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Resource Announcement
Plants live in association with diversified communities of microorganisms that promote

their growth and contribute to their resistance to microbial pathogens and insect pests and to
their tolerance to abiotic stressors, including drought (Hacquard et al. 2017; Hardoim et al.
2015; McLaren and Callahan 2020; Ngumbi and Kloepper 2016; Pineda et al. 2017). The
increasing needs of humanity for food supply, the need to reduce fertilizer and pesticide use
to protect human and environmental health, and the threats of climate change and disease
emergence all provide incentives to use microorganisms to promote crop growth and health
(Busby et al. 2017; D’Hondt et al. 2021; Toju et al. 2018). One of the challenges currently
facing us is discovering and identifying microbial strains or consortia capable of alleviating
biotic and abiotic stresses, and integrating them into crop management (Berg et al. 2017;
Poudel et al. 2016).

Addressing this challenge is crucial in the case of European cultivated grapevine
(Vitis vinifera L.) because this emblematic crop is a very heavy user of phytosanitary products
(mainly copper, sulfur and synthetic chemical fungicides targeting leaf diseases). Strength-
ening microbial biocontrol of grapevine leaf diseases by stimulating the microbiota naturally
present in vineyards or by inoculating new microorganisms (Bartoli et al. 2020) could reduce
viticulture reliance on chemical fungicides. However, this nature-based solution (Maes and
Jacobs 2017) will only be effective and sustainable if microbial antagonisms are resilient to
microclimatic and climatic variations and associated changes in vine physiology. This is why
vine–pathogen–microbiota interactions should be studied under a range of abiotic conditions.
Powdery mildew is one of the grapevine leaf diseases for which the use of chemical fungicides
must be reduced. It is caused by the ascomycete fungus Erysiphe necator (Armijo et al. 2016;
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Fig. 1. Sampling design. Two grapevine varieties (Cabernet-Sauvignon [CS] and Regent [RE]) were subjected to a combination of biotic stress
(pathogen inoculation) and abiotic stress (drought) in a controlled experiment. Plants were placed on an automated minilysimeter greenhouse
platform with continuous weighing of the pots (picture on the left). The water stress was induced by stopping irrigation on two different dates and
was monitored using leaf water potential (see text for details). The leaf microbiota was characterized for 108 inoculated samples, corresponding to
2 grapevine varieties (RE or CS) × 3 drought treatments (well-watered [WW], moderate drought [MD], or severe drought [SD]) × 3 individuals × 6
sampling dates (3, 6, 9, 13, 17, and 21 days postinoculation [dpi]). We also collected 18 control leaf samples, corresponding to 2 grapevine varieties
(RE or CS) × 3 drought treatments (WW, MD, or SD) × 3 individuals, on a single date (corresponding to 6 dpi). These control samples were not
inoculated with the pathogen. An additional inoculated leaf sample was collected for the CS variety in the SD treatment at 17 dpi, increasing to 127
the total number of leaf samples.

Gadoury et al. 2012), an obligate biotrophic pathogen that infects living cells in grapevine
green tissues and then diverts nutrients from the cells without killing them. Although this fun-
gus triggers significant yield losses worldwide, little is known about its interactions with the
grapevine microbiota (Panstruga and Kuhn 2019). Even less is known about the response of
these pathogen–microbiota interactions to the abiotic environment, including drought events
that will increase in frequency and intensity in the coming decades (Spinoni et al. 2018). The
data provided could contribute to filling this knowledge gap.

Here, we provide fungal metabarcoding data associated with powdery mildew leaf le-
sions (caused by inoculation with the pathogen E. necator) as a function of time from in-
oculation, for two grapevine varieties (the partially disease-resistant variety Regent and the
susceptible V. vinifera ‘Cabernet-Sauvignon’) subjected to three levels of drought stress. In
addition to this temporal dataset, we provide a smaller baseline dataset describing fungal
communities in control, noninoculated leaf samples. For both datasets, we provide the raw
fungal metabarcoding data, the amplicon sequence variant (ASV) tables obtained after bioin-
formatic processing, the metadata describing experimental conditions, and the code used
for bioinformatic analysis and descriptive statistical analysis. We performed only simple and
descriptive statistical analyses to highlight the structure of the metabarcoding datasets. We
anticipate that more advanced statistical analyses, in combination with other grapevine mi-
crobiome datasets, might contribute to (i) decipher the interactions between E. necator and
other microorganisms, (ii) assess the relative influence of the grapevine leaf microbiota on the
development of powdery mildew compared with that of plant genetic resistance and drought
stress, (iii) help define the “core mycobiome” of European cultivated grapevine and, more
generally, (iv) understand the responses of microbial communities to multiple environmental
stressors.

Materials and Methods
Experimental design. Plant material and growth conditions. Samples were collected in

a greenhouse experiment (Fig. 1) conducted in June 2016 at the INRAE research center at
Villenave d’Ornon, France (44°47′24.0′′N, 0°34′33.6′′W). Plants of two grapevine varieties—
V. vinifera ‘Cabernet Sauvignon’ (CS, n = 72) and the variety Regent (RE, n = 72)—were
produced and grafted onto the SO4 rootstock at the Reben Sibbus vine nursery (Sasbach
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am Kaiserstuhl, Germany) in 2015. Cabernet-Sauvignon is susceptible to powdery mildew,
like most V. vinifera cultivars (Gadoury et al. 2012), while Regent is a partially resistant hybrid
(Fischer et al. 2004). They were grown in individual 5-liter pots filled with 1 kg of gravel and
4.5 kg of “terre de Couhins” (20% clay, 18% silt, and 62% sand). Plants were placed on
an automated minilysimeter greenhouse platform with continuous weighing of the pots on
individual scales to measure soil water availability and whole-plant transpiration in real time
(Charrier et al. 2018; Dayer et al. 2020). Plants were grown under a natural photoperiod with
average air humidity and temperature of 67.8% and 21.5°C, respectively. Each plant had two
shoots, each carrying approximately eight leaves, at the start of the dry-down experiment.

Watering treatments. All plants were watered to saturation at the end of the afternoon
and drained overnight (i.e. watered to field capacity) the day before the start of the dry-down
experiment (10 May). Each plant was then randomly assigned to one of three different water-
ing treatments. One-third of the plants (n = 24 of each variety) were irrigated to field capac-
ity (“well-watered” plants [WW]), as demonstrated by their predawn water potential (�PD),
which remained close to 0 MPa throughout the experiment. These plants received exactly
the amount of water they consumed each day. The other plants were subjected to one of two
levels of drought induced by stopping irrigation on two different dates, 1 week apart. Irrigation
was stopped on 11 May to establish a “severe” drought stress (SD) for the second third of
the plants (n = 24 of each variety). This SD was characterized by a mean �PD = −0.4 MPa
for both varieties at the time of inoculation with the pathogen (1 June) and a final �PD rang-
ing from −1.61 to −2.05 MPa in RE and CS, respectively. The irrigation of the last third of
the plants was stopped 1 week later, on 17 May, to induce “mild” drought stress (MD) with a
mean �PD = −0.10 and −0.23 MPa at the time of the pathogen inoculation and a final �PD
of −1.2 to −1.6 MPa in RE and CS, respectively.

Pathogen inoculation. For each drought treatment (WW, MD, and SD), each plant was
randomly assigned to one of two levels of pathogen exposure. Half the plants were inoculated
with E. necator on 1 June, 3 weeks after the start of the dry-down experiment. The plants
were then at the 10-leaf stage. The strain used for inoculation was isolated from an infected
Cabernet-Sauvignon leaf collected from a plant production greenhouse (INRAE, La Grande
Ferrade). This strain was then propagated on Cabernet-Sauvignon leaves placed adaxial-
side-up on agar (20 g liter–1) containing benzimidazole (30 mg liter–1) in Petri dishes, until
enough inoculum was obtained, as described by Delye and Corio-Costet (1998). To obtain
a homogeneous spore distribution on the leaves used as source of inoculum for the exper-
iment, conidia were blown within a settling tower placed above the source inoculum leaves,
as described by Cartolaro and Steva (1990) and Calonnec et al. (2018). Leaves of the ex-
periment were inoculated by gently touching a source inoculum leaf with a cotton swab, then
the leaf to be inoculated with the cotton swab. The same pressure was exerted on the swab
for each inoculation to standardize the number of spores transferred (108 conidia per inocu-
lation point, on average). We inoculated seven leaves per shoot, with six inoculations per leaf
(Fig. 2A). The other half of the plants (hereafter referred to as control plants) were not inoc-
ulated and were treated with a chemical fungicide (tebuconazole, 0.02 g/liter, Corail; Bayer
CropScience) on 23 May. The fungicide treatment prevented E. necator infections in the con-
trol plants (especially in the highly susceptible Cabernet-Sauvignon plants), because control
and inoculated plants were randomly placed in the same greenhouse and in close proximity.
If we had not applied the fungicide, the control Cabernet-Sauvignon plants would have been
naturally infected with E. necator and we would not have been able to maintain two levels
of pathogen exposure throughout the experiment. Tebuconazole is a 1,2,4-triazole fungicide,
like penconazole, which is known to have little effect on grapevine foliar fungal communities
(Perazzolli et al. 2014). Nevertheless, we cannot exclude the possibility that the fungicide ap-
plication altered the microbiota of the control plants. Therefore, we did not sample the leaves
of the control plants immediately after the fungicide treatment. We let 15 days pass so that the
microbiota could reassemble after the disruption caused by the fungicide treatment (control
leaves were collected on 6 June).

Leaf sampling. In total, 127 leaf samples were collected during the experiment (Fig. 1).
Leaf disks were collected from leaves of the same age on three inoculated plants per variety
and per drought treatment, on six dates (3, 6, 9, 13, 17, and 21 days postinoculation [dpi]). For
each date, the 3 sampled plants were chosen randomly among the 12 inoculated plants rep-
resenting the variety–drought treatment combination. One disk of 1 cm in diameter, centered
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Fig. 2. Variation in foliar fungal community richness after inoculation with powdery mildew (Erysiphe
necator). A, Photograph of a Cabernet-Sauvignon leaf just after inoculation. Black circles indicate the six
inoculation points. B, Temporal variations in fungal community richness after inoculation with E. neca-
tor. Community richness was defined as the number of amplicon sequence variants (ASVs) per sample.
The effect of time (measured in days postinoculation [dpi]) was significant (Supplementary Table S2A),
according to a negative binomial generalized linear model followed by a type II analysis of variance.
Letters indicate the results of pairwise Wilcoxon rank sum tests with a Benjamini-Hochberg correction
for multiple testing. Richness was estimated for the residential fungal community (i.e. the fungal com-
munity without the inoculated pathogen species, E. necator). Data from the two vine varieties and the
three drought treatments were pooled because these two factors had no effect on residential community
richness (Supplementary Table S2A).

on an inoculation point (Fig. 2A), was collected from each chosen plant on each date with a
sterilized hole-punch in the sterile environment of a MICROBIO electric burner (MSEI). The
leaf disk was immediately placed in a 2-ml Eppendorf tube and stored in a dry shipper with
liquid nitrogen. The samples were stored at −80°C in the laboratory until extraction. Disease
stage, defined as sporulating lesion diameter, was assessed visually with a size standard (a
pierced ruler) for each disk. Disease stage was scored from 0 to 4, where 0 = no lesion, 1
= sporulating lesion diameter from 0 to 7 mm, 2 = from 7 to 9 mm, 3 = from 9 to 10 mm,
and 4 = lesion covering the whole disk and extending beyond it. Three samples had necrotic
lesions without spore colonies (they were awarded a score of 7 in the metadata file). They
were removed from the preliminary statistical analyses performed in the present study. Leaf
disks were also collected from three control plants per variety and per drought treatment on
the second sampling date (6 dpi) (Fig. 1). These 3 sampled plants were chosen randomly
among the 12 control plants representing the variety–drought treatment combination.

Total DNA extraction. Leaf disks were ground frozen, at 1,500 rpm, with two 30-s
pulses of a Geno/Grinder, with manual shaking between each grinding step. The plates were
then centrifuged for 1 min at 6,200 rpm. Total genomic DNA was extracted with a plant DNA
extraction kit, as in other studies (Behrens and Fisher 2022). We used the DNeasy Plant Mini
Kit (Qiagen) according to the manufacturer’s protocol, except that samples were subjected to
two rounds of elution with 50 µl of elution buffer (10 mM Tris-HCl and 0.5 mM EDTA, pH 9.0)
each.

Fungal internal transcribed spacer 1 amplification. The internal transcribed spacer 1
(ITS1) region of the fungal ITS ribosomal DNA gene (Schoch et al. 2012) was amplified with
the ITS1F-ITS2 primers (Gardes and Bruns 1993; White et al. 1990). Each primer contained
the Illumina adaptor sequence and a tag (ITS1F: 5′-CAAGCAGAAGACGGCATACGAGATGT
GACTGGAGTTCAGACGTGTGCTCTTCCGATCTxxxxxxxxxxxxCTTGGTCATTTAGAGGAAG
TAA-3′ and ITS2: 5′-AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGC
TCTTCCGATCTxxxxxxxxxxxxGCTGCGTTCTTCATCGATGC-3′, where “x” is the 12-nucleo-
tide tag), making it possible to overcome the need for a two-stage PCR. The PCR mixture
(final volume = 20 µl) consisted of 10 µl of 2× QIAGEN Multiplex PCR Master Mix, 2 µl
each of the forward and reverse primers (0.1 µM final concentration), 4 µl of water, 1 µl of
bovine serum albumen (BSA) at 10 mg ml–1, and 1 µl of DNA template. PCR was performed
on a Veriti 96-well Thermal Cycler (Applied Biosystems) under the following conditions:
initial denaturation at 95°C for 15 min; followed by 35 cycles of 94°C for 30 s, 57°C for 90
s, and 72°C for 90 s; and a final extension phase at 72°C for 10 min. The size and quality
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of the amplification products was checked by electrophoresis in 2% agarose gels with 0.1%
GelRed staining (Nucleic Acid Gel Stain, 10,000×; Biotium, Glowing Products for Science)
and migration for 20 min at 100 V.

We performed amplifications for 6 molecular control samples in addition to the 127 leaf
samples. Each of the two PCR plates carried one negative extraction control, one negative
PCR control, and one positive PCR control. The negative extraction control consisted of a
sample-free tube on the extraction plate, subjected to the same extraction and amplification
procedures as the other samples. The negative PCR control consisted of a sample-free tube
on the PCR plate, subjected to the same amplification procedure as all of the other samples.
The positive controls for PCR consisted of tubes containing DNA from two marine fungal
strains (Candida oceani and Yamadazyma barbieri) unlikely to be present in our samples.
One of the positive PCR controls included 1 µl of DNA at 10 ng µl–1 from C. oceani and the
other included 1 µl of DNA at 10 ng µl–1 from Y. barbieri.

Illumina MiSeq sequencing. PCR products were purified, quantified (Quant-it dsDNA
assay kit; Invitrogen), and used to constitute equimolar pools (Hamilton Microlab STAR robot).
Mean fragment size was determined with a Tapestation instrument (Agilent Technologies).
Libraries were sequenced on one half run of the MiSeq Instrument (Illumina) with the reagent
kit v2 (500 cycles). Sequence demultiplexing (with an exact index search) was performed at
the PGTB sequencing facility (Genome Transcriptome Facility of Bordeaux, Pierroton, France)
with DoubleTagDemultiplexer.

Bioinformatics. The dereplicated sequence files were deposited in the NCBI Sequence
Read Archive (SRA) via the METAGENOTE platform (Quiñones et al. 2020), after the meta-
data file had been checked with the cloud-based tool Keemei (Rideout et al. 2016).

Bioinformatic analyses were performed in Docker v19.03.13 with QIIME2 v2020.8
(Bolyen et al. 2019) and the plugin q2-itsxpress v1.8.0 (Rivers et al. 2018). Fungal ITS1
regions were extracted from the dereplicated dataset with ITSxpress (Rivers et al. 2018). De-
noising, assembly, and chimera removal were performed with DADA2 (Callahan et al. 2016),
with default options for the dada2 denoised-paired function. Because ITS1 regions were ex-
tracted, we did not perform any truncation of the sequences at the 3′ and 5′ ends. Forward
and reverse sequences with a number of expected errors > 2 were discarded. Remaining
sequences were truncated at the first instance of a quality score ≤ 2. Forward and reverse
sequences were assembled if there was at least a 12-nucleotide overlap between them. Sam-
ples were then denoised independently and chimeras were removed with the “consensus”
method. Taxonomic assignments were performed with the latest “developer” version of the
QIIME2-formatted UNITE database (version 04.02.2020) (Abarenkov et al. 2020) and the
feature-classifier function (Bokulich et al. 2018).

We searched for putative contaminants by carefully examining the taxonomic composi-
tion of control samples and using the R decontam package v1.10.0 (Davis et al. 2018), after
transformation of the data into an object interpretable by the R phyloseq package v1.34.0
(McMurdie and Holmes 2013) with the R package qiime2R v0.99.4 (Bisanz 2018) (Supple-
mentary Methods S1). Two methods are available in the decontam package: the “frequency”
method, which assumes that contaminants have a higher frequency in samples with a low
DNA concentration before equimolar pooling, and the “prevalence” method, which assumes
that contaminants have a higher prevalence in negative control samples than in environmen-
tal samples. In our dataset, the DNA concentration of the samples inoculated was significantly
correlated with the number of days since inoculation (Spearman’s ρ = 0.564, P value < 0.001)
and disease stage (ρ = 0.585, P value < 0.001), suggesting that the frequency method might
misclassify fungal ASVs associated with younger and healthier leaves as contaminants, fun-
gal DNA amplification being more difficult in this context. In particular, it was thought that the
frequency method might remove ASVs negatively associated with the pathogen E. necator
(i.e. putative antagonists). Therefore, we used the prevalence method with a stringent thresh-
old (=0.5) that classified all ASVs more prevalent in negative controls than in environmental
samples as contaminants. We also removed putative cross-contaminants by filtering out the
rarest ASVs within each sample. The frequency threshold below which an ASV was removed
was defined as the highest frequency of a noncontrol ASV in a positive control sample. Finally,
samples for which <1,000 sequences were obtained were removed.

Descriptive statistics. All statistical analyses were performed with R v4.2.0 (R Core
Team 2021). We first investigated the effects of vine variety, drought treatment, and their
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interaction on fungal community richness, diversity, and composition in control leaf samples.
Community richness was defined as the total number of ASVs per sample. Community diver-
sity for each sample (i.e. α-diversity) was assessed with the inverse Simpson diversity index.
Compositional dissimilarities between samples (i.e. β-diversity) were assessed by calculat-
ing the Canberra or Pearson distance and visualized in principal coordinate analysis (PcoA)
and nonmetric multidimensional scaling analysis (NMDS), respectively. The combinations of
Canberra distance with PcoA and of Pearson distance with NMDS are the best options for de-
tecting clusters and gradients in community composition, respectively (Kuczinski et al. 2010).
These community properties were calculated on a rarefied dataset. Rarefaction mitigates
sequencing depth artifacts more effectively than other normalization techniques, thereby im-
proving the detection of biological effects, especially when sequencing depth values are low
and heterogeneous between samples (Weiss et al. 2017). The random subsampling of se-
quences (without replacement) was performed with the rarefy_even_depth function of the R
phyloseq package v1.40.0 (McMurdie and Holmes 2013). Generalized linear models (GLMs),
followed by a type II analysis of variance (ANOVA), were used to analyze the effects of vine
variety, drought treatment, and their interaction on community richness and diversity. A neg-
ative binomial GLM with a log link function was used to model richness counts, whereas a
Gaussian GLM with an identity link function was used to model community diversity. Per-
mutational ANOVA (PERMANOVA) was used to analyze the effects of vine variety, drought
treatment, and their interaction on community composition.

Then, we analyzed the effects of vine variety, drought treatment, disease development,
and their interactions on the richness, diversity, and composition of the residential fungal com-
munity (i.e. the fungal community without the pathogen E. necator) in inoculated leaf samples.
All of the ASVs assigned to E. necator were removed before rarefaction and statistical analy-
sis. In silico depletion of reads assigned to a pathogen species is commonly used to assess
the effects of a fungal pathogen on a fungal community (Durán et al. 2021; Jakuschkin et al.
2016). The depletion ensures that changes in community richness, diversity, and composition
are not due to the pathogen itself. The relative abundance of the pathogen (or another variable
representing disease development) can then be used as an explanatory variable for changes
in the fungal community. The statistical methods used were identical to those for control sam-
ples. Three variables were used to describe disease development: the number of days since
inoculation, a visual assessment of disease symptoms (disease stage), and the percentage
of reads assigned to E. necator in the metabarcoding dataset (pathogen frequency). The cor-
relation between these three variables was assessed by calculating Spearman’s correlation
coefficient. The three samples with necrotic lesions without colonies were removed, so that
disease stage represented sporulating lesion size.

Results
Sequence data, ASV tables, and metadata. This Resource Announcement provides

the raw sequence data, together with the raw and filtered ASV tables in QIIME2 format
(Bolyen et al. 2019) and R phyloseq format (McMurdie and Holmes 2013). Summary statistics
for the raw and filtered ASV tables and interactive taxonomic plots (.qzv files) can be viewed
in the QIIME2view interface (https://view.qiime2.org/). In addition, the Resource Announce-
ment provides three rarefied ASV tables in R phyloseq format that were used in the present
study to perform descriptive statistical analyses and could be analyzed in the future with more
advanced techniques.

The raw ASV table (‘table.qza’ and ‘Raw_dataset_ps.RData’) consists of 4,436,907 se-
quences representing 1,909 fungal ASVs distributed in 133 samples (corresponding to 127
grapevine leaf samples and 6 molecular control samples). In brief, the dereplicated se-
quence dataset contained 5,552,444 sequences, with a mean of 41,748 sequences per
sample. The number of sequences per leaf sample ranged from 26 to 96,961. After ex-
traction of the fungal ITS1 region with ITSxpress (Rivers et al. 2018), the dataset contained
4,793,443 sequences. After denoising, assembly, and chimera removal with DADA2 (Callahan
et al. 2016), the dataset contained 4,436,907 sequences, among which DADA2 identified
1,909 ASVs.

The filtered ASV table (‘filtered_dataset_ps.RData’) was obtained by removing putative
contaminants and cross-contaminants, the six molecular control samples, and one leaf sam-
ple with <1,000 sequences. It consists of 4,364,858 sequences representing 1,856 fungal
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ASVs distributed in 126 grapevine leaf samples. The number of sequences per leaf sample
ranged from 1,216 to 86,249, with a mean of 34,642 sequences per sample.

The first rarefied ASV table (‘ps_control_rar.RData’) corresponds to the whole fungal
community in control, noninoculated leaf samples (Fig. 1). The rarefaction threshold was set
to 3,000 sequences per sample according to rarefaction curves (Supplementary Fig. S1A).
The rarefied ASV table represents the distribution of 279 fungal ASVs in 17 grapevine leaf
samples. This table was used in the present study to assess the effects of vine variety, drought
treatment, and their interactions on fungal community richness, diversity, and composition in
control samples.

The second rarefied ASV table (‘ps_inoc_rar.RData’) corresponds to the whole fungal
community in inoculated leaf samples (Fig. 1). The rarefaction threshold was set to 10,000
sequences per sample according to rarefaction curves (Supplementary Fig. S1B). The rar-
efied ASV table represents the distribution of 1,628 fungal ASVs in 95 grapevine leaf samples.
This table was not analyzed in the present study but it could be used in the future to decipher
pathogen-microbiota interactions.

The third rarefied ASV table (‘ps_no_patho_rar.RData’) represents the residential fungal
community (i.e. the fungal community without the inoculated pathogen species, E. necator)
in the inoculated samples (Fig. 1). The rarefaction threshold was set to 3,000 sequences per
sample according to rarefaction curves (Supplementary Fig. S1C). The rarefied ASV table
represents the distribution of 1,510 fungal ASVs in 91 grapevine leaf samples. This table was
used in the present study to assess the effects of vine variety, drought treatment, disease
development, and their interactions on the residential fungal community richness, diversity
and composition.

Finally, in addition to sequence data and ASV tables, this Resource Announcement pro-
vides the following list of metadata for each sample: sample type (leaf sample or molecular
control), DNA concentration before equimolar pool, plant individual, plant variety (CS or RE),
drought treatment (WW, MD, or SD), level of exposure to the pathogen (inoculated or control),
sampling date, days since inoculation at the time of sampling (3, 6, 9, 13, 17, or 21 dpi), and
disease stage (on a range from 0 to 4).

Factors structuring fungal communities in control versus inoculated leaves. Sta-
tistical analyses on control leaf samples (n = 17) revealed that vine variety influenced fungal
community richness, in interaction with the drought treatment (Supplementary Table S1A),
and had a marginally significant effect on fungal community diversity (Supplementary Table
S1B), with a trend toward a higher diversity for the Regent variety (Supplementary Fig. S2).

Statistical analysis of inoculated leaf samples (n = 91) revealed that the richness of the
residential fungal community varied significantly with days since inoculation and had a ten-
dency to increase from 9 dpi (Supplementary Table S2A; Fig. 2B), the time point at which the
first symptoms of E. necator infection appeared. The residential fungal community composi-
tion also changed significantly with days since inoculation (Supplementary Table S2C) but the
effect was small, with days since inoculation accounting for only 1.2% of the variation in com-
munity composition. Similar results were obtained with disease stage or pathogen frequency
instead of days since inoculation, because all three variables were correlated (Supplementary
Fig. S3). These results are not shown here because the best GLM and PERMANOVA models
were obtained with days since inoculation, according to the Akaike Information Criterion (AIC)
and the percentage of variance explained, respectively (Supplementary Table S3).

Future Directions
This Resource Announcement provides a metabarcoding dataset describing the tempo-

ral dynamics of the leaf mycobiome for two grapevine varieties (the partially disease-resistant
variety Regent and the susceptible V. vinifera ‘Cabernet-Sauvignon’) grown in a greenhouse
under controlled biotic and abiotic (i.e., disease and drought) stress conditions. Simple sta-
tistical analysis of this metabarcoding dataset revealed that the mycobiome is structured by
disease development in leaves inoculated with the foliar fungal pathogen E. necator, whereas
it is shaped by grapevine variety in control, noninoculated leaves.

We believe that more advanced statistical analysis of this dataset could contribute to the
development of a general framework of knowledge about the ways in which microbial com-
munities respond to multiple environmental stressors. For instance, the dataset can be in-
cluded in meta-analyses, such as those of the Microbiome Stress Project (Rocca et al. 2019).
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Moreover, it can be combined with other grapevine mycobiome datasets (Barroso-Bergadà
et al. 2021; Fort et al. 2016; Liu and Howell 2021; Varanda et al. 2016) to define the grapevine
core mycobiome, a prerequisite for the development of sustainable viticulture (Toju et al.
2018).

We also expect this dataset to be useful for understanding the role of the leaf microbiome
in the development of grapevine powdery mildew. First, this data may improve our understand-
ing of the pathobiome of E. necator under various drought conditions. Based on differential
abundance analysis methods (Weiss et al. 2017) and advanced methods of microbial network
inference (Barroso-Bergadà et al. 2022; Röttjers and Faust 2018; Tackmann et al. 2019), this
dataset may allow us to generate hypotheses of interactions between E. necator and other
leaf microorganisms. Together with other grapevine microbiome datasets, it may facilitate the
discovery of putative antagonists of powdery mildew, which could be integrated into disease
biocontrol strategies after experimental testing. The strength of this dataset lies in the com-
bination of controlled watering treatments and controlled fungal inoculation, providing insight
into the robustness of antagonistic relationships in a context of climate change. Second, the
dataset can be used to assess the relative influence of plant genetic resistance, drought
conditions, and leaf microbiome diversity and composition on the development of grapevine
powdery mildew. Finally, the combination of this dataset with the physiological and hormonal
measurements performed at the individual plant level in the experiment will shed light on the
roles of plant immunity and plant microbiota in the joint control of plant pathogen development
(Hacquard et al. 2017) for grapevine powdery mildew.

Availability of Data and Materials
The sequence dataset has been deposited in NCBI SRA in bioproject PRJNA678415

(accession numbers SRX9508880 to SRX9508748) (https://www.ncbi.nlm.nih.gov/bioproject/
678415). Bioinformatic scripts and raw and filtered ASV tables in QIIME2 format and R phy-
loseq format have been deposited in Dataverse (https://doi.org/10.15454/KMAU1G). The sta-
tistical analysis scripts and rarefied ASV tables used for the analyses have been deposited in
Dataverse (https://doi.org/10.15454/PL3HWQ).
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