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Abstract  10 

Background: Fungi recovered from diseased host tissue can differ substantially in functional 11 
gene content, but interpreting that variation requires knowing how it relates to evolutionary 12 
history. 13 
 14 
Results: We assembled and annotated genomes for 67 fungi cultured from pine needles with 15 
symptoms of brown spot needle blight and compared them with 13 reference genomes, including 16 
established pine pathogens. The isolates spanned four classes of Ascomycota. Functional gene 17 
content tracked phylogeny. Taxonomic class explained 21.4% of variation in carbohydrate-active 18 
enzyme family composition, and phylogenetic distance correlated with functional dissimilarity in 19 
every repertoire examined, most strongly for carbohydrate-active enzymes and least for predicted 20 
effectors. Comparisons pooling isolates and references across classes produced apparent lifestyle 21 
differences that did not persist within Dothideomycetes. Within that class, the needle pathogens 22 
Lecanosticta acicola and Dothistroma septosporum fell at the low end of the isolate distribution 23 
for cellulose- and pectin-associated enzyme genes, a reduction that persisted when enzyme 24 
families shared among substrate categories were excluded. Their biosynthetic gene cluster 25 
counts, secreted enzyme proportions, and predicted effector content fell within the isolate 26 
distributions. 27 
 28 
Conclusions: These comparisons show that the positions of known pathogens depend on the 29 
functional repertoire examined and its evolutionary context. Because the ecological roles of the 30 
cultured fungi were not determined, their gene content cannot directly establish which 31 
contributed to disease. Outside plant cell wall degradation, the needle pathogens were not 32 
distinguishable from co-occurring fungi by gene content, and these genomes provide a 33 
comparative foundation for testing which fungi contribute to disease, and which functions are 34 
expressed during pine colonization. 35 
 36 
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 40 

Background 41 

Fungal genomes contain many of the genes used to obtain nutrients, interact with hosts, and 42 

compete with other microorganisms. Comparative studies use these repertoires to investigate 43 

functional differences among fungi, but gene content also reflects evolutionary history: relatives 44 

inherit much of the same machinery even as individual lineages gain, lose, or modify genes. In a 45 

comparison of 18 Dothideomycete genomes, CAZyme family profiles largely followed 46 

phylogenetic relationships, although some fungi departed from that pattern [1]. It remains less 47 

clear whether evolutionary relatedness corresponds equally strongly to similarity in degradative 48 

enzymes, secreted proteins, and secondary metabolite gene clusters. Determining how these 49 

relationships differ among functions is essential for interpreting what makes a particular fungus 50 

distinctive. 51 

 52 

Brown spot needle blight (BSNB), associated with Lecanosticta acicola, is one of the most 53 

concerning diseases of pines, whose lesions can progress to needle necrosis and premature 54 

defoliation, reducing growth after severe or repeated infection [2,3]. Needle lesions associated 55 

with BSNB overlap substantially with those caused by other needle pathogens and by abiotic 56 

stress, so diagnosis in the field rests largely on symptom appearance [4]. Surveys of affected 57 

Pinus taeda have also detected diverse fungal assemblages whose community composition 58 

varied with symptom presentation [5]. This makes symptomatic needles an important setting in 59 

which to examine the broader fungal community present on a diseased host, while recognizing 60 

that symptom appearance alone does not establish the ecological role of any individual fungus 61 
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recovered. Culturing fungi from such needles, therefore, brings together genomes from lineages 62 

encountered in the same host tissue, while leaving each isolate’s ecological role unresolved. On 63 

top of that, comparing these genomes through a common annotation and analysis pipeline allows 64 

us to ask how much of their functional variation occurs across major lineages and how much 65 

remains among fungi within those lineages. 66 

 67 

Established pine pathogens provide a useful comparison for fungi cultured from symptomatic 68 

needles because several predicted gene repertoires plausibly contribute to host interaction. 69 

Carbohydrate-active enzymes (CAZymes) include gene families associated with degradation of 70 

cellulose, hemicellulose, and pectin in plant cell walls, as well as families that act on chitin and 71 

glucans in fungal cell walls [6–8]. Plant-cell-wall-degrading repertoires vary among fungi 72 

including pectin-degrading families such as GH28 and the pectate and pectin lyases  [6,9]. 73 

Secreted proteins, including some effectors, can act at the host interface and suppress of immune 74 

recognition [9], while biosynthetic gene clusters can, encode phytotoxins and compounds 75 

involved in  competition with other fungi [10,11]. Comparing these repertoires across the 76 

recovered fungi and established pathogens allows us to ask whether the pathogens are unusual in 77 

particular predicted functions, while interpreting those positions in light of their evolutionary 78 

relationships. 79 

 80 

In essence, fungi recovered from the same host tissue may differ substantially in the genes they 81 

carry, but it remains unclear how much of that variation reflects shared evolutionary history and 82 

how much occurs among fungi within the same major lineage. We generated annotated genome 83 

assemblies for fungi isolated from Pinus needles displaying characteristic BSNB symptoms, 84 
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collected across the southeastern United States, and compared their phylogenetic relationships 85 

and functional repertoires with those of reference fungi. We hypothesized that broad functional 86 

composition would reflect evolutionary relatedness, but that the strength of this relationship 87 

would differ and carbohydrate-active enzymes, predicted secretomes and effectors, and 88 

secondary metabolite gene clusters. We addressed three specific questions: 1. How are the 89 

recovered isolates distributed across the fungal phylogeny? 2. How strongly does evolutionary 90 

relatedness correspond to similarity in different functional repertoires? And 3. where do 91 

established pine pathogens fall within the functional variation observed among the isolates? This 92 

comparison allowed us to determine whether functional gene content differs mainly among 93 

major fungal lineages or also varies substantially among fungi within the same taxonomic class. 94 

 95 

 96 

Results 97 

Genome recovery and phylogenetic placement  98 

We sequenced and assembled 176 fungal isolates cultured from pine needles with brown spot 99 

needle blight symptoms. Following exclusion of assemblies with BUSCO completeness below 100 

70% or duplication at or above 15%, 67 isolates were retained for comparative analysis 101 

(Supplemental Figure 1). Retained assemblies had a median genome size of 33.1 Mb (range 22.2 102 

to 53.0 Mb) across a median of 742 contigs (range 14 to 3,592) with a median contig N50 of 101 103 

kb (range 14 kb to 4.9 Mb). BUSCO completeness of retained assemblies was high (median 104 

94.9%, range 70.2 to 99.7%). Structural annotation predicted a median of 11,182 genes per 105 

genome (range 7,791 to 17,662), of which a median of 452 (range 256 to 772) carried at least 106 

one CAZy family assignment. 107 
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Phylogenetic placement on a BUSCO-based maximum-likelihood phylogeny assigned the 67 108 

retained isolates to four classes of Ascomycota: Dothideomycetes (n = 31), Eurotiomycetes (n = 109 

24), Sordariomycetes (n = 11) and Leotiomycetes (n = 1) (Figure 1). Comparison of patristic 110 

distance supported provisional assignments to species level for 12 isolates, genus level for 32, 111 

family level for 22, and a single isolate to only to order. All 67 samples placement had ultrafast 112 

bootstrap support of 100 for the clade uniting them with their nearest reference. A single isolate, 113 

BS01_360_046-1, remained distant enough from other reference taxa that we reported here only 114 

to order level as Pleosporales sp. 115 

 116 

Figure 1. Maximum-likelihood phylogeny of 67 isolates cultured from needles with brown spot 117 
needle blight symptoms and 62 reference genomes. The same tree is shown in three panels with 118 
different clades collapsed: Dothideomycetes (A), Eurotiomycetes (B), and Sordariomycetes with 119 
the single Leotiomycetes isolate (C). Labels are coloured by taxonomic class (green = 120 
Dothideomycetes, purple = Eurotiomycetes, blue = Sordariomycetes, orange = Leotiomycetes, 121 
red = Basidiomycota). Reference taxa are labelled by order, family, genus and species, and 122 
isolates by sample identifier. Shaded boxes in (A) mark orders and families. Numbers at nodes 123 
are ultrafast bootstrap support values from 1,000 replicates, shown only on nodes with 124 
references. 125 
 126 

Several placements were notable (Figure 1). Four isolates fell at distanes consistent with genus-127 

level distance of Diplodia sapinea, and four near Rhizosphaera, a genus that includes the needle-128 

cast pathogen R. kalkhoffii. Eleven isolates formed a well-supported clade within Delphinella, 129 
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while nine isolates formed a distinct clade adjacent to Talaromyces, and five adjacent to 130 

Mycocalicium, in both cases at distances exceeding the confamilial median and with UFBoot 131 

100, consistent with lineages not represented among described reference taxa. These are treated 132 

under open nomenclature (Table S2). Notably, only one isolate, BS06_120_435-5, was placed in 133 

the Mycosphaerellaceae family, the one containing L. acicola and Dothistroma septosporum. 134 

 135 

Evolutionary structure of functional gene content  136 

We first examined whether CAZy family composition differed among major fungal lineages. 137 

Principal component analysis of Hellinger-transformed profiles from all 80 genomes recovered 138 

19.7% and 12.0% of variance on the first two axes (Figure 2). PC1 was correlated with total 139 

CAZyme content (r = -0.79; r² = 0.63) and separated yeast-like from filamentous fungi rather 140 

than distinguishing endophytes from pathogens. Among the 77 filamentous genomes, taxonomic 141 

class explained 21.4% of variation in CAZy family composition (PERMANOVA, p < 0.001). 142 

Multivariate dispersion did not differ significantly among classes (betadisper, F = 1.91, p = 143 

0.135). When the analysis was restricted to the 67 study isolates, taxonomic class explained 144 

23.1% of variance (PERMANOVA, p < 0.001). Phylogenetic relatedness also correlated strongly  145 

with CAZy family composition (Mantel test, r = 0.71, p < 0.001). 146 
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 147 

Figure 2. Principal component analysis of CAZy family composition across 80 fungal genomes, 148 
including the three yeast-like taxa. Family counts per 1,000 predicted genes were Hellinger 149 
transformed before ordination. Points are coloured by taxonomic class and shaped by ecological 150 
role, with reference genomes labelled. The first two axes recover 19.7% and 12.0% of total 151 
variance. PC1 correlates strongly with total CAZyme content (r = −0.79) and separates yeast-like 152 
from filamentous fungi. Statistical tests of composition excluded the yeast-like taxa (n = 77). 153 

To test whether the taxonomic structure extended beyond CAZymes families, we combined 154 

CAZy family, COG category and biosynthetic gene cluster profiles into a block-weighted 155 

ordination of the 77 genomes with data for all three repertoires. The first two principal 156 

components explained 25.5% and 11.8% of variation, respectively (Figure 3). CAZy, COG, and 157 

biosynthetic gene cluster profiles contributed 33.1%, 34.7%, and 32.1% of the squared loadings 158 

on PC1, respectively. Functional composition in the combined matrix differed among taxonomic 159 

classes (PERMANOVA, R² = 23.3%, n = 77, p < 0.001), p < 0.001), while multivariate 160 

dispersion did not differ significantly among classes (betadisper, F = 1.29, p = 0.285). In separate 161 
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analyses, taxonomic class explained 31% of variation in COG category composition 162 

(PERMANOVA, p < 0.001), compared with 21.4% for CAZy family composition and 22.6% for 163 

biosynthetic gene cluster type composition (both PERMANOVA, p < 0.001).  Phylogenetic 164 

relatedness correlated with functional composition in all three individual repertoires and in the 165 

combined profile (Mantel tests: CAZy r = 0.71, COG r = 0.42, BGC r = 0.56, combined r = 0.68, 166 

all p < 0.001). Therefore, the combined signal reflected a blend of its three components, 167 

weighted toward the two blocks (CAZy, BGC) most strongly structured by ancestry.  168 

Furthermore, lifestyle was also significant in the combined matrix (PERMANOVA, p < 0.05), 169 

although dispersion differed among lifestyle groups (betadisper, p < 0.05), so this result is not 170 

interpreted independently. Analyzing each block separately attributed the signal to COG 171 

category composition (p < 0.05), for which dispersion did not differ among lifestyle groups and 172 

which remained significant when class was fitted first (p < 0.05) (Supplemental Figure 2). 173 



 9 

 174 

Figure 3. Block-weighted principal component analysis of combined functional profiles across 175 
the 80 genomes with data for all three repertoires. CAZy family, COG category and biosynthetic 176 
gene cluster type profiles were Hellinger transformed separately and weighted by the inverse of 177 
each block's first singular value before concatenation, so that no block dominated through its 178 
number of variables. The three blocks contribute near-equally to PC1 (33.1%, 34.7% and 32.1% 179 
of squared loadings for CAZy, COG and biosynthetic gene clusters, respectively). The first two 180 
axes recover 25.5% and 11.8% of variance. 181 
 182 

Biosynthetic gene cluster counts differed by taxonomic class (Kruskal-Wallis, χ² = 20.30, df = 2, 183 

p < 0.001; Figure 4). Eurotiomycetes carried a mean of 71.6 clusters per genome, more than 184 

twice as many as Dothideomycetes (31.3), with Sordariomycetes intermediate (53.1). This 185 

difference was driven by Eurotiomycetes, which differed significantly from both other classes 186 

(both p < 0.05), while Dothideomycetes and Sordariomycetes did not differ from each other after 187 

correction. In contrast to their low plant-cell-wall-degrading enzyme counts, the needle 188 

specialists fell within the range of BGC counts observed among the Dothideomycete study 189 
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isolates (median 30, range 20-48): L. acicola carried 42 predicted regions and D. septosporum 190 

carried 31 (Figure 4). D. sapinea and Z. tritici also fell within this range. 191 

 192 

Because contig-edge truncation could in principle split a single cluster into multiple partial 193 

detections, we tested whether assembly fragmentation impacts the cluster counts above. Across 194 

the empirical isolates, the percentage of truncated regions correlated strongly with assembly 195 

contiguity (Spearman, contigs: ρ = +0.931, p < 0.001; N50: ρ = −0.973, p < 0.001), but total 196 

cluster count did not (contigs: ρ = −0.025, p = 0.84; N50: ρ = +0.125, p = 0.32). Grouping 197 

isolates into contiguity tertiles made this concrete: mean truncation rose from 17.7% in the most 198 

contiguous third to 89.5% in the least, while mean cluster count moved only from 46.6 to 41.6. 199 

Assembly fragmentation therefore substantially affected the completeness of predicted regions, 200 

although we did not detect a corresponding association with their total count, and we report total 201 

regions, including those truncated at contig edges. 202 
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 203 

Figure 4. Biosynthetic gene cluster content by taxonomic class. Boxplots show the study isolates 204 
(Dothideomycetes n = 31, Eurotiomycetes n = 24, Sordariomycetes n = 11, Leotiomycetes n = 205 
1), with reference genomes overlaid as labelled triangles. Counts are total antiSMASH regions 206 
per genome, including regions truncated at contig edges. Cluster content differed among the 207 
three well-represented classes (Kruskal-Wallis, p < 0.001), driven by the higher content of 208 
Eurotiomycetes. Within Dothideomycetes, L. acicola (42 regions) and D. septosporum (31) fall 209 
within the isolate range (20 to 48). 210 
 211 

The proportion of CAZymes predicted to be secreted was similar across taxonomic classes: 212 

42.3% in Dothideomycetes, 45% in Eurotiomycetes, 43.5% in Leotiomycetes, and 41.8% in 213 

Sordariomycetes (Figure 5; Kruskal-Wallis, χ² = 2.14, df = 2, p > 0.05, with Leotiomycetes 214 

excluded as a single isolate). Unlike overall CAZy family composition, the proportion of 215 

CAZymes predicted to be secreted therefore showed little variation among classes, although 216 

Leotiomycetes was represented by only one isolate. Neither secretome size nor effector density 217 

differed among classes (Kruskal-Wallis, χ² = 3.80 and 3.64, df = 2, both p > 0.05), and secretome 218 



 12 

size and effector count were nearly collinear across the collection (Spearman ρ = 0.95). 219 

Reference genomes nevertheless varied substantially in both measures. Pyricularia oryzae had 220 

125 predicted secreted proteins and 63 predicted effectors per 1,000 genes, roughly 1.5 and 1.7 221 

times the next highest pathogen reference (Fusarium graminearum, 85.5 and 36.8). Because the 222 

pathogen references were unevenly distributed among classes, this genome had a large influence 223 

on comparisons that pooled references across lineages. 224 

 225 

 226 

Figure 5. Secreted fraction of the CAZyme repertoire across 80 genomes. Bars show CAZyme 227 
genes per 1,000 predicted genes, divided into genes with a signal peptide and no predicted 228 
membrane-spanning segment (secreted), genes with a signal peptide and a predicted membrane-229 
spanning segment, and genes without a predicted signal peptide. Signal peptides were predicted 230 
with SignalP and the transmembrane filter was applied with DeepTMHMM2. Genes without a 231 
signal peptide were not passed to the transmembrane filter and are shown separately. Sample 232 
labels are coloured by source. The mean secreted share among study isolates was 42.3% in 233 
Dothideomycetes, 45.0% in Eurotiomycetes, 43.5% in Leotiomycetes (one isolate) and 41.8% in 234 
Sordariomycetes, and did not differ among the three well-represented classes. 235 
 236 

Functional placement of established pine pathogens 237 

To place the needle pathogens L. acicola and D. septosporum in a narrower taxonomic context, 238 

we compared them with the 31 study isolates assigned to Dothideomycetes, the class that also 239 

contains the reference pathogens D. sapinea and Z. tritici (30 isolates for the EffectorP-derived 240 
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measures, because one isolate lacked EffectorP output). This restriction reduces the breadth of 241 

the comparison but does not fully account for phylogenetic relatedness within the class, since 242 

only one isolate falls in the Mycosphaerellales, the order containing L. acicola and D. 243 

septosporum. Mean total plant-cell-wall-degrading gene content, counting each gene once, 244 

differed little among the three well-represented study-isolate classes (14.9 genes per 1,000 245 

predicted genes in Dothideomycetes, 15.0 in Eurotiomycetes and 16.8 in Sordariomycetes), 246 

although individual genomes varied within classes (ranges 9.3 to 22.0, 9.7 to 19.1 and 13.2 to 247 

22.6, respectively). 248 

Within Dothideomycetes, L. acicola and D. septosporum occupied the low end of the cellulose-249 

associated, pectin-associated and total distributions (Figure 6, Supplemental Figure 3). They 250 

carried 2.32 and 2.85 cellulose-associated genes per 1,000 predicted genes, respectively, 251 

compared with a mean of 4.71 among the Dothideomycete isolates (range 2.86 to 7.16). No 252 

Dothideomycete isolate had a lower value than either pathogen, although D. septosporum fell 253 

only marginally below the lowest isolate. For pectin-associated genes (2.32 and 1.99, against a 254 

mean of 3.90 and a range of 1.31 to 5.51), only one isolate had a lower value than either 255 

pathogen (3.2nd percentile). For total genes (10.7 and 10.3, against a mean of 14.9 and a range of 256 

9.3 to 22.0), two isolates and one isolate fell below L. acicola and D. septosporum, respectively 257 

(6.5th and 3.2nd percentiles). After Benjamini-Hochberg adjustment across the four traits tested, 258 

these reductions were significant for cellulose-associated, pectin-associated and total genes 259 

(Wilcoxon, p < 0.05 for each), whereas hemicellulose-associated counts were not reduced 260 

(35.5th and 29.0th percentiles). D. sapinea, in contrast, carried a larger degradative repertoire 261 

(17.7 total genes per 1,000, 67.7th percentile) that overlapped the isolate distribution, although 262 

its pectin-associated count (5.56) slightly exceeded the isolate maximum. Z. tritici was as low as 263 
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the needle specialists (10.2 total, 2.75 cellulose-associated and 1.80 pectin-associated genes per 264 

1,000). 265 

Because some CAZy families were assigned to more than one substrate category in our activity 266 

map, we repeated these comparisons counting only genes carrying at least one family assigned to 267 

a single category. Under this restriction, the reductions in cellulose-associated and pectin-268 

associated genes persisted in both needle specialists (cellulose, 1.45 and 1.61 genes per 1,000 269 

predicted genes against an isolate mean of 2.49 and a range of 1.43 to 3.67, pectin, 1.84 and 1.71 270 

against a mean of 3.31 and a range of 0.95 to 4.89, adjusted p < 0.05). The separation was 271 

narrower than with all assigned families, since one isolate now fell below each pathogen. Total 272 

plant-cell-wall-degrading content was no longer reduced under this restriction and hemicellulose-273 

associated counts were similar to the isolates, indicating that the reduction is specific to 274 

cellulose- and pectin-associated genes. 275 

 276 
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 277 

Figure 6. Plant-cell-wall-degrading (PCWDE) gene content of the needle pathogens relative to 278 
Dothideomycete study isolates. Panel A displays the total PCWDE content and Panel B displays 279 
dived by category. Comparisons are restricted to Dothideomycetes (boxplots and grey points, n = 280 
31) to limit the influence of ancestry. Reference pathogens are overlaid, with the needle 281 
specialists L. acicola and D. septosporum as diamonds and the other Dothideomycete pathogens 282 
D. sapinea and Z. tritici as triangles. Values are genes per 1,000 predicted genes, and the total 283 
counts each gene once. Both needle specialists fall at or below the 7th percentile of the isolate 284 
distribution for cellulose-associated, pectin-associated and total genes (Wilcoxon, Benjamini-285 
Hochberg adjusted p < 0.05 for each). Hemicellulose-associated counts were not reduced. 286 
 287 

Discussion 288 

The fungi recovered from symptomatic pine needles spanned four classes of Ascomycota, but 289 

their functional differences were not distributed randomly across that phylogeny. Taxonomic 290 

class accounted for 21.4% of variation in CAZy family composition among filamentous 291 

genomes, and class differences were also evident in combined CAZy, COG, and biosynthetic 292 

gene cluster profiles. Among the study isolates, more closely related genomes also had more 293 
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similar functional profiles in every repertoire examined, but the strength of this correspondence 294 

differed among repertoires. It was strongest for CAZy family composition (Mantel r = 0.71) and 295 

the combined profile (r = 0.68), intermediate for biosynthetic gene cluster types (r = 0.56) and 296 

COG categories (r = 0.42), and weakest for predicted effector classes (r = 0.16). These results 297 

suggest that evolutionary history helps organize functional variation in this collection, although 298 

to different degrees for different repertoires, while substantial differences remain among fungi 299 

within the same major lineage. 300 

 301 

Phylogenetic structure also changes how the reference genomes can be interpreted. The study 302 

isolates and pathogen references were unevenly distributed among classes, and comparisons that 303 

pooled them across lineages produced apparent lifestyle differences that did not persist within 304 

Dothideomycetes. For biosynthetic gene cluster counts, the pooled comparison was dominated 305 

by 24 Eurotiomycete isolates with no pathogen counterpart among the references, and suggested 306 

lower cluster content in pathogens that was not seen within Dothideomycetes. For secretome size 307 

and effector density, the apparent excess in pathogens derived largely from a single reference 308 

genome, Pyricularia oryzae, and removing it alone eliminated the difference in secretome size 309 

and weakened that in effector density. Adjusting for class did not fully substitute for matching, 310 

because a model can hold class constant but cannot generate an isolate versus pathogen contrast 311 

within a class in which only one of the two is represented. The one lifestyle signal that persisted 312 

after class adjustment, in COG category composition, was not recovered within 313 

Dothideomycetes, although that comparison included only four pathogen genomes. These results 314 

suggest that unmatched designs in fungal comparative genomics may be more prone to this kind 315 
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of artifact than is commonly recognized, and we accordingly treat within-Dothideomycetes 316 

comparisons as the primary evidence of lifestyle association. 317 

 318 

Within that matched comparison, the needle specialists carried fewer cellulose-associated and 319 

pectin-associated genes than the co-occurring isolates, a reduction that persisted when CAZy 320 

families shared among substrate categories were excluded. A similar pattern has been reported 321 

previously. de Wit et al. [9] reported that Dothistroma septosporum and Cladosporium fulvum 322 

both carry fewer predicted cellulolytic genes, and fewer carbohydrate-binding module genes than 323 

most comparator fungi, a pattern shared with Zymoseptoria tritici, which our data placed among 324 

the lowest in total plant cell wall degrading content (Figure 6). At a deeper taxonomic level, 325 

Ohm et al. [1] found Capnodiales, the lineage containing the Mycosphaerellaceae, to carry 326 

markedly reduced cellulose acting CAZymes relative to Pleosporales and Hysteriales. This 327 

correspondence qualifies our result in an important way, since part of the depletion we detect 328 

may represent an ancestral feature of the Mycosphaerellaceae rather than an adaptation to needle 329 

parasitism, and because only one of our isolates falls within the Mycosphaerellales, ancestry and 330 

lifestyle cannot be fully separated for these two species even under a matched design. Resolving 331 

this would require genomes from non-pathogenic Mycosphaerellales occupying the same tissue, 332 

which would distinguish an ancestral reduction from a lifestyle associated one. 333 

 334 

Two mechanistic explanations are commonly invoked for reduced degradative capacity in foliar 335 

pathogens, and our data are compatible with both. Both needle specialists enter the host through 336 

stomata rather than by enzymatic breach of the cuticle, with Lecanosticta acicola germ tubes 337 

entering through stomatal openings without forming appressoria [12–14] and Dothistroma 338 
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septosporum colonising the epistomatal chambers [15], such that a fungus avoiding forced entry 339 

and growing intercellularly could require less bulk wall degrading capacity. Zymoseptoria tritici 340 

offers a supporting parallel as a stomatal invader that is likewise cellulose CAZyme reduced 341 

[16], although we  could not locate studies demonstrating a causal link between penetration 342 

mode and enzyme loss, and Z. tritici still deploys these enzymes at its necrotrophic transition. 343 

Both species also produce phytotoxins, dothistromin in D. septosporum [17,18] and the heat 344 

stable LA-I and LA-II in L. acicola [19,20], raising the possibility that toxin mediated killing 345 

reduces dependence on enzymatic degradation, and our observation that biosynthetic gene cluster 346 

content is not reduced in either pathogen is compatible with such a substitution. Still, this 347 

interpretation is weakened by evidence that dothistromin is dispensable for pathogenicity [21], 348 

by the observation that killing a cell with a toxin does not remove its wall, and by the lack of 349 

gene cluster level characterization for LA-I and LA-II. Therefore, we present both explanations 350 

as consistent with our observations rather than as inferences the present data support. 351 

 352 

One possible explanation for the relatively large predicted degradative repertoires of many study 353 

isolates is that fungi inhabiting living needles may also use plant material after tissue death. 354 

Conifer needle inhabitants frequently remain latent in living tissue and deploy degradative 355 

enzymes once the needle matures, as suggested by the lignocellulose-degrading secretome of 356 

Phialocephala scopiformis grown on pine wood [22] and by metatranscriptomic evidence that 357 

needle mycobiota express CAZymes specifically during the necrotrophic phase [23]. Fungi that 358 

must decompose a needle after it dies retain the enzymes to do so, whereas specialists feeding on 359 

living mesophyll may not. Diplodia sapinea follows the same logic, since it carried substantially 360 

more plant cell wall degrading enzymes than the other Dothideomycete pathogens, consistent 361 
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with its behavior as a latent endophyte that switches to necrotrophy under drought and wounding 362 

[24,25]. Our results therefore suggest that a large degradative repertoire is not in itself evidence 363 

of benign behavior. 364 

 365 

The ecological roles of the study isolates remain unknown. Recovery from symptomatic needle 366 

tissue establishes their presence at the time of sampling, but not whether they were contributing 367 

to disease, persisting without symptoms, or using dying tissue. Our lifestyle comparisons 368 

therefore contrast fungi of undetermined role with references of established pathogenicity, rather 369 

than confirmed endophytes with pathogens. This asymmetry makes the comparisons 370 

conservative. If some isolates are themselves latent or opportunistic pathogens, their inclusion 371 

should reduce rather than create differences between the groups, so the reductions in the needle 372 

specialists are unlikely to be an artifact of misclassification. The same reasoning does not 373 

strengthen the null results, which remain consistent with either the absence of a difference or 374 

insufficient contrast between groups. Placement alone cannot resolve these roles either. Four 375 

isolates were placed within genus-level distance of D. sapinea and four within Rhizosphaera, a 376 

genus containing the needle cast pathogen R. kalkhoffii, but these placements do not establish 377 

pathogenicity in any isolate. Our culturing approach also recovered only part of the diversity 378 

detected in culture-independent surveys [5,26] and predicted gene quantities do not directly 379 

correlate to enzymatic activity [9], and overlap between the needle specialists and the isolates in 380 

several repertoires does not establish functional equivalence, since the matched comparisons rest 381 

on two pathogen genomes. 382 

 383 
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Predicted gene content alone cannot determine which fungi contributed to the symptoms on the 384 

needles we sampled. Closely related fungi may use similar repertoires differently during host 385 

colonization  [27], and genes involved in infection may occur in rapidly evolving genomic 386 

regions that broad comparisons do not resolve well [28]. This uncertainty matters in a system 387 

where recent brown spot needle blight outbreaks have raised questions about the fungi present in 388 

affected pine needles [5], and where native fungi can become damaging under changing 389 

conditions [29,30]. The community sampled and the genomes reported here provide a 390 

phylogenetic and functional baseline for addressing those questions. Pathogenicity assays can 391 

establish which isolates cause disease, while expression studies across stages of colonization can 392 

determine when their predicted degradative, secretory, and secondary metabolic repertoires are 393 

used. Until then, the boundary between the fungi that cause these symptoms and those that 394 

merely accompany it is better treated as open than settled, which itself argues for monitoring 395 

whole needle mycobiomes and their responses to stress rather than exclusively screening against 396 

a predetermined list of pathogens. 397 

 398 

Conclusion 399 

Overall, functional gene content in fungi cultured from symptomatic pine needles tracked 400 

phylogeny. Taxonomic class structured carbohydrate-active enzyme, COG, and biosynthetic 401 

gene cluster composition, and phylogenetic relatedness corresponded with functional similarity 402 

in every repertoire examined, most strongly for carbohydrate-active enzymes and least for 403 

predicted effectors. From this perspective, pooled comparisons of isolates and reference 404 

pathogens across lineages produced lifestyle differences that dissipated when the assessment was 405 

restricted to a single class, indicating that phylogenetically matched comparisons are needed 406 
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before gene content is interpreted in terms of lifestyle. Within Dothideomycetes, the needle 407 

pathogens Lecanosticta acicola and Dothistroma septosporum were distinguished from co-408 

occurring fungi by fewer cellulose- and pectin-associated genes, a reduction that may be partly 409 

ancestral to the Mycosphaerellaceae, whereas their secondary metabolite, secretory, and effector 410 

repertoires fell within the range of the isolates. Because the ecological roles of the cultured fungi 411 

were not determined, these genomes cannot identify which contributed to disease, but they 412 

provide a phylogenetic and functional baseline for the pathogenicity and expression studies that 413 

can. 414 

 415 

Materials and Methods 416 

Sample isolation, culturing, and sequencing 417 

Loblolly (Pinus taeda L.) and longleaf pine (P. palustris Mill.) needles displaying characteristic 418 

symptoms of brown spot needle blight, as defined by the European and Mediterranean Plant 419 

Protection Organization [31], were collected from sites across Alabama between March and 420 

August in 2023. Collected needles had yellow-margined, dark brown center discolorations 421 

progressing to dead tips, central spotted zones, and green bases. Needle material was placed in 422 

individual paper bags and held on ice until processing. Recorded metadata included host species, 423 

collection date, geographic coordinates, and a tree-level disease severity assessment. 424 

 425 

Fungi isolation followed the protocol of Folorunso et al. [32]. Briefly, needles were cut into 2-3 426 

cm sections and surface sterilized by sequential submersion in 8% sodium hypochlorite and 70% 427 

ethanol for 30 s each, with sterile distilled water rinses between and after each submersion. 428 

Sections were plated on malt extract agar and incubated at room temperature for up to 20 days. 429 
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Emerging colonies were subcultured onto the same medium until pure cultures free of visible 430 

contamination were obtained. For DNA extraction, isolates were grown in liquid yeast extract 431 

peptone dextrose medium for 10 days. Mycelia were collected by centrifugation and washed with 432 

sterile deionized water. Genomic DNA was extracted using a modified cetyltrimethylammonium 433 

bromide (CTAB) protocol optimized for fungal tissues rich in secondary metabolites and 434 

polysaccharides [32]. No shearing or size-selection step was performed. DNA was quantified 435 

with a Quantus fluorometer using the QuantiFluor ONE dsDNA system (Promega, Madison, WI, 436 

USA). 437 

 438 

Long-read libraries were prepared with the Native Barcoding Kit SQK-NBD114.24 (Oxford 439 

Nanopore Technologies, Oxford, UK) following the manufacturer's standard protocol. Libraries 440 

were sequenced on R10.4.1 flow cells (FLO-MIN114) using a MinION Mk1C or Mk1D for up 441 

to 72 h, with 6 samples multiplexed per flow cell. Raw signal data were basecalled with Dorado 442 

v0.9.1 (Oxford Nanopore Technologies) using the super-accuracy model v5.0.0. Reads were 443 

filtered with Chopper v0.11.0 [33] to remove reads shorter than 1,000 bp (--minlength 1000); no 444 

fixed number of bases was trimmed from read ends. Read quality and yield were summarized 445 

with NanoPlot [33]. Genomes were assembled with Flye [34] in --nano-hq mode with --min-446 

overlap 1000, followed by two rounds of polishing with Medaka[35]. Medaka polished 447 

assemblies were subsequently scaffolded by LINKS v2.0.1 [36]. 448 

 449 

Assembly contiguity and size were evaluated with QUAST v5.3.0 [37]. Gene-space 450 

completeness was assessed with BUSCO v6.1.0 [38] against the fungi_odb12 lineage dataset. 451 
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Genome assemblies with a BUSCO completeness below 70% or a duplication rate exceeding 15 452 

were excluded from downstream comparative analyses.  453 

 454 

Short-read data were available for a subset of isolates, and was used to assess consensus 455 

accuracy by reference-free k-mer analysis using Merqury v1.4.1[39], rather than used for 456 

assembly or polishing. Hence all genomes received identical treatment and downstream 457 

comparisons of gene content were not confounded by differences in polishing. This approach is 458 

supported by the accuracy of R10.4.1 super-accuracy long-read-only assemblies [40] and by 459 

benchmarking of this workflow on fungal genomes [41], which showed that structure and gene 460 

content can be accurately obtained even at lower long-reads depth. 461 

 462 

Phylogenomic inference and taxonomic placement 463 

Because the isolates were not identified beyond colony morphology prior to sequencing, 464 

candidate reference genomes were selected using genome similarity searches. A representative 465 

genome assembly was downloaded from NCBI for each fungal genus, preferring reference 466 

assemblies where available. These were compiled into a skani database (--slow mode), and each 467 

isolate assembly was queried against it with skani v0.3.2 [42] in search mode. Because skani 468 

reports average nucleotide identity only above an approximate 80% detection threshold, this step 469 

was used to identify candidate close relatives and to define a tractable reference set for 470 

phylogenomic analysis, not to assign taxonomy directly. Isolates returning one or more matches 471 

had the matched reference assemblies taken for phylogenomic analysis. Since absence of a skani 472 

match indicates only that no reference in the database fell within skani's detection range rather 473 
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than absence of a relative, the isolates returning no match above threshold were retained in the 474 

analysis and closely related taxa were included for taxonomical refinement where possible. 475 

Phylogenomic placement was performed by running BUSCO against the fungi_odb12 lineage 476 

dataset for all isolates and reference genomes and the results processed by the BUSCO 477 

phylogenomics pipeline [43]. The pipeline identified loci that were complete and single copy in 478 

at least 80% (-psc 80) of individuals, align each locus with MAFFT [44,45], trim each alignment 479 

with trimAl [46], and concatenate the alignments into a supermatrix. A maximum-likelihood 480 

phylogeny was inferred from the supermatrix with IQ-TREE 3.1.4 [47], using the best-fit 481 

substitution model selected by ModelFinder [48] (Q.YEAST+F+I+R10) and 1000 ultrafast 482 

bootstrap replicates [49]. The tree was rooted with Basidiomycota as outgroup and analyzed in R 483 

using ape [50]and phangorn [51]. Patristic distances were computed between all pairs of tips, and 484 

each isolate was assigned the lineage of its nearest reference genome by patristic distance. 485 

To determine the finest taxonomic rank that could be assigned with confidence, distance 486 

thresholds were calibrated empirically from the reference genomes themselves. For every pair of 487 

references, we recorded the lowest rank they shared and took the median patristic distance for 488 

pairs sharing genus, family, order and class. An isolate was then assigned to the rank whose 489 

median exceeded its distance to the nearest reference. Isolates within a conservative threshold of 490 

0.020 of a reference were considered species-level candidates. Support for each placement was 491 

taken as the UFBoot value of the smallest clade containing the isolate and at least one reference 492 

genome. 493 

 494 
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Taxonomic assignments were based on phylogenetic placement and comparison of patristic 495 

distances with those among reference taxa of established classification. Isolates were only 496 

assigned to the rank best supported by those comparisons and otherwise retained under open 497 

nomenclature. 498 

 499 

Genome annotation 500 

Publicly available genome assemblies were retrieved from NCBI for phylogenetic and functional 501 

comparisons (Table S2). The reference panel comprised pine needle and shoot pathogens 502 

(Lecanosticta acicola, Dothistroma septosporum, Diplodia sapinea, Fusarium circinatum), 503 

broad host-range plant pathogens (Zymoseptoria tritici, Botrytis cinerea, Fusarium 504 

graminearum, Pyricularia oryzae), saprotrophic taxa (Neurospora crassa, Saccharomyces 505 

cerevisiae) and animal pathogens as outgroups (Aspergillus fumigatus, Cryptococcus 506 

neoformans, Candida albicans). All reference genomes were re-annotated with the pipeline 507 

described below to ensure that comparisons of gene content reflected biological differences 508 

rather than differences in annotation method. 509 

 510 

Genomes were annotated with Funannotate v1.8.16 [52]. Repetitive contigs were removed and 511 

remaining contigs sorted and soft-masked, after which genes were predicted ab initio with 512 

AUGUSTUS [53] and GeneMark-ES [54] and reconciled with EVidenceModeler [55]. Transfer 513 

RNAs were predicted with tRNAscan-SE [56]. Functional annotation was assigned using 514 

InterProScan5 [57], eggNOG-mapper [58], Pfam-A [59], MEROPS [60], UniProt/Swiss-Prot 515 

[61], and the full NCBI fungal transcript and protein sets. 516 

 517 
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Carbohydrate-active enzymes  (CAZymes) were identified with dbCAN3 [62] through hmmscan 518 

against dbCAN HMMs with Funannotate’s default parameters. Family assignments were parsed 519 

from the Funannotate GFF3 output using a custom Python script and grouped into substrate-520 

based activity categories following published family-to-substrate assignments[6–8]. Categories 521 

distinguished plant-cell-wall-degrading activities (cellulose, hemicellulose, mannan, pectin) from 522 

fungal-cell-wall-active activities (chitin, β- and α-glucan), with additional categories for cuticle 523 

esterases, oxidative polysaccharide cleavage, auxiliary redox activities, and storage 524 

polysaccharides. Because several CAZy families act on more than one substrate, families 525 

mapping to multiple categories were retained in each and are identified as such; analyses were 526 

additionally repeated using only substrate-diagnostic families. Gene counts per category were de-527 

duplicated at the gene level, so that a protein carrying multiple families assigned to the same 528 

category. Counts were expressed per 1,000 predicted genes to control for variation in gene-529 

model number among assemblies. 530 

 531 

Secreted proteins were predicted from the Funannotate-derived proteome of each genome, with 532 

all reference genomes processed identically. Signal peptides were identified with SignalP v6.0 533 

[63] in eukarya mode using the fast model. Proteins carrying a predicted signal peptide were 534 

retained, and the corresponding mature sequences, with the predicted signal peptide removed, 535 

were submitted to DeepTMHMM2 [64] for transmembrane topology prediction. 536 

 537 

Transmembrane assignments were parsed from the DeepTMHMM2 output using named 538 

topology segments and proteins containing one or more membrane-spanning segments, defined 539 

as transmembrane alpha helices (TMhelix) or transmembrane beta strands (Beta sheet), were 540 



 27 

excluded. Membrane-associated but non-spanning elements predicted by DeepTMHMM2, 541 

namely interfacial helices and re-entrant regions, were not treated as disqualifying, because these 542 

associate with or penetrate the bilayer without traversing it and therefore do not preclude 543 

secretion; interfacial helices in particular are reported in approximately one quarter of alpha-544 

helical transmembrane proteins DeepTMHMM2 [64], so treating them as transmembrane 545 

domains would remove a substantial number of legitimately secreted proteins. 546 

 547 

The resulting predicted secretomes were classified with EffectorP-fungi 3.0 [65], which assigns 548 

secreted proteins as apoplastic effectors, cytoplasmic effectors, both, or non-effectors. Secretome 549 

size was expressed as an absolute count and as a percentage of the predicted proteome, and 550 

effector candidates were additionally normalized per 1,000 predicted genes to control for 551 

variation in gene-model number among assemblies. Biosynthetic gene clusters were identified 552 

with fungal antiSMASH 8.0.4 [66]. Clusters were classified by backbone type (NRPS, PKS, 553 

PKS-NRPS hybrid, terpene, and other) and counted per genome. 554 

 555 

Statistical analyses and visualization 556 

To evaluate how evolutionary history relates to functional gene content, we analyzed CAZyme 557 

families, COG categories, and biosynthetic gene cluster types as multivariate profiles, and 558 

summarized CAZyme activity categories, cluster counts, predicted secretomes, and effector 559 

repertoires as genome-level traits. We first evaluated variation within and among major fungal 560 

lineages using ordination and comparisons among taxonomic classes. We then examined the 561 

correspondence between phylogenetic relatedness and each functional profile using Mantel tests 562 

(Pearson correlation, 10k permutations) between pairwise patristic distances from the maximum-563 
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likelihood phylogeny and the Euclidean distances among Hellinger-transformed profiles used for 564 

PERMANOVA (CAZyme family, COG category, biosynthetic gene cluster type, effector class 565 

composition and the combined profile). Because patristic distances were available for study 566 

isolates only, these tests included 67 isolates (66 for effector composition). Finally, we placed 567 

established pathogen genomes within the functional distributions of the sequenced isolates, with 568 

comparisons involving the needle pathogens restricted to Dothideomycetes. 569 

 570 

For analyses of functional composition, gene or cluster counts within each genome were 571 

converted to relative abundances and Hellinger-transformed (square-root of relative abundance 572 

[67]). CAZyme family, COG category, and biosynthetic gene cluster type profiles were analyzed 573 

separately. Principal component analysis (PCA) was used to visualize CAZy family composition, 574 

COG and biosynthetic gene cluster ordinations. To examine broader functional composition, the 575 

three transformed profiles were weighted separately by the inverse of each block’s first singular 576 

value, concatenated, and also analyzed by PCA. This weighting reduced differences in the 577 

contributions of the three data types to the combined ordination. 578 

 579 

Differences in functional composition among taxonomic classes and lifestyles were tested with 580 

PERMANOVA [68]  on Euclidean distances among Hellinger-transformed profiles, using 581 

adonis2() in the vegan package v2.8 [69] with 10k permutations. Class and lifestyle were tested 582 

separately and sequentially, with class entered first so that lifestyle was evaluated after 583 

accounting for class. Homogeneity of multivariate dispersion was tested with betadisper() for 584 

each grouping factor, and significant heterogeneity was taken to limit the interpretation of the 585 

corresponding PERMANOVA. To compare lifestyles without the confound of ancestry, CAZy 586 
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and COG profiles were also analyzed within Dothideomycetes alone (31 isolates and 4 pathogen 587 

references). Yeast-like taxa (Candida albicans, Saccharomyces cerevisiae and Cryptococcus 588 

neoformans) were retained in the ordinations but excluded from these tests. 589 

 590 

For genome-level traits, CAZyme genes were grouped into the substrate-based activity 591 

categories described above and expressed per 1,000 predicted genes. Secretome size and 592 

predicted effector counts were likewise expressed per 1,000 predicted genes, and the effector 593 

fraction of the secretome was calculated as the proportion of transmembrane-filtered secreted 594 

proteins classified as effectors. The secreted fraction of the CAZyme repertoire was expressed as 595 

the percentage of CAZyme genes carrying a predicted signal peptide and passing transmembrane 596 

filtering. Biosynthetic gene clusters were counted as antiSMASH regions per genome, including 597 

regions truncated at contig edges. Total cluster count, effector density, secretome size and the 598 

secreted fraction of the CAZyme repertoire were compared among the three well-represented 599 

isolate classes using Kruskal-Wallis tests, with pairwise Wilcoxon rank-sum tests (continuity 600 

correction, Benjamini-Hochberg adjustment) where reported. Leotiomycetes, represented by a 601 

single isolate, were excluded from these tests. Associations between assembly contiguity (contig 602 

count and N50) and the percentage of truncated cluster regions or total cluster count, and 603 

between secretome size and effector count, were assessed with Spearman correlations. 604 

Differences among classes in the plant-cell-wall-degrading activity categories were summarized 605 

descriptively. 606 

 607 

Established pathogen reference genomes were overlaid on the functional ordinations and trait 608 

distributions. To examine the position of the needle-associated pathogens Lecanosticta acicola 609 
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and Dothistroma septosporum in a narrower taxonomic context, we compared their genome-level 610 

traits with those of the study isolates assigned to Dothideomycetes. For each trait, the two needle 611 

specialists were compared with the Dothideomycete study isolates using a two-sided Wilcoxon 612 

rank-sum test, with Benjamini-Hochberg adjustment across the four traits tested (cellulose, 613 

pectin, hemicellulose and total plant-cell-wall-degrading genes). Percentiles were reported for 614 

the plant cell wall degrading activity categories (cellulose, hemicellulose, pectin, cutin and total 615 

plant cell wall degrading content), total biosynthetic gene cluster count, the secreted fraction of 616 

the CAZyme repertoire, and the EffectorP-derived measures of secretome size, effector density 617 

and effector fraction of the secretome. Values and percentiles for the other Dothideomycete 618 

pathogen references, Diplodia sapinea and Zymoseptoria tritici, were reported alongside those of 619 

the needle specialists where computed. 620 

 621 

All statistical analyses and visualization were performed in R v4.6.1 [70]. Phylogenetic tree was 622 

produced with TreeViewer [71], heatmaps with ComplexHeatmap [72,73] and remaining figures 623 

with ggplot2 [74]. All analysis scripts are available on GitHub.  624 

 625 
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Supplementary Figures 

 

 

Supplementary Figure 1. Assembly quality of the 67 sequenced isolates and 13 reference 

genomes. (A) Assembly size in megabases (bars, left axis) and contig N50 in kilobases (red 

points, right axis), ordered by increasing assembly size. (B) BUSCO completeness against the 

fungi_odb12 lineage, partitioned into single-copy, duplicated, fragmented and missing genes, 

with genomes ordered by decreasing percentage of missing genes. All genomes shown met the 

retention criteria (BUSCO complete ≥ 70% and duplicated < 15%). The two panels use different 

orderings, so a genome occupies a different position in each. 

 

 



 

Supplemental Figure 2. COG functional category composition across the 80 genomes. Rows 

are COG categories and columns are genomes, clustered by profile similarity. Colour shows the 

number of genes per 1,000 predicted genes, capped at the 95th percentile of non-zero values to 

prevent a few high values from flattening the scale. Annotation bars above the heatmap give each 

genome's taxonomic class and fungal type (study isolate or reference). Classes other than 

Dothideomycetes, Eurotiomycetes and Sordariomycetes are shown together as “Other”. 

 

 

Supplementary Figure 3. Biosynthetic gene cluster regions per genome, partitioned into 

complete regions and regions truncated at contig edges. Among the 67 study isolates, the 

percentage of truncated regions rose with assembly fragmentation, but total region count did not. 

Mean truncation increased from 17.7% in the most contiguous third of assemblies to 89.5% in 

the least contiguous, whereas mean region count changed only from 46.6 to 41.6. Fragmentation 

therefore changes how many detected regions are flagged as incomplete but not how many are 

detected. 

 



 

Supplementary Figure 4. CAZyme activity group composition across the 80 genomes. Rows 

are the ten substrate-based activity groups, arranged in five blocks: plant cell wall (cellulose, 

hemicellulose/xylan, mannan, pectin), cuticle (cutin/cuticle), fungal cell wall (chitin, beta/alpha-

glucan), oxidative (auxiliary redox, LPMO) and storage (starch/storage). Columns are genomes, 

clustered by profile similarity. Colour shows genes per 1,000 predicted genes, with the scale 

capped at 7 and above. Annotation bars above the heatmap give each genome's taxonomic class 

and fungal type. 
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Supplementary Tables 3 

Supplementary Table 1. Reference-free assembly quality estimates from Merqury for the 67 4 
sequenced isolates. K-mer databases were built with Meryl (k = 21) from Illumina short reads for 5 
each isolate and compared with the corresponding assembly. 6 

Iolate ID QV Error Rate (%) Unique K-mers Common  K-mers 

BS00_120_204-2 32.35 0.0583 769150 42953875 

BS00_240_163-1 34.08 0.0391 575411 47782105 

BS00_240_165-2 22.37 0.5795 6986072 42371002 

BS00_240_177-2 28.62 0.1375 1205685 28870926 

BS01_120_013-2 10.22 9.5025 32634107 34181194 

BS02_120_076-2 30.98 0.0798 897855 36735580 

BS02_240_133-2 37.81 0.0165 170431 33309062 

BS02_240_133-4 7.89 16.2463 34087180 34227625 

BS04_120_524-1 28.68 0.1356 1104631 26821893 

BS05_240_246-2 32.68 0.0539 604269 36447959 

BS05_240_248-5 44.50 0.0035 34271 31184914 

BS05_360_328-3 36.34 0.0232 246587 34353720 

BS05_CNT_273-5 35.06 0.0312 457060 47471375 

BS06_120_435-5 38.01 0.0158 119566 24462856 

BS06_240_394-4 32.07 0.0622 534004 27972179 

BS06_360_361-6 8.86 13.0137 53079 53793 

BS08_120_142-3 38.21 0.0151 158316 33860220 

BS09_120_061-2 10.88 8.1734 81427 87662 

BS09_360_082-3 33.25 0.0474 436605 29953557 

BS11_240_256-2 32.08 0.0619 507322 26695377 

BS11_CNT_642-2 13.08 4.9259 36881734 46620646 

BS11_CNT_642-4 22.28 0.5910 6888537 41039973 

BS12_120_844-2 34.25 0.0376 605239 52273967 

BS12_240_821-3 34.00 0.0398 297115 24203729 

BS14_240_170-1 32.06 0.0622 548711 28733191 

BS14_CNT_162-4 36.15 0.0243 271515 36210111 

BS21_CNT_582-1 33.75 0.0421 364855 28115896 

BS22_360_573-3 29.24 0.1192 1016738 28014712 

LLP09-1 32.91 0.0512 529335 33603435 

Mean 29.06 1.87 
  

SD 9.81 4.29 
  

95CI 1.24 0.54 
  

 7 
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Supplementary Table 2. Reference genomes included in the functional comparisons. Genome 9 
assemblies were obtained from NCBI. 10 

Species NCBI Accession Reason 
Associated 

disease or role 

Lifestyle in 

analyses 

Lecanosticta 

acicola 
GCA_963674455.1 

Pine 

pathogen 
BSNB Pines Pathogen 

Dothistroma 

septosporum 
GCA_002236755.2 

Pine 

pathogen 
DNB Pines Pathogen 

Fusarium 

circinatum 
GCA_024047395.1 

Pine 

pathogen 
Pine Pitch Canker Pathogen 

Diplodia 

sapinea 
GCA_056582465.1 

Pine 

pathogen 
Diplodia Tip Blight Pathogen 

Fusarium 

graminearum 
GCA_020991245.1 

Plant 

pathogen 

Fusarium Head 

Blight 
Pathogen 

Pyricularia 

oryzae 
GCA_050157985.1 

Plant 

pathogen 
Rice Blast Pathogen 

Botrytis cinerea GCF_000143535.2 
Plant 

pathogen 
Gray Mold Pathogen 

Zymoseptoria 

tritici 
GCF_000219625.1 

Plant 

pathogen 
Wheat leaf blotch Pathogen 

Aspergillus 

fumigatus 
GCA_040126065.1 

Saprophytic 

fungus 

Saprotroph 

Human pathogen 
Saprophyte 

Neurospora 

crassa 
GCF_000182925.2 

Saprophytic 

fungus 

Saprotroph 

Model organism 
Saprophyte 

Candida 

albicans 
GCF_000182965.3 

Animal 

pathogen 
Candidiasis Yeast-like 

Cryptococcus 

neoformans 
GCA_056621495.1 

Animal 

pathogen 
Cryptococcosis Yeast-like 

Saccharomyces 

cerevisiae 
GCF_000146045.2 

Common 

yeast 
Model organism Yeast-like 
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