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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) 
wild-type strain with two knockout strains of xenobiotic-metabolizing enzymes and two transgenic strains related to neu-
rodegenerative pathways. Pooled quality control (QC) samples for each strain ensured robust data quality and the detection 
of strain-related metabolites. Our study demonstrates the potential of non-targeted metabolomics for metabolite discovery 
employing open science tools in model organisms.
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Introduction

Alzheimer’s disease (AD) and Parkinson’s disease (PD) are 
the most prevalent neurodegenerative diseases, affecting mil-
lions worldwide, characterized by complex biological mech-
anisms [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 prolonged disease progression and 
limited access to relevant sample material, such as brain 
tissues and cerebrospinal fluid (CSF). Model organisms 
offer valuable alternatives for investigating mechanisms 
of neuronal injury and death as many of the processes are 
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conserved across species. The nematode Caenorhabditis 
elegans (C. elegans) is a robust model for studying neu-
rodegeneration [4]. Its advantages include a short lifespan, 
which enables rapid experimental manipulations and obser-
vations [5], and a well-characterized genome, which shares 
approximately 60–80% homology with human genes [6–8]. 
Moreover, the fully mapped nervous system contains only 
302 neurons, which reduces complexity, enhances experi-
mental precision, and retains disease relevance [4].

Mutant C. elegans strains are increasingly accessible for 
modeling neurodegenerative disease progression and related 
environmental factors. Wild-type strains serve as baselines 
for understanding biological processes under physiological 
conditions. Knockout strains targeting xenobiotic-metaboliz-
ing enzymes—such as mutations affecting cytochrome P450 
expression [9] or multidomain flavoprotein monooxygenase 
(FMO) activity [10]—enable investigations into chemical 
metabolism. Transgenic strains modeling aspects of PD and 
AD, such as those overexpressing tyrosine hydroxylase in 
dopaminergic neurons (PD-related) [11, 12] or pro-aggre-
gation tau fragments (AD-related) [13], provide insights into 
the molecular mechanisms underlying these disorders.

Genomics assesses the genes that encode the proteins and 
enzymes that process biochemicals, but metabolomics actu-
ally measures what is actually happening within an organ-
ism, providing direct insights into the phenotype [14–16]. 
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 to characterize the metabolome [17]. In paral-
lel, 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 work-
flows to ensure continuous updates and knowledge sharing.

Investigating metabolomic alterations in disease-related 
transgenic strains is of particular interest for understand-
ing the disease-related biochemistry. To accomplish this, 
metabolomics strategies are broadly categorized into tar-
geted approaches, which focus on accurate and sensitive 
quantification of a known set of metabolites, and non-tar-
geted 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 cover-
age from C. elegans in non-targeted studies. Monophasic 
solvent extraction ranged from methanol [22–28], ace-
tonitrile [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 
and coworkers and from Bligh and 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 trac-
tion. After the addition of the organic solvent, a centrifuga-
tion step is typically performed, and only the supernatant is 
retained for analysis in order to avoid injecting proteins and 
other interfering matrix components [34]. 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 ver-
satility in accommodating various chromatographic condi-
tions—reversed phase (RPLC) and hydrophilic interaction 
(HILIC)—and mass spectrometry polarity modes (positive 
and negative ionizations) [20].

After feature extraction and prioritization is performed, 
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]. Com-
pared to vendor software, open source solutions offer advan-
tages such as full transparency of the underlying code and 
algorithms. 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 metabo-
lomics [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 com-
pound databases. Information from the full scan data (accu-
rate mass, isotopic pattern, adduct presence) can also be 
used to refine candidate selection. For the compound anno-
tation, the source of candidate compounds plays an impor-
tant role: MS-DIAL encompasses a large spectral library 
containing spectra of more than 15,000 unique molecules 
(MSP), including spectral information from both authentic 
standards and in silico predictions [43]. PubChem, a com-
prehensive open chemistry database, contains > 121 million 
small molecules [18]. However, considering all these mol-
ecules can lead to irrelevant annotations and unnecessary 
computational burden. PubChemLite was developed as an 
exposomics-relevant subset of currently over 450,000 com-
pounds from 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.
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Taken together, the primary aim of this work was to 
establish a comprehensive experimental and data process-
ing pipeline for C. elegans metabolomics. This pipeline 
leverages state-of-the-art open source cheminformatics 
tools, such as MS-DIAL and patRoon, to optimize metabo-
lite extraction, data processing, and annotation. As a key 
component of the workflow, we expanded the WormJam 
consensus model established by Witting et al. [17] by inte-
grating additional metabolites curated from the review of 
the literature [20] and with C. elegans–related metabolites 
from PubChem. Then, the workflow was designed to address 
the unique challenge of analyzing 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 refer-
ence data for future studies aiming for enhanced accuracy 
and efficiency in characterizing the C. elegans metabolome, 
uncovering genome-exposome-biology interplay, and ulti-
mately, resolving etiologic causes and disease mechanisms.

Materials and methods

Caenorhabditis elegans: strains, culturing, 
and synchronization

Five C. elegans strains were selected for their relevance 
in neurobiological and neurotoxicological research. These 
included wild-type Bristol (“N2”), serving as the baseline 
for physiological comparisons; two knockout strains of 
xenobiotic-metabolizing enzymes (“VC40”: CYP enzyme 
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 overexpression 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 synchro-
nized 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 set-
tle 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 superna-
tant was discarded, and 1 mL of bleach solution was added. 
Tubes were vortexed (30 s) and monitored under a dissecting 

microscope until only eggs remained. Eggs were pelleted 
by centrifugation (21,000 × g, 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 incu-
bated at 20 °C for hatching. Hatched worms were considered 
synchronized.

Hatched L1 worms were cultured at 20 °C for 48 h 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 sort-
ing using a COPAS Flow Pilot FP-250 system (Union Bio-
metrica, 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 °C.

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].

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 (380 × g, 1 min) with 200 µL of the M9 
supernatant removed. Zirconium oxide beads (~ 20) were 
added, followed by 200 µL of ice-cold acetonitrile contain-
ing internal standards (SPLASH® LIPIDOMIX®, Avanti 
Research), achieving a 2:1 (v/v) acetonitrile:aqueous ratio. 
Samples were vortexed (30 s), 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), super-
natants were split into 100 µL raw extracts and 100 µL dried 
extracts (via SpeedVac). QC pools were prepared by com-
bining 50 µL from each replicate (total 200 µL), then split 
into raw and dried aliquots (100 µL each).

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 (380 × g, 
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® 
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Mass Spec Standard, Avanti Research), followed by vor-
texing (10 s). 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 s), samples were cen-
trifuged (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 (USA) 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].

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 sam-
ples were resuspended in 100 µL of acetonitrile. All samples 
were vortexed for 30 s and transferred to autosampler vials 
for analysis.

Instrumental analyses followed previously published 
methods with modifications: chromatographic separation 
was similar to the method of Blazenovic et al. [52] chosen 
to balance metabolite coverage with analytical through-
put: Mass spectrometry conditions were adapted from the 
method of Talavera Andújar et al., optimized for use with 
the same instrument [53]. Samples were analyzed using 
reverse-phase liquid chromatography with negative polar-
ity mode (RPLC NEG) and hydrophilic interaction liquid 
chromatography with positive mode (HILIC POS). As a 
system suitability check, internal standards were monitored 
daily to assess mass accuracy, peak shape, and retention time 
consistency throughout the analytical sequence. All solvents 
used for the mobile phases were LC–MS grade. For RPLC 
NEG, 5 µL of each sample was injected into the HPLC sys-
tem (Thermo Scientific Accela LC system) equipped with a 
Waters Acquity CSH C18 column (100 × 2.1 mm, 1.7 µm) 
and an Acquity CSH C18 VanGuard precolumn (5 × 2.1 mm, 
1.7 µm). Metabolites were separated with a linear gradient 
consisting of two mobile phases: the A phase was a solu-
tion 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. While Blazenovic et al. [52] employed 
ammonium formate as a mobile phase modifier, we used 
ammonium acetate to achieve a slightly higher pH, thereby 

improving the ionization efficiency of acidic compounds in 
the negative ionization mode. 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 at 99%, 11.5 to 12 min, 
then from 99 to 15%, 12 to 12.1 min; held constant at 15%, 
12.1 to 15 min. The autosampler was kept at 4 °C, while 
the column was kept at 65 °C. After the chromatographic 
separation, the flow was delivered to a mass spectrometer 
(Q Exactive™ HF, Thermo Scientific) operating in electro-
spray 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 70 ms) followed by a top 10 data-dependent MS2 experi-
ment (isolation window: 1 m/z, collision energy: 30 V, res-
olution 30,000, dynamic exclusion 10 s, AGC target 1e5, 
Maximum IT 70 ms). For HILIC POS, 5 µL of each sample 
was injected onto a Waters Acquity BEH Amide column 
(150 × 2.1 mm, 1.7 µm), equipped also with an Acquity BEH 
Amide VanGuard precolumn (5 × 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 the B phase was a solu-
tion of 10 mM 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 following B phase 
percentages: 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 °C while the 
column was kept at 45 °C. 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 
60,000; AGC target 1e6, Maximum IT 70 ms) followed by 
a top 5 data-dependent MS2 experiment (isolation window: 
1 m/z, collision energy: 20 V, resolution 30,000, dynamic 
exclusion 10 s, AGC target 1e5, Maximum IT 70 ms). The 
mass spectrometry settings for the HILIC analyses (lower 
resolution and fewer MS2 spectra compared to the RPLC 
ones) were adjusted to compensate for the typically narrower 
peaks observed with the HILIC method.

Scheme 1 samples were analyzed both with the RPLC 
NEG and HILIC POS methods, while scheme 2 upper phase 
samples were analyzed only with the RPLC NEG method, 
and scheme 2 bottom-phase samples were analyzed only 
with the HILIC POS method.

Data processing

Raw files were converted to the open mzML format using 
MSConvertGUI (ProteoWizard, version: 3.0.22108-
f83e548) [54], with peak-picking filter, vendor algorithm, 
and all MS levels enabled. These files were then processed 
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both with patRoon (version 2.3.1) [40, 41] and MS-DIAL 
(version 5.1.230912) [42]. Data analysis in R (version 4.3.1) 
[55] with the RStudio interface (2023.06.1) utilized the 
tidyverse package (version 2.0.0) [56]. The patRoon and 
MS-DIAL parameters were chosen to best suit each software 
and to ensure comparability between the two. Notably, gap 
filling was not performed during feature extraction in both 
patRoon and MS-DIAL to assess the actual feature presence 
across QC samples and incorporate this information as part 
of the quality control procedure, as detailed in the following 
sections.

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 [57].

patRoon

The following data analyses were carried out using differ-
ent 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” algo-
rithm [58–60]. The XCMS parameters were selected by 
running the IPO algorithm [61] on pooled quality control 
samples; the componentization, i.e., grouping features likely 
originated from or related to the same molecule by isotope 
patterns and adducts, was conducted using the CAMERA 
algorithm [62]. Then, after retrieving the MS/MS peak list 
within patRoon, annotation was performed with MetFrag 
[63] considering two databases separately: PubChemLite 
(version 1.19.0) [45, 64] and the “WormJam expanded” 
collection [57]. Details of all the parameters and processing 
workflow used can be found in the R-scripts available in a 
publicly available GitHub repository [65].

MS‑DIAL

The parameters used for data processing in MS-DIAL 
(version 5.1.230912) were ionization type: soft ioniza-
tion, separation type: chromatography, MS method type: 
conventional LC/MS or data-dependent, collision type: 
CID/HCD, data type: centroid data, target omics lipidom-
ics (for RPLC NEG) and metabolomics (for HILIC POS), 
MS1 accuracy tolerance: 0.02 Da, MS2 accuracy toler-
ance: 0.025 Da, minimum peak height: 1000 amplitude, 
mass slice width: 0.1 Da. For annotation, the MSMS_Pub-
lic_EXP_NEG_VS17 and the MSMS_Public_ExpBioIn-
silico_NEG_VS17 (in negative) and the MSMS_Public_
EXP_POS_VS17 (in positive) MSP libraries were used, 
MS1 accurate mass tolerance: 0.02 Da, MS2 accurate mass 
tolerance: 0.05 Da, 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 num-
ber 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 cura-
tion, based on a visual inspection of peak shape, was per-
formed for the significant 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 of the compounds in the WormJam expanded 
database. The function “cfm-predict” of the competitive 
fragmentation modeling tool CFM-ID [66–69] 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 pos-
itive and negative modes, 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 colli-
sion 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 20 V); and 10%, 
45%, and 45% in negative (since collision energy in RPLC 
NEG were 30 V) modes, respectively. The resulting posi-
tive and negative MSP libraries were exported and used for 
the MS-DIAL re-analysis. The code created to perform this 
elaboration is publicly available [65].

Feature processing, statistical, and pathway analysis

A summary of all the experimental and data analyses 
workflow is shown in Fig. 1, while all the R-scripts written 
to perform all the data elaborations, statistical analyses, 
visualizations, and pathway analyses are publicly avail-
able [65]. The annotated compounds were ranked accord-
ing to the confidence levels by Schymanski et al. [70] in 
particular using MoNAScore cut-offs in patRoon, and dot 
product and fragment presence cut-offs in MS-DIAL, as 
previously reported by Talavera et al. (“2a,” “2b,” “3a,” 
“3b,” “3c,” “4a,” “5”) [53]. Every feature table was fil-
tered considering the pooled quality controls: in particular, 
separately for each type of pooled QC sample, features 
were retained only if they were detected in at least 50% of 
QCs, had a relative standard deviation (RSD) below 50% 
in QC intensities, and showed a blank contribution (the 
ratio of average intensity in blanks and QCs) less than 
50%. Then, every feature that passed this check in at least 
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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 trans-
formed 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 intensi-
ties 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 the 
ANOVA p-values [73], and an FDR p-value less than 0.05 
was considered statistically significant. Separate statistical 

analyses were conducted for each extraction procedure, for 
both RPLC NEG and HILIC POS.

For the annotated features, additional chemical informa-
tion was retrieved using the R-packages “RChemMass” [74], 
“webchem” [75], “classyfireR” [76], and “metaboliteID-
mapping” [77]. Euler-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 visualize the 
different categories of annotated compounds. A dedicated 
graph was created to visualize the presence of annotated 
compounds among the different procedures and to visual-
ize which of those were statistically significantly different 

Fig. 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
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from the control group, using the packages “ggplot” [56], 
“patchwork” [82], “grid,” and “gridExtra” [83]. For each 
compound, the KEGG code was assigned using metabo-
liteIDmapping [77] and, if there was no correspondence, 
it was manually retrieved from the PubChem page of that 
molecule, if present; then, considering statistically signifi-
cant metabolites for which a KEGG code was found, a path-
way enrichment analysis was performed with the “FELLA” 
R-package [84], after building the KEGG knowledge model 
from the “cel” (C. elegans, nematode) organism.

Results and discussion

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 dif-
ferent sample preparation schemes, is summarized in Fig. 2.

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 (4305 with patRoon and 31,646 with MS-
DIAL) compared with RPLC NEG (1332 using patRoon 
and 8563 with MS-DIAL). We hypothesize that the higher 
number of features detected in HILIC analyses is primarily 
attributable to the nature of the chromatography, as HILIC 
retains polar and hydrophilic small compounds better. Fur-
thermore, the use of electrospray ionization in positive mode 
might also explain the higher number of features, as we 
hypothesize that it enables better ionization efficiency and 
broader metabolite coverage than in negative mod; this likely 
contributed to the greater sensitivity and feature detectability 
in HILIC POS analyses compared to RPLC NEG.

Fig. 2   Summary of feature counts obtained across different analyti-
cal 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 dia-
grams depict feature overlaps among the schemes. The details of the 
QC check procedure are reported in the “Feature processing, statisti-
cal, and pathway analysis” section
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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 pro-
cessed with patRoon (937 features in scheme 2 compared 
to 745 in scheme 1), while feature counts were compara-
ble in MS-DIAL (5771 and 5746). In contrast, HILIC POS 
analyses favored scheme 1: when processed with patRoon, 
scheme 1 resulted in 3280 features, surpassing scheme 2 
with 2497 features; similarly, MS-DIAL processing yielded 
22,577 features for scheme 1 and 19,869 for scheme 2.

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). Con-
versely, for HILIC POS analyses, scheme 1 exhibited greater 
uniqueness, with 1808 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% metha-
nol in water vs. chloroform/methanol) [25]. In contrast, a 
previous study that investigated the reproducibility and yield 
of tissue extraction procedures, although not in C. elegans, 
suggested monophasic extraction for the concurrent anal-
ysis of polar and non-polar metabolites [85]. Moleenars 
and coworkers 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 sub-
classes 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 imple-
menting all four combinations of chromatographic methods 
(RPLC and HILIC) and mass spectrometry polarities (nega-
tive 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 con-
sistently detected a higher number of features than patRoon 
(XCMS algorithm), a trend also reported by [53]. How-
ever, Li et al. observed the opposite in their study, finding 
XCMS to yield both a higher number of features and verified 
“true positive” features compared to MS-DIAL [89]. These 

discrepancies highlight the importance of employing mul-
tiple data processing tools for non-targeted metabolomics, 
as their combined use and cross-reference can enhance bio-
marker discovery and reduce methodological bias [89].

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 preparation schemes, and annotation strate-
gies—grouped by annotation levels—are detailed in Sup-
plementary 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 Pub-
lic 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 Fig. 3, with an accompanying upset plot provided in Sup-
plementary Figure S14. Full details of the annotated com-
pounds are available in Supplementary Table S1.

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 deriva-
tives—of which 111 were amino acids, peptides, or ana-
logues—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 com-
pounds annotated with patRoon is also reported in Supple-
mentary 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 com-
pounds; and 5 (12.5%) were lipids and lipid-like molecules, 
all classified as fatty acyls.

A larger number of unique annotations were found in MS-
DIAL. MS/MS spectra and fragment matches were compa-
rable between the ones produced by CDM-ID and MetFrag, 
and the discrepancies are likely caused by other factors: 
patRoon, originally developed for environmental analysis, 
tends to extract fewer features in complex biological samples 
like metabolomics datasets, applies stricter criteria for fea-
ture annotation, and tends to assign lower confidence levels 
compared to MS-DIAL, which may contribute to the lower 
number of high-confidence annotations retained.

While MS-DIAL yielded a substantially higher number 
of annotated compounds, some unlikely annotations were 
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noted even at high confidence level (2a), such as methyl-
pyrrolidine and desethylatrazine, or at a lower confidence 
level such as sulcatol (3a), chlormequat, melamine, nitros-
odimethylamine, drofenine, wogorin, and diaveridine (3b): 
Many of these are exogenous compounds that are unlikely 
to be present in these samples. This may in part explain why 
so many more features were found using MS-DIAL with the 
public MSP libraries, and in future studies, further param-
eter refinement may be necessary to avoid so many false 
positives. However, employing in MS-DIAL the in silico 
MSP libraries generated from the WormJam expanded data-
base improved annotation reliability: Although the number 
of compounds annotated using these in silico libraries was 
lower compared to public MSP libraries, unreliable annota-
tions 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 identi-
fied with PubChemLite. This highlights the complementary 
value of combining multiple annotation resources to increase 
the coverage. Restricting searches to organism-specific or 
highly curated spectral libraries—such as WormJam—
enhances annotation quality, even if this strategy aligns 
more closely with a suspect screening approach and may 
limit the detection of novel or unexpected compounds. Con-
versely, broader searches using public or in silico libraries 
substantially expand chemical coverage but induce higher 
false-positive rates and computational demands. Our results 

highlight the risks and trade-off between annotation quality 
and coverage and underscore the value of hybrid strategies 
that integrate both specific and broad-spectrum resources to 
optimize metabolite annotation in non-targeted workflows.

The occurrence of apparently unlikely level 2a annota-
tions highlights the trade-off of balancing sensitivity and 
specificity in MS2 spectral matching in non-targeted metabo-
lomics: More permissive score thresholds and broader pub-
lic spectral libraries, such as those used in MS-DIAL with 
the public MSP libraries, can improve coverage and reduce 
false negatives, but also increase the risk of false positives. 
Conversely, more conservative approaches like in patRoon 
yield fewer annotations but also fewer unlikely ones. These 
findings underscore the limitations of relying solely on 
MS2-based identification, as mass spectra are not always suf-
ficiently informative. Moreover, in silico spectra may lack 
the validity of experimental reference spectra, and different 
scoring algorithms may prioritize different spectral features, 
leading to inconsistent or incorrect annotations. This shows 
that validation with authentic reference standards remains 
essential, and compound annotations should be considered a 
starting point for hypothesis generation rather than a defini-
tive compound identification.

Metabolite differences across C. elegans strains

ANOVA tests were performed to assess biological differ-
ences among the C. elegans strains. An overview of all 
statistically significant features, including their annotation 

Fig. 3   Euler-Venn diagram 
illustrating the unique com-
pounds 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 compo​unds), 
B: (63 compo​unds), C: (8 
compo​unds), D: (9 compo​unds), 
E: (3 compo​unds), F: (3 compo​
unds), G: (14 compo​unds), H: 
(3 compo​unds)

https://pubchem.ncbi.nlm.nih.gov/#query=31268%201049%208082%20867%20938%205960%201102%205962%2092136%205281426%2092907%2075619%206305%204678%2027476%205353370%20
https://pubchem.ncbi.nlm.nih.gov/#query=428%201032%20588%20790%20444972%2092832%20439258%20178%208029%2079803%2022419314%2012025%20118%207902%20996%207362%201338
https://pubchem.ncbi.nlm.nih.gov/#query=126%205922%205603%20135401907%207622%20445063%2010349%20440064&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=126%205922%205603%20135401907%207622%20445063%2010349%20440064&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=6613%20135398641%20160556%20135398635%20135398631%20980%20811%20525%205280450&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=876%20439197%2070&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=7955%20126041%201662&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=7955%20126041%201662&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=1145%208113%20614%20936%20190%20876%206274%2089594%206322%2060961%20439176%206083%20439155%205192&collection=compound
https://pubchem.ncbi.nlm.nih.gov/#query=33032%20994%20743&collection=compound
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levels, is given in Supplementary Figures 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 com-
pared 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 extrac-
tion schemes, analytical modes (RPLC NEG and HILIC 
POS), and data processing tools (patRoon and with MS-
DIAL), a total of 87 unique 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 con-
fidence level 2a, 15 at level 3a, 43 at level 3b, and 1 at level 
3c. The overview of the different levels and related scores to 
reach them is reported in Table 1 of Talavera Andújar et al. 
[53]. 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 Fig-
ure S17. Figure 4 provides a visualization of the significantly 
different compounds annotated at level 3 or above. Addi-
tionally, for each significant compound, individual boxplots 
illustrating the distribution across strain groups are provided 
in Supplementary Data 2.

As shown in the left panel of Fig. 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 anno-
tated 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 lipidomics analysis [42, 
90]; while some compounds were exclusively annotated with 
patRoon such as pantothenic acid, adenosine phosphate, 
and adenosine (in HILIC POS), and itaconic acid (in RPLC 
NEG). The use of different tools affected the results of fea-
ture annotation, and some features relevant to biological 

variation may be missed or filtered out in one workflow but 
retained in the other. These differences underscore how the 
choice of software and annotation strategy can influence the 
recovery of biomarkers.

Lipid annotation was substantially more successful with 
MS-DIAL compared to patRoon. Manual inspection con-
firmed good spectral matches for lysophosphatidylethan-
olamine (LPE) annotated at level 2a (such as LPE O-18:0 
and LPE 17:0), while fragments in the MS2 spectra of fatty 
acids annotated at level 3b were generally sparse and non-
specific. A reason for the lower number of lipid annotations 
in patRoon is that the implemented database PubChemLite 
does not include many lipids, unlike the MoNA library inte-
grated into MetFrag. In contrast, MS-DIAL includes the 
Lipid BLAST in silico library [91] and other lipid spectra 
that are not incorporated in the measured MS/MS spectra 
included within MetFrag, enhancing its capacity to annotate 
lipid classes. This discrepancy underscores the complemen-
tarity of the tools and the need to select annotation strate-
gies based on chemical class. In support of the annotation 
accuracy, the elution order of fatty acids in RPLC followed 
expected trends based on carbon chain length and degree of 
unsaturation (Supplementary Table S3).

Notably, the differences in results between patRoon and 
MS-DIAL are reduced when focusing on the statistically sig-
nificant compounds. This may be partly due to the filtering 
effect of the ANOVA statistical analysis, which also narrows 
the focus to features showing consistent group differences, 
thereby excluding many low-quality or inconsistent peaks. 
It is also possible that some discrepancies between the tools 
arise from differences in annotation thresholds, with MS-
DIAL being too inclusive and patRoon too conservative, 
resulting in the different consideration of borderline or low-
quality features.

Among the 87 unique statistically significant compounds 
annotated at level 3 or above considering all the different 
elaboration strategies implemented, 47 valid KEGG codes 
were available and thus used for enrichment analysis using 
the FELLA package. Results of the comprehensive enrich-
ment analysis, considering all significant annotated com-
pounds, are reported in Table S4 and in Figure S18. In addi-
tion, enrichment analyses focused on significant compounds 
from the pairwise comparisons between each strain and the 
wild type are detailed in Supplementary Tables S5–S8. 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 neurode-
generative processes. These interpretations are exploratory 
and should be considered as hypothesis-generating; further 
validation using targeted approaches and reference standards 
will be essential to confirm the observed metabolic altera-
tions, but is beyond the scope of the current study.

Fig. 4   A visual summary of compounds annotated at level 3 or above 
that were significantly different among the analyzed groups. Com-
pounds 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 wild-type 
group (N2) and other sample groups: white cells represent no signifi-
cant 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)

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

Comparing the wild-type sample group (N2) with the knock-
out 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 catalyze monooxygenase reactions 
for xenobiotic metabolism [92] and play a role in the bio-
synthesis and biodegradation of endogenous compounds, 
including fatty acids [9]. In line with this, several fatty acids 
were significantly lower in VC40 compared to wild type, 
including lysophosphatidylethanolamine (LPE) 17:0, 16:0, 
and 18:1; and fatty acids (FA) 18:1, 17:1, and 15:0. Previous 
studies have reported that the cyp-13A7 gene is upregulated 
in C. elegans Dauer larvae [93], suggesting that gene silenc-
ing could disrupt Dauer formation. Notably, spermidine—a 
polyamine derived from putrescine [94]—was significantly 
higher in the wild-type group in our study. Putrescine itself 
is formed via decarboxylation of ornithine and arginine [95], 
further supporting the notion that the loss of cyp-13A7 may 
influence key metabolic pathways related to development 
and cellular stress responses.

Knockout strain in a gene encoding for flavin‑containing 
monooxygenases (“VC1668”)

In the comparison between wild type and the “VC1668” 
knockout strain, 69 annotated compounds were significantly 
higher in the wild type 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 catalyze the oxidation of nucleo-
philic heteroatom-containing compounds (e.g., nitrogen and 
sulphur substrates) [96]. FMOs are involved in the oxida-
tion of both xenobiotics and endogenous compounds [97]. 
Recent research has demonstrated that fmo-2 plays a role in 
regulating one-carbon metabolism [98], 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 [99, 100]. Indeed, our analyses revealed 
significant differences in lipid profiles between the fmo-2 
knockout strain and the wild type, 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 expres-
sion impacts endogenous metabolism: they performed non-
targeted and targeted metabolomics analyses on C. elegans 
comparing wild  type to both fmo-2 overexpression and 
fmo-2 knockout [98] and observed significant differences 
in polar metabolites, particularly between wild type and the 
overexpression strains, such as for homocysteine, s-adeno-
sylmethionine, cystathionine, and pyridoxal 5′-phosphate. 

Considering the knockout strains (the same strain we ana-
lyzed), Choi et al. found significantly higher levels of phe-
nylalanine in the wild type, 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.

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 wild-type 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 synthe-
sis. This strain is characterized by dopamine overproduc-
tion in dopaminergic neurons and has been used to model 
key aspects of Parkinson’s disease, specifically dysregulated 
dopamine homeostasis [11, 12, 101]. Some metabolites 
identified as significantly altered in this strain have been pre-
viously suggested as potential PD biomarkers in human bio-
logical fluids (plasma, serum, urine, or cerebrospinal fluid) 
[102]. These include amino acids such as alanine [103–106], 
threonine [103, 106], tryptophan [105, 107], leucine/isoleu-
cine [103, 106], and valine [103]. In addition, metabolites 
such as spermidine [108] and hypoxanthine [108, 109] were 
also significantly altered, supporting their potential role in 
PD-related metabolic dysregulation.

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

In the Alzheimer (AD)-related transgenic strain “BR5270,” 
75 annotated compounds were significantly higher in the 
wild type, 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 condi-
tions, but hyperphosphorylation of tau can lead to neurofi-
brillary tangles—one of the key pathological features of 
AD [13, 110]. In C. elegans, pan-neuronal tau expression 
induces insoluble, phosphorylated aggregates, causing neu-
rodegeneration and locomotion defects that mirror human 
tauopathy [111]. Several metabolites that were significantly 
altered in BR5270 were previously suggested as potential 
AD biomarkers in human studies [102, 112]. Based on a pro-
posed classification for AD pathophysiology, these include 
β-amyloid, phospho-tau, or neuronal injury [113]. Specifi-
cally, our analyses and previous studies have determined 
amino acids associated with these pathologies, spanning 
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threonine [114], tryptophan [115–121], valine [114, 115, 
122–125], and leucine/isoleucine [125]. Among the other 
altered metabolites in this strain, choline was found to be 
a potential disease progression biomarker [122]. 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.

Comparative overview of metabolite differences 
across the strains

Considering the metabolite differences between the wild type 
and all the four mutant strains, some analogies and differ-
ences can be noted: particularly, several compounds were con-
sistently lower in both the fmo-2 knockout strain (VC1668) 
and the transgenic strain related to Parkinson’s (UA57) and 
Alzheimer’s disease (BR5270), including fatty acids such as 
LPEs; amino acids like isoleucine/leucine, phenylalanine, 
threonine, tryptophan, and alanine; and some other metabo-
lites such as hypoxanthine, niacinamide, and inosine. Only 
a few metabolites were consistently lower in all of the four 
strains, such as LPE 17:0, 16:0, and 18:1 and some fatty acids 
and spermidine. In contrast, other metabolites were signifi-
cantly higher only in the cytochrome P450 knockout strain 
(VC40), such as isoleucine, pantothenic acid, and phenylac-
etaldehyde. Interestingly, choline was the only metabolite that 
was consistently elevated not only in the cytochrome P450 
knockout strain (VC40), but also in the neurodegenerative 
models (UA57, BR5270). Choline is a precursor for acetyl-
choline, a neurotransmitter whose impairment is involved in 
both Alzheimer’s and Parkinson’s disease [126, 127]. Overall, 
these observations highlight both converging and diverging 
metabolic signatures among the strains.

Conclusions

In this work, we developed workflows for non-targeted 
metabolomics analyses of C. elegans samples, leverag-
ing open science resources. We compared two metabolite 
extraction schemes: a monophasic approach, which pro-
vided broader metabolite coverage particularly in HILIC 
analyses, and a biphasic approach, which yielded a higher 
number of features in RPLC analyses. All data were pro-
cessed 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 pro-
cessed 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 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 the unexpected annotations observed with public 
MSPs in MS-DIAL. Significant metabolite differences were 
observed when comparing knockout strains of xenobiotic-
metabolizing enzymes and transgenic strains related to neu-
rodegenerative 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.

While the parallel use of multiple data processing tools 
expanded the annotation landscape, our findings under-
score the importance of critically evaluating and under-
standing the discrepancies among software outputs—an 
area warranting thorough investigation and harmonization. 
In non-targeted metabolomics, the goal should not neces-
sarily be to maximize the number of tentative annotations, 
but rather to derive a manageable and interpretable set 
of reliable candidate compounds that can be prioritized 
for further validation using authentic chemical standards. 
Overall, the non-targeted approach described in this work 
may be valuable for metabolite discovery and/or hypoth-
esis generation, paving ways for follow-up sensitive, tar-
geted analyses that are equally essential for validation and 
in-depth etiologic investigation.
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