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Precision Medicine and Data
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Biomarkers for 
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Big Data - Variety 

Multiple phenotypical scales

Houle et al., 2010
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Data Integration

• Integrative genomics / trans-omics approach

Genotype (DNA - SNV, CNV, structural variation)

Epigenetics (DNA methylation, histone modification, microRNA)

Transcriptome (gene expression, non-coding RNA)

Proteome (profiling, quantity, modification)

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

Behavior, syndrome and clinical outcome (EMR)
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Wenzel et al, Gene & Development, 2007

• Image registration

• 3D reconstruction

• Segmentation

• Visualization

• Quantification

• Computing

Kishore 

Mosaliganti Lee Cooper

Ashish Sharma Joel Saltz
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3D shape characterization using SPHARMS

Shantanu Singh 

Broad Institute
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▪ Spatial pattern analysis

Neuroinformatics

• 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.

Song-Hai Shi
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Beck et al., Sci Transl Med 9 November 2011.

Histopathology Features for Cancer Prognosis
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Pipeline Overview
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Feature Extraction

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

E:epithelial features;S:stromal features
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Feature Distribution

Cheng et al, accepted to Cancer Research, 2017
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Topological Features – Kidney Cancer

15

Cheng et al, 2017
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Cooper L et al, JAMIA, 19(2), 2012. 
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From Correlation to Integration

TranscriptomePathology

Correlative Study

TranscriptomePathology

Model-based Study

TranscriptomeClinical Attributes

Integrative Clustering

Epigenome

• Triple Negative Breast Cancer

• Breast Cancer Proteomics

Applications

Applications

• Lung Adenocarcinoma

Applications

Breast Cancer Patient Stratification

• A two-step algorithm

• Molecular regularized algorithm

Proteome

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

• 52 TNBC samples

• 154 images(40X)

• mRNA transcripts 
from RNA-seq

• 173 TNBC samples

• 173 images(20X)

• 200+ genes

TCGA OSU TNBC TMA

• NKI 

• Perou

• Wang

Public Gene Expression Datasets
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Overall Workflow

Wang et al, JAMIA 2013
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Patient Stratification on Morphology

Hierarchical clustering of breast cancer patients based on imaging 

features. 

“High malignancy” group “Low malignancy” group



22

Associated Protein Co-Expression Network

▪ Identified 124 protein co-expression networks

▪ 4 protein networks differentially expressed 

Protein 

Networks

Proteins in the 

Networks
Cytoband pValue

Enriched 

Cytobamds

Top GO Molecular 

Functions (pValue)
Note

1

MYOCD 17p11.2 3.880E-2

16p13 

P – value = 

2.170E-5

smooth muscle cell 

differentiation(8.184

E-7); muscle cell 

differentiation(1.889

E-4); regulation of 

transforming 

growth factor beta 

receptor signaling 

pathway.

Enriched in 

16p13

MKL1 22q13 5.986E-3

MKL2 16p13.12 2.306E-3

FLYWCH2 16p13.3 2.170E-5

CISD3 17q12 1.439E-1

HN1L 16p13.3 2.170E-5

STUB1 16p13.3 2.170E-5

SUCLG1 2p11.2 1.536E-2
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DNA Copy Number Variance
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STUB1 gene as a hub gene
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Prognosis Validation

Wang Perou NKI 

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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WT

STUB1 ggsg

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

27

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

28

Question – Can these features do better when combined?
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Molecular 

Subgroup 2

Molecular 

Subgroup 1

Molecular 

Subgroup 3

Sample di

Sample dj

Integration

DENSE

NOT DENSE

Wang et al, Methods, 2013
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Prognosis

Histology Type Tumor Grade

Disease Stage BCE

HGPA CSPA

RCP

Wang C, Machiraju R, Huang K, Methods, 2014
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Ongoing – Grassmanian Integration

31



Ongoing – Grassmanian Integration



Interactive Patient Stratification

Ding et al, BMC Bioinformatics, 2014



Cancer Precision Medicine Clinic at Indiana University 

Randovich et al; Oncotarget 2016

Multiple Outliers
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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
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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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