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Part I: WHY?
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Why Integrate Omics Data?

Biology is complex, heterogenous and structured!
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Biology is complex, heterogenous and structured!

Graphs

summarize the relationship between a set of random variables1

1for a review, see Michael Jordan Graphical Models. Statistical Science
(2004)
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Why Integrate Omics Data?

Comprehensive view of biology requires looking at multiple types of omics
data (TCGA, ENCODE, etc)
� integrative analysis of multiple structured omics data
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Why Integrate Omics Data?

Possible reasons:

1 To confirm or narrow down omics signals
2 To complement or boost omics signals
3 To glean systems perspective

5



Why Integrate Omics Data?

Possible reasons:
1 To confirm or narrow down omics signals

2 To complement or boost omics signals
3 To glean systems perspective

5



Why Integrate Omics Data?

Possible reasons:
1 To confirm or narrow down omics signals
2 To complement or boost omics signals

3 To glean systems perspective

5



Why Integrate Omics Data?

Possible reasons:
1 To confirm or narrow down omics signals
2 To complement or boost omics signals
3 To glean systems perspective

5



Omics data integration can lead to new discoveries...
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Part II: HOW?
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More on Omics Data Integration

Broadly, two existing integration approaches:

Horizontal integration (same variables, different studies/subjects)
Vertical integration (different platforms/variables, same subjects)
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Existing Approaches: Meta Analysis

Horizontal integration

Used extensively in GWAS (especially in consortiums)
Used to boost the signal (larger sample size)
Used to confirm previous findings (reproducibility)

9



Existing Approaches: Meta Analysis

Horizontal integration

Used extensively in GWAS (especially in consortiums)
Used to boost the signal (larger sample size)
Used to confirm previous findings (reproducibility)

9



Existing Approaches: Meta Analysis

Horizontal integration

Used extensively in GWAS (especially in consortiums)

Used to boost the signal (larger sample size)
Used to confirm previous findings (reproducibility)

9



Existing Approaches: Meta Analysis

Horizontal integration

Used extensively in GWAS (especially in consortiums)
Used to boost the signal (larger sample size)

Used to confirm previous findings (reproducibility)

9



Existing Approaches: Meta Analysis

Horizontal integration

Used extensively in GWAS (especially in consortiums)
Used to boost the signal (larger sample size)
Used to confirm previous findings (reproducibility)

9



Existing Approaches: Meta Analysis

Evangelou & Ioannidis (2012) Nat. Rev. Gen.
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Existing Approaches: Direct Integration

Vertical integration

The simplest approach: concatenate the variables!!
Can result in way-too-many variables
Can discern conditional associations with phenotype y
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Existing Approaches: Kernel-Based Methods

Vertical integration using kernel regression
Kernel Regression

Penalized regression in terms of a kernel K

d̂ = argmin
d"Rn

Ωy �K dΩ2
2 +lΩdΩK

2

Ideal for predicting y in the dual space
Also used to test for association between y and X (SKAT)
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Existing Approaches: Kernel-Based Methods
Can define different kernels (or feature maps) for different omics data types

Pavlidis et al (2001, 2002)
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Existing Approaches: Kernel-Based Methods

Early integration
Intermediate integration
Late integration
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Existing Approaches: Kernel-Based Methods

Early integration

Intermediate integration
Late integration

X1	(nxp1)	 X2	(nxp2)	

Sa
m
pl
es
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,…
,n
	

X	(nx(p1+p2))	 K	(nxn)	

Knxn	 ∂	 e	y	 =	 +	
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Existing Approaches: Kernel-Based Methods

Early integration
Intermediate integration

Late integration
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Kernel-Penalized Regression1

How can we incorporate network information?
How can we evaluate association of individual omics measures and the
response (biomarker discovery)?

1Randolph et al (2018)
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Kernel-Penalized Regression

Use the duality between the feature space (Rp) and the observation
space (Rn) – formally, the duality diagram (Escoufier (1977), ...)
Can incorporate additional structure, e.g., network information
Can also incorporate multiple data omics data
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Example: Integrating Metabolomics Data

Integrating targeted (X1) and unbiased (X2) metabolomics profiling data for
the same subjects

LOO CV-prediction error for the
original data

MSE for estimation of regression
coefficients, based on our bò
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Another Example: Analysis of Microbiome Data

Simulation setup
Simulate the outcome based on real microbiome data:

Z we use the data from Yatsunenko et al (2012) consisting of p = 495 taxa for
n = 100 subjects with y = log(age)

Z the original study showed that a 2D-MDS based on the phylogenetic tree
captures the pattern in response (left)

Z we generate yò similarly in a phylogenetically-informed PCR (right)
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Another Example: Analysis of Microbiome Data
Simulation results
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Existing Approaches: Unsupervised Learning Methods

Vertical integration

Integrative clustering

See Ronglai et al (2009, 2013); SungHwan et al (2015)
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Existing Approaches: Unsupervised Learning Methods

Vertical integration

Integrative dimension reduction
Z Canonical Correlation Analysis (CCA), which looks for correlated omics

measures — see, e.g. Witten et al (2009)
Z Integrative Matrix Factorization (PCA, etc) — see Lock et al (2013);

Argelaguet et al (2018)
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Part III: Extensions

22



Starting Point
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Prostate Cancer...

Prostate cancer (PCa) is the most common cancer in men
About 221K new cases per year in the US
About 28K deaths per year in the US – second leading cause of deaths in
cancers (behind lung cancer)
5-year survival rate for localized PCa is nearly 100%
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Prostate Cancer...(ctd.)

PCa is driven by multiple factors & many genes implicated (androgen
receptor, the TMPRSS2-ETS gene family fusion, BRCA1 and BRCA2)
The prostate glands require androgen to work properly
Androgen hormonal therapy is widely used in older patients (over 75
years) rather than radical prostatectomy or radiation therapy
Castrate Resistant PCa (CRPC) does not respond to hormone
(androgen) treatments or gets worse with hormone therapy
poor survival prognostics for CRPC patients: mean survival time & 2 yrs
Precise molecular alterations driving CRPC not well-understood
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Data from Sreekumar et al (2009)

Transcriptomic and metabolomic data for 12 PCa and 16 benign adjacent
tissue samples
Mostly matched samples, but few unmatched!
Given the small sample size, need to

Z preserve all samples
Z reduce dimension
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Omics Data Integration: Beyond Vertical and Horizontal

What if we have data on different platforms, but the samples don’t match?
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More on Omics Data Integration

Solution: Use pathways as the common dimension!
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Rank-Based Integration

Metabolomics and Transcriptomics data from non-matching samples
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Rank-Based Integration
Metabolomics and Transcriptomics data from non-matching samples

Benign	 PCa	Benign	 PCa	
Metabolomics	Transcriptomics	

KEGG	
Pathway	Info	

Pathway	Ranks	

GSEA	 NetGSA	

Rank-Based	Integra=on	
(Subsampling)	

Network	Enrichment	
(Network	Permuta=on)	
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Step 1: Rank-Based Integration

Rankings vs Integrative Score
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Step 2: Network Enrichment Analysis

Network permutation test to identify key pathways with active neighbors
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Putting Things Together
Rank-based integrative pathway scores vs. network enrichment p-values
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Clinical Relevance of HBP
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Expressions of HBP Genes in PCa
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GNPNAT1 Expression in PCa
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Therapeutic Potential

HBP components elevated in localized PCa, but down-regulated in
castrate resistant PCa (CRPC)
Genetic loss of function experiments for GNPNAT1 in CRPC-like cells led
to increased proliferation and aggressiveness, in vitro and in vivo
Addition of HBP metabolite UDP-N-acetylglucosamine to CRPC-like cells
reduced the expression of cell cycle genes and attenuated tumor cell
proliferation, both in vitro and in vivo; also demonstrated additive efficacy
when combined with enzalutamide in vitro
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Other Related Projects

FDR control for omics data integration (multivariate test statistics)2

Integrative multi-layer network analysis3

1Alishahi, Ehyaei & S., A generalized Benjamini-Hochberg procedure for multivariate hypothesis testing
2Zhang et al (2018)
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What’s Next?

Network-based integration of omics data over multiple subpopulations
(horizontal and vertical!)
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