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adaptation



Experimental agriculture IS a
process based on development

of products

Innovation IS to be directed to improvement of farming
for the benefit of farmers, consumers, and environment
When thinking of a new variety or a new farming
practice, the target users are farmers

Product profiling | .
(l.e. design)is a Vg
key issue to '

achieve impact

Aldentify a need

AConsider who will
use the product and

why

Als it clear how to
use Iit?

Als it engaging?



A Crop breeding is tasked with developiong producs i varieties i originating
from new genetic combinations. A neverending quest for yield, resistance,
qgual i tye

A Modern crop breeding is largely a legacy of the Green Revolution

Change in cereal production, yield, land use and population, Africa
All figures are indexed to the start year of the timeline. This means the first year of the time-series is given the value
Zero

Cereal production
Population

+350%

+300% /
/
+250% '

+200%

+150%

+100% | w‘r
+50% :

Land used for cereal
Cereal yield

: )

- . ,

Q +0/0 S

= 1961 1970 1980 1990 2000 2010 2021

Source: Our World in Data based on World Bank; Food and Agriculture Organization of the United Nations

Fl’led|l et al (2019) OurWorldInData.org/crop-yields « CC BY



«Conventional» farming: uniform
environment, high-input, high-tech
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Smallholder farming: heterogen
low-input, low-tech
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Number of farms by size

Estimated number of farms by size based on agricultural census data. Shown is the year of the latest agricultural
census data, which varies from country to country.
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Source: Lowder et al. (2016). The number, size, and distribution of farms, smallholder farms, and family farms worldwide. <i>World
Development</i>.
OurWorldInData.org/farm-size « CC BY

Globally, about 570M smallholder farmers support the
livelihoods of 2B people; small farms produce 1/3 of global
food



A Good looking and
high performing
A Requires lots of

Share of improved varieties in Ethiopia
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Molecular breeding for local
addapitatian and manipulation of genetic factors

to speed up the production of new varieties for:

1. High yield potential (+ yield stability ) under
oW INputs

2. Potential for adaptation to current and future
climate

3adrtiiodiveritional valdeomady cultural




First pillar: agrobiodivers

No diversity? No

Improvement!
Vavilov centers
A Agrobiodiversity is nature +
culture; biodiversity that
has been shaped by human
Ingenuity

AAgrobiodiversity is the raw
material that breeders shape
Into new and improved

e - 8 varieties VTR
Cher i nemother , serving _ coffe _ _ Norman Borlaug
Bahir Dar Ethiopia AThe green revolution IS Nobel laureate

really the most recent step



Current varieties are the result of
thousands of years of selection, which
limits the amount of diversity in current

Wild relatives

Early domesticates
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Untapped genetic agrobiodiversity
can be sourced from seed banks and
farmer fields




llar: genomics

A Once you have diversity, you need the
tools to characterize it

A Genomic technology evolved rapidily in
the last 20+ years ; DNA sequencing IS
an everyday task
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It IS now easy and cheap to
produce tons of
and the future

~genomic data,

0 pg o,

BIOTECHNOLOGY

Multiple rereads of single proteins at
single-amino acid resolution using nanopores

Henry Brinkerhoff', Albert S. W. Kang®, Jinggian Liu?, Aleksei Aksimentiev?, Cees Dekker'*

A proteomics tool capable of identifying single proteins would be important for cell biology research
and applications. Here, we demonstrate a nanopore-based single-molecule peptide reader sensitive to
single-amino acid substitutions within individual peptides. A DNA-peptide conjugate was pulled through
the biological nanopore MspA by the DNA helicase Hel308. Reading the ion current signal through

the nanopore enabled discrimination of single—amino acid substitutions in single reads. Molecular
dynamics simulations showed these signals to result from size exclusion and pore binding. We

also demonstrate the capability to “rewind” peptide reads, obtaining numerous independent reads of
the same molecule, yielding an error rate of <107® in single amino acid variant identification.

These proof-of-concept experiments constitute a promising basis for the development of a single-
molecule protein fingerprinting and analysis technology.

IS bright !

RESEARCH

3,4,5
'

Aaron Pomerantz 9%, Nicolas Penafiel?, Alejandro Arteaga
Lucas Bustamante®, Frank Pichardo®, Luis A. Coloma®, César
L. Barrio-Amoros’, David Salazar-Valenzuela? and Stefan Prost-®*

!Department of Integrative Biology, University of California, Berkeley, CA, USA, *Centro de Investigacion de la
Biodiversidad y Cambio Climatico (BioCamb) e Ingenieria en Biodiversidad y Recursos Genéticos, Facultad de
Ciencias de Medio Ambiente, Universidad Tecnoldgica Indoamérica, Machala y Sabanilla, Quito, Ecuador,
*Richard Gilder Graduate School, American Museum of Natural History, New York, USA, “Department of
Herpetology, American Museum of Natural History, New York, USA, *Tropical Herping, Quito, Ecuador, *Centro
Jambatu de Investigacion y Conservacion de Anfibios, Fundacion Otonga, Quito, Ecuador, "Doc Frog
Expeditions, Uvita, Costa Rica and *Program for Conservation Genomics, Department of Biology, Stanford
University, Stanford, CA, USA



Third pillar: genetics

Genome

!
Replication C Genes (DNA)

\Transcription

RNA
MRNA

\ Translation

Proteins

Metabolism
Physiology

Phenotype

Once you can read DNA, the
challenge is to understand
what it is doing

Quantity
Genome = Structure
Organization

Replication CGenes — Structure
p Function
( lTranscription \

AN Regulation

MRNA
l Translation

\ Proteins
\ Metabolism

Physiology

Environment

GXxE

Phenotype



Reverse genetics Trait(s)

Afamous

What trait -
Gene(S) —e= arises from the —
perturbation of -
a DNA sequence? agamous

Forward genetics

Trait(s)

Is variation of N

a trait ——— Gene(s)

associated with |
genotypic

variation? -_

e




A It isbecomingincreasinghclearthat

A

traits arecontrolled by manifold,

smalleffectloci
Quantitativegeneticmapping studies
aretipicallyunderpoweredto
capturesmalleffects(few cases
manyvariables

Large human studies (e.g. UK
BioBank are filling in the gap
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Predictive

Alt is possible to
everage big data to

puild  simple  models
oredicting outcomes
( phenotypes ) given a
setof  starting

conditions ( genotypes )

AGenomic selection /

genomic prediction IS

usually based on:

A Training set: in which
Individuals are

genotyped AND
phenotyped and a model
IS Dbuild to relate
these quantities

A Test set: in which

genomics

Training setSNP data and trait data

Estimatealelle
effectsin arrBLUP

. Test set:SNP datanly, trait datamasked

‘ Estimatephenotypes

Predictiveability: correlationbetween
estimatedtrait valuesandtrue values



OQuter CV

1 Inner CV
st | Seasasssssussssssssas
selected
model \sansh  Sassamssssssasas
Hyperparameter
tuning

Test on
selected model

Hyperparameter
tuning
Training set  Validation Training set
inner CV set inner CV outer CV

Aln  whole - genome

predictions

value IS

each SNP

associated with

an estimated

( Infinitesimal

effect on

the phenotype

Al t 6ab
strategy:
about w

ack box
we d o n ochare

nere genes are,

what they do, what is the
molecular basis of traits
- > we |Just care about the
numerical association
between alleles and
phenotypes

.AThe effectiveness of

rstset Predictions IS tipically

outerCV Aaccencend

\/IN AYACCe



From phenotyplc selection to molecular selection to

biote
Reference - ’ Target
Pedigree At
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Modifying genes
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Ethiopia ,the land of origins

A Many endemisms , wide topographic
variation

A Main settlements b/w 2,000 and
2,500 masl

A 10 ecosystems ,49 agroecologies
A

A

43% of GDP comes from farming
90% of farmers are smallholders

Broken plateau, canyons




Durum wheat

Triticum turgidum , tetraploid wheat ( subgenomes
dBpendent
domestication In

Ethiopia ? ( debated )
Cultivated for
traditional

preparations

Estimated 4.2 Million
farmers (13% of

cereal growers )
Low mean productivity
2.7 ton/ha

Y A Y | | P Y, |




Sampling Ethiopian durum
wheat diversity

AGenetic materials selected onthe basis of
passport dataof exsitu collections at the
Ethiopian Biodiversty Institute (EBI)

APurification plot prior characterization

ADominant types selected : accessions sp
need
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AGenotyping  with the
illumina 90K SNP
array

ADiversity panel
collection

A298 traditional durum

wheat l|andraces

A25 improved durum
wheat lines release
for cultivation

Bréad#agerranmatierialslurum
cultivdiesds In  Ethiopia
lack Ethiopian heritage

PC2(43%)

-0.05 0.00 0.05

-0.10

Dejene Mengistu, Ph@

* landraces
o improved lines
* mediterranean

0.00

I
0.05

PC1(20%)

I
0.10




Moving closer to breeding:
the Ethiopian  NAM (EtNAM) Yosef Kidane, Phigigiy

AThe Diversit of traditonal
useful for local and

1 2 3 45 6 7 8 910 1112 131415 1617 18 1920 21 22... ...

international breeding <« || asassa
AA nested association ‘

A Dested assodtation  obe e MNNNNLNNTERIRNININY
used to recombine local so |0 le Je
diversity with an  improved T " o i .
background, producing at LS AL i
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B RF
® NAM 1
® NAM 2
® NAM 3
NAM 4
® NAM 5
» NAM 6
NAM 7
® NAM 8
NAM 9

NAM 10
® NAM 13
® NAM 14
® NAM 15
® NAM 16
® NAM 18

NAM 19
® NAM 21

NAM 22

® NAM 23
® NAM 24
® NAM 26
® NAM 28
NAM 29
® NAM 30
NAM 31
® NAM 32
® NAM 33
NAM 36
® NAM 37
NAM 38
® NAM 39
NAM 40
® NAM 42
NAM 43
NAM 45
NAM 46
® NAM 51

GY

PH

T
85

A 50 Ethiopian

durum wheat
landraces  (+ 2
italian lines)
chosen as
female parents
Recurrent male
founder

( Asassa ) with
International
background
selected on

Kidtheet 9asis of

farmers'



12 NAM families, 100 RIL each (1,200 RILs) selected for
Initial characterization (total 6,500)

AGenotyping with the Illumina 15k SNP
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Plant materials: 400 landraces:

égﬂgtﬁlhﬁaterials can be used in

a genome wide association study

Bogale Nigir, PhD

50

|

- - 250 — — Marker
(GWAS) to identify alleles of - Sontoma
breeding relevance, e.g. 1
resistance to Septoria s
Accession #3208 and g "
#208304 were released as g 150 —
varieties in 2017 § «
é 100 —

‘‘‘‘‘

[ I | | | I | I I | I | | 1

1A 1B 2A 2B 3A 3B 4A 4B 5A 5B 6A 6B 7A 7B
Chromosome

Kidane et al 2017



Bringing farmers into
the picture

A Each family-village uses its own seeds,
selected and maintained forward according
to their preference

A Smallholder farmers must be efficient and
knowledgeable: their environment is not very
resilient. Their choice of genetic materials
must be the right choice

A Participatory varietal selection (PVS) can
help accessing this knowledge

Are PVS fraits ' Do PVS traits

traits a ' have  a

relatr?g i with genetic  basis
; In  wheat ?

guantitative
phenotype ?




Different wheat agroecologies

Focus group discussions
and survey to identify traits
most relevant to farmers

Scores 1 to 5 given for overall appreciation (OA): how
In each, metric traits collected on much do you like this wheat genotype?

hundreds of genotyped wheat accessions
laid down in a replicated lattice design

1] (IO 7. . 2 <\ S L e

Evaluation given to
each unlabeled
plot, groups
entering from
random entry
points, scoring
system devised to
avoid bias




SCOFing System Chiara Mancini, Phl@

A Genetic
materials
never seen
before

A Evaluations
given
eyeballing
the field

AlIndividual
scores
recorded

A400 landraces
In 1200 plots
( Geregera |,
Hagreselam )

A1200 EtNAM

DIl &~ 1 70NN




Farmer scores are
repeatible across

and across locations

genders
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Farmer scores and
metric traits are

related
Low potential area

- M
oo SRR S
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High potential area

Heading
Maturity

Flowering

Gesesse et al 2023
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Corr

. 1.0
0.5
0.0

I 0.5
-1.0



Farmer evaluations of wheat performance are heritable over year, location,

gender: they have a genetic basis in wheat

Overal appreciation

1.001

Location
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PVS farmer
scores can
identify QTL
that partially
overlap with
those deriving
from metric
traits ( e.g.,
kernel size,
phenology)

Some PVS QTL are
consistent

across

germplasm,

lA~rAatiAnarn AanrnA



Ina pre - breeding perspective

ASeveral RILs were outperforming both EtNAM
parental lines and Improved genotypes checks

AThe performance/  preference  for specific allelic
combinations IS location and gender -spe?g;jlﬁc

Adet Kulumsa
p=14.6e-05
Geregera |3
G Adet

EtNAM RIL 1
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e VIV 4
MV . MV G G
p =2.8e-02 p=4.7e-05
4 7
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Towards a quantitative
l ntegration of
knowledge in genomic

selection breeding
Training set.~ SNP data and

trait data

Estimate alelle
effects

Validation set: SNP data only,
trait data masked

!

Accuracy: correlation between estimated
trait values and true values

far mer s o

Cherinet
Alem, PhD

Bogale Nigir,
PhD

ALandraces, 1600 plots
AEtNAM RILs, 7200 plots

ArrBLUP to perform genomic
selection for yield (GY) and
farmer appreciation(OA)

ASelection conducted on BLUPS
measured across years and
locations, accuracy monitored



