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Context and aim of the study

_~_ - PBultry workshop - .

Genetics context

During the past 3 decades, thousands of QTL have been mapped by linkage analysis.
Combining Genetics Mapping, Selective Sweeps, Genome Re- - Size of QTL are usually very large, containing hundreds of genes
Sequencing and Allele Specific Expression Reveals Several Serious itis quite impossible to identify causative genes & mutations

Causative Genes for QTL Regions . Aim

Propose a strategy based on detection of selective sweeps in divergent lines
(generally used in linkage mapping) to facilitate the identification of causative
genes in QTL regions

Pierre-Frangois Roux, Simon Boitard, Anis Djari, Diane Esquerré, Colette Désert, Morgane Boutin,

Sylvain Marthey, Frédéric Lecerf, Elisabeth Le Bihan-Duval, Christophe Klopp,

Bertrand Servin, Frédérique Pitel, Michel Jean Duclos, Marco Moroldo,
Olivier Demeure, Sandrint rri

* Divergent lines used

- Fatand lean lines, divergently selected during 7 generations ‘. commm cantinel
on abdominal fatness (AF) [Lebihan-Duval & Baeza 2013] |

m o
-> 4 QTL for AF i"‘m; %
INRA, UMR PEGASE, Rennes, France -> 1QTL for breast muscle Weight f e W
Animal genetics department [Lagarrigue et al 2006] [@IAbdominaliFatnessH{AF): R ++ T2 |
Agrocampus Ouest, UMR PEGASE, Rennes, France SCIENCE & IMPACT BliBreastiMuscleieight{BMW) T (AN ! y’;
1 - Detection of selective sweeps in both divergent lines 1 - Detection of selective sweeps in both divergent lines
. - Results -
* Re-sequencing data
- We re-sequenced in 20 X the genome of 11 fat and lean birds che  Chrsize  Selective
+ 9 F1 birds used for QTL mapping studies " (MB)  sweeps (n) |
=> atotal of 9.4 M SNP with in average 2.7 M (+ 0.5) per bird D00 - N
2 15487 25 |
I
3 11366 17 .
* For detecting signatures of selection 4 9423 21 : = 129 sweeps on d'ffereont chromosomes
o o Ao And representing 1.4 % of the genome
Genetics. 2013 Mar;193(3):020-41. dol: 10.1534/genstics. 112.147231. Epub 2013 Jan 10. 6 3740 s : = The average size of one sweep: 98 kb (+90)
Detecting signatures of selection through differentiation among hierarchically Zi 31 : -
structured populations. B 3067 1 :
Fariello MI, Boitard S. Naya H, SanCristobal M, Servin B. 10 2256 6 | Each Sweep contained in average :
Laboratoire de Génétique Cellulaire, Institut National de la Recherche Agronomique, Toulouse, France. mfariello@toulouse.inra.fr 11 21.93 5 I
e s ik
- Originality of this approach called HapFLK is to focus on the differences 13 1891 LI SEdo)8
of haplotype frequencies between populations o bk C :
And not of allele frequencies as usually done in classical studies 7 1 o
- This approach is particularly adapted to our data composed of millions of SNPs il D 1o
24 a0 1
3 TOTAL 10509 129 4
Do the selective sweeps co-localize with QTL regions ? Do the selective sweeps co-localize with QTL regions ?

* We overlaid the 129 sweeps with the 5 QTL regions (4 for AF, 1 for BMW)
=) All these QTL have at least one selective sweep

B : Selective sweep

Statistics test

4' 8 12 16 Mb
—s
AF QTLon chr7:13 Mb
>
0.21 Mb

=) Sweep locations reduce drastically QTL sizes (by a factor 50),
Reducing drastically the number of candidate genes.



26/02/2014

Sweeps reduced drastically QTL sizes Do the selective sweeps facilitate

the identification of causative genes in QTL regions?

* Amongthe 5QTL, 2 QTL correspond to the ideal situation:
i) with only one sweep identified within the QTL
ii) containing only one gene

« The ssituation can be more complicated as shown by the other QTL
with several sweeps per QTL and sometimes more than one gene per sweep

Statistics test

| i

=> which makes this kind of gene a very serious causative candldate %‘“ AF QTL-chr 3: 13 Mb AF QTL-chr3: 8 Mb

4-
ey BMW-chrl | AF-chr§ z
= | E— —— ] o —_———— —_——
QTL size 18 Mb 12 ” | I
Sweep size 140 kb 100 kb s 2- | | I
=4 | | ‘
: -gene . SGCG Jag2 g ‘\ i \ | ‘Ai ““f}h, |
Evidence in the literature yes No 0- FRTE 1
@ @ Gene: 6 230 2 Gene: 0 MLLT4  PARK2
Gene codes for a protein (Sarcoglycan no evidence was reported about a
gamma ) for which a defect leads to a relationship of this gene and
muscular dystrophy adiposity or lipid metabolism
7 s
Do the selective sweeps facilitate Can we go further by using different approaches?
the identification of causative genes in QTL regions?
«  The situation can be more complicated as shown by the other QTL Let's take the example of  the AF QTL on chr3 (8 Mb)

with several sweeps per QTL and sometimes more than one gene per sweep

AF QTL-chr3:13 Mb AF QTL-chr 3: 8 Mb

No gene MLLT4  PARK2

First, we analyzed the SNP in coding regions of these two genes

L 4= to detect potential causative mutations:
3
£ ——a | . i
” | - Non synonymous mutation (Variant Effect predictor from Ensembl)
£ 2- ‘
i ) .
= ‘ |l t | ‘ l bh - highly conserved across species (PhastCons software)
8 ! | h i ol |

0- | BRI I - Impacting a functional domain (PhastCons software)

Gene: 6 230 2 Gene: 0 MLLT4  PARK2

For these complex QTL, we propose to go further
To highlight the best (one of the best) causative candidate gene...

Can we go further by using different approaches? Can we go further by using different approaches?

AFQTL-chr3: 8 Mb AFQTL-chr3: 8 Mb

No gene MLLT4 PARK2 No gene MLLT4 PARK2

+ We analyzed the SNP o S codin % Suggesting fOIj one of ti.wese 2 genes + We analyzed the SNP . A g Suggesting fOI.' one ofthese 2 genes
in the coding regions ? g reg. |:> thata causatwe rﬁutatlon aFts on in the coding regions ? '8 reg. |:> that a causative mutation acts on
regulation of its expression

regulation of its expression

After checking that these two genes are expressed in liver, a key organ for lipid metabolism
* We then analysed if they are differentially expressed, in liver, between FLand LL

m Tissue expression of MLLT4

3 Tissue expression of PARK2
s liver
?: hver I 25: 3
LY s,
4 £ ]
I 1l I i I -t I I li o
oF g o & & “e\ *
«ff{be{;ﬁ} LR CILLLS S o



Can we go further by using different approaches?

AFQTL-chr3: 8 Mb
No gene MLLT4 PARK2

ﬂ ﬂ Suggesting a potential
. causative mutation actin
We analyzed the SNP No SNP in coding reg. ° 8
in the coding regions |:> on the regulation of the expr.

ﬂ ﬂ Showing that PARK2 expression is

* We compared the expr. regulated between the two lines

in i No DE DE |:>
n ZVE Ibetws.ez 12fat ? BUT this regulation can be due to
an ean bires amutation acting in cis or in trans
MLLT4 - liver PARK?2 - liver
ns 28 ok
Las ERY
: S
S s S 2
185 25
Fat Lean Fat Lean

Can we go further by using different approaches?

AFQTL-chr3: 8 Mb
No gene MLLT4 PARK2

ﬂ ﬂ Suggesting a potential
+  We analyzed the SNP N N causative mutation acting
in the coding regions ﬁ No SNP in coding reg. |:> on the regulation of the expr.
ﬂ ﬂ Showing that PARK2 expression is
regulated between the two lines

BUT this regulation can be due to
ﬂ amutation acting in cis or in trans

*  We compared the expr.

in liver between 12 fat 5} No DE DE =)

and 12 lean birds

* We analyzed the Allele Specific

Expression (ASE) in liver using ? ASE
hepatic RNA-Seq of F1 birds

Hepatic expression of w5 ASE =
PARK2 is highly expressed
for the FL haplotype / to LL

Reads number

[ Fatline haplotype

[ Lean line haplotype 0
plotyp Ind1  ind2  Ind3

Can we go further by using different approaches?

AFQTL-chr3: 8 Mb

No gene MLLT4 PARK2

* We analyzed the SNP
in the coding regions a b 2
ﬂ ﬂ PARK2 may be one the best
*  We compared the expr. candidate

in liver between 12 fat ? No DE = for the AF QTL

and 12 lean birds ﬂ with a mutation

acting in cis
* We analyzed the Allele Specific
Expression (ASE) in liver of F1 birds ? |:>

using hepatic RNA-Seq. N
literature @ﬂ

If we compare our results with the literature
PARK2 was until recently only associated to a juvenile form of Parkinson disease.

More recently (2011) Sack’s laboratory showed that PARK2 7~ mice are resistant to weight gain induced
by high fat and cholesterol diet (HFD) suggesting a role of this gene in adiposity

=>These results in mouse and chicken strengthen the idea that PARK2 is a regulator of fat metabolism
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Can we go further by using different approaches?

AFQTL-chr3: 8 Mb
No gene MLLT4 PARK2

ﬂ ﬂ Suggesting a potential
. causative mutation actinj
_We analyzed the SNP No SNP in coding reg. == | '\ ation of th 8
in the coding regions on the regulation of the expr.
ﬂ ﬂ Showing that PARK2 expression is
regulated between the two lines

BUT this regulation can be due to
ﬂ amutation acting in cis or in trans

*  We compared the expr.

in liver between 12 fat 5} No DE DE =)

and 12 lean birds

* We analyzed the Allele Specific
Expression (ASE) in liver using
hepatic RNA-Seq of F1 birds

”

Can we go further by using different approaches?

AFQTL-chr3: 8 Mb

No gene MLLT4 PARK2

* We analyzed the SNP
in the coding regions Iﬁ No SNP in coding reg |:>
ﬂ ﬂ PARK2 may be one the best
* We compared the expr. candidate
in liver between 12 fat 5} No DE I:> for the AF QTL
and 12 lean birds with a mutation
ﬂ acting in cis

* We analyzed the Allele Specific
Expression (ASE) in liver of F1 birds ? >

using hepatic RNA-Seq.

In conclusion (first part)
. By combining different approaches as :

1) Detection of selective sweeps and analysis of gene located within (DNA-Seq)

2) Detection of non synonymous SNP in coding regions (DNA-Seq and VeP tool)
allowing to focus our research on coding regions versus reg y regions and then diff

3a) Analysis of differential gene expression (DE) in a appropriated tissue (RT-qPCR)

3b) Analysis of allele specific expression (ASE) in a same tissue (RNAseq)

* We identified three serious causative genes underlying BMW or AF QTL
*  We identified new function related to lipid metabolism for two of these genes,
function never reported so far (JAG2) or not still clearly reported (PARK2)

Limitation:
The two DE and ASE approaches need to work with appropriated physiological conditions and
tissues in which the gene analysed has to be expressed and to impact the trait of interest !!



How to go further in exploration of the 129 selective sweeps

by using RNA-Seq?
3 aims

I.  Better explore the non synonymous SNPs in coding regions (0.4% of the SNP obsvered)

Il.  Look for systematically mutations acting in cis by ASE
(using liver and adipose F1 birds)
jointly to the analysis of DE of these genes found under ASE
(using microarray data related to liver and adipose)

lll.  Improve the genome annotation related to liver and adipose
by detecting new coding genes / transcripts & long non coding RNA

(that represents potential regulatory elts for coding mRNA)

-> Some results

Some results: Inc RNA in liver and adipose tissue in chicken

Using a pipeline with different filters :
- retaining IncRNA with at least 2 exons, allowing us to orientate them
- no matching with a known exon
- no having a predicted coding structure
=>we found 1,750 IncRNA
among them 66% have at least 3 reads In liver and/or adipose

g R
g As already reported in human
23 N (Derrien et al 2012)
-5':\3 = the expression level of IncRNA is very low
«“ El E: compared to the coding mRNA
Adipose  Liver Adipose  Liver

mRNA IncRNA

We overlaid these IncRNA with the 82 sweeps with no or one gene

chr2

Statistics test

Sweep (7,323b)

Known coding RNA (7,500b)  g~g/ o'
LncRNA (14,015 b) _—

* These two coding RNA and IncRNA are expressed in adipose and liver

* Their expression are highly correlated across the 28 samples (r=0.97) i:

* ncRNA tends to be less expressed in liver of FL compared to LL L’,
that could impact the translation of coding RNA and affect the trait 8 mFL
6
4 mlL

=> We are currently analyzing if this IncRNA is regulated in cis
by analyzing its ASE using liver of F1 birds

IncRNA
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Some results: New coding genes/transcripts in liver or adipose

*  We found 10,486 new transcripts (corresponding to 6,587 known genes) expressed in liver or adipose
(= quite a lot compared to the 17000 referenced in gal4 annotation)

* We found 4,109 new genes corresponding to 5,289 new transcripts
with 5% and 15% specific to liver and adipose respectively

=>We are currently overlying these new genes with the 37 selective sweeps without gene

Some results: Inc RNA in liver and adipose tissue in chicken

* Most of the IncRNA (83%) are in intergenic regions as already reported in human
(Derrien et al 2012)

* Among the genic IncRNA, most of them share

at least one exon of coding mRNA associated, Coding? M
in AS orientation u

» 8
Most of these AS genic IncRNA 1
are highly positively correlated with |f;> §- o
the coding RNA associated & ¥

(using the 28 samples available )

0.0 0.4 0.8
Correlation “AS genic IncRNA”
and “coding RNA”

2

Sharing, sharing, sharing ... with the chicken communauty

* Because the INcRNA are very lowly expressed and most of them are shared by # tissues
it is interesting to accumulate a lot of RNAseq data to have high depth
in order to better observe them

=> Our RNAseq data from liver and adipose have been shared with data from other tissues
within the avian RNA-Seq consortium framework driven by the Roslin institute
in order to have a better view of the global genome annotation in chicken.
(Jacqueline Smith and Dave Burt as co-ordinators)

=> One first step towards the AgEncode project ...

* We can also share the genome sequences to improve the genome assembly
and variant catalog...
so our 20 genome sequences in 20X (Hiseq2000) are also available
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(long ncRNA annotation)

|:> INRA - Agrocampus Ouest, - UMR PEGASE, Rennes, France
Genetics & Genomic Team
Pierre francois Roux - PhD Colette Désert Frederic Lecerf
Olivier Demeure Morgane Boutin  Sandrine Lagarrigue

Annexes

Is sequencing depth of 20X sufficient to observe the whole SNP
present in each individual ?

Eleven individuals have been d on a 10 Mb wind
With 20 X depth (obtained in present data)
and 100 X depth (obtained by DNA capture)

£ 20 X : 98 % of SNP were in intersection
2 % specific
But specific SNP are, in average, of poor

SNP 100 X
08,649 / 10 Mb

SNP 20 X

be considered as false positives

> 100 X: 86 % of SNP were in intersection
14 % specific
Specific SNP have an average call rate of
92 % i.e. among them there are false
positives and reliable SNP

Specifc Intersection Intersection Specific

In ccl : 20 X re-sequencing is sufficient to have information for almost all SNP

quality (average call rate < 90 %) and must
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Many thanks
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Pierre francois Roux - PhD  Colette Désert Frederic Lecerf
Olivier Demeure Morgane Boutin  Sandrine Lagarrigue 2

1 - Detect SNP and selective sweeps in FO fat and lean lines

* Re-sequencing (HiSeq2000) the genome of 11 FO fat and lean birds + 9 F1 birds

used for QTL studies > depth of 20 X
* Devel of a robust p for identifying reliable SNP (steps)
- Alignment on WASHUC2.1 BWA
- Filter on mapping quality Samtools
- Removal of PCR duplicates Samtools

- Realignment / Recalibration & SNP calling GATK

* Results
- 9.4 Mreliable SNP
- with 2.7 M (+ 0.5) SNP per individual (2.6 SNP/ kb)

* Annotation of these SNP with Variant effect Predictor package (Ensembl):
-90.5% = intergenic (48.7 %) or Intronic (41.8 %) regions
- 8.3% = 2kb upstream or downstream of genes
- 1.2% = Exonic regions among them:
- 25,7 % lead to a misense effect or a modification in a start or stop codon

HapFLK (Fariello et al 2013)

1) - Definition of haplotypes locally by clustering individuals mixing the populations
(FastPHASE — Sheet and tephens, 2006) => haplotype cluster

- Calculation of haplotype frequencies in each population

2) - Foreach Haplotype, calculation of a measure of “genetic differenciation inter
population” (~Fst)

3) - Estimation of the distribution of this measure across all genome
(neutral haplotype)

- Identification of haplotypes which are extreme compared to this distribution
(haplotype on selection)
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hapFLK
Test hapFLK (Fariello et al, 2013)
* For each SNP, calculation of a measure of “genetic differenciation inter
population N | —a o Version haplotypique de FLK :
FsT = — % = -1 z_,-:1(.°_i ~P) @ Clustering local des individus a I'aide du logiciel FastPHASE (Sheet
p(1-p) p(1-p)

and Stephens, 2006), en mélangeant toutes les populations.

o Pour chaque SNP, calcul des fréquences de cluster par population et
utilisation d'une version multi-allélique de FLK.

Estimation of the distribution of this measure for all the neutral SNP

Identification of SNP which are extreme compared to this distribution

1 - Detect SNP and selective sweeps in FO fat and lean lines Can we go further by using different high throughput data?

Genetics. 2013 Mar;193(3):929-41. doi: 10.1534/genetics. 112147231, Epub 2013 Jan 10. AFQTL-chr3: 8 Mb

W
D g sig of through diff among y
structured populations. Nogene  MLLT4  PARK2
Fariello M. Boiterd S, Naya H, SanCristobal M, Servin B. ﬂ ﬂ Suggesting a potential
Laboratoire de Génétique Cellulaire, Institut National de la Recherche Agronamique, Toulouse, France. mfariello@toulouse.inra.fr

. causative mutation actin,
We analyzed the SNP No SNP in coding reg. =) ° 8
in the coding regions on the regulation of the expr.

W d th ﬂ ﬂ Showing that PARK2 expression is
. /e comparet e expr. s .
regulated BUT this regulation
in liver between 12 fat No DE DE =) 8 > "
d 12 lean bird can be due to a mutation acting
an ean birds in cis or in trans
Fat line Lean line F1 birds by crossing FLand LL
e - ™+
* *‘E:H— . *&- Fat haplotype
*&l—l - I$ S e hapioye |
PARK2 PARK2 PARK2
T T 5
o ++ Y - o y -
* s =1 @ :9-&— —= O~_Qr"’:_ ¢ B ] @ \-a-r"':- Fat haplotype NO
! N - ASE|
h= Q_&t = L& e BE eantapioype s
3 PARKZ2 PARK2 PARK2

RNAseq files :

20 liver + 8 adipose

Cleaning (fatac, duplicate PCR,...)
Mapping (STAR)
Transcriptome reconstruction (SigCufflinks)

Known and novel transcripts

Filters: size<=200b ;
loverlap with exgn in S orientation

Candidate IncRNAs

Non coding status
(CPAT, TxCdsPredict, GenelD)

Serious Candidate IncRNAs

¥ N

Long intergenic Long genic

tepts: 52,329
genes: 37,515

2} 26,722 overlap mRNAs (in sense)
17,249 mono-exonic transcripts
1,701 length lower than 200bp

tepts 6,421

4178 RNAs with a coding region

tepts: 2,243 with
1750 on a known chr

non coding RNA
2019 lincRNA amon them
425 divergent lincRNA

non coding RNA
224 IncRNA among them
183 AS exonic IncRNA




