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Atopic dermatitis (AD) is a chronic inflammatory skin condition marked by impaired epidermal
barrier function and substantial alterations in lipid homeostasis. While previous metabolomics
studies have characterized major lipid classes involved in skin physiology, the contribution of N-acyl
lipids and related molecules to AD remains poorly defined. In this study, an integrative reanalysis
of the public mass spectrometry interactive virtual environment (MassIVE) dataset is performed
combining fold-change statistics, global natural product social molecular networking (GNPS),
and fast mass spectrometry search tool (fastMASST). Among the 6,332 mass spectrometry (MS)
features detected, 12 were annotated. These compounds were assigned as putative identifications
(level 2), based on tandem mass spectrometry (MS/MS) spectral similarity, molecular networking
relationships, and in silico fragmentation analysis. Though, their identities were not confirmed
with authentic reference standards. The annotated compounds belong to three chemically distinct
subclasses: (i) N-acylethanolamines and long-chain amides, (if) carnitines, and (iii) N-acyl amino
acids, dipeptides, and related derivatives. These subclasses exhibited distinct class-specific behavior,
characterized by increased levels in AD lesion samples. fastMASST searches further indicated
that several of these molecules are widely co-occurring in microbial and personal-care product
datasets, providing potential microbiome- and exposome-context for their presence in skin affected
by atopic dermatitis. Together, these findings reveal a distinct class-specific signature of N-acyl
lipid, carnitines, and amino acids/dipeptides that are associated with the dysregulation in AD,
and thereby, demonstrating the power of public data reanalysis to uncover previously overlooked
biochemical patterns associated with skin barrier dysfunction.
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Introduction

Atopic dermatitis (AD) is a highly prevalent chronic
inflammatory skin disorder that affects up to 20% of
children and 10% of adults worldwide, imposing a
substantial burden on quality of life and healthcare
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systems. It is characterized by intense itching, recurrent
inflammation, and loss of epidermal barrier integrity.'
The barrier dysfunction in AD arises from both structural
abnormalities in the stratum corneum and altered lipid
composition, particularly involving ceramides, fatty acids,
and acylated signaling lipids.? These lipid classes are
essential for maintaining epidermal cohesion, hydration,
antimicrobial defense, and immune homeostasis, and their
dysregulation is a central feature of AD pathophysiology.?
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Classical epidermal lipids, including ceramides,
cholesterol, and free fatty acids, have been extensively
studied in the context of AD. Reduced ceramide content,
altered fatty acid chain length, and disrupted lipid
organization are well-established contributors to impaired
barrier function, increased transepidermal water loss, and
enhanced susceptibility to inflammation and microbial
colonization.** However, these well-characterized lipid
classes do not fully explain the biochemical complexity
of lipid dysregulation observed in atopic skin, suggesting
that additional, less-studied lipid mediators may also play
important roles.

Among lipid classes, N-acyl lipids-including
N-acyl ethanolamines, N-acyl amino acids, and related
amides-play crucial roles in cutaneous homeostasis and
inflammation control.* They act through pathways involving
endocannabinoid receptors (CB1/CB2), peroxisome
proliferator-activated receptors (PPARs), and lipid
remodeling enzymes such as N-acyltransferases and fatty
acid amide hydrolases (FAAHs).>¢ Despite their established
biological activity and relevance to inflammatory signaling,
N-acyl lipids have received far less attention in AD
research than classical epidermal lipids, and their specific
contribution to barrier integrity and inflammatory processes
in AD remains largely uncharacterized. This knowledge
gap represents an unmet need in understanding the full
lipidomic landscape of atopic dermatitis.

To address this gap, an analytical strategy capable
of comprehensively capturing chemically diverse and
structurally related N-acyl lipid species is required.
Public metabolomics data re-mining, particularly when
combined with a curated N-acyl lipid MS/MS library,’
provides a powerful and targeted solution. In many
untargeted metabolomics studies, N-acyl lipids are
detected but not explicitly annotated or interpreted, as they
were not the primary focus of the original investigation.
Reanalysis of public liquid chromatography tandem
mass spectrometry (LC-MS/MS) datasets therefore
enables systematic exploration of these overlooked lipid
subclasses without the need for new sample collection,
while promoting data reuse and analytical transparency.

Metabolomics, particularly untargeted LC-MS/MS,
enables the large-scale detection and annotation of small
molecules in biological systems.® A single LC-MS/MS run
can yield thousands of tandem mass spectrometry (MS/MS)
spectra, and public repositories such as mass spectrometry
interactive virtual environment (MassIVE) provide access
to millions of such spectra. These resources support data
re-mining approaches, in which advances in computational
tools allow new biological insights to be extracted from
existing datasets.” Key bioinformatic strategies include
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molecular networking on GNPS, which enables the
organization of MS/MS spectra based on structural similarity
and supports chemical class annotation across studies.
This can be combined with fold-change calculations'*!!
to prioritize metabolites showing biologically meaningful
differences between conditions. Mass spectrometry search
tool (MASST) searches'? further extend this framework by
contextualizing molecular features across diverse biological
and environmental datasets, including plants,'* microbes, ¢
foods," drugs,'s thereby enhancing interpretation while
remaining exploratory in nature.

In this study, we explicitly aimed to comprehensively
characterize class-specific alterations of N-acyl lipids
and related molecules in atopic dermatitis skin through
integrative reanalysis of publicly available LC-MS/MS
data. Leveraging a public skin metabolomics dataset, we
performed a systematic re-mining workflow centered on
GNPS molecular networking, fold-change-based statistical
filtering, and MASST contextualization. This approach
revealed a previously underexplored dysregulation of
N-acyl lipids organized into three structurally distinct
subclasses. Based on this framework, targeted re-mining
of public LC-MS/MS data would uncover N-acyl lipid
signatures and related molecules associated with AD that
were not captured in the original analysis. Because this
study is based on observational public data, the identified
associations are exploratory and hypothesis-generating.
Nevertheless, the class-specific patterns reported here
provide a new biochemical perspective on lipid imbalance
in AD and demonstrate the value of public metabolomics
data reanalysis for uncovering overlooked molecular
features relevant to skin barrier dysfunction.

Methodology
Dataset retrieval and pre-processing

This study is based on the reanalysis of a publicly
available LC-MS/MS dataset (MassIVE accession:
MSV000090788)" originally generated to compare healthy
skin and atopic dermatitis lesion samples. The original study
included 30 healthy controls and 30 AD lesion samples,
representing biological replicates (Ethics Committee
2021-100691-BO-ff). All samples were acquired using the
same LC-MS/MS platform, comprising a Vanquish UHPLC
system coupled to a Q-Exactive Orbitrap mass spectrometer
(Thermo Fisher Scientific, Germany), and detailed methods
on sample preparation and chromatography are described
in the previous publication.'® The generated data were then
processed using MZmine v4.8.30 (mzio GmbH, Bremen,
Germany, 2025)," applying the following settings: MS!
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and MS? mass detection were performed using minimum
intensity thresholds of 1.0 x 103 and 1.0 x 10°, respectively.
Chromatograms were constructed using the ADAP
chromatogram builder, with a minimum group size of three
scans, a minimum group intensity of 1.0 x 10°, a maximum
group intensity of 3.0 x 10°, and an m/z tolerance of 0.002
Da. Savitzky-Golay smoothing was applied using a window
of five scans, followed by chromatographic deconvolution
using the local minimum feature resolver. Deconvolution
parameters included a chromatographic threshold of 90%,
a minimum peak separation of 0.05 min, a minimum
absolute peak height of 1.0 x 10°, a peak area coefficient
of 1.70, a peak duration ranging from 0.05 to 1.0 min, and
aminimum of three data points per peak. Isotope detection
was performed using the isotope peak grouper with m/z
and retention time tolerances of 10 ppm and 0.2 min,
respectively, assuming charge state 1 for the most intense
isotope. Feature alignment and duplicate removal were
conducted using the same m/z and retention time tolerances,
with weighting factors of 75% for m/z and 25% for retention
time. Metacorrelation grouping and ion identity networking
were subsequently applied to identify peak correlations
and adduct relationships. The resulting peak lists (exported
as .MGF and .CSV files) were filtered to remove features
derived from blanks (> 300% intensity relative to samples),
followed by normalization and missing-value imputation
using feature-based molecular networking (FBMN) stats.?
The final filtered dataset consisted of 6,332 features, which
served as the input for all subsequent statistical analyses.

Fold-change calculation and statistical filtering

Differential analysis was performed using the MS
feature intensity table retrieved from the MZmine data
re-processing step. All data processing and statistical
calculations were conducted in the the R environment
(version 2024.09.1, R Foundation for Statistical Computing,
Austria, 2024). Before analysis, feature intensities were
preprocessed to handle zero values. For each feature, a
minimum positive intensity value was identified across both
sample groups. Zero values were then imputed with a value
equivalent to one-tenth of this minimum to approximate the
limit of detection and enable logarithmic transformation.
The processed raw data consisted of 6,332 MS features
across 30 healthy control and 30 AD lesion samples.

For each MS feature, the following were calculated:
(i) the percentage of samples in which the feature was
detected (non-zero intensity) within each group; (ii) the
mean intensity (avg_healthy, avg_ADlesion) and the
mean logl0-transformed intensity (avg_log_healthy,
avg_log_ADlesion) for each group. FC values were
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calculated in both directions (healthy/AD and AD/healthy)
using both raw and log-transformed mean intensities. A
non-parametric Wilcoxon rank-sum test was applied to
compare the intensity distributions between healthy and
AD groups, generating a p-value for each feature. The
resulting p-values were adjusted for multiple hypothesis
testing using the Benjamini-Hochberg method to control
the false discovery rate (FDR), yielding an adjusted p-value.
Features with an absolute fold-change (AD/healthy)
greater than 2.0 and an adjusted FDR p-value of less than
0.05 were considered statistically significant. A fold-
change threshold of 2.0 was selected as a conservative
and commonly used cutoff in untargeted metabolomics
to prioritize metabolites showing biologically meaningful
differences while limiting the influence of technical
variability, particularly in reanalyzes of public datasets
where experimental conditions cannot be controlled.
For data visualization, scatter plots were generated in
a Jupyter Notebook environment using pandas (v7.3.2,
NumFOCUS, USA, 2025) Python-based (v3.10, Python
Software Foundation, USA, 2025). Data handling and
preprocessing were performed using pandas (v3.0.0,
NumFOCUS,USA, 2025), developed by Wes McKinney.
Interactive visualizations were created using plotly.express,
part of the Plotly library (v6.5.0, Plotly Technologies Inc.,
Canada, USA, 2025). These MS features were also selected
for further library searching integrated to feature-based
molecular networking on the GNPS platform.”

Molecular networking and annotation of N-acyl lipids

The significant MS features identified through statistical
filtering were analyzed using the FBMN workflow on the
GNPS2 platform.?* The results are publicly accessible.?
The parameters were set as follows: mass tolerances
for precursor and fragment ions were 0.02 Da, a
minimum cosine score of 0.7, and 4 matched peaks were
required for spectral similarity, the maximum number of
neighbors per node was 10, and the maximum number of
molecular families was 100.

To specifically target the chemical class of interest,
all spectra within the network were searched against
a new library of N-acyl lipids and related molecules’
in addition to the experimental and propagated GNPS
spectral libraries.?! For library matching, a cosine score
of 0.6 and a minimum of 4 matched fragment ions were
applied. The resulting molecular network was downloaded
and visualized using Cytoscape software (version 3.10.3,
Cytoscape Consortium, NRNB, USA, 2024)* to explore
the structural relationships and annotate the dysregulated
N-acyl lipid or structurally related molecules.
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Classification of N-acyl lipid and related molecules

Annotated compounds through the GNPS N-acyl lipids
library were categorized into three structural subclasses:
(i) N-acylethanolamines and long-chain amides (amide-
linked fatty acids to ethanolamine or amine backbones);
(i) carnitines; and (7ii) N-acyl amino acids and dipeptides
(amide or ester conjugates of amino acids). To further
validate this classification, MS/MS spectra from .mgf
file for all annotated molecules were processed using
SIRIUS 6.0.% This in silico tool was used to compute
molecular fingerprints and classify the compounds based
on their structural fingerprints and fragmentation tree
ranking, providing orthogonal confirmation of the proposed
subclasses.

fastMASST searches for biological and exposome context

To investigate the potential clinical, microbial, and
environmental sources of the annotated molecules,
a batch MASST'? analysis was performed using the
Python MASST batch via command line.”® The universal
spectrum identifiers (USIs) of the filtered and annotated
N-acyl lipids and or related molecules were compiled into
an input file (Table S1, Supplementary Information (SI)
section). This file was submitted to the fast search API
(Application Programming Interface) to query multiple
domain-specific databases simultaneously. The search
parameters were set to a minimum cosine score of 0.7,
a fragment ion m/z tolerance of 0.02 Da, a precursor ion
m/z tolerance of 0.02 Da, and required a minimum of 3
matched fragment ions. The search was executed against
the metabolomics repository. The output files for different
domains were filtered to determine the prevalence and
sources of the annotated N-acyl lipids across microbial
taxa and personal care products.

fastMASST data visualization

The MASST" search results for microbial and personal
care product datasets were integrated and visualized
using UpSet plots? to illustrate the co-occurrence of the
annotated N-acyl compounds across different sources
for these molecules. The data matrices, detailing the
presence of each compound within specific microbial
genera and personal care categories, were processed
using a custom Python script. The plots were configured
to sort both the individual sets and their intersections by
cardinality, which efficiently displays the complex set
relationships.
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Results

Class-specific dysregulation of N-acyl lipids and derivatives
in atopic dermatitis

Our reanalysis pipeline, which combined GNPS
molecular networking, fold-change statistics, and
MS/MS-based annotation, as illustrated in Figure la,
enabled the annotation of a pronounced dysregulation of
N-acyl lipids and related molecules in skin affected by AD
lesion. Among the 6,332 MS features detected across all raw
LC-MS/MS files, statistical comparison of AD lesions to
healthy skin (fold-change AD/healthy >2.0 and FDR-adjusted
p <0.05) identified 102 significantly dysregulated metabolites
(Figure 1b). Although features enriched in healthy skin were
also detected (Figure 1b), the present analysis and subsequent
annotation were intentionally restricted to metabolites
showing increased relative abundance in AD lesion samples,
with a focus on N-acyl lipids and related molecules.
Subsequent annotation efforts established that 12 of these
discriminant MS features belonged to the broad chemical
class of N-acyl lipids/carnitines and amino acid-derived
conjugates. To structurally characterize these discriminant
features, we performed manual curation of MS/MS spectra
integrated with feature-based molecular networking on the
GNPS platform. This approach, combining spectral library
matching and substructure-based annotation propagation,
enabled high-confidence Level-2 annotation according to
the Metabolomics Standards Initiative (MSI)* for 12 of the
significant features. Strikingly, all annotated compounds
belonged to the broad chemical category of N-acyl lipids
and structural derivatives.

The SIRIUS® classification was reflected in the
molecular networking topology, where each subclass formed
at least one independent, non-overlapping cluster within the
GNPS molecular network (Figure 1¢), revealed that these 12
metabolites consistently segregated into three chemically
and biosynthetically distinct subclasses based on their
structural backbones (Figure 1d): (i) N-acylethanolamines
and long-chain amides (1-3); (ii) carnitines (4), and (iii)
N-acyl amino acids and dipeptides (5-8). Intriguingly,
these clusters contained numerous other connected
molecules; these other derivatives were not present with
significant fold-changes in the AD samples, suggesting a
highly specific dysregulation. Also, the absence of spectral
connections between these three molecular families
indicates a lack of shared major fragmentation pathways,
reinforcing the hypothesis that these metabolite classes
originate from distinct biosynthetic routes and are subject
to separate catabolic processes. Together, these findings
reveal a coordinated yet class-specific dysregulation of
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Figure 1. Reanalysis of public skin metabolomics data reveals class-specific dysregulation of N-acyl lipids and related molecules in AD. (a) Workflow for
reanalysis of public LC-MS/MS dataset from MassIVE, integrated to GNPS2 molecular networking, and statistical filtering (FC > 2.0, FDR < 0.05) to map
discriminatory features between healthy skin and AD lesion skin; (b) filtered MS features plotted as m/z versus retention time, colored by enrichment based
on Log?2 fold-change (red: AD lesion; blue: healthy). Bubble size reflects fold-change magnitude, and red boxes indicate AD lesion samples enriched in
N-acyl lipids/carnitines and amino acids/dipeptides. Enrichment indicates higher relative abundance, not exclusive detection; (c) GNPS molecular networking
of N-acyl lipids and related molecular families, with nodes colored by differential abundance (red: AD lesion; blue: healthy). Clustering reflects spectral
similarity; (d) twelve (12) annotated metabolites (MSI level 2) with enrichment patterns in AD lesion samples.

the N-acylated metabolome, pointing to a multifaceted
disruption of lipid signaling and barrier composition in
atopic skin.

Compound assignment

The first subclass of N-acyl lipids, N-palmitoylsphingosine
(m/z 538.5210), exhibited a remarkably diagnostic
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MS/MS spectrum that exemplifies characteristics of N-acyl
ethanolamines and long-chain acylamides. As shown in
Figure 2a, the precursor ion undergoes an initial neutral
loss of a C,;H;,0O moiety, corresponding to the cleavage
of the palmitoyl chain from the sphingoid base backbone.
This transformation generates the protonated long-chain
amino alcohol fragment at m/z 282.28, which serves as
the central branching point for subsequent diagnostic
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Figure 2. Representative MS/MS fragmentation profiles for key metabolites from the three annotated N-acyl subclasses. Panel (a) highlights chain-specific
cleavages of N-palmitoylsphingosine; panel (b) highlights chain-specific cleavages of palmitoylcarnitine; and panel (c) shows characteristic neutral losses
and sulfur-based fragments of N-acetyl methionine. Together, these spectra illustrate the conserved diagnostic patterns supporting these subclass annotations.

reactions. This fragment retains the unsaturated sphingoid
chain and the amino alcohol moiety, giving rise to two
canonical low-mass products: (i) H,O loss, producing the
dehydrated ion at m/z 264.27, consistent with 3-elimination
reactions of protonated amino alcohols;? and (ii) loss of
CH,0, yielding the ion at m/z 252.37, reflecting cleavage
at the C,—OH region of the sphingoid backbone.* A further
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loss of CH, from the m/z 252.37 intermediate produces
the characteristic low-mass reporter ion at m/z 236.24,
a diagnostic signature in sphingoid-base fragmentation
pathways. The clean, sequential neutral losses and chain-
specific cleavage signatures collectively reinforce the
conserved fragmentation architecture typical of long-
chain N-acylated amino alcohols within this subclass.

J. Braz. Chem. Soc. 2026, 37-Spel, e-20260008
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Other members of this molecular family, such as two
sphingosine-derived (m/z 554.5140, and 282.2791)
and linoleoyl ethanolamide (m/z 324.2893), exhibited
comparable fragmentation logic, and their corresponding
GNPS mirror plots are provided in Figures S1-S3 (SI
section). Note that the observed +15.99 Da mass shift
of m/z 554.5140 corresponds to an oxidized analog
of N-palmitoylsphingosine, most likely reflecting
hydroxylation, and was annotated using an analog suspect
library®' containing millions of in silico MS/MS spectra
to support annotation propagation.

The second subclass of N-acyl derived is exemplified
by palmitoylcarnitine (m/z 400.3416, [M + H]*), which
shows a highly diagnostic MS/MS spectrum (Figure 2b)
dominated by two complementary dissociation routes
that separately report on the acyl chain and the carnitine
headgroup. As shown in Figure 2b, the precursor ion
of m/z 400.3416 first undergoes a characteristic neutral
loss of C;H,N, generating the product ion at m/z 341.27
(M + HJ*). We hypothesize this fragment acts as a central
intermediate for subsequent chain-associated cleavage,
and it further dissociates via loss of C,H O, to yield
the prominent ion at m/z 239.24 (M + HJ*), consistent
with a stabilized long-chain acyl-derived fragment that
is commonly observed for fatty-acyl esters.’? In parallel,
palmitoylcarnitine produces a second diagnostic branch
centered on the carnitine moiety. The precursor ion also
fragments via loss of C;H,,O,, producing the headgroup-rich
ion at m/z 144.10 ([M + HJ*). This fragment then serves as
a branching point for two canonical low-mass reporter ions:
() loss of C;H,N to generate m/z 85.03 ([M + H]*); and (i)
loss of CyH,;0, to generate the highly characteristic ion at
m/z 60.08 ([M + H]*). The combination of these sequential
neutral losses yields a consistent fragmentation logic for the
acyl-chain and carnitine-derived pathway, also observed in
the other three acyl carnitines (Figures S4-S6, SI section).

Last, the third subclass of amino acids and dipeptides
includes N-acetyl methionine (m/z 192.0690), 2-amino-
2-methylpropyl butyrate isomer (m/z 160.1330), aspartyl-
phenylalanine (m/z 281.1130), and phenylalanyl-valine
(m/z 265.1550). Among these, N-acetyl methionine
displayed a rich MS/MS spectrum, making it an ideal
representative example to illustrate the characteristic
features of this molecular subclass fragmentation profile.
As shown in Figure 2c, its spectrum exhibits prominent
fragment ions at m/z 150.05, 144.06, 133.03, 104.05,
61.01, and 56.05, corresponding to sequential neutral
losses and side-chain cleavages fully consistent with
N-acylated methionine fragmentation.’® These include
(i) loss of the N-acetyl group (m/z 150.05), (ii) neutral
loss of methanothiol (m/z 144.06), (iii) N-acetyl loss
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followed by insaturation (m/z 133.03), and (iv) combined
decarboxylation and deacetylation at m/z 104.05, followed
by the series of sulfur-based fragment ions at m/z 61.01 and
56.05. The remaining metabolites of this subclass showed
similarly clean and predictable MS/MS patterns dominated
by neutral losses typical of amino acid conjugates (e.g.,
CO,, NH,),* as illustrated in the GNPS mirror plots
provided in Figures S7-S9 (SI section). Together, these
features offered strong structural confidence, placing
these compounds into a coherent and chemically related
molecular family.

MASST-based source of N-acyl-based molecules
microbeMASST searching

To investigate the potential microbial origin or
modification of the dysregulated N-acyl lipids and
related compounds, we performed a MASST similarity
search against public microbial metabolomics datasets,
including bacteria, fungi, and environmental microbiota.
MicrobeMASST analysis revealed that the annotated
N-acyl lipids are widely distributed across diverse
microbial sources. As shown in the UpSet plot (Figure 3a),
the bacterial datasets exhibit substantial compound-
dependent variability in detection frequency and
taxonomic distribution. Among the annotated metabolites,
phenylalanyl-valine displays the highest overall set size
and the largest single intersection, indicating that this
dipeptide is widely and consistently detected across
diverse bacterial genera. This broad occurrence contrasts
with several N-acyl lipids, such as palmitoylcarnitine and
myristoylcarnitine, which appear in fewer datasets and
intersections.

In contrast, N-palmitoylsphingosine and its oxidized
analog (+15.99 Da) show extensive taxonomic breadth,
with matches spanning numerous bacterial genera across
multiple intersections, highlighting their widespread - but
more heterogeneous - distribution. These include anaerobic
gut-associated taxa (e.g., Bacteroides, Parabacteroides,
Prevotella), and Gram-positive genera (e.g., Streptomyces,
Staphylococcus, Bacillus, Enterococcus). This consistent
co-occurrence across all compounds emphasizes the
metabolic versatility of this dominant anaerobic gut genus.
It raises the possibility that some of the N-acyl lipid and
related molecules observed in human skin may arise from
or be modulated by the microbial metabolic activity.

On the other hand, as shown in Figure 3b, the
microbeMASST search against fungal datasets yielded a
smaller number of matches and fewer intersections compared
to the bacterial datasets. Four metabolites - phenylalanyl-
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Figure 3. MicrobeMASST analysis shows that the dysregulated N-acyl lipids and related compounds annotated in this study are broadly distributed across
microbial metabolomics datasets. The intersection plot highlights compounds that are frequently detected across multiple (a) Gram-negative and Gram-
positive bacteria; (b) fungi datasets. The genus-level summary shows that these detections span a broad taxonomic range.

valine, linoleoyl ethanolamide, N-palmitoylsphingosine,
and palmitoylcarnitine - were detected across a limited
number of fungal taxa, including Penicillium, aspergillus,
Ramaria, Macrotyphula, Scutiger, Thaxterogaster,
Biatriospora, and Tolypocladium. Phenylalanyl-valine
exhibited the largest set size among the fungal-associated
metabolites, while the remaining compounds were detected
in one to three datasets. At the genus level, these matches
indicate that most detections were compound-specific,
with few shared occurrences across multiple fungal genera.
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Personal care MASST searching

Some AD-related molecules could be coming from
personal care products. To evaluate this, we queried all
annotated molecules against publicly available LC-MS/MS
datasets derived from personal care products. As shown
in Figure 4, three metabolites - linoleoyl ethanolamide,
aspartyl-phenylalanine, and phenylalanyl-valine - were
detected across personal care product datasets. Among
these, linoleoyl ethanolamide exhibited the largest set size,
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across personal care product datasets.

appearing in 19 datasets, followed by aspartyl-phenylalanine
detected in 6 datasets, and phenylalanyl-valine detected
in 3 datasets. The intersection analysis shows that most
detections correspond to linoleoyl ethanolamide alone, with
the largest single intersection comprising 17 datasets, while
smaller intersections reflect co-occurrence with one or both
dipeptides. At the product-category level, detections spanned
a range of personal care formulations, including cosmetics
(e.g., body wash, facial cleansers, moisturizers, makeup and
makeup removers, lip products, toners, serums, sunscreens),
hair care products (e.g., shampoos, conditioners, hair repair
and styling products), as well as household and pest-control
related products.

Discussion

The primary objective of this study was to perform a
class-specific reanalysis of publicly available LC-MS/MS
skin metabolomics data to investigate the contribution
of N-acyl lipids to atopic dermatitis. The observations
described in this section are directly supported by relative
abundance patterns derived from LC-MS/MS data, whereas
subsequent biological interpretations are intended to be
hypothesis-generating and association-based. Using an
integrative workflow combining molecular networking,
fold-change-based filtering, and MS/MS-guided annotation,
we identified a coherent and reproducible dysregulation of
N-acyl lipids and related molecules between healthy skin
(n =30) and AD lesion samples (n = 30). Post hoc power
analysis based on observed effect sizes indicated that
most discriminatory features were sufficiently powered
(o = 0.05, power = 0.80) with the available sample size
(n=30 per group), supporting the robustness of the reported
associations.

J. Braz. Chem. Soc. 2026, 37-Spel, e-20260008

By integrating fold-change statistics, molecular
networking, and MS/MS-based annotation, we filtered
and annotated three structurally distinct subclasses,
specifically N-acyl lipids, carnitines, and amino acids/
dipeptides, which were predominantly enriched in AD
lesion samples. The observed alterations were consistent
across multiple molecular features within each subclass
and across most samples, rather than being driven by a
small subset of individual metabolites or outlier samples,
as reflected by coherent fold-change patterns and molecular
networking structure. Previous studies*¢ also support
the consistency of these lipid-associated patterns across
multiple molecular features. These observations are
consistent with the notion that an imbalance of N-acyl lipids
and related molecules may represent a biochemical feature
of the atopic epidermis. The higher relative abundance of
these subclasses in AD lesions, together with their lower
relative abundance in healthy skin, reflects enrichment in
disease samples rather than condition-exclusive detection.
Given the known involvement of these molecules in
epidermal homeostasis through pathways such as PPAR-o
activation, endocannabinoid signaling, and ceramide
metabolism,**® these class-level shifts may be relevant to
barrier dysfunction in AD, although such interpretations
remain hypothesis-generating.

Moreover, the accumulation of N-acyl lipids and
related molecules in AD lesions is consistent with altered
downstream metabolic turnover, potentially involving
pathways associated with amidases, peptidases, or
conjugate hydrolases, although such enzymatic changes
cannot be directly inferred from the present LC-MS/
MS data. These molecules have been reported in prior
studies to participate in processes such as pH buffering,
microbial interactions, and keratinocyte communication,
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and their increased relative abundance may reflect a
compensatory metabolic response to barrier stress.*
The tight clustering of these features within molecular
networks indicates shared MS/MS fragmentation
patterns and coordinated class-level behavior, rather
than confirmed pathway-level regulation. Taken together,
the class-specific patterns observed are consistent with
a multifaceted alteration of N-acyl lipid remodeling,
potentially involving both enzymatic and non-enzymatic
(e.g., oxidative) influences.*' Such alterations may be
associated with weakened lipid organization, reduced
anti-inflammatory lipid tone, and increased susceptibility
to environmental or microbial stressors,*>* although these
interpretations remain hypothesis-generating. Overall,
the findings support an association between N-acyl lipid
dysregulation and barrier dysfunction in AD,* based on
metabolic associations derived from LC-MS/MS data,
and are intended to be hypothesis-generating rather than
mechanistic conclusions.

MASST matches were used to contextualize the
environmental, microbial, or consumer-product-associated
detection space of related MS/MS features, rather than
to infer biological origin or function, which revealed
compound-dependent microbial occurrence patterns for
the dysregulated N-acyl lipids* and related molecules
(Figure 3). Several metabolites, particularly phenylalanyl-
valine, were detected across a broad range of bacterial genera,
whereas others, such as palmitoylcarnitine and linoleoyl
ethanolamide, showed more restricted distributions. Given
the well-documented dysbiosis in AD,* shifts in microbial
community structure may influence the abundance or turnover
of amino acid conjugates. In this context, the oxidized analog
of N-palmitoylsphingosine was detected across multiple
bacterial genera, while detections in fungal datasets were
comparatively limited. Together, these observations indicate
that a subset of the dysregulated metabolites in AD skin
have microbial analogs or are associated with microbial
metabolic space. Although MASST co-occurrence indicates
spectral similarity across datasets and provides contextual
information on where related molecules have been previously
detected, it does not demonstrate biological origin, direct
transfer, or functional activity in atopic skin.

Exposome analysis provided additional context
for interpreting these metabolic signatures. No direct
microbiological profiling or environmental exposure
measurements were performed in this study. Microbiome-
and exposome-related interpretations are therefore
speculative and presented as hypothesis-generating
contextual frameworks. Personal care MASST searching
(Figure 4) showed that linoleoyl ethanolamide, aspartyl-
phenylalanine, and phenylalanyl-valine were detected
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across publicly available LC-MS/MS datasets derived
from consumer products, including cosmetics, hair care
formulations, and household-related products. Linoleoyl
ethanolamide showed the highest detection frequency,
while the dipeptides were observed in fewer datasets. These
findings indicate that a subset of metabolites enriched in
atopic skin may also be potentially present in consumer
formulations, which is particularly relevant in the context of
a compromised epidermal barrier. Such product-associated
compounds may supplement, mimic, or interfere with
endogenous N-acyl lipid signaling, potentially contributing
to the observed metabolic alterations.*’

These combined observations support a model in
which dysregulated N-acyl lipid and related molecules
metabolism reflects the intersection of endogenous
enzymatic imbalance,** oxidative stress,*®* microbial
remodeling,*® and environmental exposures.’' The loss
of protective long-chain amides weakens barrier lipid
homeostasis, while the accumulation of amino acid
conjugates suggests stalled turnover or compensatory
metabolic activation.’> The appearance of oxidized lipid
analogs indicates chemical stress resulting from lipid
oxidation or co-metabolism between microbes and the
host. Together, these processes converge to reshape the
N-acyl lipid landscape, potentially contributing to the
structural and immunological abnormalities characteristic
of atopic dermatitis.>* Despite these insights, this study has
limitations inherent to the reanalysis of publicly available
metabolomics data. First, the findings are derived from
a single observational LC-MS/MS dataset and were not
supported by targeted experimental validation or replication
in an independent patient cohort. Although the original study
included a balanced design with 30 healthy and 30 atopic
dermatitis samples, and post hoc power analysis indicates
that most discriminatory features were sufficiently powered,
the absence of external validation limits the generalizability
of the reported associations. Moreover, observational
metabolomics data do not allow causal inference regarding
biological function, metabolic origin, or disease mechanisms.
Accordingly, the class-specific dysregulation of N-acyl lipids
and related molecules reported here should be interpreted
as exploratory and hypothesis-generating. Future studies
involving larger and independent cohorts, as well as targeted
and functional validation approaches, will be essential
to confirm the robustness, reproducibility, and biological
relevance of these associations.

Conclusions

N-Acyl lipids and related molecules are a prominent
and class-specifically dysregulated component of the
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metabolic landscape associated with atopic dermatitis.
The distinct alterations observed across N-acyl amino
acids and dipeptides, N-acylethanolamines and long-
chain amides, and carnitine-conjugated fatty acids are
consistent with perturbations in acylation balance, amide
turnover, and oxidative lipid remodeling, processes that are
essential for maintaining epidermal structure and chemical
defense. By leveraging large-scale public LC-MS/MS
datasets, this work highlights previously underexplored
dimensions of N-acyl lipid metabolism and places
these alterations within a broader chemical context that
includes microbial metabolic space and consumer product-
associated exposures. While MASST-based analyses do
not establish causality, they provide valuable insight into
the potential ecological and exposomic relevance of the
dysregulated metabolites observed in atopic skin. Together,
these findings position N-acyl lipid and related molecule
homeostasis as a promising source of candidate biomarkers
and mechanistic targets, offering a framework for future
targeted studies aimed at understanding barrier dysfunction
and inflammatory regulation in atopic dermatitis.
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