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Abstract
Introduction  Metabolites are focal players in the host–microbiota crosstalk. Fecal metabolome represents the microbial 
metabolic output but the links between fecal and circulating metabolites remain unresolved. Deciphering the associations 
between fecal and plasma metabolomes may benefit the designing of tailored gut microbiota-targeting interventions.
Objective  To study common underlying associations between fecal and plasma metabolites after nutritional and exercise 
interventions.
Methods  Fecal and plasma samples from three separate interventions of alcohol use disorder (n = 44), obese (n = 27), or 
metabolic dysfunction-associated steatotic liver disease (MASLD) participants (n = 40) undergoing nutritional or exercise 
interventions were analyzed using a non-targeted LC-HRMS approach. Annotated features from feces and plasma were 
subjected to Spearman correlation analysis and fecal–plasma metabolite pairs were compared across studies in baseline, 
treatment or control groups. Chemical diversity was assessed by over-representation analysis and compound class prediction 
in the nutritional intervention trials.
Results  The number of nominally significant (p < 0.05) metabolite pairs among the alcohol use disorder, obese and MASLD 
participants were 4250, 5901 and 6981, respectively. Out of the significant metabolite pairs, less than 1% were common 
among all studies. Assessment of chemical diversity suggested study-specific molecular fingerprints after the nutritional 
interventions.
Conclusion  Wealth of study- and group-specific correlations were observed between the fecal and plasma metabolites. Lack 
of significant commonalities between interventions and the divergent chemical landscapes suggests large inter-individual 
variations in the fecal–plasma metabolite interactions. Distinctive composition of the fecal and plasma metabolomes war-
rants caution when inferring findings from feces to circulation and further to host health.
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1  Introduction

The gut microbiota has been linked to, e.g., development, 
immunity, and metabolic health (Lynch & Pedersen, 2016). 
Assessment of host metabolomes and gut microbiota com-
position have revealed the magnitude of gut microbiota–
host interplay where metabolites are likely to be among the 
key crosstalk mediators (Chen et al., 2022; Dekkers et al., 
2022). The most representative snapshot of the microbiota’s 
functional output exists in the gut lumen holding a metab-
olome that is a mixture of nutritional, host, and microbial 
metabolites. As the content of the lumen is reachable only 
by intrusive measures, usage of fecal material as a surro-
gate matter has been the mainstay in gut microbiota omics 
studies (Karu et al., 2018). While metabolites of microbial 
origin are present in plasma and thus can be distributed 
throughout the host, little is known about the relationship 
between fecal and blood metabolomes and whether blood 
metabolite profiles reflect microbial metabolism.

Previous studies on the associations between blood and 
fecal metabolomes vary on the population size and char-
acteristics, methodology applied and underlying associa-
tions revealed (Armstrong et al., 2017; Deng et al., 2023; 
Ponce-de-Leon et al., 2024). However, these studies have 
demonstrated that metabolic links between the lumen and 
circulation exist but their transferability across populations 
remains uncertain. Discovery of such metabolic links that 
are consistent and reproducible could be considered as fun-
damental features of the gut microbiota–host crosstalk and 
assist in harnessing the potential of gut microbiota for better 
health.

The metabolic impact of health factors like alcohol use 
disorder and obesity and lifestyle factors like diet and exer-
cise have been assessed rigorously. Chronic alcohol use and 
obesity alter liver function that is mirrored by a myriad of 
abnormalities in amino acid, lipid and steroid metabolism 
(Cirulli et al., 2019; Voutilainen & Karkkainen, 2019). In 
metabolic dysfunction-associated steatotic liver disease 
(MASLD), liver status is gradually worsening and metabolic 
changes in the circulation are widespread (Tan et al., 2024). 
The mentioned conditions are generally accompanied by 
poor diet quality that is reflected by nutrition deficiencies 
and altered gut microbiota composition and function (Ama-
dieu et al., 2022; Bradley et al., 2023). Moreover, diet and 
exercise have been shown to induce changes in both endog-
enous and microbial metabolites but their effect on corre-
lations between the fecal and plasma metabolites have not 
been compared previously (Bar et al., 2020; Pietzner et al., 
2021). Therefore, the purpose of this study was to assess the 
metabolite correlations between fecal and plasma metabo-
lomes and their stability across different populations. We 
utilized existing fecal and plasma metabolomic datasets 
from three distinct clinical studies involving patients with 
alcohol use disorder participating in 3-week alcohol with-
drawal program (herein on the Gut2Brain study), partici-
pants with obesity taking part in an 3-month inulin-enriched 
dietary intervention (herein on the Food4Gut study) and for 
reasons of data availability, patients with metabolic dys-
function-associated steatotic liver disease participating in 
a 3-month high-intensity interval training regimen (herein 
on the BestTreat study). The results describing the meta-
bolic differences observed in the mentioned studies have 
been previously published (Amadieu et al., 2025; Babu et 
al., 2022; Leclercq et al., 2024; Leyrolle et al., 2021). In the 
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current study, our aim was to assess the potential persistence 
by detecting reproducible fecal–plasma metabolite associa-
tions within and between the described human intervention 
trials.

2  Methods

2.1  Study samples

2.1.1  Gut2Brain study

50 persons with alcohol use disorder, recruited in Brussels, 
Belgium, were enrolled to the Gut2Brain study which was 
a randomized, placebo-controlled clinical intervention to 
study the effects of gradually increasing dietary fiber intake 
(up to 16 g/day of inulin) on gut microbiota and various psy-
chological and clinical markers over 3 weeks (Amadieu et 
al., 2022). Fasting blood was collected during the baseline 
and end visits in the morning at the clinic using EDTA tubes. 
Blood was immediately centrifuged at 1000g for 15 min at 
+ 4 °C and the plasma stored at −80° until use. Fecal sam-
ples were collected during the baseline and end visits at the 
clinic by the participants using a sterile fecal sample col-
lection tube. The sample tube was immediately stored at 
−20° and transferred to −80 °C within 5 to 10 h of collec-
tion. Here, we included as subsample of participants with 
both plasma and fecal metabolomics data available from the 
start and end of the intervention. Together, the total number 
of samples included were n = 44 at baseline, n = 19 in the 
placebo and n = 17 in the treatment group at the end of the 
study. All study participants signed informed consent prior 
to inclusion, and the study was registered in the clinicaltri-
als.gov registry (identifier: NCT03803709). Details of the 
Gut2Brain study and clinical characteristics are described in 
the original publication (Amadieu et al., 2022).

2.1.2  Food4Gut study

150 obese participants, recruited in Brussels, Belgium, were 
enrolled in a multicentric, single-blind, placebo-controlled 
intervention to study the effects of a 12-week inulin-rich vs. 
inulin-poor hypocaloric diets on the gut microbiota com-
position, anthropometric and clinical parameters (Hiel et 
al., 2020). Participants were randomized to either consume 
inulin 16 g/day together with an inulin rich diet or placebo 
(maltodextrin) with inulin poor diet. Fasting blood was col-
lected during the mornings of baseline and end visits in 
EDTA tubes, immediately centrifuged at 2000g for 10 min 
at + 4 °C and the plasma stored at −80 °C until use. Fecal 
samples were collected by the participants using a sterile 
fecal sample collection tube maximum of 24  h prior to 

baseline or end visits. Participants were instructed to keep 
the fecal samples at −20 °C and transfer them in cool boxes 
to the visits where the samples were transferred to −80 °C. 
Participants with all fecal and plasma metabolomics data 
available from both timepoints were included in the subset 
of samples here together making n = 27 at baseline, n = 14 
in the placebo and n = 12 in the treatment group at the end 
of the study. Study setup and clinical characteristics of the 
participants are detailed in the original publication (Hiel et 
al., 2020).

2.1.3  BestTreat study

49 participants with MASLD, recruited in Kuopio, Finland, 
were enrolled in a 12-week randomized, controlled exercise 
intervention study where treatment group followed a twice 
a week high-intensity interval training regimen while the 
control group maintained their standard sedentary lifestyle 
(Babu et al., 2022). Fecal samples were collected at home 
maximum of 24  h prior to visit, placed on icebox filled 
with ice bags and brought to the research unit. An anero-
bic generator bag was placed in the container for the end 
visit fecal sample. At the research unit, fecal samples were 
homogenized, aliquoted and stored in −80 °C without any 
detergents. Fasting blood samples were drawn in EDTA 
tubes in the morning of baseline and end visits, immediately 
processed and plasma stored at −80 °C until use. Similar to 
the other two studies, here we included a subset of partici-
pants with all fecal and plasma metabolomics data available 
from both timepoints. Together, the number of participants 
were n = 40 at baseline, n = 20 in the control and n = 20 in the 
treatment group. A detailed explanation of study setup and 
participant description are available in the original publica-
tion (Babu et al., 2022).

2.2  Non-targeted LC-MS metabolomics analysis

2.2.1  Metabolite extraction

The extraction protocols for the plasma and fecal samples 
have been previously described (Babu et al., 2022; Leclercq 
et al., 2024; Leyrolle et al., 2021). In general, all samples 
were randomized prior to treatment, thawed on wet ice, 
mixed with extraction solvent, vortexed, centrifuged and 
filtered through 0.2 μm PTFE filters. In all studies 100 µL 
of plasma was mixed with 400 µL of acetonitrile. Gut2Brain 
fecal samples were mixed with cold water 1:3 (v/w) ratio and 
diluted with methanol to reach 80% methanol concentration. 
BestTreat fecal samples were mixed with 80% methanol in 
a ratio of 500 µL of solvent per 100 mg of fecal material 
and homogenized using Bead Ruptor 24 Elite homogenizer. 
Food4Gut fecal samples were mixed with 80% methanol in 
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a ratio of 500 µL of solvent per 100 mg. Study specific QC 
samples were prepared by combining an aliquot from each 
sample in a separate vial. Preparations of analytical blanks 
devoid of sample followed the similar treatment steps as the 
samples. Samples were stored in −20 °C until analysis.

2.2.2  Analytical platforms

The analytical platforms and parameters used to perform 
data acquisition have been described in the original publi-
cations for Gut2Brain (Amadieu et al., 2025; Leclercq S, 
2024), BestTreat (Babu et al., 2022) and Food4Gut (Ley-
rolle et al., 2021) plasma analysis. The Food4Gut fecal sam-
ple analysis utilized the same platform and parameters as 
in the analysis of Gut2Brain fecal material (Amadieu et al., 
2025). The same combination of reversed-phase and HILIC 
separation methods were used for all samples. Instruments 
were calibrated prior to analysis and recalibration applied 
across the sample sequence to maintain high mass accu-
racy (< 2 ppm). Analyses were conducted in ESI + and ESI- 
modes and data collected in centroid mode. The sequences 
consisted of blank injections followed by QC injections 
to equilibrate the instruments and QC injections repeated 
after every 12 samples. Data-dependent MS/MS scans were 
applied on QC samples.

2.2.3  Peak picking and data processing

MS-DIAL versions 4.24 (BestTreat) and 4.82 (Food4Gut 
and Gut2Brain) were employed for automated peak picking 
and alignment(Tsugawa et al., 2015). Following peak pick-
ing, the projects were exported as.xlsx files yielding a total 
of 4 feature tables, ionization modes and chromatographic 
separations combined, for each matrix within the included 
studies. For the pre-processing, feature tables were merged 
into single table and subsequently imported to R statistical 
software versions 3.6.1 (BestTreat) and 4.0.3 (Food4Gut 
and Gut2Brain) (R Core Team, 2024). Features were nor-
malized by fitting a feature-wise cubic spline regression to 
the QC sample peak areas and applying a smoothing param-
eter to avoid overfitting separately for each analytical batch. 
Drift correction, detection of low quality signals and miss-
ing value imputation were conducted by notame R package 
(Klåvus et al., 2020).

Metabolites were annotated by comparison of chromato-
graphic and mass spectrometric characteristics against an in-
house library, publicly available databases such as HMDB 
(Wishart et al., 2022) and LipidMaps (Conroy et al., 2024) 
and published literature. In silico fragmentation tools such as 
MSFINDER (Lai et al., 2018) and SIRIUS (Duhrkop et al., 
2019) were utilized for predicting the molecular formula of 
unknown features. Annotation of metabolites and the level 

of identification was based on the recommendations given 
by the Chemical Analysis Working Group (CAWG) Metab-
olomics Standards Initiative (MSI): 1 = identified based 
on a reference standard, 2 = putatively annotated based on 
physicochemical properties or similarity with public spec-
tral libraries, 3 = putatively annotated to a chemical class 
and 4 = unknown (Sumner et al., 2007). Initially, features 
were shortlisted for annotation based on group-wise com-
parisons within studies. All annotated features were cross-
checked manually from each dataset by comparison of m/z 
values, retention times and fragmentation spectra between 
datasets. Features with an average peak area below 100,000 
(Orbitrap) or 10,000 (Q-ToF) derived from the sample treat-
ment materials or having over 50% of missing values were 
excluded from further analysis.

2.3  Statistical analysis

R software version 4.0.3. was used for statistical analysis 
(R Core Team, 2024). To test the association between anno-
tated fecal and plasma metabolites, the cor.test function was 
used to calculate Spearman’s correlation coefficients (rs) and 
significance (p) without including covariates in the analysis. 
The p-values were adjusted with the Benjamini-Hochberg 
false discovery rate (q-value). Metaboanalyst 6.0 platform 
was used to perform metabolite set enrichment analysis to 
analyze significantly altered chemical classes among the 
annotated metabolites in the inulin trials (Pang et al., 2024). 
Thresholds for statistical significance were p-value and 
q-value below 0.05.

3  Results

3.1  Annotated metabolites

After cross-checking all the annotated metabolites (level 
1–3), a total of 111 plasma and 46 fecal metabolites were 
common across all datasets (Fig. 1). The number of metabo-
lites annotated from the plasma were 286, 239 and 234 in the 
Gut2Brain, Food4Gut and BestTreat datasets, respectively. 
The number of annotated fecal metabolites were 90, 173 
and 195 from the Gut2Brain, Food4Gut and BestTreat data-
sets, respectively. Collectively, the plasma metabolome was 
characterized by metabolites belonging to classes of amino 
acids, acylcarnitines, fatty acids, (lyso)phosphocholines and 
steroids including bile acids (Supplementary Table 1.). At 
the same time, the fecal metabolome was characterized by 
amino acids, bile acids, dicarboxylic acids and fatty acids.
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3.2  Correlations between annotated metabolites 
within the studies

The number of significant correlations (p < 0.05) within dif-
ferent interventions at baseline or at the end in the individual 
study groups are summarized in Table 1. None of the cor-
relations remained significant (q < 0.05) after adjusting for 
false discovery rate. The lowest number of significant corre-
lations were observed in the Gut2Brain study with 1177 cor-
relations at the baseline followed by 1376 in the inulin and 
1697 in the placebo group at the end of the intervention. In 
the Food4Gut intervention the number of significant correla-
tions between plasma and fecal metabolites at baseline were 
2112 and 1604 in the inulin group or 2185 in the placebo 

group at the end of the intervention. The greatest number 
of significant correlations were observed in the BestTreat 
intervention where 2089 associations were significant at 
baseline, 2172 in the exercise and 2720 in the control groups 
at the end of the intervention. Assessment of the persistence 
of the significant correlations within the studies was done by 
comparison between the observations at the baseline and at 
the end of the intervention (Fig. 2, Supplementary Table 2). 
The Venn diagrams show a similar pattern within all stud-
ies – the majority of the significant positive and negative 
correlations are time- or group-dependent. Regardless of the 
intervention group, the metabolites forming significant cor-
relations change in the course of time.

Table 1  Statistically significant (p < 0.05) correlations between plasma and fecal metabolites within the Gut2Brain, Food4Gut and BestTreat stud-
ies at baseline and at the end of the intervention
Study Timepoint n Sig. correlations (p < 0.05) Positive correlations Negative correlations
Gut2Brain Baseline 44 1177 552 (rs > 0.29) 625 (rs < −0.29)

End 17 (Inulin) 1376 732 (rs > 0.48) 644 (rs < −0.48)
End 19 (Placebo) 1697 736 (rs > 0.46) 961 (rs < −0.46)

Food4Gut Baseline 27 2112 1054 (rs > 0.38) 1058 (rs < −0.38)
End 12 (Inulin) 1604 741 (rs > 0.58) 863 (rs < −0.64)
End 14 (Placebo) 2185 1400 (rs > 0.53) 785 (rs < −0.53)

BestTreat Baseline 40 2089 993 (rs > 0.31) 1096 (rs < −0.31)
End 20 (Exercise) 2172 961 (rs > 0.44) 1211 (rs < −0.44)
End 20 (Control) 2720 1245 (rs > 0.44) 1475 (rs < −0.44)

rs depicts the threshold of Spearman correlation coefficient for the significant correlations

Fig. 1  Venn diagrams of annotated metabolites. A Number of annotated plasma metabolites in Gut2Brain, Food4Gut and BestTreat studies. B 
Number of annotated fecal metabolites in Gut2Brain, Food4Gut and BestTreat studies
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3.3  Fecal–plasma metabolite correlations between 
studies

Considering the variation in sample sizes, that ranged from 
up to 44 at the baseline in Gut2Brain down to 12 in the Food-
4Gut inulin group, correlations with high correlation coeffi-
cient (rs) may not reach the level of statistical significance in 
the smallest groups. Hence, we applied a rs threshold when 
selecting correlations to comparison instead of statistical 
significance (p < 0.05). The Spearman rs threshold of > 0.3 
or < −0.3 was selected based on the correlations reaching 
the level of statistical significance in the group with highest 
sample size, i.e. Gut2Brain baseline with n of 44. Venn dia-
grams of the correlations with Spearman rs of > 0.3 or < −0.3 
between the studies are displayed in Fig. 3. Despite several 
thousands of metabolite pairs subjected to comparison, the 
total number of shared correlations between interventions 
were 1 at baseline, 16 in the treatment and 23 in the pla-
cebo/control groups. The relative proportion of shared cor-
relations between two or more studies did not exceed 4% 
in the baseline, treatment or placebo/control groups. In the 
treatment groups there was no single metabolite driving 

the common correlations although metabolites belonging 
to phosphocholines, particularly lysophosphatidylcholines, 
characterized the negative correlations. In the placebo/con-
trol groups however, plasma lysophosphatidylcholines with 
fecal amino acid derivatives urocanic and glutaric acids 
were driving the negative associations while the positive 
correlations were characterized by plasma amino acids and 
fecal lysophosphatidylcholines.

The number of significant correlations, as indicated by 
the superscripts in Fig. 3, was far lower than the total num-
ber of metabolite pairs compared. A single negative correla-
tion at the baseline between plasma O-palmitoleoylcarnitine 
and fecal trigonelline was common across the three studies. 
Overall, the proportion of significant correlations shared 
between two or more studies did not exceed 1% regard-
less of evaluating the baseline, treatment or placebo/control 
groups. The highest numbers of shared significant correla-
tions were demonstrated with the placebo/control groups; 21 
between the Food4Gut and BestTreat groups or 18 between 
the Gut2Brain and BestTreat groups. Within these shared 
associations, positive correlations were largely character-
ized by plasma and fecal amino acids and their derivatives 

Fig. 2  Venn diagrams of the overlapping statistically significant 
(p < 0.05) correlations between fecal and plasma metabolites. Fecal–
plasma metabolite pairs were compared between the baseline, treat-

ment and placebo/control groups within the Gut2Brain, Food4Gut and 
BestTreat studies. Red color indicates correlations with Spearman cor-
relation coefficient values (rs)> 0 and blue color coefficient values < 0
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while negative correlations by lipids such as phosphocho-
lines, fatty acids and sphingomyelins.

3.4  Chemical diversity of the plasma and fecal 
metabolites following inulin supplementation

Given the absence of notable shared correlations, we con-
ducted a metabolite set enrichment analysis on the anno-
tated metabolites to seek any shared patterns on the chemical 
class level in the inulin interventions. Figure  4 displays 
the enrichment overviews for the top 25 chemical classes 
enriched in each dataset separately. Figure 4A and B dis-
play the enriched plasma chemical classes after the 3-week 
(Gut2Brain) and 12-week (Food4Gut) intake, respectively. 
None of them remained significant after adjusting but sev-
eral classes were nominally significant (p < 0.05). Signifi-
cant classes the Gut2Brain plasma were hydroxysteroids 
and pyrimidine ribonucleosides while arylsulfates, ben-
zenesulfonamides, organosulfonic acids and derivatives, 
retinoids, guanidines, fatty acids and conjugates and indolyl 
carboxylic acids and derivatives in the Food4Gut plasma. 

As with plasma, only nominally significant class enrich-
ment was observed in feces although none were shared with 
plasma. Enriched chemical classes in the Gut2Brain fecal 
metabolome were carboximidic acids, imidazoles, meth-
ylpyridines, aniline and substituted anilines, pyrrolidones, 
and purines and purine derivatives (Fig.  4C) while in the 
Food4Gut fecal metabolome only the class of tricarboxylic 
acids and derivatives was nominally significant (Fig. 4D). 
Together, the enrichment analysis further indicated heter-
ogenous and chemically diverse plasma and fecal metabo-
lomes following varying length inulin supplementation.

However, simply describing the metabolome by the 
annotated metabolites does not necessarily capture the 
whole complexity of the chemical landscape. Hence, we 
also utilized the acquired MS/MS (reversed-phase, positive 
ionization) from the Gut2Brain and Food4Gut datasets to 
systematically predict and assign ClassyFire chemical class 
from the fragmentation spectra (Duhrkop et al., 2021). This 
computational approach indicated that metabolites belong-
ing to classes of carboxylic acid and derivatives, fatty 
acyls, glycerophospholipids and organooxygen compounds 

Fig. 3  Venn diagrams of correlations between fecal and plasma metab-
olite profiles with Spearman correlation coefficient (rs) of > 0.3 or < 
−0.3 between the nutritional interventions Gut2Brain and Food4Gut 
and the exercise intervention BestTreat. Correlations were compared 

at baseline and after receiving either treatment or placebo/control. Red 
colors indicate correlations with rs values > 0.3 and blue colors rs val-
ues < −0.3. Superscripts denote the number of statistically significant 
(p < 0.05) correlations
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Fig. 4  Top 25 enriched chemical classes within all annotated plasma 
and fecal metabolites between the 3-week Gut2Brain and 12-week 
Food4Gut inulin intervention treatment and placebo groups. 
A Enriched plasma metabolite chemical classes after 3-week interven-
tion. B  Enriched plasma metabolite chemical classes after 12-week 

intervention. C  Enriched fecal metabolite chemical classes after 
3-week intervention. D  Enriched fecal metabolite chemical classes 
after 12-week intervention. Enrichment ratios and statistical values 
derived from Metaboanalyst 6.0 using the quantitative enrichment 
analysis algorithm
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characterized the plasma metabolome (Fig. 5, Supplemen-
tary Table 3). Instead, fecal metabolome was characterized 
by carboxylic acids and derivatives, fatty acyls, steroids and 
steroid derivatives and organonitrogen compounds. The het-
erogeneity of the metabolomes was underlined by roughly 
20–45% of the assigned classes being unique to each dataset.

4  Discussion

The aim of this work was to investigate potential underly-
ing commonalities between fecal and plasma metabolites 
using untargeted metabolomics data collected from subsets 
of three separate clinical intervention studies. While such 
comparison may not offer insight on the complexity of the 
relationships between individual metabolites, it can reveal 
universal fecal–plasma metabolite links independent of host 
health or lifestyle factors. Correlation analysis revealed 
hundreds of time- and group-dependent correlations 
between fecal–plasma metabolites within interventions but 
only a few correlations were shared between interventions 
regardless of applying either statistical or correlation coef-
ficient thresholds. Moreover, the common effect of inulin 

supplementation on the fecal and plasma metabolomes was 
inconclusive as indicated by the correlations and the analy-
sis of the chemical class diversity and metabolite enrich-
ment. Hence, the findings do not provide evidence about 
consistently observed fecal–plasma metabolite correlations 
across treatments or populations but rather suggest they 
are dynamic, modulated by intra-individual factors, such 
as overall health status, gut microbiota and dietary factors. 
Such factors should be carefully considered or matched 
when combining data from different populations.

The growing number of annotated metabolites was in 
direct relationship with the number of significant correla-
tions between fecal and plasma metabolites reaching several 
hundred within groups. However, in our analysis, correla-
tions were rendered nonsignificant after adjusting for false 
discovery rate. In previous studies where correlation anal-
ysis has shown significant correlation after correction for 
multiple testing with several hundreds of fecal and plasma 
metabolites, metabolomics data has been obtained from over 
1,000 individuals. In a study with 132 paired metabolites 
from over 1,000 middle-aged and elderly adults Spearman 
correlation analysis adjusted for age, sex, and BMI showed 
low phenotypic rs of 0.05 ± 0.12 with eight metabolite pairs 

Fig. 5  Predicted plasma and fecal molecular fingerprints between 
Gut2Brain (G2B, orange) and Food4Gut (F4G, blue) studies utiliz-
ing acquired reversed-phase separated positive-ionization MS/MS 
data. Bars indicate relative distributions of top 10 commonly assigned 

ClassyFire chemical classes and sum of unique classes from plasma 
and fecal metabolomics data using Sirius 5.8.5 and integrated CSI: 
FingerID
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having rs > 0.3 and a q-value < 0.05 (Deng et al., 2023). In 
an even larger cohort of 1,370 participants with metabolic 
syndrome, two correlations had q-value < 0.05 displaying a 
correlation coefficient of over 0.20 (Ponce-de-Leon et al., 
2024). Moreover, the studies utilized targeted metabolomics 
data which could limit the number of correlated metabolites 
and thus require less stringent correction for multiple test-
ing. Thus, the findings suggest that even larger study sam-
ples are required to detect significant adjusted correlations 
that demonstrate weak coefficients if using nontargeted 
metabolomics data.

In our analysis, nominally significant correlations had 
moderate rs and applying either nominal significance or rs 
threshold did not reveal substantial commonalities between 
the included study datasets. The study and group specificity 
of the observed correlations suggest that host health status 
is an important determinant concerning the correlation pat-
terns. For instance, in patients with myalgic encephalomy-
elitis or chronic fatigue syndrome, numerous correlations 
were observed between serum metabolites of gluconeo-
genesis or purine synthesis pathways and fecal amino acids 
and short-chain fatty acids, but the patterns were different 
between case and control groups (Armstrong et al., 2017). 
In patients with colorectal cancer or colorectal adenoma, 
between 27 paired plasma and fecal metabolites, several 
significant correlations were shared between study groups 
(Sun et al., 2024). However, fecal and plasma metabolomes 
had few overlapping differential metabolites and inconsis-
tently altered metabolic pathways. In women with or with-
out HIV, fecal–plasma metabolite correlations had a median 
rs of 0.04 in women HIV patients compared to median rs 
of 0.13 in HIV-free women (Jia et al., 2025). Interestingly, 
associations between metabolites and type 2 diabetes were 
also weaker in the patient group. Metabolites may also link 
specific disease markers as network analysis linked several 
fecal organic and bile acids to serum amino acids and their 
derivatives further associated with multiple cardiometabolic 
traits (Ling et al., 2024). Metabolite and disease-specific 
associations were also observed when studying how fecal 
and plasma metabolites were associated with type 2 dia-
betes, obesity and other cardiometabolic diseases. Hence, 
metabolite correlations may reveal underlying metabolic 
regulation networks that are unique to a given health condi-
tion and intervention.

Despite the vast number of correlations between fecal 
and plasma metabolites we and others have observed, the 
lack of consistency among them is surprising. This may be 
explained by the pools of studied metabolites as determi-
nants for plasma metabolites include diet, chemical expo-
sure, clinical data, microbiome and genetics all shaping the 
metabolome in a unique manner (Bar et al., 2020; Chen et 
al., 2022; Pietzner et al., 2021). In contrast to plasma, the 

gut microbiome explains almost 70% of the fecal metabo-
lome (Deng et al., 2023; Tang et al., 2019; Zhao et al., 2022; 
Zierer et al., 2018). However, regardless of the variable 
determinants of plasma metabolome and unique microbi-
ome compositions, studies have shown a proportion of the 
metabolome to be consistently detected in industrialized 
populations (Ghosh et al., 2024; Haffner et al., 2022). In our 
analysis, roughly 50% of plasma metabolites and roughly 
45% of fecal metabolites were detected in at least two data-
sets being in accordance with earlier work. As phosphocho-
lines and amino acids and their derivatives made up a large 
proportion of the overlapping metabolites, they character-
ized the common correlations detected between two groups 
or studies.

It is intriguing to speculate to what extent does the indi-
vidual properties of gut microbiota shape the fecal–plasma 
metabolite correlation although no microbial data was 
included in this analysis. The studies included populations 
with clinical conditions associated with distinct composi-
tional changes in the gut microbiota and utilized treatments 
with microbiota-altering effects. Medications like metfor-
min or antidepressants relevant to the studied populations 
have also metabolism or gut microbiota modulating proper-
ties (Bhattacharyya et al., 2019; Hiel et al., 2020). As inulin 
induces specific changes to genera Bifidobacterium, Lac-
tobacillus and Bacteroides, a characteristic metabolic shift 
reflected in the fecal–plasma metabolite correlations could 
be expected (Le Bastard et al., 2020). However, among the 
inulin-treated groups, only 5 nominally significant correla-
tions were observed and applying the Spearman rs thresh-
old of > 0.3 or < − 0.3 increased the number to 237. While 
preclinical models have shown that inulin supplementation 
alters the plasma metabolome (Li et al., 2022; Nakajima 
et al., 2022), clinical trials demonstrated less pronounced 
and indecisive effects on fecal and plasma metabolomes. 
In inulin-supplemented healthy adults the fecal and plasma 
volatile metabolite profile remained unchanged over 4 
weeks (Vandeputte et al., 2017) and extension to 6 weeks 
did not change the outcome in overweight/obese individuals 
(Chambers et al., 2019). Yet, a 12-week supplementation of 
inulin/oligofructose 50/50 mix in women with obesity sig-
nificantly decreased fecal total short-chain fatty acids but 
did not modify serum or urinary metabolome (Salazar et al., 
2015). As such, the differences in the metabolic fingerprints 
exhibited by inulin intake may derive from the temporal dif-
ferences and subsequent phase of metabolic adaptation.

Our work has some limitations worth discussing in 
more detail. Despite applying a non-targeted metabolomics 
approach, the choice of analytical setup and applied metab-
olite extraction steps affect the coverage of metabolites. 
Here, we report mainly non-volatile metabolites although 
fecal matter is rich in volatile compounds such as esters, 
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alcohols and ketones (Karu et al., 2018). To improve cov-
erage, combining several extraction techniques and instru-
ment platforms would extend the current overrepresentation 
of polar metabolites to other classes. The variation in the 
number of matched annotations across studies may result 
from methodological factors such as extraction procedure 
and mass spectrometry analysis. While the extraction sol-
vents were uniform, the steps applied in collecting fecal 
material and extracting fecal metabolites varied between the 
studies. Several analytical platforms were applied for data 
acquisition on different occasions and while carefully main-
tained, the effects of analytical variability cannot be com-
pletely excluded. Regardless of the hundreds of annotated 
metabolites, the number of participants across the studies 
was relatively low that was reflected in the statistical power. 
Additionally, the lack of overlapping metabolites and corre-
lations may rise partially from the heterogeneity of the clini-
cal populations, intervention protocols and duration instead 
of solely attributed to disease biology. Finally, the absence 
of compositional data of the gut microbiota precludes 
detailed analysis of the gut–host metabolic networks linking 
fecal metabolites to their plasma counterparts. On the other 
hand, the strengths of this work include similar instrumental 
parameters, chromatographic separation methods, data pre-
processing and metabolite annotation steps applied across 
the different studies. Moreover, to increase coverage and 
common metabolites, all annotated metabolites were manu-
ally cross-checked between different datasets. However, it 
should be noted that the unannotated features may also con-
tain potential commonalities.

As we show here, the fecal–plasma metabolite associa-
tions are inconsistent due to factors including, but not lim-
ited to, inter-individual variability, sample collection and 
cohort characteristics. While both blood and fecal metabo-
lomic profiling can be separately used for the assessment of 
dietary and health biomarkers (Karu et al., 2018; Kortesni-
emi et al., 2023), there seems to be limited additional ben-
efit in studying the associations between these metabolic 
pools. Currently, the reports of fecal–plasma metabolite 
associations are sporadic and represent heterogenic clini-
cal populations as in our analysis. The common theme is 
that these associations are observed in isolation and pres-
ent in a time-specific manner. To verify that there truly is 
no ‘core’ association network between the fecal and plasma 
metabolomes, similar comparisons should be made with 
larger studies utilizing the same analytical procedures from 
the sample collection all the way to metabolite annotation. 
The development of sampling techniques capable of reach-
ing the luminal metabolome provides a better representa-
tion of the intestinal community and function than relying 
solely on fecal material that is essentially a waste product 
(Folz et al., 2023; Shalon et al., 2023). Integrating intestinal 

metabolomics and metagenomics data is essential for under-
standing the metabolic regulation taking place within the 
gut and between the gut and the host. Moreover, the uptake 
and metabolism of the luminal metabolites by the intestinal 
cells or liver via portal vein limits the translocation to cir-
culation or excretion in feces (Koh et al., 2016). In this con-
text, the integration of liver transcriptomics and proteomics 
provides insights into the gut–liver axis as a regulator of 
gut-originating signaling.

In conclusion, our findings on numerous group and study-
dependent correlations replicated previous isolated reports 
of their presence but question their comparability between 
populations. Based on ours and others’ results, host health, 
nutrition, environmental factors, physical activity and gut 
microbiota composition shape a unique fecal–plasma met-
abolic correlation network that is not reproducible across 
studies. As the correlations changed over time, longitudinal 
metabolomics studies including both healthy and diseased 
individuals are paramount for assessing the inter- and intra-
individual stability of fecal and plasma metabolic crosstalk. 
Utilization of validation cohorts that have similar clinical 
profiles is necessary to account for potential environmen-
tal effects and for the influence of metabolic disorders on 
host biochemistry. This also underscores the importance of 
including a control group when studying clinical popula-
tions. We also showed that circulating metabolome is a poor 
representation of the fecal metabolome, and that fecal metab-
olome should not be regarded as a definitive readout of the 
gut microbiota’s metabolic activity with health relevance. 
Hence, the influence of the metabolic site on correlations 
should be carefully considered and avoid extending findings 
to other metabolic pools without separate assessments.

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​0​7​/​s​1​1​3​0​6​-​0​
2​6​-​0​2​4​6​3​-​z​​​​​.​​

Acknowledgements  NMD is a recipient of grant from the Fonds de 
la Recherche Scientifique (FRS)-FNRS (PDR T.0085.24). Biocenter 
Finland and Biocenter Kuopio are thanked for their support for the 
core LC-MS laboratory facility in the University of Eastern Finland.

Author contributions  HA, OK, VK and KH conceived and designed 
the study; SL, CA, QL, AN, SC and JR collected and processed clini-
cal samples. HA, OK, AFB and TM acquired, processed or analyzed 
data. JPT, US, PS and PdT overseed clinical studies. SL, ND and KH 
acquired funding for this study. HA wrote the first draft of the manu-
script. All authors have read, commented and approved the manuscript.

Funding  Open Access funding provided by University of Turku (in-
cluding Turku University Central Hospital). Gut2Behave project was 
initiated from ERA-NET NEURON network (Joint Transnational Call 
2019) and was financed by Academy of Finland, French National Re-
search Agency (ANR-19-NEUR-0003-03) and the Fonds de la Recher-
che scientifique (FRS-FNRS) [PINT-MULTI R.8013.19, Belgium]. 
Food4Gut project was supported by the Service Public de Wallonie 
(SPW-EER, FOOD4GUT project, convention 1318148). BestTreat 

https://doi.org/10.1007/s11306-026-02463-z
https://doi.org/10.1007/s11306-026-02463-z


1 3

   87   Page 12 of 14 H. Ahmed et al.

project was funded from the European Union’s Horizon 2020 research 
and innovation program under the Marie Skłodowska-Curie grant 
agreement No 813781.

Data availability  Data for the results is provided within supplementary 
information. Additional spectral data for this study are available from 
the corresponding author upon reasonable request.

Declarations

Competing interests  OK, VK, AFB, TM and KH are affiliated with 
Afekta Technologies Ltd., a company providing metabolomics ser-
vices.

Ethical approval  All procedures performed in studies involving hu-
man participants were in accordance with the ethical standards of the 
national research committees and with the 1964 Helsinki declaration 
and its later amendments or comparable ethical standards. Informed 
consent was obtained from all individual participants included in the 
study.

Open Access   This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​​​​t​p​:​/​/​c​r​e​​a​​t​​i​v​e​​c​​o​​m​m​o​n​s​.​o​
r​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/​​​​​.​​

References

Amadieu, C., Ahmed, H., Leclercq, S., Koistinen, V., Leyrolle, Q., 
Starkel, P., Bindels, L. B., Laye, S., Neyrinck, A. M., Karkkainen, 
O., De Timary, P., Hanhineva, K., & Delzenne, N. M. (2025). 
Effect of inulin supplementation on fecal and blood metabolome 
in alcohol use disorder patients: A randomised, controlled dietary 
intervention. Clin Nutr ESPEN.

Amadieu, C., Coste, V., Neyrinck, A. M., Thijssen, V., Leyrolle, Q., 
Bindels, L. B., Piessevaux, H., Starkel, P., de Timary, P., Del-
zenne, N. M., & Leclercq, S. (2022). Restoring an adequate 
dietary fiber intake by inulin supplementation: A pilot study 
showing an impact on gut microbiota and sociability in alcohol 
use disorder patients. Gut Microbes, 14, 2007042.

Armstrong, C. W., McGregor, N. R., Lewis, D. P., Butt, H. L., & 
Gooley, P. R. (2017). The association of fecal microbiota and 
fecal, blood serum and urine metabolites in myalgic encephalo-
myelitis/chronic fatigue syndrome. Metabolomics 13.

Babu, A. F., Csader, S., Mannisto, V., Tauriainen, M. M., Pentikainen, 
H., Savonen, K., Klavus, A., Koistinen, V., Hanhineva, K., & 
Schwab, U. (2022). Effects of exercise on NAFLD using non-
targeted metabolomics in adipose tissue, plasma, urine, and stool. 
Scientific Reports, 12, 6485.

Bar, N., Korem, T., Weissbrod, O., Zeevi, D., Rothschild, D., Leviatan, 
S., Kosower, N., Lotan-Pompan, M., Weinberger, A., Le Roy, C. 
I., Menni, C., Visconti, A., Falchi, M., Spector, T. D., consor-
tium, I. D., Adamski, J., Franks, P. W., Pedersen, O., & Segal, E. 

(2020). A reference map of potential determinants for the human 
serum metabolome. Nature, 588, 135–140.

Bhattacharyya, S., Ahmed, A. T., Arnold, M., Liu, D., Luo, C., Zhu, 
H., Mahmoudiandehkordi, S., Neavin, D., Louie, G., Dunlop, 
B. W., Frye, M. A., Wang, L., Weinshilboum, R. M., Krishnan, 
R. R., Rush, A. J., & Kaddurah-Daouk, R. (2019). Metabolomic 
signature of exposure and response to citalopram/escitalopram in 
depressed outpatients. Translational Psychiatry, 9, 173.

Bradley, M., Melchor, J., Carr, R., & Karjoo, S. (2023). Obesity and 
malnutrition in children and adults: A clinical review. Obes Pil-
lars, 8, 100087.

Chambers, E. S., Byrne, C. S., Morrison, D. J., Murphy, K. G., Preston, 
T., Tedford, C., Garcia-Perez, I., Fountana, S., Serrano-Contreras, 
J. I., Holmes, E., Reynolds, C. J., Roberts, J. F., Boyton, R. J., 
Altmann, D. M., McDonald, J. A. K., Marchesi, J. R., Akbar, A. 
N., Riddell, N. E., Wallis, G. A., & Frost, G. S. (2019). Dietary 
supplementation with inulin-propionate ester or inulin improves 
insulin sensitivity in adults with overweight and obesity with 
distinct effects on the gut microbiota, plasma metabolome and 
systemic inflammatory responses: A randomised cross-over trial. 
Gut, 68, 1430–1438.

Chen, L., Zhernakova, D. V., Kurilshikov, A., Andreu-Sanchez, S., 
Wang, D., Augustijn, H. E., Vich Vila, A., Lifelines Cohort, S., 
Weersma, R. K., Medema, M. H., Netea, M. G., Kuipers, F., 
Wijmenga, C., Zhernakova, A., & Fu, J. (2022). Influence of the 
microbiome, diet and genetics on inter-individual variation in the 
human plasma metabolome. Nature Medicine, 28, 2333–2343.

Cirulli, E. T., Guo, L., Swisher, L., Shah, C., Huang, N., Napier, L., 
Kirkness, L. A., Spector, E. F., Caskey, T. D., Thorens, C. T., Ven-
ter, B., J.C. and, & Telenti, A. (2019). Profound Perturbation of 
the Metabolome in Obesity Is Associated with Health Risk. Cell 
Metab 29, 488–500 e2.

Conroy, M. J., Andrews, R. M., Andrews, S., Cockayne, L., Dennis, 
E. A., Fahy, E., Gaud, C., Griffiths, W. J., Jukes, G., Kolchin, 
M., Mendivelso, K., Lopez-Clavijo, A. F., Ready, C., Subrama-
niam, S., & O’Donnell, V. B. (2024). LIPID MAPS: Update to 
databases and tools for the lipidomics community. Nucleic Acids 
Research, 52, D1677–D1682.

Dekkers, K. F., Sayols-Baixeras, S., Baldanzi, G., Nowak, C., Ham-
mar, U., Nguyen, D., Varotsis, G., Brunkwall, L., Nielsen, N., 
Eklund, A. C., Bak Holm, J., Nielsen, H. B., Ottosson, F., Lin, Y. 
T., Ahmad, S., Lind, L., Sundstrom, J., Engstrom, G., Smith, J. 
G., … Fall, T. (2022). An online atlas of human plasma metabo-
lite signatures of gut microbiome composition. Nature Communi-
cations, 13, Article 5370.

Deng, K., Xu, J. J., Shen, L., Zhao, H., Gou, W., Xu, F., Fu, Y., Jiang, 
Z., Shuai, M., Li, B. Y., Hu, W., Zheng, J. S., & Chen, Y. M. 
(2023). Comparison of fecal and blood metabolome reveals 
inconsistent associations of the gut microbiota with cardiometa-
bolic diseases. Nature Communications, 14, Article 571.

Duhrkop, K., Fleischauer, M., Ludwig, M., Aksenov, A. A., Melnik, A. 
V., Meusel, M., Dorrestein, P. C., Rousu, J., & Bocker, S. (2019). 
SIRIUS 4: A rapid tool for turning tandem mass spectra into 
metabolite structure information. Nature Methods, 16, 299–302.

Duhrkop, K., Nothias, L. F., Fleischauer, M., Reher, R., Ludwig, M., 
Hoffmann, M. A., Petras, D., Gerwick, W. H., Rousu, J., Dor-
restein, P. C., & Bocker, S. (2021). Systematic classification of 
unknown metabolites using high-resolution fragmentation mass 
spectra. Nature Biotechnology, 39, 462–471.

Folz, J., Culver, R. N., Morales, J. M., Grembi, J., Triadafilopoulos, 
G., Relman, D. A., Huang, K. C., Shalon, D., & Fiehn, O. (2023). 
Human metabolome variation along the upper intestinal tract. 
Nature Metabolism, 5, 777–788.

Ghosh, N., Lejonberg, C., Czuba, T., Dekkers, K., Robinson, R., Arn-
lov, J., Melander, O., Smith, M. L., Evans, A. M., Gidlof, O., 
Gerszten, R. E., Lind, L., Engstrom, G., Fall, T., & Smith, J. G. 

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


1 3

Page 13 of 14     87 Comparison of fecal and plasma metabolite correlations following nutrition or exercise interventions

(2024). Analysis of plasma metabolomes from 11 309 subjects 
in five population-based cohorts. Scientific Reports, 14, Article 
8933.

Haffner, J. J., Katemauswa, M., Kagone, T. S., Hossain, E., Jacob-
son, D., Flores, K., Parab, A. R., Obregon-Tito, A. J., Tito, R. 
Y., Reyes, L. M., Troncoso-Corzo, L., Guija-Poma, E., Meda, 
N., Carabin, H., Honap, T. P., Sankaranarayanan, K., Lewis, C. 
M., Jr. and, & McCall, L. I. (2022). Untargeted Fecal Metabolo-
mic Analyses across an Industrialization Gradient Reveal Shared 
Metabolites and Impact of Industrialization on Fecal Microbi-
ome-Metabolome Interactions. mSystems 7, e0071022.

Hiel, S., Gianfrancesco, M. A., Rodriguez, J., Portheault, D., Leyrolle, 
Q., Bindels, L. B., Gomes da Silveira Cauduro, C., Mulders, M., 
Zamariola, G., Azzi, A. S., Kalala, G., Pachikian, B. D., Amadieu, 
C., Neyrinck, A. M., Loumaye, A., Cani, P. D., Lanthier, N., Tre-
fois, P., Klein, O., Luminet, O., Bindelle, J., Paquot, N., Cnop, 
M., Thissen, J. P., & Delzenne, N. M. (2020). Link between gut 
microbiota and health outcomes in inulin -treated obese patients: 
Lessons from the Food4Gut multicenter randomized placebo-
controlled trial. Clinical Nutrition, 39, 3618–3628.

Jia, C., Peters, B. A., Usyk, M., Wang, Z., Hanna, D. B., Sharma, A., 
Anastos, K., Kaplan, R. C., Burk, R. D., & Qi, Q. (2025). Associ-
ations of fecal and blood microbiota-related metabolites with gut 
microbiota and type 2 diabetes in HIV infection. Aids (London, 
England), 39, 1580–1591.

Karu, N., Deng, L., Slae, M., Guo, A. C., Sajed, T., Huynh, H., Wine, 
E., & Wishart, D. S. (2018). A review on human fecal metabo-
lomics: Methods, applications and the human fecal metabolome 
database. Analytica Chimica Acta, 1030, 1–24.

Klåvus, A., Kokla, M., Noerman, S., Koistinen, V. M., Tuomainen, 
M., Zarei, I., Meuronen, T., Häkkinen, M. R., Rummukainen, 
S., Farizah Babu, A., Sallinen, T., Kärkkäinen, O., Paananen, J., 
Broadhurst, D., Brunius, C., & Hanhineva, K. (2020). notame: 
Workflow for Non-Targeted LC-MS Metabolic Profiling. Metab-
olites 10, 135.

Koh, A., De Vadder, F., Kovatcheva-Datchary, P., & Backhed, F. 
(2016). From dietary fiber to host physiology: Short-chain fatty 
acids as key bacterial metabolites. Cell, 165, 1332–1345.

Kortesniemi, M., Noerman, S., Karlund, A., Raita, J., Meuronen, T., 
Koistinen, V., Landberg, R., & Hanhineva, K. (2023). Nutritional 
metabolomics: Recent developments and future needs. Current 
Opinion in Chemical Biology, 77, Article 102400.

Lai, Z., Tsugawa, H., Wohlgemuth, G., Mehta, S., Mueller, M., Zheng, 
Y., Ogiwara, A., Meissen, J., Showalter, M., Takeuchi, K., Kind, 
T., Beal, P., Arita, M., & Fiehn, O. (2018). Identifying metabolites 
by integrating metabolome databases with mass spectrometry 
cheminformatics. Nature Methods, 15, 53–56.

Le Bastard, Q., Chapelet, G., Javaudin, F., Lepelletier, D., Batard, E., 
& Montassier, E. (2020). The effects of inulin on gut microbial 
composition: A systematic review of evidence from human stud-
ies. European Journal of Clinical Microbiology and Infectious 
Diseases, 39, 403–413.

 Leclercq, S., Amadieu, A. H., Petit, C., Koistinen, G., Leyrolle, V., 
Poncin, Q., Stärkel, M., Kok, P., Karhunen, E., de Timary, P. J., 
Laye, P., Neyrinck, S., Kärkkäinen, A. M., Hanhineva, O. K., & 
Delzenne, K. N (2024). Blood metabolomic profiling reveals new 
targets in the management of psychological symptoms associated 
with severe alcohol use disorder. Elife, 13, RP96937.

Leyrolle, Q., Cserjesi, R., Demeure, R., Neyrinck, A. M., Amadieu, C., 
Rodriguez, J., Karkkainen, O., Hanhineva, K., Paquot, N., Cnop, 
M., Cani, P. D., Thissen, J. P., Bindels, L. B., Klein, O., Luminet, 
O., & Delzenne, N. M. (2021). Microbiota and Metabolite Profil-
ing as Markers of Mood Disorders: A Cross-Sectional Study in 
Obese Patients. Nutrients 14.

Li, J., Jia, S., Yuan, C., Yu, B., Zhang, Z., Zhao, M., Liu, P., Li, X., 
& Cui, B. (2022). Jerusalem artichoke inulin supplementation 

ameliorates hepatic lipid metabolism in type 2 diabetes mellitus 
mice by modulating the gut microbiota and fecal metabolome. 
Food & Function, 13, 11503–11517.

Ling, C. W., Deng, K., Yang, Y., Lin, H. R., Liu, C. Y., Li, B. Y., Hu, 
W., Liang, X., Zhao, H., Tang, X. Y., Zheng, J. S., & Chen, Y. M. 
(2024). Mapping the gut microecological multi-omics signatures 
to serum metabolome and their impact on cardiometabolic health 
in elderly adults. EBioMedicine 105, 105209.

Lynch, S. V., & Pedersen, O. (2016). The human intestinal microbiome 
in health and disease. New England Journal of Medicine, 375, 
2369–2379.

Nakajima, H., Nakanishi, N., Miyoshi, T., Okamura, T., Hashimoto, Y., 
Senmaru, T., Majima, S., Ushigome, E., Asano, M., Yamaguchi, 
M., Mori, J., Sakui, N., Sasano, R., Yamazaki, M., Hamaguchi, 
M., & Fukui, M. (2022). Inulin reduces visceral adipose tissue 
mass and improves glucose tolerance through altering gut metab-
olites. Nutrition & Metabolism, 19, 50.

Pang, Z., Lu, Y., Zhou, G., Hui, F., Xu, L., Viau, C., Spigelman, A. 
F., MacDonald, P. E., Wishart, D. S., Li, S., & Xia, J. (2024). 
MetaboAnalyst 6.0: Towards a unified platform for metabolo-
mics data processing, analysis and interpretation. Nucleic Acids 
Research, 52, W398–W406.

Pietzner, M., Stewart, I. D., Raffler, J., Khaw, K. T., Michelotti, G. 
A., Kastenmuller, G., Wareham, N. J., & Langenberg, C. (2021). 
Plasma metabolites to profile pathways in noncommunicable dis-
ease multimorbidity. Nature Medicine, 27, 471–479.

Ponce-de-Leon, M., Wang-Sattler, R., Peters, A., Rathmann, W., Gral-
lert, H., Artati, A., Prehn, C., Adamski, J., Meisinger, C., & Lin-
seisen, J. (2024). Stool and blood metabolomics in the metabolic 
syndrome: A cross-sectional study. Metabolomics, 20, Article 
105.

R Core Team (2024). R: A language and environment for statistical 
computing. R Foundation for Statistical Computing. ​h​t​t​p​s​:​/​/​w​w​
w​.​R​-​p​r​o​j​e​c​t​.​o​r​g​/​​​​​​​

Salazar, N., Dewulf, E. M., Neyrinck, A. M., Bindels, L. B., Cani, P. 
D., Mahillon, J., de Vos, W. M., Thissen, J. P., Gueimonde, M., de 
Reyes-Gavilan, L., & Delzenne, N. M. (2015). Inulin-type fruc-
tans modulate intestinal Bifidobacterium species populations and 
decrease fecal short-chain fatty acids in obese women. Clinical 
Nutrition, 34, 501–507.

Shalon, D., Culver, R. N., Grembi, J. A., Folz, J., Treit, P. V., Shi, H., 
Rosenberger, F. A., Dethlefsen, L., Meng, X., Yaffe, E., Aranda-
Diaz, A., Geyer, P. E., Mueller-Reif, J. B., Spencer, S., Patterson, 
A. D., Triadafilopoulos, G., Holmes, S. P., Mann, M., Fiehn, O., 
Relman, D. A., & Huang, K. C. (2023). Profiling the human intes-
tinal environment under physiological conditions. Nature, 617, 
581–591.

Sumner, L. W., Amberg, A., Barrett, D., Beale, M. H., Beger, R., 
Daykin, C. A., Fan, T. W., Fiehn, O., Goodacre, R., Griffin, J. 
L., Hankemeier, T., Hardy, N., Harnly, J., Higashi, R., Kopka, J., 
Lane, A. N., Lindon, J. C., Marriott, P., Nicholls, A. W., … Viant, 
M. R. (2007). Proposed minimum reporting standards for chemi-
cal analysis Chemical Analysis Working Group (CAWG) Metab-
olomics Standards Initiative (MSI). Metabolomics, 3, 211–221.

Sun, Y., Zhang, X., Hang, D., Lau, H. C., Du, J., Liu, C., Xie, M., Pan, 
Y., Wang, L., Liang, C., Zhou, X., Chen, D., Rong, J., Zhao, Z., 
Cheung, A. H., Wu, Y., Gou, H., Wong, C. C., Du, L., … Yu, J. 
(2024). Integrative plasma and fecal metabolomics identify func-
tional metabolites in adenoma-colorectal cancer progression and 
as early diagnostic biomarkers. Cancer Cell, 42, 1386-1400e e8.

Tan, E. Y., Muthiah, M. D., & Sanyal, A. J. (2024). Metabolomics at 
the cutting edge of risk prediction of MASLD. Cell Reports Med-
icine, 5, Article 101853.

Tang, Z. Z., Chen, G., Hong, Q., Huang, S., Smith, H. M., Shah, R. 
D., Scholz, M., & Ferguson, J. F. (2019). Multi-omic analysis 
of the microbiome and metabolome in healthy subjects reveals 

https://www.R-project.org/
https://www.R-project.org/


1 3

   87   Page 14 of 14 H. Ahmed et al.

microbiome-dependent relationships between diet and metabo-
lites. Frontiers in Genetics, 10, Article 454.

Tsugawa, H., Cajka, T., Kind, T., Ma, Y., Higgins, B., Ikeda, K., 
Kanazawa, M., VanderGheynst, J., Fiehn, O., & Arita, M. (2015). 
MS-DIAL: Data-independent MS/MS deconvolution for compre-
hensive metabolome analysis. Nature Methods, 12, 523–526.

Vandeputte, D., Falony, G., Vieira-Silva, S., Wang, J., Sailer, M., 
Theis, S., Verbeke, K., & Raes, J. (2017). Prebiotic inulin-type 
fructans induce specific changes in the human gut microbiota. 
Gut, 66, 1968–1974.

Voutilainen, T., & Karkkainen, O. (2019). Changes in the human 
metabolome associated with alcohol use: A review. Alcohol And 
Alcoholism, 54, 225–234.

Wishart, D. S., Guo, A., Oler, E., Wang, F., Anjum, A., Peters, H., 
Dizon, R., Sayeeda, Z., Tian, S., Lee, B. L., Berjanskii, M., 
Mah, R., Yamamoto, M., Jovel, J., Torres-Calzada, C., Hiebert-
Giesbrecht, M., Lui, V. W., Varshavi, D., Varshavi, D., Allen, D., 
Arndt, D., Khetarpal, N., Sivakumaran, A., Harford, K., Sanford, 

S., Yee, K., Cao, X., Budinski, Z., Liigand, J., Zhang, L., Zheng, 
J., Mandal, R., Karu, N., Dambrova, M., Schioth, H. B., Greiner, 
R., & Gautam, V. (2022). HMDB 5.0: the Human Metabolome 
Database for 2022. Nucleic Acids Res 50, D622-D631.

Zhao, L., Wang, C., Peng, S., Zhu, X., Zhang, Z., Zhao, Y., Zhang, 
J., Zhao, G., Zhang, T., Heng, X., & Zhang, L. (2022). Pivotal 
interplays between fecal metabolome and gut microbiome reveal 
functional signatures in cerebral ischemic stroke. Journal of 
Translational Medicine, 20, 459.

Zierer, J., Jackson, M. A., Kastenmuller, G., Mangino, M., Long, T., 
Telenti, A., Mohney, R. P., Small, K. S., Bell, J. T., Steves, C. 
J., Valdes, A. M., Spector, T. D., & Menni, C. (2018). The fecal 
metabolome as a functional readout of the gut microbiome. 
Nature Genetics, 50, 790–795.

Publisher’s note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


	﻿Comparison of fecal and plasma metabolite correlations following nutrition or exercise interventions
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Methods
	﻿2.1﻿ ﻿Study samples
	﻿2.1.1﻿ ﻿Gut2Brain study
	﻿2.1.2﻿ ﻿Food4Gut study
	﻿2.1.3﻿ ﻿BestTreat study


	﻿2.2﻿ ﻿Non-targeted LC-MS metabolomics analysis
	﻿2.2.1﻿ ﻿Metabolite extraction
	﻿2.2.2﻿ ﻿Analytical platforms
	﻿2.2.3﻿ ﻿Peak picking and data processing

	﻿2.3﻿ ﻿Statistical analysis
	﻿3﻿ ﻿Results
	﻿3.1﻿ ﻿Annotated metabolites
	﻿3.2﻿ ﻿Correlations between annotated metabolites within the studies
	﻿3.3﻿ ﻿Fecal–plasma metabolite correlations between studies
	﻿3.4﻿ ﻿Chemical diversity of the plasma and fecal metabolites following inulin supplementation

	﻿4﻿ ﻿Discussion
	﻿References


