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The purpose of computing is insight,

not numbers.
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[Neale et al., BMC Genome Biology, 2014]
A

N e e e
Arabidopsis thaliana: 26304 / 24766

Glycine max: 36271 / 35969

Populus trichocarpa: 35516 / 33358

Ricinus communis: 30314 / 24039 2211
Theobroma cacao: 28222 / 27154

Vitis vinifera: 24479 / 21795

1
L s mennrm— ? a
Amborella trichopoda: 24611/ 21191

Early land plants ------

laginell llendorffii:

e el s ‘II[ 1 13 |s5724 375 |38 ) 79 |3419
Physcomitrella patens:

25938 / 19359 “ 46

,". @?
MBHGEGE -3 s o @
Oryza sativa: 39459 / 32660 % lﬁﬂ @@) Q@

Zea mays: 34586 / 30799 -

32|04 Oryza sativa Arabidopsis thaliana

powes 554 \281 [ 70/ s 40,612/27,049 27,169 / 21,950 e e
Picea abies: 20861/ 19934 i
Picea sitchensis: 8758 / 7780 Sorghum bICO/OI’ \
Pinus taeda: 47207 / 46720 - 34.496 / 27,397 o geNTmic ORat OMouse OHuman

1Sa acuminata

542 / 24,429  Brachypodium distachyon ?xm‘mmt M Deepme ?””“*”“"‘“

mouse 25,532 / 21 ,368 ’mo ‘:’:’cﬁ uSimple

human (28329)

(36396)

s [Gibbs et al., Nature, 2004]

759

206 N

467

769 105

;
IRT
IR/

fly
(15177)

\_ .

worm Phoenix dactylifera

ar2) 28,889 /19,027 [D’'Hont et al., Nature, 2012]
[Wiles et al., BMC Systems Biology]




S0 CANWE DO
BETTER?

§
J
J

Oryza sativa Arabidopsis thaliana

\

40,612 / 27,049 27,169 /21,950
Sorghum bicolor
34,496 / 27,397
1187
o Brachypodium distachyon
25,532 / 21,368

155

159

o

206
467

769

105

Phoenix dactylifera
28,889 /19,027



Universal Set
A




. Must

Q Must Not

Universal Set




17
20

10
14

™ N

e H
e
<ol Iele O

S

Cardinality




THE BANANA CHART REDESIGNED: UPSET

L0
biog

01001 Winy

Oryza sativa Arabidopsis thaliana
40,612/27,049 27,169 / 21,950

dopigesy

Sorghum bicolor
34,496 / 27,397

Brachypodium distachyon
25,532 /21,368 ﬂm

EAES BZ

EUILLNDE ESN|
Plley) SIS

el Ajoep xiuaoyd

e

.

P
-~ \."4

ucAydEisip wnipodAyoselg

——
—

| |

y

'..1 » -!v.rj I_ .!‘._‘.

...‘ H

A

%l afl

Phoenix dactylifera
28,889 /19,027

.69

.'.
..*!

AL

Largest Intersection Includes All Sets



THE BANANA CHART REDESIGNED: UPSET

Oryza sativa Arabidopsis thaliana
40,612/27,049 27,169 / 21,950

L0
biog

10400 Wy

gjleuiwnoe esny
dopigesy

Sorghum bicolor
34,496 / 27,397

Brachypodium distachyon
25,532 /21,368 ﬂm

EAES BZ

BUBI|BY] SIS
eia)|Ajoep xuaoyd

.

uoAyoesip wnipodAyoselg

P
-~ \."4

—

J

‘ .'“ ;" |

gst

'!,.r‘ \ :!\'.a" .

nt
1-‘.

...‘ H

A

%l afl

Phoenix dactylifera
28,889 /19,027

.|I
Pl AN

LV

Three Leftmost Species Are Most Similar



THE BANANA CHART REDESIGNED: UPSET

Oryza sativa
40,612 / 27,049

L0
biog

10400 Wy
dopigely

EJEUILLNDE ESN|

Sorghum bicolor
34,496 / 27,397

Brachypodium distachyon
25,532 /21,368 ﬂm

EAES BZ

BUBI|BY] SIS
eia)|Ajoep xuaoyd

W
w
0
-
-
H
=
|3
=
24
w
0
-
<
o
-

Phoenix dactylifera
28,889 /19,027

Rightmost species Is most different

Arabidopsis thaliana
27,169 /21,950




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

The canonical way to show set data with > 3 sets

Second-most cited VIS paper of the last decade
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EMPIRICAL & THEORETICAL WORK

TECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES
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TECHNICAL CONTRIBUTIONS
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TECHNICAL CONTRIBUTIONS
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MAKING VISUAL ANALYSIS SESSIONS REPRODUCIBLE AND REUSABLE
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HDPUNWE] NS Reproducibility Rates

WHRRALRM[S W3 Psychology: 40%
Cancer Biology: 11% .

1S THERE A

REPRODUCIBILIT
GRISIS?

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

rocking science and what they
think will help.

BY MONYA BAKER

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

1,576
RESEARCHERS SURVEYED



https://www.nature.com/news/polopoly_fs/1.19970!/menu/main/topColumns/topLeftColumn/pdf/533452a.pdf
https://science.sciencemag.org/content/349/6251/aac4716
https://www.nature.com/articles/483531a
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Lack of data sharmg
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TACKLE PROBLEMS IN DAIA ANALYSIS
AND ENHANCE REPRODUCIBILITY:




' LITERATE PROGRAMMING

] Explain the why and how
~ using any means necessary!

Text

lmages / Visualizations

Formulas

Videos
| inks
Code

'Donald E. Knuth, 1984]



LITERATE PROGRAMMING IN THE WILD
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CHARACTERISTICS OF A GOOD NOTEBOOK

Carefully curated, well narrated.
Clean code for readability

Illustrations, Formulas, Visualizations

Complex, multi-stage process




THERE IS NO STRAIGHTFORWARD WAY T0 DO




Current State:
no record of was done,
let alone why

LITERATE VISUAL
DATA ANALYSIS

Idea: make the process of an interactive,
visual analysis session well reasoned and
documented




A MANUAL ATTEMPT AT LITERATE VISUALIZATION
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IDEA: USE ANALYSIS SESSION
AS BASIS FOR
A DAIA STORY




PROVENANCE TRACKING

Provenance (from the French provenir, 'to come from/
forth') is the chronology of the ownership, custody or
location of a historical object. wipedia

In CS: a log, a record of everything that lead to a state
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NUL{BR We solved the WHAT,
BUT but not the WHY

No progress towards reusability..

So, what else can we do?



SEMANTIC SELECTIONS

Information Visualization 2021. Kiran Gadhave, Jochen Gortler, Carolina Nobre,
Oliver Deussen, Miriah Meyer, Jeff Phillips, Alexander Lex



WHAI ARE
SELECTIONS?
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FROM SELECTIONS 10
ADVANCED OPERATIONS

Categorize Aggregate



Intent is the user’s reason for
performing a brush with a

LEIRSENNE I visualization.

WHEN SELECTING? EnYelssElis Specitic Intent: Capture
through Annotation

Pattern-Based Intent: Capture
Automatically

Outlier Clusters






WHY DO WE CARE?

Speed up complex E?E o ®

o0 ®
00
X

selections

Selection Outliers?




WHY DU WE CARE7 ID Based Selection:

Selected Elements: 7,9, 13, 18, 22

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

Meaningful, higher level concept:
improves reproducibility

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




HOW DO WE INFER INTENT?

Selection



HOW DO WE INFER INTENT?

Selection Predictions

K-Means

DBScan

Regression

Outlier Detection
Skyline

Decision Trees / Ranges
Categories



HOW DO WE INFER INTENT?
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K-Means

DBScan

Regression

Outlier Detection
Skyline

Decision Trees / Ranges
Categories

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

Ranking

Jaccard Distance
Naive Bayes
Classitier
Heuristic
Measures

- |lSuC




HOW DO WE INFER INTENT?

1.Range IR

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

Decision Trees / Ranges
Categories
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WORKFLOWS

Based on semantic selections, we
can create reusable workflows!

Kiran Gadhave, Zach Cutler, Alexander Lex
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Pros and Cons

Interactive Visual Analysis Computational Analysis

®
R

jupyter
o

Intuitive and Fast
Uses Human Perceptual Capabilities



Pros and Cons

Interactive Visual Analysis Computational Analysis

®
R

jupyter
o

Need to redo the analysis
whehn datasets update



Pros and Cons

Interactive Visual Analysis Computational Analysis
OA‘

Flexible, powerful,
reusable.




Pros and Cons

Interactive Visual Analysis Computational Analysis

®
R

jupyter
o

Time Consuming

Require analyst can and
want to program

Difficult to see what’s
in the data



IDEA: CAPTURING WORKFLOWS

Specify dimensions Brush outliers Filter out

“Filter Outliers” Workflow



USING WORKFLOW ON UPDATED DAIA

[y S SE—

Specify dimensions Brush outliers Filter out




CAPTURING SEMANTICS OF WORKFLOWS

Refine selection

Brush selection ‘
e ush select o seloct outliers Filter out
R %o
s a ° — — —
2‘0 \ . .. o® ©®
. K O O
ONn|le ee%,

Robust “Filter Outliers” Workflow



REUSING WORKFLOWS ON UPDATED DAIA
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Apply Workflow

Updated Dataset
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REUSING SELECTIONS ON UPDATED DATASETS
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HUMAN REVIEWS
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Interactive Visual Analysis Computational Analysis
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USING WORKFLOW IN A COMPUTATIONAL NOTEBOOK

# Installing the reapply-workflows adds a module called backend # Apply the workflow to target dataset.

# This module exposes the Reapply class which initializes the library # apply function requires the target dataset

# and the label column as arguments.

from backend import Reapply res = workflow.apply(target, "Label™)

# Here we load the reapply_workflows Llibrary.
r = Reapply()

# Results 1s an array of datasets for each interaction
# we grab the final one.

result dataset = res.results[-1]['data’]

# We add a workflow from our workflow database. result_dataset

workflow = r.load workflow("workflowl617808681620")

This workflow has not been reviewed for all interactions.
Please go to following url: https://reapply-workflows.gitt

# Print the workflow name
print("Workflow: ", workflow.name, "\n") Label X Y

3 P52 6.58351 7.28796
# Description of the workflow and the operations in it
workflow.describe 5 P171 4.77421 4.17980
8 P199 8.34966 0.09550
Workflow: Deleting Cluster
9 P183 8.42670 1.80299
| Root 10 P61 4.29760 2.99981
+——| Add Plot
+-——| Added brush to: X-Y
+——| Cluster Selection 141 P138 7.35179 7.05215

+——| Filter: Qut

# Printc +he reannlv reciilte far Aall interactrinne alona with review ct+atiic

142 P46 6.62171 8.27311



BEFORE AND AFTER
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Semantic selections & annotations
allow us to have

TOWARDS LITERATE & about events in an
AAINLINRTNINA (] analysis process.

Analysts have the means to justify
their choices.

Makes it possible to reuse interactive
analysis processes on updated
datasets.
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