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Systematic DNA fragmentation

Most NGS protocols start with preparation of libraries by shearing the DNA

A
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Peterson et al., 2014



Single-nucleotide polymorphism

DEFINITION: a germline substitution of a single nucleotide at a specific
position in the genome and is present in a sufficiently large fraction of

the population (1% or more).
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Our working hypothesis: there are one or more «genetic factors»
somewhere on the genome affecting a trait of interest

We already know it’s not an easy job:
* Most interesting traits are controlled by multiple genetic factors
* Eukaryotic Genomes are complex;

* It is not really like finding a needle in a haystack; it is finding a needle in
pile of needles

Genome Track View Help ©D Share

0 50,000,000 100,000,000 150, ,000 200,000,000 250,000,000 300,000,0
@ @ Q Q Q Q Chr1| » | Chr1:146735001..151505000 (4.77 Mb) Go ]
147,500,000 148,750,000 150,000,000 151,250,000
7 Representative Gene Models o bl g L gl “t i o “ bl o - > |
i | |+ +t o+ «



Reverse genetics Trait(s)

Agamogs

_X_

N

What trait arises from
Gene(s) —m== {pe perturbationofa — "

DNA sequence? _

agamous

Forward genetics

Is variation of a trait

associated with ———= Gene(s)

genotypic variation? —_— —

L]




A recipe for forward genetics: genome-wide
association studies (GWAS)

Our ingredients:

1.

Genetic materials, a set of genetic resources in which variation is present
for certain traits

Phenotypic values measured on the set of genetic materials and
representing variation of interest

Molecular markers typed on the set of genetic materials; most commonly
SNPs, which are bi-allelic and distributed genome wide

Appropriate statistics to connect genotypes and phenotypes; many
methods, same underlying reasoning



The recipe at work (see Caproni, Lakew et al 2023 in the shared folder)

Research question: climate change is affecting seasonal rainfall
distribution in Ethiopia; there is the need to steer breeding towards
early flowering genotypes to improve local adaptation; plant genetic
resources may have useful alleles to contribute to this

1. Genetic materials: A
representative collection about
400 Ethiopian barley landraces
and breeding lines
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2. Phentoypic values: Days to flowering measured on all genotypes for which
genotypic data is also available
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3. Molecular markers: 30K SNPs
describing the diversity of genetic
materials across the whole genome
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A recipe for forward genetics: genome-wide
association studies (GWAS)

Our ingredients:

1.

Genetic materials, a set of genetic resources in which variation is present
for certain traits

Phenotypic values measured on the set of genetic materials and
representing variation of interest

Molecular markers typed on the set of genetic materials; most commonly
SNPs, which are bi-allelic and distributed genome wide

Appropriate statistics to connect genotypes and phenotypes; many
methods, same underlying reasoning



* Many different methods, same underlying reasoning: is there any given
allele (marker) associated with the value of the trait of interest?

* In other words, we want to know whether our response variable (y, the
phentoype) is associated with our explanatory variable (x, the marker)

* We can address this in a simple statistical framework based on a linear
model

y=,80+,81x+£ Ho: B1 =0 Hy: p; #0



4. Appropriate statistics



4. Appropriate statistics

Trait

Individual

Phenotypic
variation (y)



* Each individual is different from the others; when we genotype them with SNPs, we obtain
biallelic markers at each locus, with different outputs depending on their allelic diversity

* We don’t really need to worry about nucleotides; let’s rather think in terms of alleles, and
let’s call the allele 0 when it is the same as the reference genome and 1 when it is different
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Running a GWAS fitting a
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Trait

No association; this is the
outcome expected on most
tests (as most of the
markers/loci have nothing to
do with the trait)
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Association; it seems that the response
variable is associated with the explanatory
variable, and we expect it to happen rarely. To
what extent the association is significant, the
statistics tells us

y =B+ P1x+¢




~logya(p)

The model is tested on all markers; if you have 1M markers, that’s 1M tests!
Each test is specific to a marker, which is specific to a genomic location

The common representation of the outcome is a Manhattan plot which puts
together position on the genome (x) and significance of the associated test (y)
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Remember that SNP markers, however many they may be, seldom
represent the full extent of variation in the genome

* Markers are our proxy to represent variation in the DNA level; they
are the mean to an end and not the end itself

SNP 1 SNP 2 SNP 3 SNP4
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The reason why we capture the «effect» of
a specific genetic factor on the value of the
trait through GWAS is that linkage
disequlibrium (LD) exists between the
marker and the causative variant
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Back to Ethiopian barley genetic resources now

(a) Days to Heading (DH) . What'S next?

~ : * Characterize gene

o . o

R . : models in the region

B - SPUU S * Develop segregating
populations to fine

map genetic elements

* Design cheap markers
tagging loci of interest
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Genetic diversity and structure
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There are several way to describe and measure structure

DAPC
cluster
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Genome-wide association study

y = SNP + Q (or PCs) + e
(fixed effect) (fixed effect)
General Linear Model
(GLM)

Y = SNP + Q (or PCs) + Kinship + e

(fixed effect) (fixed effect) (random effect)
General Linear Model (GLM)

Mixed Linear Model (MLM)
Yu et al, 2005 Nature Genetics

SeveraI.Other methods mclud'lng stepw!se ] MMLM: Segura et al, 2012 Nature Genetics
regressions like MMLM (Multi-Locus Mixed Linear FarmCPU: Liu et al. 2016, PLoS Genetics
Model), FarmCPU (Fixed and Random ) and BLINK BLINK: Huang et al., 2019, Gigascience



Evaluating the fit of the model (QQ-plots)

Structure-inflated p- . No Association
*values «

 The QQ-plot is a graphical
representation of the deviation of the
observed p-values from the null-
hypothesis (no-association).

Observed —logqo(p)
Observed —logo(p)

e P-values are sorted from the smallest to ¢ f & % 4 & 6 & &
Expected —logo(p) Expected ~logio(p)

the largest and plotted against expected

. 2 Structure over-correction... L
p-values from a theoretical x*- or data problem? Clear associations!
distribution. 15

* |f the observed values correspond to
the expected values, all points are on or
near the middle line between the x-axis
and the y-axis.

Observed —logo(p)
Observed —logio(p)
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Use of mapping information for breeding

Once a marker-trait

sssss iation is discovered, it
can be used to accelerate
the developement of new
varieties with improved
traits




Can we use this approach to study adaptation?



Genome wide association study

Genetic diversity Phentoypic
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Let’s Go back to the Barley diversity panel

From the largest genebank of Africa
Ethiopian Biodiversity Institute (EBI)
e 249 georeferenced landraces,
(sampling sites)
» 383 genotypes (resulting from
purification)
* Panel sided with 40 improved
varieties.

latitude




Some international databases worth to mention

\
Q)pern ICUS Remote sensing raw datasets: high-quality

Europe’s eyes on Earth satellite imaging data are available from 1979

Interpolated climate data: here you can freely

{':e Wo rI d C I i m download bioclimatic indicators and projected

climate data at different RCPs and different
horizons

& I S R I c Interpolated soil datasets: soil pH, mineral

World Soil Information content and a lot more



Historical climate data
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Extracting climatic features at sampling points

1 l Layer 1 | Layer 2 Layer n
Laver 1 sampling
Y point 1 o
Layer 2 sampling
point 2
Layer n
sampling
point n




Climatic characterization

Historical climate data derived from the fifth generation : .

of European Centre for Medium- Range Weather ( OpEew!’DJgg”Sh
Forecasts (ECMWF) atmospheric reanalysis version e
(ERAS) data. 1

SPATIAL RESOLUTION 0.25° x 0,25° M@her

For optimal spatial and temporal adjustment,
 Temperature data of 150 weather station of NMA +
* Rainfall RainFARM



Deriving bioclimatic indicators

bio2 - Mean temp

bio3 - Mean Diurnal Range

bio4 - Temp Variation

K
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derive 19 bioclimatic variables ) ¥ Fe 5y Sl
L (historical climate) ) ’ ® ‘ﬁ(é? A g -
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Extracting climatic features at sampling points

1 l Layer 1 | Layer 2 Layer n
Laver 1 sampling
Y point 1 o
Layer 2 sampling
point 2
Layer n
sampling
point n




s there any evidence that is suggesting that
possibily



Genetic diversity and structure

ey B




G en et | C d IVe I'S |ty Based on 2064 LD-pruned SNPs
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Bioclimatic and genetic diversity

Bioclimatic Diversity

DAPC

S cluster

« 383 georeferenced genotypes . ;
(landraces) _ 005 X
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Redundancy analysis RDA

simple RDA: compute the fitted
values (Y’); then conduct a PCA of the

Y' matrix

partial RDA: partial linear regression
is used to adjust the linear effects of X

on Y accounting for the covariables W
(population structure, spatial eigenvectors, ect)

« RESPONSE (Y): LD pruned-SNPs
« EXPLANATORY (X): bioclimatic,
geographical, phenotypic

n indiv/pop

Partial redundancy analysis (pRDA)

p loci m variables z covariables
o Y X w
o +
A3 ot
2| Response Expla_matory Covariables
o= variables
Simple redundancy
anaIyS|s (RDA) l Linear regression
p loci m variables p loci m variables
(¢ X § Yresw Xmslw
Explanatory % Residuals Residuals
fesponse variables £l ofy~w of X~ W
\ [naar / RDA2
regression
Env3 RDA3
p loci A
gl Y Bek &
o — A e RDA1
5 Fitted PCA ks Ty > Envi
= values - [ Env2
s Env4

Locus or indiv/pop

(Capblancqg and Forester 2021)



PRDA variance partitioning

* RDA models linear relationships among sets of explanatory variables (e.g. bio vars, geo,
genetic PCs) and response variables (genomic variation, i.e. LD-pruned SNPs).

Proportion of Proportion of
pRDA model Inertia R? adj R? p(>F) explainable variance  total variance
Full model: G~clim. + geog. + struct. 2471 22 19 0071+ 1.00 o =22
Pure climate: G~clim.|(geog. + struct) 54.7 .05 .03 001+ .22 L _.0_5_'

Pure structure: G~struct.|(clim. + geog.) 118.1 11 10 001+ A48 A1
Pure geography: G~geog.|(clim. + struct.) 13.6 .01 .01 001*** .06 .01
Confounded climate/structure/geography 60.8 .25 .05
Total unexplained 860.5 78
Total inertia 1107.6 1.00

***p<.001.
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Modelling the genetic drivers of

adaptation
RCP 4.5 2050
T 300 km
i Similar colors reflect
14°N .
Machine Learning tree-based approach (Gradient Forest) S'r.n"a.r allgle
combinations at

*  RESPONSE VARAIBLES = LD pruned-SNPs
e  PREDICTORS =Non-collinear historical bioclimatic vars

+ MEMs (geography)

climate adaptive
loci

10°N -

latitude

©
°
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PCA is used to
summarize the
allelic turnover
across the
landscape
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Estimating the level of predicted

Calculated as the Euclidean
distance (ED) between the allelic
turnover under the historical and

projected climate

-

Vulnerable areas:
* Western Tigray
* Area bordering Oromia and SNNP

malada ptation (genomic vulnerability)

14°N

12°N

10°N

latitude

8°N

6°N

4°N

RCP 4.5 2050

40°E
longitude

42°E

44°E

46°E

48°E



Genotype-environment associations (partial-RDA)

explanatory variables noncollinear bioclimatic indicators
response variables LD-pruned SNP (2064)

RDA - genotype-environment associations

FRIGIDA
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—log1o(p)
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GWAS: proof of concept

Mapping lateral spikelet fertility

Vrsi
Six-rowed barley originated from a mutation in a
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