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ME & ICG

I've spent a lot of time at ICG - and it was great!

2003 First ICG Class with Franz Leberl and (then new)
Horst Bischof; Teaching Assistant: Tom Pock

2006 ICG BS Thesis w. Horst Bischof & Martin Urschler
2008 ICG MS Thesis w. Dieter Schmalstieg
2012 |CG PhD Thesis w. Dieter Schmalstieg
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RESEARCH AREAS



EMPIRICAL & THEORETICAL WORK

TECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES




CHALLENGES & OPPORTUNITIES



1. SYSTEMS ARE HARD

2. 1S POWERFUL BUIT
EPHEMERAL

3. DATAIS NOT ThE







Publishing software increases impact
of your work

SYSTEMS ARE HARD Spent a lot of time on building

interactive visualization systems

Adoption is minimal. Why?

CALLYDO

=
=




Hard to build good UX in
academic setting

$$$

Maintenance != publishing

SYSTEMS ARE HARD

Analysts a new &
complicated tool unless it is a significant
Improvement

Limited expressivity

Simplicity - expressivity trade-off




1. The idea matters most

2. Work on reusable components

WHAT CAN WE DO?

3. Meet users

4. Commercialize
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OPPORTUNITIES

Publish good ideas! [dough]

Publish small, maintainable software packages that fit into an
ecosystem

Reusability, flexibility, less maintenance burdens

Develop DSLSs instead of Ul systems (Vega, reVISit, ...)
Uls are just A LOT OF WORK

DSLs can do things in well defined ways

Tooling (including Uls) can follow later



1. SYSTEMS ARE HARD

2. 1S POWERFUL BUIT
EPHEMERAL

3. DATAIS NOT ThE




2

. 1S POWERFUL BUIT
EPREMERAL



WHAI ARE
SELECTIONS?
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SOME THINGS ARE
BEST DONE THROUGH
VISUALIZATION +

INTERACTION

Categorize Aggregate



BUT, unlike code interaction typically
leaves no trace

EPHEMERAL Not reproducible
INTERACTION vy

Interaction is also “siloed”

Typically a dead end




INSPIRATION:



' LITERATE PROGRAMMING

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

Text

lmages / Visualizations

Formulas

Videos
| inks
Code

'Donald E. Knuth, 1984]



LITERATE PROGRAMMING IN THE WILD

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

+ == @@ B 44 ¥ MRun B C » Markdown s
d3js.org
D; S QO N NN 1-example.docx (1 page) ¢ 0
Bring your data to life. + \
By @ Mike Bostock 7 Q- - — ~» nctior o "/ 5l v| Addins ~ F M]v QQ O} [Tj Q, Search Calculated z
©) 1-example.Rmd - P-value = sum of area in two tails= 2[1 — D(lz])]
Published Aug 6, 2019 Listed in d3-random g ARE Q| @ Knit ~ ~ i'C| ~#Run v | = Viridis Demo zcurve
1 --- The code below demonstrates two color palettes in the viridis package. Each plot displays a
eg e . ETIVIIE R " contour map of the Maunga Whau volcano in Auckland, New Zealand. 3. Two-tailed test
RandOm PrObablllty PIOtS ; tltle{_‘ . XLP{d;S Demot Viridis colors H, contains the inequality #
output: mL_documen image(volcano, col = viridis(200)) ' i
What do the normal quantile plots and histograms look like for D3’s various random -~ !
, 0
number generators? Let’s see! 5 T T
6- *  {r include = FALSE} B Calculated z, —z
i 7 library(viridis = . .
Uniform g y( ) Figure 8.4 Determination of the P-value for a z test
= *]
uniformData = » Float64Array(1000) [0.8364988573005558, 0.5923236613754859, 0.4144779646837171, ©.9507874319661804 9 o source: Devore, pp.329
. w
uniformData = Float64Array.from({length: 1000}, d3.randomUniform()) 29 Th? Fo‘_je below demorlStr‘ates tW(? CO’lOf:' pal?tFe§ in the “ i '
[viridis](https://github.com/sjmgarnier/viridis) package. Each plot - Slide Type Slide  +
. . o
displays a contour map of the Maunga Whau volcano in Auckland, New
14— o - 9 1
Zealand. o What to do for smaller sample sizes? Student's t-test
1Ll
12 - ## Viridi 1 g When n is small, the Central Limit Theorem can no longer be used. In this case, if the samples are drawn from an approximately normal distribution, then the
12— Lriais colors 0.0 0.2 0.4 0.6 0.8 1.0 correct distribution to use is called the Student's t distribution with v = n — 1 degrees of freedom. The probability density function (pdf) for the student's t
13 distribution is not pretty (Google it!) but it is built into scipy, so we can compare the student's t-test to the normal distribution.
14- " {r} B
1.0- oo o 15 1image(volcano, col = viridis(200)) In [16]: Slide Type - :
16 “° Magma colors
image(volcano, col = viridis(200, option = "A")) 1 # there is some trouble with this package for some python versions
17 2 # 1if it doesn't work, don't worry about it
o8- 18 - ## Magma colors 3 from ipywidgets import interact
19 :
— & 5 samp mean = 0
0.5— 20 - {r} ¥ » - 6 samp std dev = 1
21 1image(volcano, col = viridis(200, option = "A")) ~ 1
22~ pac 8 x = sc.linspace(samp mean-4*samp std_dev,samp mean+4*samp std dev,1000);
322 [ Viridis Demo 2 R Markdowtih - 9 def compare distributions(sample size):
0.4- : i R S 10 pdfl = norm.pdf(x, loc=samp mean, scale=samp std dev/sc.sqrt(sample size))
Console R Markdown » = [ 11 pdf2 = t.pdf(x,df=sample size-1,loc=samp mean, scale=samp std dev/sc.sqrt(sample size))
. - SO—— ) ; 12 plt.plot(x, pdfl, linewidth=2, color='k',label='normal distribution pdf')
e e - - 3 13 plt.plot(x, pdf2, linewidth=2, color='r',label='t distribution pdf')
0.2- > render("1l-example.Rmd", output_format = "word_document™) P 14 plt.xlim(x.min(),x.max())
15 plt.ylim(0,2)
g 16 plt.legend()
00— 0 O 17 plt.show()
— 18
19 interact(compare distributions,sample size=(2,20,1))
T —
0.2~ sample_size @ 5
200 -
= normal distribution pdf
0.4- | 1 | | | | | | | | 1 i ZI =t distribution pdf
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 +0.0 +0.5 +1.0 +1.5 +2.0 425 4+3.0 175 -
qgnorm(uniformData) 150 -
35— 125 -
30—
100 -
25—
20 - 0.75 -
15 =
050 -
10~
5= 0.25 -
O_
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.00 - .
-4 -3 -2 -1 0 1 2 3 4

Observable R Markdown Jupyter Notebooks



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

Gratzl, Lex, Gehlenborg, Cosgrove, Streit; EuroVis 2016
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A web-based provenance library

Easy to integrate in web apps

TRRACK

aithub.com/Trrack/trrackis

Load Iris Dataset

Add plot: petal_length..

P. Brush: 43
Rectangular brush User changed quartet to 4
User unselected 7
i tate N N
Add R. Brush: 20 points State Node : : : State Node
Selecting nodes with hi Diff Node Diff Node Diff Node
) Selected: None | ¢ | I Selected: None
Hovered: None 1 Selected: 7 None ’ Hovered: 3 Hovered: 3
|-:.@ Cluster — Selection RURKSE S Quartet: 4

lJser selected 7 User hovered on 3

Insight: Other


https://github.com/Trrack/trrackjs

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






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?

| think this cluster. ..

2 Cluster B

3. Outlier IR
. - v . v - O
Selection Predictions 199] Ranking || Confirming Intent <
K-Means Jaccard Distance & Annotation
DBSC&‘”. Naive Bayes
Regression Classifier
Qutlier Detection o
. Heuristic
Skyline
Measures

Decision Trees / Ranges
Categories



C|CS

Intent

Clusters « + Add plot

Show Categories ‘ Union Clear Selections

P red iCti ONS Time required: 0.01 seconds

Remove Plot Remove Plot
o) 10 =
. o
@ ® N ?
o @
o '. ‘ . o o . ° @ . o
® ~ ® PP o + o . .. . ©
¢ of o’ of ° o ’ 8 - 0.0 i
[} ® o 2 .
®_o 0% ® ® 9 8] o
¢ 3 e o ) . geld Y 8,0
8 o @ P °% @ .l ° .0 @ o §o °
] LIPS o B ‘ % o ®
= o o ® ® o0 ] .. ‘
o' o ¢ ® o °® ®e ¢ ¢
. - a 6 - ..0 o ..
o . .
o ‘e 2 o *%e . % e Selections
: . ° Do a o 0 0 0 0
- o ® (00 I UNION INTERSECTION INDIVIDUAL TOTAL
. e o =
oo ® ®
. \ .‘ ’ o 3 ‘ @ . @ °
@ .' f. v @ X K * ®
s ® © ' s ® .. =
o® ® © & @
® *" 3 e .' .Q ¢
o @ Ne
O '. ® @ ® 9
® ° e 2 ‘. @ o
o ) .. 3
] - ) I} @
@
. ° o oo ®
® e
: o
4 5 6 7 8 S 10 0 1 é 3 4 5 (Y '; 8 9 10
A | Math A | Math

Visualization and Selection Annotation of Intent and Predictions

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


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

WORKFLOWS

Based on semantic selections, we
can create reusable workflows!

EuroVis 2022. Kiran Gadhave, Zach Cutler, Alexander Lex



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
|
|



REUSING SELECTIONS ON UPDATED DATASETS
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NEXT: CAN WE ALL DO THIS WITH STANDARD PYTHON PLOTS?

Track interaction in native plots

Enable data wrangling operations (filter, label,
aggregate, etc.)

Make steps permanent (like code)

Allow downstream use of modified data

. Vega-Altair
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import altalr as alt
from vega datasets import data
import numpy as np
import pandas as pd

import interactivede.ide as IDE # Our library

IDE.enable( ‘altalir’') # Call this to enable integration with altair

source = data.movies.url
selected cols = ["Title™, "IMOD Rating®, “"Rotten Tomatoes Rating”, "Major GCenre” |

pts = alt.selection point(name="point sel”, encodings=| ‘x'))

rect = alt.Chart(data.movies.url).mark_rect().encode(
alt.X{ INDD Rating:Q').bin(),
alt.Y( 'Rotten Tomatoes Rating:Q').bin(),
alt.Color('count()’).scale(schene="greenblue’').title( Total Records’)
)

cire & rect.mark point().encode|
alt.ColoxValue( 'grey '),
alt.Size( 'count()’).title( Records in Selection’)
).transform filter(

pts
)

bar = alt.Chart(source, width=350, height=200, name="bars”).mark bar().encode(
x*'Major_GenreiN’,
# y=‘count()’,
y* 'meaan(Rotten Tomatoes Rating):Q’,
colorwalt.condition(pte, alt.ColorValue( “steelblue™), alt.ColozValue(“grey”))
).add params(pts)

alt.veconmcat(
rect ¢ cire,
bar

)«resclve legend|(
color+=" independent *,
size~" independent *

)

# df 4495¢ dyn(0)

# df = df_4495¢f dynj0)
# grouped df = df.groupby(” __aggregate”)

¢ grouped df.groupe.keys()

# grouped df.get_group(“Agg_70)12cle”)

0O @ 3 @ Python 3 (ipykernel) | idie

B ORRKSMN® 0O :

2 Other Bookmarks

® Python 3 fipykemel) O

8 T VvV asvehe °

]
Mode: Edt © Ln6 Col46 Demoipynd 1 [)




Fits perfectly in of python

data analysis

MAINTAINABLE SOFTWARE No installation burden
OISR ('H Interactive VIS is suddenly a first

class operation in notebooks




1. SYSTEMS ARE HARD

2. 1S POWERFUL BUIT
EPHEMERAL

3. DATAIS NOT ThE




3. DAIA IS NOT THE



Tracking Coronavirus in Utah: Latest Map and Case Count

Updated Aug. 11, 2022

New reported cases

DEC. 24, 2021

/-day
average

Daily average: 1,004
New cases: 0
Dec 27




Tracking Coronavirus in Utah: Latest Map and Case Count

Updated Aug. 11, 2022

New reported cases

10,000 cases

thas dap s probably o artifact of the data collection,
thas should be hagher

5,000 DEC. 24, 2021

/-day

average Day with data anomaly

Daily average: 1,004
New cases: O

!
Viar. 2020 Aug. Jan. 2021 Jun. NOV. Apr. 2022



Info Vis

Article

Information Visualization
2021, Vol. 20{2-3) 123-137
@ The Author(s) 2021
Article reuse guidelines:

sagepub.com/journals-permissions
DOI: 10.1177/14738716211028545

journals.sagepub.com/home/ivi

®SAGE

Sanguine: Visual analysis for patient
blood management

Haihan Lin"" (>, Ryan A Metcalf?’, Jack Wilburn' and
Alexander Lex'®

Abstract
Blood transfusion is a frequently performed medical procedure in surgical and nonsurgical contexts.

Although it is often necessary or even life-saving, it has been identified as one of the most overused proce-

dures in hospitals. Unnecessary transfusions not only waste resources but can also be detrimental to patient
outcomes. Patient blood management (PBM] is the clinical practice of optimizing transfusions and associated

outcomes. In this paper, we introduce Sanguine, a visual analysis tool for transfusion data and related patient
medical records. Sanguine was designed with two user groups in mind: PBM experts who oversee blood

management practices across an institution and clinicians performing transfusions. PBM experts use
Sanguine to explore and analyze transfusion practices and their associated medical outcomes. They can com-
pare individual surgeons, or compare outcomes or time periods, such as before and after an intervention

regarding transfusion practices. PBM experts then curate and annotate views for communication with clini-
cians, with the goal of improving their transfusion practices. We validate the utility and effectiveness of

Sanguine through case studies.
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Figure 1. An overview of Sanguine visualizing patient blood management data with multiple views. The left panel is
dedicated to managing filters and selections. The workspace in the center contains visualizations that can be flexibly
arranged. A heatmap, a dot plot, and a dumbbell chart are shown. On the right, a patient-specific detail view shows
attributes of a case.
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Data is imperfect
but experts know how and why

Challenges:
IMPLICIT KNOWLEDGE Hardly documented (lab notebooks,

methods sections)

Not saliently available to others
Bad tool support

Limited metadata formats




1S AN ANALYST'S KNOWLEDGE

ABOUT HOW AND WHY THE DATA IS AN
IMPERFECT AND PARTIAL REPRESENTATION OF
THE PHENOMENA OF INTERESI.
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COVID Cases

New confirmed cases of COVID-19 (7-day smoothed) per 1,000,000 people, colored by stringency of country's response as of March 01, 2022. Strict Policies
stringency indicates a stricter response. If policies vary at the subnational level, the result is shown as the response level of the strictest sub-region. Data shows Mar
01, 2022. Data Source: OurWorldInData

*The categorical \abels do wot help much



RATING, COMMENTING, COLLABORATING
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Biases and Trust

Reinforcing preconceived ideas?

Explain away “inconvenient” data
points?

CHALLENGES

Need to provide reasoning and
justifications

Intended for trusted teams




Currently a stand-alone tool

Goals:

integrate with plotting library, such

as Vega-Altair (see “systems are
hard)

preserve hunches across data
structures and analysis steps

IMPLICATIONS

Many other efforts needed to address
the gap between data and truth
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Alexander Lex

@alexander lex
http://alexander-lex.net THE

UNIVERSITY
Thanks to: Kiran Gadhave, Hainan Lin, Zach Cutler, Devin Lange, Max OF [JTAH

Lisnic, Marc Streit, Jochen Gortler, Oliver Deussen, Miriah Meyer, Jeft
Phillips, Samuel Gratzl, Holger Stitz, Nils Gehlenborg, Hendrik Strobelt,
Romain Vuillemot, Hanspeter Ptister, and many others!
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