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The Opportunity
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Whole-genome sequences and multiple novel trait phenotypes from

large numbers of individuals from multiple populations in multiple
environments will be available

Enable us to better understand genetic architecture of complex traits

- disentangle genetic variation
- disentangle genetic correlation

Two important parameters for prediction of trait phenotypes
and consequences of selection decisions in breeding programs



Genetic Architecture

Types of genetic variants and their effect

Common/Rare/Private genetic variants

Structural variants (indels, CNV)

Additive, dominance, pleiotropic gene actions

Gene by gene interactions (effect depends on genetic background)

Gene by environment interactions (effect depends on the environment)



More Opportunities
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» Molecular phenotypes (e.g. transcriptome, proteome or
metabonome) associated to the traits/diseases of interest

» Molecular-interaction maps will provide insight into the structural and
functional organization of their genomes



Genetic Architecture

Types of genetic variants and their effect
- “Functional” genetic variants (eQTL, mQTL, SIFT, VAAST..)

- Higher order relationship among genetic variants (biological
complexes/pathways/modules)
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Challenges

How do we translate the massive collection of data at different
levels of biology into useful biological knowledge and better
understanding of the underlying genetic architecture of
complex traits?

Will a better understanding of genetic architecture improve
predictive models of complex traits and diseases?



Programme

 Charting the genotype-phenotype map: Lessons from Drosophila
Professor Trudy Mackay, Dept. of Genetics, North Carolina State
University, USA

e Genome-wide association studies - lessons learned and future
directions Senior Researcher Goutam Sahana, QGG, AU

 GxE and epigenetics in plants Senior Researcher Torben Asp, Dept. of
Molecular Biology & Genetics, AU

 Connecting biological pathways and the genomics of complex traits
PhD Student Stefan McKinnon Hgj-Edwards, QGG, AU



Aims
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Aim 1: Develop statistical and bioinformatic modeling strategies and
methodologies to a) partition additive genomic (co)variances for
complex traits and b) prioritize genetic variants based on their relative
contribution to genomic (co)variances.

Aim 2: Develop genomic models for quantifying the contribution of
different types of genetic variants (e.g. single nucleotide polymorphisms,
insertions, deletions and copy number variations) and their frequencies
(e.g. common/rare/private) to the total genetic variation.

Aim 3: Extend the modeling strategies to partitioning of non-additive
genomic (co)variances for complex traits.



PhD Students & Post Docs
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- PhD: Fabio Morgante (NCSU, Prof. Trudy Mackay)
- PhD: Qiangian Z. (EGS-ABG, GSST, Goutam Sahana, WUR)
- PhD: Palle Jensen (GSST, Prof. Trudy Mackay)

- PhD: Importance of structural genetic variation

- Post Doc: Genomic feature modeling
- Post Doc: GxE in plants (Torben Asp)



Deliverables 1.1

From sequence ... ...to consequence

1.1 Genomic feature models for partitioning of additive genomic (co)variances

1.1.1. Strategy and methodology for partitioning genomic (co)variances associated
with complex traits validated using data from the Drosophila Reference Genome
project and/or /n silico data from SFA3

1.1.2. Partitioning of genomic (co)variances for a selected trait in cattle or pig and in
collaboration with SFA2 test if this prior information improves accuracy of genomic
predictions

1.1.3. Ranking of genetic variants associated with a selected trait in cattle or pig and
in collaboration with SFA2 test if this prior information improves accuracy of genomic
predictions



Deliverables 1.2
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1.2 Genomic models for different types of genetic variants

1.2.1. Strategy and methodology for mapping structural variants in livestock
populations validated using /n sifico data from SFA3

1.2.2. Amap of SV (insertions, deletions, CNVs) and a map of “micro-scale” linkage
disequilibrium present in cattle

1.2.3. Global and individual effects of SV on complex traits quantified in cattle
1.2.4. Strategy and methodology for mapping rare single nucleotide polymorphisms
In populations with complex familial relationship common in livestock validated

using /n sifico data from SFA3

1.2.5. Relative contribution of common vs. rare variants to the total genetic variance
INn selected complex trait in cattle or pigs



Deliverables 1.3
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1.3 Genomic feature models for partitioning of non-additive genomic (co)variances

1.3.1. Strategy and methodology for partitioning of non-additive genomic
(co)variances associated with complex traits validated using data from model
species (Drosophila orArabidopsis) and/or in silico data from SFA3

1.3.2. Partitioning of gene-by-gene genomic (co)variances for a selected trait in pigs
and in collaboration with SFA2 test if this prior information improves accuracy of
genomic predictions

1.3.3. Partitioning of gene-by-environment genomic (co)variances for a selected trait
in ryegrass and in collaboration with SFA2 test if this prior information improves
accuracy of genomic predictions



Open the Black Box

Figure 51. The “Black box” modeling approach works on

Bla?k box Genomic feature the individual SNP level and treats all SNPs equally. The
genomic models models “Genomic feature” modeling approach accounts for the
correlations among SNPs by grouping them according to

A) location in transcriptionally active genomic regions, B

A B C D E ) p y g g )

sequence-based prediction of deleteriousness, C)
location in genomic regions found to be associated to the
complex trait in previous GWAS studies, D) location in
Pathway 1 coding (exons, introns), non-coding or regulatory (e.g.
promoters, transcription factor binding sites) regions, or
E) location in genes part of biological complexes (PPI),
pathways (KEGG) or modules (co-expression). Genomic
parameters (G) such as variances, correlations and
Pathway 2 heritabilities are estimated for each layer of information
using genomic models.
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Open the Black Box

Production traits

SNP effect for production traits
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Overlapping Gene Sets

Skarman et al. BMC Bioinformatics 2012, 13:73
http://www.biomedcentral.com/1471-2105/13/73

BMC
Bioinformatics

METHODOLOGY ARTICLE Open Access

A Bayesian variable selection procedure to rank
overlapping gene sets

Axel Skarman', Mohammad Shariati', Luc Jans', Li Jiang' and Peter Serensen'”

Abstract

Background: Genome-wide expression profiling using microarrays or sequence-based technologies allows us to
identify genes and genetic pathways whose expression patterns influence complex traits. Different methods to
prioritize gene sets, such as the genes in a given molecular pathway, have been described. In many cases, these
methods test one gene set at a time, and therefore do not consider overlaps among the pathways. Here, we
present a Bayesian variable selection method to prioritize gene sets that overcomes this limitation by considering all
gene sets simultaneously. We applied Bayesian variable selection to differential expression to prioritize the molecular
and genetic pathways involved in the responses to Escherichia coli infection in Danish Holstein cows.

Results: We used a Bayesian variable selection method to prioritize Kyoto Encyclopedia of Genes and Genomes
pathways. We used our data to study how the variable selection method was affected by overlaps among the
pathways. In addition, we compared our approach to another that ignores the overlaps, and studied the differences
in the prioritization. The variable selection method was robust to a change in prior probability and stable given a
limited number of observations.

Conclusions: Bayesian variable selection is a useful way to prioritize gene sets while considering their overlaps.
Ignoring the overlaps gives different and possibly misleading results. Additional procedures may be needed in cases
of highly overlapping pathways that are hard to prioritize.

Keywords: Bayesian variable selection, Gene set, Overlap




Overlapping Gene Sets
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Figure 1 Dendrogram of the relative overlaps among all KEGG pathways calculated as the number of overlapping genes divided by
the smaller of the two sets. The black bars to the left show the pathways with a posterior probability larger than 0.99. The names of the KEGG
pathways are not shown.



Network-enabled gene expression analysis
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Edwards et al. BMC Bioinformatics 2012, 13:167

httpy/ /www .biomedecentral.com/1471-2105/13/167
BMC

Bioinformatics

Network-enabled gene expression analysis

David Edwards , Lei Wang and Peter Sgrensen

Abstract

Background: Although genome-scale expression experiments are performed routinely in biomedical research,
methods of analysis remain simplistic and their interpretation challenging. The conventional approach is to compare
the expression of each gene, one at a time, between treatment groups. This implicitly treats the gene expression
levels as independent, but they are in fact highly interdependent, and exploiting this enables substantial power gains
10 be realized.

Results: We assume that information on the dependence structure between the expression levels of a set of genes is
available in the form of a Bayesian network (directed acyclic graph), derived from external resources. We show how to
analyze gene expression data conditional on this network. Genes whose expression is directly affected by treatment
may be identified using tests for the independence of each gene and treatment, conditional on the parents of the
gene in the network. We apply this approach to two datasets: one from a hepatotoxicity study in rats using a PPAR
pathway, and the other from a study of the effects of smoking on the epithelial transcriptome, using a global
transcription factor network.

Conclusions: The proposed methed is straightforward, simple to implement, gives rise 1o substantial power gains,
and may assist in relating the experimental results to the underlying biology.




Network-enabled gene expression analysis
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Subnetwork of TF/TG network: all genes are strongly Adjusted p-values from the marginal tests
differentially expressed (fdr<2.5%) between smokers Figure 3 Comparison of marginal and conditional adjusted
and non-smokers p-values. A scatterplot of multiplicity-adjusted p-values obtained

using the conditional and tests for the global transcription network.

Exploiting external networks in gene expression analysis is
straightforward, gives substantial power gains, and may assist in
relating analysis results to the underlying biology.



Modeling and Visualizing LD (D. Edwards)

> Linkage disequilibrium = non-zero allelic association between loci.

> Graphical models for high-dimensional discrete distributions, at genotype or
haplotype level.

- LD vary along the chromosome.

- LD patterns consist of long intervals with
simple serial structure interrupted by
regions with complex structure.

- Low haplotype diversity in the regions with
serial LD and high diversity in the regions
with complex LD patterns.




Predicting disease genes for livestock diseases
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Physiol Genomics 44: 305-317, 2012,
First published January 10, 2012; doi:10.1152/physiolgenomics. 00047201 1.

Gene prioritization for livestock diseases by data integration

Li Jiang,' Peter Sorensen,! Bo Thomsen,' Stefan M. Edwards,' Axel Skarman,! Christine M. Rontved,?
Mogens S. Lund,! and Christopher T. Workman?

Departments of 'Molecular Biology and Genetics and *Animal Science, Aarhus University, Tjele: and *Center for Biological
Sequence Analysis, Department of Systems Biology, Technical University of Denmark, Lynghby, Denmark

Submitted 17 March 2011; accepted in final form 10 January 2012

Jiang L, Serensen P, Thomsen B, Edwards SM, Skarman A,
Rentved CM, Lund MS, Workman CT. Gene prioritization for livestock
diseases by data integration. Physiol Genomics 44: 305-317, 2012. First
published January 10, 2012; doi:10.1152/physiolgenomics 00047.2011.—
Identifying causal genes that underlie complex traits such as suscep-
tibility to disease is a primary aim of genetic and biomedical studies.
Genetic mapping of quantitative trait loci ((QTL) and gene expression
profiling based on high-throughput technologies are common first
approaches toward identifying associations between genes and traits;
however, it is often difficult to assess whether the biological function
of a putative candidate gene is consistent with a particular phenotype.
Here, we have implemented a network-based disease gene prioritiza-

resistance to pathogens but will also allow us to select animals
that are less prone to become infected.

Mastitis is an inflammatory reaction in the bovine mammary
gland caused due to invasion and colonization by diverse
pathogens including contagious and environmental bacteria
such as Streptococcus spp., Staphvlococcus spp., and coliform
bacteria (3). Initiation and resolution of inflammation are
controlled by a complex network of biological substances that
belong to the homeostatic armamentarium of the host (6).
Mastitis 1s the most common infectious disease in dairy cattle
worldwide, resulting in reduced animal welfare and enormous

Predictive models for biological side effects: Develop
algorithms for integrating multiple layers of evidence/data
from GWAS, GWES, (and other related technologies) in
many populations in order to build better predictive models
of biological side effects of selective breeding




Predicting biological side effects of selection
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Layer 1: Mutations
predicted to be functional
(or deleteriouness) using
bioinformatic techniques
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Genetic Architecture of Complex Traits
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Emerging patterns fromm GWAS on human height

1. Many genetic variants with small or moderate effects (infinitesimal model
or other types of genetic variation)

2. Multiple independently associated variants located in the same genes
(allelic heterogeniety)

3. Variants are enriched for genes that are connected in biological
pathways (e.g. model functional relationship among genes)

4. Variants are enriched for likely functional effects (e.g. amino-acid structure
of proteins or expression levels of nearby genes)

but many other things yet to be discovered (because still some
“missing” heritability and correlation)
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Genetic Architecture
of Growth Traits in Mice

Alireza Ehsani, Luc Janns, Per Madsen
QGG

Daniel Pomp
UNC-Chapel Hill, USA



Mouse Model

Developed for understanding the genetic architecture of traits
such as growth, body composition, and energy balance

F2 design: 1200 mice M16 x ICR
M16 : long-term selection for 3-6 D. X []'
week weight gain '

X

e [Js
Ln0lonodinn

Allan et al. 2005

ICR: randomly selected control line



The Challenge

Level of Understanding

“White box” "Grey Box” “Black Box”
True Nature Few genes All genes
N
8‘ DNA Mendelian Disease Complex Disease/Trait
[
o) RNA
Fe) Proteins
o Metabolites
>
>
-l
# Measurements  “Few’ “‘Many” “Massive”

Modeling T-test/ANOVA “Statistical Machine Learning”



Mouse Model (M16-ICR)
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M16 is larger, heavier, fatter, hyper phagic, and diabetic

W EYINETIEY Body Weight +75%
Ge ' ome Body Fat +125%
Feed Intake +50%
Feed Efficiency +130%
Glucose +50%
Cholesterol +40%

Insulin +150%




Experimental Data
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Complex trait phenotypes:
Weights (4-8 week)

Feed intakes

Body composition
Hormones

Allan et al. 2005

g Genotypes:
e e
;"+i||llﬂ|m1%|]lﬁflfﬁ AT T3 o -I 800 tog SNPS
F%i Genome-wide expression:

4 tissues (liver, muscle, adipose,
hypothalamus) collected at week 8
% ~ 400 mice

ESTRETE DR ~ 24000 probes

o
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Complex Traits

Body Weight
s Body Weight
:jl ,—lil T T T T 1
Body fat Body Fat measured using a
2 ° dual-energy X-ray absorption
" g densitometer.
° ,7 T T I*'—!—‘—'I 1
Glucose
X Blood glucose was measured
" e using the SureStep Blood
od —>I ] 1

i . — ' Glucose Monitoring System

100 150 200 250 300

mg/dL

Allan et al. 2005



"All in One” Experimental Data
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DNA  RNA

+

Complex Trait

- +
+ +
+ i,
+ +

Associate genetic variants and complex trait
Associate expression traits and complex trait
Associate genetic variants and expression traits

All above



Statistical Models

GWAS: Complex Trait = DNA + family + sex + batch + residual

GWES: Complex Trait = RNA + family + sex + batch + residual

GGS: RNA = DNA + family + sex + batch + residual

IGS: Complex Trait = DNA + RNA + family + sex + batch + residual

Number of analysis = 3*1800 + 4*3*24000 + 4*24000*1800 = 173 093 400



GWAS & GWES
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Genetical Genomics
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Integrative Genomic
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Statistical Machine Learning Techniques

Number of parameters (p) >> number of observations (N)

~ 400 phenotypic observations for each trait
~ 1800 SNPs
~ 92000 probes (4 tissues)

Astronomical number of possible models (2P)

Bayesian Mixture Models
- mixture of normals
- variable/model selection procedure
- learn from data to select plausible models

Random Regression Models

- shrinkage estimation procedures
- "one model” where effects of SNP/probe shrunk to a common mean
- REML



Quantitative Genetic Studies

Phenotype Genotype + Environment

Y g + e

where g = genetic value ~ N( 0, G*025 ) or N( 0, A*0?, )
» Genomic relationship matrix based on genotype information (XX’)
» Additive genetic relationship based on pedigree information

* Parameters estimated using statistical machine learning techniques
(REML or Bayesian methods)



Additive genetic relationship
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< Fullsib family
<
Halfsib family

A =

LI

Darker color more related



Genomic relationship matrix
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How it works

Does correlation structure associate with
variation in complex trait phenotypes?
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Heritability
_ From sequence... ...1lo consequence

B Hg (G +A)
E Ha (G +A)
O Ha (A)
To) O
s Hg (G)
@ =T
g o 7
©
<
=
o
S o
° o
c
[44]
o
o
)
s o
-_E o
o
o
e
o
g _
o
s

Glucose Body Weight Body Fat



»  From sequence... ...to consequence

Omic Partitioning
of Complex Traits

- a way of integrating multiple layers of experimental and
bioinformatic data



Genome Partitioning

Decompose phenotypic variance into genetics and environment

VP=VG+VE

(Phenotype = Genotype and Environment)



Genome Partitioning

Decompose genome variance into subcomponents

VG = VG'I + VG2 + ...+ VGn

by grouping SNPs according to:

e Chromosomes

e Pathways

* Transcriptional Active Genomic Regions (TAGRs)
e Text-mining

 Protein-Protein interactions

e many other possibilities



Genome Partitioning

Models:

Y=g+e, g~ N(0.G*02)
Y=g1+Qg2+e, gi ~ N(0,Gi*02i)

Observed variance explained: Vqi/(Vg: + Vq2)

Expected variance explained: n/nwa  (infinitesimal model)

Likelihood ratio test



Genome Partitioning based on GWAS

B Expected QTL region
O QTL region
O not QTL region

0.8

Proportion of Genomic Variance
0.6

<
o _|
N
o _|

Glucose
o 90
o _|

Glucose Body Weight Body Fat



Genome Partitioning based on GWAS
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SNP ranked according to marginal effects on trait SNP ranked at random
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Genome partitioning chromosomal segment
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Transcriptome Partitioning

Decompose phenotypic variance into genome, transcriptome and
environment

VP=VG+VT+VE



Transcriptome Partitioning

Decompose transcriptome variance into subcomponents

VT = VT'I + VT2 + ...+ VTn

by grouping probes/tags according to:

e Chromosomes

e Pathways

* Transcriptional Active Genomic Regions (TAGRs)
e Text-mining

 Protein-Protein interactions

e many other possibilities



Transcriptome Partitioning

Models:

Y=g+t+e t ~N(0T*02)
Y=g+t +t2+e, ti ~ N(O,Ti*O'zi)

Observed variance explained: Vu/(Vt + Vi)

Expected variance explained: n/nwa  (infinitesimal model)

Likelihood ratio test



Global RNA correlation structure

Computed from genome
wide expression profiles of
all probes




DE RNA correlation structure
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Computed from genome
wide expression profiles of
differentially expressed
probes

DE

Glucose

19



GWES and Transcriptomic Variance

B Differentially Expressed Transcriptome
O Whole Transcriptome
— | B Genome
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Large Effect of Transcriptome
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Trait Specific Transcriptome Effects
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Module RNA correlation structure
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Computed from genome
wide expression profiles of
differentially expressed
probes clustered into co-
expression modules




GWES and Module Transcriptome Variance
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Transcriptome Reduces Signal from Genome
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QTL located on MMU9

»  From sequence... ...lo consequence
SNP model SNP model
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QTL located on MMU11
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SNP model SNP model
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Genomic variance and eQTL

SNP ranked according to eQTL SNP ranked according to trait relevant eQTL (p<10-5)
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Genomic Variance and pathway eQTL

SNP sorted according to trait relevant pathway eQTL
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Genomic Variance and module eQTL

SNP sorted according to trait relevant module eQTL
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Current and future work

Modeling approach build for massive amounts of data at different
levels of biology.

» Prediction model

- Sequence data

- Variant prioritization (SIFT/ANNOVAR/VAAST)
 Other traits/multiple traits

- Other species (pigs, mice, humans)
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