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Recent reports indicate that Parkinson’sdisease (PD)-like changes in gutmicrobial signaturesdevelop
in idiopathicREMsleepbehavior disorder (iRBD), aprodromeofα-synucleinopathies.However, <50%
of PD cases exhibit RBD at onset, underscoring PD’s heterogeneity. Using untargetedmetabolomics,
plasma samples from PD patients with and without RBD, iRBD subjects, and healthy controls were
analyzed to characterize themetabolic differences in PD patients with andwithout RBD.Metabolomic
analysis revealed the enrichment of gutmicrobial-originmetabolites, such as secondary bile acids and
p-cresol sulfate, in PD patients with RBD, while metabolites linked to neuropsychiatric diseases were
elevated in PD patients without RBD. Additionally, our prediction that p-cresol sulfate, enriched in the
RBD groups with a gut microbial origin, crosses the blood-brain barrier, suggests a potential
mechanistic link between gut microbial dysbiosis, iRBD, and PD with RBD. Our study elucidates the
heterogeneous nature of PD subtypes.

Abnormalα-synuclein aggregation and the loss of dopaminergic neurons in
the substantia nigra contribute to the motor symptoms in Parkinson’s
disease (PD)1. PD patients also develop a diverse spectrum of non-motor
symptoms even in the prodromal stages. The different origin and trans-
mission sequence of α-synuclein pathology are supposed to be responsible
for heterogeneous manifestation of diverse spectrum of PD symptoms.
Indeed, accumulating evidence indicates that clinical and prodromal PD
exhibit notable heterogeneity, prompting the identification of proposed
subtypes2.

Idiopathic REM sleep behavior disorder (iRBD), recognized as a pro-
dromal manifestation of α-synucleinopathies, strongly correlates with PD
development; but <50% of clinically manifest PD cases exhibit RBD at
onset2. Recently, based on neuropathological and clinical evidence, two
subtypes of PD have been proposed: brain-first (initiating in the brain) and
body-first (originating in the enteric nervous system)2–4. PD with iRBD is
linked to the body-first type, with initial α-synuclein aggregation in the gut
affecting medulla and pontine structures before nigral dopamine neurons.
In contrast, PDwithout RBD at onset is associated with the brain-first type,
marked by the initial loss of nigrostriatal dopamine innervation but rela-
tively intact sympathetic and parasympathetic innervation2,4. However, the
robustness of these two subtype PDhypotheses requires further verification,

and exploring alternative PD subtypes is critical for improved diagnosis and
treatment based on distinct etiologies in this heterogeneous disorder.

A compelling association exists between gastrointestinal symptoms,
notably constipation, and the onset of motor symptoms in PD, often
manifesting many years prior5. Several studies emphasize the intricate link
between PD and the gutmicrobiota6,7. A recent cross-sectional cohort study
examining microbial signatures in healthy individuals, patients with iRBD,
first-degree relatives (FDR) of patientswith iRBD, andpatientswith PDand
RBD indicates that PD-like changes in gut microbial signatures commence
in iRBD, supporting body-first PD subtypes8. Given the potential different
etiologies between PD and RBD, and PD without RBD at onset, further
investigation is needed into microbial signatures between two sub-
types of PD.

The gut microbiome can influence not only gut but also brain through
the production of bioactive metabolites, either directly or indirectly9,10.
Among these microbial metabolites, short-chain fatty acids (SCFAs) have
been demonstrated to be capable of promoting microglia activation and
motor deficits, potentially through an indirect pathway in germ-free α-
synuclein-overexpressing PD mouse models11. Extensive metabolomic
profiling of blood samples from PDpatients has been conducted to identify
metabolic biomarkers for better characterization or early-stage diagnosis of
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PD12–16. Some studies have provided insights into circulating blood meta-
bolites of gut microbial origin, such as p-cresol sulfate and
phenylacetylglutamine14,16. However, it is not clear whether PD subjects in
these studies were examined for the presence of RBD at onset. To date, there
have been no studies on untargeted metabolite profiling of PD subtypes in
the early stages of disease.

In this study, we thus aim to dissect metabolic profiles of PD subtypes
by performing untargetedmetabolomics onneurologically healthy controls,
patients with iRBD, PD with RBD, and PD without RBD in the early stages
of the disease.

Results
Clinical characteristics and plasma metabolic features of the
cohorts in this study
Clinical characteristics of subjects were shown in Table 1. A total of 101
plasma metabolomics samples were generated, comprising 24 PD patients
without RBD at onset (PD_Only), 25 PD patients with RBD at onset
(PD_RBD+), 25 patients with iRBD, and 27 healthy controls. All clinical
groups showed no substantial differences in their demographic features,
including age, gender, Hoehn and Yahr (HY) stage, and duration of disease
at blood collection. Patients diagnosed with PD were in the early stage of
disease, with a mean disease duration of 1.3 ± 1.1 years from symptom
onset. In the PD_Only and PD_RBD+ groups, 18 (75%) and 19 (76%)

patients, respectively, were not taking anti-Parkinson medications. Four
patients in each group were taking levodopa.

Regarding metabolite analysis, a decrease in the total number of
detected metabolites was observed in the diseased groups compared to
healthy controls: Control vs. PD_Only (P = 0.101, mean diff = 8.1, 95% CI:
−1.65 to 17.89);Control vs. iRBD(P = 0.524,meandiff = 3.2, 95%CI:−6.75
to 13.09); Control vs. PD_RBD+ (P = 0.0333, mean diff = 9.7, 95% CI: 0.80
to 18.65). (P-values by Student’s t-tests) (Fig. 1A). To gain insight into the
general similarity or dissimilarity in metabolite profiles between groups, a
non-metric multi-dimensional scaling (NMDS) plot, an analytical techni-
que to reduce complex, high-dimensional dataset into lower-dimensional
spaces, from untargeted metabolomics analysis revealed a distinct shift in
themetabolite profile in subjects with PD (its centroid shifted low inMDS2
axis) or RBD (its centroids shifted high in MDS2 axis) when compared to
controls (Supplementary Figs. 1, and 1B, C). We examined the loadings of
the given ordination plot and summarized its loading at the pathway level
(Fig. 1D). We found that the top-left directions were associated with lipids
and degraded products, including bile acids and bilirubin products, which
are linked to iRBD and PD_RBD+ samples in their ordination plot. The
top-right directions, opposite to PD_Only samples, were associated with
nucleotides, cofactors/vitamins, energy metabolites, and xenobiotics, indi-
cating a reduction in energy metabolism and xenobiotic levels in PD_Only
samples (Fig. 1D).

Plasma metabolic features of PD subtypes focusing on RBD
Considering that previous plasmametabolic profiling of PDpatients reflects
mixed profiles from PD patients without RBD (PD_Only) and PD patients
withRBD(PD_RBD+) andacknowledging thatRBDis apivotal prodromal
marker of PD, we have grouped PD_RBD+ and iRBD into the category
“RBD group”. This grouping is undertaken to more effectively distinguish
between plasma metabolic features associated with PD_Only (“brain-first
PD”) and PD_RBD+ (“body-first PD”) subtypes. To identify metabolites
that could predict the RBD group and PD_Only subtypes, we conducted
metabolome-wide associations with clinical groups using generalized fold
changes and Wilcoxon rank-sum tests (Fig. 2A and Supplementary Data
S1–S3). Comparing all significantly altered metabolites (P < 0.05) in any of
the clinical groups (PD_Only, iRBDor PD_RBD+) versus healthy controls,
we observed high correlations between iRBD and PD_RBD+ groups
(Pearson’s correlation coefficients = 0.510, P < 0.001, Fig. 2A), indicating
similar enrichments of disease metabolites in both groups.
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Fig. 1 | Overview of the plasma metabolic features of cohorts. A Number of
annotated metabolites in each group based on untargeted metabolomics profiling.
The control group (n = 24), Parkinson’s disease (PD)_Only group (n = 24), idio-
pathic rapid eye movement sleep behavior disorder (iRBD) group (n = 25), and PD
with RBD (PD_RBD+) group (n = 25) are represented in gray, scarlet, turquoise,
and blue, respectively. A decreasing trend in the average number of detected
metabolites was observed among control, PD_Only, iRBD, and PD_RBD+. *
P < 0.05. P-values were determined by Student’s t-tests. B Non-Metric Multi-
dimensional Scaling (NMDS) plot comparing untargeted metabolomics profiles

between the PD_Only and control groups. Centroids represent group means, with
ellipses indicating group dispersion. PD_Only group exhibits a distinct metabolic
shift, with low values both on Multidimensional Scaling (MDS)1 and MDS2 axes.
C NMDS plot comparing untargeted metabolomics profiles between RBD groups
(iRBD and PD_RBD+) and control groups. The PD_RBD+ group shows a distinct
shift, characterized by higher values on theMDS2 axis and lower values on theMDS1
axis.DNMDS loading plot ofmetabolites, summarized by their respectivemetabolic
pathways. Data are presented as box plots showingminimum, 25% quartile, median,
75% quartile, and maximum.

Table 1 | Demographic summary of PD cohort in this study

PD_Only PD_RBD+ iRBD Control P

n 24 25 25 27 -

Men, n (%) 12 (50) 13 (52) 13 (52) 19 (70) 0.99

Age at
sampling

62.8 ± 7.3 62.0 ± 5.7 63.5 ± 6.8 62.4 ± 7.1. 0.90

HY stage at
sampling

1.2 ± 0.4 1.4 ± 0.5 NA NA 0.15

PD
duration at
sampling

1.5 ± 1.4 1.2 ± 0.8 NA NA 0.70

Data are presented as mean ± s.e.m or as proportions. P values were calculated using ANOVA for
continuous variables and chi square test for categorical variables.
HY Hoehn and Yahr, NA not applicable, PD Parkinson’s disease.
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Further comparisons between all RBD groups versus control (Fig. 2B,
Supplementary Fig. 2A, and Supplementary Data S4) and the PD_Only
group by generalized fold changes and Wilcoxon rank-sum tests (Fig. 2C
and Supplementary Fig. 2B, and Supplementary Data S5) revealed RBD-
specific enriched metabolites, including secondary bile acids (lithocholate
sulfate, glycolithocholate), p-cresol sulfate, and phenylacetylglutamine
(PAG) (Fig. 2B), which are of gut microbial origin10. Reanalysis of publicly
available whole-genome shotgun sequencing datasets of PD patients7 con-
firmed that subsets of PD patients had a higher abundance of Clostridioides
difficile, a p-cresol producer, as well as increased levels of the enzymes hpdB
and hpdC (which encode 4-hydroxyphenylacetate decarboxylase, respon-
sible for producing p-cresol) in PD subjects compared to healthy controls
(Supplementary Fig. 2C–F).

Enrichedmetabolites in PD_Only included glucose and cortisol, while
caffeine levels were decreased (Fig. 2C). We also examined enriched
metabolic pathways of significantly altered metabolites in all RBD groups
(Supplementary Table 1) and PD_Only group (Supplementary Table 2),
identifying benzoate, sterol, histidine and tyrosine metabolites as sig-
nificantly altered in the RBD group, whereas xanthine metabolites were
significantly altered in PD_Only group. This differential enrichment of
metabolic pathways underscores the distinct metabolic signatures between
RBD groups and PD_Only group.

Enrichment of feces-derived metabolites in the plasma of sub-
jects with RBD
Given thatpathologies arebelieved tooriginate fromthegut in thebody-first
PD subtype, our investigation focused on identifying the potential origins of
metabolites specific to PD_Only or RBD group. For this, we identified
metabolites highly enriched in the PD only group, including cortisol, and in
the RBD group, including p-cresol sulfate, resulting in the identification of
many potential biomarkers to diagnose PD only group (n = 24) or RBD
group (n = 29) (Wilcoxon rank-sum tests, P < 0.05; Fig. 3A–C, Supple-
mentary Data S6). After excluding three metabolites enriched in both RBD
and PD_Only groups (hypotaurine, hypoxanthine, and glutamate), we
identified RBD group-specific metabolites, namely, RBDmetabolites (RM)
(n = 26), and PD_Only group-specific metabolites, namely, PD_Only
metabolites (POM) (n = 21).We then examined their origins and associated
bio-specimens (Fig. 3D, E and Supplementary Data S7, S8) based on the
human metabolite resource database, HMDB (https://www.hmdb.ca/)17.
Interestingly, among RM metabolites with HMDB annotations, 90% were
predicted to originate from feces, while 55% were from feces in the POM
metabolites (Fig. 3D and Supplementary Data S6). This was further

supported by a stronger association of microbial origin with metabolites in
the RBD group compared to those in PD_Only samples (Hypergeometric
test,
p value < 0.05, Fig. 3E). One of the prominent metabolites of fecal and
microbial origins, p-cresol sulfate, was elevated in iRBD group and main-
tained its elevation in PD_RBD+ group but not in the PD_Only group (Fig.
3C), supporting PD_RBD+ as a body-first PD subtype. Moreover, meta-
bolites enriched in the PD_Only group were associated with neuro-
psychiatric diseases (i.e., schizophrenia); however, those enriched in the
RBD group were associated with colon cancer and inflammatory bowel
disease, both of which are closely related to the gut microbiome dysbiosis
(Fig. 3F,G and SupplementaryData S10, S11). Thisfinding suggests that the
RMmetabolites, i.e., gutmicrobiome-associatedmetabolites, canalsobe risk
factors for other gut-associated diseases, whereas POM metabolites, i.e.,
non-gut-associated Parkinson’ disease metabolites, can be risk factors for
other brain disorders. This suggests that not only the spatial progression of
pathology but also the underlying pathogenic mechanisms are different
between the two subtypes of PD, i.e., body-first PD and brain-first PD.

Prediction of metabolites of microbial origins with ability to
penetrate blood-brain barrier
Even though thebody-first PD subtype has been associatedwith pathologies
originating in the gut and spreading to the CNS via the vagus nerve2, other
possible routes, such as direct penetration of the CNS by gut microbiome-
derived metabolites may also be involved. To explore this possibility, we
assess the probability of blood-brain barrier (BBB) permeability for meta-
bolites ofmicrobial origin using LightBBB18 (SupplementaryData S9). RBD
group-enriched p-cresol sulfate (Supplementary Fig. 3) with microbial
origin was predicted to penetrate the BBB, consistent with a study showing
elevated p-cresol sulfate levels in the cerebrospinal fluid (CSF) of PD
patients19. Given that CSF represents the closest approximation of extra-
cellular space of the CNS, these results suggest that RBD-enriched p-cresol
sulfate as a potential mediator in the progression of PD in the body-first PD
subtype.

Establishment and evaluation of prediction models of PD
clinical groups
We proceeded to assess the biomarker potential of discriminative
metabolites identified in PD clinical groups, specifically POMs and
RMs (Supplementary Fig. S4 and Supplementary Data S12–S14), and
machine learning models such as logistic regression (Fig. 4). First, we
constructed Receiver Operating Characteristics (ROC) curves using
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Fig. 2 | Metabolites discriminating patients with RBD and PD without RBD.
A Comparison of generalized fold changes of significantly altered metabolites
(P < 0.05) from the PD_Only group, iRBD group, and PD_RBD+ group versus
controls (Cont.). Pearson’s correlation coefficients (ρ) of generalized fold changes
from the three groups versus controls were compared. Based on the correlation
coefficients, we identified that metabolite alterations in iRBD group were highly
correlated with those in PD_RBD+ group (ρ = 0.510; P = 7.48 × 10−6), which was
not observed in other group comparisons. *** P < 0.001.BGeneralized fold changes

(FC) of metabolites significantly altered (P < 0.05) between RBD groups vs control,
summarized by pathway classes (See details of statistics and P values in Supple-
mentary Data S4). Metabolites corresponding to degraded/conjugated products and
lipids are colored blue. C Generalized fold changes (FC) of metabolites significantly
altered (P < 0.05) between PD_Only vs control, by pathway classes (See details of
statistics and P values in Supplementary Data S1). Metabolites corresponding to
xenobiotics, cofactors/vitamins, and energy metabolites are colored red.
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Fig. 3 | Characterizations of significantly enriched metabolites in RBD (iRBD
andPD_RBD+) group andPD_Only group. ARelative abundance level of cortisol
in different groups - a metabolite significantly enriched in PD_Only group (POM).
B Relative abundance level of p-cresol level in different groups - a metabolite sig-
nificantly enriched in RBD group (RM). C Relative abundance level of Glutamate
level in different groups - ametabolite significantly enriched in both RBD group and
PD_Only group. Statistical significances and confidence intervals were calculated
based on student’s t-test between two different clinical groups on this plot.
D Significantly enriched known biospecimen type based on Human Metabolome
Database (HMDB) annotations (Hypergeometric test P values < 0.05). RBD meta-
bolites (RM)were significantly enriched among fecesmetabolites, whereas PD_Only
metabolites (POM) were significantly enriched among saliva, sweat, and CSF
metabolites (See P-values and other details in Supplementary Data S8).

E Significantly enriched the origins of metabolites based on Human Metabolome
Database (HMDB) annotations (Hypergeometric tests P < 0.05). RBD metabolites
(RM) were significantly enriched among microbial metabolites (See P-values and
other details in SupplementaryData S7).F Significantly enriched diseasemetabolites
of given RBD metabolites (RM) (P < 0.05) (See P values and other details in Sup-
plementary Data S11). Statistical significance (hypergeometric tests P values) and
fraction of shared RM metabolites with disease metabolites (shared ratio) were
shown by color scales and circle sizes.G Significantly enriched diseasemetabolites of
given PD_Only metabolites (POM) (P < 0.05) (See P values and other details in
Supplementary Data S10). Statistical significance (hypergeometric tests P-values)
and fraction of shared RM metabolites with disease metabolites (shared ratio) were
shown by color scales and circle sizes. *P < 0.05, **P < 0.01.
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POM and RM metabolites to classify clinical groups versus healthy
controls (Supplementary Fig. S4). Of note, among POM and RM
metabolites, we excluded drug compounds, their derivatives, or
xenobiotics compounds from the potential markers of classification
models due to their exogenous nature. Based on the highest generalized
fold changes, we identified three markers from POM metabolites—
glucose, cortisol, and sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/
22:2)—showing high Area Under the ROC curve (AUROC) values
(>0.725) to classify the PD_Only group from healthy controls (Sup-
plementary Fig. 4A, B, C). In addition, three markers from RM
metabolites–butyrate/iso-butyrate, p-cresol sulfate, and hydro-
cinnamate—showed high AUROC values (>0.706) to classify iRBD/
PD_RBD+ groups from healthy controls (Supplementary Fig. 4D, E,
F). Furthermore, we included known markers from other metabo-
lomics studies of PD, which lacked clinical clustering by RBD mani-
festation, such as indoleacetate, PAG, and free fatty acid (10:0).
Although they showed high AUROC values to classify the PD_Only
group from control or iRBD/PD_RBD+ group from control, their
values were still lower than those from POM and RM metabolites
(Supplementary Fig. 4G, H, I), underscoring the superior marker
potential of the three metabolites we identified. Next, we established
logistic regression models using PD markers—glucose, cortisol, and
sphingomyelin (Fig. 4A–D), as well as RBD markers—butyrate,
p-cresol sulfate, and hydrocinnamate (Fig. 4E–H). Interestingly, based
on 10-fold cross-validation with 10 repetitions, the average AUROC
values were substantially higher to classify the PD_Only group from
control and RBD groups from control. Moreover, we assessed the
prediction accuracy of the logistic regression models established (see
confusion matrix to check prediction imbalances per class in Supple-
mentary Fig. 5A—C) and found that the predicted class labels closely
matched with the true class labels without biases in predicting clinical
groups and controls. Consequently, ourmodels achieved high accuracy
for the diagnosis of clinical groups—80.4% accuracy to predict the
PD_Only group, 69.2% accuracy to predict the PD_RBD+ group, and
74% accuracy to predict any RBD group from the controls.

Discussion
In this study, we investigated the plasmametabolic profiles of PD subtypes,
specifically focusing on RBD as a prodromal marker (Fig. 5). Untargeted
metabolomics analysis of plasma samples from the RBDgroup (comprising
iRBD and PD with RBD) revealed distinct metabolic features compared to
thePD_Onlygroup (PDwithoutRBD), supporting thenotionofdifferential
pathogenesis between these subtypes.

Our results also showed that plasma metabolites in the RBD group
were enriched with gut microbial origins, aligning with the ‘brain-first vs
body-first’ hypothesis4,20. One key finding was the differential presence of
p-cresol sulfate across PD subtypes. Elevated levels of p-cresol sulfate in PD
havebeen consistently reported across different cohorts14,16.However, inour
study, we observed this metabolite only in the PD_RBD+ group, not in the
PD_Only group. This discrepancy may be due to heterogeneous PD
populations in previous studies. Supporting this, we confirmed that subsets
of PD patients had a higher abundance of p-cresol producing enzymes and
bacterium.

WhenaggregatingbothPDsubtypes intoPD,ourfindings alignedwith
previous metabolomics studies, showing altered levels of metabolites,
including increasedmicrobialmetabolites (i.e., secondarybile acids, p-cresol
sulfate, and PAG), cortisol, fatty acids, branched-chain amino acids, as well
as caffeine in peripheral blood21–26. However, inconsistencies among
studies23,27,28 underscored the heterogeneous nature of PD pathogenesis,
highlighting the need formore comprehensive subtyping.While differential
pathogenesis between PD with RBD and without RBD is recognized, our
study is among the first to consider the presence or absence of RBD at PD
onset, which may partially explain the observed discrepancies between
studies.

By segregating PD patients based on RBD, we identified both shared
and distinct metabolic pathways. For instance, lysophospholipid metabo-
lism and fatty acid metabolism were common across PD subtypes, while
certain lysophospholipid specieswereuniquely enriched inPDpatientswith
or without RBD (Supplementary Tables 1 and 2). Lysophospholipids, the
smallest bioactive lipids, play diverse biological roles in the brain (i.e.,
synapse formation, synaptic transmission, and neuron survival29. Notably,
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alterations in lysophosphatidylcholines have been observed in themidbrain
of 6-hydroxydopamine (6-OHDA)-induced rat model of PD30. Thus, the
reduction in lysophospholipid species might be associated with mito-
chondrial impairment and neuronal degeneration in both subtypes of PD.

In the PD_Only group, we observed a depletion of metabolites asso-
ciated with xanthine and purine metabolism, including caffeine, inosine,
and urate (Supplementary Table 2), all of which have been previously
associated with reduced PD risk31–36. However, recent phase 2 and phase 3
clinical trials of inosine in early PD (clinical trials.gov identifier #
NCT00833690 and NCT02642393) did not yield significant differences in
the rate of clinical disease progression. This underscores the importance of
stratifying PD patients for this intervention, especially considering that
inosine and urate levels were not affected in PD with RBD but only in the
PD_Only group in our study. Additionally, reductions in caffeine meta-
bolites, including caffeine, theobromine, and1-methylurate,were consistent
features of PD, aligning with previous studies14,37–39 and reinforcing the
notion that caffeine metabolism may be disrupted in PD patients.

Metabolic pathways overrepresented in RBD groups include the long-
chain polyunsaturated fatty acid metabolic pathway, which is potentially
associatedwithREMsleep40–42.Thus, it is feasible to speculate that the general
repression of metabolites in the long-chain polyunsaturated fatty acid
metabolic pathway in RBD might reflect dysfunctional biochemical pro-
duction of sleep modulators due to neurodegeneration induced by α-synu-
clein pathology infiltration to the lower brainstem. Additionally, benzoate
metabolism was overrepresented, with increased microbial metabolites like
hydrocinnamate, 4-ethylphenylsulfate, andp-cresol sulfate, all ofwhichhave
microbial origins. While some of these metabolites may be
neuroprotective43,44, others, such as 4-ethylphenylsulfate andp-cresol sulfate,
havebeenassociatedwithneurodegenerationandbehaviordisorders14,16,45–48.
In our study, we, for the first time, showed that p-cresol sulfate is a feature of
iRBDandPDwithRBDbutnot inPDwithoutRBDat onset.However, there
might be a possibility of elevation of p-cresol sulfate in patients with pro-
gressed PD without RBD, which needs to be investigated in the future.

In summary, our study illuminates the metabolic differences between
PD subtypes, particularly distinguishing between those with and without
RBD at onset. Using untargeted metabolomics, we identified unique
metabolic patterns associated with RBD, supporting the body-first
hypothesis of PD pathogenesis and suggesting plasma metabolites, parti-
cularly of gut microbial origin, as potential biomarkers for subtype detec-
tion. Moreover, the resemblance in metabolic profiles between individuals
with iRBD and those with RBD in PD hints at the potential utility of
metabolic biomarkers in the early diagnosis of prodromal PD. This is sig-
nificant as it presents an opportunity for the early identification of PD risk
among individuals experiencing sleep disturbances, potentially enabling
more effective treatment and prevention of ongoing midbrain dopami-
nergic neurodegeneration. While providing valuable insights, limitations
such as sample size and focus on plasma metabolites require validation in
larger cohorts and fecal microbiome samples. Furthermore, in confirming
RBD, polysomnographywas performed only in the iRBDgroup, whereas in
the PD_RBD group, RBD was assessed using the RBD1Q questionnaire.
Nonetheless, our findings emphasize the need for deep phenotyping for
better PD diagnosis and potentially pave the way for tailored personalized
treatment based on accurate subtype diagnosis.

Methods
Subjects
The subjects in this study were recruited from the Movement Disorders
Clinic at Seoul National University Hospital (SNUH), comprising a total of
101 subjects (Table 1). Among them, 24 had PD without RBD, 25 had PD
with RBD, 25 had iRBD without movement disorders or dementia, and 27
were controls (categorized as PD_Only, PD_RBD+, iRBD, and Control
group, respectively). Patients with PD were followed for an average of 4.0
years after sampling to ensure the reliability of the diagnosis. iRBD was
diagnosed using video-polysomnography in accordance with the third
edition of the International Classification of Sleep Disorders. The diagnosis
of PDwas established following the clinical diagnostic criteria for PDby the

Fig. 5 | Schematic illustration of plasmametabolic
profiles in PD subtypes based on RBD. This figure
illustrates the plasma metabolic profiles observed in
PD subtypes, categorized by the presence or absence
of RBD, utilizing an untargeted metabolomics
approach. Across PD cases with and without RBD,
elevated levels of secondary bile acids, p-cresol sul-
fate, phenylacetylglutamine, and cortisol, alongside
decreased caffeine, were identified, consistent with
previously reported PD-associated metabolites.
However, upon closer examination focusing on the
presence of RBD, a significant divergence was noted.
Specifically, secondary bile acids, p-cresol sulfate,
and phenylacetylglutamine—metabolites originat-
ing from gut microbial activity—were distinctly
evident in PD cases with RBD but absent in those
without RBD. This finding suggests a potential
association between PD subtypes characterized by
RBD as a “body-first” type PD. Figure 5 was created
using www.biorender.com.
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Movement Disorders Society49. PD subjects were further categorized based
on the presence or absence of RBD at disease onset, resulting in two groups
assessed using RBD1Q50: the PD_Only group and the PD_RBD+ group.
The control group, free of PD or iRBD, was drawn from the SNUH bior-
epository, predominantly consisting of spouses sharing living environments
with PD or iRBD patients. The study protocol was approved by the Insti-
tutional Review Board of the Seoul National University Hospital (IRB No.
2207-085-1340), and informed consent was waived by the board.

Plasma collection and metabolite analysis
Blood samples were collected from the participants’ venous blood during
visits. The samples underwent centrifugation, and the resulting plasma was
stored at −80 °C until analysis. Global metabolite profiling analysis on the
plasma samples was conducted by Metabolon (Durham, NC) using ultra-
high-performance liquid chromatography coupled to tandem mass spec-
trometry (UPLC-MS/MS). In summary, automated sample preparationwas
carried out using the MicroLab STAR® system (Hamilton Company). A
recovery standard was introduced before the initial step in the extraction
process for quality control. Proteins were precipitated withmethanol under
vigorous shaking for 2min (Glen Mills GenoGrinder 2000), followed by
centrifugation. The resulting extract was divided into five fractions: one for
analysis by UPLC-MS/MS with positive ion mode electrospray ionization,
one for analysis by UPLC-MS/MS with negative ion mode electrospray
ionization, one for LC polar platform, one for analysis by GC-MS, and one
sample was reserved for backup. Samples underwent a brief period on a
TurboVap® (Zymark) to eliminate the organic solvent. For LC, the samples
were stored overnight under nitrogen before preparation for analysis. For
GC, each sample was vacuum-dried overnight before preparation for
analysis.

Statistical analysis of plasma metabolomics
Using untargeted metabolomics profiles after zero-imputations for
missing values, number of detected metabolites was checked and com-
pared by groups, such as control, iRBD, PD_Only, and PD_RBD+, by
Wilcoxon rank sum tests. Similarity of metabolomics samples was com-
pared by non-metric multi-dimensional scaling (NMDS) by metaMDS
function of R vegan package (version 2.6-4), and their associated loadings
were also calculated by the envfit function of vegan library. Differentially
abundant metabolite testing was performed by Wilcoxon rank sum tests,
together with generalized fold change (R MicrobiotaProcess Package,
version 1.11.5)51,52, an estimator of log-2-fold change with capturing the
variation of posterior distribution of log-2-fold change. Visualizations of
boxplots, scatter plots, and bar plots were performed by R ggpubr package
(version 0.6.0). Metabolites of given metabolomics profiles were anno-
tated with Human Metabolome Database (HMDB)17, and origins, asso-
ciated biospecimen, and disease metabolite information were obtained
from HMDB (https://hmdb.ca/) (as of 6th Feb 2024). In short, from all
metabolites deposited in HMDB, metabolites annotated with their bios-
pecimen (blood, urine, saliva, cerebrospinal fluid (CSF), feces, sweat,
breast milk, bile, amniotic fluid, and other biospecimens), origin (exo-
genous, endogenous, food, microbial, and drug), cellular location (cyto-
plasm, nucleus, and mitochondria), and diseases associated with given
metabolites were downloaded and compared withmetabolites detected in
this study (See biospecimen, origin, cellular location, and associated dis-
ease information of metabolites detected in this study on Supplementary
Data S15–S18). Based on the annotated metabolite information, overlaps
of significantly differential metabolites with above-mentioned metabolite
classes (origins of metabolites, associated biospecimen, and associated
diseases) were checked with hypergeometric tests to identify the sig-
nificance of overlaps. For POM metabolites and RM metabolites, we
checked BBB permeability by lightBBB prediction program18. AUROC
based on the sensitivity and specificity was calculated with R pROC
package (version 1.18.4). Logistic regression models using key metabo-
lites, sex, and age were generated using glm function (family = binomial)

ofR stats package (version 4.2.1) fromrandomly assigned training and test
datasets (ratio of data 2:1, respectively)

Clostridioides difficile abundance and hpdB/C abundance
analyses
Publicly available metagenomic data of both Parkinson’s disease patients
(n = 491) and neurologically healthy elderly controls (n = 234) were
obtained from BioProject ID PRJNA8348017. To ensure data quality, raw
sequence reads were filtered using BBDuk and BBSplit. The Nextera XT
adapter sequences and PhiX genome contamination were removed with
BBDuk using the following parameters: “ftm = 5 tbo tpe qtrim = rl
trimq = 25minlen = 50 ref = adapters,phix”. Subsequent reads were aligned
to the human reference genome (GRCh38.p14) using BBSplit with default
parameters to eliminate human contamination. First, to estimate the
abundanceof the authentic p-cresolproducerClostridioides difficile, quality-
controlled readsunderwent taxonomicprofiling usingMetaPhlAn4 (v4.0.6,
mpa_vOct22)53. Second, to estimate the abundance of the p-cresol-
producing enzyme, quality-controlled reads were analyzed for species-
level functional content (UniRef90 gene families) using HUMAnN354. The
reads per kilobase (RPK) abundances of gene families, normalized for gene
length, were generated using default settings. To reduce the number of gene
families being analyzed, the resulting counts based onUniRef90 (v201901b)
and the ChocoPHLAn 3 database were converted into Kyoto Encyclopedia
of Genes and Genomes (KEGG) orthologs using the HUMAnN utility tool
humann_regroup_table. To quantify the abundance of genes encoding the
p-cresol-producing enzymehpdB/C, the specific gene identifiersK18427 (4-
hydroxyphenylacetate decarboxylase large subunit) and K18428 (4-
hydroxyphenylacetate decarboxylase small subunit) were targeted. The
relative abundance of C. difficile and the RPK abundance of hpdB/C from
725 biologically independent samples (491 PD and 234 neurologically
healthy controls) were visualized using the R ggplot2 package (version
3.5.1). Pearson’s correlation between hpdB and hpdC counts and the relative
abundance of C. difficile was conducted using the R ggpubr package (ver-
sion 0.6.0).

Data availability
The datasets supporting the conclusions of this article are included within
the article and its additional files. Metabolomics profile information was
provided in Supplementary Data S19–S20.
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