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Abstract

While in nucleotide sequencing, the analysis of DNA from complex mixtures of organisms is
common, this is not yet true for mass spectrometric data analysis of complex mixtures. The
comparative analyses of mass spectrometry data of microbial communities at the molecular level
is difficult to perform, especially in the context of a host. The challenge does not lie in generating
the mass spectrometry data, rather much of the difficulty falls in the realm of how to derive
relevant information from this data. The informatics based techniques to visualize and organize
datasets are well established for metagenome sequencing; however, due to the scarcity of
informatics strategies in mass spectrometry, it is currently difficult to cross correlate two very
different mass spectrometry data sets from microbial communities and their hosts. We highlight
that molecular networking can be used as an organizational tool of tandem mass spectrometry
data, automated database search for rapid identification of metabolites, and as a workflow to
manage and compare mass spectrometry data from complex mixtures of organisms. To
demonstrate this platform, we show data analysis from hard corals and a human lung associated
with cystic fibrosis.
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1. Introduction

Study of complex mixtures at the molecular level using global untargeted metabolomics
contributes a better understanding of the influence of various domains of life on each other,
and their environment. Such mixtures may represent environmental samples taken from the
soil or sewers; marine communities such as algae, corals, lichens, and diseased human
organs such as the gut, oral cavity, lungs, pancreas, and Kidneys, to name a few. Due to the
enormous diversity of molecules present in such communities, the analysis of mass
spectrometry data obtained from such samples often surpasses the capacity of modern
informatics analysis. Modern mass spectrometry (MS) represents a powerful tool for
studying metabolomics due to its speed, reproducibility, unsurpassed resolution, broad
dynamic range, and ability to analyze samples of tremendous complexity (1-3). Rapid
development and advancement of mass spectrometry based techniques such as ultra high
performance liquid chromatography (UPLC)-MS (4-6), nanoLC-MS (7-8), nano-
electrospray ionization-MS (9-10), nanospray desorption ionization-MS (11-12), LTQ and
LTQ-Orbitrap hybrid fourier transform ion cyclotron-MS (13-14), paper spray ionization-
MS (15), direct analysis in real time-MS (16-17), and imaging-MS (18-20) have made it
possible to generate tandem MS data on complex mixtures without a significant investment
of time in regards to sample preparation. Although development of multiple high-throughput
approaches such as metagenomics, metatrancritptomics, and metaproteomics have made it
possible to begin understanding the physiology of complex mixtures, interest in
metabolomics has seen a recent surge. Thus, tools for rapid acquisition of MS data are now
available, but MS based analysis of complex mixtures is still plagued by the lack of robust
tools for data visualization and metabolite identification which can then be used to derive
correlations of this data with metagenomics, metatrancritptomics, metaproteomics and
KEGG pathway mapping analysis. The unmanageable amount of data, also referred to as
“Big Data” generated using these approaches necessitate the development of methodologies
to analyze and interpret the large volume of data as well as robust databases to classify and
identify molecular features. This has been performed in the past by first prioritizing data
using univariate and multivariate statistical analysis such as principal component analysis,
partial least square discriminant analysis, t-tests, and hierarchical clustering which entails
organizing data into matrices that are compatible with such analysis (21-25). The peak
picking and evaluation for this analysis is usually performed by using instrument specific
softwares such as Bruker® Data Analysis and Bruker® Profile Analysis for Bruker,
MassHunter for Agilent, MarkerLynx for Waters or publically available softwares such as
XCMS (26), MZmine, (27) (28-29) and MET-IDEA (30) which can handle data from
different instruments. Such analysis helps in organization and classification of data,
highlighting important metabolites, intensities of which differ between sample types but
does not aid in overall identification of individual molecules or their biological origin which
is indeed the major bottleneck in metabolomics of complex mixtures. XCMS Online was
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developed to overcome this challenge. Herein, following the bioinformatic analysis of
datasets, tandem MS data of peaks that differ significantly in intensities between two sample
sets are matched with tandem MS data available in the database METLIN (31-32) to aid
compound identification. A similar tandem MS mass spectral search approach has also been
utilized in the past, for example, to identify metabolites in algal secretions (33) and for
identification of lipids from LipidBlast database (34) using NIST MS Search GUI program.
Tandem MS containing databases such as NIST (35), METLIN (31), HMDB (36), and
MassBank (37) can be utilized for rapid annotation of Big Data generated from complex
mixtures. Thus, retention time alignment and similarity in tandem MS spectra are now
widely accepted characteristic metabolite features used to generate a high probable structural
match. However databases are not comprehensive in the diversity of molecules nor can they
be used to begin annotating molecules that are simply related but are not present in the
database. Furthermore most molecules that can be found in complex mixtures of organisms
have simply never been characterized before.

Thus, analysis of complex mixtures that yields millions of tandem MS spectra requires
development of algorithms that organize Big Data in a fashion wherein one can exploit
already existing data in the form of public databases or in-house generated databases to
identify known molecules as well as new molecules. One such algorithm termed “Molecular
networking” exploits the chemical and structural similarity of molecules that is reflected in
the similarity of the MS/MS spectra to organize large data sets (38—41). Molecular networks
is an effective approach that can be used to tease apart the origin and ID complex samples.
Herein, similar MS/MS spectra are grouped into clusters where different clusters represent
different classes of molecules. A network of such clusters can be easily visualized and
analyzed using Cytoscape or other networking program. In Cytoscape, nodes corresponding
to the database hits can be color coded and various relevant attributes such as retention time,
parent mass, signal intensity etc. can be visualized in the Cytoscape or equivalent
networking display software. Further, use of molecular networking allows rapid
identification of molecules/metabolites that are similar to database hits since these molecules
cluster together.

Herein, we show that molecular network analysis and automated matching of tandem MS
data available in public/in-house database is one representative analysis workflow for
molecular analysis of complex mixtures and to compare and contrast data sets of very
different origin. In this publication, we demonstrate how one can tease apart complex
mixtures at the molecular level by the use of molecular networking and database matching
on a cystic fibrosis (CF)-afflicted human lung and hard corals both of which represent
complex mixtures of microbial communities.

2. Results and Discussion

2.1 Metabolomics workflow of complex mixtures

A typical workflow is shown in Figure 1. The first step entails solvent extractions of the
complex sample and its individual members. After extraction in appropriate solvents,
UPLC-MS and tandem MS data is generated in second step. The Big Data generated in the
second step is then organized using molecular networking via spectral matching of tandem
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MS spectra (Figure 1a). The molecular networks generated via spectral matching create a
network of similarity of spectra and are visualized in Cytoscape. The similarity in
fragmentation patterns due to similarity in structures under collision-induced dissociation
dictates the clustering of metabolites in molecular networking. Each node consists of n
number of identical MS/MS spectra present in the samples being analyzed (where n can be
any number) and the neighboring nodes consists of MS/MS spectra that are related to each
other. The clustering of MS/MS spectra within a node and between nodes is performed using
an established algorithm namely “MS-cluster” (42). The nodes are connected by edges
where edge thickness is given by cosine score and depicts the relatedness between MS/MS
spectra of connecting nodes. The mass spectrometry data analysis of complex mixtures
generates thousands to millions of spectra that can generate very complex networks.
Visualization in Cytoscape allows attribute mapping where the database hits, the hits from
in-house generated pure compound libraries, as well entire datasets of the individual
components of the complex mixture are color coded to aid rapid identification (Figure 1b).
The neighboring nodes then represent molecules similar to the one obtained from database
hit that were not present in the database, and can be dereplicated by comparing mass shifts
in MS2 fragments (41). Further, one can add entire data sets of different components of a
complex mixture to tease apart the origin of these molecules. In order to demonstrate the
potential of molecular networking in utilizing tandem MS data deposited in large databases
and acquired on various different biological sample sets, we performed this analysis on
anatomically distinct regions of CF-afflicted human lung and hard corals. Molecules with
similar structures and hence similar fragmentation patterns clustered together and spectral
matching with tandem MS library from NIST11 and METLIN aided identification of
metabolites. Further, a combined molecular network of lung tissue and bacterial isolates
obtained from the lung tissue was created to tease apart human and bacterial metabolites.
The lung tissue and coral LC-MS/MS data was networked together to represent how
metabolome of different complex communities can be compared and the commonalities
identified using this approach.

2.2 Tandem MS guided molecular networking analysis

The sample set consisted of organic solvent extractions of ten anatomically distinct locations
of ex-plant lung tissue and twenty Pseudomonas spp. isolates from a CF patient. In the
current study, UPLC-ESI tandem MS data was collected on methanol and ethyl acetate
extracts in the positive mode and organized using molecular networking (Figure 2). The size
of nodes represents intensity of the parent ion. As an example, one of the clusters is
highlighted in Figure 2b showing mass shifts of 2 Da, 14 Da and 28 Da between nodes
suggesting a molecular family of fatty acids or lipids. The molecular networks form the
lungs revealed matches to lipids, fatty acids, sterols, as well as drugs that were administered
to the patient using spectral matching of tandem MS data generated in this study with
tandem MS data available from the database NIST11, METLIN and in-house database
generated from commercially available FDA-approved drug library (Selleckchem). The hits
generated by spectral matching of tandem MS data are visualized in Cytoscape and color
coded in red for ease of identification (Figure 3). For example, hexadecenoic acid,
cholesterol, sertraline (antidepressant that was administered to the patient), were identified
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as a hit to the spectra of hexadecenoic acid, cholesterol, and sertraline available in NIST11
and METLIN database (Nist id 11552, 16480, and 642 respectively) (Figure 2b, 4 and S1).

As expected, sertraline and cholesterol were observed in only human samples (red nodes,
Figure 4) where as hexadecenoic acid was observed in both human and Pseudomonas spp.
samples (blue nodes, Figure 4). When a node is selected, attributes that are imported into the
Cytoscape allow for direct visualization of the parent mass, the sample names that contain
tandem MS, intensity of the parent mass as well as the identity of the putative database hit.
Visualization of database hits in the form of molecular networking also aids in annotation of
neighboring nodes that cluster with the hit due to similarity in fragmentation pattern which
in turn is dictated by the similarity in chemical structure. Thus, origin of metabolites can be
easily deciphered using color coding in Cytoscape. For sertraline, the neighboring nodes
were annotated to be the metabolite N-desmethylsertraline (43) based on loss of 14 Da
(Figure 4). The database hits can be further confirmed by comparing the ppm error of the
matched fragments, annotation of the observed fragments, and by incorporating tandem MS
data of the standard compound if needed (Figure 4b and 4c). The data from lung tissue
extracts was co-networked with an in-house database of FDA-approved drug library
containing sertraline and similar fragmentation patterns were observed for the drug sertraline
from lung tissue sections and commercial sertraline in FDA library (Figure 4b). The tandem
MS fragments shown in Figure 3b had ppm error of 1.8 ppm and 0.7 ppm, generating
confidence in the observed hit. Further, when the data from lung tissue extracts was co-
networked with an in-house database of FDA-approved drug library MS/MS data set, node
corresponding to desmethylsertraline was only found in lung tissue sections. The FDA
MS/MS database will be made available to the public in the near future and is a part of our
global natural product social molecular networking effort to make MS data publicly
available. Therefore without the need for clinical information, the use of specific classes of
medication could be directly assessed. The node with m/z 275 was identified as common
nodes (blue) (Figure 4c) suggesting in-source fragmentation since this peak was also the
dominant fragment ion observed in tandem MS data. This suggests that such an analysis
may also aid in separation of real metabolites from MS artifacts. Thus, molecular
networking combined with spectral matching of tandem MS data and visualization of these
results in Cytoscape allows for rapid identification of molecules present in complex
mixtures. Molecular networking then also allows for identification of neighboring nodes, the
tandem MS data of which may not be present in the databases.

2.3. Identification of common metabolites between coral samples and lung tissue

The alignment of DNA sequences from similar or very divergent organisms is commonly
used in biology to study associations between different life forms. No such parallels exist in
aiding comparisons of large amounts of data generated in mass spectrometry analysis to
study associations at the molecular level. Molecular networking can be easily exploited to
compare large mass spectrometry based data sets originating from different sources. In order
to demonstrate this, UPLC-tandem MS data was collected on eight sections of a hard coral
sample. A molecular network of tandem MS data of coral samples and lung tissue samples
was created to highlight how molecular features between two different complex mixtures
can be compared to identify commonalities and differences between the metabolome (Figure
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S2). The nodes containing tandem MS data corresponding to lung tissue are colored in red,
and nodes containing tandem MS data corresponding to coral samples are colored in yellow.
The blue nodes contain tandem MS data from both lung tissue and coral samples. The
tandem MS data was matched with the tandem MS data from databases NIST11 and
METLIN. The nodes with matches from NIST and METLIN database are shown as
diamond shaped nodes. Co-networking of tandem MS data from coral samples with lung
data combined with spectral matching with tandem MS data from NIST11 and METLIN
enabled identification of phosphocholine head group containing inflammatory lipids
(Platelet activating factor (PAF) (44) and lyso-PAF (45)) in coral samples (Figure 5 and
Figure S3). In order to confirm the identity of lyso-PAF, this metabolite was isolated by
liquid chromatography purification and characterized by NMR. 1H NMR spectrum of the
compound from coral samples (in CD3CN) displayed 51 protons. The presence of three
singlet methyl protons (5 3.11) and two methylene protons (8 4.20 and 3.51) indicated that
the compound has a choline group (Figure S4) (46). Furthermore, 1H-'H COSY analyses
revealed the presence of three partial structures (a saturated acyl chain (C16), -O-CH,-(CH-
OH)-CH,-O-derived from glycerophosphoric acid and -CHy-CH»- in the choline region).
These results strongly suggested that the compound belongs to a phosphatidylcholine
family. The previous *H NMR data is also in good agreement with the molecule isolate from
corals (46). Finally, to identify the compound, we compared tandem MS spectra and
retention time of the authentic sample (Bachem Biochemicals) using UPLC-MS. As a result,
the MS fragment pattern and retention time of authentic sample was identical to that of the
compound (Figure 5 and S5). Platelet activating factor (PAF) and lyso-PAF has not been
previously identified from corals highlighting the utility of molecular networking for
comparing very different datasets and entire databases for rapid identification of unknown
molecules in a given complex mixture. Effective comparisons between different data sets
would require similar extraction protocols and LC-MS/MS methods. Nonetheless, molecular
networking is still capable of quickly identifying individual compounds that are present in
one or more data sets, regardless of the source of the samples or how they were prepared/
extracted as demonstrated by the identification of lyso-PAF in coral samples on comparison
of coral data set with lung data set.

3. Conclusions

Molecular analysis of complex mixtures is a daunting task. The most challenging step in the
molecular analysis of complex mixtures involves mining of large data sets to reveal the
identity of molecules present and to decipher the sources of these molecules. The
availability of tools for bioinformatics and presentation of DNA and RNA sequencing data
sets has revolutionized the field of Big Data processing. Using these tools, one can very
easily compare various different organisms, query their biosynthetic potential, virulence
factors, immune responses, community interactions, and identify healthy vs. diseased
environments. Thus, informatics of mass spectrometry underlies development of such tools
that can then aid in comparing all of these processes between different organisms at the
molecular level. Whereas genomics and proteomics analysis is aided by the availability of
well annotated databases and informatics tools, metabolomics analysis suffers from lack of
such tools and comprehensive metabolite databases. Furthermore, sequencing can be
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correlated even when the function of the gene remains unknown. Lack of tools that can
organize and present large MS data sets hamper direct comparisons between complex
communities at the molecular level. Herein, we have highlighted how this can be achieved
by the use of molecular networking algorithms. First, the tandem MS data obtained from
complex mixtures is directly compared with tandem MS data of known molecules present in
public/in-house generated databases as well tandem MS data obtained on individual
components of complex mixtures. We demonstrated this concept by co-networking tandem
MS data obtained on a CF-afflicted human lung and tandem MS data obtained on
Psuedomonas isolates with tandem MS data available in NIST11 and METLIN database.
Second, co-networking of annotated data sets with tandem MS data of unknown data sets
can aid in comparisons between different complex mixtures. Comparison of tandem MS data
obtained on extracted hard corals with tandem MS data of lung sections enabled
identification of a previously unknown inflammatory lipid in coral samples. Using this
approach, one can envision the potential of creating libraries of tandem MS data of various
classes of molecules such as lipids, peptides, hormones, signaling molecules, drugs,
environmental toxins, natural products and entire annotated data sets of complex mixtures
aiding automated annotation of molecular features of new complex mixtures. Automation of
informatic analysis on these repositories necessitates development of algorithms such as
molecular networking that can then be extended to derive molecular relationships and
biologically relevant hypothesis between different sample sets as is done by the genome
sequencing community.

4. Materials and Methods

4.1. Sample collection and extraction of metabolites from lung sections

The ex-plant CF lung tissue was collected following ex-plant in accordance with University
of California Institutional Review Board (HROO 081500) an San Diego State University
Institutional Review Board (SDSU IRB#2121). A total of ten sections were cut out from the
left lung and each section was further divided into thin slices; two slices were used for mass
spectrometry, and one slice was used for isolating bacteria. For isolation of Psuedomonas
spp., see section 4.2. For chemical extraction, each section was weighed and incubated in
ethyl acetate (10 uL/mg of tissue) for 1 hr. Following centrifugation, ethyl acetate was
transferred to fresh vial and evaporated. The remaining tissue was re-extracted in methanol
for 1 hr. Following centrifugation, methanol was evaporated. The dried samples were stored
at —80 °C until further use.

4.2. Isolation of Pseudomonas spp. and extraction of metabolites

Pseudomonas spp. were isolated on Pseudomonas selective agar (cetrimide agar). Two
isolates were randomly selected from each lung section and grown on Luria Broth (LB).
Liquid culture was then separated into multiple aliquots to initiate the glycerol stock for
storage at —80 °C. Prior to metabolites extraction, the growth of bacteria was initiated from
the glycerol stock on cetrimide agar, and colonies were streaked onto 1SP2 medium. All
isolates were grown overnight at 37 °C. For each isolate, two colonies were excised from the
ISP2 agar and transferred to a tube containing either ethyl acetate or methanol and incubated
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in the respective solvent for 1 hr. Following extraction and centrifugation, the solvent was
transferred to a fresh tube, dried, and the dried samples were stored at —80 °C.

4.3. Collection of coral samples and extraction of metabolites

Coral plug samples from Montastraea annularis were flash frozen in liquid nitrogen. Plugs
were thawed, weighed, and extracted (10 mL/gram of coral sample) with 70:30
methanol:H,O for 72 hr at 25°C. The extracts were transferred to fresh vials and evaporated.
Dried samples were stored at —80°C until further use.

4.4 UPLC-MS/MS analysis

The extracted metabolites were dissolved in acetonitrile and analyzed with UltiMate 3000
UPLC system (Thermo Scientific) using a Kinetex" 1.7 um C18 reversed phase UHPLC
column (50 x 2.1 mm) and Maxis Q-TOF mass spectrometer (Bruker Daltonics) equipped
with ESI source. The gradient employed for chromatographic separation was 10% solvent B
(98% acetonitrile, 0.1% formic acid in LC-MS grade water with solvent A as 0.1% formic
acid in water) for 1.5 min, a step gradient of 10% B-50% B in 0.5 min, held at 50% B for 2
min, a second step of 50% B-100% B in 6 min, held at 100% B for 0.5 min, 100%-10 % B
in 0.5 min and kept at 10% B for 0.5 min at a flow rate of 0.5 mL/min throughout the run.
MS spectra were acquired in positive ion mode in the range of 100-2000 m/z. An external
calibration with ESI-L Low Concentration Tuning Mix (Agilent technologies) was
performed prior to data collection and internal calibrant Hexakis(1H,1H,3H-
tertrafluoropropoxy)phosphazene was used throughtout the runs. The capillary voltage of
4500 V, nebulizer gas pressure (nitrogen) of 2 bar, ion source temperature of 200 °C, dry gas
flow of 9 L/min source temperature, spectral rate of 3 Hz for MS® and 10 Hz for MS2 was
used. For acquiring MS/MS fragmentation, 10 most intense ions per MS! were selected and
collision induced dissociation energy given in Table 1 was used. Basic stepping function
was used to fragment ions at 50% and 125% of the CID calculated for each m/z from Table
1 with timing of 50% for each step. Similarly, basic stepping of collision RF of 550 and 800
Vpp with a timing of 50% for each step and transfer time stepping of 57 and 90 ps with a
timing of 50% for each step was employed. MS/MS active exclusion parameter was set to 3
and released after 30 seconds. The mass of internal calibrant was excluded from the MS?
list. The data for coral samples and FDA-approved drug library (Selleckchem) was collected
using the same methodology with two modifications. The initial conditions for UHPLC were
5% solventB rather than 10% solvent B and the range for MS acquisition was 50-2000 m/z.

4.5 Isolation and NMR characterization of lyso-PAF from hard coral M. annularis

For isolation of lyso-PAF from coral samples, the extracted material was injected onto a
reverse phase-HPLC column (Kinetex C18 5 um, 100 A, 250x4.6mm). Following injection,
the column was kept at 2% solvent A (solvent A = 0.086% Formic Acid in 2% ACN/98%
water) for 5 min followed by a gradient of 2-100% of solvent B (0.086% Formic Acid in
100% ACN/0% water) over 60 min. The fractions containing lyso-PAF (identified by LTQ-
MS) were lyophilized and analyzed by NMR. 1H-NMR and COSY data was acquired in
pyridine-ds on a 600 MHz Varian instrument.
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4.6. Molecular networking and data visualization

The LC-MS/MS raw data files were converted into the mzXML format using Bruker® Data
Analysis software version 4.1. Molecular networks were generated using MS-Cluster (42).
A mass tolerance of 0.05 Da for parent mass, 0.01 Da for fragment ions was utilized and a
cosine score of 0.7 was used to create networks. Visualization of the output from molecular
networking was performed in Cytoscape 2.8.1 (47). The edge label width was set to cosine
score and nodes were labeled with parent mass. The mass labeled on the node is not lock
mass corrected and hence should not be used to calculate ppm error. The discrepancy arises
due to the error in the script utilized in the data analysis software to convert raw data to
mzXML format. While, the peaks in the spectrum are lock mass corrected but the parent
mass in the header of the mzXML file contains the mass observed prior to application of
lock mass calibration. The correct calibration is applied to all the spectra including MS1 and
MS2 and therefore does not impact the molecular networking itself. Such discrepancy
results in multiple nodes of the same m/z when the difference in parent mass is higher than
0.05 Da. Multiple nodes for the same m/z also arise due to the difference in quality of the
MS/MS spectra acquired at vastly different intensities of parent MS. The nodes
corresponding to the solvent controls and blank extractions were deleted from the network.
The network was then organized using FM3 layout. MS/MS data from NIST11 and Metlin
in .mgf format were compared to the tandem MS spectra obtained on lung and coral
sections. The database hits were displayed in Cytoscape with color code defined in the
respective figures.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Analysis of complex mixture
A) The first part of workflow is focused at generating tandem MS data. The complex

mixture and its isolated members are extracted with appropriate solvents. The extracts then
enter the mass spectrometry pipeline where MS® and MS? data is simultaneously generated
using high-scan-speed mass spectrometer coupled to a UPLC system. The second part of the
workflow is focused at data organization which starts with spectral matching of tandem MS
data. B) The high density of tandem MS data generated is then organized using molecular
networking algorithms. These networks are visualized using Cytoscape, a tool designed to
visualize correlations of large data sets. Each node represents one consensus MS/MS
spectrum and an edge represents similarity, where thickness of the edge indicates cosine
similarity. Molecules with similar structures and hence similar MS/MS fragmentation
patterns cluster together. Networking of tandem MS data allows for identification of
metabolites by addition of tandem MS data from publically available databases and in-house
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generated databases to the network. The origin of molecules can be obtained by addition of
entire datasets of individual components that are isolated from the complex mixture.
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Figure 2. Molecular network analysis
The tandem MS data generated from extracted explants lung tissue (red nodes), and agar

extractions of Pseudomonas spp. isolates (yellow nodes) obtained from the same lung is
organized in molecular networks. The nodes in blue represent the metabolites that were
common to lung tissue and Pseudomonas spp. isolates. The size of the node represents the
intensity of parent mass in the MS spectrum. This representation is semi-quantitative and
should be used as a guide to visualize the abundant metabolites present in the sample set for
further investigation such as isolation. The metabolites identified using spectral matching
with public databases such as NIST11, METLIN and in-house generated database for
Pseudomonas spp. metabolites are labeled (vide infra). The green lines around the nodes
highlight few representative database hits.
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Figure 3. Molecular networking of lung data set with entire tandem MS depository of NIST11
database

The database hits are imported as an attribute in the network and can be easily visualized.
The hits obtained from NIST11 database by matching tandem MS data of lung tissue
sections are colored in red.
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Figure 4. Analysis of cluster corresponding to sertraline
A) The cluster corresponding to the drug sertraline was pulled out from the network shown

in Figure 3. The parent drug sertraline (m/z 306), the metabolite desmethylsertraline (nv/z
292), and their chlorine isotopes are highlighted with green circles. The size of the node
represents the intensity of parent mass in the MS spectrum. This representation is semi-
quantitative and should be used as a guide to visualize the abundant metabolites present in
the sample set for further investigation such as isolation. B) The tandem MS spectra for
sertraline from the lung section and the in-house FDA library are shown. The ppm errors for
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the parents mass and the two tandem MS fragments are shown and were below 2 ppm. C)
The desmethylamine metabolite was observed only in lung sections (red node) and was not
observed in the tandem MS data on commercial sertraline further supporting the annotation
of this node as a real drug metabolite.
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Figure 5. Identification of lyso-PAF in coral dataset
A) The cluster corresponding to the lyso-PAF was pulled out from the combined network of

lung tissue sections, coral sections and database hits (Figure S2). The database hits shown as
diamond shaped nodes and the common nodes between lung (red) and coral (yellow)
sections are shown in blue. B) The tandem MS spectra of lyso-PAF in lung and coral
sections matched with tandem MS spectra of commercial lyso-PAF. Lyso-PAF was isolated
from coral sections and the identity was also confirmed by NMR after isolation.
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Collision induced energies used for tandem MS data collection.

Type | Mass | Width | Collision | Charge State
Base 100 4 22 1
Base 100 4 18 2
Base 300 5 27 1
Base 300 5 22 2
Base 500 6 35 1
Base 500 6 30 2
Base | 1000 8 45 1
Base | 1000 8 35 2
Base | 2000 10 50 1
Base | 2000 10 50 2
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