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Urinary biochemical ecology reveals
microbiome-metabolite interactions and
metabolic markers of recurrent urinary
tract infection
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Vladimir Shulaev2 & Nicole J. De Nisco1,3

Recurrent urinary tract infections (rUTIs) are amajor clinical challenge, and their increasing prevalence
underscores the need to define host-microbiome interactions underlying susceptibility. How the
urinary microbiota engages with the biochemical environment of the urogenital tract is yet to be fully
defined. Here, we leverage paired metagenomic and quantitative metabolomic data to establish a
microbe-metabolite association network of the female urinary microbiome and define metabolic
signatures of rUTI. We observe unique metabolic networks of uropathogens and uroprotective
species, highlighting potential metabolite-driven ecological shifts influencing rUTI susceptibility. We
find distinct metabolites associated with urinary microbiome diversity and identify a lipid signature of
active rUTI that accurately distinguishes our cases from controls. Finally, we identify deoxycholic acid
as a prognostic indicator for UTI recurrence. Together, these findings provide insight intomicrobiome-
metabolite interactions within the female urinary tract and highlight potential biomarkers for the
development of new diagnostic tools to improve patient outcomes.

Urinary tract infections (UTIs) are among the most common bacterial
infections in adults worldwide, with many UTIs progressing into recurrent
UTI (rUTI) or chronic UTI1,2. Frequent UTI recurrence, despite antibiotic
intervention, suggests underlying alterations in the urogenital ecosystem,
including both host and microbial factors, contribute to susceptibility3–5.
Indeed, the decline in circulating estrogen levels associatedwithmenopause
is one of the primary risk factors for rUTI, with reports of up to 50%ofUTIs
progressing to rUTI in postmenopausal women1,2,5,6. Treatments for rUTI
have focused on modifying the microbial environment of the urinary tract,
often through the goal of achieving sterility via long-term and prophylactic
antibiotic regimens4,7,8. However, the discovery of a urinary microbiome in
healthy individuals has highlighted the need to develop new treatment
paradigms for rUTI focused on eradicating pathogens while restoring a
healthy urinary microbiome9,10.

The microbial communities of the urogenital tract, here termed the
urinarymicrobiome, have been extensively characterized and linked toboth
health and disease10–22. Research has shown that, in females, urinary
microbial communities dominated by Lactobacillus species are linked to
health, while those with Escherichia coli are often associated with UTI5,23.

Despite extensive compositional profiling of the urinarymicrobiome, less is
known about how thesemicrobial communities interact with themetabolic
environment of the urine. The biochemical landscape of the urinary tract
may reflect key physiological and pathological states24–26. The urinary
metabolome, in particular, could reveal host responses to infection and
metabolic relationships between the host and the urinary microbiota27.
Investigating the taxonomic and biochemical ecology of the urinary
microbiome may also facilitate the identification of biomarkers to improve
UTI diagnosis, prognosis, and treatment. Previous studies have suggested
links between urinary metabolites like putrescine and uropathogenic E. coli
(UPEC), but the urinary metabolome and its relationship with the taxo-
nomic ecology of the urinary microbiome remains largely unexplored28.

The concept of “biochemical ecology” refers to the functional inter-
actions between metabolites and microbial communities. Emerging evi-
dence suggests that metabolites not only result from microbial activity but
also shape the microbial ecosystem itself, potentially influencing micro-
biome function and susceptibility to infection29–31. However, little is known
about the relationship between the taxonomic and biochemical ecology of
the urinary tract and how these may jointly contribute to the
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pathophysiology of rUTI. Building on our previous reports from a cross-
sectional cohort of postmenopausal women designed to study UTI, this
study integrates metagenomic and metabolomic data to establish associa-
tions between urinary biochemical and taxonomic ecology, and to identify
metabolic signatures associated with rUTI. Our prior reports from this
cohort provide a comprehensive analysis of themicrobial ecology associated
with rUTI and estrogen hormone therapy. In brief, we found that rUTI
leaves an imprint on the urobiome, enriching for dysbiotic taxa, uro-
pathogens, andantimicrobial resistance genes—even in the absenceof active
infection. Conversely, we observed a strong positive association between
estrogen hormone therapy and the enrichment of Lactobacillus species,
which are commonly regarded as beneficial inhabitants of the urogenital
niche5. This work also led to new questions of how the biochemical envir-
onment of the urinary tract may impact or be impacted by urobiome
composition and function. The current study sought to address these
questions bymeasuring the urinemetabolome ofmatched samples from the
same cohort and identifying the biochemical factors influencing urinary
tract health and infection susceptibility by linking urinarymetabolic profiles
to microbial ecology. We aimed to test the hypothesis that urine bio-
chemistry is linked to the local urobiome ecology and that, jointly, they
reveal new insights about rUTI pathogenesis.

Specifically, we investigate whether distinct biochemical signatures are
linked to microbial community structure and disease states using a multi-
plexed targeted metabolomics assay quantifying more than 600
metabolites32,33. Our findings suggest that the urinary metabolome reflects
not justmicrobial activity but also broader host responses, such as oxidative
stress, potentially linking local inflammation to microbial compositional
diversity. In addition to defining new and distinct associations between
urinary metabolites and different microbiome species, we identified a suite
of urinary lipids that, if validated in an independent cohort, exhibit potential
as accurate diagnostic biomarkers of active UTI.We also found that urinary
deoxycholic acidwas prognostic for increased rUTI risk and associatedwith
a significant decrease in recurrence-free days. Together, these insights reveal
critical links between biochemical and microbial ecologies in the female
urinary tract, offeringnewavenues for precisiondiagnostics thatmay lay the
foundation for improved patient outcomes in the clinical management
of rUTI.

Results
Targeted LC-MS/MS of the urinary polar metabolome and
lipidome
To quantitatively characterize the urinary metabolome associated with
recurrent urinary tract infection (rUTI) and the urinary microbiome, we
performed targeted liquid chromatography-tandem mass spectrometry
(LC-MS/MS)-based metabolite profiling using the Biocrates MxP® Quant
500 assay34 of more than 600 polar and non-polar metabolites in urine
collected from a previously published cross-sectional cohort of post-
menopausal women we designed to study recurrent UTI5. This cohort
consists of three groups of postmenopausal women differentiated by their
UTI history and currentUTI status (n = 75, 25 per group) (Fig. 1A).5 Group
1 (NoUTIHistory) has no lifetime history of UTI andwas used as a healthy
postmenopausal comparator. Groups 2 and 3 consisted of postmenopausal
womenwithaprevioushistoryof rUTIbutdifferedonUTI status at the time
of urine donation. Group 2 (rUTI History, UTI(−)) consisted of women
with a recent history of rUTIwhowere not experiencing aUTI at the timeof
urine donation, while Group 3 (rUTI History, UTI(+)) consisted of post-
menopausal women with a clinically confirmed UTI at the time of urine
donation5.

The urinary metabolites measured included a broad range of com-
pounds from polar to non-polar metabolites (Fig. 1B). A total of 159 polar
metabolites and 223 lipid species were selected for further downstream
analysis (Fig. 1C, D; Table S1). We next assessed correlation between
metabolite concentrations and the creatinine-normalized abundances
(R = 0.971, P < 2.22 × 10−16, n = 28,350 pairwise comparisons) (Fig. 1E).
While both values have utility for distinct questions, we chose to focus our

analysis on the raw urinary concentration of each metabolite given our
intention to associate the biochemical ecology with the local microbial
ecology, a set of variables not necessarily associated with glomerular filtra-
tion and creatinine excretion rate3,35,36.

To evaluate large-scale differences between groups and identify
metabolitesmost associatedwith group identity, we performed Partial Least
Squares Discriminant Analysis (PLS-DA). This analysis revealed distinct
clustering of samples from the rUTI History, UTI(+) group, while samples
from the rUTI History, UTI(−), and No UTI History groups clustered
together (P = 0.003 by permutation) (Fig. 1F, G, Fig. S1A). Additionally, the
top 10 metabolites driving group separation, as indicated by the highest
Variable Importance Projection (VIP) scores, were predominantly lipid
species, including the diacylglycerol DG(16:1/18:1) and the ceramide
Cer(d18:0/16:0) (Fig. 1H, Fig. S1B). Interestingly, putrescine, a biogenic
amine produced byUPECduring infection, was among themost important
metabolites for establishing group identity28,37.

Urine biochemical ecology is moderately associated with the
taxonomic ecology
To characterize the association betweenmetabolic andmicrobial ecological
signatures defining rUTI susceptibility and active UTI, we tested the
hypothesis that there may be broad associations between urinary micro-
biome and biochemical ecology. Previously, we generated whole-genome
metagenomicdata fromurine samples collected in the samecohort analyzed
in this study5. Our initial taxonomic profiling was performed using
MetaPhlAn238. For the current study, we reanalyzed these metagenomic
datasets using MetaPhlAn 4.1, the most up-to-date version available at the
time, to enable integrated taxonomic and metabolomic analyses (Table
S2)39. Overall, the updated taxonomic profiles were consistent with our
previous findings, with most samples displaying either dominance by a
single taxon or a more diverse microbial community. As expected, uro-
pathogenic Escherichia coli (UPEC) was themost prevalent pathogen in the
rUTIHistoryUTI(+) group. In contrast, samples from theNoUTIHistory
and rUTIHistory UTI(–) groupsmore commonly exhibited dominance by
Lactobacillus species, including L. crispatus, L. gasseri, and L. iners. Other
taxa, such as Gardnerella vaginalis and various Bifidobacterium species,
were also frequently observed in non-infected samples (Fig. S2A). Taxo-
nomic α-diversity analysis revealed that amedian of 38 specieswas detected
with an interquartile range of 18.5–60 (Fig. S2B). As expected, and in line
with our previous reports, samples in the rUTI History, UTI(+) group
exhibited the least diverse urinary microbiomes due to active infection and
predominance by a uropathogen (Fig. S2C). Bray–Curtis β-diversity ordi-
nation revealed distinct clustering of the actively infected samples in the
rUTI History, UTI(+) group away from the non-infected samples in the
rUTI History, UTI(−) and No UTI History groups (Fig. S2D). Taxonomic
trends were consistently observed at the species and single genome bin
(SGB) annotation level.

We observed no difference in the biochemical α-diversity between
groups, even though there was a detectable difference in microbial α-
diversity between the rUTI History, UTI(−) and rUTI History, UTI(+)
groups (Fig. 2A, B; Table S2)5,40. The taxonomic α-diversity also
exhibited a much larger range (1.003–22.05) than that of the bio-
chemical ecology (2.26–7.15) (Fig. 2B). Additionally, we observed no
association between the overall biochemical and taxonomic α-diversity
of urine (Fig. 2C). These data suggest that while the urinarymicrobiome
and metabolome are components of the same ecosystem, their α-
diversities do not appear to be associated in the cohort studied. How-
ever, we observed significant associations between individual metabo-
lites and taxonomic α-diversity. Urinary concentrations of methionine
sulfoxide (Met-SO), citrulline (Cit), and trimethylamine oxide
(TMAO) were all significantly positively associated with both the
Shannon and Simpson taxonomic α-diversity (Fig. 2D–F).

We next hypothesized that urine samples with distinct taxonomic
compositions would also have distinctmetabolite compositions. To test this
hypothesis, we analyzed the covariance of β-diversity between the
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taxonomic compositional data and themetabolomic data (Fig. 2G,H, I). For
both datasets, we screened a number of commonly used methods to cal-
culate β-diversity distance, including the Bray–Curtis, Jaccard, Euclidean,
Manhattan, Canberra, Gower, and Kulczynski41–43. To measure covariance
between all combinations of the distances of taxonomic and biochemical
ecology,weused the Spearmanvariant of theMantel test (Table S3)44.When
ranked by significance, we only observed significant covariance (P < 0.05)
when the biochemical β-diversity was calculated using the Canberra dis-
tance (Fig. 2G). However, the association detected was relatively weak
(R = 0.15), suggesting only a modest covariance between urine biochemical
and taxonomic ecology on a global scale. Canberra distance normalizes
feature differences, highlighting the potential role of low-abundance
metabolites in linking taxonomic and biochemical β-diversity.

We further observed that pairwise biochemical β-diversity dis-
tances were higher when comparing between disease groups relative to
within, suggesting that differences in disease state are concurrently
associated with altered urinary metabolome (Fig. 2H). Between-group
metabolic β-diversity differences were largest between Group 1 (No
UTI History) and Group 3 (rUTI History, UTI (+)) (PWilcoxon < 10−9).
Given the limitations of pairwise tests like the Mantel test in detecting
more complex associations, we used Procrustes analysis to assess the
alignment of independent biochemical and taxonomic PCoA
ordinations45. This analysis found the most significant, moderate
alignment (m2 = 0.58, P = 0.001) when using the Gower distance for
metabolites and the Euclidean distance for taxa (Fig. 2I). Similarly to as
observed in Fig. 2G, only modest global associations between urinary

Fig. 1 | Targeted LC-MS/MS of the urinary polar metabolome and lipidome.
A Cohort structure breakdown. B Overview of metabolite classes detected by
metabolomic assay. The Y-axis refers to the proportion of the cohort where a given
metabolite was detected above the limit of detection (LOD). C Polar metabolites
retained after filtering. D Non-polar metabolites retained after filtering.
E Correlation of raw and creatinine-normalized metabolite abundances. P-value

generated by permutation. F PLS-DA ordination plot of the cohort samples. 95%
confidence ellipses are provided to estimate group ordination. P-value (Pperm)
generated via permutation test with 1000 iterations (G) PLS-DA biplot overlaying
the top 10 loading contributing to the PLS-DA group ordination. H Top 10 VIP
scoring metabolites.
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biochemical and taxonomic β-diversity were identified when modeling
biochemical distances using metrics that normalize each feature to its
total range across all samples. Taken together, these data suggest the
covariance between urinary taxonomic and biochemical β-diversity
may be driven primarily by low-abundance metabolites.

Escherichia isametabolic hubdefinedbyahighdegreeofunique
metabolite associations
We next sought to define the structure of the individual taxon-metabolite
association network. To accomplish this, we performed an exploratory all-
against-all Spearman correlation analysis between the urinary microbiome

Fig. 2 | Urinary biochemical ecology ismoderately associated with the taxonomic
ecology. A Distribution of α diversity (Inverse Simpson Hill Number) among the
three cohort groups (n = 75 total, n = 25 per group). P-value generated by
Kruskal–Wallis nonparametric ANOVA. B Comparison of the distribution of
biochemical (left) and taxonomic (right) α diversity (Inverse SimpsonHill Number).
The violin is drawn from theminimum to themaximum of the distribution.Median
is denoted by a line, and boxes are drawn to represent the interquartile range.
C Spearman correlation of biochemical and taxonomic α diversity. P-value gener-
ated by permutation. 95% confidence bands border the linear regression line.
Spearman correlation of taxonomic α diversity with the urinary concentration of
individual metabolites, methionine sulfoxide (Met-SO) (D), citrulline (E), and

trimethylamine oxide (F) by both taxonomic Shannon and Simpsonmetrics.P-value
generated by permutation. 95% confidence bands border the linear regression line.
G Mantel Test screening of the association between biochemical and taxonomic β
diversity combinations.HAnalysis of pairwise Canberra β diversity distances within
and between cohort groups. Boxes drawn to represent the median and interquartile
range. Whiskers drawn to the minima and maxima of the data distribution.
I Procrustes errors from analysis of the association between biochemical and
taxonomic β diversity. For Procrustes analysis, PCoA ordination of the biochemical
β diversity was used as the target, while taxonomic β diversity ordination was rotated
and scaled. P-value generated by permutation Protest.
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genus-level taxonomic profile and urinary metabolomic profile. For this
analysis, we focused solely onGroups 1 and 3 and removed the intermediate
disease stateGroup2 so that clear comparisons couldbemadebetweencases
and controls. We used the significant (R > | 0.3 | , P < 0.05) correlation
results between taxa-metabolite pairs to generate both positive and negative
association networks with nodes representing metabolites (purple) or taxa
(pink) and edgesdrawnonlybetween taxa andmetabolites (Fig. 3A,B;Table
S4). The positive association network was relatively sparse with a striking
separation between the larger metabolite-taxa association network and that
of a single taxon, Escherichia (Fig. 3A). Not only was Escherichia associated

with a highly distinct set of metabolites, but it was also the taxon node with
highest degree, or number of first neighbors (n = 122 metabolites) (Fig. 3A,
C; Table S5). To confirm association in this exploratory network, scatter
plots of the strongest identified associations were visually inspected in both
mCLR-transformed and compositional (non-transformed) relative abun-
dance of taxonomic features (Fig. S3). Most metabolites associated with
Escherichia abundance were not strongly connected to other taxa as indi-
cated by a relatively low topological coefficient (T(i) = 0.0139) (Fig. 3C).
These data suggest that urinary Escherichia, which in this dataset is largely
associated with active UTI, is associated with a unique set of urinary

Fig. 3 | Taxa metabolite network analysis. ANetwork representation of significant
(R > 0.3, P < 0.05) positive taxon (red nodes) metabolite (blue nodes) associations.
B Network representation of significant (R <−0.3, P < 0.05) negative taxon (red
nodes) metabolite (blue nodes) associations. Edges represent the Spearman Corre-
lation between metabolite concentrations and mCLR-transformed taxon relative
abundance. Taxon node size is proportional to the number of first-neighbor
metabolites. C Network metrics, nodal degree, and topological coefficient of taxa in
the positive association network. DMetabolite nodal degree and topological

coefficient in the positive association network.ETaxon nodal degree and topological
coefficient in the negative association network. F Nodal degree and topological
coefficient of metabolites in the negative association network. Network repre-
sentation of significant (G) positive (R > 0.3, P < 0.05) and negative (H) species-level
Lactobacillus (red nodes) metabolite (blue nodes) positive associations. Edges
represent the Spearman Correlation betweenmetabolite concentrations andmCLR-
transformed taxon relative abundance. Taxon node size is proportional to the
number of first-neighbor metabolites.
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metabolites, few of which are associated further with additional taxa5.
Among these metabolites were putrescine (R = 0.661, P = 1.37 × 10−6), one
of the major polyamines produced by E. coli, and the diacylglycerol,
DG(14:0, 20:0) (R = 0.638, P = 4.18 × 10−6)28,37. We hypothesize that this
observation is evidence of a unique urinary metabolic signature associated
with UTI, the majority of which in this cohort were culture-confirmed
UPEC infections, as we have previously reported (Fig. S2A)5.

Whenanalyzed from theperspective of themetabolites, proline betaine
(ProBetaine), a proline derivative also known as stachydrine, was identified
as the highest degree metabolite node, being connected to more taxa than
any other metabolite (n = 14 genera) (Fig. 3D)46. ProBetaine was positively
associated with the genera Slackia (R = 0.436), Schaalia (R = 0.398), Pepto-
coccus (R = 0.383), and Mobiluncus (R = 0.367). The negative taxa-
metabolite association network was more densely connected with the
genera, Rothia (n = 82 metabolites), Fusobacterium (n = 71 metabolites),
Staphylococcus (n = 65 metabolites), Facklamia (n = 62 metabolites), and
Dermabacter (n = 58metabolites),making up the top 5 taxa connectedwith
the greatest number of metabolites (Fig. 3B, E; Table S6). The hexosylcer-
amide, HexCer(d18:1/24:0), had the highest degree, being negatively asso-
ciated with 22 genera (Fig. 3F).

The unique metabolite network of Lactobacillus gasseri sepa-
rates it from other urogenital lactobacilli
While much of the taxa-metabolite network analysis revealed associations
between metabolites and known uropathogens, we further sought to
determine the Lactobacillus-metabolite associations to identify biochemical
features associated with these beneficial microbial communities47. Our
analysis of the species-level Lactobacillus positive association network
revealed two non-interacting networks – one composed solely of L. gasseri
and the other composed of L. jensenii, L. crispatus, and L. iners (Fig. 3G). L.
gasseri is positively associated with a unique and distinct set of 17 meta-
bolites. The strongest metabolite association with L. gasseri was the trigly-
ceride TG(17:2, 36:4), a triacylglycerol (R = 0.542, P = 0.00018). The
remaining Lactobacillus species are all associatedwith commonmetabolites
within a shared network neighborhood (Fig. 3G). Both L. jensenii and L.
crispatus exhibited relatively strong associations with the fatty acid, eico-
sapentaenoic acid (EPA) (Rjensenii = 0.503, Rcrispatus = 0.450), while all three
taxa, L. iners, L. jensenii, and L. crispatus, were correlated with the tria-
cylglycerol, TG(16:0, 40:8) (Riners = 0.447, Rjensenii = 0.377,Rcrispatus = 0.354).
The diacylglycerol, DG(16:0, 16:0), was found to be associated with L. jen-
senii (R = 0.350) and L. iners (R = 0.342) and more weakly with L. crispatus
(R = 0.301) (Fig. 3G). The negative association network also separated L.
gasseri from the other urogenital Lactobacillus species and revealed that L.
jensenii and L. crispatus were highly interconnected, negatively correlating
with a common set of 28 metabolites. The strongest shared anti-correlation
of L. crispatus and L. jensenii was the phospholipid, PC(ae C44:3)
(Rcrispatus =−0.426, Rjensenii =−0.402), which was also negatively associated
withL. iners (R =−0.359) (Fig. 3H).L. gasseriwasnegatively associatedwith
only a single metabolite, urinary hexose (Fig. 3H). Given the highly similar
chromatographic behavior and mass spectral features of hexoses, such as
glucose, galactose, and fructose, we cannot robustly determine which
hexose(s) drive this negative metabolite association48. Together, our data
suggests that urinary L. gasseri communities are both positively and nega-
tively associatedwith aurinarymetabolic signature that is unique among the
major urogenital lactobacilli.

Active UTI is associated with a distinct metabolic signature
Wehypothesized that the urinarymetabolome betweenPMwomenwhodo
not getUTIs and those actively presentingwith aUTIwould be significantly
different and may harbor novel biomarkers of active UTI. To test this
hypothesis, we performed a differential enrichment analysis screen of
metabolites betweenGroup1 (NoUTIHistory) andGroup3 (rUTIHistory,
UTI(+)) using theWilcoxon rank sum test (Fig. 4A,Table S7). This analysis
identified many significantly differentially abundant metabolites enriched
either in the No UTI History (n = 9 metabolites) or rUTI History, UTI(+)

(n = 149 metabolites) (Fig. 4B, C). The observation that putrescine was
among the most differentially abundant metabolites enriched in urine
during active rUTI (FCmedian = 12.63, Q = 3.77 × 10−6) is in line with
expectations based on previous observations and can be attributed largely to
Escherichia coli, as putrescine was found to be highly correlated to Escher-
ichia in our taxa-metabolite network analysis in Fig. 3 (Fig. 4B, D)28. The
remaining top 10differentially abundantmetabolites enriched during active
rUTI were all lipid species, such as diacylglycerols (DG), ceramides (Cer),
and glyceroceramides (Hex2Cer) (Fig. 4B, E–G).

In contrast, we observed a separate set of 9 metabolites significantly
enriched in the urine of PM women in Group 1, the women with no UTI
history. Differentially abundant metabolites include three fatty acids (FA
20:1, 20:3, and 18:0), methionine sulfoxide (Met-SO), the amino acids iso-
leucine (Ile) and leucine (Leu), and a diacylglycerol (DG) (Fig. 4C, H–K).
Interestingly, two dicarboxylic acid metabolites, DiCA(14:0) and
DiCA(12:0), were the most significant differentially abundant metabolites
enriched in PM women who do not get UTI (Q < 10−7, Q = 0.00074) (Fig.
4C, H, I). These metabolites have previously been detected in urine and are
typically linked to gamma-oxidation of long-chain fatty acids49. To further
explore these findings, we compared metabolite profiles between the No
UTI History group and the rUTI History, UTI (−) group. This analysis
confirmed that DiCA (14:0) and DiCA (12:0) were also significantly enri-
ched in the NoUTI History group (Fig. S4), reinforcing their potential role
in differentiating metabolic signatures associated with UTI susceptibility.
While inmany cases, we cannot robustly decouple host-derivedmetabolites
from microbial metabolites, these data do suggest a unique urinary meta-
bolic signature associated with women who do not experience UTI.

Taxa associated with metabolites differentially enriched in No
UTI history
Since the distinct set ofmetabolites enriched in womenwith noUTI history
may be linked to urogenital health, we next investigated the taxonomic
associations between these metabolites and the urinary microbiome. We
performed a Spearman correlation analysis between the quantitative
abundance of the nine metabolites enriched in the No UTI History group
and the urinary microbiome taxonomic profile identified by MetaPhlAn 4
in the same group39. This analysis revealed 84 taxa-metabolite associations
passing at least nominal significance at the genus and species levels (Fig. 5A,
B, Table S8). Of note, we observed robust associations between methionine
sulfoxide (Met-SO) with 4 genera and 12 species. The genus, Lactobacillus,
as well as the species Lactobacillus crispatus, were the most negatively cor-
related taxa with urinary Met-SO concentration (RLactobacillus =−0.526,
RL.crispatus =−0.551) (Fig. 5C, D). Conversely, we observed a relatively
strong positive association between Met-SO and the dysbiotic taxon,
Streptococcus anginosus (R = 0.550, P = 0.004) (Fig. 5E). The genus, Urea-
plasma, which is considered an opportunistic pathogen in the female uro-
genital tract, was positively associated with DiCA (12:0) (R = 0.469,
P = 0.018) (Fig. 5A)50. We further observed a modest positive association
between urinary fatty acid (18:0) and Staphylococcus epidermidis (R = 0.460,
P = 0.012) (Fig. 5F).

Urinary lipids as biomarkers for active rUTI
Given our observation that many of the differentially abundant metabolites
enriched in women with active rUTI were lipids (Fig. 4B) and that lipids
contributed the most to group identity by PLS-DA (Fig. 1E–G), we hypo-
thesized that the urinary lipids may be an indicator or perhaps novel bio-
marker of active rUTI. When summed, the total assayed lipid content
detected in urine exhibited a modest elevation in active rUTI (Group 3) as
compared to the combined UTI(−) samples from Groups 1 and 2
(FCmedian = 1.32, P = 0.00023) (Fig. 6A). We then hypothesized that a spe-
cific subset of urinary lipids could differentiate case (active rUTI) from
control (combined rUTI history, UTI(−) and No UTI history) groups. To
test this hypothesis,weperformedelastic net regularizationonassayed lipids
to identify an optimal subset of lipids distinguishing active rUTI cases from
controls. This analysis identified 11 lipids in an optimal multivariate model
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whose abundance was able to distinguish the active rUTI samples in the
rUTI History, UTI(+) group from the control samples in the combined
rUTI History, UTI(−) and No UTI History group (Fig. 6B, Fig. S5). Dia-
cylglycerol (16:1, 18:1), which was also the second most differentially
abundantmetabolite enriched in theUTI(+) group contributed themost to
themultivariatemodel with a feature importance of 0.98 (Fig. 6B). To assess
the predictive performance of this set of discriminating lipids on the same
cohort, we performed logistic regression and leave-one-out cross-validation
(LOOCV) analysis (Fig. 6C, D). Logistic regression indicated that the 11
lipid metabolites were able to strongly discriminate cases from controls
(G2 = 72, P = 1.3 × 10−11) and the area under the receiver operator char-
acteristic (ROC) curve of the 11-lipid metabolite multivariate model cal-
culated by LOOCV was 0.9064 (Fig. 6D). These results suggest that this
discriminating lipid signature has excellent sensitivity and specificity on

cross-validation of the same cohort where the features were identified;
however, these results should be validated in an independent cohort.

To assess the association of taxa abundant in women with active rUTI
with the lipid signature of rUTI, we performed a correlation analysis with
the sample-matched taxonomic genus and species-level profile previously
generated by whole-genome metagenomics. The strongest taxa-lipid posi-
tive associations were observed between diacylglycerols (DGs) and Escher-
ichia or E. coli (Fig. 6E, Table S9). E. coli abundance was strongly correlated
with urinary DG(16:1, 18:1) concentration (R = 0.578, P = 5.6 × 10−9) (Fig.
6F). From these data, we hypothesize that the increase in urinary lipids
observed in individuals with active rUTI is associated with acute tissue
damage (i.e., epithelial cell death and exfoliation) that occurs during
infection51–53. Urinary lipidsmay be a novel source of diagnostic biomarkers
for active UTI with rapid translatability54.

Fig. 4 | Active UTI is associated with a distinct urine metabolic signature.
A Differential enrichment analysis of urinary metabolites between the No UTI
History (Blue) and rUTI History, UTI(+) (Red) groups. P-value generated by the
Wilcoxon Rank Sum test. Q-value generated by false discovery rate. Absolute value
of theWilcoxon Rank statistic of the top 10metabolites differentially enriched in the
B rUTI History, UTI (+) group, and in the C No UTI History group.

D–G Comparison of the distributions for individual metabolites differentially
enriched in the rUTI History, UTI (+) group.H–KComparison of the distributions
for individual metabolites differentially enriched in the No UTI History group. P-
value generated by the Wilcoxon Rank Sum test. Q-value generated by false dis-
covery rate.
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The urinary metabolome harbors translatable prognostic indi-
cators of rUTI
We next asked if any urinary metabolites were associated with an
increased hazard of recurrent UTI. Of the 25 participants with active
UTI in the rUTIHistory,UTI(+) (Group 3), 19 had reliable time-to-next
UTI metadata. We performed Cox proportional hazard analysis to
identify metabolites that were significantly associated with UTI recur-
rence rate. The urinary concentration of 12metabolites was significantly
associated with increased hazard of UTI recurrence within the follow-up
period (Fig. 7A; Table S10). Interestingly, the secondary bile acid,
Deoxycholic acid (DCA), was the metabolite most significantly asso-
ciated with increased hazard of recurrent UTI (HR = 3.99, P = 0.0015).
The remaining significant metabolites identified included three cho-
lesterol esters (CE), Taurine, three Diacylglycerols (DG), the secondary
bile acid Glycochendeoxycholic acid (GCDCA), Phosphatidylcholine
(C30:2), Homoarginine, and Glycosylceramide (18:1, 18:0), which all
had hazard ratios ranging between two and three (Fig. 7B).

To further characterize the association between urinary DCA con-
centration and the risk of UTI recurrence, we performed Kaplan–Meier
analysis, dichotomizing the patients by the median urinary DCA con-
centration ([DCA] = 0.007 µM, nhigh = 9, nlow = 10) (Fig. 7C). Womenwith
abovemedian urinary concentrations ofDCA exhibited a hazard ratio (HR)
of 2.99 (P = 0.0296) forUTI recurrence compared toDCA lowpatients (Fig.
7D). Considering the differences between continuous hazard models, such
as the Coxmodel, and dichotomous Kaplan–Meier, we consider the hazard
identified by both models to be in line with one another and supportive of
DCA as a putative prognostic indicator for rUTI. Indeed, the median
recurrence-free days for women in the high urinary DCA group was 86,
compared to 254.5 recurrence-free days in the DCA low group (P = 0.035)
(Fig. 7E). While these data need to be validated in a larger patient popula-
tion, they suggest that the urine metabolome may harbor valuable prog-
nostic biomarkers for improved rUTI clinical management.

Discussion
Here, we present a comprehensive analysis that integrates both metage-
nomics andmetabolomics of the urinarymicrobial niche.We identify novel
potential biomarkers ofUTI andcharacterizehow theurinarymicrobial and
biochemical ecologies are interrelated. A critical challenge in metabolomic
experiments that sample a host-microbiome ecological niche is distin-
guishing between host-derived and microbially derived metabolites55,56.
While certain metabolites can be reasonably inferred to originate from
either the host or microbiome, future research will be necessary to fully
untangle the origins of metabolites and broader metabolic signatures in the
host-urinary microbiome relationship. Our targeted LC-MS/MS analysis
provided a broad and detailed overview of the urinary metabolome, cap-
turing both polar and non-polar metabolites. Targeted approaches offer
robust estimates of absolute analyte concentrations in contrast to the relative
abundance estimates typical of untargeted metabolomics approaches32.
However, targeted metabolomics cannot assess features not included in a
predefined list of quantified targets. This limitation is significantlymitigated
by the extensive rangeof analytes included in theBiocratesMxP®Quant 500
assay used here. Generally, we found that polar metabolites were present at
higher concentrations in urine compared to the detected lipidome. This is
expected due to the lower aqueous solubility of lipid species. It is important
to note that, although the samples were centrifuged to remove larger par-
ticulates, no aqueous/organic partitioning was performed to separate lipids
from polar metabolites. Lipid signals detected could have originated from
cellular debris not pelleted by centrifugation. We did not apply creatinine
normalization in the primary metabolomics analysis. While this may
introduce variability due to differences in urine concentration, the decision
was intentional to preserve ecological interpretability in the context of
absolute biochemical abundance. This choice reflects a growing recognition
that normalization strategies, while useful in some clinical settings, may
obscure real ecological variation57. Given that our aim was to identify
clinically translatablemetabolicmarkers of disease andbiochemical ecology,

Fig. 5 | Taxa associated with urinary metabolites are differentially enriched in
women with no UTI history. Spearman correlation analysis between urinary
metabolites differentially enriched in the No UTI History cohort and the urinary

microbiome taxonomic profile at the A genus and B species level. C–F Scatter plots
of significant taxa-metabolite correlations. P-value generated by permutation.
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we believe that this limited sample processing most closely reflects what
would be most feasible in a clinical setting.

Little is known about the urinary microbial ecosystem beyond its
taxonomic profile and how it is affected by urologic disease9. We aimed to
characterize the urinary biochemical landscape by applying an ecological
perspective to urinary metabolomic data, examining its covariance with
taxonomic ecology derived from pairedmetagenomic data representing the
same sample and microbial niche. Interestingly, no association was found
between urinary biochemical α-diversity and urinary microbiome α-
diversity. However, this is not completely unexpected because in this eco-
system, α-diversity is not predictive of disease state alone, as bothUTI and a
healthy urinarymicrobiome are often characterizedby the predominance of
a single or a few taxa. It is also possible that dietary and lifestyle factors likely
play a more significant role in shaping urinary biochemical diversity than
urinary microbiome composition. However, we did identify specific meta-
bolites linked to urinary microbiome α-diversity. Methionine sulfoxide
(Met-SO), an oxidized formofmethionine,was significantly correlatedwith
urinary microbiome α-diversity. Met-SO is known to accumulate during
oxidative stress and inflammation58,59. Furthermore, TMAO is known to be
associated with cardiovascular disease and hypertension60. Given that a
“healthy” urinary microbiome is often characterized by low α-diversity and
predominance by Lactobacillus species, it is possible thatMet-SO serves as a
marker of inflammation associated with a more diverse urinary
microbiome.

We also observed a modest association between the β-diversity of
biochemical and taxonomic ecologies of urine, finding that as urine
samples became more taxonomically distinct, they also became mod-
erately metabolically distinct. However, this significant association was
only observed when biochemical β-diversity was calculated using the

Canberra distance. We interpret this to suggest that the metabolites
driving this association are likely of low abundance, as the Canberra
distance normalizes individual feature distances before summing to
generate the aggregate distance, which, in contrast with the Bray–Curtis
distance, allows analysis across a wide range of feature abundances61.
Based on these findings, we propose that the global association between
the urinary microbiome and metabolome is modest and primarily dri-
ven by the most abundant taxa and the least abundant metabolites.
Given that host diet and lifestyle likely strongly influence urinary
metabolite composition and that the urinary microbiome is a relatively
low-biomass microbial community, we find this interpretation
reasonable26.

Active UTI dramatically shifts the taxonomic and genomic landscape
of the urinary microbiome, as we have previously shown in this same
cohort5,23. We hypothesized that these large-scale taxonomic shifts would
also correlate with significant changes in the urinary metabolome. Our
analysis uncovered not only novel metabolic enrichments associated with
infection and health but also confirmed known metabolic enrichments
observed in UPEC infection, such as putrescine28. Interestingly, we found a
substantial number of lipids enriched in samples during active UTI. Two
diacylglycerols, DG(14:0, 20:0) and DG(16:1, 18:1), were the most sig-
nificantly enriched metabolites in the urine of women with active UTI.
Many ceramides and ceramide derivativeswere also enriched in the urine of
women with active UTI, which we hypothesize is a signature of bladder
epithelial tissue damage, as the bladder is a particularly ceramide-rich tissue
and ceramide biosynthesis is not widespread among bacteria62,63. The
finding of a unique lipid signature associated with active UTI provides
rationale for the exploration of newmetabolite-based diagnostic paradigms
for UTI.

Fig. 6 | Urinary lipids as biomarkers for active rUTI. A Comparison of the dis-
tribution of summed lipids between the combined rUTI History, UTI(−) and No
UTI History group (n = 50) and the rUTI History, UTI(+) (n = 25) group. P-value
generated by the Wilcoxon Rank Sum test. B Importance of lipid features to a
discriminating model identified by elastic net regularization. C Logistic regression
was performed to assess the ability of the 11 lipids to discriminate case from control

samples. P-value generated by the log-rank test.DReceiver Operating Characteristic
curve assessing the performance of the 11-lipid model in discriminating UTI from
control samples. E Spearman correlation analysis between urinary taxa and the 11
lipids within the discriminating model. F Scatter plot of the correlation between
diacylglycerol (16:1, 18:1) and mCLR-transformed Escherichia coli abundance. P-
value generated by permutation.
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The need for novel point-of-care (POC) diagnostics for UTI is sig-
nificant, as current dipstick-based approaches achieve a specificity of only
around 50%, and the diagnostic window for current “gold standard”
culture-basedmethods is 24–48 h36,54.We identified amultivariatemodel of
11 lipids that showed outstanding performance in distinguishing active
UTIs from uninfected controls. Although this finding needs to be validated
in an independent cohort, it shows promise as rapid methods for lipid
detection, such as matrix-assisted laser desorption/ionization time of flight
(MALDI) mass spectrometry, offer opportunities to translate these bio-
markers for use in clinical diagnostics64,65. Furthermore, while the urinary
abundance ofUPECwas positively correlatedwithmany of the lipids in this
model, we also observed elevated concentrations of discriminating lipids in
UTIpatientswithoutUPEC infection.Thus, this urinary lipid signaturemay
have broad utility in identifying active UTI, independent of causative
pathogen. Our lipid-based diagnostic model was evaluated using rigorous
internal validation strategies, including permutation testing and leave-one-
out cross-validation (LOOCV). However, the absence of an independent
external validation cohort limits the broader generalizability of these find-
ings. The 11 lipids used in the model were selected based on their dis-
criminative power within the same dataset, which may upwardly bias
performance metrics such as AUC. However, the goal of this work was to
discover potential metabolic biomarkers of UTI and rUTI that may be
validated in future studies. We interpret our findings as suggesting that
lipidsmay represent a novel source of biomarkers for active rUTI.While we
find specific lipids to contribute strongly to this observation, particularly

DG(16:1, 18:1), future studies should validate both the overall finding of
elevated lipids in rUTI and the suite of lipids identified here.

Our taxa-metabolite correlation analysis within the No UTI History
group, focusing on metabolites enriched in healthy urine, also revealed
significant associations. Notably, we found negative correlations between
urinary methionine sulfoxide (Met-SO) and both the genus Lactobacillus
and the species L. crispatus. This finding is in line with our additional
observation that the urinary Met-SO is positively associated with urinary
microbiome α-diversity and suggests a decrease in oxidative stress may be
associated with the predominance of beneficial Lactobacillus. While we
cannot determine whether the urinary Met-SO is derived from the bladder
or from systemic sources, its association with increased oxidative stressmay
indicate local inflammation58,59. Interestingly, Streptococcus anginosus, a
species linked to urogenital infections and urogenital dysbiosis, exhibited a
strong positive association with urinary Met-SO66. Taken together, these
findings suggest a plausible link between taxonomic ecological state (healthy
vs. dysbiotic) andmetabolicmarkers of inflammation.While we leveraged a
well-characterized cohort and integrated high-resolutionmetagenomic and
targeted metabolomic data, the cross-sectional study design limits our
ability to infer causality—particularly for microbe–metabolite associations
derived from correlation analyses. The observed relationships represent co-
occurrence patterns and should be interpreted as exploratory and founda-
tional rather than mechanistically definitive. Future work may focus on
translating these findings into model systems to explore the source and
implications of these associations.

Fig. 7 | The urinary metabolome harbors translatable prognostic indicators
of rUTI. A Cox proportional hazard analysis was performed on metabolites on the
19 samples within the rUTI History, UTI(+) cohort that have time to recurrence
metadata. B Hazard ratio of the 12 metabolites identified with a significant asso-
ciation with increased hazard of recurrence. C DCA dichotomization scheme for
Kaplan–Meier analysis.DKaplan–Meier analysis of recurrence-free probability and

the urinary concentration of deoxycholic acid (DCA). Patients are dichotomized by
the median DCA concentration. P-value generated by the
Gehan–Breslow–Wilcoxon test. E Comparison of the number of Recurrence-Free
Survival Days between DCA low (gray) and DCA high (red) samples. P-value
generated by the Wilcoxon Rank Sum test.
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There is a significant lack of molecular markers available to clinicians
who aim to take a personalized approach in treating rUTI.We analyzed the
association between the urinary biochemical ecology and UTI recurrence
hazard to identify robust candidates for prognostic biomarkers of rUTI.Our
analysis uncovered 12 candidate urinary metabolites associated with an
increasedhazardofUTI recurrence. The top candidatewas deoxycholic acid
(DCA), a microbially produced secondary bile acid, which had a hazard
ratio of ~4 in a Cox HazardModel and ~3 via Kaplan–Meier analysis when
dichotomized by median DCA concentration67. The source of DCA is
particularly noteworthy. While it is possible that local microbial commu-
nities in the urinary tract are producingDCA fromhost-derived cholic acid,
increased urinary DCA may alternatively reflect systemic gut dysbiosis,
potentially affecting gut permeability, bile acid cycling, and host-microbe
interactions in the gastrointestinal tract. It is conceivable that elevated cir-
culating DCA is secreted into the urine as a result of gut dysbiosis and
inflammation, whichmay be linked to increased susceptibility to rUTI. This
is further evidenced by our observation that an additional bile acid, gly-
cochenodeoxycholic acid (GCDCA), was also prognostic of UTI recurrence
hazard. GCDCA is a host-derived secondary bile acid produced in the liver
and is involved in lipid uptake68. This hypothesis aligns with the work of
Worby et al. and Thanert et al., who contemporaneously provided evidence
for gut dysbiosis, inflammation, and pathogen transmission along the gut-
bladder axis in the evolution of UTI69,70.

Taken together, ourfindings underscore the critical need for advancing
the understanding of the urinary metabolome and its relationship with the
urinary microbiome, especially in the context of rUTI and rUTI suscept-
ibility. By identifying novel biochemical markers and elucidating metabolic
associations with both microbial taxa and infection states, this work
represents a meaningful step toward the development of metabolic bio-
markers of UTI that can be leveraged in the development of more accurate
diagnostic and prognostic paradigms. It should be noted that the findings
presented here were made in an observational cohort of postmenopausal
women and may not be generalizable to other clinically important popu-
lations, such as men, pre- or perimenopausal women, transgender indivi-
duals, or children. Our findings of a distinct urinarymetabolome associated
with microbial signatures of health and disease should be further investi-
gated to identify metabolic interactions critical to the maintenance of a
beneficial microbiota and prevention of urologic diseases like UTI. Our
associative analyses were based on pairwise Spearman correlations, which
are well-suited for exploratory analyses in high-dimensional, small-sample
microbiome studies71. However, these correlations do not distinguish
between direct and indirect associations and do not imply directionality.
While the current study is rigorous, future prospective longitudinal studies
with larger cohorts and independent validation are needed to confirm these
findings. Direct interrogation of the intricate interactions between urinary
biochemical and microbial ecologies will be critical to inform personalized,
microbiome-based approaches to UTI treatment to ultimately improve
patient outcomes and reduce UTI recurrence.

Methods
Cohort curation and definitions
Human subjects were all postmenopausal females recruited from the
Urology Clinic at The University of Texas Southwestern Medical Center
under IRBs STU032016-006 (University of Texas Southwestern Medical
Center) and 19MR001 (University of Texas at Dallas) as previously
described5. Table S11 summarizes clinical characteristics. Full clinical
metadata can be found in Table S1 of Neugent et al.5. Written informed
consent was collected from each patient. The following exclusion criteria
were applied to screen patients for eligibility in the cohort: premenopausal
or perimenopausal status; history of complicated UTI; antibiotic use within
four weeks prior to urine sample collection, except in cases of culture-
confirmed active infection; pelvic cancer or pelvic radiation within the last
three years; current chemotherapy treatment; renal insufficiency (creatinine
levels >1.5 mg/dL); post-void residual volume exceeding 100mL; stage 3 or
higher pelvic organ prolapse; pelvic surgery for incontinence within six

months before urine sample collection; intermittent catheter use; neuro-
genic bladder; any upper urinary tract abnormalities associated with UTI;
anddiagnosis ofType 1 orType 2DiabetesMellitus.Oneparticipant (PF21)
from the rUTIHistory,UTI(+) grouphad an active, culture-confirmedUTI
and had received antibiotics in the four weeks prior to sample collection. All
urine samples were collected via “clean-catch” midstream methods after
patient education.

Metagenomic DNA isolation and sequencing
Detailed methods regarding the whole-genome (shotgun) metagenomic
sequencing dataset can be found in the 2022 Neugent et al. article, where
these sequencing data were first reported5. Briefly, we used the Zymo
Research DNA/RNA microbiome miniprep kit to extract bulk DNA from
10-20mL of each urine sample. After mechanical lysis via bead beating,
DNA was isolated per the manufacturer's instructions. We employed
multiple controls during the DNA extraction, including DNA isolation
from ZymoBIOMICSMicrobial Community Standard II (Zymo Research)
and water as a blank to observe kit and environmental contaminants.

Metagenomic sequencing was performed at the University of Texas at
Dallas Genome Center using 2 × 150 bp reads on an Illumina NextSeq 500.
Metagenomic DNA library preparation was performed using the Nextera
DNA Flex kit. Preparation of all cohort samples, as well as community
standard and water controls, was performed in two batches, with over-
lapping samples included to ensure consistency. We targeted ≥50 million
raw paired-end reads per sample before downstream bioinformatic pro-
cessing and achieved a median of approximately 20.5 million reads per
sample after quality control and removal of reads mapping to the human
genome (HG38). The total dataset analyzed included approximately 1.996
billion non-human paired reads across all samples. Low-quality reads
(PHRED score less than 20) were trimmed, and human-mapping reads
were removed using the read QC module in the MetaWrap pipeline72.

Taxonomic profiling of metagenomic data
Raw taxonomic profile data, generated in the original report for this cohort
(PRJNA801448), was reanalyzed with the updated MetaPhLAn 4.1
database39.Decontamination of potential background taxonomic signatures
was performed with Decontam, and analysis of the taxonomic signature
identified in a water blank sample that was sequenced to observe potential
environmental contaminants inevitably introduced during metagenomic
DNA extraction or library preparation73,74.

Throughout the manuscript, we performed taxonomic analyses at the
species (s__) level. While MetaPhlAn 4.1 provides taxonomic resolution
down to species-level genome bins (SGBs; t__), we chose to use s__-level
annotations to enhance interpretability and accessibility for a broader sci-
entific audience. To ensure this choice did not impact our conclusions, we
conducted confirmatory analyses comparing results derived from both s__
and t__ levels. These analyses demonstrate high concordance between the
two levels across ecologicalmetrics (Fig. S2A–D). In particular, a Procrustes
analysis of β-diversity ordinations revealed strong alignment between spe-
cies- and SGB-level profiles (m² = 0.002, P = 0.001), indicating that our
species-level approach captures the same ecological structure.

Targeted urinary metabolite quantification
The BiocratesMxP®Quant 500 targetedmetabolomics assay with the urine
extension was used to quantitatively measure urinary metabolites75. Assay
was performed on all samples in a single batch and per manufacturer
instructions on aWaters Xevo TQS tandemquadrupolemass spectrometer
lined to anAcquity liquid chromatography system.TheLC-MS systemused
formetabolomicspassed the assay’s systemsuitability test immediately prior
to data acquisition. Briefly, the Biocrates MxP® Quant 500 kit enables the
quantification of up to 630 metabolites spanning 26 compound classes,
including amino acids, biogenic amines, bile acids, fatty acids, phosphati-
dylcholines, ceramides, and di-/triglycerides. Lipids and hexoses were
analyzedusingflow injectionanalysis-tandemmass spectrometry (FIA-MS/
MS), while small molecules were measured via liquid chromatography-
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tandem mass spectrometry (LC-MS/MS). Urine samples were slowly
thawed at 4 °C, and a 10 µL aliquotwas cleared of debris by centrifugation at
4000 ×G. Metabolite profiling was performed using a 96-well sample pre-
paration device equipped with inserts impregnated with internal standards.
The 10 µL urine sample was added, followed by the addition of a phenyl
isothiocyanate (PITC) solution for derivatization of specific analytes (e.g.,
amino acids). After derivatization, the analytes were extracted using an
organic solvent and diluted before analysis. The resulting extracts were
analyzed using FIA-MS/MS and LC-MS/MS with multiple reaction mon-
itoring (MRM) for targeted detection. Metabolite concentrations were
determined in theBiocratesWebIDQsoftware fordownstreamanalysis.We
set a minimum threshold of detection in at least 7 individuals to balance
stringent filtering with the need to retain biologically relevant metabolites
for downstream analysis. This threshold was chosen empirically, as it pro-
vided sufficient representation across groups while minimizing the loss of
metabolites that may still contribute meaningful biological insights76.

Partial Least Squares Discriminant Analysis (PLS-DA) was performed
using the mixOmics R package to assess group separation and identify
discriminating features. Variable Importance in Projection (VIP) scores
were used to rank features contributing most to class differentiation. To
evaluate whether the observedmodel performance exceeded what would be
expected by chance, a permutation test was conducted by randomly shuf-
fling class labels 1000 times and comparing the resulting accuracy null
distribution to the observed model accuracy.

Analysis of biochemical and taxonomic α and β-diversities
β-diversity distances were calculated for both the Biochemical and Taxo-
nomic profiles via the Bray–Curtis, Jaccard, Euclidean, Canberra, Kulc-
zynski, Gower, and Manhattan methods. We then performed a screen for
significant correlation between all combinations of the β-diversity distance
arrays of the biochemical and taxonomic ecology. This analysis is primarily
sensitive to monotonic associations that are reflected in the pairwise dis-
tance associations44. We then used Procrustes of PCoA ordination analysis
over all combinations of the β-diversity distances calculations as a more
sensitive analysis to identify associations between biochemical and taxo-
nomic ecology. For all Procrustes analyses, metabolite β-diversity was used
as the target while taxonomic β-diversity was rotated and scaled. PCoAwas
performed over 4 dimensions for both metabolite and taxonomic ecology.
All ecological analysis was performed in the R statistical coding language
using the vegan package.

Network analysis of metabolite-taxon association
All-against-all Spearman correlation analysis was performed using the
metabolite concentration and taxonomic relative abundance in the
50 samples from the No UTI History and rUTI History, UTI (+) groups.
The modified centered log ratio (mCLR) transform was performed on the
taxonomic relative abundance data to break compositionality77. Significant
associations between taxa and metabolites were defined as those reaching a
Spearman coefficient >|0.3| and aP-value < 0.05.Network visualization and
analysis were performed in Cytoscape (v 3.10.2)78.

Elastic net–regularized logistic regression and cross-validation
We applied logistic regression with Elastic Net regularization to lipidomic
data to identify features that discriminate between postmenopausal women
with active recurrent urinary tract infection (rUTI) and those without
current infection. The classification task compared rUTI History, UTI(+)
samples (positive class) to a combined group of No UTI History and rUTI
History, UTI(–) samples (negative class).

Lipidomic features were first standardized (Z-score). Class labels were
binarized as 0 (non-infected) and1 (infected).To tune theElasticNetmodel,
we performed a grid search acrossmixing parameter values (α = 0 to 1 in 0.1
increments) using 10-fold cross-validation for each α to select the optimal
regularization strength (λ). The combination of α and λ yielding the highest
average area under the ROC curve (AUC) was selected. This hyperpara-
meter tuning was conducted on the full dataset.

Using the selected α and λ, we fit an Elastic Net–regularized logistic
regression model to the entire dataset to identify discriminative lipid fea-
tures. The resulting model selected 11 non-zero coefficients corresponding
to putative biomarker lipids. These features were extracted for further
biological interpretation.

To evaluate model performance on the same cohort, we performed
leave-one-out cross-validation (LOOCV) using the fixed α and λ values. In
each LOOCV iteration, a model was retrained on n–1 samples and used to
predict the probability of infection status for the left-out sample. Predicted
probabilities were aggregated across all samples and used to construct a
receiver operating characteristic (ROC) curve.

Finally, we fit a logistic regression model using only the 11 selected
features andperformed a likelihood ratio test comparing thismodel to a null
model containing only the intercept. This provided ameasure of the overall
discriminative power of the selected features.

We note that because hyperparameter tuning and feature selection
were conducted on the full dataset, the resulting AUCmay not represent an
unbiased estimate of generalizability and only represents model perfor-
mance in the current cohort. The purpose of our exploratory analysis is to
identify promising feature sets and diagnostic models. Future work will
incorporate nested cross-validation or external validation across larger
cohorts to rigorously assess generalizability.

Putative prognostic biomarker analysis
To assess the association between individual metabolites and time to
recurrence, a Cox proportional hazards regression analysis was performed
for each metabolite in the dataset. The dataset was first loaded from a CSV
file, and the time to recurrence, along with the recurrence status, were
extracted as the response variables. The analysis focused on the relationship
betweeneachmetabolite and the survival outcome, excludingmissingvalues
where applicable. A Cox proportional hazards model was fitted for each
metabolite using the ‘surv()‘ function, whichmodels time to recurrence and
recurrence status.

Kaplan–Meier survival analysis was performed to further explore the
association between selectedmetabolites and time to recurrence. Significant
metabolites of interest identified by the COX proportional hazard analysis
were used, and for eachmetabolite, the data was dichotomized based on the
median concentration. For each metabolite, values above the median were
classified as “High” and values below or equal to the median were classified
as “Low.” The Kaplan–Meier estimator was then applied to assess differ-
ences in survival between the high and low groups. The survival curves were
generated using the ‘survfit()‘ function, and the resulting Kaplan–Meier
plots were visualized with 95% confidence intervals.

Statistical analysis
All statistical analysis was performed using the R statistical program-
ming language (V4.4.0). GraphPad Prism 10 was used for plotting
graphs, andMicrosoft Excel was used for data interrogation andfiltering.
Pairwise hypothesis testing was performed using the nonparametric
Wilcoxon Rank Sum test, while the Kruskal–Wallis nonparametric
ANOVAwith Dunn’s multiple comparison post-hoc was performed for
analysis of 3 or more groups. Adjustment formultiple hypothesis testing
was performed using the false discovery rate (FDR) when appropriate.
We evaluated significance using both nominal and adjusted P-values.
When nominal significance was applied, we provided complementary
visual assessments, such as scatter plots or Kaplan–Meier plots, to
support the interpretation of significance79.

Data availability
The whole-genome metagenomic sequencing data (FASTQ files) were
previously generated5 and have been deposited in the NIH Sequence Read
Archive (SRA) under BioProject number PRJNA801448. Prior to deposi-
tion, all human-mapping reads were removed to ensure compliance with
privacy regulations. Additionally, all R code used for data analysis is avail-
able on GitHub at https://github.com/deniscolab/Neugent_etal_Urine_
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Biochem_Ecology, ensuring reproducibility and transparency in our ana-
lytical methods.
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