
Gene	expression	and	its	regulation
(part	2)

Eduard Akhunov, KSU, Plant PathologyWheat CAP workshop, July 2018



Encyclopedia of DNA elements (ENCODE)

https://www.encodeproject.org/



DNA	methylation	affects	gene	expression

https://doi.org/10.3892/or.2013.2913



DNA	methylation	in	wheat

Gardiner, L.-J. et al. Genome Biol. 16: 273.



Modulating	DNA	methylation

Springer and Schmitz, Nat. Rev. Genet. 2017, 18, 563



Mapping	SNPs	controlling	gene	expression	(eQTL)

Nature Review Genetics, 2015, 16, 197
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eQTL experiment

1. Genotyped diversity panel or mapping population (RILs)

2. Gene expression for each line in the panel

3. Data analysis

• Each gene is treated as a trait (~10,000 traits)
• Map eQTL controlling expression of each gene
• Compare location of eQTL relative to location of a gene
• Decide which eQTL is cis-/trans-



1708–1713  PNAS  January 30, 2007  vol. 104  no. 5



1708–1713  PNAS  January 30, 2007  vol. 104  no. 5

What does it tell us?



Resistance to stem rust in barley is 
controlled by trans-eQTL

Moscou et al., PLOS Gen. 2011



Types	of	regulatory	interactions	in	gene	expression
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SNP	variation	in	genes	and	promoter	
regions	in	wheat	using	capture	assays	(design)

Extract genes + 2000 bp upstream Enriched for annotated genes

Self alignment to collapse redundancy

Dustmasker to mask low complexity and remove short sequences < 120 bp

671 Mb 168 Mb 382 Mb 561 Mb

Alignment against TREP/Chloroplast/Mitochondria to remove hits

4 Reference sequences processed individually

607 Mb

147 Mb

328 Mb

490 Mb

Alignment to identify reference overlap:   
Emmer v TGAC  Ae. tauschii v TGAC Emmer v Ae .tauschii IWGSC v all

Combine TGAC, Emmer, Ae. tauschii and IWGSC

Emmer/Ae. tauschii unique v TGAC: 128 Mb

Non-redundant sections taken to next step directly

Redundant sequence sections processed:
BLASTclust used to cluster sequences
Longest representative single sequence taken to next step

IWGSC unique v TGAC/Emmer/Ae. tauschii: 52 Mb

Design space: ~786 Mb 277 Mb promoter/509 Mb genic

114,247 genes 110,788 genes

Remove N’s and low complexity (marked lower case)

Final design space: ~729 Mb 249 Mb promoter/480 Mb genic

Legend

TGAC gene set: X
IWGSC gene set: X
Emmer gene set: X
Ae. tauschii gene set: X

Alignment similarity required:
ID 95% 
Length >= 100bp 
E-Value <= 1e-5



250 Mb capture includes 2 kb 
upstream of each gene model + 
miRNA

+1
2 kb

480 Mb gene space

SNP	variation	in	genes	and	promoter	
regions	in	wheat	using	capture	assays	(design)

Gardiner et al., 2018, BioRxiv



Target	coverage	using	gene	capture	assay

Gardiner et al., 2018, BioRxiv
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Meta-dimensional analysis
An approach whereby all 
scales of data are combined 
simultaneously to produce 
complex models defined  
as multiple variables from 
multiple scales of data.

Multi-staged analysis
A stepwise or hierarchical 
analysis method that reduces 
the search space through 
different stages of analysis.

Systems genomics
An analysis approach that 
models the complex inter- and 
intra-individual variations  
of traits and diseases using 
data from next-generation 
omic data.

Data integration
The incorporation of 
multi-omic information in  
a meaningful way to provide a 
more comprehensive analysis 
of a biological point of interest.

In this Review, we describe the principles of meta-
dimensional analysis and multi-staged analysis, and 
provide an overview of some of the approaches that 
are used to predict a given quantitative or categorical 
outcome, the tools available to implement these analy-
ses, and the various strengths and weaknesses of these 
strategies. In addition, we describe the analytical chal-
lenges that emerge with data sets of this magnitude, and 
provide our perspective on how such systems genomic 
analyses might develop in the future.

Why integrate data?
Data integration can have numerous meanings; however, 
in this Review, we use it to mean the process by which 
different types of omic data are combined as predictor 
variables to allow more thorough and comprehensive 
modelling of complex traits or phenotypes — which are 
likely to be the result of an elaborate interplay among 
biological variation at various levels of regulation — 
through the identification of more informative models. 
Data integration methods are now emerging that aim 
to bridge the gap between our ability to generate vast 
amounts of data and our understanding of biology, thus 

reflecting the complexity within biological systems. 
The primary motivation behind integrated data analy-
sis is to identify key genomic factors, and importantly 
their interactions, that explain or predict disease risk or 
other biological outcomes. The success in understand-
ing the genetic and genomic architecture of complex 
phenotypes has been modest, and this could be due to 
our limited exploration of the interactions among the 
genome, transcriptome, metabolome and so on. Data 
integration may provide improved power to identify 
the important genomic factors and their interactions 
(BOX 1). In addition, modelling the complexity of, and 
the interactions between, variation in DNA, gene 
expression, methylation, metabolites and proteins 
may improve our understanding of the mechanism 
or causal relationships of complex-trait architecture. 
There are two main approaches to data integration: 
multi-staged analysis, which involves integrating 
information using a stepwise or hierarchical analysis 
approach; and meta-dimensional analysis, which refers 
to the concept of integrating multiple different data 
types to build a multi variate model associated with a 
given outcome16–18.
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Figure 1 | Biological systems multi-omics from the genome, epigenome, 
transcriptome, proteome and metabolome to the phenome.  
Heterogeneous genomic data exist within and between levels, for example, 
single-nucleotide polymorphism (SNP), copy number variation (CNV), loss 
of heterozygosity (LOH) and genomic rearrangement, such as translocation, 
at the genome level; DNA methylation, histone modification, chromatin 
accessibility, transcription factor (TF) binding and micro RNA (miRNA) at the 

epigenome level; gene expression and alternative splicing at the 
transcriptome level; protein expression and post-translational modification 
at the proteome level; and metabolite profiling at the metabolome level. 
Arrows indicate the flow of genetic information from the genome level to 
the metabolome level and, ultimately, to the phenome level. The red crosses 
indicate inactivation of transcription or translation. CSF, cerebrospinal  
fluid; Me, methylation; TFBS, transcription factor-binding site.
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Information flow in biological systems



Levels of post-transcriptional regulation

Nature Rev. Genet. V.8, JULY 2007, 533-543



Post-transcriptional regulation

Nature Rev. Genet. V.8, JULY 2007, 533-543



Post-transcriptional regulation

Nature Rev. Genet. V.8, JULY 2007, 533-543



Non-protein	coding	genes:	miRNAs

Regulation	of	gene	
expression	by	
miRNA	and	siRNA.
RISC	– RNA	induced	
silencing	complex

Plant	miRNAs



Fig. 1. Wheat spikes showing (A) brittle rachis, 
(B to D) nonbrittle rachis, (A and B) hulled 

grain, and (C and D) naked grain. 

Dubcovsky, Dvorak. Science 2007

Example of miRNA-based gene regulation in wheat – Q gene



AP2-like	transcription	factor	(WAP2)

q allele:	wild	type;	Q allele	– domesticated.	Wild	and	domesticated	
emmer	have	q allele

q allele:	speltoid spike,	tenacious	glumes,	fragile	rachises,	and	
nonfree-threshing	seed

Q	gene:	free-threshing,	square	(subcompact)	spike	phenotype;	rachis	
fragility,	glume	shape	and	tenacity,	spike	length,	plant	height,	and	
spike	emergence	time	(Faris et	al,	2005)

Q gene



Analysis	of	EMS	mutants.	

Simons et al, 2006



Sormacheva et al, 2015



German et al, 2008

Degradome-seq



Fig.1	The	Q	allele	has	a	weaker	miR172	target	site	than	the	q	allele.	

Debernardi et al.  2017

ü AP2-5	homoeologs	have	similar	
expression	patterns	across	
tissues	and	developmental	
stages.	Q-5A	homoeolog	shows	
the	highest	transcript	levels	in	
young	spikes

ü #	of	reads	from	q-5B+q-5D	
miR172-degradome	is	36-fold	
higher	than	those	from	the	Q-5A

ü Hypothesis:	lower	abundance	of	
the	Q-5A	cleavage	products	
suggests	a	reduced	miR172	
cleavage	efficiency	for	Q	relative	
to	q.

ü R-Luc	assay	confirms	the	
hypothesis



Debernardi et al.  2017

Fig.	2	Downregulation	of	miR172	results	in	compact	spikes.	

ü artificial	target	mimicry	
approach	(MIM)	to	reduce	the	
activity	of	miR172

ü All	MIM172	transgenic	plants	
had	lower	levels	of	miR172	than	
the	wild-type	control

ü All	MIM172	transgenic	plants	
had	higher	transcript	levels	of	
the	AP2-5	homoeologs

ü the	spikes	of	MIM172	were	
shorter	than	those	of	Kronos

ü the	number	of	spikelets	per	
spike	were	the	same;	more	
spikelets/cm

ü the	MIM172	spikes	were	easier	
to	thresh

ü the	transgenic	plants	were	
shorter,	and	the	strongest	lines	
MIM172#4	and	#8	flowered	a	
few	days	later	than



Levels of posttranscriptional gene regulation by lncRNAs. The major posttranscriptional processes influenced by 
lncRNAs are indicated in black boxes

Posttranscriptional Gene Regulation by Long 
Noncoding RNA

Journal of Molecular Biology, Volume 425, Issue 19, 2013, 3723 - 3730





Messenger RNA targets of Yra1 and Mex67 and their levels of 
binding

Clustered display of binding levels of transcripts bound 
to Yra1 and Mex67 compared with the 
1) tag alone; immunoprecipitation (IP)/control 

immunoprecipitation
2) total RNA; immunoprecipitation/total RNA
3) with each other; Yra1 immunoprecipitation/Mex67 

immunoprecipitation

1. RNA isolation
2. RNA-Protein binding
3. Immunoprecipitation
4. RNA to cDNA -> Cy3/Cy5 labeling
5. Microarray

Experiment



Combinatorial model for protein–RNA interactions in mRNA 
export

Old model

Updated
model



Every gene is involved in complex regulatory interactions with other 
genes in genome. These interactions can be inferred by analyzing co-
expressed genes and constructing gene co-expression networks. 

Edges

Nodes

Network



Gene	expression	data	clustering



Construct a network
Rationale: make use of interaction patterns between genes

Identify modules
Rationale: module (pathway) based analysis

Relate modules to external information
Array Information: Clinical data, SNPs, proteomics
Gene Information: gene ontology, EASE, IPA
Rationale: find biologically interesting modules

Find the key drivers in interesting modules
Tools: intramodular connectivity, causality testing
Rationale: experimental validation, therapeutics, biomarkers

Study Module Preservation across different data 
Rationale:  
• Same data: to check robustness of module definition
• Different data: to find interesting modules. 

• weighted gene co-expression network analysis



Example of weighted gene co-expression network 
analysis



Building	gene	co-expression	networks

Pfeifer et al., Science, 2014.



Building	gene	co-regulation	networks

W. Rutter et al. BMC Genomics, 2017

Plant-pathogen interaction network for two pathogens (red, blue) 
and common host (yellow)



Summary

Gene	expression	is	one	of	the	most	important	functional	
attributes	of	genome	that	is	highly	integrated	into	a	
network	of	molecular	interactions	to	ensure	effective	
regulation	of	entire	system	to	maintain	cell	homeostasis,	
differentiation,	respond	to	environment	change	etc.	


