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Biosynthetic enzyme analysis identifies a
protective role for TLR4-acting gutmicrobial
sulfonolipids in inflammatory bowel disease

Ethan A. Older 1,7, Jian Zhang2,3,7, Zachary E. Ferris1, Dan Xue1,
Zheng Zhong 2,3, Mary K. Mitchell4, Michael Madden 1, Yuzhen Wang5,
Hexin Chen 4, Prakash Nagarkatti6, Mitzi Nagarkatti6, Daping Fan5,
Melissa Ellermann4, Yong-Xin Li 2,3 & Jie Li 1

The trillions ofmicroorganisms inhabiting the human gut are intricately linked
to human health. While specific microbes have been associated with diseases,
microbial abundance alone cannot reveal themolecularmechanisms involved.
One such important mechanism is the biosynthesis of functional metabolites.
Here, we develop a biosynthetic enzyme-guided disease correlation approach
to uncover microbial functional metabolites linked to disease. Applying this
approach, we negatively correlate the expression of gutmicrobial sulfonolipid
(SoL) biosynthetic enzymes to inflammatory bowel disease (IBD). Targeted
chemoinformatics and metabolomics then confirm that SoL abundance is
significantly decreased in IBD patient data and samples. In a mouse model of
IBD, we further validate that SoL abundance is decreasedwhile inflammation is
increased in diseased mice. We show that SoLs consistently contribute to the
immunoregulatory activity of different SoL-producing human microbes. We
further reveal that sulfobacins A and B, representative SoLs, act on Toll-like
receptor 4 (TLR4) and block lipopolysaccharide (LPS) binding, suppressing
both LPS-induced inflammation and macrophage M1 polarization. Together,
these results suggest that SoLsmediate a protective effect against IBD through
TLR4 signaling and showcase a widely applicable biosynthetic enzyme-guided
disease correlation approach to directly link the biosynthesis of gut microbial
functional metabolites to human health.

The humangutmicrobiome, composed of trillions ofmicroorganisms,
is intricately linked to human health1. At the species abundance level,
numerous human microbes have been rigorously correlated with dis-
ease phenotypes, however, the mechanisms by which these microbes
influence human health remain largely unkown2–4. One important

mechanism is through the biosynthesis of functional metabolites by
microbes5–9. Microbial functionalmetabolites are in direct contact and
constant exchange with human cells, granting them inherent biologi-
cal activity in complex host-microbe interactions5,6,8. Accordingly,
human microbiome research has begun moving towards revealing
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these microbial functional metabolites and their corresponding
molecular mechanisms that drive specific disease phenotypes10,11.

Human microbiota-derived lipids are a prolific class of functional
metabolites. While many studies have focused on common microbe-
derived lipids, such as short-chain fatty acids (SCFAs) and
phospholipids12,13, there are a significant number of underexplored
lipidswhichmaybeequally capable of influencing humanhealth14. One
such class of microbe-derived lipids is sulfonolipids (SoLs), unique
molecules that bear striking structural similarity to both bacterial and
endogenous sphingolipids (SLs) which are known for their role in
mediating immune signaling in humans15. SoL-producing bacteria do
not biosynthesize SLs but instead produce SoLs in high abundance16,17,
suggesting that SoLs may replace SLs as functional metabolites with
similar but distinctly different functions. In fact, two SoL-producing
genera,Alistipes andOdoribacter, have been negatively correlatedwith
the two primary forms of IBD, ulcerative colitis (UC) and Crohn’s dis-
ease (CD)18–21, with some species shown to ameliorate IBD
symptoms20,21. We have found that sulfobacin A (SoL A), a repre-
sentative SoL produced by Chryseobacterium gleum F93 DSM 16776,
exhibits unusual immunoregulatory activity in vitro by modulating
inflammatory cytokine production, especially through suppression of
the lipopolysaccharide (LPS)-induced inflammatory response22 which
has been reported as a key contributor to the progression of IBD23–26.
We have also elucidated the biosynthetic pathway of SoLs and shown
that this pathway involves critical enzymes that are specifically
involved in SoL biosynthesis, allowing it to be distinguished from the
SL biosynthetic pathway22. Whether SoLs produced by Alistipes and
Odoribacter, two genera negatively associated with IBD18,19, represent
functional metabolites in this negative correlation is unknown. Fur-
thermore, the molecular target(s) of SoLs as a whole class of unique
and abundant lipids is also unknown.

To probe the associations between microbial functional metabo-
lites and disease, many studies have used untargeted metabolomics.
However, this approach alone faces challenges such as the complexity
of the metabolome, the lack of reference databases for identification,
trace metabolite amounts, and a high degree of variability between
different metabolomes27–29, all of which lead to difficulty in revealing
specific gut microbial functional metabolites as drivers of molecular
mechanisms in disease. In contrast, disease-related sequencing data-
sets such as the Human Microbiome Project30, DIABIMMUNE31, and
numerous others hosted in the NCBI Sequence Read Archive32 are
widely available, higher quality, less dimensional, and less variable.
This presents an alternative approach to elucidating the potential
connection between SoLs and disease. Thus, we developed an
approach that leverages the critical SoL biosynthetic enzymes to
examine their differential prevalence and expression in disease,
allowing genomic and transcriptomic-level correlations between the
biosynthesis of SoLs by humanmicrobes and disease. Informed by this
biosynthetic enzyme-guided disease correlation, we can further
examine the abundance of SoLs in human disease-related metabo-
lomics datasets to validate these genomic and transcriptomic-level
associations at the metabolomic level.

In this work, we used this informatics-based, functional
metabolites-focused approach to reveal a negative correlation
between SoL biosynthesis and human IBD pathogenesis, followed by
targeted chemoinformatic and metabolomic analysis. We then
experimentally validated this multi-level correlation using a mouse
model of IBD. Through bioactive molecular networking, we deter-
mined that SoLs consistently contribute to the immunoregulatory
activity of SoL-producing human gut commensals. Using cell-based
assays, we also revealed that SoLs primarily mediate their immuno-
modulatory activity through interaction with TLR4. Specifically, SoLs
binds directly to TLR4 via the accessory protein myeloid differentia-
tion factor 2 (MD-2) and displace LPS from MD-2 at higher con-
centrations, leading to suppression of TLR4 signaling pathways and

macrophageM1 polarization. Together, these results demonstrate our
biosynthetic enzyme-guided disease correlation approach to unco-
vering the chemical basis andmolecularmechanisms of intricate host-
microbe interactions and outline a potential mechanism by which gut
microbial SoLs exert a protective effect against IBD progression
through disruption of LPS-mediated TLR4 signaling.

Results
Biosynthetic enzyme-guided disease correlation analysis reveals
a negative correlation between SoL biosynthesis and IBD
We began by systematically investigating the biosynthetic potential of
SoLs from 285,835 human gut bacterial reference genomes including
single amplified genomes (SAGs) and metagenome-assembled gen-
omes (MAGs)33. Based on sequence homology with experimentally
verified SoL biosynthetic enzymes22,34–36 (Supplementary Fig. 1, Sup-
plementary Data 1), we identified a total of 562,214 homologous
enzyme sequences, including 469,012 cysteate synthases (CYS),
33,486 cysteate fatty acyltransferases (CFAT), and 59,716 short-chain
dehydrogenases/reductases (SDR) (Supplementary Fig. 2a). Uncover-
ing phylogenetic trends, we found that these three enzymes were
widely distributed in 255,572 genomes (Supplementary Fig. 2a) across
21 phyla,with themajority belonging to Bacteroidota and Firmicutes_A
(Supplementary Fig. 2b). A subset of 6.21% (15,863/255,572) of the
genomes was found to encode all three putative SoL biosynthetic
enzymes (Supplementary Fig. 2a). To prioritize them for further ana-
lysis, we filtered the homologs on the basis of three rules: (1) the
homology of both CFAT and CYS must equal or exceed 50% sequence
similarity with experimentally validated CFATs and CYSs (Supple-
mentary Data 1), as these enzymes are the first two specific enzymes in
the biosynthetic pathway of SoLs that distinguish the biosynthesis
between SoLs and SLs22,34–36; (2) the homologous regions of CYS, CFAT,
and SDR should include protein domains with Pfam IDs PF00291,
PF00155, and PF00106, respectively (hit score >50); (3) a set of
homologous enzymes, especially SDR enzymes that show variable
sequence similarities, should come from the same genome encoding
all three enzymes as all three are required for SoL biosynthesis, thus
ensuring co-occurrence. Applying these rules, we prioritized 9,731 CYS
(1384 unique sequences), 9740 CFAT (917 unique sequences), and
10,319 SDR enzymes (1,076 unique sequences) (Fig. 1a, Supplementary
Data 2) from 9,633 bacterial genomes. The prioritized enzymes were
distributed among 42 species from Bacteroidota (99.99%, 9632/9633,
95% confidence interval: 99.94% ~ 100%) and one species from Firmi-
cutes_A (0.01%, 1/9633, 95% confidence interval: 0.0018% ~ 0.059%)
(Fig. 1b, Supplementary Data 3). Of note, among the 42 species from
Bacteroidota, 71% (30/42) of them belong to bacterial families that
have been previously reported to produce SoLs (Fig. 1b) including
Rikenellaceae (containing genera Alistipes and Alistipes_A)16,37, Mar-
inifilaceae (containing genus Odoribacter)16, and Weeksellaceae (con-
taining genus Chryseobacterium B)22,38.

To determine whether there is a link between gut microbial
capacity to produce SoLs and IBD incidence, we conducted a com-
parative analysis of metagenomic and metatranscriptomic data
obtained from the Inflammatory Bowel Disease Multi’omics Database
(IBDMDB)19,39. We began by generating sequence similarity networks
with a 90% sequence identity threshold to group enzymes with similar
functions. Consequently, we categorized the prioritized biosynthetic
enzymes into 214 subfamilies (79 CYS subfamilies; 25 CFAT sub-
families; and 110 SDR subfamilies) for the subsequent analyses (Sup-
plementary Data 4). Looking for the presence of the prioritized
214 subfamilies in IBD cohorts, we identified 154 subfamilies in 667
metagenome samples (182 healthy samples and 485 IBD disease sam-
ples), of which 116 subfamilies were detected in ≥5% of samples (Sup-
plementary Fig. 2c). Beta diversity of the presence of these
116 subfamily biosynthetic enzymes indicated that the overall com-
position of SoL biosynthetic enzyme subfamilies was significantly
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different between the healthy and IBD cohorts (Fig. 1c, Jaccard dis-
tance, PERMANOVA p =0.001). Of note, 57 subfamilies had a sig-
nificantly higher prevalence (two-sided Fisher’s exact test p <0.05) in
healthy individuals as compared to IBD cases (Supplementary Data 5),
among which 35 subfamilies (18 CYS subfamilies, 2 CFAT subfamilies,
and 15 SDR subfamilies) further show a difference of prevalence
> 10% (Fig. 1d).

To further examine the difference between the expression pro-
files of SoL biosynthetic enzymes between the IBD and healthy
groups, we extended our comparative analysis to the metatran-
scriptomic level. We found that 132 SoL biosynthetic enzyme sub-
families were expressed in 777 metatranscriptomic samples (193
healthy samples and 584 IBD disease samples), with about 42% (55/
132) detected in at least 5% of samples (Supplementary Fig. 2d). Beta

diversity of the expression profiles of SoL biosynthetic enzymes
suggested that the overall expression of these enzyme subfamilies is
significantly different between the healthy and IBD cohorts (Fig. 1e,
Bray-Curtis distance, PERMANOVA p = 0.001). To capture more
detail, we compared the prevalence and abundance differences of
each enzyme subfamily in the metatranscriptomic samples. Nine
subfamilies had higher prevalence (two-sided Fisher’s exact test
p < 0.05, varying from 9% ~ 17%) in the non-IBD group than the IBD
group (Supplementary Data 6). We further identified 8 subfamilies (6
CYS, 1 CFAT, and 1 SDR) as significantly different in abundance
(expression) profiles between the healthy controls and IBD cases
(Fig. 1f, two-sidedMann-WhitneyU test, adjustedp < 0.05). Notably, 7
of the 8 subfamilies had a higher prevalence (Fig. 1f, upper panel,
two-sided Fisher’s exact test p < 0.05) and a higher abundance
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(Fig. 1f, lower panel, one-sided Mann-Whitney U test, adjusted
p < 0.05) in the non-IBD group than in the IBD group.

We finally looked for metabolomic evidence in the differences of
detectable SoLs, the products of the biosynthetic enzymesmentioned
above, among IBD and non-IBD groups from publicly accessible
metabolomics datasets. We expected that the increased expression of
SoL biosynthetic enzymes would correspond with an increased abun-
dance of stool SoLs in non-IBD groups compared to IBD groups after
possible uptake by the host. Using metabolomics data from two
independent datasets (dataset 1: IBDMDB19,39, corresponding to the
same dataset used for metagenomics and metatranscriptomics ana-
lysis; dataset 2: PRISM40), we identified metabolite features putatively
corresponding to specific sulfonolipids16,41 (Supplementary Data 7), by
exact mass comparison with mass error less than 5 ppm (Supple-
mentary Data 8). Within each dataset individually, we indeed found
that metabolomic features potentially corresponding to SoLs were
decreased in stool samples of IBD groups compared to non-IBD
groups. Since there were noMS/MS data available in either dataset, we
utilized additional complementary approaches to confirm these fea-
tures as SoLs including analysis of in-source fragmentation, correlation
of co-eluting metabolomic features, and retention time matching
between the dataset and data recreated using our own instrument,
followedby experimental validationusing targetedmetabolomicswith
an additional set of samples from independent IBD disease case and
control cohorts.

To validate the presence of SoLs in these datasets, we first tried to
identify SoLs using in-source fragments (ISFs) of metabolites based on
an established set of criteria42. We initially identified six groups of co-
eluting metabolomic features as potential ISFs which showed peak-to-
peak intensities highly correlated with putative SoL features (Supple-
mentary Fig. 3, Pearson correlation coefficients ≥0.9). We then exam-
ined the reference MS/MS spectra of our isolated and literature-
reported SoLs22,41 matching putative SoL masses, which contained
limited m/z values corresponding to potential ISFs we identified.
However, their relatively low intensity was not conclusive enough to
classify them as high-confidence ISFs42. Thus, we proceeded with a
complementary correlational approach to identify the putative SoL
features. Among the originally identified six groups of co-eluting
metabolomic features, five members were detected in both datasets
mentioned above (Supplementary Fig. 3c–f, features highlighted in
bold). Based on exact mass matching, these features corresponded to
SoL analogs: SL 34:1;2O, SL 17:0;O/16:1;O, SL 33:1;2 O | SL 17:0;O/16:1;O,
SL 34:1;2 O | SL 17:0;O/17:1;O, and SL 32:0;O | SL 17:0;O/15:043. In addi-
tion, these features had higher peak area-peak area correlation with
each other (Pearson correlation ≥0.9; Supplementary Fig. 3c–f).
Notably, SoLs areoftendetected inmetabolomics asa series of analogs
with consecutive additions of CH2 andH2moieties within the class and

with different numbers of oxygens between classes16,43. Thus, these
features likely represent a series of analogs chemicallymodified froma
common parent metabolite, or co-produced by a specific microbe,
which is consistent with SoL analogs. These metabolomic features
were further positively correlated with species of the prolific SoL-
producing genus Alistipes: A. putredinis, A. finegoldii, A. indistinctus, A.
shahii,A. onderdonkii, andBacteroidalesbacteriumph8 (whichbelongs
to A. obesi) with Spearman correlation coefficients ≥ 0.5 (Supplemen-
tary Figs. 4–6). This positive correlation indicated that the abundance
of these metabolites increased with the increase in these species,
supporting that these species likely produced these molecules. Fur-
thermore, these metabolomic features had significantly higher abun-
dance in non-IBDgroups compared to IBD groups in both IBD datasets
(Fig. 2a, Supplementary Fig. 7, Wilcoxon rank sum test, p < 0.05, one-
sided), which was consistent with our exact mass matching analysis.

To further validate our identification of SoLs in these datasets, we
acquired one of the columns used to generate the original data19,40. We
then selected several standard compounds used in dataset 2 and the
candidate SoLB feature thatwe identifiedby exactmassmatching, and
subsequently analyzed the retention times of the standard compounds
alongside our own standard SoL B using our in-house HPLC-MS
instrument. Due to the inherent variability of retention time between
instruments44,45, we calculated the relative retention time (RRT)46,47

using eachof the standard’s retention time relative to that of our SoLB
standard and compared these values to the RRTs calculated using the
corresponding dataset standards and candidate SoL B. We found that
the RRT values using our SoL B standard and the RRT values using the
candidate SoL B shared a linear relationship (Supplementary Fig. 8,
R2 =0.9915), indicating that the shift in retention time was linear and
thus suggesting that the candidate SoL B feature was SoL B.

Finally, to experimentally validate our informatic analysis, we
obtained deidentified stool samples collected from an independent
cohort of IBD patients (n = 40) and healthy controls (n = 40), and
analyzed their SoL abundance by targeted HPLC-MS/MS. We detected
SoLsB, C, and F asmajor SoLs and found that all their abundanceswere
decreased in IBD samples compared to non-IBD samples (Fig. 2b), with
SoL B and F being significantly decreased (Wilcoxon rank sum test,
p <0.05, one-sided). This independent validation was consistent with
our bioinformatic analysis which also showed that major SoLs includ-
ing SoL Bwere significantly decreased in IBDmetabolomes and further
supported our identification of SoLs in the metabolomics datasets as
well as our chemoinformatic analysis showingdecreased abundanceof
SoLs in stool samples of IBD.

Thus, our metagenomic analysis reflected that SoL biosynthetic
enzymes were more prevalent in the non-IBD group than the IBD
group, metatranscriptomics suggested that genes encoding these
enzymes are more actively transcribed in the non-IBD group, and

Fig. 1 | The presence and expression profiles of SoL biosynthetic enzymes and
the production of SoLs differ in IBD subjects versus healthy controls.
a Overview of SoL biosynthetic enzymes identified in human gut bacteria. 562,214
putative SoL biosynthetic enzymes were identified across 21 bacterial phyla. 6.21%
of genomes encode 3 types of SoL biosynthetic enzymes (Pie chart, sections in red
and purple). Bar chart shows the number of prioritized SoL biosynthetic enzymes
encoded by 9,633 genomes (highlighted in red in the pie chart). b A circular phy-
logenetic tree shows the prioritized SoL biosynthetic enzymes found primarily in
species from Bacteroidota (highlighted in green and orange). The tree is annotated
with species names and colored by taxonomic families (Rikenellaceae: green;
Marinifilaceae: orange; Weeksellaceae: pink; Lachnospiraceae: gray). c Principal
Coordinate Analysis (PCoA) shows differences in the presenceprofile of overall SoL
biosynthetic enzyme subfamilies between IBD and non-IBD groups based on Jac-
card distance. Statistical significance was determined using PERMANOVA;
p =0.001. d 35 SoL biosynthetic enzyme subfamilies were significantly more pre-
valent in healthy individuals (red dots) than in IBD groups (blue dots) with a dif-
ference of prevalence >10%. All comparisons were significant by two-sided Fisher’s

exact test with p <0.05. e PCoA shows the differences in the expression profile of
overall SoL biosynthetic enzyme subfamilies between IBD and non-IBD groups
based on Bray-Curtis distances. Statistical significance was determined using PER-
MANOVA; p =0.001. f Expression profiles of differential SoL biosynthetic enzyme
subfamilies (n = 8; two-sidedMann-WhitneyU test, adjusted p <0.05). Upper panel:
bar charts showing the prevalence of differential SoL biosynthetic enzyme sub-
families across non-IBD (red) and IBD individuals (darkblue). Statistical significance
for prevalence was calculated using a two-sided Fisher’s exact test. Except CYS
subfamily24 (CYS_24, no significance), all were significantly higher in prevalence in
non-IBD than IBD groups (p <0.05). Lower panel: box plots displaying the abun-
dance profiles of differential SoL biosynthetic enzyme subfamilies in non-IBD (red)
and IBD individuals (dark blue). All box plots include center lines representing the
median, box limits representing upper and lower quartiles, whiskers representing
the 1.5x interquartile range, and points representing outliers. Significance was
further determined by one-sided Mann-Whitney U test, with adjusted p-
value < 0.05.
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chemoinformatics and metabolomics indicated that representative
SoLs are in higher abundance in stool samples from thenon-IBDgroup.
We further validated themetabolomics data in an independent cohort
of IBD patient samples which showed that SoL abundance was indeed
significantly decreased in IBD compared to non-IBD samples. Alto-
gether, our findings establish a negative correlation directly between
SoL biosynthesis and IBD, consistent with the previously reported
negative association between SoL-producers, namely Alistipes and
Odoribacter, and IBD22,23.

An experimental model of colitis demonstrates the negative
correlation between SoL production and IBD progression
Encouraged by our informatically predicted negative correlation
betweenSoLbiosynthesis and IBD,we sought to further experimentally
validate our prediction using a well-established mouse model of IBD.
We used Il10-deficient (Il10–/–) mice that are genetically susceptible to
developing intestinal inflammation and chronically treated them with
the non-steroidal anti-inflammatory drug piroxicam, which induces the
development of colitis through the disruption of the gut mucosal

barrier in inflammation-susceptible hosts48,49. We selected this model
due to its stability, as Il10–/–mice generally will not develop colitis when
born and raised under specific pathogen-free conditions unless
induced by external stimuli such as piroxicam treatment. This allowed
us to more confidently ensure that the effects observed were depen-
dent on the induction of colitis and not due to the Il10 deficiency.
Stimulation of mucosal TLRs stemming from mucosal barrier break-
down was another factor in our selection of this model, as we have
previously shown that SoLA suppresses LPS-induced inflammation and
LPS is well-known to activate TLR signaling22,50. As has been previously
reported48,49, we observed that the colonic tissues were inflamed in the
piroxicam-treated (IBD) group of Il10–/– mice when compared to the
control (pre-IBD) group as indicated by gross pathology and blinded
histopathology analyses (Fig. 3a–c, Supplementary Data 9 and 10).

To explore the link between SoL production and IBD, we collected
fecal material from piroxicam-treated Il10–/– (IBD) mice (n = 7, female)
and pre-IBD control Il10–/– mice (n = 4, female), extracted metabolites,
andmeasured the abundance of SoLs by targetedmetabolomics using
high-performance liquid chromatography (HPLC)-high resolution
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Fig. 2 | SoL abundances are decreased in IBD metabolomics datasets and
independent IBD patient samples. a Box plots showing the relative abundance of
SoL candidates detected in dataset 1 (upper) from non-IBD (red boxes, n = 124
individuals) and IBD individuals (blue boxes, n = 348 individuals) and in dataset 2
(lower) from non-IBD (red boxes, n = 56 individuals) and IBD individuals (blue
boxes, n = 164 individuals). For each feature, the corresponding SoL is noted in the
bottom label. The prefixes of metabolomic feature names correspond to the
detection method used: In dataset 1, HILp indicates the HILIC-positive method and
HILn indicates the HILIC-negative method. In dataset 2, HILIC-pos indicates the
HILIC-positive method and HILIC-neg indicates the HILIC-negative method. Details
for the corresponding LCMS methods can be found in the original studies. Sig-
nificance was determined using the one-sided Wilcoxon rank sum test with the

hypothesis that the abundance of SoL was higher in the non-IBD than in IBD group.
Exact p-values from left to right are: 1.2E-11, 3.9E-13, 2.3E-14, 1.1E-6, 1.1E-8 in dataset 1
(upper) and 3.3E-8, 6.2E-9, 1.2E-7, 4.5E-10, and 6.5E-11 in dataset 2 (lower). b Box
plots showing the absolute abundance of SoLs B, C, and F measured by targeted
metabolomics in an independent cohort of IBD patient stool samples. SoL B and F
were found to be significantly decreased in IBD (blue boxes, n = 40) compared to
non-IBD (red boxes,n = 20) samples. All box plots include center lines representing
the median, box limits representing upper and lower quartiles, whiskers repre-
senting the 1.5x interquartile range, and points representing outliers. Source data
are provided in the Source Data file. Significance was determined using two-sided
Student’s t-test. The exact p-values for SoL B and SoL F were 0.0241 and 0.0482,
respectively. For all p values: *0.01 <p <0.05, **0.001 <p <0.01, and ***p <0.001.
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mass spectrometry (HRMS) (Fig. 3d). We detectedmetabolites withm/
z corresponding to major SoLs, specifically SoLs A (SL 34:0;2 O | SL
17:0;O/17:0;O) and B (SL 32:0;O | SL 17:0;O/15:0), in all fecal samples
tested and unambiguously determined their identities by HPLC-MS/MS
(Fig. 3e, Supplementary Fig. 9a, b). We then determined that the
abundances of both SoLs A and B were significantly decreased in feces
from piroxicam-treated mice compared to control (Fig. 3f, g). This
result confirms our above-described informatic analysis and directly
establishes a negative correlation between SoL production and colitis
progression in the mouse model. In addition, we also observed sig-
nificantly increased expression of the NF-κB-regulated inflammatory
markers TNFα, NOS2, IL-6, and IL-1β in the IBD mouse group (Mann-
Whitney U test, p≤0.005; Fig. 3h–k), further indicating a negative
correlation between SoL production and these inflammatory markers.
Given our previously observed anti-inflammatory activity of SoL A
against LPS22, a natural ligand of TLR4, this negative correlation sug-
gests a potential role of SoLs in regulating IBD that may involve sup-
pressing TLR4-mediated NF-κB activation. To exclude any differences
caused by sex, we performed another independent study with male
mice using the samemodel and observed the samenegative correlation
between SoL production and IBD progression (Supplementary Fig. 10).

Constant identification of SoLs’ contribution to immunomodu-
latory activity
We next examined the production of SoLs and their contribution to
immunomodulatory activity in different human gut commensals.

Unlike C. gleum F93 DSM 16776, which we experimentally investigated
for its functional metabolites in relation to inflammatory activity22, the
prolific SoL-producers Alistipes and Odoribacter had not yet been
thoroughly chemically investigated to identify the biologically active
components associated with remediation of IBD. In addition, Alistipes
and Odoribacter produce a mixture of other SoLs16 and are likely to
produce a multitude of other functional metabolites, both of which
may complicate the potential immunomodulatory activity of these
genera’s metabolites with respect to their bioinformatically predicted
negative associationwith IBD. Thus, we conductedbioactivemolecular
networking of three Alistipes and two Odoribacter strains (Supple-
mentary Data 11) to identify the constant contributor(s) to biological
activity.We fractionated crude extracts of theAlistipes andOdoribacter
strains and determined the biological activity of each fraction using a
cell-based assay that measured the suppression of LPS-indued TNFα
production (Fig. 4a). We simultaneously analyzed each fraction by
untargeted HPLC-HRMS/MS to generatemolecular networks using the
Global Natural Products Social (GNPS) feature-based molecular net-
working (FBMN) pipeline51. We then correlated the relative expression
of TNFα in each fraction with the relative peak area of molecular fea-
tures across all fractions to generate a bioactivity score reflecting the
contribution of specific features to the activity of the fractions.
Bioactivity scores and relative peak areas were then mapped onto the
molecular network to visualize these contributions. The resulting
bioactive molecular network generated from Alistipes timonensis DSM
27924 is presented in Fig. 4b. The SoL-containing cluster contained the
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Fig. 3 | SoLs are decreased in a mouse model of colitis concurrent with
increased expression of inflammatory markers. a Histological analysis of the
mouse distal colon reveals that piroxicam treatment induced intestinal inflamma-
tion in Il10–/–- mice. b, cHistology and gross pathology scores indicate induction of
colitis in Il10–/– mice treatedwith piroxicam (red bars, n = 7 femalemice) compared
to pre-IBD control Il10–/– mice (green bars, n = 4 female mice), confirming the
successful establishmentof the IBDmodel. The trendswere consistent inmalemice
in another independent cohort using the same IBDmodel (Supplementary Fig. 10).
Significance was determined using two-sided Mann-Whitney U test. Bars represent
mean ± standard error. Exact p-values were 0.02037 and 0.01951 for Histology
Score and Gross Pathology, respectively. d Total ion chromatograms (TICs)
obtained fromHPLC-HRMS analysis of fecal pellet extracts fromcontrol Il10–/–mice
and Il10–/– + piroxicam mice reveal the presence of SoL A and SoL B. SoL abun-
dances appear to be decreased in Il10–/– + piroxicam mice fecal pellets. e MS/MS
spectra of SoLs A and B confirm their identities basedon the presence of the 80m/z

fragment characteristic of sulfonate-containing compounds as well as other char-
acteristic fragments (Supplementary Fig. 9a, b) and compared to literature frag-
mentation patterns16,22. f, g Peak areas were calculated using TICs obtained after
MS/MS fragmentation and used to measure the abundance of SoLs A and B. Both
SoLs A and B were significantly decreased in feces from inflamed mice (red bars,
n = 7, female) compared to control mice (green bars, n = 4, female). Significance
was determined using two-sided Student’s t-test. Bars represent mean ± standard
error. Exact p values were 5.42E-5 and 0.01472 for SoL A and SoL B, respectively.
h–k Gene expression of inflammatory markers TNFα, NOS2, IL-6, and IL-1β were
significantly increased in the ceca of Il10–/– + piroxicam mice (red bars, n = 7,
female) compared to control mice (green bars, n = 4, female). Significance was
determined using two-sidedMann-WhitneyU test. Bars represent mean ± standard
error. Exactp valueswere0.0061, 0.0061, 0.0061, and0.0424 forTNFα, NOS2, IL-6,
and IL-1β respectively. For all p values: *0.01 <p <0.05, **0.001 <p <0.01, and
****p <0.0001. Source data are provided in the Source Data file.
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most abundant andmost activemolecular features, as indicated by the
node size and color intensity compared to other clusters in the net-
work. Additionally, this cluster contained several known SoLs but
many more unannotated SoLs, suggesting that the family of biologi-
cally active SoLs is larger thanwhat is currently known. In all other SoL-
producers tested, we consistently identified SoLs as a major con-
tributor in the active fractions of each strain (Supplementary Fig. 11).
To exclude the possibility of observed SoL activity being influenced by
LPS contamination, we confirmed the absence of leftover LPS in the
SoL samples using a chromogenic LAL assay (Supplementary Fig. 12).
Narrowing down the immunosuppressive activity of each of the strains
to SoLs guided us to isolate pure SoLs A and B from A. timonensisDSM
27924 (structures confirmed by NMR spectroscopy; Supplementary
Tables 1 and 2, Supplementary Figs. 13–24), as well as from each of the
other Alistipes and Odoribacter strains tested. We thus reinforced the
contribution of this class of lipids to the observed biological activity of
Alistipes and Odoribacter.

SoL A mediates dual immunomodulatory activity through TLR
signaling
While the causes of IBD remain largely unknown, IBD progression has
been linked to aberrant TLR signaling50. TLRs are pattern recognition
receptors (PRRs) that initiate a variety of host processes, especially
inflammatory responses, through the recognition of pathogen-
associated molecular patterns (PAMPs) and other non-pathogenic
microbial factors50,52,53. Specifically, TLR2 and TLR4 are well-known to
recognize PAMPs in the gutmicrobiome50. In addition, their expression
is significantly increased in IBD pathogenesis, reflecting a state of
aberrant activation50,52. Thus, we expected that SoLs may interact with
TLR4orTLR2 tomediate their immunomodulatoryactivity.We treated
primary mouse macrophages collected from wild-type C57BL/6 mice
with SoL A (as a representative of SoLs) either alone or together with
LPS (an agonist of TLR4) or Pam3CSK4 (an agonist of TLR2/1) and
measured the expression of three inflammatory cytokines (IL-6, TNFα,
and IL-1β). By itself, SoL A exhibited a mild to moderate effect on the

expression of pro-inflammatory cytokines compared to control
(Fig. 5), generally consistent with our previous finding22. As expected,
the TLR ligands, LPS and Pam3CSK4, both showed significant induc-
tion of all three cytokines compared to control (Student’s t-test,
p ≤0.0001) (Fig. 5). Notably, SoL A was found to significantly suppress
the expression of all three cytokines induced by LPS (p ≤0.0001)
(Fig. 5). Together, SoL A’s mild pro-inflammatory activity by itself and
strong inhibition against LPS-induced inflammation constitute its dual
immunomodulatory activity. SoL A also inhibited Pam3CSK4-induced
IL-6 and TNFα to a smaller extent while increasing IL-1β expression
induced by Pam3CSK4 (p ≤0.05) (Fig. 5). This result indicates that SoL
A primarily affects LPS-induced inflammation and implies that inter-
action with TLR4 may be involved in SoL A’s mechanism of action.
Interestingly, SoL A’s partial suppression of Pam3CSK4-induced
inflammation suggests that SoL A-related anti-inflammatory activity
may also extend to the TLR2/1 pathway and warrants further investi-
gation. After identifying that SoL A’s primary effect is through TLR4,
we further examined the biological activity of SoL B against LPS-
induced inflammation.We found that SoL B also inhibited LPS-induced
inflammation albeit to a lesser extent than SoL A (Supplementary
Fig. 25). This activity is consistent with previous reports that SoL B
exhibits anti-inflammatory activity both in vitro and in vivo in mouse
models of acute inflammation54.

Molecular docking and ELISA displacement assay suggest SoLs
binding to TLR4/MD-2 complex
LPS stimulation of TLR4 occurs through a series of interactions ulti-
mately resulting in LPS binding to MD-2, which forms a complex with
TLR4 and induces dimerization to initiate signaling55–57. The TLR4/MD-
2 heterodimer recognizes structurally diverse LPS molecules, giving it
the flexibility to detect different LPS-related PAMPs in the human gut
microbiome57. Interestingly, the TLR4/MD-2 complex was recently
found to recognize human sulfatides, sphingolipid derivatives which
bear a sulfated saccharide head group and dual acyl chains, pre-
sumably mimicking the disaccharide core and multiple acyl chains of

a b

Fig. 4 | Bioactive molecular networking leads to the identification of SoLs as
major bioactive components of a SoL-producer. a A crude extract of A. timo-
nensis DSM 27924 was separated based on polarity into 5 fractions. Each fraction
was used in an in vitro cell-based assay (n = 3 individual wells) to measure its
respective capacity to suppress LPS-induced expression of TNFα. Fraction 2
(highlighted as a green bar) was found to have the most significant anti-
inflammatory effect compared to LPS. All fractions were compared to LPS for sta-
tistical significancewithonly fractions 1 and 2 showing significant change. Fractions
3, 4, and 5 showed no significant change. Statistical significance was determined
using two-sided Student’s t-test. Bars represent mean± standard error. Exact p

valueswere0.02943and0.0133 for LPS against LPS + Fraction 1 andLPS against LPS
+ Fraction 2, respectively. For all p values: *0.01 <p <0.05. Source data are provided
in the Source Data file. b Untargeted HPLC-HRMS/MS was used to construct a
molecular network for each fraction throughGNPS FBMN. The relative peak area of
each molecular feature in fraction 2 was mapped to the color of the nodes with
more abundant features increasing from white to green. Bioactivity score was
mapped to the node size with larger nodes indicating stronger negative correla-
tions. Several known SoLs were annotated in this cluster and their structural var-
iations are illustrated, further demonstrating that SoLs as a family of molecules
contribute to the observed suppression of LPS-induced TNFα expression.
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LPS58. Comparing the chemical structure of SoL A to those of sulfatides
and lipid A (the immunogenic portion of LPS) (Fig. 6a), we noted
structural similarity in the negatively charged head groups and mul-
tiple acyl chains. We thus considered if multiple molecules of SoL A
might bind to MD-2 in a similar configuration as sulfatides and lipid A.
Inspired by sulfatides that bind in triplicate to MD-258, we used mole-
cular docking tomodel the binding of threemolecules of SoL A toMD-
2. Our analysis predicted three molecules of SoL A indeed bind in the
hydrophobic pocket of MD-2 (Fig. 6b), where lipid A is known to bind,
with a docking score of -8.9 kcal/mol, better than that of lipid A which
had a docking score of -6.2 kcal/mol. Additionally, SoLAwas predicted
tomake hydrophobic contacts with several amino acids including I117,
F119, I52, and F121 (Supplementary Data 12), all of which are also
reported to contact the acyl chains of lipid A57. Notably, SoL A is also
predicted to contact residues including R264 andR90 (Supplementary
Data 12), consistent with contacts between these residues and the
phosphate groups of lipid A57. This suggests that SoL A may bind
directly to the TLR4/MD-2 complex and possibly compete for binding
with LPS, allowing it to suppress LPS-induced activation of the TLR4
pathway. A critical aspect of lipid A binding toMD-2 is the exclusion of
one acyl chain from the hydrophobic pocket of MD-2 which forms a
bridge with TLR4 and is involved in inducing dimerization57. Likewise,
we observed one acyl chain of SoL A excluded from the hydrophobic
pocket in our docking analysis (Fig. 6b), further suggesting that SoL A
mimics LPS as a ligand for TLR4. After successfully docking SoL A we
then tested SoL B which lacks an extra hydroxy group, (Fig. 6a)
potentially increasing its interactions with the hydrophobic binding
pocket of MD-2. Our docking analysis indeed showed that SoL B also
binds toMD-2 (Fig. 6b), with similar contacts as SoL A (Supplementary
Data 12) but higher affinity (docking score of −9.6 kcal/mol) as
predicted.

To experimentally determine if SoLs A and B bind to MD-2 and to
what extent the SoLs compete with LPS for binding to MD-2, we con-
ducted an ELISA-based displacement assay. Taking advantage of bio-
tinylated LPS, which retains the activity of unconjugated LPS59, we
measured absorbance generated by an HRP-linked streptavidin probe
to measure the relative amount of MD-2 which was bound with biotin-
LPS as opposed to MD-2 bound with SoL A or B. We administered 0.1,
1.0, and 10μM concentrations of SoL A or B and 1 ng/mL biotin-LPS to
MD-2 in three sequences: 1) SoL first followed by LPS 1 h later, 2) LPS
first followed by SoL 1 h later, and 3) both SoL A or B and LPS at the
same time. After 1 h of incubation, we found that at all concentrations,
when SoL A or B was added first, there was a marked decrease in
percent absorbance as compared to when LPS was added first and

when the two compoundswere added together (Fig. 6c). This suggests
that SoLsA andBbothbind andoccupy some sites ofMD-2, preventing
LPS from fully binding when it is added 1 h after SoL A or B. Further-
more, whenmoving from low to high concentrations of SoL A or B, we
observed that the percent absorbance decreased dramatically. This
indicates that with increasing concentration of SoL A or B, less LPS
binds to MD-2, implying that SoLs indeed compete with LPS for
binding toMD-2. Taken together, these results indicate that SoLs A and
B can bind directly to MD-2 and more importantly compete with LPS
for binding to this target, thus providing a potential molecular
mechanism underlying SoL A’s pro-inflammatory activity by itself as
well as its strong activity in suppressing LPS-induced inflammation
which likely also expands to other members of the SoL family.

SoLs suppress LPS-induced TLR4 signaling to regulate macro-
phage polarization
Upon LPS binding, TLR4 initiates downstream signaling, such as
through the NF-kB and MAPK pathways, resulting in the induction of
inflammatory cytokine expression52. If a SoLbinds toMD-2, itwill block
LPS-induced activation of the TLR4 pathway. Therefore, we investi-
gatedwhether the addition of SoL A or B affected the phosphorylation
of TLR4-downsteam signaling molecules, ERK1/2, and p38, or the
degradation of IκBα, which are all critical for LPS-induced cytokine
expression52 (Fig. 7a). We treated macrophages with LPS in the pre-
sence of increasing concentrations of SoL A or B (from 0 to 20μM),
then performed western blot analysis to examine the TLR4-
downstream signaling pathways. We found that both SoLs reduced
LPS-induced phosphorylation of p38 and ERK1/2 in a concentration-
dependent manner. At the concentration of 20μM, SoLs A and B
almost completely blocked LPS-induced phosphorylation of p38 and
ERK1/2 (Fig. 7b). Western blot also showed that SoLs concentration-
dependently suppressed LPS-induced IκBα degradation (Fig. 7b).
These results support that SoLs exert their anti-inflammatory effect by
blocking LPS-mediated phosphorylation of downstream TLR4 pro-
teins, effectively negating LPS activation of the TLR4 pathway. Also,
SoL A or B alone at the concentration of 20μM slightly enhanced the
phosphorylation of certain signaling molecules (e.g., ERK1/2) com-
pared to control, consistent with our observations that SoLs alone
induced amild pro-inflammatory effect on cytokine expression (Fig. 5)
and supporting the dual immunomodulatory activity of SoLs which
provides further opportunities to regulate homeostatic immune
responses.

Because TLR4 signaling leads to macrophage polarization which
has been shown to contribute to IBD60–62, we also examined the effects

0

0

0

0

0

Fig. 5 | SoL A primarily suppresses LPS-induced TLR4 activation. Mouse peri-
toneal macrophages were treated with SoL A (10μM), LPS (100ng/mL), and
Pam3CSK4 (500ng/mL), either alone or in combination for 6 h. RT-qPCR analysis
revealed that SoL A induces a mild pro-inflammatory effect compared to control
but significantly suppresses LPS-induced cytokine expression levels and only

partially suppresses Pam3CSK4-induced cytokine expression. Bars represent
mean ± standard error. Experiments were independently repeated three times. For
each treatment, n = 3 individual wells. Significance was determined using two-way
ANOVA. For all p values: *p <0.05, ****p <0.0001. Source data are provided in the
Source Data file.
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of SoL A on macrophage polarization. We treated THP-1 monocytes
with IFN-γ and LPS to induceM1polarizationor IL-4 and IL-13 to induce
M2 polarization. Successful induction of M1 and M2 polarization was
confirmed by morphology changes and subsequent RT-qPCR quanti-
ficationof cytokine profiles.When 10μMof SoLAwas added alongside
the respective inducing agents, our relative cytokine expression
results showed that SoL A significantly reduced the production of M1-
polarized macrophage markers IL-6, CXCL10, IL-12β, and TNFα, com-
pared tomacrophages treatedwithout SoL A (Fig. 7c) but had amostly
non-significant effect onM2 polarization (Fig. 7d). This suggested that
SoL A suppresses macrophage M1 polarization, which supports our
aforementioned result that SoLs interfere with TLR4 signaling poten-
tially leading to inhibition of TLR4-mediated IBD.

Discussion
The results of this study have described two major points which are
summarized here and discussed in detail below. First, we have lever-
aged our biosynthetic enzyme-guided disease correlation approach to

directly connect the biosynthesis and production of a class of abun-
dant yet underexplored humanmicrobialmetabolites, SoLs, to IBD, an
existing humanhealth condition with complex and poorly understood
etiology, followed by an independent IBD patient cohort and mouse
model of IBD to validate this informatically predicted negative corre-
lation. Second, we have revealed that SoLs A and B, two representative
gut microbial SoLs, modulate host immune responses through the
TLR4/MD-2 complex and inhibit LPS-induced TLR4 activation and
macrophage M1 polarization, which provides a mechanistic explana-
tion for SoLs’ potential protective activity against IBD.

Through both bioinformatic and chemoinformatic analyses, we
revealed that the expression of SoL biosynthetic enzymes and abun-
dance of SoLs in the gut metabolome are negatively correlated with
IBD status in humans. Our IBDmodel withmale and female piroxicam-
treated Il10–/– mice supported this sex-independent negative correla-
tion with a concurrent negative association between SoL production
and TLR-4-related inflammatory markers TNFα, NOS2, IL-6, and IL-1β.
Our findings were consistent with literature reports which have shown

c

a

b

Fig. 6 | SoLs bear structural similarity to both lipid A and sulfatide and bind
with MD-2 to block LPS binding. a Chemical structures of immunogenic lipid A
(derived from LPS), sulfatide, SoL A, and SoL B illustrating structural similarity in
multiple acyl chains and negatively charged head groups. b Molecular docking of
lipid A (red), sulfatide (magenta), SoL A (blue), and SoL B (orange) into the
hydrophobic pocket ofMD-2 in complex with TLR4. Threemolecules of SoLs A and
B were used inmolecular docking experiments tomimic the six acyl chains of lipid

A as inspired by sulfatides58. c ELISA displacement assay used to measure the
binding behavior of SoLs A and B in competition with 1 ng/mL LPS, a natural ligand
of the TLR4/MD-2 complex. Compounds were added either simultaneously (blue),
LPS first (green), or SoL first (red). Bars indicate mean± standard deviation.
Experiments were independently repeated three times. For each treatment,
n = 3 individual wells. Source data are provided in the Source Data file.
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that the bacterial genera of abundant SoL production, Alistipes and
Odoribacter, are associated with the remediation of IBD symptoms20,21.
Considering that these SoL-producers are commensal members of the
human gut microbiome16,63, their constant production of SoLs in the
human gut may help to maintain intestinal immune homeostasis,
thereby preventing IBD. Both Alistipes andOdoribacter are also known
to produce SCFAs, which have been implicated in reducing intestinal
inflammation12,21,63–65. Besides SCFAs, there are other gut microbial

functional metabolites such as secondary bile acids and indole deri-
vatives which have also been linked to modulating host inflammation
and immunity66–70. Thus, the role SoLs play individually and/or syner-
gistically with other factors in IBD pathogenesis remains interesting
and awaits further investigation.

Towardunderstanding themechanismof the immunomodulatory
activity of SoLs, we showed that the representative SoLs A and B pri-
marily target the TLR4 pathway and that they both block LPS binding
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Fig. 7 | SoLs suppress LPS-induced activation of TLR4 signaling pathway and
macrophage M1 polarization. a Simplified pathway of TLR4 activation by LPS,
highlightingproposed inhibitionby SoLs competing for LPSbinding. Proteins IκBα,
ERK1/2, and p38 downstream of TLR4 which were selected for analysis are high-
lighted in red rectangles. Created in BioRender. Chen, H. (2024) BioRender.com/
v71h443. b Western blot analysis of protein levels of IκBα as well as total and
phosphorylated ERK1/2 and p38, after treatment with LPS (100 ng/mL) with or
without various concentrations of SoL A or B. The housekeeping gene β-Actin was
used as a loading control. The gel for IκBα was spliced to remove extra lanes (See
SourceData for raw gel images). c,dTHP-1-derivedmacrophages were treatedwith

LPS + IFN-γ or IL-4 + IL-13 to polarize to M1 or M2 macrophages, respectively.
Relative expression of markers IL-6, CXCL10, IL-12β, and TNFα (compared to M0)
indicate that SoL A (10 μM) had a significant effect on suppressing M1 polarization
(c); and relative expression ofmarkers IL-10, CD206, and CD209 (compared toM0)
indicate that SoL A had no significant effect onM2 polarization (d). Bars represent
mean ± standard error. Experiments were independently repeated three times. For
each treatment, n = 3 individual wells. Significance was determined using two-way
ANOVA. For all p values: **0.001 <p <0.01, ***0.0001 <p <0.001, and ****p <0.0001.
Source data are provided in the Source Data file.
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to MD-2 to suppress TLR4 signaling. Our analysis indicated that SoL A
preferentially suppresses LPS-induced inflammation as compared to
Pam3CSK4-induced inflammation, suggesting that TLR4 activation is
more strongly affected by SoL A than TLR2/1 activation. The selectivity
for TLR4 may stem from SoL A’s structural similarity to LPS, a
hypothesis supported by the recently reported human TLR4 ligands,
sulfatides, which share highly similar structural features to SoLs58. As
microbial functionalmetabolites, it is reasonable that SoLs are directly
recognized by TLR4, which has evolved specifically to recognize
PAMPs71. Our molecular docking also suggested SoLs A and B’s
recognition by TLR4, indicating that three molecules of either SoL
indeedbindwith stronger predictedbinding score compared to lipidA
and make contacts with important amino acids in the pocket of MD-2,
consistent with lipid A binding as well as structurally-related
sulfatides57,58. Our ELISA-based displacement analysis then confirmed
that both SoLs A and B directly bind to MD-2, block LPS binding when
added prior to LPS, and could displace bound LPS fromMD-2 at higher
concentrations. We further demonstrated that increasing concentra-
tion of SoLs A and B suppressed LPS-induced TLR4 signaling pathways
in a dose-dependent manner and SoL A significantly suppressed M1
polarization of macrophages, further indicating their capacity to
reduce downstream TLR4 signaling responses. Notably, increased
numbers of M1 macrophages is a characteristic feature of IBD62 and
this suppressive effect may represent one explanation of how SoL-
producing bacteria are able to remediate symptoms of IBD. Taken
together, our results represent the first report of SoLs A and B’s
binding toMD-2 and establish that SoLs are likely tomediate their dual
immunomodulatory activity by occupying the hydrophobic binding
pocket of MD-2 (pro-inflammatory by SoLs alone) but primarily by
blocking LPS binding to the TLR4/MD-2 complex (anti-inflammatory
against LPS-induced inflammation). This discovery suggests SoLs’
mechanistic role in regulating a multitude of TLR4-related inflamma-
tory conditions, most notably IBD which is associated with dysregu-
lation of TLRs, especially TLR423–26, leading to aberrant macrophage
activation62,72.

While many studies have focused on the association of certain
microbes with specific diseases by analyzing the abundance and dis-
tribution of microbial strains18,19,73–76, we describe here an approach
which leverages disease-related sequencing data to connect the bio-
synthesis of functional metabolites directly to human health condi-
tions. Our approach takes advantage of critical biosynthetic enzymes
specifically required for the biosynthesis of their corresponding
functional metabolites. Increased or decreased expression of these
enzymes, reflecting the differential production of a specific functional
metabolite, can be correlated with different disease states to reveal
positive or negative associations. Through these correlations, our
biosynthetic enzyme-guided disease correlation approach can reveal
trends in functional metabolite biosynthesis in the context of human
health conditions, enabling amore focused, targeted chemoinformatic
analysis to rapidly fish out metabolites of interest and further confirm
their association with disease. By applying this approach, we have
identified a negative relationship between SoL biosynthesis and IBD
directly from patients’ data followed by verification using an IBD
mousemodel, which has guided us to further reveal amolecular target
and a potential mechanistic explanation for the protective effect that
SoLs and SoL-producing bacteria exert against IBD.We are now further
characterizing the biological role and therapeutic potential of SoLs
through elucidating the mechanism of SoL delivery and uptake in the
host and probing their effects on IBD pathogenesis. Our future studies
include colonization of SoL-producers in the Il10–/– mouse model,
determining whether SoLs are gut-restricted microbial metabolites or
not, and exploring the role of microbial delivery systems such as outer
membrane vesicles. Furthermore, with the increasing availability of
disease-related sequencing data32,77 and the rapidly advancing inves-
tigation of microbial biosynthetic pathways78–80, we envision that our

approach can be broadly applied to uncover previously unknown
humanmicrobialmetabolites with potentially important humanhealth
implications and facilitate the investigationof their complex effects on
human health.

Methods
Identification of SoL biosynthetic enzymes from human gut
bacterial reference genomes
We collected experimentally validated enzymes involved in SoL bio-
synthesis as reference amino acid sequences of CYS, CFAT, and SDR
(Supplementary Data 1). Reference amino acid sequences were used as
seed sequences to search for homologs in the human gut bacterial
reference genomes using the DIAMONDblastpmodel81 with an e-value
threshold of 10−5. We then investigated the taxonomic distribution of
the resulting homolog sets basedon the taxonomyannotation for each
genome33. To prioritize SoL biosynthetic enzymes, the homologs of
CFATs and CYSs from genomes which encode copies of CFAT, CYS,
and SDRwere first used to generate sequence similarity networks with
experimentally validatedCFATandCYS at a thresholdof 50% similarity
usingMMseqs282. The prioritized CFATs and CYSsmeet co-occurrence
with SDRs in the same genome. The filtered enzymes were further
subjected to Pfam domain analysis by hmmsearch (HMMER v3.3) with
default parameters against the Pfam-A database (v33.1). Enzymes
containing corresponding Pfam domains with hit score >50 were
selected as prioritized SoL biosynthetic enzymes. Prioritized enzymes
were used to generate CYS, CFAT, and SDR subfamilies using sequence
similarity networks with at least 90% similarity by MMseqs2
clustering82. Maximum-likelihood trees were generated using the
representative genome (Supplementary Data 3) of each species by
GTDB-Tk (v2)83 with the following parameters (refer to the GTDB-Tk
user guide: https://ecogenomics.github.io/GTDBTk/commands/index.
html): 1. GTDB-Tk reference data release 207 was used. 2. Parameters
of classify: gtdbtk classify_wf --genome_dir --out_dir --force. 3. Para-
meters of infer tree from multiple sequence alignment: gtdbtk infer
--msa_file MSA_FILE --out_dir OUT_DIR. 4. Using the convert_to_itol
command to make the tree suitable for visualization in iTOL: gtdbtk
convert_to_itol --input_tree --output_tree. Finally, we annotate their
phylogenetic trends using iTOL84.

Quantification of enzyme abundances in metagenomic and
metatranscriptomic samples
Metagenomic and metatranscriptomic whole-genome sequencing
datasets of human gut microbiomes related to IBD were downloaded
from the Inflammatory Bowel Disease Multi’omics Database19,39

(IBDMDB, https://ibdmdb.org/tunnel/public/summary.html) For both
metagenomic and metatranscriptomic samples, reads were quality
filtered and adapter removed using bbduk.sh with the following para-
meters: qtrim=rl ktrim=r mink=11 trimq=10 minlen=40 (read quality
cutoff is 10, read length cutoff is 40). High-quality reads weremapped
to the nucleotide sequences of corresponding contigs containing the
SoL biosynthetic genes using the BWA mem algorithm85 with default
parameters. The reads mapped to genes were counted by
featurecounts86 with the following parameters: -f -t CDS -M -O -g
transcript_id -F GTF -s 0 -p --fracOverlap 0.25 -Q 10 –primary. Enzymes
encoded or expressed in at least 5% of samples were considered as
commondistribution in humans andwere included in the comparative
analysis. Transcripts per million (TPM) were calculated for each SoL
biosynthetic enzyme-encoding gene. The abundance of each sub-
family was calculated by the sum of the relative abundances of all
genes in the subfamily. Beta diversity was performed to quantify the
prevalence and relative abundance differences in the overall compo-
sition of SoL biosynthetic enzymes between the IBD and the control
groups. PERMANOVA was performed to show the encoding and
expression profile differences of SoL biosynthetic enzymes between
IBD and control groups. Both beta diversity and PERMANOVA were

Article https://doi.org/10.1038/s41467-024-53670-y

Nature Communications |         (2024) 15:9371 11

https://ecogenomics.github.io/GTDBTk/commands/index.html
https://ecogenomics.github.io/GTDBTk/commands/index.html
https://ibdmdb.org/tunnel/public/summary.html
www.nature.com/naturecommunications


performed using the R package vegan87,88. To explore the differences
between IBD and control groups of single SoL biosynthetic enzyme
subfamilies, we used the Shapiro–Wilk test to evaluate the normality of
a specific gene family’s relative abundance. We then calculated the
significanceof relative abundance betweenhealthy and IBD individuals
using either two-sample Student’s t-test (for normally distributed data)
or a two-sample Wilcoxon rank sum test (for not normally distributed
data). Significance tests were performed in Python using packages
Pandas and SciPy89–91. The Benjamini-Hochberg method was used to
adjust p-values to correct for multiple testing92. SoL biosynthetic
enzyme subfamilies were considered differential if the adjusted
p-value was less than 0.05. For differential Sol biosynthetic enzymes,
we performed a two-sided Fisher’s exact test to explore their differ-
ence in prevalence across IBD and non-IBD groups.

Analysis of publicly available metabolomics datasets
Processed per-subject metabolomic feature tables and microbial spe-
cies relative abundance profiles were collected from two publicly
available IBD datasets: IBDMDB19,39 (https://ibdmdb.org/downloads/
html/rawfiles_MBX_2017-03-01.html) and PRISM40 (https://www.
nature.com/articles/s41564-018-0306-4#Sec31). Known SoL-related
metabolites were collected from MS-DIAL441 and reference16 (Supple-
mentary Data 7). Search parameters were set to the exact mass of SoLs
using a 5-ppmmatch tolerance for parent ions. Identifiedmetabolomic
features were considered SoL candidates. Next, features co-eluting
with SoL candidates (within ± 0.05min retention time window) were
selected to build a feature similarity network (Pearson correlation).
Relative abundance was normalized using the equation below follow-
ing the calculation described in dataset 2:

Metabolomic feature abundance=
Ni

SumðNiÞ *10
6 ð1Þ

Here, Ni represents the absolute intensity of a metabolomic feature,
Sum(Ni) represents the total absolute intensity of all features in the
sample. In this step, all the metabolomic samples were included
(dataset 1: 546 samples; dataset 2: 220 samples). The correlation
coefficients ≥0.9 between SoL candidates and other metabolomic
features were subjected to further analysis hereafter. If the co-eluting
features could be identified in SoL candidates’ MS/MS spectra in MS-
DIAL441 and a previous in-depth study16, these features were
considered SoL candidates’ in-source fragments. If not, these
metabolitesmight be co-producedby a specificmicrobe, or chemically
modified from a common parent metabolite, and these metabolites
were considered as SoL analog candidates. Of note, each data type,
detected using the same LCMS method19,39,40, was analyzed separately
in each cohort.

To further examine whether SoL candidates correlated with the
abundance of any taxa, the Spearman correlation between species-
level relative abundances and SoL candidates’ relative abundance was
calculated. To do so, a series of SoL analog candidates (SoL candidates
correlated with other SoL candidates) were selected for further ana-
lysis. In total, 472 samples collected from dataset 1 and 220 samples
collected from dataset 2 were included. Of note, corresponding
microbial species’ relative abundance profiles and metabolomic fea-
tures data were paired in these samples. Species that were present in
less than 5% of samples were excluded. Finally, the relative abundance
of SoL analogs was used to calculate differential abundances between
non-IBD and IBD samples. The one-sided Wilcoxon rank sum test was
used to measure statistical significance with the hypothesis that the
abundance of SoL was higher in the non-IBD group than in UC or CD.

Animals
B6.129P2-Il10tm1Cgn/J (Il-10 KO; Il10–/–) mice from the C57BL/6 back-
ground were originally purchased from The Jackson Laboratory. Mice

were bred and maintained in specific pathogen-free conditions at the
University of South Carolina and were maintained on a 12-hour light/
dark cycle with unlimited access to water and food (Inotiv Teklad,
8604, https://insights.envigo.com/hubfs/resources/data-sheets/8604-
datasheet-0915.pdf). All animal protocols were approved by the Uni-
versity of SouthCarolina Institutional Animal Care andUseCommittee.

Piroxicam-accelerated Il10–/– mouse IBD model and analysis
At 8-12 weeks of age, male (n = 5 mice distributed in 2 cages) and
female (n = 7 mice distributed in 2 cages) Il10–/– mice were switched to
a normal chow diet (Inotiv Teklad, 8604) supplemented with 100 ppm
of piroxicam (Cayman Chemical, 13368; Inotiv Teklad, TD.210442) to
induce colitis development as previously described49. In parallel to
thesemice,male (n = 3 in 1 cage) and female (n = 4 in 1 cage) Il10–/–mice
weremaintained on the control diet for the duration of the experiment
to serve as pre-colitic controls. Mice were euthanized at 18 days to
collect tissues for inflammation assessment and intestinal contents for
quantification of SoLs. At necropsy, colitis severity was first grossly
assessed, which included qualitative evaluations of cecal atrophy
(0–5), thickening of cecal (0–5) and colon tissues (0–5), the extent of
content loss in the cecum (0–4) and stool consistency/diarrhea (0–3).
For histopathology, segments of the colon were first washed in PBS
and then fixed in 10% neutral buffered formalin. The tissues were
embedded in paraffin, cut into 5-mm sections, and stained with
hematoxylin and eosin (H&E) at the Instrumentation Resource Facility
at the University of South Carolina School of Medicine. Inflammation
scores of colon sections were blindly assessed as previously
described93 using an Echo Revolve light microscope and accompany-
ing software. Briefly, colitis severity was assessed based on the fol-
lowing histopathological features: length measurements in microns of
crypt hyperplasia converted to a score from 0-4, qualitative assess-
ment of goblet cell loss (0–5), crypt abscesses per 10X field counts
converted to a score from 0-4, and qualitative assessment of sub-
mucosal edema (0-3). RNA isolations and RT-qPCR were performed as
previously described94. Briefly, RNA was isolated from snap-frozen
cecal tissues using the TriZolmethod (ThermoFisher Scientific). cDNA
was synthesized using SuperScript III reverse transcriptase (Thermo-
Fisher Scientific). qRT-PCRwas performed at the Functional Genomics
Core at the University of South Carolina. The relative abundance of
mammalian mRNA transcripts was calculated using the ΔΔCT method
and normalized to Eef2 levels. The oligonucleotides used for qRT-PCR
were: Eef2 forward: TGTCAGTCATCGCCCATGTG, reverse:
CATCCTTGCGAGTGTCAGTGA; Tnfa forward: AGCCAGGAGGGAGAA-
CAGAAAC, reverse: CCAGTGAGTGAAAGGGACAGAACC; Nos2 forward
TTGGGTCTTGTTCACTCCACGG, reverse: CCTCTTTCAGGTCACT
TTGGTAGG; Il6 forward: GAAATGATGGATGCTACCAAACTG, reverse:
CTCTCTGAAGGACTCTGGCTTTG; Il1b forward: CTCAATGGACAGAA-
TATCAACCAAC, reverse: GGCTGTGCCGTCTTTCATTAC. Fecal sam-
ples were collected and immediately flash-frozen and stored at –80° C.

SoL extraction from mouse and patient fecal material
For SoL extraction and quantification, frozen mouse or human fecal
sampleswere lyophilized to remove remainingwater and resuspended
inmethanol (ThermoFisher Scientific). Fecal sample suspensions were
vortexed for 1min prior to sonication for 10min. Themethanol extract
was collected by centrifugation at 20,000 x g for 10min and dried
under a gentle stream of nitrogen. The resulting residue was then
redissolved in methanol + 0.1% ammonium hydroxide (ThermoFisher
Scientific) and filtered through a 0.22 μm filter prior to analysis.

Liquid chromatography and mass spectrometry analysis
High-resolution mass spectra were collected using a ThermoFisher
Scientific Q-Exactive HF-X hybrid Quadrupole-Orbitrap mass spectro-
meter using electrospray ionization in negative mode. Liquid chro-
matography (LC) used a ThermoFisher Scientific Vanquish HPLC
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coupled to the aforementionedmass spectrometer. LCwas performed
using a Waters Xbridge BEH C18 XP column (2.1 x 100mm) with alka-
line mobile phase (pH 10.7) consisting of solvent A (water + 0.1%
ammonium hydroxide) and solvent B (acetonitrile + 0.1% ammonium
hydroxide) in a gradient starting from 35% B and increasing to 100% B
over 10min, hold at 100%B for 5min, then re-equilibration at 35%B for
5min at a flow rate of 0.4mL/min. MS scans were obtained in the
orbitrap analyzer which was scanned from 500 to 2000 m/z at a
resolution of 60,000 (at 200m/z). TargetedMS/MS fragmentationwas
conducted for SoLs in a ± 0.5 Da window around their expected m/z.
MS data were analyzed by Xcalibur (ThermoFisher Scientific 4.2.47).
Relative retention time was calculated by dividing RT of the analyte of
interest by the RT of a standard compound.

Anaerobic culture and bioactive molecular networking
ThreeAlistipes (A. putredinisDSM17216,A. timonensisDSM25383, andA.
timonensis DSM 27924) and two Odoribacter strains (O. laneus DSM
22474 and O. splanchnicus DSM 20712) were cultured in Reinforced
Clostridial Medium (RCM, BD Biosciences) under anaerobic conditions
at 37 °C. After three days of growth, cultures were harvested by cen-
trifugation at 12,000 x g for 30min. The resulting cell-free supernatant
was extracted with an equal volume of methyl ethyl ketone and the cell
pellets were extracted by resuspension in methanol and sonication
before both extracts were combined and concentrated in vacuo. The
combined crude extract was then fractionated on a silica gel column
using a stepwise gradient of dichloromethane and methanol
(DCM:MeOH; 15:1, 7:1, 5:1, 3:1, 1:1). Each fraction was then used in an
in vitro cell-based assay measuring the suppression of LPS-induced
TNFα expression. Simultaneously, samples of the fractions were sub-
jected to untargeted HPLC-HRMS/MS as described above. MS/MS was
conducted using data-dependent acquisition with a resolution of
30,000, isolationwindowof 2.0m/z, anddynamic exclusion timeof 15 s.
HPLC-HRMS/MSdatawasprocessedusingMZmine3 following theGNPS
FBMN workflow with minimal changes95. Molecular networks were
constructed using the quickstart GNPS FBMN setting with no changes51.
Raw data used for this analysis was deposited in the University of Cali-
fornia, SanDiegoCenter forComputationalMass SpectrometryMassIVE
database (https://doi.org/doi:10.25345/C5028PP9T; ftp://massive.ucsd.
edu/MSV000091884/). Bioactivity scores were assigned using a custom
R script which calculated Pearson correlation coefficients between each
molecular feature and the activity of each fraction96. Finally, bioactive
molecular networks were visualized in Cytoscape v3.9.197.

Purification of SoLs A and B
Fractions containing SoLs were further purified by Sephadex LH-20
run in 1:1 DCM:MeOH. Finally, pure SoLs A and Bwere isolated by semi-
preparative scale HPLC running an isocratic solvent composition of
47% water + 0.1% ammonium hydroxide and 53% acetonitrile + 0.1%
ammonium hydroxideon a ThermoFisher Scientific Ultimate 3000
semi-preparative scaleHPLC equippedwith aWaters Xbridge Prep C18
5μmOBD column (19 x 100mm)with a flow rate of 5.0mL/min. 1H, 13C,
1H-13CHSQC, 1H-13CHMBC, and 1H-1H COSYNMR spectra for SoLs A and
B were acquired in methanol-d4 on a Bruker Avance III HD 400MHz
spectrometer with a 5mm BBO 1H/19F-BB-Z-Gradient prodigy cryop-
robe. Data were collected and reported as follows: chemical shift,
integration multiplicity (s, singlet; d, doublet; t, triplet; m, multiplet),
coupling constant. Chemical shifts were reported using the methanol-
d4 resonance as the internal standard for 1H-NMR methanol-d4:
δ = 3.31 ppm and 13C-NMR methanol-d4: δ = 49.0 ppm. Pure SoLs A
and B were confirmed to be free of LPS using a Chromogenic Endo-
toxin Quant Kit (Pierce).

Preparation and treatment of macrophages
Primary mouse macrophages were prepared by first introducing 3mL
of 3% thioglycolate to mice via intraperitoneal injection. After 3 days,

10mL of chilled PBS was introduced intraperitoneally to flush out
macrophages. The cell suspension was then separated by centrifuga-
tion at 300x g for 5min. Cellswere seeded in culture dishes containing
DMEM with 10% FBS for 1 h before being washed with serum-free
DMEM two times to remove unattached cells. The cells were incubated
in serum-free DMEM for 16 h before treatment. To treat the macro-
phages, cells were incubated for 6 to 24 h in DMEM without FBS with
additionof LPS (Sigma-Aldrich), Pam3CSK4 (Invivogen), or SoLA. Cells
were finally washed twice with Dulbecco’s phosphate-buffered saline
before being lysed for total RNA or protein extraction.

mRNA extraction and RT-qPCR in macrophage-based assays
Treated mouse macrophage cells were lysed with TriZol (Invitrogen)
and total RNAwas extracted from the cell lysate using a Direct-zol RNA
miniprep kit (Zymo Research) according to the manufacturer’s pro-
tocol. The quality and quantity of RNA was then determined using a
nanodrop and 1000ng ofmRNA from each sample was used for cDNA
synthesis using a First-strand cDNA Synthesis System (Marligen
Bioscience). qPCRs reactions were prepared in a 20 uL final volume
containing Fast Start Universal SYBR Green Master (Rox) (Roche
Applied Science), cDNA template, deionized water, and primers and
probes for IL-1β, TNFα, IL-6, and the 18S rRNA which was used as a
housekeeping gene Cycling conditions were 95 °C for 10min followed
by 40 cycles of 95 °C for 10 s, 60 °C for 15 s, and 68 °C for 20 s, then a
melting curve analysis from 60 °C to 95 °C every 0.2 °C was obtained.
Amplifications were performed on an Eppendorf Realplex Mas-
tercycler (Eppendorf). Relative gene expression levels were calculated
using the ΔΔCT method and expression levels of 18S were used to
normalize the results.

Molecular docking
The crystal structure of the TLR4/MD-2 comlpex was retrieved from
the Protein Data Bank (PDB ID: 3FXI)57 and prepared using AutoDock
Tools98. Molecular structures of SoL A, SoL B, sulfatide, and lipid A
were constructed, and energyminimized using Marvin version 21.17.0,
ChemAxon (https://www.chemaxon.com). Models of SoL A, SoL B,
sulfatide, and lipid A were also prepared using AutoDock Tools and
docked against the TLR4/MD-2 complex using AutoDock Vina99,100 in a
32x32x32 angstrom box surrounding the MD-2 monomer. Docking
results were visualized using PyMol101.

ELISA displacement assay
Solid-phase sandwich ELISA kits were purchased from Invitrogen. The
ELISA experiments were performed according to the kit instructions,
using 50nM hMD-2 (Novus Biologicals), 1 ng/mL LPS-EB Biotin (Invi-
vogen, Cat. No.: tlrl-lpsbiot, derived from E. coli 0111:B4), and 0.1, 1.0,
and 10μM purified SoL A. SoL A was added to the assay 1 h before, 1 h
after, or simultaneously with LPS-EB Biotin. Absorbancewasmeasured
at 450nm using a BioTek microplate reader.

Western blot
Macrophages were treated with 100ng/mL of LPS and 5 or 20μM SoL
A for 30min. Following treatment, all cellular protein was extracted
using MPER lysis buffer (Thermo Scientific). Protein samples were
loaded onto SDS-PAGE gels for separation, then transferred to nitro-
cellulosemembranes (AmershamBiosciences). Primary antibodies and
HRP-conjugated secondary antibodies (Cell Signaling Technology)
were used to detect target proteins. Antibodies used included p38
(Cell Signaling Technology, Cat. No. 8690, 1:1000 dilution), phospho-
p38 (Cell Signaling Technology, Cat. No. 9211, 1:1000 dilution), ERK1/2
(Cell Signaling Technology, Cat. No. 4695, 1:1000 dilution), phospho-
ERK1/2 (Cell SignalingTechnology, Cat.No. 9101, 1:1000dilution), IκBα
(Cell Signaling Technology, Cat. No. 4814, 1:1000 dilution), and β-actin
(Cell Signaling Technology, Cat. No. 3700, 1:1000 dilution). Signal was
detected using an ECL kit (Thermo Scientific).
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Macrophage polarization
THP-1 monocytes were maintained in RPMI1640 with 10% heat inacti-
vated FBS, 1% Penicillin-Streptomycin-Amphotericin B, and 50μM
2-mercaptoethanol prior to differentiation. The cells were differ-
entiated into macrophages with 150 nM PMA for 48 h. M1 polarization
was induced by adding 20ng/mL IFN-γ and 100 pg/mLLPS for 24 h.M2
polarization was induced by adding 20 ng/mL IL-4 and 20ng/mL IL-13
for 24 h. In all tests, 10μMSoL Awas added at the same time asM1 and
M2 differentiation agents. After 24 h of treatment, total RNA was col-
lected, and RT-qPCR was performed as described above.

Statistics and reproducibility
Statistical tests in the biosynthetic enzyme-disease correlation portion
of this study used publicly available data, thus aspects including
sample size, data exclusion, randomization, and blinding were not
applicable to our re-analysis. For all other experiments, sample sizes
were chosen to achieve statistical significance, and data from outliers
were excluded based on Grubbs’ test for outliers. For animal experi-
ments, randomization was applied to assign animals to groups and
cages and blinding was applied in the analysis of histopathology data.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
285,385 human microbial reference genomes were obtained from a
previously published collection31. Whole-genome sequencing datasets
of human gut microbiomes related to IBD used for biosynthetic
enzyme-guided disease correlation were downloaded from the NCBI
SRA (SRA Accessions: PRJNA398089 and PRJNA389280). Targeted
metabolomic analysis performed in this work was based on the data
obtained from two publicly available metabolomics datasets down-
loaded from IBDMDB and Metabolomics Workbench (Accession:
PR000677 [https://doi.org/10.21228/M85H44]). Tables for the pro-
cessed biosynthetic enzymes and metabolite abundance are available
in Supplementary Data 2, 3, and 8. The mass spectrometry data gen-
erated in this study for bioactive molecular networking have been
deposited in the UCSD CCMS MassIVE database under accession
MSV000091884 [https://doi.org/10.25345/C5028PP9T]102. Source data
are provided with this paper.

Code availability
The code used for analysis in support of our findings are available in
the GitHub repository: https://github.com/ZHANGJianArya/SoL. The
code can also be accessed in Zenodo with the https://doi.org/10.5281/
zenodo.13896673103.
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