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The Opportunity 
From sequence ...                                                                                      ...to consequence 

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 
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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  

Encyclopedia of DNA 
Elements (ENCODE) 



Genetic Architecture 
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Types of genetic variants and their effect 
 

-  “Functional” genetic variants (eQTL, mQTL, SIFT, VAAST…) 
 
-  Higher order relationship among genetic variants (biological 
complexes/pathways/modules) 

 
 



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

• 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 Høj-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: Qianqian 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 
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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 in 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 in silico data from SFA3 
 
1.2.2. A map 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 in silico data from SFA3 
 
1.2.5. Relative contribution of common vs. rare variants to the total genetic variance 
in selected complex trait in cattle or pigs 



Deliverables 1.3 
From sequence ...                                                                                      ...to consequence 

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  
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Open the Black Box  
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Production traits 



Overlapping Gene Sets 
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Overlapping Gene Sets 
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Network-enabled gene expression analysis 
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Network-enabled gene expression analysis 
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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) 
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› 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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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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Gene A Gene B Gene C Gene G Gene H Gene I 

Gene C 

Gene B 

Gene G 

Gene I 

Gene K 

Gene G Gene H 

Gene A 

Layer 1: Mutations 
predicted to be functional 
(or deleteriouness) using 
bioinformatic techniques 

Layer 2: a) multiple 
mutations in same 
gene or b) mutations 
in different members 
of a biological 
pathway associated to 
similar phenotypes 

Layer 3: Alternative splicing, 
methylation patterns or 
expression levels of c) single 
genes or d) genes in the same 
biological pathway associated to 
similar phenotypes  

Metabolite X 

Other potential layers: 
Levels of metabolites or 
proteins associated to 
similar phenotypes Protein A Protein K 

Metabolite Y 



Genetic Architecture of Complex Traits 
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Emerging patterns from 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)  

 
 



Genetic Architecture  
of Growth Traits in Mice 

 
 

Alireza Ehsani, Luc Janns, Per Madsen 
QGG 

 
Daniel Pomp  

UNC-Chapel Hill, USA 
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Mouse Model 
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F2 design: 1200 mice  
 
M16 : long-term selection for 3-6 
week weight gain 
 
ICR: randomly selected control line 
 
 

 

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

M16  x  ICR 

X 

X 

Allan et al. 2005 



The Challenge 
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  “White box”  ”Grey Box” “Black Box” 

 
   
True Nature Few genes         All genes 
 
DNA  Mendelian Disease   Complex Disease/Trait 
 
RNA 
Proteins     
Metabolites 
…… 
 
# Measurements “Few”   “Many”  “Massive” 
 
Modeling   T-test/ANOVA  “Statistical Machine Learning” 
 

Level of Understanding 

Le
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gy
 



Mouse Model (M16-ICR) 
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Body Weight  +75% 
Body Fat   +125% 
 
Feed Intake  +50% 
Feed Efficiency  +130% 
 
Glucose   +50% 
Cholesterol  +40% 
Insulin   +150%  

M16 is larger, heavier, fatter, hyper phagic, and diabetic 



Experimental Data 
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Complex trait phenotypes: 
Weights (4-8 week)  
Feed intakes 
Body composition 
Hormones  
 
Allan et al. 2005 

X 

X 

Genotypes: 
1800 tag SNPs 
 
Genome-wide expression: 
4 tissues (liver, muscle, adipose, 
hypothalamus) collected at week 8 
~ 400 mice 
~ 24000 probes 



Complex Traits 
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Body Weight 
 
 
 
Body Fat measured using a 
dual-energy X-ray absorption 
densitometer. 
 
 
 
Blood glucose was measured 
using the SureStep Blood 
Glucose Monitoring System 
 
Allan et al. 2005 
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”All in One” Experimental Data 
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Study 

 
Required measurements 

 
Objective 

  DNA RNA Complex Trait   

GWAS + - + Associate genetic variants and complex trait 

GWES - + + Associate expression traits and complex trait 

GGS + + - Associate genetic variants and expression traits 

IGS + + + All above 



Statistical Models 
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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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GWAS:  DNA   -   Complex Trait 
GWES:      RNA - Complex Trait 



Genetical Genomics 
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GG:   DNA - RNA   



Integrative Genomic 
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GWAS:  DNA   -   Complex Trait 
GWES:      RNA - Complex Trait 
GG:   DNA - RNA   



Statistical Machine Learning Techniques 
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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 
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Phenotype  =  Genotype  +  Environment 
 
   y      =    g    +    e 
 
 where g = genetic value ~ N( 0, G*σ2

G ) or N( 0, A*σ2
A )  

 
• 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 = 

Darker color more related  



Genomic relationship matrix 
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G = 
A 



How it works 
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Does correlation structure associate with 
variation in complex trait phenotypes? 

Genomic relationship matrix                                      Phenotypes 



Heritability 
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G  +   A 

A 

G 



Omic Partitioning  
of Complex Traits 

 
- a way of integrating multiple layers of experimental and 

bioinformatic data 
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Genome Partitioning 
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Decompose phenotypic variance into genetics and environment 
 
 

VP = VG + VE 
 
 

(Phenotype = Genotype and Environment) 
 
 
 



Genome Partitioning 
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Decompose genome variance into subcomponents 
 

VG = VG1 + VG2 + ....+ VGn 

 
by grouping SNPs according to: 
 
• Chromosomes 
• Pathways 
• Transcriptional Active Genomic Regions (TAGRs) 
• Text-mining 
• Protein-Protein interactions 
• many other possibilities 



Genome Partitioning 
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Models: 

 
Y = g + e,    g ~ N(0,G*σ2)   

Y = g1 + g2 + e,    gi ~ N(0,Gi*σ2i) 
 
 

Observed variance explained: Vg1/(Vg1 + Vg2) 

 
Expected variance explained: ni/ntotal  (infinitesimal model) 
 
Likelihood ratio test 
 



Genome Partitioning based on GWAS 
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Genome Partitioning based on GWAS 
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Genome partitioning chromosomal segment 
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qq   Qq   QQ MMU9 

Local Genomic Value  



Transcriptome Partitioning 
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Decompose phenotypic variance into genome, transcriptome and 
environment 

 

VP = VG + VT + VE 
 
 
 



Transcriptome Partitioning 
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Decompose transcriptome variance into subcomponents 
 

VT = VT1 + VT2 + ....+ VTn 

 
by grouping probes/tags according to: 
 
• Chromosomes 
• Pathways 
• Transcriptional Active Genomic Regions (TAGRs) 
• Text-mining 
• Protein-Protein interactions 
• many other possibilities 



Transcriptome Partitioning 
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Models: 

 
Y = g + t + e,    t ~ N(0,T*σ2)   

Y = g + t1 + t2 + e,    ti ~ N(0,Ti*σ2i) 
 
 

Observed variance explained: Vt1/(Vt1 + Vt2) 

 
Expected variance explained: ni/ntotal  (infinitesimal model) 
 
Likelihood ratio test 
 



Global RNA correlation structure 
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T = 
Computed from genome 
wide expression profiles of 
all probes 



DE RNA correlation structure 
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TDE = 

Computed from genome 
wide expression profiles of 
differentially expressed 
probes 



GWES and Transcriptomic Variance 
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Large Effect of Transcriptome 
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Test one tissue at the time 



Trait Specific Transcriptome Effects  
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Module RNA correlation structure 
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TM = 

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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Glucose Body Weight Body Fat

Genome Model
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QTL located on MMU9 
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        DNA 
 
 

Liver RNA 
 
 

Body Weight 

X 



QTL located on MMU11 
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         DNA 
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Genomic variance and eQTL 
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Genomic Variance and pathway eQTL 
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Genomic Variance and module eQTL 
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Current and future work 
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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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