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Abstract 12 

The leaf microbiome plays an important role in plant health and defense. Despite its importance, 13 

how the assembly of the leaf microbial community is modified by environmental conditions such 14 

as nutrient availability remains relatively uninvestigated. Soil nutrient availability may shift the 15 

outcome of microbial interactions within a host individual or influence the pool of microbes 16 

across the plant community. We hypothesized that leaf microbial diversity would increase across 17 

the season as leaves collect additional taxa, and that this seasonal assembly would be sensitive to 18 

nutrient addition. To assess this, we tracked the assembly of the fungal phyllosphere microbiome 19 

of the grass tall fescue (Lolium arundinaceum) in old-field vegetation over the growing season 20 

and experimentally tested whether the seasonality of the microbiome was modified by 21 

experimental addition of soil nutrients. Fungal diversity (Shannon diversity index, richness, and 22 

evenness) increased early in the season, with most metrics saturating before the end of the 23 

season. Community composition as measured by Bray-Curtis dissimilarity also shifted over the 24 

early and mid-growing season. Phylogeny-based machine-learning identified fungal lineages that 25 

were abundant in different seasons, linking seasonal community shifts to their evolutionary 26 

context. Nutrient addition was less important than time of season, but still significantly altered 27 

community composition and interacted with time to influence richness, with lowest richness in 28 

the low nutrient addition plots early in the season. The clear seasonality of the microbiome 29 

provides support for a dynamic phyllosphere microbiome, suggesting further studies 30 

manipulating fungal recruitment over the season. Furthermore, it highlights the robustness of 31 

seasonal assembly to variation in nutrient availability. 32 

Keywords: phenology, microbiome, phyllosphere, fungal community, community 33 

recruitment 34 
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 35 

Introduction 36 

The leaf phyllosphere, which includes the leaf surface and interior, supports a dense and 37 

diverse community of bacteria and fungi, which interact with their hosts and each other to alter 38 

disease and herbivory [1–4] as well as nutrient cycling [5]. A leaf’s microbial community is 39 

shaped by many factors including the soil microbial community, surrounding plant species, 40 

vegetation density, and seasonal environmental and abiotic fluctuations [6–10]. Despite their 41 

importance in plant health and defense, there are still large gaps in our knowledge of the 42 

structure and seasonality of the phyllosphere fungal community, including how the community 43 

assembles and varies over the season under different biotic and abiotic conditions [8, 10–13]. 44 

For most species in temperate zones, the leaf microbiome is reestablished each year and 45 

follows a successional trend. At the beginning of the growing season, many plants begin putting 46 

up new shoots and leaves. The initial, early season microbial community on those leaves is 47 

strongly related to the soil, leaf litter, and rhizosphere microbial community [13, 14]. As the 48 

season progresses, the microbial community changes in response to the environmental conditions 49 

and the influx of new microbes [12]. Later in the season, the leaf community shifts to contain 50 

more leaf-specific taxa and to mirror more closely that of surrounding plants [15]. 51 

Environmental nutrients are one of the abiotic factors that can affect the plant 52 

microbiome. Humans have increased the input of nutrients to terrestrial systems through 53 

fertilization and burning of fossil fuels [16–18], so decoding the nuanced effects of nutrients 54 

across organizational levels is imperative. Nutrient addition can alter the plant tissue nutrient 55 

concentrations and thus the resources available to microbes, which can alter the microbiome 56 

diversity and composition [19–22]. Additionally, host nutrient availability can alter the host 57 
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immune response to different microbes and the outcomes of nutrient-mediated microbial 58 

interactions [7, 23, 24]. Soil nutrients also play an important role in shaping plant communities 59 

and successional dynamics [9, 16, 25], allowing some species to flourish in environments where 60 

other species are unable to compete [26], and by altering the surrounding plant community, 61 

nutrients can indirectly alter sources of microbes for any focal plant [27–29]. Given these diverse 62 

potential effects of nutrient addition on the leaf microbiome and the seasonally dynamic 63 

assembly of leaf microbiota [8, 30], we need to understand the influence of nutrients on seasonal 64 

assembly of the leaf microbiome.  65 

This study focused on the seasonality of the fungal community of the phyllosphere of tall 66 

fescue (Lolium arundinaceum). In addition to transient microbial taxa that are sporadically 67 

present throughout the season, recent research efforts have attempted to characterize the core 68 

microbial community [30–33]. The core community is a set of frequently occurring and abundant 69 

taxa that can be key players in ecosystem or organismal processes [33–36], including increasing 70 

abiotic stress tolerance, promoting growth, and protecting against foliar pathogens [8, 10, 30, 71 

33]. The first core fungal microbiome of tall fescue was documented in 2022 [11]. We built on 72 

that study to quantify the seasonality of the core and complete fungal microbiome across the 73 

growing season and to assess the impact of soil nutrients in structuring the fungal community.  74 

First, we hypothesized that we would see an increase in community diversity throughout 75 

the season. More specifically, we expected that early in the season a core microbial community 76 

would establish that was consistent across replicate plots, then over the season, replicate plots 77 

would diverge in community composition as different plots accumulated different microbial taxa, 78 

increasing total richness and expanding the complete community. Second, we hypothesized that 79 

soil nutrient addition would alter the phyllosphere community, perhaps by shifting within-host 80 
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microbial interactions, or by altering the pool of microbes across the plant community. To test 81 

these two hypotheses, this study evaluated the seasonal leaf microbiome assembly in a field 82 

setting and experimentally tested the influence of soil nutrients on the leaf microbiome. By 83 

assessing seasonal assembly and interactions with soil nutrients, we identified a core community 84 

of taxa that were the major determinants of community composition over space and time, nested 85 

within the complete community that included additional taxa whose presence varied in response 86 

to the season and nutrient addition. 87 

 88 

Methods 89 

Field setup 90 

The experiment was conducted across a single growing season at Widener Farm (Duke 91 

Forest Teaching and Research Laboratory). Widener Farm is an 8-ha old field located in Orange 92 

County, North Carolina that was last cultivated in 1996 [27]. The site is dominated by perennial 93 

grass and shrub species, including tall fescue (Lolium arundinaceum). Tall fescue supports a 94 

diverse assembly of foliar, fungal pathogens that cause epidemics of several diseases over the 95 

growing season, including anthracnose, brown patch, and rust [37, 38]. 96 

In early April of 2021, we primed and germinated tall fescue seed collected from 97 

Widener Farm in 2018 by soaking seeds in water for six hours and then left them out to dry 98 

overnight. We sprinkled the seed onto moist vermiculite and left them in a closed Tupperware 99 

container for 10 days. After that, we haphazardly selected seedlings to transfer to individual pots 100 

filled with MetroMix 360 soil. In the greenhouse, we watered the seedlings three times per week 101 

for eight weeks at which point plants were hardy enough to be moved outside. 102 
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Meanwhile, we staked out 72 1m x 1m plots at Widener Farm in a 6 x12 array. On May 103 

2, 2021, we sprayed every other plot with Roundup ® 360 and the following week covered the 104 

sprayed plots with landscaping fabric to kill all above ground vegetation. This treatment 105 

produced a checkerboard pattern of 36 sprayed and 36 unsprayed plots (Figure S1). Over three 106 

days from May 31 to June 2, 2021, we removed the landscaping fabric and transferred the 107 

seedlings from the greenhouse to the sprayed plots. We planted 12 seedlings in each plot in a 3 x 108 

4 grid.  109 

In a randomized blocked design with three spatial blocks of 12 plots each, we randomly 110 

assigned each plot one of three treatments of 10-10-10 N-P-K Meherrin Fertilizer (no nutrients, 111 

low nutrient addition (5 g/m2), high nutrient addition (10 g/m2)). This yielded four plots of each 112 

nutrient treatment in each block. In October 2021, we mowed the plots, then treated them with 113 

their assigned nutrient treatments before letting them sit undisturbed over the winter. 114 

Sample Collection and Processing 115 

Starting on April 29, 2022, we collected samples from the oldest leaf of three tall fescue 116 

tillers per plot, selected to be equally spaced throughout the plot, to assess the fungal microbiome 117 

of the fescue in the plots. If the oldest leaf was more than 50% chlorotic or necrotic, we collected 118 

from the second oldest leaf instead. Using an office hole punch sterilized with ethanol between 119 

samples, we collected three hole-punches of leaf tissue evenly spaced across the leaf. Hole-120 

punches were taken of healthy tissue or tissue that was partially necrotic or diseased, but not of 121 

fully chlorotic or necrotic tissue. Leaf tissue samples were kept on ice and transported back to 122 

the University of North Carolina at Chapel Hill, about 20 minutes away, where, on the same day, 123 

we surface rinsed the samples by adding 1mL of sterile water to each sample and vortexing for 124 

10 seconds before removing the water and freezing the samples at -80C. To retain epiphytes, 125 
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samples were not surface-sterilized. Samples were collected on four additional sample days 126 

approximately 6 weeks apart (June 7, July 15, August 23, and October 4, 2022) for a total of 180 127 

samples.  128 

We ground the frozen leaf tissue samples in a ball mill (Retsch Mixer Mill) and extracted 129 

DNA with the DNeasy Power Soil Pro Kit (Qiagen) following the manufacturer protocol. We 130 

completed DNA amplification and library preparation and barcoding using the Quick-16S NGS 131 

Library Prep Kit (Zymo Research) and substituted ITS 1-2 (ITS1: 5-132 

TCGTCGGCACGCTCACATGTGTATAAG, AGACAGCTTGGTCATTTAGAGGAAGTAA-3; ITS2: 5-133 

GTCTCGTGGGCTCGGAGATGTGTATAA, GAGACAGGCTGCGTTCTTCATCGATCS-3) primers for the 134 

provided 16S primers. Library preparation was completed on two 96-well plates and five 135 

samples were randomly selected as duplicate controls between plates, yielding 185 samples to 136 

sequence. Samples were submitted to the High Throughput Sequencing Facility (University of 137 

North Carolina at Chapel Hill) where they tested the sample quality (plate 1: 51ng/µl, 392 base 138 

pairs; plate 2: 40.4 ng/µl, 373 base pairs) and sequenced the samples with a NextSeq 2000 P1 139 

(Illumina) paired-end run. 140 

Data Analysis 141 

ITS sequence files were imported, demultiplexed, and denoised with the DADA2 plugin 142 

[39] to Qiime2 [40]. We trimmed the primers from the reads but did not otherwise truncate reads 143 

to a fixed length. Reads were merged into an amplicon sequence variant (ASV) table, and we 144 

removed chimeric ASVs, also with Qiime2. The representative sequences were then 145 

phylogenetically placed on a six-locus fungal reference tree [41] with the Tree-Based Alignment 146 

Selector Toolkit (T-BAS v2.3) [42]. The power of phylogenetic methods largely rests on the 147 

reliability of the phylogeny, which can be uninformative if based on a single locus. T-BAS 148 

reduces uncertainty in the phylogenetic tree because microbiome sequences are placed on well 149 
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resolved multilocus reference trees. Final taxonomic assignments were based on comparing 150 

placement results from T-BAS with assignments from UNITE Version 10.05.2021 [43], RDP 151 

classifier Version 2.13 [44], and BLAST of ASVs against the NCBI non-redundant database 152 

[45](Table S1).  153 

We removed ASVs that were not assigned to the kingdom fungi and further removed 154 

“nonreproducible” ASVs that were not observed at least 25 times in each of at least five samples 155 

[46]. We finally removed samples with <2000 usable reads to remove outlier samples from 156 

further analyses. This filtering reduced the data set to 359 ASVs and excluded 21 of the 185 157 

samples. We compared the read depth of the duplicate samples to confirm limited variation 158 

between the 96-well plate preparations and removed samples of each duplication at random. The 159 

number of reads remaining per sample was saved to use as a representation of sampling effort in 160 

further analyses. All further analyses treated ASVs as taxa. We variance normalized the count 161 

data (DESeq package) [47] for ordination analyses. 162 

To identify the core fungal community, we followed Shade and Stopnisek [31], an 163 

approach based on each taxon’s contribution to community composition, measured by Bray-164 

Curtis dissimilarity. First, to rank taxa as candidates for inclusion in the core, we calculated an 165 

index for each taxon that integrated its temporal consistency and spatial occupancy. We 166 

calculated the spatial occupancy of each taxon as the proportion of plots that the taxon was 167 

present in, for each of the five survey dates, yielding five values of occupancy. We calculated the 168 

temporal consistency of each taxon as 1 if present in all plots on a survey date or 0 if not, for 169 

each of the five survey dates, yielding five values of consistency. The index value for each taxon 170 

was calculated as: 171 

𝐼𝑛𝑑𝑒𝑥!"#$% = (∑𝑆𝑝𝑎𝑡𝑖𝑎𝑙	𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 + ∑𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑙	𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑦)
2=  172 
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Considering both occupancy and abundance allowed us to identify taxa that persisted over time 173 

through environmental disturbance events, such as rain and intense heat, as well as spatially 174 

across a population of plants. To define core membership based on contribution to variation in 175 

community composition, we calculated the mean Bray-Curtis dissimilarity for the complete data. 176 

Next, in an iterative process starting with the taxa in the first index group (i.e. the greatest index 177 

value), we calculated the mean Bray-Curtis (BC) dissimilarity for the subset and determined the 178 

proportion of community dissimilarity explained by the subset of the complete community (1- 179 

(BCcore/BCall)). We then proceeded in descending order to the taxa in the next lower index subset, 180 

each time adding those additional taxa to the taxa in the previous subset (Figure S2). We selected 181 

the cutoff for core taxa as where adding the next occupancy group explained a less than 0.03 182 

difference in proportion of community dissimilarity from the complete community dissimilarity 183 

[31]. We determined the 0.03 cutoff to best describe the core community, but not the rare or 184 

transient taxa, by comparing the R2 values of the Bray-Curtis dissimilarly analysis with the cut 185 

off at 0.01 (R2 = 0.498), 0.02 (R2 = 0.511), 0.03 (R2 = 0.528), and 0.04 (R2 = 0.512). 186 

As metrics of alpha diversity, we calculated Shannon diversity index and taxa richness of 187 

the complete and core communities of each sample. We then calculated evenness as the Shannon 188 

diversity index divided by the natural log of richness for both communities. We used mixed-189 

effect models with fixed effects of sampling depth (number of reads per sample), date (as a 190 

continuous variable), nutrient addition, and the date × nutrient-addition interaction (lme4 191 

package) [48]. We nested plot within spatial block as random intercepts to account for any 192 

spatial correlations [46]. We also log transformed both metrics to reduce heteroscedasticity. We 193 

modeled each metric as a linear and quadratic function of sampling date and compared delta AIC 194 
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(linear - quadratic, positive value indicates that the quadratic model is a better fit and negative 195 

value indicates that the linear model is a better fit) values to determine which best fit the data.  196 

To assess species composition, we conducted a Bray-Curtis dissimilarity analysis 197 

between treatments and sample dates using the variance-stabilized count data for both the 198 

complete and core communities. We ordinated the Bray-Curtis distance matrix to visualize the 199 

community relationships (vegan package) [49]. We then ran a factorial PERMANOVA (vegan, 200 

adonis2) to model the Bray-Curtis dissimilarity values against the interaction of nutrient 201 

treatment and survey date and included sampling depth as a fixed effect. The model was grouped 202 

by plot nested within block to account for spatial correlations in the sampling. We calculated the 203 

dispersion of each sample as the distance from the centroid for that survey date and nutrient 204 

treatment combination (vegan, betadispr). We then modeled the distances as a linear mixed 205 

effect model with a factorial of date and nutrient addition, with sampling depth as an additional 206 

fixed effect and plot nested within block as random intercepts. 207 

Finally, we employed two methods to investigate whether there were specific taxa 208 

correlated with nutrient addition or survey date. First, we conducted an indicator species analysis 209 

(indicspecies package) [50] to analyze the taxa richness by the interaction of nutrient addition 210 

and survey date. Second, we applied machine learning to explore which taxa could discriminate 211 

between (A) the high vs. low nutrient treatments, and (B) the first vs. last seasonal sampling 212 

dates, using PopPhy-CNN, within T-BAS. T-BAS tracks the common ancestry of microbes 213 

because common ancestry can be both informative (e.g. in exploring correlations among traits or 214 

taxa abundances) and a source of confounding variation (e.g. in regression analysis of single and 215 

multiple traits and variables) if not dealt with in microbiome studies [51]. Moreover, 216 

phylogenetic-based methods can be essential to predictive modeling of microbiome data [52].  217 
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PopPhy-CNN applies convolutional neural networks to phylogenetic trees to identify microbial 218 

taxa that can predict system features such as an experimental treatment, location, or time [53]. To 219 

implement this approach, we first placed all ASVs on a reference tree comprising over 2,500 220 

fungal taxa, inferred from multilocus sequence data (Fungi_v3; Accession No. 4D2ZPWQH) 221 

[41]. This reference tree was expanded from a previously published six-gene phylogeny of 214 222 

fungal taxa [54]. As well as assigning many ASVs to taxonomic groups, this phylogenetic 223 

framework allowed us to retain both assigned and unassigned taxa for the CNN model. 224 

Phylogenetic placements were then combined with ASV count data to train the CNN models.  225 

Each model was trained using 10-fold cross validation, an L2 regularization rate of 0.001, and a 226 

kernel size of 4 (width) × 3 (height).  227 

In our experiment, we developed two models, each of which predicted (discriminated 228 

between) two binary classes: 1) high nutrient addition with 57 samples vs. no nutrient addition 229 

(unfertilized) with 60 samples, and 2) early season (survey on 4/30/2022) with 36 samples vs. 230 

late season (survey on 10/4/2022) with 36 samples. Full taxonomic trees were pruned based on 231 

the ASVs in each dataset. For each binary class (e.g. early vs. late season), we identified taxa and 232 

lineages that discriminated between the two feature states based on feature scores derived from 233 

the first convolutional layer, which offers the highest resolution [53]. Feature scores were 234 

calculated for ASVs and for genera, then all feature scores were ranked together. Internal tree 235 

nodes with larger feature scores than their children indicate that the feature was more 236 

discriminative at a higher taxonomic level. Feature scores exceeding the 90th percentile (i.e., 237 

scores with absolute value > 1.0) were considered the most informative and examined further. 238 

Phylogenetic trees with annotated nodes and edges based on calculated feature scores were 239 

visualized using Cytoscape Version 3.10.3 [55].  240 
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 241 

Results 242 

The final database after filtering included 359 taxa (ASVs) across 164 samples. The total 243 

number of sequence reads per sample (sampling depth) ranged from 5,802 to 448,078 with a 244 

median of 86,241 (Figure S3). 245 

Based on the approach of Shade and Stopnisek [31], the core community comprised 54 246 

taxa (Table S2) that were found in the first 28 ranked index values of 149 total values. These 247 

core taxa accounted for 86.6% of the total reads. 248 

Alpha Diversity 249 

Metrics of alpha diversity were highly structured by date for both the complete and the 250 

core community. We first tested whether the relationship of each diversity metric to time of 251 

season was better fit by linear or quadratic equations, based on AIC. Richness of the complete 252 

community increased linearly across the season (delta AIC = -38.40). Shannon diversity index, 253 

evenness, and richness of the core community were modeled best by a quadratic equation (delta 254 

AIC; complete Shannon = 18.09; core Shannon = 30.96; complete evenness = 9.55; core 255 

evenness = 20.24; core richness = 6.22). Thus, all metrics of diversity, except for richness of the 256 

complete community, increased fastest early in the season before leveling out later in the season. 257 

For both the complete and core communities, the Shannon diversity index (complete: 258 

conditional R2 = 0.81, F1,164 = 127.25, p < 0.001, Table S3; core: conditional R2 = 0.73, F1,164 = 259 

131.21, p < 0.001, Table S4; Figure 1), richness (complete: conditional R2 = 0.76, F1,164 = 379.92, 260 

p < 0.001, Table S5; core: conditional R2 = 0.68, F1,164 = 107.57, p < 0.001 Table S6; Figure 2), 261 

and evenness (complete: conditional R2 = 0.73, F1,164 = 105.83, p = < 0.001, Table S7; core: 262 

conditional R2 = 0.70, F1,164 = 116.95, p < 0.001, Table S8; Figure 3) were significantly predicted 263 
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by the survey date. Richness was also sensitive the interaction of survey date and nutrient 264 

addition for both complete and core communities with the low nutrient addition plots having the 265 

lowest taxa richness and lowest rate of richness increase across the survey dates (date * nutrients; 266 

complete: F2,164 = 172.49, p < 0.001, Table S5; core: F2,164 = 4.74, p = 0.010, Table S5).  267 

Community Composition 268 

When assessing the composition of the complete community, there was a clear trend 269 

across the sampling dates as the communities shifted from early to late-season and the ordination 270 

of communities moved across two axes (F1,164 = 48.96, p < 0.001, Table S9, Figure 4A). Survey 271 

date explained 21.3% of the variation between communities. Nutrient addition also had a 272 

significant effect but explained only 1.9% of the variation (F2,164= 2.28, p < 0.001, Table S9, 273 

Figure S4A). The interaction between date and nutrient addition trended towards significant but 274 

was not significant (date * nutrients: F2,164 = 1.52, p = 0.083). Community dispersion (or the 275 

distance to the centroid) also increased across the season and interacted with nutrient addition 276 

(conditional R2 = 0.37; date: F1,164 = 68.69, p < 0.001; date * nutrients: F2,164 = 32.38, p < 0.001 277 

Table S10, Figure 5A). 278 

When assessing community composition of only the core taxa, survey date explained a 279 

greater amount about of the variation, 35.2% (F1,164 = 113.21, p < 0.001, Table S11, Figure 4B), 280 

than when looking at the complete community. Nutrient addition explained a smaller, 0.8%, but 281 

still significant, amount of the variation (F2,164 = 1.43, p = 0.020, Table S10, Figure S4B), and did 282 

not interact with survey date (nutrients * survey date; F2,164 = 1.40, p = 0.268). Dispersion of the 283 

core community was level across the survey dates and interacted with nutrient addition with low 284 

nutrient plots decreasing in dispersion across the season while dispersion in unfertilized and high 285 
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nutrient plot remained stable (conditional R2 = 0.47; date: F1,164 = 10.32, p = 0.002; date * 286 

nutrients: F1,164 = 5.33, p = 0.006, Table S12, Figure 5B).  287 

Indicator Species Analysis 288 

 The indicator species analysis identified no taxa as significantly associated with any of 289 

the survey dates or nutrient addition treatments. The convolutional neural networks were also not 290 

able to identify fungal lineages that predicted nutrient addition treatment (unfertilized feature 291 

score = 0.95, high nutrient addition feature score = -0.49), but the neural networks did identify 292 

fungal lineages that predicted survey date (early season feature score = 1.69, late season feature 293 

score = -1.70). There were 15 highly predictive taxa for early season communities and 22 highly 294 

predictive taxa of late season communities (Table S13; Figure S5). Cladosporium accounted for 295 

the top three predictive lineages and the top predictive taxon (ASV 40) for early season 296 

communities, while Leucosporidium had the greatest number of lineages (5) predictive for early 297 

season communities (Table S13). In late season communities, Bulleribasidium had the greatest 298 

number of predictive lineages (4) and the most predictive taxon (ASV 57).  299 

 300 

Discussion 301 

There was a clear increase in community diversity across the seasonal surveys, in support 302 

of our first hypothesis. All three metrics of alpha diversity (Shannon diversity index, species 303 

richness, and species evenness) displayed increasing diversity early in the season for both the 304 

complete and the core microbiomes. Shannon diversity and evenness increased quadratically for 305 

both sets of communities with the fastest increase occurring early in the season before leveling 306 

off. Species richness increased quadratically for the core community, but richness of the 307 

complete community increased linearly across the season, suggesting that the complete and core 308 
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microbiomes added taxa at different rates throughout the season. We identified a core 309 

community of 54 taxa. The remaining 305 taxa were transient and together contributed only 3% 310 

to the dissimilarity of the complete community [31]. This core community suggests that there is a 311 

consistent collection of fungi in the phyllosphere of tall fescue that comprises of a dominant set 312 

of taxa throughout the season, lending support to our hypothesis that the core complete 313 

communities add taxa at different rates.  314 

One way to interpret the difference in richness trajectory between the complete and core 315 

communities is through the lens of community succession of the phyllosphere [8, 12, 30, 56]. 316 

Early in the spring, tall fescue plants begin to put up new tillers and collect microbes from the 317 

soil and surrounding environment. Some fungi may overwinter in the root tissue and be 318 

vertically transmitted to the new tillers or in the soil but given the low species richness early in 319 

the season, this seems to be the minority of taxa [14, 57]. The new tillers begin recruiting 320 

microbes and soon have collected their community of core taxa. Throughout the rest of the 321 

season, more transient fungi continue to colonize the leaves and the phyllosphere shifts from a 322 

lower diversity, more homogenous early-successional community to a diverse and varied late-323 

successional community. Once the core taxa became established, it persisted for the remainder of 324 

the season resulting in quadratic growth [8, 56]. However, the complete community recruited 325 

taxa at a consistent rate throughout the season resulting in linear growth.  326 

The complete community was also much more variable over time, which included 327 

recruiting and losing taxa between survey dates. These stochastically present species are known 328 

as conditionally rare taxa and have been found to disproportionately contribute to temporal 329 

changes in the microbiome [58, 59]. While we did not identify indicator species between the 330 

survey dates, there were distinct fungal lineages associated with early and late season 331 
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communities in the phylogenetic neural networks, suggesting that, for some taxa, shared 332 

evolutionary history can help predict their role in seasonal assembly of the microbiome. 333 

Cladosporidium was highly predictive of early season communities and Bulleribasidium was 334 

most predictive of late season communities. Both taxa were identified within the core 335 

community, suggesting that they are persistently present but shifting in prevalence across the 336 

season. Cladosporium is an abundant genus in the soil and plant tissue that has been identified as 337 

both an endophyte [60] and plant pathogen [61] of tall fescue. Additional research has found 338 

Bulleribasidium to be a parasite of Cladosporium [62] suggesting parasitism could be the 339 

mechanism for the decline in Cladosporium and the rise in Bulleribasidium from the start to the 340 

end of the season. 341 

Community composition further supports our first hypothesis as there was a clear shift in 342 

Bray-Curtis dissimilarity of the communities from early- to late-season samples. The dispersion 343 

of samples as measured by their distance from the centroid NMDS values of each survey date 344 

increased across the season for the complete community and decreased for the core community. 345 

Despite adding new taxa and leaf communities diverging from each other, tall fescue maintained 346 

its core community throughout the season. Combining our understanding of core and 347 

conditionally rare taxa could help us to identify the mechanisms leading recruitment and loss of 348 

taxa in the phyllosphere as plants grow throughout a season. 349 

We also found support for our second hypothesis that soil nutrients would influence the 350 

fungal community. Taxa richness of both the complete and core communities was significantly 351 

affected by nutrients and the interaction between nutrients and survey date. Richness of the low 352 

nutrient plots increased more slowly than richness of either the unfertilized or high nutrient plots, 353 

suggesting a non-linear effect of nutrients on the phyllosphere. Dispersion of the communities 354 
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from the centroid was also influenced by nutrient addition with composition of the unfertilized 355 

plots experiencing increased dispersion compared to the low and high nutrient plots. Since these 356 

trends were observed for both the complete and core communities, it does not support 357 

conditionally rare species being responsible for the interaction with nutrients and instead 358 

suggests that both common and rare species of fungi are responding to soil nutrients. We found a 359 

significant effect of nutrients on community composition and a trend towards, but not significant 360 

interaction, between nutrients and date for the complete community. 361 

Previous studies have found an consistent effect of nutrients on the soil and phyllosphere 362 

community at the site level [6, 25]. Our findings support this conclusion but also advise a more 363 

nuanced approach to future studies, since the response to nutrient addition was nonlinear and not 364 

consistent. Community richness increased with low nutrient addition and community dispersion 365 

decreased with low and high nutrient addition. We applied a complete nutrient N-P-K fertilizer 366 

and thus cannot separate the effect of individual nutrients on the fungal community [63]. 367 

Additionally, due to the nonlinear effect of nutrients, it is important to pursue further research 368 

into the effect of a finer gradient of nutrient addition on the phyllosphere community to identify 369 

the tipping points where nutrient addition decreases richness and where richness begins to 370 

increase again. 371 

When assessed in relationship to each other these results help to address the nexus of 372 

effects that seasonality and soil nutrients have on the phyllosphere microbiome. We found strong 373 

support for our first hypothesis that fungal diversity would increase early in the season as leaves 374 

recruit more taxa and identified the difference in the temporal variation of taxa richness between 375 

the complete and core communities. We also found modest support for our second hypothesis 376 

that soil nutrients would play a role in shaping the phyllosphere community. Further research 377 
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into this seasonality could help us to better understand succession of fungal communities and 378 

how the microbiome reacts to and protects against seasonal epidemics of foliar pathogens [10, 379 

12]. Investigating the role that each of the core taxa play within the microbiome community 380 

could illuminate mechanisms by which the core taxa influence functioning of the leaf, in the 381 

context of biotic and abiotic stress [30, 32, 33].  382 
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 559 

Figure 1. Shannon diversity index of complete (A) and core (B) communities across survey 560 

dates with quadratic fit lines. For both, diversity increased early in the season, then leveled off. 561 

Colors represent the nutrient addition treatment.  562 

 563 
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 565 

Figure 2. Taxa richness across survey dates for the complete (A, linear) and core (B, quadratic) 566 

communities. For both, there was a statistically significant interaction between nutrient addition 567 

and survey date, with the lowest taxa richness in the low nutrient addition plots early in the 568 

season. Color represents the nutrient addition treatment. 569 
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 570 

Figure 3. Taxa evenness across survey dates for the complete (A) and core (B) community with 571 

quadratic fit lines. For both, evenness increased early in the season, then leveled off. Color 572 

represents the nutrient addition treatment. 573 

 574 
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 576 

Figure 4. NMDS based on Bray-Curtis dissimilarity of the complete (A) and core (B) fungal 577 

taxa in each plot, grouped by survey date. 95% confidence ellipses are shown for each date. 578 
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 580 

Figure 5. Community dispersion as measured by the distance to centroid of each survey date for 581 

the NMDS based on the Bray-Curtis dissimilarity of the complete (A) and core (B) fungal taxa in 582 

each plot. Color represents the nutrient treatment. 583 
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