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ABSTRACT
Insulin resistance (IR) is an early marker of cardiometabolic deterioration which may develop 
heterogeneously in key metabolic organs, including the liver (LIR) and skeletal muscle (MIR). This 
tissue-specific IR is characterized by distinct metabolic signatures, but the role of the gut micro
biota in its etiology remains unclear. Here, we profiled the gut microbiota, its metabolites and the 
plasma metabolome in individuals with either a LIR or MIR phenotype (n = 233). We observed 
distinct microbial community structures LIR and MIR, and higher short-chain fatty acid (SCFA) 
producing bacteria, fecal SCFAs and branched-chain fatty acids and a higher postprandial plasma 
glucagon-like-peptide-1 response in LIR. In addition, we found variations in metabolome profiles 
and phenotype-specific associations between microbial taxa and functional metabolite groups. 
Overall, our study highlights association between gut microbiota and its metabolites composition 
with IR heterogeneity that can be targeted in precision-based strategies to improve cardiometa
bolic health. Clinicaltrials.gov registration: NCT03708419.
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Introduction

Insulin resistance (IR) is a key risk factor for the 
development of obesity-related diseases, including 
type 2 diabetes (T2D) and cardiovascular disease.1 

Deterioration of cardiometabolic health can be pre
vented or delayed by lifestyle intervention, but there 
seems to be a large inter-individual variability in 
intervention response.2,3 Differences in environ
mental and endogenous factors such as age, sex, 
clinical characteristics, genetic susceptibility and 
the gut microbiota may underlie the variation in 
outcomes of lifestyle interventions.4–6 There is 
a critical need to better understand which modifiable 
factors should be targeted to achieve optimal health 
benefits in different subgroups of the population.

We and others have previously shown that there 
is substantial heterogeneity in the development of 
IR, with inter-individual differences in IR severity 
in metabolic organs including the liver and skeletal 

muscle.7–10 People with predominant liver IR (LIR) 
or predominant skeletal muscle IR (MIR) are char
acterized by pronounced differences in plasma 
metabolome, lipidome and inflammatory profiles, 
as well as the expression of inflammatory genes in 
abdominal subcutaneous adipose tissue.7–9,11 

Furthermore, we recently showed in the PERSON 
study, a dietary intervention trial including 242 
individuals with predominant MIR or LIR, that 
improvements of insulin sensitivity, glucose home
ostasis, serum triacylglycerol and C-reactive pro
tein in response to diets with varying 
macronutrient composition were dependent on 
this tissue-specific IR phenotype.6

Disturbances in the gut microbiota have been 
associated with obesity, T2D and alterations in 
host energy and substrate metabolism.12–14 

Specific compositional changes and decreased 
microbial richness and diversity are commonly 
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found in individuals with overweight or 
obesity.15,16 Furthermore, people with IR or T2D 
often show a decreased production of gut micro
biota-derived short-chain fatty acids (SCFAs), 
including butyrate, acetate and propionate. These 
SCFAs are known for their beneficial effects on 
glucagon-like peptide-1 (GLP-1) secretion and 
host metabolism,17–20 differences in gut microbial 
composition may relate to distinct prediabetic phe
notypes. Indeed, it has previously been shown that 
the overall gut microbiota composition is altered in 
individuals with impaired glucose tolerance (IGT, 
often characterized by MIR), while microbial com
position of individuals with impaired fasting glu
cose (IFG, often linked to LIR) resembles more that 
of healthy individuals.20 Additionally, improve
ments in peripheral rather than hepatic insulin 
sensitivity were reported following both dietary 
fiber intervention and fecal microbiota transfer in 
people at cardiometabolic risk.21,22 Overall, various 
studies point toward the gut microbiota as signifi
cant marker of distinct cardiometabolic pheno
types and predictor of an individual’s 
postprandial glucose response and lifestyle inter
vention outcomes.4,5,15,20,22–24 Therefore, profiling 
the gut microbiota in MIR and LIR may contribute 
to a better understanding of the etiology of cardi
ometabolic disorders. In addition, considering the 
potential to reshape the composition and function
ality of the gut microbiota by diet, it is an attractive 
target for novel precision nutrition strategies.6,25

Thus far, existing deeply-phenotyped cohorts 
investigating heterogeneity in tissue-specific IR did 
not include gut microbiota profiling. Considering 
the evident association between the gut microbiota 
and host metabolic health, we hypothesized that 
tissue-specific IR is characterized by distinct micro
bial signatures. In the present study, we therefore 
compared the composition of the gut microbiota 
and related gut metabolite profiles between well- 
phenotyped individuals with predominant MIR or 
LIR to gain a better understanding of the role of the 
gut microbiome in tissue-specific IR phenotypes.

Methods

Study design

The current cross-sectional analysis was part of the 
PERSON study (PERSonalized glucose Optimization 

through Nutritional intervention). The PERSON 
study is a 12-week intervention study with 
a randomized, parallel and double-blind design. In 
short, individuals with predominant LIR of MIR were 
included to follow either a low fat, high protein, high 
fiber diet (LFHP) or a diet high in mono-unsaturated 
fatty acids (HMUFA). Before and after the 12-week 
intervention, individuals underwent detailed meta
bolic and microbial phenotyping, as described in in 
previous work.6,26,27 Here, we performed a cross- 
sectional analysis on pre-intervention data at baseline. 
The Medical Ethical Committee of the MUMC+ 
approved the protocol (NL63768.068.17), which was 
registered at ClinicalTrials.gov (NCT03708419). 
Measurements were performed at the two main 
study centers at the Maastricht University Medical 
Center+ (MUMC+) and Wageningen University & 
Research (WUR) in the Netherlands, between 
May 2018 and November 2021. The study has been 
carried out according to the principles of the 
Declaration of Helsinki. All participants gave written 
informed consent prior to inclusion. All authors had 
access to the study data and reviewed and approved 
the final manuscript.

Study participants

Out of 242 randomized participants in the 
PERSON study, we included n = 233 in the present 
cross-sectional study. Recruitment took place via 
advertisements in local (online) media, flyers and 
a volunteer database.6,26,27 Inclusion criteria were: 
participants aged 40–75 years, with a BMI of 25–40  
kg/m2, body weight stability for at least 3 months 
(no weight gain or loss >3 kg), and a predominant 
LIR or MIR phenotype as determined by a 7-point 
oral glucose tolerance test (OGTT, Assessment of 
tissue-specific insulin resistance). All participants 
were Caucasian. Individuals were excluded from 
participation in case of pre-diagnosis of T2D, dis
eases or use of medication that affect glucose and/ 
or lipid metabolism, antibiotics use 3 months prior 
to the study, major gastrointestinal diseases, history 
of major abdominal surgery, uncontrolled hyper
tension, smoking, alcohol consumption >14 units/ 
week, and >4 h/week moderate-to-vigorous physi
cal activity. Standardized protocols were used dur
ing a screening visit for assessment of compliance 
with in- and exclusion criteria.6,26,27 Participants 
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who did not collect fecal samples according to the 
study protocol were excluded from analyses.

Reference cohort with participants without 
tissue-specific IR

In addition to the 233 PERSON study participants, 
we included 15 participants from the CARMA 
study cohort (ClinicalTrials.gov: NCT04561284) 
and 15 participants from the SWEET study cohort 
(ClinicalTrials.gov: NCT04226911; WP3) who clas
sified as ‘No MIR/LIR’ based on a 7-point OGTT, 
as described below, and from whom fecal samples 
were available. Briefly, these reference cohorts 
included adults (age range 18–65 years) with over
weight or obesity (BMI range 25–35 kg/m2), 
selected in line with the in- and exclusion criteria 
of the main cohort. All fecal samples were collected 
at the MUMC+, Maastricht, the Netherlands, 
between August 2020 and October 2022.

Assessment of tissue-specific insulin resistance and 
glucose metabolism

Plasma glucose and insulin values at fasting (t =  
0 min) and t = 15, 30, 45, 60, 90, and 120 min dur
ing a 7-point OGTT (75 g glucose drink, Novolab, 
Geraardsbergen, Belgium) were used to determine 
tissue-specific IR.6,26,27 Enzymatic assays or ELISA 
were used to determine plasma glucose and insulin, 
respectively. Calculations for the hepatic insulin 
resistance index (HIRI) and muscle insulin sensi
tivity index (MISI) were used to estimate LIR and 
MIR.28 The MISI calculation has been optimized 
using the cubic spline method.29 Individuals were 
classified as ‘No MIR/LIR,’ ‘MIR,’ ‘LIR,’ or ‘com
bined MIR/LIR,’ using tertile cutoffs for MISI and 
HIRI based on a selected population of The 
Maastricht Study, which resembled the population 
of the PERSON study.9,30 From the main cohort, 
only isolated LIR and MIR phenotypes were 
included. Using the same cutoffs for MISI and 
HIRI, a ‘No IR’ group was included from the refer
ence cohort and was only included in a sub- 
analysis.

The homeostasis model assessment of insulin 
resistance (HOMA-IR), HOMA of β-cell function 
(HOMA-β), Disposition Index and the Matsuda 
Index were calculated as previously described.31,32 

Criteria of the World Health Organization (WHO) 
were used to define glucose status (normal glucose 
tolerance (NGT), impaired fasting glucose (IFG), 
impaired glucose tolerance (IGT) and T2D).33 The 
inflammatory marker C-reactive protein (CRP) 
was measured in fasting plasma with a Luminex 
immunoassay (DSM-Firmenich, Kaiseraugst, 
Switzerland).6

Blood pressure

Systolic and diastolic blood pressure were measured 
in triplicate on the non-dominant arm with an auto
mated sphygmomanometer after a 5-minute rest.

Anthropometrics and body fat

Waist and hip circumference were measured in 
duplicate using a flexible measuring tape. Whole- 
body fat percentage was assessed using dual-energy 
X-ray absorptiometry (DXA) (WUR, Lunar Prodigy, 
GE Healthcare; MUMC+, Discovery A, Hologic). 
Visceral adipose tissue (VAT) volume was quanti
fied at the MUMC+ only (3T MAGNETOM Prisma 
fit, Siemens Healthcare). Details of these methods 
have been described previously.6

Habitual dietary intake and physical activity

Habitual dietary intake was assessed with 
a validated 163-item semi-quantitative food fre
quency questionnaire (FFQ).34 Goldberg’s method 
with the ratio of reported daily energy intake to 
estimated basal metabolic rate (BMR) was used to 
identify dietary misreporting. Underreporting (EI/ 
BMR <0.87) and overreporting (EI/BMR >2.75) 
were excluding from analyses. Here, a total of n =  
25 was excluded due to underreporting and n = 1 
due to overreporting. Self-reported habitual physi
cal activity was assessed with the Baecke 
questionnaire.35

Plasma analyses

Plasma GLP-1
Plasma GLP-1 was determined in fasted condition 
(t = 0) and at t = 30, 60 90, 120 and 180 after ingest
ing a liquid high-fat mixed meal (HFMM, total 350 g 
containing 2.8 MJ, 49 g [64 en%] fat, 48 g [29 en%] 
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CHO, 12 g [7 en%] protein).27 For analysis, 40 μl of 
dipeptidyl peptidase-IV inhibitor (Milipore Merck, 
Billerica, MA, USA) was added to EDTA and 
Aprotinin (Becton Dickinson, Eysins, Switzerland) 
tubes, respectively. Plasma samples were assayed for 
total GLP-1 immunoreactivity using an antiserum 
that reacts equally with intact GLP-1 and the pri
mary (N-terminally truncated) metabolite as pre
viously described.36 Analyses were performed in 
a subgroup of the main study cohort (n = 160) after 
random selection of samples.

Circulating SCFAs and BCFAs
For plasma (SCFA and branch-chain fatty acid 
(BCFA) concentrations, a fasting blood sample was 
collected in a 4 mL lithium heparin tube (BD, 
Plymouth, UK). Total plasma concentrations were 
measured using liquid chromatography – mass spec
trometry (LC-MS). This liquid chromatography was 
performed using a micro flow ultra-high- 
performance liquid chromatography (UHPLC) 
instrument (Dionex Ultimate 3000) using protocols 
as described previously.37,38 Analyses were per
formed upon availability in a subgroup of the study 
cohort (MUMC+ study center, main cohort, n = 82).

Metabolome profiling
Fasting plasma metabolites were quantified using 
a targeted metabolomics approach based on the 
Biocrates MxP® Quant 500 kit (Biocrates Life 
Sciences AG, Innsbruck, Austria), and 630 meta
bolites from 26 compound classes were profiled. 
Samples were processed according to the manufac
turer’s instructions. Analysis of sample extracts as 
well as of reference standards and quality controls 
was carried out by UHPLC and flow injection 
analysis, both coupled to tandem mass spectrome
try. An Agilent 1290 series UHPLC system coupled 
to a 6500 + qTrap mass spectrometer equipped 
with an Ion-Drive Turbo V® ESI source (both 
Sciex, Foster City, CA, USA) was used for the 
analysis. Chromatographic and mass spectrometric 
parameters were set as indicated by the manufac
turer of the kit. Data analysis was carried out in the 
Biocrates MetIDQ software.39 For quality control 
purposes, all potential metabolites were inspected 
and excluded when 75% or more of the analyzed 
samples lacked detectable signal.

Fecal analyses

Bristol stool scale
Participants documented their stool consistency 
using the Bristol stool scale (BSS) at the time of 
feces collection, as a rough estimator of colonic 
transit.40 The stool type was rated on a scale of 1 
to 7, with types 1 and 2 associated with constipa
tion and types 6 and 7 associated with diarrhea.41

Fecal sample collection
Fecal samples were collected at home and stored 
for a maximum of 24 hours in the participants’ 
freezer at − 20°C. Upon arrival in the lab, the sam
ples were stored at −80°C prior to analysis. Samples 
were kept frozen during transport from collection 
to storage and from storage to analysis.

Fecal SCFAs and BCFAs
Fecal SCFAs and BCFAs were measured using ion 
exchange chromatography with conductivity 
detection (Brightlabs, Venlo, The Netherlands). 
Fecal matter was centrifuged at 14,000 rpm for 
10 min, filtered through a 0.45 μm PFTE filter, 
and diluted in the mobile phase (1.5 mm aqueous 
sulfuric acid).42 An automatic sampler 730 
(Metrohm, Herisa, Switzerland) was used to load 
10 ml of sample to the column, and the compounds 
were eluted based on their pKa. Ion exclusion 
chromatography (IEC) was used for analysis, 
using an 883 chromatograph (IC, Metrohm,) 
equipped with a Transgenomic IC Sep ICE-ION 
-300 column (30 cm × 7.8 mm × 7 μm) and 
a MetroSep RP2 Guard. Column flow was set at 
0.4 mL/min and temperature at 65 °C. Suppressed 
conductivity detection ensured proper detection of 
SCFA and BCFA. Analyses were performed in 
a subgroup of the main study cohort (MUMC+ 
study center, n = 117).

Microbiota analysis
Amplicon sequencing of the 16S rRNA gene V3-V4 
region was performed to determine microbiota com
position as reported before.43,44 In short, QIAamp 
Fast DNA Stool Mini Kits (Qiagen Benelux, Venlo, 
the Netherlands) were used for genomic DNA isola
tion. A 2-step PCR was used to generate barcoded 
amplicons from the V3-V4 region of 16S rRNA genes 
(341F: 5’-CCTACGGGNGGCWGCAG-3’; 785 R: 5’- 
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GACTACHVGGGTATCTAATCC-3’). 10–25 ng 
genomic DNA was used as template for the first 
PCR with a total volume of 50 μl. The second PCR 
was used to combined purified PCR products with 
sample-specific barcoded primers (Nextera XT index 
kit, Illumina, San Diego, CA, USA). After each PCR 
step the amplicons were purified (QIAquick PCR 
Purification Kit) followed by amplicons size 
(Fragment analyzer, Advanced Analytical, Ankeny, 
US) and concentration (fluorometric analysis, 
Qubit™ dsDNA HS Assay Kit) assessment. Purified 
amplicons were pulled equimolarly and sequenced 
using the paired-end (2×) 300 bp MiSeq protocol 
(Illumina, Eindhoven, The Netherlands). The 
Illumina CASAVA pipeline (v1.8.3) was used for 
raw data analysis and demultiplexing based on sam
ple-specific barcodes. Quantitative Insights Into 
Microbial Ecology 2 (QIIME2) software was used 
for initial microbial analyses.45 Reads were imported 
as QIIME2 artifacts and the dada2 plugin was used 
for de-nosing and construction of amplicon variant 
sequencing (ASV) table.46 The taxonomic assignment 
of ASVs was performed with pre-fitted Scikit-learn 
based Naive Bayes classifier trained on full length 16s 
rRNA gene sequences from the SILVA v138 
database.47 A phylogenetic tree of the ASVs represen
tative sequences was inferred from MAFFT sequence 
alignment. Samples having low reads after processing 
(<5000 reads; minimal count was 5427) were 
excluded.

Statistical analyses

Clinical characteristics
Baseline characteristics were compared between 
LIR and MIR phenotypes using Student’s indepen
dent T-test for normally distributed numerical 
data, Mann-Whitney test for non-normally distrib
uted numerical data, and Fisher’s exact test for 
categorial data. For comparison of a subset of base
line characteristics between 3 phenotypes (no IR, 
LIR and MIR), differences were tested using 
respectively one-way ANOVA and Kruskal-Wallis 
tests with post hoc Bonferroni testing. Two-tailed 
P < 0.05 was considered statistically significant. 
Differences in plasma and fecal gut metabolites 
were tested using linear Mixed-Effect models 
implemented in the lme448 package, and 
lmerTest49 as used for term significance estimation. 

Variable Sex was used as random variables and 
Phenotype, Age, BSS, Energy Intake, and Fibers 
Intake were used as fixed variables (y ~ Phenotype  
+ Age + BSS + Energy Intake + Fiber Intake + (1| 
Center) + (1|Sex)). Fecal metabolite concentrations 
were log transformed (log10) to improve normality. 
Here, FDR-adjusted Q-values of > 0.05 were con
sidered statistically significant.

Gut microbiota
All downstream microbiota and metabolite-related 
analyses were performed using the R v4.1.2 program
ming language and environment.50 Using the 
qiime2R package,51 we imported the ASV table, 
rooted phylogenetic tree, taxonomic table, and sup
porting data, and combined them into a phyloseq 
object.52 Prior to further analysis, ASVs with fewer 
than 10 reads across all samples, not assigned to any 
bacterial phylum, and assigned to chloroplasts or 
mitochondria were removed. Taxonomic names 
were shortened to the last assigned taxonomic level 
and made unique by the addition of unique identifier.

Alpha diversity. The total number of observed taxa 
(Observed), Shannon, Inverted Simpson 
(InvSimpson), and Phylogenetic Diversity 
(PhyloDiversity) diversity indexes were used to 
assess microbial richness as implemented in the 
phyloseq52 and picante53 packages. Prior to diver
sity calculation, the ASV count per sample was 
normalized by rarefaction (phyloseq[]) at a depth 
of 5427 reads. To assess differences in bacterial 
diversity between individuals with different pheno
types, we used linear Mixed-Effect models imple
mented in the lme448 package, and lmerTest49 as 
used for term significance estimation. Variables 
Center and Sex were used as random variables 
and Phenotype, Age, BSS, Energy Intake, and 
Fibers Intake were used as fixed variables (y ~  
Phenotype + Age + BSS + Energy Intake + Fiber 
Intake + (1|Center) + (1|Sex)). Phylogenetic 
Diversity and number of observed were without 
transformation as dependent variables, and 
Inverted Simpson and Shannon indexes were 
transformed by extracting square root and taking 
exponents of two respectively. Here and in follow
ing analysis all continuous variables were z-trans
formed prior to model fitting. In the model that 
utilized the data without the control group, Center 
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and Sex were used as random effects and when the 
No IR group was included only Sex was included. 
Here, P < 0.05 was considered statistically 
significant.

Beta diversity. Differences in overall microbial 
composition were investigated by calculating dis
similarity distances between samples at the ASV 
taxonomic level, followed by testing the strength 
and significance of grouping with Permutational 
Multivariate Analysis of Variance Using Distance 
Matrices (adonis2) as implemented in the vegan 
package.54 Prior to dissimilarity distance calcula
tions, ASV count was normalized with the 
Cumulative-Sum Scaling (CSS) as implemented in 
the metagenomeSeq package.55 Dissimilarity dis
tances (weighted and unweighted UniFrac, 
Jaccard, Bray – Curtis) were calculated using the 
phyloseq package. The following model Distance 
Matrix ~ Age + BSS + Energy Intake + Fiber Intake  
+ Center + Sex + Phenotype with 999 unconstrained 
permutation was used for adonis2 analysis. This 
analysis allowed to assess the significance (P <  
0.05) and effect size of the included independent 
variables on overall microbial composition. 
Dissimilarities in the overall bacterial composition 
were visualized by creating Distance-based 
Redundancy Analysis (dbRDA) ordination as 
implemented in the vegan package, followed by 
visualization with a custom R function. A model 
identical to that used for adonis2 was employed to 
construct dbRDA.

Taxa differential abundance. Taxa differentially 
abundant (DA) between different phenotypes was 
identified using Zero-Inflated Negative Binomial 
Regression (ZINB) as implemented in Maaslin2 
package. The Phenotype, Age, BSS, Energy Intake, 
and Fibers Intake were used as fixed effects and 
Center and Sex were used as random effects. DA 
was tested at the ASV and Genus taxonomic levels, 
and only taxa with 25% or more prevalence in 
a group were used in the analysis. Prior models 
building Trimmed Mean of M values (TMM) nor
malization and no transformation (NONE) of taxa 
count were applied as implemented in Maaslin2 
function. The resulting P-values were adjusted 
using Benjamini and Hochberg (BH) adjustment 

method. Q < 0.1 was considered statistically 
significant.

Metabolomics. Group differences between IR phe
notypes in individual metabolites were tested using 
the LMM following the same procedure as 
described above for the alpha diversity statistical 
analysis. Retrieved P-values were adjusted using 
the Benjamini-Hochberg FDR (stats package) per 
metabolite type. The overall group differences in 
metabolite composition were tested by performing 
Constrained Correspondence Analysis (CCA), as 
implemented in the vegan package. Phenotype, 
Energy, Intake, Age, BSS, Fibers Intake, Center, 
and Sex were used as constraining variable (meta
bolites ~ Phenotype + Energy Intake + Age + BSS +  
Fibers Intake + Center + Sex). The constrains sig
nificance was assessed using a permutation test 
(anova.cca), as implemented in the vegan package. 
Prior to CCA and LMM modeling to metabolite 
concentrations pseudo count (one) was added with 
following log10 transformed. Correlations between 
metabolites and microbial taxa at the ASV and 
Genus taxonomic levels were assessed using 
Spearman (stats package) correlation separately 
for each phenotype group. For metabolomics 
data, adjusted Q < 0.1 was considered to be statis
tically significant. Important correlations 
(Spearman correlation coefficient >0.25 and unad
justed P-value <0.005) were visualized as networks 
using network and ggnetwork packages.56 The cor
relation results were visualized as heat maps using 
the ComplexHeatmaps package.57 For data proces
sing, visualization, and reporting of both micro
biota and metabolome data, R packages 
tidyverse,58 ggsignif,59 broom,60 and knitr61 were 
used.

Results

Participant characteristics

In total, 877 women and men (body mass index 
(BMI): 25–40 kg/m2, aged 40–75 year) were fully 
screened for eligibility between May 2018 and 
November 2021.6 Tissue-specific IR was assessed 
during a 7-point oral glucose tolerance test 
(OGTT) by calculating the muscle insulin sensitiv
ity index (MISI) and hepatic IR index (HIRI).28,29 
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Individuals were classified with predominant LIR 
or MIR using tertile cutoffs based on a previous 
study.9,30 After exclusion of 9 out of 242 rando
mized participants from analyses due to missing or 
low-quality fecal samples, we included data of 233 
women and men with complete microbiota profiles 
(89 LIR and 144 MIR; 16S rRNA gene sequencing, 
V3-V4 region).

General characteristics were similar between LIR 
and MIR phenotypes (Table 1). The LIR group 
tended to have a lower percentage of women com
pared to the MIR group (LIR: 51.7% and MIR: 
62.5%, P = 0.068). The LIR phenotype was charac
terized by a higher BMI and waist circumference 
(P = 0.024 and P = 0.030 respectively). Fasting 
plasma glucose (P = 0.003) and insulin (P = 0.047) 
were higher in LIR, while 2-hour glucose (P <  

0.001) and insulin (P < 0.001) were higher in MIR. 
Concomitant with IR classification criteria, MISI 
and HIRI were higher in the LIR group (both (P <  
0.001). The other OGTT-derived indices HOMA- 
IR (P = 0.019) and Disposition Index (P < 0.001) 
were also higher in LIR. There was a trend toward 
a higher Matsuda Index in MIR (P = 0.053). 
Relatively more people with LIR were classified as 
IFG, while more people with MIR were classified as 
IGT. In both groups, most people could be classi
fied as normal glucose tolerant (NGT). There were 
relatively more people using anti-inflammatory 
medication in the MIR group (P = 0.023). Total 
energy intake was higher in the LIR group (P =  
0.022), which may be related to a higher percentage 
of men (Table S1). The macronutrient breakdown 
of habitual dietary intake and physical activity were 

Table 1. Characteristics of study participants stratified by tissue-specific IR phenotype.
LIR phenotype MIR phenotype P-value

n = 89 n = 144

General characteristics
Age, years 59.6 ± 7.3 60.6 ± 8.1 0.344
Women, n (%) 46 (51.7%) 90 (62.5%) 0.068
Systolic blood pressure, mmHg 127 ± 16 126 ± 14 0.754
Diastolic blood pressure, mmHg 80 ± 11 79 ± 10 0.600
Anthropometrics and body composition
BMI, kg/m2 29.7 ± 3.6 29.5 ± 3.2 0.024
Waist circumference, cm 103.9 ± 10.8 101.0 ± 8.8 0.030
Waist-to-hip ratio 0.95 ± 0.09 0.93 ± 0.09 0.200
Body fat, % 36.3 ± 7.1 38.0 ± 7.7 0.104
VAT, L (LIR: n = 44, MIR: n = 47) 6.2 ± 2.2 5.4 ± 2.2 0.084
Glucose homeostasis
Fasting glucose, mmol/L 5.7 [5.2, 6.0] 5.4 [5.1, 5.7] 0.003
2-hour glucose, mmol/L 5.9 [5.2, 7.0] 7.0 [5.9, 8.4] <0.001
Fasting insulin, pmol/L 58.0 [45.2, 75.4] 52.5 [42.1, 69.5] 0.047
2-hour insulin, pmol/L 374.3 [229.2, 598.3] 511.1 [334.1, 823.0] <0.001
HOMA-IR, AU 2.0 [1.6, 2.8] 1.8 [1.4, 2.5] 0.019
HOMA-β, AU 80.7 [61.2, 106.0] 78.4 [61.0, 100.4] 0.661
Disposition Index, AU 451.7 [260.8, 629.2] 303.4 [213.4, 471.0] <0.001
Matsuda index, AU 9.4 [7.0, 13.2] 10.5 [7.9, 13.5] 0.053
MISI, AU 0.126 [0.106, 0.180] 0.070 [0.0478, 0.092] <0.001
HIRI, AU 626 [500, 780] 344 [272, 442] <0.001
Glucose status, n (%) <0.001
NGT 63 (70.8%) 93 (64.6%)
IFG 11 (12.4%) 2 (1.4%)
IGT 5 (5.6%) 32 (22.2%)
IGT+IFG 6 (6.7%) 6 (4.2%)
T2DM 4 (4.5%) 11 (7.6%)
Medication use, n (%)
Antidepressants 7 (7.9%) 8 (5.6%) 0.331
Antihypertensives 12 (13.5%) 30 (20.8%) 0.106
Anti-inflammatory 4 (4.5%) 19 (13.2%) 0.023
Statins 5 (5.6%) 11 (7.6%) 0.379
Other 27 (30.3%) 50 (34.7%) 0.293

Differences between IR phenotypes were assessed using independent T-test for normally distributed numerical data (mean ± SD), 
Mann-Whitney test for non-normally distributed numerical data (median [25th percentile, 75th percentile], and using Fisher’s 
exact test for categorial data (n [%]).*P < 0.05 for difference between LIR and MIR phenotypes (bold). AU, arbitrary unit; BMI, 
body mass index; VAT, visceral adipose tissue; HOMA-IR, homeostatic model assessment of insulin resistance; HOMA- β, 
homeostatic model assessment of β-cell function; MISI, muscle insulin sensitivity index; HIRI, hepatic insulin resistance index; 
NGT, normal glucose tolerant; IGT, impaired glucose tolerance; IFG, impaired fasting glucose; T2D, type 2 diabetes.
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similar between groups. In both groups, most indi
viduals had a normal self-reported stool consis
tency (BSS type 3 and 4) (Table S1).

Microbial community differences between LIR and 
MIR phenotypes

Microbial diversity and richness were similar 
between the LIR and MIR phenotypes, as indi
cated by the Inverse Simpson Index (P = 0.199), 
phylogenetic diversity (P = 0.331).There was 
a trend toward higher total observed taxa (P =  
0.072) and Shannon Index (P = 0.098) in the LIR 
phenotype (Figure 1(a)). In addition, the LIR 
and MIR phenotypes were characterized by 
a distinct overall microbial community compo
sition, as indicated by statistically significant 
PERMANOVA (adonis2) models with Bray- 
Curtis (P = 0.002, R2

phenotype = 0.007) and 
Jaccard (P = 0.002, R2

phenotype = 0.005) distances 

and Unweighted UniFrac (P = 0.035, R2
phenotype  

= 0.007) (Figure 1(b)). The model with weighted 
(P = 0.151, R2

phenotype = 0.006) distance was not 
different between the phenotypes. The covariates 
age and Bristol Stool Score significantly contrib
uted to all beta diversity indices, while the con
tributions of study center, sex, and habitual 
daily energy and fiber intake were either less 
consistent or non-significant (Table S2).

Differences in gut microbiota taxa between LIR and 
MIR phenotypes

In total there were 17 amplicon sequence variants 
(ASVs) with a differential abundance in LIR versus 
MIR phenotype, with 11 ASVs higher and 6 lower 
in the LIR compared to MIR phenotype 
(Figure 2(a)). These ASVs are closely linked to the 
differentially abundant genera in Figure 2(b) 
(Table S3). At genus level, we identified 10 bacterial 

Figure 1. Microbial diversity and microbial community structure in people with LIR and MIR. (a) Box plots show alpha-diversity and 
richness as indicated by the inverse Simpson Index, number of observed taxa phylogenetic diversity, and Shannon Index. (b) Distance- 
based redundancy analysis (dbRDA) plots show beta-diversity as indicated by Bray-Curtis dissimilarity index, Jaccard index, weighted 
UniFrac and unweighted UniFrac. P-values for PERMANOVA with adjustment for age, sex and study center, total energy intake, fiber 
intake and Bristol stool scale for beta-diversity (b). LIR, liver insulin resistance; MIR, muscle insulin resistance. P < 0.05.
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Figure 2. Differentially abundant gut microbial taxa between the LIR and MIR phenotypes. The trimmed mean of M values (TMM) 
normalized abundances of significantly different bacterial taxa at (a) ASV level and (b) genus level. Differences between liver IR and 
muscle IR were tested using zero-inflated binominal mixed models with adjustment for age, total energy intake, dietary fiber intake 
and Bristol stool scale (fixed variables), as well as sex and center (random variables). P-values were adjusted for multiple testing using 
Benjamini-Hochberg FDR. Adjusted Q-values < 0.1 were considered statistically different. Dotted lines indicate a negative coefficient, 
corresponding with higher abundance in LIR. ASV, amplicon sequence variant; LIR, liver insulin resistance; MIR, muscle insulin 
resistance.
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taxa with a differential abundance between LIR and 
MIR, of which 3 genera with a higher relative 
abundance in the LIR phenotype, and 7 with 
a higher relative abundance in the MIR phenotype 
(Figure 2(a)). In LIR, the genera Anaeroplasma, 
Blautia and Eubacterium Halli group were higher 
compared to MIR. The MIR phenotype was char
acterized by a higher abundance of the genera 
Akkermansia, Christensenella, Holdemania, 
Izemoplasmatales, Negativbacillus, Oscillospira, 
and Parasutterella.

Differences in functional indicators of microbial 
activity between LIR and MIR phenotypes

Next, we aimed to investigate whether the differ
ences in overall microbial community structure 
and gut microbiota taxa between LIR and MIR 
phenotypes translated into differences in plasma 
and fecal gut metabolites between these pheno
types. The postprandial GLP-1 response after 
a liquid high-fat mixed-meal (HFMM, 350 g con
taining 2.8 MJ, 49 g [64 en%] fat, 48 g [29 en%] 
CHO, 12 g [7 en%] protein) was higher in the LIR 

than MIR phenotype (AUC0-180 min, Q = 0.005) 
(Figure 3(a)). No differences between LIR and 
MIR were found in fasting GLP-1 (Q = 0.526) and 
in the plasma SCFAs acetate (Q = 0.550), propio
nate (Q = 0.550), butyrate (Q = 0.550), valerate (Q  
= 0.489), caproate (Q = 0.550) and the plasma 
BCFAs iso-butyrate (Q = 0.489), iso-valerate (p =  
0.550) and 2-methyl butyrate (Q = 0.550) (Figure 3 
(a–d)). However, fecal acetate (Q = 0.001), propio
nate (Q = 0.001) and butyrate (Q = 0.001), and fecal 
iso-butyrate (Q = 0.001) and iso-valerate (Q =  
0.001) concentrations were higher in the LIR than 
MIR phenotype (Figure 3(e,f)).

Metabolome profile and correlations with fecal 
bacteria

Additionally, we investigated whether tissue- 
specific IR is accompanied by specific plasma meta
bolome patterns. In total, 454 individual metabo
lites passed the quality check and were included for 
analysis. Before FDR-adjustment, 64 metabolites 
(indole SO4, ornithine, citrate, lipids and lipid deri
vates) appeared to have differential concentrations 

Figure 3. Plasma and fecal concentrations of gut-derived metabolites in people with LIR and MIR. (a) Plasma GLP-1 concentrations in 
fasting condition (t = 0) and postprandial after the ingestion of a HFMM (n = 160). (b-d). Plasma SCFA and BCFA concentrations (n = 
82, MUMC+ center only). (e-f) Fecal SCFA and BCFA concentrations (n = 117, MUMC+ center only). Values are presented as mean ± 
SEM. Differences between muscle and liver IR were tested using linear mixed models with adjustment for age, sex, center, total energy 
intake, fiber intake and Bristol stool scale for plasma GLP-1 and age, sex, total energy intake, fiber intake and Bristol stool scale for 
plasma and fecal SCFAs and BCFAs. P-values were adjusted for multiple testing using Benjamini-Hochberg FDR. Statistical significance 
if *FDR adjusted Q < 0.05. BCFA, branch-chain fatty acid; GLP-1, glucagon-like peptide-1; HFMM, high-fat mixed-meal; LIR, liver insulin 
resistance; MIR, muscle insulin resistance; SCFA, short-chain fatty acid; SEM, standard error of the mean.
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in LIR compared to MIR (P < 0.05), which disap
peared after adjustment for multiple testing (Q <  
0.1) (Figure 4(a),Table S4). However, using CCA 
analysis, we identified a distinct metabolite pattern 
in the LIR versus MIR phenotype (P = 0.008, Log10 
transformed normalized count) (Figure 4(b)).

Next, we assessed correlations between the bac
terial taxa and the plasma metabolome, plasma GLP- 
1 and SCFAs, BCFAs in plasma or feces, which is 
visualized as structural networks in Figure 4(c,d). 
There are distinct network hubs in the LIR versus 
MIR phenotypes. In LIR (Figure 4(c)), there are 
mainly positive network hubs related to the genera 
Alistipes (correlated with n = 150 metabolites), 
Holdemania (correlated with n = 90 metabolites), 
Bilophila (correlated with n = 63 metabolites), 

Bacteroides (correlated with n = 49 metabolites) 
and Barnesiella (correlated with n = 49 metabolites) 
(Table S5). The network hubs in MIR are less inter
connected and are characterized by both positive 
and negative correlations (Figure 4(d)).

In addition, the LIR and MIR phenotypes showed 
distinct patterns in the types of correlations between 
microbial genera and either plasma or fecal metabo
lites (Figure S1). Only in the LIR phenotype, the 
genera Alistipes, Bilophila and Holdemania were posi
tively and the genus Desulfovibrio negatively related 
to a range of lipid compounds (Figure S1A). In addi
tion, there was a negative correlation between 
Butyricicoccus and p-cresol SO4. In MIR, only the 
genus Oscilospirales 010 was negatively correlated to 
3 lipid compounds. On the other hand, in contrast to 

Figure 4. Plasma metabolome in LIR versus MIR and correlations with bacterial taxa on genus level. (a) Visual representation of 
P-values (left) and FDR-adjusted Q-values (right) of individual metabolites. Linear mixed-effect models included sex and study center 
as random variable and phenotype, age, Bristol stool score, habitual energy intake, and habitual fiber intake as fixed variables. 
Negative estimates indicate higher concentrations in LIR. Q < 0.1. (b) Canonical correspondence analysis (CCA) of the plasma 
metabolome profile between the LIR and MIR phenotypes, using the same parameters as constraining factors described in (a). 
Significance P < 0.05.(c,d) Network visualization of Spearman’s rank correlation analysis between metabolites and bacterial taxa at 
genus level in the LIR (c) and (d) MIR phenotypes. Only important correlations >0.25 with an unadjusted P-value < 0.005 are shown.

GUT MICROBES 11



LIR, the MIR phenotype was characterized by more 
prominent and merely positive correlations between 
microbial taxa and plasma and fecal SCFA and BCFA 
(Figure S1C-D). We did not find any correlations 
between plasma GLP-1 and microbial taxa in both 
the LIR and MIR phenotypes (data not shown). 
Overall, at genus level, all correlations were unique 
to either MIR or LIR and related to specific functional 
subsets of metabolites.

Differential microbiota composition in LIR and MIR 
compared to a ‘No IR’ phenotype

We next determined whether LIR and MIR had 
a distinct microbiota composition compared to 
a reference cohort consisting of individuals without 
LIR or MIR (‘No IR’ phenotype, Methods section). 
The LIR and MIR phenotypes had a higher age, 
fasting plasma glucose and insulin compared to the 
‘No IR’ group (Table S6). Furthermore, individuals 
with LIR had a higher waist circumference and 
a higher HIRI value compared to those with ‘No 

IR’. The 2-hour plasma glucose concentration and 
MISI was higher only in people with MIR compared 
to people with ‘No IR’.

Microbial diversity, reflected by the Inverse 
Simpson Index (LIR, P= 0.061; MIR, P = 0.186), num
ber of observed taxa (LIR, P = 0.842; MIR, P = 0.461), 
phylogenetic diversity (LIR, P = 0.544; MIR, P =  
0.860) and Shannon Index (LIR, P = 0.073; MIR, P  
= 0.309), were no different between LIR, MIR, and No 
IR phenotypes (Figure 5(a)). However, we identified 
distinct microbial community structures between the 
3 metabolic phenotypes for Bray-Curtis Dissimilarity 
Index (P = 0.001, R2

phenotype = 0.013), Jaccard Index 
(P = 0.001, R2

phenotype = 0.010), Weighted UniFrac (P  
= 0.001, R2

phenotype = 0.018), and Unweighted 
UniFrac (P = 0.008, R2

phenotype = 0.012) (Figure 5(b)).

Discussion

In this cross-sectional study, we investigated whether 
people with LIR compared to MIR have distinct gut 
microbiota features. Both gut microbiota composition 

Figure 5. Microbial diversity and microbial community structure in people with LIR and MIR compared to ‘No IR’. (a) Box plots show 
alpha-diversity and richness as indicated by the inverse Simpson index, number of observed taxa, phylogenetic diversity and Shannon 
index. (b) Distance-based redundancy analysis (dbRDA) plots show beta-diversity as indicated by the Bray-Curtis dissimilarity, Jaccard 
index and weighted and unweighted UniFrac. P-values for alpha diversity and richness (a) are for linear mixed models, and 
PERMANOVA (b) with adjustment for age, sex, study center. LIR, liver insulin resistance; MIR, muscle insulin resistance. P < 0.05.
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and concentrations of functional markers of gut 
microbiota activity were determined in deeply- 
phenotyped individuals with overweight or obesity 
with predominant LIR or MIR. We demonstrated 
that these phenotypes are characterized by a distinct 
gut microbial composition and gut-related metabolite 
profile. Interestingly, the overall microbial commu
nity structure of LIR and MIR differed from 
a reference cohort without IR as well. Individuals 
with LIR showed enrichment of individual beneficial, 
potent SCFA producing bacterial taxa compared to 
individuals with MIR. In line, fecal SCFA and BCFA 
concentrations and the postprandial plasma GLP-1 
response, linked to gut microbiota activity as func
tional markers, were also higher in individuals with 
LIR compared to MIR. Finally, we found differences 
in microbiota-metabolites correlational networks in 
individuals with LIR versus MIR.

Our present study showed differences in overall 
microbial community structure between LIR and 
MIR phenotypes, which was independent of impor
tant confounders such as age, sex, geographic loca
tion, Bristol Stool Score and habitual dietary intake.62 

Still, in this model the explained variance for tissue- 
specific IR phenotype was relatively small, indicating 
the high individuality of the gut microbiota. However, 
differences in individual microbes did point toward 
MIR and LIR-specific microbial phenotypes. We 
found differences in several microbial taxa abun
dances between LIR and MIR. More specifically, 
Eubacterium hallii group, Blautia and Anaeroplasma 
genera were more abundant in the LIR phenotype. 
These taxa, which reflect approximately 5% of the 
total microbiota community at genus level in LIR, 
have been established as SCFA producers and have 
been linked to beneficial health effects, including 
improved insulin sensitivity in mice63 and lower visc
eral fat mass in adults.64,65 Interestingly, the abun
dance of the genus Akkermansia, which is well known 
for having a positive effect on human health,66 was 
higher in MIR. Overall, we could not translate this 
finding into functional markers of gut microbiota 
activity in this cohort.

The higher functional potential of compositional 
features in individuals with the LIR phenotype may be 
reflected by her concentrations of fecal SCFAs, BCFAs 
and postprandial plasma GLP-1 in individuals with 
LIR compared to MIR. Additionally, the higher 

postprandial plasma GLP-1 response may point 
toward higher SCFA-stimulated GLP-1 secretion by 
intestinal L-cells in LIR compared to MIR.67 Although 
the combination of microbial composition with abun
dant SCFA-producing taxa as well as increased fecal 
SCFA concentrations indicate a higher SCFA produc
tion in LIR, circulating concentrations were similar 
between LIR and MIR. Possibly, SCFAs may be taken 
up, metabolized or excreted faster in either one of the 
phenotypes, making it difficult to assess the true total 
production of SCFAs in an in vivo setting. Given the 
role of GLP-1 in regulating glucose metabolism,68 our 
data support the idea that the gut microbiota-related 
features in people with LIR are more favorable com
pared to MIR.

Importantly, these findings highlight potential dif
ference contributors to IR in the liver versus muscle. 
Whereas LIR is characterized by a more beneficial gut 
microbial profile, we previously reported a greater 
disturbance of the blood lipid profile and higher 
visceral fat content in this phenotype.69,70 The phe
notype-specific microbiota – plasma metabolites cor
relational patterns may further confirm the distinct 
interplay between the gut microbiota and metabolic 
effects in tissue-specific IR. Here, the genera Alistipes, 
Bilophila and Holdemania were positively and the 
genus Desulfovibrio negatively related to a range of 
lipid compounds, while we did not detect a similar 
pattern in the MIR phenotype. This would be in line 
with previously confirmed LIR-specific abnormalities 
in the plasma lipid profile.71 This may suggest that 
people with MIR could benefit more from gut micro
biota-targeted interventions to improve cardiometa
bolic health, while LIR may benefit more from other 
types of interventions. However, these underlying 
metabolic mechanisms of tissue-specific IR linked to 
the gut microbiota should be investigated further.

Lastly, we also found that the overall microbial 
community structure in people with LIR and MIR 
were different from a reference population without 
LIR or MIR. These phenotype-dependent microbial 
community differences are in line with previous stu
dies, in which significant gut microbiota alterations 
were found in individuals with obesity, IR and T2D 
compared to healthy controls.72,73 It has been 
reported that the gut microbial profile of people 
with especially impaired glucose tolerance (IGT), 
who are characterized by worse peripheral (muscle) 
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insulin sensitivity, have a more deviating microbial 
profile compared to individuals with normoglycemia 
and impaired fasting glucose, pointing toward a more 
dysbiotic state associated with MIR.20 It remains to be 
determined to what extent fasting and postprandial 
gut metabolite profiles in LIR and MIR differ from 
other phenotypes such as individuals without IR or 
those with T2D.

A major strength of the present study is the 
extensive metabolic phenotyping in individuals 
with tissue-specific IR, as well as the assessment 
of several parameters related to gut microbiota 
activity, in addition to gut microbiota composi
tion. Nevertheless, our study also has several 
limitations. First, the sample size (n = 233) is 
relatively small compared to other observational 
studies. Importantly, the smaller reference 
cohort without tissue-specific IR was not part 
of the original study design and was included 
post-hoc. Although the study participants were 
matched to clinical parameters and date of col
lection of the main cohort, we could have still 
introduced some unknown bias and variation to 
the analyses. Secondly, bacterial metabolites 
including fecal and plasma SCFA and BCFA 
were measured in a subgroup of the study popu
lation with the LIR and MIR phenotypes, which 
may have impacted the study findings. Hence, 
the current findings require replication in larger, 
more diverse cohorts. Future work related to 
metabotyping and concomitant gut microbiota 
profiling may include metagenomic sequencing 
to be able to improve higher taxonomic resolu
tion and to deepen the mechanistic understand
ing of the role of the gut microbiota in relation 
to the heterogeneity in tissue-specific IR and 
metabolic traits.74 Another limitation of this 
study is the use of OGTT-derived measures for 
assessment of tissue-specific IR. The estimated 
MISI and HIRI have been validated against the 
gold-standard clamp28 and have been previously 
used in intervention studies and cohorts. 
Contrary to standardized clamp-derived insulin 
sensitivity measures, MISI and HIRI may to 
some extent be determined by other biological 
processes such as the rate of glucose absorption 
as well as the incretin response. Furthermore, 
OGTT-derived indices are known for their 

modest reproducibility.75 Nevertheless, previous 
data show robust and reproducible distinct 
metabolome, lipidome, abdominal adipose tissue 
transcriptome and systemic inflammatory pro
files in MIR and LIR defined with one 
OGTT.7,9,71

Conclusion

The present study demonstrates for the first time 
that LIR and MIR phenotypes are characterized by 
differential gut microbial composition and gut 
metabolite profile in humans with overweight or 
obesity. We observed higher abundance of bacteria 
that have previously been linked to SCFA produc
tion and good metabolic health, as well as higher 
gut-derived metabolites (GLP-1, SCFAs, BCFAs) in 
LIR compared to MIR. This points toward an over
all more favorable microbial profile in LIR com
pared to MIR, which may indicate that people with 
MIR may be more susceptible to gain health bene
fits specifically through gut microbiota modula
tion. Together, the present findings support a role 
of the gut microbiota as modifiable factor under
lying tissue dysmetabolism and tissue-specific IR in 
individuals at increased risk for T2D. Future stu
dies are needed to elucidate whether the microbiota 
composition in people with MIR, LIR and other 
cardiometabolic phenotypes may mediate tissue- 
specific improvements in insulin sensitivity after 
lifestyle or pharmacological intervention.

Acknowledgments

The authors genuinely thank the study participants for their 
contribution. We thank Jessica Verhoeven (Centre for 
Healthy Eating & Food Innovation, Maastricht University 
Campus Venlo, the Netherlands), Wendy Sluijsmans, Hasibe 
Aydeniz, Yvonne Essers, Nicole Hoebers and Freek Bouwman 
(Department of Human Biology, Maastricht University 
Medical Center, Maastricht, the Netherlands) and Martin 
Stadler and Andre Duesterloh (DSM-Firmenich, 
Kaiseraugst, Switzerland) for the support with performing 
lab analyses. Lastly, we thank Lina Omary, Milou Beelen, 
Dilemin Yildiz, Axelle Hoge (Department of Human 
Biology, Maastricht University Medical Center+, Maastricht, 
the Netherlands), Henriette Fick, Koen Manusama, Mechteld 
Grootte-Bromhaar, Odette Paling, Meeke Ummels, (Division 
of Human Nutrition and Health, Wageningen University & 

14 K. M. JARDON ET AL.



Research, Wageningen, Wageningen, the Netherlands) and all 
other colleagues and students for their indispensable contri
bution to the execution of the study.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This work was supported by the TiFN [16NH04].

ORCID

Kelly M. Jardon http://orcid.org/0000-0001-8859-375X
Alexander Umanets http://orcid.org/0000-0001-8139-0925
Anouk Gijbels http://orcid.org/0000-0002-1128-5481
Inez Trouwborst http://orcid.org/0000-0001-9538-7954
Gabby B. Hul http://orcid.org/0000-0002-6763-4265
Els Siebelink http://orcid.org/0000-0001-7986-575X
Lars M.M. Vliex http://orcid.org/0000-0002-5295-4223
Jacco J.A.J. Bastings http://orcid.org/0000-0003-4363-8955
Rosa Argamasilla http://orcid.org/0000-0002-0251-9581
Koen Venema http://orcid.org/0000-0001-7046-5127
Lydia A. Afman http://orcid.org/0000-0002-7939-6217
Gijs H. Goossens http://orcid.org/0000-0002-2092-3019
Ellen E. Blaak http://orcid.org/0000-0002-2496-3464

Author contributions

K.M.J. drafted the manuscript. K.M.J and A.U. were respon
sible for formal data analysis. K.M.J, A.G. and I.T. were 
responsible for data collection and project administration. G. 
B.H. was responsible for data management of the study. E. 
S. was responsible for dietary resources. L.M.M.V. and J.J.A. 
B. were involved in data collection. R.A. supported in labora
tory analyses. K.V. supported in methodology and statistical 
analysis. K.M.J., A.U., G.H.G. and E.E.B. conceptualized the 
manuscript. L.A.A., G.H.G and E.E.B. co-designed the study. 
E.E.B. was project leader, principal investigator and obtained 
funding for the project. All authors actively participated in 
project development, discussion of results, and revision of the 
article, and approved the final version of the manuscript.

Data and code availability

The published article and supplemental information con
tain the clinical data used to generate the figures in the 
paper. Data generated by 16S rRNA sequencing and corre
sponding deidentified participant metadata are deposited in 
the National Center for Biotechnology Information 
Sequence Read Archive (NCBI SRA) under accession 
code: PRJNA1011518. The complete microbiota analysis 

pipeline is published at https://github.com/AlexanderUm/ 
PERSON_microbiome_and_phenotype. Any other infor
mation required to reanalyze the data reported in this 
paper is available from the lead contact upon reasonable 
request.

References

1. WHO. Obesity and overweight. 2021. https://www. 
who.int/news-room/fact-sheets/detail/obesity-and- 
overweight .

2. Valsesia A, Saris WH, Astrup A, Hager J, Masoodi M. 
Distinct lipid profiles predict improved glycemic con
trol in obese, nondiabetic patients after a low-caloric 
diet intervention: the diet, obesity and genes rando
mized trial. Am J Clin Nutr. 2016;104(3):566–575. doi:  
10.3945/ajcn.116.137646  .

3. Yubero-Serrano EM, Delgado-Lista J, Tierney AC, 
Perez-Martinez P, Garcia-Rios A, Alcala-Diaz JF, 
Castaño JP, Tinahones FJ, Drevon CA, Defoort C, 
et al. Insulin resistance determines a differential 
response to changes in dietary fat modification on 
metabolic syndrome risk factors: the LIPGENE study. 
Am J Clin Nutr. 2015;102(6):1509–1517. doi: 10.3945/ 
ajcn.115.111286  .

4. Berry SE, Valdes AM, Drew DA, Asnicar F, Mazidi M, 
Wolf J, Capdevila J, Hadjigeorgiou G, Davies R, Al 
Khatib H, et al. Human postprandial responses to 
food and potential for precision nutrition. Nat Med. 
2020;26(6):964–973. doi: 10.1038/s41591-020-0934-0  .

5. Zeevi D, Korem T, Zmora N, Israeli D, Rothschild D, 
Weinberger A, Ben-Yacov O, Lador D, Avnit-Sagi T, 
Lotan-Pompan M, et al. Personalized nutrition by pre
diction of glycemic responses. Cell. 2015;163 
(5):1079–1094. doi: 10.1016/j.cell.2015.11.001  .

6. Trouwborst I, Gijbels A, Jardon KM, Siebelink E, 
Hul GB, Wanders L, Erdos B, Péter S, Singh-Povel 
CM, de Vogel-van den Bosch J, et al. Cardiometabolic 
health improvements upon dietary intervention are 
driven by tissue-specific insulin resistance phenotype: 
a precision nutrition trial. Cell Metabolism. 2023;35 
(1):71–83.e5. doi: 10.1016/j.cmet.2022.12.002  .

7. van der Kolk BW, Kalafati M, Adriaens M, van 
Greevenbroek MMJ, Vogelzangs N, Saris WHM, 
Astrup A, Valsesia A, Langin D, van der Kallen CJH, 
et al. Subcutaneous adipose tissue and systemic inflam
mation are associated with peripheral but not hepatic 
insulin resistance in humans. Diabetes. 2019;68 
(12):2247–2258. doi: 10.2337/db19-0560  .

8. van der Kolk BW, Vogelzangs N, Jocken JWE, 
Valsesia A, Hankemeier T, Astrup A, Saris WHM, 
Arts ICW, van Greevenbroek MMJ, Blaak EE. Plasma 
lipid profiling of tissue-specific insulin resistance in 
human obesity. Int J Obes. 2019;43(5):989–998. doi:  
10.1038/s41366-018-0189-8  .

GUT MICROBES 15

https://github.com/AlexanderUm/PERSON_microbiome_and_phenotype
https://github.com/AlexanderUm/PERSON_microbiome_and_phenotype
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://doi.org/10.3945/ajcn.116.137646
https://doi.org/10.3945/ajcn.116.137646
https://doi.org/10.3945/ajcn.115.111286
https://doi.org/10.3945/ajcn.115.111286
https://doi.org/10.1038/s41591-020-0934-0
https://doi.org/10.1016/j.cell.2015.11.001
https://doi.org/10.1016/j.cmet.2022.12.002
https://doi.org/10.2337/db19-0560
https://doi.org/10.1038/s41366-018-0189-8
https://doi.org/10.1038/s41366-018-0189-8


9. Vogelzangs N, van der Kallen CJH, van 
Greevenbroek MMJ, van der Kolk BW, Jocken JWE, 
Goossens GH, Schaper NC, Henry RMA, Eussen SJPM, 
Valsesia A, et al. Metabolic profiling of tissue-specific 
insulin resistance in human obesity: results from the 
diogenes study and the Maastricht study. Int J Obes 
(Lond). 2020;44(6):1376–1386. doi: 10.1038/s41366- 
020-0565-z  .

10. Song Y, Sondergaard E, Jensen MD. Unique metabolic 
features of adults discordant for indices of insulin 
resistance. J Clinic Endocrinol & Metabol. 2020;105 
(8):e2753–e2763. doi: 10.1210/clinem/dgaa265  .

11. Trouwborst I, Wouters K, Jocken JW, Jardon KM, 
Gijbels A, Dagnelie PC, van Greevenbroek MMJ, van 
der Kallen CJ, Stehouwer CDA, Schalkwijk CG, et al. 
Circulating and adipose tissue immune cells in 
tissue-specific insulin resistance in humans with over
weight and obesity. Obes (Silver Spring). 2023;31 
(5):1326–1337. doi: 10.1002/oby.23714  .

12. Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, 
Falony G, Almeida M, Arumugam M, Batto J-M, 
Kennedy S, et al. Richness of human gut microbiome 
correlates with metabolic markers. Nature. 2013;500 
(7464):541–546. doi: 10.1038/nature12506  .

13. Pedersen HK, Gudmundsdottir V, Nielsen HB, 
Hyotylainen T, Nielsen T, Jensen BAH, Forslund K, 
Hildebrand F, Prifti E, Falony G, et al. Human gut 
microbes impact host serum metabolome and insulin 
sensitivity. Nature. 2016;535(7612):376–381. doi: 10. 
1038/nature18646  .

14. Qin J, Li Y, Cai Z, Li S, Zhu J, Zhang F, Liang S, 
Zhang W, Guan Y, Shen D, et al. A metagenome-wide 
association study of gut microbiota in type 2 diabetes. 
Nature. 2012;490(7418):55–60. doi: 10.1038/nat 
ure11450  .

15. Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, 
Duncan A, Ley RE, Sogin ML, Jones WJ, Roe BA, 
Affourtit JP, et al. A core gut microbiome in obese 
and lean twins. Nature. 2009;457(7228):480–484. doi:  
10.1038/nature07540  .

16. Aron-Wisnewsky J, Prifti E, Belda E, Ichou F, 
Kayser BD, Dao MC, Verger EO, Hedjazi L, 
Bouillot J-L, Chevallier J-M, et al. Major microbiota 
dysbiosis in severe obesity: fate after bariatric surgery. 
Gut. 2019;68(1):70–82. doi: 10.1136/gutjnl-2018- 
316103  .

17. Canfora EE, Meex RCR, Venema K, Blaak EE. Gut 
microbial metabolites in obesity, NAFLD and T2DM. 
Nat Rev Endocrinol. 2019;15(5):261–273. doi: 10.1038/ 
s41574-019-0156-z  .

18. Zhao L, Zhang F, Ding X, Wu G, Lam YY, Wang X, 
Fu H, Xue X, Lu C, Ma J, et al. Gut bacteria selectively 
promoted by dietary fibers alleviate type 2 diabetes. 
Science. 2018;359(6380):1151–1156. doi: 10.1126/ 
science.aao5774  .

19. Allin KH, Tremaroli V, Caesar R, Jensen BAH, 
Damgaard MTF, Bahl MI, Licht TR, Hansen TH, 

Nielsen T, Dantoft TM, et al. Aberrant intestinal micro
biota in individuals with prediabetes. Diabetologia. 
2018;61(4):810–820. doi: 10.1007/s00125-018-4550-1  .

20. Wu H, Tremaroli V, Schmidt C, Lundqvist A, 
Olsson LM, Krämer M, Gummesson A, Perkins R, 
Bergström G, Bäckhed F. The gut microbiota in pre
diabetes and diabetes: a population-based 
cross-sectional study. Cell Metabolism. 2020;32 
(3):379–390.e3. doi: 10.1016/j.cmet.2020.06.011  .

21. Robertson MD, Wright JW, Loizon E, Debard C, 
Vidal H, Shojaee-Moradie F, Russell-Jones D, 
Umpleby AM. Insulin-sensitizing effects on muscle 
and adipose tissue after dietary fiber intake in men 
and women with metabolic syndrome. J Clinic 
Endocrinol Metabol. 2012;97(9):3326–3332. doi: 10. 
1210/jc.2012-1513  .

22. Vrieze A, Van Nood E, Holleman F, Salojärvi J, 
Kootte RS, Bartelsman JFWM, Dallinga–Thie GM, 
Ackermans MT, Serlie MJ, Oozeer R, et al. Transfer of 
intestinal microbiota from lean donors increases insu
lin sensitivity in individuals with metabolic syndrome. 
Gastroenterology. 2012;143(4):913–916.e7. doi: 10. 
1053/j.gastro.2012.06.031  .

23. Christensen L, Vuholm S, Roager HM, Nielsen DS, 
Krych L, Kristensen M, Astrup A, Hjorth MF. 
Prevotella abundance predicts weight loss success in 
healthy, overweight adults consuming a whole-grain 
diet ad libitum: a post hoc analysis of a 6-wk rando
mized controlled trial. J Drug Issues Of Nutrition. 
2019;149(12):2174–2181. doi: 10.1093/jn/nxz198  .

24. Hjorth MF, Blædel T, Bendtsen LQ, Lorenzen JK, 
Holm JB, Kiilerich P, Roager HM, Kristiansen K, 
Larsen LH, Astrup A, et al. Prevotella-to-bacteroides 
ratio predicts body weight and fat loss success on 
24-week diets varying in macronutrient composition 
and dietary fiber: results from a post-hoc analysis. 
Int J Obes (Lond). 2019;43(1):149–157. doi: 10.1038/ 
s41366-018-0093-2  .

25. Ben-Yacov O, Godneva A, Rein M, Shilo S, Lotan- 
Pompan M, Weinberger A, Segal E. Gut microbiome 
modulates the effects of a personalised 
postprandial-targeting (PPT) diet on cardiometabolic 
markers: a diet intervention in pre-diabetes. Gut. 
2023;72(8):1486–1496. doi: 10.1136/gutjnl-2022- 
329201  .

26. Trouwborst I. Distinct metabolic phenotypes towards 
cardiometabolic diseases: implications for precision 
nutrition strategies. Maastricht: Maastricht University; 
2023. doi: 10.26481/dis.20230202it  .

27. Gijbels A, Trouwborst I, Jardon KM, Hul GB, 
Siebelink E, Bowser SM, Yildiz D, Wanders L, 
Erdos B, Thijssen DHJ, et al. The PERSonalized glucose 
optimization through nutritional intervention 
(PERSON) study: rationale, design and preliminary 
screening results. Front Nutr. 2021;8:694568. doi: 10. 
3389/fnut.2021.694568  .

16 K. M. JARDON ET AL.

https://doi.org/10.1038/s41366-020-0565-z
https://doi.org/10.1038/s41366-020-0565-z
https://doi.org/10.1210/clinem/dgaa265
https://doi.org/10.1002/oby.23714
https://doi.org/10.1038/nature12506
https://doi.org/10.1038/nature18646
https://doi.org/10.1038/nature18646
https://doi.org/10.1038/nature11450
https://doi.org/10.1038/nature11450
https://doi.org/10.1038/nature07540
https://doi.org/10.1038/nature07540
https://doi.org/10.1136/gutjnl-2018-316103
https://doi.org/10.1136/gutjnl-2018-316103
https://doi.org/10.1038/s41574-019-0156-z
https://doi.org/10.1038/s41574-019-0156-z
https://doi.org/10.1126/science.aao5774
https://doi.org/10.1126/science.aao5774
https://doi.org/10.1007/s00125-018-4550-1
https://doi.org/10.1016/j.cmet.2020.06.011
https://doi.org/10.1210/jc.2012-1513
https://doi.org/10.1210/jc.2012-1513
https://doi.org/10.1053/j.gastro.2012.06.031
https://doi.org/10.1053/j.gastro.2012.06.031
https://doi.org/10.1093/jn/nxz198
https://doi.org/10.1038/s41366-018-0093-2
https://doi.org/10.1038/s41366-018-0093-2
https://doi.org/10.1136/gutjnl-2022-329201
https://doi.org/10.1136/gutjnl-2022-329201
https://doi.org/10.26481/dis.20230202it
https://doi.org/10.3389/fnut.2021.694568
https://doi.org/10.3389/fnut.2021.694568


28. Abdul-Ghani MA, Matsuda M, Balas B, DeFronzo RA. 
Muscle and liver insulin resistance indexes derived 
from the oral glucose tolerance test. Diabetes Care. 
2007;30(1):89–94. doi: 10.2337/dc06-1519  .

29. O’Donovan SD, Lenz M, Goossens GH, van der 
Kallen CJH, Eussen SJMP, Stehouwer CDA, van 
Greevenbroek MM, Schram MT, Sep SJ, Peeters RLM, 
et al. Improved quantification of muscle insulin sensi
tivity using oral glucose tolerance test data: the MISI 
calculator. Sci Rep. 2019;9(1):9388. doi: 10.1038/ 
s41598-019-45858-w  .

30. Schram MT, Sep SJS, van der Kallen CJ, Dagnelie PC, 
Koster A, Schaper N, Henry RMA, Stehouwer CDA. 
The maastricht study: an extensive phenotyping study 
on determinants of type 2 diabetes, its complications 
and its comorbidities. Eur J Epidemiol. 2014;29 
(6):439–451. doi: 10.1007/s10654-014-9889-0  .

31. Matthews DR, Hosker JP, Rudenski AS, Naylor BA, 
Treacher DF, Turner RC. Homeostasis model assessment: 
insulin resistance and beta-cell function from fasting 
plasma glucose and insulin concentrations in man. 
Diabetologia. 1985;28(7):412–419. doi: 10.1007/ 
BF00280883  .

32. Matsuda M, DeFronzo RA. Insulin sensitivity indices 
obtained from oral glucose tolerance testing: compar
ison with the euglycemic insulin clamp. Diabetes Care. 
1999;22(9):1462–1470. doi: 10.2337/diacare.22.9.1462  .

33. Alberti KG, Zimmet PZ. Definition, diagnosis and clas
sification of diabetes mellitus and its complications. 
Part 1: diagnosis and classification of diabetes mellitus 
provisional report of a WHO consultation. Diabet Med. 
1998;15(7):539–553. doi: 10.1002/(SICI)1096-9136 
(199807)15:7<539::AID-DIA668>3.0.CO;2-S  .

34. Streppel MT, de Vries JH, Meijboom S, Beekman M, de 
Craen AJ, Slagboom PE, Feskens EJ. Relative validity of 
the food frequency questionnaire used to assess dietary 
intake in the leiden longevity study. Nutr J. 2013;12 
(1):75. doi: 10.1186/1475-2891-12-75  .

35. Baecke JA, Burema J, Frijters JE. A short questionnaire 
for the measurement of habitual physical activity in 
epidemiological studies. Am J Clin Nutr. 1982;36 
(5):936–942. doi: 10.1093/ajcn/36.5.936  .

36. Orskov C, Rabenhoj L, Wettergren A, Kofod H, 
Holst JJ. Tissue and plasma concentrations of amidated 
and glycine-extended glucagon-like peptide I in 
humans. Diabetes. 1994;43(4):535–539. doi: 10.2337/ 
diab.43.4.535  .

37. Han J, Lin K, Sequeira C, Borchers CH. An isotope-labeled 
chemical derivatization method for the quantitation of 
short-chain fatty acids in human feces by liquid 
chromatography-tandem mass spectrometry. Anal Chim 
Acta. 2015;854:86–94. doi: 10.1016/j.aca.2014.11.015  .

38. van Deuren T, Smolders L, Hartog A, Bouwman FG, 
Holst JJ, Venema K, Blaak EE, Canfora EE. Butyrate and 
hexanoate-enriched triglycerides increase postprandrial 
systemic butyrate and hexanoate in men with over
weight/obesity: a double-blind placebo-controlled 

randomized crossover trial. Front Nutr. 2022;9:1066950. 
doi: 10.3389/fnut.2022.1066950  .

39. Pacifico C, Stauder A, Reisinger N, Schwartz- 
Zimmermann HE, Zebeli Q. Distinct serum metabolo
mic signatures of multiparous and primiparous dairy 
cows switched from a moderate to high-grain diet dur
ing early lactation. Metabolomics. 2020;16(9):96. doi:  
10.1007/s11306-020-01712-z  .

40. Lewis SJ, Heaton KW. Stool form scale as a useful guide 
to intestinal transit time. Scand J Gastro. 1997;32 
(9):920–924. doi: 10.3109/00365529709011203  .

41. Lacy BE, Patel NK. Rome Criteria and a diagnostic 
approach to irritable bowel syndrome. J Clin Med. 
2017;6(11):99. doi: 10.3390/jcm6110099  .

42. Cuevas-Tena M, Alegria A, Lagarda MJ, Venema K. 
Impact of plant sterols enrichment dose on gut micro
biota from lean and obese subjects using 
TIM-2fermentation model. J Funct Foods. 
2019;54:164–174. doi: 10.1016/j.jff.2019.01.005  .

43. Venema K, Verhoeven J, Verbruggen S, Keller D. Xylo- 
oligosaccharides from sugarcane show prebiotic poten
tial in a dynamic computer-controlled in vitro model of 
the adult human large intestine. Benef Microbes. 
2020;11(2):191–200. doi: 10.3920/BM2019.0159  .

44. Surono IS, Widiyanti D, Kusumo PD, Venema K, 
Carbonero F. Gut microbiota profile of Indonesian 
stunted children and children with normal nutritional 
status. PLOS ONE. 2021;16(1):e0245399. doi: 10.1371/ 
journal.pone.0245399  .

45. Bolyen E, Rideout JR, Dillon MR, Bokulich NA, 
Abnet CC, Al-Ghalith GA, Alexander H, Alm EJ, 
Arumugam M, Asnicar F, et al. Reproducible, interac
tive, scalable and extensible microbiome data science 
using QIIME 2. Nat Biotechnol. 2019;37(8):852–857. 
doi: 10.1038/s41587-019-0209-9  .

46. Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, 
Johnson AJA, Holmes SP. DADA2: high-resolution sam
ple inference from illumina amplicon data. Nat Methods. 
2016;13(7):581–583. doi: 10.1038/nmeth.3869  .

47. Quast C, Pruesse E, Yilmaz P, Gerken J, Schweer T, 
Yarza P, Peplies J, Glöckner FO. The SILVA ribosomal 
RNA gene database project: improved data processing 
and web-based tools. Nucleic Acids Research. 2012;41 
(D1):D590–D596. doi: 10.1093/nar/gks1219  .

48. Bates D, Mächler M, Bolker B, Walker S. Fitting linear 
mixed-effects models using lme4. J Stat Softw. 2015;67 
(1):1–48. doi: 10.18637/jss.v067.i01  .

49. Kuznetsova A, Brockhoff PB, Christensen RH. lmerTest 
package: tests in linear mixed effects models. J Stat 
Softw. 2017;82(13):1–26. doi: 10.18637/jss.v082.i13  .

50. R Core Team. R: a language and environment for statis
tical computing. Vienna, Austria: R Foundation for 
Statistical Computing; 2021. https://www.R-project.org/ .

51. Bisanz J. 2018. Qiime2R: Importing QIIME2 artifacts 
and associated data into R sessions. github. https:// 
github.com/jbisanz/qiime2R .

GUT MICROBES 17

https://doi.org/10.2337/dc06-1519
https://doi.org/10.1038/s41598-019-45858-w
https://doi.org/10.1038/s41598-019-45858-w
https://doi.org/10.1007/s10654-014-9889-0
https://doi.org/10.1007/BF00280883
https://doi.org/10.1007/BF00280883
https://doi.org/10.2337/diacare.22.9.1462
https://doi.org/10.1002/(SICI)1096-9136(199807)15:7%3C539::AID-DIA668%3E3.0.CO;2-S
https://doi.org/10.1002/(SICI)1096-9136(199807)15:7%3C539::AID-DIA668%3E3.0.CO;2-S
https://doi.org/10.1186/1475-2891-12-75
https://doi.org/10.1093/ajcn/36.5.936
https://doi.org/10.2337/diab.43.4.535
https://doi.org/10.2337/diab.43.4.535
https://doi.org/10.1016/j.aca.2014.11.015
https://doi.org/10.3389/fnut.2022.1066950
https://doi.org/10.1007/s11306-020-01712-z
https://doi.org/10.1007/s11306-020-01712-z
https://doi.org/10.3109/00365529709011203
https://doi.org/10.3390/jcm6110099
https://doi.org/10.1016/j.jff.2019.01.005
https://doi.org/10.3920/BM2019.0159
https://doi.org/10.1371/journal.pone.0245399
https://doi.org/10.1371/journal.pone.0245399
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.18637/jss.v082.i13
https://www.R-project.org/
https://github.com/jbisanz/qiime2R
https://github.com/jbisanz/qiime2R


52. McMurdie PJ, Holmes S, Watson M. Phyloseq: an 
R package for reproducible interactive analysis and 
graphics of microbiome census data. PLOS ONE. 
2013;8(4):e61217. doi: 10.1371/journal.pone.0061217  .

53. Kembel SW, Cowan PD, Helmus MR, Cornwell WK, 
Morlon H, Ackerly DD, Blomberg SP, Webb CO. 
Picante: R tools for integrating phylogenies and 
ecology. Bioinformatics. 2010;26(11):1463–1464. doi:  
10.1093/bioinformatics/btq166  .

54. Oksanen J. Package ‘vegan’. Community Ecol Package, 
Version. 2013;2:1–295.

55. Paulson JN, Stine OC, Bravo HC, Pop M. Differential 
abundance analysis for microbial marker-gene surveys. 
Nat Methods. 2013;10(12):1200–1202. doi: 10.1038/ 
nmeth.2658  .

56. Briatte F. Ggnetwork: geometries to plot networks with 
‘ggplot2’. R package version 0.5. 8. CRAN. 2016. https:// 
cran-e.com/package/ggnetwork .

57. Gu Z, Eils R, Schlesner M. Complex heatmaps reveal 
patterns and correlations in multidimensional genomic 
data. Bioinformatics. 2016;32(18):2847–2849. doi: 10. 
1093/bioinformatics/btw313  .

58. Wickham H, Averick M, Bryan J, Chang W, McGowan L, 
François R, Grolemund G, Hayes A, Henry L, Hester J, 
et al. Welcome to the Tidyverse. J Open Source Softw. 
2019;4(43):1686. doi: 10.21105/joss.01686  .

59. Ahlmann-Eltze C, Patil I. Ggsignif: R package for dis
playing significance brackets for’ggplot2’. 2021.

60. Robinson D, Hayes A, Crouch S. 2023. Broom: Convert 
Statistical Objects into Tidy Tibbles. R package version 
1.0.5. https://CRAN.R-project.org/package=broom .

61. Xie Y. knitr: A Comprehensive Tool for Reproducible 
Research in R. Implementing Reproducible Research. 
New York: Chapman and Hall/CRC; 2018. p. 3–31.

62. Rothschild D, Weissbrod O, Barkan E, Kurilshikov A, 
Korem T, Zeevi D, Costea PI, Godneva A, Kalka IN, 
Bar N, et al. Environment dominates over host genetics 
in shaping human gut microbiota. Nature. 2018;555 
(7695):210–215. doi: 10.1038/nature25973  .

63. Udayappan S, Manneras-Holm L, Chaplin-Scott A, 
Belzer C, Herrema H, Dallinga-Thie GM, Duncan SH, 
Stroes ESG, Groen AK, Flint HJ, et al. Oral treatment 
with Eubacterium hallii improves insulin sensitivity in 
db/db mice. NPJ Biofilms And Microbiomes. 2016;2 
(1):16009. doi: 10.1038/npjbiofilms.2016.9  .

64. Ma E, Maskarinec G, Lim U, Boushey CJ, Wilkens LR, 
Setiawan VW, Le Marchand L, Randolph TW, Jenkins IC, 
Curtis KR, et al. Long-term association between diet qual
ity and characteristics of the gut microbiome in the multi
ethnic cohort study. Br J Nutr. 2021;128(1):1–10. doi: 10. 
1017/S0007114521002968  .

65. Ozato N, Saito S, Yamaguchi T, Katashima M, Tokuda I, 
Sawada K, Katsuragi Y, Kakuta M, Imoto S, Ihara K, et al. 
Blautia genus associated with visceral fat accumulation in 
adults 20–76 years of age. Npj Biofilms Microbiomes. 
2019;5(1):28. doi: 10.1038/s41522-019-0101-x  .

66. Cani PD, Depommier C, Derrien M, Everard A, de 
Vos WM. Akkermansia muciniphila: paradigm for 
next-generation beneficial microorganisms. Nat Rev 
Gastroenterol Hepatol. 2022;19(10):625–637. doi: 10. 
1038/s41575-022-00631-9  .

67. den Besten G, van Eunen K, Groen AK, Venema K, 
Reijngoud D-J, Bakker BM. The role of short-chain 
fatty acids in the interplay between diet, gut microbiota, 
and host energy metabolism. J Lipid Res. 2013;54 
(9):2325–2340. doi: 10.1194/jlr.R036012  .

68. Abdulla H, Phillips B, Wilkinson D, Gates A, Limb M, 
Jandova T, Bass J, Lewis J, Williams J, Smith K, et al. 
Effects of GLP-1 infusion upon whole-body glucose 
uptake and skeletal muscle perfusion during fed-state 
in older men. J Clin Endocrinol Metab. 2023;108 
(4):971–978. doi: 10.1210/clinem/dgac613  .

69. Gijbels A, Erdős B, Trouwborst I, Jardon KM, 
Adriaens ME, Goossens GH, Blaak EE, Feskens EJM, 
Afman LA. Hepatic insulin resistance and muscle insu
lin resistance are characterized by distinct postprandial 
plasma metabolite profiles: a cross-sectional study. 
Cardiovasc Diabetol. 2024;23(1):97. doi: 10.1186/ 
s12933-024-02188-0  .

70. Trouwborst I, Jardon KM, Gijbels A, Hul G, Feskens EJM, 
Afman LA, Linge J, Goossens GH, Blaak EE. Body com
position and body fat distribution in tissue-specific insulin 
resistance and in response to a 12-week isocaloric dietary 
macronutrient intervention. Nutr Metab (Lond). 2024;21 
(1):20. doi: 10.1186/s12986-024-00795-y  .

71. van der Kolk BW, Vogelzangs N, Jocken JWE, 
Valsesia A, Hankemeier T, Astrup A, Saris WHM, 
Arts ICW, van Greevenbroek MMJ, Blaak EE. Plasma 
lipid profiling of tissue-specific insulin resistance in 
human obesity. Int J Obes (Lond). 2019;43 
(5):989–998. doi: 10.1038/s41366-018-0189-8  .

72. Karlsson FH, Tremaroli V, Nookaew I, Bergström G, 
Behre CJ, Fagerberg B, Nielsen J, Bäckhed F. Gut meta
genome in European women with normal, impaired 
and diabetic glucose control. Nature. 2013;498 
(7452):99–103. doi: 10.1038/nature12198  .

73. Larsen N, Vogensen FK, van den Berg FWJ, Nielsen DS, 
Andreasen AS, Pedersen BK, Al-Soud WA, Sørensen SJ, 
Hansen LH, Jakobsen M, et al. Gut microbiota in 
human adults with type 2 diabetes differs from 
non-diabetic adults. PLOS ONE. 2010;5(2):e9085. doi:  
10.1371/journal.pone.0009085  .

74. Durazzi F, Sala C, Castellani G, Manfreda G, 
Remondini D, De Cesare A. Comparison between 16S 
rRNA and shotgun sequencing data for the taxonomic 
characterization of the gut microbiota. Sci Rep. 2021;11 
(1):3030. doi: 10.1038/s41598-021-82726-y  .

75. Ko GT, Chan JCN, Woo J, Lau E, Yeung VTF, 
Chow C-C, Cockram CS. The reproducibility and 
usefulness of the oral glucose tolerance test in 
screening for diabetes and other cardiovascular risk 
factors. Ann Clin Biochem. 1998;35(1):62–67. doi:  
10.1177/000456329803500107.

18 K. M. JARDON ET AL.

https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.1093/bioinformatics/btq166
https://doi.org/10.1093/bioinformatics/btq166
https://doi.org/10.1038/nmeth.2658
https://doi.org/10.1038/nmeth.2658
https://cran-e.com/package/ggnetwork
https://cran-e.com/package/ggnetwork
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.21105/joss.01686
https://CRAN.R-project.org/package=broom
https://doi.org/10.1038/nature25973
https://doi.org/10.1038/npjbiofilms.2016.9
https://doi.org/10.1017/S0007114521002968
https://doi.org/10.1017/S0007114521002968
https://doi.org/10.1038/s41522-019-0101-x
https://doi.org/10.1038/s41575-022-00631-9
https://doi.org/10.1038/s41575-022-00631-9
https://doi.org/10.1194/jlr.R036012
https://doi.org/10.1210/clinem/dgac613
https://doi.org/10.1186/s12933-024-02188-0
https://doi.org/10.1186/s12933-024-02188-0
https://doi.org/10.1186/s12986-024-00795-y
https://doi.org/10.1038/s41366-018-0189-8
https://doi.org/10.1038/nature12198
https://doi.org/10.1371/journal.pone.0009085
https://doi.org/10.1371/journal.pone.0009085
https://doi.org/10.1038/s41598-021-82726-y
https://doi.org/10.1177/000456329803500107
https://doi.org/10.1177/000456329803500107

	Abstract
	Introduction
	Methods
	Study design
	Study participants
	Reference cohort with participants without tissue-specific IR
	Assessment of tissue-specific insulin resistance and glucose metabolism
	Blood pressure
	Anthropometrics and body fat
	Habitual dietary intake and physical activity
	Plasma analyses
	Plasma GLP-1
	Circulating SCFAs and BCFAs
	Metabolome profiling

	Fecal analyses
	Bristol stool scale
	Fecal sample collection
	Fecal SCFAs and BCFAs
	Microbiota analysis

	Statistical analyses
	Clinical characteristics
	Gut microbiota
	Alpha diversity
	Beta diversity
	Taxa differential abundance
	Metabolomics



	Results
	Participant characteristics
	Microbial community differences between LIR and MIR phenotypes
	Differences in gut microbiota taxa between LIR and MIR phenotypes
	Differences in functional indicators of microbial activity between LIR and MIR phenotypes
	Metabolome profile and correlations with fecal bacteria
	Differential microbiota composition in LIR and MIR compared to a ‘No IR’ phenotype

	Discussion
	Conclusion
	Acknowledgments
	Disclosure statement
	Funding
	ORCID
	Author contributions
	Data and code availability
	References

