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“For He Loved The Soil” (2 Chronicles 26:10).

This doctoral thesis is dedicated to the memory of our beloved son, husband, father, and
brother, Zechariah Haber OB”M. His love of nature, Israel and humanity led him to pursue a
doctorate at Tel Aviv University on increasing wheat production despite adverse climate
change. Zechariah focused on researching the genetic profile of wild wheat variants in Israel
which uniquely thrive in all of Israel’s diverse climates and whether those features can be
transferred to bread wheat. He moved to Israel with his family at the age of 8 from the United
States and died at the age of 32, defending the State of Israel, when he was on the verge of
finishing this thesis. In addition to pursuing his doctorate, Zechariah was a devoted husband to
Talia and a father of three young children, Sdayel Elisheva, Yosef Yerachem Shevet and
Nachaliel Tzvi. From a young age, Zechariah was a brilliant student who was deeply connected
to nature and to science, as well as to people of all ages and backgrounds. Our hope is that his
work will serve to further scientific advances that will help ensure food is widely available to
all and that Israel continues to grow and prosper and to serve as a beacon of scientific progress.

May Zechariah’s memory be a blessing. He is sorely missed.
Aharon and Miriam, Talia, Sdayel, Shevet and Nachaliel, Netanel, Noam and Yisrael

This Thesis is dedicated to the beloved memory of my Ph.D student Zechariah Haber
OB”M who died defending the State of Israel.

Zechariah was my first Ph.D student. which is a fateful decision for a new and young researcher
like me. I remember when we met for the first time on the lawn of the Faculty of Agriculture.
I met a young man who within a minute I realized that this is the person I want with me. It was
immediately possible to recognize his love for science and the Land of Israel. And for
Zechariah part, he was so enthusiastic about the possibility of working on Israeli wild wheat
plants that so represent who he was. An Israeli! There are several parameters by which a good
student can be defined. The level of independence, ability to think outside the box, precision
and perseverance, love of science, ability to express himself and more. Zechariah not only
answered all of these perfectly, but also added his own parameters of love of the Land of Israel,
helping all his peers at any hour and at any time. It is enough to look at everything he have

achieved in his too short scientific life and realize that Zechariah was a special person with rare



personal abilities. Because of Zechariah modesty, his amazing family, only now after his death
receives the confirmation that in science as in everything else Zechariah was elite. And on his
way to doing great things. I promise that Zechariah 's scientific legacy and contribution to
agricultural science, which he loved so much, will not be forgotten and will continue to be

immortalized in this thesis.
Nir Sade

The Wheat Still Grows Again

Lyrics: Dorit Tzameret

Translation: Elli Sacks

“The fields spill out below, as far as earth meets sky,
Beneath the olive trees and Mount Gilboa.

At eve, the valley’s splendor hits your eye,

The likes of which you’ve never seen before.

It’s not the same old house now, it’s not the same old valley,
You’re gone and never can return again.

The path, the boulevard, a skyward eagle tarries...

And yet the wheat still grows again.

And from the bitter earth, the asphodels still bloom,

A boy upon the grass, next to his puppy lies.

The nights descend upon a well-lit room,

On those within, and thoughts locked up inside.

It’s not the same old house now, it’s not the same old valley,
You’re gone and never can return again.

The path, the boulevard, a skyward eagle tarries...

And yet the wheat still grows again.

And everything that was, perhaps will ever be,

The rising and the setting of the sun...

And songs are always sung, but can they speak

The vastness of the loss and all the love.

It is the same old house now, yes it’s the same old valley,
But you — they never can return again.

And can it be, how can it be, that through Time’s endless tally...

Somehow the wheat still grows again.”



2. Abstract

One major focus in agriculture today is enhancing crop productivity, specifically under
intensifying environmental stress. Stress resistance was originally introduced by selecting the
fittest plants. Modern improvements included breeding, genetic transformation and genomic
editing, yet these had a marginal impact on the discovery of genes and factors important to
stress resistance. Recently, Omics have allowed to generate relatively cheap high-throughput
biological data, yet their Achilles' heel is the inability to manually process the quantity of data.
Therefore, many are turning to statistics and computational biology to bridge the gap and this

combination is also known as "Systems Biology".

In subsequent chapters, we apply in both wheat (Triticum aestivum) and tomato (Solanum
lycopersicum) crop plants a system biology approach utilizing wide physiological,
biochemical, metabolomic and microbiomic diverse measurements under control, drought,
salinity and nitrogen deficiency stress conditions. In order to decipher these data, as well as
specifically elucidate the data in its metabolic context, we employed computational biology
techniques, such as correlation network analysis and machine learning and identify novel
metabolic pathways and target genes involved in the crops' response to stress. Moreover, the
discovery of these novel genes is validated in planta through genetic engineering techniques,
including Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) and virus-
induced gene silencing (VIGS).

We explored circular soil biosolarization (CSBS) by using tomato pomace residues and studied
its impact on tomato crops under high salinity and nitrogen deficiency. The results showed that
CSBS enhanced plant growth, yield, and physiological performance compared to standard soil
solarization, especially under abiotic stress. CSBS also altered the soil microbiome and plant

metabolome, positively affecting tomato health.

We further explored chloroplast stabilization (source capacity) as a trait to increase the ability
of tomato source leaves to both maintain a high photo-assimilation rate and to prolong the
overall duration of the assimilation thus effecting fruit metabolism. Knockout of the chloroplast
vesiculation (CV) gene under stress led to more efficient use of carbon and nitrogen and to
higher yields. Detailed metabolic and transcriptomic network combined with machine learning

approach analysis of fruits revealed that the 1-glutamine and l-arginine biosynthesis pathways



are associated with stress-response conditions and also identified putative novel genes involved

in tomato fruit quality under stress.

Additionally, we explored wheat pan-genome collection affect by drought and salinity and used
multi-omics (integrating data from physiolomes, metabolomes, transcriptomes, and
microbiomes) and advanced analytical techniques like network analysis and machine learning,
to identify specific pathways and genes involved in stress response. These include two
pathways (indole-3-acetic acid inactivation VIII and L-carnitine biosynthesis) and their related
genes and physiological aspects. Experimental silencing of certain genes confirmed their roles

in plant physiology and stress response.

Finally, we discuss the application of CRISPR technologies in genome editing, particularly in
complicated crops as wheat. We highlight the importance of trait multiplexing in crops,
considering the redundancy of genomes and genes and the challenges of generating stable
transgenic plant lines. We provide examples of successful manipulation of various wheat traits
using CRISPR/Cas9, such as yield, biofortification, stress tolerance, and resistance to biotic
stresses. The focus shifts towards the potential creation of a multi-stress tolerant wheat cultivar,
addressing climate change impacts. The review suggests enhancing local landraces with
specific stress tolerances rather than pursuing a general 'super wheat,' as a more sustainable

solution for improving crop yields under diverse environmental conditions



3. Introduction

In the past twenty years, Omics (including genomics, transcriptomics, proteomics,
metabolomics and microbiomics) technologies have developed, allowing to generate relatively
cheap high-throughput data (Joyce and Palsson, 2006; Ivanova et al., 2019), which hopefully
contain genes or other factors, apparent in their importance to the tested conditions, e.g. for
plant stress resistance (Bagati et al., 2018). The first plant (Arabidopsis thaliana) genome was
completely sequenced and analyzed already by 2000 (AGI, 2000). However, crop plants
sequencing usually with much more complicated genomes has been hampered. For example,
the common wheat genome (e.g, high polyploidy, large size and genetic repetitiveness), was
fully sequenced only in 2012 (Brenchley et al., 2012), significantly annotated in 2014 (IWGSC,
2014) and fully annotated in 2018 (IWGSC, 2018). Recently, 15 cultivars were sequenced,
assembled and annotated, in order to increase the variation of genomic data available for wheat
cultivar research and improvement (Walkowiak et al., 2020). It is therefore expected to have
an outburst of wheat and other crops Omics data, which will supposedly point towards definite
factors associated with stress resistance (Shah et al., 2018; Goel et al., 2020; Alotaibi et al.,
2021).

Yet, one major setback to the Omics revolution is the inability to manually process the quantity
of data (Berger et al., 2013). Many computational and statistical tools are being implemented
to solve this problem, including bioinformatic databases (Berger et al., 2013), Principal
Component Analysis (PCA; Gastinel, 2012), computer programming tools (e.g. for

Bioconductor packages in R, see http://www.bioconductor.org), machine learning (van Dijk et

al., 2021) and network analysis (Toubiana et al., 2013), with some examples of combinations
(Toubiana et al., 2019; Toubiana et al., 2020). This integration of Omics, together with
computational tools, is often called "Systems Biology (Shah et al., 2017).

System biology approaches offer comprehensive and integrated methods for studying complex
biological systems in plant science. By employing multi-omics techniques such as genomics,
transcriptomics, proteomics, metabolomics, and microbiomics, along with computational
modeling and data analysis, system biology aims to understand the intricate networks and
interactions within plants. This holistic approach enables researchers to explore various
biological processes, including growth, development, metabolism, and response to

environmental stresses, at a systems level (Kumar et al.,2015)



“System biology” approach in crop stress resistance research, has rarely been used. This is
mainly due to the fact that extracting meaningful biological insights from vast data requires
appropriate analytical tools (Misra et al., 2019). Correlation-based network analysis (CNA) has
emerged as a powerful tool in systems biology, enabling the integration of heterogeneous data
into coherent datasets and this has been recently highlighting in the context of plant metabolism
under stress (Toubiana et al., 2019). It is indeed an ideal tool to analyze and highlight the
differences of metabolic behavior between plants grown under controlled conditions and plants
exposed to abiotic or biotic stress (e.g., Hochberg et al, 2013; Toubiana et al; 2020a, Toubiana
et al, 2020b). In a correlation network (CN), nodes represent metabolites and the edges between
them the significant correlation coefficients (r). Setting the correlation coefficient threshold is
a non-trivial task. A recent study has shown the correlation coefficient thresholds must be set
dynamically determined by the network topology of the system of study (Toubiana and
Maruenda, 2021). Only by doing so the resulting CN captures the relevant biological

information.

The reconstruction of metabolic pathways involves a complex process utilizing a constraint-
based bottom-up approach. This typically involves gene annotation, computational derivation,
and manual curation, relying on knowledge of compound stoichiometry, thermodynamic data,
cellular compartmentalization, and other factors. Due to its complexity, metabolic pathways
are often predicted computationally rather than through extensive experimental evidence
(Monk et al.,2014). The process follows specific steps starting with known biochemistry,
genomics, and physiology, then applying physico-chemical constraints, predicting flux
distributions, and determining meaningful physiological states (Fiehn et al.,2011). These
pathways, whether fully validated or not, are cataloged in databases like PlantCyc, BioCyc,
and KEGG (Toubiana et al.,2019a). In addition to the constraint-based approach, metabolite
networks utilize high-throughput metabolite profiles to study coordinated metabolite behavior
without prior knowledge. Metabolite profiles are correlated using mathematically defined
similarity measures, which are then represented in network form with nodes representing
metabolites and links indicating correlation coefficients (Toubiana et al.,2019a; Toubiana et
al.,2019b). Machine learning (ML) encompasses a set of methods enabling computers to learn
from available data without explicit programming and can be harnessed to improve high-
throughput data. ML approach can be used to map existing metabolic pathways onto the

metabolite correlation networks followed by the computation of a set of network properties for



each pathway to derive an ML model. The resulting ML model can then use to predict the
existence of yet unidentified pathways and functional genes based on the mapping of pathways
onto the correlation networks and computation of the same set of network properties (Toubiana

et al.,2020a; Toubiana et al.,2020b).

When using ML combined with CN to predict metabolic pathways, it is also necessary to
experimentally validate those pathways and genes as a part of the “system biology” holistic
approach. This usually include the use of reverse genetics for experimental validation. Firstly,
it allows researchers to directly target specific genes or genetic pathways identified through
predictive analyses, thereby providing a focused approach to testing hypotheses. Secondly,
reverse genetics enables the precise manipulation of genetic material, such as gene knockout
(Virus Induced gene silencing (VIGS) and Clustered Regularly Interspaced Short Palindromic
Repeats (CRISPR)) or overexpression, to observe the resulting phenotypic changes (Lu et
al.,2003; Feng et al., 2014). Those methodologies provide direct evidence linking genotype to
phenotype, helping to confirm the function of predicted genes. (Ben Amar et al.,2016)

In the following sections, we utilize a systems biology approach to investigate wheat (7Triticum
aestivum) and tomato (Solanum lycopersicum) crop plants under various stress conditions
including control, drought, salinity, and nitrogen deficiency. We integrate a wide range of
physiological, biochemical, metabolomic, and microbiomic measurements to analyze the data.
To interpret these findings within the metabolic framework, we employ computational biology
methods such as correlation network analysis and machine learning. This enables us to identify
new metabolic pathways and target genes associated with the plants' response to stress.
Furthermore, we validate the discovery of these novel genes through genetic engineering
techniques like Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) and

virus-induced gene silencing (VIGS) in planta.



4. Material, methods and results as an article collection

Sub- chapter 4.1

Results presented in this sub-chapter has been published in the journal “Frontiers

in Plant Science”

Title: The effect of circular soil biosolarization treatment on the physiology,

metabolomics, and microbiome of tomato plants under certain abiotic stresses
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Soil biosolarization (SBS) is an alternative technique for soil pest control to
standard techniques such as soil fumigation and soil solarization (SS). By using
both solar heating and fermentation of organic amendments, faster and more
effective control of soilborne pathogens can be achieved. A circular economy
may be created by using the residues of a given crop as organic amendments to
biosolarize fields that produce that crop, which is termed circular soil
biosolarization (CSBS). In this study, CSBS was employed by biosolarizing soil
with amended tomato pomace (TP) residues and examining its impact on tomato
cropping under conditions of abiotic stresses, specifically high salinity and
nitrogen deficiency. The results showed that in the absence of abiotic stress,
CSBS can benefit plant physiological performance, growth and yield relative to
SS. Moreover, CSBS significantly mitigated the impacts of abiotic stress
conditions. The results also showed that CSBS impacted the soil microbiome
and plant metabolome. Mycoplana and Kaistobacter genera were found to be
positively correlated with benefits to tomato plants health under abiotic stress
conditions. Conversely, the relative abundance of the orders RB41, MND1, and
the family EIlin6075 and were negatively correlated with tomato plants health.
Moreover, several metabolites were significantly affected in plants grown in SS-
and CSBS-treated soils under abiotic stress conditions. The metabolite xylonic
acid isomer was found to be significantly negatively correlated with tomato
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plants health performance across all treatments. These findings improve
understanding of the interactions between CSBS, soil ecology, and crop
physiology under abiotic stress conditions.

KEYWORDS

rhizosphere microbiome, plant metabolome, abiotic stress, sustainable agriculture,
organic waste management, soil solarization, anaerobic soil disinfestation,

circular economy

Introduction

As the anthropogenic burden on agricultural systems keeps
increasing, the need for new sustainable agricultural techniques
increases as well. The massive use of modern disruptive
techniques in agriculture such as chemical fertilization,
fertigation, excessive irrigation, use of chemical pesticides and
others is causing both biotic stresses (invasive species, resistant
pathogens) and abiotic stresses (soil salinity, heavy metal
pollution, nitrogen deficiency, soil erosion and more (Sade
et al., 2018; Goswami and Suresh, 2020)) in the soil and on
crops. Soils salinity is a rapidly growing global problem (Sade
et al., 2020) that necessitates sustainable solutions to increase
crop growth in harsh conditions for the maintaining of global
food security. Looking for alternative nitrogen sources is also an
important mission as chemical fertilizers are a major
environmental problem (Savci, 2012). One of the techniques
that is being used to mitigate these problems is soil solarization
(SS). SS was established as an alternative to chemical soil
fumigation to treat a broad spectrum of soil borne pathogens
(DeVay and Katan, 1991). SS is done by placing a clear plastic
cover over the crop rows ahead of crop planting. The idea behind
the technique is to use the resulting heat caused by the
greenhouse effect to elevate the soil temperature to a level that
can kill a large share of the soil borne pathogens and weeds
(Stapleton, 2000). Although SS is a sustainable and
environmentally friendly technique that is currently being used
around the world (mainly for growing strawberries and other
high value crops (Chamorro et al., 2015; Katan, 2015; Oldfield
et al, 2017)) it has several pitfalls that prevent it from becoming
more popular among farmers. The pitfalls are coming from its
passive nature, as it is completely dependent on the available
solar radiation, which demands a long duration of treatment and
has a limited ability to control soil-borne pathogens beneath the
soil surface (Achmon et al., 2017). To overcome these problems
a modification of SS is being studied and implemented in the
form of soil biosolarization (SBS). In SBS, besides the covering
with transparent plastic sheets, additional organic matter (OM)
is added to the soil to accelerate the pathogens’ inactivation
process by adding biological and chemical pressures on them
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(Achmon et al., 2017; Hestmark et al., 2019; Achmon et al,,
2020). Recent studies done on circular SBS (CSBS, a variety of
the SBS technique in which the amendments to the soil are the
output residues of the same crop that is established after the SBS
treatment thereby using the “closing the loop” concept) together
with industrial tomato pomace (TP) residues (e.g. the waste
residues of the tomato processing industry) showed promising
results in terms of inactivation of weeds and pathogens
(Achmon et al., 2016; Achmon et al., 2017) and also in terms
of tomato crop growth and health (Achmon et al, 2018).
Additionally, more emphasis was given in recent studies to the
impact that SBS has on the soil microbial population (e.g. soil
microbiome) (Fernandez-Bayo et al., 2019; Achmon et al., 2020;
Shea et al,, 2022). In these studies it was observed that SBS can
alter the soil microbiome, mainly due to the combination of
elevated quantity of organic matter, higher temperature and
anaerobic conditions that serve as natural selective forces for an
adaptive microbial community (Achmon et al.,, 2020). Yet, the
impact that these changes in the microbiome have on the
consecutive crop is still unknown. At the same time it is
observed that the microbiome under SBS treatment also have
impacts on the soil chemical composition by addition of
products from the microbial metabolism such as volatile fatty
acids (VFAs) and other organic compounds (Hestmark et al.,
2019; Fernandez-Bayo et al., 2020; Liang et al., 2022). These
compounds in turn serve both as selective forces and pathogens’
suppressors, but on the other hand can also have some
phytotoxic eftect on the consecutive crop growth (Achmon
et al., 2016; Achmon et al., 2018). SBS and CSBS have also the
advantage over standard SS in that they can be used as an
additional venue to valorize organic wastes such as food waste
(Spang et al,, 2019; Liang et al., 2022) and agricultural waste
(Fernandez-Bayo et al., 2017; Hestmark et al., 2019; Fernandez-
Bayo et al., 2020). While SBS looks as a promising sustainable
agricultural technique that can have multiple advantages, the
impact on consecutive crop plants and its ability to mitigate the
adverse effect of abiotic stress are still unknown. In this study the
impact of CSBS with TP on consecutive tomato crop under
salinity and nitrogen deficiency abiotic stresses was investigated.
The study was aimed to elucidate the complex interaction
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between the soil microbiome of the CSBS treatment and the
tomato plants metabolome (e.g. the collection of primary
metabolites of the plant) under abiotic stressors compared to
the SS traditional treatment.

Materials and methods

CSBS field experiment

Mesocosms (3.8 L plastic soil growth bags) were prepared
using soil collected from the field site (UC Davis Plant Pathology
Research Farm (Davis, CA, USA; 38.521028, -121.760755;
elevation 18.5 m above sea level)). The field soil was sandy
clay loam (47%, 27% and 26% of sand, silt and clay, respectively),
the OM content was 2.64% and the field capacity was 21.90%
(wet basis). More details about the history of this field can be
found elsewhere (Fernandez-Bayo et al, 2018; Randall et al,
2020). Dry topsoil was collected from the upper 0-15 cm of the
soil in the field site and transferred for further preparations. The
soil was sieved (~2 mm) to give unified and homogeneous
material. Details about soil amendments characterization and
preparation can be found elsewhere (Achmon et al, 2016;
Achmon et al, 2017). Briefly, TP was collected from a
commercial processing facility during the 2016 harvest season
(more details can be found here (Achmon et al., 2018; Achmon
et al, 2019)). The TP was sun dried after collection and then
stored under ambient conditions. The dried TP was processed in
a laboratory blender to reduce the particle size to less than 1 mm
to make it unified. Soil was placed inside the mesocosms to
achieve 2.5% TP in the soil (on a dry weight basis), a
concentration level that was previously shown to be optimal
for the CSBS process (Achmon et al.,, 2018). Non-amended soil
was used for SS treatments. Mesocosms containing amended or
non-amended soil were transferred to the field site. Mesocosms
were constructed by loading soil into 3.8 L plastic soil growth
bags (New England Hydroponics, Southampton, MA). The
weight of the mesocosms after filling with soil was adjusted to
10 kg (on a dry weight basis) for all systems. All the systems were
wetted with distilled water and brought to the field water holding
capacity. The mesocosms were laid in pre-dug holes in the field.
The field was divided into six plots to give enough material for
the greenhouse study and the plots were prepared as previously
described (Achmon et al., 2017). Soil treatment was initiated on
August 20, 2016 by covering the plot with 0.7 mil, transparent,
low density polyethylene film (‘Huskey Film Sheeting’; Poly-
America, Inc., Grand Prairie, TX). The experiment lasted 8 days
in accordance with previous results (Achmon et al., 2018), after
which the plastic film was removed from the field site. The
experiment was conducted in proximity (same time and same
field site) to other SBS experiments and the data for the
treatment temperatures can be found elsewhere (Fernandez-
Bayo et al., 2018). The mesocosms were left in the field to aerate
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for additional 15 days to allow for remediation of any residual
phytotoxic conditions. After 15 days the mesocosms were
transferred to the greenhouse for the growth experiment.

Greenhouse tomato growth study

Pots (2.37 L) were prepared with the treated soil and were
each filled with 6 kg of treated soil for the tomato growth
experiment. The pots were assigned randomly to the abiotic
stress treatments and were placed on two steel screens metal
tables in the greenhouse. The fertigation system was placed prior
to transplanting the tomato seedlings the tomato transplants
inside the soil. Tomato (cv. SUN6366, Nunhems USA, Inc.,
Parma, ID) transplants were grown in germination trays in a
commercial potting soil mixture (Hastie’s Capitol Sand and
Gravel; 25% screened topsoil, 5% lava fines and sand, and 70%
mixture in equal parts of forest humus, composted fir, and
compost from horse manure and wheat straw). Approximately
2 weeks after germination (BBCH stage 2 digit code 11 or 3 digit
code 101), seedlings of approximately the same size were
transplanted into pots containing the field soils. The seedlings
were transplanted in the soil directly after the field treatment
including the aeration stage (at the same day the soil was
transported to the greenhouse).

Pots were fertigated twice daily with 300 mL of water
containing 143 mg/L N (delivered as 136 mg/L NO; -N and 7
mg/L NH, -N), 63 mg/L P (delivered as H,PO,), 199 mg/L K, 125
mg/L Ca®", 49 mg/L Mg2+, 65 mg/L S (delivered as SO, %), 2 mg/L
Fe’", 0.097 mg/L Cu™, 0.633 mg/L Mn*", 0.055 mg/L. Mo™", and
0.097 mg/L Zn>". The stress conditions were created as follows:
Nitrogen deficiency stress was created by lowering the amount of
fertigated nitrogen to 30 mg vs the normal 143 mg (the additional
nitrogen coming from the TP was calculated (Achmon et al., 2019)
as less than a one dose of 40mg to the samples and hence was
considered negligible(. The high salinity stress was created by
adding salt as 100 mmol NaCl (A non-lethal concentration
stimulates a long term response to salinity and a physiological
penalty that was previously used in a relevant study (Zhang and
Blumwald, 2001)) to the fertigation regime. Salinity treatments
started at 4 weeks after transplanting and continued until harvest.
The plants were grown for three and a half months from September
13, 2016 until December 2, 2016 in a semi-controlled greenhouse
maintained between 18°C and 28°C and at 50-70% relative
humidity with ambient light conditions. The plants were
monitored for plant diseases, presence of weeds and fruit ripening.

Tomato plants analyses

Tomatoes were harvested in a similar way as that of
(Achmon et al, 2018) with several modifications. The fruits
were picked and counted. The fruits and the plant biomass were
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weighed (the biomass was dried in oven at 50°C and weighted to
determine the dry weight, fruits were weighted on a wet basis).
The harvest index was calculated as the proportion of the total
fruit weight divided by the sum of the vegetation fresh weight
and the total fruit weight. The °Brix was determined using a
digital refractometer (PR-100, ATAGO USA, Inc., Bellevue,
WA). Measurements of photosynthesis and stomatal
conductance were made on fully expanded leaves of plants in
proximity to the harvest. Leaves were chosen by leaf number.
The 5th leaf (fully expanded) was chosen and a single leaflet per
plant was measured. A Li-6400 portable gas-exchange system
(LI-COR) was used to measure gas exchange, photosynthesis
and stomatal conductance similar to a previous study (Achmon
et al,, 2018).

DNA sequencing and tomato
metabolomics

The soil microbiome DNA samples were taken from the soil
at the harvest from the rhizosphere area of all the treated plants.
The DNA was extracted as previously done (Achmon et al,
2020). Briefly, DNA purification was performed using a
PowerSoil DNA Isolation Kit (MO BIO Laboratories Inc.,
Carlsbad, CA). The V4-V5 regions of the 16S rRNAgene were
amplified and sequenced using the MiSeqplatform (Illumina
Inc., San Diego, CA) in paired-end mode (2 x 300bp read
format) with the v3 reagent kit and a qPCR library
quantification kit (KAPA Biosystems, Wilmington, MA) was
used to determine the concentration of V4 and V5 amplicons
capable of being sequenced ahead of loading into the MiSeq
system. The complete DNA sequencing procedure was done
according to the Joint Genome Institute (Walnut Creek, CA
94598, USA Project ID: 1145678) protocol as described in
(Achmon et al,, 2020). Metabolomic analysis was done on
leaves samples taken from the same leaves that were used for
the physiological analysis (described above) All leaflets
(including periole/midrib) were sampled and immediately
frozen in liquid nitrogen followed by grinding to fine powder.
Equal amounts of ground frozen powder were submitted to the
West Coast Metabolomics Center (University of California,
Davis), extracted, measured, and analyzed by gas
chromatography-mass spectrometry (MS) (Gerstel CIS4-with
a dual MPS Injector/Agilent 6,890 GC-Pegasus III TOF MS) as
described before (Weckwerth et al.,, 2004)). Processes for the
integrated extraction, identification, and quantification of
metabolites were performed according to Fiehn et al. (2008).
For the extraction, the solvent was prepared by mixing
isopropanol/acetonitrile/water at the volume ratio 3:3:2 and
degassing the mixture by directing a gentle stream of nitrogen
through the solvent for 5 min. The solvent (cooled at ~20°C) was
added to the ground tissue (1-ml solvent/20-mg tissue),
vortexed, and shaken for 5min for metabolite’s extraction.
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After centrifugation at 12,800 g for 2 min, the supernatant was
concentrated to dryness. The residue was resuspended in 0.5-ml
50% aqueous acetonitrile and centrifuged at 12,800 g for 2 min.
The supernatant was then concentrated to dryness in a vacuum
concentrator, and the dried extracts were stored at —80°C until
use. Untargeted metabolomic analysis was used. The signals
were normalized by classic sum normalization i.e. normalization
to a sum of intensities in a sample, only that here on the sum was
defined as restricted to only identified metabolites to avoid
normalizing to peaks that may or may not be possibly related
to non-biological compounds (such as phthalates or other
laboratory contaminants). This was done with the sum of all
peak heights of the annotated detected metabolites as suggested
by Fiehn et al. (2008). The equation used in this calculations was
(for metabolite i of sample j) metabolite ij, normalized =
metabolite ij, raw/mTIC j * mTIC average.

Data analysis

The microbiome data were initially quantified using QIIME1
(Caporaso et al.,, 2010). Briefly, the centralized rolling quality
control system and the iTagger computational pipeline
(Tremblay et al., 2015) for sequence trimming was used.
Clustering operational taxonomic units (OTUs) were used
based on 97% sequence identity, and taxonomic assignment
with SILVA version 119 (Quast et al., 2012). Subsequently, the
data were rarefied for diversity analysis (phylum abundance and
alpha, beta and gamma diversity) using the ‘phyloseq’ R package.
For quantitative analysis, the microbiome count table was
normalized using Variance Stabilizing Transformation of the
‘DESeq2’ R package. The physiological and metabolomic
parameters were individually compared between solarized and
biosolarized treatments using the permuted Brunner Munzel test
(via the ‘brunnermunzel’ R package). Heatmaps were prepared
using the ‘circlize’ and ‘ComplexHeatmap’ R packages, and the
boxplots were prepared using the ‘ggpubr’ R package. The raw
data of this study can be found in the Supplementary Materials.

Results and discussion

CSBS impact on tomato plants health
under abiotic stress

This study was designed (as shown in Figure 1) to explore
the effects of a short time CSBS with TP residues on the health of
tomato plants (including a deep look into the metabolome of the
plants’ leaves) and of the soil microbiome under abiotic stress of
nitrogen deficiency and high salinity. The study was designed to
compare the CSBS with traditional SS. Previous studies
(Achmon et al., 2017; Achmon et al., 2018) showed that CSBS
and SBS can be effective in terms of inactivation of weeds and
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Microbiome

FIGURE 1

Schematic illustration of the experimental design. Starting by preparing the mesocosms for soil solarization (soil without tomato pomace) and
soil biosolarization (with 2.5 w/w tomato pomace). Conducting an 8 days field solarization treatment of the mesocosms. Transferring the
treated soil into a controlled greenhouse and transplanting tomato plants under different stress conditions: control — without any stress, salt —
adding excess salinity to the soil and Nitrogen deficiency — lower amount of nitrogen in the fertilization regime. After 3-months the plant were
harvested and tested for their physiological characteristics (including fruit quality and yield) and leaves’ metabolomics. Additionally the soil was

taken for a microbiome analysis.

pests even after a short treatment of less than two weeks
(whereas SS usually lasts at least one month or more (Achmon
et al., 2017)). Yet, the impact of SBS and CSBS under abiotic
causes of stress such as soil salinity, drought and lack of
sufficient soil nitrogen has not been previously explored. In
this study the treatment of 8 days solarization was done in field
conditions prior to the use of the soil as potting soil in the
greenhouse study. This was done to mimic the solarization
treatment in an optimal way while at the same time enabling a
specific look per plant per treatment in the greenhouse. In a
previous study it was found that a 12 days remediation of the soil
can be too short and can cause some lingering residual
phytotoxicity in the soil (Achmon et al., 2018). To avoid
phytotoxicity all samples were given a 15 days remediation
period. After the remediation period the tomato plants were
grown in different conditions of salinity and nitrogen deficiency
(as described above in the methods section) for a period of three
months until the harvest. The results indicate that CSBS was
superior (P<0.05) to SBS in this study in terms of total yield, fruit
numbers, plant weight, and plant health (carbon dioxide
assimilation, water transpiration) under both abiotic stresses
and the control (no stress) treatments (Figure 2). Interestingly,
the total BRIX per plant (representing the total potentially sugar
content a plant can produce, an important parameter for
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processing tomatoes; (Gur et al., 2011) was higher in all CSBS
treatments as compared to SS. These findings support several
studies that showed that SBS can have an advantage in plant
health and crop yield in addition to its effect against weeds and
pathogens (Dominguez et al,, 2014; Chamorro et al.,, 2015;
Garcia-Raya et al., 2019). However, this is the first study that
showed a beneficial effect of CSBS in conditions of abiotic
stresses. It is noteworthy to note that the effect under salinity
conditions was such that CSBS did as well as, and even better
than, the control SS treatment (Figure 2). To better understand
the alleviation of CSBS effects in abiotic stresses an examination
of the plant leaves metabolome and soil microbiome was done.

CSBS impact on tomato plants
metabolome under abiotic stress

The analysis of the metabolites of the leaves of the tomato
plants was done in close proximity to the harvest to reflect the
plant health at the same conditions as those of the tomato
plants’ fruits and the soil microbiome. The metabolomic
analysis showed significant differences in the control
treatment between the CSBS and the SS in terms of
inulotriose, xylonic acid, sulfuric acid and fucose (Figure 3A).

frontiersin.org

14



Haber et al.

10.3389/fpls.2022.1009956

Fruit (n) Fruit (kg) BRIX
Cc N S C N S C N S
60-
p=0.008 p=0.016 p=0.008 p=0.008 p=0.008 p=0.008 8 -0825 p=0.421 p=0.397
°
1.2 7 ° [ ]
40- o o
6- L °
0.8 4 [ )
[ ) ° 5
20- [ ] (]
° 0.4 °
] ad 4
H a Lad , w 3 °
Plant (kg) HI T.BRIX
C N S Cc N S C N S
1.25- 0.8 ° 10.0-
p=0.016 p=0.008 p=0.008 p=0.056 p=0.651 p=0.587 " p=0.008 p=0.008 p=0.016
1.00- ®
0.6 $ 7.5
0.75-
°
[ )
° < 5.0-
050 o ]
0.4- ° °
° 25
0.25: ° ° -
000 ° o8o 0
° g 1 )
0.00- 0.2-
Photo TR iWUE
C N S C N S C N S
30- o ° °
p=0.651 p=0.524 p=0.008 6- p=0.222 p=0.008 p=0.008 p=0.095 p=0.825 1$-0.008
25- Py 8 [
°
20- : s ® °
15 ©co ®
& )
[ ) ° 2
10- ©® ° ? + % &
° ° ]

FIGURE 2

Physiological comparison between solarized and biosolarized pretreated plants. Boxplots of number of fruit (n), plant fresh biomass (kg), fruit
weight (kg), harvest index in proportion of fruit weight out of total weight (HI), sugar content (BRIX), Total sugar content as the product of fruit
weight and sugar content (T.BRIX), Leaf gas exchange analysis as carbon dioxide assimilated (Photo), transpiration as water transpired over time
and space (Tr), instantaneous water use efficiency (IWUE) comparing solarized (SOL) and biosolarized (BIO) pretreated plants under well-
watered (C), nitrogen-deprived (N) and salinity-treated (S) (n=4-5) plants. Significance was tested using the permuted Brunner Munzel test,

presenting the p-values.

These sugars and acids have roles in important cellular
processes such as the biosynthesis of starch and other energy
storing molecules (Preiser et al., 2020), and in stress tolerance
(Carrasco-Gil et al., 2021) and they might be connected to
defending mechanisms against fungal attacks (Bashir et al,
2016). In samples of nitrogen deficiency the differences in
metabolites were also mainly in sugars. The significant
differences (P<0.05) were found in lactose, putrescine,
arabitol, maltose, isobutene glycol, arabitol, galactonic acid
and erythrose (Figure 3B). Putrescine was previously
recognized as a metabolite with a role in stress responses in
different types of abiotic stresses in tomato such as chilling
tolerance (Song et al., 2014), drought (Farzane et al., 2020), and
also nitrogen deficiency (Gonzalez-Hernandez et al., 2022).
Some of the sugars identified as present in cases of significant
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difference in nitrogen deficiency conditions between CSBS and
SS are associated with ripening processes in tomato fruits
(Badejo et al., 2012). In the salinity stress test the two
metabolites that showed significant differences between the
three treatments were quinic acid, glycerol-3-galactoside and
hydroxylamine (Figure 3C). Quinic acid was previously
associated with salinity stress in tomato plants (Kwon et al,
2019; Moles et al., 2019) and other plants (LI et al., 2021), but
the exact mechanism of its association with the stress is
unclear. Glycerol-3-galactoside and hydroxylamine were not
been known previously to be related to salinity stress in tomato
plants, but hydroxylamine as it is an important metabolite in
nitrogen cycles in the plant (Yao et al., 2022) it can be
hypothesized that its role in stress can be connected with
protein synthesis in the plants. The metabolomic results in
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Metabolomic comparison between solarized and biosolarized pre-treated (A) control-treated plants, (B) nitrogen-deprived plants, (C) salinity-
treated plants. A heatmap comparing the standardized averages of metabolite counts in salinity-treated solarized (SOL) and biosolarized (BIO)
plants (n=5). Each metabolite value was standardized as the standard deviation from the average metabolite value of all plants (n=30), and the
values were averaged for solarized and biosolarized treatments and were shown in the red-white-blue scale (blue denotes low values and red
denotes high values), while significance (p<=0.05) was tested between the two groups (n=5) using the permuted Brunner Munzel test
(significance was denoted by an outer green box, while insignificance was denoted by an outer black box). values), while significance (p<=0.05)
was tested between the two groups (n=5) using the T-Test (significance was denoted by an outer green box, while insignificance was denoted

by an outer black box).

this study indicate that CSBS can have a specific impact on the
plants metabolism. It is also important to note that in both the
control group and the nitrogen deficiency group the main
differences were mostly noted on sugars. This result should be
further explored in future studies. Additionally, it is important
to mention that some metabolites such as volatile organic
compounds were not within the focus of this study. These
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metabolites can also have a significant contribution to the
observed results and should be investigated in a future study
as well. In this study the assumption was that the impact on the
plants metabolism will be associated with changes of the
microbial population (e.g. microbiome) in the soil
rhizosphere. To elucidate these changes the soil rhizosphere
at the time of harvest was taken for DNA sequencing.
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CSBS impact on the soil microbiome
under abiotic stress

Several recent studies of SBS showed the impact this
agricultural technique has on the soil microbiome (Achmon
et al,, 2017; Achmon et al.,, 2020; Fernandez-Bayo et al., 2020;
Randall et al., 2020). Across all these studies, SBS was able to alter
the soil microbiome significantly. Our results showed, as the
previously mentioned studies suggested, that CSBS had a
different impact on the soil microbiome than the SS treatment
(Figure 4). CSBS elevated the abundance of Firmicutes, similar to
the trend that was shown in other recent studies (Achmon et al.,
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Microbiome diversity comparison between solarized and biosolarized pretreated plants. OTU counts of solarized (SOL) and biosolarized (BIO)

plants (n=18) were rarefied. (A) comparison of the abundance of taxa by phylum (n=9). (B) Alpha diversity analysis using observed species, Chaol
and Shannon indices together with p-values (significance was tested using an unequal-variance Mann-Whitney U test). (C) Beta diversity analysis
with Principal Coordinates Analysis (PCoA) using Bray-Curtis dissimilarity. Significance was tested via PERMANOVA. (D) Gamma diversity analysis
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20205 Shea et al,, 2022) (Figure 4A). This might suggest that the
soil conditions developing in SBS are more anaerobic than those
in SS treatment, a finding that was also previously reported
(Achmon et al, 2018). Changes in the abundance of
Proteobacteria and Bacteroidetes were also noticeable and in a
same trend in a similar CSBS (Achmon et al,, 2020). Interestingly,
the diversity was significantly lower in the CSBS than in the SS
(Figure 4B) and also the richness (Figure 4D), which can be
expected as the CSBS treatment applies additional natural
selection forces because of the high volatile organic compounds
produced which are mainly volatile fatty acids (Hestmark et al,
2019; Fernandez-Bayo et al., 2020; Liang et al., 2022).
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Relationships between microbiome
metabolome and plant physiology in
CSBS done under abiotic stress

This study is the first to date to correlate between the
microbiome of CSBS/SS (or SBS) and tomato plants
metabolome and physiology. The leaves were chosen as the
metabolomic focus of this study in order to try to examine the
correlations between the soil microbiome below the ground, that
is directly impacted by the soil treatments and the abiotic
stresses, and the above ground plant growth which is
indirectly impacted by the soil treatments and the abiotic
stresses. The result of this correlation is shown in Figure 5.
The approach in this study was to take the array of data (e.g.
metabolites+OTUs+physiology) of all the tests together and to
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try to sieve out the most significant one. This approach was
taken since no specific prior knowledge about this system is
available and to avoid imposing biased knowledge on the data.
Figures 5A, B show the results of the total correlations between
the leaf’s metabolites and physiological characters of the tomato
plants under the different conditions and the different OTUs of
the soil microbiome. The results showed many positive and
negative correlations (Figure 5A) most of which were significant
(5B). To get more insight from the data, an additional filtration
process was imposed to get the most significant OTUs and plant
characteristics. The filtration process that was chosen was
characteristics and OTUs combination which has an above
80% significant P values combined with R>0.5 or R<-0.5.
Figures 5C, D present the results of the filtration process for
the 30 OTUs and plant characteristics that were filtered from the
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Correlations between the microbiome and between physiological and metabolomic measurements. OTU count data were normalized using
Variance Stabilizing Transformation and OTUs with missing data (NAs) were filtered out. (A, B) Each OTU was correlated (Spearman) with each
physiological measurement and metabolite and correlation values (A) and p-values (B) are presented. (C, D) The most highly correlated OTUs
and metabolomic and physiological measurements were manually sifted and the correlation values (C) and p-values (D) are presented.
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cut-off. Interestingly, only one metabolite and four tomato
plants physiological characteristics were filtered in. The
metabolite that showed a significant correlation with these
OTUs was xylonic acid isomer. The xylonic acid isomer was
positively correlated with R>0.7 with the OTUs of: Ellin6075,
RB41, Candidatus Nitrososphaera and Flavisolibacter. The
OTUs with a negative correlation of R<-0.7 to the Xylonic
Acid isomer were: Kaistobacter, Sphingobacteriaceae,
Caulobacteraceae, Cytophagaceae, Agromyces, Cytophagaceae
and Gemmatimonadetes. Although xylonic Acid is not known
to be directly connected with SBS or with abiotic stress it is a
degradation product that is derived from xylem and is produced
by microbial metabolism (Zhang et al., 2017; Trichez et al,
2022). The OTUs in this study are not known to be associated
with xylonic acid metabolisms and additional studying is needed
to try to understand the rule xylonic acid may play in SBS
systems. It is worth noting that the Acidobacteria RB41 which
had the highest positive correlation with the xylonic acid isomer,
was found to have a key role in control over soil carbon cycle
(Stone et al, 2021). The main interesting finding about the
xylonic acid isomer is the fact that it is the exact mirror image of
the wanted physiological characteristics in the tomato plants.
This might suggest that the xylonic acid isomer can be used as a
negative indicator for the success of SBS. Unlike the leaf’s
metabolites, four physiological characteristics (fruit weight,
total Brix, plant weight and fruit number) were all filtered in
by the cut oft, with highly significant correlations with 30
relevant OTUs (Figures 5C, D). It is important to note that all
these characteristics showed significant differences between SS
and SBS treatments (Figure 2) and they were shown here again
by using a non-supervised statistical tool. The fruit weight was
highly correlated positively (R>0.7) with Mycoplana and
Kaistobacter and was negatively correlated with Ellin6075 and
RB41 (R<-0.7). Mycoplana was reported to have some role in
bioremediation of soils (Cao et al., 2018; Wolf et al., 2019) and is
showing an elevated abundance in these studies, which may
indicate its potential in bio degradation of organic material such
done in the case of SBS. More importantly, some of the
Mpycoplana species were found to be growth promoting
bacteria found in wheat in nutrient-poor Calcisol and have
some antifungal activity in plant diseases (Legrand et al,
2019). These attributes might explain the positive correlation
Mpycoplana has between the fruit weights and number, total brix
and plant weight (Figure 5C) in this study. Additionally, it was
found Mycoplana has a role in salt stress plant growth
(Egamberdieva et al., 2018), suggesting that salt stress in this
study can also cause the elevated abundance of Mycoplana.
Similar trend as that found in Mycoplana was also found in
Kaistobacter which was also found to be a potential disease
suppressing bacteria in plants (Liu et al., 2016). Kaistobacter
species are also involved in the soil bioremediation process (Gao
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et al, 2021; Lin et al., 2021). This might suggest that
bacteria species that are adapting fast to harsh contaminated
environments might also adapt fast to “organic” contaminations
such as the one in SBS. These findings is suggesting that SBS
might has also the potential to be effective in solving cases of
other soil stressors such as heavy metals’ contamination, but this
was not within the focus of this research and should be tested in
a future study. While Mycoplana and Kaistobacter can have the
potential to serve as positive indicators for the SBS process
success on tomato plants consecutive growth. Ellin6075 and
RB41might serve as negative indicators for SBS as they were
negatively correlated with all the plant’s four physiological
characteristics described above. The Ellin6075 bacterial family
was previously found to be correlated with the soil’s location and
with using a no-till practice (Yin et al., 2017), but we have found
no indication in the current literature for any role in soil stresses.
As Ellin6075 bacterial family has some role in organic matter
decomposing (Ye et al., 2016) and it is might be worth to focus
on this family in future SBS microbiome studies. The RB41
bacterial order has previously shown an elevated abundance in
soil under stress, including a salinity stress (Wang et al., 2019). It
might be the case that the RB41 bacterial order changes of
abundance is more related to the stress conditions than to the
SBS treatment, but this should be further explored in the future.
Except of Ellin6075 and RB410TUs the OTUs of MND1 and
tertiaricarbonis also showed highly negative correlation with the
plants’ four physiological characteristics. The MNDI1 bacterial
order was also found in several studies that were looking at
contaminated soils (Shen et al., 2018; Wang et al., 2020)
suggesting that this order can be fast adapted to harsh
conditions in the soil and is maybe an indication for the
existence of abiotic stress. Tertiaricarbonis species negative
correlation in this study with fruit weights and number, total
brix and plant weight is interesting as it is not known to be
related to soil stress or as a negative indication for soil conditions
or for plant growth. Tertiaricarbonis is usually coming from
aquatic systems (Chen et al, 2018; Brand et al,, 2019) and is
worth an additional study to see if it has a role in SBS systems.
The result of the correlation between the microbiome and the
plant characteristics in this study suggest that the soil
microbiome has a significant impact on the plant growth
performance in tomato CSBS treatments.

Conclusions

This is the first study that looked at the impact SBS has on
consecutive plant crops under abiotic stress conditions. The results
showed that CSBS with TP can alleviate the damaging effect of
abiotic stresses in cases of high salinity and nitrogen deficiency
compared to the traditional SS technique. The impact on soil
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microbiome and plant metabolome is also significant in CSBS and
can partially explain the advantage that CSBS has compared to SS.
The results suggest that several OTUs have important role in CSBS
performance in tomato growth. Mycoplana and Kaistobacter genera
showed potential to serve as positive indicators for successful CSBS
and on the contrary Ellin6075, RB41, MND1 and tertiaricarbonis
might serve as negative indictors. Additionally, xylonic acid isomer
metabolite in the plant leaf was highly correlated with poor plant
agriculture performance in this study and should gain more
attention in future SBS research. This study is an important step
towards the implementation of SBS techniques as a broad group of
soil treatments that can be used to mitigate a wide variety of
agricultural problems and doing so by creating additional solutions
of getting rid of organic waste residues. As this is the first time SBS
was tested as a solution for growing plants under abiotic stress,
further studies should be done with different stressors and different
organic amendments as well as large scale field experiments to
explore the full potential this of treatment and the microbiome
landscape involved in this response.
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Changes in climate conditions can negatively affect the
productivity of crop plants. They can induce chloroplast
degradation (senescence), which leads to decreased source
capacity, as well as decreased whole-plant carbon/nitrogen
assimilation and allocation. The importance, contribution
and mechanisms of action regulating source-tissue capacity
under stress conditions in tomato (Solanum lycopersicum)
are not well understood. We hypothesized that delaying
chloroplast degradation by altering the activity of the tomato
chloroplast vesiculation (CV) under stress would lead to
more efficient use of carbon and nitrogen and to higher
yields. Tomato CV is upregulated under stress conditions.
Specific induction of CV in leaves at the fruit development
stage resulted in stress-induced senescence and negatively
affected fruit yield, without any positive effects on fruit
quality. Clustered Regularly Interspaced Short Palindromic
Repeats/CRISPR-associated protein 9 (CRISPR/CAS9) knock-
out CV plants, generated using a near-isogenic tomato line
with enhanced sink capacity, exhibited stress tolerance at
both the vegetative and the reproductive stages, leading to
enhanced fruit quantity, quality and harvest index. Detailed
metabolic and transcriptomic network analysis of sink tis-
sue revealed that the L-glutamine and L-arginine biosynthe-
sis pathways are associated with stress-response conditions
and also identified putative novel genes involved in tomato
fruit quality under stress. Our results are the first to demon-
strate the feasibility of delayed stress-induced senescence as
a stress-tolerance trait in a fleshy fruit crop, to highlight the
involvement of the CV pathway in the regulation of source
strength under stress and to identify genes and metabolic
pathways involved in increased tomato sink capacity under
stress conditions.

Keywords: Chloroplast vesiculation e Correlation network
analysis e Sink capacity ® Source-sink relations e Source
capacity e Stress-induced senescence

Introduction

An inherent gap exists between maximal theoretical crop
productivity under ideal conditions and actual environment-
dependent vyield. Closing this gap is a major milestone on
the path toward nutritional sustainability. Salinity and water
deficit are two factors that contribute greatly to the yield gap:
they induce premature senescence in photosynthetic source
tissues and reduce plant growth and the number of sink
organs by disrupting the movement of assimilated compounds)
Munne-Bosch and Alegre 2004). It has been suggested that
enhancing photosynthetic capabilities, in order to enhance
source capacity, is one of the most important strategies that
should be utilized in efforts to meet future global dietary
needs under climate change conditions (Zhu et al. 2010, Long
etal.2015).

Climate change negatively affects tomato productivity by
modifying the plant source—sink relationships. Therefore, the
development of strategies by which tomato plants could main-
tain both strong source (e.g. photo-assimilation) and sink
(e.g. remobilization) capacities, with a delay in stress-induced
senescence under water stress and/or irrigation with brackish
water (i.e. a water source that is somewhat salty), is highly
desirable.

A well-established strategy for enhancing source capacity
involves the stay-green trait (Gregersen et al. 2013, Thomas
and Ougham 2014). The stay-green trait reflects impaired or
delayed chlorophyll degradation. There are two main types of
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stay-greens: cosmetic, in which pigment catabolism is the pri-
mary lesion, and functional, in which the entire senescence
syndrome is delayed or slowed down (Thomas and Howarth
2000). In Arabidopsis, there are several characterized pathways
thatareinvolved in the degradation of chloroplast proteins such
as senescence-associated vacuoles, autophagy and chloroplast
vesiculation (CV) (Xie et al. 2015) with autophagy, which have
a clear role in stimulating nutrient remobilization upon senes-
cence (Havé et al. 2016, Michaeli et al. 2016). Several studies,
mainly in cereals, suggested that breeding for delayed senes-
cence by delaying chloroplast degradation (i.e. the stay-green
trait) can improve source capacity throughout stress episodes
and improve yield (Gregersen et al. 2013). Chloroplast stabiliza-
tion increases the ability of source leaves to maintain a high
photoassimilation rate and prolongs the overall duration of
that assimilation. With regard to the chloroplast degradation
pathways (Xie et al. 2015), the CV was shown to be directly
involved in stress-induced senescence and to enhance source
strength (Wang and Blumwald 2014, Sade et al. 2018b). CV has
been previously characterized in Arabidopsis and rice, where it
was shown to be associated with the chloroplast and involved
in the thylakoid membrane and stroma proteins’ inactivation
by the protein-protein interaction (Wang and Blumwald 2014,
Sade et al. 2018b). Consequently, the downregulation of CV
in Arabidopsis and rice regulated source fitness under stress by
delaying chloroplast degradation and enhancing productivity
(Wangand Blumwald 2014). Recently, it was demonstrated that
delayed senescence (induced by the manipulation of transcrip-
tion factors) can enhance source capacity, as well as fruit quality
and yield, in tomato (Lira et al. 2017, Ma et al. 2018, 2019).

The optimal utilization of enhanced source capacity [i.e. car-
bon (C) and nitrogen (N) assimilation] requires an effective
remobilization of photoassimilates to the sink (i.e. sink capac-
ity). This is of particular importance in fleshy fruits such as
tomato, where photoassimilates influence the levels of solu-
ble sugars in the fruit. One established strategy to increase the
sink capacity for photoassimilates in tomato is the alteration of
fruit cell-wall invertase. The rationale behind this strategy is that
the hydrolysis of translocated sucrose at the point of unload-
ing in the fruit sink would increase the translocation gradient
from source to sink, increasing the net import of sucrose into
the fruits, resulting in higher levels of soluble sugars. A near-
isogenic line of tomato, derived from a cross between Solanum
lycopersicum M82-domesticated tomato and Solanum pennel-
lii wild-type (WT) tomato (Eshed and Zamir 1995), with an
introgression of fruit-specific cell-wall invertase, exhibited ele-
vated fruit-soluble sugars and sink capacity without any yield
effects under optimal conditions (IL9-2-5; Fridman et al. 2004).
The major underlying factor leading to increased fruit sugar
in IL9-2-5 was an increase in the capacity to take up sucrose
unloaded from the phloem (Baxter et al. 2005). Thus, a combi-
nation of enhanced source capacity due to the stay-green trait
(e.g. CV downregulation) and enhanced sink capacity due to the
enhanced loading of sugar into the fruit (e.g. IL9-2-5) can result

in improved source-sink interactions, leading to higher tomato
yields and improved yield quality under stress conditions.

Cand N compounds (represented as metabolites) are assimi-
lated by the plant at the source tissues and are mobilized to the
sink tissues. The metabolism of tomato fruits has been widely
studied, and several pathways, such as the trichloroacetic acid
(TCA) cycle and ethylene metabolism, have been extensively
characterized) Nunes-Nesi et al. 2011, Quinet et al. 2019). Abi-
otic stress affects the primary and secondary metabolism of
tomato fruits with negative effects on fruit size and, depending
on the stress and its severity, with positive effects on fruit qual-
ity (Quinet et al. 2019). Nevertheless, the question of whether
and how enhanced source capacity affects sink metabolism in
tomato has not yet been fully answered.

CVis conserved within the plant kingdom, with tomato pos-
sessing a single CV gene (Solyc08G067630). Here, we used a
gene-editing technology in a near-isogenic tomato line (IL) of
enhanced sink fitness (IL9-2-5, as the genetic background) to
study the effect of a stable cv-knockout on the quantity and
quality of tomatoes grown under abiotic stress. Additionally,
we used a parallel approach by which an inducible promoter
was utilized to study the effect of the induction of CV expres-
sion at the reproductive stage on fruit development and quality.
We also performed an in-depth analysis of sink-tissue metabo-
lites and transcriptomic data under prolonged abiotic stress and
used a machine learning approach to identify unique and novel
putative metabolic pathways and genes associated with tomato
fruit quality.

Results

Effect of the expression of the Arabidopsis thaliana
CV gene in tomato

Since the A. thaliana CV gene has been well characterized as
a stress-induced senescence gene (Wang and Blumwald 2014),
a dexamethasone (DEX)-induced CV from A. thaliana was
inserted into the M82 line of tomato. Arabidopsis thaliana CV
(AtCV) expression in the transgenic lines was tested following
4h of treatment with DEX, and strong gene expression was
confirmed (Fig. 1A). We used two lines of M82 that contain
AtCV-inducible genes (L1 and L2). Leaves were sampled from 4-
to 5-week-old plants and placed in control solution [H,O and
dimethyl sulfoxide (DMSO)] and in DEX-containing solution for
72 h (Fig. 1B). Asignificant decrease in chlorophyll content (Fig.
1B, C) was seen when the tissue was placed in the DEX solu-
tion, with a considerably more pronounced chlorophyll content
decrease in lines L1 and L2 than in the WT.

To further evaluate the effect of CV-induced senescence in
tomato at the reproductive stage, WT and transgenic plants
were grown throughout the entire life cycle until fruit could be
harvested. At the early fruit development stage (i.e. a stage by
which fruits are at the growth stage and are already active sinks,
and nutrient remobilization is active), leaves close to the fruits
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Fig. 1 Phenotypic examination of the effect of expressing A. thaliana CV gene in tomatoes. Different phenotypic measurements, taken on tomato
lines containing AtCV gene fused to a DEX-induced promotor, and WT tomatoes (M82) are presented. ‘Cont’ stands for control, which were
dipped in H,0 and DMSO, and ‘DEX’ stands for plants that were dipped in DEX solution (50 uM). (A) CV relative expression before treating with
DEX and 4 h later. (B) Detached leaves were left floating in DEX solution and were examined for chlorophyll content. (C) Representative detached
leaves after DEX solution. (D, E) Relative expression levels of AtCV and SAG12 at the end of the experiment are presented. One leaf from four
plants of each group was taken for analysis (N = 4). (F) Representative leaves of the lines at fruit harvest time point. (G-1) Brix% levels, average
individual fruit weight and product (multiplication) of fruits of WT and DEX:CV-induced plants are presented. Error bars represent the mean + SE.
The boxes represent the interquartile range, the line represents the median and the black dots are all the measurements taken. Asterisk represents
significant differences between genotypes and WT (P < 0.05, Dunnet’s test).

of each plant were routinely dipped in DEX solution to promote
AtCV expression. CV expression in leaves was measured at har-
vest and found to be significantly higher in the DEX::CV line than
in the WT (Fig. 1D). The expression of Senescence-Associated
Gene 12 (SAG12), which encodes a senescence-specific cysteine
protease SAG12 (Gan and Amazino 1995), was also measured

and was found to be significantly higher in DEX:CV (Fig. 1E).
DEX treatments additionally enhanced the senescence of the
leaves of the transgenic lines, as compared to the DEX-treated
WT (Fig. 1F).

Yield potential was measured upon treatment with DEX
until fruit maturity, in terms of fruit Brix, average individual

26

€202 1oquiadaQ 6 U0 Jasn A LISHIAINN AIAY 131 Ad 962/ 129/8002/21/€9/0101He/dod/wod dno-dlwapese//:sdiy woly papeojumoq



Plant Cell Physiol. 63(12): 2008-2026 (2022) doi:https://doi.org/10.1093/pcp/pcac133

400
350
300
250
200
150
100

SICV relative expression

M82-cont  M82-drought M82-salt

w

30

25

20

15

10

SICV relative expression

M82-cont M82-senesnence

Fig. 2 Tomato CV (SICV) expression under stress conditions. Three-week-old M82 tomato plants were either well irrigated (‘cont, N=3) or
exposed to drought (1 week no irrigation—'drought, N = 3) or salt (1 week 200 mM NaCl—'salt, N =3). (B) Tomato CV (SICV) expression in
senescence. Leaf samples were taken from a young and viable, well-irrigated plant, 6 weeks old (‘cont, N = 4) and from an old plant at the end of
its reproduction cycle, 12 weeks old (‘senescence’, N = 4). Error bars represent the mean 4+ SE. Asterisk represents significant differences between

genotypes and WT (P < 0.05).

fruit weight and total Brix (Fig. 1G, 1). There was no significant
difference between the fruit Brix levels of the WT and DEX:CV
plants (Fig. 1G), although fruit weight was significantly lower
among the DEX:CV lines (Fig. TH). The product of the multi-
plication of the average Brix by the fruit weight of each plant
(representing total Brix potential) was generally lower in the
transgenic lines than in the WT (Fig. 11).

Overall, the results indicate that treating DEX::CV lines with
DEX caused increased CV expression and promoted senescence.
As a consequence, the yield was negatively affected without any
beneficial effect on fruit Brix.

SICV expression in tomato during senescence and
under stress

We hypothesized that reinforcing the source tissue during
abiotic stress, by knocking-out CV, could provide a means
to generate tomato plants that are able to tolerate stressful,
senescence-promoting environments. As a first step to test
this hypothesis, we examined the expression of the endoge-
nous tomato CV gene under different stress conditions in WT
tomato plants. Relative expression of CV was examined in
leaf samples from 3-week-old well-irrigated WT tomato plants,
plants that were exposed to water-deficit stress (1 week with-
out irrigation) or exposed to salt stress (1 week of treatment
with 150 mM NaCl). WT tomato plants that were exposed
to water-deficit stress or salt treatment exhibited significantly
greater CV expression, as compared to the well-irrigated plants
(Fig. 2A).

CV expression in leaves was also examined during the dif-
ferent growth-cycle stages of the plant. The expression of CV
increased over the course of the plant life cycle, with relatively
high expression in leaves of plants at the late fruit stage as
compared to the early flowering stage (Fig. 2B). These exper-
iments supported the notion that Solanum lycopersicum CV
(SICV) displayed an expression pattern that was closely related
to stress-induced senescence.

Subcellular localization of SICV protein

To further characterize the tomato CV protein, assessment of
its subcellular localization was carried out (Sade et al. 2018b).
We used transient agroinfiltration in tobacco leaves, and CV
targeting was achieved by using a CV-yellow fluorescent pro-
tein (YFP) fusion protein. We found that CV co-localized with
the chloroplast, showing a vesicle type pattern that might rep-
resent a CV-containing vesicle (CCV) or a CCV aggregation
(Fig. 3), which was consistent with CV localization using tran-
sient expression in Arabidopsis and rice (Wang and Blumwald
2014, Sade et al. 2018b).

The effect of tomato SICV expression in Arabidopsis
thaliana

To assess the possible role of SICV in chloroplast degradation,
SICV was expressed under the control of a DEX-inducible pro-
motor in Arabidopsis, and two independent transgenic mutants
were generated. The mutants were grown and SICV expression
was induced with DEX as described in Materials and Meth-
ods. quantitative PCR (qPCR) of T, generation plants showed
that SICV expression increased only in DEX-treated plants
(Fig. 4A). In these plants, growth was inhibited, chlorophyll
levels decreased (Fig. 4B) and plant senescence was induced
(Fig. 4C). This indicated an occurrence of a CV-enhanced
stress-induced senescence that resulted in a decline of leaf
source capacity. WT plants were unaffected by the DEX
treatment.

Generation and molecular characterization of
CRISPR/Cas9-CV mutants

We used the CRISPR/Cas9 methodology to generate functional
knockouts of SICV in 1L9-2-5 tomato plants. I1L9-2-5 is charac-
terized by an apoplastic invertase with a relatively high affin-
ity for sucrose and relatively high levels of soluble hexoses
in the fruit, leading to increased fruit Brix of plants grown
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Fig. 3 Tomato CV (SICV) protein subcellular localization in tobacco using transient agroinfiltration. (A) Free YFP (yellow signal), autofluorescence
of chloroplasts (cyan signal). (B) CV-YFP. CV is co-localized with the cell chloroplast (arrows).
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Fig. 4 The effect of tomato CV (SICV) in A. thaliana. Inducing the expression of SICV in A. thaliana inhibits growth and promotes senescence. (A)
Phenotypic response in the plants. (B) Control group (‘control’) and the treatment group (‘DEX’) were sprayed daily with DEX (50 uM) to induce
CV expression. Chlorophyll concentration was measured by SPAD reading. (C) Leaf samples were taken for measuring the relative expression of
CV using qPCR. Error bars represent the mean 4 SE. The boxes represent the interquartile range, the line represents the median and the black
dots are all the measurements taken. Asterisk represents significant differences between genotypes within treatment (P < 0.05, t-test).

under well-watered conditions and a relatively high sink capac-
ity (Fridman et al. 2002, 2004, Zanor et al. 2009). Because
stress-induced senescence had a strong effect on C alloca-
tion (Rankenberg et al. 2021), we used a sink-enhanced line
as the genetic background (Supplementary Fig. S1), based
on the assumption that this property might contribute to
mitigate the effects of stress and allow for the maintenance
of a strong sink and, possibly, a more stable source under
abiotic stress.

Screening and selection were performed in seeds of T,
plants and involved a few steps aimed at the isolation of a

Cas9-free homozygous mutant with the CV deletion. T, plants
were characterized for the guide RNA (gRNA) region, and two
mutants were found in the gRNAT1 region in exon1 (Supple-
mentary Table S1). T, plants were characterized for mutation
homozygosity and scanned for the absence of the transgene
cassette. Two homozygous Cas9-free mutants were found, and
T, seeds were harvested from those mutants.

The two mutants were identified and used for the rest of
this study, hereafter named CRISPR-1 and CRISPR-2 (Fig. 6B, C),
both harboring a 2-bp and 4-bp deletion and resulting in a
frameshift mutation and stop codon, respectively, as well as a
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non-functional CV protein. The low Cutting Frequency Deter-
mination off-target score, according to CRISPOR (Concordet
and Haeussler 2018), suggested that the sgRNA1 did not target
any gene other than CV (Supplementary Fig. S2). This com-
putational prediction was validated using PCR and sequencing,
further confirming that there were no off-target genes of the
sgRNAT1 (Supplementary Fig. S2).

Phenotypic characterization of responses to
salinity and water-deficit stress at the vegetative
stage in cv-knockout plants

The physiological effects of knocking-out CV were examined
in tomato plants with an IL9-2-5 background at the vege-
tative stage. Two homozygous cv-knockout mutants’ plants
and non-transgenic plants were grown in 1- pots in a semi-
controlled greenhouse and were divided into three different
treatment groups: a control group, a water-deficit stress-treated
group and a salt-treated group. At ~30d after germination,
the water-deficit stress-treated group was subjected to con-
tinuous water-deficit stress by limiting irrigation to maintain a
steady, relatively low soil water content. At the same time, the
salt-treated group was subjected to salinity stress by gradually
increasing the salinity level in the irrigation solution, in 25 mM
increments every other day over a period of 10d, to a final

concentration of 150 mM NaCl. All measurements were taken
using fully expanded 4th-5th leaves.

For almost all the measured parameters, the cv-knockout
plants were more resistant to the stress conditions. The rates
of CO, fixation in the mutants (Fig. 6A) were similar to IL9-2-5
under well-watered conditions but were higher in the mutants
under salinity and water-deficit stress. No differences were
observed in the transpiration of the mutants under the differ-
ent conditions (Fig. 6B), indicating that stress tolerance was
not achieved through the impairment of evapotranspiration.
The chlorophyll contents of the mutants, measured using a
single-photon avalanche diode (SPAD), did not deviate signif-
icantly from those of IL9-2-5 plants under well-watered con-
ditions. However, under water-deficit stress or salt stress, the
chlorophyll contents of the mutants were significantly higher
than those of 1L9-2-5 (Fig. 6C). Photochemical quantum effi-
ciency, as measured by measurement ratio of the maximum
potential quantum efficiency of Photosystem Il if all capable
reaction centers were open (F,/F,,), was higher in the mutants
than in the I1L9-2-5 line under water-deficit stress and salt stress
(Fig. 6D). We examined whether knocking-out CV affected
the whole-plant evapotranspiration rate, using a PlantDietch
system, a multi-sensor physiological phenotyping gravimetric-
based platform (Dalal et al. 2020). The results indicated that
knocking-out CV did not alter the rate of transpiration under
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Fig. 6 Phenotypic characterization of salinity- and drought-stress responses in the vegetative stage of CRISPR lines. (A) Leaf rate of CO, fixation
(An) and (B) leaf transpiration rate (Tr). (C) Chlorophyll concentration in leaves. (D) Maximum potential quantum efficiency of Photosystem I
(F,/F.)- (E) Whole plant daily transpiration rate at control and drought of IL and CRISPR2 genotypes (mean =+ SE; N = 3). The boxes represent the
interquartile range, the line represents the median and the black dots are all the measurements taken. Asterisk represent significant differences

between genotypes and IL within a treatment (P < 0.05, Dunnet’s test).

well-watered or water-deficit conditions (Fig. 6E). These results
correlated well with the leaf transpiration rate measurements
(Fig. 6B).

Yield response of cv-crispr plants to salinity and
water-deficit stress

We assessed whether the enhancement of source capacity of
the cv-knockout plants affected plant yield under stress con-
ditions. Water-deficit stress was applied by limiting irrigation,
maintaining a steady, relatively low soil water content; salinity
stress was applied by irrigating with a 150-mM NacCl solution.
Treatments were applied once plants had their first visible inflo-
rescence and were kept constant until the end of the experi-
ment (Fig. 7A). All genotypes were affected by the given stress
conditions, leading to a strong decrease in production as com-
pared to the control treatment. Whereas under the control
treatment, fruit yield of cv-knockout plants was similar to that
of 1L9-2-5, cv-knockout tomato plants produced higher total
yields under salt and water-deficit stress. In the abiotic-stress
treatments, average fruit Brix was higher among fruit harvested
from cv-knockout mutants (Fig. 7B). In order to assess plant
productivity in relation to the total soluble sugars allocated to
the fruit, we measured Brix for each plant separately. While total
Brix did not differ significantly between the cv-knockout and
IL9-2-5 in the control treatment, under salt and drought stress,

Brix levels were significantly higher in the cv-knockout mutants
than in IL9-2-5 (Fig. 7C).

The harvest index (HI, i.e. a measure of reproductive effi-
ciency) was significantly higher in cv-knockout mutants than in
IL9-2-5 under salinity and water-deficit stress (Fig. 7D). Finally,
while all plants in the control group looked healthy, when sub-
jected to drought and salinity stress, the CRISPR mutants were
greener and senescence was less pronounced (Fig. 7E).

Resource allocation under salt and water-deficit
stress conditions at the vegetative growth stage of
cv-crispr plants

At the early stages of plant development, the roots act as the
main sink (Aguirrezabal et al. 1994), so that they can later
support the plant’s need for water and nutrients. We assessed
resource allocations in cv-knockout plants grown under water-
deficit stress and salt stress. The higher photosynthesis and
N-use efficiency (NUE) in cv-knockout plants were confirmed
by the higher CO, assimilation capacity and better N assim-
ilation and utilization in the cv-knockout plants (Fig. 8A, B).
The allocation of N to the root was measured to determine
whether the lack of CV was associated with enhanced N allo-
cation to the plant sink organs of the plant. Under water-deficit
stress, but not salt stress, the N allocation to the sink was sig-
nificantly higher among cv-knockout plants, as compared to

30

€202 1oquiadaQ 6 U0 Jasn A LISHIAINN AIAY 131 Ad 962/ 129/8002/21/€9/0101He/dod/wod dno-dlwapese//:sdiy woly papeojumoq



Plant Cell Physiol. 63(12): 2008-2026 (2022) doi:https://doi.org/10.1093/pcp/pcac133

*
* : 25 *
- 2000 200 " %
S— - o
- - . ¥
= 1500 L * $
[] N 150 ) = %
— g . 1 *
= I * z
® 1000 B T : 1 @
- - T -1 00— q 10
2 : L M E
x s &
500 . 50 — ) Lo . s
0 0 = 0 n CRISPR1  CRISPR2 n CRISPR1  CRISPR2 n CRISPR1  CRISPR2
L CRISPRT  CRISPR2 IL CRISPRT  CRISPR2 IiL CRISPR1  CRISPR2
Control Drought Salt
Control Drought Salt
E control Salinity stress. Drought stress.
12000 4
. 08 . -
¥ 10000 7 x TEE T T
x 7+ < a i B
Z 8000 . - c 06 ™ e 2
& N £ . b 2
— 6000 | i i Loy 2
© e Q 04 1 -
"s > {
= . * * ¥ © 02
2000 _ ';' & - E 5 =5
oo, B BEL
R S O SR s v Q& > & R a
2
d

Control Drought Salt

ControlDrought Salt
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(P < 0.05, Dunnet’s test).

the 1L9-2-5 control line (Fig. 8C). In both salt stress and water-
deficit stress, the biomass allocation (measured as the ratio of
root dry weight to whole-plant dry weight) was enhanced in cv-
knockout plants (Fig. 8D). These results indicated an enhanced
source capacity of CRISPR mutants under stress (Fig. 8A, B,
and shown as HI in Fig. 7) and provide evidence for an
enhanced sink capacity (Fig. 8C, D, and shown as Brix in Fig. 7).
No apparent effect was observed under well-watered growth
conditions, as CO, assimilation capacity and biomass alloca-
tion did not differ between the genotypes (Supplementary

Fig. S3).

Correlation network analysis combined with
machine learning predicted that L-glutamine and
L-arginine biosynthesis metabolic pathways are
important for sinks (tomato fruits) under
stress-induced senescence conditions

In an effort to assess unique metabolic pathways associ-
ated with the source-sink stress-induced senescence response
in tomato, metabolite profiles were generated using a gas
chromatography-mass spectrometry (GC-MS) platform for
sink tissues (fruit) under all tested conditions (Supplementary
Table SIII), and a correlation-based network was constructed
from the dataset to further elucidate the relationships between

the different metabolites and stress-induced metabolic path-
ways (Toubiana et al. 2013, Fig. 9A).

We used correlation-based network analysis combined with
machine learning techniques to identify unique metabolic
pathways associated with stress conditions in tomato fruits
(Toubiana et al. 2019). Correlation-based networks were con-
structed for control, water-deficit stress-treated and salinity-
treated plants. Nodes and edges in the networks represented
compounds and significant correlation coefficients, respec-
tively. The control network was composed of 71 nodes and
1,082 edges [including 820 positive and 262 negative edges;
the positive edges/negative edges ratio (p./n,)=3.13]. The
drought (water-deficit stress) network was composed of 71
nodes and 714 edges (605 positive and 109 negative edges;
p./n, =5.55), and the salinity network was composed of 71
nodes and 543 edges (497 positive and 46 negative edges;
p./n, =10.8).

For each correlation-based network, a machine learning
model was generated, employing the extreme gradient boost
algorithm (Friedman 2001). Performance evaluation of the
machine learning models showed area under the curve (AUC)
values of the receiving operating characteristic curve of 0.932
for the control correlation-based network model, 0.967 for
the water-deficit stress correlation-based network model and
0.943 for the salinity-stress correlation-based network model.
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(P < 0.05, Dunnet's test).

The confusion matrices of the models demonstrated accuracy
rates of 0.882, 0.895 and 0.882 for the control, water-deficit and
salinity treatments, respectively (Fig. 9B). The cross-validated
models were then used to predict the activity of four different
stress-specific metabolic pathways (Fig. 9C, Supplementary
Table SIVb) gathered from the PlantCyc repository (Schlapfer
et al. 2017) at a prediction threshold value of >05. Sen-
sitivity analysis was applied to validate the prediction val-
ues of the metabolic pathways. The analysis suggested the
specific activity of several metabolic pathways under stress
(Fig. 9C).

Weighted gene co-expression network analysis
highlighted fruit genes associated with enhanced
sink capacity and fruit quality under
stress-induced senescence conditions

To identify genes associated with our predicted metabolic path-
ways, we generated transcriptomic data for all samples under
stress (Supplementary Table SV). To associate the metabolic
and gene expression data and to integrate the data with the
unique metabolic pathway analysis, we applied a weighted
gene co-expression network analysis (WGCNA) together with

a genetic algorithm for optimization of the WGCNA (Toubiana
et al. 2020). Specifically, we tackled two metabolic pathways
(L-arginine biosynthesis and L-glutamine biosynthesis)

that were predicted in stress-treated (both stresses) plants, but
not in control-treated plants. Next, we took the metabolomic
data of the metabolites associated with the respective pathways
and took the PC1 (using PCA) as the correlational representa-
tion of the respective pathway. We then performed WGCNA
using the PC1 data as the response variable to detect the highly
correlated gene modules. Next, from those genes, we took only
those which were differentially expressed (DE) between the IL
and CRISPR mutants.

The L-arginine biosynthesis-enriched pathway under
stress (Fig. 9) was further explored with regard to WGCNA. The
turquoise module containing 2,054 genes was chosen for in-
depth analysis (Supplementary Fig. S4, Supplementary Table
SVII). Eight genes whose expression was significantly corre-
lated (R? = 0.54, P = 3.00E-05) with the L-arginine biosynthesis-
enriched pathway were DE in the CRISPR and IL mutants, with
one gene upregulated and seven downregulated in the CRISPR
mutants (Fig. 10A, Supplementary Table SVI). Interestingly,
seven genes were enriched in mature fruit versus leaves in
M82, according to available databases (eFP browser; http://bar.
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LGLUTAMINE BOSYNTHESIS Il 023 075 078 028 078 059 citric acid, aconitic acid, glutamic acid, pyruvic acid, ad 5 glutamine, alpha-ketoglutarat

LARGININE BIOSYNTHESIS Il ACETVLCYCLD 023 082 089 019 079 089  glutamicacid, N-acetylornithine, citrulline, omithine, aspartic acid, fumaric acid, glutamine, arginine, alph , ad

PROANTHOCYANIDINS BIOSYNTHESIS FROM FLAVANOLS 0,09 068 078 0.10 061 069 glucose, alpha-ketoglutarate, succinic acid

REUCTIVE TCACYCLEL 034 075 093 031 072 092

aconitic acid, citric acid, malic acid, fumaric acid, succinic acid, pyruvic acid, ad 5 . alph

Fig. 9 Correlation-based networks of fruits in the different treatments. In order to conduct statistically robust network analyses, it is advantageous
using many heterogeneous samples so as to increase the noise in data, which sifts out relatively less significant results. Therefore, all the control-,
drought- and salinity-treated plants (IL, CRISPR1 and CRISPR2 together) were consolidated into the three treatment groups, respectively (e.g.
control group consisted of control-treated IL, CRISPR1 and CRISPR2 plants). For each treatment, correlation network analysis was performed,
by constructing a network containing all threshold passing correlations between metabolites. Pearson’s correlation coefficients (r) of r > 0.36,
0.4 and 0.53 (for the control, drought and salinity networks, respectively) and g-values of g < 0.05 were applied as the thresholds to detect sig-
nificant correlations, while spurious correlations were removed. (A) Cytoscape network visualization of the metabolic networks. Metabolites
are displayed as elliptical nodes and color-coded according to the compound classification. Positive and negative correlations are given (CON,
control; DRO, drought; SAL, salinity). (B) Confusion matrices of fruits machine learning models (ML) in the different conditions (CON, control;
DRO, drought; SAL, salinity). POS, positive instances (i.e. predicted) and NEG, negative instances (i.e. not predicted). The higher the congruity
between predicted and actual classification (i.e. the percentage of actual positive and negative incidences that were, respectively, predicted by
the machine learning model as such), the better the machine learning model. (C) Significant stress-specific metabolic pathway prediction tables
for fruits. The network analysis was done according to Toubiana et al. (2019), and the prediction values and sensitivity values, along with a list
of the associated metabolites for each pathway, are presented. Prediction values represent the probability (0 <P < 1) of the metabolic path-
way occurring in plants of the respective network. Sensitivity values represent the percentage of positive predictions using different machine
learning models, which are based off of 100 random subsampling (80%) of pathways [e.g. 70 out of 100 models using random subsampling of
pathways gave a positive prediction value (>0.5); this results in a sensitivity value of 0.7]. Tables in (B, C) were prepared via the ‘gt’ and ‘gtExtras’
R packages.

utoronto.ca/efp_tomato/cgi-bin/efpWeb.cgi). Among these,
Solyc01g107870.3 (polyadenylate RNA-binding protein 8),
Solyc05g010140.3 [proline-rich, extensin-like receptor-like
kinases 9/10 (PERKs)] and Solyc07g008840.3 [Rab Small GTPase
family protein (SIRabGAP2a)] were downregulated, whereas
Solyc10g012070.4 (BYPASS1) was upregulated in the CRISPR
mutants.

A further WGCNA of the L-glutamine biosynthesis-enriched
pathway under stress marked the red module with 838 genes
as a candidate for in-depth analysis (Supplementary Fig. S4,
Supplementary Table SVII). Six genes were significantly cor-
related with the L-glutamine biosynthesis-enriched pathway
(R? = 0.62, P = 1.00E-06) and were DE in the CRISPR mutants
(Fig. 10B, Supplementary Table SVI); two genes were upreg-
ulated and four were downregulated in the CRISPR mutants.
Interestingly, three genes were enriched in mature fruit versus

leaves in the M82 line, according to the databases (eFP
browser; http://bar.utoronto.ca/efp_tomato/cgi-bin/efpWeb.
cgi). Among the six, Solyc06g063070.3 [jasmonate and ethy-
lene response factor 1 (JERF)], Solyc12g005860.2 (aconitate
hydratase 3) and Solyc01g108020.3 (thioredoxin M-type 3)
were downregulated, whereas Solyc03g117180.3 (a putative
chloroplast receptor-like protein kinase) was upregulated in the
CRISPR mutants.

Discussion

We characterized the effects of altered CV expression in tomato
in order to investigate the effects of inducible senescence at
the reproductive stage on tomato source—sink relations. The
induction of CV led to a significant decrease in potential yield;
fruit weight was lower, Brix levels were unchanged and SAG12
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Fig. 10 Genes associated with enhanced sink capacity in CRISPR lines. (A) Boxplot illustration and description of significantly associated genes
of module turquoise (Supplementary Fig. S4) in the L-arginine biosynthesis metabolic pathway and (B) boxplot illustration and description
of significantly associated genes of module red (Supplementary Fig. S4) with the L-glutamine biosynthesis metabolic pathway. Values are the

mean =+ SD (N > 15; P < 0.05 according to Dunnet’s test).

levels (a known senescence marker) were significantly higher
(Fig. 1). Thus, the induction of stress-like senescence at the fruit
developmental stage in tomato (at high sink capacity) did not
contribute to a better sink capacity or to an improved assimilate
transport but resulted in reduced productivity, probably due to
the strong decrease in source capacity. These results contrasted
with those previously reported in cereals (Distelfeld et al. 2014).

Our results led us to conclude that the knockout of SICV
in tomato might be a viable approach for enhancing tomato
yield and yield quality under stress conditions. The expres-
sion patterns (Fig. 2), subcellular localization (Fig. 3) and
ectopic expression (Fig. 4) of tomato CV were all consistent
with this notion, as well as a recent publication showing that
this approach is viable for dark-induced senescence as well
(Yu et al. 2022). Interestingly, our results do not support a

strong involvement of SICV in non-stress-induced senescence,
as was also shown most recently in tomato (Yu et al. 2022),
rice (Sade et al. 2018b) and Arabdiopsis (Wang and Blumwald
2014); this could be either due to pathway redundancy or rel-
atively low induction. In contrast, recent studies on tomato
have shown the involvement of different Transcription Factors
(TFs) (e.g. napthylphthalamic acid and ORE) in developmental
senescence and that the downregulation of those TFs resulted
in increased vyield, fruit Brix and HI (Lira et al. 2017, Ma et al.
2018). As compared to previous studies, which used the down-
regulation of CV expression (Wang and Blumwald 2014, Sade
et al. 2018b), we generated tomato cv-knockout plants using
the CRISPR/Cas9 approach (Fig. 5). Our results demonstrate
that its use could benefit existing breeding programs for the
development of stress-resistant tomato plants.
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Does chloroplast degradation contribute to tomato
yield traits under stress conditions?

The timing of leaf senescence is a major determinant of crop
yield and quality. If senescence occurs too early, the plant’s
overall capacity for assimilating CO, could be reduced (Wingler
et al. 2006, Sade et al. 2018a). On the other hand, if senescence
is inhibited, senescence-induced nutrient recycling, important
for the development of reproductive tissues (Himelblau and
Amasino 2001), is inhibited. Thus, plasticity in leaf senescence
timing would be crucial for maximal yield production.

We found that under water-deficit or salt stress, delaying
senescence is a better strategy for tomato, as cv-knockout plants
displayed better photosynthetic capacity, resulting in improved
source capacity (Figs. 6-7), which supported the plant produc-
tive stage. These results are in agreement with previous observa-
tions in tomato plants, all showing that delayed senescence is a
viable strategy for enhanced yield and even sugar remobilization
in tomato (Lira et al. 2017, Ma et al. 2018, 2019). Furthermore,
very recently it was demonstrated that the knockout of CV in
tomato leads to maintained source capacity and photosynthe-
sis and to delayed chloroplast degradation under dark-induced
senescence (Yu et al. 2022), further corroborating the involve-
ment of tomato CV in stress-induced senescence. Why does
the enhanced activity of SICV (and other TFs, e.g. SINAP2; Ma
et al. 2018) not lead to better fruit sugar content and remo-
bilization? We can only speculate that in tomato, at the fruit
development and ripening stage (the stage we tested in our
experimental design), the plants were source-limited (Li et al.
2015), and therefore activation of stress-induced senescence
and decreasing source activity did not result in an advantageous
phenotype. Additionally, a recent study that tested source-to-
sink remobilization under stress showed that under stress, the
main tomato sugar exporter Solanum lycopersicum SUCROSE
TRANSPORTERT (SISUT1) (Osorio et al. 2014) was not upregu-
lated and remobilization decreased (using C13 assays), which
can support the hypothesis that, in tomato, delayed stress-
induced senescence, and not senescence activation, is beneficial
for fruits (Xu et al. 2018).

Under stress, cv-knockout plants displayed greater yield,
with higher soluble sugar content per fruit and per plant.
Regarding N assimilation and utilization, based on their behav-
ior in rice (Sade et al. 2018b), it might be expected that assimi-
lation in leaves would be beneficial in cv-knockout plants. How-
ever, N assimilation and utilization in leaves were not quantified
at this stage, and we focused on photosynthesis, sugar and
yield as parameters for quantification of source and sink effi-
ciency, as was recently shown for other tomato plants with
altered senescence (Lira et al. 2017, Ma et al. 2018). HlI, repre-
senting the plant resource allocation capacity and source—sink
relations, was also higher among cv-knockout plants (Fig. 7).
Although cv-knockout plants performed relatively better, as
compared to WT plants, all genotypes were strongly affected
by the severe stress given. Future research examining their per-
formance under mild stress and under field conditions will
add knowledge regarding the full potential of this strategy for
breeding purposes.

Source-sink relations: resource allocation in
tomato under abiotic stress

Under stress, tomato plants alter their leaf-to-root relation-
ships. Moles et al. (2018) found that water deficit triggered
cross-talk between plant organs and that source-sink relation-
ships differed among tomato cultivars. Our results indicated
that under abiotic stress, 1L9-2-5 tomato plants have lower
NUE in their leaves than cv-knockout tomato plants (Fig. 8).
Source’s NUE and sink’s N allocation are good indicators of
the plant’s resource capabilities, particularly under conditions
of abiotic stress (Ploschuk et al. 2005). Without a functional
CV, the plant sources produced more source mass per unit of
N, which further strengthens our conclusion regarding tomato
CV and source capacity under stress conditions (Fig. 6). As
for the sinks, root biomass and N allocation were significantly
higher among cv-knockout mutants than IL9-2-5 under stress
(Fig. 8).

Higher sink-to-source biomass ratios in plants that main-
tain a strong source contribute to the development of bigger
sink organs, which rely on the supply of sucrose. In contrast,
the higher ratio of sink-to-source N content within plants that
maintain a stronger source is somewhat counterintuitive. Leaf
senescence, during which chloroplasts disassemble, is an essen-
tial process for recycling N from leaves to the sink organs of
the plant and is an important factor for grain quality in cere-
als (Distelfeld et al. 2014). However, our results support the
notion that, in tomato, preventing or delaying source leaves
from undergoing stress senescence seems useful (Lira etal. 2017,
Ma et al. 2018, 2019), whereas inducing CV expression at the
reproductive stage has no beneficial effect on quality (Fig. 1).
Our results are also in agreement with the recent observation
that CV-downregulated rice plants exhibited enhanced sink
capacity and seed quality (Umnajkitikorn et al. 2020).

Metabolic pathways and genes associated with sink
capacity under stress

We used WGCNA combined with machine learning techniques
to identify unique and specific metabolic pathways associated
with stress conditions in tomato fruits (Toubiana et al. 2019).
This approach takes advantage of the fact that metabolic path-
ways shape the topology of a correlation network. By map-
ping known metabolic pathways into the correlation-based
network and learning their topological conformation, it is possi-
ble to generate a machine learning model to predict the activity
of metabolic pathways (Toubiana et al. 2019). We identified
L-glutamine and L-arginine biosynthesis as associated with the
response of ripe tomato fruits to stress (Fig. 9). Interestingly,
both biochemical pathways have been associated with senes-
cence processes in leaves (Couturier et al. 2010, Liebsch et al.
2022). L-Arginine is a precursor of nitric oxide and of polyamines
via the ornithine-biosynthesis pathway and has been shown to
be involved in the alleviation of oxidative damage in tomato
leaves under stress via a non-nitric-oxide-dependent pathway
(Nasibi et al. 2011). Polyamines have also been shown to
enhance tomato fruit metabolic content (Mehta et al. 2002).
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The transcriptomics data (via WGCNA) showed a number
of genes putatively associated with L-arginine-associated fruit
response to stress conditions (Fig. 10A). Among these, an
RNA-binding protein polyadenylate-binding protein 8 (PAB8
Solyc01g107870.3) plays a role in protein stability (Rissland
2017). Interestingly, Arabidopsis pab8 mutants exhibited altered
vegetative and reproductive growth (and particularly in the
transition between the two; Gallie 2017). Next, a cell-
wall regulator extensin-like receptor-like kinases 9/10 (PERK,
Solyc05g010140.3), which was downregulated in the CRISPR
mutants, is among a family of extensins in tomato, which are
strongly relevant to fruit ripening (Ding et al. 2020). These
have been suggested to be related to water stress response in
Arabidopsis (Yoshiba et al. 2001) and have been shown to be
negative regulators of the growth and pigmentation of Ara-
bidopsis seedlings (Humphrey et al. 2015). Furthermore, a Rab
Small GTPase family protein (SIRabGAP2a, Solyc07g008840.3),
regulating cellular trafficking, was downregulated in the CRISPR
mutants. Rab Small GTPases have been shown to function as
molecular switches in the presence of abiotic stress, specifically
salt stress (Madrid-Espinoza et al. 2019), and tomato SIRab11
has been shown to control fruit development through cell-
wall modification (Lunn et al. 2013, Tripathy et al. 2021). Most
recently, Arabidopsis Ran-GTP, a member of the Small GTPases
family, has been shown to promote leaf senescence (Pham et al.
2022). Also, an ortholog to BYPASS1 (Solyc10g012070.4), an
understudied gene that plays an important role in the regu-
lation of Arabidopsis growth (via an inhibitor of a carotenoid-
derived signaling compound; Van Norman and Sieburth 2007,
Arthikala et al. 2018), and whose functionality was affected by
cold stress (Zhang et al. 2020), was upregulated in our CRISPR
fruits.

Our results also indicated the involvement of L-glutamine
biosynthesis under stress conditions (Fig. 10). Interestingly, this
pathway lies at the junction of C and N metabolism via the TCA
cycle and GLUTAMINE SYNTHETASE/GLUTAMINE OXOGLU-
TARATE AMINOTRANSFERASE (GS/GOGAT) cycles and has
been shown to be involved in the plant stress response (Reguera
et al. 2013, Tahjib-Ul-Arif et al. 2021) and to be associated with
CV (Sade et al. 2018b, Umnajkitikorn et al. 2020). The C-N bal-
ance and partitioning in the plant and their relationships with
fruit nutritional values and yield under stress are not fully under-
stood. Using transcriptomic data, together with our machine
learning approach, we were able to compile a short list of
putative genes that might be related to L-glutamine-associated
fruit sink capacity under stress conditions (Fig. 10B) and that
were significantly DE between the IL and CRISPR1-CRISPR2
mutants.

Among these genes were the JERFT (Solyc06g063070.3). The
ethylene response factor (ERF) genes are a large family of tran-
scription factors with important functions in the transcrip-
tional regulation of a variety of biological processes associated
with growth and development, as well as responses to various
types of abiotic and biotic stress (Lorenzo et al. 2003, Licausi
et al. 2013). ERFs also play a significant role in the regulation

of fruit ripening and metabolism (Severo et al. 2015, Quinet
etal.2019). Second, an Aconitate hydratase (Solyc12g005860.2)
was downregulated in the CRISPR mutants’ fruits. Aconitate
hydratases are enzymes that catalyze the isomerization of cit-
rate to isocitrate via cis-aconitate, involved in tomato fruit sugar
content and vyield (Carrari et al. 2003) and associated with
senescence in wheat (Gregersen and Holm 2007). Aconitate
hydratases also play a role in regulating resistance to oxida-
tive stress and cell death in Arabidopsis and Nicotiana ben-
thamiana (Moeder et al. 2007). Next, thioredoxin M-type 3
(orthologous to AtGAT1; Solyc01g108020.3), a chloroplast pro-
tein similar to prokaryotic thioredoxin, was also altered in the
CRISPR plants. GAT1 has been shown to mediate C-N inter-
actions via glutamate-derived ~-aminobutyric acid metabolism
in Arabidopsis (Batushansky et al. 2015), a metabolite that is
important in stress response (Bouché and Fromm 2004). Fur-
thermore, GAT1 has also been shown to be involved in the
redox regulation of callose deposition and symplastic perme-
ability in Arabidopsis (Benitez-Alfonso et al. 2009). Interestingly,
arginine and glutamine synthesis pathways are interconnected
via many metabolic intermediates and possible genes (https://
www.genome.jp/kegg-bin/show_pathway?map00220). Indeed,
most of the gene modules in our dataset are shared by both
pathways (e.g. turquoise and red; Supplementary Table SVI|,
Supplementary Fig. S4), indicating shared candidate genes.

Even though the majority of these genes might not be dis-
cernibly related to L-arginine and L-glutamine biosynthesis per
se (as hypothetically the tomato L-arginine synthetase and an
L-glutamine synthetase would be), the advantage of the anal-
ysis used in this research allows us to circumvent addressing
the more apparent and basic metabolic and transcriptomic
data (e.g. comparing L-arginine levels and L-arginine synthetase
expression levels between mutants) and rely on already known
databases and correlational methods to uncover genes that are
otherwise unknown to be related to the addressed pathways,
or alternatively too far away biochemically to be noticeably
related (and as in many cases, the direct metabolic and tran-
scriptomic factors do not correlate significantly with the ques-
tioned phenomenon, e.g. the difference between the IL and
CRISPR mutants). Therefore, we have not directly tested the
discussed pathways, regarding the difference between the IL
and CRISPR mutants and regarding stress response and source—
sink relations via senescence, and mainly used their associated
metabolomic data to find highly correlated expressed genes,
while also assuming their specific importance under drought
and salinity stress due to the correlation network analysis. Col-
lectively, these genes may function as regulators of sink capac-
ity under stress, and their importance via the biosynthesis of
L-arginine and L-glutamine in fruits under stress conditions
merits further investigation.

Conclusion and future perspectives

The use of delayed stress-induced senescence as a stress-
tolerance trait and biotechnological approach for enhancing
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crop photosynthesis has been suggested (Rivero et al. 2007,
Sade et al. 2018a). Our results indicate that the lack of a func-
tional CV contributes to the maintenance of source capacity
in tomato under stress-induced senescence. The alteration of
gene expression in the mature fruits of cv-knockout plants sug-
gests a specific, yet undetermined, role for CV in fleshy fruits
(and possibly other non-photosynthetic tissues as CV is upreg-
ulated under stress in root tissue; Supplementary Fig. S5)
and merits further research. The abundancy of available cul-
tivated tomato mutants offers an invaluable opportunity to
identify naturally occurring variants of CV (and other delayed
stress-induced senescence-associated genes) that might result
in different abiotic stress-resistant mutants.

Data mining analysis and phylogenetic representation of
the tomato CV throughout the Solanum genus revealed no
apparent variability among commercial varieties, while some
variability was seen among wild tomato species (although with-
out any apparent variability in the conserved domain of CV;
Supplementary Fig. S6). This observation raises the possibility
of using wild tomato alleles as genetic material for integrating
delayed senescence stress-tolerance traits into commercial crop
mutants in breeding programs.

Materials and Methods

Plant material

Mutants examined.  Solanum lycopersicum cv. M82 and IL9-2-5 (Fridman
et al. 2002) were used in this research as control mutants and as the genetic
background for transgenic mutants. Transgenic mutants of S. lycopersicum,
specifically transgenic CRISPR-made BRIX9-2-5 mutants (referred to as CRISPR-
1 and CRISPR-2 throughout this work) and transgenic tomato plants DEX:CV
(DEX:AtCV-1 and DEX:AtCV-2), were characterized using PCR and were used
throughout this research as well (NPTII for CRISPR plants and BiAlaphos Resis-
tance gene for DEX:CV plants; primers are listed in Supplementary Table SI).
Two independent T, homozygous mutants were used in all experiments.

Arabidopsis thaliana WT (ecotype Columbia-0) was used as a control line
and for the generation of two separate DEX:SICV mutants (DEX:SICV-1 and
DEX:SICV-2) using the floral-dip method (Clough and Bent 1998). Transgenic
plants were selected with glufosinate.

Growth conditions

A tomato experiment was conducted in a semi-controlled greenhouse in which
the air temperature was kept at 20-26°C. The plants were exposed to sunlight,
with no artificial light used. Tomato seeds were sown in nursery trays. Once
seedlings had developed one to two true leaves, they were transplanted into 3-|
pots. Irrigation was applied using a drip-irrigation system that included Galcon
6104-DC4 irrigation controllers, set to provide well-watered (i.e. control) and
limited-irrigation (i.e. drought) conditions. Saline irrigation was applied every
other day by hand. Fertilizer was applied using a proportional injector TEFEN
MixRit 2.5 Manual, pumping a 4-2-8 liquid fertilizer (or by Deshen Gat, Kiryat
Gat, Israel Inc.) at a quantity of 2 ml 7.

Arabidopsis thaliana plants were grown in a controlled growth room kept

at 23°C with a light regime of 8/16 h day/night at 100 pmol photons m=2 s,

Treatments

Salinity stress was applied as saline irrigation. To prevent osmotic shock, salinity
was gradually increased for a period of 5 d, from 50 to 75 mM, and then 100 mM,

then 125 mM and finally, 150 mM NaCl, which was the concentration used for
the rest of the experiment. Standard table salt was used.

Drought stress was applied by deficit irrigation to the soil. Soil-moisture
probe measurements (EC-5; Decagon, METER Group, Pullman, WA, USA) were
taken to verify soil parameters. For vegetative-stress experiments, drought
stress was applied by restricting irrigation (soil volumetric water content:
10.7 £ 0.9%) in comparison to the control group (soil volumetric water content:
78.3 + 1.3%). For yield experiments, drought stress was applied by restricting
irrigation (control volumetric soil content: 53 4- 0.7%; drought-stress volumet-
ric soil content: 14 4- 0.7%) until harvest. Fruits were harvested when completely
ripe. For the vegetative experiments, stress treatments were applied to tomato
plants that had five or six fully developed true leaves. For the yield experi-
ments, stress treatments were applied as soon as the first inflorescence had
emerged. As for the well-watered treatment, the maximum amount of water
that could be held by the soil in the containers was measured and this amount
was applied daily, split between two separate watering events each day, and the
volume of water applied per plant was increased over the course of the growing
period.

To conduct the experiment involving the transgenic tomato mutants
DEX:SICV-1 and DEX:SICV-2, when plants reached approximately 40 d olds and
flower buds had appeared, we pruned each plant so that only two sets of one
leaf and one flower-bud cluster remained. DEX:CV was induced by dipping
each leaf into a 50-pM DEX solution for approximately 30s once every 3d
at noon. DEX treatments were applied when buds had developed into fruits
(two fruits per bud) and at the early green fruit stage continuing until full
fruit ripening. M82 control plants were also dipped in 50-pM DEX throughout
the study.

Physiological measurements

Measurements of gas exchange and photosynthesis.
ductance, transpiration rates and CO, assimilation were measured with a
portable gas exchange LI-6400XT (LI-COR, Lincoln, NE, USA). Photosynthesis
was induced at 1,200 pmol photons m=2 s=" with 10% blue light. CO, sur-
rounding the leaf was set at 400 pmol mol™! CO,, and temperature was set
at 25°C. Measurements were snapshots, and the device was left to stabilize
(i.e. stabilization of the Ay and E curve) for 90 s prior to each measurement.

Stomatal con-

Chlorophyll fluorescence and content

Chlorophyll content was measured using a SPAD chlorophyll-content meter
(CCM-200 plus Chlorophyll Content Meter; Opti-Sciences, Hudson, NH, USA).
Chlorophyll content was measured in the third or fourth leaf (counting down
from the apical meristem). Each measurement was calculated as the approxi-
mate average of three measurements of a single leaf, avoiding the main vascular
system of the leaf.

Chlorophyll fluorescence was measured as F,/F,, (measuring the ratio
between the fluorescent state of a pre-photosynthetic, dark-adapted leaf, F,
and the maximum number of reaction centers to have been reduced or closed
by a saturating light source, F,). Using FluorPen FP 100 (Photon Systems Instru-
ments, Drasov, Czechia), a period of dark adaptation (10 min, using the clips
of the meter) was followed by the test itself. For the detached-leaf experi-
ment, chlorophyll content was measured using an acetone-based extraction,
as described in Wang and Blumwald (2014).

Yield analysis: preparation, total yield, Brix and HI

Preparation. In the yield experiment, tomato fruits were harvested when
they had ripened to a full-red state, at which point they were firm to the
touch and completely red. Tomatoes were harvested between 11:00 and 15:00.
Pedicels and sepals were removed.

Total yield.  Each fruit was weighed using a digital scale (BE10002; Biobase,
Karnataka, India). The total fruit mass that was harvested from each plant was
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calculated and recorded as ‘total yield per plant’ The average total yield per
plant was calculated for each line and treatment (e.g. CRIPSR-1, drought).

Brix.  Brix, the total content of soluble sugars in ripe fruit (as grams of sucrose
in 100 g of solution; Brix%) and a common indicator used for processing tomato
fruit quality, was measured using a Brix meter refractometer (HI96801 Refrac-
tometer for Sucrose Measurements; Hanna Instruments, Woonsocket, RI, USA).
To measure the fruit Brix, each fruit was cut in half using a clean sharp scalpel,
and pericarp liquids were squeezed into the refractometer sample well and
prism. Between each measurement, the sample well was thoroughly cleaned
using Kimtech-Science™ Kimwipes™. Each fruit was measured three times,
and those values were averaged. The average Brix level of all the fruits harvested
from each line was calculated.

Harvest index. Hl is calculated as the ratio of the total fruit weight of
a plant to the weight of its shoot dry matter. At the end of the experiment,
each tomato plant was harvested, oven-dried (at 65°C for 72-96 h) and then
weighed. The average HI was calculated for each group of plants.

Whole-plant transpiration

Whole-plant daily transpiration rates were determined using lysimeters, as
described in detail by Dalal et al. (2020). Briefly, individual 1L9-2-5 and CRISPR2
tomato plants were planted in 3.9- pots and grown under controlled condi-
tions. Each pot was placed on a temperature-compensated load cell with a
digital output and was sealed to prevent any evaporation from the surface of the
growth medium. The output of the load cells was monitored every 10's, and the
average readings over 3-min periods were collected in a data-logger for further
analysis. Whole-plant transpiration rate was calculated as a numerical deriva-
tive of the load-cell output following a data-smoothing process. Each plant’s
daily transpiration rate was normalized to its weight. For the drought experi-
ments, irrigation was gradually reduced, and soil moisture was monitored using
soil-moisture probes (EC-5; Decagon, METER Group, WA, USA).

Cellular localization

Agroinfiltration.  Tobacco (N. benthamiana) leaves were infiltrated with
recombinant Agrobacterium strain (GV3101) using a syringe (2 ml) without a
needle. Leaves were superficially wounded with a needle to improve infiltration.
Three leaves were agro-infiltrated at a time, and the infiltration procedure was
performed twice. The agro-infiltrated leaves were photographed 36-48 h after
infiltration.

Fluorescent imaging.  Fluorescence microscopy was performed using
a Zeiss LSM 780 inverted confocal laser scanning microscope (Carl Zeiss,
Oberkochen, Germany). The transformed leaves were photographed using
excitation/emission wavelengths for YFP (514 nm/527-572 nm) and chloro-
phyll (633 nm/650-720 nm). Image analysis and signal quantification were per-
formed using the measurement function of ZEISS Efficient Navigation lite 2012
software (Carl Zeiss, Oberkochen, Germany).

Constructs

Solyc CV-CRISPR construct.  The tomato CV-CRISPR construct was gen-
erated through GoldenGate assembly into pTRNAS_220d (Cermak et al. 2017).
The three target sites: SolycCVt1, GAGGTTGAGGGGAGAGATTG; SolycCVt2,
GAAAGTACGATCGCGATCGC and SolycCVt3, CTCCGGCGAGTCACCGGCCT,
were chosen. Primers used to assemble gRNA were designed through the
website http://crispr-multiplex.cbs.umn.edu//assembly.php (Supplementary
Table SI). The multiplex gRNA cassette was assembled into a pMOD_B2103
module B plasmid with Csy4 as a splicing system (Cermak et al. 2017). Hence,
the pMOD_A0501 that contained a P2A fusion of Csy4 ribonuclease and Cas9
was used asa module A plasmid (Cermak et al. 2017). Using tissue-culture meth-
ods, the construct was introduced into an IL9-2-5 tomato line, a S. lycopersicum

line that carries a 9 cM introgression from the wild species, S. pennelli (Baxter
et al. 2005). SolycCVt1 (gRNAT1) generated a mutation at exon 1 as predicted
(see Results). Two more gRNAs targeted exon 2 (SolycCVt2 and SolycCVt3) and
did not generate any mutation.

Dex:SolycCV-3xFlag construct.  The SolycCV coding region was flanked
by a gateway attB1 sequence at the 5" end and a linker sequence at the 3" end
and was PCR-amplified with M82 tomato complementary DNA (cDNA) used as
a template. The 3xFlag and Arabidopsis HSP terminator fusion were synthesized
(Genewiz, South Plainfield, NJ, USA) and used as a template for a nesting PCR
with the SolycCV amplicon, with the primer-flanking linker sequence at the 5’
end and with the gateway attB2 sequence at the 3" end. Nesting PCR was per-
formed using the two PCR amplicons as templates, as well as the attB1and attB2
primers that were used in the first round of PCR. The resulting amplicon was
cloned into pDONR207 by a attB attP DNA site recombination reaction (Invitro-
gen, Waltham, MA, USA). This entry clone and the destination vector, pBAV154
(Vinatzer et al. 2006), harboring the Dex induction system, were recombined
in an attL attR DNA site recombination (LR) reaction (Invitrogen). A floral-dip
method (Clough and Bent 1998) was used to introduce the construct into a Col
A. thaliana ecotype.

35S:SICV:YFP construct. To exclude 3xFlag and the stop codon from
the entry clone of SolycCV-3xFlag and keep the attL1 and attL2 sequences,
two independent PCR reactions were performed with the pDONR 207-F: the
SICVwoStop-R primers used in one reaction and the SICVwoStop-B2-F and
the pDONR 207-R used in the other reaction, with the SolycCV-3xFlag entry
clone used as the template for both reactions. The produced amplicons were
used as a template for the second round of PCR with the pDONR 207-F and
pDONR 207-R primers. The LR reaction was then used to directly recombine
the new amplicon with the pEarleyGate101 (Earley et al. 2006), harboring the
35S promoter and the C-terminal-tagging YFP.

Fruit metabolomics

We analyzed the metabolites present in fully ripe fruit. The pericarp of each
fruit was dissected, excluding seeds, epidermis, placental tissue and columella.
Extracted pericarp was kept in designated opaque, plastic 10-ml tubes. The
pericarp tissue was then lyophilized (-49.8°C/9 Pa, ~36h) and crushed into
powder. To measure the concentrations of the different metabolites, equal
amounts of the crushed sample were extracted using methyl-tert-butyl ether
as a solvent (Giavalisco et al. 2011). Samples were subjected to GC-MS analysis
using an Agilent 7683 series auto-sampler (Agilent Technologies, Santa Clara,
CA, USA), coupled to an Agilent 6890 gas chromatograph-Leco Pegasus two
time-of-flight mass spectrometer (Wu et al. 2016).

RNA extraction, cDNA synthesis, qPCR and RNAseq

RNA was extracted from leaves or fruits using the Total RNA Mini Kit (Plant)
from Geneaid (New Taipei, Taiwan). The success of the extraction and the
integrity of the RNA were validated using NanoDrop (MaestroNano, New Taipei,
Taiwan) and gel electrophoresis.

cDNA strands were synthesized using a designated kit (qScript cDNA Syn-
thesis Kit; QuantaBio, Beverly, MA, USA) and PCR (SimpliAmp™ Thermal Cycler;
ThermoFisher Scientific, Waltham, MA, USA), according to the manufacturer’s
instructions. Quantitative PCR was performed using the PikoReal 96 Real-Time
PCR System (Thermo Scientific, MA, USA) and qPCRBIO SyGreen Blue Mix
Hi-ROX kit by PCR Biosystems (London, UK). The different sets of primers
used for the amplification of the target genes are listed in Supplementary
Table SII. Analysis of the relative gene expression was performed according
to the comparative cycle threshold (2=22CT) method (Livak and Schmittgen
2001) and calibrated using transcript values relative to the endogenous
tomato ACTIN. RNAseq libraries were prepared, sequenced and analyzed using
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the ‘TranSeq’ 3’-end sequencing methodology, as fully described in Tzfadia
etal. (2018).

N content

Plants were grown in a semi-controlled greenhouse in sandy soil pre-saturated
with water and fertilization and were irrigated 200 mld™". At 30d post-
germination, the plants were divided into two treatment groups: a salinity-stress
group subjected to saline irrigation (gradually increased to 150 mM NaCl) and
a drought-stress group, for which irrigation was limited and a steady, low irri-
gation of 50 mld™" (approximately 25% of normal irrigation) was given. Treat-
ments were given for 18 d, and the plants exhibited obvious symptoms of stress
at harvest. Additionally, more plants were grown under similar conditions with
non-stress conditions and were irrigated 200 mld~" until harvest. The N con-
tent of each sample was determined by combustion, according to the Dumas
method, using 5 mg of powder and an elemental analyzer (FlashSmart™ Elemen-
tal Analyzer; Thermo Fisher, MA, USA). At harvest, the shoots and roots were
separated, and the roots were thoroughly cleaned of debris. The samples were
then dried in an oven (70°C, 96 h) and crushed using a standard kitchen electric
blender. Source (leaf) NUE was calculated as shoot plant dry weight divided by
shoot N content. Sink (root) N content and biomass allocation reflect the pro-
portion of the whole-plant N content or dry weight that is accounted for by the
sink N content or sink dry weight.

Identification of metabolic pathways within
correlation-based networks

Relative quantities of metabolites were used to construct correlation-based net-
works essentially as described in Toubiana et al. (2013). In brief, correlation
coefficients, based on the Pearson product moments, were computed between
any two metabolites of the dataset. Next, correlation-based networks were gen-
erated, in which each node represented a metabolite and the edges between the
nodes represented the corresponding correlation coefficients. Threshold anal-
ysis of the correlation coefficients was applied in a recursive manner to test
various network features, as described in Toubiana and Maruenda (2021), such
that only correlations/edges with a g-value <0.05 and |r| > 0.36 (control), 0.4
(drought) and 0.53 (salinity) were retained in the network. The clustering of
nodes in the network was performed using the walktrap community-detecting
algorithm.

Next, correlation-based network analysis was combined with machine
learning techniques to predict metabolic pathways in correlation-based net-
works (Toubiana et al. 2019). For the training set, 37 metabolic pathways that
are common to all plant species listed in PlantCyc (Schlapfer et al. 2017) were
used as the positive instances, while metabolic pathways not found in plants
and random sets of metabolites were used as the negative instances. The path-
ways in the training set were then mapped onto the correlation-based network,
such that the nodes corresponded to the metabolites in the pathways. Subse-
quently, a set of network properties was computed for each pathway (Toubiana
et al. 2019) and those sets were then fed into the machine learning classifier
(XGboost) as features to generate a statistically robust machine learning model.
The model was run with 10x cross-validation. Finally, a test set composed of
metabolic pathways from PlantCyc but not overlapping with the training set
was predicted using the machine learning model. Sensitivity analysis was per-
formed to validate the predictions of test set pathways. Only pathways that
were positively predicted in both the original prediction (>0.6) and the sensi-
tivity analysis (>0.6) were considered to have been validly predicted. Pathways
that were predicted for both stress conditions, but not for the control con-
ditions, were used for further analysis. The number of edges and nodes were
extracted using the ‘igraph’ R package. The AUC values were extracted using
the ‘xgboost’ R package. The confusion matrices and their accuracies [repre-
senting the percentage of the matches between the actual classification and
the predicted classification (POS/POS + NEG/NEG) out of all classifications
(POS/POS + POS/NEG + NEG/POS + NEG/NEG)] were extracted using the
‘caret’ R package.

Using WGCNA to identify the correlation between
metabolites and network modules

WGCNA was applied to normalized gene expression values, with samples from
all experiments combined, essentially as described in Langfelder and Horvath
(2008). In brief, correlation coefficients, based on the Pearson product moment,
were computed between any two genes of the dataset. Next, a correlation-
based network was generated, in which each node represented a gene and
the edges between the nodes represented the corresponding correlation coef-
ficient. To achieve a scale-free network topology, the power function was used,
determining the exponent (3 = 5) for the correlation coefficients. The resulting
topological overlap matrix was then used for hierarchical topological overlap
mapping to identify modules of highly connected genes. This was done using
the automated mode supplied by the WGCNA package. Next, module eigen-
genes were computed in order to correlate them with the metabolites. Modules
that included highly significant correlations with metabolites of interest were
identified. Within the module of interest, the most significant genes among the
different genotypes were used to detect potential candidate genes for further
research.

Statistical analysis

The JMP Pro 15 software was used for statistical analysis. Details of the analyses
are provided in the figure legends.

Supplementary Data

Supplementary data are available at PCP online.

Data Availability
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Genomics Network data library under the following acces-
sion number: CV (Solyc08G067630). All data supporting the
findings of this study are available within the paper and the
Supplementary data.
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Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) technologies have been implemented in
recent years in the genome editing of eukaryotes, including plants. The original system of knocking out a single
gene by causing a double-strand break (DSB), followed by non-homologous end joining (NHEJ) or Homology-
directed repair (HDR) has undergone many adaptations. These adaptations include employing CRISPR/Cas9
to upregulate gene expression or to cause specific small changes to the DNA sequence of the gene-of-interest. In
plants, multiplexing, i.e., inducing multiple changes by CRISPR/Cas9, is extremely relevant due to the redun-
dancy of many plant genes, and the time- and labor-consuming generation of stable transgenic plant lines via
crossing. Here we discuss relevant examples of various traits, such as yield, biofortification, gluten content,
abiotic stress tolerance, and biotic stress resistance, which have been successfully manipulated using CRISPR/
Cas9 in plants. While existing studies have primarily focused on proving the impact of CRISPR/Cas9 on a single
trait, there is a growing interest among researchers in creating a multi-stress tolerant wheat cultivar ‘super
wheat’, to commercially and sustainably enhance wheat yields under climate change. Due to the complexity of
the technical difficulties in generating multi-target CRISPR/Cas9 lines and of the interactions between stress
responses, we propose enhancing already commercial local landraces with higher yield traits along with stress
tolerances specific to the respective localities, instead of generating a general ‘super wheat’. We hope this will
serve as the sustainable solution to commercially enhancing crop yields under both stable and challenging
environmental conditions.

in a desirable manner, efficiently targeting site-specific sequences. Many
reviews have been conducted recently, regarding CRISPR/Cas9 systems
in general (e.g., Liu et al. 2022; Wang and Doudna, 2023), in plants
(Zhang et al., 2019b; Cardi et al., 2023) and even specifically in bread
wheat (Kumar et al., 2019; Li et al., 2021a) and the main trends are as

1. Introduction

Clustered Regularly Interspaced Short Palindromic Repeats
(CRISPR) technologies have been a hot topic in the past decade, ever
since the concept of genetic engineering in eukaryotes using the bacte-

rial CRISPR/Cas9 system was introduced (Cong et al., 2013; Mali et al.,
2013; Jinek et al., 2013; Doudna and Charpentier, 2014). Briefly, many
bacteria and archaea maintain a viral “database” containing spacer DNA
(each spacer is a unique sequence from a specific virus) interspersed
with short palindromic repetitive sequences. CRISPR-associated (Cas)
proteins will bind replicas of the different spacers, and upon a viral
attack onto the bacterial host cell, the protein with the spacer corre-
sponding to the invading virus DNA will target it and cleave it (Horvath
and Barrangou, 2010).

Since then, CRISPR/Cas9 systems have been introduced into the
theoretical and applicative research of various organisms, including
humans, animals and plants, and have successfully altered phenotypes
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follows.

First, the original system has been tweaked many times over,
including by changing the guide RNA into single guide RNA (sgRNA;
Jinek et al., 2012) and finetuning the Cas9 and Cas12a proteins (Zhang
et al, 2019b). Second, non-homologous end joining (NHEJ) and
Homology-directed repair (HDR) following a double-strand break (DSB)
are two parallel options to generate changes in DNA via the CRISPR/-
Cas9 system. Both have significant advantages and disadvantages. For
instance, NHEJ is the default DNA repair pathway, operating swiftly and
actively throughout the cell cycle in both replication-active and -inac-
tive cells, HDR presents a significantly lower risk of undesirable alter-
ations to the resulting DNA sequence, such as insertions, deletions and
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base changes. Ongoing research is actively exploring ways to enhance
the latter by inhibiting the former, as reviewed in Yeh et al., 2019.

The original function of the CRISPR/Cas9 system involving cleaving
DNA out of the genome via DSB has a narrow spectrum of application. In
order to make specific changes to the sequence without the risks asso-
ciated with DSB, important improvements have been made. This in-
cludes fusing a catalytically nonfunctional Cas9 (dead Cas9, dCas9;
which has lost its nuclease activity) with a deaminase, allowing base
conversion without DSB (referred to as base editing; Komor et al., 2016).
Alternatively, another approach is the fusion of dCas9 with an engi-
neered reverse transcriptase, which is guided by a prime editing guide
RNA (pegRNA), which not only targets the sequence but also dictates the
desired sequence change (referred to as prime editing; Anzalone et al.,
2019). Other variations in CRISPR technologies include genetic and
epigenetic CRISPR activation or interference (CRISPRa or CRISPRI,
respectively), i.e., using a fusion of dCas9 to a transcription repressor (Qi
etal., 2013) or activator (Gilbert et al., 2013) to repress or activate gene
expression, respectively. Lastly, CRISPR is also used for gene screening,
i.e., targeting thousands of genes across the genome in individually
silenced lines and functionally screening all lines (Shalem et al. 2014).

Nevertheless, it is important to acknowledge existing drawbacks in
the CRISPR/Cas9 toolbox, mainly regarding the precision, accuracy and
delivery (Wang and Doudna, 2023). Precision refers to achieving a
‘perfect’ sequence, i.e., ensuring no unintended indels or editing within
the editing window. Accuracy pertains to site-specificity, i.e., ensuring
no off-target activity, and imperfect accuracy and/or precision can cause
undesired alteration of the gene-of-interest and/or off-target genes, an
outcome deemed unacceptable in many cases. Delivery concerns over-
coming interferences from the physical site of delivery and to the
intended on-target site within the genome. While this is less an issue
when dealing with plants, as genetic transformation protocols have been
relatively established in many plant species, though transformation ef-
ficiency varies on the species and subspecies levels (Kausch et al., 2019).

Specifically, in plants, the potential of multiplexing in CRISPR ap-
plications involving the targeting multiple sites or genes simultaneously
using multiple gRNA in a single fused sequence or targeting multiple
sequences with a single gRNA is highlighted. This success is attributed
to, inter alia, the redundancy of many plant genes, and the time- and
labor-consuming generation of stable transgenic plant lines via crossing
(Ling et al., 2014). There is a reported instance of over 100 targets
successfully altered via CRISPR multiplexing (Najera et al., 2019).
Another aspect of CRISPR in plants is the hurdles of Genetic Modified
Organism (GMO) regulation and social intimidation. Different countries
and/or multinational regulatory bodies have varying regulation
regarding GMOs in general, and genome-edited crops in particular
(Zhang et al., 2020). There are numerous methods exist for the devel-
opment of transgene-free CRISPR crops such as exclusion of the trans-
gene via Mendelian segregation using a ribonucleoprotein (RNP)
complex, inducing transient expression of the CRISPR/Cas9 system,
drug-induced elimination of transgenic lines, fluorescence marker
elimination of transgenic lines or using self-destructive transformation,
in which the already edited and still transgenic cells will commit pro-
grammed cell death (He and Zhao, 2019). Many proponents argue that
the availability of these strategies is a compelling reason to develop a
unique approach towards genome-edited crops, setting them apart from
conventional GMOs (Huang et al., 2016). The social fear of GMOs
(which would apply to CRISPR/Cas9 crops, if deemed as such by each
respective regulatory body), provides another crucial hurdle which
needs to be addressed soon, while we can still close the yield gap (Anders
et al., 2021).

As mentioned before, many thorough reviews have been published
regarding general CRISPR/Cas9 advancements, CRISPR/Cas9 in plants,
and specifically in wheat. Here, we provide, to the best of our knowl-
edge, the first multi-trait review analysis in bread wheat (Triticum aes-
tivum L.), trying to depict a framework of creating a fully-fledged “super”
crop, equipped to deal with multi-stress climate change and other yield
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constraints, an idea introduced by Li et al. (2021b). Is this possible and if
so, how? We hope that this public discussion will encourage multi-trait
research and implementation, in order to feed the growing human
population sustainably in the near future. It is important to mention,
that because of its relatively complex genome (size and polyploidy) and
the challenging nature of its transformation, T. aestivum is much more
scarcely researched using CRISPR/Cas9 than other common plants (e.g.,
Arabidopsis thaliana and Oryza sativa; Kumar et al., 2019), though this is
slowly changing recently. Hence, the amount of research papers we
found, regarding using CRISPR/Cas9 on T. aestivum tackling specific
traits is still relatively limited per trait.

2. High yield

Bread wheat contributes approximately 20% of the global human
calorie consumption (Shewry and Hey, 2015). While a significant in-
crease in demand for food is expected due to human population growth
and due to the increase of the standard of living (Godfray and Garnett,
2014), supply is projected to critically decrease due to environmental
stresses and international conflicts (Reynolds et al., 2012; Bentley et al.,
2022). Despite the fact that a myriad of traits associated with increasing
yield potential have been reported (e.g., photosynthesis optimization,
increasing source-sink grain filling and grain filling time period,
improving water-use and nitrogen-use efficiencies, increasing grain size
and number and decreasing plant height; Bailey-Serres et al., 2019;
Gupta et al., 2023), global wheat production has only increased annually
by no more than 1% (Dixon et al., 2009; Khadka et al., 2020). To our
knowledge, no CRISPR/Cas9 system has been utilized yet to improve
photosynthetic efficiency in wheat (though maize and rice have been
tested; Wang et al., 2019a; Zheng et al., 2021b; Caddell et al., 2023), and
here we will discuss the improvement of two other aspects of
yield-related mechanisms via CRISPR/Cas9.

Gupta et al. (2023) generated CRISPR/Cas9 T. aestivum ‘Fielder’
lines, mutated in SQUAMOSA promoter-binding protein-like 13
(TaSPL13), the only gene in the TaSPL family in which the DSB would
not occur in the coding region, rather in the 3’UTR. The mutation was
generated in the miRNA156 Recognition Element (M RE ), which, in
turn, inhibited the miRNA156 suppression of TaSPL13 transcription.
The results in general showed that cleaving the MRE, while leaving the
TaSPL13 protein intact, caused an increase of TaSPL13-B transcription
(the majorly transcribed homeolog), a decrease in flowering time, tiller
number and plant height and an increase in grain size and number. It is
important to note that other genes have been targeted via CRISPR/Cas9
to increase seed size and weight (Wang et al., 2018; Wang et al., 2019b;
Zhang et al., 2018; Zhang et al., 2019c¢), though we decided to focus on
Gupta et al. (2023) as a case study regarding increasing seed size via
CRISPR/Cas9.

Zhang et al. (2021) took a different approach to increase potential
yield in wheat and generated CRISPR/Cas9 T. aestivum ‘ZhengMai 7698’
lines. These lines were mutated in abnormal cytokinin responsel
repressorl (AREI), a repressor of ferredoxin-dependent glutamate
2-oxoglutarate aminotransferase (Fd-GOGAT), which is an enzyme
directly involved in ammonium assimilation. Briefly, they have found
that all mutant lines showed a higher tolerance to nitrogen (N) starva-
tion, higher root-to-shoot ratio, higher chlorophyll content, delayed
senescence (i.e., exhibiting a prolonged ‘stay green’ phenotype
compared to the wild type) and differential expression patterns for other
genes involved in N assimilation and transport under N starvation.
Specifically, the AABBdd and aabbDD mutants showed increased plant
height, higher tiller number, higher spike length, higher spikelet number
per spike, higher grain number per spike and higher 1000-grain weight.

3. Biofortification

Cereals, including wheat, have a slightly higher carbohydrate con-
centration albeit at the expense of protein concentration compared to
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pulses (Bouchard et al., 2022), while also having a significantly higher
yield per area (Joshi and Rao, 2017). These may be major factors as to
why cereals still dominate globally at the expense of pulses (Singh,
2017). Besides their relatively lower protein content, cereals also
contain antinutritional compounds, which cause malnutrition due to
insufficient intake of micronutrients (Gupta et al., 2015). Such a com-
pound is phytate, a chelator of micronutrients, specifically iron and zinc.

Ibrahim et al. (2022) created a T. aestivum L. ‘Borlaug 2016’
CRISPR/Cas9 mutant lines, mutated in inositol pentakisphosphate 2-ki-
nase 1. A (TalPK1. A) homoeolog, which showed lower phytate levels,
higher iron and zinc levels, higher seed weight and length, though with a
lower number of spikelets.

4. Lower gluten

Wheat is consumed mainly by grinding its seeds into flour and baking
that flour into various products, e.g, bread, pasta and cakes (Shewry,
2009). This is a unique characteristic of this crop due to the wheat
storage proteins, i.e., gluten, giving the dough viscoelasticity. Unfortu-
nately, an approximation of 1% and 10% of the global population has
celiac disease or gluten sensitivity, respectively (Sapone et al., 2011).
The former entails an autoimmune reaction, which can result in diar-
rhea, abdominal distention, vomiting, anorexia, constipation, short
stature, neurological symptoms, anemia and osteoporosis (Green and
Cellier, 2007). The latter, which represents itself as distress subsequent
to eating gluten-containing products, tends to be less severe with no
intestinal damage (Sapone et al., 2011). Therefore, it is critical to
generate wheat with low gluten content (both immunoreactive and
non-immunoreactive), while retaining similar grain quality and product
texture.

Sanchez-Leon et al. (2018) generated CRISPR/Cas9 T. aestivum
‘BW208’ and ‘THA53’ lines, mutated adjacent to a 33-amino acid pep-
tide which is the immunodominant epitope in gluten reactivity (Tye-Din
et al., 2010). They showed that a-, y- and w-gliadin (one of the two
gluten protein families) levels were decreased in some of the lines, using
A-PAGE and SDS-PAGE, while quantification via HPLC showed signifi-
cant reduction in o- and y-gliadin in most mutants. This caused a
balancing effect with rising glutenin levels, specifically the high mo-
lecular weight fraction, which is associated with high quality flour
(Rakszegi et al., 2005), while leaving the total protein levels unchanged.
In a monoclonal ELISA test of R5 and G12 monoclonal antibodies (mAb;
Valdés et al., 2003; Moron et al., 2008; respectively), they saw a strong
reduction in gluten content, potentially signifying lower immunoreac-
tivity. They also did not detect off-target mutations and confirmed sta-
bility and heritability of the low-gluten phenotype, along with full
fertility and normal cytogenetics of the mutated lines. Finally, testing
flour quality, they noted that in most cases the SDS levels were similar to
those reported in 97% gluten-reduction RNAi lines, which showed high
stability and tolerance to over-mixing, allowing production of bread
similar to normal bread wheat (Gil-Humanes et al., 2010; Gil-Humanes
et al., 2014a; Gil-Humanes et al., 2014b).

5. Drought tolerance

Drought, a water deficit on the whole-plant level, affects a plenitude
of biological reactions, both plant-unique (e.g., incapacitating photo-
synthetic machinery) and at the cell biology level (e.g., loss of cellular
turgor and impaired cell division; Farooq et al., 2009a; Farooq et al.,
2009b). Crop yield loss was reported to be between approximately
30-90%, depending on the species tested (Hussain et al., 2019). This is
especially concerning, due to climate change which is projected to in-
crease drought occurrence across many global regions (Cook et al.,
2018). Drought elicits a whole gene expression and hormone-receptor
cascade, including ABA-dependent and ABA-independent pathways
(including DREB [dehydration-responsive element-binding] and NAC
[petunia NAM and Arabidopsis ATAFI, ATAF2, and CUC2] transcription
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factors; Shinozaki and Yamaguchi-Shinozaki, 2006). Main physiological
plant responses to drought include active and passive downregulation of
photosynthesis, fully or partially closing the stomata, “escaping”
drought by shortening the plant’s own life cycle, increasing root growth
in order to increase water uptake, changing morphology (e.g., producing
smaller leaves), cellular osmotic adjustment and raised cellular anti-
oxidation (Farooq et al., 2009b). Main transgenic approaches to instill
drought tolerance include overexpression (OE) of
drought-response-related transcription factors and phytohormone pro-
duction genes, and finetuning physiological and morphological drought
responses (e.g., reducing stomata density, increasing root system length
and density, increasing cellular antioxidant activity, raising soluble
sugar content; Ilyas et al., 2021).

He et al. (2022) took a different approach by generating T. aestivum
‘Fielder’ CRISPR/Cas9 knockout (KO) lines, mutated in T. aestivum
ECERIFERUM1-6A (TaCER1-6A) involved in wax alkane biosynthesis in
wheat (as cuticular wax is known to protect the plant, inter alia, from
water loss via involuntary transpiration; Ingram and Nawrath, 2017).
They showed that the KO lines had significantly lower alkane content in
seedling leaves and flag leaves (specifically C27-C33 alkanes, while OE
lines showed the opposite trend). They also showed the induction of
TaCER1-6A subsequent to drought, PEG, salinity and ABA applications.
Subsequent to drought and salinity application, many other wax com-
ponents values rose significantly, both in seedling leaves and flag leaves.
Respectively, the OE lines showed lower chlorophyll leakage and water
loss, and stayed greener than WT after 15 days of drought (while the KO
lines showed the opposite results). They found two transcription factors
(TaMYB96-2D and TaMYB96-5D; MYB stands for v-Myb myeloblastosis
viral oncogene homolog), which plausibly bind to a specific motif in
TaCER1-6A. They also noted that both the OE lines and WT lines under
drought, showed no alteration to the total wax content, and they attri-
bute this to the relatively low percentage of alkanes out of the total wax
content in wheat, and to the hypothesis that specific components are
designated for different roles, while the total wax content might not be
as important, respectively.

6. Salinity tolerance

Salinity stress affects plants either by osmotic stress, inhibiting water
uptake from the soil, or by ionic stress, causing cytotoxicity (Munns and
Tester, 2008). Unfortunately, by 2050, 50% of arable land is projected to
be salinized (Jamil et al.,, 2011), and even at moderate salinity, all
agricultural glycophytes reduced their yield by over 50% (Zorb et al.,
2019). Plant responses to salinity stress include sodium exclusion from
leaf tissues, compartmentalization into vacuoles, and osmolyte accu-
mulation (Munns and Tester, 2008). Besides physiological and
morphological approaches, many genes and transcription factors are
involved in salinity stress tolerance (e.g, the sodium/hydrogen anti-
porter [NHX] for vacuole compartmentalization, high-affinity potas-
sium transporterl [HKT1] for cellular sodium uptake from the xylem
and Salt Overly Sensitive 1 [SOS1] for sodium exclusion, and tran-
scription factors including basic leucine zipper [bZIP], WRKY [named
after the conserved WRKYGQK motif], basic helix-loop-helix [bHLH]
and APETALA2/ ETHYLENE RESPONSE FACTOR [AP2/ERF]; Deinlein
et al., 2014). Not much has been studied in wheat salinity stress toler-
ance using CRISPR/Cas9, as opposed to rice (Nazir et al., 2022), and we
will discuss the sole relevant research published so far, to our
knowledge.

Zheng et al. (2021a) generated T. aestivum ‘Fielder’ CRISPR/Cas9 KO
lines, mutated in histone acetyltransferase of the GNAT family
(GCN5-related N-terminal acetyltransferases) 1 in genomes A and B
(TaHAG1-KO-AB), an acetyltransferase responsible for H3K9 and H3K14
acetylation in wheat. They reported that the KO line, compared with
WT, showed lower shoot weight, lower spike length, lower number seeds
per spike, higher Na* and lower K" in leaves under salinity stress. They
further examined the role of TaHAG1 by comparing the bread wheat
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progenitors (T. turgidum [‘SCAUP’] and Aegilops tauschii [‘SQ523’]) with
a synthetic allohexaploid wheat [‘SCAUP/SQ523’] and comparing the
WT ‘Fielder’ with TaHAG1 OE and RNAi KO lines. They revealed that
SCAUP/SQ523 and SQ523 showed higher root and shoot growth, lower
Na™ and higher K" in leaves, higher expression of TaHAG1I, higher levels
of Hy0», and higher levels of superoxide dismutase (SOD), peroxidase
(POD) and catalase (CAT) antioxidant activity under salinity stress, as
compared to SCAUP. The OE lines showed higher root and shoot growth,
lower Na*, higher K', higher spike length, higher grain weight per
spike, higher HyO5 levels, higher levels of H3K9 and H3K14 levels, and
higher levels of SOD, POD and CAT activity under salinity stress, while
the KO lines showed contrasting trends. They further found, via
chromatin-immunoprecipitation (ChIP) analysis, that TaHAG1 plausibly
binds under salinity stress as a transcription factor to the transcription
starting sites (TSS) of TraesCS4D02G324800, TraesCS1D02G284900,
and TraesCS3D02G347900 (NADPH oxidases, involved in reactive oxy-
gen species as signaling molecules under abiotic stress; Marino et al.,
2012). These genes were also found to be upregulated in the OE lines
and downregulated in the RNAi lines. Furthermore, the H3K9 and
H3K14 acetylation at these TSS was significantly increased under
salinity stress. All the results pointed, as they have concluded, towards
the notion that TaHAGI activated, by epigenomic acetylation, ROS
production under salinity stress, which caused tolerance to said stress.

7. Heat tolerance

Heat stress is a major contributor to yield uncertainties in the 21st
century, due to climate change (for specifically wheat yields, see Asseng
et al.,, 2013). Heat causes many cellular impairments, e.g., protein
dysfunction and misfolding and cellular and organellar membrane
disruption (Richter et al., 2010), due to the lowering of the denaturation
kinetic barrier (Bischof and He, 2006). The main currently known
cellular response to heat stress is the activation of Heat Shock Proteins
(HSPs), with functions including molecular chaperones, nucleic acid
repair, metabolism reorganization and protein degradation (Richter
et al., 2010), while physiological responses can include change in sto-
matal conductance (Marchin et al., 2022). As the temperature range for
optimal growth of wheat during flowering and grain filling stages is
quite narrow (Farooq et al., 2011), wheat yield is expected to decline
significantly during the rise of the global temperature (Asseng et al.,
2015). It is therefore crucial to use the most modern techniques to
introduce heat-stress-tolerant wheat lines, to buffer this predicted strain
on global food production.

Wen et al. (2023) generated T. aestivum ‘Fielder’ CRISPR/Cas9 KO
lines, mutated in heat shock transcription factor subclass A6 ‘e’ (TaHS-
FA6e; Kumar et al., 2018) and T. aestivum ‘CB037° CRISPR/Cas9 KO
lines, mutated in three groups of Heat Shock Protein 70 (TaHSP70)
genes; the former being an upstream activator of the latter. They showed
that in both lines, the survival rates were significantly much lower than
WT, in response to heat stress, while showing no apparent vegetative
negative effect under control conditions (though the TaHSP70 KO lines
showed stunted plant height and a lower 1000-kernel weight, attributed
to the putative additional involvement of TaHSP70 in agronomic traits).
In order to explain the molecular mechanism of this phenotype, they
showed that TaHSFA6e underwent alternative splicing (a known phe-
nomenon specifically involved in heat shock response; reviewed for
plants by Ling et al., 2021), resulting in one hypothetically-degraded
protein (TaHSFA6e-1, due to a premature stop codon), and two func-
tional proteins (TaHSFA6e-1I and TaHSFAG6e-III). While the former was
overrepresented under moderate heat stress, the latter was upregulated
only under high heat stress. Both bound to the mentioned TaHSP70s,
though the latter activated the genes to a higher extent than the former,
due to a 14 amino acid section, putatively upregulating transcription
activation. Finally, they showed that the TaHSP70s co-localized with
stress granules (complexes containing non-translating ribonucleopro-
teins, “frozen”for the duration of environmental stress; Protter and
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Parker, 2016), while the TaHSP70 mutants showed decreased stress
granule disassociation, translational efficiency and translation
re-initiation, during recovery from heat stress.

8. Cold tolerance

Even though climate change is typically associated with rising tem-
peratures, it also entails unpredictable significantly lower-than-average
temperatures, specifically in wheat-grown areas (Zhang et al., 2023).
Cold stress causes cellular damage, mainly due to changing the perme-
ability and material phase of the membrane, thus deactivating mem-
branous enzymes crucial for cellular function, and allowing the
unregulated influx and outflux of molecules (Zhang et al., 2019a). This is
beside the fact that, similarly to heat stress (as mentioned above), cold
stress shifts all enzymes from their optimal functional and structural
temperature range, which affects all biological functions. Responses to
cold stress include activating cold-induced genes, actively reducing
growth, changing membrane composition and increasing antioxidant
levels (Xin and Browse, 2000). All in all, this can cause major devel-
opmental and reproductive impediments, which can cause more than
75% loss of yield in wheat (Soualiou et al., 2022). It is therefore
imperative to prepare for climate-change-driven yield loss due to cold
stress, along with yields lost to expected drought and heat stresses.

Zhang et al. (2023) generated T. aestivum ‘Fielder’ CRISPR/Cas9 KO
lines, mutated in phosphoglycerate kinase (PGK), a key enzyme in
glycolysis, which was suggested to be positively upregulated under cold
stress to provide more energy to deal with said stress (Perotti et al.,
2015). The mutant lines showed lower TaPGK activity, pyruvate content
and lower cold stress tolerance, i.e., exhibiting dehydration and leaf
droopiness and high levels of electrolyte leakage rate (REC), hydrogen
peroxide (H2Oy; a cytotoxic molecule generated during stress) and
malondialdehyde (MDA; a biological marker of cellular fatty acid per-
oxidation; they showed similar results in T. durum ‘Kronos’ ethyl
methanesulfonate (EMS)-mutagenized, mutated in the T. durum ortho-
log of TaPGK, and opposite trends in T. aestivum ‘Fielder’, Agro-
bacterium-transformed with the LGY-OE3-TaPGK vector for OE). In order
to explain the ‘bigger picture’, they showed that TaPGK underwent
crotonylation (an epigenomic upregulation by adding crotonyl to lysine,
recently associated with plant cold stress response; Lin et al., 2021)
under cold stress. They also showed that T. aestivum sirtuin-like gene 1
(TaSRT1; sirtuins were previously shown to perform decrotonylation; Lu
et al., 2018) interacted with TaPGK, and overexpressing TaSRT1 (both
via Agrobacterium -transformation of T. aestivum ‘Fielder’ and transient
expression both in tobacco and in wheat protoplasts) showed lower
levels of TaPGK and of its crotonylation, while T. durum ‘Kronos’ EMS
plants, mutated in the ortholog of TaSRT1, showed the opposite results.
The TaSRT1 Kronos ‘EMS’ mutants also showed higher TaPGK activity
and pyruvate levels, along with less drooping, and less REC, HyO2 and
MDA levels under cold stress, while T. aestivum ‘Fielder’ OE lines showed
opposing results. Finally, they showed that cold stress upregulated four
key glycolysis enzymes (T. aestivum glyceraldehyde 3-phosphate dehy-
drogenase (TaGAPC), phosphoglycerate mutase (TaPGM), enolase
(TaENO) and pyruvate kinase (TaPK)), which were also differentially
expressed under cold stress in TaPGK OE lines (upregulated relative to
WT) and in CRISPR/Cas9 KO and ‘Kronos’ EMS lines (downregulated
relative to WT), while pyruvate was shown to alleviate the cold stress in
CRISPR/Cas9 KO and ‘Kronos’ EMS lines.

9. Heavy metal tolerance

Plants uptake micronutrients (i.e., vitamins and minerals, including
some metals) mainly from the soil, which mainly function as cofactors
for a plenitude of enzymatic reactions (Merchant, 2010). Unfortunately,
other metals, which can be abundant in the soil anthropogenically (e.g.,
via the production of fertilizers and energy and from industrial waste),
and which are commonly taken up by plants inadvertently, are toxic
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even in small concentrations, while some beneficial micronutrients are
also detrimental to plant growth at high concentrations (Ghori et al.,
2019). This is compounded by the effect of consumption of
metal-containing plants on human health (reviewed in Alengebawy
et al., 2021). Heavy metals inactivate and/or denature crucial cellular
enzymes, thus affecting major biological pathways, and main mecha-
nisms of tolerance include avoidance by exclusion of heavy metals from
uptake into the roots and tolerance by chelation and sequestration into
metabolically regulated components (e.g., the vacuole; Hossain et al.,
2012). Due to increasing anthropogenic accumulation of heavy metals
(Hassan et al., 2022), it is imperative to generate crops that are also
tolerant of high concentrations of heavy metals in the soil.

Wang et al. (2023) have generated T. aestivum ‘Fielder’ CRISPR/Cas9
KO mutants, mutated in T. aestivum plant high-affinity phosphate
transporter 9 (TaPHT1;9), which functions as a transporter of phos-
phate. They showed that the CRISPR/Cas9 mutants were not affected in
root and shoot length and root and shoot weight under no arsenic (a
highly toxic heavy metal; Smith et al., 2002) conditions, while under 15
pM arsenic acid, they exhibited higher root and shoot length and weight,
relative to the wild type. They also showed that the mutants accumu-
lated significantly less arsenic acid in the roots and shoots, relative to the
wild type. They further demonstrated that TaPHT1;9 imported arsenic
acid competitively with phosphate, and this depended on the phosphate
concentration, as it exhibited higher affinity to phosphate. They finally
showed that another related transporter (TaPHT1;3) did not import
arsenic acid, and they attributed this to a hydrophilic loop between
transmembrane segment 6 (TM6) and 7 (TM7), present in TaPHT1;3 and
absent in TaPHT1;9. While silencing TaPHT1,9 (via barley stripe mosaic
virus (BSMV) vector for virus-induced gene silencing (VIGS)) resulted in
lower shoot and root weight under control conditions, though showing
higher growth and lower arsenic acid levels under high arsenic acid
conditions, silencing TaPHT1;3 resulted in lower shoot and root weight
under both conditions and arsenic acid levels similar to wild type.
Similarly, OE of TaPHT1;9 in rice resulted in lower root and shoot length
and weight, and higher arsenic acid levels in roots and shoots under high
arsenic acid levels (though the OE lines showed higher shoot weight
under low arsenic acid levels), and these results were alleviated partially
by exogenous phosphate enrichment.

10. Powdery Mildew resistance

Biotic stresses are also a major factor in global yield losses (Savary
et al., 2019), and this is suggested to be, in many cases, compounded by
climate change (Shahzad et al., 2021). Pathogens affect plant cell
function by indirectly increasing the energy spent by the plant cell due
to defense mechanisms, by actively extracting phytonutrients, and by
altering natural plant physiology and metabolism (e.g, altering plant
hormone levels) for biotrophs (van Dijk et al., 2021) or inducing cell
death via toxin and cell wall degrading enzyme excretion for necrotr-
ophs (Barna et al., 2012). Microorganismal biotic stresses are mainly
managed via a successful, or unsuccessful, plant immune system, which
involves pathogen-associated molecular pattern (PAMP)-triggered im-
munity (PTI), and effector-triggered immunity (ETI), as resistant plants
recognize either generic microbial indicators (e.g., flagellin), recognized
by transmembrane pattern recognition receptors (PRRs), or special
proteins exported by pathogens to enhance their virulence, recognized
by resistance (R) genes (Jones and Dangl, 2006), respectively. Important
phytohormones involved in plant biotic stress responses include salicylic
acid (SA), jasmonic acid (JA) and ethylene (ET; Kunkel and Brooks,
2002), and other signaling molecules in basically all stresses include
reactive oxygen species (ROS; Mittler et al., 2011) and calcium ions
(Tuteja and Mahajan, 2007). Powdery mildew is a major biotic disease,
caused by Erysiphales fungi (Blumeria graminis f. sp. tritici [Bgt] in wheat).
This disease affects many plants, specifically cereals (Hiickelhoven and
Panstruga, 2011), causing up to 62% yield loss, depending, inter alia, on
geography and climate (Singh et al., 2016). Therefore, it is essential to
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develop bread wheat lines resistant of powdery mildew.

Song et al. (2022) have generated T. aestivum ‘Fielder’ CRISPR/Cas9
KO mutants, mutated in T. aestivum histone acetyltransferase
GCN5-related 1 (TaHAG1), an important epigenetic gene activator
(Interestingly, this is the same gene discussed by the same research
group in the ‘Salinity tolerance’ chapter). They showed that the KO lines
exhibited higher susceptibility to Bgt, i.e., harboring more spores with
higher branching, with a higher micro-colony formation index (MI) and
less accumulation of HyO4 and salicylic acid (while TaHAG1 OE lines
showed opposing trends). To further explain the molecular mechanism,
they compared RNA-seq results between the wild type and OE lines, and
found that two genes, namely T. aestivum phytoalexin deficient 4
(TaPAD4) and T. aestivum enhanced disease susceptibility 1 (TaEDS1),
which are known to be involved in disease tolerance via salicylic acid
and reactive oxygen species (ROS) biosynthesis (causing systemic ac-
quired resistance), were upregulated significantly in OE lines, while
being downregulated in the KO lines. Chromatin immunoprecipitation
analysis showed that TaHAG1 bound to the promoter of TaPAD4, but not
to that of TaEDS1. Furthermore, H3K9ac and H3K14ac levels highly
increased in the wild type (and even more so in the OE lines), while
being decreased in the KO lines. KO (via CRISPR/Cas9) and over-
expressing TaPAD4 exhibited similar trends to KO and overexpressing
TaHAG1. Finally, they showed that TaHAG1 formed a dimer with
T. aestivum plant AT-rich zinc-binding protein 5 (TaPLATZ5) to increase
activation of TaPAD4, allegedly causing more salicylic acid and HyO4
formation downstream and resistance to Bgt.

11. Stripe rust resistance

Another important biotic pathogen in wheat is stripe rust, caused by
the fungus Puccinia striiformis f. sp. tritici (Pst), which can cause up to
100% yield loss (Bhardwaj et al., 2019). A specific issue with cereal
rusts, is that new strains, which manage to evade the immunity
response, develop more quickly than our ability to conventionally pro-
duce and regulate resistant cultivars. It is therefore utmostly important
to quickly generate wheat cultivars resistant to Pst, via the most modern
technologies (e.g., the CRISPR/Cas9 system).

He et al. (2023) generated T. aestivum ‘Fielder’ KO mutants, mutated
in T. aestivum calcineurin B-like interacting protein kinase 14 (TaC-
IPK14), an important component in calcium-signaling in response to
endogenous or environmental cues, of which some homologs have been
reported to serve as susceptibility genes (genes, which their
gain-of-function facilitates biotic susceptibility, rather than resistance;
see Ma et al., 2021; Sardar et al., 2017). They show that the KO lines
exhibited significantly less Pst formation, in a variety of current virulent
strains. These lines also showed higher expression of known resistance
genes, namely, T. aestivum pathogenesis-related 1, 2 and 5 (TaPR1,
TaPR2 and TaPR5, respectively), higher spread of HyO and cell death,
and lower levels of reactive oxygen species scavenger-related gene
T. aestivum catalase 2 (TaCAT2). Agronomically, the KO lines did not
differ from the wild type under control conditions, while retaining
higher kernel area and weight than wild type post Pst infection.
Silencing TaCIPK14 via barley stripe mosaic virus (BSMV)-induced gene
silencing (VIGS) caused lower Pst formation and higher TaPR1, TaPR2
and TaPR5 levels, while OE of TaCIPK14 caused higher Pst formation
and lower expression of TaPR1, TaPR2 and TaPR5.

12. Multiplexing these traits into a ‘super wheat’

As mentioned above, multiplexing is a promising advantage of
CRISPR/Cas9 genome editing over other methods, especially conven-
tional breeding. This is necessary for creating a ‘super wheat’, i.e., a
wheat cultivar that is also high yielding of quality grain, but also
tolerant/resistant to many abiotic and biotic stresses. Transformation of
multiple genes was discussed even before the introduction of CRISPR/
Cas9 technologies (see Naqvi et al., 2010). Yet the application of

48



Z. Haber et al.

CRISPR/Cas9 multiplexing has mainly been reported as targeting
similar sequences in gene families with one sgRNA (Najera et al., 2019;
though a use of transcription activator-like effector nucleases (TALENSs)
genome editing on two unrelated genes has been reported; Li et al.,
2016). The theoretical expression of CRISPR/Cas9 to target multiple
genes with multiple sequences and one Cas protein (e.g, raise yield
potential, biofortify and lower gluten content, while also introducing
tolerance to various stresses) has been suggested, though the obstacle for
doing so is the necessity of using multiple guide RNAs (Abdelrahman
et al., 2021). Doing this via multiple cloning into one binary vector is
very burdensome, and this can be solved by using advanced multi-
cloning techniques, such as one-step Golden Gate cloning (Engler et al.,
2008). This can be done either via expression of multiple cassettes of
single transcript each under a promoter, or via expression of a single
cassette including a polycistronic mRNA under one promoter, which is
cleaved post-transcriptionally. The latter being advantageous due to a
lot less promoter sequence and hence a much smaller plasmid. Cas12a, a
Cas protein variant, can further reduce the quantity of necessary se-
quences needed to be added to the binary vector (Abdelrahman et al.,
2021).

It is important to note two points specific to plants. CRISPR/Cas9
multiplexing is specifically important for polyploid plants (e.g., tetra-
ploid T. durum, durum wheat, and hexaploid T. aestivum, bread wheat),
as homoeologs often render each other redundant, and therefore
necessitate KO all of them, in order to notice a phenotypic effect of even
one gene (Kannan et al., 2018). Another point is that genome editing for
resistance of multiple biotic stresses has already been demonstrated, as a
change in a single gene can cause resistance to multiple strains or even
species, and this is called ‘broad spectrum resistance’ (Oliva et al.,
2019).

All-in-all, hypothetically it would seem rather easy to use multi-
plexing to affect multiple traits. However, it is needed to discuss a few
important issues. First, as most published papers are only examples of
genes targeted per these traits, and we can assume that many other
genes can be targeted alternatively, some genes are positive regulators
of these desired traits, while others are negative regulators. It is,
therefore, important to tweak the system to fit these terms and condi-
tions. For example, while overexpressing TaCER1-6A in ‘Fielder’
conferred drought tolerance (He et al., 2022), knocking out TaPHT1;9 in
‘Fielder’ conferred arsenic tolerance (Wang et al., 2023), and therefore
necessitate different CRISPR/Cas9 systems (e.g., CRISPR activation
(CRISPRa) for the former, while the classic KO CRISPR/Cas9 system for
the latter).

Next, it is important to discuss the biological intersections between
stresses. While hypothetically we could just multiplex all ten traits and
more into one ‘super wheat’, the question remains if this is relevant
biologically for two reasons. First, it is possible that tolerance to one
stress is antagonistic to the tolerance of the other stress. For instance,
drought tolerance can demand closing stomata to reduce transpiration,
while heat tolerance can demand opening stomata to reduce plant
temperature, and introducing both tolerances can cause commotion
between the two response cascades (Mittler, 2006). Furthermore, often
plants do not experience one stress at a time, and the tolerance to the
simultaneous combination of more than one stress (e.g., the combination
of drought with heat) may not overlap with the two individual intro-
duced tolerances (e.g., introducing a gene that confers higher tolerance
to drought and introducing a gene that confers higher tolerance to heat;
Mittler, 2006). This becomes even more complex by hypothetically
creating a ‘super wheat’ that is tolerant not to one, not to two but to
multiple stresses and to all their unique combinations. Is this possible?

Naturally, it would be very convenient if we were able to simply
create a ‘super wheat’ that is tolerant to every abiotic and biotic stress,
and which can be used in every geography and climate, along with
beneficial yield- and nutrition-related traits. However, due to the
problems raised above, i.e., the technical complexity of designing the
transformation and genomic editing systems of that many different
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genes/traits (due to the size of sequences required, the possibly differing
systems required for various traits and the actual plausibility of off-
targets and unprecise editing), along with the biological complexities
of the likely counteractions between those genes and traits (and their
various combinations), and due to the naturally diverging ‘sets’ of
stresses encountered in each locality (e.g., drought and heat stresses
would naturally occur much more frequently in the Middle East, rather
than in Canada and New Zealand, while cold and freezing stresses would
most definitely show an opposing trend), we propose rejecting this
highly ambitious notion of a “one-size-fits-all” ‘super wheat’. Even when
the technical difficulties will be overcome (and one can assume they will
be in the future), the almost guaranteed combinatorial effect of mutually
offsetting stress responses pushes us towards a more humble approach of
using enhanced landraces.

Landraces typically mean locally grown or transported varieties,
dynamically adapted to respective local conditions (Zeven, 1998).
Modern agriculture majorly swapped historical landraces with elite
cultivars, drastically diminishing genetic diversity, a crucial key to
agro-environmental resilience (Raggi et al., 2022). In the past few de-
cades, a huge spotlight is returning onto landraces, due to their genetic
potential for stress tolerance (Dwivedi et al., 2016). Recently, there is a
call to expand the definition of ‘landrace’ to include traditional selection
along with using omics knowledge, in order to maximize landrace po-
tential (Gesesse et al., 2023). Another approach presented by Casanas
et al. (2017), is to expand the definition of ‘landrace’ to “plant materials
consisting of cultivated varieties that have evolved and may continue
evolving, using conventional or modern breeding techniques, in tradi-
tional or new agricultural environments within a defined ecogeo-
graphical area and under the influence of local human culture.” We thus
propose adopting this definition, i.e., taking the already existing local
landraces and further introducing novel tolerance or enhancing existing
tolerance to the expected combination of stresses in the respective area
of growth. For example, wheat grown in Arid areas, we can assume it
will frequently encounter drought and heat stresses and may be even
salinity stress (due to its location and climate), along with major biotic
pathogens to wheat, e.g., powdery mildew and rusts (while also testing
their combinations). At the end of the day, modern agriculture lapses by
using monoculture and eliminating genetic material crucial for dynamic
natural evolution which bolsters plants against stresses (Dwivedi et al.,
2016), and growing landraces should allow biodiversity to survive.
However, instead of introducing genetic material from landraces into
cultivars, as suggested by others, we propose (similar to Casanas et al.,
2017) taking landraces and editing specific genes’ via CRISPR/Cas9
systems from within, in order to alter a small bank of genes-of-interest,
while maintaining the majority of the genetic heterogeneity.

Based on current published research, the usage of CRISPR/Cas9 for
characterization of plant traits is still limited to a single trait in a single
cultivar and is mostly oriented towards gene discovery and functionality
rather than agronomical improvement per se. This is probably due to the
abovementioned limitations (i.e., complex plant genomes, gene redun-
dancy, currently immature CRISPR/Cas9 systems, GMO regulation, and
the complexity of testing commercial-scale field experiments with high
throughput phenotyping). Also, while CRISPR/Cas9 systems are
currently being used mainly for KO mutations, OE mutations are mainly
introduced via traditional genetic transformation methods. We would
advocate introducing stress tolerances via activation CRISPR/Cas9 sys-
tems (CRISPRa, as discussed above; this is slowly being canonized, as
more and more CRISPR/Cas9 variations are maturing; Murovec et al.,
2017).

Future research in CRISPR/Cas9 based wheat improvement should
also focus in creating wheat lines with actual higher yield in field con-
ditions, better nutritional value and tolerance to multiple stresses, both
under control and stressful conditions. This obviously will not be ach-
ieved within the normal timeframe of a few years of experiments.
Rather, this will take many years of multiplex CRISPR/Cas9 design,
transformation, and commercial testing, while addressing the regulatory
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Fig. 1. A visual summary of the papers, genes and traits discussed in this review. This model was created with https://www.biorender.com.

and cultural issues regarding technologically altered crops.

We hope this paper encourages applicative CRISPR/Cas9 research in
local varieties tolerant in the respective expected multi-stress combi-
nations, along with tolerance to each individual stress. As opposed to
dwarfed wheat which is highly prevalent globally (though geographi-
cally dependent; Pearch, 2021), we propose that the solution to the di-
versity of environmental stresses plants encounter, is local varieties with
CRISPR/Cas9 genome editing for tolerance tailored to the specific
‘cocktail” of stresses frequenting the relevant locality. Hopefully this will
ensure diverse, yet robust wheat cultivars, able to sustain humanity
throughout the century and beyond. This is not pertaining to the first
three traits (i.e., high yield, biofortification and minimal/mutated gluten
content) and we would encourage incorporating these regardless of the
respective ‘cocktail of stresses’ tolerance also introduced (though the
prevalence of celiac and gluten intolerance might also depend on pop-
ulation genetics; Singh et al., 2018; Sallese et al., 2020).

13. Summary

In this paper we skimmed through 10 papers as a general example
(for a visual summary, see Fig. 1), each demonstrating the use of
CRISPR/Cas9 on an important single trait, either negatively or positively
impacting wheat plants in that respective trait. This is very important,
yet, frequently in natura, stresses occur in combination (Mittler, 2006). It
is therefore imperative that research focuses on multiple stresses and
tolerance towards them.

We would advocate the utilization of CRISPR/Cas9-edited local
landraces that exhibit tolerance to specific stresses encountered in their
respective locales. The success of this approach would be evaluated by
comparing the yield per cultivated area and per unit of seed sown under
both control and stressful conditions. Additionally, a comparison of
metabolomic profiles would be conducted between the edited landrace,
the original landrace and the common local cultivars. It would also
compare the culinary and aesthetic characteristics of the flour and food
products. We hope this serves as a clear callout to vigorous attempts to
generate stress tolerant crops with higher yield before it is too late under
climate change and population growth projections.
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Zechariah Haber®, Davinder Sharma'¥, David Toubiana®, Tomer Parpar!, Dagan Sade?,
Weronika Jasinska®, Ahan Dalal®, Gilor Kelly* Felix Shaya*, Mira Carmeli-Weissberg®,
Shahar Rezenman?, Nir Carmi*, Wei Chen®®, Yariv Brotman®3, Amir Sharon?, Saleh Alseekh’,
Allisdair R Fernie’ and Nir Sade'”

1School of Plant Sciences and Food Security, Tel Aviv University, Tel Aviv, 69978 Israel
2Department of Biomolecular Sciences, Weizmann Institute of Science, 7610001 Rehovot,
3Department of Life Sciences, Ben Gurion University of the Negev, Beer Sheva, Israel

4 Institute of Plant Sciences, Agricultural Research Organization, The Volcani Center, Rishon
LeZion 7505101, Israel

® National Key Laboratory of Crop Genetic Improvement and National Center of Plant Gene
Research (Wuhan), Huazhong Agricultural University, Wuhan 430070, China

®Hubei Hongshan Laboratory, Wuhan 430070, China

"Max Planck Institute of Molecular Plant Physiology, Potsdam-Golm, Germany
*equal contribution

“Corresponding author: nirsa@tauex.tau.ac.il

Keywords

Triticum aestivum, multi-omics, pangenome, correlation network analysis, Pearson correlation,

indole-3-acetic acid inactivation VIII, L-carnitine biosynthesis,

Significance statement

Here adopt both multi-omics and systems biology along with standard statistical correlation
and prove the importance of this approach with respect to auxin inactivation and carnitine
biosynthesis, under drought and salinity stress. In doing so we demonstrate the power of

combining these approaches in attempts to mitigate against future climate change scenarios.
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Abstract

Triticum aestivum is a major global crop, responsible for a fifth of global human calorie
consumption. The gap between supply and demand in many global crops is expected to rise
mainly due to the co-incidence of massive population growth and climate change. Recently,
multi-omics have allowed the relatively cheap generation of high-throughput biological data,
yet their Achilles' heel of these approach seems to be the inability to manually process the
torrent of data that such methods produce. As a consequence, many researchers are turning to
statistical and computational biology, i.e., "systems biology", to mine the data . Here, we use a
multi-omics-based approach to studythe Triticum aestivum pangenome. We combined
physiolomes, metabolomess, transcriptomes and microbiomes and analyzed the combined
datasets using state-of-the-art correlation-based network analysis and machine learning
techniques. Our analysis identified two pathways (indole-3-acetic acid inactivation VIIl and L-
carnitine biosynthesis), predicted exclusively under drought and salinity treatments, which
were highly correlated with the expression of five genes (TraesCS1B02G388700,
TraesCS5A02G024900, TraesCS6B02G191900, TraesCS6D02G286900 and
TraesCS3D02G246700), four microbial counts (the genus of Hydrogenophaga, the order of
Neisseriales, the genus of Phenylobacterium and the genus of Jahnella) and two physiological
parameters (nitrogen content and shoot allocation). To verify our results, we generated virus-
induced silenced gene lines, knocking down  TraesCS5A02G024900 and
TraesCS6D02G286900, which resulted in altered shoot allocation, and a change in either
carnitine or auxin content (respectively), and modified expression of the respective genes
involved in their metabolism. These combined findings illustrate how pan-genomes can be
exploited in order to predict which alleles can improve plant performance in the changing
climatic situation on earth and as such will likely contribute to closing the gap between global

food demand and supply.

Introduction

Bread wheat (Triticum aestivum L.) is a crop grown in many countries all over the world,
contributing to approximately 20% of the global human calorie consumption (Shewry and Hey,

2015). Moreover, it is also a considerable source of feed for livestock (Shewry, 2009),
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rendering it both a direct and indirect source of sustenance in the human diet. The expected
near future supply-demand trajectory shows a significant growth of global demand due to the
continuous human population surge and an increase of the standard of living (Godfray and
Garnett, 2014). Simultaneously, production is projected to critically drop due to environmental
stresses, such as drought and salinity and/or international conflicts as exemplified by the
contemporary Ukraine-Russia war (Bentley et al., 2022; Reynolds et al., 2012). It is therefore
of utmost importance that science rapidly identifies genes and biological mechanisms that can
dramatically boost global crop production under stress to meet the surging demand for wheat

and other species.

The complex heterogeneous nature of plant traits responding to abiotic stresses, i.e.,
quantitative traits (Fan et al., 2015; Gupta et al., 2020; Yang et al., 2020), complicates our
ability to understand and discover genes to significantly ameliorate productivity under stress
in the field. Despite the fact that a myriad of genes associated with yield, drought and salinity
stress have been reported (Bailey-Serres et al., 2019; Liang et al., 2018; Mahmood et al., 2020;
Sallam et al., 2019; Zhao et al., 2021), global wheat production has only registered an annual
increase of no more than 1% (Dixon et al., 2009; Khadka et al., 2020), hinting at a hampered
ability to increase production using known methods and tools. It is our opinion that in the big
data era machine learning approaches should be adopted, as they have for example in fruit taste
research (Colantonio et al., 2022), to facilitate the finding of novel genes pertinent to abiotic

stress responses.

Systems biology is a scientific discipline that deals with big data and data-driven approaches
(Kitano, 2002). Modern high-throughput technologies have enabled us to collect omics data
(genomics, transcriptomics, proteomics, metabolomics, microbiomics etc.) at a relatively low
cost (Loman et al., 2012). Using two or more omics together to screen for a desired trait
(manifesting itself on multiple levels, e.g., RNA and metabolomics) is called multi-omics
(Hasin et al., 2017). However, data alone does not suffice to obtain valuable biological insights
using a systems biology approach; it requires the combination of the right tools to sift through
the multitude of data (Misra et al., 2019) in order to identify biological features contributing or
affected by abiotic stresses. Correlation-based network analysis (CNA) has become the go-to
tool in systems biology, as it allows for the aggregation of heterogeneous data into a single
coherent dataset. It uses correlation analysis between the values of measurements (such as
metabolites and physiological parameters) to estimate correlations between them. Next, the

correlations are transformed into network form, where the nodes correspond to the molecules

56



94

95

96

97

98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113

114

115

116
117

118
119
120
121
122
123
124
125

(e.g., genes, proteins, metabolites) and/or physiological measurements, and the edges represent
the correlations between them (Langfelder and Horvath, 2008; Toubiana et al., 2013). Network
properties from graph theory can then be used to dissect the topology of the network and gain
valuable biological insights (Aittokallio and Schwikowski, 2006; Gligorijevi¢ and Przulj, 2015;
Van den Broeck et al., 2020). To increase the information that can be obtained from correlation
networks (CNs), CNA has been recently combined with machine learning (ML) techniques,
where the computer is trained to identify patterns within the network that reflect the conditions
under which the samples were collected (Toubiana et al., 2019b). In the current paper, we
applied a systems biology approach to analyze eight Triticum aestivum pangenome lines
(representing the majority of the global bread wheat genetic variation; Walkowiak et al., 2020),
allowing us to capture the full genetic potential of bread wheat whole-plant stress responses.
We sampled wheat leaves and collected data on the physiolome, transcriptome, metabolome
and microbiome respectively (Fig. 1). We then performed state-of-the-art CNA combined with
ML techniques (Toubiana et al., 2019b), in order to study complex quantitative traits in
response to abiotic stresses. Our findings highlighted two metabolic pathways namely L-
carnitine biosynthesis (from https://metacyc.org) and indole-3-acetic acid (IAA; the plant
hormone auxin) inactivation VIII (from https://pmn.plantcyc.org), to be intimately involved in
the plant drought and salinity stress responses, as well as genes corresponding to each pathway.
Overall, our results unravel novel biological insights into the bread wheat pangenome,
uncovering uncharted biological stress responses.

Results

Principal component analysis confirms representative characteristics of pangenome core

set

As the basis for testing the effects of abiotic stresses (drought and salinity) on Triticum
aestivum, we used a subpopulation of a recently assembled wheat pangenome (Bayer et al.,
2022). The lines used were chosen to sufficiently representing the separation of lines presented
in Walkowiak et al. (2020). The subpopulation was composed of eight lines: Chinese Spring
(CS), Claire, Jagger, Julius, Lancer, Landmark, Mace and Stanley. From here on we will refer
to this set of wheat lines as the core set. To test for the genetic relationship of the core set in
respect to the remaining pangenome lines, we recreated the principal component analysis
(PCA) as performed by Walkowiak et al. (2020) and highlighted the core set within it in Fig.
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2A. Polymorphisms captured from exomes were used to perform PCA. The analysis showed a
homogeneous distribution of the core set within the distribution of the whole pangenomeFig.

2A, confirming that it is representative of the entire population.
Greenhouse experiment revealed significant differences between the physiological groups

To assess the effects of abiotic stresses on the physiology of T. aestivum, a greenhouse
experiment was conducted, in which the core set was grown under control, drought and salinity
conditions (see Fig. 2B and C and we refer the reader to the Materials and Methods section for
a full description of the experiment). Across a time window of 60 days, vapor pressure deficit
(VPD) was measured, exemplifying varying environmental conditions, simulating a field
growth cycle as experienced by the plant in natura (Fig. 2D). To ensure consistent treatment
application, soil volumetric water content (VWC) of drought-treated plants was monitored and
lowered under controlled conditions, relative to the control-treated plants which were irrigated
until saturation (Fig. 2E). Average transpiration rate (TR) during the treatment phase was
calculated from the lysimeters weighing the plants at set intervals. From the onset of the
treatments’ application and till day 36, the TR rate of drought plants showed similar patterns
to the TR rate control rate, while the TR rate of salinity was consistently lower. From day 37
the TR rate of drought plants dropped significantly and from day 39 was lower than the TR
rate of control and salinity-treated plants (Fig. 2F). The fact that the treatments resulted in

different transpiration patterns is suggestive of adaptive physiological behavior.

Weighing the plants at the beginning and the end of the experiment, we calculated the final dry
weight (FDW), relative growth rate (RGR) and shoot allocation (SA; Supp. Fig. 1). All three
measures showed differential responses. While drought-treated plants showed significantly
lower RGR and FDW (and salinity-treated showed an intermediate change), salinity-treated
plants showed higher SA, relative to the other two groups.

In addition, a lysimeter system was used to measure instantaneous and total transpiration, from
which we estimated agronomic water use efficiency (AWUE), average transpiration rate (TR),
average normalized transpiration rate (E), and response to daily midday VPD increase (dVPD,;
Supp. Fig. 1). Briefly, AWUE behaved like SA, while TR and E showed higher values for
control-treated plants (though salinity-treated plants showed higher TR than drought-treated
plants) and dVPD showed lower values for drought-treated plants. The different patterns were
implicative of differential biological responses (physiological and others) to the treatments.
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Last, leaf sampling was used to measure osmotic potential at full hydration (7100) and CNH
concentrations (C (%), N (%) and H (%); Supp. Fig. 1). In summation, both, drought- and
salinity-treated plants, showed a decrease in transpiration, yet their response differed in the
following physiological parameters: drought-treated plants showed impaired growth and lower
nitrogen concentration but exhibited similar levels of SA in comparison to plants grown under
controlled conditions. Salinity-treated plants, on the other hand, exerted higher SA, osmolytes,
nitrogen concentration, and AWUE levels. Our findings are indicative for different long-term
whole-plant physiological responses of drought-treated versus salinity-treated plants.

Metabolomic profiling highlights contrasting metabolic trends under drought and

salinity

To understand the metabolic changes in response to strss, leaves were sampled from all plants
and analyzed for relative content of central metabolites. While 13 metabolites did not
significantly differ amongst the treatments (Supp. Fig. 2), 73 metabolites did; for instance,
glycine and succinate were found to be lowest in drought-treated plants, followed by control
plants, and highest in salinity-treated plants. Glycine and succinate have shown to be putatively
involved in osmoregulation and reactive-oxygen-species-dependent stress responses,
respectively (Ashraf and Foolad, 2007; Jardim-Messeder et al., 2015). Moreover, serine and
threonine were amongst the metabolites showing differential values decreasing in the following
order: drought-treated, control-treated and salinity-treated plants. Pertinently, serine and
threonine arebe precursors for osmoregulants (Ho and Saito, 2001; Joshi et al., 2010;
respectively). Furthermore, glutamine, of which values were highest under salinity, was shown
to induce expression of salinity stress response transcription factors (Kan et al., 2015). Other
metabolites displayed a different trend, as both drought-treated and salinity-treated plants
accumulated higher values than their control-treated counterparts, e.g., y-Aminobutyric Acid
(GABA), which is known to be a major indicator of the activation of the GABA shunt in stress
induced plants (Bouché et al., 2003; Bouché and Fromm, 2004; Bown et al., 2006). By contrast,
drought-treated plants showed higher levels of soluble sugars (glucose, xylose, trehalose and
fructose). Drought causes sugar accumulation and breakdown from storage sugars to soluble
sugar (Kaur et al., 2021).

Microbiomes show moderate differences between treatments

To understand the interaction between the leaf and its surrounding microbiome, all plants were

sampled for their leaf microbiome, where phylum abundance was measured (Supp. Fig. 3A)
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and further analyzed for alpha (Supp. Fig. 3B), beta (Supp. Fig. 3C), and gamma (Supp. Fig.
3D) diversities. While control-treated plants showed the highest richness per sample (alpha
diversity), followed by drought-treated and salinity-treated plants (though the significance
varies by diversity parameter; Supp. Fig. 3B), the accumulative species richness was
significantly higher in drought- and salinity-treated plants (gamma diversity; Supp. Fig. 3D),
which was implicative for reduction of the plant microbiome diversity under drought and
salinity stress per plant, while maintaining higher species diversity per treatment, compared
with control plants. Our analysis showed mild differences in community composition between
treatments (beta-diversity; Supp. Fig. 3C). This finding highlighted that species unique to
drought- and salinity-treated plants were dispersed amongst samples (i.e., each sample employs

few unique species, rendering the overall difference per sample small).

Multi-omics Integration of genetic and microbiome features reveals five stress-associated

genes

To analyze the interplay of the different components (physiological traits, metabolites and
microbiome) collected in the current study, we employed CNA which has shown time and
again to be the go-to tool for systems biology studies (e.g. Badia-i-Mompel et al., 2023, for
transcriptomics; Hall et al., 2022, for metabolomics; Layeghifard et al., 2017, for
microbiomics; Yan et al., 2017, for multi-omics). First, metabolite CNs were constructed for
the control-, drought- and salinity-treated plants as described in Toubiana et al. (2013), of
which the corresponding visualizations of the networks are depicted in Fig. 3A-C. The CNA
showed that drought and salinity treatments caused an increase in the number of edges and
degree of connectivity, resulting in a higher edge density (Supp. Table 1), similar to what was

reported for stress networks in Hochberg et al. (2013) and Rosental et al., (2016).

Next, to study metabolic pathway activity of the different treatments, we implemented a
method established by Toubiana et al. (2019b) that can identify pathways within CNs
(Toubianaet al., 2019b, Toubiana et al., 2020), where CNA is combined with machine learning
techniques. Specifically, L-carnitine biosynthesis and indole-3-acetic acid (IAA; a form of the
phytohormone auxin) inactivation VII1 were predicted for drought- and salinity-treated plants
but not for control plants (Fig. 3D and Supp. Table 5; control-exclusively predicted pathways
are in Supp. Table 2, drought-exclusively predicted pathways are in Supp. Table 3 and salinity-
exclusively predicted pathways are in Supp. Table 4; the sensitivity analysis is shown in Fig.
3E-F, respectively). We next took the metabolomic data of the metabolites participating in the
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indole-3-acetic acid inactivation VIII and L-carnitine biosynthesis pathways, respectively, and
performed orthogonal partial least squares (OPLS) analysis, using the projections of the

metabolites of each pathway onto PC1 (patAUX and patCAR, respectively).

In order to identify genes that could potentially be associated with the identified pathways, we
sequenced the transcriptome of all plants, using the MARS-seq protocol (Jaitlin et al., 2014).
Weighted gene co-expression network analysis (WGCNA) is a well-known tool that highlights
relationships between clusters of genes and traits of interest (here metabolic pathways;
Langfelder and Horvath, 2008). To do so, it first applies hierarchical clustering of all genes and
divides them accordingly into modules. To establish association between modules and traits of
interest, eigenvectors, termed module eigengenes, are computed generating one-dimensional
representations of groups of genes. Then, module eigengenes are correlated to the traits. Strong
correlations are suggestive for an nondirectional causal relationship between a trait and a group
of genes. The WGCNA produced 105 modules for the MARS-seq transcriptomics dataset.
Here, we chose the cyan and black modules (with 468 and 871 genes, respectively), as their
correlation coefficients (r) with patAUX were -0.86 and 0.76, respectively, and their correlation
coefficients with patCAR were -0.71 and 0.74, respectively (being the modules with the
strongest negative and strongest positive correlations with both patAUX and patCAR,
respectively; the complete tables of correlation coefficients and p-values between the module
eigengenes and patAUX and patCAR can be found in Supp. Table 6 and Supp. Table 11. Genes
of the cyan and black modules, along with their per-gene correlation with patAUX and patCAR
can be viewed in Supp. Table 7-8 and Supp. Table 12-13, respectively. The complete RNA-
Seq data is available in Supp. Table 21). Modules generated by WGCNA often contain
hundreds or even thousands of genes, making it difficult to pinpoint specific candidate genes
with the greatest impact on the trait of interest. A genetic algorithm (GA) was recently
developed by Toubiana et al. (2019a) to remedy this situation, which sifts through all genes of
a module and highlights genes with the strongest correlation to a trait. We used named GA to
identify strongly correlated genes within modules cyan and black to the indole-3-acetic acid
inactivation VIl pathway (patAUX; producing 55 and 36 genes, respectively; with correlation
coefficients of -0.863 and -0.773, respectively; the remaining genes after the GA in the cyan
and black modules are in Supp. Table 9-10) and the L-carnitine biosynthesis pathway (patCAR,;
producing 17 and 59 genes, respectively; with correlation coefficients of -0.788 and -0.764,
respectively; the remaining genes after the GA in the cyan and black modules are in Supp.

Table 14-15). The GA analysis discovered five biologically pertinent genes overlapping
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between the two pathways, which were strongly correlated with several parameters
aselaborated below. These genes and their correlations with the most highly correlated
parameters are presented in Fig. 4, while their respective correlation p-values are presented in
Supp. Fig. 4. Four genes (TraesCS1B02G388700, a  methyltransferase,
TraesCS5A02G024900, a methionine synthase, TraesCS6B02G191900, an MLO-like protein,
and TraesCS6D02G286900, a geranylgeranyl diphosphate reductase) were positively
correlated with patAUX and patCAR, along with nitrogen composition, shoot allocation and
Hydrogenophaga (Genus) counts, and were negatively correlated with Neisseriales (Order),
Phenylobacterium (Genus) and Jahnella (Genus) counts. Interestingly, TraesCS3D02G246700

(Tryptophan aminotransferase related) showed a contrasting trend.
Virus-Induced Gene Silencing

We generated Virus Induced Gene Silencing (VIGS) Triticum aestivum ‘Chinese Spring’ lines
for each of the five genes discussed above and due to statistical analysis of the expression levels
(Supp. Fig. 5) and of tested metabolite levels (Supp. Table 16), we decided to further study the
functionality of two of the GA-resulted genes under salinity conditions (i.e.,
TraesCS5A02G024900 and TraesCS6D02G286900; Fig. 5-6, respectively). The silenced
plants showed the anticipated gene silencing. Interestingly, TraesCS5A02G024900-silenced
plants showed significantly higher levels of carnitine and slightly higher shoot allocation, while
also showing a higher expression of an endogenic carnitine transporter
(TraesCS3A02G136700; Fig. 4). Furthermore, TraesCS6D02G286900-silenced plants showed
lower levels of indole-3-acetic acid (IAA), slightly lower shoot allocation, and differential
expression levels in Triticum aestivum orthologs of Arabidopsis thaliana genes participating
in indole-3-acetic acid inactivation VIII, according to https://www.plantcyc.org (higher
expression levels of TraesCS3B02G335300 and TraesCS3B02G353200, though unchanged
levels of TraesCS2B02G600800 and TraesCS1B02G332400; Fig. 5).

Discussion

The gap between the global supply and demand of food is expected to increase over time due
to a decrease in supply from plateauing crop yields (Ray et al., 2013) and climate change
(Jagermeyr et al., 2021; for most crops), and due to a rise in demand from the increasing human
population and a concomitant rise in the average standard of living (Ray et al., 2013).

Therefore, it is imperative to increase global yields significantly. Many agrotechnological and
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genomic tools have been implemented (reviewed in Stewart, and Hickey et al., 2019;
respectively), yet global crop yields are not increasing sufficiently (Ray et al., 2012).
Scientifically-driven global yield breakthroughs include the Haber-Bosch process (industrial
ammonia fixation; Erisman et al., 2008) and the green revolution (Hedden, 2003). While the
need for a second green revolution is clear, the means to reach that end are not. We can only
assume this will require some vertically disruptive technologies, such as multi-omics and

computational tools (Liu et al., 2013; Tian et al., 2020).

Multi-omics have been used recently in a plethora of plant studies, such as nitrogen fertilization
(Ichihashi et al., 2020), microbiomes (reviewed in Trivedi et al., 2021), hormones (Zander et
al., 2020), biotic stress response (Wang et al., 2021b), metal stress response (Wang et al.,
2021a), drought stress response and senescence (Jiang et al., 2020; Wang et al., 2022;
GroRkinky et al., 2018), salinity stress response (Singhal et al., 2021), metabolite diversity and
mapping (Shang and Huang, 2019; Zhan et al., 2022), plant disease ecology (Crandall et al.,
2020) and even general crop improvement (reviewed in Scossa et al., 2021). Specifically,
wheat species have been studied using multi-omics, e.g. with regard to Head Blight disease
(Wu et al., 2022), sawfly feeding response (Biyiklioglu et al., 2018), heavy metal stress (Saeed
et al., 2021; Zhou and Zheng, 2022; Hua et al., 2022), potassium stress (Zhao et al., 2020) and
salinity stress responses (Yang et al., 2022). To facilitate future wheat functional genomics
studies, a wheat multi-omics database has been established (Ma et al., 2021). Transitioning to
using systems biology in conjuncture with multi-omics analyses in molecular biological
research, and the unique insights it provides, is inevitable. For this reason, a multi-omics
approach to analyze Triticum aestivum L. response to drought and salinity stresses has been
implemented in the current study.

Computational methods, such as machine learning and correlation-based network analysis
(CNA), facilitate the ability to mine the vast amount of data from multi-omics experimental
setups (Misra et al., 2019). Weighted gene co-expression network analysis (WGCNA) has
established itself as one of the standard pipelines for transcriptomics analysis (Langfelder and
Horvath, 2008), while the use of a genetic algorithm (GA) was suggested as an add-on to
WGCNA to optimize the identification of candidate genes (Toubiana et al., 2019a). DADA2
and the Ribosomal Database Project (RDP) classification have been substantiated for the
analysis of microbiomics (Callahan et al., 2016; Wang et al., 2007). A combination of CNA

with machine learning was demonstrated for the analysis of metabolomics, revealing biological
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insights that have not been shown before such as the identification of a metabolic pathway that

had previously not been reported in tomatoes (Toubiana et al., 2019b).

Here, we applied a systems-biology in conjuncture with multi-omics approaches to analyze
Triticum aestivum. We sampled wheat leaves obtaining information at the physiolome,
transcriptome, metabolome and microbiome levels, respectively (Fig. 1) and applied all
aforementioned analytical computational tools. Our approach was carried out on a
representative subset of the published Triticum aestivum pangenome (representing the global
bread wheat diversity; taken from Walkowiak et al., 2020, Fig. 1A), a hexaploid major global
crop with a large genome consisting of three relatively overlapping subgenomes, rendering
genomics (and therefore transcriptomics) a considerable challenge (Walkowiak et al., 2020).

Our physiolomics analysis revealed that the plant fresh dry weight (FDW) and relative growth
weight (RGR) decreased under drought and salinity conditions (Supp. Fig. 1), as even
successful stress resistance is costly in energy (Laureano et al., 2008). However, the water use
efficiency (WUE), shoot allocation (SA) and nitrogen content (N (%)) increased under salinity
conditions, contrasting with results reported earlier (Lea-Cox and Syvertsen, 1993;
Cheeseman, 1988; Van Hoorn et al., 2001). Indeed, conflicting results in water use efficiency
and shoot-to-root allocationhave been reported for various species (Katerji et al., 2008; Franco
et al., 2011), and the effect on nitrogen uptake is not always unidirectional (Hu and
Schmidhalter, 2005). This might be due to a stress response unique to wheat or due to the fact
that mature plants might be less susceptible to salinity stress than young plants (Kditik et al.,
2004). We believe that considerably more research is needed to elucidate the exact reasons

underlying this phenomenon.

To understand underlying molecular composition and mechanisms, a metabolomics analysis
was performed. Our analysis highlighted metabolites with differential statistical patterns for
the different stress regimes used in the current study (Supp. Fig. 2). Plants respond to biotic
and abiotic stresses by reconfiguring their metabolic networks (Obata and Fernie, 2012,
Tenenboim and Brotman, 2016; Choudry et al., 2021). It has therefore been suggested to study
the dynamics of the complete metabolic network rather than its single features (Alseekh and
Fernie, 2018). Consequently, we opted to analyze the inter and intra relationships of

metabolites using CNA as discussed below.

We also performed 16S microbiome sequencing and used the Swift Biosciences 16S-SNAPP-

py3 pipeline to analyze the microbiomics data. Our findings revealed that control-treated plants
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showed higher species richness but lower accumulative species diversity, relative to the stress-
treated groups (though with varying significance, depending on the diversity parameter). This
indicated that, under drought and salinity stress, wheat plants employed more species per
treatment, but less species per plant. These trends were moderate and thus neccesitated

integration into a multiomic network.

To fully understand the interplay of all physiological and molecular components in response to
drought and salinity stress and also to overcome the ambiguousness of the findings obtained
from the physiolome, metabolome, and microbiome analyses, we decided to integrate all data
components into one coherent data network. To this end, we first constructed CNs using
metabolomics data as described in Toubiana et al. (2019b), creating a metabolite network for
each treatment (Fig. 3A-C). The networks displayed different topologies, specifically
highlighted by an increase of edge numbers and degree of connectivity under stress (Supp.
Table 1). Next, we combined CNA with machine learning techniques to identify metabolic
pathways within CNs (Toubiana et al., 2019b). while several pathways were predicted to occur
in plants under different intersections of treatments (Fig. 3D and Supp. Table 2-5). The analysis
predicted that L-carnitine biosynthesis and indole-3-acetic acid inactivation V11l were present

exclusively under drought and salinity stress conditions (Fig. 2E-F).

The genetic connection between auxin and abiotic stress responses has been recently reviewed
(Verma et al., 2022), with DNA-binding AUXIN RESPONSE FACTORS (ARFs) being
documented to affect root growth, chlorophyll content, stomatal conductance and sugar
metabolism under drought and salinity conditions. Intriguingly, although auxin inactivation
was shown to be negatively correlated with drought and salinity stress tolerance in Oryza sativa
and Arabidopsis thaliana (Du et al., 2012; Casanova-Saez et al., 2022), it was also shown to
be positively correlated with drought and salinity stress tolerance in Gossypium hisutum
(Kirungu et al., 2019). Thus, it is important to bear in mind that different plants (especially
during varying developmental stages) employ different mechanisms in response to stress.

L-Carnitine, has been shown to be an essential component of fatty acid metabolism, as well as
serving as an antioxidant and osmolyte in animals and in microorganisms; the role of carnitine
in plants, on the other hand, has not yet been elucidated (Jacques et al., 2018). Nevertheless,
applying exogenous L-carnitine was reported to induce salt stress resistance in barley (Oney-
Birol, 2019), which supports our hypothesis that an increase of carnitine can cause salinity and

drought stress resistance. In conclusion, our pathway analysis emphasizes the function of the
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phytohormone auxin in relation to stress response but also suggests a novel role, in plants, of

the lesser-known amino acid carnitine.

Next, we performed MARS-seq, followed by WGCNAs and a genetic algorithm in order to sift
through the transcriptomics data, and to identify potential candidate genes associated with the
highlighted pathways. The analysis showed that four genes from the cyan and black gene
modules were highly correlated with both L-carnitine biosynthesis and indole-3-acetic acid
inactivation VII, along with nitrogen content, shoot allocation and Hydrogenophaga counts,
while showing inverse correlation with Neisseriales, Phenylobacterium and Jahnella counts,
from the physiolome and microbiome data. Integrating multi-omics in plants via standard
statistical correlation has scarcely been implemented (Jamil et al., 2020), and this integration
of physiolome, metabolome, transcriptome and microbiome data has not, to our knowledge,
yet been undertaken, especially in a genomically complex organism such as Triticum aestivum.
In order to associate results obtained from the metabolomics analysis to the remaining omics
data, we performed OPLS on the metabolites participating in each respective pathway and used
the respective OPLS analysis’ first principal component to correlate them with the remaining

physiolome, metabolome, transcriptomeand microbiome data.

The genes that were detected using this approach included TraesCS1B02G388700,
TraesCS3D02G246700, TraesCS5A02G024900, TraesCS6B02G191900 and
TraesCS6D02G286900 (Fig. 4 and Supp. Fig. 4). Arabidopsis thaliana orthologs of
TraesCS1B02G388700 (AT1G48600, AT1G73600 and AT3G18000), a methyltransferase
(according to https://plant.ensembl.org), were shown to be associated with auxin-mediated cell
differentiation (Zou et al., 2019). The expression of the rubber tree (Hevea brasiliensis)
HbMlol, a Mildew Resistance Locus O gene (MLO) similar in sequence to the Arabidopsis
thaliana ortholog of TraesCS6B02G191900 (AT4G24250), was shown to be induced by
indole-3-acetic acid (Qin et al., 2015). Furthermore, chlorophyll biosynthesis, for which
geranylgeranyl diphosphate reductase provides phytol as a precursor (Tanaka et al., 1999;
TraesCS6D02G286900 in Triticum aestivum), was shown to be intertwined with auxin
regulation (reviewed in Tognetti et al., 2011). Next, a Triticum aestivum Tryptophan
aminotransferase related 2 (TraesCS3D02G246700), was suggested to be involved in auxin
biosynthesis (Shao et al.,, 2017). Contrarily, an Arabidopsis thaliana ortholog of
TraesCS5A02G024900 (AT5G17920; a methionine synthetase), was shown to be involved in
the S-adenosyl methionine (SAM) cycle (Gonzélez and Vera, 2019), producing a substrate in
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synthesizing trimethyllysine, an intermediate in L-carnitine biosynthesis (Maas et al., 2020;

though the pathway’s existence in plants has not yet been proven; Jacques et al., 2020).

The four directly correlated genes showed positive correlations with nitrogen content (N%),
shoot allocation and Hydrogenophaga counts, while showing negative correlation with
Jahnella, Phenylobacterium and Neisseriales counts (Fig. 4). Particularly nitrogen has been
studied extensively regarding plant drought and salinity stress effects and responses (reviewed
in Cui et al. (2019), Ding et al. (2018) and Ashraf et al. (2018)), and as the majority of nitrogen
in plant leaves is chloroplastic, retention of nitrogen in leaves was associated with drought and
salt tolerance (Sade et al., 2017; Mansour, 2000). Furthermore, Portulaca oleracea, a
halophyte, shows increased shoot allocation under salt stress (Franco et al., 2011). As a
Hydrogenophaga species was depicted as beneficial for soybean under salt stress (llangumaran
etal., 2021), and another Hydrogenophaga species was associated with increasing plant growth
(Chanway and Holl, 1993), we hypothesize that both L-carnitine biosynthesis and indole-3-
acetic acid inactivation VIII (along with nitrogen content, shoot allocation, and
Hydrogenophaga abundance) are responses to salinity stress in Triticum aestivum.

Phenylobacterium abundance was juxtaposed to the more saline-tolerant species of the
Fictibacillus genus (Kalwasinska et al., 2017), while a subgenus species (Phenylobacterium
sp. RIFCSPHIGHO2_01 FULL_69 31) was negatively correlated with shoot and root growth
(Fernandez-Baca et al., 2021). Neisseriales species are known for their reduced tolerance to
salinity and high temperature stresses (Klann et al., 2016), while the genus Jahnella is part of
the Polyangiaceae family, which is not known for its salinity tolerance (Garcia and Miller,
2014); these findings support our results, as the counts of these bacteria are negatively
correlated with nitrogen content, shoot allocation, and Hydrogenophaga abundance (Fig. 4).
Nevertheless, Phenylobacterium was classified as nitrogen-fixating (Yang et al., 2017) and
was shown to be positively correlated with nitrogen content (Liu et al., 2021), although this
was reported for bacteria in soil only.

We proceeded to test two of these genes using virus-induced gene silencing (VIGS) under
salinity conditions. Interestingly, the silenced plants (i.e., silencing TraesCS5A02G024900,
which is correlated with L-carnitine biosynthesis and shoot allocation; Fig. 4), showed a slightly
higher shoot allocation and higher levels of carnitine (Fig. 5), further supporting the notion of
a positive correlation between carnitine levels and shoot allocation. This may further be
explained by the fact that in the silenced plants, an endogenous carnitine transporter was
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upregulated (TraesCS3A02G136700). On the other hand, in silencing the auxin-related gene
(i.e., silencing TraesCS6D02G286900, which is correlated with indole-3-acetic acid
inactivation VIII and shoot allocation; Fig. 4), the auxin levels did decrease (Fig. 6). This
silencing coincided with an increase in the gene expression of two auxin inactivation genes
(TraesCS3B02G335300 and TraesCS3B02G353200) and an insignificant decrease in shoot
allocation was observed. The fact that the alterations in shoot allocation were insignificant for
both VIGS experiments can be explained as a result of examining the effect of silencing one
gene at a time, while significant alteration of shoot allocation under salinity stress is achieved

as a result of changes in multiple genes simultaneously, as a quantitatively additive effect.

In summation, in the current study we applied an unbiased top-down based approach to study
the complex molecular and physiological relationships of T. aestivum grown under different
stress conditions. We started from a broad whole-plant physiological experiment and through
multi-omics and systems biology we uncovered two metabolic pathways and associated genes
which showed clear phenotypic responses under prominent abiotic stresses. This method
revealed genes that would not be detected using targeted methods (i.e., focusing specifically
on genes related to auxin and carnitine in established genomic, transcriptomic and metabolomic
databases). Furthermore, receiving relatively high correlations (as in our results) between
biological factors should not be automatically assumed, as demonstrated specifically for
microbiome data (Weiss et al., 2016) and for genome-wide association studies (Tam et al.,
2019). The fact that we demonstrated relatively high correlation coefficients with microbial
counts could also be a result of using a coverage method for microbiome amplification that
was much more thorough than usually implemented (see methods). We did not delve further
into the function of these pertinent altered genes, rather we showed the interconnectivity of our
in silico and in vivo results, both in a well-known pathway, i.e., indole-3-acetic acid inactivation
VI, and a novel pathway in plants, i.e., L-carnitine biosynthesis. We believe that our results
can make significant contributions towards sustainable crop productivity in the future. We
additionally emphasize that the current analysis was performed on the painstakingly generated
hexaploid Triticum aestivum pangenome (published in Walkowiak et al., 2020), and we

therefore deem this highly relevant to all sequenced global bread wheat cultivars.

Materials and Methods

Greenhouse experiment

68



478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494

495

496

497

498

499

500

501

502

503

504

505

506
507

508

The experiment was conducted in a semi-commercial greenhouse at the Faculty of Agriculture,
Food and Environment (Rehovot) of the Hebrew University of Jerusalem during February-
March 2020. Triticum aestivum ‘Chinese Spring’, ‘Claire’, ‘Jagger’, ‘Julius’, ‘Lancer’,
‘Landmark’, ‘Mace’ and ‘Stanley’ plants were germinated and planted into 3.9L pots
(containing Negev Sand soil) on lysimeters (the pot, irrigation and computer software setup is
elaborately explained in Halperin et al. (2017)), and were subjected to control, drought and
salinity treatments (3 plants per line per treatment, i.e., 3 (replicates) * 3 (treatments) * 8 (lines) = 72
plants). Treatments started 3.5 weeks from the beginning of the experiment and the drought
was intensified 1.5 weeks afterwards. The plants were sampled a week later for osmotic
potential at full hydration, transcriptomics, microbiomics and metabolomics, and were
subjected to recovery treatment 3 days later for the duration of 3-4 days. The drought treatment
was changed dynamically to keep the soil volumetric content uniform amongst all drought-
treated plants. The salinity treatment was kept at 130mM NaCl throughout the experiment.
Both control and salinity treatments included nightly flushing of the pots with the respective
irrigation in order to ensure full hydration. Throughout the experiment, VVapor-Pressure Deficit
(VPD; Fig. 2D) and VVolumetric Water Content (VWC) for the drought-treated plants (Fig. 2E)

were measured.
Sampling and Initial Analyses

The lysimeter system allows for many physiological parameters to be calculated for each plant

from the respective momentary and terminal recorded weight. Relative Growth Rate (RGR)

Wend_Wbeginning

was calculated as follows: RGR = :
Days of experiment

(W signifying dry weight, i.e. Wend

signifying final dry weight and Wheginning Signifying initial dry weight). Agronomic Water Use

Efficiency (AWUE) was calculated as follows: AWUE = —end—"beginning_ g gq0h plant,

Total Transpiration

final shoot and root, wet and dry weight were measured, and shoot allocation (SA) was

Wshoot

calculated as follows: SA = . Average transpiration rate (TR; grams of water per

shootTWroot

minute) was taken for each plant for the day before sampling during 09:54-11:54 (according to

the VPD peak). Average E was calculated using the respective TR and FDW as follows: E =
%. Finally, change in TR in response to the daily rise in VPD (AVPD) was calculated for that

day by taking the average TR during 07:15-08:15 and average TR during 10:30-11:30
(according to the VPD fluctuation pattern that day) as follows: AVPD =

TR10:30-11:30—TRo7:15-08:15
* 100%.

TRo7:15-08:15
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Samples of the dry biomass were also sampled and analyzed for Carbon-Nitrogen-Hydrogen
(CNH) composition (in percentages). Shoots and roots were separated, cleaned and dried in an
oven (70°C, over a few days) and crushed using a standard kitchen electric blender. The CNH
content of each sample was quantified by combustion (via the Dumas method, as discussed in
Krotz et al., 2016), using 5 mg of powder and an elemental analyzer (FlashSmart™ Elemental
Analyzer; Thermo Fisher, MA, USA). All plants were sampled (leaves) for osmotic potential
at full hydration (m100) and were immersed in dH20 for approximately 4h. The samples were
cut and stuffed into 2mL spin column micro centrifuge tubes with a pad at their bottom. After
storing at -80°C for 24h the samples were centrifuged (9000 RPM, 25°C) in order to extract
the sap, which was measured using a vapor pressure osmometer (Vapro Wescor 5600, South
Logan, UT, USA), in units of mmol/kg.

Each plant was sampled for metabolomics using gas chromatography mass spectrometry (GC-
MS). Metabolite extraction, derivatization, and relative content measurements via GC-MS
from T. aestivum leaves were performed as described by Lisec et al. (2006). The GC-MS data
was obtained wusing an Agilent 7683 series auto-sample (Agilent Technologies,

http://www.home.agilent.com), coupled to an Agilent 6890 gas-chromatograph—Leco Pegasus

two time-of-flight mass spectrometer (Leco; http://www.leco.com/). Data analysis were done

as described in Zhu et al.,2022. Day-normalization and sample median-normalization were
conducted; the resulting data matrix was used for further analysis.

For transcriptome analysis, RNA was extracted as described by Sharma et al. (2019) using
100mg of leaf and quantified using Qubit and TapeStation. RNA-Seq libraries were prepared,
using the MARS-seq protocol (Jaitin et al., 2014), at the Crown Genomics institute of the
Nancy and Stephen Grand Israel National Center for Personalized Medicine, Weizmann
Institute of Science. A bulk adaptation of the MARS-Seq protocol (Jaitin et al., 2014; Keren-
Shaul et al., 2019) was used to generate RNA-Seq libraries for expression profiling. Briefly,
30 ng of input RNA from each sample was barcoded during reverse transcription and pooled.
Following Agencourt® AMPure® XP beads cleanup (Beckman Coulter), the pooled samples
underwent second strand synthesis and were linearly amplified by T7 in vitro transcription.
The resulting RNA was fragmented and converted into a sequencing-ready library by tagging
the samples with Illumina sequences during ligation, RT, and PCR. Libraries were quantified
by Qubit and TapeStation as previously described (Jaitin et al., 2014; Keren-Shaul et al., 2019).
Single-end reads were sequenced on 1 lane of an Illumina NovaSeq instrument. The output was

~13 million reads per sample. Poly-A/T stretches and Illumina adapters were trimmed from the
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reads using cutadapt (Martin, 2011); resulting reads shorter than 30bp were discarded.
Remaining reads were mapped onto 3 UTR regions (1000 bases) of the Triticum aestivum,
IWGSC genome according to Refseq annotations, using STAR (Dobin et al., 2013) with the
End-To-End option and outFilterMismatchNoverLmax was set to 0.05. Deduplication was
carried out by flagging all reads that were mapped to the same gene and had the same UMI.
Counts for each gene were quantified using htseqg-count (Anders et al., 2015), using the gtf
above and corrected for UMI saturation. Differentially expressed genes were identified using
DESeg2 (Love et al., 2014) with the betaPrior, cooksCutoff and independentFiltering
parameters set to False. Raw P values were adjusted for multiple testing using the Benjamini
and Hochberg correction (Benjamini and Hochberg, 1995). The pipeline was run using

snakemake (Koster and Rahmann, 2012).

Leaf samples were also collected for microbiome analysis from each plant and kept in liquid
nitrogen while transferred to the laboratory and kept at —80°C until extraction. Metagenomic
DNA was extracted from 100 mg of the root sample using ZymoBIOMICS DNA Kit (Qiagen,
Germany) based on the manufacturer's instructions. Libraries of the 16S rRNA gene and ITS's
amplicons were amplified from the extracted DNA by using the Swift amplicon 16S plus an
internal transcribed spacer panel kit (Swift Biosciences, USA) according to the manufacturer’s
instructions (now IDT, Coralville, lowa, USA), using SWIFT AMPLICON™ 16S+ITS
PANEL, which amplifies the V1-V9 areas of the 16S gene (a much higher coverage than the
common method, thus giving significantly more accurate bacterial identification than
commonly produced). The library was sequenced on an Illumina Novaseq platform (2 x 150-

bp paired ends) to achieve short, high-quality reads.

Metabolomics Analysis (Correlation Network Analysis and Machine Learning)

Using Correlation Network Analysis (CNA) and Machine Learning (ML) to predict which
metabolic pathways are active in plants has been established and the general outline has been
explained previously (Toubiana et al., 2020; Toubiana et al., 2019b). The metabolomic data
was used to create a weighted correlation network for each of control, drought and salinity
treatment groups using ‘qvalue’, ‘1071’ and ‘igraph’ R packages. Each metabolite was
represented as a node and each Pearson correlation between two metabolites was represented
as an edge (the value of the correlation coefficient was represented as the edge weight).
Spurious correlations were sifted out by taking only correlations with a g-value < 0.05, and
with an r-value > 0.52 (calculated according to Toubiana and Maruenda (2021)). PlantCyc
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version PMN 13.0 was used as a plant pathway reference, and MetaCyc version 20.0 was used
as a general pathway reference. For the ML training set, the PlantCyc pathways were used as
positive instances and the difference between MetaCyc pathways and PlantCyc pathways (i.e.,
pathways that exist in MetaCyc but not in PlantCyc) were used as negative instances. Random
sets of metabolites were additionally used as negative instances in a final composition of 50%
positive pathways, 25% negative pathways and 25% random metabolite sets). In order to
evaluate the ML model for each network, Receiver Operating Characteristic (ROC) plots and
confusion matrices were produced for 10-fold cross-validated models using ‘xgboost’,
‘DiagrammeR’, ‘Matrix” and ‘ROCit’ R packages (the ROC plots and confusion matrices for
the 10-fold cross-validated ML models are in Supp. Fig. 6). The confusion matrices showed
accuracies of 0.803, 0.851 and 0.789 for the 10-fold cross-validated ML models for the control-
, drought- and salinity-treated plants, respectively. The ML-based pathway predictions were
produced per each tested pathway per treatment group network. Finally, each prediction
underwent a sensitivity test by bootstrapping the ML model 100-times using 80% of the
pathways (i.e., predicting each pathway using a ML based on 80% of the training set) and the
average prediction value (out of the 100 reiterations) per pathway per network was used as the
sensitivity value. Only pathways which resulted in an original prediction value > 0.5 and

sensitivity value > 0.5 were considered positively predicted per network.
Transcriptomics and Microbiome Analysis

The transcriptomic data was first analyzed according to Langfelder and Horvath (2008), using
the “WGCNA” R package, to choose gene modules in highest correlation with the indole-3-
acetic acid inactivation VIII and L-carnitine biosynthesis pathways. Following, the respective
modules were narrowed down to specific genes (with the individual highest correlations with
the mentioned pathway) using a genetic algorithm (GA), according to Toubiana et al. (2019a).
The Microbiome data was analyzed using the Swift Biosciences 16S-SNAPP-py3 pipeline
(available online at https://github.com/swiftbiosciences/16S-SNAPP-py3) for bacteria, to
generate the most likely microbial composition and ratios of a given sample. The resulting raw

data was rarefied using the ‘phyloseq’ R package for further analysis.

Multi-omics Integration

The metabolomic data of the metabolites participating in indole-3-acetic acid inactivation VIII
L-carnitine biosynthesis was transformed using OPLS (in the ‘ropls’ R package) and the

respective PC1s were used to represent the pathway (as PCA was too strict to show the already
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known and predicted separation of the drought and salinity treatments from the control
treatment; Worley and Powers, 2013). For each vector, we correlated (using Pearson
correlation) the GA-chosen genes, the aforementioned physiological and biochemical
parameters, and finally to all OTUs (of which four with the highest correlation values were

chosen). This finetuned correlation network represented our multi-omics results.
Virus-Induced Gene Silencing

The BSMV vectors used for gene silencing in this study were based on the constructs described
in Yuan et al. (2011). To facilitate direct cloning of the VIGS target sequences, the py vector
was modified to include a ligation independent cloning (LIC) system. The py:TaPDS vector,
which contained a fragment of the Triticum aestivum phytoene desaturase gene, served as the
positive control, while the py:null vector without any insert served as the negative control. To
identify target sequences with minimal or no similarity to off-target genes, the sequences of
the TraesCS6D02G286900.1 and TraesCS5A02G024900.1 gene were analyzed using si-Fi
(siIRNA Finder) against the entire wheat cDNAs annotation IWGSC RefSeq v1.0.

Two regions, one comprising 226 base pairs from TraesCS6D02G286900.1 and the other
comprising 229 base pairs from TraesCS5A02G024900.1, were selected as the VIGS target
sequences. These target sequences were synthesized by Rhenium (Modiin, Israel). The py
vector was then linearized using the Apal restriction enzyme at 25 °C for 2 hours, creating a
LIC cloning site. Both the linearized py vector and the synthesized VIGS fragments were
treated with T4 DNA polymerase to generate complementary sticky ends. The treated PCR
products and the treated py vector were mixed and ligated together. The resulting mixture was
transformed into competent Neb Stable E. coli cells. Plasmids were purified from PCR-verified

bacteria and subjected to Sanger sequencing for verification.

The verified plasmids were then introduced into A. tumefaciens strain GV3101 through
electroporation and plated on LB agar supplemented with kanamycin (50 pg/ml) and rifampicin
(10 pg/ml). Single colonies were propagated overnight, diluted, and grown at 28°C overnight.
The cultures were spun down, and the cells were re-suspended in infiltration medium. The
ODesoo of the suspension was adjusted to 1.0, and the mixture was incubated at RT without

shaking for 3 hours or longer.

Equal volumes of A. tumefaciens strains carrying the py:VIGSI1, py:VIGS2, py:TaPDS, or
py:null constructs, along with pa and pp, were combined and infiltrated into the adaxial side of

4-week-old Nicotiana benthamiana leaves using a 1 mL syringe. After 5 days, the infiltrated
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N. benthamiana leaves were harvested and ground in a pre-chilled mortar and pestle using a
potassium phosphate buffer containing Celite® 545 AW abrasive. The extracted sap was then

used to rub-inoculate the second leaf of two-leaf stage wheat seedlings.

Concurrently Triticum aestivum cv. Chinese Spring plants were grown under salinity
conditions. Pre-germinated seeds, which were nearly uniform in size, were planted in plastic
pots with a diameter of 12 cm and a capacity of 1 liter. These pots were filled with 1.5 kg of
thoroughly washed sand. The seedlings were grown in a controlled growth room with a 14/10
light/dark regime at 22 °C and an irradiance of 500 umol m~? s~1. Initially, all pots were
irrigated with a 1:500 dilution of “Or 4-2-6” fertilizer solution (GAT ISP, Kiryat Gat, Israel)
for a period of two weeks, following which the NaCl treatment in the nutrient solution was
introduced. To avoid salt shock, the salinity concentration was raised by 50 mM increments
each day until reaching a final concentration of 150 mM NaCl in the nutrient solution. In order
to maintain a consistent salinity level in the sand, 200 ml of 150 mM NacCl in the nutrient
solution was applied to each pot on alternate days. After three weeks of growth, the plants were
infected with the BSMV virus.

After two weeks from inoculation, fresh leaves that were different from the previously
inoculated ones were harvested for further analysis. A fraction of the harvested leaves was
employed for RNA extraction, following the protocol described in Sharma et al. (2019). This
facilitated the evaluation of the downregulation of gene expression of the targeted genes.
Concurrently, another fraction of the harvested leaves was dedicated to metabolite extraction,

allowing for the exploration of specific metabolites alterations within the samples.

RNA was extracted using TRIzol (Invitrogen, Carlsbad, CA, USA) and was treated with
DNAse and M-MLYV reverse transcriptase (Promega, Madison, WI, USA). GOI expression
levels were quantified via quantitative RT-PCR (with Triticum aestivum 18S rRNA used as an
internal control). Carnitine and indole-3-acetic acid (IAA) were extracted and analyzed using
LC-MS as explained by Kelly et al. (2021). Plants were cut, the roots were washed and all the
plants were dried in 60°C over a couple of days and were weighed separately for shoot and

roots, and shoot allocation was calculated as explained above.
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Fig. 3. Unique pathways predicted for control-, drought- and salinity-treated plants. A
metabolic network was created for each treatment group, which was tested via machine
learning (trained by positive and negative pathways) for pathway predictions. (A-C) The
Cytoscape visualizations were presented for Control- (A), Drought- (B) and Salinity-treated
plants (C) metabolic correlation networks. Each metabolite is represented as a node and each
correlation between two metabolites is represented as an edge. Metabolites are color-coded
according to their metabolic group (see key). Positive edges are color-coded as blue, and
negative edges are color-coded as red. Metabolites were grouped into communities (i.e., circle-
formations) using the Walktrap algorithm (Pons and Latapy, 2005). (D-F) The MA models
were also bootstrapped using a sensitivity test (100 times, 80% of positive and 80% negative
pathways), and the average prediction result of each pathway was presented (Control — CON
SENS, Drought — DRO SENS and Salinity — SAL SENS). Only pathways which received
PRED and SENS values > 0.5 (for each treatment respectively) were considered predicted for
the respective treatment, as described by Toubiana et al. (2019b). (D) Pathways exclusively
predicted for drought- and salinity-treated plants are presented. Pathways predicted exclusively
for control-treated plants, drought-treated plants, salinity-treated plants and drought- and
salinity-treated plants are presented in Supp. Table 2-5, respectively. (E-F) The sensitivity
values were plotted by treatment (C — control, D — drought and S — salinity) for L-carnitine
biosynthesis (E) and indole-3-acetate inactivation VIII (F).
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Fig. 6. The effect of Virus-Induced Gene Silencing on indole-3-acetic acid Inactivation
VI under salinity conditions. The boxplot representation of indole-3-acetic acid (IAA)

levels, shoot allocation, TraesCS6D02G286900 (a GA-chosen gene whose expression was

directly correlated with the indole-3-acetic acid inactivation VIII pathway PC1) expression
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expression levels for control (C) and TraesCS5A02G024900-silenced (V). The results were
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Supp. Fig. 1. Physiological and Biochemical Parameters comparison between control-,
drought- and salinity-treated plants. Fresh Dry Weight (FDW), Relative Growth Rate
(RGR), Shoot Allocation (SA), Agronomic Water Use Efficiency (AWUE), average
Transpiration Rate (TR), E (E), Carbon (C), Hydrogen (H) and Nitrogen (N), Osmotic Potential
at Full Hydration (m100) and transpiration response to VPD increase (AVPD) are presented by
treatment (C- Control, D - Drought, S - Salinity). Significant Differences were tested via the
Tukey-Kramer test and the test values were denoted above each plot. The physiological raw
data is in Supp. Table 17.
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Supp. Fig. 2. Metabolomics comparison between control-, drought- and salinity-treated
plants. Metabolite values were represented by their respective z-score and the average value
by treatment (C- Control, D - Drought, S - Salinity) was represented in a false color blue-white-
red scale. Significant differences between the transformed values were tested via the Tukey-
Kramer test and the test values are presented in a false color blue-white-orange scale. The
metabolomic raw data is in Supp. Table 18.
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Supp. Fig. 3. Microbiome diversity comparison between control-, drought- and salinity-
treated plants. OTU counts of control (C), drought (D) and salinity (S) treated plants (n=71)
were rarefied. (A) A comparison of the relative abundance of taxa by phylum (n=23-24). (B)
Alpha diversity analysis using observed species, Chaol and Shannon indices along with their
respective p-values. (C) Beta diversity analysis with Principal Coordinates Analysis (PCoA)
using Bray-Curtis dissimilarity. (D) Gamma diversity analysis using geocluster accumulation
curves for mean OTU richness from a random sampling of geoclusters + SD. The microbiomic
raw data is in Supp. Table 19 and the taxonomic file is in Supp. Table 20.
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silenced (V). The results were tested using a student’s t-test and the respective p-values were
presented above each comparison.
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Supp. Fig. 6. ROC curves (top) and confusion matrices (bottom) of 10-fold cross-
validated ML models for the control- (C), drought- (D) and salinity-treated (S) plants.
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5. Discussion

Scientifically driven global yield breakthroughs include the Haber-Bosch process (industrial
ammonia fixation; Erisman et al., 2008) and the green revolution (Hedden, 2003). While the
need for a second green revolution is clear, the means to reach that end are not. We can only
assume this will require some vertically disruptive technologies, such as multi-omics and

computational tools (Liu et al., 2013; Tian et al., 2020).

In this thesis, we applied an unbiased top-down based approach to study the complex molecular
and physiological relationships of crop plants grown under different stress conditions. We
started from a broad whole-plant physiological experiments and through multi-omics and
systems biology we uncovered clear phenotypic responses under prominent abiotic stresses

that are associated with yet unknown metabolic pathways in the context of stress response.

The metabolome encompasses all metabolites present within a biological system and exhibits
variability due to genetic differences, environmental fluctuations, and their interactions. Plant
stress response is significantly influenced by changes in the metabolome, leading to detrimental
effects like reduced energy supply and inhibition of metabolic enzyme activity. In response to
stress, plants undergo metabolic reprogramming to better adapt to challenging environmental
conditions, often by enhancing the production of "anti-stress" compounds (Obata & Fernie,
2012). The metabolome acts as a critical mediator linking genetic variation to complex traits
such as stress tolerance in plants (Rinschen et al., 2019). Therefore, analyzing changes in
metabolome pathways under stress, coupled with an examination of the plant's overall
physiological response, can offer valuable insights into the genetic mechanisms underlying

plant stress response.

Moreover, understanding the functioning of metabolic pathways within the intricate
coordination of cellular metabolism is crucial for crop enhancement and stress tolerance. The
conventional constraint-based method is widely used to propose metabolic pathways in
organisms, organizing genes that regulate these pathways into comprehensive genome-scale
networks. This approach involves enrichment analysis using expression data to identify
significant metabolic processes (Karp et al.,2005; Kanehisa et al.,2014). However, it overlooks
the post-regulatory mechanisms occurring across genetic, enzymatic, and metabolic levels
within cells. The approach outlined and used in this thesis relies on quantitative metabolite
measurements, providing a means to account for post-transcriptional and post-translational

events without the need for a-priori rely on gene data integration. This thesis demonstrates that
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metabolic correlation-based networks capture a wealth of information about cellular activity
beyond their previous attribution in crop plants under different environmental conditions. To
detect metabolic pathways within metabolic CNs, network analysis was combined with ML
techniques.

Employing this innovative approach, we successfully unearthed novel metabolic pathways
linked to stress tolerance in two prominent crop species, wheat and tomato. These pathways
include L-Glutamine biosynthesis, L-arginine biosynthesis, L-carnitine biosynthesis, and
indole-3-acetic acid inactivation. Furthermore, by integrating high-throughput physiological,
transcriptional, and microbiome data, we established connections between metabolic profiles
and various plant stress indicators such as nitrogen content, shoot allocation, photosynthesis,
and microbiome composition (e.g., Hydrogenophaga, Neisseriales, Phenylobacterium,
Jahnella). Additionally, we identified potential novel regulators of plant stress response and
metabolic pathways, exemplified by genes like TraesCS5A02G024900 and Solyc08G067630.
Although this thesis did not explore the specific functions of these altered genes, it underscored
the interconnectedness between in silico predictions and in vivo observations, underscoring the
efficacy and significance of our "system biology" approach for enhancing stress tolerance in
crop plants. Moreover, this approach revealed genes and metabolic pathways that would not be
detected using targeted methods (i.e., focusing specifically on genes related to metabolic

pathways in established genomic, transcriptomic and metabolomic databases).

Finally, this thesis also discusses and emphasizes the importance of function validation of
computational studies as a part of the “systems biology” approach. This is typically
accomplished using reverse genetic methodologies such as CRISPR and VIGS for gene
knockout, as demonstrated in this thesis for plant crops. However, to achieve sufficient and
feasible progress in crop plant breeding, enhancement of multiple traits in parallel is required,
including biotic and abiotic stress tolerance, high yield, and nutritional values, thereby
generating "super crops" (Li et al.,2021). Due to the complexity of technical difficulties in
generating multi-target CRISPR lines and the interactions between stress responses, we
propose in this thesis enhancing already commercially available local landraces with higher
yield traits, along with stress tolerances specific to the respective localities, instead of
generating a general 'super crop'. We hope this conclusion will serve as a sustainable solution
to commercially enhancing crop yields under both stable and challenging environmental

conditions.
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