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Large-scale multi-omics profiling reveals
environmental and evolutionary drivers of
fungal phylogeographic and metabolic
diversity
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Chemical innovation is essential for fungi to adapt to ever-changing ecological
environments. However, the environmental and evolutionary drivers of fungal
metabolic differentiation remain ambiguous. Here, we show the phylogeo-
graphic diversity of 1052 Aspergillus flavus strains across four continents, as
conducted through phylogenetic and biogeographical analysis, including 544
newly sequenced strains from China. These strains exhibit varying levels of
population-specific mycotoxin production, as determined by population meta-
bolomics analysis. We report a toxigenic subpopulation from China, identified
through comparative population genomics analysis. Pan-metabolome analysis
reveals strong phylogeographic metabolic patterns associated with specific
ecological niches. Low-mycotoxin production clades harbor distinct unchar-
acterized biosynthetic gene clusters and produce different specialized meta-
bolites instead. This discrepancy is only partially explained by variation in
biosynthetic pathway genes, and changes in regulation and primary metabolism
appear to mainly drive differentiation of specialized metabolite profiles across
fungal populations, as indicated by pangenome profiling, metabolites-genome-
wide association study, genotype-environment association study, pan-
transcriptome analysis, and gene knockout experiments. Altogether, our results
reveal how environmental shifts drive the fungal metabolic evolution, and pro-
vide insights for predicting the risk of harmful fungal outbreaks and for bio-
geographically-informed, precise control measures.

Fungal specialized metabolism has a profound impact on the Earth’s  foods with their toxic specialized metabolites’. Climate shifts promote
ecosystem’, especially, since the world is currently experiencing rapid  fungal evolution, altering host-pathogen interactions and contributing
anthropomorphic climate change, which is increasing the risk of to the emergence of new pathogenic strains’. Fungi are well-known
harmful fungal outbreaks that infect humans, destroy crops or poison  for their capacity to produce a wide range of bioactive compounds.
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These molecules possess important ecological functions in inter-
microbial competition, defense, signaling, nutrient acquisition, and
development*. Many fungi secrete mycotoxins to facilitate pathogen-
esis or to defend a specific ecological niche’. Unfortunately, the
mycotoxins, such as aflatoxin B;, mainly produced by the A. flavus, is
classified as a Class I carcinogen by the World Health Organization,
may lead to poisoning events in humans due to their carcinogenicity.
According to FAO data, -25% of the world’s food is contaminated
yearly by mycotoxins, causing large socioeconomic losses globally and
posing a major challenge to food security and public health®. More-
over, A. flavus is also the second most common opportunistic patho-
gen causing aspergillosis. More than 2.113 million people suffer from
aspergillosis every year worldwide, with a mortality rate of 85.2%’.
An improved understanding of phylogeographic diversity of
harmful fungal specialized metabolism would inform the design of
precision control strategies to mitigate the growing threat of fungal
infection and mycotoxins. The extraordinary diversity of fungal spe-
cialized metabolites is maintained by evolutionary adaptations to
challenges posed by complex environments®. Specialized metabolite
repertoires have been shown to evolve rapidly through the functional
divergence, horizontal transfer, and de novo assembly of biosynthetic
gene clusters (BGCs) that encode for their production’. Recent com-
putational genome mining efforts, including global analysis of 1000
fungal genomes’, investigation of inter- and intraspecies variation in
Aspergillus section Nigri'®, and a comparative genomics study of 23
Aspergillus species from section Flavi" have shown that fungal bio-
synthetic diversity is vastly untapped. Even within individual fungal
species, considerable variation in BGC repertoires exists, and,
sometimes, closely related pathogenic and non-pathogenic strains
show distinct differences in their biosynthetic capabilities”. However,
little is understood about the processes that shape the biogeo-
graphical diversity of fungal specialized metabolism within species
under climatic shifts. The hypothesis is that the environment selects
for diversification; yet, to what extent the environment really does
select for specific specialized metabolic repertoires and their evolu-
tionary direction, and how this is encoded genetically, has remained
unclear. While recent key studies showed the existence of considerable
pan-genomic diversity of accessory BGCs*"* and population-specific
differences in metabolite production®. Traditionally, BGC variation is
considered to be the main driving force; however, other drivers, such
as regulatory, primary metabolism and environmental selection of
gene variation, have not been systematically studied. Therefore, a
transcontinental phylogeographic analysis is required to system-
atically identify the major genetic and environmental drivers that lead
to different metabolic profiles across populations around the globe.
Here, we select the ubiquitous species of broad societal impact, A.
flavus, as a model system to analyze the evolutionary drivers of phylo-
geographic diversity of fungal specialized metabolism. We perform de
novo genome sequencing of >550 representative isolates from China
and also investigate these strains using untargeted eco-metabolomics;
the genomics data were then analyzed together with 508 previously
published environmental (n = 412) and clinical (n = 96) A. flavus genomes
from nine other countries. We report an aflatoxigenic subpopulations
that mainly reside in southern and central China. Strains from different
populations exhibit conserved BGC repertoires, yet show phylogeo-
graphically distinct specialized metabolite production. Notably, low-
aflatoxin clades tend to harbor clade-specific unknown BGCs and were
found to produce different metabolites instead, including other myco-
toxins, which may prompt a rethinking of food safety management
strategies. To our surprise, these differences in metabolic output are
only partially explained by polymorphisms of BGC genes, but mainly
driven by evolutionary rewiring of key transcriptional regulation and
primary metabolism. Genotype-environment association (GEA) analysis
further indicates that environmental local adaptation promotes these
processes. Altogether, our multi-omics approach reveals evolutionary

drivers of the phylogenetic diversity of fungal specialized metabolites in
the context of a changing environment.

Results

Multi-omics dataset across 1052 A. flavus strains

To facilitate dissecting the nature and origins of fungal specialized
metabolic differentiation from a comprehensive overview of variation
at the species level, 544 representative A. flavus and five Aspergillus
section Flavi strains were selected from an in-house strain library from
China. The chosen sampling sites represent six climatic ecological
zones to maximize their ecological breadth and geographical origins
(Fig. 1a and Supplementary Fig. Sla, and see for detailed strain sam-
pling site coordinates in Supplementary Table 1). The analysis work-
flow of this study is shown in Supplementary Fig. S1b. Subsequently,
these isolates were deep-sequenced using Illumina paired-end
sequencing with a 97-fold mean sequencing depth and 99% mean
mapping rate (Supplementary Fig. S2a). The reads of all isolates were
de novo assembled for obtaining the whole genome sequence. The
average genome size was 37.9 +2.2 Mb, with 47.5+0.3% GC content
and 2.6 + 0.7% repetitive sequence content. In addition, 508 previously
sequenced A. flavus and two Aspergillus section Flavi strains genomes
were downloaded from NCBI GenBank (Supplementary Fig. Sla and
Supplementary Table 1, 2), mainly from three studies: 95 of them ori-
ginate from a study of USA populations®, 225 isolates from infected
plant parts of corn or soil samples'®, and 96 representive clinical
samples mainly originating from a study by Hatmaker et al.”. The
scaffold number of newly sequenced assemblies (median value=
109.5 +91.2) is significantly lower than the number (median value =
317 £ 653.9) of draft A. flavus genomes that have been published so far
(Supplementary Fig. S2b and Supplementary Table 3), indicating that
our genome assemblies are of high quality. We further selected 27
representative strains from a species phylogeny for PacBio long-read
sequencing to obtain chromosome-level assemblies for the construc-
tion of high-quality pangenomes. The scaffold number (median
value =20.5 + 4.9) of the 27 PacBio-sequenced strains was significantly
lower than the Illumina assembly results (median value =109.5 + 91.2),
near chromosome-level (Supplementary Fig. S2c, d). The HiC
sequencing technology was further used to sequence 8 strains, which
assisted in the assembly to the chromosome level. Most single-
nucleotide polymorphisms (SNPs) are present at low frequencies, 92%
with a minor allele frequency (MAF) < 0.3 (Supplementary Fig. S3a).
Extended results on detailed genetic differentiation and diversity
characterization, such as InDels (Insertion/Deletion, InDel), structural
variation (SVs), and transposon variation in the population, are avail-
able in the Supplementary Information. Untargeted metabolomics
profiles for >550 Aspergillus sp. isolates were simultaneously acquired
by ultra-performance liquid chromatography coupled with Orbitrap
Fusion high-resolution mass spectrometry using data-dependent
acquisition (DDA) of mass fragmentation spectra (UPLC-HRMS/MS)
(see “Methods”). All metabolomes were annotated in detail using a
range of computational metabolomics procedures that utilize spectral
alignment, spectral similarity networking, and de novo structure pre-
diction(see “Methods”). The raw metabolomic data of 95 strains from
the USA generated by Drott et al."* were downloaded from GNPS. In
addition, 28 strains (with three biological replicates each and a total of
84 samples) from different clades with different phenotypes were
selected to obtain species-level pan-transcriptome variation profiles.
Finally, to conduct genotype-environment association (GEA) analysis,
we collect the data of 21 climate variables and two geographical factors
from the China weather data website (https://data.cma.cn/) and soil
survey data of 24 soil physiological metrics from our lab.

Discovery of an aflatoxigenic subpopulations from China
To provide a strong foundation for transcontinental-scale phylogeo-
graphic analysis, we reconstruct a high-resolution phylogenetic tree
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from all 1059 genomes (including seven outgroups) using a genome-
wide SNP data matrix (including 387,282 SNPs). This facilitates the
study of phylogenetic relationships of strains isolated from different
geographical origins and niches (Fig. 1a and Supplementary Table 1).
The phylogenetic analysis of A. flavus on a transcontinental scale is
genetically differentiated into eight subpopulations. W-clade 6 was
discovered and contains high-frequency isolates with aflatoxin-
producing capacity(APC) sampled mainly from China (Fig. 1a). Pre-
viously, Geiser et al.'® constructed a phylogenetic tree of USA A. flavus
isolates using three marker genes and divided the population into two
groups (I, I). Drott et al.” recently reported that the USA A. flavus
population is subdivided into three genetically differentiated

subpopulations (Pops) (Pop A, B, and C) at genome-wide resolution.
The study of Hatmaker et al.”, recently inferred that the A. flavus
population could be grouped into five populations: Pop A, B, C, D, and
S-type, which were also identified in our phylogeny. However, our
study at the largest scale to date revealed that of which Pop A was
further differentiated into four subpopulations (Pop Al, A2, A3, A4)
(Fig. 1a and Supplementary Fig. S4). Specifically, Pop B is synonymous
with the W-clade 2 found in this study, and Pop C (containing a mix of
clinical and environmental samples) was the same as our W-clade 3.
Pop D, equivalent to W-Clade 8, contains the vast majority of clinical
samples, as shown by Hatmaker et al. Pop A mainly overlapped with the
W-clades 4,5,6,7 of this study”. Notably, 95% of the strains in W-clade 6
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were from southern and central China, and only five strains were from
the USA, which may result from long-distance migration or geo-
graphical spread by atmosphere, with 70% of the strains in W-clade 6
having an aflatoxigenic chemotype. We further construct the
neighbor-net network to cross-validate the reliability and accuracy of
population structure inference (Supplementary Fig. S4a). The network
topology is highly similar to the phylogenetic tree, and the W-clades 4
and 5 strains from China also differentiated into the branches. Principal
component analysis (Supplementary Fig. S4b) and population struc-
ture inference (Supplementary Fig. S4c) confirm the rationale of
dividing the A. flavus population into eight subpopulations. Notably,
94% of the geographical locations of the strains of these clades were
from southern and central China in the subtropical or mid-subtropical
regions at low latitudes (Fig. 1b). We further characterize the genetic
diversity and degree of genetic differentiation among different sub-
populations. W-clade 6 has high genetic diversity(m=0.173, p=0.01).
In contrast, W-clade 2 (also known as Pop B) has the lowest genetic
diversity (Fig. 1c). There is a large genetic differentiation (Fst > 0.25)
between W-clade 2 and other clades, including W-clade 6 (Fig. 1c). The
clades show moderate to large genetic divergence from the other
clades (Fig. 1c). In conclusion, this combined transcontinentally sam-
pled whole-genome phylogeny reveals fine-scale population structure
and genetic differentiation across the A. flavus species.

Phylogeographic Diversity Patterns of A. flavus

The genetic diversity of A. flavus shows strong associations with the
environmental origins of the strains at a continental scale. Phyloge-
netic analysis reveals that clinical and environmental samples were
clearly clustered, showing genetic differentiation of ecological niches.
For example, 51% of clinical samples are distributed in W-clade 8, 20%
in W-clade 3, 22% in W-clade 5, and the remaining 7% are scattered in
other subpopulations. This pattern is consistent with a recent study on
the pathogenicity of A. flavus samples from clinical settings”. On the
other hand, it is worth noting that 65% of environmental strains from
China in W-clade 8 were phylogenetically interspersed with clinical
strains, suggesting that environmental non-aflatoxigenic strains of this
subpopulation may have the ability to infect humans®. For example,
we observe that the genomes of these clinical A. flavus strains (W-
clades 3,8) harbored higher copy numbers of homolog virulence gene
1(Afu5g03790, Iron transport multicopper oxidase fetC) after large-scale
homology clustering comparison of 1003 A. flavus genomes and 149
virulence gene protein sequences from A. fumigatus strains that have
been reported to infect humans” (Fig. 1a, d). In addition, the homolog
virulence gene 2 (Afu8g00230, Chain A, Verruculogen synthase) is
mainly distributed in W-Clade 2 environmental non-aflatoxigenic clade
strains. However, overall, the vast majority of the virulence genes were
found in both clinical and environmental strains, and the phenomenon
of homologs of virulence genes over-represented in clinical strains
versus environmental strains was not widespread (Supplementary
Fig. S5a, b). In environmental samples, sclerotial size S (W-clade 1) and
L morphotypes (W-clades 2-8) with different aflatoxin profiles and
niche adaptability characteristics were also clearly classified (Fig. 1a).
The phylogenetic relationships show that phylogeographically distinct
clades of A. flavus show clear differences in aflatoxin profiles (Fig. 1a).
Analyzing from a transcontinental scale, the proportion of non-
aflatoxigenic subpopulation strains in W-clades 2 and 8 exceeds 50%.
In contrast, W-clades 4, 5, 6, and 7 are dominated by aflatoxigenic
strains (Fig. 1a, b). The results show a clear latitudinal gradient pattern,
that is, the aflatoxin-producing strains were frequently found in low-
latitude areas, whereas the non-aflatoxigenic strains are enriched at
higher latitudes both within and between clades (Fig. 1b). Analyzing
strains from China alone, 84% aflatoxigenic strains originate from the
south subtropical climate zones (Fig. 2a). 62% of the strains isolated
from middle subtropical regions had medium or high aflatoxin-
producing capacity.

In addition to aflatoxins, pan-metabolome analysis further
reveals that phylogeographically distinct clades show extensive
metabolic differentiation. Since it is difficult to simultaneously
obtain consistent metabolome data from other locations using the
same culture conditions and comparable metabolome methods, we
used 551 samples from China as a case dataset to discover patterns. A
total of 16,432 metabolic features were extracted from 551 meta-
bolome profiles. We find that 36.5% (5996/16,432) core metabolome
features were shared between all isolates. We also observe the pre-
sence of many clade-specific metabolites. For example, W-clade 4
and W-clade 5 possess 11.3% (1861/16,432) and 4.6% (762/16,432)
clade-specific metabolite features, respectively (Supplementary
Fig. S6a). Five largely discrete metabolic patterns could be dis-
tinguished following differential abundance analysis between dif-
ferent sets of clades based on annotated metabolites (Fig. 2b). We
use feature-based molecular networking (FBMN) to organize our LC-
HRMS/MS data by grouping mass features with similar mass frag-
mentation spectra’®®, accompanied by extensive metabolite annota-
tion efforts using various (GNPS) mass spectral libraries, to boost
annotation rates (see Methods). We found that the distribution of a
molecular family including cyclopiazonic acid followed a largely
opposite trend compared to that of the aflatoxins molecular famil-
y (Fig. 2c, d). The highest abundance of the aflatoxin molecular
family associated with Chinese clades 2, 4, 5, and 6 (W-clades 4, 5, 6
and 7), while it was found at much lower abundance in Chinese
clades 1 and 3 (W-clades 2 and 8) (Fig. 2d). This corroborates recent
results by Drott et al.*, who showed for the US population that
aflatoxin B; was produced more in Pop A (W-clades 4, 5, 6 and 7) than
in Pop B and C (W-clades 2 and 3). Our data therefore demonstrates
that most A. flavus isolates have a wide mycotoxin-producing
capacity and that low-aflatoxin producing capacity clades often
produce other metabolites, including the mycotoxins of Cyclopia-
zonic acid (CPA).

Evolution of accessory genes drives metabolic differentiation

Next, we conduct an exhaustive analysis of the possible drivers that
affect the formation of phylogeographic diversity patterns of fungal
specialized metabolism. A pangenome representation was built based
on 977 representative genomes selected from the phylogeny to
characterize commonality and uniqueness attributes. These
977 strain sources cover 9 countries, including 75 clinical strains' and
902 environmental strains isolated from soil, peanuts, corn, cotton,
and other sources'®. Orthology inference revealed that the A. flavus
pangenome is composed of 15,628 protein-coding genes, which is
3181 genes more than the reference genome of A. flavus NRRL3357
(GCA_009017415.1)". These non-redundant orthogroups could be
subdivided into core (in all isolates, n=9584), accessory (in 5-95% of
the isolates, n=5085) and ‘unique’ (in <5% of the isolates, n=959)
genomes (Fig. 3a) after rigorous removal of bacterial and other pro-
karyotic sequences by aligning the NR database. Among them, the
conserved core genome accounts for 61.3%, the accessory genome
accounts for 32.5%, and the unique genes account for the remaining
6.2% of genes. Our results and recently reported 59%' and 42.5%"
proportion of accessory genomes illustrate that the A. flavus popu-
lation exhibits significant plasticity. However, the ratio of core
metabolome (39%) (Supplementary Fig. S6a) is lower than the core
genome (61.3%). The pangenome exhibits a closed trend as the
population size increases (Fig. 3b). Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis confirms that genes respon-
sible for genetic information processing are dominant in the core
genome, alongside genes related to primary metabolism and cellular
processes (Fig. 3¢). 81% of accessory genes and 72% of unique genes
were annotated in biosynthesis of primary and specialized metaboli-
tes(Fig. 3d, e). Clustering analysis of the gene gain/loss of accessory
genes (Fig. 3f) and pan-transcriptome data indicates corresponding
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clade-specific expression profiles (Fig. 3g), which may be linked to
these accessory gene variations directly or indirectly. In conclusion,
pangenome and pan-transcriptome evidence indicate that the evo-
lution of accessory genes could drive metabolic divergence in direct
or indirect ways.
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Variations in BGC genes only partially explain metabolic
differentiation

A logical explanation for the differentiation in specialized metabolism
could be variation in BGC repertoires between the clades. A total of
52,511 BGCs were identified across all genomes, which were grouped
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Fig. 2 | Geographic genetic differentiation and metabolic diversity patterns of
A. flavus populations in China. a Phylogenetic tree, field sampling sites and
phylogeographic patterns of A. flavus strains from China, and the geographical
distribution pattern of aflatoxin-producing capacity. 97% nodes in the phylogenetic
tree have a bootstrap value greater than 0.98. b The phylogenetic tree from the
population of A. flavus in China. The heatmap contains the five A. flavus metabolic
patterns mapping on the phylogenetic tree. Low aflatoxin-producing capacity
clades often produce other metabolites instead. ¢ Cyclopiazonic acid (CPA)

molecular family mainly found in clades 1 and 3 (see Online Methods for metabolite
annotation details). d The highest abundance of the aflatoxin molecular family was
observed in Chinese clades 2, 4, 5, and 6, and the lowest abundance was observed in
Chinese clades 1 and 3. The geographic information data of China’s map and major
climate zones used in the Fig. 2a map comes from the environmental resources and
environmental science data platform of the Chinese Academy of Sciences (https://
www.resdc.cn). Source data are provided in this paper.

into Gene Cluster Families (1707 GCFs) using BiG-SCAPE (Supple-
mentary Fig. S7a). However, the number of unique BGCs after the first
round of automatic deduplication was obviously overestimated, due
to e.g., contig breaks inside gene clusters in subsets of the genomes.
Therefore, we extracted 2268 core gene protein sequences of BGCs
from these GCFs for detailed curated deduplication by pairwise
sequence comparison. Finally, 103 unique BGCs were confirmed in the
entire A. flavus population by large-scale sequence alignment and
manual validation based on BGC class rules, which amounts to 11
uncharacterized BGCs compared with previous A. flavus pan-BGCs
studies™. We matched these 103 BGCs with the 92 BGCs reported in
previous literature* and numbered the BGCs’ ID in the same order. The
extrapolation results suggest that there is still a relatively large bio-
synthetic potential within A. flavus, considering the differences in BGC
microevolution sites between strains (Supplementary Fig. S7b) and a
more stringent sequence similarity threshold to perform similarity
clustering and de-duplication on the BGC core gene. The rarefaction
curve showed that the entire species could contain +120 distinct
families of BGCs (Supplementary Fig. S7c).

Previous research by Drott reported that genetic differences in
BGCs core gene can result in differences in SMs production™, high-
lighting how population-specific SNPs and InDels result in clade-
specific differences in BGC core gene content and presence/absence.
Lind’s analysis of the A. fumigatus population emphasized that the
high-frequency variation mainly comes from SNPs and gene gain/loss
polymorphisms'”. However, partially because most BGCs in A. flavus
have not been characterized (16 BGCs products are confirmed by
experiments®), previous studies did not statistically or experimentally
link core and flanking genes variation to differentiation in the pro-
duction of known SMs to validate the consequences of genetic varia-
tion. To this end, we used a knowledge-based machine learning and
mGWAS approach to couple larger paired datasets to comprehensively
analyze the variation of BGC core genes and flanking genes and their
association with metabolic differentiation patterns. We found that 77%
of BGCs core genes showed a conserved pattern, 15% showed
presence-absence variation (PAV), and 9% showed a dispersed dis-
tribution pattern (Supplementary Fig. S8). For example, there is an
overall trend of conservation of aflatoxin BGC in A. flavus (Supple-
mentary Figs. S8, S9) and Aspergillus species (Supplementary Fig. S10)
based on large-scale collinearity analysis. This corroborates previous
work by Inge et al. in Aspergillus section Flavi, based on comparative
genomics™. In addition, by leveraging the power of paired omics
integrated analysis using NPLinker** and based on structural annota-
tions using reference MS/MS spectra of several known metabolites, we
were able to link detected metabolites to candidate corresponding
BGCs (Table 1). As a positive control, the aflatoxin B; and B, MS/MS
spectra are associated with this method to the experimentally char-
acterized aflatoxin BGC (MIBiG:BGCO000006) with high metcalf
scores of 4.78 and 6.58, respectively (Table 1). Furthermore, vioxanthin
and viopurpurin, two dimeric naphthopyrones produced by Aspergil-
lus species®, were annotated in our metabolomics dataset. These
specialized metabolites protect filamentous fungi from a wide range of
predators®. The biosynthetic pathway of these two structurally similar
compounds is still unknown in A. flavus, and the mass spectra of these
molecules were putatively linked to the putative naphthopyrone BGC
homologous to MIBiG gene cluster BGCO000107 from Aspergillus

nidulans (Table 1). Additional plausible BGC-mass spectral links for
seven different A. flavus BGCs with metabolites of three different
chemical compound classes pave the way to further dissect their
detailed biosynthetic pathways and ecological roles using genetic and
biochemical studies (Table 1).

To assess the effect of BGC core and flanking gene variation on
differences in metabolite production, we compare in pairs 2 experi-
mentally characterized BGCs with corresponding metabolites detec-
ted in the metabolome dataset (Supplementary Fig. S11). The results
reveal that variations of BGC genes can only partially explain metabolic
differentiation. Specifically for the aflatoxin BGC, 34% of W-clade 2 and
14% of W-clade 3,8 strains showed core or multiple peripheral gene loss
events (Fig. 4a). However, 44% strains with intact clusters still showed
no/low aflatoxin production. This is consistent with Drott et al.’s
finding that the loss of aflatoxin BGC core gene occurred only in the
PopB population'. For Cyclopiazonic acid (CPA) BGC, 29.8% (34/114)
of clade 1 and 14.3% (13/91) of clade 3 strains showed whole BGC loss.
These strains, therefore, did not produce CPA. However, 73.3% (11/15),
84.7% (89/105), 70.9% (61/86), and 58.1% (75/129) contain all BGC genes
in clades 2, 4, 5, and 6, respectively, while producing little or no CPA.
We then analyzed the transcriptional profiles of 58 BGCs (Expressed
BGCs genes numbers =440) of 28 strains in different clades (Supple-
mentary Table 5) and found that 64% (282/440) of BGCs genes were
not significantly differentially expressed in different clades, and only
36% (158/440) were significantly differentially expressed (log2|FC|>1,
p.adjust <0.05) (Supplementary Table 6). The aflatoxigenic Chinese
clade 4 (W-clades 5,6) differentially expressed aflatoxin and cyclopia-
zonic acid pathway genes, while the low-aflatoxins Chinese clade 1 (W-
clade 2) highly expressed other BGCs instead, especially kojic acid,
aflatrem, and aspirochlorine BGCs (Fig. 4b). KEGG enrichment analysis
also demonstrated significant differential expression among different
subpopulations in aflatoxin biosynthesis pathways (Fig. 4c-g). In
addition, a linear mixed model (mMGWAS) method was used to
demonstrate the association and contribution rate of genetic variation
and metabolic differentiation in BGC. The mGWAS results were inter-
sected with all predicted BGCs genes in A. flavus, and it was further
found that SNP variations in 28% (124/440) of BGCs genes were sig-
nificantly associated with metabolic differentiation (Fig. 5b). Among
them, 44 genes showed significant differential expression across clade
strains (Fig. 4b). Thus, both analyses can link a subset of variation in
BGCs to metabolic differentiation. This suggests that BGC absence/
presence variation only partially explains the differential expression at
the transcriptional level and the metabolic differentiation outcomes.

Environmental change promotes metabolic pattern evolution

The above transcriptome analysis of strains on different clades also
revealed that 12 regulators associated with environmental factors such
as light (veA and laeA,B), pH (pacC), ion starvation (mscA, mscB, pmrl,
hapB, hapE, and hapX), temperature (AFLA 037820), and sensors of
carbon/nitrogen (C/N) source (creA and areA) show significant differ-
ential expression (Supplementary Table 7 and Fig. 5a). We speculate
that geographic environment selects certain functional regulators to
accelerate the formation of phylogeographic metabolic diversity. The
long-term environmental adaptation of fungi does select for specific
specialized metabolic repertoires (Fig. 2b)'**, for example, the latitu-
dinal gradient pattern of aflatoxins (Fig. 1a, b)***. However, which
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Fig. 3 | Super-pangenome analysis reveals A. flavus population conserved and
unique genomic attributes. a Presence/absence matrix heatmap of 15,628
orthologous genes identified from 977 representative A. flavus isolates genomes.
The pangenome contains core (orthogroups present in all isolates), accessory
(orthogroups present in 5-95% of the isolates), and unique (orthogroups present in
less than 5% of the isolates) genomes. b Rarefaction curve of gene family variation
in the pan-genome and core genome as the number of genomes increases. ¢ KEGG
enrichment analysis of the core gene set. The false discovery rate (FDR) was

calculated based on the nominal P-value from the hypergeometric test. d KEGG
enrichment analysis of the accessory gene set. The false discovery rate (FDR) was
calculated based on the nominal P-value from the hypergeometric test. e KEGG
enrichment analysis of the unique gene set. The false discovery rate (FDR) was
calculated based on the nominal P value from the hypergeometric test. f Cluster
analysis of the distribution of gain and loss of accessory genes recapitulates clade-
specific evolutionary trends. g Clade-specific patterns emerge in the expression
profiles of accessory genes in different W-clades.
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Table 1| Paired omics co-occurrence-based integrative omics mining analysis reveals the putative biosynthetic logic of known
and unknown ecologically relevant metabolites

Class SMs BGCs Metcalf  Bioactivity Status
score
Aflatoxin B, aflatoxin BGC 4.78 Mycotoxin, Antioxidant, antiinsectan, Experimentally
Aflatoxin B, (BGCO0O00006) 6.58 phytotoxic characterized
Polyketides Pyranonigrin E Pyranonigrin E BGC 4.57 Antioxidant putative
(BGC0001124)
Vioxanthin naphthopyrone BGC-like 4.74 antifeedant® putative
Viopurpurin (BGC0O000107) 4.02
Nonribosomal peptides  imizoquin B imizoquin A BGC 4.36 Antioxidant, spore germination Experimentally
(BGC0001621) characterized
Aspirochlorine Aspirochlorine BGC 4.95 antifungal and antibacterial Experimentally
(BGC0O001123) characterized
desferriferrichrysin desferriferrichrysin BGC (unknown) 412 siderophore putative
Hybrid PK-NRPS a-Cyclopiazonic acid  Cyclopiazonic acid BGC 4.4 Mycotoxin, pathogenicity factor Experimentally
characterized
B-Cyclopiazonic acid  Cyclopiazonic acid BGC 5.76 Mycotoxin Experimentally
characterized
Pseuboydone E Cyclopiazonic acid BGC-like 4.07 Mycotoxin putative
Speradine A Cyclopiazonic acid BGC-like 14.24 Mycotoxin putative
Aspergilline B Cyclopiazonic acid BGC-like 5.77 Mycotoxin putative
Cyclopiamide A Cyclopiazonic acid BGC-like 4.08 Mycotoxin putative

Paired omics co-occurrence-based integrative omics mining analysis reveals the putative biosynthetic logic of known and unknown ecologically relevant metabolites. Each row represents a putative
link of which some are experimentally characterized (see “Status” column). The columns represent the following: Class - Natural Product Class of produced specialized metabolite, SMs - Specalized
Metabolites by their common name annotated from mass features in the metabolomics data, BGCs - Biosynthesis Gene Clusters by their common name as well as MiBIG entry number (if available),
Metcalf score - a co-correation score based on presence/absernce of gene clusters and mass features across the strains (the higher, the more likely that a BGC and mass feature are associated),

Bioactivity - ascribed bioactivity to the SM, and Status - the confidence in the SM-BGC link.

environmental factors drive fungal metabolic differentiation remains
poorly understood. Jointly with genetic factors, these environmental
factors could shape phylogeographical metabolic differentiation. To
explore this possibility, the data of 21 climate variables and two geo-
graphical factors were collected from the China weather data website
(https://data.cma.cn/) and soil survey data of 24 soil physiological
metrics from our lab. These environmental data correspond to the
sampling points one by one. Two widely used genotype-environment
association (GEA) pipelines in landscape genomics were employed to
identify and interpret the signatures of local adaptation across loci. A
total of 2651 local adaptive genes were identified (G-Scores > 60, a
score threshold) by a logistic regression model using SamBada
(Fig. 5b). Bayenv2 identified 3652 SNPs were located in 2336 protein-
coding gene regions (Fig. 5b); among these, we identified a total of 803
common adaptively selected genes via two models (Fig. 5b). There are
191 overlaps with 2522 mGWAS genes, 34 intersections with known
regulatory genes (n=306), and 33 overlaps with BGCs genes (n =441)
(Fig. 5b). The important environmental influencers prioritized by a
random forest model included soil bulk density, temperature, pre-
cipitation, average relative humidity, and soil pH value* et al. (Fig. 5¢),
all of which showed a notable correlation with latitude across different
years (Supplementary Fig. S12). We further performed differential
expression gene (DEGs) analysis from different origins at the tran-
scription level. The genes with the most intersections with DEGs of
environmental selection genes were mGWAS genes (n = 67), followed
by regulatory genes (n=10) (Fig. 5d). This demonstrates that envir-
onmental changes can promote the evolution of genes associated with
different metabolic differentiation patterns (mMGWAS) or regulatory
genes. It is possible that these environmental factors that vary with the
latitudinal gradient jointly shape the phylogeographic metabolic
diversity by selecting the above-mentioned environmental selected
genetic loci. These environmentally mediated genes have broad
functions, mainly related to metabolic regulation (Fig. 5e) and phy-
siological responses (Fig. Se, f). Among them, 304 environmental
selection genes were significantly differentially expressed between

strains of different clades. For example, AFLA_ 057410, a NAD-binding
Rossmann fold oxidoreductase, and a NADH-cytochrome b5 reductase
of AFLA 029440, and an ATP citrate lyase subunit (Acl) encoded by
AFLA 106350 participate in energy metabolism in the tricarboxylic acid
cycle, providing energy and precursor materials such as acetyl-CoA for
the biosynthesis of specialized metabolites. Fatty acid synthase alpha
subunit, encoded by fasA (AFLA 117420) (High Gscore =90) and fatty
acid desaturase of AFLA 089170, known to be linked to the biosynth-
esis of polyketide specialized metabolites such as aflatoxins, was also
detected as a local adaptation locus and in mGWAS. Environmental
selection-related signals appear in the tryptophan synthase alpha
subunit encoded by AFLA 112810 and a serine/threonine protein
phosphatase PPT1 (AFLA_056690); these genes are also significantly
differentially expressed between strains from different clades. Pre-
vious transcriptome and metabolome enrichment analyses also
revealed significant differences in the tryptophan pathway in different
clade strains. In addition, a regulatory gene (sfaD, AFLA 093240) for
local adaptation (Gscore =92) encodes a guanine nucleotide-binding
protein subunit. Environmental selection signals in their gene intervals
and significant differential expression were simultaneously detected.
This suggests that environmental changes, such as climate change, can
accelerate the evolution of genes involved in primary metabolism and
regulators. In terms of genes involved in physiological responses, we
detected strong environmental interaction signals between bulk soil
density environmental factors and two genes encoding a pH signal
transduction protein, palA (AFLA 113560, Gscore=112), and a pH-
response transcription factor, pacC (AFLA 030580, Gscore = 65), using
SamBada. In particular, the expression levels of the pacC gene across
strains from different clades are significantly different. In addition,
four heat shock protein genes, HSPs (AFLA 037820, AFLA 035620,
AFLA_ 084590, AFLA_084460), also showed local adaptation (Gscore =
62~ 63). These genes may be related to environmental temperature
adaptability, especially the AFLA 037820 gene (heat shock protein
Hsp30-like) (Fig. 5a), which has significant differences in expression
levels among different geographical origins and clade strains.
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Fig. 4 | BGC gene variations can only partially explain secondary metabolite
differentiation. a Experimentally characterized BGC core gene presence/absence
variation (PAV) only partially explains specialized metabolites’ abundance profiles.
For example, in aflatoxin BGC, 34% of W-clade 1 and 14% of W-clade 6 strains
showed multiple peripheral gene loss events, 44% strains without core gene loss
events still showed no/low aflatoxin production. b The differentially expressed
gene ranking dotplot of 58 BGCs of 28 strains in Chinese clade4/cladel. ¢ Results of
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Fig. 5 | Genotype-environment association (GEA) analysis reveals genetic loci

selected by factors such as latitude, soil bulk density, and relative humidity,

and the effects of adaptive variation of these genes on metabolic differentia-
tion. a The differentially expressed gene ranking dotplot of 306 regulatory genes in
the Chinese clade 4/clade 1. b Environmental adaptive genes identified by SamBada
and Bayenv2 and their intersection. The intersection and union results with

False discovery rates(FDR) were estimated
using the Storey g-value method.

mGWAS genes, known regulatory genes, and BGC genes. ¢ Random forest model
predicts the variable importance of environmental factors. d Upset graph showing
the intersection and union of DEGs of regulators, BGC genes, environmental
selection genes, and the mGWAS genes set. e KEGG metabolism level enrichment
analysis of 803 environmental adaptability genes. f GO pathway enrichment ana-
lysis of 803 environmental adaptability genes.

Regulatory Variations Drive Metabolic Rearrangement

Deleterious mutations in regulatory genes may trigger larger pheno-
typic effects through a cascade effect. For example, a partial loss-of-
function of the regulatory gene veA has been shown to greatly impact
SMs production in fungal co-cultures®. However, some nonsense
mutations do not cause metabolic phenotype changes, the mutations
in regulatory genes generally cannot be directly associated with
metabolic outcomes. We analyzed the differential expression of 306
experimentally validated regulatory genes extracted from peer-
reviewed literature. Significant differences were found in the expres-
sion of different clades of multiple regulatory genes (Fig. 5a). We
demonstrated statistical association of mutation sites by intersecting
the 2522 genes previously associated with 60 representative metabo-
lites, for example, aflatoxin B;. We found that mutations in ~28% (86/

306) of reported regulatory genes were significantly associated with
the five metabolic differentiation patterns (Fig. 5d). Among these 86
associated regulatory genes, ~30% (26/86) showed significant differ-
ential expression (Fig. 5b, d). This illuminated that regulatory variation
were significantly associated with metabolic differentiation, significant
differences in transcription level was also observed (Supplementary
Fig. S13). We further examined the deleterious variation (dividing them
into low-, moderate-, and high-impact variants) in 36 major regulatory
genes that govern specialized metabolism in filamentous fungi. This
analysis revealed that clade-specific deleterious variants appeared in
regulatory genes, such as the pathway-specific regulator genes aflS,
aflR, and the global regulatory gene veA (Supplementary Fig. S14).
Other variations in specific regulatory genes and the distribution pat-
terns of these deleterious variants in the population are described in
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the supplementary information. Between the clades, 47% (143/306)
known regulatory genes were differentially expressed (log2|FC|>1,
p.adjust < 0.05). For example, the expression of afIR aflS, acon, laeB,
msnA, nsdD, veA, and creA regulatory genes was significantly different
between the aflatoxigenic (Chinese clade4, PopA3) and non-
aflatoxigenic (Chinese cladel, PopB) clades (Supplementary Table 7
and Fig. 5a). Excitingly, the functions of a large number of other
uncharacterized genes associated with mGWAS have not yet been
experimentally verified, providing us valuable avenues for future
research (Fig. 5b, d). This also reveals that ~86% (2160/2522) of
uncharacterized metabolic regulatory genes or other functional genes
associated with metabolic differentiation (Fig. 5b) play an important
role in driving metabolic differentiation. To verify the association
results at the molecular level, we selected four known (sakA, nsdD,
apsA, gpr)) and 12 unknown function putative regulatory genes asso-
ciated with aflatoxin synthesis by mGWAS and conducted gene
knockout experiments in LNZW-1 strains (from Chinese clade 5)
(Fig. 6a, b). Nine of these genes had a significant impact on metabolic
differentiation. Compared with the wild-type strain, the AF210 (nsdD),
AF420 (apsA), and AF890 (uncharacterized gene) gene knockout
strains (Fig. 6¢) have smaller growth diameters, especially the AF210
and AF420 gene knockout strains (Fig. 6¢). Gel electrophoresis images
of wild type (top) and transformant (bottom) of the gene of AF210
(nsdD) (Fig. 6d), AF420 (apsA) (Fig. 6e), and AF890 (uncharacterized
gene) (Fig. 6f), demonstrating successful gene knockout. The untar-
geted metabolomic analysis of these mutant strains validated that a
single gene mutation can underpin metabolic switches (Fig. 6g). The
concentrations of aflatoxin B;, G;, cyclopiazonic acid and kojic acid
were significantly downregulated in 9 out of the 16 knockout strains
compared to the wild-type strain (Fig. 6h-k). The differential and
pathway analysis based on the metabolomes demonstrated that single
gene mutations resulted in significant metabolic perturbations (Sup-
plementary Fig. S15a, ¢, e), mainly enriched in primary metabolism
pathways, such as phenylalanine and tryptophan biosynthesis (Sup-
plementary Fig. S15b, d, f). These regulatory mutations changed the
chemical profile of deletion strains (Chinese clade 4, PopA) to look
more like the chemical profile of strains in Chinese clade 1, PopB.
mGWAS results had linked primary metabolic genes in glycolysis
pathways (AFLA_133830 and AFLA_053990) to aflatoxin B; production
(Fig. 6a). The differentially expressed genes of Chinese clades 1 and 4
were significantly enriched in the glycolysis pathway, TCA cycle, and
aflatoxin pathway (Fig. 4¢), thus supporting this mGWAS association
result and the general hypothesis that variations in primary metabo-
lism genes are significantly associated with specialized metabolism
differentiation. To further address this hypothesis, we examined evi-
dence from three levels: (1) Genome-wide selective sweep analysis (XP-
CLR method”), a well-established method in population genetics
natural selection pressure analysis, was used to screen for genes
showing signs of recent natural selection in each clade. KEGG enrich-
ment analysis revealed differences in the type or number of metabolic
genes selected across subpopulations. 58% to 66% genes with sig-
natures of selection were part of pathways belonging to primary
metabolism (Fig. 61, m and Supplementary Fig. Sl6al-14). Among
them, amino acid metabolism (such as tryptophan metabolism), lipid
metabolism, and carbohydrate metabolism are over-represented
(Supplementary Fig. S16b, c1-14). In addition, 17% to 29% genes with
signatures of selection were related to specialized metabolism, and
again, signatures were often specific to one or a few clades, for
example, aflatoxin, aflatrem, and aspirochlorine BGCs. (2) We per-
formed KEGG enrichment analysis on the genes associated with
mGWAS of different 60 metabolites in the previous five metabolic
patterns and differentially expressed genes from different clades,
looking for those primary metabolic genes that are significantly asso-
ciated with metabolic differentiation. The results show that the top five
metabolic pathways with the most genes associated with mGWAS are

carbohydrate metabolism, amino acid metabolism, and lipid metabo-
lism. (3) Lastly, we looked at the correspondence (co-clustering) of
transcriptome profiles with metabolome profiles of precursor bio-
synthesis pathways (e.g., amino acids, etc) in primary metabolism
across the 28 strains. Differentially expressed genes from different
clade strains were also significantly enriched in glycolysis, citrate cycle
(TCA cycle), pentose phosphate pathway, tryptophan biosynthesis,
fatty acid biosynthesis, glycerolipid metabolism, sphingolipid meta-
bolism, glycosphingolipid biosynthesis, pyruvate metabolism, and
aflatoxin biosynthesis(Fig. 4c-g). Correspondingly, the metabolomic
data also showed that primary metabolite abundances show consistent
clade-specific differences consistent with those of SMs. For example,
we found that tryptophan is present at higher levels in Chinese clades 1
and 3 thanin clades 2, 4, 5, and 6 (Fig. 7a). The distribution trend of the
abundance of cyclopiazonic acid, which incorporates tryptophan as a
precursor, is consistent with that of tryptophan (Fig. 7b). Similar pat-
terns exist between metabolic abundances between other primary and
specialized metabolites in the corresponding pathway, such as oleic
acid ethyl ester, averantin (AVN), versicolorin A and aflatoxin B;. It is
also worth noting that many important primary metabolites, including
nicotinamide adenine dinucleotide (NAD) and UDP, have higher
abundance in Chinese clades 1 and 3 (Fig. 7c, d). The mirror plot
demonstrates the high reliability of these four metabolites’ annota-
tions (Fig. 7e-h). Varying abundance of cofactors and associated
energy metabolism thus seems to be associated with differences in
activity of specialized metabolism?®. Based on the above data, we
summarized and described a model of the main genetic and environ-
mental drivers of fungal secondary metabolic diversity (Fig. 7i). The
evidence emphasizes that the transcription levels of primary metabolic
pathways differ between strains. These differences likely ultimately
mediate the differentiation of specialized metabolism. Altogether, the
above evidence indicates that variation in primary metabolism flux and
regulatory gene sequences significant impact on diversity in specia-
lized metabolite production.

Discussion

Against the backdrop of global climate change and growing drug
resistance, harmful fungi threaten global food supplies by secreting
biochemicals such as mycotoxins, and pathogenic fungi are increas-
ingly causing infections of crops and humans®. A warming climate
could make fungi more dangerous (such as drug resistance, hyper-
virulence, infectious, and mycotoxigenic), as increased mutagenesis
was observed under the influence of body temperatures that are
typically warmer than outside temperatures®® or also drive the emer-
gence of new pathogenic fungi’. It is crucial to understand the envir-
onmental adaptability and vulnerability of pathogenic fungi and then
deploy effective measures to control threats in advance. Fungal spe-
cialized metabolites are an important aspect of environmental
adaptation®*?', In this study, we carry out a comprehensive biogeo-
graphical study and reveal phylogeographic patterns of fungal spe-
cialized metabolism at various spatial scales.

The use of non-aflatoxigenic strains as biological control agents to
inhibit aflatoxigenic strains has been used with some success®. Our
results suggest that, in practice, potential health risks may be over-
looked or underappreciated, as most non-aflatoxigenic strains were
shown to produce considerable amounts of alternative mycotoxins,
and they have the potential to produce many more - yet unknown
-specialized metabolites. The presence of a virulence gene homolog
specific to a particular population has also been identified, for exam-
ple, (Afu8g00230, Chain A, Verruculogen synthase), which is pre-
dominantly present in W-Clade 2 environmental non-aflatoxigenic
clade strains (Fig. 1a). This poses a potential risk to human food safety
and public health. As to aflatoxin itself, the different metabolic dis-
tribution patterns reveal that aflatoxin production appears to be
shaped by long-term geographically bound environmental adaptation.
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Specifically, high aflatoxigenic strains seem to have a selective
advantage in southern regions (low-latitude areas). Strains from the
middle subtropical (74% middle- & high-APC) and south subtropical
(62% middle- & high-APC) climatic zones have higher APCs. The most
notable examples are the strains from W-clade 4, a high-APC clade
(Figs. 1, 2), which are mainly sourced from these two climatic zones.
Soils are universally recognized to be the natural habitat of A. flavus,

but the ecological role of aflatoxin in this environment is complicated.
Drott et al. have suggested that a fitness cost when competing with soil
microbes® and a benefit when competing with insects® may maintain
both aflatoxigenic and non-aflatoxigenic chemotypes (i.e., balancing
selection). Latitudinal stratification of A. flavus chemical profiles could
result from greater density of insects and arthropods at low latitudes
selecting for the production of chemical defenses, such as aflatoxin®
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Fig. 6 | Results of mGWAS of aflatoxin B; and changes in morphological and
metabolic phenotypes after knockout of three regulatory genes. a Manhattan
plot showing SNP sites significantly associated with aflatoxin B, Association sig-
nificance was assessed using two-sided Wald tests. Genome-wide significance was
defined as p < 5 x 1078 (Bonferroni correction). b The QQ plot shows that aflatoxin B,
are really affected by these significant sites. The QQ plot compares the observed
-log10(p) values to those expected under the null hypothesis of no association. The
solid diagonal line represents the expected distribution under the null hypothesis.
The shaded area indicates the 95% confidence interval of the expected distribution,
calculated based on the order statistics of the uniform distribution. c After
knocking out three genes, compared with the wild-type strain, the hyphal growth
diameter, and reduced spore production. d Gel electrophoresis images of wild type

(top) and transformant (bottom), demonstrating successful AF210 (nsdD) gene
knockout. e Gel electrophoresis images of wild type (top) and transformant (bot-
tom), demonstrating successful AF420 (apsA) gene knockout. f Gel electrophoresis
images of wild type (top) and transformant (bottom), demonstrating successful
AF890 (uncharacterized gene) gene knockout. g The principal component analy-
sis(PCA) classification of the metabolic profiles of the three gene knockout strains.
h-k The concentration changes of Aflatoxin B;, G;, Cyclopiazonic acid, and Kojic
acid in three knockout strains and wild-type strains. | Genome-wide selective sweep
signals screening for Chinese clade 3 versus clade 4 to identify sites subject to
natural selection. m Enrichment analysis of natural selection genes identified
between Chinese clade 3 and Chinese clade 4 reveals 62% of the genes subject to
natural selection are primary-metabolism-related genes.

and vioxanthin® to mediate interference competition or mitigate
fungivory*. Conversely, as the suppressive effect of soil microbial
communities is more pronounced at lower temperatures®, higher
latitudes may select for metabolic profiles that mediate microbe-
microbe competition. Genotype-environmental association analysis
shown that relative humidity is an important environmental factor,
together with soil bulk density, temperature, soil pH, and precipitation
(Fig. 5¢), that may contribute to patterns of phylogeographic meta-
bolic differentiation. The evidence from genome, transcriptome, and
metabolome levels supports that environmentally selected metabolic
regulation enzymes may be crucial for fungal biosynthesis of specia-
lized metabolites to adapt to complex environmental changes. As
global environmental change intensifies, the above-mentioned
important environmental factors, such as warmer temperatures,
droughts or increased precipitation, and northward shifts of climate
zones, could promote pathogenic fungi to evolve to stronger
adaptability® and increased spread and redistribution of fungal spores.
Specialized metabolites are important mediators of ecological
adaptation®, and we expect that fungal metabolic evolution will be
accelerated in the background of global climate change. Furthermore,
abiotic stress factors resulting from climate change are expected to
weaken the resistance of host crops, rendering them more vulnerable
to fungal disease outbreaks and resulting in more frequent mycotoxin
contamination®’. We report that the identified high-frequency afla-
toxigenic clades (W-clade 6) were mainly from the high-temperature
and high-humidity areas in central and southern China. As the climate
zone moves northward, the abundance of aflatoxigenic strains in high-
latitude areas may increase in the future. This study provides insights
into local adaptation of harmful fungi and the prediction of fungal
evolutionary trends under global warming scenarios; and worryingly, it
suggests that aflatoxin (or other potential specialized metabolite)
production may become a larger problem in the future due to climate
change as predicted by a studies™.

The current study comes with several limitations: while our stu-
died strains cover multiple countries and continents, broader inter-
national collaboration would be beneficial so that phylogeographic
studies of fungal specialized metabolism could be extended across the
globe, particularly in the southern hemisphere. Differences in isolate
sampling and demographic histories (e.g., clonal expansions) as nes-
ted within geographic samplings could impact the overarching pat-
terns described here. Under the currently used medium culture
conditions, metabolite structures of nine of the sixteen experimentally
resolved biosynthetic gene clusters (BGCs) could be identified in the
metabolome data. We note that a single PDA medium here is unlikely
to be sufficient to describe the comprehensive specialized metabolic
diversity of fungi, as a significant proportion of BGCs are typically
inactive and require specific conditions to be activated, expressed, and
biosynthesized**°. Our pan-transcriptome analysis of 28 strains from
different subpopulations under the same culture conditions validated
that a large proportion of BGC genes were expressed at low levels or
not at all (Supplementary Table 5). Alternatively, limitations in
extraction solvents (the protocol used here does not include dedicated

lipidome extraction solvents) and separation conditions (e.g., HILIC
column for polar metabolites) may have prevented the detection of
additional metabolites. In metabolomics data analysis, newly devel-
oped Al-driven methods such as the Spectral Denoising Search® may
enhance both the number and accuracy of metabolite annotations,
surpassing traditional cosine similarity-based alignment algorithms.
Currently, many fungal metabolites that have been isolated and iden-
tified, however, still lack high-quality MS/MS spectral information in
public databases, which limits the number of specialized metabolites
we can identify. Still, our work provides the most comprehensive
overview of the diversity of this species thus far and unearthed many
clade-specific BGCs and metabolites, empowered by state-of-the-art
computational genomics and metabolomics workflows for natural
products discovery. Furthermore, integrative omics mining utilizing
the paired omics dataset revealed promising leads to connect bio-
synthetic gene clusters to the products whose production they
encode. This will aid in elucidating their biosynthetic pathways and
understanding their ecological roles. Nevertheless, we believe our
contribution to be a valuable resource for the ecology metabolism-
related fungal research community.

In summary, we find that the phylogeographically distinct clades
of A. flavus have evolved distinct chemotypes to adapt to spatially
heterogeneous ecological niches. We conclude that regulatory and
primary metabolic variation underlie the formation process of phylo-
geographic patterns of fungal specialized metabolism. The phyloge-
netic patterns and the proposed mechanisms by which they originate
enhance our understanding of how fungi adapt to geographic envir-
onments with chemical innovation. The genes driving geographic
metabolic differentiation identified by mGWAS and GEA analysis in this
study will provide candidate gene resources for a subsequent large-
scale knockout/gene editing keystone target screen. The discovery
also gives insight into the evolutionary trends of toxigenic fungal
variation caused by global climate shift and will inform rational design
of ‘personalized’ geographical control agents, in order to achieve more
accurate and long-term control of harmful fungi, mitigation of the
adverse effects of mycotoxins and harmful fungi injection. Our work
provides a large-scale annotated genomic and high-resolution meta-
bolomic dataset for the fungal research community and provides
insight for eco-metabolomics and biogeography of microbial meta-
bolism research.

Methods

A. flavus strains library construction and mycelium cultivation
We collected soil, peanut, or corn samples across China from 2014 to
2019, and isolated 3567 Aspergillus flavus strains by single spore iso-
lation, morphology combined with ITS sequencing identification. The
latitude of sampling points in the China region spans from 24.3 north
(Zhanjiang, Guangdong province) to 46.4 (Qiqgihar, Heilongjiang pro-
vince). Longitude from 87.3 E (Changji, Xinjiang Uygur Autonomous
Region) to 123.42 (Qiqihar, Heilongjiang Province) in the west. Alti-
tudes range from 5.3 m (Lianyungang, Jiangsu Province) near sea level
to 2330 m (Zayii County, Tibet Autonomous Region)**. All strains were
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Fig. 7 | Regulatory and primary metabolic variations drive metabolic rear-
rangement. The boxplots indicate abundance distributions of primary and spe-
cialized metabolites in different clades. a The boxplots showing how, e.g.,
abundance of precursors like tryptophan is correlated to abundance of associated
specialized metabolites, such as (b) alpha Cyclopiazonic acid(CPA). ¢ The boxplots
indicate abundance distributions of Nicotinamide adenine dinucleotide(NAD) in
different clades. d The boxplots indicate abundance distributions of Uridine-5-
diphosphate(UDP) in different clades. e The mirror plot shows the MS/MS spectra
of tryptophan in the sample and in the GNPS library, aligned with the cosine score
plot. f The mirror plot shows the MS/MS spectra of alpha cyclopiazonic acid(CPA)
in the sample and in the GNPS library, aligned with the cosine score plot. g The
mirror plot shows the MS/MS spectra of Nicotinamide adenine dinucleotide(NAD)
in the sample and in the GNPS library, aligned with the cosine score plot. h The
mirror plot shows the MS/MS spectra of Uridine 5 diphosphate (UDP) in the sample

and in the GNPS library, aligned with the cosine score plot. i Schematic diagram of
regulatory gene variation and metabolic rearrangement. The upper part includes
important regulatory genes that interact with different environments. These genes
are significantly differentially expressed in different clade strains. The lower part is
a diagram of the primary metabolism and specialized metabolism reorganization
pathways of strains in different clades, in which differentially expressed primary
metabolism regulatory genes are marked in green. Abbreviation: norsolorinic acid
(NOR); averantin (AVN); 5-hydroxyaverantin (HAVN); 5-oxoaverantin (OAVN);
versicolorin B (VERB); versicolorin A (VERA); averufanin (AVF); demethylster-
igmatocystin (DHDMST); sterigmatocystin (ST); dihydrosterigmatocystin (DHST);
O-methylsterigmatocystin (OMST); dihydro-O-methylsterigmatocystin
(DHOMST); aflatoxin B, (AFB,); aflatoxin B, (AFB,); aflatoxin G; (AFG,); aflatoxin G,
(AFG,); Cyclopiazonic acid (CPA).
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isolated from independent samples. Detailed strain sampling site
coordinates were described in Supplementary Table 1. We selected
~600 representative A. flavus strains from the library as research
objects by integrating information such as geographic origin, phylo-
genetic relationships constructed using ITS sequences, climate zone,
and APCs.

A. flavus was incubated on a Potato Dextrose Agar (PDA) medium
and then put on Petri dish plates at a constant temperature and
humidity incubator in dark conditions at 29 +1°C for 10 days. We used
a 0.1% Tween-80 solution to wash the conidia and obtain a suspended
spore mixture. Conidia suspension mixture was used, which was
quantified using a hemocytometer and a light microscope®. 2.5 x 10°
conidia/mL mixture was inoculated into 50 mL of autoclaved liquid
medium, containing 0.25% yeast extract, 0.1% K,HPO,4, 0.05% MgSO, -
7H,0, and 10% glucose (pH = 6.0). The liquid culture flasks containing
conidia of A. flavus were placed in a shaker (180 rpm) at 29 £1°C in
dark conditions. After 5 days, the mycelia were acquired by quickly
filtering the cultures from the flasks with multiple layers of cheesecloth
and washed with 10 mL of 4 °C saline solution (0.9% NaCl), and the
mycelia were squeezed with sterile absorbent paper. Then, A. flavus
mycelium was quickly transferred into a 50 mL centrifuge tube and
quenched with liquid nitrogen. We used a split strategy to sequence
one of the collected mycelium samples for acquiring genome data and
the other for metabolome research. The mycelial samples were
directly weighed for the DNA extraction experiment. However, for
metabolomics experiments, the mycelium samples were freeze-dried
and then weighed.

DNA extraction, library preparation, and genome sequencing
We used the following DNA extraction protocol: 200 mg of fungal
tissue was weighed in an EP tube with a one-thousandth balance,
quenched with liquid nitrogen, and placed in a freezer grinder to
homogenize it into powder. 1.2 mL CTAB lysis buffer was added, and
the mixture was vortexed for 60 s. The mixture was incubated at 65 °C
for 60 minutes. The mixture was cooled and centrifuged at 13,201 x g
for 6 min. Then, the supernatant was transferred to a 2.0 mL EP tube,
an equal volume of phenol/chloroform/isoamyl alcohol (25:24:1)
reagent was added, and the mixture was shaken. The mixtures were
centrifuged at 13,201 x g for 15 min, and their supernatant was trans-
ferred into a 1.5mL EP tube. Then, 2/3 volume of —20 °C pre-chilled
isopropanol was added into the tube, shaken up and down to mix
evenly, and then put in a — 20 °C refrigerator for more than 2 hours.
The mixtures were centrifuged at 13,201 x g for 15 min, and then their
supernatant was aspirated into a new 1.5 mL EP tube, supplemented
with 750 pL of 75% ethanol, and the pellet was rinsed with a pipette.
Finally, the tube was centrifuged at 13,201 x g for 5min at ambient
temperature, and the supernatant was aspirated. After centrifugation,
the residual liquid was removed, air-dried for 3-5 min, and solubilized
in appropriate amounts of TE solution (EB solution for Pacbio
sequencing samples).

For next-generation sequencing (NGS), 1 ug of genomic DNA was
taken and disrupted by sonication using a Covaris instrument. Frag-
ment selection was performed on the fragmented samples so that the
sample bands were concentrated around 200-400 bp. Then, a reac-
tion system was prepared, the end of the double-stranded DNA was
repaired, and an A base was added to the 3’ end. Furthermore, a linker
ligation reaction system was constructed to connect the linker to the
DNA. A PCR reaction system was then prepared, and a reaction pro-
gram was set to amplify the ligated products. Amplification products
were purified and recovered by magnetic beads. After the PCR product
was denatured into single strands, a circularization reaction system
was prepared, and the reaction system was fully mixed and incubated
to obtain a single-stranded circular product. After digesting the linear
DNA molecules that had not been circularized, the final library was
obtained. Qualified NGS libraries were performed on the Illumina

(HiSeq X-Ten) platform at BGI (Shenzhen, China) to generate the
150 bp paired-end raw reads.

For whole-genome long-read sequencing, 1g of genomic DNA
was fragmented using a Covaris instrument. The fragments longer
than 20 kb were selected for the PacBio library construction according
to the manufacturer’s instructions, and qualified libraries were
sequenced on the PacBio Sequel Il system at BGI (Shenzhen, China).

Quality filtering and genome-wide variation detection

We used SOAPnuke (v1.5.6)*° to filter out adapter contamination reads,
PCR duplication reads, and low-quality and ambiguous reads with the
parameters “-q 0.2 -1 0.2 -n 0.05 -d” for the NGS data. High-quality
sequencing reads from each individual were aligned to the reference
genome of A. flavus NRRL 3357 (Accession No. GCA_000006275.2)
using Burrows-Wheeler Aligner with the BWA MEM algorithm. Subse-
quently, duplicate reads and realigned indels were processed using
Sentieon (https://www.sentieon.com/), and then the gvcf file of each
individual by using the Haplotyper method of Sentieon. GVCFtyper
was used to integrate the variations detected from all individuals.
Thereafter, SNPs were filtered by GATK(v4.0.2.1), which match the
condition “QD<2.0/|MQ<40.0 || MQRankSum<-12.5 | Read-
PosRankSum <-8.0 || FS > 60.0 || SOR > 3.0”". High-quality InDels were
filtered under the parameters of “QD <2.0 || ReadPosRankSum < -
20.0||FS>200.0||SOR>10.0". Single-nucleotide polymorphism
(SNP) variants used for population analysis were further processed by
vcftools with parameters “--maf 0.05 --minDP 4 --minGQ 10 --minQ 30
--max-missing 0.99”. The impact of both SNPs and InDels was anno-
tated by SnpEff(v4.3) with default parameters.

De novo assembly, decontamination, and assessment of genome
assemblies

For the Illumina sequenced data, to obtain the ideal assembly
results, we use SPAdes (v.3.15.1)*° to assemble the high-quality clean
reads into genomic sequences with k-mer ranges from 33 to 83 by a
step size of 10. Genome assembly for Pacbio RSII sequencing data
was performed using wtdbg2* with the parameters “-L 5000 -x
preset2”. Clean reads from Illumina sequencing data were used to
correct INDEL and SNP errors for the assembly sequences, and Pilon
(v 1.24) was used to perform three rounds of polish error correction
for possible assembly INDEL and SNP errors with parameters
“--diploid --changes -verbose”.

To remove the bacterial contamination sequences, the Non-
Redundant Protein Sequence (NR) and Nucleotide Sequence (NT)
database (v20180315) were used to align against the assembled gen-
omes using BLAST. The alignment results with E-value < 1e-5, align
length >100 bp, and identity >70 for NT, >40 for NR were deemed
significant. Sequences not matching to the Aspergillus species were
considered as contaminations and then removed to obtain the final
assembled genome. The completeness and redundancy of genomes
were assessed based on single-copy ortholog analysis with BUSCO
(3.0.2) using the Eurotiomycetes_odb database. The Virulence genes
were collected from the J. Rhodes et al. research*’, and
OrthoFinder(v2.4.0)*® with default parameters was used to find
homologous genes in China and America A. flavus samples,
respectively.

Genome annotation, functional classification, and enrichment
analysis

There are two main types of repeats in the genome: one is tandem
repeats (Tandem Repeat, TR); the other is interspersed repeats
(Transposable element, TE). For repeat region annotation, we used
Tandem Repeats Finder (TRF, v4.0) to annotate tandem repeats. TEs’
homolog annotation was carried out by compared with a known repeat
sequence library (Repbase, v16.02) by using Repeatmasker and
Proteinmask.
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Gene structure annotation was performed by two methods:
homology annotation (Homolog) and model-based de novo
prediction(De novo), respectively, and EVidenceModeler integration
software was used to combine different annotation results:
(1) homology-based annotation: Five closely related species
sequences (GCA_000002655.1, GCA_000184455.3, GCA_009193485.1,
GCA _009176385.1, GCA_000006275.2) were selected and downloaded
from NCBI, and the genome was annotated using GeneWise; and (2) de
novo annotation: gene prediction of assembled genomes using
Augustus and GeneMark. The weight of the homologous annotation
result was set to 10, and the weight of the two de novo software pre-
diction results was set to 1.

The A. flavus genes were functionally annotated as detailed as
possible using the six mainstream functional databases, including NR,
Interpro, GO, KOG, KEGG, and SwissProt. We used Blastn (v2.2.31) for
NT database (v20180315) annotation with E-value <1e-5 and identity
>70%, Blastp (v2.2.31) for NR (v20180315), KOG (v20090331), KEGG
(v84) and SwissProt (release-2017-09) annotation with E-value <1e-5
and identity >40%, and Blast2GO (v2.5.0) combined with nr-based
annotation results for GO (v20171220) annotation. The phyper func-
tion in R was used for enrichment analysis of GO and KEGG annota-
tions, based on Fisher’s exact test.

Population structure and phylogenetic analysis

By using admixture (v1.3.0)*, we assessed population structure from
k=2 to k=10 with default parameters. The maximum likelihood esti-
mation was applied without using the prior population information,
and the most likely number of ancestors was determined using cross-
validation (CV) error. Principal component analysis (PCA) was per-
formed with Plink v1.9%, and the first two eigenvectors were plotted.
The Om ratio and population genetic differentiation index (Fst)
between each clade were calculated using VCFtools v0.1.13, respec-
tively, with a 5Kb non-overlapping slide window. By screening the
genome in windows, we detected candidate regions with selection
signatures with the largest differences in Om ratio (O1-clade-i /6m-clade-
j, bottom and top 5%), and the top 5% FST(population differentiation
coefficient values) regions between two clades. The intersections of
the Om ratio and FST candidate regions were defined as the regions that
were under selective sweep. Then, the genes within or overlapping the
regions showing a selection sweep were defined as candidate genes.
Linkage disequilibrium (LD) decay of each clade was calculated by
using PopLDdecay v3.40 with default parameters.

The genome-wide SNPs were used to construct the phylogenetic
tree for 1064 samples using the Neighbor-Joining method using
TreeBeST (v1.9.2) with parameters “-b 1000”. For other group phylo-
genetic analysis, we employed the maximum likelihood method in IQ-
TREE2 (v2.0.4)*° with parameters “-alrt 1000 -bb 10007, then, the tree
output was displayed by the iTOL (http://itol.embl.de). A. flavus has
three mating types (MAT1-1, MAT1-2, and MAT1-1-MAT1-2), which are
encoded MAT alpha 1 (MATI-1) gene (Genebank Accession Nos:
EU357934) and the HMG-box protein MAT1-2 (MAT1-2) gene (Gene-
bank Accession Nos: EU357936)*”. We downloaded these two genes
from GeneBank and then used Blast to scan the genome for mating

typing.

Pangenome construction and analysis

An A. flavus pan-genome included 25 PacBio assembly genomes and
977 NGS assembly genomes was built by EUPAN (v0.44)*. Genomic
quality assessment was first performed using QUAST using the longest
contiguity genome HNSY-2B (Has the highest N50 value) as a refer-
ence. The unaligned contigs from individuals were merged, and then
the redundant contigs were removed to generate the non-redundant
contigs using CD-HIT (v4.6.3) with sequence identity <0.9. Subse-
quently, a BLAST-based method was used to cluster the reference
sequences and non-redundant unaligned contigs using the “eupan

rmRedundant blastCluster” command with parameter “-c 0.5” to gen-
erate the comprehensive A. flavus pan-genome dataset, and the pan-
genome sequences were obtained from the previous sequences
annotation. We mapped raw reads to the comprehensive sequences to
determine gene presence-absence. A “map-to-pan” strategy subse-
quently was utilized to determine gene presence-absence and gene
family presence-absence by using Bowtie2 (v2.2.5). The gene body
coverage and CDS coverage of each gene were calculated after map-
ping the reads to the pan-genome sequence. Finally, we determined
gene presence-absence patterns considering gene body coverage
value (>0.8) and CDS coverage values (>0.95). If one member of a
gene family satisfying the above criteria was present in a given A. flavus
genome, the gene family was considered as present. The output of the
presence/absence variation (PAV) profile file was further used to plot
the rarefaction curves and perform statistical analysis.

Biosynthetic gene cluster deduplication and validation

We used antiSMASH* to predict BGCs across all 651 de novo assembly
and annotated A. flavus genomes from China and the USA. BGCs in all
genome sequences were clustered to deduplicate similar BGCs
sequences into Gene Cluster Families (GCFs) and compared to
experimentally characterized reference BGCs from the MIBiIG (v2.0)
repository using BiG-SCAPE (v1.0.0)*°. The biosynthetic gene clusters
(BGCs) in all genomes were identified with antiSMASH (v6), using the
genome assembly results and gene annotation gff3 files as input files.
These samples have corresponding metabolomic data, which facil-
itates subsequent paired comparisons between BGCs and secondary
metabolites. BiG-SCAPE analysis was performed using default settings,
separating the analysis according to the BGC product type and creat-
ing network directories for each class. In addition, mixing all classes
and retaining singletons was also performed to deduplicate similar
BGCs sequences into Gene Cluster Families (GCFs) using a threshold of
0.3 to 0.6, with an interval of 0.05, and then identify which BGCs are
shared between which strains. This resulted in a total of 52,511 BGCs
that were grouped into 1707 GCFs. The core gene protein sequences of
these BGCs were further extracted from these 1707 GCFs, and then
2268 core genes were obtained (some BGCs have more than 2 core
genes). Pairwise comparisons were performed using diamond
(v0.8.23.85) with the following parameters: --evalue le-5 --sensitive.
Then, according to the comparison results, the core genes were
redundancy-filtered according to different similarities (amino acid
identity value =40, 50, 60, 70, 80, 90). After taking their intersection,
we further manually checked and removed the duplicates. The net-
work files were visualized using Cytoscape (v3.8.2). The BGC types
encoding production of miyakamides and desferri-ferrichrysin were
manually annotated, since MIBiG (v2.0) had not yet included these two
BGCs. Based on the results, a gene cluster family (GCF) presence/
absence matrix was constructed. This was used to screen for con-
served BGCs and clade-specific BGCs. To identify clade-specific GCFs,
we performed a dimensionality reduction analysis based on the pre-
sence/absence matrices of GCFs to obtain the linear combination
matrices and compared the combination matrices by principal com-
ponent analysis (PCA) function in R.4.1.0. Rarefaction curves analysis
was constructed by “INEXT” package of R to extrapolate biosynthetic
diversity potential of the whole A. flavus populations. The t-Distributed
Stochastic Neighbor Embedding (t-SNE) analyses were conducted with
the “Rtsne” package of R.

Biosynthetic gene cluster variation and comparative analysis

Two recently developed pipelines were used for finding clusters of co-
located homologous sequences (cblaster v.1.2.9%') and visualizing the
BGCs comparison (clinker v0.0.20*) for a large-scale study population
BGC variation. The specific analysis steps are as follows: 1. Building a
cblaster database using the assembled genome and annotation files of
each sample with the command “cblaster makedb input.gff myDB”. A
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total of 570 sample databases were constructed, including an old
reference genome version of A. flavus NRLL 3357 and three new ver-
sions of A. flavus NRLL 3357 genomes, including GCA_009017415.1,
GCA_014117465.1, and GCA_014117485.1. 2. Detecting the presence/
absence of the gene cluster in each sample in turn according to the
protein sequence of each BGC, to facilitate comparison with BGCs that
have been experimentally characterized. BGC protein sequences were
predicted by SMURF to determine the BGC start nucleotide of the first
biosynthetic gene (5’ end) and the stop nucleotide of the last biosyn-
thetic gene (3’ end) with the AFLA x gene ID, and these coordinates
were manually curated. Then, these BGCs were fed into cblaster as
input files to locate and align the BGC in a specific genome with the
command “cblaster search -m local -db myDB.dmnd -jdb myDB.json -qf
input_pep.fa -p output.html -o output.alignment”. 3. Creating a json file
for the next step to extract the best alignment sequence gbk file. 4.
Using the cblaster extract_clusters module to extract the gbk files
aligned for each BGC in each sample for clinker input. 5. Leveraging
cblaster to extract the gbk files of each sample (each BGC) as clinker
input; call clinker to get the visualization results of each group of gene
clusters. In order to facilitate the subsequent comparative synteny
analysis, we selected every 20 genomes as a group for clinker analysis.
The BGC core (backbone) gene was identified by antiSMASH 5*°. The
protein sequences of these core genes were then extracted and fed
into cblaster to scan all isolate genomes for analyzing the identity
values of the BGC core gene. A threshold of 80% was then employed to
determine the presence/absence of BGC core genes.

Sample preparation and quality control (QC) for metabolomics
analysis

The 566 fungal samples (biological replicate n=1) were separated to
two aliquots, with one for genome sequencing and one for metabo-
lomics data acquisition. In our subsequent subpopulation comparative
analysis, we treated different strains within the same subpopulation as
biological replicates. The liquid culture flasks containing conidia of A.
flavus were placed in a shaker (180 rpm) at 29 +1°C in dark conditions.
After 5 days, the mycelia were acquired by quickly filtering the cultures
from the flasks with multiple layers of cheesecloth and washed with
10 mL of 4°C saline solution (0.9% NaCl), and the mycelia were
squeezed with sterile absorbent paper. Then, A. flavus mycelium was
quickly transferred into a 50 mL centrifuge tube and quenched with
liquid nitrogen. The mycelium samples were freeze-dried and then
weighed. To obtain metabolite extracts, an optimized two-step
extraction method** is compatible with polar and non-polar metabo-
lites from mycelial samples that maximizes the scope of extraction.
The specific steps are as follows: (1) the mycelium samples were freeze-
dried, and then 50 mg per lyophilized mycelial sample was extracted
by vortexing vigorously for 1 min with 1 mL of extraction solution 1
(methanol: acetonitrile: water 2:2:1 v/v/v), which contained the internal
standard of 2-chlorophenylalanine (20.0 ug/mL) and camphanic acid
(25.0 ug/mL). (2) We added 6 - 8 beads in each tube and homogenized
in a ball mill for 4 min at 45 Hz, then it was treated for 5 min with an
ultrasound of 700 W (incubated in ice water). Hereafter, all tubes were
sonicated for 5 min with 700 W (incubated in ice water). This process
was repeated one more time using solution 2 (methanol: dichlor-
omethane: ethyl acetate 1:1:1v/v/v) to further extract the nonpolar
metabolites. (3) The proteins were precipitated by incubating the
homogenate for 1 h at — 20 °C followed by centrifugation at 20000 g/
min for 10 min at —20°C. 1mL of the resulting supernatant was
transferred into a fresh 2 mL LC-MS/MS glass vial for the UPLC-HRMS
(Ultra performance liquid chromatography-tandem high-resolution
mass spectrometry) analysis. Based on the minimum quality control
requirements of the metabolomics community, three quality control
methods were used for data quality control throughout the metabo-
lomics analysis process in this study. Quality control measures such as
the introduction of quality control samples, the addition of internal

standards, and blank samples ensured that we could collect high
quality metabolomics raw dataset during this period®. Firstly, two
internal standards were added to the extraction solvent to monitor
experimental deviations in the sample pre-treatment process to ensure
the quality of the data. Meanwhile, a widely used assessment criterion
was employed to assess the quality of metabolomic data. Namely, If the
data from quality control (QC) samples were all closely clustered to the
origin in the PCA scores plot, indicating that the quality of the data was
suitable for subsequent analysis. Furthermore, we inserted a sample of
blank solvent per 10 samples to monitor the cross-contamination
between samples. Quality control (QC) samples were prepared by
pipetting 10 uL from each sample extract into a QC injection vial using
a100 pL pipette. We set up a tube containing two extraction solvents as
an extraction blank. This tube did not contain any A. flavus mycelium
sample, but instead contained 4 -~ 6 pieces of bread and two internal
standard solvents. Solvent blank samples were prepared by pipetting
1mL of pure methanol solvent (99.99%) into the injection vial named
“blank”. The 551 samples were divided into 6 batches for analysis using
UPLC-HRMS, because the sample tray of the UPLC-HRMS instrument
can only accommodate 120 sample vials, and the mobile phase is only
sufficient for one batch. A diagram of the sample run sequence shown
in our previous research articles of Supplementary Fig. S1**. Each batch
contains 120 samples, one solvent blank sample, and one extraction
blank sample. However, in the LC-MS run sequence, the solvent blank
sample and quality control sample will be injected repeatedly every
10 samples to assess cross-contamination between samples and
instrument stability. Before collecting mass spectrometry data from
A. flavus mycelial samples, we first collected 10 quality control samples
as technical replicates to allow the UPLC-HRMS instrument to reach
mobile phase equilibrium and a stable state. The mycelial samples and
extraction blank samples were collected only once. For the actual
mycelial samples, we did not set up technical replicates; we used QC
samples to assess the reproducibility of the samples directly. There-
fore, each batch generated 12 solvent blank samples and 22 quality
control samples, resulting in a total of 72 solvent blank samples and 132
quality control samples across six batches, for which metabolomic
data files were obtained. Ultimately, we collected metabolomic data
from 673 A. flavus strains. However, due to failures in the genome
sequencing process for some strains, we had to discard the metabo-
lomic data for those strains. There were 551 strains that possessed both
genomic and metabolomic profiles. The quality control analysis results
shown in our previous research articles of Supplementary Fig. S1?*. The
high-quality data were proved by QC replicates, which are tightly
clustered in PCA space. We also used the peak alignment results of the
metabolite Versicolorin B to assess its distribution in different A. flavus
strain samples, quality control samples, and blank samples. We found
that cross-contamination was minimal and reproducibility was excel-
lent, indicating that we obtained high-quality metabolomic data*.

Metabolomics data acquisition by UPLC-HRMS

All the isolates’ non-targeted metabolome raw data were collected via
our optimized and standardized metabolome platform****, A C18 col-
umn (Hypersil Gold, 100 mmx2.1mm (i.d.)) with 3um pore size
(Thermo Fisher Scientific, USA) coupled with the Ultimate 3000 sys-
tem (Dionex, Sunnyvale, CA, USA) was employed for liquid chroma-
tography separation. Mobile phase A is water: methanol (95:5, v/v)
containing 0.1% formic acid, and 10 mM ammonium formate. Mobile
phase B is composed of methanol: water (95:5, v/v) containing 0.1%
formic acid and 10 mM ammonium formate. Both mobile phases were
mixed following the program below in the UPLC system at a flow rate
of 300 pL/min as a gradient mobile phase for effective separation of
different components. The gradient elution program was set to:
0 ~ 1 min: 15% B (mobile phase B), 1~ 3 min: 15-50% B, 3 -~ 5 min: 50-70%
B, 5~10 min: 70-100% B, 10 ~13 min: 100% B, 15 min: 100 ~15%B, and
from 15-20min: 15% B. Subsequently, 2uL of the extracted
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metabolites was injected into Orbitrap Fusion mass spectrometer
(Thermo, USA) for mass spectrometry raw data acquisition.

In this study, full scan mass spectrometry (MS') data were used
for relative quantitative analysis, and mass fragmental (MS?) data for
metabolites identification and annotation. We acquired the mass
spectrometry data containing MS' and MS? mass spectra by a full-
scan MS coupled with data-dependent fragmentation (DDA) mode
under Ultra Performance Liquid Chromatography Tandem Orbitrap
Fusion High-resolution Mass Spectrometry (UPLC-HRMS). For
parameter optimization, we refer to the optimal method parameter
optimization results of Francois’ lab using LC-Orbitrap fusion mass
spectrometry for metabolite annotation®*. The positive and negative
mode raw data were separately acquired to enhance data quality.
The HESI (Heated Electron Spray lonization) ion source was used to
efficiently ionize the UPLC effluent components. The - 1.9 kV capil-
lary voltage and 320 °C ion transfer tube temperature parameter
settings were selected. The specific parameters of the ion source are
as follows: 320 °C heater temperature for mobile phase volatiliza-
tion and ionization; sheath gas (Arb): 40; aux gas (Arb): 5; and sweep
gas (Arb): O; spray voltage: static, positive ion: 3.5 kV, negative ion:
3.0 kV. The full-scan MSI1 stage was identical to that for the positive
and negative models except for polarity. The specific parameters
were as follows: Orbitrap detector resolution: 12000, scan range (m/
2):100 ~ 1200, RF lens (%): 60, AGC target: 5.0e5, maximum injection
time (ms): 100, and source fragmentation: disabled. The acquisition
of mass fragmentation (MS?) spectra requires a smaller number of
ions; otherwise, it will affect the number of primary mass spectra
(MS1) and finally affect the quantification. Filter parameters inclu-
ded: intensity threshold at 1.0e4, charge state: 1-2, and dynamic
exclusion after 1 time. The exclusion duration was set to 60 seconds.
Top speed mode was selected in the data-dependent acquisition
mode, and the number of scan event types: 1s. The DDA section-
specific parameter settings were identical as for positive and nega-
tive mode, except for the high-energy collision-induced dissociation
(HCD) setting. A type of stepped collision energy in HCD activation
in positive mode was set at 40 +5 eV, and 33% for fragmentation of
the isolated precursor ions, and the HCD cell pressure was set to 8
mTor. In negative ionization mode, the value of HCD was set at
30 +5eV in negative mode. Other parameters for both ionization
modes included: Orbitrap detector mass resolution of 30,000
FWHM, AGC target: 5.0e4, and the maximum injection time was set
to 100. The quadrupole with a narrow isolation window of +1 Th to
isolate the MS2 ions. Submission of data acquisition sequences,
instrument control, and partial data processing task via Xcalibur
4.0 software (Thermo Fisher Scientific).

Metabolome features extraction and data quality control

The metabolome feature extraction, feature alignment, and gap-filling
steps were performed in MZmine 4.27°° (Linux version). First, LC-
HRMS positive and negative raw mass spectrometry data files were
converted to mzXML format by the ProteoWizard using default para-
meters. In MZmine 4, the batch processing mode (mzwizard tab) was
selected to achieve streamlined mass spectrometry data processing.
The MS1 and MS2 noise levels were set at 1ES and 6E3, respectively. The
final MS2 noise threshold (6E3) selection was determined by com-
paring the number of core and unique metabolites identified on the
GNPS platform by Feture-Based Molecular Networking (FBMN) analy-
sis across eight preset MS2 thresholds (1EO; 1E2; 1E3; 2E3; 4E3; 6E3; 8E3;
1E4) in the MS2 peak detection step (Supplementary Fig. S25). A
minimum group size of scans set 5, a minimum highest intensity set
2ES, and an m/z tolerance set 0.01 Da in the second step of the ADAP
chromatogram builder. We selected the baseline cut-off deconvolu-
tion algorithm to perform the peak deconvolution with the following
settings: min peak height: 1.0ES5; peak duration range(min): 0.05-2.0;
Baseline level: 1ES; m/z range for MS2 scan pairing (Da): 0.01; RT range

for MS2 scan pairing(min): 0.3. We used the isotopic peaks grouper
algorithm with an m/z tolerance of 0.01Da (or 10 ppm) and an RT
tolerance of 0.2 min for grouping isotopes. The join aligner module
(m/ztolerance = 0.01 Da, weight for m/z =2, weight for RT =2, absolute
retention time tolerance = 0.2 min) was used to do feature alignment.
Feature filtering was performed by feature list rows filter selection,
with a minimum peaks in a row = 2, and a minimum peaks in an isotope
pattern=2. The peak gap was filled with the RT=0.2 min and m/z
tolerance of 0.01 Da. Eventually, a.csv quantitative file was exported
and then was submitted to GNPS?° and MetDNA*® after modifying the
data matrix format for metabolites identification or molecular net-
working analysis and structural annotation. We followed the metabo-
lomics data quality control methods and data quality assessments as
previously reported®. The raw metabolomic data of 95 strains from
the United States generated by Drott et al."* were downloaded from
GNPS MassIVE repository (ID no. MSVO00087134, https://doi.org/10.
25345/C54226). They used a target method of PRM mode to acquire
the data on the Thermo Scientific Q Exactive Orbitrap mass spectro-
meter. For the 94 USA strain samples, they only acquired MS1 infor-
mation for quantification and then collected 24 qualitative files to
acquire the MS/MS spectral information containing target compounds
(We finally contacted Drott and Tomas to upload the 24 qualitative files
containing the MS/MS mass spectra to the GNPS repository). Drot’s
PNAS article only studied 13 experimentally verified pathways for
secondary metabolites, but did not study those pathways that have
been isolated and identified in A. flavus but whose corresponding
unknown BGCs have not yet been resolved. The identification of 13
metabolites was completed by Tomas and Drott, and they provided
MS/MS spectra information of 13 secondary metabolites in the PNAS
article’ (Supplementary Table S4 and SI Appendix, Supplementary
Figs. S5-S29 in this article). Four of the secondary metabolites belong
to annotation level 2, and the other nine metabolites belong to anno-
tation level 3. We merged the metabolite quantification table sent to
me by Drott with our data matrix based on the MS1 accurate mass (+5
ppm, m/z tolerance window) and MS/MS spectral information from the
PNAS literature (annotation level 3). However, this data fusion
method does have risks. Therefore, we performed MSI and MS2
detection using the same Mzmine 4 workflow and FBMN
analysis on the updated files containing MS/MS data with the same
parameters, aiming to merge the two datasets based on MSI1
accurate mass (*5 ppm, m/z tolerance window) and MS/MS
spectrum comparison results (annotation level 2). We only retained
the MS1 metabolic features that had MS/MS spectra. From the Mzmine
analysis results, we can see that Drott et al.’s dataset contains only
hundreds of metabolite MS/MS spectra information, which is con-
sistent with their goal of targeting the analysis of a few secondary
metabolites (Figure S17). However, compared with the number of MS1
reported in their article' (Fig. 2A in the PNAS article), the number of
metabolic features (MS1) containing MS/MS spectra is small. There-
fore, it is difficult to perform FBMN joint analysis with our dataset, rich
in MS/MS spectra information. We therefore performed a separate
FBMN analysis and only matched 3 metabolites with the GNPS refer-
ence library, including aflatoxin B;, cyclopiazonic acid, and aflatrem
(GNPS job results link: https://gnps.ucsd.edu/ProteoSAFe/status.jsp?
task=3532f01f1f8a47c9b2e36eca093b89bc). This is consistent with the
results of annotation level 2 shown in Table S4 in their PNAS" article
(annotation level 2), except for the metabolite Ditryptophenaline. We
couldn’t find it in the GNPS library. In order to comply with the mini-
mum standards proposed, we therefore selected two A. flavus sec-
ondary metabolites, including Aflatoxin B; and Cyclopiazonic acid
(+5ppm, m/z tolerance window, and with MS/MS spectrum alignment
mirror plot) for data fusion to verify that the presence/absence varia-
tion of the BGC gene in the strains from China and the United States in
our manuscript can only partially explain the changes in secondary
metabolites.
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Metabolite annotation, identification, and molecular network-
ing analysis

Metabolite identification and annotation were performed using a four-
step approach. First, we used our in-house mycotoxin library, which
contains 262 commercial or isolated chemical standards, and a
manually curated compound list based on accurate mass (m/z, +5
ppm), MS/MS spectra, retention time, and isotope patterns. If we
found a match, we considered this MSI Metabolite Identification Level
1. Second, metabolites were further identified based on accurate mass,
isotope pattern, and MS/MS spectra against public databases by
spectrum alignment of tandem mass spectrometry (MS/MS), including
mzCloud, GNPS™ (all public mass spectral libraries included there),
MoNA, MassBank, and NIST. Specifically, tandem mass spectrometry
(MS/MS) data of samples were acquired using an Orbitrap Fusion mass
spectrometer (Thermo Fisher, USA). To annotate more likely meta-
bolites, we used three widely available commercial or open-source
metabolome software, including Compound Discovery 2.0, GNPS,
MetDNA3. For Compound Discovery 2.0, the detailed parameter set-
tings of Compound Discovery 2 (Thermo Fisher Scientific, USA) were
the same as in our previously reported method*. The detailed steps
are as follows: 1) metabolomics raw data were imported into the
software of Compound Discovery (CD) 2.1(Thermo Fisher Scientific,
USA) to generate a data matrix that consists of the retention time (RT),
mass-to-charge ratio (m/z) values, peak intensity, and annotation of
metabolites. 2) Metabolite annotation consists of the following steps:
@ Unknown peaks were aligned and detected with the parameters of
RT tolerance of 0.8 min and 5 ppm mass deviation. Minimum peak
intensity set to 10,000 and S/N threshold=3. ® The compounds were
annotated with different types of databases. Among them, the
mzCloud database was used to identify compounds on the MS/MS
level with a mass tolerance of 10 ppm. Compound class set to All,
Match ion activation type = False. Chemspider, BioCyc, and KEGG
databases were used to annotate features based on exact mass (MS1)
with a mass tolerance of 5 ppm. An endogenous metabolites database
of 4400 compounds embedded in the CD internal database also was
used to annotate metabolites. 3) In addition, an in-house mass spectral
library of >3384 microbial natural products and mycotoxin reference
standards was used to search by the search mass lists module in CD.
®mass tolerance set to 5Sppm, RT tolerance(min) = 0.05, S/N thresh-
old =15 infill gaps (missing values) module. We used Xcaliber 4.0
(Thermo Fisher Scientific, USA) to manually check and identify the
metabolites identified above. The Genesis peak detection method was
selected to detect the peak area. Minimum peak height(S/N) set to 3.
Metabolic features(m/z) with peak intensity greater than 1E4 in QC raw
data files were retained. The metabolites that did not meet the
requirements were discarded. Finally, compounds were identified and
selected by integrating positive and negative ion modes to build a peak
list for subsequent biomarker analysis. For GNPS, feature-based
molecular networking (FBMN)? analysis was performed using
MZmine 4 and the GNPS platform to build the molecular network. The
.csv quantitative and.mgf mass spectrum profiles file (from MZmine 4
output above) and metadata file were submitted to the GNPS* plat-
form (http://gnps.ucsd.edu) to generate the molecular network. We
used a parent mass tolerance of 0.02 Da and an MS/MS fragment ion
tolerance of 0.02 Da to cluster the spectra and to subsequently create
consensus spectra from which the network is constructed. All net-
works where edges were filtered to have a cosine score above 0.6 and
more than five matched peaks. The mass spectra in the molecular
network were then matched to the mass spectral libraries of GNPS with
a threshold score above 0.6 and at least five matched peaks recorded.
Other networking parameters were left at default levels. The obtained
molecular network was then visualized using Cytoscape (version 3.9.1).
For the MetDNA3 software, the metabolites features table (from
MZmine 4 output above) and MS/MS data file (.mgf format) were
upload and the default parameters were used. Furthermore, those

metabolic features not identified by the above three software were
searched in the online public databases, METLIN and NIST. Then, the
MS/MS spectra of all the above matched metabolite features was
exported from Xcalibur, and these matches were manually checked to
confirm the annotation, which was considered a level 2 identification.
In addition, if metabolite features with MS/MS spectra were not mat-
ched in public databases as analyzed by the above tools, we considered
them a MSI level 4 unknown identification. Third, to further annotate
these unknown metabolic features, we construct a self-built MS1 mass
spectra Aspergillus metabolites library from NPAtlas (https://www.
npatlas.org/) and Reaxys (https://www.reaxys.com/). We used accurate
masses (+5 ppm) to deduplicate the metabolic features using Com-
pound Discovery 2 (Thermo Fisher, USA), and gave an MSI level 3
identification. Fourth, we used the computational metabolomics
annotation tools MolDiscovery and Dereplicator+’ to annotate
microbial metabolites, mainly peptides natural products. They are
both implemented in the GNPS ecosystem, and we used default
parameters. The mzCloud, MetDNA2, DEREPLICATOR +, and MOL-
DISCOVERY annotation results were summarized in Supplementary
Fig. S6b. Mirror plots of query and GNPS mass spectral library MS/MS
spectra of representative metabolites that show high to decent
matching qualities (Supplementary Fig. Sé6e-j). We uploaded 355
metabolites MS/MS spectral alignment mirror plots to demonstrate
the reliability of the metabolites annotation results, which are stored in
https://zenodo.org/records/18670081. MetDNA3 only outputs MS/MS
similarity score results, and their database is not open source; there-
fore, we cannot obtain mirror plots. In addition, we provide chroma-
tographic retention times (Supplementary Fig. S27) and MS/MS
chromatograms of standards and A. flavus mycelial extracts of six
precursor metabolites in the aflatoxin biosynthetic pathway, including
5-methoxysterigmatocystin, Norsolorinic acid, Averantin, Averufin,
Versicolorin B, and Versicolorin A (Supplementary Figs. S28-35).

Fungi RNA extraction, sequencing, and transcriptome analysis
We selected 28 representative strains from different clades on the
phylogenetic tree for cultivation, with the same culture conditions as
our previous research? and three biological replicates. Transcriptome
sample preparation, sequencing, and data analysis were consistent
with our previous study methods®®. After 3 days of cultivation, we
harvested A. flavus hyphae for RNA isolation. The TRIzol method was
used to extract the fungi RNA. Firstly, the filamentous fungus was
ground to a powder using liquid nitrogen, and the powder was trans-
ferred into the 2 mL tube contains 1.5 mL Trizol reagent. The mixture
was shaken for 3 min, and placed for 5min at normal temperature;
then it was centrifuged at 10,000 x g for 5 min. 200 pL of chloroform/
isoamylalcohol (24:1) was added to the supernatant with 1 mL of lysis
reagents. After centrifugation at 10000 x g for 10 min, the supernatant
was transferred into another new tube with an equal volume of iso-
propanol and then refrigerated at —20 °C for 1h. After centrifugation
at 13600 g for 20 min at 4 degrees celsius, the supernatant was pre-
cipitated by 1 mL of 75% ethanol and let dry for 5min. The RNA pellet
was dissolved in 30~100 microliters of DEPC water or RNase-free
water. The concentration of the extracted RNA samples was deter-
mined using a Nanodrop system(NanoDrop, Madison, USA), and the
integrity of the RNA was examined by the RNA integrity number (RIN)
using an Agilent 2100 bioanalyzer (Agilent, Santa Clara, USA). The
mRNA was purified with Oligo(dT)-attached magnetic beads and sub-
sequently fragmented into small pieces with a fragment buffer at
appropriate temperatures. Then, the first-strand cDNA was generated
by PCR, and the second-strand cDNA was synthesized as well. The final
product of the reaction was purified through end-repair and sub-
sequent incubation. The cDNA fragments with adapters were amplified
by PCR before they were purified with Ampure XP beads. The quality
and quantity of the library were assessed using an Agilent 2100 bioa-
nalyzer before it was subjected to DSN treatment. The DSN-treated
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library’s quality was evaluated using two methods to ensure high-
quality sequence data. First, we checked the distribution of the frag-
ment size using the Agilent 2100 bioanalyzer, and secondly, we
quantified the library using real-time quantitative PCR (qPCR). The
qualified library was amplified on cBot to generate the cluster on the
flow cell, and the amplified flow cell was sequenced single-end on the
Hiseq 4000. Illumina sequencing was commissioned from the Beijing
Genomics Institute(BGI) for RNAseq sequencing.

After obtaining the raw sequencing data, low-quality, adapter-
polluted sequences and reads with a high content of unknown base (N)
were filtered. The clean reads were mapped to an A. flavus reference
genome (GCA_000006275.3) using HISAT and Bowtie 2 with default
parameters. The gene expression level for each sample was deter-
mined with RSEM*. The FPKM (Fragments Per Kb of exon per Million
reads) and TPM method were used to calculate and normalize the
expression level of genes. The Dr.Tom (BGI) cloud platform was used
to generate a transcriptome expression quantitative data matrix. Gene
annotation, GO and KEGG enrichment analysis, GSEA enrichment
analysis, and WGCNA analysis were also completed in this platform.
Filtering, normalization, and statistical analysis of transcriptome
quantification data matrix were performed in Expressanalyst®® with
default parameters. The log2-counts per million (logCPM) transfor-
mation method was used to normalize. Limma®' R package was selec-
ted to do the differential expression analysis against a common control
of Cladel, pairwise comparisons, and nested comparisons method in
simple metadata penel. To perform multi-factor comparison analysis
for complex metadata, we leveraged linear models with covariate
adjustments of limma for its high-performance implementation in the
Expressanalyst®® cloud platform. We executed the plotting in Windows
10R4.1.0 environment with the ggplot2 package (https://r-graph-
gallery.com/ggplot2-package.html).

Statistics and reproducibility

To compare the differences between the two groups, we chose the
two-sided Wilcoxon test or Student’s ¢ test, with a p-value of P<0.05.
The correction method chosen is Benjamini-Hochberg (BH). The gene
pathway enrichment analysis in Fig. 3c-e and Fig. 4c-g was performed
using the hypergeometric test. T-tests, principal component analysis
(PCA), and Projections to Latent Structures Discriminant Analysis (PLS-
DA) model were used to pre-screen differential metabolites between
the two clades. Univariate analysis used the Student’s ¢ test, with a
p-value of P <0.05. A variable influence on projection (VIP) value >1.0
was used as a selection threshold to select differential metabolites in
the PLS-DA model. A statistical method specialized for multi-testing,
SAM (Significance Analysis of Microarrays) to validate the credibility of
differential metabolites between the two clades in metabolome-wide
analysis using MetaboAnalystR®’ package. The sample-wise permuta-
tion (default by the samr package) and distribution-independent
ranking tests (based on the Wilcoxon test) were used to ascertain
significance (false discovery rate, FDR < 0.05) for the SAM analysis. The
default recommended parameters were used in the SAM analysis. The
differential metabolites identified and screened by the steps men-
tioned above with MSI levels 1, 2, and 3 were pooled together.
Enrichment analysis and the pathway analysis module in MetaboAna-
lyst 5.0 were used to perform the metabolite set enrichment analysis
(MSEA) as well as metabolic pathway analysis (MetPA), respectively,
using all MSI-level-1-and-2-annotated metabolites as input. All the
default parameters were used in MetaboAnalyst 5.0°% All statistical
analyses were performed on a Windows 10 R.4.1.0 environment and
using Excel 2019 (Microsoft, USA).

Gene knockout experiments

We referred to the method of Perng-Kuang Chang’s laboratory® to
construct an A. flavus fluorescent engineering strain with the PyrG
gene using an aflatoxigenic A. flavus strain LNZW-1A isolated from the

peanut field in Zhangwu, Liaoning province. The detailed gene
knockout experimental procedure is as follows: (1) Primers were
designed based on the target gene sequence using Primer3 (https://
www.primer3plus.com/). Primer synthesis was performed by Wuhan
Tianyi Huayu Gene Technology Co., Ltd. Primer information used in A.
flavus regulatory gene knockout experiments was provided in the
supplementary table 19. (2) First, using the A. flavus LNZW-1 genome
as a template, the 5’ upstream homologous arm and 3’ downstream
homologous arm sequences (each 1000-1200 bp) of the target gene,
as well as the full-length pyrG gene, were amplified (reaction system:
1uL template DNA, 1uL Primer-F, 1uL Primer-R, 12.5uL 2 x Hieff
Robust PCR Master Mix, and ddH20 added to a total volume of 25 uL);
(3) Amplification procedure: Pre-denaturation at 94 °C for 3 min,
denaturation at 94°C for 10sec, annealing at 58°C for 20 sec,
extension at 72 °C for 15 sec/kb; denaturation, annealing, and exten-
sion were repeated for 35 cycles, followed by a final extension at 72 °C
for 5 min; PCR instrument: (Bio-RAD, T100 Thermal Cycler, USA). (4)
The upstream homologous arm, the full-length pyrG gene, and the 3’
downstream homologous arm fragment were fused together using
the Double-Joint PCR method (reaction system: 1uL of 5’ upstream
homologous arm, 3 uL of full-length pyrG, 1uL of 3° downstream
homologous arm, 5 uL of 2 x Hieff Robust PCR Master Mix, and ddH20
added to a final volume of 20 uL). (5) Amplification procedure: pre-
denaturation at 94 °C for 2 min, denaturation at 94 °C for 30 sec,
annealing at 60 °C for 1 min, extension at 72 °C for 3 min, denatura-
tion, annealing and extension repeated for 10 cycles, final extension at
72 °C for 10 min. The genetically transformed fragment was obtained
by nested PCR amplification, and the transformed fragment was
recovered by gel extraction (E.Z.N.A Gel Extraction Kit, Omega Bio-
tek, D2500-02). (6) Finally, the transformed fragments were intro-
duced into A. flavus protoplasts using a polyethylene glycol (PEG)-
mediated method to obtain the knockout strain. The mutant strain
was then verified for successful gene knockout by amplifying the
target gene and its upstream and downstream homologous arm
fragments. The preparation methods and composition of the key
reagents used in the experiment:

(1) Enzymatic lysis solution: 200 mg Lysing Enzymes (Sigma, USA,
37340-57-1), 50 mg Driselase (Sigma, USA, 85186-71-6), 20 uL [3-
glucuronidase (85000 ug/mL, Sigma, USA, 9001-45-0), 1.4 g NaCl,
8 uL of 1mol/L CaCl2, and 10 mmol/L NaH2PO4 (pH 5.8) to a final
volume of 20 mL. The lysis solution was filtered through a 0.22 um
filter after preparation. The lysis solution was prepared on ice and
used immediately after preparation. (2) 1.2 mol/L STC: 1.2 M Sorbitol,
10 mM Tris-HCI (pH 7.5), 50 mM CaCl2; Weigh 21.86 g of sorbitol, add
1ml of 1M Tris-HCI (pH 7.5) solution and 5 ml of 1M CaClI2 solution,
and dilute to 100 ml with deionized water. Sterilize at 121°C for
20 min. (3) 50% PEG: 50 g of polyethylene glycol (PEG4000), 1 mL of
1M Tris-HCI (pH 7.5) solution, and 1 mL of 1M CaClI2 solution were
heated and stirred until dissolved. Deionized water was then added to
a final volume of 100 mL, and the solution was sterilized at 121 °C for
20 minutes. (4) Regeneration medium: 34.2g sucrose, 0.1g casein
hydrolysate, 0.1g yeast extract, 1.5 g agar, deionized water to a final
volume of 100 mL, sterilized at 121°C for 20 min. (5) PDA and PDB
culture media: Boil 200 g of peeled potatoes, filter the liquid through
four layers of gauze, add 20 g of glucose, and adjust the volume to1L.
Sterilize in aliquots at 121 °C for 20 min. Adding agar (15 g/L) results in
PDA medium.

Protoplast preparation: A. flavus spores were inoculated into PDB
medium and cultured overnight at 37 °C and 200 r/min in a constant
temperature shaker (Shanghai Zhicheng Analytical Instruments Man-
ufacturing Co., Ltd., ZWY-2102C, Shanghai). The mycelia were filtered
through four layers of lens paper and washed three times with sterile
water. The mycelia were then transferred to lysis buffer and incubated
at 30 °C and 100 r/min for 4 h. The number and morphology of pro-
toplasts were checked every half hour using a microscope (Nikon,
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ECLIPSE E100, Japan) after 2 h. The lysis buffer was filtered through
four layers of lens paper into a 50 mL centrifuge tube. The tube was
centrifuged at 5000 r/min for 10 minutes at 4 °C in a low-temperature
centrifuge (Hunan Xiangyi Laboratory Instruments Development Co.,
Ltd., HI850R, Hunan). The supernatant was carefully decanted, leaving
awhite precipitate at the bottom of the tube. 2 mL of STC was added to
the opposite side of the precipitate, and the centrifuge tube was gently
rotated to wash the precipitate. The washing solution was decanted.
An appropriate amount of STC was added, and the precipitate was
resuspended by pipetting. The suspension was centrifuged at 5000 r/
min at 4 °C for 10 min, and the supernatant was carefully decanted. An
appropriate amount of STC was added, and the precipitate was
resuspended by pipetting. The protoplast concentration was adjusted
to 1x10°¢ cells/mL for further use. Add the prepared DNA fragments
(total concentration > 5 ng) to a 10 mL centrifuge tube, then add pre-
cooled STC buffer to a final volume of 200 pL, and mix thoroughly with
a pipette. Add 100 pL of freshly prepared A. flavus protoplasts to the
mixture, mix thoroughly with a pipette, and incubate on ice for 30 min.
Then, sequentially add 200 uL, 400 uL, and 800 uL of PEG Buffer,
gently invert to mix, and incubate on ice for 20 min. Finally, add 1 mL of
pre-cooled STC buffer and incubate on ice for 10 min. Add all the
transformation mixture to the regeneration medium at approximately
40 °C, mix thoroughly by shaking, and pour onto plates. Invert the
plates and incubate in a 30°C constant temperature incubator
(Shanghai Jinghong Experimental Equipment Co., Ltd., DNP-9022,
Shanghai) in the dark for 36 hours. Pick the hyphal tips of single
colonies and transfer them to PDA medium. After 3 days of culture,
extract DNA and amplify the fragments to verify the transformants.
Supplementary Figs. 37-39 show the original gel images for the three
gene knockout (AAF210, AAF420, and AAF890).

Paired omics data analysis

NPLinker, a metabologenomic analysis software framework®, was
employed to link genomic and metabolomic data and connect the
identified microbial specialized metabolites to their candidate bio-
synthetic genomic regions. First, we downloaded the molecular net-
working results by feature-based molecular networking (FBMN)
analysis (metabolomics) of 544 strains (7 strains with low data quality
were filtered) from the GNPS platform?. Metabolome data,
antiSMASH-predicted BGCs, and BiG-SCAPE-derived GCFs were com-
piled as input for NPLinker. In the configuration file, we set the Metcalf
threshold to 4 (the default value is 2) in order to speed up NPLinker and
filter out links with a low Metcalf association score. Other parameters
were default. After running NPLinker, the results were examined for
promising BGC-mass spectral links in the NPLinker web app running
from a Docker instance.

Genotype-environmental analysis

Sambada v0.5.3%, based on logistic regression and Bayenv 2 by bayes
factor analysis models were recruited to identify putatively adaptive
loci associated with environmental factors. A single SNP locus was
identified as a candidate locus when the log-likelihood ratios (G scores
>60) were significant. G-Scores were corrected for multiple testing
with the Bonferroni method at a 95% confidence level. In addition,
Bayenv2, a covariance matrix based on putatively neutral markers, was
used to assess the correlations between SNP and environmental vari-
ables at the Markov chain Monte Carlo (MCMC) model. Bayesian fac-
tor(BFs) was used as an indicator to evaluate the degree of genetic and
environmental association. An averaged loglO(BF) value >1.2 is con-
sidered a threshold support for the model where parameters sig-
nificantly affect allele frequencies.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The PacBio sequencing 27 A. flavus strains and the sequencing clean
data reads of 566 A. flavus strains reported in this paper have been
deposited in the Genome Sequence Archive in the National Genomics
Data Center®®, China National Center for Bioinformation and Beijing
Institute of Genomics, Chinese Academy of Sciences under Bioproject
ID: PRJCAO012686 that are publicly accessible at https://ngdc.cncb.ac.
cn/gsa/browse/CRA008573. The whole genome sequence data repor-
ted in this paper have been deposited in the Genome Warehouse in the
National Genomics Data Center®, Beijing Institute of Genomics, Chi-
nese Academy of Sciences, and China National Center for Bioinfor-
mation, under bioproject PRJICA035534 that is publicly accessible at
https://ngdc.cncb.ac.cn/gwh/search/advanced/result?search_
category=&search_term=&source=0&query box=PRJCA035534. Tran-
scriptome data of 84 samples from 28 strains (three biological repli-
cates were set up) have been deposited in the Genome Sequence
Archive in National Genomics Data Center®®, China National Center for
Bioinformation and Beijing Institute of Genomics, Chinese Academy of
Sciences under Bioproject ID: PRICA035512 that are publicly accessible
at  https://ngdc.cncb.ac.cn/gsa/browse/CRA022539.  Metabolome
positive and negative mode of raw data of 551 A. flavus strains and 12
other Aspergillus species have been deposited in the MassIVE reposi-
tory with accession ID no. MSV000096910 (https://massive.ucsd.edu/
ProteoSAFe/dataset.jsp?task=7bb1b634f3454639858b80252b1fdab4)
and MSV000096982 (https://massive.ucsd.edu/ProteoSAFe/dataset.
jsp?task=2524ced05941428bbaa0ddbf0e9a6328), respectively. Spec-
tral data and corresponding metabolic feature abundance tables for 8
different MS2 thresholds and the MS/MS alignment mirror plot of 355
metabolites from GNPS are available at https://zenodo.org/records/
18670081, The previously disclosed genome data of 508 public
strains used in this study can be downloaded from the NCBI database
based on the metadata information, including bioproject accession,
biosample accession, SRA accession numbers, and corresponding
references, provided in the supplementary table 1. For the con-
venience of readers, we have also uploaded these scattered genome
files used in this study, along with a supplementary table of this article
to https://zenodo.org/records/18670081¢. Source data are provided
in this paper.

Code availability

This study used open-source scripts or commercial software for data
analysis of genome and metabolome data, with the used versions and
parameter settings as described in detail in the Methods section. The
code to reproduce the partial figures of the manuscript is available at
https://github.com/jeep3/AF1000_manuscript_code/tree/master.
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