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SUMMARY

N-Acyl lipids are important mediators of several biological processes including immune function and stress

response. To enhance the detection of N-acyl lipids with untargeted mass spectrometry-based metabolo-

mics, we created a reference spectral library retrieving N-acyl lipid patterns from 2,700 public datasets, iden-

tifying 851 N-acyl lipids that were detected 356,542 times. 777 are not documented in lipid structural data-

bases, with 18% of these derived from short-chain fatty acids and found in the digestive tract and other

organs. Their levels varied with diet and microbial colonization and in people living with diabetes. We used

the library to link microbial N-acyl lipids, including histamine and polyamine conjugates, to HIV status and

cognitive impairment. This resource will enhance the annotation of these compounds in future studies to

further the understanding of their roles in health and disease and to highlight the value of large-scale untar-

geted metabolomics data for metabolite discovery.

INTRODUCTION

N-Acyl lipids are signaling molecules consisting of two compo-

nents: a fatty acid and an amine group, linked by an amide

bond (Figure 1A). The previously described N-acyl lipids are

involved in crucial biological functions, including immune ho-

meostasis, building of fat mass levels, and regulation of energy

expenditure related to obesity, and they regulate other pro-

cesses such as pain, memory, and insulin levels.1–6 Representa-

tive examples include N-oleoylethanolamine, which controls

food intake; N-acyl taurine, which improves insulin sensitivity;

and N-arachidonoyl 3-OH-γ-aminobutyric acid, which regulates
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calcium-dependent voltage channel function.7,8 Other N-acyl

lipids, such as N-acetyl cysteine and Nα-lauroyl-L-arginate, are

used as an FDA-approved drug and a food ingredient, respec-

tively. N-Acetyl cysteine has antioxidant and anti-inflammatory

properties and is used to block acetaminophen poisoning, as

well as to break up mucus in respiratory diseases.9 On the other

hand, Nα-lauroyl-L-arginate acts as an antimicrobial agent, inhib-

iting bacteria, yeasts, and molds in food products.8 These are

only a few examples of N-acyl lipids, but these molecules are

chemically very diverse. LIPID MAPS, one of the most compre-

hensive lipid structural databases,10 currently catalogs close to

400 N-acyl lipids comprising 76 different head groups derived

from primary amines or amino acids (Figures S1A and S1B).

Known N-acyl lipids can be identified through targeted mass

spectrometry (MS) approaches,11–14 but both known and previ-

ously unreported N-acyl lipids often go unannotated in untar-

geted metabolomics data owing to the lack of reference MS/

MS spectra. We hypothesized that many N-acyl lipids relevant

to biology exist within publicly available liquid chromatog-

raphy-tandem mass spectrometry (LC-MS/MS) untargeted me-

tabolomics data but remain unannotated because of the

absence of relevant spectral libraries. Building on these efforts,

we developed a strategy to create a reusable N-acyl lipid

resource to reinterpret existing data from the untargeted metab-

olomics repository, GNPS/MassIVE. In this way, the biological

function of N-acyl lipids in different contexts can be elucidated,

and we can ensure that future untargeted metabolomics studies

will not overlook these important metabolites. Our approach le-

verages the reverse metabolomics strategy,15 where MS/MS

spectra can serve as proxies for metabolites, which are then

matched across public studies to contextualize their biological

relevance.14,16–23

RESULTS

Detection of N-acyl lipids in public data

To uncover the presence of N-acyl lipids and improve their detec-

tion in existing public untargeted metabolomics data, we devel-

oped the Mass Spec Query Language (MassQL) queries21 for

8,256 different N-acyl lipids with 64 amines and amino acids as

head groups (Figures 1B, S1C, and S1D; Table S1). We applied

these queries to filter MS/MS data from the GNPS-based untar-

geted metabolomics data (2,706 datasets as of January 2024

and includes ∼1.2 billion MS/MS spectra). The fragmentation-

based queries were confined to 2- to 30-carbon fatty acids with

up to four unsaturations. This range was selected because these

fatty acids fragment predictably because of the limited presence

of internal fragments, making it more straightforward to develop

specific queries for which we could keep low false discovery rates

(FDRs) (STAR Methods; Figures S1C and S1D). Of the 64 head

groups for which we created queries, 41 have not been docu-

mented in comprehensive curated lipid structure databases

such as LIPID MAPS,10 LipidBANK,24 or SwissLipids,25 making

their existence and/or prevalence in biology, including human

biology, unclear (Figures S1A and S1B).26

Of the 64 amines and amino acid head groups, we found that

46 were linked with 2- to 30-carbon fatty acids in public data

(Figure 1C). These represented 851 compounds of the theoreti-

cally 8,256 possible candidates from our initial MassQL searches

(Figure 1C; Table S1). A reusable MS/MS spectral library was

created as a resource to enable other researchers to investigate

N-acyl lipids in MS-based metabolomics studies in the future

(Figure 1B). We found that this spectral library can also poten-

tially serve as a valuable resource for lipidomics research, as

N-acyl lipids were also successfully annotated in multiple data-

sets where extraction conditions commonly used in lipidomics

studies were applied (Table S1). 552 spectra were confirmed

to match their MS/MS using reference MS/MS of standards

created using combinatorial organic synthesis14,27 (Figure 1C).

These represent level 2 or 3 annotations according to both the

2007 Metabolomics Standards Initiative and the 2014 Schyman-

ski rules for untargeted metabolomics annotation.28,29 In the

absence of physical samples, this is the highest level of annota-

tion currently possible for annotating MS/MS data in public data.

The most frequently detected lipid conjugate was acetylation

(C2).26 While saturated carbons were the most common, an un-

expected finding was the prevalence of both saturated and un-

saturated C3–C6 short-chain fatty acid (SCFA)-derived N-acyl

lipids, which are rarely reported in the lipid structural databases

(Figure S1B).10,25,26 Irrespective of fatty acid length, the satu-

rated fatty acid containing N-acyl lipids were detected most

frequently—followed by one, two, three, and four unsaturations.

The most common fatty acids linked to N-acyl lipids were C18:1

and C16:1 for one double bond and C18:2, C18:3, and C20:4 for

two, three, and four unsaturations, respectively. Very long-chain-

linked N-acyl lipids are less frequently observed. Even-carbon
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lipid chains accounted for 87% of matches (Table S1). Tyramine

had the highest number of different fatty acid attachments, fol-

lowed by leucine, phenylalanine, and tryptamine. Glutamine

was associated with rare C8–C18 lipids, while tyramine, trypt-

amine, dopamine, and serotonin had rare C20–C30 lipid attach-

ments (Figure 1C).

With the N-acyl lipid MS/MS spectra obtained using MassQL,21

we performed a MASST19,30 search against the entire GNPS re-

pository to link the retrieved spectra to their biological associa-

tions. We obtained 356,542 MS/MS spectra from 61,833 files

across 950 datasets, highlighting the widespread detection of

N-acyl lipids in untargeted metabolomics studies. As little is

known about the biology associated with N-acyl lipids, we lever-

aged the reverse metabolomics strategy14 to understand their

presence in rodents and humans and their distribution across or-

gans, biofluids, and other sources such as food, plants, or micro-

bial cultures. By considering additional metadata curated with

controlled vocabularies using the ReDU20 infrastructure in

GNPS,22 we could categorize N-acyl lipids detected in tissues

and biofluids from humans and rodents, representing 435 and

259 N-acyl lipids, respectively. The tissue and biofluid distribution

in rodents and humans, including the number of MS/MS spectra,

unique N-acyl lipids head groups, and different acyl chain lengths,

are depicted in Figures S2A and S2B. We observed an overlap of

205 N-acyl lipids in public data from both human and rodent-

related datasets, with fecal samples contributing the most to

this overlap (Figure S2C). The most frequently observed chain

lengths in both humans and rodents were C2, C12, C16, and

C18, as illustrated in Figures 1D and 1E. Odd-chain lipid chains

were also detected in both human and rodent datasets, with

C3:0 (propionate) and C5:0 (valerate), both classified as short-

chain fatty acid-derived molecules, being the most frequently de-

tected among them. In rodents, C3:0 was primarily observed in

the colon, caecum, esophagus, and feces, while C5:0 was mostly

found in feces and blood. In humans, C3:0 was detected in saliva,

the vagina, and feces, while C5:0 was present in the oral cavity,

urine, blood, and cerebrospinal fluid, in addition to feces. The

most common head groups identified in both humans and ro-

dents were phenylalanine, spermidine, (iso)leucine, and alanine/

sarcosine (Figures S2D and S2E). The data suggests that N-

acyl lipids occupy specific body niches. Aspartic acid, aminoa-

dipic acid, and spermidine lipids were primarily found in the brain

and rarely in other body locations. Spermidine-conjugated lipids

appeared frequently in saliva, while glutamine N-acyl lipids were

more common in blood, skin, and urine. Tyrosine-conjugated

lipids, however, were almost exclusively detected in human milk.

Out of the 851 N-acyl lipids, 347 were detected in data from

microbial cultures using microbeMASST16 (Figures 1C, 2A, and

2B; Table S1), which consist of a curated reference database

of LC-MS/MS data from more than 60,000 microbial monocul-

tures, comprising 1,858 unique taxonomic lineages. The most

commonly observed N-acyl lipids in these microbial monocul-

tures had phenylalanine, leucine, and tyrosine as head groups

(Figure 2A), with an overall predominance of even-chain lengths

(Figure 2B). Additionally, 167 and 243 of the 851 candidate

N-acyl lipids were detected in plant and food datasets, respec-

tively (Figure 2C; Table S2). This distribution stratified by lipid

chain length revealed that short-, medium-, and long-chain con-

jugates are predominantly detected in human, microbial, and ro-

dent-related datasets, while very long-chain N-acyl lipids are

observed almost exclusively in plants and foods (Figures 2D

and S3A–S3D). It is important to note that extraction protocols

and chromatographic conditions used in the datasets deposited

in the public domain could impact these observations. However,

we investigated these variables in the spectra retrieved in our an-

alyses, and they are largely comparable across different sources

(Figure S3E; Table S2). Both lipidomics and metabolomics data-

sets were retrieved, highlighting their relevance at the intersec-

tion of both omics. These differences in N-acyl lipids found in

food and plant data, compared with microbial cultures, rodent,

and human datasets, suggest they may be consumed through

diet but may also be produced by the microbiota.

This hypothesis was further evaluated by the analysis of a pub-

lic dataset of small intestine and colon samples, where germ-free

(GF) mice were colonized with a conventional gut microbiota

(specific pathogen-free, SPF) or monocolonized with segmented

filamentous bacteria (SFB) or other gut commensal strains.32,33

In addition, we conducted another culturing experiment with hu-

man-derived microbiota to enable MS/MS and retention time

matching. Both datasets revealed a mixture of both consump-

tion and production of N-acyl lipids, providing additional evi-

dence that the microbiota regulates N-acyl lipid levels. These

results are also consistent with a recent report of a Faecalibacte-

rium prausnitzii hydrolase that has both amide hydrolase and N-

acylation function.34

The N-acyl lipid profile in the small intestine and colon differed in

mice colonized with conventional microbiota (SPF) or monocolon-

ized with SFB, compared with GF mice. In addition, the reanalysis

of other monocolonized mouse samples revealed that short-chain

fatty acids generally increased, while those conjugated with longer

chains decreased, compared with GF mice, with cases of microbe

specificity, supporting the hypothesis that microbes may be

Figure 1. Repository-scale analysis of N-acyl lipids in public mass spectrometry data and distribution among different tissues or biofluids

(A) N-Acyl lipid definitions and isomers: this panel explains N-acyl lipids using a C5:1 tail example. A C5:1 lipid consists of a five-carbon fatty acid with one double

bond. The image illustrates the possible isomers for this structure that can yield the same MS/MS spectrum.

(B) Summary of the workflow followed to generate the N-acyl lipids spectral library and repository-scale searches. More detailed information on each step is

available in Figures S1C–S1E.

(C) Heatmap of N-acyl lipids: the heatmap shows 851 N-acyl lipids identified from public MS data in the MassIVE/GNPS repository using MassQL queries.21

Compounds found in microbial cultures are marked with purple squares, those matched with synthetic standards are indicated by black stars, and those

confirmed by retention time with biological samples are shown with red stars.

(D and E) Heatmaps showing distribution in tissues and biofluids: number of matches of different fatty acid chain lengths in tissues and biofluids with metadata

available in ReDU20 for (D) rodent and (E) human-related public datasets. All heatmaps are shown as log values of the matches obtained from the repository,

regardless of the head group. Icons were obtained from Bioicons.com.

Related to Figures S1 and S2.
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Figure 2. Evidence of microbial origins of N-acyl lipids

(A and B) Heatmaps depict the distribution of different head groups (A) and tails (B) across various microbial classes, with barplots showing the total counts for

each class in microbeMASST.16 The y axis was taxonomically ordered according to the NCBI Taxonomy ID, while the x axis was clustered using the BrayCurtis

metric for the head groups or in ascending order (in number of carbons and unsaturations) for the tails.

(C) UpSet plot of N-acyl lipid distribution: this plot highlights the distribution of N-acyl lipids across different datasets, including human-related, rodent-related,

microbial monocultures, and plant- and food-associated data.

(D) Distribution of N-acyl lipid chain lengths: this summary shows the prevalence of short-, medium-, long-, and very long-chain N-acyl lipids in public data. Note

that the exact location and cis/trans configurations of double bonds cannot be determined from the current queries, which are annotated at the molecular family

level according to the Metabolomics Standards Initiative.28

(legend continued on next page)
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involved in N-acyl lipids production (Figure S3F). Culturing 71

commensal bacteria from the human gut also revealed their ability

to make N-acyl lipids and provided additional support for this hy-

pothesis.35 Since the vast majority of these microbes are not yet

part of microbeMASST, this approach provided both orthogonal

evidence and experimental validation of microbial-linked N-acyl

lipids. We obtained 50 MS/MS matches to the N-acyl lipids

resource, with 38 corresponding to N-acyl lipids conjugated to

short-chain fatty acids (Figures S3G, S4A, and S4B). We observed

that short-chain N-acyl lipids increased, compared with the culture

media, while longer chains (C8–C12) generally decreased, except

for ornithine-C17:1 and leucine- and methionine-C9:4, suggesting

that the microbiota can produce many of these N-acyl lipids con-

jugated to short-chain fatty acids.

To assess the presence of N-acyl lipids and their potential

changes under different biological conditions, we performed in-

depth analyses using our newly created library on public datasets

that had expanded metadata. Reanalysis of datasets on diabetes

(type I), various stages of forensic human body decompositions,36

anddiet andeffect of antibiotics in colorectal cancer31 revealed the

presence of many N-acyl lipids, based on matching their MS/MS

against the MS/MS N-acyl lipids resource (Figures 2E, 2F, and

S3H–S3N). Peak intensity analysis against the available metadata

revealed that shorter-chain N-acyl lipids were decreased in the

diabetic group (urine from humans) (Figure S3H), longer-chain fatty

acids N-acyl lipids increased upon cadaver decomposition (skin

swabs from humans and soil) (Figures S3I–S3L, S4D, and S4E),

and overall N-acyl lipids levels were altered by diet (feces of

mice on normal chow vs. high-fat diet) (Figure 2E). Mice on a

normal chow had a higher abundance and variety of short-chain

fatty acid-derived N-acyl lipids, compared with mice on a high-

fat diet. Conversely, mice on a high-fat diet showed increases in

N-acyl lipids conjugated to longer-chain fatty acids (Figures 2E

and S3M). Intriguingly, most of those same longer-chain fatty

acid conjugates that are observed in the high-fat diet are no longer

detected upon treatment with an antibiotic cocktail (Figures 2F and

S3N), providing additional evidence linking the production of many

of the N-acyl lipids conjugates to the microbiome and diet. After

generating and validating the N-acyl lipid resource with published

datasets and with the knowledge that many N-acyl lipids are made

by the microbiota, we next set out to demonstrate its utility in a new

human research study.

Demonstrating the utility of the N-acyl lipid resource—

N-acyl lipids in relation to HIV, immune, and cognition

status

To further demonstrate the utility of our newly created N-acyl

lipid MS/MS library, and to provide a case study on how to

leverage this resource, we used it to annotate N-acyl lipids in

an ongoing study in our laboratory aimed at understanding the

effect of the microbiome on neurocognition in people infected

with the human immunodeficiency virus (HIV). This cohort

included stool data collected from both people with HIV (PWH)

and people without HIV (PWoH), who had also completed neuro-

cognitive evaluations as part of NIH-funded studies conducted

at the UC San Diego HIV Neurobehavioral Research Program,

primarily the HIV Neurobehavioral Research Center (HNRC).

The characteristics of the participants are available in Table

S3. More than 50 matches to MS/MS spectra of N-acyl lipids

were obtained, and we observed higher levels of histamine N-

acyl lipids, particularly those conjugated with short-chain fatty

acids, in PWH compared with PWoH (Figure S5A). In pairwise

comparisons of specific N-acyl lipids, histamine-C2:0, hista-

mine-C3:0, and histamine-C6:0 were higher in PWH (Mann-

Whitney U test, p values of 0.003, 0.003, and 0.042, respec-

tively). Besides that, histamine-C4:0 and histamine-C5:0 also

showed a higher trend in PWH. All other N-acyl histamines,

including those not initially searched for with the MassQL query

but identified through molecular networking,37–39 were found in

higher average levels in samples of PWH compared with

PWoH (Figure S5D). However, none of these lipids reached sig-

nificance at the selected statistical threshold of p < 0.05.

Histamine conjugates were linked to HIV status, while poly-

amine N-acyl lipids were associated with neurocognitive impair-

ment status (impaired vs. unimpaired). Specifically, cadaverine

and putrescine N-acyl lipids, particularly those with short acyl

chains, were elevated in the impaired group compared with the

unimpaired group (Mann-Whitney U test, p values from 0.001

to 0.04; Figures S5B and S5E). Further, analyses using a linear

mixed-effects model, with fixed covariates of HIV status and

neurocognitive impairment status, while treating the subject as

a random effect, suggest that histamine-C2:0 and histamine-

C3:0 continue to be positively associated with HIV status, and

acylated polyamines were associated with neurocognitive

impairment (Figure 3A). Within the PWH subgroup, N-acyl ca-

daverines consistently trended higher in the impaired group;

however, none reached statistical significance (Figures S5C

and S5F). We also observed a trend where the histamine conju-

gates with C2, C3, C4, and C5 were negatively associated with

CD4+/CD8+ T cell ratio considering only the PWH subset, which

is an indicator of immune system homeostasis.40 In contrast,

polyamines, particularly cadaverines linked to C2, C3, C5, C6,

and C7, showed a positive correlation with the CD4+/CD8+ ratio

in PWH (Figure 3B). One concern is the potential for spurious

matches. However, the consistent observation of multiple N-

acyl derivatives of the same head group trending in the same di-

rection suggests otherwise, with an extremely low probability of

occurring by chance (e.g., the probability of five matches to N-

acyl cadaverines is 8.17 × 10− 10), making random matches

unlikely. Additionally, we explored the relationships between

N-acyl lipids and plasma HIV RNA viral loads in the PWH subset.

We found that N-acyl lipids with short acyl chains were positively

associated with higher viral loads, while those with longer acyl

chains were linked to lower viral loads (Figure S5G).

(E and F) Volcano plots of mouse fecal pellets from a dataset publicly available (GNPS/MassIVE: MSV000080918),31 showing N-acyl lipids upregulated and

downregulated upon different diets (E) and antibiotic treatment (F). The significant thresholds are marked by dotted lines in the volcano plot (p < 0.05 and log2 fold

change [FC] > 2 or < 2). Differential compounds between the groups were evaluated using the non-parametric two-sided Mann-Whitney U test, and p values were

corrected for multiple comparisons using the Benjamini-Hochberg correction. Icons were obtained from Bioicons.com.

Related to Figures S3 and S4.
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To validate their identities, we matched retention time and MS/

MS in comparison to pure synthetic standards for 13 of these

short-chain fatty acid-derived N-acyl lipids that are associated

with HIV status (histamine-C2:0, -C3:0, -C4:0, -C5:0, and

-C6:0), neurocognitive impairment status (cadaverine-C2:0,

-C3:0, -C5:0, -C6:0, and -C7:0), and included dopamine-C2:0,

serotonin-C2:0, and tryptophan-C3:0 in this validation of the an-

notations of neurotransmitter derivatives—even though they did

not associate with neurocognitive impairment (Figure 3C). All the

compounds matched both the retention times and the MS/MS

spectra in the fecal samples, confirming their presence in the

samples (Figures S5H and S5I). Quantification experiments re-

vealed that many of these compounds are present at high biolog-

ical levels, reaching micromolar (μM) concentrations (Table S3).

Although we do not yet understand the biology behind this vari-

ability, and many samples had concentrations below the limit of

quantification, the highest concentrations of N-acyl histamines

that we quantified were 93.8, 20.7, 7.0, and 2.7 ng/g of fecal

sample for histamine-C2:0 through histamine-C5:0, respec-

tively. Additionally, for the N-acyl cadaverines, we found the con-

centrations to be as high as 350.4, 126.7, 36.7, and 1.3 ng/g for

cadaverine-C2:0, cadaverine-C3:0, cadaverine-C5:0, and cad-

averine-C6:0, respectively. Dopamine-C2:0 was also quantified,

with levels ranging from 0.0008 to 3.2 ng/g. While histamine-

C6:0, cadaverine-C7:0, serotonin-C2:0, and tryptophan-C3:0

were matched with retention times and MS/MS, their concentra-

tions were too low to be accurately quantified in the samples.

Microbial producers of HIV-associated histamine N-acyl

lipids

Samples from the HNRC also underwent metagenomic sequ-

encing, allowing us to perform correlation analyses to identify mi-

crobes potentially responsible for producing histamine and poly-

amine N-acyl lipids associated with HIV and neurocognitive

status. Previous microbial cultures from this study produced

cadaverine-C2:0 and cadaverine-C4:0 (Figure S3G). Microbe-

MASST searches also confirmed that cadaverine N-acyl lipids

have been observed in microbial monocultures (Figure 1C).

However, no microbial N-acyl histamines were detected in either

public data or our experiments, raising the question of whether

histamine conjugates are microbially produced, and if so, which

microorganisms may be responsible for their production.

To investigate this further and identify microbes potentially

associated with N-acyl histamines, we conducted a multiomic

microbe-metabolite co-occurrence analysis using mmvec.41

We observed a strong trend of distinct microbe-metabolite co-

occurrences between PWH and PWoH (Figure S5J). Higher mi-

crobial-metabolite co-occurrence probabilities were observed

for histamine-C2:0 and histamine-C3:0 (Table S3). Ten microbial

taxonomic orders also stood out for presenting several organisms

that resulted in high co-occurrence probabilities with both hista-

mine-C2:0 and histamine-C3:0 but with histamine-C2:0 exhibit-

ing more high co-occurrences than histamine-C3:0 (Figure 3D).

Based on the multiomics analysis and availability of strains, we

selected nine bacterial strains from these microbial orders for

culturing and supplemented the media with histamine, cadav-

erine, and putrescine. After 72 h of culturing, we analyzed the

samples using LC-MS/MS and matched them against the N-

acyl lipids library (Figure 3E). We identified histamine-C2:0, his-

tamine-C3:0, cadaverine-C2:0, and cadaverine-C3:0 in the cul-

tures at 72 h, whereas these compounds were not detected at

0 h post-addition. This finding confirm that some microorgan-

isms are capable of producing these N-acyl lipids. Specifically,

cadaverine-C3:0 was observed in cultures of Collinsella aerofa-

ciens ATCC 25986 and Prevotella buccae D17, while cadav-

erine-C2:0 was detected in extracts from these two microbes

as well as in Catenibacterium mitsuokai DSM 15897 and Holde-

manella biformis DSM 3989. Catenibacterium mitsuokai DSM

15897 produced only histamine-C2:0, whereas Collinsella aero-

faciens ATCC 25986, Holdemanella biformis DSM 3989, and

Prevotella buccae D17 produced both histamine-C2:0 and hista-

mine-C3:0. Dorea longicatena DSM 13814 produced only hista-

mine-C3:0. Collinsella aerofaciens ATCC 25986 produced the

highest amount of histamine-C2:0, with a concentration of

1.905 ± 0.302 μM in the extracts (Figure 3E; Table S3). The high-

est levels of histamine-C3:0 were observed in Prevotella buccae

D17, with a concentration of 0.358 ± 0.016 μM. Cadaverine-C2:0

and cadaverine-C3:0 were confirmed to be produced by specific

microbes by MS/MS and retention time matching, but these

compounds were present in lower concentrations in the extracts

and could not be accurately quantified.

Immunomodulatory activity of N-acyl lipids

To further investigate the potential role of N-acyl lipids in immune

function, we analyzed their effects on CD4+ T cells polarization

by measuring the expression of key transcription factors:

Foxp3+ (regulatory T cell [Treg]), Tbet+ (T helper 1 [Th1]), and

RORγT+ (Th17) on day 0 and day 3. We co-cultured murine

Figure 3. N-Acyl lipids are correlated with HIV and neurocognitive impairment status and produced by microbes

(A) Forest plot illustrating the coefficient estimate of a linear mixed-effects model for individual N-acyl lipid species, with fixed covariates of HIV status (PWH, n =

226; PWoH, n = 87) and neurocognitive impairment status (impaired, n = 151; unimpaired, n = 162), accounting for random effects within individual samples/visit

where stool samples were collected. Filled squares (HIV status) and circles (neurocognitive impairment status) with corresponding confidence intervals represent

significant N-acyl lipid species. Faded circles and squares depict non-significant species. Each color represents a different head group.

(B) Bar plot showing the correlation coefficients of association between CD4/CD8 ratio and various N-acyl lipids in a subset of the PWH (n = 171) with available

metadata. Red bars represent positive correlations, while blue bars represent negative correlations, as determined by linear regression models. The p values

shown are nominal; adjusted p values (corrected for multiple comparisons using the Benjamini-Hochberg method) are available in Table S3.

(C) Structures of all N-acyl lipids confirmed in this study with pure synthetic standards.

(D) Network of the microbial taxonomic orders with co-occurrences >6.0 and shared between histamine-C2:0 and histamine-C3:0. Nodes colored in pink are the

orders selected for culturing experiments.

(E) Concentrations of histamine-C2:0 and histamine-C3:0 in microbial extracts. Values in the y axis represent the amount of these compounds in micromolar (μM)

concentrations in the extracts. Cadaverine (C), putrescine (P), and histamine (H) were added to the medium.

Related to Figure S5.
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bone-marrow-derived dendritic cells and naive CD4+ T cells with

pure N-acyl lipids (N-acyl histamines and cadaverines, dopa-

mine-C2:0, serotonin-C2:0, and tryptophan-C3:0). Several N-

acyl lipids exhibited distinct effects on T cell differentiation

(Figure 4; Table S4). Cadaverine-C5:0, -C6:0, and -C7:0, as

well as dopamine-C2:0 and tryptophan-C3:0, significantly

increased Foxp3+ expression, suggesting a role in promoting

Treg differentiation. In contrast, N-acyl cadaverines reduced

Tbet+ expression in a lipid chain length-dependent manner, indi-

cating a suppression of Th1 differentiation. Similarly, tryptophan-

C3:0 also led to a reduction in Tbet+ expression. Additionally,

cadaverine-C5:0, cadaverine-C7:0, and tryptophan-C3:0 signif-

icantly increased RORγT+ expression, suggesting a potential

role in promoting Th17 differentiation. None of the N-acyl hista-

mines or serotonin-C2:0 exhibited significant immunomodula-

tory effects under the tested conditions.

DISCUSSION

Despite their infrequent description or annotation in metabolo-

mics data and literature, N-acyl lipids are quite prevalent, as re-

vealed by our reverse metabolomics analysis using the MassQL-

generated MS/MS reference resource. A significant portion of

the N-acyl lipids identified in this study were derived from

short-chain fatty acids. Free short-chain fatty acids are a key

and extensively studied class of molecules produced at the mi-

crobiota-diet interface.42 While primarily produced in the gut,

these fatty acids can impact distant organs such as the liver,

lungs, urogenital tract, and brain.43–45 They play a role in immune

regulation, affecting T cell functions and CD4+/CD8+ levels, and

they are implicated in health conditions like disrupted intestinal

barrier function and diseases, including autoimmune disorders,

diabetes, and HIV.42,46,47

Given the short-chain fatty acids prominence in microbiome

research, it was surprising to find such a large panel of N-acyl

lipids, many derived from short-chain fatty acids, which had

not been previously documented in lipid structural data re-

sources. Our study demonstrated that these N-acyl lipids are de-

tected in data from sites distant from the gut. Their levels are

influenced by factors such as dietary changes, antibiotic use,

and health conditions affecting the microbiome, such as dia-

betes, and by other microbiome-mediated processes such as

decomposition. Additionally, analysis of publicly available data,

along with microbial culturing experiments conducted in this

study, showed that individual cultures can produce, in a

microbe-specific manner, certain N-acyl lipids when both the

amine head group and lipid substrates are present.

Data from fecal samples of PWH revealed a substantial num-

ber of microbially produced short-chain fatty acid-derived N-

acyl lipids—an observation not previously identified despite

numerous metabolomics studies on PWH.48–55 This discovery

was made possible by the N-acyl lipid MS/MS resource

created in this work. We found that microbially produced

short-chain fatty acids linked to polyamines and histamine

were associated with plasma HIV RNA viral load and CD4+/

CD8+ levels in PWH. This study uncovered several N-acylated

lipids related to HIV status, including histamine conjugates,

while many polyamine-derived N-acyl lipids were associated

with neurocognitive impairment status in both PWH and

PWoH in this cohort.

Although limited information is available on histamine-contain-

ing N-acyl lipids, it is known that the non-acylated histamine it-

self, produced by macrophages, is increased in PWH.56 Thus,

one can hypothesize that the production of the N-acylated hista-

mines may require not only the availability of histamine but also

the short-chain fatty acids and the right organisms. Indeed, or-

ganisms such as Prevotella, which are commonly enriched in

PWH,57 can produce propionate from succinate58 and have

the ability to couple this to histamine. Beyond HIV populations,

very little is known about the short-chain fatty acid-histamine

conjugates. The C2 and C3 N-acyl histamines were previously

found to be elevated in the urine of patients with intestinal disor-

ders, and the histamine-C6 was found to be very modestly cyto-

toxic, while related molecules that have longer-chain fatty acids

conjugated to them act on peroxisome proliferator-activated

receptor-α (PPAR-α).59–61 PPAR-α protects from HIV-related

systemic inflammation and improves intestinal barrier fun-

ction.62,63 We did not find biological reports for the C4–C5

Figure 4. N-Acyl lipids have immunomodulatory activities

Flow cytometric quantification of Foxp3+ (left), Tbet+ (middle), and RORγT+ (right) induction in naive CD4+ T cells. Cells were treated with 100 μM of N-acyl lipids

on day 0, and CD4+ T cells were gated for analyses on day 3. Data are representative of two independent experiments. Bar plot shows mean, and error bars

represent SEM. One-way Dunnett’s multiple comparisons test provided significance.
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histamine conjugates, and it is not yet known if these specific N-

acyl lipids also provide such protective effects.

There is a strong connection between HIV disease and poly-

amines. Polyamines, such as cadaverine, protect the HIV virion

and sperm from the acidity in the vaginal tract and increase

infectivity.64 Polyamines are detected in higher quantities and

affect Treg cell dysfunction in PWH.49,65,66 Intriguingly, poly-

amine metabolism plays a crucial role in maintaining the integrity

of Th cell lineage, which is crucial in regulating inflammation and

maintaining immune tolerance.67,68 As with the histamine conju-

gates, there is also limited information on polyamine conjugates

and HIV disease or other health conditions. This includes the

cadaverine N-acyl lipids, except for the commonly measured

C2 conjugate, which has been associated with cancer and other

health conditions, such as in the urine of individuals with Alz-

heimer’s disease, and has been shown to reduce the aggressive-

ness of breast cancer in rodents.69–71 The cadaverine-C3, also

known as N-propionyl cadaverine, has been shown to not only

reach the brain of rats in vivo but also, as shown in vitro, to

depress electrically stimulated dopamine release from the neo-

striatum from rats at concentrations in the nanomolar (nM)

range.72–74 We did not find biological reports for the C4–C6

cadaverine, despite recent studies highlighting the discovery of

microbiome-derived polyamines.23,75–77 We found that poly-

amine N-acyl lipids, especially cadaverine short-chain fatty

acid conjugates, are associated with impairment status in this

study. Although it is established that other polyamines, acetyl-

spermidine, and unconjugated putrescine are biomarkers for

HIV-associated neurocognitive disorders,78 this is not known

for the N-acyl-cadaverines.

Non-dietary histamine and cadaverine levels are reported to

be inversely linked, and we see a similar trend for the N-acyl

cadaverine and histamines and in relation to CD4+/CD8+ ratio.

Although it is not yet known if N-acyl conjugates exhibit similar

activities, cadaverine can potentiate histamine levels, possibly

via competitive inhibition of histamine-degrading enzymes.79–81

This inverse relationship and the role of the Prevotella-derived

production of short-chain fatty acid-linked histamine and poly-

amines and their role in HIV disease and HIV-associated neuro-

cognitive impairment warrant more research. Additionally, since

most participants in the study were on antiretroviral therapy, its

potential impact on the N-acyl lipid levels should be further

investigated. However, the N-acyl lipid reference resource

from this work enabled the identification of previously detected

but unannotated microbial-derived molecules and their associa-

tions with HIV disease and neurocognitive impairment.

HIV infection is known to cause loss of CD4+ T cells.82 A

T-polarization assay revealed that specific N-acyl lipids obs-

erved in the HIV study, especially cadaverine conjugates, exhibit

immunomodulatory effects by altering the expression of Treg,

Th1, and Th17 cells, revealing activation and suppression.

Although causal connections require further investigation, these

expression patterns intriguingly align with previous observations

of altered Treg, Th1, and Th17 responses in HIV, suggesting a

potential role in balancing T cell dynamics.83 The upregulation

of Foxp3+, a marker for Treg, by cadaverine-C5:0, -C6:0, and

-C7:0 suggests a potential role in immune activation. Th1 cells

are important for antiviral immunity, including control of HIV repli-

cation, and their decline is a characteristic of HIV progression.84

N-Acyl cadaverines induce a downregulation of Tbet+, the re-

porter for Th1, which suggests a shift toward an immunosup-

pressive state. The loss of Th17 cells in HIV is correlated with

the decrease of the integrity of the gut mucosal barrier, which in-

creases microbial translocation and, consequently, a systemic

immune activation in HIV.85 Cadaverine-C5:0 and -C7:0 were

able to increase RORγt+ expression, restoring Th17 cells and

promoting the mucosal barrier. T cells are able to cross the

blood-brain barrier and are also associated with cognitive

impairment.86 Th17 cells have been correlated with increased

cognitive impairment in stroke patients,87,88 while Th1 and

Th17 were elevated in patients with Alzheimer’s disease.89 How-

ever, there is limited information on their role in cognitive impair-

ment among PWH. In contrast to the N-acyl cadaverines, N-acyl

histamines showed no immunomodulatory activity in the assays

performed, and their potential biological functions in HIV, if any,

remain unknown.

The unexpected discovery of hundreds of short-chain fatty

acid-derived N-acyl lipids, not reported in structural lipid data-

bases, highlights their widespread presence across all biofluids

and organs for which data are available, despite several being

produced by the microbiota. The identification of various struc-

tural family members opens an additional chapter in understand-

ing the mechanistic and functional roles of short-chain fatty

acids. This finding may even prompt a reinterpretation of how mi-

crobially produced short-chain fatty acids influence the produc-

tion of N-acyl lipids and, consequently, a wide range of condi-

tions, as they are only formed when both substrates are

present and the appropriate microbe(s) is present to create the

link. This resource has enabled the generation of numerous hy-

potheses regarding the functions of these N-acyl lipids, and we

anticipate that fully elucidating their roles will require extensive

research across many laboratories and thousands of studies.

While we provide signatures for 851 metabolites here, this is

only the beginning. Many other amines are not covered in this

study, and they also may be linked to different fatty acids. Lipids

containing other atoms, such as oxygen, nitrogen, or halogens,

were not included and would require dedicated MassQL queries

or the development of alternative detection strategies. Alcohols

might also undergo similar structural diversification. Moreover,

the diversity of lipids available for acylation extends well beyond

the C2:0 to C30:4 range of lipids we examined. We anticipate

that this resource will spur the development of additional ways

to find N-acyl lipids and will help uncover additional biological

and health associations. This may enhance our understanding

of microbiome-mediated effects and may potentially serve as

easy-to-detect microbial biomarkers in precision medicine,

given their prevalence. Finally, this resource captures the inter-

section of nutrient availability with microbial and host meta-

bolism, warranting further exploration of their biological

functions.

Limitations of the study

Users of this resource should consider three main limitations

when making biological discoveries. First, while we have consis-

tently matched the MS/MS of synthetic standards to MassQL-

recovered spectra, there have been instances where the match
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was to a different isomer. For example, in the cohort of the body

decomposition study (Figures S4C and S4D), the N-acyl

2-phenethylamines matched both in retention time and MS/MS

with the synthetic standard in the two chromatographic methods

tested. However, even though the N-acyl amylamines MS/MS

matched, the retention times were shifted by 0.1 min, suggesting

the presence of a different isomer instead, such as a branched

chain in the acyl portion. Even though this difference could arise

due to matrix effects of the biological sample, co-migration ana-

lyses could confirm that these were indeed different com-

pounds. Other head groups can also have more than one posi-

tion for the acyl attachment, which will also result in very

similar MS/MS spectra. For the HIV study, all the pure N-acyl

lipid standards matched the compounds present in the samples.

Even though there were three nitrogen atoms available for the

acyl substitution, in the case of the N-acyl histamines, the substi-

tution of the acyl chain was observed in the primary amine group

in all instances. Therefore, at the repository-level search, it is

advisable to refer to the number of carbons and double bonds

in the lipid chain rather than to the exact structure, as multiple

isomers can correspond to the same family of molecules (see

Figure 1A).

Second, our initial query was designed to capture the proton-

ated ion forms of the molecules. However, many different ion

forms, such as adducts, multimers, and in/post-source frag-

ments, are commonly detected for any given molecule. The frag-

mentation patterns of other ion forms may differ and would

require separate MassQL queries. A limitation of using other

ion forms for query development is the scarcity of reference

spectra to understand their fragmentation behavior. Neverthe-

less, once an annotation is made, it is possible to retrieve asso-

ciated MS/MS spectra for different ion forms through peak

shape and retention time alignments.90 Currently, this type of

analysis is feasible only within a single dataset and not across

all public data simultaneously.

Finally, it is crucial to note that our observations are based on

the N-acyl lipid spectra detected in public-domain data. Reanal-

ysis of public data allows for relative quantification; however, it is

often important to know the exact amount that is detected. For

example, if one wants to establish causal relationships, knowing

the concentration is important. Biological associations can only

be established when there are well-curated public (meta)data.

Variations in underlying biological conditions—such as feeding

time, health, circadian rhythm, and diet type—may affect con-

centrations and detectability in untargeted metabolomics. More-

over, mass spectrometry-based metabolomics data are highly

sensitive to data acquisition parameters (e.g., mass spectrom-

eter type, ionization technique, collision energies, chromato-

graphic gradient) and sample preparation methodologies (e.g.,

storage conditions, extraction methods). In particular, the

extraction efficiencies of N-acyl lipids were not systematically

evaluated in this study, meaning that the reported quantifications

represent a lower bound of their actual abundance in biological

samples. Therefore, while the observed patterns and trends in

N-acyl lipid distribution across various tissues and biofluids pro-

vide valuable insights, they should be interpreted with these con-

siderations in mind, and the results should be used to formulate

testable hypotheses.

RESOURCE AVAILABILITY

Lead contact

Further queries and reagent requests may be directed and will be fulfilled by

the lead contact, Pieter C. Dorrestein (pdorrestein@health.ucsd.edu).

Materials availability

This study did not generate new unique reagents. All the reagents in this study

were included in the key resources table.

Data and code availability

The N-acyl lipids library is available as part of the GNPS public spectral

libraries (https://gnps.ucsd.edu/ProteoSAFe/gnpslibrary.jsp?library=GNPS-

N-ACYL-LIPIDS-MASSQL) and is also archived in Zenodo (https://doi.org/

10.5281/zenodo.14015198). All the scripts used to perform the data analyses

and generate the figures are available at https://github.com/helenamrusso/N-

acyl_lipids. NMR data of the pure N-acyl lipids are archived at Zenodo (https://

doi.org/10.5281/zenodo.14015081). All the untargeted metabolomics LC-MS/

MS data are deposited on GNPS/MassIVE and are publicly available under the

following accession numbers: MSV000088040 (monocolonized germ-free

mice), MSV000082261 (diabetes), MSV000084322 (body decomposition,

skin), and MSV000084463 (body decomposition, soil), MSV000080918 (diet

and antibiotics treatment), MSV000095648 (microbial monocultures),

MSV000092833 (HIV study), MSV000095423 (retention time and MS/MS

matching), and MSV000096049 (method validation and quantification). Owing

to human volunteer protection constraints, the sample metadata for the HNRC

cohort will be provided upon request to HNRC: https://hnrp.hivresearch.ucsd.

edu/index.php/hnrc-home.
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L., Kuznetsov, D., David, F.P.A., van der Goot, F.G., Riezman, H., et al.

(2015). The SwissLipids knowledgebase for lipid biology. Bioinformatics

31, 2860–2866. https://doi.org/10.1093/bioinformatics/btv285.

26. Bhandari, S., Bisht, K.S., and Merkler, D.J. (2021). The Biosynthesis and

Metabolism of the N-Acylated Aromatic Amino Acids: N-Acylphenylala-

nine, N-Acyltyrosine, N-Acyltryptophan, and N-Acylhistidine. Front.

Mol. Biosci. 8, 801749. https://doi.org/10.3389/fmolb.2021.801749.

27. Ghosh, A.K., and Shahabi, D. (2021). Synthesis of amide derivatives for

electron deficient amines and functionalized carboxylic acids using

EDC and DMAP and a catalytic amount of HOBt as the coupling re-

agents. Tetrahedron Lett. 63, 152719. https://doi.org/10.1016/j.tetlet.

2020.152719.

28. Sumner, L.W., Amberg, A., Barrett, D., Beale, M.H., Beger, R., Daykin, C.

A., Fan, T.W.-M., Fiehn, O., Goodacre, R., Griffin, J.L., et al. (2007). Pro-

posed minimum reporting standards for chemical analysis Chemical

Analysis Working Group (CAWG) Metabolomics Standards Initiative

(MSI). Metabolomics 3, 211–221. https://doi.org/10.1007/s11306-007-

0082-2.

29. Schymanski, E.L., Jeon, J., Gulde, R., Fenner, K., Ruff, M., Singer, H.P.,

and Hollender, J. (2014). Identifying small molecules via high resolution

mass spectrometry: communicating confidence. Environ. Sci. Technol.

48, 2097–2098. https://doi.org/10.1021/es5002105.

30. Batsoyol, N., Pullman, B., Wang, M., Bandeira, N., and Swanson, S.

(2022). P-Massive: A Real-Time Search Engine for a Multi-Terabyte

Mass Spectrometry Database. In International Conference for High Per-

formance Computing, Networking, Storage and Analysis, pp. 1–15.

https://doi.org/10.1109/SC41404.2022.00014.

31. Shalapour, S., Lin, X.-J., Bastian, I.N., Brain, J., Burt, A.D., Aksenov, A.A.,

Vrbanac, A.F., Li, W., Perkins, A., Matsutani, T., et al. (2017). Inflamma-

tion-induced IgA+ cells dismantle anti-liver cancer immunity. Nature

551, 340–345. https://doi.org/10.1038/nature24302.

32. Song, X., Zhang, H., Zhang, Y., Goh, B., Bao, B., Mello, S.S., Sun, X.,

Zheng, W., Gazzaniga, F.S., Wu, M., et al. (2023). Gut microbial fatty

acid isomerization modulates intraepithelial T cells. Nature 619,

837–843. https://doi.org/10.1038/s41586-023-06265-4.

33. Wu, M., Zheng, W., Song, X., Bao, B., Wang, Y., Ramanan, D., Yang, D.,

Liu, R., Macbeth, J.C., Do, E.A., et al. (2024). Gut complement induced by

the microbiota combats pathogens and spares commensals. Cell 187,

897–913. https://doi.org/10.1016/j.cell.2023.12.036.

34. Cheng, J., Venkatesh, S., Ke, K., Barratt, M.J., and Gordon, J.I. (2024). A

human gut Faecalibacterium prausnitzii fatty acid amide hydrolase. Sci-

ence 386, eado6828. https://doi.org/10.1126/science.ado6828.

35. Cheng, A.G., Ho, P.-Y., Aranda-Dı́az, A., Jain, S., Yu, F.B., Meng, X.,

Wang, M., Iakiviak, M., Nagashima, K., Zhao, A., et al. (2022). Design,

construction, and in vivo augmentation of a complex gut microbiome.

Cell 185, 3617–3636. https://doi.org/10.1016/j.cell.2022.08.003.

36. Burcham, Z.M., Belk, A.D., McGivern, B.B., Bouslimani, A., Ghadermazi,

P., Martino, C., Shenhav, L., Zhang, A.R., Shi, P., Emmons, A., et al.

(2024). A conserved interdomain microbial network underpins cadaver

decomposition despite environmental variables. Nat. Microbiol. 9,

595–613. https://doi.org/10.1038/s41564-023-01580-y.

37. Watrous, J., Roach, P., Alexandrov, T., Heath, B.S., Yang, J.Y., Kersten,

R.D., van der Voort, M., Pogliano, K., Gross, H., Raaijmakers, J.M., et al.

(2012). Mass spectral molecular networking of living microbial colonies.

Proc. Natl. Acad. Sci. USA 109, E1743–E1752. https://doi.org/10.1073/

pnas.1203689109.

38. Quinn, R.A., Melnik, A.V., Vrbanac, A., Fu, T., Patras, K.A., Christy, M.P.,

Bodai, Z., Belda-Ferre, P., Tripathi, A., Chung, L.K., et al. (2020). Global

chemical effects of the microbiome include new bile-acid conjugations.

Nature 579, 123–129. https://doi.org/10.1038/s41586-020-2047-9.

39. Quinn, R.A., Nothias, L.-F., Vining, O., Meehan, M., Esquenazi, E., and

Dorrestein, P.C. (2017). Molecular networking as a drug discovery,

drug metabolism, and precision medicine strategy. Trends Pharmacol.

Sci. 38, 143–154. https://doi.org/10.1016/j.tips.2016.10.011.

40. Buggert, M., Frederiksen, J., Noyan, K., Svärd, J., Barqasho, B., Sönner-
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

LIVE/DEADTM Fixable Yellow Dead Cell Stain Kit Life Technologies L34968

CD4 Monoclonal Antibody (clone RM4-5), APC-eFluorTM 780 eBioscience Cat# 47-0042-82; Lot# 2431517

Foxp3 Monoclonal Antibody (clone: FJK-16s), FITC eBioscience Cat# 11-5773-82; Lot #2984316

Rorγt Mouse Anti Mouse (clone: Q31 378), Brilliant Violet 421 BD Biosciences Cat# 562894; Lot# 4093064

Tbet Monoclonal Antibody (clone: 4B10), PE/Dazzle 594 Biolegend Cat# 644828; Lot# B402685

Biological samples

Human fecal samples HIV Neurobehavioral

Research Center (HNRC)

UCSD Human Research Protections

Program, HNRC IRB#172092

Chemicals, peptides, and recombinant proteins

Histamine-C2:0 Sigma-Aldrich 673-49-4

Histamine-C3:0 EnamineStore 37622-30-3

Histamine-C4:0 EnamineStore 710311-88-9

Histamine-C5:0 EnamineStore 1007671-42-2

Histamine-C6:0 Aldlab Chemicals 103827-10-7

Cadaverine-C2:0 Sigma-Aldrich 32343-73-0

Cadaverine-C3:0 EnamineStore 65251-14-1

Cadaverine-C5:0 Aldlab Chemicals 1341377-80-7

Cadaverine-C6:0 Aldlab Chemicals 1338959-33-3

Cadaverine-C7:0 Aldlab Chemicals 1593857-16-9

Dopamine-C2:0 Sigma-Aldrich 2494-12-4

Serotonin-C2:0 Sigma-Aldrich 1210-83-9

Tryptophan-C3:0 Aldlab Chemicals 79198-76-8

Recombinant Mouse GM-CSF (carrier-free) Biolegend Cat# 576308

Recombinant Murine IL-2 Peprotech Cat# 212-12-20UG

Anti-mouse CD3e Functional Grade Purified eBioscience Cat# 16-0031-86

Mouse IL-23 Recombinant Protein eBioscience Cat# 14-8231-63

Recombinant Murine IL-6 Peprotech Cat# 216-16

Recombinant Murine IL-1β Peprotech Cat# 211-11B

Critical commercial assays

Naive CD4+T Cell Isolation Kit Miltenyi Biotec Cat# 130-104-453

Deposited data

N-acyl lipids library This paper https://doi.org/10.5281/zenodo.14015198

Untargeted LC-MS/MS data of mice - feces (diet and

antibiotics treatment)

Michael Karin GNPS/MassIVE: MSV000080918

Untargeted LC-MS/MS data from the body decomposition

study - skin swabs and soil

Jessica L. Metcalf GNPS/MassIVE: MSV000084322;

MSV000084463

Untargeted LC-MS/MS data from the diabetes study - urine Jane J. Kim GNPS/MassIVE: MSV000082261

Untargeted LC-MS/MS data from the monocolonized

germ-free mice study - small intestine and colon

Dennis Kasper GNPS/MassIVE: MSV000088040

Untargeted LC-MS/MS data from the HIV study HIV Neurobehavioral

Research Center (HNRC)

GNPS/MassIVE: MSV000092833

Untargeted LC-MS/MS data of the microbial monocultures This paper GNPS/MassIVE: MSV000095648

NMR of N-acyl lipids This paper https://doi.org/10.5281/zenodo.14015081
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Bacterial culture conditions

A list of all the 78 bacteria used in this study are listed in the Table S2. All bacteria cultures were started from glycerol stock and incu-

bated at 37◦C anaerobically (10% CO2, 7.5% H2, 82.5% N2) in a filtered Brain Heart Infusion (BHI) medium (Table S2) at a pH

adjusted to 7.2 using 5 N NaOH.

Human fecal material

All procedures involving human participants adhered to the ethical standards established by the institutional and/or national research

committee (UCSD Human Research Protections Program, HNRC IRB#172092). Briefly, participants were 56.3± 11.5 years old, with

74.5% male, and 69.9% were diagnosed with HIV. The cohort included 40.4% Hispanic, 44.4% non-Hispanic White, and 15.1%

Black individuals. More details on the participants are available in the Table S3. All participants signed a consent to all study

procedures.

METHOD DETAILS

Searches in LIPID MAPS

An initial search in LIPID MAPS12 was performed searching for any compound in the database that would have an amide bound,

which resulted in 5,648 substructures. Ceramides were filtered out, resulting in a total of 1,240 compounds that comprised a mixture

of fatty acid-derived N-acyl lipids, bile acid amidates, lipids attached to CoA, and N-acylated molecules, such as deferioxamine and

other natural products. These compounds were that were manually inspected to determine if these were N-acyl lipids (Table S1). The

headgroups and acyl chain lengths were plotted (Figures S1A and S1B) using the "seaborn.barplot" package (version 0.12.2) in Py-

thon (version 3.7.6).

Design of the MassQL queries and creation of the N-acyl lipids library

N-acyl lipids were searched in the GNPS/MassIVE public datasets, which consist of ∼1.2 billion spectra, and 2,706 datasets when

this search was performed in 2023. This search was initially conducted with Orbitrap public data deposited in the GNPS/MassIVE

repository using the Mass Spec Query Language (MassQL).1 MassQL enables the filtering of public mass spectrometry data to

retrieve all MS/MS spectra that contain defined and recognizable data patterns, and can also be done at the repository level. Since

N-acyl lipids ionize well in positive ionization mode and more than 90% of the public mass spectrometry data was acquired in this

mode, only positive ionization data was mined from the public domain.

The queries were developed for biologically relevant molecules conjugated to an acyl lipid chain via an amide bond (Figure 1A). The

headgroups contained a primary or secondary amine. In total, queries were designed for 64 heads, including proteinogenic amino

acids, polyamines, endocrine hormones, neurotransmitters, and other selected diagnostic-relevant metabolites, ranging from sero-

tonin to kynurenine, and from thyroxine (T4) to glutathione (see Table S1 for the complete list of molecules for which a query was

developed). We directed our searches to compounds in which the acyl chain varies from two up to 30 carbons, and from zero up

to four unsaturations. In addition, no attachments to the acyl chain (such as hydroxylations) were considered. The queries were de-

signed by manually inspecting reference MS/MS spectra of compounds previously synthesized,16 and we observed that in the vast

majority of the cases, the acylium ion—resulting from the stable fatty acid chain fragmentation—was generally absent or present at

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

N-acyl lipids retention time and MS/MS matching This paper GNPS/MassIVE: MSV000095423

N-acyl lipids quantification and method validation This paper GNPS/MassIVE: MSV000096049

Experimental models: Organisms/strains

Wild-type C57BL/6J mice The Jackson Laboratory Strain# 000664; RRID:IMSR_JAX:000664

Software and algorithms

MassQL Jarmusch et al.1 https://massql.gnps2.org/

fastMASST Robin Schmid, https://fasst.

gnps2.org/fastsearch/

https://github.com/robinschmid/

microbe_masst

microbeMASST Zuffa et al.18 https://masst.gnps2.org/microbemasst/

plantMASST Gomes et al.20 https://masst.gnps2.org/plantmasst/

foodMASST West et al.19 https://masst.gnps2.org/foodmasst2/

ReDU Jarmusch et al.2; Abiead et al.91 https://redu.gnps2.org/

Mmvec Morton et al.41 https://github.com/biocore/mmvec
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very low abundances (see Figure S1C). Consequently, each query was designed to target key MS/MS fragments of the headgroup, in

addition to the 129 theoretical precursor ions for each potential N-acyl lipid considering the precursor ions as protonated molecules

([M+H]+) (Figure S1D). For the compounds for which there were no reference MS/MS libraries, the fragmentation pattern of the heads

alone was manually inspected and these patterns were used in addition to the precursor ion inclusion list for each head. A simplified

example of a query designed for phenylalanine as a headgroup (Figures S1C and S1D) is shown below.

QUERY scaninfo(MS2DATA) WHERE MS2PREC=(208.0968 OR 222.1124 OR … OR 578.4596 OR 592.4752):TOLERANCEPPM=20

AND MS2PROD=166.0863:TOLERANCEPPM=20 AND MS2PROD=120.0808:TOLERANCEPPM=20:INTENSITYPERCENT=50

Once the candidate queries were formulated, their selectivity was initially evaluated by conducting the queries in the GNPS public

spectral libraries which contained 587,917 spectra of a wide variety of classes of compounds. All job links are available in Table S1). A

false discovery rate (FDR) was estimated by checking the retrieved spectra for each query that matched. We assessed this manually

by examining the structures of the spectral matches and determining if they made sense with respect to the expected fragmentation.

In cases such as alanine versus sarcosine, which are isomers and have very similar MS/MS spectra, both were accepted as true

positives. Matches where the headgroup aligned with the expected fragmentation pattern were considered positive matches, while

anything that did not match the headgroup was considered a false positive. Some matches were relative to putative spectra created

through the propagation of a molecular network and could match related molecules but be derived from different headgroups

(Table S1).92 Therefore, hits against suspect spectra were not considered. If a high FDR was obtained for the GNPS library searches,

the query was iteratively refined until the lowest possible FDR was obtained.

The final queries were then run against publicly available Orbitrap data in GNPS/MassIVE between July and October 2023

(Table S1). As an additional performance assessment, but now of the repository-scale query results, all of the MS/MS spectra derived

from each MassQL query were searched against all publicly available reference spectra in GNPS. The parameters used for the

searches were as follows: cosine threshold as above 0.7, minimum matched fragments as 6, and precursor and fragment ion

mass tolerance set to 0.02 Da. For almost all queries, the mismatched spectra comprised less than 1% of the spectral matches,

except for glycine (FDR 1.5%), which had false positives to ethanolamine conjugates. Some other queries showed an FDR greater

than 1%, but these false positives were matches to suspect spectra (Table S1).92

The queries resulted in the retrieval of a total of 176,732 MS/MS spectra from Orbitrap data in the public domain (Figure S1E). Six

headgroups—selenomethionine, 3-methoxytyrosine, 3-iodothyronamine, levothyroxine (T4), liothyronine (T3), and homocysteine/

homocystine—had no candidate N-acyl lipid MS/MS matches retrieved. Identical MS/MS spectra obtained from the MassQL queries

were merged using MScluster93 to reduce duplications, keeping also only the ones that were retrieved at least twice (all GNPS job

links are available in Table S1). This step resulted in 1,474 unique candidate N-acyl lipids (Figure S1E).

Because some headgroups would result in very few diagnostic ions (e.g., glycine) and could result in spurious matches, an addi-

tional filtering step was applied in these results to increase the confidence of the library. This filter was based on cosine similarity

calculation between the MS/MS spectra retrieved from the queries and the reference spectra of the compounds previously synthe-

sized.16 In cases where there were no reference MS/MS spectra available, a modified cosine similarity calculation was performed

between the MS/MS retrieved from the query and the reference MS/MS of the headgroup. Therefore, spectra would only pass

the filter if the cosine or modified cosine similarity scores would reach values above 0.7. The resulting list of MassQL-filtered spectra

represented 851 unique candidate N-acyl amides (Table S1, Figure S1E), which were used to generate an MS/MS spectral library and

leveraged for downstream analyses. This library, named GNPS-N-ACYL-LIPIDS-MASSQL, is currently part of the public GNPS spec-

tral libraries and can be browsed on the web interface at the following link: https://gnps.ucsd.edu/ProteoSAFe/gnpslibrary.jsp?

library=GNPS-N-ACYL-LIPIDS-MASSQL.

N-acyl lipids repository-scale search

To expand our investigations beyond Orbitrap datasets, we conducted a repository-scale search using a fast MASST (FASST)

search,30 an updated and faster version of the Mass Spectrometry Search Tool (MASST),21 against all the public domain data

that were indexed in GNPS.22 This search is based on the cosine similarity of the queried spectra against the ones from the public

domain in GNPS/MassIVE, regardless of the instrument used for data acquisition. The MGF files generated with MScluster were used

as input in the FASST search pipeline, and the parameters used for this search were: cosine similarity above 0.7, minimum matched

fragments as 4, and precursor ion and fragment ion tolerances as 0.02 Da. These searches were conducted using the REST web API

(https://zenodo.org/records/7828220) in October 2023, using gnps_index. In addition to getting a table with all the MS/MS spectra

matches from the public datasets, outputs from domain-specific MASSTs are also generated with this search: (1) microbeMASST:

merges the FASST spectral matches against a curated database of more than 60,000 LC-MS/MS files of microbial monocultures that

were taxonomically defined18; (2) plantMASST: merges the FASST matches against 19,075 LC-MS/MS files of plant extracts of taxo-

nomically defined plants20; and (3) foodMASST: merges FASST matches against ∼3,500 LC-MS/MS files of foods and beverages

categorized within a food ontology, collected as part of the Global FoodOmics project.19,94 These domain-specific MASSTs gener-

ated output tables that contain spectral matches to specific data files in the public domain that can be mapped to the curated list of

taxonomy/ontology-defined metadata. Therefore, it is possible to map in which microbes, plants, or foods a particular N-acyl lipid

was previously acquired and deposited in GNPS/MassIVE.
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The FASST search enabled us to retrieve 356,542 MS/MS spectra from 61,833 files in 950 datasets and emphasizes how common

N-acyl lipids are detected in untargeted metabolomics experiments (Table S1). To explore their distribution in different organisms,

tissues, and biofluids, we merged the FASST output with the ReDU (Reanalysis of Data User Interface) controlled vocabulary meta-

data, which enables us to do comparisons across datasets.2 This merged table was filtered to contain only rows relative to human

("9606|Homo sapiens") or rodent-related datasets ("10088|Mus", "10090|Mus musculus", "10105|Mus minutoides", "10114|Rattus",

"10116|Rattus norvegicus") in the NCBITaxonomy column. Therefore, the total number of unique MS/MS spectra obtained for hu-

mans, rodents, microbes, plants, and foods was 39,525, 28,497, 29,105, 3,754, and 6,537, respectively (Figure S1E).

The FASST searches are performed on indexed spectra, which are MS/MS spectra that are filtered to allow the repository searches

to be conducted in seconds. To increase the level of confidence of these matches, an additional cosine similarity was performed on

the FASST results to calculate the cosine similarity between the queried spectra and the pre-indexed unfiltered spectra. We filtered

these results by removing any MS/MS that resulted in a cosine below 0.7 (Figure S1E). Therefore, the final numbers based on ReDU

and domain-specific MASST analysis were the following: 31,299 of the MS/MS spectra could be linked to human samples, 21,866

were found in rodent-related datasets, 22,589 found in microbial monocultures, 2,931 in plant-related data, and 5,576 MS/MS in

foods (Figure S1E).

The N-acyl lipids results obtained from the microbeMASST results were further filtered to: (1) remove any N-acyl lipid that was

observed in human cell lines (which are also included in microbeMASST as control of host-derived compounds) by filtering outputs

in which the taxaname was "Homo sapiens"; (2) remove N-acyl lipids that were retrieved only one or two times in the microbeMASST

searches; and (3) remove N-acyl lipids that appear more than 5% in blanks or QCs (also added in microbeMASST). For the N-acyl

lipids results of plantMASST, filters (2) and (3) were applied in a similar way. For the foodMASST results, filter (2) only was applied as

there are no blanks or QC samples part of foodMASST.

The polarity indexes of the solvent mixtures used to obtain the extracts relative to the files retrieved in our MASST searches were

calculated based on the Snyder indexes. More specifically, the column ‘SampleExtractionMethod’ from the ReDU table was in-

spected, and the estimation was calculated through the following weighted formula:

P′ =
Σ(Pi × Ri)

Σ(Ri)

Where:

Pi = polarity index of solvent i

Ri = ratio of solvent i in the mixture

The results of the queries (Figure 1C), body part distributions (Figures 1D, 1E, S2C, and S2D), and microbeMASST (Figures 2A and

2B) are shown in the form of heatmaps that were created using the ′′seaborn.clustermap" package (version 0.12.2) in Python (version

3.7.6). The microbial classes were organized in taxonomic order according to NCBI Taxonomy ID. The UpSet plots (Figures 2C and

S3A–S3D) were generated in R (https://www.R-project.org/, version 4.0.0) using the "UpSetR" package (version 1.4.0).95 Barplots

(Figures 2B and 2D) were created using the ′′seaborn.barplot" package (version 0.12.2) in Python (version 3.7.6). Venn diagrams

(Figure S2C) were created using the matplotlib_venn library in Python (version 3.7.6.)

Reanalysis of public data from GNPS/MassIVE

The N-acyl lipids library created was used to reanalyze several public datasets available in GNPS/MassIVE: (1) a study on mono-

colonized germ-free mice (MSV000088040, small intestine and colon samples); (2) a type-1 diabetes study (MSV000082261, urine

samples); (3) a study on body decomposition (MSV000084322 and MSV000084463, skin and soil samples); and (4) a dataset on

the effect of diet and antibiotics consumption in colorectal cancer (MSV000080918, fecal samples). For each dataset, the files

were downloaded from GNPS/MassIVE and processed in MZmine3 (version 3.9.0).96 The parameters used for each study are avail-

able in Table S2, and the MZmine3 batch files are available at https://github.com/helenamrusso/N-acyl_lipids. The output files gener-

ated at the processing step (.csv file with peak areas and.mgf files with MS/MS information of each feature) were used as inputs in the

Feature-Based Molecular Networking97 workflow in GNPS2 and wan against the N-acyl lipids library.22 The parameters of this work-

flow were the same for all the datasets, in which the precursor and fragment ions tolerances were set to 0.02 Da, the minimum match-

ing peak between the queried spectra and the library was set to 4, a cosine threshold of 0.7 was applied, and no filters considered.

The GNPS2 FBMN jobs can be accessed at:

Monocolonized germ-free mice dataset (MSV000088040): https://gnps2.org/status?task=55122ffb51ab4957be51b0073abc8f04

Diabetes dataset (MSV000082261): https://gnps2.org/status?task=ed2d2cd94179481d818356271bd7762f

Body decomposition datasets (MSV000084322 and MSV000084463): https://gnps2.org/status?task=5f30dc8527bb456190daf2e

772bf399d

Impact of diet and antibiotics consumption in colorectal cancer dataset (MSV000080918): https://gnps2.org/status?task=

ba8fd7da3d654d1d949d4beb398b4152

For the monocolonized germ-free mice, a heatmap was obtained to show the log2 of the fold change of N-acyl lipids levels of colo-

nized and monocolonized mice in relation to the germ-free group (Figure S3F). To achieve this, the median of each feature annotated

as an N-acyl lipid was calculated and the log2(FC) was calculated. The small intestine and colon samples were considered separately.
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The heatmap was created using the ′′seaborn.clustermap" package (version 0.12.2) in Python (version 3.7.6). The microbial strains

were organized in taxonomic order according to NCBI Taxonomy ID and their classes were also mapped to the heatmap. The N-acyl

lipids were organized in ascending order in the number of carbons and unsaturations.

To determine if the N-acyl lipid matches had a significant correlation with any of the groups in each study, the peak areas (exported.

csv file from MZmine3) of the matching compounds in the datasets were plotted as boxplots using the ′′seaborn.boxplot" package

(version 0.12.2) in Python (version 3.7.6).

Line plots were obtained for the body decomposition dataset to show the changes in N-acyl lipids with increasing body decom-

position levels (Figures S3I and S3J). The mean of each feature annotated as an N-acyl lipid was calculated for each stage of decom-

position and a line plot was obtained using Matplotlib (version 3.2.1) in Python (version 3.7.6). Finally, volcano plots were obtained for

the diet and antibiotics treatment study, where the log2(FC) was calculated for each N-acyl lipid (Figures 2E and 2F), and scatter plots

were obtained with Matplotlib (version 3.2.1) in Python (version 3.7.6).

Bacterial cultures screening

Microbial growth and metabolite extraction

Cultures were normalized at OD600 = 0.02 before being diluted 1/10 in 1 mL of mPYG medium (Table S2) and incubated for 48-72 h at

37◦C in a 2 mL deep-well plate. Following bacterial growth, 400 μL of culture was transferred to a new 2 mL deep-well plate and ex-

tracted overnight at 4◦C with 1.2 mL of pre-chilled 50% MeOH/H2O. Samples were dried in a CentriVap and stored at -80◦C until LC-

MS/MS analysis.

LC-MS/MS untargeted metabolomics analysis

The microbial extracts were resuspended in 200 μL of 50% MeOH/H2O with 1 μM of sulfadimethoxine as internal standard, incubated

at -20◦C overnight before being centrifuged at 21,130 x g. Then, 150 μL was transferred into a 2 mL glass vial containing an insert. The

chromatographic separation was performed by reversed-phase polar C18 (Kinetex Polar C18, 100 mm x 2.1 mm, 2,6 μm, 100 A pore

size with a guard column, Phenomenex) using a Vanquish UHPLC system coupled to a Q-Exactive Orbitrap mass spectrometer

(Thermo Fisher Scientific). The mobile phase consisted of solvent A (water + 0.1% formic acid) and solvent B (ACN + 0.1% formic

acid) and the column compartment was kept at 40 ◦C. Five microlitres of the samples were injected and eluted at a flow rate of

0.5 mL/min using the following gradient: 0 – 1.1 min 5% B, 1.1 – 7.5 min 40% B, 7.5 – 8.5 min 99% B, 8.5 – 9.5 min 99% B, 9.5 –

10 min 5% B, 10 – 10.5 min 5% B, 10.5 – 10.75 min 99% B, 10.75 – 11.25 min 99% B, 11.5 – 12 min 5% B. Mass spectrometry

(MS) analysis was performed using electrospray ionization (ESI) in positive ionization mode. The parameters were set as follows:

Sheath gas flow 53 L/min, auxiliary gas flow rate 14 L/min, sweep gas flow 3 L/min, spray voltage 3.5 kV, inlet capillary to 269◦C,

and auxiliary gas heater set to 438◦C. MS scan range 100 – 1000 m/z with a resolution (Rm/z 200) of 35,000 with 1 microscans. The

automatic gain control (AGC) target was set to 1E6 with a maximum injection time of 100 ms. Up to 5 MS/MS spectra per MS1

were collected with a resolution (Rm/z 200) set to 17,500 with 1 microscans, maximum injection time of 150 ms with an AGC target

of 5E5. The isolation window was set to 1 m/z and the isolation offset at 0 m/z. The normalized collision energy was acquired with

an increase stepwise at 25, 40, and 60. The apex trigger was set to 2 – 15 s and a dynamic exclusion of 5 s. Isotopes were excluded

from the analysis. The data is publicly available on GNPS/MassIVE MSV000095648.

Data processing, molecular networking, and data visualization

The LC-MS/MS files were converted to.mzML using MSConvert (ProteoWizard, Palo Alto, CA, USA)98 and processed in MZmine4

(version 4.0.8).96 The parameters used for data processing are listed in Table S2. The exported files were subjected to the

FBMN97 workflow in GNPS2.22 The parameters used for the library search for N-acyl lipids annotation were as follows: precursor

and fragment ion tolerances set to 0.02 Da, 4 minimum matched peaks between the queried spectra and the library, a cosine

threshold of 0.7, and no filters considered. The GNPS2 FBMN job can be accessed at https://gnps2.org/status?task=cff8c1a5895

b4b9b917c36ad9444c635.

A heatmap was obtained to show the variations of the features annotated as N-acyl lipids with regard to the microbial media. A

median value was obtained for all the media samples, and for all the bacteria. A filter was applied to only consider the features that

were detected in both microbial replicates. Therefore, if there were any zero values for one of the microbial replicates, all values

were set to zero. The log2(FC) was calculated and plotted using the "seaborn.clustermap" package (version 0.12.2) in Python

(version 3.7.6). The microbial strains were organized in taxonomic order according to NCBI Taxonomy ID and their classes

were also mapped to the heatmap. The N-acyl lipids were organized in ascending order in the number of carbons and

unsaturations.

Combinatorial reactions of N-acyl lipids

Fatty acid (1 eq.) and 2 mL of THF were added to a 20 mL scintillation vial with a magnetic stir bar. To this solution, solid EDC (1 eq.)

and neat DIPEA (1 eq.) were subsequently added, and the solution was stirred at RT. After 15 minutes, amine compound (1 eq.) in 1mL

H2O was added, and the reaction was stirred for 14 h. To proceed with LC-MS/MS analyses, 1 μL of the reaction mixture was diluted

in 1 mL of LC-MS grade MeOH.
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HIV Neurobehavioral Research Center (HNRC) cohort study

Cohort

HIV RNA levels in plasma were measured from blood samples using a commercial reverse transcriptase-polymerase chain reaction

assay (Amplicor version 1.5, Roche Diagnostics, Indianapolis, IN, USA). The levels were log transformed, and participants were cate-

gorized as having an undetectable viral load if their HIV RNA levels were less than or equal to 50 copies/mL. The neurocognitive test

battery included measures that assess seven neurocognitive domains commonly affected by HIV, including verbal fluency, process-

ing speed, executive functioning, learning, recall, working memory, and motor speed.99 Raw scores for each test were converted to

demographically corrected T-scores and used to derive global clinical ratings using a published standardized algorithm that clas-

sifies the presence and severity of NCI. Global ratings have a nine-point scale ranging from normal (1-4), to mildly impaired (5-6),

to moderately or severely impaired (7-9), with a clinical rating of greater than or equal to 5 indicative of NCI.100 This is consistent

with Frascati’s Criteria for diagnosing HIV-associated neurocognitive disorder, which requires at least mild neurocognitive impair-

ment in at least two of the seven neurocognitive ability domains.101

Sample preparation

The study was conducted following protocols approved by the UCSD Human Research Protections Program (https://irb.ucsd.edu/),

and all participants gave written informed consent before participating. Stool samples were processed using a recently developed

automated pipeline designed for simultaneous extraction of metagenomic and metabolomic data.102 For the metabolites extraction,

the swabs were placed into Matrix Tubes (ThermoFisher Scientific, MA, USA) containing 400 μL of 95% ethanol (v/v), and the tubes

were sealed using the Capit-All automated capping instrument (ThermoFisher Scientific, MA, USA). The tubes were shaken at

1,200 rpm for 2 min using a SpexMiniG plate shaker, followed by centrifugation at 2,700 g for 5 min. Part of the supernatant

(200 μL) was transferred to a deep well plate with an 8-channel pipette, dried down in a vacuum centrifuge concentrator at room tem-

perature for approximately 5 h, and stored at -80◦C until LC-MS/MS analyses.

LC-MS/MS untargeted metabolomics analysis

Prior to the analyses, the samples were resuspended in 200 μL of acetonitrile:H2O (1:1, v/v) with 100 μg/L sulfadimethoxine as the in-

ternal standard, sonicated for 10 min, centrifuged at 450 g for 10 min, and 150 μL of the supernatant was transferred to a shallow 96 well

plate for analyses. The extracts were injected (5 μL) into a Vanquish UHPLC system coupled to a Q-Exactive Orbitrap mass spectrom-

eter (Thermo Fisher Scientific). The chromatographic separation was achieved by reverse-phase polar C18 (150× 2.1 mm, 2.6 μm par-

ticle size, 100 A pore size; Phenomenex, Torrance) with a SecurityGuard C18 column (2.1 mm ID) at 30 ◦C column temperature. The

mobile phase consisted of solvents A (water) and B (ACN) both containing 0.1% formic acid, and the flow rate was set at 0.5 mL/min.

The following gradient was applied: 0-1 min 5% B, 1-7 min 5-99% B, 7-8 min 99% B, 8-8.5 min 99-5% B, 8-10 min 5%B. Mass spec-

trometry (MS) analysis was performed using electrospray ionization (ESI) in positive ionization mode, and the parameters were set as

follows: sheath gas flow 53 L/min, auxiliary gas flow rate 14 L/min, sweep gas flow 3 L/min, spray voltage 3.5 kV, inlet capillary to 269◦C,

and auxiliary gas heater 400 ◦C. MS1 scan range was set to m/z 100-1500 with a resolution (Rm/z 200) of 35,000, automatic gain control

(AGC) target as 5.0E4, and maximum injection time of 100 ms. Up to 5 MS/MS spectra per MS1 were collected with a resolution (Rm/z

200) set to 17,500, AGC target as 5.0E4, and maximum injection time of 100 ms. The isolation window was set to 3 m/z and the isolation

offset was set to 0.5 m/z. The normalized collision energy was acquired with an increased stepwise from 20 to 30 to 40%. The apex

trigger was set to 2 - 15 s, the minimum AGC target for the MS/MS spectrum was 5.0E3, and a dynamic precursor exclusion of 10 s was

selected. This dataset is publicly available in GNPS/MassIVE under the following accession number: MSV000092833

Data processing, Feature-Based Molecular Networking, and probability calculation

The LC-MS/MS files were converted to.mzML using MSConvert (ProteoWizard, Palo Alto, CA, USA)98 and processed in MZmine3

(version 3.9.0).96 The parameters used for data processing are listed in Table S2. The exported files were subjected to the

FBMN97 workflow in GNPS2.22 No filters were applied to the data, and the precursor and MS/MS fragment ion tolerances were

set to 0.02 Da. A molecular network was created, in which the edges were filtered to have a cosine score above 0.7 and at least

four matched fragments. Similarly, the parameters for the N-acyl lipids library search were set to have a cosine value above 0.7

and at least four matched fragments. The GNPS2 FBMN job can be accessed at https://gnps2.org/status?task=ee34ee95908749dd

81ee9a62fbdac98e. The molecular networks were visualized in Cytoscape103 (version 3.10.0).

A probability of random matches to the N-acyl lipids library was estimated by taking into account the following criteria:

Number of N-acyl cadaverines in the library = 15

Number of total N-acyl lipids in the library = 851

The probability of getting a match to five N-acyl cadaverines out of the 15 N-acyl cadaverines part of the N-acyl lipids resource,

compared to the whole pool of 851 N-acyl lipids is given by the following equation:

P =

(
15

5

)

(
851

5

)

P = 3003 / 3,675,819,629,020 = 8.17×10− 10
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Metagenomic data sequencing

Fecal samples were processed for shotgun metagenomics sequencing as previously described.104 The metagenomic libraries were

normalized by iSeq (Illumina) read count distribution to generate a final pool that made sequencing on the NovaSeq more efficient.105

Raw sequence files were demultiplexed using BaseSpace (Illumina, CA, USA), and quality-filtered following a previous protocol.106

The filtered reads were aligned to the Web of Life database107 using bowtie2,108, and the settings used were the following: maximum

and minimum mismatch penalties (mp=[1,1]), a penalty for ambiguities (np=1; default), read and reference gap open- and extend pen-

alties (rdg=[0,1], rfg=[0,1]), a minimum alignment score for an alignment to be considered valid (score-min=[L,0,-0.05]), a defined

number of distinct, valid alignments (k=16), and the suppression of SAM records for unaligned reads, as well as SAM headers

(no-unal, no-hd). A feature table was obtained by converting the resulting alignments using the Web of Life Toolkit App.109

Metagenomic data processing

The metagenomic data processing was performed as previously described.110 The sequence data were filtered for all adapters

known to fastp (version 0.23.4) in paired-end mode by explicitly specifying a known adapters file.111 Fastp also removed sequences

shorter than 45 nucleotides with -l, a flag to filter the minimum length of each sequence. Each sample was then filtered against each

genome in the human pangenome,112 as well as both T2T-CHM13v2.0113 and GRCh38,114 using minimap2115 (version 2.26-r1175)

with ‘‘-ax sr’’ for short read mode. The data were first run in paired-end mode, and then run in single-end mode, per genome. Each

successive run was converted from SAM to FASTQ using samtools116 (version 1.17) with arguments -f 12 -F 256 -N for paired-end

data and -f 4 -F 256 for single-end. The single-end data are repaired using fastq_pair117 (version 1.0) specifying a table size of 50M

with -t. Compute support was provided with GNU Parallel118 (version 20180222). Single-end FASTQ output from samtools was split

into R1 and R2 with a custom Rust program, with rust-bio for parsing119 (version 1.4.0). Data were multiplexed with sed and demul-

tiplexed using a custom Python script. Shotgun sequencing data were then uploaded to and processed through Qiita120 (Study ID

11135). Sequence adapter and host filtering were executed using qp-fastp-minimap2 version 2022.04. Subsequently, Woltka109

version 0.1.4 (qp-woltka 2022.09) with the Web of Life 2 database was employed for taxonomic and functional predictions. Genomic

coverages were computed, and features with less than 25% coverage were excluded.121 To further enhance data quality, a preva-

lence filter using QIIME 2 v2023.5122 was applied, eliminating features present in less than 10% of samples to mitigate the inclusion of

erroneous and low-quality reads. The resulting feature table was utilized for downstream analysis.

Microbe-metabolite multi-omics associations

Co-occurrence probabilities between microbes and metabolites were calculated using mmvec41 (version 1.0.4) as a Qiime2122 plu-

gin. Mmvec takes as input the relative abundance matrix for the sequencing data and the feature abundance table for the ion features,

and through a neural networking approach, conditional probabilities of observing molecules based on the abundance of each

microbe are calculated. A subset of samples with both metabolite and microbiome data were used for this analysis (225 samples).

The mmvec parameters were as follows: -p-batch-size 50, -p-num-testing-examples 5, -p-epochs 50, -p-learning-rate 1e-4. All other

parameters for the analyses were set as the default values. EMPeror123 was used to visually inspect the feature-feature biplots

(https://view.qiime2.org/). The spheres on the plot were colored based on which group (HIV+ vs HIV-) the molecules were most abun-

dant, and the arrows indicate the 30 most important OTUs retrieved from the analyses (i.e., higher magnitude of the vector using

Euclidean distance from the origin) (Figure 3D). The co-occurrence probabilities were also inspected at the microbial order taxonomic

level for the histamine and cadaverine N-acyl lipids. Only histamine-C2:0 and histamine-C3:0 had co-occurrence probabilities > 6.0,

and a network was obtained for the microbial orders that were shared between both compounds (Figure 3E). The network was visu-

alized in Cytoscape103 (version 3.10.0). All inputs and outputs from mmvec and the Cytoscape visualization file are available at

https://github.com/helenamrusso/N-acyl_lipids.

Microbial cultures from the multi-omics analysis

Holdemanella biformis DSM 3989, Catenibacterium mitsuokai DSM 15897, Megasphaera sp. DSMZ 102144, Dorea longicatena DSM

13814, Prevotella buccae D17, Eubacterium siraeum DSM 15702, Collinsella aerofaciens ATCC 25986, Roseburia inulinivorans DSM

16841, and Streptococcus thermophilus LMD-9 were selected for microbial culturing based on the multi-omics results and strains

availability. these microbes were cultured in 200 μL in BHI medium (Table S2) for 72 h at 37◦C in an anaerobic chamber supplemented

with 100 μM of cadaverine, putrescine, and histamine. Samples were extracted overnight at 4◦C using 600 μL of pre-chilled 50%

MeOH/H2O. Samples were then dried using a CentriVap and stored at -80◦C until resuspension.

Untargeted LC-MS/MS analysis of microbes from the multi-omics HIV analysis

The microbial extracts were resuspended in H2O (100%) containing 1 μM of sulfamethazine to achieve a concentration of 50 mg/mL,

incubated at -20◦C overnight, and centrifuged at 21,130 x g. Then, 120 μL of the solution was transferred to a 2 mL glass vial con-

taining an insert for LC-MS/MS analysis. The samples were injected (2 μL) into a Vanquish UHPLC system coupled to a Q-Exactive

Orbitrap mass spectrometer (Thermo Fisher Scientific). The chromatographic separation was achieved by reverse-phase polar C18

(Kinetex Polar C18, 100 × 2.1 mm, 2.6 μm particle size, 100 A pore size; Phenomenex, Torrance) with a SecurityGuard C18 column

(2.1 mm ID) at 40 ◦C column temperature. The mobile phase consisted of solvents A (water) and B (ACN) both containing 0.1% formic

acid, and the flow rate was set at 0.5 mL/min. The gradient employed consisted of 0-1 min 1% B, 1-7.5 min 5-99% B, 7.5-9.3 min 99%

B, 9.3-9.5 min 99-1% B, 9.5-11 min 1%B. Mass spectrometry (MS) analysis was performed using electrospray ionization (ESI) in pos-

itive ionization mode, and the parameters were set as follows: sheath gas flow 53 L/min, auxiliary gas flow rate 14 L/min, sweep gas

flow 3 L/min, spray voltage 3.5 kV, inlet capillary to 269◦C, and auxiliary gas heater 430 ◦C. MS1 scan range was set to m/z 100-1,500
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with a resolution (Rm/z 200) of 35,000, automatic gain control (AGC) target as 5.0E4, and maximum injection time of 100 ms. Up to 5

MS/MS spectra per MS1 were collected with a resolution (Rm/z 200) set to 17,500, AGC target as 5.0E5, and maximum injection time of

50 ms. The isolation window was set to 2 m/z and the isolation offset was set to 0 m/z. The normalized collision energy was acquired

with an increased stepwise from 25 to 40 to 60%. The apex trigger was set to 1 to 5 s, the minimum AGC target for the MS/MS spec-

trum was 8.0E3, and a dynamic precursor exclusion of 10 s was selected. The data was deposited in GNPS/MassIVE and is publicly

available at MSV000095648.

Immunomodulatory Activity assays

Co-culture of murine bone-marrow-derived dendritic cells (BMDCs) and naive CD4+ T cells with the pure synthetic N-acyl lipids was

performed. In brief, BMDCs were generated from bone marrow progenitor cells isolated from femurs of wild-type C57BL6/J mice in

the presence of 20 ng/mL GM-CSF (Miltenyi) in complete RPMI 1640 (10% FBS, 50 U ml–1 penicillin, 50 μg/mL streptomycin, 2 mM L-

glutamine, 1 mM sodium pyruvate, 1 mM HEPES, non-essential amino acids and β-mercaptoethanol). BMDCs co-cultured with

splenic naive CD4+ T cells at a ratio of 1:10 (DC:CD4+ T cells) and treated with 50 μM of lipids in the presence of anti-mouse CD3

(2 μg/mL, eBiosciences), mouse IL-2 (20 μg/mL, Peprotech), mouse IL-6 (20 ng/mL, Peprotech) mouse IL-1b (20 ng/mL, Peprotech),

mouse IL-23 (10 ng/mL, Life Technologies), and human TGFβ (2 ng/mL, Peprotech). After 3 days of co-culture, cells were stimulated

with a cell activation cocktail with brefeldin A (2 μL/mL, BioLegend) for 5 h and stained for 30 min at 4 ◦C with Live/Dead fixable

yellow dead stain kit (Life Technologies) at 1:1,000 dilution and with empirically titrated concentrations of the following antibodies:

APC-eF780-conjugated anti-mouse CD4 (clone: RM4-5; eBioscience) at 1:400 dilution. For intracellular staining, cells were fixed

and permeabilized using a Foxp3/Transcription Factor Staining buffer set (eBioscience) according to the manufacturer’s protocol.

Intracellular staining was performed using the following antibodies at the specified dilutions: FITC-conjugated anti-mouse Foxp3

(clone: FJK-16s; eBioscience) at 1:200 dilution; BV421-conjugated anti-mouse RORgt (clone: Q31-378; BD) at 1:100 dilution; and

PE-Dazzle594-conjugated anti-mouse Tbet (clone: 4B10; BioLegend) at 1:200 dilution for 4 h at 4 ◦C. Cell acquisition was performed

using a LSRFortessa X-20 (BD), and data were analyzed using FlowJo software suite (TreeStar). Data were visualized and analyzed

using Prism v.10.4.1.

QUANTIFICATION AND STATISTICAL ANALYSIS

Retention time and MS/MS matching were performed between biological samples and combinatorial synthetic standard reaction

mixtures. Extracts from skin samples of the body decomposition study (MSV000084322) and the HIV study (MSV000092833)

were available in our laboratory for additional analyses to get retention time and MS/MS spectral matching between synthetic stan-

dards and biological samples. In addition, the samples from the microbial monocultures described in the "Bacterial cultures

screening" section were used to confirm the microbial production of selected N-acyl lipids. Therefore, the biological samples and

the synthetic standards were subjected to LC-MS/MS analyses. The dried extracts were resuspended in 150 μL of MeOH:H2O

(1:1, v/v) for the microbial extracts (n = 2) and the body decomposition samples (n = 4), while the HIV samples (n = 4) were resus-

pended in 150 μL of H2O (100%). The same method described in "Untargeted LC-MS/MS analysis of microbes from the multi-omics

HIV analysis" was used to acquire the data. However, two different gradients were used to evaluate the retention time matching be-

tween the synthetic N-acyl lipids and the compounds present in the biological samples: the first gradient (LC1) consisted of 0-1 min

1% B, 1-7.5 min 5-99% B, 7.5-9.3 min 99% B, 9.3-9.5 min 99-1% B, 9.5-11 min 1%B; and the second gradient (LC2) consisted of

0-1.5 min 1% B, 1.5-10.5 min 5-99% B, 10.5-12.3 min 99% B, 12.3-12.5 min 99-1% B, 12.5-14 min 1%B. The acquired LC-MS/MS

data was deposited in GNPS/MassIVE and is publicly available at MSV000095423.

Source of the pure N-acyl lipids

Pure N-acyl lipids were acquired commercially from Sigma-Aldrich, Aldlab Chemicals, or EnamineStore. More specifically, N-(2-(1H-

imidazol-4-yl)ethyl)acetamide (histamine-C2:0, purity 98%), N-(5-aminopentyl)acetamide (cadaverine-C2:0, purity 95%), N-(3,4-di-

hydroxyphenethyl)acetamide (dopamine-C2:0, purity 95%), and N-(2-(5-hydroxy-1H-indol-3-yl)ethyl)acetamide (serotonin-C2:0,

purity >99%) were acquired from Sigma-Aldrich; N-(2-(1H-imidazol-4-yl)ethyl)propionamide (histamine-C3:0, purity 98%), N-(2-

(1H-imidazol-4-yl)ethyl)butyramide (histamine-C4:0, purity 95%), N-(2-(1H-imidazol-4-yl)ethyl)pentanamide (histamine-C5:0, purity

98%), and N-(5-aminopentyl)propionamide (cadaverine-C3:0, purity 95%) were acquired from EnamineStore that synthesized

them; and N-(2-(1H-imidazol-4-yl)ethyl)hexanamide (histamine-C6:0, purity 95%), N-(5-aminopentyl)pentanamide (cadaverine-

C5:0, purity 95%), N-(5-aminopentyl)hexanamide (cadaverine-C6:0, purity 95%), N-(5-aminopentyl)heptanamide (cadaverine-

C7:0, purity 95%), and propionyl-L-tryptophan (tryptophan-C3:0, purity 95%) were synthesized by Aldlab Chemicals.

The structure of these N-acyl lipids was confirmed by NMR 1H. NMR spectra were collected at 298 K on a 600 MHz Bruker Avance

III spectrometer fitted with a 1.7 mm triple resonance cryoprobe with z-axis gradients. The spectra were acquired in CD3OD-d4 or

CDCl3-d1, which was chosen based on the solubility of the compounds. The shifts are reported in ppm and calibrated against the

residual solvent signals at δH 3.31 and 7.26 for CD3OD-d4 and CDCl3-d1 respectively. The deuterated solvents were acquired

from Cambridge Isotope Laboratories, Inc. (Andover, USA). The NMR data acquired were deposited in Zenodo (https://doi.org/

10.5281/zenodo.14015081).
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Quantification of N-acyl lipids in biological samples

The LC-MS/MS method used for the analyses of the method validation and quantification was the same as previously described in

the beginning of this section, employing gradient LC1. The analytical method was performed according to the International Confer-

ence on Harmonization (ICH) guidelines124 for histamine-C2:0, histamine-C3:0, histamine-C4:0, histamine-C5:0, cadaverine-C2:0,

cadaverine-C3:0, cadaverine-C5:0, cadaverine-C6:0, and dopamine-C2:0. The method was validated based on the evaluation of

the following parameters: specificity, precision (repeatability and intermediate precision), linearity, limit of detection (LOD), limit of

quantification (LOQ), and accuracy. Detailed information regarding the methodology used for each of them is described below,

and all the figures of merit are available in Table S3. The validation was performed using sample P3_D9_Sample_X3157299 from

the HNRC cohort that would contain the compounds of interest. Skyline125 (version 23.1) was used to extract the peak areas of

the N-acyl lipids. The method employed reached the acceptance criteria specified for each parameter (Table S3). For quantification

in biological samples, 148 samples of the HIV cohort were available and injected in the validated method (samples were resuspended

in 100 μL of H2O containing 1 μM of sulfamethazine). For the calculation of the amounts in the samples, it was estimated that 10 mg of

stool sample would be the starting material, as previously described,126 and the extraction yield was also extrapolated to 100%. In

addition, all the samples of the microbial monocultures described in the "Microbial cultures from the multi-omics analysis" were also

analyzed. The injection volume was set to 2 μL for all samples.

Specificity

The specificity was determined by injecting a blank solution containing only the internal standard (sulfadimethazine), and an injection

of a solution containing all the N-acyl lipids (n=3). The relative standard deviation (RSD) was calculated based on each peak’s reten-

tion time in the P3_D9_Sample_X3157299 sample. The MS and MS/MS spectra confirmed the specificity and identity of these

compounds. The retention times of the peaks of interest were as follows: histamine-C2:0, 0.58 min; histamine-C3:0, 0.73 min; his-

tamine-C4:0, 1.13 min; histamine-C5:0, 2.29 min; cadaverine-C2:0, 0.61 min; cadaverine-C3:0, 0.78 min; cadaverine-C5:0, 2.47 min;

cadaverine-C6:0, 2.94 min; dopamine-C2:0, 2.60 min. These compounds didn’t show interferences compared to the solution con-

taining only the mixture of standards.

Precision (repeatability and intermediate precision)

The precision of the method was determined by analyzing the P3_D9_Sample_X3157299 sample in six replicates (n=6), and the

repeatability (intra-day precision) was estimated as the RSD of the standards concentrations (μg/mL) measured in two consecutive

days. The concentrations calculated for the compounds on both days are available in Table S3. The RSD values were lower than 5%,

and the F-test between the two days showed no significant difference at F=0.05.

Linearity

The linearity of the method was determined by calibration curves in concentration ranges comprising each compound at the samples

of interest. A stock solution containing 60 μg/mL of each N-acyl lipid was prepared in H2O (100%) and used to acquire calibration

curves for all the compounds simultaneously. From this solution, 6 to 13 points were prepared with levels ranging from 0.001 to

20 μg/mL, and each concentration level was injected in triplicate. The analytical curves were built based on the nominal concentra-

tions, and the average between the ratios of each compound and the internal standard used (Ratio = Acompound/AIS). A polynomial

equation was obtained for each curve, and the correlation coefficients (R) were calculated for each compound. The linear ranges

and R coefficients are available in Table S3.

Limit of detection and limit of quantification

LODs and LOQs were estimated by the mean of the slopes (a) and the standard deviation of the y-intercept (Sb) on three calibration

curves (linear regression was used) in three low concentrations for each compound (0.002 to 0.02 μg/mL). A linear regression was

used in this estimation. These limits were calculated by the following equations: LOD = (3.3*Sb)/a and LOQ = (10*Sb)/a. All the slopes,

intercepts, LODs, and LOQs are shown in Table S3.

Accuracy

The accuracy of the method was determined by recovery analyses. For this, known amounts of the solution containing the standards

were spiked to the P3_E10_Sample_x3137731 and P3_G2_Sample_X3148765 sample solutions in two different concentrations (low

and high) considering the predetermined calibration curve and concentration range. Three replicates for each level were injected and

analyzed in the validated method. The accuracy was determined by the difference between the theoretical and experimental concen-

tration values and the values were within the acceptance range of 80–120%.

Statistical analyses

Statistical tests for the re-investigation of public metabolomics datasets were performed using the non-parametric Mann-Whitney U

test in cases where two groups were being compared (diabetes, diet, antibiotic treatment, HIV status, neurocognitive impairment—

Figures 2E, 2F, S3H, S3M, S3N, and S5A–S5C), or with the non-parametric Kruskal-Wallis for more than two groups (body de-

composition—-Figures S3, S3K, and S3L). The p-values were corrected for multiple comparisons using the Benjamini-Hochberg

correction. The statistical tests were done with the "scipy.stats" package (version 1.7.3), and the p-values corrections with the "stats-

models.stats.multitest" (version 0.11.1) in Python (version 3.7.6).

For the HNRC study, the differences in individual N-acyl lipids between the study groups were compared using a multivariate linear

mixed-effects model with fixed covariates for HIV status (PWH vs. PWoH) and neurocognitive impairment status (impaired vs. unim-

paired) (∼HIV status + neurocognitive impairment), while accounting for random effects within individual samples (∼1 | Subject) using
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the MaAsLin2 package in R (version 4.2.1). Lipid values were log-transformed, and zero values were imputed with half the minimum

value prior to analysis. The regression coefficients from the linear model were illustrated as a forest plot using the ’ggplot2’ (version

3.5.1) package in R (version 4.2.1). This analysis was also repeated considering only the PWH subgroup with fixed covariates for neu-

rocognitive impairment status. To visualize the correlation coefficients from the linear model with only fixed effects (i.e., the associ-

ation between CD4/CD8 ratio or plasma viral load considering only the PWH subgroup), a horizontal bar plot was created using

‘ggplot2’ (version 3.5.1). The color palettes were selected from the RColorBrewer (version 1.1.3) package in R (version 4.2.1).

Statistical tests for the immunomodulatory assays results were conducted in R (v.4.3.3) by using the ‘‘stats’’ package to run a one

way ANOVA test and the ‘‘multcomp’’ package to perform Dunnett’s multiple comparisons analysis. Significance was considered for

p < 0.05 between the control (DMSO) and treated cells.
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Figure S1. Distribution of N-acyl lipids in structural databases and mass spectrometry repository searches, related to Figure 1

(A) Diversity and relative frequency of N-acyl lipids head groups and (B) lipid chain lengths documented in LIPID MAPS. This analysis excludes ceramide

acylations.

(C) N-Acyl lipid query strategy: representative MS/MS spectra of phenylalanine-C10:0 (CCMSLIB00011435104) and phenylalanine-C16:0 (CCMSLIB00011435452).

The spectra show nearly identical fragmentation patterns, enabling the creation of the MassQL query to retrieve the MS/MS spectra of this family of lipids.

(D) MassQL query for phenylalanine head group where we initiate to return all MS/MS spectra (in yellow) that fulfill the following criteria: the precursor ion has to

match one of the expected precursor m/z values specified (gray), as well as the most diagnostic m/z fragments of the head portion (blue and pink) with their

indicated error tolerances and minimum relative intensities.

(E) Strategy followed to create the N-acyl lipid library and expand to biological interpretations. (I) MassQL queries were designed and run against the Orbitrap

datasets in the GNPS/MassIVE repository. (II) The spectra were clustered using MSCluster to reduce redundancy. (III) A cosine similarity filter was applied to keep

the higher-confidence N-acyl lipids spectra. (IV) The clustered spectra were searched using FASST searches against the whole repository (including Orbitrap and

QToF datasets), and human and rodent-related datasets were tagged using ReDU, and microbial, plant, and food-related datasets were also tagged using

domain-specific MASSTs. (V) The spectra retrieved from the FASST searches were filtered to keep the matches in which the raw (unfiltered) spectra resulted in

cosine similarity above 0.7. (VI) Summary of the results obtained with this workflow. Icons were obtained from Bioicons.com.
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Figure S2. Distribution of N-acyl lipids obtained from FASST searches among different tissues or biofluids, related to Figure 1

(A and B) Summary of the occurrences in the public domain in (A) human- and (B) rodent-related datasets.

(C) Venn diagrams illustrate the distribution of unique N-acyl lipids in human- and rodent-related datasets. The data are further stratified by tissues and biofluids

shared between the organisms.

(D and E) Heatmaps show the distribution of the number of matches grouped by head group in different tissues and biofluids with metadata available in ReDU for

(D) human- and (E) rodent-related public datasets. All heatmaps are shown as log values of the matches obtained from the repository. Icons were obtained from

Bioicons.com.
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Figure S3. N-Acyl lipids’ chain length diversity, evidence of microbial N-acyl lipids, and reanalysis of public datasets, related to Figure 2

(A–D) Distribution of N-acyl lipids in public data stratified by chain length classes. Upset plots show the number of unique N-acyl lipids attached to (A) short-,

(B) medium-, (C) long-, and (D) very long-chain fatty acids.

(E) Estimated polarity indexes of solvent mixtures used as extraction solvents in the datasets retrieved in the repository-scale analyses. Snyder’s indexes were

used to calculate them through a weighted equation.

(F) Reanalysis of a public dataset of monocolonized germ-free (GF) mice (GNPS/MassIVE: MSV000088040, deposited in 2021).32,33 Heatmap log2 fold changes

(FCs) of the N-acyl lipids matches in colon and small intestine samples of monocolonized mice relative to GF mice. Values of the diet, specific pathogen-free (SPF)

mice, and of mice colonized with segmented filamentous bacteria (SFB) are also shown. Red cells indicate compounds that are increasing relative to GF, while

blue cells indicate compounds that are decreasing relative to GF mice. The x axis is taxonomically ordered according to the NCBI Taxonomy ID.

(G) Heatmap showing the log2 FC of N-acyl lipid matches in microbial monocultures of gut commensal microbes relative to the culture media. Red cells indicate

compounds that are increasing, while blue cells indicate compounds that are decreasing relative to the media. The x axis is taxonomically ordered according to

the NCBI Taxonomy ID.

(H) Peak area abundances of N-acyl lipids annotated in a public dataset (GNPS/MassIVE: MSV000082261) from urine samples across clinical groups of healthy

and type I diabetes mellitus. Only N-acyl lipids with p values of 0.05 or less are shown. Healthy, n = 52; diabetes (type 1), n = 44.

(I and J) N-Acyl lipids annotated from a public dataset (GNPS/MassIVE: MSV000084322, MSV000084463) of (I) skin swabs and (J) soil samples of a human

cadaver decomposition study.36 The parallel coordinate plots show the mean of the N-acyl lipid peak areas obtained for the different head groups in each stage of

decomposition. Each line represents a N-acyl lipid match.

(K and L) Peak area abundances of N-acyl lipids annotated in public datasets from (K) skin (GNPS/MassIVE: MSV000084322) and (L) soil (GNPS/MassIVE:

MSV000084463) samples across different stages of decomposition of human bodies.36 Skin: day 0, n = 36; early, n = 171; active, n = 292; advanced, n = 249. Soil:

day 0, n = 36; early, n = 171; active, n = 299; advanced, n = 252.

(M and N) Peak area abundances of N-acyl lipids annotated in a public dataset (GNPS/MassIVE: MSV000080918)31 from mice fecal samples of mice subjected to

different diets (M) and treatment with a cocktail of antibiotics (N). Antibiotics: no, n = 310; yes, n = 27. Diet: high-fat diet (HFD), n = 310; normal chow (NC), n = 114.

For the antibiotics plot, only mice fed with HFD were considered. All boxplots indicate the first (lower), median, and third (upper) quartiles, while whiskers are 1.5

times the interquartile range. Significance was tested in cases where two groups were compared using the non-parametric two-sided Mann-Whitney U test, while

for more than two groups, the non-parametric Kruskal-Wallis test was used, and p values were corrected for multiple comparisons using the Benjamini-Hochberg

correction. Compounds with p values below 0.05 are highlighted in red. Icons were obtained from Bioicons.com.

ll
OPEN ACCESS Resource

http://Bioicons.com


A B

C D

Figure S4. MS/MS and retention time matching of N-acyl lipids in samples from the microbial monocultures and from the body decompo-

sition study, related to Figure 2

(A and B) MS/MS mirror plots and retention time matches to N-acyl lipids obtained via combinatorial synthesis. MS/MS spectra on the top (black) represent

spectra detected in the microbial monocultures experiment (Figure S3G). An unusual series of N-acyl 2-phenethylamines was observed and confirmed in level 1

annotation28,29 in two different chromatographic methods: LC1 (A) and LC2 (B)—see STAR Methods. Chromatographic traces represent the exported ion

chromatograms for each compound (black: sample; green: standard).

(C and D) MS/MS mirror plots and retention time matches to N-acyl lipids obtained via combinatorial synthesis. MS/MS spectra on the top (black) represent

spectra detected in the body decomposition study (Figures S3I–S3L). Chromatographic traces represent the exported ion chromatograms for each compound

(black: sample; green: standard) in two different chromatographic methods: LC1 (C) and LC2 (D)—see STAR Methods. MS/MS mirror plots can be interactively

inspected in the metabolomics spectrum resolver,127 with the information provided in Table S2.
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Figure S5. N-Acyl lipids associated with HIV status, HIV plasma viral load, and neurocognitive impairment status, related to Figure 3

(A) Peak area abundances of N-acyl histamines in people with HIV (PWH) and people without HIV (PWoH) (PWH, n = 228; PWoH, n = 93).

(B) Peak area abundances of N-acyl polyamines in cognitively impaired and normal participants (impaired, n = 151; unimpaired, n = 162) of the HNRC.

(C–E) Peak area abundances of N-acyl polyamines in cognitively impaired and normal participants (impaired, n = 114; unimpaired, n = 112) within the PWH

subgroup. Boxplots indicate the first (lower), median, and third (upper) quartiles, while whiskers are 1.5 times the interquartile range. Significance was tested

using the non-parametric two-sided Mann-Whitney U test. The p values shown are nominal p values, and the adjusted ones (for multiple comparisons using

Benjamini-Hochberg) are also available in Table S3. Molecular networks obtained for the (D) N-acyl histamines and (E) N-acyl cadaverines. The molecular

networks were created using the feature-based molecular networking workflow97 within the GNPS environment.22 The nodes are annotated based on spectral

similarity matches with the N-acyl lipids library created. The nodes represent each MS/MS spectrum, while the edges connecting them represent their spectral

similarity (threshold set to cosine > 0.7). Pie charts indicate the relative abundance of ion features in each group highlighted. This dataset is publicly available in

GNPS/MassIVE under the accession number MSV000092833.

(F) Forest plot illustrating the coefficient estimate of a linear mixed-effects model for individual N-acyl lipids, with fixed covariates of neurocognitive impairment

status (PWH subset; impaired, n = 114; unimpaired, n = 112), accounting for random effects within individual samples/visit where stool samples were collected.

Filled circles with corresponding confidence intervals represent significant N-acyl lipid species. Faded circles and squares depict non-significant species. Each

color represents a different head group.

(G) Bar plots showing the correlation coefficients for the association between HIV RNA viral load and various N-acyl lipids in the PWH (n = 203). Red bars represent

positive correlations, while blue bars represent negative correlations, as determined by linear regression models. The p values shown are nominal; adjusted p

values (corrected for multiple comparisons using the Benjamini-Hochberg method) are available in Table S3.

(H) MS/MS mirror plots and retention time matches to the pure N-acyl lipids standards. MS/MS spectra on the top (black) represent the ones detected in the

HNRC fecal samples, while the MS/MS on the bottom (green) are the ones obtained from the standards. Chromatographic traces represent the exported ion

chromatograms for each compound (black: sample; green: standard). The chromatographic method LC1 (see STAR Methods) was used. MS/MS mirror plots can

be interactively inspected in the metabolomics spectrum resolver,127 with the information provided in Table S3.

(I) Chromatographic traces represent the exported ion chromatograms for each compound (black: sample; green: standard), with data acquired in a different

chromatographic method: LC2 (see STAR Methods).

(J) Microbe-metabolite co-occurrence biplot obtained from mmvec41 analysis of the HNRC sample. Spheres represent ions of molecules, while arrows represent

microbes. Spheres were colored based on in which group (PWH vs. PWoH) each ion feature was most abundant. Small angles between the arrows indicate

microbes co-occurring with one another, and spheres close in the plot represent features co-occurring. Arrows pointing toward a group of molecules indicate

microbe-molecule co-occurrence. This biplot shows the 30 most important OTUs (higher vector magnitude). The biplot can be interactively visualized using

EMPeror,123 with the QZV file provided at https://doi.org/10.5281/zenodo.14015198.

ll
OPEN ACCESSResource

https://doi.org/10.5281/zenodo.14015198

	The microbiome diversifies long- to short-chain fatty acid-derived N-acyl lipids
	Introduction
	Results
	Detection of N-acyl lipids in public data
	Demonstrating the utility of the N-acyl lipid resource—N-acyl lipids in relation to HIV, immune, and cognition status
	Microbial producers of HIV-associated histamine N-acyl lipids
	Immunomodulatory activity of N-acyl lipids

	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and study participant details
	Bacterial culture conditions
	Human fecal material

	Method details
	Searches in LIPID MAPS
	Design of the MassQL queries and creation of the N-acyl lipids library
	N-acyl lipids repository-scale search
	Reanalysis of public data from GNPS/MassIVE
	Bacterial cultures screening
	Microbial growth and metabolite extraction
	LC-MS/MS untargeted metabolomics analysis
	Data processing, molecular networking, and data visualization

	Combinatorial reactions of N-acyl lipids
	HIV Neurobehavioral Research Center (HNRC) cohort study
	Cohort
	Sample preparation
	LC-MS/MS untargeted metabolomics analysis
	Data processing, Feature-Based Molecular Networking, and probability calculation
	Metagenomic data sequencing
	Metagenomic data processing
	Microbe-metabolite multi-omics associations
	Microbial cultures from the multi-omics analysis
	Untargeted LC-MS/MS analysis of microbes from the multi-omics HIV analysis

	Immunomodulatory Activity assays

	Quantification and statistical analysis
	Source of the pure N-acyl lipids
	Quantification of N-acyl lipids in biological samples
	Specificity
	Precision (repeatability and intermediate precision)
	Linearity
	Limit of detection and limit of quantification
	Accuracy

	Statistical analyses




