Visual Analytics in Bio-Medical Applications #

Renata Raidou ek
rraidou@cg.tuwien.ac.at -

Institute of Visual Computing & Human-Centered Technology, TU Wien, Austria é




What is Visual Analytics (VA)?

m “Visual Analytics is the science of analytical reasoning supported by
a highly interactive visual interface.” [Wong and Thomas 2004]

m “Visual Analytics combines automated analysis technigues with
interactive visualisations for an effective understanding, reasoning
anec decision making on the basis of very large and complex
datasets” [Keim 2010]
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Visual Analytics Process M

m First step: preprocess and transform data

s Data cleaning, normalization, grouping, data fusion
Visual Data Exploration

s Automated methods User Interaction

+ Scale well Manping .
- Get stuck in local optima ransomen Mudel\
- Run in a black box fashion ) Model ( )wsua“mmn Rnowledge
Building /’
m Visualization Mining @
P aram eter

+ Interactive data analysis refinement

Automated Data Analysis

- Scalability

m Visual Analytics integrates both Feedback loop
[Keim 2006]

s Tied together by the user
s Alternating between visual and automatic methods
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Goals of Visual Analytics (VA) M

Creation of tools and techniques to enable users to:

s Synthesize information and derive insight from massive, dynamic,
ambiguous, and often conflicting data

m Detect the expected and discover the unexpected
s Provide timely, defensible, and understandable assessments

s Communicate these assessment effectively for action
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Visual Analytics

Visualization Methods,
Computer Graphics

Data Exploration
Knowledge Discovery -
Hypothesis Confirmation

or Generation

Data Data Mining,
Analysis Machine Learning,
Statistics,...

HC Interaction,
Cognition & Perception

Renata Raidou 5




Visualization Methods,
Computer Graphics

Data
Analysis
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HISTORY OF PANDEMICS

PAN-DEM-IC (0f lent

Why Graphics

THROUGHOUT HISTORY, as humans
spread across the world, infectious
Antonine Plague 165180 s have been a constant
Plague of Justinlan 541542 30-50M companion. Even in this modern
Japanese Smallpox Epidemic 735737 1M — @ era, outbreaks are nearly constant

Here are some of history's most
deadly pandemics, from the
Antonine Plague to

Novel Coronavirus (COVID-19)

Black Death (Bubonic Plague) 200
1347138

m Figures are richer; provide more information S

17th Century Great Plagues 34

1600,

18th Century Great Plagues 600K

with less clutter and in less space.

1923

M
1888

The Third Plague

Spanish Flu 40 50m

1918-1919

Russian Flu 1M
18891890

Yellow Fever 100-150K
LATE 18008

HIV/AIDS 25.36M
1981-PRESENT

Asian Flu 1AM -

1957
. ‘ Hong Kong Flu 1M

1975

2000

m Figures provide the ‘Gestalt’ effect: they give
an overview; make structure more visible.

pandemic according to WHO

DEATH TOLL 1 lata 1s st coming

[HIGHEST TO LOWEST]
200M
Black Death (Bubonic Plague)
1347-1361

a0-: v
Spanish Flu Plague of Justinian
Vs 18 541.542

0 o @ The outbreak wiped Smallpox killed an estimated 90% of The death toll of this plague.
out 30-50% of Europe's Native Americans. In Europe during the s nder debate as new

—~ population. It took more than 18005, an estimated 400.000 people but
The plague originated 200 years for the continent’s were being Killed by smallpox annually.

m Figures are more accessible, easier to
understand, faster to grasp, more
comprehensible, more memorable, more - 0 e
‘ @ e o .

consensus on death tolls. v

e e

25-36M M 1am ™

12m ™
HIV/AIDS The Third Plague  Antonine 17th Century Aslan Flu Russian Flu  Hong Kong Fiu
1981-PRESENT 1855 Plague GreatPlagues  1957-1958 1889-1890 19681970
’ ° 165-180 1665

* ® - .

600K a0¢ 150K 850 770
Japanes 18th Century Swin. Yellow Fever Ebol MERS SARS
Smallpox Epidemic  Great Plagues 2009 2010 LATE 18003 201a-2016 2015-PRESENT  2002-2003
735-737 1817-1923

a
Novel Coronavirus (COVID-19)
2019-PRESENT

Renata Raidou 7 (e SYINTTI IRl ) () et (@) (@) s () st



Why Graphics?

‘The art of making the unseen visible”

[Clifford Pickover]
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Statistics vs. Visualization: Anscombe’s Quartet M

Anscombe’s quartet
I | 1] IV

X y X |y | X y X y

10.0 8.04 10.0 9.14 10.0 746 8.0 6.58
8.0 695 8.0 814 8.0 6.77 8.0 5.76
13.0 7.58 13.0 8.74 13.0 12.74 8.0 7.71
90 881 90 877 90 711 8.0 B8.84
11.0 833 11.09.26 11.0 7.81 8.0 847
14.0 996 14.0 8.10 14.0 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
40 426 4.0 3.10 4.0 539 19.0 12.50
12.0 10.84 12.0 9.13/12.0 8.15 8.0 5.56
7.0 482 70 7.26 70 642 8.0 7.91
5.0 568 50 474 50 573 80 6.89
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Statistics vs. Visualization: Anscombe’s Quartet M

Statistics profile is the same for all!

Property Value
Mean of x in each case 9 (exact)
Variance of x in each case 11 (exact)
Mean of y in each case 7.90 (to 2 decimal places)
Variance of y in each case 4.122 or 4.127 (to 3 decimal places)

Correlation between x and y in each case 0.816 (to 3 decimal places)

Linear regression line in each case v =3.00 + 0.500x (to 2 and 3 decimal places, respectively)
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Anscombe’s Quartet

Four datasets that have
identical simple statistical
properties, yet appear very
different when graphed.

Property Value
Mean of x in each case 9 (exact)
R i 0 endy 4 6 8 10 12 14 16 18 4 6 8 10 12 14 16 18
Mean of y in each case 7.50 (to 2 decimal places) X3 X4
Variance of y in each case 4122 or 4.127 (ta 3 decimal places)

Correlation between x and y in each case|0.816 (to 3 decimal places)

Linear regression line in each case v =3.00 + 0.500x (to 2 and 3 decimal places, respectively)
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Visualization Can Be Biased M

The same data
plotted with
different scales
is perceived

Retail Pri
-~
|
Retail Pri
1 | 1 1 1 1 | 1 1 1 1
'\;ﬂmu: =

- City MPG — City MPG
. a) Equally (uniformly) large scale ;
dramatlca”y (a) Eq iyn(bothxar@y g (b) Large scale in x

differently. |

Retail Price
Retail Price

City MPG ‘ City MPG

m |
(c) Large scaleiny (d) Scale determined by range of

x- and y-values. o
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Overview first, zoom/filter, details on demand

[Shneiderman, 1996]
P
> >-.5f

Analyze first, show the important, zoom/filter, analyze further,

details on demand <em. 2006]

(/@\) g)q @9\) R
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Data
Analysis

HC Interaction,
Cognition & Perception
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Interactive Visualization

Graphic Design Interaction Design
User

Interface
Design

Interactive
Visualization

Exploratory
Data
Analysis

Static
Visualization
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Cognition and Perception M

m Cognition: the mental processes which assist us to remember,
think, know, judge, solve problems, etc.

m Perception: the process by which we interpret the things around us
through sensory stimuli.

High Level

Analysis

/ Application \
/ Comprehension \
/ Knowledge \
Low Level
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Data Data Mining,
Analysis Machine Learning,
Statistics,...
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Data Mining Definition

Automatic algorithmic extraction of valuable information
from raw data

Interpretation
CeTEnEeTEl s
Mini m n o
Data ining > @) '\alcj) :ello d Verification » Hypotheses

Descriptive vs. Predictive tasks
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Knowledge Discovery and Data Mining (KDD) M

m Semi or fully automated analysis of massive data sets

m Contributions are more about general methodologies

m Black-box methods in the hands of end users
m Users need to understand the algorithms for using them
s What attributes to use? What similarity measure? etc.
s Often trial and error
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The Ability Matrix M

A

Data Storage
Insight is generated by the human
—not the computer!

e
Q
e
-
Q. Numerical
£ Calculations
o
O
m " " - n
“5 Searching/Finding Planning
) ' Diagnosis
E Logic Prediction
(T
£
-
.E Cognition
&J Common Knowledge
Creativity
>

Performance of a Human
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Traditional Data Mining vs. Visual Analysis Processes M

Interpretation

Computational fio K
Mini e

Data ining > omputationa Verification » Hypotheses N
Model o
W
L
Pattern g
Data PP 5 | Visual Model =xtraction | Hypotheses G
: | E

feedback loops
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Machine Learning m

ARTIFICIAL
Ll e O

MACHINE
LEARNING

DEEP

LEARNING
DA DA
DA

1950's 1960°s 1970°s 1980’s 1990's 2000's 2010's
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What is machine learning? M

m A branch of artificial intelligence, concerned with the design
and development of algorithms that allow computers to
evolve behaviors based on empirical data.

m Asintelligence requires knowledge, it is necessary for the
computers to acquire knowledge.
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Training and testing

Data_ N ® @ : Practical
acquisition .Q‘g‘t.:. usage
~ Universal set S p
s - (unobserved) R s .-
g8 . %8 RO
&3 ';// 8 8 45
s’/ 7
R X PY o
\ % "o
Training set Testing set

(observed) (unobserved)

Renata Raidou 24



Training and testing

m Training is the process of making the system able to learn.

m No “free-lunch” rule:
m Training set and testing set come from the same distribution
s Need to make some assumptions or bias

" 3'““ &8
x“: ®u ®
0 O
O 0O O
°0 ° 0 %°
O .....
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Algorithms M

(] Y /’;~\\
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Semi-supervised learning
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Machine learning structure

Supervised learning

I Tr_arir;itng [ |features
e
Documents, vectors

Images,

Sounds... ‘ -

- Machine
Learning

Algorithm

i Labels .

! : 1

New
Text features
Document, | oy | |vector [y Predictive [Im) | Expected
Image, Model Label
Sound
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Machine learning structure

Unsupervised learning

] Text

Training

Documents,
Images,
Sounds...

New
Text
Document,
Image,

Sound...

— features
vectors

Machine

‘ Learning
|| Algorithm

Likelihood
features or
vector |:> |:> Cluster Id

or
Better
representation
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Deep Learning m

Construct layers of increasingly meaningful representations of the data

Simple Neural Network Deep Learning Neural Network

.-/__.f.'_-f:;}., .;‘x' - 4& ///" . ':\\
< AR DN
4 Yy kS AN k('. . TR

v \ L OCE
AR RO
)

trala »,,gg,w*’
mm ' . 2{0. .dﬁ
"'7' \

@ Output Layer

@ nput Layer ) Hidden Layer
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Visual Analytics

Visualization Methods,
Computer Graphics

Data Exploration
Knowledge Discovery -
Hypothesis Confirmation

or Generation

Data Data Mining,
Analysis Machine Learning,
Statistics,...

HC Interaction,
Cognition & Perception
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Challenges M

m Data = Dealing with very large, diverse, variable quality datasets
m Users 2 Meeting the needs of the users
m Design = Assisting designers of visual analytic systems

m Technology = Providing the necessary infrastructure
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Visual Analytics Examples in Prostate Cancer RT M

Visual Analytics for :

1. ... Tumor Tissue Characterization and Organ at Risk
Segmentation = Research and Treatment Planning in RT

2. ... Exploring Organ Variability for RT = Research and Treatment
Planning in RT
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Background: Prostate Cancer

WHO 2018
18.1 M Cancer Cases
9.6 M Cancer Deaths

Prostate Cancer

1 out of 6 men ﬁ
Renata Raidou 33 [WHO Report, 2018] .




60% of patients receive radiotherapy treatment M

Bladder Prostate
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Tailoring the Dose to Tumor Characteristics M

High dose

Medium dose
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RT Pipeline

[Schlachter, Raidou et al. 2019 STAR CGF]

Diagnosis Imaging Definition of Target Treatment Plan Design Dose Plan Review Image Guided Setup Verification
& Referral Acquisition Volumes & Organs at Risk & Dose Calculation & Treatment Evaluation Adaptive RT & Treatment

T Co\
| | o
a® » T= e =30
[ ) =
) y S y N o
/7 O\ YN YN YN 4l
O @ ) ) ) 71 ﬁ:{ )
\_ _ _ _
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RT Pipeline

[Schlachter, Raidou et al. 2019 STAR CGF]

~

Spatial Evaluation A Non-Spatial Evaluation
L=
= \\
/\_
_./'. — j
Diagnosis Imaging Definition of Target Treatment Plan Design Dose Plan Review Image Guided Setup Verification
& Referral Acquisition Volumes & Organs at Risk & Dose Calculation & Treatment Evaluation Adaptive RT & Treatment
4 e
» o
O— L — 1)
A A —
N\ s
) ( ) <
N
Y )
E % Data Segmentation Data Exploration & Analysis
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RT Pipeline

[Schlachter, Raidou et al. 2019 STAR CGF]

@ Spatial Evaluation A Non-Spatial Evaluation
L=
- aat B e ‘\\
\
— —— J
Diagnosis Imaging Definition of Target Treatment Plan Design Dose Plan Review Image Guided Setup Verification
& Referral Acquisition Volumes & Organs at Risk & Dose Calculation & Treatment Evaluation Adaptive RT & Treatment

5.

O ®
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Visual Analytics Examples M

Visual Analytics for :
1. ... Tumor Tissue Characterization

2. and Organ at Risk Segmentation
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Tumors vs. Healthy Organs (at Risk)
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vs. Healthy Organs (at Risk)
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Characteristics(3)

Identification .
dentificatio Analysis and
and .

: comparison
exploration of .
i of intra-
intra-tumor .
; tumor regions
regions

Characteristics(2)
Association to

other clinical Uncertainty

impact on

reference (
analysis

data
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1. Identification and Exploration of Intra-tumor Regions
ﬁNAT.SPACE _

PROJECTION - FEATURE SPACE CLUSTER ANALYSIS VIEW

ISNE Embeddng

wADC

Reset Skee | | Choose ROI

Uncertanty Limts: 7/

| SO S U PR ———
0 ] 1000 Refresh
Choose Colormap: ‘Varv:!o()rar - (
0 00 1000 ®

Choose Map Coloring Base: [ ane =
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. Identification and Exploration of Intra-tumor Regions M

D= {tt\Cl, ttCz, e tt}CN}
Y
Imaging-derived features per voxel

t-Distributed Stochastic Neighborhood Embedding (tSNE) - L. van der Maaten, 2008
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PCA vs. t-SNE TU

MNIST dataset example

label = 5 label =0 label = 4 label = 1 label = 9
label = 2 label = 1 label = 3 label = 1 label = 4

'Y
Y -
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. Identification and Exploration of Intra-tumor Regions

t-Distributed Stochastic Neighborhood Embedding (tSNE) - L. van der Maaten, 2008
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1. Identification and Exploration of Intra-tumor Regions

Renata Raidou

luminance

orange to purple

2D embeding of the feature space

‘*. ”
selection ¥

anatomical space

&

embedding:density plot
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2. Analysis and Comparison of Intra-tumor Regions M

CLUSTER ANALYSIS VIEW

Cluster Conesion/Separation Custer Senarabiity and Features Weghting Vectors

Separte
? d
5\
¢

1

sason  Excell  CheoseMant [Lapc |
Porael Coorcira e

t Camer:

f Al Features
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2. Analysis and Comparison of Intra-tumor Regions M

CLUSTER ANALYSIS VIEW

Cluster Conesion/Separation Custer Senarabiity and Features Weghting Vectors
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Renata Raidou

2. Analysis and Comparison of Intra-tumor Regions

Boxplots:

Features Distributions

—

Simplified SPLOM:
Features Correlations

o:-1 0

Parallel Coordinate Plots: Beyond 2D
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2. Analysis and Comparison of Intra-tumor Regions
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2. Analysis and Comparison of Intra-tumor Regions M

CLUSTER ANALYSIS VIEW

Cluster Conesion/Separation Custer Senarabiity and Features Weghting Vectors
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2. Analysis and Comparison of Intra-tumor Regions M
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cluster A | clusters A, B
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N
‘{h
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separation | distribution
vector ' cluster B
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feature 3 :
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3. Association to clinical reference data
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4. Effect of Variability/Inaccuracy M

Variability Inaccuracy
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Applications M

m Prostate Tumor Exploration

= With Histopathological Data & Simple imaging features not enough for GS
= With Risk Prediction Data = Current prediction models are sub-optimal

m Cervical Tumor Exploration
s Validation of Different Models

m Lung Tumor Exploration
s Evaluate the importance of multi-modal imaging in region detection

m Smart Feature Selection for Aiding the Design of Classifiers
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Applications M

m Prostate Tumor Exploration

= With Histopathological Data & Simple imaging features not enough for GS
= With Risk Prediction Data = Current prediction models are sub-optimal

m Cervical Tumor Exploration
s Validation of Different Models

m Lung Tumor Exploration
s Evaluate the importance of multi-modal imaging in region detection

m Smart Feature Selection for Aiding the Design of Classifiers
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Aiding the Design of Classifiers for WMH

White Matter Hyperintensities (WMH)

Segmentation for prognosis and disease monitoring
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Motivation

m Conventionally: T1 and T2.

m Diffusion MRI can provide additional features [Maillard
2013, Kuijf 2014]. Which features of all?

m Careful selection of features is more important than
chosen classification algorithm [Sweeney 2014].

m Currently, this is a black box!

B A new pipeline, to aid the design of WMH classifiers.

m It provides new insight into the entire classification
procedure, especially, in the identification of an adequate
feature list, and the analysis of the outcome.
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Materials M

m 20 subjects of the MRBrainS13 challenge.
m Ground truth: manual delineations of WMH.

m 3T MR exam: T1-weighted, multi-slice FLAIR, multi-slice IR, single-
shot EPI DTl sequence with 45 directions.

m Features: T1, FLAIR, IR, FA, MD, AD, RD, CL, CP, CS and the MNI152-
normalized spatial coordinates [Kuijf 2014].
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Current Method M

Subject Data Classification Evaluation
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Our Method

Subject Data Visual Analytics Features Selection Classification Evaluation

_
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Step-by-step Approach and Results M

- o

Subject Data Visual Analytics Features Selection Classification Evaluation
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Step-by-step Approach and Results

m Interactive exploration of the WMH structures and their intrinsic imaging-derived characteristics.

m Optimal set of features for the classifier is the combination of (T2-FLAIR, MD, RD, FA, Cs) + T1 & MNI152-
normalized spatial coordinates = IR, AD, CL, CP out!
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Step-by-step Approach and Results M

As proof-of-concept and for comparison to previous work:
k-nearest-neighbor classifiers [Kuijf, 2014]
(k =50, 75, or 100, uniform or distance-based)

Subject Data Visual Analytics Features Selection Classification Evaluation
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Step-by-step Approach and Results M

Comparable results with previous automated approaches
Less features than in previous work
(saving scanning and computational time)
Smarter selection of features, not brute-force

Subject Data Visual Analytics Features Selection Classification Evaluation
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Step-by-step Approach and Results M

Again with the VA tool
- What was missed?
- How the classifier works?
- How can the classifier be improved?

Subject Data Visual Analytics Features Selection Classification Evaluation
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Step-by-step Approach and Results M

m Core is always detected, periphery is missed — different TCs?
m Posterior WMHs more often missed.
m For different sized WMHs different features more important.

Subject Data Visual Analytics Features Selection Classification Evaluation
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Conclusions M

m Aiding the design of tissue classifiers in a “smart” way
m Understanding how features affect the result of the classifications
m Different parts of WMHSs potentially require different features

m Better understanding of a complex problem
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Manually
Semi-automatically

Automatically
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Active Shape Modeling

Initial After Sit.s 10its Converged (18 it.s)
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Bladder
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[Schadewaldt et al., 2013]
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How can it be improved?
Awareness/prediction of inaccuracies?
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Feature Response Profile

Several local ity measures (fea response, trian rea,...)
error m gr
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Full Cohort Exploration and Analysis

Cohort Average Mesh

Triangle-to-triangle correspondence between subjects = (u, o)
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Full Cohort Exploration and Analysis M

6] Q1Q2 Q3
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Full Cohort Exploration and Analysis M
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Full Cohort Exploration and Analysis

Cohort Average Mesh

A= (a11a2"'tan) B = (b1'b2"'1bn) C= (C1JC21"lCn)
peaks?
Average profile and standard deviation {centered?
87 neighbors?




Full Cohort Exploration and Analysis
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Full Cohort Exploration and Analysis M
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Cohort Error Hierarchy Exploration
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Individual Subject Exploration and Analysis M

m Initial qualitative inspection w.r.t. imaging data
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Individual Subject Exploration and Analysis
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Individual Subject Exploration and Analysis
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Conclusions M

m Visual tool for the exploration and assessment of the results and
errors of automated segmentation processes.

m Better understanding of how the employed algorithm works.

m Going from an entire cohort to single cases.
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Motivation M

Hypothesis: inaccuracy related to high variability of organs

prostate

sem. vesicles

Anatomical Variability Across Patients
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Contribution m

A web-based framework for:

.. easy exploration and detailed analysis of pelvic organ shape
variability

». hypothesis generation w.r.t. the impact of shape variability on the
performance of segmentation algorithms

for each individual organ and for all organs at the same time.
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Tasks and Challenges M

.. Quantification and Visualization of Organ Shape Variability
- Perindividual organ
= Across all pelvic organs
= Quantification requires adequate metrics

. Comparative Visualization of Pelvic Organs

. Across multiple patients
= Multiple pelvic organs per patient
= Organ interfaces
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Task 1: Quantification and Visualization of Shape Variability M

N A
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organs shape vector point plot selection
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Shape Variability TU

- Shape descriptors
. Represent shapes as vectors
. Translation/rotation/scale invariance

- In this work: no scale invariance, but translation/rotation
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Shape Descriptors M

- Global feature based
- Graph based

. Zernike moments

[Zhang et al. Survey of 3D Shape Descriptors, 2004]
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Spherical Harmonics-based Descriptors

- Decompose spherical function into its

harmonics

- Accumulate based on the frequency

= Compute L2 Norm

- Rotation invariant for each frequency

component

- Result: Shape vector of frequencies

Oliver Reiter
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Dimensionality Reduction

- Eight-dimensional shape description vector for each organ

- Dimensionality reduction necessary in order to visualize:
. PCA for individual organ (within class visualization)
. t-SNE for multiple organs (between class visualization)
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2D Visualization of Multiple Organs (t-SNE)

rectum

sem. vesicles
prostate

Oliver Reiter

bladder 07

== Bladder
== Prostate
== Rectum
== Seminal Vesicles
== Bladder-Prostate Interface

== Prostate-Seminal Vesicles Interface
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2D Visualization of an Individual Organ (PCA)

(Bladder)
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2D Visualization of an Individual Organ (PCA)

(Rectum)
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Task 2: Comparative Visualization of Multiple Organs M
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Dealing with Multiple Organs

= Show median shape per organ
- Display relative position
- Preserve context of 2D visualization

« Show connections (interfaces) Seminal Vesicles
rectum
bladder
sem. vesicles .[:sconnecton
prostate Rectum
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Detail-on-Demand View

- Relative extent of median shape compared to all others: color
= Per-triangle variance: dot glyps
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Evaluation M

- Informal evaluation with an experienced segmentation expert
- “Easy to learn and easy to understand”
- Positively judged as an interesting basis for future work

- Original image data not accessible
= No scale to see the actual size
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Limitations m

- Shape descriptor not suitable for organ interfaces
- t-SNE requires experience to find good parameters

- Little interaction possibilities in the exploded view
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Conclusions M

- Compare segmentations of multiple organs across multiple
patients
Measure and visualize shape variability
Comparative visualization of pelvic organs

- Quickly identify mis-segmented shapes
= Provides quick and easy insight into shape variability

- Hypothesis generation for segmentation algorithms performance
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m “Visual Analytics combines automated analysis technigues with
interactive visualisations for an effective understanding, reasoning
anec decision making on the basis of very large and complex
datasets” [Keim 2010]

m Few examples applied on the domain of RT treatment planning
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Take-home message

m The purpose of computing is insight,
not numbers [Hamming, 1962 ]

—Do
—
N\ V 4
m The purpose of visualization is insight,
not pictures [Shneiderman, 2005] - -
’ 4 N\
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