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Abstract

Fungal specialized metabolites are a major source of beneficial compounds that are routinely isolated, characterized, and manufactured
as pharmaceuticals, agrochemical agents, and industrial chemicals. The production of these metabolites is encoded by biosynthetic gene
clusters that are often silent under standard growth conditions. There are limited resources for characterizing the direct link between
abiotic stimuli and metabolite production. Herein, we introduce a network analysis-based, data-driven algorithm comprising two
routes to characterize the production of specialized fungal metabolites triggered by different exogenous compounds: the direct route
and the auxiliary route. Both routes elucidate the influence of treatments on the production of specialized metabolites from
experimental data. The direct route determines known and putative metabolites induced by treatments and provides additional
insight over traditional comparison methods. The auxiliary route is specific for discovering unknown analytes, and further
identification can be curated through online bioinformatic resources. We validated our algorithm by applying chitooligosaccharides
and lipids at two different temperatures to the fungal pathogen Aspergillus fumigatus. After liquid chromatography-mass spectrometry
quantification of significantly produced analytes, we used network centrality measures to rank the treatments’ ability to elucidate
these analytes and confirmed their identity through fragmentation patterns or in silico spiking with commercially available
standards. Later, we examined the transcriptional regulation of these metabolites through real-time quantitative polymerase chain
reaction. Our data-driven techniques can complement existing metabolomic network analysis by providing an approach to track the
influence of any exogenous stimuli on metabolite production. Our experimental-based algorithm can overcome the bottlenecks in
elucidating novel fungal compounds used in drug discovery.

Significance Statement

Triggering silent biosynthetic gene clusters in fungi to produce specialized metabolites is a tedious process that requires evaluating
various environmental conditions by using epigenetic modulating agents or cocultures with other microbes. We present two data-
driven approaches employing network analysis to elucidate specialized metabolite production by exogenous treatments. The direct
route reveals the relationship between treatments and production of known/putative specialized metabolites, whereas the auxiliary
route distinguishes unique unknown analytes from abundantly produced ones. Our predictions were validated by comparing them
with fragmentation patterns or standards. These techniques enable researchers to identify treatments that could enhance targeted
metabolite production or detect unique analytes, which can be further screened and characterized for their biological activities, fa-
cilitating the discovery of new metabolites.
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Introduction

Fungi are among the most prolific producers of specialized metab-
olites, which can be classified into five main classes by their chem-
ical structure: polyketides, nonribosomal peptides, terpenes,
indole alkaloids, and isocyanides (1-3). These specialized metabo-
lites are multifaceted and impactful in our daily lives due to their
positive roles in lifesaving drugs and agrochemicals. On the con-
trary, some of these specialized metabolites, commonly called
mycotoxins, can have adverse effects on humans, animals, and
crops and cause illnesses and economic losses (1, 4, 5). In fungi,
the genes involved in the biosynthesis of specialized metabolites
are commonly arranged in so-called biosynthetic gene clusters
(BGCs). Many specialized metabolite BGCs have been predicted
and identified from genomes of several filamentous fungi (1-3).
However, most predicted metabolites cannot be produced pro-
duced under standard cultivation and growth conditions, thereby
hindering their discovery (6). In recent years, the chance to ex-
pand our knowledge and repertoire of specialized metabolites
has significantly increased owing to the enhanced understanding
of fungal diversity and taxonomy, the widespread availability of
published genomes (7, 8), and the development of BGC prediction
tools (9) such as antiSMASH (10-12) and other computational tools
(13-22). Biosynthetic genes predicted by these approaches can
undergo genetic manipulations afterward to confirm their impli-
cation in the metabolic pathway and characterize novel special-
ized metabolites (23, 24). However, this approach can sometimes
be challenging, mainly if the BGC is missing a specific transcrip-
tion factor to genetically target or if the gene cluster’s borders
have been inaccurately predicted (25). With the ongoing chal-
lenges of triggering those silent BGCs for specialized metabolite
characterization, other approaches have been proposed.

The recently adopted approaches to trigger the expression of
uncharacterized BGCs relied on identifying environmental cues,
epigenetic chemical factors, axenic cultivation conditions, appli-
cations of exogenous compounds, or cocultivation of the fungus
with other microbes or hosts to induce the production of corre-
sponding metabolites (1, 2, 6, 9, 26-28). To interpret how these abi-
otic or biotic triggers induce metabolite production, network
analysis (29) has been proposed as a complementary approach
to accurately predict the factors that can elucidate fungal metab-
olites and narrow down the list of BGCs to target (25, 30). Various
state-of-the-art techniques can help discover new specialized me-
tabolites through network analysis, artificial intelligence, and
data-driven approaches, such as using molecular network ana-
lysis for web-based servers such as GNPS (21, 22), MetWork (13),
and MetaboAnalyst (31, 32). These web servers perform a variety
of data-driven analyses on mass spectrometry data to discover
new metabolites and characterize the structure of known and pu-
tative metabolites. Molecular networks are built using spectral
matching [spectral network analysis (33)] to discover unknown
compounds. However, to our knowledge, there are no tools devel-
oped to assess the direct effect of exogenous treatments on the
production of fungal specialized metabolites. Thus, there is cur-
rently a knowledge gap regarding the sources that trigger the pro-
duction of such specialized metabolites.

The goal of the work described here is to determine the feasibil-
ity of using network analysis to track the influence of applied ex-
ogenous compounds on the production of characterized and
putative metabolites as well as unknown analytes. We introduce
two methods based on network analysis to tackle these two objec-
tives: direct route and auxiliary route. An overview of the modeling
framework is shown in Fig. 1 with suggestions of postanalysis

applications. The direct route shows the influence of treatments
on the production of known or putative specialized metabolites.
In contrast, the auxiliary route distinguishes unique unknown an-
alytes and pinpoints the treatments that foster their production.
Both approaches reveal treatments that dominate by triggering
a variety of specialized metabolites. Moreover, unique specialized
metabolites are also identified by these methods. The capability of
these methods was evaluated using the opportunistic human
pathogen and soilborne saprotroph Aspergillus fumigatus as a mod-
el organism exposed to various chitooligosaccharides (COs) and
lipid treatments.

The objective of the current study is not to discover new metab-
olites. However, further studies using these methods could lead to
the identification of novel metabolites but would require to the
postanalysis methods shown in Fig. 1. Our goal is to reveal the ef-
fect of exogenous treatments on triggering the production of spe-
cialized metabolites. Nonetheless, the inferences drawn on the
dominant treatments and unique specialized metabolites using
the current methodology can enable the discovery of new metab-
olites through the suggested postanalysis applications in Fig. 1
(top-right box). The developed methods can complement existing
web-based network analysis tools (13, 21, 22, 31, 32) used for me-
tabolite discovery that do not consider the sources that trigger
metabolomic outputs and have application potential in various
fields, including drug discovery and development.

Framework to provide data-driven network
analysis

Methodology: building bipartite networks of
treatments and metabolomic outputs

Bipartite networks are built to quantify the relationship between
metabolites and the sources that trigger their production, such as
exogenous biomolecules or compounds. A network (or graph) is a
collection of nodes connected by lines called edges. The nodes re-
present the entities or elements of a system, and the edges re-
present the interaction or relationship among the features
(29, 34). For example, in cell metabolism, a metabolic network rep-
resents the biochemical reactions among substrates that result in
products (29, 35, 36). The nodes of the metabolic network represent
the substrates, and the edges represent the metabolic reactions
among the substrates. In the current analysis, we assessed the
effect of exogenous compounds on the production of specialized
microbial metabolites. This relationship between exogenous treat-
ments and specialized metabolites can be represented by a net-
work, as shown in Fig. 1. The nodes can be classified into two
types: (1) the treatments and (2) the specialized metabolites thatre-
sult in a bipartite network. The edges represent the magnitude
of up- or downregulation of specialized metabolites caused by
the treatments compared to a controlled case (measured by the
magnitude of a log, fold change using processed spectral data
from targeted liquid chromatography-mass spectrometry [LC-MS]
analysis). The sign of regulation can also be incorporated into the
network definition, thereby leading to signed networks. In this pilot
study, we only use the magnitude of the regulation value to reveal
the effect of the exogenous treatments on triggering metabolite pro-
duction. The signed network can indeed extract the specific trigger
(e.g. up- or downregulation) of the treatments, and this will be ad-
dressed in future work. The details of building the bipartite network
are provided in Online Supplementary Material A.

The bipartite network provides an in-depth quantification
and clear visual representation of a treatment’s ability to
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Fig. 1. Framework of the direct and auxiliary routes using experimental inputs and implications for postanalysis applications. An overview of the
network analysis approach reveals the effect of exogenous compounds on triggering the production of microbial specialized metabolites. In our
experimental design, the data are obtained after exposing A. fumigatus to various abiotic or biotic factors for specific time points. The fungal exudates are
separated from the fungal biomass, extracted through a filter membrane, homogenized with an organic solvent (ethyl acetate), and separated from the
aqueous phase, dried, and resuspended in acetonitrile and water (50:50) (v/v). These samples were later processed through ultra-high pressure liquid
chromatography-mass spectrometry (UHPLC-MS), which provides spectra data. Next, the spectra data are analyzed through XCMS and curated to retain
only significant analytes with a P-value <0.05 and a log, fold change >1.0 or <—1.0. The data are represented in volcano plots, which is standard practice to
display differences of metabolite production between treated samples and the control. To develop our novel method, we used the log, fold change data
points for the network analysis that quantitatively represent the effect of exogenous treatments to trigger specialized metabolites. The treatments and
metabolomic outputs are ranked by using network analysis measures through our two new methods: the direct route and the auxiliary route. The direct
routeis used to understand the influence of treatment on known or putative metabolites. MAVEN was used to identify and match the peak intensity, m/z,
and retention time of known or putative metabolites previously described or predicted in A. fumigatus. Known metabolites were also confirmed through
fragmentation patterns or in silico spiking with a commercial standard. Because spectra data can have baseline creeping, which causes peak noise and
could influence the peak intensity, we further curated the spectra data to eliminate these artifacts to develop the auxiliary route. This route is used to
identify strong signals of unknown analytes and screen with public databases such as KEGG or Lipid Maps to find known metabolites from other
organisms that have not been described in A. fumigatus. After knowing the relationship between a treatment and metabolomic outputs, postanalysis
applications can be applied to isolate and characterize the metabolite through genetic manipulations followed by bioactivity screening. These two
postanalysis applications are provided as guidance on possible applications of the current framework for discovering new metabolites and are not
performed in the current study.

trigger the production of various specialized metabolites. In this
study, we provide two routes to assess specialized metabolite
production by using the bipartite network formulation, as
shown in Fig. 1. The first is the direct route to determine the bio-
synthesis of known and putative metabolites, and the second is
the auxiliary route to assess the production of unknown analy-
tes or identify known metabolites not previously described in
A. fumigatus. In the direct route, the network nodes include
treatments that elucidate known and putative metabolites
from a microbe. Moreover, we use network centrality measure-
ments to rank the treatments and the specialized metabolites.
Those measurements are used to identify the most influential
nodes in a network (29). Herein, we used the centrality measure-
ments of node strength and PageRank (37) to identify the most
effective treatments and metabolites. The treatments are ranked
based on their ability to trigger metabolite production, and the

metabolites are classified based on their popularity in being acti-
vated by various treatments. We provide details of computing
the network centrality measures in Online Supplementary
Material A. In the auxiliary route, we build bipartite networks
by using novel analyte peaks extracted from postprocessed
spectral data. Furthermore, we analyze the network edges
and neighbors of nodes to distinguish unique analytes among
the total pool. Methods for novel peak selection are provided
in Online Supplementary Material A. Notably, the only similar-
ity between the two routes is on the definition of the graphs/
networks. Both routes involve bipartite networks defined by
the amount of up- or downregulation of the specialized metab-
olites by the exogenous treatments. The preprocessing data
curation and network centrality measures used to identify im-
portant specialized metabolites and treatments in each of the
routes are different.
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System: experimental data of A. fumigatus
metabolomic outputs

Our modeling framework was used to reveal the effect of various
COs and lipid treatments on triggering the production of special-
ized metabolites in A. fumigatus. Various COs and lipids were ap-
plied as exogenous treatments because they are common
constituents found in most fungi (38-40). Moreover, lipids have
been shown to influence fungal metabolomics (41); however, the
impacts of COs remain unknown. In contrast, COs have antifungal
activity (42), which could influence the metabolomic profile in
Aspergillus species (27). We applied the treatments to the Af293
A. fumigatus strain because it has a well-defined repertoire of
known and putative specialized metabolites (43) that are
temperature-dependent (26, 27, 44-46); moreover, its entire gen-
ome has been sequenced (47). We also explored the influence of
temperature on the production of specialized metabolites by con-
ducting the experiments at 25 and 37°C. A. fumigatus is generally
examined at 25°C to explore the extent of its metabolomic cap-
abilities or its lifestyle as a soilborne saprotroph that recycles en-
vironmental carbon and nitrogen (48). However, the fungusis also
an opportunistic human pathogen and is commonly examined at
37°C for its ability to cause aspergillosis, a lung disease found in
immunocompromised patients (49). The details of the experimen-
tal setups and data generation are provided in Online
Supplementary Material A.

Results

Analyte and metabolomic production induced
by treatments
Results at 25°C

To interpret and understand the produced analytes and metabo-
lites, we used UpSet plots (Fig. 2a) and volcano plots (Fig. 2b-f) to
interpret and understand the produced analytes and metabolites.
The data curation for the UpSet plots (Fig. 2a for 25°C results and
Fig. 3a for 37°Cresults) and volcano plots (Fig. 2b-f for 25°C results
and Fig. 3b-f for 37°C results) was obtained by using the experi-
mental results involving XCMS (15) to provide a statistical assess-
ment of signals with significant peaks between a treatment and
solvent control through a pairwise comparison. A list of mass to
charge (m/z), retention times and statistical values were provided
from those results (see Online Supplementary Tables S1 and S2).
To validate the XCMS results, we used MAVEN (14, 20) for metab-
olomic analysis and visualization of the LC-MS data to confirm if
the same m/z at the provided retention time did have a significant
peak difference between treatment and solvent control.

At25°C,LC-MS data revealed that all individually applied treat-
ments significantly induced the production of analytes compared
to the solvent control, as shown by the UpSet plot in Fig. 2a. No
treatments were coapplied to the fungus. In total, 4,629 significant
analytes were detected (Fig. 2a). Unique analytes produced by CO4
accounted for 15.5%, by COS 11.4%, by CO8 3.7%, by palmitic acid
3.8%, and by oleic acid 12.5%. These results indicate that the
length of COs largely influence specific metabolomic pathways.
The shorter the CO chain, the higher was the production of analy-
tes. In addition, oleic acid has a more significant impact on analyte
production compared to palmitic acid. Interestingly, 38.3% of indi-
vidual analytes were induced by CO4 and COS5, suggesting a com-
mon coregulation of metabolomic pathways. However, most
analytes were uniquely caused by one treatment indicating that
metabolomic pathways seem specific to treatment, thus requiring
network analysis to determine those relationships.

To determine the regulation of analytes induced by treatment
and identify potential known and putative specialized metabo-
lites, we constructed volcano plots based on the log, fold change
and - log,, (P-values) between a treatment and the solvent control
as shown in Fig. 2b-f. All treatments had a significant differential
expression of analytes compared to the control. COs induce the
production of analytes between 80 and 93% compared to the solv-
ent control, including several known and putative metabolites
(Fig. 2d—f). On the contrary, the positive regulation of analyte pro-
duction by lipids was reduced compared to the control, ranging
between 17 and 24%. CO4 (Fig. 2d) and COS treatments (Fig. 2e) in-
duced the production of five to six known or putative metabolites,
whereas CO8 (Fig. 2f) influenced the production of a single known
metabolite. These results follow the same trend shown in Fig. 2a,
highlighting that short-chain COs have a more significant impact
on triggering metabolite production than long-chain CO.
Interestingly, oleic acid (Fig. 2¢) induced five times more known
or putative metabolites than palmitic acid (Fig. 2b), matching
the data shown in Fig. 2a. We also compared transcriptomic ex-
pression from quantitative PCR analysis to corrected peak area
which show relatively similar regulation of known secondary me-
tabolites (Online Supplementary Fig. S2). It is important to con-
sider that specialized metabolomic production is potentially
subject to post-transcriptional regulation when the transcriptom-
ic and metabolomic data do not match. Discrepancies between
metabolomic and transcriptomic profiles have been observed in
other fungi (50).

Results at 37°C

We analyzed the LC-MS data with treated samples grown at 37°C,
and this revealed that all individually applied treatments induce
significant production of analytes compared with the solvent con-
trol, as shown by the UpSet plot in Fig. 3a. No treatments were
coapplied to the fungus. As expected, the total number of analytes
is lower at 37°C than at 25°C. In total, 1,807 significant analytes
were detected (Fig. 3a). The percentage of unique analytes pro-
duced by CO4, CO5, CO8, palmatic acid, and oleic acid were 25.6,
13.6, 17.2, 10.6, and 5.0%, respectively. These results indicate
that at 37°C, both short-chain and long-chain COs influence spe-
cific metabolomic pathways, unlike at 25°C. At 37°C, the CO8
treatment showed a higher production of specific metabolites by
the fungus compared to 25°C. Contrary to what was observed at
25°C, oleic acid showed less influence on analyte production at
37°C compared with palmitic acid. Notably, most analytes were
uniquely produced by a treatment rather than shared by multiple
treatments at 37°C.

With the LC-MS data produced at 37°C, we constructed volcano
plots based on the log, fold change and —log,, (P-values) between
a treatment and the solvent control, as shown in Fig. 3b-f.
Although all treatments had a significant differential production
of analytes compared with the solvent control at 37°C, it was
less than that observed at 25°C, as expected (Fig. 2b-f). COs had
a higher mean of abundance, ranging between 62 and 80%
(Fig. 3d-f), whereas lipids had between 67 and 70% (Fig. 3b and c).
These results mean that COs reduce the abundance of analytes
at 37°C compared to 25°C. However, lipids showed a higher mean
quantity of analytes at 37°C than at 25°C.

Summary of analyte and metabolomic production induced
by treatments

In summary, short-chain COs and oleic acid have the most signifi-
cant impact on known or putative metabolite and unknown
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Fig. 2. Metabolomic outputs of A. fumigatus at 25°C induced by lipid and CO treatments. (a) UpSet plot denoting the number of significant analytes
produced by individually applied treatments. Multiple treatments induced the same analytes. (b-f) Volcano plots identifying the known and putative
metabolites and unknown analytes triggered by (b) palmitic acid, (c) oleic acid, (d) CO4, (e) COS, and (f) CO8 compared with the solvent control.

analyte production at 25°C, yet they have different regulations at
this temperature. The analyte and metabolomic production in-
duced by the exogenous treatments, COs, and lipids is significant-
ly different at both temperatures. The changes in these results
indicate that treatments influence the production of analytes,
but environmental cues like temperature also have significant ef-
fects. Therefore, further investigations to elucidate metabolites

should be conducted at 25°C for the CO treatments and 37°C for
lipids. Interestingly, nearly all treatments increased the produc-
tion of the same known or putative metabolites, fumiquinazolines
F, fumigaclavine B, or pyripyropene A, whereas all treatments re-
duced the production of fumagillin at 37°C. The regulation of the
latter compound was different at 25°C, at which the lipid treat-
ments reduced its production, and the short-chain COs improved
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produced by individually applied treatments. Multiple treatments induced the same analytes. (b—f) Volcano plots identifying the known and putative
metabolites and unknown analytes triggered by (b) palmitic acid, (c) oleic acid, (d) CO4, (e) CO5, and (f) CO8 as compared to the solvent control.

it. This indicates that lipids might be compounds that downregu-
late fumagillin production constantly across temperatures and
could be further investigated as therapeutic molecules.
Traditional comparison charts or plots (e.g. UpSet plots, vol-
cano plots, bar charts) are typically used in an analysis to under-
stand the differences between a control and a fungal metabolome
subjected to treatment. Based on this data visualization and

identifying known secondary metabolites, studies could confirm
their findings through fragmentation analysis and/or comparison
to a commercial standard. In certain cases, gene characterization
may be performed by employing knockout mutants. These stand-
ard practices do not provide answers on what treatments we
should use for the upscaled production of a targeted, known me-
tabolite or further characterization of an unknown metabolite.
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Here, we present an alternative approach to delve deeper into
interpreting the results with the direct and auxiliary routes, which
are visually quantifiable approaches to demonstrate how multiple
treatments influence multiple metabolites within a single dia-
gram. First, we explore the direct route, which utilizes theoretical
graph analysis to gain a more comprehensive understanding of
the underlying regulatory mechanisms and the production of
these metabolites within the system. Next, with the auxiliary
route, we aim to putatively identify curated peaks to known me-
tabolites from other organisms and determine if they are present
in A. fumigatus. Last, we will confirm the identity of the predicted
metabolites through fragmentation patterns or in silico spiking
with a commercial standard.

Direct route reveals the dominant compounds
and highly influenced known and putative
metabolites

Results at 25°C

The influence of COs and lipids on the production of known and
putative metabolites by A. fumigatus at 25°C was analyzed by us-
ing the direct route, as shown in Fig. 4a—c. The bipartite networks
provide a visual representation and enable a clear distinction be-
tween the effects of these treatments (Fig. 4a). Although COs re-
sulted in an upregulation of the identified metabolites, the lipids
showed a downregulation. The network centrality measure of a
node’s out-strength (i.e. the size of the circles that represent treat-
ment nodes in Fig. 4a) for the treatments reveals that CO4 has the
highest effect on triggering metabolite production, followed by
CO5 and then oleic acid. The CO8 and palmitic acid treatments
showed minor influence for inducing metabolite production.
This was expected because those two treatments influence the
production of only one metabolite with low values of log, fold
change. The putative metabolite nidulanin A possesses the high-
est node in-strength (i.e. the size of the circles that represent me-
tabolite nodes in Fig. 4a) among the metabolites because it is the
most regulated metabolite. Among the known metabolites, fuma-
gillin has the highest node in-strength, followed by pyripyropene
A, pseurotin A, fumigaclavine A, and fumiquinazolines A. These
metabolites seem to be highly upregulated by the CO4 and COS,
but downregulated by oleic acid. We demonstrate that the bipart-
ite networks are an alternative way to visualize the results which
are shown in the UpSet and volcano plots (Fig. 2a-f) as the node
strength is simply the total log, fold change values.

To further elucidate the important treatments and metabo-
lites, we compute the network centrality measure of PageRank
(Fig. 4b and c). PageRank considers various factors other than
the total log, fold change values to rank the nodes. These factors
include the number of edges from or to a node and the relative im-
portance of nodes based on their connections to highly and
uniquely connected nodes. The ranking of the treatments by using
the broadcasting PageRank values (Fig. 4b) shows that CO4 is the
most effective treatment, closely followed by oleic acid and then
COS. For ranking the metabolites, we used the receiving
PageRank measure (Fig. 4c), which shows that fumagillin is the
most influenced metabolite, followed by fumiquinazolines A
and then nidulanin A. A detailed comparison of PageRank values
of the treatments and metabolites is provided in Online
Supplementary Material A. These results are counter intuitive
compared to the UpSet and volcano plots. Below, we provide
some insights into these differences and the advantage of using
the direct route vs. traditional statistical tools such as UpSet
and volcano plots.

Comparison of the direct route to traditional statistical
methods with results produced at 25°C

The network analysis revealed the treatments that should be used
to elucidate specific metabolites: CO4, oleic acid, and then COS. If
we only used UpSet and Volcano plots, we would conclude that
treatments CO4, COS5, and then oleic acid should be used to elicit
metabolite production. Interestingly, from this comparison, the
set size between CO5 and oleic acid is different by roughly 50%.
The difference between the data when using the direct route vs.
the UpSet or Volcano plots is that the direct method shows the
oleic acid has a more substantial influence on metabolite produc-
tion, although it is not frequently shown in all data. CO5 influ-
enced metabolite production in most conditions, but its
influence was weaker than oleic acid. These results align with
the inferences drawn from the UpSet and volcano plots in
Fig. 2a-f. In both types of analysis, CO4 had the most extensive im-
pact and was frequently shown in all conditions to be essential to
elucidate secondary metabolite production. Regarding metabolite
production, the direct route shows that fumagillin, fumiquinazo-
lines A, and nidulanin A are the metabolites most influenced by
CO4, CO5, and oleic acid treatments. If we solely relied on the trad-
itional comparison charts, then a researcher might assume that
pseurotin A and pyripyropene A are also critically influenced by
our treatments. The direct route revealed that although these me-
tabolites were detected in our analysis, their presence was weak.
Instead, we see a strong correlation between our treatments and
the production of fumagillin, fumiquinazolines A, and nidulanin
A. Another interpretation of the data showed that CO8 and pal-
mitic acid are poor treatments at this condition to elucidate these
known metabolites. Additionally, helvolic acid and gliotoxin were
detected in our samples. However, they were poorly produced re-
gardless of the treatments used. To conclude, we demonstrate
that all datasets should be considered, and although traditional
methods show the frequency of producing a metabolite, the direct
method shows the strength of that production and which treat-
ment caused this production. Last, an example for further explor-
ation from this dataset shows that if a researcher is interested in
confirming if nidulanin A is genuinely produced by A. fumigatus
(51), then the CO4 treatment can be used to induce a higher pro-
duction of this putative metabolite and confirm it.

Results at 37°C

The direct route results reveal the treatments’ influence on the
production of specialized metabolites in Aspergillus fumigatus at
37°C (Fig. Sa—c). As expected, fewer analytes and known or puta-
tive specialized metabolites were produced at 37°C in both solv-
ent controls and treatments, as shown in Fig. Sa and the UpSet
plots in Fig. 3a. Furthermore, there is no clear distinction on
how the two treatments regulate the production of metabolites.
Both COs and lipids showed a positive and negative impact on
metabolite production at 37°C, whereas COs upregulated the
production of metabolites at 25°C, and lipids downregulated it
(Fig. 4a). Notably, the metabolites fumagillin and pyripyropene
A are the only metabolites that were uniquely and highly trig-
gered at both temperatures; however, the treatments that
started the production of these two metabolites were different
depending on the temperature. The bipartite network represen-
tation further clarifies such pathways and regulations. With the
limited number of data points, both the node strength and
PageRank measures provide similar results for identifying the ef-
fective treatments and most receptive metabolites, as shown in
Fig. 5b and c.


http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
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Fig. 4. Network analysis-based direct route for revealing the relationship between treatments and metabolite production in A. fumigatus at 25°C. (a)

Bipartite network of treatments and known and putative metabolites. The nodes that represent the metabolites are classified and color coded as blue and
green circles for known and putative metabolites (also denoted in (c)), respectively. The transparency and color (red or blue) of the edges represent the
log, fold change and up- or downregulation of the metabolites, respectively. CO4, CO5, and CO8 adjacent edges are up regulated. Palmitic and oleic acid
adjacent edges are down regulated. The sizes of the nodes denote the network centrality measure of node strength. (b) Network centrality measure of
PageRank of the treatments (broadcasting PageRank values). (c) PageRank measures of the known and putative metabolites (receiving PageRank values).

Comparison of the direct route to the traditional comparison pyripyropene A (Fig. 3b-f). The direct route revealed that palmitic
methods at 37°C acid was the treatment with the highestimpact on metabolite pro-
The traditional comparison methods ranked CO4, CO5, CO8, pal- duction despite having the second-lowest set size in the UpSet plot
mitic acid, and then oleic acid from the highest to the lowest influ- (Fig. 3a). Moreover, palmitic acid appeared to significantly influ-
ence on analyte production (Fig. 3a). Moreover, the metabolites ence the output of fumagillin at this temperature (Fig. 5b and c).

consistently found were fumagillin, fumiquinazolines F, and This is notable because we could show that at 25°C, palmitic
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Fig. 5. Network analysis-based direct route for revealing the relationship between treatments and metabolite production in A. fumigatus at 37°C. (a)
Bipartite network of treatments and known and putative metabolites. The nodes that represent the metabolites are classified and colored coded as blue
circles for known metabolites (also denoted in (c)). The transparency and color (red or blue) of the edges represent the log, fold change and up- or
downregulation of the metabolites, respectively. Fumagillin adjacent edges are downregulated. Fumigaclavine A, fumiquinazolines F, and pyripyropene
A are upregulated. The sizes of the nodes denote the network centrality measure of node strength. (b) Network centrality measure of PageRank of the
treatments (broadcasting PageRank values). (c) PageRank measures of the known and putative metabolites (receiving PageRank values).

acid had negligible influence in eliciting any metabolite, but it is
very active at higher temperatures. Other treatments that had sig-
nificant influence at 25°C were impacted by the change in tem-
perature, which resulted in less influence in eliciting metabolite
production. Also, the direct route showed that fumagillin is a
dominant metabolite produced by A. fumigatus regardless of treat-
ments or temperature conditions. The importance and biological
role of fumagillin from A. fumigatus is well documented (52).
Because palmitic acid elicited production of fumagillin at 37°C,
this raises an interesting question about the fungal impact on

human disease given that palmitic acid represents 20-30% of fatty
acids in the human body (53) and fumagillin can lead to lung epi-
thelial cell damage (54). Another difference between the temper-
atures was that COs-induced fumagillin production at 25°C,
whereas an opposite regulation was observed at 37°C.

Summary of results from direct route

The results of the direct route revealed that CO4, and then oleic
acid are the most dominant treatments that trigger a broad range
of known and putative metabolites at 25°C. However, at 37°C,
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Fig. 6. Network analysis-based auxiliary route for revealing the relationship between treatments and metabolite production in A. fumigatus at 25°C. (a)
Auxiliary route to assess the production of unknown analytes. A bipartite network of all analytes for their treatments (analyte IDs correspond to tables in
Online Supplementary Table S1 that provide mass-to-charge ratios (m/z), retention times, linear fold change, log, fold change, P-values, and f-values).
The weights and colors (red and blue) of the edges illustrate the log, fold change of up- and downregulation (also listed in (b)) triggered by the treatments
compared to the solvent control. (b) Table of putative metabolites produced at 25°C identified by the auxiliary route.

palmitic acid is the most effective treatment for metabolite pro-
duction. We also found that fumagillin is the most receptive spe-
cialized metabolite in A. fumigatus to be triggered by various COs
and lipids at both temperatures. For putative metabolite discov-
ery, using network-based measures such as PageRank indicate
that nidulanin A is the most receptive specialized metabolite trig-
gered by COs and lipids at a lower temperature. Although nidula-
nin A production by A. fumigatus must be validated through gene
knockout experiments, providing information about treatments
that can trigger its production could help characterize it. Last,
many of these known and putative metabolite peaks might
still fall into a peak noise. Although a peak cutoff was initially
used in MAVEN to identify bona fide peaks, the auxiliary route
is used to identify known and unknown analytes or metabolites
produced in response to a particular treatment by using an untar-
geted metabolomics approach.

Auxiliary route reveals the dominant compounds
and highly influenced unknown analytes
Curation of mass spectra profiles

The auxiliary route follows an untargeted metabolomic profiling
of the exogenous treatments’ effects on metabolomic production.
The results of the auxiliary route illustrated in Fig. 6a and listed in
Fig. 6b demonstrates our ability to potentially isolate highly pro-
duced, known and unknown analytes that exhibit a log, fold
change greater than 1.0 or less than —1.0 for future experimenta-
tion and characterization. In the direct route, we had a peak area
cutoff of 5 x 10° to detect signals with significant peaks between a
treatment and solvent control. This allowed for the identification
and confirmation of known metabolites. Although our peak area
cutoff of 5x 10> eliminates most noise, it is a linear cutoff and
leaves some residual noise (caused by column creep) in the ana-
lysis. Therefore, we first curated the dataset for the auxiliary route
from the experimental study by using baseline correction prepro-
cessing tools. Online Supplementary Fig. S13 shows the

elimination of column creep and a new peak area cutoff suggested
by Trevifno et al. (55). To ensure the smallest amount of noise with-
in our data, peak picking for our untargeted approach was con-
ducted with GridMass (55) peak detection with a conservative
threshold for peaks; no peaks under 3 x 10’ were considered.
Peaks were aligned by using RANSAC alignment. Peak data were
then matched to known profiles in KEGG and LipidMap (16-19).
Peak significance was determined by FCROS scoring (56).
Nonsignificant analytes were not included in the network.
Online Supplementary Material A provides additional details
about the data curation for building the bipartite networks for
the auxiliary route. The untargeted extraction of statistically rele-
vant peaks by using the auxiliary route can yield a significant
number of analytes for potential exploration. The edges and
neighbors of the nodes in the network can be used to determine
which analytes should be considered first for targeted exploration.
Analytes of particular interest express both regulation and control
depending on the treatment considered. Additionally, analytes of
extreme up- and downregulation can be of interest along with the
node degree values of the analytes.

Results at 25°C

A network of all significant peaks (i.e. all significant metabolites
regardless of log, fold change intensity) is provided in Online
Supplementary Material B (Fig. S14). Figure 6a only illustrates
the significant peaks with a log, fold change greater than 1.0 or
less than —1.0. The total number of interactions (edges in the net-
work) found with the auxiliary route is considerably higher than
with the network in the direct route. Thus, the auxiliary route re-
veals more information about the interactions among the exogen-
ous treatments and metabolites than the direct route. Interesting
artifacts are revealed from the network built using data at 25°C
(Fig. 6b). We found seven unique extracted ion chromatograms
(XICs) defined by their m/z, retention time, and area under the
curve. XIC IDs 26 and 105 were matched to a fraxetin-like
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Fig. 7. Network analysis-based auxiliary route for revealing the relationship between treatments and metabolite production in A. fumigatus at 37°C. (a)
Auxiliary route to assess the production of unknown analytes. A bipartite network of all analytes for their treatments (analyte IDs correspond to Online
Supplementary Table S2, which provides m/z values, retention times, linear fold change, log, fold change, P-values, and f-values). The weights and colors
(red and blue) of the edges illustrate significant up- and downregulation (also listed in (b)) triggered by the treatments compared to the solvent control. (b)
Table of putative metabolites produced at 37°C identified by the auxiliary route.

molecule via the KEGG database query, and they were upregu-
lated when exposed to the COS treatment. Fraxetin was recently
isolated from A. fumigatus and has an antibacterial activity (57).
XIC ID 222 was matched to icas#18 (from the LipidMap database),
which is a metabolite from the nematode Caenorhabditis elegans
(58). Palmitic acid significantly downregulated icas#18 compared
to the control. At the same time, no single highly produced analyte
is triggered by all three COs. XIC ID 16 is an unknown analyte thatis
significantly produced and upregulated by both CO4 and COS treat-
ments, thereby indicating that they might share a similar regulatory
pathway to produce this unknown metabolite. Oddly, CO8 and oleic
acid had no influence on analyte production with our log, fold
change cutoff criteria. Notably, we found that several treatments
had regulated the production of the same predicted analyte. These
findings suggest that although treatments can commonly start the
production of the analytes considered, the treatments used in the
current study have a higher tendency to uniquely trigger analytes.

Analytes thatimmediately spark interest are the four unknown
analytes: XIC IDs 16, 34, 115, and 236. Additional analytes of inter-
est are those with opposing log, fold changes between treatments,
whereas all remaining analytes within the networks have aligned
log, fold changes. Although we do not see analytes with opposing
log, fold changes in the network with all log, fold changes greater
than 1.0 or less than —1.0 (Fig. 6a), we do see analytes with oppos-
ing log, fold change intensities with XIC IDs 13, 35, 115, and 188
(Online Supplementary Fig. S14) when considering all edges. A de-
tailed discussion of the findings from the full data can be found in
Online Supplementary Material B.

Finally, we can validate our prediction by using the auxiliary
route based on the confirmation of fraxetin production from a dif-
ferent study (57), in silico spiking and fragmentation patterns of
fumigaclavine A (Fig. S4 and Online Supplementary Table S1),
and fragmentation pattern matches to public databases of fumi-
quinazolines F (Fig. S6 and Online Supplementary Table S1).
Fumigaclavine A and fumiquinazolines F were not within the
threshold to be included in Fig. 6b; instead, they are listed in
Online Supplementary Table S1.

Results at 37°C

Considering the analytes from the network at 37°C shown in
Fig. 7a, 12 significant analyte peaks with log, fold change inten-
sities greater than 1.0 or less than —1.0 were extracted from the
processed data. There were no commonly triggered XICs among
the three COs or two lipids. From the 12 significant extracted an-
alyte peaks, 11 were identified from database queries and defined
as like-compounds because we did not confirm their identity
through fragmentation patterns or comparison with a commer-
cially available standard (Fig. 7b). Hellebrigenin 3-acetate (XIC
ID 10) is a natural product isolated from the plants Bersama abys-
sinica (59) and Kalanchoe spp. (60) with no reported biological roles.
Beta-cyclopiazonate (XIC ID 70) is a polyketide involved in the syn-
thesis of cyclopiazonic acid, which is a mycotoxin produced by
species of Aspergillus and Penicillium (61). Phenylbutazone is a syn-
thesized molecule and anti-inflammatory drug (PubChem 4781).
Borrerine (XIC ID 89) is an alkaloid identified from the plant


http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad322#supplementary-data

12 | PNAS Nexus, 2023, Vol. 2, No. 10

Table 1. Comparison of relevant capabilities of state-of-the-art metabolic network analysis tools (GNPS (21), MetWork (13), and

MetaboAnalyst (32)) with the current approach.

Tool capability Current method State-of-the-art tools New contribution by
(13, 21, 32) current method
Network node definition Analytes/metabolites and exogenous treatments Analytes/metabolites Yes
Network edge definition Amount of analyte/metabolite triggered by a treatment Spectral matching Yes
Direction on network edges Yes No Yes
Influence of treatment Yes No Yes
Dominant triggers of metabolites Yes No Yes
Network metrics to rank nodes Yes Yes No
Discovering new compounds Yes? Yes No

aPutative IDs must be confirmed through fragmentation patterns or comparison to a commercially available standard (not performed in this study).

Borreria verticillata (62), which is reported to have antimicrobial ac-
tivity (63), and has not been reported as a compound isolated from
fungi. Clofibrate (XICID 110) is a synthesized molecule that plays a
role as an anticholesteremic drug (64). Alangimarine (XIC IDs 163
and 164) is an isoquinoline alkaloid plant metabolite isolated from
Alangium lamarckii (65). Sulindac (XIC IDs 168 and 169) is a nonster-
oidal anti-inflammatory drug that is functionally related to an
acetic acid (PubChem 1548887). The 6'-hydroxysiphonaxanthin
decenoate (XIC ID 21) is a carotenoid described from green alga
(66). Fraxetin, as in the 25°C results, was also identified, thereby
indicating that this molecule may not be temperature dependent.
The only unidentified analyte was XIC ID 90, which was upregu-
lated in both COS5 and palmitic acid treatments. The regulated
XIC IDs not within our log, fold change threshold are listed in
Online Supplementary Table S2.

When considering all analytes (not only those with log, fold
changes greater than 1.0 or less than —1.0 as shown in Fig. S15
in Online Supplementary Material B), five analytes with opposing
log, fold changes (analytes with XIC IDs 21, 70, 163, 164, and 168)
were identified compared to the four analytes at 25°C. Analytes
163 and 168 were induced by three separate treatments. Analyte
163 is upregulated by both palmitic acid and CO8 and downregu-
lated by CO4. Analyte 168 is upregulated by palmitic acid and
downregulated by both CO4 and oleic acid.

Reportedly, oleic acid-induced germination in A. fumigatus at
37°C (40). To our knowledge, none of the known metabolites iden-
tified were previously linked to germination in A. fumigatus.
Therefore, we are curious if one of the highly upregulated, un-
known analytes could cause increased germination of this fungus
at 37°C and could therefore be a target for future experiments. A
detailed discussion of the findings from the full data can be found
in Online Supplementary Material B. Compared with the putative
metabolites identified between to the two temperature conditions,
there were metabolites expressed in our analysis at 37°C than at
25°C. Additionally, we validated our predictions the same way for
all 25°C and 37°C samples. Finally, for metabolites derived from
plants, it is unknown if those plants were colonized by fungi, and
it is plausible that these putative XIC IDs are fungal metabolites.

Summary of results from auxiliary route

The results of the auxiliary route show that there are many more
analytes produced than the current number of known and puta-
tive metabolites. The significant analytes extracted at tempera-
tures 25 and 37°C comport not only with known and putative
specialized metabolites but also with the rates at which the trig-
gering of specialized metabolites have been witnessed in the pre-
viously discussed direct route. Moreover, new relationships
among treatments and metabolites were revealed because all

found peak signals are considered in the auxiliary route. Of the
significant analytes produced, there is a tremendous overlap in
the activation of analyte production between treatments.
Additionally, we found that by thresholding the edges at greater
than or equal to 1 log, fold change, we could effectively illustrate
how these treatments begin to interact with the up- and downre-
gulation of the untargeted analytes. When considering all signifi-
cant analytes, we see that within the 25°C network, the lipid
treatments tend toward downregulation, whereas the COs tend
to upregulate analyte production. Conversely, within the 37°C
networks, we see that all treatments tend toward upregulation
of analytes except for CO4, which has a relatively balanced
amount of up- and downregulated-induced analytes.

Discussion and conclusion

The effects of compounds such as chitin and lipids on microbial
metabolomic profiles are not fully elucidated and remain challen-
ging to interpret. This study provides a data-driven modeling
framework that uses network analysis to dissect the connection
between exogenous inputs (e.g. biological compounds such as
lipids and COs) and the metabolomic outputs (e.g. putative metab-
olites and unknown analytes) in the opportunistic human patho-
gen A. fumigatus. Bipartite networks with two classifications of
nodes were built. The network nodes represent the treatments
and specialized metabolites under consideration. The edges that
connect the nodes represent the magnitude of up- or downregula-
tion of the specialized metabolites triggered by the corresponding
treatments. We provided two routes to characterize the produc-
tion of the specialized metabolites: (1) the direct route for the
production of known and putative metabolites and (2) the auxil-
iary route for the production of unknown analytes. Moreover,
we used network centrality measures of node strength and
PageRank to rank the treatments and specialized metabolites.
The treatments are ranked based on their ability to trigger the pro-
duction of various specialized metabolites. The specialized me-
tabolites are ranked based on their ability to be influenced by
multiple treatments.

Table 1 summarizes and compares the capabilities of the cur-
rent framework with that of other state-of-the-art metabolic net-
work analysis tools. Notably, although the referenced tools have a
vast array of capabilities, we are only mentioning the ones thatare
relevant to the current analysis. Below, we state the new contribu-
tions from our methodology compared to the state-of-the-art tools:

¢ The network definition for representing interaction between
exogenous treatments and metabolites is defined by the
amount of regulation triggered by the treatments.
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e Ournetwork definition results in directed weighted networks,
which differs from the binary undirected networks that are
typically used in metabolomic networks in the literature.

e Our network can quantify the effect of exogenous treatments
on metabolites.

e Our network can identify the most influential treatments and
influenced metabolites to aid postprocessing applications for
cost-effective drug discovery.

Some components of the method are based on previous
knowledge:

e The concept of network (graph) theory (34) and metabolic
networks (29, 35, 36).

e The network centrality metrics node strength (67) and
PageRank (37).

Insights about the most effective treatments and most influ-
enced specialized metabolites are valuable for (1) validating
known specialized metabolites through applied exogenous treat-
ments or environmental cues and (2) discovering new specialized
metabolites from putative metabolites and unknown analytes by
geneticknockouts to characterize their gene clusters, as depicted
in postanalysis applications (Fig. 1). Ultimately, our goal was to
track how a treatment elucidates the production of secondary
metabolites. Most biosynthetic gene clusters are silent under
standard culture conditions, and this results in minimal produc-
tion of secondary metabolites. Our study can help researchers de-
termine how their treatments or environmental conditions will
improve the production and accumulation of natural products.
Those results can be validated through mass spectrometry analysis
and comparison to fragmentation patterns from published data-
sets or commercial standards and through transcriptomic analysis
to assess their biosynthetic gene expressions. Further confirmation
can be obtained through knockout experiments and functional val-
idation of the targeted biosynthetic gene clusters in postanalysis
applications, but that is outside the scope of the present work.
This pilot study is our first approach to provide guidance for the
metabolomic abyss, and, undoubtedly, future research can help
improve the methods we have outlined here.

The cost of drug discovery can be exponential if experiments
are designed as trial-and-error approaches. We provide a poten-
tially cost-effective solution through direct and auxiliary routes
(along with relevant codes for researchers to use on publicly avail-
able or newly generated LC-MS datasets). The inferences obtained
from our framework can be used as a guide for industry partners
and researchers to concentrate their efforts on natural product
discovery and postanalysis applications for the most influential
microbial metabolites and treatments.
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