000.0
Name: body mass (g), dtype: float64

David Koop ATPESC 2025 Northern Illinois University 20
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Notebook Problems & Solutions

® Problems:
- Users get lost, become less productive
- The notebook may not be re-executable
- The notebook may not be reproducible
e Solutions:

- Improve Notebook Structure [Dataflow Notebook, Koop & Patel, 201 7],
[Brown & Koop, 2023]

- Best Practices & Linting [Julynter, Pimentel et al., 2021]

- Reactive Execution [ipyflow, Macke et al., 2021], [marimo, 2024]
- Fix Errors [Osiris, Wang et al., 2020}

David Koop ATPESC 2025 Northern Illinois University = 22



Improving Notebook Structure and Display

® Improve Reuse
- Remove ambiguities
- Enhance recall

e Improve Display

David Koop ATPESC 2025 Northern Illinois University 23



Problem: How do Cells Connect?

In [5]: import pandas as pd
: : = . >=
df = pd.read csv( ' guardian-toplO00-female-2019.csv') In [3] 2 SHE [ GHE o g S0
Out[5]: Name Rank Position Age on1 Dec 2019 Nationality Out[3]: Name Rank Position Age Nationality
0 Sam Kerr 1 Forward 26  Australia 2 Megan Rapinoe 3 Midfielder 34 USA
96  Claudia Net 97 Midfield 1 Portugal
99 Ludmila 100 Forward 25 Brazil audia iNeto idfielder 3 ortuga
19 rows x 5 columns
100 rows x 5 columns
: = . <=
In [6]: df = df.rename(columns={'Age on 1 Dec 2019': 'Age'}) In [7]: df S5 [[CAE ol 241
out[6]: Name Rank Position Age Nationality Out[7]: Name Rank Position Age Nationality
0 Sam Kerr 1 Forward 26  Australia 3 Ada Hegerberg 4 Forward 24 Norway
99 Ludmila 100 Forward 25 Brazil 98 Lena Oberdorf 99 Midfielder 17 Germany
25 rows x 5 columns

100 rows x 5 columns

I%I Northern Illinois University 24
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Dataflow Notebook Solution: Links Between Cells

e \ake clear what the dependencies are between cells
e One cell's output (side-effect) is required before another cell can run

¢ |[f the system knows these:
- Can automatically execute dependencies before running the current cell

- Can show users relationships between cells
- Greater reproducibility

David Koop ATPESC 2025 Northern Illinois University 25




Solution: Remove Ambiguities and Preserve Recall

In [d51f8eab]: import pandas as pd

df = pd.read csv('guardian-topl00-female-2019.csv')
df: Name Rank Position Age on 1 Dec 2019 Nationality

0 Sam Kerr 1 Forward 26 Australia

99 Ludmila 100 Forward 25 Brazil

100 rows x 5 columns

In [full]: df

df: Name Rank Position Age Nationality
0 Sam Kerr 1 Forward 26 Australia
99 Ludmila 100 Forward 25 Brazil

100 rows x 5 columns

David Koop

df.rename(columns={ 'Age on 1 Dec 2019':

'Age ' })

ATPESC 2025

In [over30]: df = df$full[dfSfull.Age >= 31]

df: Name Rank Position Age Nationality

2 Megan Rapinoe 3 Midfielder 34 USA

96 Claudia Neto

19 rows x 5 columns

97 Midfielder 31 Portugal

In [under25]: df = dfs$full[df$full.Age <= 24]

df: Name Rank Position Age Nationality
3 Ada Hegerberg 4 Forward 24 Norway
98 Lena Oberdorf 99 Midfielder 17  Germany

25 rows x 5 columns

[dataflownb.qithub.io]
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http://dataflownb.github.io

Problem: Messy Output Representations

{'setosa': ( sepal_length sepal width petal length petal width
13 4.3 3.0 1.1 0.1,
<IPython.core.display.Image object>),

'versicolor': sepal_length sepal width petal length petal width
99 5.7 2.8 4.1 1.3

67 5.8 2.7 4.1 1.0,
<IPython.core.display.Image object>),

'virginica': sepal_length sepal width petal length petal width
104 6.5 3.0 5.8 2.2

121 5.6 2.8 4.9 2.0

116 6.5 3.0 5.5 1.8,
<IPython.core.display.Image object>)}

David Koop ATPESC 2025 Northern Illinois University 27



Solution: Improved Output Representations

v { # len=3
'setosa': » (<pandas.core.frame.DataFrame>, <IPython.core.display.Image>),
'versicolor': v ( # len=2
0: » <pandas.core.frame.DataFrame>,
1: » <IPython.core.display.Image>
) »

'virginica': v ( # len=2

0: v
sepal_length sepal_width petal_length petal_width
104 6.5 3.0 5.8 2.2
121 5.6 2.8 4.9 2.0
116 6.5 3.0 5.5 1.8

[dataflownb.qithub.io]
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http://dataflownb.github.io

Dataflow Notebook

o Computational notebooks facilitate efficient exploration because users can
guickly inspect and reuse intermediate outputs

* |t |s Important to show interactive output that summarizes while providing
the ability to dig into details

* [t s Important to be able to recall and reuse past outputs during and after
analysis without re-running or re-writing code

o JupyterLab and IPython extensions to improve notebooks
- Recall and reuse of past outputs (dfnotelbook)
- Qutput display (ipycollections)
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https://github.com/dataflownb/dfnotebook/

Visualization in Notebooks

David Koop ATPESC 2025 Northern Illinois University 30



Visualization Landscape
*Aoes: il ParaView \islt

\ %

e Domain-Specific Apps: V M D

o APIs & Frameworks: VTK, ITK AT =111

e Also... Data Analysis Tools/Libraries
- JavaScript: D3, Observable Plot
- R: ggplot
- Python: matplotlib, altair, bokenh, ...
- Matlalb, GNUPIot
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The Python Visualization Landscape

graph-tool

\

t [o]

onting |

B catashader /

Sovoome T Emm T /
— e N .

— Matplotlib yellowbrick

— ,,'
’// \ / '¢" ’ \ \

y mpld3 e
/, oythreejs /- ggpy scikit-plot
Vis - d3js ‘

ipyleaflet

N

.
vincen
N/ e 1

pygal PyQTGraph

[J. VanderPlas, adapted by N. Rougier]

oot B GL ma VS

/ \\
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https://speakerdeck.com/jakevdp/pythons-visualization-landscape-pycon-2017
https://github.com/rougier/python-visualization-landscape

The Python Visualization Landscape

graph-tool

\

t lot

onting |

B catashader /

Soroure T o /
— S M —

— Matplotlib yellowbrick

— ,,'
,,/’ \ / ,'/ ’ \ \

y mpld3 e
/, oythreejs /- 99py scikit-plot
Vis - d3js ‘

ipyleaflet

N

.
vincen
N/ e 1

pyga PyQTGraph

[J. VanderPlas, adapted by N. Rougier]

oot B GL ma VS

/ T~ + ipyparaview
galry .
GR Framework + holoviews
mayavi

+ pyobsplot
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https://speakerdeck.com/jakevdp/pythons-visualization-landscape-pycon-2017
https://github.com/rougier/python-visualization-landscape

matplotlio

e Strengths:
- Designed like Matlab
- Many rendering backends
- Can reproduce almost any plot
- Proven, well-tested
® \\leaknesses:
- APl Is Imperative
- Not originally designed for the web
- Dated styles

Histogram of 1Q: u=100, o0 =15

Probability density

60 80 100 120 140
Smarts

plt.hist (..)

[J. VanderPlas|
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https://speakerdeck.com/jakevdp/pythons-visualization-landscape-pycon-2017?slide=48

Anatomy of a Figure

Figure

AXES @ i Ana\y iof a figure :

tltle | Title i | = BIU 3
r —~ — - Major tick . —— Re A
@ : Legend

Minor tick

Major tick label Grid
Line
7 O (line plot)
@ 2 o O o ©
2 Dol 9 0% o >~ A
© — 0] O O O OO = S
S— » o o) | o |
) 7% 0, © % 0 2P
: . O i
Y axis label o (0] | © (0] Markers
i | scatter plot
© o o | © (s¢ plot)
- ; ! o @&
e | o
1 e O D2 0
AXIS — Figure N -
¢ ‘ - - Axes (line plot) i i
i T T T | T T T | T T T

0 T T
x a A e 0 0.25).75 1 1.25 1.50 2 2.25 2.50 2.75 3 3.25 3.50 3.75 4

s label
Minor tick label

Made with https://matplotlib.org
X axis label

David Koop ATPESC 2025 Northern Illinois University 34



Examples

e Examine airfoll data on Polaris
* | 0gin to:;

- Jupyter.alct.anl.gov
e Click on "Login Polaris"

e Copy .ipynb files from Track 4 Examples dir to your SHOME:
/eagle/projects/ATPESC2025/EXAMPLES/track-4-visualization

e ...Or use upload button to upload the two airfoil notebooks
- airfoll-flow.ipynb
- airfoll-line-plots.ipynb

e Once uploaded, click on the flow notebook to start

David Koop ATPESC 2025 Northern Illinois University 35



http://jupyter.alcf.anl.gov

Altair

e Declarative Visualization
- Specify what instead of how
- Separate specification from execution ss¢
e Based on Vegal.ite which is browser-based
e Strengths:

site

B Crookston

" Duluth

B Grand Rapids

" Morris

B University Farm
Waseca

Sum of yield
N
S

N
o
o

- Declarative visualization 150
- Web technologies 1
e \Neaknesses: SZ_. IRERRREN]
- Scaling (improved in VegaFusion & Mosaic) : : P s f PR
- Specifications + translate to JavaScript ] m ;
variety
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https://vegafusion.io
https://idl.uw.edu/mosaic/

Data ltems Become Visual Marks

e Marks are the basic graphical elements In a visualization
o \Marks classified by dimensionality:
(® Points (® Lines (® Areas

° e e’ ///\/\ @5

e AlSO can have surfaces, volumes

e [hink of marks as a mathematical definition, or Iif familiar with tools like Adobe
llustrator or Inkscape, the path & point definitions

e Altair: area, bar, circle, geoshape, image, line, point, rect, rule, square, text, tick
- Also compound marks: boxplot, errorband, errorbar

[T. Munzner, E. Maguire (ill.)]
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Encode Attributes via Visual Channels

(® Position ® Color
2 Horizontal = Vertical 2 Both
— I -] /77

> Tilt

| /o

2> Length > Area 2> Volume

—— o000 vwN

[T. Munzner, E. Maguire (ill.)]

David Koop ATPESC 2025 Northern Illinois University 38



Channel Types

® |dentity => what or where, Magnitude => how much

(® Magnitude Channels: Ordered Attributes ® ldentity Channels: Categorical Attributes
Position on common scale - e o Spatial region - Il .
Position on unaligned scale '_H i Color hue HENB
Length (1D size) - Motion © o ® .C}.
Tilt/angle ‘ /- Shape +~ O 0 A
Area (2D size) - = 0 1

Depth (3D position) —e —e

Color luminance

Color saturation

Curvature | ) ) )

Volume (3D size) v NNy

[Munzner (ill. Maguire), 2014]
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EXpressiveness and tffectiveness

o Expressiveness Principle: all data from the dataset and nothing more shoulo
be shown

- Do encode ordered data in an ordered fashion
- Don’t encode categorical data in a way that implies an ordering
o ffectiveness Principle: most important attributes should be most salient
- Saliency: how noticeable something Is
- How do the channels measure up?

[Munzner, 2014]
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EXPressiveness

Car

Accord
AMC Pacer
Audi 5000
BMW 320i
Champ
Chev Nova
Civic
Datsun 210
Datsun 810
Deville

Le Car

Linc Cont
Horizon
Mustang
Peugeot
Saab 900
Subaru
Volvo 260
VW Dasher

10 20 30 40 3500 6000 8500 11000 13500
Mileage Price

Car mileage for 1979 Car price for 1979

[J. Mackinlay, 1986]
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EXPressiveness

Not Expressive

Car

Accord
AMC Pacer
Audi 5000
BMW 320i
Champ
Chev Nova
Civic
Datsun 210
Datsun 810
Deville

Le Car

Linc Cont
Horizon
Mustang
Peugeot
Saab 900
Subaru
Volvo 260
VW Dasher

10 20 30 40 3500 6000 8500 11000 13500
Mileage Price

Car mileage for 1979 Car price for 1979

[J. Mackinlay, 1986]
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EXPressiveness

Not Expressive

Car Car

Accord Accord
AMC Pacer AMC Pacer
Audi 5000 Audi 5000
BMW 220i BMW 320i
Champ Ch Cr?\.ls\mp
ev Nova
Chev lova Civic
5 Vi Datsun 210
atsun 210 Datsun 810
Datsun 810 Deville
Deville Le Car
Le Car Linc Cont
Linc Cont Horizon
Horizon Mustang
Mustang Peugeot
Peugeot Saab 900
Saab 900 Subaru
Volvo 260 VW Dasher

VW Dasher 10 20 30 40 3500 6000 8500 11000 13500

USA Japan Germany France Sweden  Nation Mileage Price

Car nationality for 1979 Car mileage for 1979 Car price for 1979

[J. Mackinlay, 19806]
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Effectiveness

Car

Accord
AMC Pacer
Audi 5000
BMW 320i
Champ
Chev Nova
Civic
Datsun 210
Datsun 810
Deville

Le Car

Linc Cont
Horizon
Mustang
Peugeot
Saab 900
Subaru
Volvo 260
VW Dasher

10 20 30 40 3500 6000 8500 11000 13500
Mileage Price

Car mileage for 1979 Car price for 1979

[J. Mackinlay, 1986]
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Effectiveness

Not Effective

Car

Accord
AMC Pacer
Audi 5000
BMW 320i
Champ
Chev Nova
Civic
Datsun 210
Datsun 810
Deville

Le Car

Linc Cont
Horizon
Mustang
Peugeot
Saab 900
Subaru
Volvo 260
VW Dasher

10 20 30 40 3500 6000 8500 11000 13500
Mileage Price

Car mileage for 1979 Car price for 1979

[J. Mackinlay, 1986]
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Effectiveness

Not Effective

Car

Accord
AMC Pacer
Audi 5000
BMW 320i
Champ
Chev Nova
Civic
Datsun 210
Datsun 810
Deville

Le Car

Linc Cont
Horizon
Mustang
Peugeot
Saab 900
Subaru
Volvo 260
VW Dasher

Price

13500 Peugeot

Volivo 260

' BMW 320i
Audi _ﬁoogaai 908" |

Datsun 810

+
VW Dasher
+

Accord

+

AMC Pacer
HorizorCivic RMEHMH210
hev Mgﬁng tbCarI' LT
3500

10 20 30 40 3500 6000 8500 11000 13500 10 20 30 40

Mileage Price Car price for 1979
Car mileage for 1979 Car price for 1979 Car mileage for 1979

8500

6000

Mileage

[J. Mackinlay, 1986]
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Test % difference in length between elements

100

A B
[Cleveland & McGill, 1984]
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Test % difference in length between elements

100 Answer: Left Is ~5.6x longer than Right

A B
[Cleveland & McGill, 1984]
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Test % difference in area between elements

[Heer & Bostock, 2010]
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Test % difference in area between elements

Answer: B is ~2.5 larger (in area) than A

[Heer & Bostock, 2010]
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Results Summary

Cleveland & McGill’'s Results

1R -
- L. ——

T3 QQ 1 —c—

Positions -

1.0 1.5 2.0 2.5 3.0
Log Error

T4

Crowdsourced Results

T5 Hﬂuﬂﬂ L ® :

=| =
all
:IE
—

Angles - @ T6 L. ™ —e—
8

Circular
- 17 T5 ' o '
areas QQ ' '
B @ To —e—
18
Rectangular %23 7 —o—]
areas | |
(aligned orin a . 18 —e l
treemap) 19
T9 | ® |
- | | | | |
1.0 1.5 2.0 2.5 3.0
Log Error

[Munzner (ill. Maguire) based on Heer & Bostock, 2014]
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Ranking Channels by Effectiveness

(® Magnitude Channels: Ordered Attributes (® Identity Channels: Categorical Attributes
A
Position on common scale - e — 5 Spatial region - T .
=
Position on unaligned scale ™ 3 i Color hue HEE
®
Length (1D size) i — Motion O o *°
° Co
Tilt/angle ‘ /- Shape +~ O 0 A
Area (2D size) - = N . 3
Depth (3D position) e | >e %
Color luminance Nl
£
@
Color saturation B
Curvature | ) ) ) )
S -
Volume (3D size . 7 .
( ) NN . v

_ [Munzner (ill. Maguire), 2014]

David Koop ATPESC 2025 & Northern Illinois University 50



Examples

e Examine airfoll data on Polaris
* | 0gin to:;

- Jupyter.alct.anl.gov
e Click on "Login Polaris"

e Copy .ipynb files from Track 4 Examples dir to your SHOME:
/eagle/projects/ATPESC2025/EXAMPLES/track-4-visualization

e ...Or use upload button to upload the two airfoil notebooks
- airfoll-flow.ipynb
- airfoll-line-plots.ipynb

e Once uploaded, click on the flow notebook to start
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Scalability in Visualization
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Scalablility in Visualization

e Displaying Large Amounts of Data
e Providing Low-Latency Interaction
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Displaying Large Amounts of Data

e Sampling
e Modeling
e Aggregation (Binning)

David Koop

3.0 -

2.0 1

1.0 -

0.0 1
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ATPESC 2025
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2.0 -

1.0 4

0.0
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-2.0 4
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-1.0 0.0 1.0 2.0 3.0

Modeling

[J. Heer]
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Aggregation

™ Value

Time Series: 1 Sample/sec =& 1M Samples

550 —

500 -

450 —

400 -

350 —

300 -

250 —

200 -

150 —

100 —

ol):=

0

| |
Sat 03 Mon 05 Wed 07 Fri 09 Dec 11
Time =

[J. Heer]
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Aggregation: How much do we see”

T Value g >
§60= 670 pixels

500 -

450 -

400 -

350 —

300 -
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200 -
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100 —
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0

| |
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[J. Heer]
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Time Series Aggregation

* |nsight: the resolution is bound by the number of pixels

[Jugel et al. 2014 via J. Heer]
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Time Series Aggregation

* |nsight: the resolution is bound by the number of pixels
e Compute average value per pixel (1 point/pixel)
- ...this may miss extreme (min, max) values

[Jugel et al. 2014 via J. Heer]
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Time Series Aggregation

* [nsight: the resolution is bound by the number of pixels
e Compute average value per pixel (1 point/pixel)

- ...this may miss extreme (min, max) values
e Plot min/max values per pixel (2 points/pixel)

- ...this does better, but still misrepresents

[Jugel et al. 2014 via J. Heer]
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Time Series Aggregation

* [nsight: the resolution is bound by the number of pixels
e Compute average value per pixel (1 point/pixel)
- ...this may miss extreme (min, max) values
e Plot min/max values per pixel (2 points/pixel)
- ...this does better, but still misrepresents
e M4: min/max values & timestamps (4 points/pixel)
- ...this provides provable fidelity to the full data!

[Jugel et al. 2014 via J. Heer]
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Scaling Visualization

e 1M Samples — 2,653 Points!
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[J. Heer]
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Supporting Low-Latency Interaction

e Database Queries (e.g. DuckDB)

e Data Structures (e.g. Indexing, Data
Cubes)

e Prefetching & Caching
o Approximation
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Supporting Low-Latency Interaction

e Database Queries (e.g. DuckDB) M Omwm

e Data Structures (e.g. Indexing, Data
Cubes)

e Prefetching & Caching
o Approximation

e \osaic incorporates a number of 5[332@ 59, Coordinator « Y+ Client
these techniques to provide scalable ®- ; | Precicats  Input
interaction visualization ' Selection < %®%*°|nteractor

y BETWEEN u AND v .IIIII!!IIIIIIIIIIII-
DATA ' MOSAIC CORE CLIENT API

[Mosaic, J. Heer & D. Moritz]
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Questions?

plt.
plt.
plt.
plt.
plt.

imshow(twod data_array, cmap=cmap, extent=[-2.5,2.5,-2.5,2.5])

clim(-1.0, 0.5); # for p

title('MFEM Simulation of Potential Flow Around an Airfoil');: -10-

ylabel('Height of domain');
xlabel('Length of domain');

cb = plt.colorbar(extend="'both');
cb.set_label('Pressure', rotation=270, labelpad=24)

MFEM Simulation of Potential Flow Around an Airfoil

o

L

Height of domain
2Inssald

|
[

-2 -1 0 1 2
Length of domain

David Koop

0_

I
n
o

L

|
7

max, min, mean

;

50 -

| | | | | |

] | |
0 5 10 15 20 25 30 35 40 45 50 55 60
step

chart = alt.Chart(df).encode(x="step")

area = chart.mark_area(opacity=0.4).encode(y='max', y2='min"')
line = chart.mark_line(color='blue').encode(y="max")

line2 = chart.mark_line(color='orange').encode(y="'mean"')
line3 = chart.mark_line(color='red').encode(y="min"')

area + line + line2 + line3
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