Systems Biology for wheat
improvement




Introduction



Wheat production has grown tremendously

in the past six decades
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Figure 1. World wheat yield, production and area from 1961 to 2016 (FAO, 2018).
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Global warming- the history of temperature
anomaly between 1850 to 2018
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Though most of potential wheat crop yield

1s lost to abiotic stresses
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Drought and Salinity specifically limit photosynthesis
and growth (common and unique pathways)
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Drought and Salinity cause reduction of up to
902% and more than 50%, respectively

TABLE 1

Reductions in grain yield in wheat caused by drought stress
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The original (conventional) breeding model for
plant improvement consists of cross-breeding
and selection

Genetic variation
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But transformation and genome editing

expedited the genetic integration
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QTL mapping (fragment markers) and GWAS
(SNP markers) are relatively modern tools to
discover relevant genes
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Omics recently became the newest method

for relevant gene discovery
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The problem is that the amount of data
from Omics exceeds human capacity and
requires computational methods
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Systems biology does exactly that- the use
of computational methods in deciphering
biological-derived technology-enabled
high-throughput data
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Hypotheses



 Different cultivars/lines of wheat have a genetic,
transcriptomic, metabolomic and microbiomic
landscape (species/line-unique and similar) affecting

drought and salinity responses.

« A Systems Biology approach using novel correlation
network analysis and machine learning can highlight
and identify important traits and pathways for wheat stress

tolerance.



1) Whole-plant in-depth physiological
growth experiments under control,
drought and salinity
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Physiology & Biochemistry



Diversity and variation in 274 experiment
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Metabolomics



Variation and trends in metabolomics (274 exp)
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Network Analysis



Creating metabolomic networks and metabolic
pathway predictions
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Transcriptomics



MARS-Seq

RNA extraction

Fragmentation and polyA selection

e —

Reverse transcription, barcoding followed by RNase H treatment
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WGCNA

Construct a gene co-expression network

Rationale: make use of interaction patterns among genes 4

Tools: correlation as a measure of co-expression

Identify modules
Rationale: module (pathway) based analysis
Tools: hierarchical clustering, Dynamic Tree Cut

G

Relate modules to external information
Array Information: clinical data, SNPs, proteomics |
Gene Information: ontology, functional enrichement
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Rationale: find biologically interesting modules T

Study module relationships
Rationale: biological data reduction, systems-level view
Tools: Eigengene Networks

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

Langfelder and Horvath (2008)

Create population:
vectors of random genes

corresponding to gene module

Pipeline for Transcriptomics
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Microbiomics



Microbiomics — classical approach

16S rRNA Gene Amplicons Va.Va and Vs provide sufficient
) ) o ) classification accuracy.
Multiple region amplification of the 16S gene (Liu et al., 2008;
Claesson et al ., 2010)
| | |
\4 V2 V3 V4 V5 V6 V7 V8 V9

The most common-method

ITS1 and ITS2 Amplicons (Fungal)

‘ Recently been suggested
as a better suited target to
extend the coverage of

185 ITS1 5.8S ITS2 28S fungal kingdom.

(Nilsson et al., 2019)
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KEY

Additional Coverage by Swift

59% bacterial coverage
67% bacterial coverage ©1% archaea coverage

43% archaea coverage 11% bacterial coverage
15% bacterial coverage =

437 bp

291 bp 32% bacterial coverage

ITS1 and ITS2 Amplicons (Fungal)

T 7% fungal coverage

145 to 695 bp

18S ITS1 5.8S ITS2 265

88% fungal coverage
267 to 511 bp




Microbiomics — novel approach

Provides Superior Representation of a Diverse Microbial Community Versus V3-V4 Only
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Figure 2. The Swift Amplicon 16S+ITS Panel
covering all V1-V9 regions provides sensitive
detection and accurate representation of each
species in the sample compared to standard
methods interrogating the V3-V4 region alone.
Organisms marked in red were underrepresented
by V3-V4 only method. Input DNA was a mix of 20
bacterial species (ATCC® MSA-1003™) tested with
the Swift Amplicon 16S+ITS Panel, sequenced with
lllumina® MiSeq® V3 (2x300bp reads).



~orrelation heatmap between post-GA genes’ expression data and
physiological, biochemical and microbiome parameters
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The effect of Virus-Induced Gene Silencing on
L-carnitine biosynthesis under salinity conditions

virus vector
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Modern wheat has evolved over >6,000,00 years
500,000Y Modern wheat

> 10,000Y
Evolution (nature) ./ -
‘ Domestication (man)
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Non-shattering; Uniform; High yield
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ICCR Mission

Utilization of the collection to produce better cereals
Diseases, Climate, Pests, Quality, Yield
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Our goal in to produce super wheat
for a better future




A genome-wide association
study in wild emmer wheat
provides a target for seed
weight increase



Background



The central dogma —the DNA sequence
(“genotype”) dictates the protein sequence which
dictates the physical characteristics (“phenotype”)
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DNA  sequence
provein Hhot \elps parple Flowers
wake pigyments

https://www.khanacademy.org/science/ap-biology/gene-
expression-and-regulation/translation/a/intro-to-gene-
expression-central-dogma



Even changes in single nucleotides (SNPs) cause
phenotypic changes

Light

1

rs12913832: GG

Subject 1:}@&

Subject 2: ACTCG
Subject 3: A
Subject 4: A
Subject 5: ACFCGCTAAGTCGATC ACTAGCTACTGGAATCGCTTGCA
Subject 6: ACTCGCTAAGTCGATC ACTAGCTACTGGAATCGCTTGCA

Andersen et al. (2011)



GWAS

GWAS (genome-wide association study) USES SNPs to discover
relevant genes
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A population Of Td (an ancient progenitor of Ta; bread wheat) from all over
Israel was used in a GWAS
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The SNP results passed a permutation test
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The area and nitrogen content were differential
for haplotypes of S5 683245061
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The TILLING mutant shows higher seed weight and seed area, higher
nitrogen content while showing lower seed number and lower yield per spike
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The TILLING
mutant shows
altered grain
quality
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Succinate 1

Lumichrome +
Quinic_acid
Tryptophan

EMS/Kronos

200

175

-150

-125

-100

- 075

- 050

0.25

0.00
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