“Lessons” from the first two days

2 weeks => the

whole summer

plole) BREEDIT: a multiplex genome editing strategy to

improve complex quantitative traits in maize




AG. | T o,



Harnessing Global Diversity and Predictive Biology to
Accelerate Sorghum Breeding

GXExM

écirad INRAZ (\gAP @ JICRISAT

David Pot, Vincent Garin, Clément Bienvenu, Vincent Segura, Hugues De Verdal, Florian Larue, Gregory Beurier, Concetta I
Burgarella, Aude Gilabert, Angélique Berger, Korotimi Thera, Michel Vaksmann, Niaba Teme, Jean-Frangois Rami




The same challenges between EU and South partners

Similarity of challenges, but also an
« anticipation strategy »: Environmental
constraints, crop management

homologs.... ‘(‘“'}

Vapor Pressure
Deficit

D el
— CMIPS mean
— AL

04 -03 -02 -01 0 01 02 03 04

Novick et al., 2024




Three pilars (at least) to develop “adapted” varieties

= Accessing the available diversity Gg in relevant « genetic

/ environment / management » contexts still
compulsory

Access /
Evaluate

DEXE
EXE

DxD DE

Geneticresources
Wild relatives, " _— e
Exotic germplasm Pre-breeding (Bndgmg Breeding Variety
Landraces
D .
DxE iy
E ] :f(;:“

Allier, ..., Charcosset. 2020

i r o = « Understanding » remains a lever to optimize

AG = prediction accuracy I
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Developping a West and Central Africa BCNAM population

@ Fara-Fara (Nigeria)
@ 1515401 (Cameroun)
@ CSMa17 (Mali)
O CSM63 (Mali)

§ @® (CSM388 (Mali)

'g @ BimbG (Guinea)
@ Hafijeka (Gambia)
@ Sangatigui (Mali)
@ DouaG (Mali)
@ N’Golofing (Mali)
@ Gnossiconi (Burkina Faso)

= BCNAM Jordan et al., 2011 = {

S (TR CEATTATLY
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S TALETEIRIRTLTELR VLI
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Selection Selection 129
10

YO 10 :
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[l Eialalal i

g< : : :

m
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n 1] (1] II

B £-361 (Ethiopia)

E W 1523540 (Ethiopia)

g @ 5C566-14 (Brazil)

g O Framida (Burkina Faso)
B Kalaban (Mali)
@ Malisor (Mali)

g A Konotene (Mali)

3 A Gadiaba (Mali)

o + B35 (Ethiopia)

é 4 White Kaura (Nigeria)

8 <4 Short Kaura (Nigeria)

3 % v33/08 (Mali)
g % Sambalma (Nigeria) I‘} IER

= 3901 BC1F3:5 families from 3 Recurrent and 24 donor parentsdlCRiSﬂT




Developping a West and Central Africa BCNAM population

3
=
O

Dim2 (2 6%)

o ’ 1

- Guine CLL ' U
3 . ¥ g
n. »

"0
.
L
.

. Giilhea. | Capdatum

-50 25 (') 25
Dim1 (33%)

= WCA BCNAM: 69.9 to 86.8% of the global

sorghum diversity

= US NAM: Bouchet et al: 38.12-57.5%

= Recurrent parents

= \WCA BCNAM : photoperiod sensitive
= US NAM: photoperiod Insensitive

= Complementarity of the WCA and US (BC)-
NAM populations
= Allele effects in different types of genetic
backgrounds



Multi-environment phenotyping in Mali

- = Experimentlal conditions
I:Z * Four testing sites: Sotuba, Cinzana, Samanko, Kolombada

 Two sowing dates (Sot, Cin): End june, End July
 Low and High P (Sam)

125 -10.0 75 5.0 25

« 39015 BC1P
= Trait:
* Flag leaf emergence * Panicle length
* Plant height * Yield
* Number of internodes
0 * Average internode length

1258 <100 75 50 25

- * Peduncle length



QTL detection in Multi-parent Populations

PA PB

JH /\ /\
“|“ o2 o Vi =uU+ xif + €;

[ | |
Haa Uaa

Bi-parental
population

Multi-parent
Population (MPP)

Vincent Garin,
Garin et al., 2024




QTL: Genetic background and Environment dependencies

Flag Leaf appearance

= 5 « Recurrent Parents x Env » analyzed chromosome 3 position 77.3 cM, ELf3, SoCN12

= 100 QTL => 64 Unique ones

0cco0000000@e otttttttttttt o
ca000c00c@o@o o++++++++++++ I

FLAG, PH, IN length : 10-48 %

PED, Node number, 100 Grain Weight : 8-30 %

100

c0c00000@0@0 ottttttttt++++
cco0o0o0o00o@o@ec ofF++++++++++ "

Yield, Panicle length : 4-14 % t+e++++++++@++o e o000 ot++++++

- At e e u e W e earac s assEaaranan [ oo
g +ot+tt++++0++00 000 0 fttt++
FLAG S ST e T S T T T T T T T o o T —
. E ©® 0+ 0 +++ 0+ttt
crinkan 2012 s o1 u b o
KK 2012 s34 22QTL 5 @00+0+++ o ++++++++++++++++
KK 2013 2 (35.5) 5 L1 n I me e i e i e e e i e i e s VO
LT 4 (50.3) § KK2013_SB1- +++e++++++++feco0tteot++414 .,

KK2013_5B2- +++ 0+ +++ o ++t+tooottottittt o o
Q_FL_3_78 => EIf3, SbCN12 K013 CZ1- +++@++++ s +++++oo@ttottttt o
Q_FL 6 3 => Ma6 @015 022 ottt o bt tto 0@t to bttt g o
—- 1P @+@0++00tt+tttttto0t0coc0 g .
Q_FL_6_38 =>Mal (oo 1P @+@O++0 0ttt +++++oot@occe g
Q_FL 9 105 =>SbFL9.1 lata kKOL- @+ @@++0@+++++++++oc@t@ocooce@




Diving inthe G x E

16

_Cumulated rain u GIOba"y
' = 100 QTL => 948 parental alleles with potential effects

=  51% of the parental alleles presented significant
effects (/RP)

= 26% interacted with the environment (238 alleles
corresponding to 87 QTL)

= Flag leaf
= 22QTL

/

= 200 parental alleles, 100 with significant
effects

= 22 % interacting with the environment

= pt €+ Cej + Tia * Poj + g€, + Eig; (GXE)

yﬁcj

&y



From G x E to G x Environmental Covariates

" Local envirotyping = Globally
= 16% QTL alleles interacted with at least 1 EC
= NASA Power = 128 alleles corresponding to 61 QTL

Yicj = envj + crossgj + X * Bpj + GEjcj + e;cj(2)

\ J

|
QTL term

= Flag leaf
Xip * (Bp+ECe % Sy + Lye) = 30 parental alleles (15 %) interact with
environmental covariates
GR202 SRa0TS kkaoT2 k203 = Rain:21
= Trange: 23
= Hsun:23
! = Photoperiod : 24
p- = Solar Rad : 23
= Air humidity : 5
= Total : 119 interactions involving 30 allleles

phototermal (obs){
solarRad (inf)4
photoperiod (inf)-
hSun (obs)4

FRUE (inf)+

DD (obs)4

Trange (obs)A

h Tmax (obs)1
Tmin (obs)A

PETP (inf)4

ETP (inf)4

SVP (inf)A

VPD (inf)A

hum (obs)4

Cum rain (obs)+ )

0 25 50 75 1000 25 50 75 1000 25 50 75 1000 25 50 75 100
Day after sowing




Flag leaf emergence: Better understanding G x EC

QTL chr6 2.9 cM - GR2012

QTL eff. (Flag leaf dd)

-200- Q‘O’
12.1 12 2 ; :
photoperiod at sowing [h]

parents
- E30-1 ™
- SC566-14 ***
— Fma L)
— 835111
- CSM388 **
- 1523540 **
 IS15401 ns
* WhiteKaura ns
* Gadiaba ns
© CSM417 ns
* Farans
* Konotene ns
- CSM63 ns

Mal

QTL chr 6 36.3 cM - GR2012

100- = °
o
O 5 i
= ...:::::::;;:"’-=fg§
® 0 m;mm! §3asade
o e
>
o
=
o
a& &
200- P &
12.1 122 123 124
photoperiod at sowing [h]

parents

-— SC566-14 ***
R— 835"'
= WhiteKaura **
- E36-1ns
* Gadiaba ns
- CSM417 ns
-~ Framida ns
* 1S15401 ns
© 1523540 ns
* Konotene ns
* Farans
* CSM388 ns
- CSME3 ns



Flag leaf emergence: Photoperiod dependent and independent

Baseline Photoperiod-sensitive
period
£ Chr 7
g
L
o2
£ 5 Chré6
.
Chr3
N | 7
11.5h 12h 12.5h 13h —

Duration of the day (photoperiod)



Extrapolating QTL effect beyond the tested environments

[cm]

QTL_PH_7_76 - BimbG
16-

88 y =-230 + 3.41 * hum
w ~14. '0#000*000000000“
84 2 10089 $9200 00 by 50 PH = +f(hum)
12 -
25- ”
10‘. ' ' 1 '
20 125 160 B2 5D oS = 125 100 75 50 25 logpval
- o . ’ ' ) lon
long g ® 4423303
cm]
19° VP [
16- & QTL_PED_7_78 - V3308
kPa 16 - 150
10-
d 5 0 5 e 12 y=23+-1481°VPD 2
- 10 514- P T T T T I 100 PED=+f(VPD)
S L ) «© 424442444444
12- 0000000 08 i OB OO DD 75
50
o ' ; : ; : ' ; : s logpval
2 1 . : 1
425 100 75 50 25 125 -100 l::vg 50 -25 o‘gp58
810554

= Gives an idea of the interests / effects of the QTL alleles in untested environments

= BUT it has to be validated for larger uses



BCNAM X Env X EC : Take home message

= BCNAM populations allow to test allele effects in a = EU Biomass BCNAM
common genetic background

2 RP
10 DP
2000 BC1F4:6

= Relevant for genetic and breeding goals

= Allowed a better understanding of the genetic
determinism of phenological and architectural traits

’III I

BF003

* New trais being analyzed in these populations: root angle, root soil
agregation in Western Africa (WCA BCNAM) and EU (EU Biommass oy

IIIIIII

(c1) I
BCNAM) sovon] | (|
(c1) I
155972
(c1)
: 1522332
(c1)
1520876
ct)

—— |

parents

S@rD;rgpght

SCﬁq|5)
ng rhizodeposition 1520407
C

3 ¢ o P T
R Gk N : CSL09722
e e 5

‘a 70 ,
Laurent Laplaze IRD France Isabelle Basile-Doelsch, INRAE, France .
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Prediction of Genetic estimated Breeding Values

Rincent et al., 2018

NIRS = Subset of the WCA BCNAM
= 2 recurrent parents

= 22 donors
= 2498 BC1F3:5 families

Training
Population

NIRS

Accuracy of prediction = correlation between predicted
values and observed / measured ones




Phenomic Prediction: 3 main questions

= |s phenomic Prediction useful in sorghum: in a context of « line » evaluation, in a
multiparental population

= What are the effects of the training set size and population structure on phenomic
prediction accuracy ?

= Do we really take advantage of the whole set of information available in the NIRS
spectrum ?



Experimental set-up

I .-
' ------------ I \ i .
I Population 1 €V 5-old cross valdation per Cross k . Training set
: structure effect: ::
I decreasing T . Validation set
| relatedness bw Cva :|
oR = Sotuba  Cinzana [HEUCKSES T . Not used
1403 genotypes | J :
13 crosses ENV 1 ENV 2 :
KK = : .
418 genotypes ENV 3 ENV 4 I .
5 crosses | "
I .
| -
= . | u
ggs genotypes e Cinzana l P i
8 crosses : N : Trainng size 1
W1 . j S| effect |
KK - : : T - -
255 genotypes ENV 3 ENV 4 I -
6 crosses | m
1 .
[l VRS acquisition Breeding value : -
environment estimation environment I N
| -
\/ -




Comparing Phenomic and Genomic selection

2012
1.00
NIN
8 ors 100 J]abab a b a a a abab c ab b
o
S 075
g 050
s 0.50
Qai 0.25 0.25
000 lllllllllllll alm nm [] nniln
0.00
N R A >
= 1.00
2012 < 075
100 @ o050
=
8 015 B 02
.g -cooo I EERNE NI NENNEE I EEEEENENNNENNE]
g om0 o
G o
= =~
S o2 1.00 adbccbcbﬁ?’qg.
0.00 075
o & o o 050
Wavelength 0.25 * ; + *;
000 = 0 . N mnw
|Legend: | RESIDUAL B ENnV B GENO [ CROSSI
O8N A QD
O N 8GOS
& QS*Q@ N

2012 : PP prediction accuracy lower of equivalent to GS

2013 : For some traits PP prediction accuracy higher than GS PP works... Slightly lower than GP

Trait dependent

2013 : Almost no effect of the spectrum pre-treatment methods / prediction



«--------

Effect of population structure

I Population structure effect:
| decreasing relatedness bw Cva and Cvc !
.-[CVa: 5-fold cross validation per cross )
DP1 DP3
GR cﬁo KK
DP2 DP4

.

(CVb: 1 cross predicted by its recurrent half sib

DP1 DP3
Ty T

DP2 DP4

-

(CVc: 1 cross predicted by crosses that share no parents

AN

DP1 DP3 DP5
GR oﬁ‘ KK

DP2 DP4 DP6

N /.

Predictive ability

1.0

0.5

0.0

-0.5

s
=]

o
on

o
o

I
o
o

-
=)

0.5

0.0

FLAG

a b d c e Cc

CVa CVb CVc CVa CVb CVe
Predictor
B GENO
ES PHENO

= PP is less affected than GP by population structure (in accordance with Laurencon et al...)

= PP had higher PA than GP for almost all traits in the scenario with the least relatedness between training and

validation sets



Extremely small numbers of wavelengths allows to reach a

maximal predictive ability

Spectral based PCA

2012

_ 95 % of the spectral
variability is contained in
the 2 first PC

FLAG

1.00 * k & Kk kK ok k & & &

0.75

1 et

rﬂﬂﬂ'ﬂﬁﬂlﬁﬂﬂﬂ‘lﬂ-hlg

Dim2 (19%)

50 25 0 25 50
Dim1 (76.3%) RP ® GR A KK

30
50
&0
71

= Costs and benefits of using only a small set of
wavelengths ?

2013

= Current genetic approaches are likely not
efficient enough to take advantage of NIRS
information (based on individual wavelengths)

FLAG

10 kK kK K K

'*_wrmwmim

0.0 man AN o n I N EEEEN EEEEEEEE EEEEEEN

= New chemometrics methods recognizing

THOTT TR R2RRRIRR TNevooroeowigle 3223 highly correlated structure of spectral data
Selection Method are being explored aiming to better split G,
M oo B e s M wsso E, and GXE components
- PLS - RAND ’ p




Phenomic Prediction « works », PA slightly lower than GP but it is trait dependent...

PP: Higher transferability to distant population than GP
= Similar to results obtained with endophenotypes (RNA, Proteins, Metabolites)
= Or models taking advantage of functional annotations (end of talk)
= Cases where only causative information matters, LD is not yet a way to take
advantage of distant causative genes

Still space for large improvement through optimal
wavelengths exploitation => Connection with chemometrics

on-going

_ Clément Bienvenu
PhD: 2023- 2026

Currently looking for large GXE sets of NIRS information !!!! { Paper under review
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GXExM: Optimizing prediction accuracy

® |ncreasing prediction accuracy

e Taking into account environmental information
* Taking advantage of available knowledge
* Improving the prediction method

e Combinations of all of these

Connecting CGM with Genetic and prediction analysis

Frangois Tardieu’s « school of thinking »

= Crop Growth Models (CGM) and Functional

Structural Plant Models (FSPM)
* EXM integrators
e Crop Growth Model: Phenology, Yield...
* FSPM: take advantage of 3D information

)

L

-~
-

"466“406004
) 69

, model parameters

f[ 1: linear or non linear functionS

Model parameters : some of them depends on genetics



Sorghum EcoMeristem: outputs

= Dealing with management, low vs high density "= Dealing with Genotypes
servations
. B B A i Tillers B o a1
TI”erS - - Validation 300 - = i
104 200 - S i s A G3
'é '&_: 'a—: Simulations
5- 100 100 - - 21
2
——————— N s s (33
Dealing with Env Effects
—— NBT PHT
< 1A Tillers "B Plant
30 - 6- - Height
" ' 2 > $ s = d S g} j- L] L g 200 '
0 30 60 90 0 30 DAZO 90 8 8
Florian Larue (PhD) S PO i

Larue et al., 2019 Training 2014, Test 2015 (8 genotypes)



Coupling CGM / FSPM with GP (/QTL)

Crop growth model-assisted Genomic prediction-assisted
genomic prediction \ ! crop growth models \
Environmental inputs Environmental inputs
gt [} input |
Crop growth model growth model
parameter ® Cro:m“ . = Ph“Y'“We
Support building GP models ' Pndicti Predict
Genomic prediction ) Y B : iction
b Predict ) e Y,

Independent approach Joint approach

Phenological stages, environment
clustering... Rincent et al. and others %] S I o %l

1st

©F
©F

g U &
»
’ Genes/QTLs/genome ‘ \ Genes/QTLs/genome

\ -~

Akyo Onogi (2022)

Reymond et al. 2003, 2004... Cooper et al, Technow et al...



Phenoarch facility, Montpellier, France, 4 reps per genotype

Measured (dynamically)

Number of appeared /
ligulated leaves
Number of tillers

Measured (at harvest)

Area of last ligulated leaf
Plant and mainstem biomass

ML supported CGM-GP integration

136 accessions (only...)

From the Generation Challenge
programme Reference set

Estimated (on images)

Plant biomass
Plant leaf area
Plant height
Water use

Florian Larue (PhD)
Larue et al., 2024

Ecomeristem — GP

GP Only

2 steps

Predicted

Predicted

Predicting Plant Aerial Biomass

CNN
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o
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o
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o
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100-

500 -

-y

o

(=]
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200~

100

CNN

100

Ecomeristem Ouptuts

Bayes C

200 300 400
Observed

200 300 400
Observed

r: 0.53
NMAE: 0.22

500

r:0.63
NMAE: 0.19

500

Predicted

500-

400-

300-

200-

100-

100

200 300 400

Bayes C

1
100

I
200

Observed

] 1
300 400
Observed

r:0.47
NMAE: 0.4

500

r:0.61
NMAE: 0.19

i
500



Coupling CGM-GP (ML/DL): Take home message

* Crop models are EXM Integrators ™ Coupling them with GP potentially allows to better
predict GXEXM

= A need to rimpove the crop models to allow them

to better integrate multiple stress aspects Angelique Berget

Recurrent Heat stress in Sorghum

o

~T
£ g amdd 3  Maize
@ 60 1 w— Mzvs Sgyield iff(kgha) | 6000 2 25 - —
o ) ) 104.1kgha 'y 845kgha 'y
Z 50 - == Counties S yield over Mz (%) % 20 - - .
3 o =
8 40 - - 4000 g 15 - > g
— 3 Al el .. 2
o 301 3 0718 . :
e > g Lo
g 20 - - 2000 &
Rotundo et al 2024 8 ) 7 0+
3 0 - 0 < 25 853kgha 'y’ 18kgha 'y
. v . v v . . 20 - 1
1960 1970 1980 1990 2000 2010 2020 15 - 3
=}
Year ] ] e
5 -. ............. R4t T E B W
0 o R ¢

TRIES

TRans-species IldeotypES:

Sorghum or ‘So;ghum—like’ maize for
Boris Patent’ future heat and drought scenarios?

INRAE, France

1930 1960 1990 20201930 1960 1990 2020
- Year of release
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Domestication impacts differently nucleotide and transcriptome diversity
structures

Nucleotide diversity Transcriptome diversity

23.1 EC1

SNP : -31 %
* Expression:-17 %

0

PC2 (9.5%)
PC2 (9.5%)

T I T 1

PC1 (13.6%) PC1 (25.8%)

Burgarella et al., 2021



Domestication massively impact transcriptome

u W||d VS Crop: 949 Differentia”y ExpreSSEd Genes m 773 genes are Over_expressed in the W||d

10

Crop wild
over-expression over-expression

Gene number

-10 -5 o 5 10 15

Fold change

Chromosome FDR =0.01



Gene Co-expression Networks and domestication

yellow : 2051 genes

21 Modules identified

Relative expression

EC1 EC2 EC3 EC4 EC5 EC6 ECT7 EC8EC10ECY ES8 ES1 ES2 ES3 ES4 ES5 ES6 ES7 ES9ES10




Gene Co-expression Networks and domestication

Three with over-expression and higher variability in the wild pool
. 2051 genes 173 genes . 92 genes ,
é.
T

x |

133 genes

¥

i ceeed vibe
nedied cwtees vk

I—P

One with over-expression
and higher variability in
the cultivated pool

* Enriched in domestication and improvement genes (Mace et al 2013) &




Mining the Wild to Crop continuum: Revealing key genes involved in grain size. But

not only

page
black : 271 genes
= Black module : over-expression in Guinea margaritiferum (additional

domestication event)
= Margaritiferum are characterized as “small vitreous grains” (Deu and
| Hamon, 1994)
0- = Black moduke contains Sobic.001G341700 “SbGS3” that controls grain size
in sorghum (Tao et al., 2020)

(A) (B)

8]

reduced_centered_value

-
o
=
§ " 30 S
© O
58 25
[P 4
o -
&3

] 3
2 g 15
x C
52 2
g= 10
o E
] 5 I 1
3 . - - [ | - 1.
o 0 -

]
w < o X N o Qo * * “l
N SN CA S S S S W ST F D o ]
S ° o b1 TS K & ® S e U e
o &7 Q/Q‘-»Q’ < %(\60 Qo\\\ Qo\\\ &Y IR G L F 7
& F I, 2010
& & S 2 Mao et af., 201
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Refining the structure of the wild pool

" From 382 to 335 (exclusion of non pure = 335 accessions, 45 Ksnp, 92 « true » wilds
wild based on grain size properties /
genetic information)

Wi

[ ] @® cuitives Gilabert et al
o0 S'aUVageS ex- @ Guinea margaritiferum U blish Ci
000 Situ () Sauvages in-situ npublishe

Wild Genetic structure= f(Raee / Geographic)




Putting wild alleles in context: A new Wild BCNAM population under development

= 69 wild accessions multiplied in Mali Donor parents
Primary identifier  Current taxonomy
. - .
8 wild lines (6 genetls groups) + 1 Gm used T
as parent (BC1F1 available) S. versicolor)
AusTRCF317961*"  §. bicolor subsp.
verticilliflorum
= Recurrent Parent : Malian Elite Variety, 13121° S. bicolor subsp.
. . verticilliflorum
Korotimi PhOtOpe”Od sensitive PI300119* S. bicolor subsp.
verticilliflorum
Th era P1330272°% S§. bicolor subsp.
drummondii
P1525695%° S. bicolor subrace
margaritiferum
. . . ] g
= Complementary with the Wild BCNAM population Pl i
developped in Australia (Mace et al 2020) PI535995 S. bicolor subsp.
(a) ‘ verticilliflorum
; PI536008° Sorghum
' cadibn purpureosericeum
. ® complex Adapted parents
:.ar?d?:ce:ge::)t:pesd @ ::::a Pl'illlﬂl'y
kafir identifier Traits
Wild and weedy A margaritiferum Macia®* 2-dwarf plant type, midge .
genotypes v weedy resistant, inbred cultivar PhOtOperIOd
v QL36 3-dwarf plant type, midge insensitive
resistant, inbred restorer




Mining the wild pool: Take home messages

= A large diversity available in the wild pool: nucleotide but also transcriptome
variablility

= A way to identigy genes of agronomic interest (not only pathogen resitance)

£ Plant domestication, a unique opportunity to identify
2 B the genetic basis of adaptation

'.l Jeffrey Ross-lbarra, Peter L. Morrell, and Brandon S. Gaut* 2007

= A clearer description of the sorghum wild pool is available

= Wild alleles are being set-up in relevant context to allow their evaluation
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Diving into the genetic determinism of cell wall composition

Lignin
Pectin
Hemicellulose

ellulose

2 55
v 3 ¥ % ©

2233 £ g5 Max

= = 2 o S 5 T

28 £ 452 Score : 8
Sb_v3_ID Zm_v4_ID Homolog_pair_Zm_Sb E 8 § &8 538§ :
Sobic.007G135900 Zm00001d050394 Zm00001d050394_Sobic.007G135900 7
Sobic.001G406700 Zm00001d028751 Zm00001d028751_Sobic.001G406700 7
Sobic.001G420700 Zm00001d028620 Zm00001d028620_Sobic.001G420700 7
Sobic.008G141700 Zm00001d041511 Zm00001d041511_Sobic.008G141700 7
Sobic.004G227400 Zm00001d051239 Zm00001d051239_Sobic.004G227400 6
Sobic.006G203400 Zm00001d026240 Zm00001d026240_Sobic.006G203400 6
Sobic.003G251800 Zm00001d043921 Zm00001d043921_Sobic.003G251800 6
Sobic.001G026900 Zm00001d034726 Zm00001d034726_Sobic.001G026900 6
Sobic.001G046800 Zm00001d034546 Zm00001d034546_Sobic.001G046800 6
Sobic.001G087400 Zm00001d013263 Zm00001d013263_Sobic.001G087400 6
Sobic.001G096900 Zm00001d033941 Zm00001d033941_Sobic.001G096900 6
Sobic.001G099100 Zm00001d013319 Zm00001d013319 Sobic.001G099100 6
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Score=7 : Eskimol, a key cell wall gene
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4 Key cell wall genes : Score =7
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Variant effect prediction across species: Improving prediction
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DNA language models are powerful predictors of genome-wide
variant effects
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= Nucleotide conservation across angiosperms, as a proxy for
fitness effect of mutations nature communications 8

= Deep learning methods mobilized to characterize nucleotide
conservation
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Take home messages

= Developping populations allowing to asses alleles
effects and allow their use in breeding programs
= Cultivated and wild resources (on-going)

= Ability to improve prediction accuracy
= CGM - GP integration
= GP supported by functional annotations (in Maize at
least

= Crop model optimization
= Gene / motifs (CRE) / variant prediction effects

= Not only and Al problem, key importance of ability to
connect different information in a meaningful way

Understanding still a lever to better predict




Thanks for your attention

Questions !




