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Abstract

Rice stands as one of the primary sources of sustenance for humanity, ranking
among the top three most cultivated cereals worldwide. It serves as a staple
food for numerous communities, particularly in developing countries. However,
rice cultivation faces several challenges, including the need to consistently increase
yields while combating diseases that afflict the crop. Simultaneously, there is
a growing emphasis on reducing the reliance on pesticides and other artificial

substances in agricultural practices.

Rice biodiversity, cultivated and wild, represents a potentially huge reservoir of
useful genetic variation for many traits, including the ability to be colonized by
beneficial microorganisms. Therefore, the phenotypic and genomic knowledge of a
large number of accessions gives the opportunity to identify genomic loci on which
a selection pressure could be applied, to improve modern high yielding varieties

by breeding programs.

The study of interactions between plants and naturally occurring soil microor-
ganisms is gaining increasing attention due to its potential significance in advanc-
ing sustainable agriculture. Numerous studies have already been published on
the interactions and effects of certain Plant Growth-Promoting Microorganisms

(PGPMs), although much about these interactions remains poorly understood.
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This study aims to delve deeper into the genetic foundations potentially involved
in the interaction between PGPMs and rice plants. Specifically, a diazotrophic
bacterium, Kosakonia sacchari RCA25, was used to inoculate approximately 200
genotypes of rice (Oryza sativa L. subsp. Japonica), whose genotyping by GBS
(Genotyping By Sequencing) had been previously carried out. Genome-Wide As-
sociation Studies (GWAS) were conducted to identify genomic regions implicated

in the plant-microorganism interaction.

The first phase of the experiment focused on the controlled inoculation of K.
sacchart RCA25 into the rice plants, with 3 replicates for each genotype. Steril-
ized de-hulled seeds were prepared, and the bacterium was inoculated one week
after germination. One week after the inoculation, the bacterial colonization rate
was quantified, through CFUs counting, specifically at the root level. The mean
colonization values from the replicates were utilized for subsequent statistical and

genomic association analyses.

The results showed a high variability in the levels of colonization by the same
microorganism across different rice accessions, although no significant associations
were found between genotypes and bacterial infection rates. This variability sug-
gests a complex interplay between small-effect genetic factors and variation in the
phenotype of microbial colonization, highlighting the need for further investiga-
tion to better understand the mechanisms underlying these interactions and their

potential applications in rice cultivation.



Introduction

2.1 Rice

Rice (Oryza sativa L.) is the third cereal in global production after maize and
wheat, with a harvested area of approximately 170 million hectares and a global
yield of around 800 million tons in 2023 (FAO, 2023), and has a vital importance
for food security and agricultural economies (Ghazy et al., 2024). As a staple
food for more than half of the world’s population, rice contributes over 20% of the
calories consumed by humans worldwide (Gutaker et al., 2020; He et al., 2021). It
is particularly crucial for the poorest communities, serving as their primary food
source (Zeigler & Barclay, 2008). Beyond its role as a dietary staple, rice is also

utilized in various industries (Ghazy et al., 2024).

Rice is a semi-aquatic annual grass plant belonging to the Poaceae family. The
genus Oryza comprises approximately 22 species, 20 of which are wild (Muthayya
et al., 2014). Among the cultivated species, O. sativa, or Asian rice, is the most
widely grown, cultivated on all continents except Antarctica, while O. glaberrima,
or African rice, is primarily cultivated in Africa and is gradually being replaced
by O. sativa (Muthayya et al., 2014). Rice is cultivated in diverse ecosystems,

including lowland paddy fields, deepwater or seasonal flood conditions, and upland
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rainfed areas (Gutaker et al., 2020). Irrigated lowland systems, where rice is grown
in bunded fields, account for nearly three-quarters of global rice production and
can yield two to three crops per year (Muthayya et al, 2014). Rainfed lowland
farming, prevalent in South Asia, Southeast Asia, and Africa, produces 20% of
the world’s rice, while upland rice farming in dryland conditions contributes 4%

(Muthayya et al., 2014).

0. sativa is believed to have been domesticated from its wild ancestor O. rufi-
pogon between 10,000 and 14,000 years ago (Zeigler & Barclay, 2008). While O.
rufipogon is commonly accepted as the progenitor of O. sativa, O. nivara, often
considered the annual form of O. rufipogon, has also been proposed as an ancestor
(Choi et al., 2017). O. sativa is genetically subdivided into major groups: aus,
indica, japonica (sometimes further divided into temperate and tropical japonica),
and aromatic rice (Choi et al., 2017). Among these, japonica and indica are the
most widely distributed globally (Gutaker et al., 2020). Japonica rice, character-
ized by short to medium grains, is primarily grown in temperate regions of Japan
and northern China, while indica rice, with long grains, is cultivated in tropical
and subtropical Asia (Muthayya et al., 2014). The domestication of japonica rice
began around 9,000 years ago in the lower Yangtze Valley, while proto-indica rice
cultivation started over 5,000 years ago in the lower Ganges Valley (Gutaker et
al., 2020). Recent studies suggest that domestication alleles originated in japonica
rice in East Asia, with the spread of japonica varieties to South Asia around 4,000
years ago, leading to the introgression of these alleles into proto-indica or local
O. nivara populations, resulting in the emergence of indica rice (Gutaker et al.,
2020).

The domestication of O. glaberrima, the other cultivated rice species, is thought

to have derived from the wild ancestor O. barthii (Muthayya et al., 2014).
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Two primary hypotheses have been proposed regarding the domestication of
rice. The single origin hypothesis suggests that a single domestication event led
to the acquisition of desirable traits, followed by the incorporation of additional
characteristics, particularly resistance traits, from wild varieties. In contrast, the
multiple origin hypothesis posits that multiple, independent domestication events
from different populations of wild rice varieties gave rise to the subgroups indica
and japonica (Choi et al., 2017; He et al., 2021). Genetic studies further support
the idea that each Asian rice variety group/subspecies (aus, indica, and japonica)
had distinct subpopulations of wild rice (O. nivara or O. rufipogon) as its pro-
genitor (Choi & Purugganan, 2018). Wild rice can be divided into three major
subpopulations, designated as Or-I, Or-1I, and Or-I1I, with japonica being most
closely related to Or-III, and aus and indica most closely related to Or-I (Choi &

Purugganan, 2018).

Rice is not only a critical food crop but also a culturally and economically signif-
icant plant with a rich history of domestication and diversification. Its cultivation

spans a wide range of environments, making it a versatile and resilient crop.

Ez-situ genebanks play a crucial role in conserving genetic diversity for the
development of new genomic knowledge, and the deployment of useful variation
(Aubry, 2023; Manual of Seed Handling in Genebanks, 2006). To exploit their
full potential, the conservation of diversity must be accompanied by the long-term
characterization of genebank accessions. In the present PhD project, a series of
historical data collected from the rice ez-situ collection of CREA in Vercelli has
been analyzed as part of a parallel effort to understand the value of the conserved
germplasm. The published paper is attached in the appendix (Sansoni et al.,
2024).
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2.2 Plant Growth-Promoting Microorganisms

Plant Growth-Promoting Microorganisms (PGPMs) play a crucial role in en-
hancing plant growth and health through various direct and indirect mechanisms.
These microorganisms contribute to plant development by fixing atmospheric ni-
trogen, solubilizing essential nutrient elements, and producing phytohormones
(Siddika et al., 2024). Additionally, PGPMs produce molecules like ExoPolySac-
charides (EPS), siderophores, and antioxidants, which further support plant growth
and stress tolerance (Siddika et al., 2024).

Among the PGPMs, Enterobacter and Kosakonia are notable for their ability to
colonize a wide range of plant hosts, with Kosakonia strains naturally colonizing
plants across nearly all major clades of angiosperms (Becker et al., 2018). The
role of PGPMs extends to nutrient cycling and increasing nutrient availability
in the soil, which is essential for plant growth (Becker et al., 2018; Rodriguez
& Durén, 2020). For example, diazotrophs, a group of nitrogen-fixing bacteria,
can supplement biological nitrogen directly, promote nutrient uptake, and enhance
phytohormone synthesis, thereby improving plant tolerance to biotic and abiotic
stresses (Saini et al., 2022). The interaction between plants and microorganisms
is not limited to the rhizosphere but also includes endophytes, which reside within
plant tissues without causing harm (Hardoim et al., 2015). A thorough review
of the available literature about crops and microorganisms interactions has been
conducted during the present PhD project. In the paper attached, Sena et al.
(2024) provide a detailed description of the categories of endophytic interacting
microorganisms, as well as their potential roles and effects on enhancing plant

tolerance to the impacts of climate change.
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Materials and methods

3.1 Rice panel

The rice panel used in the experiment was defined by selecting about 200 geno-
types from the Risinnova collection, an international collection composed by about
300 O. sativa L. spp. japonica varieties, previously constituted to obtain genomic
insights to counteract biotic and abiotic stresses. The Risinnova collection is rep-
resented for about a half by Italian varieties, and for the other part by accessions

from all over the world (Figure 3.1).
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Figure 3.1: Pie chart showing the international representation of the rice varieties

composing the Risinnova collection.

The genotypes were selected through a phylogenetic tree, to maximize the
genetic variability between them. Table 3.1 lists the genotypes selected for the
association study, after some filtering for contrasting results of the inoculation

phase.
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Table 3.1: Genotypes selected for the association study after the inoculation re-

sults.
N° | GENOTYPE N° | GENOTYPE
1 A201 29 CAMPINO
2 AGATA 30 CARINA
3 AGOSTANO 31 CARNAROLI
4 ALAN 32 CARNISE
5 | ALEXANDROS 33 | CASTELMOCHI
6 ALLORIO 34 CHIPKA
7 ALPE 35 CIGALON
8 ALPHA 36 CLOT
9 AMERICANO 37 COCODRIE
10 ANSEATICO 38 COLINA
11 ANTARES 39 CT36
12 APOLLO 40 CT58
13 ARGO 41 DELFINO
14 ARIETE 42 DELLMONT
15 ARTEMIDE 43 DIXIEBELLE
16 ASTA 44 DUCATO
17 AUGUSTO 45 ERCOLE
18 BAHIA 46 ERMES
19 BALDO 47 ESCARLATE
20 BALILLA 48 EUROPA
21 | BELLEPATNA 49 EUROSE
22 BENGAL 50 EUROSIS
23 BIANCA 51 FAMILIA 181
24 BOMBILLA 52 FAST
25 BRAZOS 53 FIDJI
26 BURMA 54 FLIPPER
27 CALENDAL 55 FRANCES
28 | CALMOCHI_101 56 | FRANGRANCE
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NO

GENOTYPE

o7

GALILEO

58

GANGE

59

GARDESADRI

60

GIADA

61

GIANO

62

GIGANTE_VERCELLI

63

GIOVANNI_MARCHETTI

64

GITANO

65

GIZA_178

66

GLADIO

67

GOOLARAH

68

GRAAL

69

GRALDO

70

GREPPI

71

GRITNA

72

GZ6296

73

HANDAO_11

74

HANDAO_297

75

HARLEM

76

TAC32.52

7

IBO380.33

78

IBO400

79

IR64

80

ITALMOCHI

81

ITALPATNA_ X MILYANG

82

ITALPATNAA48

83

JACINTO

84

KARNAK

NO

GENOTYPE

85

KING

86

KRYSTALLINO

87

L201

88

L202

89

L205

90

LADY_WRIGHT

91

LAMONE

92

LENCINO

93

LIDO

94

LOTO

95

LUNA

96

LUXOR

97

MO06

98

M203

99

M204

100

MARATELLI

101

MARENY

102

MAYBELLE

103

MEDUSA

104

MERLE

105

MESANES2

106

MIARA

107

MOLO

108

MUSA

109

NANO

110

NILO

111

NOVARA

112

ONICE
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NO

GENOTYPE

113

ORIGINARIO

114

OSCAR_X_SUWEON

115

OSTIGLIA

116

OTA

117

P6

118

PANDA

119

PEGONIL

120

PIERINA_MARCHETTI

121

PLOVDIV22

122

PLUS

123

PROMETEO_2

124

PUNTAL

125

REDI

126

REXMONT

127

RIBE

128

RINALDO_BERSANI

129

RINGO

130

RIZZOTTO.51.1

131

ROBBIOSEL1

132

RODEO

133

RONALDO

134

RONCAROLO

135

RONCOLO

136

ROXANI

137

RPC12

138

RUBI

139

RUBINO

140

RUSSO1

NO

GENOTYPE

141

5101

142

S102

143

SAEDINENIE

144

SAFARI

145

SAGRES

146

SAKHA_102

147

SAKHA_103

148

SALOIO

149

SALVO

150

SAMBA

151

SANDOCA

152

SANDORA

153

SANTANDREA

154

SANTERNO

155

SATURNO

156

SELENIO

157

SELN244A

158

SENATORE_NOVELLI

159

SEQUIAL

160

SESTAMOCHI

161

SETANTUNO

162

SILLA

163

SIRIO_CL

164

SLAVA

165

SMERALDO

166

SOURE

167

SPRINT

168

STRELLA
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NO

GENOTYPE

169

SUPER

170

TAICHUNG_G65

171

TEJO

172

TEXMONT

173

THAIPERLA

174

ULISSE

175

UPLAG63

176

UPLAG64

177

UPLAG66

178

UPLAT5

179

UPLAT7

180

VENERE

181

VENERIA

182

VIALE

183

VIALONE_190

184

VIALONE_NANO

185

VICTORIA

186

VOLANO

187

VULCANO

188

XIANGOU2

189

YRM6.2

190

ZENA

191

ZENITH

192

ZHENSHANG97
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3.2 Kosakonia sacchari RCA25

Kosakonia sacchari is a Gram-negative, aerobic, not spore-forming, motile rod
bacteria with peritrichous flagella. The name of the species was derived by its
association with sugarcane (Saccharum officinarum L.) (Chen et al., 2014). K.
sacchari is a diazotrophic bacterium, able to fix atmospheric nitrogen reducing No

to NHs in low pOs conditions.

The genus Kosakonia is part of the family Enterobacteriaceae, which also in-
cludes well-known pathogens such as FEscherichia and Salmonella. K. sacchari
itself was reclassified as a member of the genus Kosakonia, from the previous clas-
sification of Enterobacter sacchari (Chen et al., 2014). This reclassification was
part of a broader taxonomic revision (Brady et al., 2013; Giri, 2019). The first
strain of K. sacchari, SP17, was isolated in 1994 from a sugarcane cultivar (GT11)
in Nanning, Guangxi, China (Chen et al, 2014). This bacterium has also been
found in other plant-associated environments. For instance, an endophytic strain,
BO-1, was isolated from the surface-sterilized stem of a sweet potato (Ipomoea
batatas) (Shinjo et al., 2016). Strain BO-1 is closely related to K. sacchari strain
SP1T, with which it shares 98.67% Average Nucleotide Identity (ANI).

Both strains exhibit diazotrophic growth under nitrogen-deficient conditions
and show positive reactions in acetylene reduction activity tests, confirming their
nitrogen-fixing capabilities (Shinjo et al., 2016). The genome of K. sacchari strain
BO-1 has been sequenced, revealing 4,448 coding sequences, seven sets of rRNA
genes, and 84 tRNA genes. Genome annotation confirmed the presence of the nif
gene locus, which is responsible for nitrogen fixation (Shinjo et al., 2016). Members
of the genus Kosakonia, including K. sacchari, are known for their beneficial inter-

actions with plants. K. sacchari, along with K. arachidis, K. cowanii, K. oryzae,
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and K. radicincitans, has been isolated from various plant-related environments,

such as rhizosphere soil, roots, and stems (Kampfer et al., 2016).

Kosakonia sacchari RCA25 strain was used during all the experiments. This
strain can grow in a LB selective medium added with the antibiotic vancomycin.
The RCA25 strain, and the relative inoculation protocol, were provided by the
team lead by Prof. Roberto Defez, at CNR-IBBR (National Research Council
- Institute of Biosciences and Bioresources) in Naples, Italy. The protocol was
previously used in published works by the team, with little differences (Andreozzi et
al., 2019; Bianco et al., 2021). This particular strain was chosen for the experiment
because it has already been tested as an endophyte in rice plants, and it has also
proven to be a rather common endophyte in relation to various plant species.
Additionally, an inoculation protocol already tested on rice was available at the

beginning of the experimentation, from CNR-IBBR.

3.3 Solutions and recipes used in the experiment

3.3.1 Solutions

Following is the list of solutions used:

o Glycerol: an agent used in the preparation of freezing stocks to preserve cells
and prevent the formation of ice crystals which could damage the samples.
Typically, as in this case, pure glycerol is diluted to a final concentration of

50% v /v with sterile deionized water.

e 70% ethanol.

e Sodium hypochlorite (NaClO): approx. 5% (commercial bleach).
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« Tween-20: a commercial name for Polysorbate-20, a detergent used (among
other things) in the sterilization processes of biological material as it reduces

surface tension and enhances the action of sterilizing agents.

o Water-agar: a gel solution for seed germination and early growth of

seedlings.

« PBS (Phosphate-Buffered Saline): an isotonic saline solution, used to

maintain the proper osmotic pressure inside the bacterial cells.

« LB (Lysogeny Broth): a basic liquid medium for the growth of the inocu-

lum. For the aim of the described experiment, it is made selective by adding

the antibiotic Vancomycin.

o LB-agar: a solid medium prepared by adding agar to the LB broth for
the preparation of Petri dishes for CFU counting. As with the liquid LB
described above, for this experiment the medium is made selective by adding

Vancomycin.

3.3.2 Recipes

LB and LB-agar

SUBSTANCE QUANTITY (g/L)

Tryptone 10
Yeast extract 5
NaCl 10

Adjust the pH to 7.4 with NaOH and bring to volume using deionized water.
Autoclave. For LB-agar, add 15 g/L of Bacto-agar to the previous solution and

autoclave it.
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Water-agar

For the water-agar substrate, prepare an aqueous solution with a 0.8% agar

concentration. The solution should then be autoclaved for sterilization.

PBS(Phosphate-Buffered Saline)

SUBSTANCE QUANTITY (g/L) QUANTITY (g/L) [10X]

NaCl 8 80
KCl 0.2 2
Na,HPO, 1.44 14.4
KHyHPO, 0.245 2.45

Adjust the pH to 7.4 with H3PO, and bring to volume using deionized water.

Autoclave.

Vancomycin 1000X stock

SUBSTANCE QUANTITY (g)

Vancomycin chlorhydrate 0.02

o Add the appropriate amount of vancomycin powder to a small container or

tube.
» Bring to the desired final volume with sterile deionized water.

» Mix the solution vigorously using a vortex mixer to ensure complete disso-

lution of vancomycin.

« Once the solution is prepared, it must be filtered using a syringe and a sterile

200 nm hydrophilic filter to remove any particulate matter.
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e Transfer the filtered solution into 1.5 mL or 2 mL vials.

» Store the vials at -20 °C for long-term storage.

3.4 Inoculation protocol

3.4.1 Seeds sterilization

The inoculation protocol started with the sterilization of de-hulled seeds. 20
cleaned seeds were put inside 15 mL sterile plastic tubes, one for each tested
genotype, and then kept in 70% ethanol (EtOH) for 8 minutes while gently stirring
on an orbital shaker, to guarantee a proper action of the solution on the seeds
surface. The EtOH solution was removed and seeds washed with deionized sterile
water, for 2 minutes. After the removal of water, seeds were treated with 10 mL
of 5% sodium hypochlorite (NaClO) solution added with 10 pL of Tween-20 and

left in agitation for 25 minutes.

The solution was removed, and multiple washes of about 2 minutes each with
deionized sterile water were performed. Seeds were considered sufficiently washed

when no traces of NaClO smell were detectable.

3.4.2 Germination

Once the washing procedures were completed, the seeds were placed inside Ma-
genta boxes prepared with a layer of about 1 cm of sterilized water-agar solution
(0.8% agar), for germination. 5 to 6 seeds per box were put on the solidified water-
agar medium, applying a gentle pressure, using flame-sterilized tweezers. For each

genotype, 3 Magenta boxes were prepared.
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Magenta boxes containing the seeds were left in a growth chamber, in darkness,

at approximately 22°C for germination (Figure 3.2).

Figure 3.2: Magenta boxes used for the germination of sterilized de-hulled seeds.
Boxes were autoclaved before the use, and they were prepared with a layer of
water-agar medium for the germination of the seeds. In the photo, seedlings ready

for the inoculation phase are shown.

3.4.3 Seedlings inoculation

For seedlings inoculation, 15 mL sterile plastic tubes filled with 10 mL of LB
medium (see paragraph: LB and LB-agar, in Recipes) supplemented with 20
ng/mL vancomycin were used. For convenience, aliquots at a 1000-fold higher
concentration (i.e., 20 mg/ml) were prepared and stored at -20 °C (see paragraph:
Vancomycin 1000X stock, in Recipes). To obtain the desired final concentration

of 20 pg/mlL, 10 pL of the 1000X vancomycin stock was added to the 10 mL of LB
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medium.

The bacterial inoculum was thawed from the freezing stock at -80 °C and trans-
ferred to the tube containing the selective LB-vancomycin medium. The inoculum
was then incubated at 30 °C for 24 hours in the dark under constant agitation.
Once the inoculum reached an optical density at 600 nm (ODggg) of approximately
1, 1 mL of the bacterial solution was taken and centrifuged at 10000 RPM (Rounds
Per Minute) for 5 minutes at room temperature. The pellet was gently resuspended

in 1 mL of 1X PBS (Phosphate-Buffered Saline, see PBS, in Recipes).

The germinated seedlings were inoculated when the coleoptile and roots started
to develop, typically after 5-7 days from the preparation of Magenta boxes. The
seedlings were removed from the germination container, and were lightly cut at
the root tip, approximately 3-4 mm from the tip, using flame-sterilized precision
scissors and tweezers. The cutting aims to facilitate the penetration of the mi-
croorganisms inside the plants roots tissues. Plantlets were then placed in a 50
mL tube previously prepared with 30 mL of 1X PBS, 3 plants per tube as a single

replicate.

From the tube containing the K. sacchari RCA25 strain (centrifuged and resus-
pended in PBS), 300 pL was taken and added to the 50 mL tube containing the
plants. The tube was then placed in the dark with a gentle agitation for 4 hours
at 30 °C.

After infection, the seedlings were transferred to labelled pots filled with a solid
growth substrate, consisting of a 1:1 ratio of sand and vermiculite. Both the pots
and the substrate were previously sterilized. Each group of 3 plants were sown

in a single pot. The prepared pots were placed in a growth chamber under lights
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with a light-dark ratio of 16/8 hours at approximately 28 °C. The pots for different
treatments (i.e., with RCA25 inoculum or negative controls) were kept separate
to avoid possible contamination. Plants prepared in this way were left to grow for

another week, watering regularly.

3.4.4 Plants collection and sterilization

The plantlets were removed from the pot, cleaned, and washed with tap water
to remove any substrate residue. They were then put in 50 mL tubes (one per
replicate), and surface sterilized using 30 mL of 70% EtOH for 1 minute, with
the tube kept in agitation. After removing the EtOH, sterile deionized water was
added in sufficient quantity to perform adequate washing, and the tubes were
agitated for 2 minutes. The water was then removed, and a 5% NaClO solution
was added. The hypochlorite washing was carried out for 5 minutes in agitation.
Following the removal of the sodium hypochlorite solution, multiple washes with
water were performed to ensure no traces of NaClO remained. Typically, six

washes of 1 minute each were conducted, followed by a final wash of 2 minutes.

Sample checks were carried out on the water used, through plating, to ensure
its sterility. Similarly, some tests were conducted to evaluate the effectiveness of

the surface sterilization process of the plants before the collection of root tissue.

3.4.5 Roots collection

At the end of the washes, under horizontal laminar flow hood, the plants were
taken with flame-sterilized tweezers, and the roots were cut off. The roots were
conserved in 1,5 mL sterile tubes and weighted, while the remaining parts of the
plant were discarded. All the roots from the 3 plants composing a replicate were

conserved and weighted together. A mean value for the 1,5 mL tube weight was
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calculated and then subtracted from each test.

The weighted roots were then transferred to a mortar, ensuring all equipment
used (mortar and pestle, scissors, and tweezers) was sterilized in the autoclave or
with a flame. 5 mL of 1X PBS was added to the mortar, and the roots were ground
until well crushed. When the solution resulted homogeneous, an aliquot of 1 mL
was put inside a 1,5 mL tube. This represented the 1:1 ratio solution, from which

the following serial dilutions were prepared: 1:10, 1:100, 1:1000, and 1:10000.

Alternatively, a TissueLyzer could be used to homogenize the root sample. In
this case, 3-4 sterilized metal marbles were added to the tube containing the roots,
followed by 1 mL of PBS. After a cycle in the TissueLyzer (1 minute at f = 30/s),
the resulting solution was transferred to 15 mL tubes pre-filled with 4 mL of PBS.

3.4.6 Serial dilutions and plating

Serial dilutions were prepared using ultrapure sterilized water (MilliQQ system).
The prepared dilutions were 1:1, 1:10, 1:100, 1:1000, and 1:10000, with a final
volume of 1 mL for each. 50 pL of the 1:1 solution was added to a previously
prepared Petri dish containing a layer of LB-vancomycin medium and spread evenly
to ensure optimal distribution over the entire surface of the agar. Metal inoculation
loops, flame-sterilized, were used to perform the plating. The Petri dish was
then closed, properly labelled with the necessary information, and set aside. This

procedure was repeated for each dilution, and for the negative controls.

For each genotype, 3 replicates were prepared, and for each replicate 5 plates
were done, one for each dilution, plus one for the negative control. Once all

the plates were prepared, they were sealed with Parafilm and placed in a growth
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chamber at 30 °C. After approximately 24 hours, the colony growth on the plates

for the respective dilutions was checked (Figure 3.3).

(b)

Figure 3.3: Example of Petri plates prepared for the counting of the CFUs. In
(a), the plates of the first replicate for the genotype “Antares”, dilutions 1:1000
and 1:10000, are visible. In (b) the plates for the dilutions of the negative control.
Plates are labeled with the medium (LB-vancomycin), the genotype, the strain
(25, standing for RCA25), the number of the replicate, the dilution factor, and the
date of the test.
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3.4.7 CFUs counting

After 24 hours, plates were analysed and CFUs counted. For each test, one of
the four dilutions (1:10, 1:100, 1:1000, 1:10000) was chosen, based on the number
of CFUs present: the plates with a number of CFUs between 30 and 300 were

selected for the definition of the colonization rates.

The main passages of the protocol described are represented in the scheme in

Figure 3.4.

Fr= = =

Negative
CTRL

Germination on water-agar RCA25 + PBS buffer
medium (3 replicates)

. Growth in sand

and vermiculite

Seeds sterilization

Serial dilutions and plating \/ 1l
;%\_.s'

Figure 3.4: Schematic representation of the inoculation protocol, as described in

the text.
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Data analysis

4.1 Phenotypic data

Once all the data about the inoculation rates were recorded, the first step was
to clean and organize them: missing data were removed, and some varieties which
showed contrasting results were discarded from the dataset. The final number of
colonizing bacteria for each test was defined considering the dilution factor and

the total roots mass.

All the following in silico analyses were performed using the R programming
language, jointly with RStudio software. The prepared phenotypic dataset was

loaded on RStudio, for further organization and cleaning of the dataset.

4.2 Genotypic data

The initial step in processing the genotypic data involved filtering the raw
dataset to remove missing data and rare variants. To achieve this, the follow-
ing parameters were applied: genotypes with more than 10% of missing markers
were removed. For the Minor Allele Frequency (MAF), a filter threshold of 5%

was set. Additionally, individuals having more than 10% of missing data were re-
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moved. All these filtering processes were carried out using Plink2 software (Chang

et al., 2015; Purcell et al., 2007).

Once the filtered genotypic dataset was obtained, the following step consisted
in pruning. Pruning involves selecting markers that are in Linkage Disequilibrium
(LD) with each other and removing redundant markers, .e. those that are in
high LD with other markers. The pruning step was also performed using Plink2,
selecting the following parameters: a sliding window of 50 nucleotides, a step size
of 5, and an R2 threshold of 0.6. R2 is the criterion used to determine whether

markers are in LD with each other.

The final step in processing the genotypic dataset was the imputation of missing
data. This process, carried out using specific software and algorithms, allows for
the estimation of missing markers based on the available ones, at the same position

in other genotypes. Beagle software was used for imputation.

Subsequent data preparation and analysis steps were conducted using the R

programming language in the R Studio software.

4.3 R script workflow

The pre-filtered and imputed genotypic data, along with the phenotypic data
(i.e., CFU values for the different replicates, adjusted based on root weight), were
loaded into RStudio. Additionally, information regarding the geographical origins
of the varieties included in the experiment was incorporated to generate descriptive

plots of the collection used.
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To load the files containing the data, the readz! (Wickham & Bryan, 2015) pack-

age was utilized, which is specifically designed for handling files in the proprietary

Microsoft Excel .xlsx format.

The subsequent step involved further tidying and reorganizing the datasets to
remove any remaining missing values (denoted as “NA” in R, meaning Not Avail-
able) and any unnecessary data that were not relevant to the analysis. This reor-
ganization aimed to make the data more manageable and easier to work with in

RStudio.

The values obtained from the different replicates were used to calculate the
average infection rate for each accession by K. sacchari RCA25 (See Paragraph 2

“Loading and preparation of data” in the R script in Supplementary material).

Subsequent analyses involved the creation of graphical representations, includ-
ing histograms and density plots, to visualize the distribution of the average CFU
values calculated for each genotype. For these and subsequent plots, unless other-
wise specified, the ggplot2 package was employed (ggplot2: Elegant Graphics for
Data Analysis (3e)). This package is widely used in R for creating complex and
customizable visualizations, providing a powerful tool for data exploration and pre-
sentation (Paragraph 3.1 “Data distribution”, in the R script in Supplementary

material).

For statistical analysis and GWAS, the normal distribution of data is an im-
portant requirement. The distribution of data was analysed, using the Shapiro-
Wilk test and graphical representation with histograms and QQ-plots (Quantile-
Quantile plot, Figure 5.1). QQ-plot provides the distribution of the observed

p-values in relation to the expected ones. The normal distribution of data as-
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sumes that the former do not significantly deviate from the latter. Following these
analyses, it was found that the data did not follow a normal distribution, so a
square root transformation of the data was applied. The resulting values were
found to have a normal distribution (Figure 5.2), and were used for subsequent
analyses (Paragraphs 3.3 “QQ-plot of CFUs mean values”, 3.4 “Data normaliza-
tion”, and 3.5 “Histograms and QQ-plots after transformation” of the R script

in Supplementary material).

The boxplots graph (Figure 5.3) for the square root-transformed values of the
different replicates produced for each genotype was very useful for visualizing the
variability of the results among the different rice varieties tested and among the
results of the individual replicates within the same genotype. Boxplots were also
used to look for possible outliers (Paragraph 3.6 “Genotypes boxplots” in the R

script in Supplementary material).

The data regarding the origin of the analysed genotypes, already available at
CREA-CI institute in Vercelli, which is responsible for the maintenance of the
accessions, were used to produce a pie chart representing the international distri-
bution of the varieties considered (Figure 3.1). The pie chart shows the interna-
tional representation of the collection, mainly composed of Italian varieties (See

paragraph 3.7 “Origins pie chart” of the R script in Supplementary material).

The preliminary study of the data obtained in the laboratory continued with
the calculation of common descriptive statistics parameters: range of values, mean,
mode, median, standard deviation (sd), and Coefficient of Variation (CV) (Table
4.1). The Shapiro-Wilk test was also performed to evaluate the distribution of

data, showing a not normally distributed dataset.
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Table 4.1: Main descriptive statistics of the results obtained from the counting

of CFUs.

PARAMETER VALUE
Min 14493
Max 8131811
Mean 2216069
Median 1721052
1° quantile 812210
3° quantile 3229018

SD (Standard Deviation) 1793215

(For the part of R script regarding the descriptive statistical analysis of the
phenotypic data, see Paragraph 4 “Statistical analysis”, in Supplementary ma-

terial).

Part of the descriptive study of genotypic data, as well as a fundamental com-
ponent of the GWAS test, population structure allows for the classification of a
collection of genotypes based on the sub-populations they represent. For the pur-
poses of the GWAS test, taking population structure into account significantly
reduces the number of false positives, i.e., values erroneously resulting as signifi-
cantly associated with the traits considered, as it corrects for the weight given by

a shared genetic background due to common ancestors.

Regarding the population structure, two commonly used plots, Principal Com-
ponents Analysis (PCA), and Neighbor-Joining (NJ) tree, help to visualize the
distribution of genotypes based on the pedigree. The R packages used in this
study to perform the GWAS analysis, GAPIT and rMVP, produce graphical out-
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puts which comprehend these plots (Figures 5.6, 5.7, 5.8). However, they rep-
resent the entire collection analysed by these packages, which then select only the
genotypes for which they find the relative phenotypic information to perform the
association tests. For this reason, other plots for PCA and NJ tree were produced,

in which the genotypes selected for the test were highlighted in red.

4.3.1 Principal-Components Analysis

The genotypic data was stored in .hmp (haplotype map) file, a standard format
to manage this kind of data. This file was converted to .vef (variant call format)
file, and then to genlight object, a format required to perform the calculation of

PCs, with the package vcfR (Knaus & Griinwald, 2017).

The calculation of the PCA was performed using the adegenet package (Jombart,
2008; Jombart & Ahmed, 2011). The resulting plot (Figure 5.7) was coloured
to allow to visualize the distribution of the tested genotypes inside the entire
Risinnova collection. See Paragraph 5.1 of the R script in Supplementary

material for the code chunk relative to the PCA).

4.3.2 Neighbor-Joining Tree

As for the PCA, the genotypic data in genlight format was used to compute the
NJ-tree. This was produced using the ape package (Paradis & Schliep, 2019). For
the NJ-tree also, the tested varieties were highlighted in red in the relative plot
(Figure 5.9) (See Paragraph 5.2 of the R script in Supplementary material
for the code chunk relative to the NJ tree production).
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4.3.3 Ancestry matrix

The population structure was analysed in depth with the LEA package (Frichot
& Frangois, 2015), that allows to infer the number of components of a population
explaining most of the variance. For the population analysed in this experiment,
a total of 30 clusters (Ks) were considered as sub-populations. The number of
clusters was chosen based on the PCA results provided by LEA package. For each
cluster, multiple runs are performed, and LFEA provides functions to define which

run is the best for a given K.

Based on the results obtained with LEA, four different K numbers were tested,

to decide which was the best explaining the population structure:

NUMBER OF K BEST RUN

6 4
9 4
16 4
19 4

The results were represented as bar charts, with a column for each genotype and
colours representing the clusters (i.e. the sub-populations). These plots are very
helpful to determine the best number of sub-populations: selecting a low number
of Ks will results in a simpler but less precise subdivision in clusters. On the
other hand, a high number of Ks could give a better representation of the different
sub-populations, but will increase the complexity of the plot, possibly resulting in

a too strong subdivision of the genotypes.

Figure 4.1 shows the results of the 4 different hypothesized clustering. In
Figure 4.1a, the population is divided in 6 clusters. In 4.1b, 9 sub-populations

37


https://www.bioconductor.org/packages/release/bioc/html/LEA.html

are represented. In 4.1c, there are 16 sub-groups, and in 4.1d the panel is di-
vided in 19 sub-populations. From the different plots is clear that increasing the
number of clusters can provide more precise results, but considering too many

sub-populations can fragment too much the genotypes.
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Figure 4.1: Plots representing different possible population structures for the
genotypes of the Risinnova collection. Selecting different numbers of clusters, or K
values (i.e., sub-populations), yields different representations. Here, four possible
clusterings were considered: (a) 6 Ks, (b) 9 Ks, (c) 16 Ks, and (d) 19 Ks.

Based on the plots, K = 16 was chosen. Consequently, for performing GWAS tests,

a number of sub-populations equal to 16 was selected.
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4.3.4 GWAS

GWAS test was performed using two different R packages: »M VP (Yin et al.,
2021), and GAPIT v.3 (J. Wang & Zhang, 2021). While the resulting outputs are
similar between the two packages, the preparation of the script is slightly different:
rM VP requires a preparatory step, to produce specific genotypic, phenotypic, and
map files to be used in the subsequent association analysis. GAPIT is more
straightforward, because it is sufficient to load the previously prepared genotypic
and phenotypic datasets. Code blocks relative to GWAS with rMVP and with
GAPIT can be found at Paragraphs 6.1 and 6.2, respectively, inside the R script

produced for the analysis, in Supplementary material.

4.3.5 LD-Decay

Once the results from the GWAS were obtained, markers showing interesting
association levels were further analysed. To do so, LD-Decay was calculated,
to have more precise information on the portion of the rice genome to study in

proximity of the markers considered.

LD-Decay refers to the rate at which Linkage Disequilibrium (LD), the non-
random association between alleles at different loci, decreases as the physical dis-
tance between those loci increases. It is typically measured using statistics such as
r? or D’ and visualized as a plot of LD (Y-axis) against physical distance (X-axis).
LD-Decay is influenced by factors such as recombination rates, population history,

and selection.

To calculate the LD-Decay, the script provided by mohsinalil990 on GitHub,

was used.
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The LD matrix was calculated using TASSEL software, version 5 (Bradbury et
al., 2007). The matrix was loaded in RStudio to produce the plot of the LD-Decay
(Figure 5.17).

The code block relative to LD-Decay evaluation and plotting can be found at
Paragraph 9 of the R script produced for the analysis, in Supplementary ma-

terial.
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Results

5.1 CFUs counting and data collection

The number of CFUs was manually counted after 24 hours from plating. For
each genotype tested, 3 replicates were produced, and for each replicate, 3 seedlings
were considered. The number of CFUs corrected for the dilution factor and the

roots weight was considered.

The resulting values of mean inoculation rates for each genotype, after the clean-

ing of data and removal of bad quality results, are shown in Table 5.1.
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Table 5.1: Genotypes selected for the association study after the inoculation results.

N° | GENOTYPE | MEAN CFUs
1 | Slava 14493
2 | Oscar X Suweon 17910
3 | Handao_297 18100
4 | Plus 22778
5 | Roxani 24216
6 | Salvo 35800
7 | Carnaroli 39770
8 | Giza 178 46814
9 | Redi 75805
10 | Xiangou?2 116964
11 | Silla 119580
12 | Asia 141343
13 | Bengal 152922
14 | S101 156766
15 | Upla64 160030
16 | Goolarah 204842
17 | Lido 216000
18 | Medusa 223333
19 | Ota 246142

20 | CT36 260087
21 | Ronaldo 264576
22 | Plovdiv22 276596
23 | Gange 299414
24 | Chipka 320144
25 | Fidji 363612
26 | Vialone Nano 374156
27 | Frances 423395
28 | Merle 439560

N° | GENOTYPE | MEAN CFUs
29 | Soure 494444
30 | Sakha_103 526188
31 | Argo 532305
32 | M204 546735
33 | Zenith 565921
34 | Giano 586740
35 | Flipper 586819
36 | Bellepatna 592203
37 | 1bo380.33 596561
38 | Texmont 598106
39 | Calmochi_101 649107
40 | Prometeo_2 664236
41 | Ringo 665961
42 | Safari 685304
43 | Roncarolo 689557
44 | Fast 716499
45 | Loto 760923
46 | Burma 774604
47 | IR64 786765
48 | Agostano 799273
49 | Rubino 825147
50 | Onice 829532
51 | Maybelle 843614
52 | A201 852201
53 | Sirio_.CL 874229
54 | L205 878378
55 | Sagres 880375
56 | Giada 882284
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N° | GENOTYPE | MEAN CFUs
57 | M006 909259
58 | Harlem 949441
59 | Gigante Vercelli 967266
60 | Upla63 978363
61 | Greppi 994233
62 | Zhenshang97 1017925
63 | Familia_181 1047829
64 | Upla77 1052676
65 | Delfino 1066746
66 | Seln244A 1076756
67 | Krystallino 1091110
68 | Rodeo 1118244
69 | Puntal 1119875
70 | Taichung_G65 1125000
71 | Cocodrie 1141053
72 | Jacinto 1161189
73 | S102 1167803
74 | Sandora 1178357
75 | Nilo 1204545
76 | Rizzotto 51.1 1280667
77 | Lencino 1307117
78 | Molo 1333768
79 | Agata 1335526
80 | Mareny 1363730
81 | Nano 1379743
82 | Americano 1405193
83 | Eurose 1421944
84 | Lady Wright 1441595

N° | GENOTYPE | MEAN CFUs
85 | Dellmont 1449388
86 | Thaiperla 1454545
87 | Ulisse 1478416
88 | Roncolo 1502661
89 | Graldo 1506692
90 | Frangrance 1520894
91 | Pegonil 1537512
92 | P6 1551926
93 | Strella 1622631
94 | Colina 1657112
95 | Luxor 1667622
96 | Novara 1721052
97 | YRMS6.2 1745833
98 | Upla7s 1772017
99 | Samba 1833942
100 | Allorio 1846223
101 | L201 1934124
102 | Musa 1999647
103 | Maratelli 2085854
104 | Santerno 2154507
105 | Europa 2208837
106 | Ercole 2216190
107 | Upla66 2252439
108 | Alexandros 2253182
109 | Bianca 2257799
110 | Viale 2267632
111 | Robbiosell 2294373
112 | Saloio 2305493
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N° | GENOTYPE MEAN CFUs N° | GENOTYPE MEAN CFUs
113 | Ttalmochi 2312116 141 | Alpha 3143756
114 | Italpatna x Milyang 2377507 142 | Vialone_190 3174077
115 | Russol 2391026 143 | Volano 3225179
116 | Cigalon 2408497 144 | Augusto 3232856
117 | Bombilla 2412317 145 | Originario 3306704
118 | RPC12 2475450 146 | Bahia 3311465
119 | Sakha_102 2522727 147 | Giovanni Marchetti 3312871
120 | L202 2537656 148 | Galileo 3322263
121 | Dixiebelle 2541379 149 | Rexmont 3340909
122 | Veneria 2549278 150 | Gladio 3415181
123 | Sprint 2577187 151 | CT58 3585029
124 | Pierina Marchetti 2588119 152 | Handao 11 3639540
125 | GZ6296 2592186 153 | Rubi 3687871
126 | Gitano 2651085 154 | Alpe 3710113
127 | Anseatico 2757973 155 | Zena 3711678
128 | Clot 2760360 156 | Sesiamochi 3765873
129 | Panda 2770053 157 | Setantuno 3787879
130 | Saedinenie 2838542 158 | Mesanes2 3816790
131 | Saturno 2844444 159 | Sequial 3823390
132 | Ostiglia 2876545 160 | Castelmochi 4231373
133 | Balilla 2883291 161 | Lamone 4310185
134 | Ermes 2915444 162 | Selenio 4322414
135 | Smeraldo 2966483 163 | Ribe 4340281
136 | Italpatna4S8 2979902 164 | Victoria 4427971
137 | Karnak 3004409 165 | Eurosis 4507466
138 | Vulcano 3076923 166 | Gardesadri 4559962
139 | Campino 3099775 167 | Santandrea 4568125
140 | Miara 3111884 168 | Graal 4623727
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N° | GENOTYPE | MEAN CFUs
169 | Luna 4694813
170 | King 4816071
171 | Venere 4873485
172 | Super 4879077
173 | Ducato 4898873
174 | Ariete 4908333
175 | Calendal 5074155
176 | Baldo 5133778
177 | Artemide 5210398
178 | Tac32.52 5214912
179 | Rinaldo Bersani 5248433
180 | Tejo 5283419
181 | Antares 5370297
182 | Carnise 5516116
183 | Senatore Novelli 5572917
184 | Alan 5695765
185 | Carina 5880488
186 | Apollo 6050962
187 | Ibo400 6671846
188 | Gritna 7075381
189 | Sandoca 7691822
190 | M203 7873864
191 | Brazos 8131811
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5.2 Data quality control and management

5.2.1 Distribution

For each genotype tested, mean values of the replicates were calculated. The
resulting values were represented with a histogram and a QQ-plot to analyse the
distribution of the data, before the normalization (Figure 5.1), and after the

square root transformation step (Figure 5.2).

Histogram of CFUs mean values in tested rice varieties QQplot of CFUs mean values
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(a) (b)

Figure 5.1: (a) Histogram of the distribution of rice genotypes based on the
resulting mean inoculation rate. (b) The distribution of the data represented
through a QQ-plot. As can be seen, the distribution is not normal. This condition

was further assessed through a Shapiro-Wilk test.
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Histogram of CFUs - transformed mean values QQplot of CFUs - transformed mean values
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Figure 5.2: The same plots represented in Figure 5.1, after the transformation

of the data through the square root method.

5.2.2 Boxplots

Boxplots for each genotype tested were plotted together to visualize the dis-
tribution of the results (Figure 5.3). Each boxplot represents the values of the

transformed data for all the replicates produced for each accession.
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Boxplot of RCA25 infection rates for each genotype - Transformed values

Infection rate
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Figure 5.3: Boxplots showing the distribution of the results of the replicates for
each rice accession, from the genotype showing the lowest level of colonization to

the one with the highest values.

5.3 Pruning

Marker density plots allow to visualize the even coverage of the genome repre-
sented by markers. Here, the plots produced with rM VP package were used. In
Figure 5.4 , SNPs density plots before (62421 SNPs), and after pruning (14220

SNPs) are represented.
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Figure 5.4: SNPs density plots produced with rM VP package. In (a) the density

of markers before the pruning step. In (b) the remaining SNPs after pruning.

5.4 Kinship and population structure

Other graphical representations useful to study the structure of the rice panel
used in this study are the kinship heatmap, and the population structure. These
elements are fundamental to perform robust GWAS analyses, but also the plots

are valuable to visualize the relations between the accessions.

Figure 5.5 shows the kinship matrix, as a heatmap. The plot is produced
with the GAPIT package. The heatmap shows how much the pedigrees of the
genotypes considered are similar to each other, and the kinship is useful to reduce
false positives associations given by the similarity of related genotypes. In Figure
5.5a the kinship heatmap is represented before the pruning step, while in 5.5b the

reduced intensity of the signal is due to the pruning, i.e. the removal of redundant

markers in LD.
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Figure 5.5: Heatmap of the kinship matrix. (a) before pruning the genotypic
data, (b) after pruning the genotypic data.

Another useful graph to define the population structure of the collection of
genotypes is the PCA (Principal Component Analysis). The PCA is a statisti-
cal approach to represent big datasets in a simplified way, calculating Principal
Components (PCs), that are pseudo-variables defined starting for the real ones. A
single PC represents different original variables, and the PCs are defined based on
the overall amount of variance explained by the variables clustered in that PC. In
this way, PCs are defined from the one explaining the most variance (PCy) to the
one explaining the least (PC,,). PCA can be used to visualize the distribution of
the individuals when studying the population structure, distributing the genotypes

on a scatter plot in which each axis corresponds to a PC.

GAPIT provides the PCA plot, with the number of PCs selected during the com-
pilation of the script (Figure 5.6). In this case, the number of sub-populations,

and thus of PCs, was set to 16 after the analysis of the population structure with
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LEA package (Figure 4.1). For the association test, GAPIT considers only the
genotypes for which a corresponding phenotypic trait is provided. However, the
PCA and NJ tree were made from all the Risinnova collection. For this reason, to
provide a better overview of the structure of only the set of genotypes used in this

experiment, a second PCA plot was produced (Figure 5.7).
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Figure 5.6: PCA scatterplots produced with GAPIT package. The distribution

of all the genotypes composing the Risinnova collection is showed, in a 2D (a),

and a 3D (b) distribution.
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50 °®
(] .‘
()] (]
X J °® ®
.. ® .
° .. (]
® ) Ve 20
25 %0 ©°© ® o
Q ™ ° o ® 9 o
§ @ (] % . noe ©
g ® ® % Y
§ ° ® o e ®
9 [ ] o® (] ] 'y [ .. [ ]
zo . ) . ~
£ 8 ° ® ° o % '
I ) ® o
R L s
@ ° @ e o '°® % o
(1) Y (]
e o o o b ° ®
-25 ) @ @ ® ° ° ...
) @
® .‘..’

-50 0 50
Principal Component 1

Genotypes Nottested @ Tested

Figure 5.7: PCA scatterplot showing the distribution of the genotypes into sub-
populations. Genotypes selected for the experiments are highlighted in red.

The Neighbor-Joining (NJ) tree gives a representation of the entire collection
in a phylogenetic tree, allowing to visualize the descendance of each genotype. In

Figure 5.8 the NJ tree provided by GAPIT is represented.
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Figure 5.8: Neighbor-Joining tree of the Risinnova collection produced with
GAPIT package. The 16 different sub-populations are represented in different

colours. In (a) the radial representation of the NJ tree, in (b) a circular NJ tree.
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Phylogenetic Tree of the Risinnova collection

Condition
a  Nottested

a Tested

Figure 5.9: the Risinnova phylogenetic tree, with the genotypes used in the study
highlighted in red.
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5.5 Genome-Wide Association Studies

GWAS tests were performed with two different R packages: rMVP, and GAPIT,
version 3. Both the packages provide multiple output files from the analysis. The
two most important plots are represented by Manhattan plots, and QQ-plots. A
Manhattan plot is a graphical representation used in GWAS tests to display the
distribution of genetic markers across chromosomes. On the X-axis, the markers
are organized by their genomic position, grouped by chromosome. On the Y-axis,
the significance of each marker’s association with a phenotypic trait is plotted, as
the -logjo(p-value). Peaks in the plot indicate genomic regions where markers show

strong statistical associations with the trait, suggesting potential loci of interest.

Multiple models are available to perform a GWAS, from the simplest t-test to
the most advanced Blink (Huang et al., 2019), SUPER (Q. Wang et al., 2014),
and FarmCPU (Liu et al., 2016). For this analysis, FarmCPU model was chosen

because it provides statistically robust results.

GAPIT produces some descriptive plots about the analysed phenotypic data
Figure 5.10.

26



Observation

Frequency

2500 4

2000 —

1500 o

1000 4

500

50 1

40 4

30

20 4

r
0

T
500

T T T T
1000 1500 2000 2500 3000

Observation

100

Individual

6e-04
5e-04
4e-04 |
2
Be-04 -
@
=)
2e-04

1e-04 4

0e+00

T T
1000 2000

Observation

T
3000

2500

2000

1500

Observation

1000

500

0.8 +

0.6 -

0.4 +

Accumulative density

0.2 H

0.0 -

T
500

T T T T T
1000 1500 2000 2500 3000

Observation

Figure 5.10: Descriptive plots produced with GAPIT package about the phe-

notypic data analysed. (a) Distribution of values. (b) boxplot, (c) frequency

histogram, (d, e) density plots.

Together with the Manhattan plot, the QQ-plot is the second main graphical
representation provided from GWAS analyses to look for possible association (Fig-
ure 5.11). Each point represents a marker and is expected that almost all points
lay approximately on the line, or inside the confidence area. Upper tail deviations

could indicate a significant association between a marker and the trait considered.
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Figure 5.11: QQ-plots showing the distribution of observed data to an expected

distribution. In (a) the QQ-plot produced with GAPIT, in (b) the one obtained

with rMVP. No significant associations resulted from the analyses.
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Figure 5.12: Manhattan plot resulting from the GWAS analyses performed on the
same dataset using the GAPIT (a) and M VP (b) packages. The red dashed line
in (b) represents the statistical threshold above which a marker can be considered
significantly associated with the trait of interest. This line is not present in (a)
because GAPIT, by default, optimizes the dimensions of the plot, and in this

analysis, no markers were found to be associated with the colonization rate.

5.5.1 GWAS with a reduced dataset

The analysis with all the genotypes tested for the inoculation rates with K.

sacchari RCA25 did not show any significant association. Considering the broad
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variability of values in replicates recorded for many genotypes (see Figure 5.3),

a further analysis was performed.

Defining a threshold based on standard deviation, a subset of 100 genotypes
showing the least variability between accessions was selected (Figure 5.13), and
a new GWAS was performed with the reduced dataset (See the Paragraph 7 of the

R script in Supplementary material for the relative code).
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Figure 5.13: Boxplots of the replicates for the 100 genotypes composing the
reduced dataset. The selection was based on the sd of the replicates, keeping the

100 accessions with the lowest values of sd.
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The reduced dataset was used for a new GWAS test, and the resulting QQ and

Manhattan plots are shown in Figure 5.15 and Figure 5.16, respectively. Some

plots produced with GAPIT and describing the data distribution of the reduced

dataset are shown in Figure 5.14.
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Figure 5.14: Descriptive plots of the reduced dataset provided after GWAS with

GAPIT. (a) Distribution of values. (b) boxplot, (c) frequency histogram, (d, e)

density plots.
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Figure 5.15: QQ-plots obtained from the GWAS analyses performed on the
reduced dataset of the 100 genotypes having the lowest sd between replicates. In
(a) the QQ-plot produced with GAPIT, in (b) the one obtained with rMVP.
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Figure 5.16: Manhattan plots showing the results of the GWAS on the reduced

dataset of 100 genotypes. In (a) the Manhattan plot obtained with GAPIT, in
(b) the plot produced with rMVP.

After the analysis of the reduced dataset, no significant associations were de-
tected. However, a region on chromosome 11 consistently showed a high peak

in both tests across all replicates and in the reduced dataset, prompting further

analyses.

In both GWAS tests performed, the highest peak included the SNP
S11.23670478. Although this marker was not significantly associated, it exhib-
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ited a consistent signal. A GWAS uses genotyped markers to identify associations.
However, it is unlikely that the marker itself is directly responsible for the trait un-
der investigation. Instead, the association is often due to LD. In GWAS, markers
act as probes to identify genomic regions in LD that show a statistical association
with the trait of interest. The extent of LD can vary significantly across species
and is influenced by factors such as the mode of reproduction. For example, in
plants, the type of pollination (self-pollination vs. cross-pollination) can signifi-

cantly affect LD patterns.

To delineate the genomic region surrounding a detected marker that is likely to
influence the trait, the LD-Decay value is calculated. This parameter represents
the average distance over which the correlation between genetic markers signifi-
cantly diminishes. In this specific case, the LD-Decay was observed to extend up
to approximately 182 kilobases (kb) (Figure 5.17), defining the region of interest

around the markers considered.
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Figure 5.17: LD-decay plot, used to define the region to consider in LD with the
markers of interest. The green line indicates the distance in base pairs (bp) that

defines the window within which two regions of the DNA can be considered in LD.

Considering the calculated LD-Decay, a window of 364 Kb was considered (182
Kb before and 182 Kb after the exact position of the marker S11_.23670478). The
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region considered comprised from 23488478 bp to 23852478 bp on the chromosome
11. The genomic region was studied on the rice genome browser provided by the

Rice Annotation Project Database (RAP-DB) (Sakai et al., 2013), and based on

the O. sativa spp. japonica, cultivar Nipponbare reference genome (Figure 5.18).
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Figure 5.18: The RAP-DB genome browser. The region represented is a window
of 364 Kb on chromosome 11.

The region of interest was furthermore studied using the tool BIOMART
database on the EnsemblPlants website. The list of gene loci comprised in

the selected region is shown in Table 5.2.
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Table 5.2: list of gene loci comprised in the region 182 Kb upstream and downstream the marker S11.23670478 (ncRNA: non-coding RNA).

GENE STABLE | TRANSCRIPT ID GENE DESCRIPTION GENE NAME GENE TYPE
ID
0s11g0608300 0s11t0608300-01 Barley stem rust resistance protein Receptor-like Cytoplasmic Kinase 337 | Protein coding
0Os11g0608500 0s11t0608500-00 Non-protein coding transcript ncRNA
0Os11g0608700 0s11t0608700-00 Similar to Jacalin-like lectin domain containing protein Receptor-like Cytoplasmic Kinase 338, | Protein coding
Jacalin-related lectin 24
0s11g0609500 0s11t0609500-01 Similar to Jacalin-like lectin domain containing protein Receptor-like Cytoplasmic Kinase 339, | Protein coding
Jacalin-related lectin 25
0s11t0609600-01 Similar to 14-3-3-like protein
0s11t0609600-02 14-3-3 protein, Flood adaptation, Anaerobic Germination (AG)
and Anaerobic Seedling Development (ASD) tolerance
0s11g0609600 (Nipponbare: AG sensitive, Weedy rice: AG tolerance G-box factor 14-3-3h protein Protein coding
0s11t0609600-03 14-3-3 family protein, Temperature-dependent seed germination,
Negative regulation of ABA signalling (Nipponbare: partial
loss-of-function allele)
0s11g0609650 0s11t0609650-00 Non-protein coding transcript ncRNA
0Os11g0609700 0s11t0609700-00 Disease resistance protein domain containing protein Protein coding
0s11g0609760 0s11t0609760-00 Non-protein coding transcript ncRNA
0s11g0610000 0s11t0610000-00 Similar to NB-ARC domain containing protein Protein coding
0Os11g0610120 0s11t0610120-00 Non-protein coding transcript ncRNA
0Os11g0610600 0s11t0610600-00 Zinc finger, RING-type domain containing protein RING-type E3 ubiquitin ligase 333 Protein coding
Os11g0610650 0s11t0610650-00 Hypothetical protein Protein coding
0Os11g0610700 0s11t0610700-01 WD40 repeat-like domain containing protein WD40-repeat transcription factor 190 Protein coding

Continued on next page
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Table 5.2: list of gene loci comprised in the region 182 Kb upstream and downstream the marker S11.23670478 (ncRNA: non-coding RNA). (Continued)

0s11t0610900-01

Seryl-tRNA synthetase, Early chloroplast development

temperature-sensitive

0s11g0610900 at high temperature (Os11t0610900-01). Protein coding
chlorophyll-deficient 11
0s11t0610900-02 Hypothetical conserved gene
0Os11g0611100 0s11t0611100-00 Hypothetical conserved gene Protein coding
0Os11g0611600 0s11t0611600-01 Hypothetical protein Protein coding
Similar to AtPPal (Arabidopsis thaliana
0s11g0612950 0s11t0612950-00 pyrophosphorylase 1) Protein coding
Inorganic diphosphatase
0s11g0613950 0s11t0613950-00 Non-protein coding transcript ncRNA
0s11g0614400 0s11t0614400-01 Similar to Patatin-like protein 1 Patatin-related Protein coding
phospholipase A II theta
0s11t0614500-01 Similar to Patatin-like protein Patatin-related
0s11g0614500 Protein coding

0s11t0614500-02

Similar to Patatin-like protein

phospholipase A II iota




Discussion

In the described work, some aspects of the beneficial interactions between rice
plants and growth-promoting microorganisms were studied. The aim of this re-
search was to evaluate whether there are elements in the rice genome that are
closely involved in the interaction with this type of microorganism. To this end,
the colonization rate of the bacterium Kosakonia sacchari RCA25 was analyzed
and quantified in a collection of approximately 200 varieties of rice (O. sativa spp.
japonica), through GWAS analysis. The collection was studied to characterize
the population structure of the genotypes, their relationships with one another,
and the genotyping data. The data were cleaned and organized as needed for
subsequent analyses. Various trials were conducted in the lab to optimize the in-
oculation protocol. The resulting data, collected by counting CFUs, were checked,

cleaned, and organized for use in association tests.

Based on the available information and the results of the GWAS tests, the
genes identified do not appear to represent valid candidates as genetic elements
involved in the studied interaction. No significant associations were found in the
GWAS study. However, during the execution of various association tests, a peak
on chromosome 11 showed a consistent presence, albeit below the significance

threshold. For this reason, the corresponding marker was analyzed in greater
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detail using databases such as RAP-DB and EnsemblPlants. By calculating the
LD-decay rate, a window of 364 Kb (from 23,488,478 bp to 23,852,478 bp) was
defined for the marker (SNP S11.23670478) associated with the peak, to search

for loci potentially relevant to the purposes of this study.

From the list of genes included in this region, some represent hypothetical genes
or proteins for which the currently available information is insufficient, but they
could be interesting subjects for further study: Os11g0610650, Os11g0611600
(hypothetical proteins), and Os11g0611100 (hypothetical conserved gene) (Ta-
ble 5.2).

Other known genetic elements found in the region might be potentially involved
in the plant-microorganism interactions investigated in this work, so they were
further explored in online databases.

The gene OsRLCK337 (Receptor-like Cytoplasmic Kinase 337, gene ID:
Os11g0608300) does not seem to be expressed in root tissues, so it is prob-
ably not involved in the presence of K. sacchari RCA25, an endophytic bacterium

that colonizes the roots.

As for the gene Os11g0610000, there is limited information available, but
its product is similar to an NB-ARC domain-containing protein. NB-ARC
(Nucleotide-Binding adaptor shared by APAF-1, R proteins, and CED-4) pro-
tein are regulators of signaling pathways and play fundamental roles in effector
recognition and signal transduction in plant growth (Pan et al., 2022). The NB-
ARC domain is present in many proteins involved in resistance against pathogens,
regulating the activity of resistance proteins (Takken et al., 2006; van Ooijen et

al., 2008).
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0Os11g0614400 and Os11g0614500 are genes coding for Patatin-related
phospholipase A II theta and iota, respectively. These molecules are glycopro-
teins with lipid acyl-hydrolase activity, and catalyzing the hydrolysis of phospho-
lipids, glycolipids, sulfolypids, and mono- and diacylglycerols (Rydel et al., 2003).
Some studies have shown that patatin-like proteins may be involved in interac-
tions between plants and microorganisms, either reducing or increasing the host’s

resistance to pathogens, based on the species (Camera et al., 2009).

Analyzing the results obtained, two aspects should be considered: the first is
that it must be kept in mind that interactions between the plant and microor-
ganisms are complex, presumably mediated by a large number of mechanisms and
processes, and consequently by a large number of minor effect QTLs. Therefore,
although no specific genomic regions strictly correlated with bacterial colonization
rates were found, the wide variation observed among genotypes still suggests the
possibility that there should be genomic elements involved in this type of interac-
tion. The second aspect to consider is that, although a relatively large number of
rice genotypes were analyzed in this experiment, they all belonged to the japonica
subspecies. From the results obtained, further developments of the study could
consider an in-depth analysis of the most promising genes found in LD with the
SNP S11.23670478, which were briefly discussed here. It would also be useful to
expand the study by including rice genotypes belonging to other subspecies, such
as indica. Another possible development in the analysis could be the repetition
of the inoculation experiment and the comparison between the two, to check the
repeatability of the genotype averages. The number of replicates for each genotype
could also be increased, and a further optimization of the inoculation conditions
could lead to minimize the environmental effects on the success rate of the inocu-

lum.
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As a final consideration, the aim of this work was to investigate potential ele-
ments within the genome of the selected rice accessions that could influence the
interaction between the plant and the diazotrophic bacterium K. sacchari, and,
if present, to provide an initial evaluation of them. The study did not aim to
analyze the positive effects of the bacterium on rice plant development, which is
why parameters such as NUE (Nitrogen Use Efficiency) or growth under nitrogen
deficiency were not assessed. These aspects could be of significant interest and
may be considered in a follow-up study.

GWA studies have already proven to be proficient in researching the interactions
between plants and microorganisms. For instance, a study on 340 rice accessions of
japonica and indica identified 16 loci associated with blast resistance, with two loci
in japonica and one in indica showing significant associations (Raboin et al., 2016).
Similarly, a panel of 162 African rice cultivars revealed 31 genomic regions linked
to blast resistance (Mgonja et al., 2016). GWAS has proven effective in identify-
ing genomic regions associated with disease resistance in plants and pathogenicity
in microbes (Agrahari et al., 2020). Dalman et al., (2013) used GWAS to clas-
sify genetic components underlying virulence in Heterobasidion annosum, a fungal
pathogen that damages conifers. Additionally, a GWAS involving 179 accessions
of A. thaliana identified associations between plant genotypes and the abundance
of specific microbes in root microbiomes (X. He et al., 2021). These examples high-
light some of the numerous studies conducted on the topic. However, as evident,
most of them focus on interactions with pathogenic microorganisms. Analyses of
the genetic bases involved in interactions between plants and non-pathogenic mi-
croorganisms remain more limited. This work can contribute to understanding the
elements involved in the complex profiles that regulate plant-microbe interactions.

Future expansions of this study could further enhance our knowledge in this field.
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Rice - RCA25 inoculation: Statistical analysis

Introduction

This script is compiled as a R Quarto Project. For this reason I have not defined a Working
Directory (for more info about R Quarto Projects:
https://quarto.org/docs/projects/quarto-projects.html).

1. Preparation of the work area

1.1 Setting the default R code chunks for the script

The following script is divided in different paragraphs, and the relative code blocks, for the
different steps performed in the analysis of the data.

1.2 Installation of the required packages

The first thing to do to start our analysis is to install the required packages:

# Installing Librarian package:

utils::install.packages("librarian") # "librarian" package allows to
activate already installed packages or, if they are not, to install and
activate them.

# Installing Bioconductor Manager:
if (!require("BiocManager",
quietly = TRUE))
install.packages("BiocManager")
BiocManager::install(version = "3.20") # Bioconductor is a package manager
that maintains some of the packages required for the analysis

# Installing GAPIT:

install.packages("remotes")

remotes::install github("jiabowang/GAPIT")

library(GAPIT) # this set of commands allows to install GAPIT package, used
to perform GWAS analyses

# Installing and activating required packages:
librarian: :shelf(c(

"adegenet", # to convert data for the PCA
"ape", # to perform phylogenetic analyses
"ASRgenomics", # set of functions for geno data analyses
"car", # for statistical and plotting functions
"data.table", # to manage datasets
"dplyr", # to extend data manipulation capabilities



))

"ggfortify", # adds a set of plotting tools

"ggplot2", # to produce plots and figures

"ggpubr", # to increase some of the capabilities of ggplot2 package
"ggrepel”, # to avoid elements in a plot to overlap
"ggthemes", # predefined aestetics for plots made with ggplot2
"ggtree", # to produce the NJ-tree

"gplots", # various commands to increase plotting capabilities
"Hmisc", # for statistics and data manipulation

"LEA", # to study the population structure

"paletteer", # collection of color palettes

"pastecs", # package for descriptive statistics
"RColorBrewer", # to add color palettes

"readx1l", # to open .xlsx files

"rMVP", # to perform the GWAS with MVP

"rstatix", # tools to increase statistical capabilities
"snpStats", # a set of functions to study SNPs markers
"stats", # for some statistical analyses

"tidyverse", # for a better data management

"vcfR" # to manage .vcf files

2. Loading and preparation of data

Now it is time to load the data. Four datasets will be loaded:

1.

cfu_draft: this is the raw dataset, containing all the information about rice
genotypes tested through the inoculation of Kosakonia sacchari RCA25 bacterium:
number of replicates, roots weight, CFUs counted, CFUs corrected for the dilution
factor. This dataset will be associated with the cfu_csv object.

geno: the genotypic information about the rice panel. This in particular is a file
which was already filtered (SNPs call rate = 90%, MAF (Minor Allele Frequency) =
5%, individuals call rate = 90%) with Plink?2 software (https://www.cog-
genomics.org/plink/2.0/), and imputed with Beagle software
(http://faculty.washington.edu/browning/beagle /beagle.html). It comprehends
281 taxa and 62421 SNPs

geno_pruned: the same genotypic dataset indicated above, but with the addition of
the pruning step to remove redundant SNPs in LD (Linkage Disequilibrium). After
pruning, the number of markers is 14220.

risinnova_origins: this is the dataset that contains information about the
origins of the rice varieties composing the Risinnova collection. This dataset will
be associated with the risinnova_origins object.

# Loading phenotypic (i.e. CFUs) data:
cfu_draft <-
readxl: :read_excel("Phenotype data/Piastre_Risinnova_2023.xlsx",

data

sheet = 1) # this is the dataset regarding CFUs



# Loading genotypic data:
geno <- read.table("Genotype data/hapmap/Risinnova_filtered_imputed 2024-
12-30.hmp.txt",
header = T,
row.names = 1)

# Loading genotypic PRUNED data:
geno_pruned <-
read.table("Genotype_data/hapmap/Risinnova_filtered_pruned_imputed 2024-12-
30.hmp.txt",
header = T,
row.names = 1)

# Loading information about origins for our rice varieties:
risinnova_origins <-
readxl::read_excel("Origins&PopStructure/Risinnova_countries data.xlsx",
sheet = 1) # this dataset will be used to
prepare a piechart showing the relative proportions of the different
countries for rice varieties composing the Risinnova collection

head(cfu_draft)

After loading the data, [ will prepare a new subset containing only the name of the
varieties and CFUs/roots ratio (this will be the vars_and_CFUs object):

# Keeping only the columns with the necessary information:
vars_and_CFUs_draft <- as.data.frame(cfu_draft[,c(1,2,9)])

# Removing NAs:
vars_and_CFUs <- na.omit(vars_and_CFUs_draft) # cleaned data.frame with
rice varieties, number of replica and CFUs

# Rounding the CFUs values:
vars_and_CFUs <- vars_and_CFUs %>%
mutate(CFUsRoots_Ratio = round(CFUsRoots Ratio, digits = @))

# Changing the columns names of the resulting phenotypic dataset:
colnames(vars_and_CFUs) <- c("Taxa",
"Replica",
"CFUs")

# The "Escarlate" genotype shows inoculation values of @ for each of the
replicates. It is not possible to say for certain whether this is due to the
variety's resistance to interaction with the microorganism, but it can be
reasonably assumed that an error in the inoculation process is more likely.
Therefore, this genotype will be removed:

vars_and_CFUs2 <- vars_and_CFUs[-c(130:132),]

# Resetting the row numbers:



row.names(vars_and_CFUs2) <- NULL

# Converting all the genotypes names in all uppercase:
vars_and_CFUs2$Taxa <- toupper(vars_and_CFUs2%$Taxa)

# Some genotypes contain spaces inside their names. This is not advisable, so
these will be substituted with underscores (" "):
vars_and_CFUs2$Taxa <- gsub(" ", " ", vars_and_CFUs2%$Taxa)

Then, [ will merge the 3 replicates available for each genotype, in order to obtain
mean values. The new object will be vars_and_CFUs_means. Then, [ will briefly summarize
some basic info about the new dataset, using summary() and Hmisc: :describe()
functions:

# Calculating the mean values of CFUs from the replicates:
vars_and_CFUs_means <- aggregate(CFUs ~ Taxa,
vars_and_CFUs2,
FUN = mean)

# Rounding the CFUs values:
vars_and_CFUs_means <- vars_and_CFUs_means %>%
mutate(CFUs = round(CFUs, digits = 0))

# Changing the columns names in the new dataset:
colnames(vars_and_CFUs_means) <- c('Taxa', 'Mean_CFUs")

head(vars_and_CFUs_means)

# Briefly showing info about the new dataset:
Hmisc::describe(vars_and_CFUs_means) # this function provide the number of

variables and observations in the dataset, n missing, mean,

5,10,25,50,75,90,95th percentiles, 5 lowest and 5 highest scores

3. Data analysis

3.1 Data distribution

Now it is time to produce the first plot. This will be an histogram to visualize the
distribution of CFUs data, associated with the vars_and_CFUs_means object. Then, it will
be possible to visualize the same thing but using a density plot:

# Histogram for the distribution of mean values:
CFUs_mean_values _hist <- ggplot(vars_and_CFUs_means,
aes(x = Mean_CFUs)) +
geom_histogram(fill="#69b3a2",
color="#e9%ecef") +
theme(axis.text.x = element text(size = 6,
angle = 45,



hjust = 1)) +

theme_bw() +
xlab("CFUs") +
ylab("Rice varieties") +
labs(title = "Histogram of CFUs mean values in tested rice varieties") +
theme(plot.title = element_text(hjust = 0.5,

size = 22),
element text(size = 14),
element_text(size = 14))

axis.title.x
axis.title.y

# Saving the mean values histogram image:
ggsave("Outputs/Figures/CFUs_mean_values_histogram.png",
CFUs_mean_values_hist,
width = 10,
height = 6)

# Representing the density plot for mean values:
CFUs_density plot <- ggplot(vars_and_CFUs_means) +
aes(x = Mean_CFUs) +
geom_density() +
labs(title = "Density plot of CFUs") +
theme_bw()

# Saving the figure of the density plot:
ggsave("Outputs/Figures/CFUs_density plot.png",
CFUs_density plot,
width = 10,
height = 6)

3.2 Distribution of means for each variety

With the following code chunk, I will prepare a second plot, showing the distribution of
CFUs mean values recorded for each genotype tested:

# Plotting mean values as a ordered barplot:
CFUs_mean_values_barplot <- ggplot(vars_and_CFUs_means,
aes(x = reorder(Taxa, Mean CFUs),
y = Mean_CFUs)) +
geom_col(fill = "#OABOE5",
color="#e9%ecef") +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +

xlab("Rice varieties") +
ylab("CFUs (mean values)") +
labs(title = "Barplot of RCA25 mean infection rates in tested rice
varieties") +
theme(plot.title = element text(hjust = 0.5,
size = 22),
axis.title.x = element_text(size = 14),



axis.title.y = element text(size = 14)) +
theme_bw()

# Saving the plot as a figure:
ggsave("Outputs/Figures/CFUs_mean_values_barplot.png",
CFUs_mean_values_barplot,
width = 10,
height = 6)

3.3 QQ-plot of CFUs Mean values

Quantile-Quantile plots (QQ-plots) can be useful to visualize the distribution of data, and if
this is normal or not. If points are close to the reference line (sometimes referred as
Henry’s line), and within the confidence bands, the normality assumption can be
considered as met. The bigger the deviation between the points and the reference line, and
the more they lie outside the confidence bands, the less likely data show a normal
distribution®:

# QQ-plot of CFUs inoculation rates:
CFUs_QQplot <- ggqggplot(vars_and_CFUs_means$Mean_CFUs) +
geom_qgq_line(color = "blue") +
theme_bw() +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +
labs(title = "QQplot of CFUs mean values") +
theme(plot.title = element text(hjust = 0.5,
size = 22),
axis.title.x = element text(size = 14),
axis.title.y = element text(size = 14))

# Saving the plot:
ggsave("Outputs/Figures/CFUs_QQplot.png",
CFUs_QQplot,
width = 10,
height = 6)

3.4 Data normalization

The histogram showed that the data are not normally distributed, and also in the QQ-plot
many points do not lie inside the confidence bands. To perform analysis like ANOVA and
GWAS, however, a normal distribution is an important aspect, especially in case of not very
big amount of data.

When facing a non-normal distribution, the first step is usually to apply a transformation
step on the data. This can be performed through different methods (e.g. logarithm or

L https://statsandr.com/blog/descriptive-statistics-in-r/#for-a-single-variable



square root transformation). In the next code block, the replicates values will be
transformed through the square root method to normalize them:

# Transforming of replicates values:
vars_and_CFUs2$sqrt_CFUs <- sqgrt(vars_and_CFUs2$CFUs)

# Rounding the transformed values:
vars_and_CFUs2 <- vars_and_CFUs2 7%>%
mutate(sgrt_CFUs = round(sqrt_CFUs, digits = 9))

# Removing the unnecessary CFUs column:
vars_and_CFUs3 <- vars_and_CFUs2[,-3]

# Updating column names:
colnames(vars_and_CFUs3) <- c("Taxa", "Replicate", "Transformed_ CFUs")

# Calculating means of transformed values for each genotype:
vars_and_CFUs_transformed_means <- aggregate(Transformed CFUs ~ Taxa,
vars_and_CFUs3, FUN = mean)

# Rounding the transformed mean values:
vars_and_CFUs_transformed_means <- vars_and CFUs_transformed means %>%
mutate(Transformed_CFUs = round(Transformed_CFUs, digits = 0))

# Changing the columns names in the new dataset:
colnames(vars_and CFUs_transformed means) <- c('Taxa', 'Transformed means')
head(vars_and_CFUs_transformed_means)

3.5 Histogram and QQ-plot after transformation

After the square root transformation, the data should show a normal distribution. To verify
this, I will now plot the histogram and QQ-plot of the means obtained from transformed
CFUs data, followed by a Shapiro-Wilk test to confirm the normality of the data
distribution:

# Plotting histogram of transformed mean values:
CFUs_mean_norm_hist <- ggplot(vars_and_CFUs_transformed_means,
aes(x = Transformed _means)) +
geom_histogram(fill="#69b3a2",
color="#e9%ecef") +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +

theme_bw() +
xlab("CFUs") +
ylab("Rice genotypes") +
labs(title = "Histogram of CFUs - transformed mean values") +
theme(plot.title = element_text(hjust = 0.5,
size = 22),
axis.title.x = element_text(size = 14),



axis.title.y = element text(size = 14))

# Saving the mean values histogram image:
ggsave("Outputs/Figures/CFUs_transformedMeans_histogram.png",
CFUs_mean_norm_hist,
width = 160,
height = 6)

# Plotting QQ-plot of CFUs inoculation rates after transformation:
CFUs_norm_QQplot <-
ggqqplot(vars_and_CFUs_transformed_means$Transformed_means) +
geom_qgq_line(color = "blue") +
theme bw() +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +
labs(title = "QQplot of CFUs - transformed mean values") +
theme(plot.title = element_ text(hjust = 0.5,
size = 22),
element text(size = 14),
element_text(size = 14))

axis.title.x
axis.title.y

# Saving the plot figure:
ggsave("Outputs/Figures/CFUs_transformed_QQplot.png",
CFUs_norm_QQplot,
width = 1@,
height = 6)

# Performing Shapiro-Wilk test:

shapiro.test(vars_and_CFUs_transformed_means$Transformed_means) #
Shapiro-Wilk test for the distribution of data. H@ assumes a normal
distribution

3.6 Boxplots of transformed replicates

The next graph will be a distribution of boxplots, each one representing the transformed
results of the replicates for each tested genotype. It is important to highlight that not for
all the genotypes tested 3 replicates are available: in some cases, bad plates results
were obtained in lab. These were indicated as NAs (Not Available), and removed during the
data upload. Besides, other tests were removed in previous QC steps.

Tukey’s fences will be applied during the definition of the plot to remove possible outliers.

The boxplots will be organized in a way that shows the distribution of the rice varieties
from the one with the lowest infection rate to the most infected one:

# Tukey's fences for removing outliers:
fences <- vars_and CFUs3 %>%
group_by(Taxa) %>%
summarise(lower fence = quantile(Transformed CFUs, ©.25) - 1.5 *



IQR(Transformed CFUs),
upper_fence = quantile(Transformed CFUs, ©.75) + 1.5 *
IQR(Transformed CFUs))

filtered data <- vars_and_CFUs3 %>%
left_join(fences, by = "Taxa") %>%
filter(Transformed CFUs >= lower_ fence & Transformed CFUs <= upper_fence)

# Plotting boxplots without outliers (no differences):
# Organizing the boxplots by infection rates amount:
CFUs_boxplots_ordered <- ggplot(filtered_data,
aes(x = reorder(Taxa, Transformed CFUs),
y = Transformed_CFUs)) +
geom_boxplot(fill = "#19DE7F",
outlier.colour = "red") +
theme_bw() +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +
ggtitle("Boxplot of RCA25 infection rates for each genotype - Transformed
values") +
labs(x = "Rice varieties",
y = "Infection rate") +
theme(plot.title = element_text(hjust = 0.5,
size = 21),
element_text(size = 16),
element text(size = 16))

axis.title.x
axis.title.y

# Saving the plot image:
ggsave("Outputs/Figures/Transformed_CFUs_boxplots_ordered.png",
CFUs_boxplots ordered,
width = 160,
height = 6)

3.7 Origins pie chart

[t is time to evaluate the origins of the rice varieties. I will use a piechart to visualize the
distribution of the rice varieties tested, dividing the slices by countries:

# Selecting the data about the origin:
rice_countries <- risinnova_origins %>% dplyr::select(Variety, Origin) # a
df with only the columns for the varieties and origins is produced

# Grouping the varieties by countries:
rice_countries_groups <- rice_countries %>%
group_by(Origin) %>%
summarise(n = n()) # here the different rice varieties are grouped by the
origin

# Calculating percentages:



percent_df <- rice_countries_groups %>%
mutate(percent = round(n / sum(n)*100, 1)) # Create the pie chart

pie(rice_countries_groups$n,
labels = percent_df$0rigin,
border = "white",
col = paletteer_d("ggthemes::Classic_Cyclic"))

df2 <- rice_countries_groups %>%
mutate(csum = rev(cumsum(rev(n))),
pos = n/2 + lead(csum, 1),
pos = if_else(is.na(pos), n/2, pos)) # Getting the positions for
labels in the piechart

df2$percentages <- round(df2$n / sum(df2$n) * 100, 1)

colors <- c("#1f77b4",
"#ff7foe",
"#2ca02c",
"#d62728",
"#9467bd",
"#008080" ,
"#e377c2",
"#7F7F7F",
"#bcbd22",
"#17becf",
"#aec7e8",
"#ffbb78",
"#98df8a",
"#££9896",
"#c5bods",
"#c49c94",
"#f7b6d2",
"#b39eb5",
"#dbdb8d",
"#fb5858",
"#266d57",
"#9db2fb")

# Preparing the piechart showing the origins composition of the rice
varieties:
origins_piechart <- ggplot(rice_countries_groups, aes(x="", y=n,
fill=Origin)) +
geom_col(width = 1, color = 1) +
coord_polar(theta = "y") +
geom_label repel(data = df2,
aes(y = pos,
label = paste@(n,
size = 4.5,

non no/n

> "(", percentages, "%", ")")),



nudge x = 1,

show.legend = FALSE) +
guides(fill = guide_legend(title = "Country of origin")) +
theme_void() +
scale fill manual(values = colors) +
theme(legend.title = element_text(size = 12,

hjust = ©.5)) # Increase legend title
font size

# Saving the origins piechart:
ggsave("Outputs/Figures/origins_piechart.png",
origins_piechart,
width = 10,
height = 6)

4. Statistical analysis

In the following code block, summary statistics of values in the vars_and_CFUs_means2
dataset will be calculated:

# Calculating some basic statistical parameters:

var(vars_and_CFUs_means$Mean_CFUs)

sd(vars_and_CFUs_means$Mean_CFUs)

summary(vars_and CFUs means) # this function gives the main descriptive
statistical values: range (min and max values), 1st and 3rd quantiles,
median, and mean.

stats_table <- stat.desc(vars_and_CFUs_means)
print(stats_table)

Parameter Value
Min 14493
Max 8131811
Mean 2216069
Median 1721052
1° quantile 812210
3° quantile 3229018

SD (standard Deviation) 1793215

4.1 Analysis of variance

[ will perform a One-way ANOVA test to look if there are significant differences between
the results of different genotypes. In case of rejection of the null hypothesis Ho (p-values <
0.05), significant differences among the group means should be present:



# Performing ANOVA test:
anova <- aov(Transformed_CFUs ~ Taxa,
data = vars_and CFUs3)
summary (anova)

# Performing TukeyHSD test:
TukeyHSD(anova)

Df: Degrees of freedom
Sum sq: Sums of squares

Mean Sq: Mean squares

5. Population structure

In the following paragraphs, I will start the analysis of the population structure on the rice
panel. Multiple approaches can be used to study the population structure, the most
common are the Principal Component Analysis (PCA), the Neighbor-Joining (N]) tree, and
the ancestry matrix.

5.1 Principal Component Analysis

The PCA gives an overview of the population structure through the calculation of Principal
Components (PCs), that describe the dataset dividing values into groups based on the
variance explained. GAPIT package, which will be used to perform the GWAS, produce a
PCA plot, but for the entire Risinnova collection. So, I will plot all the genotypes of the
collection, highlighting in red the accessions used in the experiment:

# Loading the geno file in VCF format:
geno_vcf <- read.vcfR("Genotype_data/VCF/Risinnova_filtered_imputed 2024-
12-30.vcf")

# Converting VCF file in genlight object for the PCA:
geno_genlight <- vcfR2genlight(geno_vcf)

# Executing the PCA:
pca_result <- glPca(geno_genlight, nf = 3) # nf = number of PCs

# Extracting PCs scores:
pca_scores <- pca_result$scores

# Producing a dataframe with values of the first PCs:
pca_df <- data.frame(PCl = pca_scores[, 1], PC2 = pca_scores[, 2])

# Visualizing the PCA scatterplot:
ggplot(pca_df, aes(x = PC1, y = PC2)) +



geom_point(size = 3, alpha = 0.6) +
theme_minimal() +
labs(title = "PCA of Genotypic Data (VCF)",
X = "Principal Component 1",
y = "Principal Component 2")

# Selecting only tested genotypes:
geno_tested <- vars_and_CFUs_transformed_means$Taxa

# Adding a column "Color" to pca_df:
pca_df$Color <- ifelse(rownames(pca_df) %in% geno_tested, "Tested", "Not
tested")

# Producing the plot with "tested" and "not tested" genotypes:
pca_tested <- ggplot(pca_df, aes(x = PC1l, y = PC2, color = Color)) +

geom_point(size = 3, alpha = 0.6) +
scale_color_manual(values = c("Tested" = "red", "Not tested" = "gray")) +
theme_minimal() +
labs(title = "PCA of Genotypic Data",

x = "Principal Component 1",

y = "Principal Component 2",

color = "Genotypes") +
theme(legend.position = "bottom") +
theme(plot.title=element_text(hjust=0.5))

# Saving the PCA scatterplot:
ggsave("Outputs/Figures/PCA tested.png",
pca_tested,
width = 10,
height = 6)

5.2 Neighbor-Joining Tree

Here I define the NJ Tree of the genotypes composing the Risinnova collection, highlighting
the accessions used in the test, as done for the PCA in the previous paragraph:

# Extracting genotypes matrix (@, 1, 2 for homozigous and heterozygous):
geno_matrix <- as.matrix(geno_genlight)

# Calculating Hamming distance (allelic differences):
dist_matrix <- dist(geno_matrix,
method = "manhattan") / (2 * ncol(geno_matrix))

# Producing the nj-tree:
nj_tree <- nj(dist_matrix)

# Visualizing the tree:
plot(nj_tree,
type = "unrooted",



main = "Neighbor-Joining Tree")

# Defining the genotypes to highlight inside the tree:
nj_tree$tip.label.highlight <- ifelse(nj_tree$tip.label %in% geno_tested,
"Tested", "Not tested")

# Creating a data frame with data about tested genotypes:
highlight_data <- data.frame(
label = nj_tree$tip.label, # Nomi dei genotipi
highlight = nj_tree$tip.label.highlight # Colonna di evidenziazione
)

# Adding the data to the plot:
nj_tree <- ggtree(nj_tree, layout = "rectangular") %<+% highlight_data +
geom_tiplab(
aes(color = highlight, size = highlight),
fontface = "bold"

) +

scale_color_manual(values = c("Tested" = "red", "Not tested" =
"#5b5b5b")) +

scale_size manual(values = c("Tested" = 2, "Not tested" = 1.5)) +

theme _tree() +
theme(plot.title=element_text(hjust=0.5)) +

labs(
title = "Phylogenetic Tree of the Risinnova collection",
color = "Condition"

) +

guides(
color = guide_legend(override.aes = list(shape = 1)),
size = "none"

)

# Saving the NJ tree:
ggsave("Outputs/Figures/NJ_tree_rectangular.png",

nj_tree,
width = 12,
height = 20)

5.3 Population structure - Ancestry matrix

The analysis of the population structure will be performed with the LEA package
(https://www.bioconductor.org/packages/release/bioc/html/LEA.html). In this first block
[ will convert the genotypic data in the format required by LEA:

# Converting the .vcf PRUNED genotypic file in .geno file and loading the

latter:
vcf2geno("Genotype_data/VCF/Risinnova_filtered_pruned_imputed 2024-12-

30.vcf", "Genotype data/Risinnova_filtered pruned imputed.geno")
geno_geno <-

read.geno("Genotype data/Risinnova_filtered pruned_imputed.geno")



In the next step, [ will produce a .Ifmm file. LFMM (Latent Factor Mixed Models) are factor
regression models in which the response variable is a genotypic matrix, while the
explanatory variables are environmental measures of ecological interest or trait values
[@10.18129/B9.bioc.LEA]:

write.lfmm(geno_geno, "Origins&PopStructure/genotypes.lfmm")

The LEA package allows to infer the number of components that explain the most of the
variance. A good rule is to count the points before the “knee”:

# Making and saving the PCA:
pc = pca("Origins&PopStructure/genotypes.lfmm"”, scale = TRUE)
tw = tracy.widom(pc)
plot(tw$percentage, pch = 19, col = "darkblue", cex = .8)

In the following code chunk, the main part of the population structure analysis with LEA
will be performed. The first part will consists in defining a project, based on the number of
clusters (Ks), i.e. the hypothesized number of sub-populations, chosen in the previous
block. LEA will compute the selected number of Ks, and the relative runs, or best
hypothesis, for each. These results will then be plotted to choose some of the most
promising Ks, with the relative best runs provided by LEA.

# Calculating the population structure:
pops project <- snmf("Genotype data/Risinnova_filtered pruned_imputed.geno",
K = 1:30,
entropy = TRUE,
repetitions = 10,
project = "new"

# Loading the project:
geno_project <- load.snmfProject("/Users/lorenzo/Nextcloud/Rice-
Endophytes/Origins&PopStructure/Risinnova_filtered_pruned_imputed.snmfProject

")

# Plotting the results of snmf():
ancestral pops <- plot(geno_project,

col = "blue",
pch = 19,
cex = 1.2)

# Preparing a colors palette for the population plot:
my.colors <- c(

"tomato",

"lightblue",

"olivedrab",

"blue",

"pink",

"orange",

“grey"”,

"green",



"#5572ad",
"red",
"darkblue",
"#e815a8",
"#a2e815",
"#13bbb4",
"#5b50ae",
"#b7571c",
"#4CAF50",
"#2196F3",
"#FF5722"

)

# Choosing the best run:
cross_entropy <- cross.entropy(geno_project,
K = 19)
best _run <- which.min(cross_entropy)
print(best_run)

To test different hypotheses, | will write below a table of interesting Ks with the relative
best run:

K  BEST RUN

6 4
9 4
16 4
19 4

Now that we have defined the most promising Ks and runs, the next step consists in
plotting these as barcharts, to visualize the proposed subdivisions of the clusters.

K=6,run =4:

# Plotting the population structure, K=6, run=4, sorting by Q:
barchart(geno_project,

K =6,

run = 4,

border = NA,

Space = 9,

col = my.colors,

sort.by.Q = T,

xlab = "Individuals",
ylab = "Ancestry proportions”,
main = "Ancestry matrix",

cex.names = 1.8,
cex.axis = 1.8,
cex.lab = 1.8,
cex.main = 1.8)



K=9, run=4:

# Plotting the population structure, K=9, run=4, sorting by Q:
barchart(geno_project,

K =29,
run = 4
border
space =

3

= NA,

9,

col = my.colors,

sort.by
xlab =
ylab =
main =

Q =T,

"Individuals",
"Ancestry proportions”,
"Ancestry matrix",

cex.names = 1.8,

cex.axi
cex.lab
cex.mai

K=16, run = 4:

# Plotting the population structure, K=16, run=4,

barchart(geno_

s = 1.8,
= 1.8,
n=1.8)

project,

K = 16,

run =
borde
space
col =
sort.
xlab

ylab

main

cex.n
cex.a
cex.l1l
cex.m

K=19, run =4:

4,

r = NA,

=0,

my.colors,

by.Q = T,

= "Individuals",
"Ancestry proportions”,
= "Ancestry matrix",
ames = 1.8,

xis = 1.8,

ab = 1.8,

ain = 1.8)

sorting by Q:

# Plotting the population structure, K=19, run=4, sorting by Q:

barchart(geno_

K =1
run =
borde
space
col =
sort.
xlab
ylab
main
cex.n
cex.a

project,
9,

4,

r = NA,

=0,

my.colors,

by.Q =T,

= "Individuals",
"Ancestry proportions”,
= "Ancestry matrix",
ames = 1.8,
xis = 1.8,



cex.lab = 1.8,
cex.main = 1.8)

6. GWAS

We now have all the elements required to perform association studies through GWAS.
Different tests will be conducted using the same datasets but with different packages. The
model chosen for all the tests is FarmCPU (Fixed and Random Model Circulating Probability
Unification), one of the most robust methods available. It is particularly suited for relatively
small datasets, as it is not the most computationally efficient option.

6.1 GWAS with rMVP package

In the next code block, I will start the first Genome-Wide Association test, using the R
package rMvP (https://github.com/xiaolei-lab/rMVP):

# rMVP requires the data to be implemented as a file, so I will save the

final dataset about pheno data in a .txt file:
write.table(vars_and_CFUs_transformed _means,

"Phenotype_data/vars_and_CFUs_transformed_means.txt", sep = "\t")

## rMVP requires the hapmap version with "#" to "rs" and "assembly" columns:
MVP.Data(fileHMP="Genotype data/hapmap/Risinnova_filtered imputed 2024-12-
30.hmp_hashtag.txt",
filePhe="Phenotype_data/vars_and_CFUs_transformed_means.txt",
#sep.hmp="\t",
sep.phe="\t",
#SNP.effect="Add",
fileKin=FALSE,
filePC=FALSE,
#maxLine=10000,
out="Results/2025-01-19/rMVP/Al11Reps/allReps_mvp")

genotype_allReplicates <- attach.big.matrix("Results/2025-01-
19/rMVP/AllReps/allReps _mvp.geno.desc")

phenotype_allReplicates <- read.table("Results/2025-01-
19/rMVP/AllReps/allReps mvp.phe",head=TRUE)

map_allReplicates <- read.table("Results/2025-01-
19/rMVP/Al1Reps/allReps_mvp.geno.map" , head = TRUE)

imMVP <- MVP(
phe=phenotype_allReplicates,
geno=genotype_allReplicates,
map=map_allReplicates,
#K=Kinship,
#CV.GLM=Covariates,
#CV.MLM=Covariates,
#CV.FarmCPU=Covariates,



nPC.GLM=16,
nPC.MLM=16,

nPC.FarmCPU=16,

#maxLine=10000,

#ncpus=10,

vc.method="BRENT",

method.bin="static",

threshold=0.05,

method=c("MLM", "FarmCPU"),
file.output=c("pmap"”, "pmap.signal”, "plot", "log"),
out = "Results/2025-01-19/rMVP/Al1Reps/")

6.2 GWAS with GAPIT package

Now I will perform the same GWAS test, but using GAPIT v.3 package
(https://github.com/jiabowang/GAPIT):

# Phenotype dataset:
pheno_GAPIT <-
read.table("Phenotype data/vars_and_CFUs_transformed_means.txt", header = T)

# Genotype dataset:

geno_GAPIT <-
read.table("Genotype data/hapmap/Risinnova_filtered imputed 2024-12-
30.hmp.txt", header = F)

# GWAS:

myGAPIT_FarmCPU <- GAPIT(
Y=pheno_GAPIT,
G=geno_GAPIT,
model=c("MLM", "FarmCPU"),
NJtree.group=16,
Multiple analysis=TRUE,
Geno.View.output =T,
PCA.total = 16,
file.output=T

7. Selection of the varieties with lower SD

In some cases, replicates for a rice variety showed a high amount of variability between
values. To make the analysis more stringent, [ will select only a subset of varieties based
on the standard deviation (sd):

# Creation of a new df with the sd values for the different replicas for each
rice variety:
data_sd <- vars_and CFUs3 %>%
group_by(Taxa) %>%
summarise_at(vars(Transformed_CFUs),



list(name=sd))
colnames(data_sd) <- c("Taxa", "sd")

# Sorting the sd dataset based on sd:
data_sd_sorted <- data_sd %>% arrange(sd)

# Selecting the first n varieties with the least values of sd:
top 100 <- head(data_sd_sorted, 100)

# Using the list of 100 to filter the original df:
vars_and_CFUs_first100 <- vars_and_CFUs3 %>%
inner_join(top_100,
by = "Taxa")

# Select only varieties and their CFU values
filtered_cleaned_data <- vars_and_CFUs_first100[, c("Taxa",
"Transformed_CFUs") ]

# Calculating mean values for the selected subset of varities:
CFUs_sdFiltered_means <- aggregate(Transformed_CFUs ~ Taxa,
filtered_cleaned_data, FUN = mean)

colnames(CFUs_sdFiltered_means) <- c('Taxa', 'Transformed_means')

# Rounding the mean CFUs values of filtered cleaned_data object:
CFUs_sdFiltered_means2 <- CFUs_sdFiltered_means %>%
mutate(Transformed_means = round(Transformed_means,
digits = 9))

# Frequency table in order to view how many varieties are kept after the
filtering:
frequency_table <- table(filtered_cleaned_data$Taxa)

# Performing a Shapiro-Wilk test to check normality:
shapiro_test(CFUs_sdFiltered means$Transformed means)

# Histogram of the reduced dataset:
reduced_histogram <- ggplot(CFUs_sdFiltered_means2,
aes(x = Transformed_means)) +
geom_histogram(fill="#69b3a2",
color="#e9%ecef") +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +
xlab("CFUs") +
ylab("Rice varieties") +
labs(title = "Histogram of CFUs mean values in tested rice varieties") +
theme(plot.title = element_text(hjust = 0.5, size = 22),



axis.title.x
axis.title.y

element text(size
element_text(size

14),
14))

# Saving the histogram of reduced dataset:
ggsave("Outputs/Figures/reduced_histogram.png",
reduced_histogram,
width = 8,
height = 6)

7.1 Boxplots of the reduced dataset

The representation of selected values through boxplots will be useful to visualize the
number of remaining varieties and the range of replica values for each of them:

# boxplots of only varieties with reduced sd:
reduced_boxplots <- ggplot(filtered_cleaned_data, aes(x = reorder(Taxa,

Transformed_CFUs),

Transformed CFUs)) + geom boxplot(fill = "#19DE7F",
outlier.shape = NA,

notch = FALSE,

outliers = FALSE) +
theme(axis.text.x = element_text(size = 6,
angle = 45,
hjust = 1)) +
ggtitle("Genotypes - results with low SD between replicates") +
labs(x = "Rice varieties",
y = "Infection rate") +
theme(plot.title = element text(hjust = 0.5,
size = 20),
element text(size = 14),
element_text(size = 14))

axis.title.x
axis.title.y

# Saving the boxplots of reduced dataset:
ggsave("Outputs/Figures/Reduced_boxplots_100vars.png", reduced_boxplots,
width = 8, height = 6)

8. GWAS with the reduced dataset

Now I will run another GWAS to check if there are differences between the analysis
performed with all the available replicates, and the one with only the best two:

8.1 rMVP - reduced dataset

# rMVP requires the data to be implemented as a file, so I will save the
final dataset about pheno data in a .txt file:



write.table(CFUs_sdFiltered means2,
"Phenotype_data/CFUs_sdFiltered means2.txt", sep = "\t")
# rMVP requires the hapmap version with "#" to "rs" and "assembly" columns:
MVP.Data(fileHMP="Genotype data/hapmap/Risinnova_filtered imputed 2024-12-
30.hmp_hashtag.txt",
filePhe="Phenotype data/CFUs_sdFiltered means2.txt",
#sep.hmp="\t",
sep.phe="\t",
#SNP.effect="Add",
fileKin=FALSE,
filePC=FALSE,
#maxLine=10000,
out="Results/2025-01-19/rMVP/ReducedReps/reducedReps_mvp")

genotype_reducedReplicates <- attach.big.matrix("Results/2025-01-
19/rMVP/ReducedReps/reducedReps_mvp.geno.desc")

phenotype_reducedReplicates <- read.table("Results/2025-01-
19/rMVP/ReducedReps/reducedReps_mvp.phe",head=TRUE)

map_reducedReplicates <- read.table("Results/2025-01-
19/rMVP/ReducedReps/reducedReps_mvp.geno.map" , head = TRUE)

imMVP <- MVP(
phe=phenotype_reducedReplicates,
geno=genotype_reducedReplicates,
map=map_reducedReplicates,
#K=Kinship,
#CV.GLM=Covariates,
#CV.MLM=Covariates,
#CV.FarmCPU=Covariates,
nPC.GLM=16,
nPC.MLM=16,
nPC.FarmCPU=16,
#maxLine=10000,
#ncpus=10,
vc.method="BRENT",
method.bin="static",
threshold=0.05,
method=c("MLM", "FarmCPU"),
file.output=c("pmap"”, "pmap.signal”, "plot", "log"),
out = "Results/2025-01-19/rMVP/ReducedReps/")

8.2 GAPIT - reduced dataset
# GWAS:
myGAPIT_FarmCPU <- GAPIT(
Y=CFUs_sdFiltered_means2,
G=geno_GAPIT,
model=c("MLM", "FarmCPU"),
NJtree.group=16,



Multiple analysis=TRUE,
Geno.View.output =T,
PCA.total = 16,
file.output=T

9. LD-decay plot

LD-decay allows to define the window of a genetic sequence represented by a single
marker. This is a fundamental information for post-GWAS analyses, when regions of
significant markers (if present) are studied in genome browsers.

For more detail, please see following reference:

Remington, D. L., Thornsberry, J. M., Matsuoka, Y., Wilson, L. M., Whitt, S. R., Doebley, ], ... &
Buckler, E. S. (2001). Structure of linkage disequilibrium and phenotypic associations in the
maize genome - Proceedings of the national academy of sciences, 98(20), 11479-11484
(https://doi.org/10.1073/pnas.201394398).

The LD matrix required to produce the LD-decay plot was produced using TASSEL 5.0
software (https://tassel.bitbucket.io/).

(The script used in the following code block was modified from the one proposed in the
GitHub page:
https://github.com/mohsinali1990/My_scripts/blob/main/LD%20decay%?20Plot%?20fro
m%20TASSEL%20LDoutput.R).

# Importing TASSEL LD output file:

1d <- read.delim("Risinnova_filtered_pruned_LD.Decay.txt",stringsAsFactors
= FALSE,header=TRUE, sep = "\t")

str(1d)

# Removing sites that have NaN for distance or r2:
1d_sub <- 1d[1d$R.2 != "NaN",]
1d_sub$dist <- as.numeric(ld_sub$Dist_bp)
1d sub2 <- 1d sub[ld sub$dist != "NaN",]
1d_sub2$rsq <- 1d_sub2$R.2

file <- 1d_sub2[,c(1,2,7,8,15:19)]

# C values range from about 0.5 to 2, start with 0.1:
Cstart <- c(C=0.1)

# Fitting a non linear model using the arbitrary C value (N is the number of
the genotypes that have the SNP site):
modelC <- nls(rsq ~ ( (10+C*dist)/( (2+C*dist) * (11+C*dist) ) ) *
( 1+( (3+C*dist) * (12+12*C*dist+(C*dist)”2) ) / (
2¥N* (2+4C*dist) * (11+C*dist) ) ),
data=file, start=Cstart, control=nls.control(maxiter=100))



# Extracting rho, the recombination parameter in 4Nr:
rho <- summary(modelC)$parameters[1]

# Feeding in the new value of rho to obtain LD values adjusted for their
distances along the chromosome/genome:

newrsq <- ( (10+rho*file$dist) / ( (2+rho*file$dist) * (11l+rho*file$dist) )
) *

/

(1+ ( (3+rho * file$dist) * (12+12*rho*file$dist + (rho*file$dist)”2) )
(2*file$N*(2+rho*file$dist) * (11+rho*file$dist) ) )
newfile <- data.frame(file$dist, newrsq)

maxld <- max(newfile$newrsq,na.rm=TRUE) #using max LD value from adjusted
data

halfdecay = max1d*@.5

halfdecaydist <- newfile$file.dist[which.min(abs(newfile$newrsq-
halfdecay))]

newfile <- newfile[order(newfile$file.dist), ]

# Plotting the values:

pdf("LD_decay.pdf", height=5, width = 5)

mar.default <- c(5,4,4,2) + 0.1

par(mar = mar.default + c(9, 4, 9, 9))

plot(file$dist, file$rsqg, pch=".", cex=2, xlab="Distance (bp)",
ylab=expression(LD ~ (r~2)), col="grey")

lines(newfile$file.dist, newfile$newrsq, col="red", lwd=2)

abline(h=0.1, col="blue") # if you need to add horizental line

abline(v=halfdecaydist, col="green")

mtext(round(halfdecaydist,2), side=1, line=0.05, at=halfdecaydist,
cex=0.75, col="green")

dev.off()
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Climate change poses a major threat to global food security, significantly
reducing crop yields as cause of abiotic stresses, and for boosting the spread
of new and old pathogens and pests. Sustainable crop management as a route to
mitigation poses the challenge of recruiting an array of solutions and tools for the
new aims. Among these, the deployment of positive interactions between the
micro-biotic components of agroecosystems and plants can play a highly
significant role, as part of the agro-ecological revolution. Endophytic
microorganisms have emerged as a promising solution to tackle this challenge.
Among these, Arbuscular Mycorrhizal Fungi (AMF) and endophytic bacteria and
fungi have demonstrated their potential to alleviate abiotic stresses such as
drought and heat stress, as well as the impacts of biotic stresses. They can
enhance crop yields in a sustainable way also by other mechanisms, such as
improving the nutrient uptake, or by direct effects on plant physiology. In this
review we summarize and update on the main types of endophytes, we highlight
several studies that demonstrate their efficacy in improving sustainable yields and
explore possible avenues for implementing crop-microbiota interactions. The
mechanisms underlying these interactions are highly complex and require a
comprehensive understanding. For this reason, omic technologies such as
genomics, transcriptomics, proteomics, and metabolomics have been
employed to unravel, by a higher level of information, the complex network of
interactions between plants and microorganisms. Therefore, we also discuss the
various omic approaches and techniques that have been used so far to study
plant-endophyte interactions.

KEYWORDS

endophytes, climate change, stress tolerance, omic techniques, arbuscular mycorrhizal
fungi, microbiota
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1 Introduction

The main objective of this review is to to provide a summarized
update of the existing knowledge about the interactions between
plants and endophytic microorganisms, focusing on their potential
for improving crop production and resilience. With this aim, we
reviewed their potential role for facing key challenges, such as biotic
and abiotic stresses, in the context of climate change. Among the
plant-microorganisms interactions, we have restricted our analysis
to the endophytic ones, and among these, to the ones between
endophytes and agricultural plants.

Before analysing the impact of the endophytic interactions on
the stress resiliences, enclosing in a wider view the plant mineral
nutrition and its relationships with quality, we have first defined the
scenario of climate change in which the microbiota can have a
renewed role and importance. Then, we identified the boundaries
and characteristics of the endophytes within the microbiota, the
general mechanisms and ontogenesis of their interactions with
agricultural plants, as well as their classification in groups
significant for the agricultural systems. We also explored the
relevant ‘omic’ techniques as essential tools for analysing complex
microbial communities and their interactions with plants. Omics
are a natural choice for studying the complex symbiosis between
plants and microorganisms in view of their exploitation (Plett and
Martin, 2018; Sharma et al., 2020; Sandrini et al., 2022). Most papers
analysed in this review are recent reviews and original papers
published in the last decade, in particular the original research
papers. Databases used during the research process included
PubMed (https://pubmed.ncbi.nlm.nih.gov/), Litmaps (https://
www.litmaps.com/), Open Knowledge Maps (https://
openknowledgemaps.org/). Keywords used during the first phase
of information collection comprehended: endophytes, abiotic stress,
biotic stress, omics, PGPM. Several reviews have examined the
interaction between plants and Plant Growth Promoting
Microorganisms (PGPMs) (Vandenkoornhuyse et al., 2015;
Santoyo et al, 2016; Khatoon et al, 2020), including potential
benefits in biotic and abiotic stress scenarios (Miliute et al.,, 2015;
Yan et al., 2019; Kamran et al., 2022), and have been here
considered and updated. Also, the impact of climate change has
been thoroughly studied and reviewed (Driga and Drigas, 2019;
Lynch et al,, 2021), as it has specific aspects for plant and
microorganism interactions (Compant et al., 2010; Trenberth
et al.,, 2014; Classen et al., 2015; Shahzad et al., 2021), and both
these fields have been here contextualized with respect to topics
treated in this review. Abiotic stressors such as drought, heat, and
salinity have been included since of highly significant concern
(Lipiec et al., 2013; Evelin et al, 2019; Ma et al., 2020; Angon
et al, 2022). The role of microorganisms in protecting from biotic
stresses (Pandey et al, 2019; Chaudhary et al, 2022), including
viruses (Bao and Roossinck, 2013), nematodes (Bernard et al., 2017;
Gamalero and Glick, 2020; Pulavarty et al., 2021), insects (Bradshaw
et al, 2016), fungi, and bacteria (Muthu Narayanan et al.,, 2022)
have been previously discussed and are here gathered and updated.

In this review, we combined various aspects, usually considered
individually, that characterize the symbiosis between endophytes

Frontiers in Plant Science

10.3389/fpls.2024.1349401

and plants: mechanisms of selection and interaction, effects on
biotic and abiotic stress factors, omic techniques for the study of
such complex symbioses, consequences from the nutritional point
of view of the interaction between endophytes and agricultural
crops. For each type of stress, we considered examples where
endophytes have demonstrated beneficial effects on agricultural
plants, and we critically analysed potential limits of microbe-
based approach. Finally, we also briefly discussed the possible
future perspectives of the use of endophytes in crop production
under climate change, highlighting possible limitations
and improvements.

2 The climate change scenario and
plant-microorganisms interactions

Plants, in their evolutionary path outside the oceans, have
established important relationships with various microorganisms,
such as bacteria, fungi, protists, and viruses (Plett and Martin,
2018). These microorganisms can live associated with different
plant tissues and organs and form the plant microbiota. This can
be divided in different microbial communities, based on the plant
parts they colonize: the phyllosphere, which includes all the
aboveground plant tissues (i.e., stems and leaves), the endosphere,
represented by the internal tissues, the spermosphere, i.e. the seed,
and the rhizosphere, which comprehends the roots surface and the
soil surrounding it, reached by the root exudates (Johnston-Monje
and Raizada, 2011; Levy et al, 2018; Sharma et al., 2020). The
different conditions of each of these habitats lead to diverse
microbial communities, even within the same plant.

Through millions of years, pathogenic, competing, mutualistic,
or symbiotic associations have been established between plants and
microorganisms. Fossil records provide substantial evidence that
over the past 450 million years, virtually all plants have formed
symbiotic relationships with microbes since their first colonization
of land. Various studies have documented microbial symbionts in
fossilized plant specimens dating back to this era (Redecker et al,
2000; Krings et al., 2007; Bonfante and Genre, 2010; Kawaguchi and
Minamisawa, 2010; Genre et al., 2020). Partida-Martinez and Heil
(2011) suggested that the plant microbiota plays additional essential
roles in phenotypic and epigenetic plasticity, as well as in the
continuous evolution of plants.

The interactions between plants, soil, and microbes have played
and continue to play a vital role by influencing various processes
that contribute to plant health and productivity (Ahmed et al., 2019;
Khatoon et al., 2020). Endophytes, the microorganisms of the
endosphere, can provide benefits to the whole plant, either by
promoting plant growth (Johnson et al., 2003; Rodriguez et al.,
2008), eliciting the production of metabolites and useful chemicals
such as antibiotics and agrochemicals (Kaul et al., 2012; Kusari
et al, 2014; Wang et al, 2015), or helping plants to cope with
stresses (Yan et al., 2019; Chen et al., 2021).

Since the first alerts of incoming human-driven climate change
(Driga and Drigas, 2019), it became clear that the phenomenon
would also impact the relationships between plants and
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microorganisms (Classen et al., 2015; Singh et al., 2019). Climate
change manifests mainly as a global increase in temperature, dry
periods, rapid changes of meteorological conditions (e.g., flash
droughts), rainfall intensity and uneven distribution (Easterling
et al., 2000; Hammond et al, 2012), with differences in impact
linked to various geographical regions (Surjan et al., 2016). All these
deviations from a previously more stable climate, particularly the
rise in temperature, are shifting plant phenology and the global
distribution of plants (Sykes, 2009; Geissler et al., 2023), and
significantly increase the threats to survival of natural
environments (Abbass et al., 2022).

Agricultural systems are both the subject of climate change
impacts, more negative than positive (Shahzad et al., 2021; Yadav
et al., 2021), and contributors to it, like other human activities that
require energy inputs (Hatfield et al., 2020). In fact, although on a
smaller scale per unit area compared to other human activities, due
to the vast extent of agricultural systems, they can contribute to
GreenHouse Gases (GHGs) emissions.

Some agricultural practices, such as intense tillage, irrigation
and extensive fertilizers usage, in addition to the ever-increasing use
of machinery operated by fossil fuels, lead to increased emissions of
GHGs in the atmosphere (Lin et al., 2011; Galic et al.,, 2019). As for
CH, and N,0, agricultural activities are responsible for around half
and three-quarters of all anthropogenic emissions, respectively
(Lynch et al,, 2021). Agriculture, especially in the form of
livestock production and rice cultivation, is one of the main
sources of CH,, which has a Global Warming Potential (GWP)
much stronger than CO, (Saunois et al., 2020). As for N,O,
agriculture remains the main source of this GHG, primarily
through the use of nitrogen fertilizers, both synthetic and natural.
The lifetime of N,O in the atmosphere is about 120 years, and its
GWP is about 210 times higher than that of CO, (Singh, 2000).

Today, converting conventional agriculture into a sustainable,
yet high-yielding system, is crucial to meet both our future food
needs and the integrity of the biosphere. In fact, an increasing food
demand cannot be met by simply improving current agricultural
practices based on fossil carbon inputs, which are detrimental to the
environment (Santoyo et al., 2017; Slepetiene et al., 2020). Indeed,
the continuous use of fertilizers and pesticides derived from
chemical synthesis has been shown to deteriorate agroecosystems,
reduce soil biodiversity, and impair natural predators of insects
(McLaughlin and Mineau, 1995; Alavaisha et al., 2019).

For this reason, it was recently proposed that the deployment of
plant-microbe interactions be used as one of the strategies for
converting agricultural systems from the traditional mechanistic
approach to the new paradigm of agroecological intensification.

3 The plant microbiota

The metabolism and morphology of plants and their microbiota
are intrinsically connected, with a dynamic interplay between both,
maintaining the function of the holobiont. The holobiont concept
suggests a new perspective of organisms as meta-organisms,
composed of a host organism and its associated microorganisms,
co-evolved as species assemblages (Berg et al., 2016). In the plant

Frontiers in Plant Science

10.3389/fpls.2024.1349401

kingdom, microbiota fulfil important functions for the holobiont,
promoting its growth and increasing tolerance against biotic and
abiotic stressors, as well as for the ecosystem, decomposing crop
residues and contributing to nutrient cycling (Chaparro et al., 2012;
Mendes and Raaijmakers, 2015; Vandenkoornhuyse et al., 2015).

The composition and functional diversity of the plant
microbiota is influenced by biotic factors including age or
developmental stage, species or cultivar, and plant health, as well
as by abiotic factors such as soil properties, nutrient status, and
climatic conditions (Berg and Smalla, 2009).

Three main classes of microorganisms are reviewed as part of
the plant microbiota: endophytic fungi and bacteria, residing inside
the plant tissues; rhizospheric microorganisms, residing in the soil
surrounding plant roots; and mycorrhizal fungi.

3.1 Endophytic bacteria and fungi

An endophyte is a microorganism that lives, at least for a
portion of its life cycle, inside plant tissues without producing any
symptoms of disease. Among endophytic microorganism are
bacteria, fungi, actinomycetes, and viruses (Bao and Roossinck,
2013; Stepniewska and Kuzniar, 2013), and they are found in almost
every plant (Partida-Martinez and Heil, 2011). Endophytes can be
classified as systemic (or true endophytes) or non-systemic (or
transient endophytes), depending on their life cycle and the type of
relationship they establish with the plants. Indeed, there is a huge
variability of symbiotic lifestyles, from mutualism to parasitism,
depending on genotypic and/or environmental factors. True
endophytes co-evolved with their hosts, creating mutualistic
relationships, and are often vertically transmitted, while transient
endophytes could shift from a pathogenic to a mutualistic
behaviour, depending on external conditions (Wani et al., 2015).
In any case, several factors may influence the host response to
endophytic interactions: mainly host genotype, nutrient availability,
environment, field management practices, and microorganism
strain (Hesse et al., 2003; Malinowski and Belesky, 2006;
Qawasmeh et al., 2012).

Endophytes can be found in the root tissues, where they are
more abundant, but also in the aerial parts of the plant (leaf, flower)
and in the seeds (Hallmann, 2001).

Endophytic bacteria could be considered as a subgroup of the
rhizospheric bacteria, that acquired the ability of colonizing their host
plants (Reinhold-Hurek and Hurek, 1998). In fact, rhizosphere is a
highly competitive environment (Raaijmakers et al., 2002), while the
internal tissue of the host may represent a protected ecological niche
with minor perturbations from the external conditions of the soil or,
in general, of the environment (Kasmir et al,, 2011), and this could
have created an evolutionary drive from the first to the second.
Endophytic and rhizospheric bacteria implement very similar
strategies to promote plant growth, but usually endophytic
microorganisms have a higher beneficial potential.

Among bacterial endophytes, Proteobacteria are the most
widely represented, including o-, B-, and y-Proteobacteria; the
latter taxon being the most diverse and widespread (Miliute et al.,
2015; Santoyo et al., 2016). Other classes frequently isolated from

frontiersin.org



Sena et al.

plant tissues are Actinobacteria, Bacteroidetes, and Firmicutes
(Reinhold-Hurek and Hurek, 2011). Rarer, but still present, are
Acidobacteria, Planctomycetes and Verrucomicrobia (Santoyo et al.,
2016). The most common bacterial genera are Bacillus (Firmicutes),
and Pseudomonas (Proteobacteria). Rhizobia spp. are also included
among endophytic bacteria, as they colonize internal root tissues of
Fabaceae, developing the typical nodules for nitrogen fixation.

Among endophytic fungi, on the other hand, we can find the
families Clavicipitaceae (associated with grasses), Cladosporiaceae,
Glomerellaceae, Sebacinaceae, Pleosporaceae, and Hypocreaceae,
among which the most representative genus is Trichoderma
(Hardoim et al., 2015).

Key molecular and metabolic pathways at the base of host-
microbe recognition and strain selection by different plant
genotypes are starting to be elucidated. It is clear how different
genotypes grown in different soil/environmental combinations are
enriched with different endophytic strains (Graner et al, 2003;
Rashid et al,, 2012; Edwards et al., 2015). The role of plant genotype
on strain selection and microbial population composition has been
widely studied and even if it is not the main force driving microbial
diversity, it is able to modulate it (Weinert et al., 2011; Bulgarelli
et al., 2015; Walters et al., 2018). Interestingly, it has been shown
that plant domestication, and lately the development of high-
yielding genotypes, caused a reduction in the plant capacity of
associating with useful microorganism (Porter and Sachs, 2020;
Valente et al., 2020), since human-centered breeding neglected the
traits related to microbiota association.

Considering endopythes role in promoting plant growth,
especially in nutrient-deprived conditions, and in increasing plant
defence against pathogen attack, either directly or indirectly, they
are now considered a tool for crop management. These could
sustain agricultural practices with fewer chemical inputs.
However, research is still needed to further the knowledge both
on the plant-side, trying to identify the genetic factors responsible
for a more efficient microbial colonization, and on the microbic-
side, to isolate the most promising micro-organisms and the most
effective synthetic communities. Once these aspects are clarified, it
will be possible to engineer plants and microbes to make their
interaction more effective. It will also be possible to explore the use
of root exudates or organic compounds that might serve as pre-
biotics. Finally, we should be able to overcome and the bottleneck,
as of the applicability of this research to open fields conditions, that
remains challenging.

Another relevant application of this category of microorganisms
is phytoremediation. It has been shown that some bacterial strains are
tolerant to high concentrations of heavy metals, as Cd, Cu and Zn,
and other pollutants. These strains favour their accumulation into the
plants, promoting their growth (Ullah et al., 2015; Ma et al.,, 2016),
even in a stressful environment.

3.2 Mycorrhizal fungi
Mycorrhizae are likely to have played a crucial role in the

evolution of terrestrial plants (Bonfante and Genre, 2008; Partida-
Martinez and Heil, 2011). Today, mycorrhizal fungi can be divided
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into ectomycorrhizae, when the hyphae colonize the root
intercellular spaces, and endomycorrhizae, when they penetrate
inside the plant cells. Endomycorrhizae are further divided into
orchid (OM), ericoid (ERM) and arbuscular mycorrhizae (AMs)
(Bonfante and Genre, 2010; Chen et al., 2021).

Ectomycorrhizae are mostly associated with woody perennial
trees such as Pinaceae, Fagaceae, Dipterocarpaceae and
Caesalpinoidaceae, contributing to the wellness of most forest
ecosystems (van der Heijden et al, 2015). EM fungi are
phylogenetically diverse and belong to Basidiomycetes,
Ascomycetes and Zygomycetes, representing the orders Pezizales,
Agaricales, Helotiales, Boletales, and Cantharellales. EM hyphae
grow partially inside the root intercellular space and partially
outside, creating a mantle covering the tip of colonized lateral
roots, called the Hartig net (Shi et al., 2023).

EM fungi live in symbiosis with their hosts, but are also
facultative saprotrophs, decomposing complex organic matter
present in the soil and making nitrogen and phosphate available
for the plants (Martin and Nehls, 2009). In turn, the EM fungi
receive photosynthates from the plant. Genomic data and
functional studies show the presence of specialized families of
phosphate, ammonium, and nitrate transporters (Jargeat et al.,
2003; Casieri et al.,, 2013; Becquer et al., 2014; Stuart and Plett,
2019), supporting evidence of their fundamental role in different
genomes of EM fungi. The entire metabolic chain transporting N/P
from the soil to the plants through EM hyphae has been fully
elucidated in recent years, and many advances have been made
thanks to high-quality genomic sequences available (Nehls and
Plassard, 2018).

Among endomycorrhizae, Arbuscular Mycorrhiza (AM) are the
most represented, as these symbioses are formed by the 70-90% of
terrestrial plants species, while the fungi all belong to the
monophyletic phylum Glomeromycota (Schiifiler et al., 2001). AM
fungi are obligate biotrophs, considered organisms with no or rare
sexual reproduction, and present aseptate hyphae developing inside
the plant cells, where they form the characteristic tree-shaped
hyphal structure. In AM symbiosis, the fungi support the plants
by supplying mainly P-based nutrients and water, while the plant
supplies the fungi with carbon nutrition (Parniske, 2008). It is
estimated that almost 20% of the photosynthetic products of
terrestrial plants are allocated to AM (Bago, 2000). The N
contribution is less pronounced in AM compared to EM, even
though some publications have shown that the portion of N
transported to the plant cells from AM is not negligible and
depends on soil pH, moisture, and nutrient concentration
(Govindarajulu et al., 2005; Jin et al., 2005; Tanaka and Yano, 2005).

Typically, a soil ecosystem characterized by mycorrhizal
symbiosis features a wide variety of plant-fungi relationships, thus
offering a broad functional diversity (van der Heijden et al., 1998;
Burleigh et al., 2002). This diversity arises from the presence of
different plant species and fungi, each with the potential to select the
most cooperative partner (Werner and Kiers, 2015). Plant roots
tend to be enriched with fungal species or isolates that ensure
optimal growth benefits (Bever et al, 2009; Kiers et al, 2011;
Verbruggen et al., 2012), while AM fungi typically select plants
that can allocate the highest amount of C nutrients (Lekberg et al,
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2010; Kiers et al, 2011). However, the genetic and ecological
mechanisms underlying this partner selection remain unclear, and
understanding them could reveal crucial insights for future
agricultural applications.

The success of the mutualistic relationship depends on many
their
(pH,
rate.

factors, such as the combination of plant-fungi genotypes,
molecular and metabolic regulation, and soil characteristics
structure, moisture), nutrient availability, and colonization
Different plant genotypes, under controlled conditions, may
respond difterently to AM in terms of plant growth and yield, as
shown in crops such as maize (Zea mays L.) (Ramirez-Flores et al,
2019) and sorghum (Sorghum bicolor (L.) Moench) (Watts-
Williams et al.,, 2019), or in terms of stress resistance, as
demonstrated in rice (Oryza sativa L.) (Chareesri et al., 2020) and
bread wheat (Triticum aestivum L.) (Lehnert et al., 2018). The
results of these studies represent milestones for future breeding
programs, supporting more sustainable agriculture.

Besides AM, endomycorrhizae are also represented by ericoid
(ERM) and orchid (OM) mycorrhizae. As for ERM, the fungi
colonize plants of the Ericaceae family, such as Calluna,
Vaccinium and Erica, typically found on nutrient-poor and acidic
soils (Soudzilovskaia et al., 2019).Thus, they represent an essential
way to mobilize organic material in infertile soils. In OM, the fungi
belong to Basidiomycetes, mainly to Rhizoctonia species, with which
most orchids are associated (Favre-Godal et al., 2020). Orchids
strongly depend on the nutrients coming from the fungi, especially
for the initial stages of seed germination and growth.

It should be noted that there are also plants that establish
different types of mycorrhiza, either spatially, temporally, or
simultaneously, within the same root system. For example, this is

10.3389/fpls.2024.1349401

the case with plants from Populus, Fraxinus and Eucalyptus genera
(Ambriz et al., 2010; Teste et al., 2020), as well as other plants known
as dual-mycorrhizal plant species. It must be noted that there are also
plants establishing different types of mycorrhiza, in a spatially or
temporally distinguished manner, or simultaneously, within the same
root system. For example, this is the case of plants from Populus,
Fraxinus and Eucalyptus genera (Ambriz et al., 2010; Teste et al,
2020) and other plants that are called dual-mycorrhizal plant species.
It is worth mentioning that often a single fungus may connect
the root systems of several plants, creating what are known as
common mycorrhizal networks (Figueiredo et al, 2021). This
facilitates the exchange of signalling compounds and nutrients,
increases pathogen resistance, and promotes plant growth.

4 Plant-endophyte interactions

Successful endophyte colonization involves compatible plant-
microbe interactions (Khare et al,, 2018). Several steps can be
identified to accomplish the whole process, which includes
attraction, recognition, and colonization (Figure 1).

4.1 Attraction

Some endophytes are seed-borne and are present in germinated
plants, thus representing a bridge across host plant generations
(Coombs and Franco, 2003). Also, plants with vegetative propagation
can transmit their endophytic microbiota to the next generation
(Kamran et al, 2022). In others, a chemotactic response of

A B C
L8 .y A T
— ° 4= oy N
o ~t N
P / \ \ - o &
Attraction Recognition Colonization
Flavonoids Lipo-chitooligosaccharide Nod {§ Plant defense pathways

Lipo-chitooligosaccharides
Strigolactones

Arabinogalactane proteins

Sugars, amino-acids, organic acids.....

FIGURE 1

Short-chained chitin oligomers
Chitin deacetylases
Modified MAMPS

4 ROS scavenging enzymes

4 jasmonic acid § salicylic acid
miRNA modulation

4 histidine-rich proteins

§ T3SS and T4SS 4 T2SS and T65S

Metabolites and processes involved in three crucial steps of plant roots colonization by bacterial endophytes. (A) Release of molecular exudates
from the roots favors the chemotactic response by the endophytes presents in the surrounding soil; (B) The recognition step is a complex phase in
which plant receptors recognize microbial molecules that trigger molecular pathways. A typical recognition mechanism acts through MAMPs
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endophytes to host plant root exudates has been observed. These
exudates are rich in biomolecules (including nutrients and water), and
thus attract or are recognized by friendly endophytic microbes
(Compant et al., 2010; Brader et al., 2014). Flavonoids are one such
group of metabolites secreted by several plants and categorized as
chemo-attractants, playing an important role in endophytic interaction
with the root hair. Flavonoids are used in bioformulations to affect
successful infection of legume roots by rhizobia (Arora and Mishra,
2016). They are also reported to play a role with non-rhizobial
endophytes, and it has been proven that in the presence of these
metabolites, the colonization of roots in rice and wheat by the
endophytic Serratia sp. EDA2 and Azorhizobium caulinodans
ORS571 is far more effective (Webster et al., 1998; Balachandar et al.,
2006). Lipo-ChitoOligosaccharides (LCO), also called Nod factors, are
well-characterized signal molecules activating the Common Symbiotic
Pathway (CSP) in rhizobia-legume and arbuscular mycorrhizal
associations (Gough and Cullimore, 2011). Recently, StrigoLactone
(SL) secreted by roots of Arabidopsis thaliana was found to act as a
signal molecule for colonization of endophytic Mucor sp (Rozpadek
etal, 2018). SL treatment may also activate the synthesis and release of
short-chain chitin oligomers, whose perception by the plant can
stimulate the symbiotic signalling pathway during early stages of host
colonization (Lopez-Raez et al, 2017). Additionally, ArabinoGalactan
Proteins (AGPs), which are highly glycosylated members of the
Hydroxyproline-Rich GlycoProteins (HRGPs) superfamily of plant
cell wall proteins, play a crucial role in establishing the interaction of
plant with microbes (including endophyte) at several stages (Nguema-
Ona et al,, 2013). Several other root exudates, including sugars, amino
acids, organic acids, phenolic compounds, and other secondary
metabolites, are now known to be secreted by plant roots, which
selectively invite the mutualistic microbes, particularly the endophytes
(Chagas et al, 2017). A bacterial endophyte can also utilize the hyphae
of a fungal pathogen to gain access from the soil to plant roots, thereby
protecting the host from infection (Palmieri et al., 2020). showed that
the endophytic rhizobacterium Rahnella aquatilis utilizes hyphae of the
fungal pathogen Fusarium oxysporum to access and colonize plant
roots. Metabolomic and multi-omics approaches, as those described
below, would most likely increase the knowledge about metabolites
released by plant seeds and roots involved in attracting favourable
endophytic microorganisms. This information is necessary to address
the realization of bioformulations or genetic engineering approaches to
increase the production of chemo-attractants and thus the colonization
of plant tissues by bacterial endophytes under normal and stressful
plant growth conditions (Arif et al., 2020).

4.2 Recognition

The strategies that plants use to distinguish beneficial microbes,
such as endophytes, from pathogens, are still a matter of research and
not completely understood. Plants possess various PRRs (Pattern
Recognition Receptors) that recognize M/PAMP (Microbe/
Pathogen-Associated Molecular Patterns) ligands and initiate
immune reactions (Hacquard et al., 2017). The most characterized
MAMPs include flagellin, elongation factor Tu, peptidoglycan,
lipopolysaccharides, bacterial cold shock proteins, bacterial
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superoxide dismutase, Beta-Glycan, B-glucans from oomycetes, and
chitin (Newman et al., 2013). These MAMPs are recognized on the
surface of plant cells by PRRs, which include receptor-like kinases
and receptor-like proteins (Tang et al., 2017). Both pathogens and
symbionts can be recognized by PRRs, because the M/PAMPs are not
specific to pathogens. To avoid recognition by the host plant and the
subsequent immune response, pathogens and symbionts have
evolved complex extracellular invasion strategies. Due to the
similarity of pathogen and symbiont genomes (Reinhardt et al,
2021), common extracellular strategies exist between them. They
can be divided into three categories: avoiding accumulation of
MAMP precursors, reducing hydrolytic MAMP release, and
preventing MAMP perception (Buscaill and van der Hoorn, 2021).
These strategies can involve different microbial effectors. Symbionts
have developed various strategies to allow their potential hosts to
better distinguish them from pathogens during the recognition phase.
For example, LCO Nod Factors are perceived by legumes, activating
the symbiotic pathway (Radutoiu et al., 2003; Bozsoki et al., 2020). In
rice, short-length chitooligosaccharide (CO4) triggers symbiotic
signal transduction with the symbiotic complex receptor MYRI1-
CERK1.This suppresses the formation of the CEBiP-CERKI1
heteromer that would mount the immune response, while long-
chain chitooligosaccharide (CO8) induces immune signalling
through CEBiP-CERK1 (Chiu and Paszkowski, 2021; Zhang et al,
2021). Tt has also been observed that fungal endophytes produce
chitin deacetylases, which deacetylate chitosan oligomers that are
thus not perceived by plant receptors (Cord-Landwehr et al,, 2016).
There is also evidence where endophytic bacteria are known to
produce their own MAMPs, which are either not recognized by
PRRs of plants or trigger in plants a comparatively weak and transient
defence reaction compared to pathogenic interactions
(Vandenkoornhuyse et al., 2015). Along this line, it was shown that
in grapevine (Vitis vinifera L.), thanks to an alteration in sequence,
the perception of flagellin from an endophytic Burkholderia
phytofirmans by LRR-RLK (Leucine-Rich Repeat-Receptor-Like
Kinase) FLAGELLIN-SENSITIVE 2 (FLS 2) PRR was different
from the perception of those of bacterial pathogens, such as
Pseudomonas aeruginosa or Xanthomonas campestris (Trda et al.,
2015). Still, there are knowledge gaps about the genetic mechanisms
that differentiate recognition strategies deployed by beneficial with
respect to pathogenic microbes, that need to be filled through
comparative genomic studies between the two microbial categories,
complemented with functional analyses. Availability of complete
information on gene functions involved in the endophytic
recognition would allow targeted modifications of favourable
strains through gene editing and/or over-expressing approaches
that would improve the plants capability in recognizing microbial
symbionts and protecting them from the immune response.

4.3 Colonization

Potential entry points for endophytes are cracks formed at the
emergence of lateral roots, zones of root elongation, root hair cells, and
wounds. Other sources include stomata, particularly of young stems
and leaves, lenticels, and germinating radicles. For successful
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colonization, some bacteria must find their way to these apertures.
Klebsiella pneumoniae 342 (Kp342) can colonize the lateral root
junctions in wheat and alfalfa (Medicago sativa L.) (Dong et al,
2003). Similarly, Herbaspirillum seropedicae and Gluconacetobacter
diazotrophicus dominate colonization at lateral root junctions (James
etal, 1997; Luna et al., 2012). Some endophytes enter through infection
colonization, where cellulolytic and pectinolytic enzymes produced by
endophytes come into play (Miliute et al,, 2015), such as pectate lyase,
which has been implicated in the colonization of Klebsiella strains
(Kovtunovych et al, 1999). Symbionts can colonize hosts while
overcoming the response to Damage-Associated Molecular Patterns
(DAMPs) and MAMPs, while a response against pathogens is still
possible in the presence of non-pathogenic microbes (Zhou et al,
2020). Several studies have proven that there is a downregulation of
plant defence pathways during the colonization of plants by mutualistic
partners, such as rhizobia or AMF (Fouad et al., 2014; Benhiba et al,,
2015). In the case of an oxidative burst or generation of Reactive
Oxygen Species (ROS) as plant defence system, endophytes protect
themselves by producing enzymes such as superoxide dismutases,
catalases, peroxidases, alkyl hydroperoxide reductases, and
glutathione-S-transferases (Zeidler et al,, 2004). The root endophytic
fungus Serendipita indica secretes a histidine-rich protein to improve
its access to micronutrients and to influence oxidative stress and
reactive oxygen homeostasis to facilitate the colonization of the host
plant (Nostadt et al, 2020). Also, symbionts could induce Jasmonic
Acid (JA) and suppress Salicylic Acid (SA) formation to Induced
Systemic Resistance (ISR), whereas pathogens typically enhance the SA
biosynthesis to mediate Systemic Acquired Resistance (SAR) in plants
(Martinez-Medina et al., 2017). Moreover, during mutualistic
interactions, late induction of SA/JA/ET signalling pathways prevents
the microbe from ‘overstepping’ and ‘overpowering’ the plant (Plett
and Martin, 2018). It is reported that most miRNAs induced in the host
during the establishment of endophytes also target hormone-response
pathways (Formey et al,, 2014). During AMF infection, the miRNA
E4D3Z3Y01BWOTQ is upregulated and disrupts Gibberellic Acid
(GA) signalling pathway, known for repressive action against
mutualistic associations (Formey et al., 2014; Martin-Rodriguez et al,,
2015; Wu et al, 2016). The plant may also induce the expression of
different groups of genes during colonization by diverse sets of
microbes. For example, during the establishment of symbiosis, the
majority of pathways targeted by miRNAs for plant defence system are
turned off, thus preventing the obstacle to the proliferation of
endophytes (Plett and Martin, 2018). For AMF, two receptor-like
kinases called Arbuscular Receptor-like Kinase 1 (ARK1) and ARK2
are required for the sustenance of the symbiotic interaction in several
plant species (Montero et al., 2021). Moreover, AMF are separated
from the plant cytoplasm by a specialized host-derived membrane,
which represents the main interface facilitating the bidirectional
exchange of nutrients and information and protects the microbial
symbionts from the immune response (Huang et al, 2021). The
biosynthesis of this peri-arbuscular membrane is controlled by a
gene called GLUCOSAMINE INOSITOL PHOSPHORYLCERAMIDE
TRANSFERASE1 (GINTI) (Moore et al., 2021). Protein Secretion
Systems (SSs) in bacteria also modulate the plant immune system.
Among all known SSs, Type III Secretion System (T3SS) and Type IV
Secretion System (T4SS) are essential for delivering Effector Proteins
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(EFs) by the pathogenic bacteria into the plant, but these are either
absent or present in low abundance in mutualistic endophytic bacteria
(Green and Mecsas, 2016; Liu et al., 2017). Notable exceptions can be
seen in some rhizobial strains where T3SS is important for nodulation
of some legumes (Ausmees et al., 2004; Okazaki et al., 2016, 2013). The
T3SS is also a determinant for rice endophyte colonization by non-
photosynthetic Bradyrhizobium spp (Piromyou et al, 2015).
Furthermore, the Type 2 Secretion System (T2SS) was demonstrated
to be required for suppressing MAMP-triggered immunity in efficient
root colonizer bacteria and, notably, enhanced the colonization
capacity of other tested commensal bacteria in Arabidopsis (Teixeira
et al, 2021). On the other hand, in mutualistic proteobacterial
endophytes, Type VI Secretion Systems (T6SSs) are present, and are
also commonly found in commensal and pathogenic plant-associated
bacteria. However, they are associated with important functions, which
are apart from virulence, usually such as competition against other
bacteria (Reinhold-Hurek and Hurek, 2011; Bernal et al., 2018). From
this picture, it emerges that colonization involves a plethora of traits
from both, plants and microorganisms and available data most likely
shed light only on a small fraction of the involved processes.
Considering the plant side, in addition to the information provided
above, recent investigations highlighted that plant genes can shape the
microbiota composition (Zhang et al, 2019; Deng et al, 2021;
Escudero-Martinez et al, 2022; Oyserman et al., 2022; Escudero-
Martinez and Bulgarelli, 2023) and that wild germplasm is supposed
to support higher microbiome diversity than domesticated
counterparts (e.g (Pérez-Jaramillo et al, 2018; Nerva et al, 2022).
Taken together, these results indicate that there is room for genetics
interventions addressed to increase both plant and beneficial microbial
aptitude in establishing favourable interactions and that further
functional and multi-omics investigations can increase the available
targets for improving endophytic colonization by plant growth
promoting microorganisms. Once plants and microbial effective
targets are identified, these could be modified/introgressed/
engineered into their respective genomes (Arif et al, 2020; Nerva
et al., 2022; Escudero-Martinez and Bulgarelli, 2023).

5 Omics for the study of plant-
endophyte interactions

The intricate network of interactions among the various actors
of the microbiota requires the use of advanced techniques with
higher likelihood of obtaining global information from the
organisms. This is to decipher a complex system and attempt to
clarify the role of each organism at the genetic, transcriptional,
metabolic, and physiological/phenotypic level.

The microbiota consists of several microorganisms inhabiting
soil layers and distinct plant tissues (Bulgarelli et al., 2013; Compant
etal., 2019), among which different relationships can be established,
depending on environmental factors. A multi-layer communication
web organizes the connections among the microorganisms, between
the different plants growing in the same soil, and between plants
and microorganisms (Hassani et al., 2018; Xiong et al., 2021). Much
has been learned about these mechanisms in recent years, thanks to
the advent of Next Generation Sequencing (NGS) and, more
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broadly speaking, to the “omic” technologies, i.e. genomics,
transcriptomics, proteomics, and metabolomics. The plant-
microbe scientific community has greatly benefited from them.

5.1 Genomics and metagenomics

The development of NGS technologies has allowed to perform
whole genome sequences of numerous fungi and bacteria.
Overcoming the limit of traditional culture-dependent
identification approaches, it has enabled the identification of as
much microbial diversity as possible. Meta-genomic approaches
nowadays almost routinely make use of DNA extraction from the
whole soil/tissue microbial population, allowing the analysis of its
gene/taxa content using next generation sequencing (Allan, 2014).
The sequencing can involve the whole genome, which is then
tentatively assembled and annotated, or only the 16S rRNAs.
These data can be used to study the microbial diversity and to
evaluate the absolute abundance of different bacterial strains, taking
into account the different copy number of 16S rRNA genes in
distinct bacterial genomes (Case et al., 2007; Wang et al., 2020).

It is worth mentioning that the availability of several AM fungi
genomes has allowed for the study of the evolution of these
organisms, which are considered as living fossils and ancient
asexuals (Parniske, 2008). Their genome size is highly variable,
from the 39.6 Mb of Paraglomus occultum (Malar C et al.,, 2022) to
784 Mb of Gigaspora margarita (Venice et al., 2020), with large
genomes hosting a higher number of genes and a high proportion of
transposable and active elements (Venice et al., 2020; Dallaire et al,,
2021); differences that could explain their intra-specific variability.

In parallel, the study of the epigenome variability is emerging as
a tool to understand a hidden layer of variability (Chaturvedi et al,,
2021). Another interesting example of recent scientific advances
given by the most recent sequencing technologies concerns the use
of long-read sequencing and chromatin conformation capture
techniques that made it possible to understand the genomic
organization of multi-nucleate coenocytic hyphae of AM,
demonstrating their heterokaryotic nature and supporting rare
sexual reproduction events (Yildirir et al., 2022; Sperschneider
et al., 2023).

5.2 Transcriptomics

This approach, coupled to advanced bioinformatic pipelines, for
example using algorithms of artificial intelligence, could be
considered as the most useful omic science for understanding the
network of interactions. It has largely benefited from NGS
technologies, whose recent advances have significantly increased
the sensitivity to catch the rarest transcripts. Moreover, long-read
sequencing technologies in the Iso-Seq approach, among others,
allow to cover the entire transcript length thereby distinguishing
rare isoform resulting from alternative splicing events (Li et al,
2017; Zhang et al., 2019).

Transcriptomics has been successfully applied to uncover the
plant molecular strategies used to recruit the most favourable
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microbial organisms in response to diverse abiotic and biotic
stresses, and to understand the microbial molecular networks
used to successfully establish the symbiotic relationships
(Sheibani-Tezerji et al., 2015). Furthermore, transcriptomic
studies applied to bacterial cells may help decipher which strains
and cells, among the endophytic or rhizospheric population, are
transcriptionally active (Sharma et al., 2004; Knauth et al., 2005;
Sheibani-Tezerji et al.,, 2015), surmounting DNA-based
technologies that cannot distinguish non-viable cells. The
completion of whole genome sequencing of new microbial species
and strains will be crucial allowing the identification of the
microbial response to different soil characteristics and
plant genotypes.

RNA-seq has also been applied to the population of small
RNAs, to identify and characterize plant miRNAs involved in
host-microbiota communications. These small non-coding RNAs
are important key regulators of different plant biological pathways,
from organ development to stress response. It has been shown that
microorganisms might stimulate the expression of plant miRNAs,
modulating drought tolerance response, nutrient uptake, or
facilitating symbiosis establishment (Mohsenifard et al., 2017;
Pentimone et al., 2018; Kord et al., 2019; Tao et al., 2023). Besides
plant miRNAs, other small RNA-like molecules are coded by fungi
and bacteria, that could be involved in an intriguing system of cross-
kingdom RNAi-mediated regulation, for example during
mycorrhizal colonization (Silvestri et al., 2019), or nodule
formation (Ren et al, 2019). The intriguing hypothesis of small
RNAs as mobile cell-to-cell signalling molecules (Huang et al,
2019) has been explored in detail thanks to the possibility to purify
Extracellular Vesicles (EV). In fact, EVs have been shown to
transport small RNAs between plant host and microorganisms in
both pathogenic and mutualistic interactions (Cai et al., 2019), thus
their further analysis will deepen our understanding of below-
ground inter- and intra-kingdom communications. Single cell
transcriptomics, coupled with enhanced microscopy techniques
will greatly improve our understanding of endophyte bacteria and
AM fungi lifestyle inside the plants (Yin et al., 2023) and of root
cells regulatory network.

5.3 Proteomics and metabolomics

In parallel with next-generation and third-generation (or single
molecule) (Schadt et al., 2010) sequencing technologies, which have
been successfully applied to the study of all the DNA/RNA
populations present in a tissue, the analyses aimed at characterizing
the entire set of proteins, with their post-translational modifications,
and metabolites have evolved. This evolution is to comprehensively
study all the molecules in a microbe/plant biological system, thereby
increasing their sensitivity and throughput. Proteomics has been
applied to plant tissues to understand how the presence of an
endophyte, for example, may modulate the synthesis of different
plant proteins (Lery et al, 2011), revealing their role in cellular
recognition. The analysis of the protein-protein interactions, also
called an interactome, is essential to unveil molecular mechanisms at
the base of symbiotic relationships.
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Metabolomics and proteomics have been used to analyse root
exudates, containing both primary and secondary metabolites, to
understand how biotic and abiotic factors might modulate their
composition, and as a result, attract and associate with different
microorganisms. However, analysing either the metabolites or the
proteins present in a colonized plant tissue, or both, is challenging.
This is because it is difficult to distinguish between molecules
produced by either the plants or the fungi/bacteria. Recently, to
resolve this issue, several techniques have been developed to narrow
the analyses to the single-cell level, such as Mass Spectrometry
Imaging (Boughton and Thinagaran, 2018), Laser ablation
electrospray ionization (Bhattacharjee et al., 2020), live single-cell
mass spectrometry (Masuda et al., 2018), and the spatial
metabolomics pipeline (Geier et al., 2020).

In addition to soluble metabolites, plants can diffuse Volatile
Organic Compounds (VOCs).Metabolomics is essential to uncover
the role of these signalling molecules and their modulation in
response to environmental stimuli and genotype interactions.
However, their role in soil matrices could be less abundant and
relevant than in aerial open-air environments.

Metabolomic analyses have shown that plants can influence
their microbiota by secreting various metabolites. In turn, the
microbiome can influence the metabolome of the host plant
(Haichar et al., 2008).

It is now clear that to acquire global information on the
interconnections existing among plants and the microbiota, single
omics technologies should be integrated into a multi-omics
approach (Chen et al,, 2021). To this end, the development of
bioinformatic tools and networking models that can integrate and
visualize information is essential. This will provide a comprehensive
view of the regulatory network connecting all the molecular levels
from the genome to the metabolic pathways. By employing a multi-
omics approach, it will be possible to deepen our knowledge on the
complex interactions between plants and their growth-promoting
microbial counterparts. This will be fundamental to understand
how to engineer microbial communities and plants for a more
sustainable agriculture. In this scenario it is fundamental to develop
high-throughput phenotyping platforms, to measure and analyze
qualitative and quantitative traits on a large scale, developing
suitable phenomics approaches, that could be non -invasive and
able to work in the field as well, in order to fill the gap with other
omics techniques (Groftkinsky et al., 2015).

6 The role of endophytes in
protection from abiotic stresses

Plants, as sessile organisms, face continuous exposure to
environmental stresses. These include both biotic factors, such as
pathogens, pests and herbivores, and abiotic factors, such as heat,
cold, drought, salinity, waterlogging, heavy metal toxicity, nutrient
deficiency, and oxidative stresses (Cramer et al., 2011). Climate
change has been increasing the negative effects of these abiotic
stresses, leading to both faster events of severe stresses (e.g., flash
droughts (Pendergrass et al., 2020)), and to more prolonged periods
of stress, with several negative impacts on plant growth and
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productivity, up to more than -50% (Mahajan and Tuteja, 2005;
Lohani et al., 2020; Sandrini et al., 2022).

Abiotic stress like heat or cold extremes can cause changes in
membrane fluidity and protein structure, while the presence of salt
or heavy metals in the soil can alter the physiological processes of
enzymes and molecular interactions (Zhang et al., 2022). Salinity
can also negatively impact the photosynthetic components,
reducing the assimilation of CO, and the absorption of light.
This, in turn, can lead to an increase of ROS and oxidative stress
(Ma et al.,, 2020). It is important to consider that heat, drought, and
salt stress are commonly present together, exacerbating the
detrimental effects on plants. To sense and respond to abiotic
stresses, plants have evolved multiple complex mechanisms,
which have been extensively reviewed in the last decades (Zhang
et al,, 2022).

Considering this negative scenario, plant-associated
microorganisms appear to be promising allies for modern
agriculture to face climate change (Figure 2; Table 1). For example,
many rhizobacteria produce osmoprotectants in the presence of
stress conditions, while other bacteria, like Pseudomonas spp.,
produce ExoPolySaccharides (EPS) to increase water retention in
case of drought stress (Rathinasabapathi, 2000; Grover et al., 2011).
The mechanisms of both interactions and potential advantages
exploitable in agriculture are reviewed for each stress type.

B).

6.1 Temperature

Temperature changes are not necessarily harmful to plants; they
can play a crucial physiological role in regulating internal clocks and
controlling processes like the opening and closing of flower corollas.
Some species require exposure to low temperatures to initiate
important developmental processes, such as vernalization for
flowering or germination (Ruelland and Zachowski, 2010).
However, temperatures that are too low can induce a range of
physiological responses that can be detrimental to their survival.
Chilling, intended as a few degrees above 0°C air temperature, can
cause reductions in enzymatic activity, rigidification of membranes,
destabilization of protein complexes, and stabilization of RNA
secondary structure, while also promoting the accumulation of
ROS. Additionally, chilling can impair photosynthesis and increase
membrane permeability, resulting in the leakage of cellular contents.
Freezing (below 0°C) stress, on the other hand, can cause more severe
damage, as ice formation within cells leads to mechanical disruption
and cell/tissue/plant death (Ruelland and Zachowski, 2010).

There are not many reports available in literature about the
protective effects of endophytes against the low temperature
stresses, perhaps because such conditions also limit the growth
and multiplication of microorganisms. As an example of protective
effects towards cold stress, the endophytic fungus Epichloe
gansuensis increases the biosynthesis of alkaloids and unsaturated
fatty acids during the seed germination of Drunken horsegrass
(Achnatherum inebrians), thereby increasing tolerance to cold stress
(Chen et al,, 2016). It was also reported that the endophytic
rhizobacterium Parabulkholderia. phytofirmans PsJN induced the
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upregulation of some cold stress-related genes in grapevine
(Theocharis et al., 2012; Chen et al., 2021).

Heat stress is defined as a temperature rise of 10-15°C above
ambient, with the optimal range for plant growth about 15-24°C.
Among all the different abiotic stress factors, it has the most
detrimental effects on plants, reducing flower fertility and
modifying crop growth with a detrimental final effect on yield
(Shaffique et al., 2022). Its effects include an increase in membrane
fluidity, the formation of ROS, and alterations to photosynthesis
and respiration processes (Banerjee and Roychoudhury, 2018;
Shaffique et al., 2022). Heat stress triggers a cascade of
physiological responses that result in the release of Heat Shock
Proteins (HSPs), a class of molecular chaperones that facilitate
protein folding and prevent aggregation under conditions of cellular
stress. These proteins can assist unfolded proteins in refolding into
their proper conformation or direct them towards degradation
through ubiquitination processes (Ruelland and Zachowski, 2010;
Banerjee and Roychoudhury, 2018). The often simultaneous
presence of heat and drought stress exhibits holistic features, as
the combined effects are greater than those caused by each stress
individually (Lipiec et al., 2013).

The inoculation of the endophytic bacterium Brevibacterium
linens RS16 in rice plants reduced the emission of the plant stress
hormone ethylene due to its 1-aminocyclopropane-1-carboxylate
(ACC) deaminase activity. Plants inoculated with B. Linens RS16
also showed increased levels of small HSPs (Choi et al., 2022).

A recent report demonstrates that the application of the plant
growth-promoting root endophyte Paraburkholderia phytofirmans
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PsJN enhances the development of the Root System Architecture
(RSA) in Arabidopsis thaliana, under both normal and high-
temperature conditions. This allows the plant to access a larger
soil area, thereby better managing abiotic stresses such as heat and
drought (Macabuhay et al., 2022).

The simultaneous presence of heat and salinity stress can greatly
impact crops. The inoculation of the endophytic fungus
Trichoderma virens SB10, along with Glycine Betaine (GB)
treatments, conferred significant tolerance in soybean (Glycine
max L.) plants against these two stresses. In presence of GB, T.
virens SB10 enhanced the production of hormones like gibberellins,
IAA, and SA. The co-treatment with the fungus and GB also led to a
reduction in proline accumulation and Na* uptake and an increase
in macronutrient (N, Ca, K) uptake. Effects on GmHKTI and
GmSOSI gene expression, two major genes involved in salt
tolerance (Singh and Roychoudhury, 2021), were also recorded,
leading to the maintenance of a high K*/Na" ratio. Treated plants
exhibited higher growth rates and an increase in antioxidant
activities due to the upregulation of Ascorbate PeroXidases
(APX), SuperOxide Dismutases (SOD), PerOXidases (POD) and
reduced Glutathione (GSH) enzymes (Bilal et al., 2023).

6.2 Drought and salinity
These two stresses represent the main abiotic stress factors that

limit crop production globally (Trenberth et al., 2014; Rodriguez

and Duran, 2020).
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TABLE 1 Overview of mechanisms of protection of plants from abiotic stresses by beneficial endophytes.

A)

Endophyte Species

Host plant

Increased
Tolerance
to Stress

Mechanisms

References

Single Stress

Epichloe gansuensis Drunken horsegrass =~ Cold Increase alkaloids biosynthesis and unsaturated fatty acids during Chen
(Achnatherum seed germination et al.,, 2016
inebrians)

Piriformospora indica Maize (Zea mays L.) = Drought enhance the expression of genes involved in the drought stress Zhang
response of maize hosts by increasing auxin, ABA, SA, and et al., 2018
cytokinin levels

Trichoderma harzianum Rice (Oryza sativa)  Drought Modulate activity of genes for aquaporin and dehydrin, Pandey
dehydration responsive element binding protein, and et al., 2016
SuperOxide Dismutase

Piriformospora indica Barley Drought Increase the production of high temperature stress- Ghaffari
(Hordeum vulgare) responsive proteins et al., 2019

AMEF culture (mainly Rhizophagus Wheat Drought Increase of reachable soil water thanks to hyphae Mathur

intraradices; Funneliformis mosseae; (Triticum aestivum) et al., 2019

F. geosporum)

Porostereum spadiceun AGH786 Soybean Salt Decrease of JA and ABA, increase of GA3 Hamayun
(Glycine max) et al, 2017

Yarrowia lipolytica FH1 Maize (Zea mays L.) = Salt Secretion of exogenous IAA and regulation of endogenous IAA | Gul Jan
and ABA. Effects on production of peroxidase, catalase et al., 2019

Species

Host plant

Increased
Tolerance
to Stress

Single Stress

and proline

Mechanisms

References

Burkholderia phytofirmans Grapevine (Vitis Cold Induction the up-regulation of cold stress-related genes Theocharis
PsJN (PGPR) vinifera L.) et al., 2012
Brevibacterium linens RS16 Rice (Oryza Heat Reduction of ethylene levels, enhancement in GST expression, Choi
sativa L.) increased levels of small HSPs et al., 2022
Bacillus aryabhattai SRB02 Soybean Heat Increase in phytohormones production, modification of stomata =~ Park et al., 2017
(Glycine max) behaviour and root structure
Streptomyces sp. PGPA39 Tomato Salt Decrease of ethylene through ACC deaminase production Palaniyandi
(Solanum et al., 2014
lycopersicum)
Multiple Stresses
Paraburkholderia phytofirmans Thale cress Heat and Drought = Enhancement in the development of RSA Macabuhay
PsJN (PGPR) (Arabidopsis et al,, 2022
thaliana)
Bacillus spp. Fennel (Foeniculum | Drought and Salt Increase of availability of P Mishra
vulgare Mill.) et al,, 2016

A): Fungi; B): Bacteria.

Drought is defined as a period when the available water is

insufficient for an organism or environment to function at its best
(Kamran et al.,, 2022). Drought stress represents one of the most
critical threats to plant productivity, and thus to global food
production, affecting all the stages of plant growth. It leads to a
reduction in turgor pressure, affecting cell division, enlargement,
and differentiation (Farooq et al., 2009, 2009).
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Drought thus affects plants in many ways: typical symptoms

include stunted plants, scorching, rolling, and yellowing of leaves,
and permanent wilting (Seleiman et al., 2021). Moderate drought
stress can induce modifications in the RSA and in the allocation of
resources by the plant. In the case of severe drought stress, the roots
shrink, and alterations occur at PhotoSystem II (PS II) (Ma
et al., 2020).
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Soil salinity is defined as the increased amount of sodium (Na*)
and especially chloride (Cl') ions in soils, resulting primarily from
natural events such as weathering of parent rocks, seawater, or
atmospheric deposition. Other than that, anthropogenic processes,
such as poor drainage facilities, irrigation with brackish
groundwater, unsuitable water management, and ‘cultural’ errors
in irrigated agriculture, can increase soil salinity (Evelin et al., 2019).
Salinity causes ionic imbalance and alters metabolic pathways in
plant cells, like the synthesis of proteins and the function of some
enzymes and ribosomes. Besides, Na* competes with other essential
nutrients like phosphate, nitrate and potassium (Angon et al., 2022).

From several reports, it became evident that the plant
microbiome can play a role in protecting against high salinity and
drought (Yang et al., 2009; Rolli et al., 2015; Berg et al., 2016).

The endophytic fungus Piriformospora indica enhances the
expression of genes involved in the drought stress response of
maize hosts by increasing auxin, ABA (ABscissic Acid), SA, and
cytokinin levels (Zhang et al., 2018). Also, Trichoderma harzianum
was shown to improve drought tolerance in rice, by modulating the
activity of genes for aquaporin and dehydrin, Dehydration
responsive element-Binding Protein (DBP), and SOD (Pandey
et al., 2016).

Symbiotic relationships between plants and endophytic fungi
such as Piriformospora indica can enhance the adaptation of plants
to drought stress by regulating amino acid and soluble sugar
metabolism. For instance, P. indica was found to improve the
adaptation of barley (Hordeum vulgare L.) to drought stress
(Ghaffari et al., 2019). Soybean inoculated with the endophytic
fungus Porostereum spadiceurmn AGH786 under saline conditions
showed reduced effects of salinity. The endophyte caused decreasing
levels of JA and ABA and increasing levels of GA3, leading to
improved plant growth (Hamayun et al., 2017). Similarly,
researchers observed a positive effect of the interaction between
the endophytic fungus strain Yarrowia lipolytica and maize under
saline conditions, which improved plant growth attributes such as
leaf relative water content, levels of oxidative enzymes and
chlorophyll content through the enhancement of metabolism and
hormones (ABA and IAA) secretions (Gul Jan et al., 2019).

Endophytic microbes can alleviate the salt-generated oxidative
stress in plants by activating genes for ion transporters, ROS
scavenging, and by activating the production and signalling of
phytohormones such as auxin, JA, and Ethylene (ET) (Brotman
et al., 2013; Ghaffari et al., 2016; Qin et al., 2018; Eida et al., 2019).

Finally, seed bio-priming is a novel beneficial technique aiming
to employ bio-stimulating agents like growth-promoting
microorganisms to improve the physiological functioning of seeds
and their stress resilience (Chakraborti et al, 2022). Two salt-
tolerant endophytic fungi, Paecilomyces lilacinus KUCC-244 and
Trichoderma hamatum Th-16 were used for bio-priming wheat and
mung bean (Vigna radiata L.) seeds. Results showed that both
endophytes, in particular T. hamatum Th-16, increased the growth
and chlorophyll content of wheat and mung bean plants under
extreme salinity conditions. The primed plants also exhibited
increased activities of antioxidant enzymes and enhanced
photosynthetic attributes (Irshad et al., 2023).
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7 The role of endophytes in biotic
stresses tolerance

Biotic stress occurs when the plant is damaged by
phytopathogens, such as bacteria, fungi, viruses, insects, or
herbivores that feed and thrive at the plant’s expense. It is the
primary cause of harvest losses, especially those caused by bacterial
and fungal phytopathogens (Chaudhary et al., 2022). It is estimated
that biotic stresses cause approximately 17-30% of global crop
production loss (Muthu Narayanan et al., 2022).

Until now, the standard procedure to combat plant pathogens
infection has been the use of chemicals. This mechanistic approach
often does not consider any ecosystemic interaction. However,
pesticides can be hazardous, and the occurrence of pesticide
resistance is another significant factor to consider (Hawkins
et al., 2019).

Against these types of stresses, a great deal of research activity
and farm-scale applications of beneficial organisms are reported,
much more than against other crop limitations, such as abiotic
stresses. Biological control represents a promising strategy to
manage plant pathogens sustainably. The first uses of insect
parasites date back to the end of the 19™ century (Hajek et al,
2007). Biological control involves applying either beneficial
organisms, or substances produced by them, such as enzymes,
phytohormones, and secondary metabolites, to alleviate the
negative effects caused by pathogens and stimulate favourable
reactions in the plant (Muthu Narayanan et al., 2022).

Endophytes can use direct mechanisms to exert their biocontrol
effects against phytopathogens, including the production of
siderophores, to limit the availability of metal ions to pathogens,
or the synthesis of antifungal compounds, or competition for a
biological niche. They can also counteract pathogens through
indirect mechanisms, by inducing SAR and ISR in the host plant
(Pandey et al., 2019; Kamle et al., 2020; Figure 3; Table 2).

7.1 Bacterial pathogens

Phytopathogenic bacteria are predominantly represented by the
genera Agrobacterium, Bacillus, Burkholderia, Clavibacter, Erwinia,
Pantoea, Pseudomonas, Ralstonia, Streptomyces, Xanthomonas, and
Xylella (Muthu Narayanan et al., 2022). Bacterial diseases can be
systemic or localized, with the most common symptoms in plants
being galls and overgrowth, wilting, rot, scabs, necrosis, chlorosis,
and blights (Nazarov et al., 2020).

Fungal metabolites produced by Trichoderma harzianum have
shown strong antibacterial activity against Ralstonia solanacearum,
a phytopathogenic bacterium that causes bacterial wilt disease in
tomato (Solanum lycopersicum L.) plants (Yan and Khan, 2021).

Endophytic actinobacteria were isolated from Chilean native
potatoes (Solanum tuberosum subsp. tuberosum L.) and they were
demonstrated to act against Pectobacterium carotovorum subsp.
Carotovorum and P. atrosepticum, bacterial pathogens that cause
tissue maceration symptoms in potato tubers. One of the isolates,
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FIGURE 3

Schematic example of plant damages caused by phytopathogens and relative mechanisms by which endophytes can help crops contrasting pests.
(A) Main groups of plant pathogens. (B) Principal types of damages caused by phytopathogens. (C) Main plant defense responses enhanced by
endophytes to contrast plant parasites (ISR, Induced Systemic Resistance; SAR, Systemic Acquired Resistance; JA, Jasmonic Acid; SA, Salicylic Acid;
SOD, Super-Oxide Dismutase; POX, PerOXidase; PPO, PolyPhenol Oxidase; PAL, Phenylalanine Ammonia Lyase).

Streptomyces sp. TP199, was found to inhibit the growth of
Pectobacterium sp., reducing tissue maceration symptoms.
Moreover, strain TP199 showed metal-dependent Acyl
Homoserine Lactones (AHL) quorum quenching activity, which
can inhibit communication between bacterial cells (Padilla-Galvez
et al., 2021).

7.2 Fungal pathogens

The most common plant pathogenic fungi are Alternaria spp.,
Aspergillus spp., Colletotrichum spp., Fusarium spp., Phytophthora
spp., Pythium, and Pyricularia spp., while anthracnose, dieback,
gall, powdery mildew, blight, rust, rot, wilt, and smut are examples
of diseases caused by these fungal phytopathogens (Muthu
Narayanan et al., 2022).

Some Bacillus strains significantly increased antioxidant
enzymes like SOD, PerOXidase, PolyPhenol Oxidase and
Phenylalanine Ammonia Lyase in leaves and roots of the rice
plant, contrasting the fungus Pyricularia oryzae. They also
secreted different biocontrol molecules such as proteases,
glucanases, and siderophores in the rice rhizosphere (Rais et al,
2017). In wheat, Fusarium graminearum is the cause of Fusarium
head blight as well as Fusarium foot and root rot. Colombo and
colleagues (Colombo et al., 2019) studied the biocontrol activity of
Streptomyces spp. on F. graminearum in spring wheat and one
strain, DEF09, effectively inhibited FHB under controlled and field
conditions by blocking the spread of the pathogen at the
infection site.

Endophytes with biocontrol potential against Rhizoctonia
solani, a fungal pathogen causing sheath blight disease in maize,
were isolated from Stevia rebaudiana plants. Three bacterial
isolates, identified as Ochrobactrum ciceri SRIEB1, Achromobacter
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spanius SR1EB11 and Bacillus licheniformis SR2EB5, showed
growth inhibition effects against R. solani (Vyas and Singh, 2023).

Furthermore, the gram-positive bacterium Micromonospora,
isolated from nitrogen-fixing nodules of leguminous plants,
showed biocontrol effects on fungal pathogens and stimulation of
plant immunity in tomato. Root inoculation with Micromonospora
strains showed reduced infection from the fungal pathogen Botrytis
cinerea, and investigations on defence mechanisms highlighted an
increased induction in JA-related defence pathways (Martinez-
Hidalgo et al.,, 2015).

7.3 Viral pathogens

Plant viruses are globally diffused plant pathogens, obligatory
parasites due to their need for replication within plant cells. Plant
viruses are primarily RNA viruses, and the ones considered most
important are Tobacco Mosaic Virus (TMV), belonging to the
family Virgaviridae, Tomato Spotted Wilt Virus (TSWV)
(Tospoviridae), Tomato Yellow Leaf Curl Virus (TYLCV)
(Geminiviridae), Cucumber Mosaic Virus (CMV) (Bromoviridae),
Potato Virus Y (PVY) (Potyviridae), Cauliflower Mosaic Virus
(CaMV) (Caulimoviridae), African Cassava Mosaic Virus
(ACMV) (Geminiviridae), Plum Pox Virus (PPV) (Potyviridae),
Brome Mosaic Virus (BMV) (Bromoviridae), Potato Virus X (PVX)
(Alphaflexiviridae) (Scholthof et al., 2011). Symptoms of viral
diseases in plants include growth suppression, deformation,
discoloration, necrosis, and impaired reproduction (Nazarov
et al., 2020). Investigating the contribution of microbiota towards
viral infection (Zhou et al., 2015), identified two new butyrolactones
(aspernolides C and D) along with two previously known
butyrolactones (aspernolides A and B) from a culture of the
endophytic fungus Aspergillus versicolor. When tested against
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TABLE 2 Overview of mechanisms of protection of plants from biotic stresses (plant pathogens, pests, and parasites) by beneficial endophytes.

A)
Pathogen/Pest Endophyte species  Host Plant Effects Mechanisms References
Bacteria
T X D i f Yan and
Ralstonia solanacearum Trichoderma harzianum omato'(S estrt}ctlon © Release of fungal metabolites anan
lycopersicum L.) bacterial cells Khan, 2021
Viruses
X Tobacco . . . .
Tobacco Mosaic X X L Moderation of anti- Synthesis of aspernolides C and Zhou
X Aspergillus versicolor (Nicotiana .
Virus (TMV) i TMV activity D butyrolactones et al,, 2015
glutinosa L.)
Reduction of the
. . pathogenic effects of .
Maize Chlorotic Mottle SCMYV (. harzianum); Not yet defined, but possibly due to
Virus (MCMV) and Trichoderma harzianum; Maize (Zea Decrease :n titer of ’| activation of defence-related genes and the Kiarie
in ti
SugarCane Mosaic Metarhizium anisopliae mays L.) SCMV (M. anisopliae); interference exerted by endophytes on et al., 2020
Virus (SCMV) . pliae); virus movement
No evident effects
on MCMV
Pests/Parasites
Tomato (S. Reduction of nematode

Meloidogyne
javanica (Nematode)

Trichoderma harzianum BI

lycopersicum L.
var. Roma VF)

eggs hatching, increase
of antioxidant enzymes

Reduction of nematode

Penetration inside the nematode egg
mass matrix

Sahebani and
Hadavi, 2008

Martinez-

Meloid T . 1 , delay i Enh; fJA- A-
4 eloi ?gyne Trichoderma harzianum T-78 omato'(S eggs clusters, delay in nhancement of JA- and S Medina
incognita (Nematode) lycopersicum L.) the development regulated defences et al. 2017
of eggs h
(The paper does .
i L not focus on a Feeding deterrence, Production of bioactive alkaloids like ergot, Panaccione
Insects and herbivores Clavicipitaceae R K delayed development, . ) R i
specific species ) . indole-diterpenes, lolines, peramine et al., 2014
increased mortality
of plant)
B)
Pathogen Endophyte species Host Plant Effects Mechanisms References
Fungi
Martinez-
i . i Tomato (S. Reduction in the . i varlmu
Botritys cinerea Micromonospora spp. . . . Increased induction of JA-related pathways = Hidalgo
lycopersicum L.) infection rates et al. 2015

Pyricularia oryzae

Bacillus spp.

Rice (Oryza

Increase of antioxidant
response, reduction of

Increased synthesis of antioxidant enzymes,
secretion of proteases,

Rais et al.,, 2017

tiva L.
sativa L) blast disease symptoms | glucanases, siderophores
Spri heat Inhibition of fungal
i i . P n.n’g whea 1o 1 on ot funga Chitin degradation, synthesis of Colombo
Fusarium graminearum Streptomyces strain DEF09 (Triticum spreading from the .
antifungal molecules et al., 2019

Ochrobactrum ciceri SR{EBy,

aestivum L.)

Stevia (Stevia

infection site

. S - . .
Rhizoctonia solani Achromobact'er spanius rebaudiana Growth inhibition Strlppll"lg of fungal hyphae and accumulation \,.} as and
SR,EByy, Bacillus Bertoni) of hyphae of debris Singh, 2023
i
licheniformis SR,EBs5
Bacteria
Potato (S.

Pectobacterium sp.

Streptomyces sp. TP199

tuberosum subsp.

Tuberosum L.)

Reduction of tubers
tissue maceration

Synthesis of antimicrobial compounds,
interference on communication signals

Padilla-Galvez
et al., 2021

Pests/Parasites

Meloidogyne
javanica (Nematode)

A): Fungi; B): Bacteria.
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Streptomyces strain SA

Banana (Musa
acuminata
AAA Cavendish)

Inhibition
of nematodes

14

Synthesis of antibiotics effective against
nematodes (avermectin, nanchangmycin,
milbemycin), niche competition

Su et al,, 2017
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viruses, both aspernolides C and D exhibited moderate anti-TMV
activity. Similarly, Kiarie et al. (2020) tested the ability of fungal
endophytes to contrast Maize Lethal Necrosis (MLN), a serious
disease affecting maize crops in eastern Africa. This disease is
caused by the co-infection of maize plants with Maize Chlorotic
Mottle Virus (MCMYV) (Tombusviridae) and Sugarcane Mosaic
Virus (SCMV) (Potyviridae). Maize plants inoculated with T.
harzianum and Metarhizium anisopliae showed reduced severity
and titer of SCMYV, respectively, indicating their potential to induce
resistance against SCMV. However, no significant effect was
observed on the MCMV.

7.4 Insects and herbivores

Invasive insects cause at least $70 billion in crop losses every year
(Bradshaw et al., 2016). Panaccione et al. (2014) summarized a series of
studies on the role of bioactive alkaloids produced by endophytic fungi
in protecting plants against herbivores. Four major types of bioactive
alkaloids (ergot alkaloids, indole-diterpenes, lolines and peramine) are
produced by fungi from the Clavicipitaceae family. Symbioses between
plants and these endophytes have significant effects on both insects and
mammalian herbivores, largely due to the production of these bioactive
alkaloids. Ergot alkaloids contribute to herbivore resistance, also
affecting nematodes. They also act through feeding deterrence,
delayed development, and increased mortality of insects.

Loline alkaloids exhibit insecticidal and feeding-deterrent activity.
Lolines are often present in grasses with fungal endophytes of the
genera Epichloé and Neotyphodium (Wilkinson et al., 2000).
Genetic analyses to determine whether the production of lolines in
plants is active against aphids highlighted that the endophyte Epichloé
festucae showed heritable variation in the expression of loline
alkaloids. Analyses on Lol+ (alkaloid expression) and Lol-
(no expression) linked alkaloid expression to activity against
aphids, and the levels of alkaloids in the plants were correlated
with the level of anti-aphid activity (Wilkinson et al., 2000).

Peramine is the most widely distributed of the four classes of
epichloae-derived secondary metabolites. It is another alkaloid that
acts as a strong feeding deterrent for different insects. Peramine is
water-soluble and is dispersed throughout the plant (Rowan, 1993;
Panaccione et al., 2014).

Additional information about the role of Endophytic
EntomoPathogenic Fungi (EEPFs) was recently made available by
(Samal et al., 2023).

On the other hand, different endophytes could be used not only
to prevent herbivore damage in plants but, in some cases, to favour
this phenomenon for domestic herbivores, reducing undesirable
molecules present in plants for livestock nutrition (Bluett et al.,
2005a, 2005b).

7.5 Nematodes

Nematodes are small, non-segmented invertebrates. They are
the most abundant animals on Earth and are fundamental to the
soil-food web (Gamalero and Glick, 2020). The phylum Nematoda
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comprises more than 30,000 species (Bernard et al., 2017), classified
into five groups: bacterivores, fungivores, herbivores, omnivores,
and predators (van den Hoogen et al., 2020).

Nematodes include the so-called Plant-Parasitic Nematodes
(PPN), among which some of the most important are root-knot
nematodes (Meloidogyne spp.), cyst nematodes (Heterodera spp.
and Globodera spp.), and root-lesion nematodes (Pratylenchus spp.)
(Kumar and Dara, 2021). Over 4,100 species of PPNs have been
identified, causing an estimated $80-$118 billion dollars per year of
damage to crops (Bernard et al., 2017). PPNs can damage the host
plant through a needle-like oral structure called stylet, used to
release specific enzymes inside plant tissues (Pulavarty et al., 2021,
p- 202), and the group of root-knot nematodes develop root knots
by forming a complex of multinucleate hypertrophied giant cells,
which cause visible knots or galls at the root level (Martinez-Medina
et al,, 2017). More detailed information about nematodes, their
characteristics, and modes of action can be found in Jones
et al. (2011).

The main way to fight PPNs is to use chemical nematocides, but
these are expensive and harmful to the environment, and EU
regulations are constantly reducing the nematocides available for
agriculture (Poveda et al, 2020). Therefore, the biocontrol of
nematode infection is becoming a promising possibility.

Endophytes isolated from banana (Musa acuminata AAA
Cavendish) plant roots infected with Meloidogyne spp. were tested
against Meloidogyne javanica, and one strain, named SA and
identified as Streptomyces spp., showed an inhibition rate of more
than 50% in vitro and a biocontrol efficiency of more than 70% in
sterile soil against the nematode (Su et al., 2017).

Fungi could also represent a valuable source of biocontrol
agents against plant-infecting nematodes. The fungus
Trichoderma harzianum strain BI was used against M. javanica
(Sahebani and Hadavi, 2008), reducing the infection rates of the
nematode through penetration inside the nematode egg mass
matrix, leading to reduced hatch levels. T. harzianum BI also
increased the activity of resistance-related enzymes in plants, such
as POX, PPO, and PAL. Further investigation showed that chitinase
activity in T. harzianum BI culture filtrates increased in the
presence of colloidal chitin and nematode eggs, implying its
potential for degradation of chitin present in nematode eggs.

The root endophyte strain T. harzianum T-78 was used to study
the protective effects on tomato plants against the root-knot species
M. incognita (Martinez-Medina et al., 2017) using a split-root
system, in which the two halves of the plant roots were allowed
to grow in two different pots, one for the treatment and the second
as a control. T-78 inoculation decreased the amount of root galls,
and a significant reduction in the number of nematode egg clusters
was observed in systemic tests. Moreover, the expression profile of
the SA-responsive marker genes Pathogenesis-Related protein la
(PR1a) and Pathogenesis-Related protein P6 (PR-P6) was higher in
T-78-pretreated plants infected with the nematode and SA
concentrations were higher compared with the non-pretreated
ones. Finally, the expression analysis of the JA-responsive genes
Proteinase Inhibitors II (PI II) and MultiCystatin (MC) after M.
incognita infection showed that JA signalling was down-regulated in
plants not inoculated with T-78, while in tomato plants pre-
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inoculated with T-78, the inhibition in genes PIII and MC showed a
significant reduction.

More specific reviews are available to deepen the knowledge
about the use of endophytes as biocontrol agents against nematodes
(e.g., Gamalero and Glick, 2020; Kumar and Dara, 2021).

8 Role of endophytes in nutrition and
quality of the final products

Plant-microbe interactions play a crucial role in improving soil
nutrition and enriching micronutrients through metal solubilization,
mobilization, and translocation to different parts of the plant.
Micronutrient deficiency, also known as “hidden hunger”, threatens
the health of billions of people worldwide, particularly in developing
countries. Additionally, the intensification of crop production is
causing a gradual depletion of micronutrients in agricultural soils,
compromising the nutritional value of food. Iron and zinc deficiencies
are widespread in the human diet, leading to several malnutrition
symptoms. To overcome these deficiencies, biofortification, the
process of increasing the bioavailable concentrations of essential
elements in the edible portion of crop plants, is commonly
achieved through plant breeding and agronomic practices.
Microbial communities can be exploited as a valid alternative due
to their ability to increase metal solubilization in the soil and enhance
their mobilization to the plant parts. This is achieved through the
production of siderophores or other chelating factors, upregulation of
Zn and Fe transporters, acidification of the rhizosphere through
organic acid secretion and proton extrusion, reduction of anti-
nutritional factors (e.g. phytic acids), and secretion of phenolics or
phytohormones like signalling molecules (Singh and Prasanna, 2020).
Both bacteria and fungi have demonstrated a positive effect in
improving mineral contents in the edible parts of plants, although
a major representation of mycorrhizal fungi underlines the
importance of this category of endophytes for supporting
plant nutrition.

Bacterial endophytes have proven to be effective in the
biofortification of wheat grains with Zn (Ramesh et al, 2014;
Abaid Ullah et al,, 2015; Singh et al., 2017). Wang et al. (2014)
found a positive influence of rice inoculation with an endophyte
recovered from Zn hyper-accumulator Sedum alfredii on the
bioavailability of Zn in the soil and its accumulation in rice
grains. Vaid et al. (2014) tested the effect of zinc-solubilizing
bacteria on growth promotion and zinc nutrition of rice: bacterial
inoculations significantly enhanced the total Zn uptake as well as
grain methionine concentration, besides increasing the mean of
many agronomic traits, like dry matter yield, productive tillers/
plant, number of panicles/plants, number of grains/panicle, grain
and straw yield. The screening of 129 strains of endophytic bacteria
from maize stem and leaves showed that 24.5% of these
isolates were siderophore producers, 14% could solubilize
insoluble Zn compounds and 33% of them had phytase activity
(Verma et al, 2022). Rana et al. (2012) reported a significant
increase in Fe, Mn, and Cu content in wheat grains upon
inoculation with the bacterial strain Providencia spp. isolated
from the wheat rhizosphere. The screening of a set of 213
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endophytes from several wheat genotypes allowed Singh et al.
(2018) to identify promising endophytes for Zn and Fe
accumulation in wheat grains. At the same time, in grains after
endophyte inoculations, phytic acid, an anti-nutritional factor, was
significantly decreased.

Subramanian et al. (2013) reported that the inoculation of
maize plants with AM fungi improved the availability of
micronutrients in soils, particularly Zn, as a consequence of
rhizospheric acidification and siderophore production, and
produced grains with 10-15% higher Fe and Zn contents, while
the anti-nutritional factor phytic acid decreased. In wheat, the
application of a consortium of AMF resulted in an increase of
micronutrients (Cu, Fe, Zn, Mn) and macronutrients (N, P, K)
content in the grain (Mider et al., 2011). AMF were also able to
improve selenium (Se) level in the grain, alone or in association with
selenobacteria (Duran et al., 2013). Tang et al. (2022) focused on the
effects of endophytic fungus Phomopsis liquidambaris on the
absorption and distribution of 14 essential mineral elements in
the vegetative organs and in grains of rice: the results indicated that
P. liquidambaris significantly increased the accumulation of N, P,
Fe, Mn, Zn, Mo, and Se in rice grains, accompanied by a significant
increase in yield and protein content. AM fungal inoculation was
also effective in improving the nutritional value of chickpea (Cicer
arietinum L.) grain by protein, Fe and Zn grain biofortification
(Pellegrino and Bedini, 2014).

The interactions of endophytic fungi with plant tissues can also
boost secondary metabolite production, resulting in the development
of several bioactive compounds. In lettuce (Lactuca sativa L.), AM
fungi, in addition to increasing fresh weight, improved the ascorbate
level (Baslam et al., 2011). In spinach (Spinacia oleracea L.), they
augmented the concentration of total phenolic compounds,
flavonoids and phenolic acids (Khalid et al., 2017). In tomato,
AMF inoculation, in addition to increasing fruit N, P, and Cu
concentration, allowed for higher antioxidant concentration and
carotenoid contents (Hart et al, 2015), while in strawberry
(Fragaria x ananassa var. Selva) increased concentrations of
anthocyanins (Lingua et al., 2013) and of sucrose, glucose, and two
vitamins, ascorbic and folic acid (Bona et al., 2015).

Heavy metals contamination of agricultural soils is an
important issue all around the world, posing serious risks to food
safety. Indeed, although they are not essential elements for a plant’s
life, crops uptake heavy metals in soils by root systems, they
transport them to aerial parts through the xylem and the phloem,
and accumulate them in edible parts, threatening the food chain,
and ultimately human health. Under natural conditions, heavy
metals in soils originate geologically; however, their amounts are
continually increased in soils by anthropogenic sources, i.e.,
atmospheric deposition of Particulate Matter (PM) from
industrial activity and transportation, agricultural activity, such as
wastewater irrigation, the application of pesticides and fertilizers
(Shi et al,, 2018). Among heavy metals, cadmium (Cd) and arsenic
(As) are the major contaminant in agricultural soils. Cadmium,
with a biological half-life of 10-30 years, has been classified as a
potent human carcinogen. Endophytes and AM fungi are involved
in alleviating metal toxicity to the host plant. Bacteria evolved
various mechanisms to avoid heavy metal stress including: (a)
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transport of metals across the cytoplasmic membrane; (b)
biosorption and bioaccumulation to the cell walls; (c) metal
entrapment in the extracellular capsules; (d) heavy metals
precipitation; and (e) metal detoxification via oxidation-reduction
(Zubair et al.,, 2016). Several mechanisms have been hypothesized
for AMF-mediated detoxification of heavy metals, including (i)
bound to cell wall and deposit in the vacuoles of AMF, (ii)
sequestration by the help of siderophores in the soil or into root
apoplasm, (iii) bound to metallothioneins or phytochelatins inside
the fungal or plant cells, and (iv) transporters at the tonoplast of
both plants and fungi catalyse the transport of metals from the
cytoplasm and allow their compartmentalization into vacuoles
(Jan and Parray, 2016).

Among cereals, rice plants tend to accumulate more Cd than
others, and this is of particular concern in the larger rice-growing
areas, where populations are relying on rice for most of their caloric
intake (Hu et al., 2016). Zhou et al. (2021) identified an endophytic
bacterium from Cd-contaminated soil capable of promoting rice
growth and reducing Cd concentration in rice grain under Cd-
contaminated conditions.

9 Conclusions and future perspectives

With a focus on endophytes, we have only scratched the surface
of the enormous amount of data and information that has been
produced by the scientific community worldwide, regarding the
complex interactions between plants and microorganisms. Despite
significant progress, many challenges remain, both from the
technical and the legislative sides.

From a technical point of view, a deep understanding of the
biology, way of action, and main interactions of the endophytes in
the complex system of microorganism-plant-environment is
necessary to optimize their usage in a one-health vision. For
example, it is necessary to overcome the technical limits due to
the very low fraction of culturable microorganisms inhabiting the
soil, the difficulty in maintaining a stable inoculated microbial
symbiont in the soil, and in increasing the plant’s aptitude to
associate with beneficial microorganisms. Related to this last
point, it is relevant to deepen the knowledge related to processes
involved in the establishment of successful associations, namely in
the attraction, recognition and colonization steps, in order to allow
knowledge-driven interventions. Recent investigations uncovered,
from the plant side, sorghum, tomato and barley loci affecting
microbiome composition (Deng et al., 2021; Escudero-Martinez
et al, 2022; Oyserman et al, 2022), thus opening the way for
exploiting host-genetics to manipulate and select the crop
microbiota (Escudero-Martinez and Bulgarelli, 2023), while from
the microbial side new approaches of microbiome engineering that
boost the positive impact of the associations are emerging (Arif
et al,, 2020; Nerva et al., 2022). Increasing the available targets for
improving endophytic colonization by plant growth promoting
microorganisms rise the possibility that in the near future it will
be possible to improve plant association with beneficial microbiota
through plant breeding and microbiome engineering approaches.
Along these concepts is the realization of knowledge-based
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synthetic microbial communities (SynComs) or Artificial
Microbial Consortia (AMC), that generate a defined microbial
system with known taxonomic and functional profiles, thus
containing multiple functions for plant growth promotion (Arif
et al., 2020; Nerva et al.,, 2022). This can potentially solve some of
the drawbacks of traditional microbial biofertilizers, such a host
incompatibility, ineffective competitiveness with indigenous
microbes, and inadaptability to the local environment.

Field studies provide the most natural conditions for exploring
the roles of endophytes. However, the strong impact of
environmental factors makes them highly variable, and often take
to unpredictable results. Moreover, agricultural systems and systems
intensively used by humans are often characterized by a shift (often a
reduction) in microbial diversity; and this may also be extended to
plants raised in pot experiments, where we expect a reduced diversity
or altered structure of the microbiota (Berg et al., 2016), that pose
other limits to their extension to agricultural field systems.

When transitioning from controlled experiments to field
applications of potential microbial formulations, the selected
strain would have to interact with naturally occurring soil
microbes and endophytes. The administered endophytes should
be able to colonize a broad spectrum of crops and they should
acquire a niche in the plant habitat, avoiding at the same time
possible negative alterations of the ecosystem. Additionally, it is also
crucial to consider the proper formulation to maximize the
beneficial impact on crops, while reducing costs and number of
applications (Verma et al., 2021).

Another element of concern is the ability of some endophyte to
become a pathogen or produce toxins. For example, fungal endophytes
from genera Fusarium, Alternaria, or Aspergillus, possess qualities as
PGPM, but are also mycotoxins producers (Stranska et al., 2022).

From a legislative point of view, in the translation from research
to application, in each area of the world, the categorizations and
rules imposed by current and future legislation on the microbial
compounds must be taken into great account for their deployment
in the real world. For example, in Europe beneficial microorganisms
are divided in two main categories, owing to the target. The
microbes that act against biotic targets (e.g. pathogens, pests) are
defined as Biological Control Agents (BCA), are enclosed in the
plant protection products, and are ruled by the EC Regulation no.
1107/2009.The microorganisms whose target is the mitigation of an
abiotic stress (e.g. freezing temperatures, salinity) are defined as
Microbial Plant Biostimulants (MPB), and are ruled by EC
Regulation no. 1009/2009, within the category PFC 6(A).

The rapidly changing climate presents a complex and daunting
challenge that requires urgent solutions, with anthropogenic causes
of pollution and environmental degradation continuing to worsen
rapidly despite warnings from experts. Even though association of
plant with beneficial microorganisms is demonstrated to protect
plants from a changing environment, it should also be considered
that diverse environmental conditions, including climate changes,
can produce currently unpredictable outcomes on the interactions
between host plant and endophytic microbiota.

However, there is hope for a better future. As is normal in
research, big changes start from small discoveries. The approaches
we have explored in this review offer potential solutions to
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counteract the negative consequences of environmental stressors.
Fortunately, ever innovating omic techniques and the ever-
expanding set of genomic technologies offer powerful tools to
help researchers gain deeper insights into the complex
relationships between plants and their microbial partners. By
using these tools, together with beneficial endophytes, to develop
more eco-friendly and efficient agronomic practices, we can work
towards a more sustainable future for our planet.
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Abstract: Genebanks, other than their pivotal role as diversity conservation repositories, regenerate
part of their collection every year to maintain their material in optimal conditions. During regenera-
tion cycles, morpho-physiological data are collected, contributing to the creation of large datasets
that offer a valuable resource of information. In Italy, rice cultivation has been documented since
the second half of the 15th century, and nowadays, Italy contributes more than 50% of the total
European rice production. The ex situ collection of rice (mainly Oryza sativa L. subgroup japonica)
held at the Research Center for Cereal and Industrial Crops (CREA-CI) of Vercelli is quite unique
in Italy and its establishment dates back to the beginning of the 20th century. The collection is
hereby presented through the analysis of 21 years of historic data, from 2001 to 2022, in 17 different
locations in Northern Italy, for a total of 6592 entries, 677 genotypes analyzed and 9 phenotypic traits
under investigation. An R script has been developed to analyze the dataset. The BLUEs calculation,
heritability, PCA and correlation with weather data provided a comprehensive overview of the
germplasm stored in the genebank. The great variability and phenotypic diversity were assessed,
key aspects from the perspective of breeding programs. This work starts a re-evaluation of historic
data, historic cultivars, and represents the first step toward the shift of the genebank to a bio-digital
resource center.

Keywords: Oryza sativa; rice; genebank; historical data; R language

1. Introduction

Rice (Oryza sativa L.) is one of the most important staple crops for more than half of
the world’s population [1]. The details concerning the history of domestication of rice are
still debated, but most researchers agree on three independent domestication events that
took place about 8000 years ago. In southern China and northern India, the japonica and
indica subspecies were domesticated from O. rufipogon and O. nivara, with later crossing
and introgression of the two subgroups [2—4]. Around 3000 years ago, African farmers
domesticated O. glaberrima starting from O. barthii [5].

O. sativa has been extensively studied because of its importance in agriculture, but also
as a model species for cereals, due to its small diploid genome (389 Mb), whose sequence
was firstly obtained for the cultivar Nipponbare and is constantly updated [6,7].

Italy is the first producer of rice in Europe [8], with 1,236,960 tons produced on
218,420 hectares in 2022 [9]; in the same year, it was the 14th exporter in the world, with
12,193 tons exported [9]. Rice cultivation has been documented in Italy since the second
half of the fifteenth century, particularly in the swampy areas along the Po river [10]. Over
time, it became well established in the northern region between Lombardy and Piedmont,
where it became fundamental to the local economy and contributed to strongly modifying
the landscape, mainly due to the extensive system of canals created to bring water from the
nearby Alps, to ensure a steady supply of water for irrigation.

Agronomy 2024, 14, 1379. https:/ /doi.org/10.3390/agronomy14071379
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The first information on the germplasm used refers to a variety called Nostrale (literally
“local”), probably a mixture of different ecotypes, as the most cultivated in the area in the
19th century. At the beginning of the 20th century, in order to face rice blast (Pyricularia
oryzae), which caused dramatic epidemics, new varieties were introduced from Asia and
subjected to mass selection, as confirmed by studies on the genetic closeness between
Italian rice varieties and Northern Chinese cultivars [11]. Then, starting from 1925, crossing
and selection drove the creation of new varieties, focusing on shortening the growth cycle
and reducing plant height and blast susceptibility [12,13]. Rice breeding has also been
influenced by the market, which has changed over time: from mainly the round rice type,
breeding moved to “Long A” type with a high amylose content, for “risotto”, and in
recent years, to “Long A” for parboiling and “Long B” varieties appreciated for Asian
cuisine [12,13].

The Research Centre in Vercelli was founded in 1908 as “Stazione sperimentale di
risicoltura” (“Rice Research Station”) and quickly became a center of excellence for rice
research and breeding, being a pioneer in Italy in several fields, e.g., performing the first
hybridization between two rice varieties (1925), and the first experiments of mutation
through white light (1934) [10,13].

At the beginning of the 20th century, most of the research carried out in the Centre
of Vercelli was based on importing rice varieties from abroad, assessing their adaptability
to local conditions and eventually using them for breeding purposes. An example is
represented by the varieties “Vary Lava A” and “Vary Lava 51A”, acquired in 1925 from
Madagascar and extensively used for breeding in the following years. From the 1930s
onwards, many successful cultivars have been developed in our Centre. Among them,
Roma and Vialone Nano, still appreciated for their culinary characteristics.

The rice collection held at the CREA-CI Genebank (ITA383) consists of 701 O. sativa
genotypes, mainly ssp. japonica, both Italian and international, 2 accessions of the ancestor
O. rufipogon Griff., and 5 accessions of O. glaberrima Steud. Most of the accessions of O. sativa
in the collection are Italian, while the most represented international varieties are American,
Spanish, Portuguese, Chinese, and Egyptian. The oldest variety in the collection is Bertone:
according to Giornale di Risicoltura (a journal dating back to 1909 with all the latest news and
discoveries on rice obtained in the Vercelli Research Centre), it first appeared in 1829, and
its cultivation was widespread in the first part of the twentieth century. Originario (also
known as “Chinese Originario”) was imported from China or Japan in the early 1900s and
had great success in the Vercelli area: it was the most cultivated variety until the 1960s, as
stated in many technical reports, and it has been used in breeding programs for many years.
Ostiglia, Lencino, and Ranghino, although less widespread than Bertone, were cultivated
in Italy before 1900, representing the oldest cultivars in the collection.

O. rufipogon was proven to carry alternative alleles that modify the kernel shape, plant
architecture, and yield [14] making it an interesting starting point for breeding programs.
Introgression lines (ILs) of O. rufipogon in the genetic background of O. sativa cv Vialone
Nano have recently been developed in our Centre and could represent valuable elements
in the search for potentially useful genes and QTLs.

O. glaberrima is a good source of valuable genes that can be used to improve the
resistance of O. sativa against pathogens, such as nematodes, insects, and viruses, as
well as factors like drought stress [15]. This species also represents an interesting source
of new alleles for salt and dehydration tolerance [16], panicle architecture [17,18], and
photosynthetic activity under heat stress [19].

The maintenance and characterization of the collection are the main focus of the
RGV-FAO Program, funded by the Italian Ministry of Agriculture, Food Sovereignty and
Forestry (Masaf) in order to implement the International Treaty on Plant Genetic Resources
for Food and Agriculture (ITPGRFA) [20]. During the regeneration cycles, the materials are
characterized at the morpho-physiological level with international descriptors according to
the “Standard Evaluation System for Rice” (www.irri.org) and the national guidelines for
in situ, on-farm, and ex situ conservation of plant, animal, and microbial biodiversity [21],
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allowing the collection of a huge amount of historical data. In addition, many of the
accessions have been characterized at the genomic level (genotyped), thus allowing the
deep investigation of the loci responsible for important agronomic traits, e.g., resistance to
biotic and abiotic stress, and for quality traits [12,22,23].

This work, through an overview of the historical data collected during years of regen-
eration and experiments, aims to describe the rice collection stored at CREA-CI Vercelli to
infer its variability and diversity, fundamental characteristics for breeding programs that
aim to overcome the climate change challenges we are doomed to face, a strategy suggested
for the first time less than 10 years ago [24].

2. Materials and Methods
2.1. Materials
The collection stores a huge variability in terms of both the origin of the accessions,

covering all the continents except Antarctica (Table 1), and the historical period of their
release (Table 2).

Table 1. Country of origin of the rice accessions held in the collection.

Country of Origin Number of Accessions Percentage
Italy 311 43.99
United States 60 8.49
Spain 53 7.50
Portugal 40 5.66
China 29 4.10
Egypt 24 3.39
Argentina 21 297
France 18 2.55
Japan 18 2.55
Philippines 14 1.98
Bulgaria 12 1.70
India 13 1.84
Brazil 10 1.41
Greece 10 141
Australia 9 1.27
Colombia 7 0.99
Hungary 6 0.85
South Korea 4 0.57
Other 28 3.96
Unknown 20 2.83

Table 2. Release period of the rice accessions held in the collection.

Release Period Number of Accessions Percentage
Before 1900 4 0.56
1900-1927 33 4.66
1928-1950 28 3.96
1951-1970 81 11.45
1971-1990 119 16.83
1991-2005 198 28.00
20052022 121 17.11
Unknown 123 17.39

For the present work, the following parameters were analyzed: flowering time, matu-
rity time, days between flowering and maturity (flo-mat), plant height, Thousand Kernel
Weight (TKW), yield, and infection severity/susceptibility (in-field conditions) to the
pathogens Pyricularia oryzae (rice blast), Magnaporthe grisea (neck rice blast), and Bipolaris
oryzae (brown spot).
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In total, the curated dataset comprises 6592 entries, 674 genotypes in a time span
of 21 years, from 2002 to 2023. The phenotypic traits did not have the same number of
data, with the flowering and maturity times being the most measured, having more than
6000 entries, while the TKW had the lowest number of datapoints (just over 2000). Almost
half of the collection is represented by Italian varieties, with a good representation of
cultivars originating from the USA, Spain, and China. The complete list of the rice cultivars
used in this study can be found in the Supplementary Materials, Table S1.

The trial locations are 17, all in the region between Lombardy and Piedmont in
Northern Italy, which is the main rice-growing area in the country (Figure 1).
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Figure 1. The locations (blue dots) of the different trials considered in the present work. Some of
the experiments considered were performed multiple times in the same location. In the upper left
section, the same locations (in red) on a smaller scale.

2.2. Agronomic Information and Phenotypic Data Collection

The materials were sown on dry fields at a seedling rate of 450 seeds per square meter,
in single plots of eight rows, 20 cm wide and 2.5 m long, with two to four replications,
between April and May, and harvested between September and October, depending on
the specific environmental conditions of each year. The agronomic practices followed the
standard techniques of the area: permanent flooding condition, chemical control of weeds,
and chemical control of pests and diseases when necessary. Fertilization was fractionated
into three treatments: before sowing (24/0/29 NPK, 260 kg/ha), at tillering (24/0/29 NPK,
260 kg/ha), and at stem elongation (urea, 40 kg/ha).

The phenotypic traits analyzed were measured according to the Plant Trait Ontol-
ogy [25,26]: total plant height (TO:0000207), excluding the panicle, recorded in the field
at complete maturity; flowering time (TO:0002616), defined as the number of days since
sowing when the panicles are fully flowering; maturity time (TO:0000933), defined as the
number of days since sowing when the panicles are fully mature; Pyricularia oryzae, Bipolaris
oryzae, and Magnaporthe grisea infections (all measured as 0 to 9, where 0 is no infection
and 9 is severe infection); yield (in tons/hectare), measured on paddy at 14% humidity;
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and TKW (TO:0000533), recorded as the average weight of two 100-paddy rice samples,
measured in grams and multiplied by 10.

2.3. Statistical Analyses

The analyses were performed using the R programming language, version 4.3.1 [27].
Since the data were collected over the span of 21 years, and not all the accessions had the
same number of replications during the experimental trials, and the analysis was carried
out under the assumption it was a longitudinal study. As previous works [28,29] suggest,
a Linear Mixed Model was used with the package nlme, which employs the Laird—Ware
form [30-32] of the mixed model shown in Equation (1):

Yij =Xp; + Zuj + ejj (@)

Yj; is the observed phenotype at the ith year and at the jth accession; 3; is the vector
of the fixed effect coefficient for the year ith; y; is the effect of the jth random variable (the
accession, in this work also called the “genotype” or “cultivar”); e; is the error for the
observation at the ith year and at the jth accession; and X and Z are matrixes for the effects.
The equation has been performed individually for each trait under investigation.

Following the code available in Philipp et al. [28], the outliers have been pinpointed
and eliminated from the dataset. The code has been slightly changed since, in this work,
the R package nlme was used instead of asreml. The workflow was divided in two steps:
(1) year effect and year-specific error variance were obtained from Equation (1) and used
to calculate the coefficient of variation, and (2) then Equation (1) was adjusted based on
the data just obtained, by assuming accession as the fixed effect and year as the random
effect. The Bonferroni-Holm test was then applied to scan for outliers. The normality of the
data was tested with the package nortest [33] and the Anderson-Darling test for normality.
Skewness and kurtosis were calculated with the package psych [34,35].

The Best Linear Unbiased Estimates (BLUEs) of the phenotypic data, after outlier
elimination, were calculated exploiting the R package polyqtIR [36].

The R package sommer [37] was used for the calculation of heritability, following
Cullis” heritability model shown in Equation (2):

BLUP
H2 gy = 1 — 22 2
Cullis = 1 = 573 ()
8
where vB-UP is the mean variance of difference between genotypic BLUPs, while Gé is the

genetic variance of the accession. Principal Component Analysis (PCA) was performed
using the R packages factoextra and FactoMineR [38].

2.4. Acquisition and Preparation of Bioclimatic Data

Bioclimatic data were collected from ClimatologyLab (https://www.climatologylab.
org, accessed on 1 February 2024). From the available datasets, TerraClimate was se-
lected [39]. For this study, only three climatic parameters were selected: minimum temper-
ature (Tmin, in °C), maximum temperature (Tmax, in °C), and precipitation (Ppt, in mm).
The climatic data were downloaded as raster files in .TIF format.

To produce the digital map and extract the required data, the software QGIS, ver-
sion 3.36 “Maidenhead” (https://qgis.org, accessed on 1 February 2024), was utilized. For
this work, a project was created in which all the rasters for the selected bioclimatic variables
were collected and divided into groups based on the type of variable. The ED50/UTM zone
32N (authority ID: EPSG: 23032) Coordinate Reference System (CRS) was selected for this work.

For each bioclimatic variable, one layer for each year spanning from 2002 to 2023 was
loaded into the project. A total of 66 raster layers for the bioclimatic data were added
to the map. Experimental sites were included in the QGIS project using a dataset in .csv
format. For each site, the latitude and longitude coordinates were provided. Due to the
availability of the experimental sites, but not the precise location coordinates in degrees,
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the latitude and longitude were set at the nearest town or village, which was used as a
reference location for the projects considered in this study. After loading the dataset for
the locations, a new points vector layer was added to the digital map. These points were
used to collect Tmin, Tmax, and Ppt for each considered location and for each year from
2002 to 2023. Before extracting the desired data, all the loaded layers were reprojected to
the project CRS, using the “Warp” option (for rasters) and “Reproject layer” (for vectors) in
QGIS. The ED50/UTM zone 32 CRS was selected. The Point sampling tool plugin was used
to extract the climate data from the obtained digital map. With this plugin, a GeoPackage
(.gpkg) file was obtained for each bioclimatic dataset, represented as a new point vector
layer on the map—one layer for each Tmax, Tmin and Ppt. These new data points contain
both location data and information relative to the given parameter. The final step to obtain
datasets about climate data consisted of extracting the attribute table for each Tmax, Tmin
and Ppt GeoPackage file in a .csv file. For this purpose, the MMQGIS plugin was used
to extract the desired data from the layers. To reduce the amount of raw data, only those
relative to the growing season (from April to October) were selected for each year.

3. Results

The complete dataset, which includes more than 11,000 entries, was manually curated
to eliminate obvious mistakes and select, out of the 209 different experiments, only those
that could be compared to each other and were performed under standard agronomic
management conditions, as described in the Materials and Methods. The final curated
dataset comprises 6592 entries, with 9 phenotypic traits analyzed over a span of 21 years,
from 2002 to 2023, in 17 different locations in Lombardy and Piedmont, both located in
Northern Italy.

The analyses showed great variability among the different cultivars and the different
traits. As can be seen in Table 3 (columns three and five), all the traits, except for the yield,
showed some outliers, ranging from 3 datapoints excluded for flowering-maturity days up
to 42 datapoints excluded for Magnaporthe grisea infection. For each trait, the heritability
and number of experimental years were calculated before and after outlier removal. The
Anderson-Darling normality test, as well as the calculation of skewness and kurtosis, was
conducted after outlier removal.

Table 3. Descriptive statistics of the original and outlier-corrected historical data. # before outlier
removal; © after outlier removal. Pyricularia oryzae is the pathogen responsible for rice blast, Magna-
porthe grisea for neck rice blast and Bipolaris oryzae for brown spot. Norm.test = Anderson-Darling
normality test; TKW = Thousand Kernel Weight.

N. of

N. Total N. Total Norm.test

Trait Years * Entries 2 Heritability 2 Entries P Heritability b (p-Value) b Skewness ®  Kurtosis P
Flowering time 18 6317 0.75 6293 0.86 2.2 x 10716 0.64 0.92
Maturity time 19 6371 0.54 6358 0.71 22 x 10716 0.09 1.43

Flowe“ggl:[am“ty 18 6194 0.46 6191 0.61 12 x 10-13 ~0.03 057

Plant height 19 5531 0.85 5511 0.94 2.2 x 10716 0.65 0.7

Magnaporthe infection 15 3902 0.23 3860 0.39 22 x 10716 1.59 2.65
Bipolaris 16

inbaction 15 2982 0.08 2966 0.41 22 % 10 0.7 0.43
Pyricularia _16

e etion 17 4224 0.23 4202 0.39 2.2 %10 1.31 2.23

Yield 16 2393 0.77 2393 0.77 22 x 10716 -0.39 —0.37

TKW 5 2283 0.89 2216 0.96 22 x 1016 0.41 —0.12

Removing the outliers is a critical step when a huge amount of data collected over a
large timeline is analyzed. Heritability was calculated for all the traits, both before and after
the removal of the outliers (Table 3). In all cases (except yield), the parameter improved
after filtration, especially for brown spot (B. oryzae) infection (from 0.08 to 0.41). Among all
the traits analyzed, pathogen infections showed the lowest heritability, confirming how
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this trait is heavily influenced by both the environment, such as the weather conditions and
location (some regions are more heavily affected by the diseases), and the field treatments.
This is also confirmed by the results reported in Table S2 (Supplementary Materials):
Bipolaris infection is shown to be influenced by some of the experimental sites but not by
the experimental year.

After elimination of the outliers, the Anderson-Darling normality test carried out on the
entire dataset did not suggest the normal distribution of the data (Table 3 and Figure 2, lower
graphs), as confirmed by the skewness and kurtosis, with multiple peaks. The flowering and
maturity time showed the same tendency to have a lower peak in the middle.

The flowering time, maturity time, and flowering-maturity days (Figure 2a—c, upper
graphs) visibly fluctuated in different years, while other parameters such as the plant height
(Figure 2d) were more stable during the years, as expected. This last result is confirmed
by the data shown in Table S2 (Supplementary Materials) where, as for the previously
described Bipolaris oryzae infection, this parameter is not affected by the years of experiment
as it is by the different environments. The yield (Figure 2e) seemed to be more affected by
the location (Figure S1 and Table S2) than by the year of the experiment.
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Figure 2. Graphical representation of the values for the traits analyzed in 21 years of experiments. For

each trait (a-i) in the upper graph, the values of the trait for each experimental season are represented
by dots (with outliers in red). In the lower graph, the frequency (histogram) and density (red line)
distribution after outlier removal are reported. The non-normal distribution of the data is evident.

(a—f) Agronomic and post-harvesting measurements, and (g-i) fungal infection severity.
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Principal Component Analysis (PCA) was used to visualize the relationship among the
traits and their contribution to the overall variability (Figure 3). The results were calculated
using the complete dataset, after removing outliers. The reproductive stages of the plants
(flowering, maturity, and flowering-maturity times) generated most of the variation in the
dataset in the first two dimensions. In the first dimension, the diseases under investigation
accounted for between 15% and 18% of the total variability. The PCA also includes weather
information extracted for each year in each location. Since all the locations are quite close
to each other (Figure 1), there are no big differences between the environment’s weather
conditions, but it is possible to appreciate the great variation in the total rain, minimum and
maximum temperatures during the years (Figure S2): from 2002 to 2023, a slight decrease
in precipitation associated with an increase in temperature (both minimum and maximum)
can be observed. There have been many peaks of high temperature; for example, in 2022
(average maximum temperature in August of 33.08 °C), 2006 (32.41 °C), and 2010 (31.09 °C).
The minimums of the precipitation along the rice-growing season (April to October) were
recorded in 2003 (315 mm), 2004 (333 mm), 2017 (364 mm), and 2022 (376 mm).

max

05

Flo-Mat

Bipolaris contrib

Viagnaporthe

Pyricularia
Maturity

Dim2 (13.5%)

-0.5

Flowering

.0 05 0.0 05 1.0
Dim1 (18.4%)
Figure 3. Percentage of variance for each trait and weather variable in the first two dimensions of the
Principal Component Analysis.

The correlation matrix was calculated using the weather data and from the complete
dataset after removing outliers (Figure 4). The matrix did not show any statistically
significant relationships, but some trends can be observed. For instance, there is a negative
relationship between maturity and total rainfall of the season, as well as between TKW and
plant height. Additionally, the yield and total rainfall are negatively correlated (—0.41).
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Figure 4. Pearson correlation matrix among the variables and the weather data of each year and
location of the trials.

After the BLUEs calculation, a statistical description of the varieties under investi-
gation was performed (Table 4). The variance is particularly high for the plant height,
reproductive stages, yield, and yield-related traits (TKW), while the mode showed results
more comparable to modern commercially available cultivars.

Table 4. Statistical description of the rice accessions held in the collection over the 21 years of
experiments (BLUEs data). St. Dev. = standard deviation; 02 = variance.

Trait

Mean

Median

Min

Max

Mode

St. Dev. o
Flowering time 95.52 94.57 65.90 139.55 90.53 8.27 68.5
Maturity time 152.54 152.84 126.92 183.89 154.87 7.81 61.1
Flowering-Maturity days 57.68 57.85 16.77 94.77 60.77 7.21 52.1
Plant height 90.73 88.41 58.79 137.56 88.76 14.2 203.65
Magnaporthe infection 1.71 1.56 0.01 6.50 0.50 1.10 1.22
Bipolaris infection 1.91 2.11 0.10 5.00 211 0.86 0.74
Pyricularia infection 2.20 2.10 0.10 6.10 2.24 0.74 0.58
Yield 6.51 6.67 1.76 10.74 1.76 1.35 1.84
TKW 31.46 31.46 19.06 47.39 31.06 5.56 30.94

4. Discussion

Historical data are gaining increasing interest in the scientific community for their
potential [40-42]. These studies have already proven fundamental for understanding
the importance of genebanks [28], their data, and the information extracted from them,
especially if associated with genomic data [43].

From this perspective, this work aims to present the collection held in the CREA
genebank in Vercelli, exploiting historical data collected during over 20 years of field
regeneration. To provide a proper description and inference of the general characteristics
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of each cultivar in the collection, outliers were calculated and eliminated. Despite this
step, the Anderson-Darling normality test did not suggest the normal distribution of the
data. The diseases’ distribution and the density of the data are very oddly shaped, but
these results are expected since they are non-continuous data. Regarding flowering and
maturity days, it is possible to see a double high peak with a lower central peak: indeed,
the collection is mainly represented by early or late varieties, with few varieties having a
medium growing cycle.

Even though the distributions of the data were not normal, the heritability after outlier
filtering was quite high for the flowering time (0.86), plant height (0.94), and TKW (0.96).
These results are expected since these traits are under strong genetic control [44]. The
flowering time, connected with the circadian clock and photoperiod sensitivity of the plant,
is one of the first aspects domestication put pressure on, since it was fundamental for
adapting the plant to different environments [3,45,46]. Oryza sativa is a short-day plant,
but it was induced to mutate into a long-day plant to complete its life cycle in European
conditions and be cultivated in the region.

The heritability was medium-high for the yield (0.77). This parameter is ruled by
many genes and loci, but it is heavily influenced by environmental conditions, as inferred
from similar work [41] and confirmed in this study: there is not a detectable influence of the
agronomic year, rather there is a quite remarkable influence by the different environments,
where the genotype influence, or rather the differences in performance of the different
cultivars are quite strong (Table S2).

Regarding the plant height, great variability was observed among the rice cultivars,
with the tendency, driven by the breeding selection, to shorten it over time to avoid lodging.
Ostiglia and Lencino (both cultivars developed in the 1800s) are about 110 cm in height;
among the oldest varieties, Bombon (reaching more than 130 cm), Gigante Vercelli (literally
“the giant of Vercelli”, 128 cm), and Fortuna (126 cm), bred between 1900 and 1930, were
the tallest. Generally, the shortest varieties have been bred in the last 50 years, even if
the decrease in stature is not as dramatic in rice (in the first two dimensions of the PCA
plant height count for 1.60% of the total variability) as in other cereals such as wheat, for
example [47]. An interesting exception is represented by the cultivar Nano, developed
in 1912, which strikingly showed an average height of 55 cm during the years of the
experiments.

The pathogens infection had a peak in the early 2000s: the years 2002 and 2007 had
the highest amount of rain and lowest mean temperature during the rice-growing season.
Rice cultivation in Europe is traditionally performed under constantly flooded conditions,
as in these experiments; therefore, rain should not directly affect yield. However, rain
events are often connected to higher humidity and lower temperature, as can be inferred
from the results presented in Figure 3, which are highly connected with the incidence of
pathogen infections that can consequently impact yield. Fungal susceptibility showed the
lowest heritability in the dataset, 0.39 for Magnaporthe grisea and Pyricularia oryzae, and
0.41 for Bipolaris oryzae. Many genes are well-known to be involved in building resistance
against illnesses [48-50], but much of the plant infection rate seems to be dependent on the
agronomic season, the weather, and the field treatments. The results shown in Table S2
make it possible to infer the same conclusion: rice blast and rice neck blast (P. oryzae
and M. grisea, respectively) are influenced by the experimental year. In general, all three
infectious diseases addressed in this work show how some locations are more prone to the
illnesses: Borgolavezzaro, Ronsecco, Rovasenda, Valle Lomellina and Vercelli. A major part
of the data were collected in Vercelli, so this could explain why this location has shown
to be correlated with most traits. Bipolaris infection is not affected by the year but mostly
by the different environments: this illness is more virulent in certain sites, also depending
on the field treatment (i.e., pesticides) applied and, in this scenario, is influenced by the
genotypes that have different resistance to the pathogen.

Yield and plant height show a pattern similar to Bipolaris: there is no influence by the
agronomic year, but mainly by the environment. Some locations are more fertile naturally
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and in this context it is possible to better appreciate the influence of the different genotypes,
as also confirmed by the high heritability scores for these two parameters.

Dividing the cultivars according to their release period (Figure S3, Supplementary
Materials), a good overview of the collection and its diversity can be appreciated. Ostiglia
(purple dot), selected from Asian material imported in the 19th century, is related to a
long flowering time; Ranghino (pink dot), from 1887, is quite susceptible to rice blast, neck
blast, and brown spot. The first news regarding rice blast (P. oryzae) infections in Italy was
reported in the beginning of 1900, and since then, Italian breeders have worked to produce
new resistant varieties [48,49,51]. The first variety reported to be resistant to rice blast
is Precoce Rossi, developed in 1953. Analyzing the correlation between the continent of
origin and the phenotypic variability for each trait, it is possible to see how the European
group seems the most affected by the illnesses (Figure S4): this group consists mostly
of Italian varieties, many of which are quite old, not yet selected for disease resistance.
Furthermore, this pathogen is known for its rapid evolution, which jeopardizes efforts to
build plant resistance [52,53]. Many accessions from South America, North Africa (Egypt),
and Oceania (Australia) are primarily breeding lines of modern origin and generally show
lower infection rates, as illustrated in the PCA in Figure S4 (Supplementary Materials).

The statistical description of the varieties based on the BLUEs values (Table 4) provides
a good overview of the collection. The variance is high, while the mode and the average are
more in line with the values recorded for currently commercially grown rice cultivars. This
confirms the great variability of the collection, mainly due to the performance of the old
varieties. Further variability could be ascribed to the influence of environmental conditions
(Figure S1 and Table S2 in Supplementary Materials), especially for the reproductive
stages, plant height, and yield. Regarding the pathogen infections, the collection showed a
medium-low average value (Table 4). A possible explanation could be that almost half of
the collection is composed by varieties developed in the last 40 years, when breeding was
heavily focused on finding solutions against pathogens.

The PCA highlights how infectious diseases, maturation time, flowering time, and
temperature are the inputs that provide most of the variability in our dataset. As expected,
yield is negatively correlated with late flowering and maturity and infectious disease
severity. Although the TKW does not significantly contribute to the overall variability, it
can be related to the yield, a fundamental trait of agronomic interest. Yield is proven to be
severely affected by infectious diseases that can harm the plants in the field. It is estimated
that up to 30% of the global annual rice production is lost due to plant pathogens [19].

The Pearson correlation matrix does not provide any statistically significant correlation,
but some trends are visible: between plant height and TKW, and between maturity time
and total rain in the agronomic season. The latter trend could be due to the decrease in
temperature caused by heavy rains, which increases the time needed for completing the
life cycle.

5. Conclusions

The aim of this work was to shed light on the potential of our genebank, its diversity,
and the breeding treasure it can represent, especially when historic and easy-to-access data
are curated. The collection was found to exhibit great variability for the traits analyzed, the
period of development (ranging from 1829 to 2020), the genetic diversity, and the pheno-
typic performance in field. Some experimental sites have proven to be more productive
and less prone to some illnesses, while the influence of the genetic background was always
quite strong: the most resistant varieties are the most recent ones (within the last 40 years).
The most productive varieties (more than 8 tons/ha) are Baldo, the best among the Italian
varieties, and Handao 297 (a Chinese cultivar), the best performing within all the collection.

This study is a valuable source for future multi-environment analysis and, strength-
ened by the multitude of traits recorded, for multi-trait and selection models analysis.
Furthermore, this approach could form the basis for developing a common protocol for
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genebank data analysis, making it easier and faster for other research centers, even with
other plants under investigation, to perform similar analyses.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/agronomy14071379/s1. Table S1: List of the 674 rice accessions
used in this study, identification code, name, country of origin (coded by the ISO country code),
species and release period. Table S2: Results of the Linear Mixed Model used for outlier correction.
All the calculations are performed before outlier removal on the entire raw dataset. In the upper
part of the table are shown the results of the Linear Mixed Model used in the outlier calculation
where the year of experiment is used as the fixed effect and the genotype as the random effect. In the
lower part of the table are presented the results of the Linear Mixed Model where the experiment
location is used as the fixed effect and the genotype as the random effect. Bipolaris infection was
not measured in all the environments: missing data are indicated with “No data” label in the table.
Thousand Kernel Weight (TKW) was measured just in one location (Vercelli), hence the Linear Mixed
Model with sites as the fixed effect was not performed. The random variable is written in italics.
*p <0.05; ** p < 0.01; ** p < 0.001. Figure S1. Graphical representation of the row data for each
trait collected in each experimental site (upper) and of the regression for the Linear Mixed Model
(Equation (1) in the main text) with year as fixed effect (lower). All the calculations were performed
before outlier correction. The barplots show, for each trait, the values for each experimental site.
For these visual representations, only genotypes sown in at least 3 different environments were
considered. The results of the Linear Mixed Model are reported in Table S2. The TKW barplot is not
shown since all the data were collected in only one location, Vercelli. Figure S2. The graphs show
the total rain in the agronomic season (in mm), maximum temperature and minimum temperature
(both in Celsius), average of all the locations considered, for the 21 years of experiments. Figure S3.
Percentage of variance for each trait in the first two dimensions of the PCA, where the cultivars have
been grouped by the period of development. Figure S4. Percentage of variance for each trait in the
first two dimensions of the PCA, where the cultivars have been grouped by the continent of origin.
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