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Abstract 

Caenorhabditis elegans (C. elegans) is a well-established nematode model for studying metabolism 

and neurodegenerative disorders, such as Alzheimer’s (AD) and Parkinson’s disease (PD). Non-

targeted metabolomics via liquid chromatography coupled with tandem mass spectrometry (LC-

MS/MS) has proven useful for uncovering metabolic changes in biological systems. Here, we present 

workflows for C. elegans metabolomics, leveraging advanced open science tools. We compared two 

metabolite extraction methods: a monophasic extraction, which provided broader metabolite 

coverage in analyses conducted in hydrophilic interaction with positive polarity (HILIC POS), and a 

biphasic extraction, which yielded more features in reverse-phase C18 chromatography with 

negative polarity (RPLC NEG) analyses. Data were processed using patRoon, integrating IPO, XCMS, 

CAMERA, and MetFrag, which incorporated PubChemLite compounds and C. elegans-specific 

metabolites from an expanded WormJam database enhanced with PubChem and literature sources. 

MS-DIAL was also employed for data processing, allowing for expanded annotations with predicted 

spectra for the expanded WormJam metabolites calculated using CFM-ID. Significant metabolite 

differences were identified when comparing the Bristol (N2) wildtype strain with two knockout strains 

of xenobiotic-metabolizing enzymes and two transgenic strains related to neurodegenerative 
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pathways. Pooled quality control (QC) samples for each strain ensured robust data quality and the 

detection of strain-related metabolites. Our study indicates the potential of non-targeted 

metabolomics for metabolite discovery employing open science tools in metabolomics studies of 

model organisms. 
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Untargeted metabolomics; exposomics; CYP enzyme mutant; FMO enzyme mutant; SV2C 

expression; Tau aggregation. 

 

1. Introduction 

Alzheimer’s disease (AD) and Parkinson’s disease (PD) are the most prevalent neurodegenerative 

diseases, affecting millions worldwide, characterised by complex biological mechanisms [1]. The 

aetiology involves an interplay of genetic and environmental factors, with a prolonged latency 

between initial triggers and symptom onset [2, 3]. Understanding the biological mechanisms 

underlying these diseases is crucial for developing therapeutic interventions. However, human 

studies are constrained by long disease progression timespan, ethical issues, and limited access to 

relevant sample material, such as brain tissues and cerebrospinal fluid (CSF). Model organisms, 

therefore, offer valuable alternatives for investigating these neurodegenerative processes. The 

nematode Caenorhabditis elegans (C. elegans) has emerged as a robust model for studying various 

biological processes, including neurodegeneration [4]. Its advantages include a short lifespan,  

which enables rapid experimental manipulations and observations [5], and a fully sequenced 

genome, which shares approximately 60–80% homology with human genes, with many involved in 

neurodegeneration [6–8]. Moreover, the simpler nervous system, with fewer neurons compared to 

mammals, reduces complexity and enhances experimental precision while retaining disease 

relevance [4]. 

Mutant C. elegans strains are increasingly accessible for modeling neurodegenerative disease 

progression and related exposome factors. For example, wild-type strains serve as baselines for 

understanding biological processes under physiological conditions. Knockout strains targeting 

xenobiotic metabolizing enzymes—such as mutations affecting cytochrome P450 expression [9] or 

multidomain flavoprotein monooxygenase (FMO) activity [10]—enable investigations into chemical 

metabolism. Transgenic strains modelling aspects of PD and AD, such as those overexpressing 
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tyrosine hydroxylase in dopaminergic neurons (PD-related) [11, 12] or pro-aggregation tau fragments 

(AD-related) [13], provide critical insights into the molecular mechanisms underlying these 

disorders. 

In the omics cascade founded on the central dogma of molecular biology, the genome encompasses 

all genetic information, while the metabolome comprises all small molecules within an organism. 

While genomics reveals what “can possibly happen”, metabolomics reflects “what has actually 

happened,” providing direct insights into the phenotype [14–16]. The C. elegans genome has been 

fully characterised [6], and several recent efforts have been made to characterize its metabolome. 

The WormJam consensus model, established through community collaboration, integrated and 

curated multiple metabolic network reconstructions, offering an extensive data source of C. elegans-

specific metabolic pathways and metabolites [17]. In parallel, PubChem’s taxonomy pages compile 

species-specific data including those for C. elegans [18, 19]. Moreover, a list of metabolites related 

to C. elegans was curated from a literature review [20]. These rapid research advancements 

underscore the need for open source, collaborative workflows to ensure continuous updates and 

knowledge sharing. 

Investigating metabolomic alterations in disease-related transgenic strains is of particular interest 

for understanding the disease-related biochemistry. To accomplish this, metabolomics strategies 

are broadly categorized into targeted approaches, which focuses on accurate and sensitive 

quantification of a known set of metabolites, and non-targeted approaches, which aim to detect and 

screen as many metabolites as possible. While non-targeted metabolomics offers broad exploratory 

potential, it presents challenges across the workflow, from sample preparation to compound 

annotation—the latter being a primary bottleneck in non-targeted workflows [21]. Various extraction 

methods have been applied to maximize metabolite recovery and coverage from C. elegans in non-

targeted studies. Monophasic solvent extraction ranged from methanol [22–28], acetonitrile [29], or 

a combination of both [30, 31]. Biphasic extraction methods have also been used to separate polar 

and non-polar compounds. Traditional protocols from Folch et al. and from Bligh & Dyer utilize 

chloroform, methanol, and water for lipid analyses [25, 32–35]. More recently, the Matyash method, 

substituting chloroform with methyl-tert-butyl-ether (MTBE) [26, 36], has gained traction. For 

instrumental analysis, liquid chromatography (LC) coupled with high-resolution tandem mass 

spectrometry (LC-MS/MS) remains one of the preferred analytical approaches due to its versality in 

accommodating various chromatographic conditions—reversed phase (RPLC) and hydrophilic 

interaction (HILIC)—and mass spectrometry polarity modes (positive and negative ionizations) [20]. 
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The most challenging aspect of non-targeted metabolomics is data processing and compound 

annotation [21]. To address this, open source tools have been developed [37–39]. Among them, 

patRoon is an R-package that streamlines the use of multiple established algorithms for non-

targeted data processing, although primarily with an environmental focus and increasingly 

applicable to metabolomics [40, 41]. MS-DIAL is another widely implemented tool, which specializes 

in metabolomics and lipidomics analyses, visualization, and interpretation [42]. Metabolite 

annotation typically involves matching experimental mass fragmentation patterns against spectral 

libraries of known compounds or against fragmentation patterns predicted from in silico 

fragmentation simulations, usually produced from a list of chemicals retrieved via mass or formula 

from compound databases. MS-DIAL encompasses a large spectral library with more than 15,000 

unique molecules (MSP) [43]. PubChem, a comprehensive open chemistry database, contains >119 

million small molecules [18]. However, considering all these molecules can lead to irrelevant 

annotations and unnecessary computational burden. PubChemLite was developed as an 

exposomics-relevant subset of PubChem, optimizing candidate selection for chemical annotation 

[44, 45], and has been integrated into workflows such as patRoon. Further refinement is possible by 

incorporating organism-specific resources, such as C. elegans-specific metabolite databases. 

Taken together, the primary aim of this work was to establish a comprehensive experimental and 

data-processing pipeline for C. elegans metabolomics. For a pilot and exploratory investigation, this 

pipeline leverages state-of-the-art open source cheminformatics tools to optimize metabolite 

extraction, data processing, and annotation. Specifically, the workflow was designed to address the 

unique challenge of analysing knockout strains deficient in xenobiotic-metabolizing enzymes and 

transgenic strains associated with neurodegenerative diseases. By integrating advanced analytical 

strategies with a comprehensive data interpretation framework, this study seeks to provide reference 

data for future studies aiming for enhanced accuracy and efficiency in characterizing the C. elegans 

metabolome, uncovering exposome-biology interplay, and ultimately, resolving etiologic causes and 

disease mechanisms.  

2. Materials and methods 

2.1. Caenorhabditis elegans: strains, culturing, and synchronization 

Five C. elegans strains were selected for their relevance in neurobiological and neurotoxicological 

research. These included: wildtype Bristol (“N2”), serving as the baseline for physiological 

comparisons; two knockout strains of xenobiotic metabolizing enzymes (“VC40”: CYP enzyme 
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mutant, genotype cyp-13A7(gk31) II; and “VC1668”: a flavin-containing monooxygenase (FMO) 

enzyme mutant with the genotype fmo-2(ok2147) IV) [46]; two transgenic strains related to 

neurodegeneration (“UA57”: PD-related, expresses the ortholog of tyrosine hydroxylase in dopamine 

neurons, genotype  baIs4 [dat-1p::GFP + dat-1p::CAT-2]; and “BR5270”: AD-related, pan-neuronal 

over-expression of the pro aggregation fragment of human Tau, Model of AD, severe tauopathies, 

genotype: byIs161 [rab-3p::F3(delta)K280 + myo-2p::mCherry]). 

Worms were grown at 20°C on NGM agar plates seeded with UV-treated Escherichia coli OP50 

(Stiernagle, 2006). After ~5 days, gravid worms (post-L4 stage) were synchronized via hypochlorite 

bleaching. For each strain, worms were washed off four plates with 4 mL sterile M9 buffer per plate, 

pooled into a 15 mL conical tube, and allowed to settle for 5 min. The supernatant was removed, and 

~2.5 mL of worm suspension was split into two 1.5 mL Eppendorf tubes. After centrifugation (max 

speed, 1 min), the supernatant was discarded, and 1 mL of bleach solution was added. Tubes were 

vortexed (30 sec) and monitored under a dissecting microscope until only eggs remained. Eggs were 

pelleted by centrifugation (15,000 rpm, 1 min), washed three times with M9 buffer to remove bleach, 

and resuspended in 100 µL M9. The suspension was pipetted onto a seeded 10 cm NGM plate, left 

to dry under a biosafety cabinet, and incubated at 20°C for hatching. Hatched worms were 

considered synchronized. 

Hatched L1 worms were cultured at 20 ºC for 48 hours until the majority reached the L4 larval stage 

(young adult with discernible vulva). Worms were then washed from the NGM plates with M9 buffer 

and subjected to flow cytometric sorting using a COPAS Flow Pilot FP-250 system (Union Biometrica, 

MA, USA). L4-stage worms were sorted based on an established gating strategy [47] and collected 

into 300 worms per tube. For each strain, corresponding M9 blanks were prepared by collecting the 

supernatant after one-minute centrifugation of the worm suspension. Both sorted worms and M9 

blanks were snap-frozen and stored at -80 ºC. 

2.2. Metabolite extraction 

Two metabolite extraction schemes were independently applied to all strains. Scheme 1 utilized a 

monophasic protocol [29, 48, 49], while Scheme 2 followed a biphasic approach [36, 50].  

2.2.1. Scheme 1 

For each strain, four worm replicates and duplicate M9 blanks were extracted, along with pooled 

quality control (QC) and method blanks (from 100 µL LC-MS grade water). Frozen samples were 

thawed on ice and reduced to 100 µL by centrifugation (2,000 rpm, 1 min) with 200 µL of the M9 
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supernatant removed. Zirconium oxide beads (~20) were added, followed by 200 µL of ice-cold 

acetonitrile containing internal standards (SPLASH® LIPIDOMIX®, Avanti Research), achieving a 2:1 

(v/v) acetonitrile:aqueous ratio. Samples were vortexed (30 sec), homogenized on a bead beater (5 

min, max speed, air-cooled), and equilibrated at -20°C for 30 min. After centrifugation (15,000 × g, 10 

min), supernatants were split into 100 µL raw extracts and 100 µL dried extracts (via SpeedVac). QC 

pools were prepared by combining 50 µL from each replicate (total 200 µL), then split into raw and 

dried aliquots (100 µL each). 

2.2.2. Scheme 2 

Similarly, four worm replicates and duplicate M9 blanks were extracted per strain, along with QC and 

method blanks. Samples were thawed on ice, reduced to 100 µL (2,000 rpm, 1 min), and combined 

with zirconium oxide beads (~20). Each tube was added with 225 µL of ice-cold methanol containing 

internal standards (SPLASH® LIPIDOMIX® Mass Spec Standard, Avanti Research), followed by 

vortexing (10 sec). Subsequently, 750 µL of methyl tert-butyl ether (MTBE) was added, and samples 

were homogenized (10 min, max speed, air-cooled). After adding 188 µL of LC-MS grade water and 

vortexing (20 sec), samples were centrifuged (14,000 × g, 2 min) to separate phases. A total of 250 µL 

of the upper (MTBE:methanol) phase and 100 µL of the lower (methanol:water) phase were collected. 

QC pools were prepared by combining 100 µL from each replicate for the upper phase (400 µL total) 

and 50 µL from each for the lower phase (200 µL total). Each pool was split equally into raw and dried 

extracts (e.g., 200 µL raw and dried for upper; 100 µL raw and dried for lower). All samples (scheme 

1 and scheme 2, raw and dried) were shipped from Columbia University (U.S.A.) to the University of 

Luxembourg on dry ice with a world courier. In the present paper, results are reported only for the dry 

samples, while analyses also on raw samples are reported in the external repository [51]. 

2.3. LC-MS/MS analyses 

Dried scheme 1 samples and dried scheme 2 bottom-phase samples were resuspended in 100 µL of 

acetonitrile:water solution (50:50), while scheme 2 dried upper phase samples were resuspended in 

100 µL of acetonitrile. All samples were vortexed for 30 seconds and transferred to autosampler vials 

for analysis. 

Instrumental analyses followed a previously published method [52] with modifications. Samples 

were analyzed using reverse-phase liquid chromatography with negative polarity mode (RPLC NEG) 

and hydrophilic interaction liquid chromatography with positive mode (HILIC POS). For RPLC NEG, 5 

µL of each sample was injected into the HPLC system (Thermo Scientific Accela LC system) 

equipped with a Waters Acquity CSH C18 column (100 x 2.1mm, 1.7 µm) and a Acquity CSH C18 
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VanGuard precolumn (5 x 2.1 mm, 1.7 µm). Metabolites were separated with a linear gradient 

consisting of two mobile phases: the A phase was a solution of 40% water and 60% acetonitrile 

containing 10 mM ammonium acetate, while the B phase was a solution of 90% isopropanol and 10% 

acetonitrile containing 10 mM ammonium acetate. A constant flow rate of 400 µL/min was applied, 

and the percentage of the B phase changed as follows: from 15% to 30% between 0 to 2 min; 30 to 

48%, 2 to 2.5 min; 48% to 82%, 2.5 to 11 min; 82% to 99%, 11 to 11.5 min; held constant 99%, 11.5 

to 12 min, then 99% to 15%, 12 to 12.1 min; held constant at 15%, 12.1 to 15 min. The autosampler 

was kept at 4 ºC, while the column was kept at 65 ºC. After the chromatographic separation, the flow 

was delivered to a mass spectrometer (Q ExactiveTM HF, Thermo Scientific) operating in electrospray 

ionization (ESI) negative mode; for each scan cycle, a full mass scan was carried out (scan range from 

60 to 900 m/z; resolution 120,000; AGC target 1e6, Maximum IT 70ms) followed by a top 10 data-

dependent MS2 experiment (isolation window: 1 m/z, collision energy: 30V, resolution 30000, 

dynamic exclusion 10 sec, AGC target 1e5, Maximum IT 70ms). For HILIC POS, 5 µL of each sample 

was injected onto a Waters Acquity BEH Amide column (150 x 2.1 mm, 1.7 µm), equipped also with 

a Acquity BEH Amide VanGuard precoloumn (5 x 2.1 mm, 1.7 µm). The A phase was a solution of 10 

mM ammonium formate and 0.125% formic acid in water, while B phase was a solution of 10mM 

ammonium formate and 0.125% formic acid in water:acetonitrile (5:95). A linear gradient at a 

constant flow rate of 400 µL/min was run with the follow B phase percentage: constant 100%, from 

0 to 2 min; 100% to 70%, 2 to 7.7 min; 70% to 40%, 7.7 to 9.5 min; 40% to 30%, 9.5 to 10.25 min; 30% 

to 100%, 10.25 to 12.75 min; constant 100%, 12.75 to 17 min. The autosampler was kept at 4 ºC while 

the column was kept at 45 ºC. The mass spectrometer operated in ESI positive mode; for each scan 

cycle, a full mass scan was carried out (scan range from 60 to 900 m/z; resolution 60000; AGC target 

1e6, Maximum IT 70ms) followed by a top 5 data-dependent MS2 experiment (isolation window: 1 

m/z, collision energy: 20V, resolution 30000, dynamic exclusion 10 sec, AGC target 1e5, Maximum IT 

70ms). 

Scheme 1 samples were analysed both with the RPLC NEG and HILIC POS methods, while scheme 

2 upper phase samples were analysed only with the RPLC NEG method, and scheme 2 bottom phase 

samples were analysed only with the HILIC POS method. 

2.4. Data processing 

Raw files were converted to the open mzML format using MSConvertGUI (ProteoWizard, version: 

3.0.22108-f83e548) [53], with peak-picking filter, vendor algorithm, and all MS levels enabled. These 

files were then processed both with patRoon (version 2.3.1) [40, 41] and MS-DIAL (version 
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5.1.230912) [42]. Data analysis in R (version 4.3.1) [54] with the RStudio interface (2023.06.1) utilized 

the tidyverse package (version 2.0.0) [55]. 

A custom C. elegans metabolite collection, termed “WormJam expanded” hereafter, was compiled 

from the WormJam database [17], PubChem C. elegans-related metabolites [19] and literature-

sourced metabolites [20], as documented in an RMarkdown file [56].  

2.4.1. patRoon 

The following data analyses were carried out using different functions from the patRoon R-package. 

Specifically, the features, i.e. signals with a defined m/z ratio and retention time, were extracted and 

aligned using the “xcms3” algorithm [57–59]. The XCMS parameters were selected by running the IPO 

algorithm [60] on pooled quality control samples; the componentisation, i.e., grouping features likely 

originated from or related to the same molecule by isotope patterns and adducts, was conducted 

using the CAMERA algorithm [61]. Then, after retrieving the MS/MS peak list within patRoon, 

annotation was performed with MetFrag [62] considering two databases separately: PubChemLite 

(Version 1.19.0) [45, 63] and the “WormJam expanded” collection [56]. Details of all the parameters 

and processing workflow used can be found in the R-scripts available in a publicly available GitHub 

repository [64]. 

2.4.2. MS-DIAL 

The parameters used for data processing in MS-DIAL (version 5.1.230912) were: ionization type: soft 

ionization, separation type: chromatography, MS method type: conventional LC/MS or data 

dependent, collision type: CID/HCD, data type: centroid data, target omics lipidomics (for RPLC 

NEG) and metabolomics (for HILIC POS), MS1 accuracy tolerance: 0.02 Da, MS2 accuracy tolerance: 

0.025 Da, minimum peak height: 1000 amplitude, mass slice width: 0.1 Da. For annotation, the 

MSMS_Public_EXP_NEG_VS17 and the MSMS_Public_ExpBioInsilico_NEG_VS17 (in negative) and 

the MSMS_Public_EXP_POS_VS17 (in positive) MSP libraries were used, MS1 accurate mass 

tolerance: 0.02, MS2 accurate mass tolerance: 0.05, dot product score cut off: 50, weighted dot 

product score cut off: 100, reverse dot product score cut off: 100, matched spectrum percentage: 

0%, minimum number of matched spectrum: 1. The adducts considered were [M-H]-, [M-H2O-H]-, 

[M+Na-2H]-, [M+HCOO-H]-, [M+CH3COO-H]-, [M+CH3COONa-H]- (in negative) and [M+H]+, [M+NH4]+, 

[M+Na]+, [M+CH3OH+H]+, [M+K]+, [M+ACN+H]+, [M+H-H2O]+ (in positive). Analyses were aligned 

against a pooled quality control file, with retention time tolerance of 0.1 min, MS1 tolerance of 0.02 

Da, retention time, and MS1 factor of 0.5. Manual curation was performed for the significant 
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compounds before exporting the area intensity table, which was used for further elaboration and 

statistical analyses. 

Additionally, the MS-DIAL processing was repeated with the same parameters, using MSP libraries 

created by in silico fragmentation the compounds in the WormJam expanded database. The function 

"cfm-predict" of the Competitive Fragmentation Modeling tool CFM-ID [65–68] was used through 

Docker Desktop to predict mass spectral fragments from the SMILES of the WormJam expanded 

compounds. The in silico fragmentation was performed separately in positive and negative mode, 

each considering three collision energies (low or “energy0”, 10 V; medium or “energy1”, 20 V; high or 

“energy2”, 40 V). Intensity weights were applied to combine fragments obtained with the three 

collision energies: energy0, enegy1, and energy2 were weighted 10%, 80%, and 10% in positive (since 

HILIC POS analyses were carried out with a collision energy of 20V); and 10%, 45%, and 45% in 

negative (since collision energy in RPLC NEG were 30V) modes respectively. The resulting positive 

and negative MSP libraries were exported and used for the MS-DIAL re-analysis. The code created to 

perform this elaboration is publicly available [64]. 

2.4.3. Feature processing, statistical and pathway analysis 

A summary of all the experimental and data analyses workflow is shown in Figure 1, while all the R-

scripts written to perform all the data elaborations, statistical analyses, visualisations, and pathway 

analyses are publicly available [64]. The annotated compounds were ranked according to the 

confidence levels (‘2a’, ‘2b’, ‘3a’, ‘3b’, ‘3c’, ‘4a’, ‘5’) in particular using MoNAScore cut-offs in patRoon, 

and dot product and fragment presence cut-offs in MS-DIAL, as previously reported [69, 70]. Every 

feature table was filtered considering the pooled quality controls: in particular, separately for each 

pooled QC type of sample, only features that were present in at least 50% of QC samples, that have 

a relative standard deviation less than 50% in QCs, and a blank contribution (the ratio of average 

intensity in blanks and QCs) less than 50% were considered as biologically plausible. Then, every 

feature that passed this check in at least one QC sample type was retained and considered for the 

following statistical analyses [71]. Data intensities from each feature that passed the pooled QC 

check were transformed as follows: missing values were replaced by 1/5 of the minimum intensity, 

then they were log-transformed (base 10) and Pareto-scaled (mean subtracted and divided by the 

squared root of the standard deviation). Afterwards, one-way ANOVA was performed on transformed 

intensities for each feature, considering the five sample groups (N2, VC40, VC1668, UA57, and 

BR5270); pairwise group comparison was performed with the Fisher’s LSD post-hoc test 

implementing the agricole package [72]; false discovery rate (FDR) correction was also applied on 
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the ANOVA p-values [73], and an FDR p-values less than 0.05 was considered as statistically 

significant. Separate statistical analyses were conducted for each extraction procedure, for both 

RPLC NEG and HILIC POS. 

Chemical information was retrieved using the R-packages “RChemMass” [74], “webchem” [75], 

“classyfireR” [76], and “metaboliteIDmapping” [77]. Eulero-venn diagrams were created with the 

“eulerr” package [78] and the “ggven” package [79], to compare the features among the different 

sample extraction procedures; similarly, an upset plot was also built using the “UpSetR” package 

[80]. SankeyNetwork graphs, with the “networkD3” package [81], were built to visualise the different 

categories of annotated compounds. A dedicated graph was created to visualise the presence of 

annotated compounds among the different procedures and to visualise which of those were 

statistically significantly different from the control group, using the packages “ggplot” [55], 

“patchwork” [82], “grid” and “gridExtra” [83]. For each compound, the KEGG code was assigned 

using metaboliteIDmapping [77] and, if there was no correspondence, it was manually retrieved from 

the PubChem page of that molecule, if present; then, considering statistically significant metabolites 

for which a KEGG code was found, a pathway enrichment analyses was performed with the “FELLA” 

R-package [84], after building KEGG knowledge model from the “cel” (C. elegans, nematode) 

organism. 
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Figure 1. An overview of the experimental and data analysis workflow, as detailed in the Materials and 
Methods section. Circles represent steps performed in parallel, with results subsequently compared for 
comprehensive analysis. 

3. Results and discussion 

3.1. Sample preparation schemes 

Considering the various data processing workflows, distinct feature tables were generated using 

patRoon and MS-DIAL for both RPLC NEG and HILIC POS analyses. Features were filtered based on 

their consistency in QC samples to retain only biologically plausible features. The number of features 

retained at each processing step, including the different sample preparation schemes, is 

summarized in Figure 2. 
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Figure 2. Summary of feature counts obtained across different analytical setups—RPLC NEG and HILIC 
POS— using either patRoon or MS-DIAL. Initial feature counts were refined by applying pooled QC filtering. 
The lower section shows the number of features passing the QC check for each sample preparation scheme, 
while Euler-Venn diagrams depict feature overlaps among the schemes. 

 

Here, we compared the biologically plausible features across analytical steps. Among features that 

passed the pooled QC check, a higher number was detected in HILIC POS analyses (4,305 with 

patRoon and 31,646 with MS-DIAL) compared with RPLC NEG (1,332 using patRoon and 8,563 with 

MS-DIAL). In terms of extraction schemes, differences emerged depending on the analytical setup 

and processing tool. For RPLC NEG analyses, the biphasic extraction (scheme 2) yielded a higher 

number of plausible features when processed with patRoon (937 features in scheme 2 compared to 

745 in scheme 1), while feature counts were comparable in MS-DIAL (5,771 and 5,746). In contrast, 

HILIC POS analyses favoured scheme 1: when processed with patRoon, scheme 1 resulted in 3,280 

features, surpassing scheme 2 with 2,497 features; similarly, MS-DIAL processing yielded 22,577 

features for scheme 1 and 19,869 for scheme 2.  
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Although there was substantial overlap in features detected among extraction schemes, certain 

features were unique to specific methods. In patRoon-processed RPLC NEG data, scheme 2 had 

more unique features (587). Conversely, for HILIC POS analyses, scheme 1 exhibited greater 

uniqueness, with 1,808 features exclusive to this extraction method. Overall, the results suggest that 

biphasic scheme 2 is more suitable for RPLC analyses, while monophasic scheme 1 performs better 

with HILIC analyses. 

Our findings align with the observations of Geiger et al., who reported significant differences in 

feature counts across extraction strategies for C. elegans in RPLC NEG: their results underscored the 

critical role of solvent choice, despite using different solvent combinations (80% methanol in water 

vs. chloroform/methanol) [25]. In contrast, a previous study that investigated reproducibility and 

yield of tissue extraction procedures, although not in C. elegans, suggested monophasic extraction 

for the concurrent analysis of polar and non-polar metabolites [85]. Moleenars and co-workers 

developed and validated a simple biphasic extraction (using water:methanol:chloroform 1:1:2) for C. 

elegans metabolomics and lipidomics. Their comparison of lipidomics outcomes indicated that 

most lipids were consistently detected across methods, but some lipid subclasses displayed 

extraction-specific patterns. For instance, lysophosphatidylethanolamines were uniquely identified 

in monophasic extracts (using methanol:chloroform 1:1), while bis(monoacylglycero)phosphates 

and other low-abundance lipids were better captured using biphasic extraction [34]. 

Regarding instrumental method choice, although implementing all four combinations of 

chromatographic methods (RPLC and HILIC) and mass spectrometry polarities (negative and 

positive) maximizes metabolite coverage [86, 87], in this work, we combined RPLC NEG and HILIC 

POS only to balance throughput and metabolite coverage, following prior recommendations [88]. 

When comparing feature detection tools, MS-DIAL consistently detected a higher number of features 

than patRoon (XCMS algorithm), a trend also reported by [70]. However, Li et al. (2018) observed the 

opposite in their study, finding XCMS to yield both a higher number of features and more reliable 

results compared to MS-DIAL [89]. These discrepancies highlight the importance of employing 

multiple data processing tools for non-targeted metabolomics, as their combined use and cross-

reference can enhance biomarker discovery and reduce methodological bias [89]. 

3.2. Compound annotation strategies  

Following feature and mass spectral processing with MS-DIAL and patRoon, extensive comparisons 

were conducted. The number of annotated features across chromatographic runs, sample 
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preparation schemes, and annotation strategies—grouped by annotation levels—are detailed in 

supplementary figures S1-S13. Combining results from RPLC NEG and HILIC POS analyses across 

both sample preparation schemes, a total of 821 unique compounds were annotated at level 3 or 

above. Specifically, 738 compounds were uniquely annotated using MS-DIAL with the Public MSP, 

102 with MS-DIAL and the WormJam MSP, 34 using patRoon with PubChemLite, and 29 with patRoon 

and WormJam. A visual summary of these results is presented in Figure 3, with an accompanying 

upset plot provided in supplementary figure S14. Full details of the annotated compounds are 

available in supplementary table S1. 

 

Figure 3. Euler-Venn diagram illustrating the unique compounds annotated at level 3 or above. The results 
integrate all sample preparation schemes and chromatographic runs, and are grouped by the four annotation 
strategies applied, highlighting intersections among them. The compounds contained in the overlaps are 
(click embedded hyperlink): A: (22 compounds), B: (63 compounds), C: (8 compounds), D: (9 compounds), E: 
(3 compounds), F: (3 compounds), G (14 compounds), H: (3 compounds). 
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Supplementary figure S15 presents a sankeyNetwork graph summarizing the distribution of 

annotated compound classes. According to ClassyFire classification, among compounds annotated 

at level 3 or above, 195 compounds (23.8%) belonged to the superclass of organoheterocyclic 

compounds, 164 (20.0%) were organic acids and derivatives—of which 111 were amino acids, 

peptides, or analogues)—141 (17.2%) were lipids or lipid-like molecules, including 79 fatty acyls, and 

106 (12.9%) were benzenoids. Since most compounds were annotated with MS-DIAL, a separate 

sankeyNetwork graph related only to the 40 compounds annotated with patRoon is also reported in 

supplementary figure S16. Among these, 13 compounds (32.5%) were organic acids and derivatives, 

including 10 amino acids and derivatives; 7 (17.5%) were nucleosides, nucleotides, and analogues; 

6 (15.0%) were organoheterocyclic compounds; and 5 (12.5%) were lipids and lipid-like molecules, 

all classified as fatty acyls. 

While MS-DIAL yielded a substantially higher number of annotated compounds, some unreliable 

annotations were noted, such as methylpyrrolidine and deethylatrazine—exogenous compounds 

unlikely to be present in these samples. However, employing in MS-DIAL the in silico MSP libraries 

generated from the WormJam expanded database significantly improved annotation reliability: 

although the number of compounds annotated using these in silico libraries was lower compared to 

public MSP libraries, unreliable annotations were notably absent, suggesting that dedicated MSP 

libraries can enhance the accuracy of candidate annotations in MS-DIAL. For patRoon, most 

annotated compounds overlapped between PubChemLite and WormJam expanded databases, 

although a few unique compounds were identified with PubChemLite. This highlights the 

complementary value of combining multiple annotation resources to improve compound 

identification confidence. 

3.3. Metabolite differences across C. elegans strains 

ANOVA tests were performed to assess biological differences among the C. elegans strains. An 

overview of all statistically significant features, including their annotation levels, is given in 

supplementary Fig S1-13, while detailed information on significantly different compounds annotated 

at level 3 or above is provided in supplementary Table S2. In RPLC NEG analyses, more significant 

features were identified in samples extracted with scheme 1 compared to scheme 2 (105 vs 71 with 

patRoon, and 182 vs 98 with MS-DIAL). For HILIC POS analyses, significant feature counts were 

similar between schemes using patRoon (148 vs 166), while MS-DIAL identified more significant 

features in scheme 1 (363 vs 233). Considering all extractions schemes, analytical modes (RPLC NEG 

and HILIC POS), and data processing tools (patRoon and with MS-DIAL), a total of 87 unique 
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compounds were significantly different among strains and annotated at least at level 3, as reported 

in supplementary table S2. The following section focuses on those 87 features. 

Among these 87 compounds, 28 were annotated at confidence level 2a, 15 at level 3a, 43 at level 3b, 

and 1 at level 3c. According to ClassyFire classification, 24 compounds were fatty acyls, 18 were 

carboxylic acids and derivatives (17 of subclass amino acids, peptides, and analogues) and 16 were 

glycerophospholipids. A complete overview of the compound classification is presented in 

supplementary figure S17. Figure 4 provides a visualization of the significantly different compounds 

annotated at level 3 or above. Additionally, for each significant compound, individual boxplots 

illustrating the distribution across strain groups are provided in supplementary data 2. 
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Figure 4. A visual summary of compounds annotated at level 3 or above that were significantly different 
among the analysed groups. Compounds are sorted by FDR-corrected ANOVA p-values (lowest at the top). 
The central panel indicates the analysis types in which these compounds were detected and annotated, 
while the right-hand graph displays Fisher's LSD pairwise comparisons between the wildtype group (N2) and 
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other sample groups: white cells represent no significant difference, red indicates significantly higher 
intensity in N2, and blue denotes significantly lower intensity in N2, with deeper shades indicating stronger 
significance (lower p-value). 

 

As shown in the left panel of Figure 4, the combined use of multiple extraction schemes, analysis 

type (HILIC POS and RPLC NEG), and data annotation strategies (patRoon and MS-DIAL) enabled a 

broader coverage of significant annotated compounds. Notably, RPLC NEG analyses with MS-DIAL—

particularly for samples prepared with scheme 1—captured the majority of lipid compounds. This 

aligns with the recognition of MS-DIAL for lipidomic analysis [42, 90]. 

Among the 87 statistically significant compounds (annotated at level 3 or above), 47 valid KEGG 

codes were available and thus used for enrichment analysis using the FELLA package. Results of the 

comprehensive enrichment analysis, considering all significant annotated compounds, are reported 

in table S3 and in figure S18. In addition, enrichment analyses focused on significant compounds 

from the pairwise comparisons between each strain and the wildtype are detailed in supplementary 

tables S4-S7. The following sections discuss the biological implications of the significant 

compounds annotated for each knockout and transgenic strain, providing insights into potential 

metabolic alterations linked to xenobiotic metabolism and neurodegenerative processes. 

3.3.1. Knockout strain in a gene encoding cytochrome P450 (“VC40”) 

Comparing the wildtype sample group (N2) with the knockout strain “VC40”, 18 annotated 

compounds were higher in N2, while 10 were lower. The VC40 has a knockout in the cyp-13A7 gene, 

which encodes cytochrome P450 enzymes (CYPs). These enzymes catalyse monooxygenase 

reactions for xenobiotic metabolism [91] and play a role in the biosynthesis and biodegradation of 

endogenous compounds, including fatty acids [9]. In line with this, several fatty acids were 

significantly lower in VC40 compared to wildtype, including lysophosphatidylethanolamine (LPE) 

17:0, 16:0, 18:1; and fatty acids (FA) 18:1, 17:1, and 15:0. Previous studies have reported that cyp-

13A7 gene is up-regulated in C. elegans dauer larvae [92], suggesting that gene silencing could 

disrupt dauer formation. Notably,  spermidine—a polyamine derived from putrescine [93]—was 

significantly higher in the wildtype group in our study. Putrescine itself is formed via decarboxylation 

of ornithine and arginine [94], further supporting the notion that the loss of cyp-13A7 may influence 

key metabolic pathways related to development and cellular stress responses. 
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3.3.2. Knockout strain in a gene encoding for flavin-containing monooxygenases (“VC1668”) 

In the comparison between wildtype and the “VC1668” knockout strain, 69 annotated compounds 

were significantly higher in the wildtype group, while only 2 were lower. The VC1668 strain carries a 

knockout in fmo-2, one of five genes in C. elegans encoding flavin-containing monooxygenases 

(FMO)—enzymes that catalyse the oxidation of nucleophilic heteroatom-containing compounds 

(e.g., nitrogen and sulphur substrates) [95]. FMOs are involved in the oxidation of both xenobiotics 

and endogenous compounds [96]. Recent research has demonstrated that fmo-2 plays a role in 

regulating one-carbon metabolism [97], which encompasses the folate and methionine cycles. 

Intermediates from these cycles are a focal point for regulating longevity and/or age-related 

metabolic processes, including transsulfuration and lipid metabolism [98, 99]. Indeed, our analyses 

revealed significant differences in lipid profiles between the fmo-2 knockout strain and the wildtype, 

including LPE 16:0, LPE 17:0, LPE 18:0, LPE 18:1, LPE O-18:0, and some fatty acids. Choi and 

colleagues confirmed that fmo-2 expression impacts endogenous metabolism: they performed non-

targeted and targeted metabolomics analyses on C. elegans comparing wildtype to both fmo-2 

overexpression and fmo-2 knockout [97] and observed significant differences in polar metabolites, 

particularly between wildtype and the overexpression strains, such as for homocysteine, s-

adenosylmethionine, cystathionine, and pyridoxal 5'-phosphate. Considering the knockout strains 

(the same strain we analysed), Choi et al. found significantly higher levels of phenylalanine in the 

wildtype, results in agreement with our analyses. Conversely, we also found significant differences 

in tryptophan levels, for which Choi et al. did not find a significant difference. Furthermore, Choi et 

al. proposed that FMO-2 interacts with the target of rapamycin (mTOR) pathway, consistent with our 

pathway results. These results indicate a link between fmo-2 activity, metabolic regulation, and 

broader pathways for cellular growth. 

3.3.3. Transgenic strain related to Parkinson’s disease (“UA57”) 

For the PD-related transgenic strain “UA57” (baIs4 [dat-1p::GFP + dat-1p::CAT-2]), 70 annotated 

compounds were significantly higher in the wildtype group, while 3 were lower. This strain 

overexpresses the gene cat-2, which encodes a protein that is equivalent to mammalian tyrosine 

hydroxylase, a rate-limiting enzyme in dopamine synthesis. This strain is characterized by dopamine 

overproduction in dopaminergic neurons and has been used to model key aspects of Parkinson’s 

disease, specifically dysregulated dopamine homeostasis [11, 12, 100]. Some metabolites identified 

as significantly altered in this strain have been previously suggested as potential PD biomarkers in 

human biological fluids (plasma, serum, urine, or cerebrospinal fluid) [101]. These include amino 

acids such as alanine [102–105], threonine [102, 105], tryptophan [104, 106], leucine/isoleucine 
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[102, 105], and valine [102]. In addition, metabolites such as spermidine [107] and hypoxanthine 

[107, 108] were also significantly altered, supporting their potential role in PD-related metabolic 

dysregulation. 

3.3.4. Transgenic strain related to Alzheimer’s disease (“BR5270”) 

In the Alzheimer (AD) related transgenic strain “BR5270,” 75 annotated compounds were significantly 

higher in the wildtype, while 4 were lower. This strain overexpresses the pro-aggregation fragment of 

tau, leading to tau aggregation and tauopathy-related neurodegeneration. Tau is essential for 

microtubule stabilization under physiological conditions, but hyperphosphorylation of tau can lead 

to neurofibrillary tangles—one of the key pathological features of AD [13, 109]. In C. elegans, pan-

neuronal tau expression induces insoluble, phosphorylated aggregates, causing neurodegeneration 

and locomotion defects that mirror human tauopathy [110]. Several metabolites that were 

significantly altered in BR5270 were previously suggested as potential AD biomarkers in human 

studies [101, 111]. Based on a proposed classification for AD pathophysiology, these include β-

amyloid, phospho-tau, or neuronal injury [112]. Specifically, our analyses and previous studies have 

determined amino acids associated with these pathologies, spanning threonine [113], tryptophan 

[114–120], valine [113, 114, 121–124], and leucine/isoleucine [124]. Among the other altered 

metabolites in this strain, choline was found to be a potential disease progression biomarker [121]. 

Together. Our findings support the relevance of the BR5270 model in recapitulating key metabolic 

changes associated with AD and highlight potential biomarkers for future investigation. 

4. Conclusions 

In this work, we developed workflows for non-targeted metabolomics analyses of C. elegans 

samples, leveraging the latest advancements in open science resources. We compared two 

metabolite extraction schemes: a monophasic approach, which provided broader metabolite 

coverage particularly in HILIC analyses, and a biphasic approach, which yielded a higher number of 

features in RPLC analyses. All data were processed using the open source tool patRoon, integrating 

algorithms such as IPO, XCMS, CAMERA, and MetFrag. Compound annotation with MetFrag utilized 

two chemical databases, PubChemLite and expanded WormJam databases, incorporating C. 

elegans-specific metabolites curated from PubChem and the literature. In addition, data were 

processed using the open software MS-DIAL, which enabled the annotation of a larger number of 

compounds, particularly when implementing the public MSP libraries. To enhance annotation 

reliability and coverage, we generated MSP libraries by in silico fragmentation of compounds from 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 21 of 32 
 

the expanded WormJam using CFM-ID. Although this approach yielded fewer candidates compared 

to public MSP libraries, it resulted in more reliable annotations, demonstrated by the absence of 

unreliable candidates detected with public MSPs in MS-DIAL. Significant metabolite differences 

were observed when comparing knockout strains of xenobiotic-metabolizing enzymes and 

transgenic strains related to neurodegenerative diseases, with results generally aligning with existing 

literature. The use of strain-specific pooled quality control samples ensured high data quality and 

facilitated the accurate detection of strain-related metabolites. Overall, the non-targeted approach 

described in this work may be valuable for metabolite discovery and/or hypothesis generation, paving 

ways for follow-up sensitive, targeted analyses that are equally essential for validation and in-depth 

etiologic investigation. 

Data availability  

The expanded WormJam chemical list and related MSP libraries, the raw files of LC-MS/MS analyses, 

and all the tables of features and following elaborations are reported in a Zenodo repository [51]. All 

the code written for data elaboration are available in a GitHub repository [64]. The code to produce 

the WormJam extended database is available on GitLab [56]. 

Acknowledgment 

We acknowledge Katie Dempsey for helping with the laboratory analyses during her summer 

internship at the Luxembourg Centre for Systems Biomedicine (LCSB) of the University of 

Luxembourg. We thank the Metabolomics Platform of the LCSB for the support with the laboratory 

analyses. We acknowledge Camilla Moruzzi for checking an R-script and for the work on additional 

data not included in this paper. We also thank the full Environmental Cheminformatics group of the 

LCSB for the valuable feedback provided about this work during the group meetings. We deeply 

acknowledge current and past Miller Lab members, including Dr. Meghan L. Bucher, Dr. Faith L. 

Anderson, Joshua M. Bradner, Dr. Vrinda Kalia, and Dr. Fion K. Lau, for assistance and consultation 

on worm culture, maintenance, COPAS collection, and metabolite extraction. 

Funding 

GF and ELS acknowledge funding support from the Luxembourg National Research Fund (FNR) for 

project A18/BM/12341006. YL and GWM were supported by the U.S. National Institutes of Health 

5R01 ES 023839.   

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 22 of 32 
 

Author contribution 

GF, YL, ELS, and GWM conceived the study. YL cultured the worms and extracted the metabolites. 

GF conducted the LC-MS/MS analyses, wrote the code to perform the elaboration of the data, 

statistical and pathway analyses, and data visualization. ELS wrote the code to compile the 

WormJam extended collection. GF wrote the draft of the manuscript, with YL writing the “Husbandry 

of C. elegans” and “Metabolite extraction” sections. All authors critically revised the manuscript. 

Conflict of interest 

The authors declare no competing interests. 

References 

1.  Erkkinen MG, Kim M-O, Geschwind MD (2018) Clinical Neurology and Epidemiology of the 
Major Neurodegenerative Diseases. Cold Spring Harb Perspect Biol 10:a033118. 
https://doi.org/10.1101/cshperspect.a033118 

2.  Bloem BR, Okun MS, Klein C (2021) Parkinson’s disease. Lancet (London, England) 397:2284–
2303. https://doi.org/10.1016/S0140-6736(21)00218-X 

3.  Lane CA, Hardy J, Schott JM (2018) Alzheimer’s disease. Eur J Neurol 25:59–70. 
https://doi.org/10.1111/ene.13439 

4.  Caldwell KA, Willicott CW, Caldwell GA (2020) Modeling neurodegeneration in 
Caenorhabditiselegans. Dis Model Mech 13:dmm046110. 
https://doi.org/10.1242/dmm.046110 

5.  Hunt PR (2017) The C. elegans model in toxicity testing. J Appl Toxicol 37:50–59. 
https://doi.org/10.1002/jat.3357 

6.  Harris TW, Chen N, Cunningham F, Tello-Ruiz M, Antoshechkin I, Bastiani C, Bieri T, Blasiar D, 
Bradnam K, Chan J, Chen C-K, Chen WJ, Davis P, Kenny E, Kishore R, Lawson D, Lee R, Muller 
H-M, Nakamura C, Ozersky P, Petcherski A, Rogers A, Sabo A, Schwarz EM, Van Auken K, Wang 
Q, Durbin R, Spieth J, Sternberg PW, Stein LD (2004) WormBase: a multi-species resource for 
nematode biology and genomics. Nucleic Acids Res 32:D411-417. 
https://doi.org/10.1093/nar/gkh066 

7.  Kaletta T, Hengartner MO (2006) Finding function in novel targets: C. elegans as a model 
organism. Nat Rev Drug Discov 5:387–398. https://doi.org/10.1038/nrd2031 

8.  Kuwabara PE, O’Neil N (2001) The use of functional genomics in C. elegans for studying human 
development and disease. J Inherit Metab Dis 24:127–138. 
https://doi.org/10.1023/a:1010306731764 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 23 of 32 
 

9.  Larigot L, Mansuy D, Borowski I, Coumoul X, Dairou J (2022) Cytochromes P450 of 
Caenorhabditis elegans: Implication in Biological Functions and Metabolism of Xenobiotics. 
Biomolecules 12:342. https://doi.org/10.3390/biom12030342 

10.  Gujar MR, Stricker AM, Lundquist EA (2017) Flavin monooxygenases regulate Caenorhabditis 
elegans axon guidance and growth cone protrusion with UNC-6/Netrin signaling and Rac 
GTPases. PLoS Genet 13:e1006998. https://doi.org/10.1371/journal.pgen.1006998 

11.  Lee I, Knickerbocker AC, Depew CR, Martin EL, Dicent J, Miller GW, Bucher ML (2024) Effect of 
altered production and storage of dopamine on development and behavior in C. elegans. Front 
Toxicol 6:1374866. https://doi.org/10.3389/ftox.2024.1374866 

12.  Mor DE, Tsika E, Mazzulli JR, Gould NS, Kim H, Daniels MJ, Doshi S, Gupta P, Grossman JL, Tan 
VX, Kalb RG, Caldwell KA, Caldwell GA, Wolfe JH, Ischiropoulos H (2017) Dopamine induces 
soluble α-synuclein oligomers and nigrostriatal degeneration. Nat Neurosci 20:1560–1568. 
https://doi.org/10.1038/nn.4641 

13.  Lim S, Haque MM, Kim D, Kim DJ, Kim YK (2014) Cell-based Models To Investigate Tau 
Aggregation. Comput Struct Biotechnol J 12:7–13. https://doi.org/10.1016/j.csbj.2014.09.011 

14.  Dettmer K, Aronov PA, Hammock BD (2007) Mass spectrometry-based metabolomics. Mass 
Spectrometry Reviews 26:51–78. https://doi.org/10.1002/mas.20108 

15.  Li S, Dunlop AL, Jones DP, Corwin EJ (2016) High-Resolution Metabolomics. Biol Res Nurs 
18:12–22. https://doi.org/10.1177/1099800415595463 

16.  Patti GJ, Yanes O, Siuzdak G (2012) Innovation: Metabolomics: the apogee of the omics trilogy. 
Nature Reviews Molecular Cell Biology 13:263–269. https://doi.org/10.1038/nrm3314 

17.  Witting M, Hastings J, Rodriguez N, Joshi CJ, Hattwell JPN, Ebert PR, van Weeghel M, Gao AW, 
Wakelam MJO, Houtkooper RH, Mains A, Le Novère N, Sadykoff S, Schroeder F, Lewis NE, 
Schirra H-J, Kaleta C, Casanueva O (2018) Modeling Meets Metabolomics-The WormJam 
Consensus Model as Basis for Metabolic Studies in the Model Organism Caenorhabditis 
elegans. Front Mol Biosci 5:96. https://doi.org/10.3389/fmolb.2018.00096 

18.  Kim S, Chen J, Cheng T, Gindulyte A, He J, He S, Li Q, Shoemaker BA, Thiessen PA, Yu B, 
Zaslavsky L, Zhang J, Bolton EE (2025) PubChem 2025 update. Nucleic Acids Res 53:D1516–
D1525. https://doi.org/10.1093/nar/gkae1059 

19.  Kim S, Cheng T, He S, Thiessen PA, Li Q, Gindulyte A, Bolton EE (2022) PubChem Protein, Gene, 
Pathway, and Taxonomy Data Collections: Bridging Biology and Chemistry through Target-
Centric Views of PubChem Data. J Mol Biol 434:167514. 
https://doi.org/10.1016/j.jmb.2022.167514 

20.  Salzer L, Witting M (2021) Quo Vadis Caenorhabditis elegans Metabolomics-A Review of 
Current Methods and Applications to Explore Metabolism in the Nematode. Metabolites 
11:284. https://doi.org/10.3390/metabo11050284 

21.  Gertsman I, Barshop BA (2018) Promises and pitfalls of untargeted metabolomics. Journal of 
Inherited Metabolic Disease 41:355–366. https://doi.org/10.1007/s10545-017-0130-7 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 24 of 32 
 

22.  Burkhardt RN, Artyukhin AB, Aprison EZ, Curtis BJ, Fox BW, Ludewig AH, Palomino DF, Luo J, 
Chaturbedi A, Panda O, Wrobel CJJ, Baumann V, Portman DS, Lee SS, Ruvinsky I, Schroeder 
FC (2023) Sex-specificity of the C. elegans metabolome. Nat Commun 14:320. 
https://doi.org/10.1038/s41467-023-36040-y 

23.  Copes N, Edwards C, Chaput D, Saifee M, Barjuca I, Nelson D, Paraggio A, Saad P, Lipps D, 
Stevens SM, Bradshaw PC (2015) Metabolome and proteome changes with aging in 
Caenorhabditis elegans. Exp Gerontol 72:67–84. https://doi.org/10.1016/j.exger.2015.09.013 

24.  Davies SK, Leroi A, Burt A, Bundy JG, Baer CF (2016) The mutational structure of metabolism 
in Caenorhabditis elegans. Evolution 70:2239–2246. https://doi.org/10.1111/evo.13020 

25.  Geier FM, Want EJ, Leroi AM, Bundy JG (2011) Cross-platform comparison of Caenorhabditis 
elegans tissue extraction strategies for comprehensive metabolome coverage. Anal Chem 
83:3730–3736. https://doi.org/10.1021/ac2001109 

26.  Kim HM, Long NP, Yoon SJ, Anh NH, Kim SJ, Park JH, Kwon SW (2020) Omics approach reveals 
perturbation of metabolism and phenotype in Caenorhabditis elegans triggered by 
perfluorinated compounds. Sci Total Environ 703:135500. 
https://doi.org/10.1016/j.scitotenv.2019.135500 

27.  Long NP, Kim HM (2021) Distinct metabolic alterations in different Caenorhabditis elegans 
mitochondrial mutants. J Chromatogr B Analyt Technol Biomed Life Sci 1179:122863. 
https://doi.org/10.1016/j.jchromb.2021.122863 

28.  Van Assche R, Temmerman L, Dias DA, Boughton B, Boonen K, Braeckman BP, Schoofs L, 
Roessner U (2015) Metabolic profiling of a transgenic Caenorhabditis elegans Alzheimer 
model. Metabolomics 11:477–486. https://doi.org/10.1007/s11306-014-0711-5 

29.  Bradner JM, Kalia V, Lau FK, Sharma M, Bucher ML, Johnson M, Chen M, Walker DI, Jones DP, 
Miller GW (2021) Genetic or Toxicant-Induced Disruption of Vesicular Monoamine Storage and 
Global Metabolic Profiling in Caenorhabditis elegans. Toxicological sciences : an official 
journal of the Society of Toxicology 180:313–324. https://doi.org/10.1093/TOXSCI/KFAB011 

30.  Li W, Ma L, Shi Y, Wang J, Yin J, Wang D, Luo K, Liu R (2023) Meiosis-mediated reproductive 
toxicity by fenitrothion in Caenorhabditis elegans from metabolomic perspective. Ecotoxicol 
Environ Saf 253:114680. https://doi.org/10.1016/j.ecoenv.2023.114680 

31.  Yin J, Hong X, Ma L, Liu R, Bu Y (2020) Non-targeted metabolomic profiling of atrazine in 
Caenorhabditis elegans using UHPLC-QE Orbitrap/MS. Ecotoxicol Environ Saf 206:111170. 
https://doi.org/10.1016/j.ecoenv.2020.111170 

32.  Bligh EG, Dyer WJ (1959) A rapid method of total lipid extraction and purification. Can J 
Biochem Physiol 37:911–917. https://doi.org/10.1139/o59-099 

33.  Folch J, Lees M, Sloane Stanley GH (1957) A simple method for the isolation and purification 
of total lipides from animal tissues. J Biol Chem 226:497–509 

34.  Molenaars M, Schomakers BV, Elfrink HL, Gao AW, Vervaart MAT, Pras-Raves ML, Luyf AC, 
Smith RL, Sterken MG, Kammenga JE, van Kampen AHC, Janssens GE, Vaz FM, van Weeghel 
M, Houtkooper RH (2021) Metabolomics and lipidomics in Caenorhabditis elegans using a 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 25 of 32 
 

single-sample preparation. Dis Model Mech 14:dmm047746. 
https://doi.org/10.1242/dmm.047746 

35.  Yang H-C, Hung C-Y, Pan Y-Y, Lo SJ, Chiu DT-Y (2017) Lipidomic Analysis of Caenorhabditis 
elegans Embryos. Bio Protoc 7:e2554. https://doi.org/10.21769/BioProtoc.2554 

36.  Matyash V, Liebisch G, Kurzchalia TV, Shevchenko A, Schwudke D (2008) Lipid extraction by 
methyl-tert-butyl ether for high-throughput lipidomics. Journal of lipid research 49:1137–1146. 
https://doi.org/10.1194/JLR.D700041-JLR200 

37.  Ebbels TMD, van der Hooft JJJ, Chatelaine H, Broeckling C, Zamboni N, Hassoun S, Mathé EA 
(2023) Recent advances in mass spectrometry-based computational metabolomics. Curr 
Opin Chem Biol 74:102288. https://doi.org/10.1016/j.cbpa.2023.102288 

38.  Nash WJ, Dunn WB (2019) From mass to metabolite in human untargeted metabolomics: 
Recent advances in annotation of metabolites applying liquid chromatography-mass 
spectrometry data. TrAC Trends in Analytical Chemistry 120:115324. 
https://doi.org/10.1016/j.trac.2018.11.022 

39.  Stanstrup J, Broeckling CD, Helmus R, Hoffmann N, Mathé E, Naake T, Nicolotti L, Peters K, 
Rainer J, Salek RM, Schulze T, Schymanski EL, Stravs MA, Thévenot EA, Treutler H, Weber RJM, 
Willighagen E, Witting M, Neumann S (2019) The metaRbolomics Toolbox in Bioconductor and 
beyond. Metabolites 9:200. https://doi.org/10.3390/metabo9100200 

40.  Helmus R, ter Laak TL, van Wezel AP, de Voogt P, Schymanski EL (2021) patRoon: open source 
software platform for environmental mass spectrometry based non-target screening. Journal 
of Cheminformatics 13:1–25. https://doi.org/10.1186/s13321-020-00477-w 

41.  Helmus R, Velde B van de, Brunner AM, Laak TL ter, Wezel AP van, Schymanski EL (2022) 
patRoon 2.0: Improved non-target analysis workflows including automated transformation 
product screening. Journal of Open Source Software 7:4029. 
https://doi.org/10.21105/joss.04029 

42.  Tsugawa H, Ikeda K, Takahashi M, Satoh A, Mori Y, Uchino H, Okahashi N, Yamada Y, Tada I, 
Bonini P, Higashi Y, Okazaki Y, Zhou Z, Zhu ZJ, Koelmel J, Cajka T, Fiehn O, Saito K, Arita M, Arita 
M (2020) A lipidome atlas in MS-DIAL 4. Nature biotechnology 38:1159–1163. 
https://doi.org/10.1038/S41587-020-0531-2 

43.  Matsuzawa Y, Tsugawa H, Matsuzawa Y, Nishida K, Takahashi M, Buyantogtokh B (2024) MS-
DIAL metabolomics MSP spectral kit containing EI-MS, MS/MS, and CCS values - Last edited 
in Aug. 8th, 2024. https://systemsomicslab.github.io/compms/msdial/main.html#MSP. 
Accessed 8 Jan 2025 

44.  Elapavalore A, Ross DH, Grouès V, Aurich D, Krinsky AM, Kim S, Thiessen PA, Zhang J, Dodds 
JN, Baker ES, Bolton EE, Xu L, Schymanski EL (2025) PubChemLite Plus Collision Cross 
Section (CCS) Values for Enhanced Interpretation of Nontarget Environmental Data. Environ 
Sci Technol Lett. https://doi.org/10.1021/acs.estlett.4c01003 

45.  Schymanski EL, Kondić T, Neumann S, Thiessen PA, Zhang J, Bolton EE (2021) Empowering 
large chemical knowledge bases for exposomics: PubChemLite meets MetFrag. Journal of 
Cheminformatics 13:1–15. https://doi.org/10.1186/s13321-021-00489-0 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 26 of 32 
 

46.  C. elegans Deletion Mutant Consortium (2012) large-scale screening for targeted knockouts 
in the Caenorhabditis elegans genome. G3 (Bethesda) 2:1415–1425. 
https://doi.org/10.1534/g3.112.003830 

47.  Boyd WA, Smith MV, Co CA, Pirone JR, Rice JR, Shockley KR, Freedman JH (2016) 
Developmental Effects of the ToxCastTM Phase I and Phase II Chemicals in Caenorhabditis 
elegans and Corresponding Responses in Zebrafish, Rats, and Rabbits. Environmental health 
perspectives 124:586–593. https://doi.org/10.1289/EHP.1409645 

48.  Kalia V, Niedzwiecki MM, Bradner JM, Lau FK, Anderson FL, Bucher ML, Manz KE, Schlotter AP, 
Fuentes ZC, Pennell KD, Picard M, Walker DI, Hu WT, Jones DP, Miller GW (2022) Cross-species 
metabolomic analysis of tau- and DDT-related toxicity. PNAS nexus 1:. 
https://doi.org/10.1093/PNASNEXUS/PGAC050 

49.  Mor DE, Sohrabi S, Kaletsky R, Keyes W, Tartici A, Kalia V, Miller GW, Murphy CT (2020) 
Metformin rescues Parkinson’s disease phenotypes caused by hyperactive mitochondria. 
Proceedings of the National Academy of Sciences of the United States of America 117:26438–
26447. https://doi.org/10.1073/PNAS.2009838117 

50.  Ding J, Ji J, Rabow Z, Shen T, Folz J, Brydges CR, Fan S, Lu X, Mehta S, Showalter MR, Zhang Y, 
Araiza R, Bower LR, Lloyd KCK, Fiehn O (2021) A metabolome atlas of the aging mouse brain. 
Nature communications 12:. https://doi.org/10.1038/S41467-021-26310-Y 

51.  Frigerio G, Lai Y, Schymanski EL, Miller GW (2025) Leveraging open cheminformatics tools for 
non-targeted metabolomics analysis of C. elegans: a workflow comparison and application to 
strains related to xenobiotic metabolism and neurodegeneration - data repository. 
https://doi.org/10.5281/zenodo.14975586 

52.  Blaženović I, Kind T, Sa MR, Ji J, Vaniya A, Wancewicz B, Roberts BS, Torbašinović H, Lee T, 
Mehta SS, Showalter MR, Song H, Kwok J, Jahn D, Kim J, Fiehn O (2019) Structure Annotation 
of All Mass Spectra in Untargeted Metabolomics. Analytical chemistry 91:2155–2162. 
https://doi.org/10.1021/ACS.ANALCHEM.8B04698 

53.  Chambers MC, Maclean B, Burke R, Amodei D, Ruderman DL, Neumann S, Gatto L, Fischer B, 
Pratt B, Egertson J, Hoff K, Kessner D, Tasman N, Shulman N, Frewen B, Baker TA, Brusniak MY, 
Paulse C, Creasy D, Flashner L, Kani K, Moulding C, Seymour SL, Nuwaysir LM, Lefebvre B, 
Kuhlmann F, Roark J, Rainer P, Detlev S, Hemenway T, Huhmer A, Langridge J, Connolly B, 
Chadick T, Holly K, Eckels J, Deutsch EW, Moritz RL, Katz JE, Agus DB, MacCoss M, Tabb DL, 
Mallick P (2012) A cross-platform toolkit for mass spectrometry and proteomics. Nat 
Biotechnol 30:918–920. https://doi.org/10.1038/nbt.2377 

54.  R Core Team (2023) R: A Language and Environment for Statistical Computing. https://www.R-
project.org/. Accessed 20 Feb 2024 

55.  Wickham H, Averick M, Bryan J, Chang W, McGowan LD, François R, Grolemund G, Hayes A, 
Henry L, Hester J, Kuhn M, Pedersen TL, Miller E, Bache SM, Müller K, Ooms J, Robinson D, 
Seidel DP, Spinu V, Takahashi K, Vaughan D, Wilke C, Woo K, Yutani H (2019) Welcome to the 
Tidyverse. J Open Source Softw 4:1686. https://doi.org/10.21105/joss.01686 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 27 of 32 
 

56.  Schymanski E (2024) Merging C. elegans Metabolites from PubChem and WormJam. 
https://gitlab.com/uniluxembourg/lcsb/eci/pubchem-docs/-
/blob/main/taxonomy/Celegans/C_elegans_metabolites.Rmd 

57.  Benton HP, Want EJ, Ebbels TMD (2010) Correction of mass calibration gaps in liquid 
chromatography-mass spectrometry metabolomics data. Bioinformatics 26:2488–2489. 
https://doi.org/10.1093/bioinformatics/btq441 

58.  Smith CA, Want EJ, O’Maille G, Abagyan R, Siuzdak G (2006) XCMS: Processing mass 
spectrometry data for metabolite profiling using nonlinear peak alignment, matching, and 
identification. Analytical Chemistry 78:779–787. https://doi.org/10.1021/ac051437y 

59.  Tautenhahn R, Böttcher C, Neumann S (2008) Highly sensitive feature detection for high 
resolution LC/MS. BMC Bioinformatics 9:504. https://doi.org/10.1186/1471-2105-9-504 

60.  Libiseller G, Dvorzak M, Kleb U, Gander E, Eisenberg T, Madeo F, Neumann S, Trausinger G, 
Sinner F, Pieber T, Magnes C (2015) IPO: a tool for automated optimization of XCMS 
parameters. BMC Bioinformatics 16:118. https://doi.org/10.1186/s12859-015-0562-8 

61.  Kuhl C, Tautenhahn R, Böttcher C, Larson TR, Neumann S (2012) CAMERA: an integrated 
strategy for compound spectra extraction and annotation of liquid chromatography/mass 
spectrometry data sets. Anal Chem 84:283–289. https://doi.org/10.1021/ac202450g 

62.  Ruttkies C, Schymanski EL, Wolf S, Hollender J, Neumann S (2016) MetFrag relaunched: 
incorporating strategies beyond in silico fragmentation. J Cheminform 8:3. 
https://doi.org/10.1186/s13321-016-0115-9 

63.  Bolton E, Schymanski E, Kondic T, Thiessen P, Zhang J (Jeff) (2023) PubChemLite for 
Exposomics - Version 1.19.0. https://zenodo.org/records/7684618 

64.  Frigerio G (2024) NonTargeted_Metabolomics_Celegans_GF. 
https://github.com/FrigerioGianfranco/NonTargeted_Metabolomics_Celegans_GF 

65.  Allen F, Greiner R, Wishart D (2015) Competitive fragmentation modeling of ESI-MS/MS 
spectra for putative metabolite identification. Metabolomics 11:98–110. 
https://doi.org/10.1007/s11306-014-0676-4 

66.  Allen F, Pon A, Wilson M, Greiner R, Wishart D (2014) CFM-ID: a web server for annotation, 
spectrum prediction and metabolite identification from tandem mass spectra. Nucleic Acids 
Res 42:W94-99. https://doi.org/10.1093/nar/gku436 

67.  Djoumbou-Feunang Y, Pon A, Karu N, Zheng J, Li C, Arndt D, Gautam M, Allen F, Wishart DS 
(2019) CFM-ID 3.0: Significantly Improved ESI-MS/MS Prediction and Compound 
Identification. Metabolites 9:72. https://doi.org/10.3390/metabo9040072 

68.  Wishartlab (2022) CFM-ID: Competitive Fragmentation Modeling for Metabolite Identification. 
https://hub.docker.com/r/wishartlab/cfmid. Accessed 8 Jan 2025 

69.  Schymanski EL, Jeon J, Gulde R, Fenner K, Ruff M, Singer HP, Hollender J (2014) Identifying 
small molecules via high resolution mass spectrometry: Communicating confidence. 
Environmental Science and Technology 48:2097–2098. https://doi.org/10.1021/es5002105 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 28 of 32 
 

70.  Talavera Andújar B, Aurich D, Aho VTE, Singh RR, Cheng T, Zaslavsky L, Bolton EE, Mollenhauer 
B, Wilmes P, Schymanski EL (2022) Studying the Parkinson’s disease metabolome and 
exposome in biological samples through different analytical and cheminformatics 
approaches: a pilot study. Anal Bioanal Chem 414:7399–7419. 
https://doi.org/10.1007/s00216-022-04207-z 

71.  Frigerio G, Moruzzi C, Mercadante R, Schymanski EL, Fustinoni S (2022) Development and 
Application of an LC-MS/MS Untargeted Exposomics Method with a Separated Pooled Quality 
Control Strategy. Molecules (Basel, Switzerland) 27:. 
https://doi.org/10.3390/MOLECULES27082580 

72.  Mendiburu F de (2023) agricolae: Statistical Procedures for Agricultural Research. 
https://CRAN.R-project.org/package=agricolae. Accessed 19 May 2025 

73.  Benjamini Y, Hochberg Y (1995) Controlling the False Discovery Rate: A Practical and Powerful 
Approach to Multiple Testing. Journal of the Royal Statistical Society: Series B 
(Methodological) 57:. https://doi.org/10.1111/j.2517-6161.1995.tb02031.x 

74.  Schymanski E (2019) RChemMass: Various Cheminformatic, Curation and Mass 
Spectrometry Functions. https://github.com/schymane/RChemMass. Accessed 19 May 2025 

75.  Szöcs E, Stirling T, Scott ER, Scharmüller A, Schäfer RB (2020) webchem: An R Package to 
Retrieve Chemical Information from the Web. Journal of Statistical Software 93:1–17. 
https://doi.org/10.18637/jss.v093.i13 

76.  Djoumbou Feunang Y, Eisner R, Knox C, Chepelev L, Hastings J, Owen G, Fahy E, Steinbeck C, 
Subramanian S, Bolton E, Greiner R, Wishart DS (2016) ClassyFire: automated chemical 
classification with a comprehensive, computable taxonomy. Journal of Cheminformatics 
8:61. https://doi.org/10.1186/s13321-016-0174-y 

77.  Canzler S (2021) metaboliteIDmapping: Mapping of Metabolite IDs from Different Sources. In: 
metaboliteIDmapping. https://github.com/yigbt/metaboliteIDmapping. Accessed 22 Feb 
2024 

78.  Larsson J, Godfrey AJR, Gustafsson P, Eberley DH, Huber E, Privé F (2022) eulerr: Area-
Proportional Euler and Venn Diagrams with Ellipses. https://cran.r-
project.org/web/packages/eulerr/index.html. Accessed 11 Sep 2023 

79.  Yan, Linlin. (2023) ggvenn: Draw Venn Diagram by “ggplot2.” https://CRAN.R-
project.org/package=ggvenn. Accessed 19 May 2025 

80.  Gehlenborg, Nils. (2019) UpSetR: A More Scalable Alternative to Venn and Euler Diagrams for 
Visualizing Intersecting Sets. https://CRAN.R-project.org/package=UpSetR. Accessed 19 May 
2025 

81.  Allaire JJ, Gandrud C, Russell K, Yetman CJ (2017) networkD3: D3 JavaScript Network Graphs 
from R. https://CRAN.R-project.org/package=networkD3. Accessed 19 May 2025 

82.  Pedersen TL (2023) patchwork: The Composer of Plots. https://CRAN.R-
project.org/package=patchwork. Accessed 19 May 2025 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 29 of 32 
 

83.  Auguie B (2017) gridExtra: Miscellaneous Functions for “Grid” Graphics. https://CRAN.R-
project.org/package=gridExtra. Accessed 19 May 2025 

84.  Picart-Armada S, Fernández-Albert F, Vinaixa M, Yanes O, Perera-Lluna A (2018) FELLA: an R 
package to enrich metabolomics data. BMC Bioinformatics 19:538. 
https://doi.org/10.1186/s12859-018-2487-5 

85.  Southam AD, Pursell H, Frigerio G, Jankevics A, Weber RJM, Dunn WB (2020) Characterization 
of Monophasic Solvent-Based Tissue Extractions for the Detection of Polar Metabolites and 
Lipids Applying Ultrahigh-Performance Liquid Chromatography–Mass Spectrometry Clinical 
Metabolic Phenotyping Assays. Journal of Proteome Research. 
https://doi.org/10.1021/acs.jproteome.0c00660 

86.  Segers K, Declerck S, Mangelings D, Heyden YV, Eeckhaut AV (2019) Analytical techniques for 
metabolomic studies: a review. Bioanalysis 11:2297–2318. https://doi.org/10.4155/bio-2019-
0014 

87.  Theodoridis GA, Gika HG, Want EJ, Wilson ID (2012) Liquid chromatography-mass 
spectrometry based global metabolite profiling: a review. Anal Chim Acta 711:7–16. 
https://doi.org/10.1016/j.aca.2011.09.042 

88.  Liu KH, Lee CM, Singer G, Bais P, Castellanos F, Woodworth MH, Ziegler TR, Kraft CS, Miller 
GW, Li S, Go YM, Morgan ET, Jones DP (2021) Large scale enzyme based xenobiotic 
identification for exposomics. Nature communications 12:. https://doi.org/10.1038/S41467-
021-25698-X 

89.  Li Z, Lu Y, Guo Y, Cao H, Wang Q, Shui W (2018) Comprehensive evaluation of untargeted 
metabolomics data processing software in feature detection, quantification and 
discriminating marker selection. Anal Chim Acta 1029:50–57. 
https://doi.org/10.1016/j.aca.2018.05.001 

90.  Züllig T, Trötzmüller M, Köfeler HC (2020) Lipidomics from sample preparation to data analysis: 
a primer. Anal Bioanal Chem 412:2191–2209. https://doi.org/10.1007/s00216-019-02241-y 

91.  Liu F, Zhang Y, Zhang M, Luo Q, Cao X, Cui C, Lin K, Huang K (2020) Toxicological assessment 
and underlying mechanisms of tetrabromobisphenol A exposure on the soil nematode 
Caenorhabditis elegans. Chemosphere 242:125078. 
https://doi.org/10.1016/j.chemosphere.2019.125078 

92.  McElwee JJ, Schuster E, Blanc E, Thomas JH, Gems D (2004) Shared transcriptional signature 
in Caenorhabditis elegans Dauer larvae and long-lived daf-2 mutants implicates 
detoxification system in longevity assurance. J Biol Chem 279:44533–44543. 
https://doi.org/10.1074/jbc.M406207200 

93.  Wittich RM, Walter RD (1990) Putrescine N-acetyltransferase in Onchocerca volvulus and 
Ascaris suum, an enzyme which is involved in polyamine degradation and release of N-
acetylputrescine. Mol Biochem Parasitol 38:13–17. https://doi.org/10.1016/0166-
6851(90)90199-v 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 30 of 32 
 

94.  Chmielewski M, Lindholm B (2013) Putrescine - an overview | ScienceDirect Topics. 
https://www.sciencedirect.com/topics/pharmacology-toxicology-and-pharmaceutical-
science/putrescine. Accessed 4 Jun 2024 

95.  Ziegler DM (2002) An overview of the mechanism, substrate specificities, and structure of 
FMOs. Drug Metab Rev 34:503–511. https://doi.org/10.1081/dmr-120005650 

96.  Petalcorin MIR, Joshua GW, Agapow P-M, Dolphin CT (2005) The fmo genes of Caenorhabditis 
elegans and C. briggsae: characterisation, gene expression and comparative genomic 
analysis. Gene 346:83–96. https://doi.org/10.1016/j.gene.2004.09.021 

97.  Choi HS, Bhat A, Howington MB, Schaller ML, Cox RL, Huang S, Beydoun S, Miller HA, 
Tuckowski AM, Mecano J, Dean ES, Jensen L, Beard DA, Evans CR, Leiser SF (2023) FMO 
rewires metabolism to promote longevity through tryptophan and one carbon metabolism in 
C. elegans. Nat Commun 14:562. https://doi.org/10.1038/s41467-023-36181-0 

98.  Kabil H, Kabil O, Banerjee R, Harshman LG, Pletcher SD (2011) Increased transsulfuration 
mediates longevity and dietary restriction in Drosophila. Proc Natl Acad Sci U S A 108:16831–
16836. https://doi.org/10.1073/pnas.1102008108 

99.  Annibal A, Tharyan RG, Schonewolff MF, Tam H, Latza C, Auler MMK, Grönke S, Partridge L, 
Antebi A (2021) Regulation of the one carbon folate cycle as a shared metabolic signature of 
longevity. Nat Commun 12:3486. https://doi.org/10.1038/s41467-021-23856-9 

100.  Francisco M, Grau R (2025) Biofilm proficient Bacillus subtilis prevents neurodegeneration in 
Caenorhabditis elegans Parkinson’s disease models via PMK-1/p38 MAPK and SKN-1/Nrf2 
signaling. Sci Rep 15:9864. https://doi.org/10.1038/s41598-025-93737-4 

101.  Quintero ME, Pontes JG de M, Tasic L (2021) Metabolomics in degenerative brain diseases. 
Brain Res 1773:147704. https://doi.org/10.1016/j.brainres.2021.147704 

102.  Nagesh Babu G, Gupta M, Paliwal VK, Singh S, Chatterji T, Roy R (2018) Serum metabolomics 
study in a group of Parkinson’s disease patients from northern India. Clin Chim Acta 480:214–
219. https://doi.org/10.1016/j.cca.2018.02.022 

103.  Öhman A, Forsgren L (2015) NMR metabonomics of cerebrospinal fluid distinguishes between 
Parkinson’s disease and controls. Neurosci Lett 594:36–39. 
https://doi.org/10.1016/j.neulet.2015.03.051 

104.  Trupp M, Jonsson P, Ohrfelt A, Zetterberg H, Obudulu O, Malm L, Wuolikainen A, Linder J, 
Moritz T, Blennow K, Antti H, Forsgren L (2014) Metabolite and peptide levels in plasma and 
CSF differentiating healthy controls from patients with newly diagnosed Parkinson’s disease. 
J Parkinsons Dis 4:549–560. https://doi.org/10.3233/JPD-140389 

105.  Wuolikainen A, Jonsson P, Ahnlund M, Antti H, Marklund SL, Moritz T, Forsgren L, Andersen PM, 
Trupp M (2016) Multi-platform mass spectrometry analysis of the CSF and plasma 
metabolomes of rigorously matched amyotrophic lateral sclerosis, Parkinson’s disease and 
control subjects. Mol Biosyst 12:1287–1298. https://doi.org/10.1039/c5mb00711a 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 31 of 32 
 

106.  Hatano T, Saiki S, Okuzumi A, Mohney RP, Hattori N (2016) Identification of novel biomarkers 
for Parkinson’s disease by metabolomic technologies. J Neurol Neurosurg Psychiatry 87:295–
301. https://doi.org/10.1136/jnnp-2014-309676 

107.  Luan H, Liu LF, Meng N, Tang Z, Chua KK, Chen LL, Song JX, Mok VCT, Xie LX, Li M, Cai Z (2015) 
LC-MS-based urinary metabolite signatures in idiopathic Parkinson’s disease. Journal of 
proteome research 14:467–478. https://doi.org/10.1021/PR500807T 

108.  Johansen KK, Wang L, Aasly JO, White LR, Matson WR, Henchcliffe C, Beal MF, Bogdanov M 
(2009) Metabolomic profiling in LRRK2-related Parkinson’s disease. PLoS One 4:e7551. 
https://doi.org/10.1371/journal.pone.0007551 

109.  Alvarez J, Alvarez-Illera P, Santo-Domingo J, Fonteriz RI, Montero M (2022) Modeling 
Alzheimer’s Disease in Caenorhabditis elegans. Biomedicines 10:288. 
https://doi.org/10.3390/biomedicines10020288 

110.  Roussos A, Kitopoulou K, Borbolis F, Palikaras K (2023) Caenorhabditis elegans as a Model 
System to Study Human Neurodegenerative Disorders. Biomolecules 13:478. 
https://doi.org/10.3390/biom13030478 

111.  Aerqin Q, Wang Z-T, Wu K-M, He X-Y, Dong Q, Yu J-T (2022) Omics-based biomarkers discovery 
for Alzheimer’s disease. Cell Mol Life Sci 79:585. https://doi.org/10.1007/s00018-022-04614-
6 

112.  Jack CR, Bennett DA, Blennow K, Carrillo MC, Feldman HH, Frisoni GB, Hampel H, Jagust WJ, 
Johnson KA, Knopman DS, Petersen RC, Scheltens P, Sperling RA, Dubois B (2016) A/T/N: An 
unbiased descriptive classification scheme for Alzheimer disease biomarkers. Neurology 
87:539–547. https://doi.org/10.1212/WNL.0000000000002923 

113.  Arnold M, Nho K, Kueider-Paisley A, Massaro T, Huynh K, Brauner B, MahmoudianDehkordi S, 
Louie G, Moseley MA, Thompson JW, John-Williams LS, Tenenbaum JD, Blach C, Chang R, 
Brinton RD, Baillie R, Han X, Trojanowski JQ, Shaw LM, Martins R, Weiner MW, Trushina E, 
Toledo JB, Meikle PJ, Bennett DA, Krumsiek J, Doraiswamy PM, Saykin AJ, Kaddurah-Daouk R, 
Kastenmüller G (2020) Sex and APOE ε4 genotype modify the Alzheimer’s disease serum 
metabolome. Nat Commun 11:1148. https://doi.org/10.1038/s41467-020-14959-w 

114.  González-Domínguez R, García-Barrera T, Gómez-Ariza JL (2015) Metabolite profiling for the 
identification of altered metabolic pathways in Alzheimer’s disease. J Pharm Biomed Anal 
107:75–81. https://doi.org/10.1016/j.jpba.2014.10.010 

115.  Kaddurah-Daouk R, Zhu H, Sharma S, Bogdanov M, Rozen SG, Matson W, Oki NO, Motsinger-
Reif AA, Churchill E, Lei Z, Appleby D, Kling MA, Trojanowski JQ, Doraiswamy PM, Arnold SE, 
Pharmacometabolomics Research Network (2013) Alterations in metabolic pathways and 
networks in Alzheimer’s disease. Transl Psychiatry 3:e244. https://doi.org/10.1038/tp.2013.18 

116.  Kaddurah-Daouk R, Rozen S, Matson W, Han X, Hulette CM, Burke JR, Doraiswamy PM, Welsh-
Bohmer KA (2011) Metabolomic changes in autopsy-confirmed Alzheimer’s disease. 
Alzheimers Dement 7:309–317. https://doi.org/10.1016/j.jalz.2010.06.001 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/


 

Page 32 of 32 
 

117.  Shao Y, Ouyang Y, Li T, Liu X, Xu X, Li S, Xu G, Le W (2020) Alteration of Metabolic Profile and 
Potential Biomarkers in the Plasma of Alzheimer’s Disease. Aging Dis 11:1459–1470. 
https://doi.org/10.14336/AD.2020.0217 

118.  Trushina E, Dutta T, Persson X-MT, Mielke MM, Petersen RC (2013) Identification of altered 
metabolic pathways in plasma and CSF in mild cognitive impairment and Alzheimer’s disease 
using metabolomics. PLoS One 8:e63644. https://doi.org/10.1371/journal.pone.0063644 

119.  van der Velpen V, Teav T, Gallart-Ayala H, Mehl F, Konz I, Clark C, Oikonomidi A, Peyratout G, 
Henry H, Delorenzi M, Ivanisevic J, Popp J (2019) Systemic and central nervous system 
metabolic alterations in Alzheimer’s disease. Alzheimers Res Ther 11:93. 
https://doi.org/10.1186/s13195-019-0551-7 

120.  Whiley L, Chappell KE, D’Hondt E, Lewis MR, Jiménez B, Snowden SG, Soininen H, Kłoszewska 
I, Mecocci P, Tsolaki M, Vellas B, Swann JR, Hye A, Lovestone S, Legido-Quigley C, Holmes E, 
AddNeuroMed consortium (2021) Metabolic phenotyping reveals a reduction in the 
bioavailability of serotonin and kynurenine pathway metabolites in both the urine and serum 
of individuals living with Alzheimer’s disease. Alzheimers Res Ther 13:20. 
https://doi.org/10.1186/s13195-020-00741-z 

121.  Ibáñez C, Simó C, Martín-Álvarez PJ, Kivipelto M, Winblad B, Cedazo-Mínguez A, Cifuentes A 
(2012) Toward a predictive model of Alzheimer’s disease progression using capillary 
electrophoresis-mass spectrometry metabolomics. Anal Chem 84:8532–8540. 
https://doi.org/10.1021/ac301243k 

122.  Salek RM, Xia J, Innes A, Sweatman BC, Adalbert R, Randle S, McGowan E, Emson PC, Griffin 
JL (2010) A metabolomic study of the CRND8 transgenic mouse model of Alzheimer’s disease. 
Neurochem Int 56:937–947. https://doi.org/10.1016/j.neuint.2010.04.001 

123.  Toledo JB, Arnold M, Kastenmüller G, Chang R, Baillie RA, Han X, Thambisetty M, Tenenbaum 
JD, Suhre K, Thompson JW, John-Williams LS, MahmoudianDehkordi S, Rotroff DM, Jack JR, 
Motsinger-Reif A, Risacher SL, Blach C, Lucas JE, Massaro T, Louie G, Zhu H, Dallmann G, 
Klavins K, Koal T, Kim S, Nho K, Shen L, Casanova R, Varma S, Legido-Quigley C, Moseley MA, 
Zhu K, Henrion MYR, van der Lee SJ, Harms AC, Demirkan A, Hankemeier T, van Duijn CM, 
Trojanowski JQ, Shaw LM, Saykin AJ, Weiner MW, Doraiswamy PM, Kaddurah-Daouk R, 
Alzheimer’s Disease Neuroimaging Initiative and the Alzheimer Disease Metabolomics 
Consortium (2017) Metabolic network failures in Alzheimer’s disease: A biochemical 
road map. Alzheimers Dement 13:965–984. https://doi.org/10.1016/j.jalz.2017.01.020 

124.  Tynkkynen J, Chouraki V, van der Lee SJ, Hernesniemi J, Yang Q, Li S, Beiser A, Larson MG, 
Sääksjärvi K, Shipley MJ, Singh-Manoux A, Gerszten RE, Wang TJ, Havulinna AS, Würtz P, 
Fischer K, Demirkan A, Ikram MA, Amin N, Lehtimäki T, Kähönen M, Perola M, Metspalu A, 
Kangas AJ, Soininen P, Ala-Korpela M, Vasan RS, Kivimäki M, van Duijn CM, Seshadri S, 
Salomaa V (2018) Association of branched-chain amino acids and other circulating 
metabolites with risk of incident dementia and Alzheimer’s disease: A prospective study in 
eight cohorts. Alzheimers Dement 14:723–733. https://doi.org/10.1016/j.jalz.2018.01.003 

 

https://doi.org/10.26434/chemrxiv-2025-gdhkd ORCID: https://orcid.org/0000-0002-3538-1443 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-gdhkd
https://orcid.org/0000-0002-3538-1443
https://creativecommons.org/licenses/by/4.0/

