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Precision Medicine and Data

NATIONAL CANCER INSTITUTE

PRECISION MEDICINE
IN CANCER TREATMENT

Discovering unique therapies that treat an individual's cancer based on the
specific genetic abnormalities of that person’s tumor.
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Cancer Patients
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Big Data - Variety
Multiple phenotypical scales

Genes umm)
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Level

Extensive

Intensive

DNA, RNA

Chromatin

Proteins,
metabolites
Cells

Development

Physiology

Morphology

Behaviour

Solved and costs declining rapidly.
Limited by bioinformatics capabili-
ties

Made possible by chromatin im-
munoprecipitation but with low pre-
cision; costly

Mostly solved and capabilities are
still improving for rare constituents
Huge diversity of assays is possible
but most are low throughput. Image-
based techniques for high throughput
are promising

Low-throughput ~ measures  are
abundant. High-throughput image-
based methods are possible for
small living individuals (embryos
and Caenorhabditis elegans) and
sectioned tissues

Huge diversity of assays is possible,
but most are low throughput, unless
based on proteomic or metabolomic
data

Solved in principle with the use of
imaging, but assays often require ex-
tensive sample preparation. Post-
processing to extract and measure
features requires specialized infor-
matics capability

Possible with continuous observation
of video of confined or local popula-
tions, or for humans, self-reporting.
Data extraction from video using spe-
cialized software or human labour

Possible but costly; detailed sampling
is challenging

Possible but costly; detailed sampling
is challenging owing to instability

Possible but costly; detailed sampling
is challenging

Many temporally continuous assays.
Image-based approaches allow some
combination of extensive and inten-
sive measurement

Temporal depth by repeated sampling
or image-based approaches

Many temporally continuous assays.
Spatial sampling is often possible

Intensive sampling of morphological
form is possible with specialized pro-
cessing. Temporal depth is limited by
destructive sampling

Extensive sampling gives intensive
coverage. Specific aspects of be-
haviour can be intensively measured
with data loggers

ater

-~ Houlgetal, 2010,



Data Integration

* Integrative genomics / trans-omics approach

Behavior, syndrome and clinical outcome (EMR)
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[ Morphology (sub-cellular, cellular, tissue, organ) ]
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Transcriptome (gene expression, non-coding RNA)
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Epigenetics (DNA methylation, histone modification, microRNA)

t
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Image registration
3D reconstruction
Segmentation
Visualization

Quantification
Computing
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3D shape characterization using SPHARMS
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Neuroinformatics

Spatial pattern analysis

w
| -

Song-Hai Shi {
B AN C
— : 100% '

5 C— 80% -
3 .5 G o il [P
c © =
S 3 ( . 8 60% -
oY , , g 40% — Interneuron
O C ' o i - Random
» O @ x
‘_2 8 , o 20% -
[
Sa 0% e

™ 0 200 400 600 800 1,0001,200

Nearest neighbor distance (um)

« Brown KN, et al. Science, 2011.
* Yu Y-C, et al. Nature, 2012.
« Xu H-T, et al. Cell, 2014.

Gao P, et al. Cell, 2014.
Sultan S, et al. Neuron, 2016.
Shi W, et al. Nature Neuroscience, 2017.

« Zhang X, et al. Nature Communications,
2017.




Histopathology Features for Cancer Prognosis

Constructing higher-level Relationships of contiguous epithelial
contextual/relational features: regions with underlying nuclear objects
g . Relationships between epithelial
A B B S « 5@ "M~ nuclear neighbors
: - Relationships between morphologically
regular and irregular nuclei

Relationships between epithelial
| and stromal objects
Relationships between epithelial
nuclei and cytoplasm
Characteristics of
epithelial nuclei and
epithelial cytoplasm

Characteristics of
stromal nuclei
and stromal matrix

D Learning an image-based model to predict survival

H&E image Image broken into superpixels

Nuclei identified within
each superpixel

Processed images from patients Processed images from patients

deceased at 5 years
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Building an epithelial/stromal classifier:
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Identification of novel prognostically
important morphologic features

Beck et al., Sci Transl Med 9 November 2011.




Pipeline Overview

Whole _ |
Slide Representative Image SuperPixel
Images Patches Preprocessing Segmentation
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Feature Extraction

Image Features

Epithelial Features Stromal Features

Texture
Features

Discovered Salient Features

Layer Features

E-28; S-6 E-14;S-6 E-20;S-20 E-2;S-2 E-2;S-1 E-8;S-8

E:epithelial features;S:stromal features




Feature Distribution

Whole-slide image
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Cheng et al, accepted to Cancer Research, 2017




Topological Features — Kidney Cancer

Nucleus segmentation P Delaunay triangulation graph
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Entropy

Feature index
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From Correlation to Integration

% - » Triple Negative Breast Cancer
5 Il 3 : » Breast Cancer Proteomics
Pathologhyq Proteome Transcrlptome
Correlative Study Applications

1 1 il

| « Lung Adenocarcinoma
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Pathology Transcriptome Epigenome
Model-based Study Applications

Breast Cancer Patient Stratification

‘. « Atwo-step algorithm
« Molecular regularized algorithm

Cllnlcal Attrlbutes Transcriptome
Integrative Clustering Applications



http://wikis.lib.ncsu.edu/index.php/Image:IPF2-better.jpg
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Triple Negative Breast Cancer

TCGA OSU TNBC TMA

* 52 TNBC samples « 173 TNBC samples

* 154 images(40X) .« 173 images(20X)
* MRNA transcripts . 200+ genes
from RNA-seq

Public Gene Expression Datasets
* NKI
* Perou
* Wang




Overall Workflow

A TCGA i ! i i { . Correlation map
{
“ |
Gene expression  _ | Candidate
proﬁlt.as of these . i l Correlated image
tissues . ’ = features and
. ' genes pairs

Metagenes

. o Survival-related
TMAimage .. hnt - image features

Multiple public Identify gene lists/clusters
breast cancer gene with strong correlation
expression data
with survival

Wang et al, JAMIA 2013




Patient Stratification on Morphology
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Hierarchical clustering of breast cancer patients based on imaging
features.




Associated Protein Co-Expression Network

|dentified 124 protein co-expression networks
4 protein networks differentially expressed

Protein Proteins in the Cvioband Value Enriched Top GO Molecular Note
Networks Networks y P Cytobamds Functions (pValue)
MYOCD 17p11.2 3.880E-2
MKL1 22q13 5.986E-3
p N smooth muscle cell
MKL2 16p13.12 2.306E-3 differentiation(8.184
16p13 E-7); muscle cell
FLYWCH2 __16p13.3 ) 2.170E-5 _ differentiation(1.889 : .
P —value = E-4): regulation of Enriched in
CISD3 17q12 1.439E-1 2.170E-5 » 'eg : 16p13
< - transforming
HN1L 16p13.3 2.170E-5 growth factor beta
receptor signaling
STUB1 . 16p13.3 ) 2.170E-5 pathway.

SUCLG1 2pl1.2 1.536E-2




DNA Copy Number Variance

Protein
Networks

Proteins in the
Networks

MYOCD
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MKL1 R square =0.26018 PCC =0.51008
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STUB1 gene as a hub gene
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Prognosis Validation
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Kaplan—Meier survival curves of prognostic model on multiple public
breast cancer datasets. From left to right: Wang, Perou and NKI data
respectively.




STUB1 Knockout in MCF7 Breast Cancer Cell Line
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Renal Clear Cell Cancer

Question — Can these features do better when combined?
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Renal Clear Cell Cancer

Question — Can these features do better when combined?

Univariate Cox regression Multivariate Cox regression
Variable HR (95% CI) P value HR (95% CI) P value
Lasso-Cox 3.06 (2.10-4.45) 5.02¢-9 2.26 (1.46-3 49) <W
Clinical
Grade 2.38 (1.63-3.5) 8.45¢e-6 1.46 (0.95-2.23) 8.22¢-2
Stage 3.68 (2.57-5.27) 1.12¢-12 3.00 2.00-4.49) [0.23¢-8
Gene expression
CSNK2A1 0.90 (0.64-1.26) 5.34e-1 1.07 (0.74-1.56) 7.11e-1
SPP1 1.15(0.82-1.61) 4.14e-1 1.10 (0.75-1.63) 6.20e-1
DEFB1 1.41 (1.00-1.98) 4.99¢-2 1.36 (0.95-1.95) 9.71e-2
PECAMI 0.77 (0.55-1.09) 1.40e-1 1.04 (0.69-1.58) 8.45¢-1
EDNRB 0.50 (0.35-0.71) 9.10e-5 0.96 (0.59-1.57) 8.77e-1
TSPANT7 0.54 (0.38-0.76) 5.12e-4 1.03 (0.64-1.67) 9.07e-1
Somatic mutation
VHL 0.99 (0.70-1.38) 9.33e-1 1.23 (0.86-1.75) 2.57e-1
PBRMI 0.85 (0.58-1.24) 3.94e-1 1.03 (0.69-1.54) 8.85¢-1
BAPI1 1.49 (0.78-2.85) 2.22e-1 1.49 (0.74-3.00) 2.60e-1
SETD2 1.29 (0.77-2.14) 3.29¢-1 1.03 (0.62-1.74) 9.00e-1
TP53 2.26 (1.00-5.15) 5.13e-2 2.86 (1.19-6.86) 1.85e-2

Aledical Center




Integration
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Wang et al, Methods, 2013




Prognosis

Histology Type
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Log-Rank P= 0.0394
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Wang C, Machiraju R, Huang K, Methods, 2014
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Ongoing — Grassmanian Integration
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Ongoing — Grassmanian Integration
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Interactive Patient Stratification
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Ding et al, BMC Bioinformatics, 2014




Cancer Precision Medicine Clinic at Indiana University

Proportion of Patients Achieving a PFS Ratio > 1.3
p<0.0001
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Randovich et al; Oncotarget 2016
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Regarding Data

Always a lot of data, always not enough data.

Use public data

Not just for ”playing”, important resource for
hypothesis generation
For histopathology images

TCGA — more than 24,000 large images for cancers (can be
visualized at Cancer Digital Slide Archive)

Allen Brain Atlas — for brain

Need to collaborate with domain experts (e.g.,
pathologists) to use the data meaningfully

Find needle in “needle” stack

Unbalanced data




Summary and Perspective

Quantitative phenotyping using imaging
Heterogeneity

Integration of omic and morphological data leads to
new biological insights and new ways of patient
stratification

Visualization is a useful tool for interactive analysis
High-level phenotype data from EMR

Monitoring and surveillance data, mobile health
data

Predictive Marker!
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