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Abstract

In breeding for disease resistance, the magnitude of the genetic response is difficult to
appreciate because of environmental stresses that interact with the plant genotype. We dis-
cuss herein the fundamental problems in breeding for disease resistance with the aim being
to better understand the interactions between plant, pathogen, and spatial patterns. The
goal of this study is to fine tune breeding decisions by incorporating spatial patterns of such
biotic factors into the definition of disease-occurrence probability. We use a preexisting sta-
tistics method based on geostatistics for a descriptive analysis of biotic factors for trial qual-
ity control. The plant-population structure used for spatial-pattern analysis consists of two
F1-hybrid cultivars, defined as symptomatic and asymptomatic controls with respect to the
studied pathogen. The controls are inserted at specific locations to establish a grid arrange-
ment over the field that include the F1-hybrid cultivars under evaluation. We characterize
the spatial structure of the pathogen population and of the general plant environment—with
undetermined but present abiotic constraints—not by using direct notation such as flower
time or rainfall but by using plant behavior (i.e., leaf symptom severity, indirect notation).
The analysis indicates areas with higher or lower risk of disease and reveals a correlation
between the symptomatic control and the effective level of disease for sunflowers. This
result suggests that the pathogen and/or abiotic components are major factors in determin-
ing the probability that a plant develops the disease, which could lead to a misinterpretation
of plant resistance.

Introduction

Plants are in constant interaction with the surrounding environment, and the abiotic and biotic
stresses or promoters make any plant response or behavior (regarding their genetic makeup)
highly specific to their location and therefore hard to generalize. The accurate selection of desir-
able genotypes based on phenotype observations can be restricted by environmentally depen-
dent trait expression, which causes non-heritable variations and prevents plants from expressing
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their full genetic potential [1, 2]. In fact, improving crop productivity partially means improving
tolerance or resistance to these environmental stresses [3]. Stresses caused by environmental fac-
tors could be related to suboptimal climatic and/or edaphic conditions that impair growth and
fitness; these are referred to as abiotic stresses [4]. Several examples of breeding for abiotic-stress
tolerance may be found and concern mainly drought and salinity, which are the primary causes
of crop loss worldwide [2, 5]. In addition, environmental stresses could be biotic factors, includ-
ing pathogen pressures, which play an important role in limiting yield. In sunflower (Helianthus
annuus L.) production, fungal pathogens (including oomycetes) bear a critical responsibility in
large yield losses and indeed are fully integrated in breeding programs, with the case of phomop-
sis stem canker or downy mildew being prime examples [6, 7]. Leaf senescence is a crop stage of
interest when a crop development is observed. Leaf senescence, plant response that is basically
governed by the developmental age is also influenced by various internal and environmental sig-
nals that are finally integrated into the age information. Among these environmental factors,
including the main abiotic stress of sunflower (heating stress, drought, and nutrient deficiency),
pathogen infection is one of them and Verticillium, a “turgor reducer” increase senescence
process [8, 9]. Strategies to breed for disease resistance may be (i) pragmatic breeding (direct
selection), (ii) marker-assisted breeding and genomic selection or, more recently, (iii) effector-
assisted breeding; all are combined with selection based on phenotypic information [10, 11].
Host genes involved in resistance and tolerance to environmental factors are still a famous strat-
egies for environmental stress management. In sunflower, several genes have been found to
directly or indirectly be involved in various interaction leading to resistance. Sunflower leaf
senescence is actively studied as well as sunflower resistance to downy mildew [7, 12]. Environ-
mental variance results in plants or experimental plots varying even when they are genetically
uniform and have received the same treatment [13]. Abiotic stress can reduce or enhance sus-
ceptibility to a biotic pest or pathogen and vice versa. Among the most interactive abiotic stresses
that contribute to plant-disease development are high temperature and humidity, which affect
pathogen growth and modify disease resistance in plants [14].

Recording plant-disease phenotypes involves, in addition to recording the biotic parameters
of the studied pathogen, recording both the environmental stresses that increase plant predis-
position to the given disease and the environmental stresses that directly interact with the
pathogen. It can indeed modulate symptom expression of the disease and thus affect host-
pathogen interaction (Fig 1, in red). Deciding how to breed plants for disease resistance
requires knowledge of the type and magnitude of all environmental variations that limit dis-
ease expression; the specific interaction narrows the link between pathogen and plant genetics,
as indicated schematically by the black zone in Fig 1.

The case of soilborne pathogens is interesting because they directly interact with the envi-
ronmental factors of the rhizosphere and are also indirectly affected by the phyllosphere
through changes in plant metabolism [15].

The spatial organization of host and pathogen populations may be critical in determining
patterns of disease occurrence and dynamics. Disease phenotyping is done either through
field-plot research in naturally infested fields with a disease history or by artificial inoculation
[16]. One problem related to the screening for resistance against the soilborne fungi is the dis-
tribution of the pathogen, which is not always uniform across the fields. Two phenomena
explain this non-random distribution: (i) soilborne pathogens tend to occupy a patchy distri-
bution that results mainly from the primary inoculum survival pattern [17], and/or (ii) soil-
borne pathogens have limited dispersal capabilities [18]. Lower pathogen pressure at particular
locations in a field may lead to misinterpretations of the presumed plant response [19].

A large collection of spatial statistical techniques exist for integrating the effects of environ-
mental variation or to explore the structure of plant-pathogen interactions. A classical
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Environment

Fig 1. Representation of the complex relation leading to disease. The plant evolves in an environment (in
gray) described by abiotic and biotic parameters (light gray and dark gray, respectively). The disease
phenotype in the field is the result of the interaction of a plant with a pathogen in a specific environment (in
red). The pathogen first evolves in a microbiome, in interaction with other microbes that can promote or
decrease the virulence. The abiotic conditions interact with plant growth and plant defenses but also with
pathogen virulence. In breeding (Br), the plant disease resistance results from the interaction between the
plant genetics and the specific pathogen. To be generalizable, the other biotic and abiotic conditions, even if
integrated when the resistance gene is discovered, should interact to a lesser extent in the discovery of the
resistance gene.

https://doi.org/10.1371/journal.pone.0181050.g001

approach to minimizing field heterogeneity is to design the experiment to account for the
existing variability [20-22]. Plants are often arranged either homogeneously or in a regular
grid lattice and are confined to the place where they grow. Under such configurations, the
pathogen distribution can be analyzed by simply plotting in absolute coordinates the spatial
pattern of the disease status of sample plants. A classic way to deal with local spatial variation is
the use of control plots. Symptomatic genotypes considered as controls can reveal the presence
or absence of favorable conditions (both environmental and pathogenic parameters) for the
disease [19]. This approach, although incomplete, provides good support for investigating the
heterogeneity of pathogen pressure in natural systems.

Geostatistics were first introduced in the mining industry before spreading to many differ-
ent fields, such as geology, meteorology, soil sciences, agronomy, and precision agriculture
[23, 24]. This tool accounts for correlations between data that are not considered by the more
common statistical tools (which generally assume that each datum is independent of all oth-
ers). Geostatistics models spatial dependence by identifying the structural variability via a
semivariogram. It provides an optimal prediction of unrecorded data through kriging methods
by using observations at nearby locations [25, 26]. Many examples of applications in ecology
have been reported, which demonstrates the interest in this tool for studying environment-
dependent variables [27].

In plant pathology, spatial tools are commonly applied [28-30], and this is especially the
case for diseases caused by soilborne fungi. Such an approach focuses on the primary inocu-
lum-distribution patterns. Several examples involving soilborne fungi pathosystems are avail-
able, such as bait plant- Rhizoctonia. solani [31], Lettuce- Sclerotinia minor [32], tobacco
transplant- Phytophtora. parasitica var. nicotianae [33], and wheat-fusarium head blight [34].
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The distribution pattern of Verticillium dahliae propagules was studied for potato [35], cauli-
flower [36], and mint [37].

In this work, we develop a tool for assaying the spatial pattern in plant-pathogen-environ-
ment conditions and discuss the mean spatial linking patterns by evaluating breeding. To doc-
ument the spatial interactions in breeding for disease resistance, we introduce application of
geostatistics technique on novel experimental design. We illustrate this method and demon-
strate its general utility by analyzing a single dataset; namely, a map of leaf symptom severity
in a sunflower field under pathogenic attack by the soilborne fungus V. dahliae. The dataset
was acquired over a two-year span.

Materials and methods
Experimental design

Two fields located south of Toulouse (France, rented by Syngenta for experimental purposes,
with an history of sunflower Verticillium wilt were used to conduct the experiments in the
spring of 2013 and 2014 in two-year rotations with wheat. No artificial inoculation was per-
formed. As far as known, no endanger or protected species in the fields where the experiment
occurred has been reported. No specific permissions were required due to the rental agreement
for experimental purposes that have been conducted using natural pathogen infestation.

The experimental design was a randomized complete block design with nested control
plots with 3 replicates. One block was composed of 24 elementary units including 4 dedicated
to the control plots (considered as spatial diagnostic plots, systematically introduced and filled
with S and AS genotypes), the other 20 were filled with F1-hybrid cultivars non-commercial-
ized with unknown behavior against V. dahliae (Fig 2). The diagnostic plots represented 17%
of the total field area and observations from these plots are treated separately (EPPO Standards
PP1/152). Elementary plots were composed of two stretches of 600-cm-long rows spaced 80
cm apart.
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plot - -
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> I
1 e | 2 6m
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| | 1
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Fig 2. (left) Anillustration of the experimental design with 3 replicates and (right) an example of randomization in one block of one replicate.
Twenty elementary plots are filled with the F1-hybrid cultivars under evaluation and four elementary plots are dedicated to the controls. This specific block is
present x times, where x depends on the number of replicates.

https://doi.org/10.1371/journal.pone.0181050.9002
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Plant genetics

Two commercial sunflower F1-hybrid cultivars were selected as controls for stability and
repeatability in their respective disease expression (based on previous in situ observations) and
for their contrasting responses against the pathogens. They are defined as (i) symptomatic
genotype (S) and (ii) asymptomatic genotype (AS, characterized as a genotype that does not
display any symptoms of disease).

Leaf symptom phenotyping

Methods that appear commonly in the literature were used to determine the phenotype of Ver-
ticillium wilt in a given environment [38], which was recorded at plot scale at two phenological
stages of sunflowers (R5 and R9, [39]): (i) leaf symptom incidence (defined as the percent of
plants with visible symptoms); and (ii) leaf symptom severity. Leaf symptom severity was
determined by phenotyping on a scale from 1 to 9, where the scale corresponds to the symp-
toms displayed by the plant foliage. Leaf symptom severity is expressed as the percent of the
plant height that expresses symptoms: 1 corresponds to no symptoms (i.e., <10% of the plant
height expresses symptoms), each index # in the range 2-8 corresponds to the range of 10(n-
1)% to 101% of the plant height expressing symptoms (e.g., index 3 means that 20%-30% of
the plant height expresses symptoms), and 9 correspond to all the foliage expressing symp-
toms. For the asymptomatic control, leaf discoloration (leaf senescence or symptoms of other
environmental stress) was recorded at the same stages by using the same rating scale (1 to 9
according to the plant-foliage height).

Primary inoculum quantification

Four symptomatic control plots were chosen at random in each field replicate. In each plot,
soil adjacent to three pseudorandomly selected symptomatic plants was sampled from the first
15 cm of soil, and the soil from each plot was then mixed together in a single container. The
propagules in the final 12 samples were then counted. The samples were analyzed by an inde-
pendent laboratory (VEGEPOLYS Innovation Gino Boismorin) and consisted of isolation and
growth in selective media. The results were expressed as the number of microsclerotia per
gram of soil.

Statistical analyses

A preliminary exploration of the spatial variability of the disease within the field was done by
using descriptive statistics on controls adapted to categorical variable (median and histo-
grams). Heat maps showing the level of disease in the symptomatic control plants and of pri-
mary inoculum quantification were used to visualize both the spatial distribution of the
disease and the primary inoculum distribution within the field. The spatial dispersion measure
was calculated by applying the index of aggregation I, to the control plots [34, 40, 41]. Briefly,
the index of aggregation is the ratio of distance to regularity and compares the distance from
the sample of an observed arrangement of disease instances with a sample with complete regu-
larity (i.e., an equal level of disease in each sample):

L=—. (1)

In Eq (1), D is the distance to regularity from the observed samples and E, is the mean dis-
tance to regularity from theoretical random samples. For a random arrangement, we expect
I, = 1 whereas I, > 1 indicates an aggregation of disease instances.
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Geostatistics were applied to all control data. To obtain the best model, various semivario-
gram models were fit to each experimental semivariogram based on the lowest residual sum of
squares and the coefficient of determination. No anisotropy was evident in the directional
semivariograms, so isotropic models were used. The key parameters of a semivariogram,
including nugget variance, sill, and range, were obtained. The degree of spatial dependence,
which gives the proportion of the total variability that is spatially dependent, was calculated
from the ordinate intercept [Cy in Eq (2) is the stochastic variation resulting from experimen-
tal error or variation and is called the nugget variance] of each semivariogram and height of
the semivariogram plateau [in Eq (2), C is the structural variance, which is called partial sill or
sill if Co = 1] [25]:

c=(C-C)/C 2)

The spatial interpolation to unrecorded points was done by using ordinary kriging to create
a continuous surface for the entire study area via the formula

2(x,) = Yo, Az(xy), (3)

where Z(x,) is the estimated value for an unevaluated plot defined by (x, y) coordinates, X; is
the weight assigned to each z(x;), and n is the number of diagnostic plots used to predict the
plot. To obtain F1-hybrid cultivars scores, the coefficient of correlation was calculated between
the symptomatic z(s,,.,) predicted disease values.

Univariate statistics were calculated by using the RGui software. Geostatistical semivario-
grams were calculated with the packages gstat and geoR from RGui [42]. Spatial indices were
calculated by using the software package Spatial Analysis by Distance Indices (SADIE) [40].

Results
Distribution of Verticillium wilt symptoms across the field

Basic assumptions for nonrandom-sampling methods were used and statistics were applied to
both control data. We assumed that the statistics applied regarding the randomization of the
disease pattern due to the natural field infestation [43].

Both in 2013 and 2014, V. dahliae infection and typical disease symptoms (leaf chlorosis
and necrosis, vascular browning) were observed on symptomatic control whereas no symptom
were observed on asymptomatic control. Thus, the pathogen associated with the disease was
present in the fields investigated and the asymptomatic control was appropriate for the disease
under study.

In both 2013 and 2014, 10% (13/128 and 17/138, respectively) of the symptomatic control
plots did not show any visible symptoms (leaf symptom severity index < 3, no interpretation
could be made due to the presence of other environmental stresses leading to leaf discolor-
ation). The median leaf symptom severity indices were 5, and 6 in 2013 (at crop stage 1 and 2)
and in 2014 at crop stage 2. In 2014, disease pressure was greater and the notation for crop
stage 2 was inadequate because it was no longer possible to distinguish the disease symptoms
from symptoms caused by other biotic and abiotic stresses (e.g., leaves with early necrosis).

For 2013 and 2014, descriptive statistics showed a significant variation (P < 0.001) accord-
ing to the x axis for the S control disease evaluation. This highlights the presence of a spatial
gradient in disease expression at the field level. The probability of a plant to have the disease
(including the probability of infection and disease development) was first analyzed by looking
at the scores on control. These analyses detected one area with a higher risk of disease in 2013
(Fig 3A) and one area with a lower risk in 2014 (Fig 3B). The analysis of the primary inoculum
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Fig 3. Heat maps of symptomatic control disease in 2013 (A) and 2014 (B) obtained by using a 1-to-9 scale and primary inoculum quantification in 2014 in
number of microsclerotia per gram of soil (C).

https://doi.org/10.1371/journal.pone.0181050.9003

distribution obtained in 2014 confirmed the presence of V.dahliae in the field investigated and
showed one area with primary inoculum quantification significantly higher than that found at
the other sampling points (Fig 3C). The primary inoculum distribution is nonhomogeneous
within the field, but the patterns of disease observation and primary inoculum distribution are
not correlated, which betrays the effect of multiple parameters on the pattern of the probability
of a plant to be diseased (Fig 3B and 3C).

Analysis of distribution of Verticillium wilt symptoms across the field
based on spatial statistical tools

SADIE analysis confirms the aggregation of all symptomatic-control plants on the assessment
dates (I, > 2, P < 0.01, all cases) and the random distribution of asymptomatic-control plants
(Table 1).

Geostatistics provides similar results. All the symptomatic leaf symptom severity dates were
fit on a semivariogram to determine the spatial structure of the disease expression (Fig 4). For
the year 2013, asymptomatic semivariograms show a weak spatial autocorrelation between AS
samples, but with a very low range of leaf symptom severity indices (<2 in the 1-9 scale). The
expression of the S control disease depended strongly on field location (defined as field coordi-
nates) in 2013: samples separated by less than 3.11 plots (5 m) and 22.51 plots (36 m) were
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spatially autocorrelated at stages 1 and 2, respectively (Fig 4). In 2014, the spatial dependence
was less than in 2013 for samples separated by less than 7.85 plots (12 m).

When looking at kriging-interpolated maps, the spatial dependence of S control leaf symp-
tom severity was spatially visual in 2013 whereas, in 2014, the interpolated disease level at each
field plot appeared very similar, independent of field coordinates (Fig 5). Regarding leaf symp-
tom incidence, a small area of the field exhibited a leaf symptom incidence of less than 70%,
suggesting that the infection probability was not the same at all field coordinates. As no varia-
tion in leaf symptom severity where observed on AS plants (Fig 4A and 4C), information
regarding kriging are omitted. Based on the asymptomatic control, no prematurely induced
senescence was observed. There were no environmental stress that significantly modify expres-
sion of sunflower genotypes across the field. The main potential environmental stresses that
could interact with the Verticillium wilt occurrence were downy mildew and phomopsis attack
(but a fungicide was applied to avoid it).

The predicted symptomatic disease values were compared with the F1-hybrid cultivars
score corresponding to the same plot and positive coefficients of correlation of 0.33 (p-value <
0.001) and 0.08 (p-value 0.0026) were obtained for 2013 (crop stage 2) and 2014, respectively.
Further F1-hybrid evaluation were based on their phenotype evaluation corrected by the
symptomatic extrapolated value at each plot, to fine tuning the effective genetic response to
disease. The case of significant difference observe in the asymptomatic cultivar were not
observed in both year, so no correction regarding its score were applied.

Discussion

It is not easy to measure the environmental variability that an individual plant can encounter
during its life cycle [44]. Disease caused by soilborne fungi depends largely on the spatial pat-
tern of the primary inoculum, and the primary-inoculum distribution depends strongly on
crop practices [17, 18, 45]. Artificial inoculation remains the best option for screening soil-
borne disease [46]. When not applicable on large scales or when the pathogen has to be studied
in a native system, the proposed methodology integrates both pathogen and disease compo-
nents in the breeding evaluation. An original method to phenotype disease caused by soilborne
fungi was developed and consists of the systematic integration of control plots within the field
at fixed locations to cover the evaluation area. A different randomization was applied to simul-
taneously evaluate the symptoms of genotypes as a function of pathogen constraints and
within-field variability. The proposed experimental design provides a first insight into disease-
expression variability [32, 47]. This method also provides temporal information on the spread
of disease (i) over the short term with the implementation of two different phenological stages;
and (ii) over the long term because fields are reused every other year (due to farming practices
and rotation). The disease pattern can thus be fully described both temporally and spatially.

Table 1. Results of spatial analyses of leaf symptom severity of sunflower in fields with Verticillium wilt during 2013 and 2014 seasons based on
distance indices derived from the symptomatic control.

Field (Year) Crop stage
A (2013) 1
1
2
2
B (2014) 1
1

Sunflower genotype Data type Disease severity mean la
S Leaf symptom severity 4.77 2.988****
AS Leaf symptom severity 1.12 1.36
S Leaf symptom severity 5.1 2.329%**
AS Leaf symptom severity 2.12 1.13
S Leaf symptom severity 6.15 3.255****
AS Leaf symptom severity 1.13 0.763

8Index of aggregation with *, ** *** and **** indicate the level of significance P < 0.1, P <0.05, P < 0.01, and P < 0.001, respectively.

https://doi.org/10.1371/journal.pone.0181050.t001
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Fig 4. Semivariograms for asymptomatic control results for 2013 (A) and 2014 (C) and symptomatic control results for 2013 (B) and 2014
(D). Leaf symptom incidences only occurred in 2014. Stage 2 notations were assessed only in 2013. Distances are expressed in plot
length, 1a plots correspond to a distance of 16 meters.

https://doi.org/10.1371/journal.pone.0181050.g004

Spatial-analysis indices were largely applied on primary distribution inoculum, which led
to strong results and unambiguous interpretation [32, 35-37]. A spatial analysis of the disease
severity remains difficult because it encompasses the probability of the infection to occur and
the probability of a plant to develop the disease [48]. The index of aggregation confirms that
field heterogeneity may be estimated with the experimental design used in this study. The best
method to visualize field variability and disease pattern in this study is through geostatistics
that describe the entire area being evaluated. Semivariograms confirm the spatial dependence
of the disease (i.e., disease level depends on plot location).

The introduction of symptomatic control within the field provides a first view of a disease
pattern [35, 49]. According to S-control results, variations in the expression of Verticillium
wilt symptoms appeared in the fields investigated. The infection of each experimental plot was
expressed in terms of degree of infection of its associated interpolated S-control score. This cri-
terion provided additional information on the environmental effects that included the patho-
gen parameters. The coefficient of correlation for 2013 between the S-interpolated score and
the evaluation of F1-hybrid cultivars (0.32) confirms that the disease evaluation must be
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Fig 5. Kriging-interpolated maps for symptomatic control in 2013 (A) and 2014 (B) of leaf symptom severity and leaf symptom incidence. Each color scale is
unique and was systematically adjusted based on the minimum and maximum score obtained. White bands, present at regular distance are the controls
plots from which the interpolation had been done and indeed not integrated in the analysis.

https://doi.org/10.1371/journal.pone.0181050.g005
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interpreted carefully. The difference in disease expression between the S-interpolated score
and the under-evaluation genotypes is likely due to genetic variation in the plants. The ability
to differentiate disease variation caused by plant genetics and pathogen parameters represents
an opportunity to both improve breeding for resistance and obtain knowledge on the patho-
gen. Results from this two-year study allow us to analyze disease variability at the field level
and reveal that microenvironment parameters likely play an important role in disease
expression.

One aspect of V. dahliae remaining to discover is to what extent its genetic makeup is uni-
form over the field, or whether various pathogen strains are present simultaneously, each with
their own patchy distribution [50]. Due to the diversity among different strains of the same path-
ogen and the differential range of selection pressure, the pathogen-population genetics should
be integrated into the disease-management strategy to fully exploit the potential of resistance
sources [51]. This is particularly relevant for the present study because species in the Verticillium
genus are considered asexual, which leads to the question how V. dahliae can be competitive in
the arms race with its hosts [52]. V. dahliae has been shown to be an unusual pathogen in terms
of evolution and adaptability, and different strains that carry differing effector catalogs may co-
occur [53]. The proposed method, which focuses on symptom expression at two different plant
stages, indirectly accounts for the fungal population (the means of individuals at various stages
of their life cycle). The experimental design that enables the visualization of the evolution of
symptoms related to the pathogen in question provides valuable information regarding the
design of plot sampling in subsequent pathogen field diversity studies.

The impact of pathogen-pathogen associations on disease expression has been considered
for a long time and is important for soilborne diseases [54]. The disease-phenotype concept
illustrated in Fig 1 is represented in a hierarchical phenomenon where pathogens often do not
act independently and infection is related to the presence or absence of other microorganisms
[55]. The non-disease-specific method can be applied simultaneously on different pathosys-
tems. The next step is to include several genotypes with different susceptibility levels to several
pathogens. Indeed, the simultaneous implementation of appropriate controls makes it possible
to extend the developed methodology to multiple diseases. Co-geostatistics analyses can then
be applied and tend to crop-disease-complex modeling, which add an additional parameter in
the disease equation—another host pathogenic microorganism. With this method the patho-
gen-pathogen effects can be considered in the phenotype most related to the host-pathogenic
microorganism. In a similar way, the disease-phenotype concept is represented in a hierarchi-
cal phenomenon where infection, which can be driven by abiotic stresses, is also related to
environmental conditions. Regarding the current work on the sunflower model and epidemio-
logical model coupling (SUNFLO_Maladies), the method developed in this work could pro-
vide additional information to implement in the model [56]. The next step is the simultaneous
implementation of crop notation in conjunction with specific abiotic stress and the measure-
ment of environmental heterogeneity (e.g., soil structure in the case of soilborne pathogens, or
temperature and relative humidity) to obtain information on the specific pressure of a patho-
gen or on pressures due to several pathogens.

The proposed method is not expected to capture all factors of a complex spatial pattern in
the evolving environment of a pathogen, but it adds a practical tool that, in combination with
other statistical and biological approaches, should advance research in this field.

Supporting information

S1 File. R Script for model fitting. Each line represents a code to apply on the dataset.
(TXT)
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S2 File. R script for spatial analysis. Each line represents a code to apply on the dataset.
(TXT)

S3 File. Example of a dataset: 2013 Symptomatic control database. The dataset contains the
geographic coordinates of control plot and the disease notation of each plot that will be extrap-
olated using the Kriging method.

(TXT)

S4 File. Field grid for 2013 dataset analysis. The dataset contains the geographic coordinates
for each field plots to draw the field for further extrapolation.
(GRID)

Acknowledgments

Project was supported by French Ministry of Higher Education and Research: CIFRE 2013/
1431, ANRT, http://www.anrt.asso.fr/fr/espace_cifre/accueil jsp.

Syngenta provided support in the form of salaries for authors [HM, JB, VMT], but did not
have any additional role in the study design, data collection and analysis, decision to publish,
or preparation of the manuscript.

Author Contributions

Conceptualization: Héléne Missonnier, JiSu Bang, Jean Daydé, Virginie Mirleau-Thebaud.
Data curation: Héléne Missonnier, Alban Jacques.

Formal analysis: Héléne Missonnier, Alban Jacques, JiSu Bang, Virginie Mirleau-Thebaud.
Funding acquisition: Jean Daydé, Virginie Mirleau-Thebaud.

Investigation: Héléne Missonnier, Alban Jacques, Jean Daydé.

Methodology: Héléne Missonnier, JiSu Bang.

Project administration: Virginie Mirleau-Thebaud.

Resources: Héléne Missonnier, Jean Daydé, Virginie Mirleau-Thebaud.

Software: Hélene Missonnier, Virginie Mirleau-Thebaud.

Supervision: Alban Jacques, JiSu Bang, Jean Daydé¢, Virginie Mirleau-Thebaud.
Validation: Alban Jacques, Jean Daydé, Virginie Mirleau-Thebaud.

Visualization: Jean Daydé, Virginie Mirleau-Thebaud.

Writing - original draft: Héléne Missonnier, Alban Jacques, JiSu Bang, Jean Daydé, Virginie
Mirleau-Thebaud.

Writing - review & editing: Héléne Missonnier, Alban Jacques.

References
1. Fairfield H, Smith M. A discriminant function for plant selection. Annals of Human Genetics. 1936; 7
(3):240-50.

2. Boyer JS. Plant productivity and environment. Science. 1982; 218(4571):443-8. https://doi.org/10.
1126/science.218.4571.443 PMID: 17808529

3. Atkinson NJ, Urwin PE. The interaction of plant biotic and abiotic stresses: from genes to the field. Jour-
nal of experimental botany. 2012; 63(10):3523—-43. https://doi.org/10.1093/jxb/ers100 PMID: 22467407

PLOS ONE | https://doi.org/10.1371/journal.pone.0181050  August 17,2017 12/14


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0181050.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0181050.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0181050.s004
http://www.anrt.asso.fr/fr/espace_cifre/accueil.jsp
https://doi.org/10.1126/science.218.4571.443
https://doi.org/10.1126/science.218.4571.443
http://www.ncbi.nlm.nih.gov/pubmed/17808529
https://doi.org/10.1093/jxb/ers100
http://www.ncbi.nlm.nih.gov/pubmed/22467407
https://doi.org/10.1371/journal.pone.0181050

@° PLOS | ONE

Spatial variability in field: Sunflower Verticillium wilt

10.

1.

12.

13.
14.

15.
16.

17.

18.

19.

20.

21.

22,

23.

24,
25.

26.
27.

28.

29.

Mickelbart MV, Hasegawa PM, Bailey-Serres J. Genetic mechanisms of abiotic stress tolerance that
translate to crop yield stability. Nature Reviews Genetics. 2015.

Mittler R, Blumwald E. Genetic engineering for modern agriculture: challenges and perspectives.
Annual review of plant biology. 2010; 61:443—-62. https://doi.org/10.1146/annurev-arplant-042809-
112116 PMID: 20192746

Sadras V, Trapani N, Pereyra V, Pereira ML, Quiroz F, Mortarini M. Intraspecific competition and fungal
diseases as sources of variation in sunflower yield. Field Crops Research. 2000; 67(1):51-8.

Gascuel Q, Martinez Y, Boniface MC, Vear F, Pichon M, Godiard L. The sunflower downy mildew path-
ogen Plasmopara halstedii. Molecular Plant Pathology. 2015; 16(2):109-22. https://doi.org/10.1111/
mpp.12164 PMID: 25476405

Sadras V, Quiroz F, Echarte L, Escande A, Pereyra V. Effect of Verticillium dahliae on photosynthesis,
leaf expansion and senescence of field-grown sunflower. Annals of Botany. 2000; 86(5):1007—15.

Fernandez P, Paniego N, Heinz RA, Moschen S. Functional approaches to study leaf senescence in
sunflower: InTech Open Access Publisher; 2012.

Kuchel H, Ye G, Fox R, Jefferies S. Genetic and economic analysis of a targeted marker-assisted
wheat breeding strategy. Molecular Breeding. 2005; 16(1):67-78.

YuK, Park S, Poysa V. Marker-assisted selection of common beans for resistance to common bacterial
blight: efficacy and economics. Plant Breeding. 2000; 119(5):411-5.

QiL, Long Y, Ma G, Markell S. Map saturation and SNP marker development for the rust resistance
genes (R4, R5, R 13a, and R 13b) in sunflower (Helianthus annuus L.). Molecular Breeding. 2015; 35
(10):1-15.

Vanderplank JE. Disease resistance in plants: Elsevier; 2012.

Fujita M, Fujita Y, Noutoshi Y, Takahashi F, Narusaka Y, Yamaguchi-Shinozaki K, et al. Crosstalk
between abiotic and biotic stress responses: a current view from the points of convergence in the stress
signaling networks. Current opinion in plant biology. 2006; 9(4):436—42. https://doi.org/10.1016/j.pbi.
2006.05.014 PMID: 16759898

Turner TR, James EK, Poole PS. The plant microbiome. Genome Biol. 2013; 14(209):10.1186.

Postman J, Volk G, Aldwinckle H. Standardized plant disease evaluations will enhance resistance gene
discovery. HortScience. 2010; 45(9):1317-20.

Waggoner PE, Aylor DE. Epidemiology: a science of patterns. Annual Review of Phytopathology. 2000;
38(1):71-94.

Thrall PH, Burdon JJ. Host-pathogen dynamics in a metapopulation context: the ecological and evolu-
tionary consequences of being spatial. Journal of Ecology. 1997:743-53.

Nelson RR. Breeding plants for disease resistance concepts and applications. Breeding plants for dis-
ease resistance concepts and applications. 1973.

Dutkowski GW, Silva JCe, Gilmour AR, Lopez GA. Spatial analysis methods for forest genetic trials.
Canadian Journal of Forest Research. 2002; 32(12):2201-14.

Montarry J, Cartolaro P, Richard-Cervera S, Delmotte F. Spatio-temporal distribution of Erysiphe neca-
tor genetic groups and their relationship with disease levels in vineyards. Eur J Plant Pathol. 2009; 123
(1):61-70.

Schmale Ill DG, Shah DA, Bergstrom GC. Spatial patterns of viable spore deposition of Gibberella zeae
in wheat fields. Phytopathology. 2005; 95(5):472-9. https://doi.org/10.1094/PHYTO-95-0472 PMID:
18943311

Mirleau-Thebaud V, Scheiner J, Dayde J. Influence of soil tillage and Phoma macdonaldii on sunflower
(Helianthus annuus L.) yield and oil quality. Phyton (Buenos Aires). 2011; 80:203—10.

Oliver MA. Geostatistical applications for precision agriculture: Springer; 2010.

Jackson R, Caldwell M. Geostatistical patterns of soil heterogeneity around individual perennial plants.
Journal of Ecology. 1993:683-92.

Cressie N. The origins of kriging. Mathematical geology. 1990; 22(3):239-52.

Rossi RE, Mulla DJ, Journel AG, Franz EH. Geostatistical tools for modeling and interpreting ecological
spatial dependence. Ecological monographs. 1992; 62(2):277-314.

Wu B, Van Bruggen A, Subbarao K, Pennings G. Spatial analysis of lettuce downy mildew using geosta-
tistics and geographic information systems. Phytopathology. 2001; 91(2):134—42. https://doi.org/10.
1094/PHYTO.2001.91.2.134 PMID: 18944386

Thal W, Campbell CL. Spatial pattern analysis of disease severity data for alfalfa leaf spot caused pri-
marily by Leptosphaerulina briosiana. Phytopathology. 1986; 76(2):190—4.

PLOS ONE | https://doi.org/10.1371/journal.pone.0181050  August 17,2017 13/14


https://doi.org/10.1146/annurev-arplant-042809-112116
https://doi.org/10.1146/annurev-arplant-042809-112116
http://www.ncbi.nlm.nih.gov/pubmed/20192746
https://doi.org/10.1111/mpp.12164
https://doi.org/10.1111/mpp.12164
http://www.ncbi.nlm.nih.gov/pubmed/25476405
https://doi.org/10.1016/j.pbi.2006.05.014
https://doi.org/10.1016/j.pbi.2006.05.014
http://www.ncbi.nlm.nih.gov/pubmed/16759898
https://doi.org/10.1094/PHYTO-95-0472
http://www.ncbi.nlm.nih.gov/pubmed/18943311
https://doi.org/10.1094/PHYTO.2001.91.2.134
https://doi.org/10.1094/PHYTO.2001.91.2.134
http://www.ncbi.nlm.nih.gov/pubmed/18944386
https://doi.org/10.1371/journal.pone.0181050

@° PLOS | ONE

Spatial variability in field: Sunflower Verticillium wilt

30.

31.

32.

33.

34.

35.

36.

37.

38.
39.
40.

M,

42.
43.
44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Turechek W, Madden L. Spatial pattern analysis of strawberry leaf blight in perennial production sys-
tems. Phytopathology. 1999; 89(5):421-33. https://doi.org/10.1094/PHYTO0.1999.89.5.421 PMID:
18944756

Gilligan C, Simons S, Hide G. Inoculum density and spatial pattern of Rhizoctonia solani in field plots of
Solanum tuberosum: effects of cropping frequency. Plant Pathology. 1996; 45(2):232—44.

Dillard H, Grogan R. Relationship between sclerotial spatial pattern and density of Sclerotinia minor and
the incidence of lettuce drop. Phytopathology. 1985; 75(1):90—4.

Ferriti D, Mitchell D. Influence of initial density and distribution of inoculum on the epidemiology of
tobacco black shank. 1986.

Oerke EC, Meier A, Dehne HW, Sulyok M, Krska R, Steiner U. Spatial variability of fusarium head blight
pathogens and associated mycotoxins in wheat crops. Plant Pathology. 2010; 59(4):671-82.

Smith V, Rowe R. Characteristics and distribution of propagules of Verticillium dahliae in Ohio potato
field soils and assessment of two assay methods. Phytopathology. 1984; 74(5):553-6.

Xiao C, Hao J, Subbarao K. Spatial patterns of microsclerotia of Verticillium dahliae in soil and Verticil-
lium wilt of cauliflower. Phytopathology. 1997; 87(3):325-31. https://doi.org/10.1094/PHYTO.1997.87.
3.325 PMID: 18945176

Johnson DA, Zhang H, Alldredge JR. Spatial pattern of Verticillium wilt in commercial mint fields. Plant
Disease. 2006; 90(6):789-97.

Van Maanen A, Xu X-M. Modelling plant disease epidemics. Eur J Plant Pathol. 2003; 109(7):669-82.
Schneiter A, Miller J. Description of sunflower growth stages. Crop Science. 1981; 21(6):901-3.

Perry J, Bell E, Smith R, Woiwod |. SADIE: software to measure and model spatial pattern. Aspects of
Applied Biology. 1996; 46:95-102.

Perry JN. Simulating spatial patterns of counts in agriculture and ecology. Computers and Electronics in
Agriculture. 1996; 15(2):93-109.

Ribeiro PJ Jr, Diggle PJ. geoR: A package for geostatistical analysis. R news. 2001; 1(2):14-8.
Jay V. Sampling and geostatistics for spatial data. 2002.

Roy J, Caldwell MM, Pearce RP. Exploitation of environmental heterogeneity by plants: ecophysiologi-
cal processes above-and belowground: Academic Press; 2012.

Harrington M, Dobinson K. Influences of cropping practices on Verticillium dahliae populations in com-
mercial processing tomato fields in Ontario. Phytopathology. 2000; 90(9):1011-7. https://doi.org/10.
1094/PHYTO.2000.90.9.1011 PMID: 18944527

Gao'Y, Zitter TA, Veilleux RE. Verticillium Wilt in Solanaceous Crops. Plant Breeding Reviews: John
Wiley & Sons, Inc.; 2010. p. 115-44.

Wilkinson L, Friendly M. The history of the cluster heat map. The American Statistician. 2009; 63(2).
Sharma PD. Plant Pathology: Rastogi Publications; 2014.

Xiao C, Subbarao K, Schulbach K, Koike S. Effects of crop rotation and irrigation on Verticillium dahliae
microsclerotia in soil and wilt in cauliflower. Phytopathology. 1998; 88(10):1046-55. https://doi.org/10.
1094/PHYTO.1998.88.10.1046 PMID: 18944816

Daayf F. Verticillium wilts in crop plants: Pathogen invasion and host defence responses. Canadian
Journal of Plant Pathology. 2015; 37(1):8—20.

McDonald BA, Linde C. The population genetics of plant pathogens and breeding strategies for durable
resistance. Euphytica. 2002; 124(2):163-80.

Seidl MF, Thomma BPHJ. Sex or no sex: Evolutionary adaptation occurs regardless. BioEssays. 2014;
36(4):335-45. https://doi.org/10.1002/bies.201300155 PMID: 24531982

de Jonge R, Bolton MD, Kombrink A, van den Berg GC, Yadeta KA, Thomma BP. Extensive chromo-
somal reshuffling drives evolution of virulence in an asexual pathogen. Genome research. 2013; 23
(8):1271-82. https://doi.org/10.1101/gr.152660.112 PMID: 23685541

Park D. The ecology of soil-borne fungal disease. Annual Review of Phytopathology. 1963; 1(1):241—
58.

Malpica JM, Sacristan S, Fraile A, Garcia-Arenal F. Association and host selectivity in multi-host patho-
gens. PloS one. 2006; 1(1):e41.

Mestries E, Desanlis M, Aubertot J, Debaeke P. Une approche intégrée pour prendre en compte les
effets de la variété, de la conduite et de I'environnement sur 'incidence et la sévérité des maladies de
fin de cycle du tournesol. 2015.

PLOS ONE | https://doi.org/10.1371/journal.pone.0181050  August 17,2017 14/14


https://doi.org/10.1094/PHYTO.1999.89.5.421
http://www.ncbi.nlm.nih.gov/pubmed/18944756
https://doi.org/10.1094/PHYTO.1997.87.3.325
https://doi.org/10.1094/PHYTO.1997.87.3.325
http://www.ncbi.nlm.nih.gov/pubmed/18945176
https://doi.org/10.1094/PHYTO.2000.90.9.1011
https://doi.org/10.1094/PHYTO.2000.90.9.1011
http://www.ncbi.nlm.nih.gov/pubmed/18944527
https://doi.org/10.1094/PHYTO.1998.88.10.1046
https://doi.org/10.1094/PHYTO.1998.88.10.1046
http://www.ncbi.nlm.nih.gov/pubmed/18944816
https://doi.org/10.1002/bies.201300155
http://www.ncbi.nlm.nih.gov/pubmed/24531982
https://doi.org/10.1101/gr.152660.112
http://www.ncbi.nlm.nih.gov/pubmed/23685541
https://doi.org/10.1371/journal.pone.0181050

