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From BDEC: “Domain”: Spatio-temporal Sensor
Integration, Analysis, Classification

 Multi-scale material/tissue structural, molecular, functional
characterization. Design of materials with specific structural, energy
storage properties, brain, regenerative medicine, cancer

* Integrative multi-scale analyses of the earth, oceans, atmosphere,
cities, vegetation etc — cameras and sensors on satellites, aircraft,
drones, land vehicles, stationary cameras

« Digital astronomy
« Hydrocarbon exploration, exploitation, pollution remediation
« Solid printing integrative data analyses

- Data generated by numerical simulation codes — PDEs, particle
methods



Things that Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checkingand Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

* Control

e Save Data for Later (Compression)
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~ Precision Medicine Meta Application

* Predicttreatment Multi-Scale Precision
outcome, select, Medicine §
: mag
monitor treatments ridiculously
simple

* Reduce inter-observer
variability in diagnosis
 Computerassisted

exploration of new
classificationschemes

* Multi-scale cancer

. . Hugue Ouellette, M.D.
simulations Patrice Tétreault, M.D
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Imagihg*and Precision Medicine - Pathomics, Radiomics

Identify and segment trillions of objects — nuclei, glands,
ducts, nodules, tumor niches ... from Pathology,
Radiology imaging datasets

Extract features from objects and spatio-temporal
regions

Support queries against ensembles of features extracted
from multiple datasets

Statistical analyses and machine Iearningto link
Radiology/Pathology features to “omics” and outcome
biological phenomena

Principle based analyses to bridge spatio-temporal scales
— linked Pathology, Radiology studies
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Thiﬁg‘s*that Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checking and Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

e Control

e Save Data for Later (Compression)
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Current Driving Applications

* Checkpoint Inhibitors— * Virtual Tissue Respository
when to use, when to e SEER Cancer
stop Epidemiology

e Pathology, Imaging data

obtained prior to and ) 3225 Cancer Patients per
during treatment L .
. e * DOE/NCI pilot involving
* Integration of “omics”, text

tissue and imaging to

manage treatment * Our co-located |
companion Virtual Tissue

Repository pilot targets
SEER images

* Non Small Cell Lung
Cancer, Melanoma, Brain
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Radiomics "L Ppatients

Decoding tumour phenotype
by noninvasive imagingusing
a quantitative radiomics
approach

Intensity
Shape
Texture
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Radlomlcs features

LLH

HugoJ. W. L. Aerts et. Al.

Nature Communications 5, Article
number: 4006
d0i:10.1038/ncomms5006
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Pathomics

Integrative Nuclear Segmentation
Morphology/”omics”

Feature Segmentation

Quantitative Feature Analysis
in Pathology: Emory In Silico
Center for Brain Tumor
Research (Pl =Dan Brat,
PD= Joel Saltz)

Area, Perimeter,
Circularity,...

Cytoplasmic
Contrast,...

NLM/NCI: Integrative
Analysis/Digital Pathology
RO1LM011119, RO1LM009239
(Dual Pls Joel Saltz, David

Survival

0
w
Feature indices

Foran)
: l
J Am Med Inform Assoc. 2012 JEIE L L E
Integrated morphologic Cluster samples based
analysis for the Clinical / Genomic analyses on feature values

identification and
characterization of disease
subtypes.

Lee Cooper, Jun Kong
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ThithTthat Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checkingand Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

* Control

e Save Data for Later (Compression)
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Whole Slide Images (WSI)

Compute Cluster

Segmentation
Parameters
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Robust Nuclear Segmentation

* Robustensemble algorithmto segmentnucleiacross tissue types
* Optimized algorithm tuning methods
* Parameterexplorationto optimize quality

* Systematic Quality Control pipeline encompassing tissue image
quality, human generatedgroundtruth, convolutional neura
network critique

* YiGao, Allen Tannenbaum, Dimitris Samaras, Le Hou, Tahsin Kurc

LA

'y ¢ x-/ 4
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Cell Morphometry Features

G

|
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g
|

Intensity Information : Texture lnformatlon

i Gradlent Statlstlcs -

_ Percentage "‘
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Thiﬁg.ﬂhat Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checking and Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

e Control

e Save Data for Later (Compression)
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D Slicer Pathology— Generate High Quality

0\ Grolld Truch

ITCR - Tools to Analyze Morphology and Spatially Mapped Molecular Data

3D Slicer Pathology

Whole Slide Images (WSI)

B i

Tune algorithm parameters to generate good
segmentation results for selected patches

Lot |
wal

piation)

B[j
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~Apply Segmentation Algorithm

ITCR -Tools to Analyze Morphology and Spatially Mapped Molecular Data

it View Help

| t'-j g &3 |Modules & Slicerpathology sjw- o Q E PO @ P 4 El t-18 = A
x R
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Adjustalgorithm parameters, manual fine tuning
\

ITCR --Tools to Analyze Morphology and Spatially Mapped Molecular Data

it View Help

Fle  Ed
l ta 2 &y |Modues 4 SlicerPathology s - o QI E PO & u t-1 8 ™ A v
« H

B s

7
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~ Sanity Check Features

Relationship Between Image and Features

Step Z: Select two Teatures or Iinterest; X

Step 1: Choose a case from the TCGA atlas (case #20) axis (area), Y axis (perimeter)

FeatureScape: u24 case preview prototype &%

Preview of using featurescape to explore different patient case ids.
For an interactive visualization of Pathology results (including links to the cBio reccord) see TCGAscope.

preview Case IDs \
20. TCGA-55-7574-01Z-D0-DX1, (cbio) random seed:0.816, feature sample size: 1000 featurescape of sampled features

150

100

Perimeter

Step 5: Evaluate the features selected in the context of

the specific nucleus and where this nucleus is located Step 4: Pick a specific nucleus of interest.
within the whole slide image Each dot represents a single nucleus

Step 3: Zoom in on region of interest

Selected nucleus
geolocated within
whole slide image

Peri/neter

Perimeter

Area R
Detects
elongated
nucleus The tool provides visual context for feature evaluation. This technique maps both intuitive features (i.e.

size, shape, color) and non-intuitive features (i.e. wavelets, texture) to the ground truth of source
images through an interactive web-based user interface.
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FeatureScape: u24 case preview prototype &%

Preview of using featurescape to explore different patient case ids.
For an interactive visualization of Pathology results (including links to the cBio reccord) see TCGAscope.

preview Case IDs

O ©W 0O N O O B W N =

O 00 N O O & W N -

. TCGA-34-2605-01Z-00-DX1, (cbio) random seed:0.559, feature sample size:
. TCGA-38-4625-01Z-00-DX1, (cbio) random seed:0.628, feature sample size:
. TCGA-38-4626-01Z-00-DX1, (cbio) random seed:0.700, feature sample size:

. TCGA-38-4628-01Z-00-DX1, (cbio) random seed:

. TCGA-38-4629-01Z-00-DX1, (cbio) random seed:0.185, feature sample size:
. TCGA-38-6178-01Z-00-DX1, (cbio) random seed:0.317, feature sample size:
. TCGA-38-A44F-01Z-00-DX1, (cbio) random seed:0.906, feature sample size:

. TCGA-50-5044-01Z-00-DX1, (cbio) random seed:

. TCGA-50-5066-02Z-00-DX1, (cbio) random seed:
. TCGA-50-5842-01Z-00-DX1, (cbio) random seed:

. TCGA-50-53846-01Z-00-DX1, (cbio) random seed:0.768, feature sample size:
. TCGA-50-6590-01Z-00-DX1, (cbio) random seed:0.668, feature sample size:

. TCGA-50-6591-01Z-00-DX1, (cbio) random seed:0.498, feature sample size:
L

, feature sample size:

5, feature sample size:
. TCGA-50-5045-01Z-00-DX1, (cbio) random seed:0.946, feature sample size:
. TCGA-50-5045-01Z-00-DX2, (cbio) random seed:0.551, feature sample size:
. TCGA-50-5055-01Z-00-DX1, (cbio) random seed:0.127, feature sample size:
. TCGA-34-5232-01Z-00-DX1, (cbio) random seed:0.208, feature sample size:
. TCGA-50-5055-01Z-00-DX2, (cbio) random seed:0.321, feature sample size:
. TCGA-50-5066-01Z-00-DX1, (cbio) random seed:0.711, feature sample size:
, feature sample size:

, feature sample size:

1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000

featurescape of sampled features

featurescape of sampled features

featurescape of sampled features

featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features
featurescape of sampled features

featurescape of sampled features
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Select Feature Pair — dots correspondto nuclei

Featu reScape @ € Preliminary demo of integrative use of multiple FeatureScape tools

1000 entries sampled from https://tahsin175.informatics.stonybrook.edu:4500/7limit=1000&find={%22randval %22:
{%22%gte%22:0.149},%22provenance.analysis_execution_id%22:%22lung-features-v4 %22, %22image.caseid%22:%22TCGA-38-4628-01Z-00-DX1%22}

+ Load Data

Cross-tabulated feature correlations

FeretDiameter 000000000000000000000
MeanR 000000000000000000000
MeanG 000000000000000000000
MeanB 000000000000000000000 100
StdR 0000000 o 0000000
StdG 0000000 00000000000
StdB 0000000 00000000000 .
EquivalentSphericalRadius ooco 00 0000000 § 50
EquivalentEllipsoidDiameterQoc oo 00 0000000 cé)
EquivalentEllipsoidDiameter1 oo oo 0 D0000000 ®
Perimeter 0000000 00000000000 g 6o ) .
EquivalentSphericalPerimeterococooo 00000000000 el N
PrincipalMoments0 0000000 0000000000 a .
PhysicalSize 00000000 00000 000000 ‘u=5. 40
PrincipalMoments1 00000000000 0000000 c
Area 000000000000000000000 ©
NumberOfPixels 000000000000000000000 % 20
NumberOfPixelsOnBorder ©000000000000000000000 S
ROUndneSS 0000000000000000000
Elongation 000000000000000000000
Flatness 000000000000000000000 0
0 50 100 150 200
PrincipalMoments0O
Pearson correlation between
* PrincipalMoments0 Resample from selected region (under development)

» EquivalentEllipsoidDiameter1
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Subregion selected — form of gating analogous to flow

cytometry

FeatureScape @ € Preliminary demo of integrative use of multiple FeatureScape tools

1000 entries sampled from https://tahsin175.informatics.stonybrook.edu:4500/7limit=1000&find={%22randval%22:
{%22%$gte%22:0.149},%22provenance.analysis_execution_id%22:%22lung-features-v4 %22, %22image.caseid%22:%22TCGA-38-4628-01Z-00-DX1%22}

+ Load Data
-
Cross-tabulated feature correlations @ = ..
FeretDiameter 000000000000000000000
MeanR 000000000000000000000
MeanG 000000000000000000000
MeanB 000000000000000000000 65
StdR 0000000 o) 0000000
StdG 0000000 00000000000
StdB 0000000 00000000000 -
EquivalentSphericalRadius oooco 00 0000000 § 60 =
EquivalentEllipsoidDiameter0occ oo 00 0000000 g .
EquivalentEllipsoidDiameter1 ccoo 0 00000000 ©
Perimeter 0000000 00000000000 %
EquivalentSphericalPerimeterocooooo0 00000000000 3 55
PrincipalMoments0 0000000 0000000000 a .
PhysicalSize 0000000000000 000000 ;.—5. ¢
PrincipalMoments1 00000000000 0000000 5
Area 000000000000000000000 © 50 X
NumberOfPixels 000000000000000000000 %
NumberOfPixelsOnBorder ©000000000000000000000 i .
ROUndneSS 0000000000000000000 45 .
Elongation 000000000000000000000 .
Flatness 000000000000000000000 . ) .
40 50 60 70
PrincipalMoments0
Pearson correlation between
* PrincipalMoments0 Resample from selected region (under development)

* EquivalentEllipsoidDiameter1
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Sample Nuclei from Gated Region
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- Gated Nuclei in Context

OB QD SubjectiD :TCGA-38-4628-01Z-00-DX1
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Compare Algorithm Results




Heatmap — Depicts Agreement Between Algorithms

_n caMicroscope SubjectiD :TCGA-12-1090-012-00-DX1

140 ) agoithms
[ Algorithm V1 (Color: Blue)
[ Algorithm V1a (Color: Cyan)
[ Tile Dice Heatmap V1:V1a
[ Algorithm V2 (Color: Yellow)
[¥]  Tile Dice Heatmap Via:v2




Thingsthat Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checking and Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

e Control

e Save Data for Later (Compression)
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‘Auto-tuning and feature extraction

e Goal — correctly segment trillions of objects (nuclei)
* Adjust algorithm parameters

e Autotuning—finds parameters that best match ground
truth in an image patch

* Region template runtime supportto optimize
generation and management of multi-parameter
algorithm results

* Eliminates redundant computation, manages locality
e Active Harmony — Jeff Hollingsworth!!
* Collaboration — George Teodoro, Tahsin Kurc
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WSI
input
dataset

Sensitivity Analysis (SA) and %

| . 7
| Auto-tuning methods , 0,08,
7y ‘Cq ™9,
1 a‘:\o“ _— ' t VY] =B Vard | XNy )+ BV T XS L tsl's:'.le é’e,%
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“Application Workflow
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Spatial Query-based
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| i —PCX: Computed
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| Supercomputer i
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“Eliminate Duplicate Compuations

*w—

(Application workflow

Set1:5,7,11,9,10
Set 2: 5,7,12,9,10
Set 3: 5,7,11,13,15

Replica based composition
9,610

Dt 2 )
.\9 10 :
o @:..f
1@/.

(|)After
Set 1

@@‘\@

kParameter sets

(SEt I P1,P2,P3,P4,P5 )

J

Compact composition
9,610

910

9
13 15
(iii) After Set 3

(||) After Set 2

‘\\\‘ Stony Brook Medicine

10

10



Performance Optimization

256 nodes of Stampede. Each node of the cluster has a dual socket Intel Xeon
E5-2680 processors, an Intel Xeon Phi SE10P co-processor and 32GB RAM.The
nodes are inter-connected via Mellanox FDR Infiniband switches.

2500
12000
Q
£1500
. 1000

1 1 1
Scalability using 1L-FCFS-FIFO

Parallel Efficiency of 0.925

L 1 1 —r— ——— \

16 32 64 128 192 2!
Number of Nodes

L

Execution with 256 Nodes and Different Optimizations

L 1 11

2. 2. 2. 2. 2L, 2L,
FCrs.p, TCRs,  TCRs,  RU.p CiRUL, CaRU.
S ) S ~y Sp Up Oy
Fo o Lag  OlAsYruy 43* PhAS.

*SPg
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Machine Learning and Quality Critiquing
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Thiﬁg.ﬂhat Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checking and Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

e Control

e Save Data for Later (Compression)
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Feature Explorer - Integrated Pathomics Features, Outcomes

and “omics”

Gene Mutation

Click on bars to select molecular cohorts,
Xax's: # patents; Yaxis: mutation status
[blue-red] color range indicates ‘racton of total.
EGFR

| Na

o cresernt

KRAS

| Na

|

STK11_LKB1
| Na
o creser

TPS3

| Na

NF1
| Na
-t o cresernt
—
) ) ' 1
BRAF
| Na
Wt on crese

b
I

SETD2

bk
a L

— TCGA NSCLC Adeno Carcinoma Patients

Morphology, Epi, etc Survival

Var 1:| Roundness_median ¥
Var 2:| StdR_median s
Slide mousa ¢/ ck to salect ranges
Xax:s: parameter value

Yaxis: #patenis ™

Blue - whole population; Orange - selected cohort

Var 1: Roundness_median

o \,
7
E \
- ¥
5 \
c "
a \,
7 =
.
4 A —
<
l )
T
Var 1 Zoom: Roundness_median ! !
months followup
‘- Zoomable KM estimator (i.e. select ranges, each dot is a patient)
LTJ

Var 2: StdR_median 23 ‘.
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—Feature Explorer - Integrated Pathomics Features, Outcomes

and “omics” — TCGA NSCLC Adeno Carcinoma Patients

Gene Mutation Morphology, Epi, etc Survival

Click on bars to select molecular conorts, var 1: [ Roundness median 2 Q o
Xax's: # patients; Yaxis: mutation status -

i Var 2: n H
[blue-red] color range indicates fraction of total. StdR_media =

Blue - whole population; Orange - selected cohort
Slide mouse ciick to salect ranges

EGFR Xax's: parameter value
NA Yaxis: #patents | N
W e _,Iomsa Yioe
leomaasca Var 1: Roundness_median =
' ' ' ' ' ' 2 3 N\
E \
KRAS it ".\
NA o “'.
| mistarson sre - z N
Csomatasen £ \
' [ [ X . . 1 1 ' , g -
= -
STK11_LKB1 3 SR
NA 5
I 0
(somaascn ' o
1 ' ' 1 1 1 " © 2 0 o = :
Var 1 Zoom: Roundness_median m = !
TPS53 ® months fallowup
NA
| matation resert ' Zoomable KM estimator (i.e. select ranges, each dot is a patient)
no mutaticn
Iv . 1 1 1 .l‘ Y
' B Y
NF1 . s N
. \
NA .
[ *
[somaascn
1 . L} . 1 " 1 . 1 "
S 1 [
BRAF b 2a e o cle
NA Var 2: StdR_median
mataton prasertt ‘
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Collaboration with MGH — Feature Explorer — Radiology Brain

‘MR/Pathology Features

Select a dataset: | GBM - Glioblastoma Multiforme - rad:path:ver1 $)
Gene Mutation Cohort character Survival
Cick on bars 10 select molecular cohorts, Var 1: ecemaRatio 4 T2 )
Xaxis: # patients; Yads: mutation status Var 2. Fatress medion o
iue-red] color range indicates fraction of total Side mouse Cick 10 select ranges Blue - whole population; Orange - selected
Xaxs: parameter vaiue
EGFH Yaxis: spatients
NA
mtaton present SEUREL A :
no mutation = k

094
3 ‘. L] e 9 1 4

LB

STK11

o« |- g o«
Survival (Kaplan Meler estimator)
i

- »
1 02 03 04 05 08 07 OO0 O ) k

Flatness median

’ H ”HI' ” months followup

;
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Collaboration with SBU Radiology— TCGA NSCLC Adeno Carcinoma

Integrative Radiology, Pathology, “omics”, outcome

Gene Mutation Rad, Path, Epi, etc Survival
Click on bars to select molecular conorts, Var 1:| Roundness_50 5
Xaxs: # patents; Yaxis: mutation status Var 5 ry

Var 2:| compactness v

[blue-red] color range indicates ‘raction of total. Blue - whole population; Orange - selected cohort

Var 3:| age_at_Initial_patholc ¥

EGFR
Slide mousa c'ck to salect ranges
_ Xax:s: parameter value, Yaxis: #patients
1
Var 1: Roundness_50 < \T
' ' 1 1 a
' 2 H 5 ¢ ' 7 b\
‘ [ L
KRAS : Ei )
5 N\
mataion presert - g
[omasien ] : F '
2 H s ' 3 g 1
PTEN Lo ow th om am e ow o 3 \
: .
_ i compac“‘ess ’j
' 1os 4 4 .
STK1 months fallowup
_ s Zoomable KM estimator (i.e. select ranges, each dot is a patient)
1} 1 1 1
1 2 4 s « L] " l' s 1 _IA 2 _I

TPS3 Var 3: age_at Initial_pathologic_diagnosis
mataton prasert!

no mutabicn

Mary Saltz, Mark Schweitzer SBU Radiology
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Thingsthat Need to be Done with Spatio Temporal Data

* Generation of Features

e Sanity Checking and Data Cleaning

* Qualitative Exploration

* Descriptive Statistics

* Classification

* |dentification of Interesting Phenomena
* Prediction

e Control

e Save Data for Later (Compression)
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Classification

e Automated or semi-automated identification of
tissue or cell type

* Variety of machine learning and deep learning
methods

e Classification of Neuroblastoma
e Classification of Gliomas
* Quantification of lymphocyte infiltration
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‘Ciagsi.ﬁcation and Characterization of Heterogeneity

BISTI/NIBIB Center for Grid Enabled Image Analysis - P20 EB000591, Pl Saltz

- Analyze images by

computer Ontology | chtvr/gg]naian ‘
- Analyze the whole [ Background | development
tissue, several /\
slides | Blidiis ”rh ‘ Stroma poor Ty

*  Provide ‘/\ \, B e
quantitative I Ganglioneuroblastoma | Neuroblastoma | Image
information to the Ga”g"""e“r"m

H Intermixed
pathologist Nodular Fooity

i ifferentiz Undifferentiated | | di iz
o Reduce inter- and |D|fferemnted n erentiate I differentiated
intra-reader
variability

Morphological characterization of tissue used for prognosis

Hiro Shimada, Metin Gurcan, Jun Kong, Lee Cooper Joel Saltz

Gurcan, Shamada, Kong, Saltz
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Neuroblastoma Classification

Ganglioneuroma

absent (Schwannian stroma-dominant)
Maturing subtype
Mature subtype
Microscopic
absent === Noyroblastic
foci R .
Ganglioneuroblastoma, Intermixed

(Schwannian stroma-rich)

FH

FH

Grossly visible Nodule(s) present

Ganglioneuroblastoma, Nodular
(composite, Schwannian stroma-rich/

\ 4

present

stroma-dominant and stroma-poor)

Variant forms* —

Schwannjan
Development

n

» Any age

Mitotic & karyorrhectic cells
2200/5,000 cells — ANy age

0-200/5,000 cells :K 21.5yr
<100/5,000 célls <1.5yr

Noneto <50%

Poorly differentiated
subtype

Neuroblastoma
(Schwannian stroma-poor)

\

Differentiating
subtype

21.5yr
100-200/5,000 cells

<1.5yr
<100/5,000 célls < 25 yr

<5yr

FH: favorable histology UH: unfavorable histology
CANCER 2003;982274-81

2200/5,000 cells — ANy age

UH/FH*

UH

UH
UH
FH

—
—)
—
—
—  JH
—  H
—p  FH
——  UH
—

FH
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Multi-Scale Machine Learning Based Shimada Classification System

Initialization
1=L

—
Training Tiles

Down-sampling

v

Segmentation

v

Feature Construction

v

Feature Extraction

v

Classifier Training ]—

J \. J J
I——I—————————————————

.

TRAINING

Background?

1

No

Create Image IV <
Segmentation [ I1=1-1 ]
Feature Construction
¢ Yes
Feature Extraction I>1?
i A
Classification

TESTING

Background Identification

Image Decomposition (Multi-resolution
levels)

Image Segmentation (EMLDA)

Feature Construction (2" order statistics,
Tonal Features)

Feature Extraction (LDA) + Classification
(Bayesian)

Multi-resolution Layer Controller
(Confidence Region)
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N

Back Level 3 Level 2 Level 1 Level O
ground

Back Level 3 Level 2 Level 1 Level O
ground

Fig. 8. Sample classification results after processing a whole-slide NB image. (a) and (d) are the H&E stained NB slides associated with stroma-rich and stroma-poor by
an expert pathologist. (b) and (e) are the classification maps identified by the computerized system where the red color corresponds to stroma-rich regions and the
green color corresponds to stroma-poor regions. (c) and (f) are the corresponding decision level statistics that show in log-scale the number of image tiles classified at
a certain resolution level. In the resolution level map on the upper right, cyan color represents the lowest resolution and green color represents the highest resolution,

respectively.
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“Brain Tumor Classification— CVPR 2016

Contributions

« Automatic discriminative patch identification for patch-CNN training
« Arobust, general method to corzbine patch-level predictions

E An important applicatic:)n: cancer classification

350 X 500

: U -4,*'4

o >

- Y y An ImageNet image

Gigapixel Whole Slide Image (WSI) UL EC-CREIES V']
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~ Combining Information from Patches

Advantage:
| » The prediction of every patch counts
| -> robustness & generalization

~. SVM or R '1’
/ ﬁloglstlckegresslonﬁf

Histogram of Patch-level Classes

Engineering details

* CNN architecture: AlexNet and VGG16 » Dataset: TCGA [gdc-portal.nci.nih.gov]
+ Patch size: 500x500, Multiple scale » Number of Patches: 1000 per WS
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Brain Tumor Classification Results

Glioma is . VGG16 features + BoW + SYM  0.667
* The most common brain cancer
+ The leading cause of cancer-related Patch-CNN + Voting  0.710
deaths in people under age 20 Patch-CNN + Max-pooling  0.710
Our method 0.771
Pathologists’ Agreement [M. Gupta 2015] 0.7-0.8
(on a similar dataset)
Confusion Matrix: OA is very hard even for pathologists GBM oD OA DA AA AO
Glioblastoma, Grade IV (GBM) 214 2 1
Oligodendroelioma, Grade Il (OD) 1 47 22 1
Oligoastrocvtoma, Grade Il & |l (OA) 1 18 40 3 1
Diffuse Astrocytoma, Grade Il (DA) 3 6 20 1
Anaplastic Astrocytoma, Grade Il (AA) 3 3 3 4
Anaplastic Oligodendroglioma, Grade Il (AO) 2 3 1

Le Hou, Dimitris Samaras, Tahsin Kurc, Yi Gao, LizVanner, James

Davis, Joel Saltz
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Tumor Infiltrating Lymphocyte quantification

* Convolutional neural
network to classify
lymphocyte
infiltrationin tissue
patches

Unsupervised Autoencoder — 100 feature dimensions

* Convolutional neural
network and random
forest to classify
individual
segmented nuclei

* Extensive collection
of ground truth

e Jointworkwith
Emoryand TCGA
PanCanAtlas
Immune group
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Lymphocyte identification

Pred Label

Pred Label

Lymphocytes Infiltration No Lymphocyte
Infiltration
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Receiver Operating Characteristic — Area Under Curve —95%

Receiver operating characteristic (ROC) curve
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- Lymphocyte Classification Heat Map

Trainedwith 22.2K image patches
Pathologist corrects and edits
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Commonalities

* Provided quick but pretty deep dive into aspects of
spatio temporal data analytics

* Requirements, methods and | think core
infrastructure can be shared between disparate
application classes

* These application classes are definitely data but
spatio-temporal aspects are HPC community
context friendly

* Most of this holds for analysis of scientific program
generated data — ORNL Klasky collaborations
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