Informatics links between histological
features and genetics in cancer

Kun Huang, PhD

Department of Biomedical Informatics
The Ohio State University Wexner Medical Center

N\
[0SWR = Wexner Medical Center
P&

June 13, 2016




Data Integration

* Integrative genomics / trans-omics approach

Behavior, syndrome and clinical outcome (EMR)

t

Morphology (sub-cellular, cellular, tissue, organ)

t

Proteome (profiling, quantity, modification)

?

Transcriptome (gene expression, non-coding RNA)

t

Epigenetics (DNA methylation, histone modification, microRNA)

t

Genotype (SNV, CNV, structural variation)
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Leveraging

NCI CPTAC Contract
Integrate proteomics data from CPTAC project
High performance computing (GPU and cluster)

HPC Proteomics
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Tasks

Aim 1 — Develop software libraries for integrative genomics in
cancer research, specifically for integrating genomic,
histological images and clinical data for cancer biomarker
discovery and subtyping.

Aim 2 — Develop an integrative and expandable open source
platform for managing, analyzing, and integrating multiple data
types in integrative genomics for cancer with visual analytic
capabilities for cancer biomarker discovery.

Aim 3 — Test the completed software platform with cancer
systems biology studies and build an ecosystem based on
the open source framework for integrative genomics and
In particular for imaging genomics in cancer.
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From Correlation to Integration

Triple Negative Breast Cancer
Breast Cancer Proteomics
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Correlative Study Applications
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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
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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
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Image Analysis

Whole-slide image
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Patient Stratification on Morphology
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“High malignancy” group “Low malignancy” group

Hierarchical clustering of breast cancer patients based on imaging
features.

N
ﬂ[}ﬂ Wexner Medical Center




Associated Protein Co-Expression Network

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

Protein Proteins in the Cytoband pValue Enriched Top GO Molecular Note
Networks Networks Cytobamds Functions (pValue)

1 MYOCD 17p11.2 3.880E-2 16p13 smooth muscle cell Enriched in
P —valye = differentiation(8.184 16913
' differentiation(1.889
MKL2 16p13.12 2.306E-3 E-4); regulation of
FLYWCH2 16p13.3 2.170E-5 transforming
growth factor beta
CISD3 17q12 1.439E-1 receptor signaling
pathway.
HN1L 16p13.3 2.170E-5
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DNA Copy Number Variance

MKL1 R square =0.26018 PCC =0.51008

MKL2 R square =0.28307 PCC =0.53205
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STUB1 gene as a hub gene

CISD3
CHMPIS o

@%W}]IE | Wexner Medical Center




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.
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Concept

Molecular
Subgroup 1

Molecular
Subgroup 2
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The Algorithm

Algorithm 1: Molecular Regularized Consensus Patient Stratifica-
tion
Data: Similarity Matrix S . Molecular Density Weight Matrix W, the
number of clusters in final consensus &k, MaxIter, precision e
Result: Cluster indicator matrix U.
initialize UM > 0, t = 1, A = +o0:
while t < MaxIter and A > ¢ do

T date TTEHD . FHO) [ _[(WeS)UD);
Update U™ « U, HW%UDUTRgﬂﬁ,

pdate D& pO), | ITE W]y
U pddti_. Dij — Dij [LIT(LFDLFTDPI’T}EI}]?:}'"

S —W o (UDUT)|%

Compute A =
t =1+ 1;
end

Discretize U to binary membership matrix.
Algorithm 1: Molecular Regularized Consensus Patient Stratification
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Prognosis

Histology Type
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Visualization

Home
Roadmap mRNA Clustering miRNA Clustering Clinical INFO
> Load Data set Changing parametersé&clustering algorithms Changing parametersé&clustering algorithms Age Stages
» Select gene Metric: Metric:

¥ Clustering Euclidean v Euclidean v
¥ Interactive analysis
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Interactive Patient Stratification
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Graphie — Visual Analytics of Imaging
Features
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Refined features

Ding et al. BMC Bioinformatics 2015, 16{Suppl 11}:510
http//www.biomedcentral.com/1471-2105/16/511/510 BMC

Bioinformatics
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Graphie —Feature Selection

Feature selection

Examine feature distinctiveness for

groups of images. e
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Combining Graphie, IGPSE, & SUMO

\

Genome

Histology images

Subtype Analysis

Integrative Biomarkers

Epigenome > |:>

Molecular behaviours

Proteome
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(O)SUMO

oSU Muiti-Omics
HOME DATA SETS

PIPELINE
DATA SETS

[+

FAQ NEWS  ABOUT CONTACT

SELECT DATA SET

Breast Invasive Carcinoma (TCGA) 441 samples v

DATA SET SUMMARY ©

Title: Breast Invasive Carcinoma (TCGA)

Summary
Data Type(s): mRNA miRNA DNAmethylation
Sample size: 411
FEATURE SET @
MRNA MIRNA DNA methylation
User-defined List v User-defined List v User-defined List

Enter Gene Symbols: Enter Gene Symbols: Enter Gene Symbols:

Multi-Omics

Wexner Medical Center




State of (O)SUMO

iIGPSe: Interactive Genomics Patient Stratification explorer

Data info Clustering Analysis paralleset

Upload Dataset

Upload the Gene expression profile Gene expression microRNA Clinical

Choose File | No file chosen

null null null
Upload the MicroRNA expression profile

Choose File | No file chosen

Upload the Clinical profile

Choose File | No file chosen

Use Sample Files

2
If you want a sample .csv file to  pload, you can first download
the sample mRNA.sample.csv, liRNA.sample.csv and
time.cencer.csv files, and then {_ uploading them.
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SUMO Architecture

Adding
workflows
JSON
metadata RIPYIOT
source
& for tasks
Graphie

SUMO (workflow management, Ul)

Girder (authentication, data management)

Girder Worker (analysis execution)




Input / output Basic Workflow - Silhouette Plot
descriptions

name: "Silhouette Plot”

. Task:
description: "Show silhouette plot"
Silhouette Plot b
Show silhouette plot
task:
ame: sitlhouette MicroRNA Expression Profile
mode: This must be 3 C5V file with one colurmn per subject, one header rov; and one data row per micro RNA
sil_miRNA_Exp.csv ¥

Number of Clusters (k)

L'.';srs"-:"g s performed via k-means. Any G i r d e r_

; | Pracess |
Hilhauette <lusters SUICCESS - 2016-06-1 3T19:56:24.338000+00:00 u I 0 ad e d
format: number Silhouette plot

Silhoustte plot of pam(x = t{dmiRNA), k = k)

e = | dataset, access
e controlled

epath

- key: sil_input_path
name: "MicrofNA Expression Profile
miRNA data."

sil_.=csvg”

: “This must be a (SV file with one column per subject, one hesf
- key: silhovette_clusters
ters (k)"

Outputs

notes: "Clustering is perforned via k-means."

paraneters
- key: targetFolderld
ame: "Target Folder"

May be static R

- charts or
s interactive D3
plots

: “folder
paraneter:targetfolderld”

earest Neighbor Graph"

R script

Outputs are
stored in user’s
Girder space

al Center




Task:
iGPSe ¥

iGPSe: Interactive Genomics Patient Stratification explorer
-— -— how 3 survival plot based on clustering of different data sets.
Gene Expression Profile

qust be 3 €5V file with one column per subject, one header row;, and one St a g e 1 I n p u t S

mRNAnorm_pamsS0.csv *

L}

mMRNA Number of Clusters (k)
I e Clustering is performed via kmeans.

5

MicroRNA Expression Profile
This must be.a C5¥ file with one column per subject, one header row, and one o
e Genetic and
miRMARorm_pre.csv s
miRNA Number of Clusters (k)
Clustering is performed via k-means.

e clinical datasets

t be a CEV file with a header rew and one row per subject, and columns

containing the rov description, survival n, and an indicatar field.
time_sur.cav B
Process

SUCCESS - 2016-06-13T15:52:00.084000+00:00
mMRNA Heatmap

The major groups show haw the data was dlustered. The columns show different
mRNA ateributes, and the rows repressnt esch subject:
R source for |

t 1
for Stage 1 Stage Stage 1 Outputs

miRNA Heatmap
The major groups show how the data was dustered. The co show different

A attributes, 5.".'5'(‘.":'2 rovs represent each subject. TWO St atl C R
. cluster heatmaps

Workflow link

between stages e One interactive
D3 set selection

e Ee
that serves as
Stage 2 input

R source for

JSON
metadata Stage 2

for Sta e 2 This compares the two groups selected from the clustered data.
-

Stage 2 Output

| Survivability plot
i for selected sets

About Contact Web APl Report a bug
@ The Ohio State University 2016
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SUMO

Initial application available at http://osumo.org

Plan for more machine learning algorithms (consensus
learning, multiview learning) for data integration on
SUMO

Pan-cancer study as driven application

We welcome

<> Beta users

< Use cases and workflows to deploy

< Open-source
contributionshttps://github.com/osumo/osumo
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http://osumo.org
https://github.com/osumo/osumo

Demonstration

https://www.youtube.com/watch?v=d96h4EnwRxY
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https://urldefense.proofpoint.com/v2/url?u=https-3A__www.youtube.com_watch-3Fv-3Dd96h4EnwRxY&d=CwMFaQ&c=k9MF1d71ITtkuJx-PdWme51dKbmfPEvxwt8SFEkBfs4&r=MOdnW69k9ZgZNP7JpOtA5PYsh-I_aZ7vAEWPJ4FgnYk&m=4PbGrYhk1b9FviZFklAXZhStH39Yw29YjrBxVpTmMTU&s=4XN4LJWb8Yn5d6GqwPVXZTDl2gPuGpd_Rb4U2QBTkmA&e=

More Comprehensive Workflow Proposed

Datal Datal Cloud@omputingtbasedidntegration@nd? Additional®
sourcel? preprocessingf visualization@®latform@obe@evelopedbyIPE tools?
Compara4ve9~§ 5 2 2z
Study% EE 3 e _«;i‘:rm :
Correladve% § N-étGest;-Ilt(

Study%

Learning% ¥
based%tudy’; {f

] -
¢’ cBioPortal

Biomarker candidates
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