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Abstract

Background: Microbiota and its metabolites are known to regulate host metabolism. In cross-sectional study
conducted in postmenopausal women we aimed to assess whether the microbiota, its metabolites and gut barrier
integrity marker are correlated with cardiometabolic risk factors and if microbiota is different between obese and
non-obese subjects.

Methods: We analysed the faecal microbiota of 56 obese, postmenopausal women by means of 16S rRNA analysis.
Stool short chain fatty acids, calprotectin and anthropometric, physiological and biochemical parameters were cor-
relates to microbiome analyses.

Results: Alpha-diversity was inversely correlated with lipopolysaccharide (Rho = — 0.43, FDR P (Q) =0.004). Bray—
Curtis distance based RDA revealed that visceral fat and waist circumference had a significant impact on metabolic
potential (P=0.003). Plasma glucose was positively correlated with the Coriobacteriaceae (Rho=0.48, Q=0.004) and
its higher taxonomic ranks, up to phylum (Actinobacteria, Rho=0.46, Q =0.004). At the metabolic level, the strongest
correlation was observed for the visceral fat (Q <0.15), especially with the DENOVOPURINE2-PWY, PWY-841 and PWYO0-
162 pathways. Bacterial abundance was correlated with SCFAs, thus some microbiota-glucose relationships may be
mediated by propionate, as indicated by the significant average causal mediation effect (ACME): Lachnospiraceae
(ACME 1.25,95%ClI (0.10, 2.97), Firmicutes (ACME 1.28, 95%ClI (0.23, 3.83)) and Tenericutes (ACME —0.39, 95%Cl

(—0.87, —0.03)). There were significant differences in the distribution of phyla between this study and Qiita database
(P<0.0001).

Conclusions: Microbiota composition and metabolic potential are associated with some CMRF and fecal SCFAs
concentration in obese postmenopausal women. There is no unequivocal relationship between fecal SCFAs and the
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marker of intestinal barrier integrity and CMRF. Further studies with appropriately matched control groups are war-

ranted to look for causality between SCFAs and CMRF.
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Background

Cardiometabolic risk factors (CMRFs), including obesity,
abnormal lipid profile, hypertension, insulin resistance,
and aberrant glycemic control, play a role in the patho-
genesis of cardiovascular diseases (CVD), which is one
of the leading causes of mortality. Gut microbiota has
been recently acknowledged as pivotal for human meta-
bolic health [1, 2]. Indeed, high richness has been linked
to a favourable metabolic profile [3, 4]. On the contrary,
low bacterial gene counts with metabolic risk factors as
demonstrated in a group of postmenopausal women with
obesity [5]. Historically, germ-free mice colonized with
microbiota transplant from the obese donors elevated
their weight and body fat significantly more than in case
of lean donors [6]. Also, a dozen of microbiota-originated
or microbially-modified molecules has been recently
acknowledged as factors contributing to metabolic out-
come [7]. Interestingly, the production of these is strictly
dependent on obesity status thus the microecological
niche as elegantly shown in an in vitro study [8]. Impor-
tantly, some of microbiota-related markers were shown
to be correlated significantly with type-2 diabetes (T2D)
to a more considerable extent than anthropometric [9]
and human genome-originated ones [10].

Excessive storage of lipids and diminished sensi-
tive toward insulin have also been linked to mitochon-
drial dysfunction [11]. Interestingly, the condition of
this organelle echoes the condition of microbiota [12].
For instance, in obese and diabetic patients subjected
to bariatric surgery faster sugar control correlated with
changes in Krebs cycle, ketone and short chain fatty acid
metabolism [13]. To add, the oxidation of SCFAs inhib-
its lipolysis and synthesis improving lipid profile [14]. As
certain antioxidants were found to increase the synthesis
of SCFA [15], their use in prevention of cardiometabolic
malfunctions is advised. Consequently, microbial indices
might serve as markers for the early identification of met-
abolic disturbances [4].

Short Chain Fatty Acids (SCFA)—the main microbiota
metabolites, represented mainly by acetate (C2), propi-
onate (C3), and butyrate (C4) [16], are linked to multiple
favourable metabolic functions [17]. For example, C2 is
a significant source of energy for colonocytes [18], C3
might be a substrate for gluconeogenesis [17], and C4
might enter lipogenesis and cholesterol metabolism and,
importantly, control appetite via the gut-brain axis [19].
Furthermore, SCFA positively affect cardiometabolic

health, among other, via improving gut-barrier integ-
rity [20-22], in particular elevating the expression of
GAP and tight junction proteins [23] and, consequently,
decreasing inflammation [24]. On the other hand, SCFA,
however, can harm human metabolism. They are a source
of about 5 -10% of the calories consumed daily, and their
metabolites are involved in synthesizing lipids and glu-
cose [25]. Moreover, faecal SCFA are positively asso-
ciated with body weight [6, 26, 27], and in the obesity
phenotype, there is a substantial upregulation of path-
ways related to SCFA production [28]. Additionally, de la
Cuesta et al. [29] observed the association between SCFA
excretion and gut dysbiosis, increased gut permeability,
adiposity, and cardiometabolic risk factors.

Gut barrier dysfunction is increasingly recognized as
a key factor in the pathogenesis of obesity, diabetes and
metabolic disorders [30]. Calprotectin has the potential
to be used as an indirect marker of gut permeability [31].
It is a 24 kDa dimer formed by the protein monomers
S100A8 (10,835 Da) and S100A9 (13,242 Da) and makes
up to 60% of the soluble proteins in the cytosol of human
neutrophils [32, 33]. This marker is used mainly in older
children and adults as a marker for inflammatory bowel
diseases (IBD) [34].

The study of Brahe et al. of the Danish cohort of post-
menopausal women with obesity showed that several
gut bacterial species are linked to metabolic risk mark-
ers, also after adjustment for potential confounders
[2]. They also observed that dietary fibre and fat could
modify a negative correlation with insulin resistance
biomarkers for B. longum and E prausnitzii. However,
the study by Brahe et al. was performed using a not very
common technology and analytical pipeline. Metabo-
lome and intestinal permeability parameters were also
not analyzed. Moreover, the adjustment for differences
in age, body fat percentage and diet caused the disap-
pearance of many correlations. Therefore we decided to
perform a similar analysis on the Polish population of
obese postmenopausal women using anthropometric and
biochemical metadata and assessing the cardiovascular
function. In addition, we assessed the metabolic func-
tion of the bacteria by analyzing SCFA in the stool and
the intestinal barrier status by employing faecal calpro-
tectin. Thanks to the commonly used sequencing tech-
nology (Illumina) and bioinformatic pipelines, we were
able to compare the observed results with data from a
public database. We also used very demanding models of
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data adjustment. The study aimed to verify the following
research hypotheses: (1) microbiota, SCFA and calpro-
tectin are correlated with anthropometric, physiological
and biochemical parameters in postmenopausal women
suffering from obesity, and (2) stool microbiota composi-
tion is different between obese and non-obese postmeno-
pausal women.

Methods

The study took place from 27 February 2016 to 31
December 2017 and analysed the faecal microbiota in
a population of obese postmenopausal women. It was
conducted at the Department of Education and Treat-
ment of Obesity and Metabolic Disorders University of
Medical Sciences in Poznan, Poland. The protocol was
registered at the U.S. National Institute of Health (Clini-
calTrials.gov; Identifier: NCT03100162). Ethical approval
was obtained from the Bioethical Committee of Poznan
University of Medical Sciences (No. 871/2015) and prior
written informed consent was obtained from all partici-
pants. The informed consent allowed samples to be used
for future analyses. The material obtained during this
study was analysed in a multidirectional manner, and the
results were presented in peer-reviewed scientific publi-
cations [35-38].

Subjects

The studied cohort has been described in detail previ-
ously [35]. A total of 110 postmenopausal obese women
were invited to participate in the study. The inclusion
criteria were as follows: (1) women aged 45-70 years,
(2) > 1 year since last menstruation, (3) body mass index
(BMI) 30-45 kg/m?, (4) abdominal obesity-related waist
circumference >80 c¢m (International Diabetes Federa-
tion 2005); (5) body fat content, assessed by electrical
bioimpedance at > 33%; and (6) stable body weight in the
month before the trial (permissible deviation+1 kg). The
following criteria excluded participants from the study:
(1) secondary form of obesity; (2) gastrointestinal dis-
eases; (3) diabetes; (4) pharmacotherapy for hyperten-
sion or dyslipidemia in the three months before the trial;
(5) history of use of any dietary supplements in the three
months before the study; (6) intake of antibiotics within
one month before the study; (7) clinically significant
acute inflammation; (8) nicotine, alcohol, or drug abuse;
(9) participation in weight management studies or use of
medications known to alter food intake or bodyweight;
(10) vegetarian dietary habits; (11) use of prebiotics- and
probiotics-enriched products (for at least three weeks
before the screening) and products with a high content
of dietary fibre or intake of high quantities of fermented
food (>400 g/day); (12) hormone replacement therapy.
Based on the inclusion and exclusion criteria, 29 women
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did not qualify for the study, 81 women diagnosed with
obesity were eligible, and 71 were available for analy-
sis (10 withdrew the informed consent or had cardiac
events, diabetes mellitus or started supplement or anti-
biotic therapy). Microbiome analysis was carried out in
56 women for whom the next-generation sequencing of
stool samples yielded at least 10,000 reads. A flowchart of
this study is shown in Additional file 1: Fig. S1.

Anthropometric and biochemical measurement

At enrollment, anthropometric parameters were evalu-
ated, and laboratory tests were performed. All meas-
urements were recorded after an overnight fast. The
methods are described previously [35, 36] and included
the following parameters: 1/anthropometric: weight
(weight scale, metric stadiometer), waist circumference
(tape measure), body composition (Bioscan 920-2); 2/
vascular: blood pressure (sphygmomanometer—Omron
Healthcare), pulse wave velocity and analysis (sphyg-
momanometer—Sphygmocor Px), augmentation index,
aortic pressure and pulse pressure (applanation tonom-
etry); 3/biochemical: glucose, uric acid, lipid profile
(Lm Integrated Chemistry System Analyzer), Insulin
(Immunoradiometry—Diasource Immunoassays S.A.),
Lipopolysaccharide (LPS) (Kinetic Assay -Lonza, Walk-
ersville), Tumor Necrosis Factor (TNF) -A (Enzyme
Immunoassay—DRG Instruments Gmbh), Interleu-
kin (II) -6 (Elisa—Drg Instruments Gmbh), vascular
endothelial growth factor (vegf) (Elisa—R&D Systems),
Thrombomodulin (ELISA/American Diagnostica Inc.,
Stamford), Von Willebrand Factor (ELISA/R&D System:s,
Minneapolis).

16S rRNA sequencing
All steps of the 16S rRNA sequencing and reads pro-
cessing were described in detail previously [38]. Briefly,
the paired-end sequencing (2 x 300 bp) of the V1-V2
region of the 16S rRNA gene was performed on an Illu-
mina MiSeq. Followed by an initial quality check, reads
were processed using QIIME 2 [39] and Deblur denois-
ing algorithm [40] which resulted in a construction of
4,716 sub operational taxonomic units, sOTU. The count
per sample summary was the following: minimum 3,958,
median 7,128, maximum 23,127 sub-operational taxo-
nomic units, sOTUs. Refined taxonomic classification
using species-dependent prior probabilities rather than
uniform species distribution was accomplished with the
q2-clawback plugin [41]. Representative sequences were
used to predict functional profiles of the gut community
by the PICRUSt2.

For validation, sequence data and metadata of the
existing studies were queried and obtained from Qiita
(https://www.qiitaucsd.edu) using the Redbiom tool [42].
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First, female samples (human gut) that contained a spe-
cific set of features were identified: age (>55 years), race
(Caucasian), and BMI (BMI 18.5-24.99, BMI-NORMAL,
n=1,293, BMI>25, BMI-HIGH, n=23875). Then, the
sequence data (150 nucleotides V4 16S processed with
Deblur) with abundance information and metadata were
downloaded for the identified samples. Data from the
following Qiita studies (ID) were used: 10,317, 11,710,
and 10,988. Taxonomic assignment was performed as
described above, except that the V4 region was extracted
from Greengenes reference sequences before classifier
training, and classification was performed using taxo-
nomic weights assembled for downloaded data.

SCFA

The following SCFA were analysed: acetic acid (C2), pro-
pionic acid (C3), butyric acid (C4), valeric acid (C5) and
hexanoic acid (C6). Fecal samples (~40 mg) were mixed
with 0.5 ml, a mixture of acetonitrile and water (50%
ACN: 50% H20) and vortexed by 30 min. Samples were
kept for 5 min. on the ice to complete protein precipita-
tion. After centrifugation for 10 min at 4 °C at 5000 rpm
and filtered through a syringe filter 0,22 pm samples were
transferred to HPLC vials and analyzed by the present
LC-MS technique.

An Sciex Triple TOF 6600+ equipped with an ExionL.C
AD series was used for the analysis of SCFA. The LC flow
rate was 0.3 mL/min. The column used for the analysis
was a Kinetex Polar 2.6 um (50 mm x 3 mm). The column
temperature and auto sampler were maintained at 20 °C
and 4 °C, respectively. 1 pL of sample was used for the
injection volume. Samples were analyzed using 10 mM
ammonium formate (from VWR, Leuven, Belgium)
in 80% methanol (LC-MS grade from VWR, Gliwice,
Poland) with 20% ultrafiltrated water (mobile phase A)
and acetonitrile (LC-MS grade from VWR, Fontenay-
sous-Bois, France) (mobile phase B). The isocratic elu-
tion was 50% mobile phase A and 50% mobile phase B.
The total run was 6 min. The Triple TOF 6600+ system
was equipped with an electrospray ionization (ESI) and
Atmospheric-pressure chemical ionization (APCI) source
operated in positive and negative-ion detection mode.
Nitrogen gas was used for nebulization, desolvation, and
collision. The source parameters were: gas temperature of
150 °C, a Source gas 1 and source gas 2 pressure of 50
psi and capillary voltage of 3500 V for negative polarity.
A standard curve was prepared by using serial dilutions
of the standard mix of C2, C3, C4, C5 and C6 purchased
from Sigma-Aldrich (Steinheim, Germany).

Calprotectin
Concentrations of faecal calprotectin were determined
by immunoenzymatic methods using commercial
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Enzyme-Linked Immunosorbent Assay (ELISA) tests
(Immunodiagnostik). If the absorbance was outside of
the standard curve, the sample was not included in sub-
sequent analyses. As the dilution factor for calprotectin
was equal to 2500 and the highest standard concentra-
tions was 840 ng/mL—the highest concentration we were
able to measure was 2100.

Statistical analysis

Alpha diversity indices (number of observed sOTUs in
the sample, Pielou’s evenness, Shannon’s diversity, Faith’s
PD) and Bray—Curtis distance were calculated from the
rarefied samples (to 3,777 sOTUs). Compositional abun-
dance count data were transformed as follows. First, for
each sample, 128 Monte Carlo instances were drawn
from the Dirichlet distribution. Then, each instance was
converted using the centered log-ratio transformation
(ALDEx2 package). Analyses were conducted for each
instance, and the results (P values, coefficients) were
averaged over the instances.

To search for community composition patterns and
their correlation with anthropometric, physiological and
biochemical variables, the distance-based redundancy
analysis (db-RDA) was used. The function capscale from
the vegan package was used to perform db-RDA with a
Bray—Curtis dissimilarity matrix. Selection of explana-
tory variables for db-RDA was done using a function
ordistep (vegan) and forward and backward stepwise
search and 999 permutations. The db-RDA ordination
triplots were created on scores obtained from the ordis-
tep selected models using scaling focused on correlations
(scaling 2), thereby approximating the linear correlation
between the bacterial features, between bacterial fea-
tures and women’s characteristics, and between women’s
characteristics.

To assess the relationship between variables, Spear-
man correlation or regression analysis was used. To infer
a causal relationship between gut microbiota and param-
eters a mediation analysis was performed. It has been
assumed that the mediational models are correct, i.e. gut
microbiome features represent the causal (independent
variables, 1V), women’s characteristics (parameters) are
the outcomes (dependent variables, DV), and the media-
tors—short chain fatty acids—are presumed to affect
the outcomes. Mediation was established if a mediator
effect on the DV was significant after controlling for the
IV. A significant total effect (TE, a total effect of the IV
on the DV without mediator) was assumed to be a pre-
requisite for establishing the causal mediation effect. The
total effect is a sum of the indirect effect (ACME, average
causal mediation effect) and direct effect (ADE, average
direct effect). The significance and 95% confidence inter-
vals were established using bootstrapping procedure.
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Mediation analysis was conducted using the mediation
package [43].

To test for a difference in the abundance in the two
datasets (Polish women and Qiita data), the Xdc.sevs-
ample function in the HMP package [44] was used. The
function performs a multivariate test for differences in
the overall composition between groups assuming Dir-
ichlet-multinomial distribution by testing for a difference
in the mean distribution of each taxon across groups
while accounting for the overdispersion in the count data.

The Benjamini—-Hochberg procedure was used to con-
trol the false discovery rate (FDR).

Power analysis

For the parameters and microbiota-related features (bac-
terial taxa or functional modules) correlation (N=56),
we used the pwrrtest in the R package (considering
r=0.5 as a medium effect) and achieved a statistical
power of 98% and 76% (considering multiple testing as
per Bonferroni correction assuming the number of fea-
tures N, ppures = 50)-

Results

The summary of demographic, clinical characteristics,
and metabolic parameters are presented in Table 1. A
summary of the gut microbiome data is shown in Fig. 1
and Additional file 1: Fig. S2. SCFA and calprotectin con-
centration were shown in Table 1 and in Fig. 2. The con-
centration of acetic acid (C2) in the group varied widely
and ranged from 242 puM/ml to 15 pM/ ml. Almost
in every case, the percentage of this acid was the high-
est among the tested acids and was most often in the
range from 30 to 60% in comparison to the other tested
short-chain fatty acids (SCFA). The concentration of
propionic acid ranged from 0.661 pM/ml to 27 pM/ml,
butyric acid from 0.7 pM/ml to 10 pM/mg, valeric acid
(C5) from 0.0588 to 5.7 uM/ml and caproic acid (C6)
from 0.00577 uM/ml to 1.28 uM/ml. The data distribu-
tion, IQR and median for C3, C4, C5 and C6 indicate
that the data were accumulated at the lower end of the
concentration ranges. The percentage of C3 acid was in
the range of 12%—80%, C4 5%—33%, C5 0.1—19% and
C6 0.01%—5%. The highest concentration of calprotectin
in the group was 579 ug/ml however the data distribu-
tion shows that most of the results were below 100 pg/
ml. Determination limit of calprotectin was 2.267 ng/ml.

Gut microbiome in post-menopausal women

with and without obesity

In total, there were 1,293 samples from Caucasian
women aged over 55 and BMI> 25 (BMI-HIGH) and 875
with BMI of 18.5-24.99 (BMI-NORMAL). The relative
abundances of common phyla are summarized in Table 2.
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To test for differences between the groups, we conducted
a multivariate test for differences in the overall compo-
sition. Overall, we found significant differences in the
distribution of phyla between this study and BMI-HIGH
(Xdc=415.4, P<0.0001), as well as in this study, BMI-
NORMAL (Xdc=411.3, P<0.0001) and BMI-HIGH vs.
BMI-NORMAL (Xdc=210.6, P <0.0001). Tests of other
taxonomic levels were also conducted, and the results are
shown in Additional file 1: Table S2.

Gut microbiota (SCFA, Calprotectin) is correlated

with host-specific characteristics

All alpha-diversity indices were negatively correlated
with LPS, however, the strongest relationship was found
only for the observed number of unique features (sOTU,
Spearman coefficient (Rho)=—0.43, FDR P (Q)=10.004,
Fig. 3B). Two other parameters (triglycerides and vis-
ceral fat) showed a weak inverse correlation with the
observed number of sOTU, yet have become insignifi-
cant after FDR correction. Calprotectin showed a weak
positive correlation with PWA PP (Rho=0.39, Q=0.038,
Fig. 3A). Short chain fatty acids were not correlated
with any anthropometric, physiological and biochemical
traits. Interestingly, SCAFs were correlated with alpha-
diversity, C2 and C3 inversely, whereas C5 and C6 posi-
tively (Additional file 1: Fig. S3).

To assess the effect of parameters upon the gut com-
munity composition and predicted metabolic potential,
a Bray—Curtis distance based Redundancy Analysis (db-
RDA) was performed. The Bray—Curtis dissimilarities
were calculated at all taxonomic levels (from species to
phylum) as well as for predicted metabolic MetaCyc
pathway abundances. Models were fitted separately
for three groups of parameters, i.e. anthropometric (A
model), physiological (P model) and biochemical (B
model). Using the ordistep function from the vegan pack-
age, the simplified models were constructed in which the
best (significant) explanatory variables were included.
A summary of the full and simplified models with their
best explanatory variables and the amount of explained
variance is presented in Additional file 1: Table S1. Over-
all, based on the Monte Carlo permutation test, a null
hypothesis of independence between the community data
and constraints (explanatory variables) could be rejected
for one model, i.e. MetaCyc pathways level db-RDA
with anthropometric explanatory variables (visceral fat
and waist circumference, Monte Carlo permutation test
P=0.003, Fig. 3H). As shown in the ordination triplot,
several pathways showed a correlation with the visceral
fat (VF). For example, an abundance of the PWYG-321,
PWY-5989, PWY-7664, PWY0-862, PWY-6282, FASYN-
INITIAL-PWY, PWY-6519, BIOTIN-BIOSYNTHE-
SIS-PWY, PWY-6125, PWY-7196 correlated positively,
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Table 1 Descriptive statistics of selected parameters

Variable n Mean SD 1stQ Median 3rdQ
cer 52 0.012 0.013 0.002 0.008 0.018
C6 [NnM/mg] 52 0.202 0.261 0.027 0.102 0.293
C5r 52 0.085 0.041 0.057 0.089 0.113
C5 [nM/mg] 52 1.28 0383 0.69 1.06 1.55
Car 52 0.195 0.059 0.158 0.195 0.227
C4 [nM/mg] 52 3.18 1.69 1.82 3.02 4.46
C3r 52 0.234 0.084 0.183 0.221 0.255
C3 [nM/mg] 52 4.08 3.50 244 3.19 436
C2r 52 0473 0.084 0411 0.482 0532
C2 [nM/mg] 52 740 2.89 4.82 7.25 9.07
Calprotectin [ug/ml] 55 64.3 107.0 13.2 28.1 56.1
TM [ng/ml] 56 4.17 0.683 3.70 4.25 4.70
VWEF [IU/dL] 56 83.7 5.85 788 83.0 87.6
Uric Acid [mg/dL] 56 5.61 0.976 520 5.60 6.20
VEGF [pg/ml] 56 147 25 140 149 165
PWV [m/s] 56 7.16 1.01 6.38 7.30 7.78
PWA AP mmHg 55 139 76 9.0 12.0 185
PWA ALX mmHg 56 328 13 26.3 335 40.3
PWA SP mmHg 56 129 12 121 129 136
PWA PP mmHg 55 429 9.0 36.5 43.0 50.0
LPS [pg/ml] 56 1039 566 636 903 1267
IL6 [pg/ml] 56 454 56 423 446 501
TNF [ng/L] 56 1.07 0.35 0.88 0.99 122
CRP (log) 51 1.35 0.73 0.90 1.55 1.78
Insulin [mU/ml] 56 314 116 22.8 324 36.9
Glucose [mg/dL] 56 97.1 11.1 90.0 98.0 102.0
DBP mmHg 56 819 7.7 77.8 81.0 88.0
SBP mmHg 56 134 11 124 138 141
HR [bpm] 56 75.0 83 69.0 76.0 79.3
TG (log) 56 49 043 4.6 49 5.1
HDL (log) 56 39 0.2 38 39 4.1
LDL [mg/dL] 56 125 40 98 128 144
TC [mg/dL] 56 214 39 192 211 234
FFMH% 56 76.5 29 74.7 758 776
FFM% 56 46.5 77 43.1 459 519
FFM 56 448 6.2 409 44.8 47.2
Fat% 56 515 6.3 47.0 532 54.9
FM 56 47.7 10.1 40.2 471 525
TBW% 56 36.8 49 344 359 388
TBW 56 341 5.1 31.7 339 36.5
Subcutaneous fat 56 287 62 255 282 305
Visceral fat 56 218 58 174 217 239
WC [cm] 56 110 9 105 110 116
Body Mass [kg] 56 93.2 1.8 85.1 92.6 99.8
BMI [kg/m?] 56 359 40 326 357 388

(2, acetic acid; C2r, The ratio of acetic acid to all analyzed SCFAs; C3, propionic acid, C3r, The ratio of propionic acid to all analyzed SCFAs ; C4, butyric acid; C4%, The
ratio of butyric acid to all analyzed SCFAs, C5, valeric acid; C5r, The ratio of valeric acid to all analyzed SCFAs; C6, hexanoic acid; C6%, The ratio of hexanoic acid to all
analyzed SCFAs ; ™, thrombomodulin; VWF, von Willebrand factor; VEGF: vascular endothelial growth factor; PWV, pulse wave velocity; PWA AP, pulse wave analysis
augmentation pressure; PWA Alx, pulse wave analysis augmentation index; PWA SP, pulse wave analysis systolic pressure; PWA PP, pulse wave analysis pulse pressure;
LPS, lipopolysaccharide ; 1I-6, interleukin-6; TNF, tumor necrosis factor alpha; CRP, C-reactive protein; DBP, diastolic blood pressure; SBP, systolic blood pressure; HR,
heart rate; TG, triglycerides; HDL, high-density lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol; TC, total cholesterol; FFMH, fat-free mass hydration;
FFM, fat-free mass; FM, fat mass; TBW, total body water; WC, waist circumference; BMI, body mass index
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distance hierarchical clustering, top annotation—color bars reflect identified clusters, C bar plot of relative abundance on phylum level, D heatmap
of the metabolic pathway-level rarefied abundance, columns (samples) and rows (taxa) were subjected to average linkage method and genus-level
Bray-Curtis distance hierarchical clustering, top annotation—color bars reflect identified clusters; Samples were grouped using hierarchical
clustering based on the inter-sample genus-level (Fig. 1B) or metabolic pathway-level (Fig. 1D) Bray-Curtis dissimilarities calculated using the
rarefied abundance table. B A high taxonomic diversity which was highlighted by the presence of 9 clusters of unequal size containing from just 1
to 26 samples. D two larger clusters, containing 27 and 12 samples, were identified. Bray-Curtis distances calculated on higher taxonomic levels did
not affect clustering implying a persistent high taxonomic diversity in this group (Additional file 1: Fig. S2)

whereas PWY-621 pathway was inversely correlated with
the visceral fat. On the contrary, the DAPLYSINESYN-
PWY showed a negative correlation with the waist cir-
cumference. However, the constrained variance in the
community data (explained by these two explanatory
variables) was only 9.4% (adjusted 5.9%), thus contrib-
uting a low fraction of the observed total variance in

metabolic potential. Three other explanatory variables
were selected as significantly explaining community vari-
ation (PWA PP at the phylum level, glucose at the genus
and family level, insulin at the metabolic level), however,
the global permutation tests were not significant (Fig. 3F,
the family level, Monte Carlo permutation test P=0.112).
Bacteria that showed the highest correlation with plasma
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Table 2. Phylum-level abundance in the validation data and this

study
This study (n = 56) BMI-NORMAL  BMI-HIGH
(n=1293) (n = 875)
Actinobacteria 3.06% 1.09% 0.91%
Bacteroidetes 36.1% 27.8% 30.1%
Cyanobacteria 0.13% 0.14% 0.14%
Firmicutes 52.7% 34.2% 33.2%
Fusobacteria 0.016% 0.51% 0.23%
Proteobacteria 5.82% 32.8% 32.9%
Tenericutes 2.08% 0.80% 0.50%

BMI-NORMAL: BMI 18.5-24.99 kg/m?, BMI-HIGH: BMI > 25 kg/m?

glucose concentration belonged to the family Coriobacte-
riaceae, Veillonellaceae and Lachnospiraceae.

In addition to multivariate analysis, we also performed
an univariate correlation in which pairwise relationships
between bacterial taxa/pathways and parameters were
examined (Fig. 3C). In line with the results of multivariate
methods, plasma glucose showed a positive correlation
with the family Coriobacteriaceae (Rho=0.48, Q=0.004,
Fig. 3D) and taxonomic rank to which it belongs: phy-
lum Actinobacteria (Rho=0.46, Q=0.004), class Corio-
bacteria (Rho=0.46, Q=0.005), order Coriobacteriales
(Rho=0.43, Q=0.011). Abundances of Lachnospiraceae
and Veillonellaceae were also positively correlated with
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glucose (Q<0.1). A similar pattern with an opposite rela-
tionship (a negative correlation), although less consist-
ent within the taxonomic hierarchy, was observed for the
PWA PP and pulse pressure (Fig. 3E). At the species level,
Bacteroides caccae exhibited a negative relationship with
waist circumference (Rho= — 0.43, Q=0.038). Regard-
ing metabolic pathways, the strongest correlation was

observed with the visceral fat (Q <0.15) which is generally
in accordance with the findings from the db-RDA analy-
sis. Three pathways (DENOVOPURINE2-PWY, PWY-
841, PWY0-162) already indicated in the dbRDA triplot
in the weaker correlation cluster (Fig. 3H, green color)
showed the strongest relationship with VF (Rho=0.39,
Rho =0.39, Rho=0.36, Q <0.15, respectively). Full results
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of the univariate analysis are shown in Additional file 1:
Figs. S4 and S5.

Pairwise correlation analysis has indicated a relation-
ship between the gut related features (taxa and path-
ways) and SCFA, especially C3 and C6 (Additional file 1:
Figs. S4 and S5). As three parameters (glucose, PWA PP,
SBP) were also associated with taxa (Fig. 3C), a mediation
analysis was carried out to establish a statistical support
for the causal effect of the gut microbes on parameters,
in particular, whether the effect goes through the SCFA.
Based on the results of pairwise correlation between bac-
terial features and parameters, as well as bacterial fea-
tures and SCFA (Fig. 3C, Additional file 1: Figs. S4 and
S5), three parameters (glucose, PWA PP and SBP) were
selected as targets for the mediation analysis. The C3 and
C6 were treated as potential mediators, whereas the gut
microbes, exhibiting a correlation with these parameters,
as independent variables. The main criterion for a selec-
tion of the taxa and parameters was maximizing a prob-
ability of the significant total effect (TE). As evidenced by
the significant indirect (mediation) effects, the effect of
family Lachnospiraceae (ACME 1.25, 95%CI (0.10, 2.97),
phylum Firmicutes (ACME 1.28, 95%CI (0.23, 3.83)) and
Tenericutes (ACME — 0.39, 95%CI (— 0.87, — 0.03)) on
glucose was mediated by C3 (Fig. 4). The effect of Lach-
nospiraceae was incomplete (a significant direct effect as
well, ADE 1.82, 95%CI (0.23, 3.83)), whereas the effects
of Firmicutes and Tenericutes were fully mediated by C3
(an insignificant ADE). Statistically, there was no support
for C6 transmitting the effect on glucose. Likewise, we
could not establish a mediation role of the C3 or C6 on
PWA PP and SBP.

Discussion

This cross-sectional study revealed numerous correla-
tions between the gut microbiota and risk factors for car-
dio-metabolic diseases. The microbiota of the surveyed
women is characterized by high taxonomic diversity. We
observed that alpha diversity was strongly and negatively
correlated with LPS concentration and weakly correlated
with other metabolic risk factors such as TG and visceral
fat. Low bacterial richness was observed in metabolic
disorders [4], inflammation [45] and obesity [28]. The gut
microbiota plays an essential role in regulating the intes-
tinal permeability of the intestinal mucosa, and a change
in the microbiota community affects the mucosal barrier
function of the gut [46, 47]. The elevated level of circu-
lating insulin, typical for obesity phenotype, was found
to increase the intestinal permeability, allowing bacterial
toxins, such as LPS, to leak into the circulation, which, in
turn, initiated a cascade of inflammatory reactions, thus,
explaining the subclinical inflammation present in obese
and insulin-resistant patients [48]. In our study, stool
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calprotectin was positively correlated with vascular stift-
ness, which may also indicate the role of increased intes-
tinal permeability in the pathogenesis of cardiovascular
diseases.

We observed a positive correlation between the phylum
Actinobacteria and the lower taxonomic groups belong-
ing to the class Coriobacteria with blood glucose levels.
These observations confirm the previously described
association of this group of bacteria with obesity and
metabolic disorders [28, 49]. In contrast, the Tenericutes
phylum was negatively correlated with blood glucose
concentration in our study. On the contrary, in the study
by Yan et al., this phylum occurred more frequently in
obese rats but decreased after inducing diabetes and then
increased largely after sitagliptin treatment as compared
to the diabetic [50]. Bacteroides caccae, which is nega-
tively correlated with waist circumference, is involved in
the degradation of mucus, which helps reduce intestinal
inflammation by decreasing bacterial epithelial adhesion
[51]. Class Bacilli and order Lactobacillales were posi-
tively correlated with SBP. Adnan et al. observed a strong
positive correlation between SBP and the lactate-pro-
ducing genus Lactobacillus [52]. Lactobacillus can also
synthesize neurotransmitters in the autonomic nervous
system [53]. Furthermore, plasma lactate levels have been
associated with increased blood pressure [54].

On the other hand, administration of Lactobacillus
plantarum 299v [55] and Lactobacillus casei [56] can
lower systolic blood pressure. However, strain-specific
effects can differ from the effects of bacterial order. Pro-
teobacteria abundance correlated with free fatty mass
is associated with a reduction in mucus production and
impairment of the gut barrier, and low-grade inflamma-
tion and is also associated with metabolic diseases such
as obesity [57].

Brahe et al, in a study conducted on a similar group
of women, have also observed a relationship between
other groups of bacteria and cardiometabolic risk fac-
tors. However, the observed compounds are related to
other taxonomic groups of bacteria [2]. It should be
emphasized that the microbiota analysis carried out by
Brahe et al. differed in the methodology of bacterial DNA
sequencing, analytical pipeline and statistical methods
used. Inconsistent microbiome research results make it
difficult to understand the exact relationship between the
human gut microbiome and the resulting disease [58].
This may be due to selection bias, geographic differences,
unknown confounding factors, taxonomic differences,
or the lack of standard sample collection, processing and
analysis methods [59]. For this reason, it is necessary to
both standardize the research protocol [60] as well as
use open databases containing the results of microbiome
studies in various populations [61].
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To assess the universality of our observations, which
is essential in microbiome research [62], we compared
our data with those contained in the free and open
Qiita database (https://qiita.ucsd.edu). We related the
microbiota composition observed in our study to results
obtained in a similar cohort of women in the American

Gut Project (The Microsetta Initiative—Researching
Global Microbiomes, https://microssetta.ucsd.edu), with
both high and normal BMI. However, our results dif-
fered significantly at various taxonomic levels in both
the high and normal BMI groups. Of particular note is
the much lower percentage of Proteobacteria and the
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higher percentage of Actinobacteria observed in our
study. Obesity is associated with various gut microbiota
composition profiles [63]. These differences may have
originated from the distinctness of the geographical loca-
tions of the investigated populations. The microbiome is
not only distinct in Western and Eastern populations [64]
but also differs between countries with similar lifestyles
(e.g. USA and UK) and regions of the same country [42].
It should also be emphasized that we compared different
variable regions of the 16S gene (V1- V2 vs V4), which
may be a source of differences in the taxonomic composi-
tion of the bacteria [65]. This can introduce inaccuracies
while assessing taxonomy [66] and further create prob-
lems when comparing the results of different studies,
performing meta-analyses, and drawing generalized con-
clusions about the importance of microbiota in different
diseases. Functional profile analysis seems more valuable
than taxonomic analysis for this purpose [67]. The results
are consistent with our previous observations in a Polish
population [68] and in postmenopausal women [69].

However, in order to fully relate the information we
obtained to a healthy population, a control group consist-
ing of healthy and otherwise matched postmenopausal
women of normal weight would be necessary.

An essential element of microbiota research is metabo-
lomic analysis. In our study, we used both bioinformatics
tools that can be utilized to assess the metabolic poten-
tial of the tested bacteria, as well as the SCFA analysis in
the stool. We have shown that different metabolic path-
ways involved in gut microbiota can be correlated with
cardiometabolic risk factors. These include pathways
mainly related to lipid, bicarbonate, biotin and nucleotide
metabolism. The strong positive correlation between bio-
tin biosynthetic pathways and visceral fat may be of par-
ticular interest. This is in line with observations made by
Wu et al. [70], who observed an association between the
abundance of bacterial biotin biosynthesis pathways in
individuals with different failures of glucose metabolism.
Of note, intestinal bacteria produce biotin during insuf-
ficient supply [71]. However, this problem is not resolved,
as Belda et al. [72] observed a reduced abundance of bio-
tin-producing bacteria in severely obese individuals. In
addition, they found reduced blood concentrations of this
vitamin. Of note, Belda et al. used metagenomic analy-
sis and employed counts of faecal microbial cell density.
Our analysis was based on amplicons and determining
the relative abundance of bacteria; moreover, women not
only with severe obesity were enrolled in our study. These
might stand for the discrepancies in these results. Despite
the confirmation of biotin deficiency in T2D [73] and the
beneficial effects of biotin supplementation on glucose
metabolism [74-76], further research concerning the role
of gut bacteria in biotin metabolism and its association
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with metabolic disorders and obesity is necessary to
search for markers of these disorders and therapeutic
possibilities. Also, purine metabolism was found to be
positively associated with visceral fat. Altered purine
metabolism was observed by Concepcion et al. [77] in a
cohort of youths with T2D. Of note, hyperuricemia has
been linked to visceral fat accumulation, and uric acid
serves as the primary metabolite of balanced purine die-
tary uptake, synthesis, and excretion [78]. We also found
that alpha diversity and abundance of numerous bacteria
are correlated with faecal SCFA. Alpha diversity is nega-
tively correlated with faecal propionic acid and positively
with valeric and hexanoic acid. The correlations of other
bacterial groups apply to those considered SCFA produc-
ers as well as to others. Interestingly, the abundance of
some bacteria considered to be SCFA producers nega-
tively correlates with the faecal SCFA. Similar situations
occur in other populations, for example, in people with
Parkinson’s disease [79], which can be explained by the
disturbed composition of bacteria in pathological states.
Another factor that may influence the nature of the cor-
relation between bacterial abundance and SCFA is a sig-
nificant limitation of faecal SCFA analysis. The content
of SCFA in the stool results from the production of these
compounds by the intestinal bacteria, their absorption
and their expenditure in situ in the gastrointestinal tract
[80]. Faecal SCFA excretion results may not correspond
to those measured in blood, which may better reflect
SCFA production and absorption. Vogt and Wolever [81]
showed that the rates of acetate absorption and excre-
tion are inversely correlated. In studies that measured
SCFA in the circulation compared to the faeces, slightly
different conclusions were drawn about the relationship
of SCFA with obesity and cardiometabolic health. Boets
et al. found that obese people have lower plasma concen-
trations of propionate and butyrate than lean people [82].
Moreover, Layden et al. found that serum acetate con-
centration was inversely related to fasting and 2-h insulin
levels and visceral adipose tissue [83]. It follows that the
most reliable information can be obtained by analyzing
the concentration of SCFA to provide an insight into all
the processes of their transformation in the body. It can
be assumed that pathological processes can lead to dis-
orders of SCFA metabolism or absorption, which makes
these compounds a potential marker of various disease
states.

We have not confirmed a correlation between SCFA
and cardiometabolic risk factors. SCFA are considered an
important metabolite of gut microbiota with a beneficial
effect on health. On the other hand, as a source of energy,
they may be associated with the occurrence of overweight
or obesity. The association of SCFA with metabolic dis-
orders and obesity is, therefore, ambiguous. SCFA play
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regulatory functions in the lipids, cholesterol and glucose
metabolism, immune response and gut barrier integrity.
Other studies showed that SCFA in faeces were nega-
tively correlated with adiposity parameters such as BMI,
VAT and waist circumference [84, 85]. SCFA have been
suggested to mediate the activation of G protein-coupled
receptors, such as GPR41 and GPR43, inhibit fat accu-
mulation in adipose tissue and accelerate the metabo-
lism of unincorporated lipids as well as glucose in other
tissues, leading to a subsequent improvement in insu-
lin sensitivity [86, 87]. The release of gut-derived satiety
hormones like glucagon-like peptide-1 and peptide YY
have also been implicated in this action [88, 89]. SCFA
also play a role in the balance of fatty acid synthesis, fatty
acid oxidation, and lipolysis in the body’s tissues through
peroxisome proliferator-activated receptors [90]. Dietary
supplementation with acetate, propionate, butyrate or
their mixture can significantly inhibit the body weight
gain induced by high-fat diet feeding [91].

On the other hand, the study performed in monozy-
gotic twin pairs confirmed the positive effects of SCFA
on obesity [92]. In other studies, higher levels of SCFA
in the stool were found in overweight or obese subjects
compared to lean subjects [26, 27, 93-95]. In addition,
Turnbaugh et al,, in an experimental study, showed a
relationship between obesity, the gut microbiome and
overproduction of SCFA [6]. However, the relationship
between SCFA and metabolic disorders in postmeno-
pausal women can be affected by decreased estrogen
production, which causes intestinal dysbiosis [96]. The
postmenopausal gut microbiota contains fewer SCFA-
producing bacteria [69, 97-99]. It is therefore difficult
to establish a clear relationship between faecal SCFA
and cardiometabolic risk factors. To shed light on causal
mechanisms, we performed a mediation analysis, which
shown that the effect of Lachnospiraceae, Firmicutes
and Tenericutes on plasma glucose may be translated
(partially or fully) by propionate. However, these results
should be interpreted with caution, given certain limi-
tations. First, mediation analysis provides only statisti-
cal support for a possible underlying causal mechanism.
Thus, carefully designed experimental studies need to be
conducted to establish such relationships.

The main limitation of this study is the lack of a con-
trol group consisting of normal weight healthy and other-
wise matched postmenopausal women; however, taking
into account the multifactorial nature of the analysis, this
task was not easy. Moreover, the study aimed to analyze
the correlation in a given cohort and not the differences
between the cohorts, especially since the problem of
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appropriate matching of healthy control was difficult to
solve in such studies. The main reasons for the reduced
sample size were the strict inclusion and exclusion cri-
teria and limited resources. Furthermore, mechanistic
studies using a germ-free mouse model are required to
confirm the results. Finally, it would be beneficial to com-
pare our results with a similar cohort [100]; however,
such head-to-head studies have not been conducted.
Other limitations include 16S rRNA sequencing of V1-
V2 regions (in the Polish population, the most suitable
region is not defined), which provides limited insight into
microbiota function [101], and further metabolome and
immunome analysis are required.

Conclusions

We can conclude that microbiota composition and meta-
bolic potential are associated with cardiometabolic risk
factors and faecal SCFA concentration in obese post-
menopausal women. However, there is no unequivo-
cal relationship between faecal SCFA and the marker of
intestinal barrier integrity and cardiometabolic risk fac-
tors. We also found that comparing results obtained in
a study cohort with raw data contained in an extensive
reference database was not informative regarding com-
paring stool microbiota between obese and non-obese
patients, so appropriately matched control groups should
be used in microbiota studies. Our study provides the
translational significance. Future works might explain
further whether the microbiota and its metabolic poten-
tial may be treated as markers of metabolic disorders in
obese postmenopausal women. If these observations are
confirmed, the creation of dysbiosis indices associated
with the occurrence of these disorders could be used to
develop appropriate dietary strategies and to monitor the
health of women during this period of life. They may also
serve as a basis for developing pre-, pro- and postbiotics
that could reduce the risk of cardiovascular diseases.

Abbreviations

CMRF: Cardiometabolic risk factors; CVD: Cardiovascular disease; T2D: Type-2
diabetes; SCFA: Short chain fatty acids; IBD: Inflammatory bowel diseases;
ELISA: Enzyme-linked immunosorbent assay; OUT: Operational taxonomy unit;
db-RDA: Distance-based redundancy analysis; DV: Dependent variables; IV:
Independent variable; TE: Total effects; ACME: Average causal mediation effect;
ADE: Average direct effect; FDR: False discovery rate; TM: Thrombomodulin;
VWEF: Von Willebrand factor; VEGF: Vascular endothelial growth factor; PWV:
Pulse wave velocity; PWA AP: Pulse wave analysis augmentation pressure; PWA
Alx: Pulse wave analysis augmentation index; PWA SP: Pulse wave analysis
systolic pressure; PWA PP: Pulse wave analysis pulse pressure; LPS: Lipopoly-
saccharide; II-6: Interleukin-6; TNF: Tumor necrosis factor alpha; CRP: C-reactive
protein; DBP: Diastolic blood pressure; SBP: Systolic blood pressure; HR:



toniewski et al. Journal of Translational Medicine (2022) 20:585

Heart rate; TG: Triglycerides; HDL: High-density lipoprotein cholesterol; LDL:
Low-density lipoprotein cholesterol; TC: Total cholesterol; FFMH: Fat-free mass
hydration; FFM: Fat-free mass; FM: Fat mass; TBW: Total body water; WC: Waist
circumference; BMI: Body mass index.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512967-022-03801-0.

Additional file 1: Figure S1. Flow chart of the study population. Figure
S2. Heatmaps of the rarefied abundance at different taxonomic levels.
Figure S3. Alpha-diversity correlation with SCFAs. Table S1. db-RDA
models summary. Figure S4. Correlations between bacterial taxa and
anthropometric, physiological and biochemical parameters. Figure S5.
Correlations between MetaCyc metabolic pathways and anthropometric,
physiological and biochemical parameters. Table S2. Phylum relative
abundance.

Acknowledgements

We would like to thank Dr. Corinna Bang Head of Microbiome Laboratory Insti-
tute of Clinical Molecular Biology Christian-Albrechts-University Kiel, Germany
for performing 165 rRNA sequencing.

Author contributions

I, MK, MS and PB designed the study; It, MK, MS, DS, KP and PB conducted
the research; MK and KP performed the bioinformatic and statistical analyses;
It, MK, MS, KSZ contributed to analysis and interpretation of data; It, MK

and KSZ drafted the paper and substantively revised it. All authors read and
approved the final manuscript.

Funding
The study received no external funding.

Availability of data and materials

The datasets presented in this study can be found in online repositories. The
names of the repository and accession number can be found below: https://
www.ebiac.uk/ena/browser/view/PRIEB48670.

Declarations

Ethics approval and consent to participate

Ethical approval was obtained from the Bioethical Committee of Poznan Uni-
versity of Medical Sciences (No. 871/2015) and prior written informed consent
was obtained from all participants.

Consent for publication
Not applicable.

Competing interests

Mariusz Kaczmarczyk and Karolina Skonieczna-Zydecka receive remuneration
from probiotic company. Igor toniewski is the probiotic company CEO. Other
authors report no conflicts of interest.

Author details

'Department of Biochemical Sciences, Pomeranian Medical University

in Szczecin, Broniewskiego 24, 71-460 Szczecin, Poland. 2Department

of Human Nutrition and Metabolomics, Broniewskiego 24, 71-460 Szczecin,
Poland. 3Sanprobi Sp. Z 0. O. Sp. K., Kurza Stopka 5/C, 70-535 Szczecin, Poland.
“Department of Treatment of Obesity, Metabolic Disorders and Clinical
Dietetics, University of Medical Sciences in Poznan, Szamarzewskiego Str. 84,
60-569 Poznar, Poland. °Department of Clinical Biochemistry, Pomeranian
Medical University in Szczecin, Powstaricow Wielkopolskich 72, 70-111 Szc-
zecin, Poland.

Received: 12 August 2022 Accepted: 1 December 2022
Published online: 12 December 2022

Page 14 of 16

References

1. Lozupone CA, Stombaugh JI, Gordon JI, Jansson JK, Knight R. Diver-
sity, stability and resilience of the human gut microbiota. Nature.
2012;489(7415):220-30.

2. Brahe LK, Le Chatelier E, Prifti E, Pons N, Kennedy S, Hansen T, et al.
Specific gut microbiota features and metabolic markers in post-
menopausal women with obesity. Nutr Diabetes. 2015;15(5): e159.

3. Cotillard A, Kennedy SP, Kong LC, Prifti E, Pons N, Le Chatelier E, et al.
Dietary intervention impact on gut microbial gene richness. Nature.
2013;500(7464):585-8.

4. Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, Falony G, et al.
Richness of human gut microbiome correlates with metabolic markers.
Nature. 2013;500(7464):541-6.

5. Brahe LK, Le Chatelier E, Prifti E, Pons N, Kennedy S, Bleedel T, et al.
Dietary modulation of the gut microbiota — a randomised controlled
trial in obese postmenopausal women. Br J Nutr. 2015;114(3):406-17.

6. Turnbaugh PJ, Ley RE, Mahowald MA, Magrini V, Mardis ER, Gordon JI.
An obesity-associated gut microbiome with increased capacity for
energy harvest. Nature. 2006;444(7122):1027-31.

7. CaoY, Aquino-Martinez R, Hutchison E, Allayee H, Lusis AJ, Rey FE.

Role of gut microbe-derived metabolites in cardiometabolic diseases:
Systems based approach. Mol Metab. 2022;64: 101557.

8. Yang J, Keshavarzian A, Rose DJ. Impact of dietary fiber fermenta-
tion from cereal grains on metabolite production by the fecal
microbiota from normal weight and obese individuals. J Med Food.
2013;16(9):862-7.

9. Karlsson FH, Tremaroli V, Nookaew |, Bergstrom G, Behre CJ, Fagerberg
B, et al. Gut metagenome in European women with normal, impaired
and diabetic glucose control. Nature. 2013;498(7452):99-103.

10. QinJ,LiY,Cai Z LiS, Zhu J, Zhang F, et al. A metagenome-wide
association study of gut microbiota in type 2 diabetes. Nature.
2012;490(7418):55-60.

11. Bullon P, Marin-Aguilar F, Roman-Malo L. AMPK/Mitochondria in Meta-
bolic Diseases. Exp Suppl. 2016;107:129-52.

12. YardeniT, Tanes CE, Bittinger K, Mattei LM, Schaefer PM, Singh LN, et al.
Host mitochondria influence gut microbiome diversity: A role for ROS.
Science Signaling. 2019;12(588):e3159.

13. Samczuk P, Hady HR, Adamska-Patruno E, Citko A, Dadan J, Barbas C,
et al. In-and-out molecular changes linked to the type 2 diabetes remis-
sion after bariatric surgery: an influence of gut microbes on mitochon-
dria metabolism. Int J Mol Sci. 2018;19(12):E3744.

14, GeH, Li X, Weiszmann J, Wang P, Baribault H, Chen JL, et al. Activation
of G protein-coupled receptor 43 in adipocytes leads to inhibition of
lipolysis and suppression of plasma free fatty acids. Endocrinology.
2008;149(9):4519-26.

15. ChenB,Wang C, Li Z, LiT. IDDF2021-ABS-0066 Antioxidants-rich sup-
plements increase faecalibacterium abundance in gut microbiota. Gut.
2021;70(Suppl 2):A26-A26.

16. von Martels JZH, Sadaghian Sadabad M, Bourgonje AR, Blokzijl T, Dijk-
stra G, Faber KN, et al. The role of gut microbiota in health and disease:
In vitro modeling of host-microbe interactions at the aerobe-anaerobe
interphase of the human gut. Anaerobe. 2017;44:3-12.

17. Rowland |, Gibson G, Heinken A, Scott K, Swann J, Thiele |, et al. Gut
microbiota functions: metabolism of nutrients and other food compo-
nents. Eur J Nutr. 2018;57(1):1-24.

18. Steliou K, Boosalis MS, Perrine SP, Sangerman J, Faller DV. Butyrate
Histone Deacetylase Inhibitors. Biores Open Access. 2012;1(4):192-8.

19. Frost G, Sleeth ML, Sahuri-Arisoylu M, Lizarbe B, Cerdan S, Brody L,
et al. The short-chain fatty acid acetate reduces appetite via a central
homeostatic mechanism. Nat Commun. 2014;29(5):3611.

20. Peng L, Li ZR, Green RS, Holzman IR, Lin J. Butyrate enhances the
intestinal barrier by facilitating tight junction assembly via activation
of AMP-activated protein kinase in Caco-2 cell monolayers. J Nutr.
2009;139(9):1619-25.

21. JungTH, Park JH, Jeon WM, Han KS. Butyrate modulates bacterial adher-
ence on LS174T human colorectal cells by stimulating mucin secretion
and MAPK signaling pathway. Nutr Res Pract. 2015;9(4):343-9.

22. Kelly CJ, Zheng L, Campbell EL, Saeedi B, Scholz CC, Bayless AJ, et al.
Crosstalk between microbiota-derived short-chain fatty acids and intes-
tinal epithelial hif augments tissue barrier function. Cell Host Microbe.
2015;17(5):662-71.


https://doi.org/10.1186/s12967-022-03801-0
https://doi.org/10.1186/s12967-022-03801-0
https://www.ebi.ac.uk/ena/browser/view/PRJEB48670
https://www.ebi.ac.uk/ena/browser/view/PRJEB48670

toniewski et al. Journal of Translational Medicine

23.

24.

25.

26.

27.

28.

29.

30.

31

32

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

(2022) 20:585

Leodn Aguilera XE, Manzano A, Pirela D, Bermudez V. Probiotics and gut
microbiota in obesity: myths and realities of a new health revolution. J
Personalized Med. 2022;12(8):1282.

Cani PD, Bibiloni R, Knauf C, Waget A, Neyrinck AM, Delzenne NM, et al.
Changes in gut microbiota control metabolic endotoxemia-induced
inflammation in high-fat diet-induced obesity and diabetes in mice.
Diabetes. 2008;57(6):1470-81.

McNeil NI. The contribution of the large intestine to energy supplies in
man. Am J Clin Nutr. 1984,39(2):338-42.

Schwiertz A, Taras D, Schifer K, Beijer S, Bos NA, Donus C, et al. Micro-
biota and SCFA in lean and overweight healthy subjects. Obesity (Silver
Spring). 2010;18(1):190-5.

Rahat-Rozenbloom S, Fernandes J, Gloor GB, Wolever TMS. Evidence
for greater production of colonic short-chain fatty acids in overweight
than lean humans. Int J Obes (Lond). 2014;38(12):1525-31.

Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, Duncan A, Ley

RE, et al. A core gut microbiome in obese and lean twins. Nature.
2009;457(7228):480-4.

de la Cuesta-Zuluaga J, Mueller NT, Alvarez-Quintero R, Veldsquez-Mejia
EP, Sierra JA, Corrales-Agudelo V, et al. Higher fecal short-chain fatty acid
levels are associated with gut microbiome dysbiosis, obesity, hyperten-
sion and cardiometabolic disease risk factors. Nutrients. 2018;11(1):E51.
Shemtov SJ, Emani R, Bielska O, Covarrubias AJ, Verdin E, Andersen JK,
et al. The intestinal immune system and gut barrier function in obesity
and ageing. FEBS J. 2022;4:67.

Berstad A, Arslan G, Folvik G. Relationship between intestinal perme-
ability and calprotectin concentration in gut lavage fluid. Scand J
Gastroenterol. 2000;35(1):64-9.

Beser OF, Sancak S, Erkan T, Kutlu T, Cokugras H, Cokugrag FC. Can fecal
calprotectin level be used as a markers of inflammation in the diagnosis
and follow-up of cow’s milk protein allergy? Allergy Asthma Immunol
Res. 2014,6(1):33-8.

Oord T, Hornung N. Fecal calprotectin in healthy children. Scand J Clin
Lab Invest. 2014;74(3):254-8.

Orivuori L, Mustonen K, de Goffau MC, Hakala S, Paasela M, Roduit C,
et al. High level of fecal calprotectin at age 2 months as a marker of
intestinal inflammation predicts atopic dermatitis and asthma by age 6.
Clin Exp Allergy. 2015;45(5):928-39.

Szulinska M, toniewski |, van Hemert S, Sobieska M, Bogdariski P.
Dose-Dependent Effects of Multispecies Probiotic Supplementation
on the Lipopolysaccharide (LPS) Level and Cardiometabolic Profile in
Obese Postmenopausal Women: A 12-Week Randomized Clinical Trial.
Nutrients. 2018;10(6):E773.

Szulifiska M, toniewski |, Skrypnik K, Sobieska M, Korybalska K, Sulibur-
ska J, et al. Multispecies probiotic supplementation favorably affects
vascular function and reduces arterial stiffness in obese postmeno-
pausal women-A 12-week placebo-controlled and randomized clinical
study. Nutrients. 2018;10(11):E1672.

Majewska K, Kregielska-Narozna M, Jakubowski H, Szuliriska M,
Bogdanski P. The multispecies probiotic effectively reduces homo-
cysteine concentration in obese women: a randomized double-blind
placebo-controlled study. J Clin Med. 2020;9(4):998.

Kaczmarczyk M, Szuliiska M, toniewski |, Kregielska-Narozna M,
Skonieczna-Zydecka K, Kosciolek T, et al. Treatment with multi-species
probiotics changes the functions, not the composition of gut micro-
biota in postmenopausal women with obesity: a randomized, double-
blind, Placebo-Controlled Study. Front Cell Infect Microbiol. 2022;12:
815798.

Bolyen E, Rideout JR, Dillon MR, Bokulich NA, Abnet CC, Al-Ghalith GA,
et al. Reproducible, interactive, scalable and extensible microbiome
data science using QIIME 2. Nat Biotechnol. 2019;37(8):852-7.

Amir A, McDonald D, Navas-Molina JA, Kopylova E, Morton JT, Zech XZ,
et al. Deblur Rapidly Resolves Single-Nucleotide Community Sequence
Patterns. mSystems. 2017;2(2):e00191-e216.

Kaehler BD, Bokulich NA, McDonald D, Knight R, Caporaso JG, Huttley
GA. Species abundance information improves sequence taxonomy
classification accuracy. Nat Commun. 2019;10(1):4643.

McDonald D, Kaehler B, Gonzalez A, DeReus J, Ackermann G, Marotz C,
et al. redbiom: a Rapid Sample Discovery and Feature Characterization
System. mSystems. 2019;4(4):e00215-e219.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Page 150f 16

Tingley D, Yamamoto T, Hirose K, Keele L, Imai K. mediation: R Package
for Causal Mediation Analysis. J Stat Softw. 2014;2(59):1-38.

Rosa PSL, Brooks JP, Deych E, Boone EL, Edwards DJ, Wang Q, et al.
Hypothesis testing and power calculations for taxonomic-based human
microbiome data. PLoS ONE. 2012;7(12): €52078.

Claesson MJ, Jeffery IB, Conde S, Power SE, O'Connor EM, Cusack S,

et al. Gut microbiota composition correlates with diet and health in the
elderly. Nature. 2012;488(7410):178-84.

Kelly JR, Kennedy PJ, Cryan JF, Dinan TG, Clarke G, Hyland NP. Breaking
down the barriers: the gut microbiome, intestinal permeability and
stress-related psychiatric disorders. Front Cell Neurosci. 2015;14(9):392.
Michielan A, D'Inca R. Intestinal permeability in inflammatory bowel
disease: pathogenesis, clinical evaluation, and therapy of leaky gut.
Mediators Inflamm. 2015;2015: 628157.

Brun P, Castagliuolo |, Di Leo V, Buda A, Pinzani M, Palu G, et al. Increased
intestinal permeability in obese mice: new evidence in the pathogen-
esis of nonalcoholic steatohepatitis. Am J Physiol Gastrointest Liver
Physiol. 2007;292(2):G518-525.

Zhao H, Chen R, Zheng D, Xiong F, Jia F, Liu J, et al. Modified Banxia
Xiexin decoction ameliorates polycystic ovarian syndrome with insulin
resistance by regulating intestinal microbiota. Front Cell Infect Micro-
biol. 2022;10(12): 854796.

Yan X, Feng B, Li P, Tang Z, Wang L. Microflora disturbance during
progression of glucose intolerance and effect of sitagliptin: an animal
study. J Diabetes Res. 2016;2016:2093171.

Desai MS, Seekatz AM, Koropatkin NM, Kamada N, Hickey CA, Wolter

M, et al. A dietary fiber-deprived gut microbiota degrades the

colonic mucus barrier and enhances pathogen susceptibility. Cell.
2016;167(5):1339-1353.e21.

Adnan S, Nelson JW, Ajami NJ, Venna VR, Petrosino JF, Bryan RM, et al.
Alterations in the gut microbiota can elicit hypertension in rats. Physiol
Genomics. 2017;49(2):96-104.

Lyte M. Probiotics function mechanistically as delivery vehicles for neu-
roactive compounds: microbial endocrinology in the design and use of
probiotics. BioEssays. 2011;33(8):574-81.

Juraschek SP, Bower JK, Selvin E, Subash Shantha GP, Hoogeveen

RC, Ballantyne CM, et al. Plasma lactate and incident hypertension

in the atherosclerosis risk in communities study. Am J Hypertens.
2015;28(2):216-24.

Naruszewicz M, Johansson ML, Zapolska-Downar D, Bukowska H. Effect
of Lactobacillus plantarum 299v on cardiovascular disease risk factors in
smokers. Am J Clin Nutr. 2002;76(6):1249-55.

Kawase M, Hashimoto H, Hosoda M, Morita H, Hosono A. Effect of
administration of fermented milk containing whey protein concentrate
to rats and healthy men on serum lipids and blood pressure. J Dairy Sci.
2000;83(2):255-63.

Shin NR, Whon TW, Bae JW. Proteobacteria: microbial signature of
dysbiosis in gut microbiota. Trends Biotechnol. 2015;33(9):496-503.
Duvallet C, Gibbons SM, Gurry T, Irizarry RA, Alm EJ. Meta-analysis of gut
microbiome studies identifies disease-specific and shared responses.
Nat Commun. 2017;8(1):1784.

Vandeputte D, Tito RY, Vanleeuwen R, Falony G, Raes J. Practical consid-
erations for large-scale gut microbiome studies. FEMS Microbiol Rev.
2017,41(1):5154-67.

Mirzayi C, Renson A, Zohra F, Elsafoury S, Geistlinger L, Kasselman

LJ, et al. Reporting guidelines for human microbiome research: the
STORMS checklist. Nat Med. 2021;27(11):1885-92.

Pinart M, Nimptsch K, Forslund SK, Schlicht K, Gueimonde M, Brigidi

P, et al. Identification and Characterization of Human Observational
Studies in Nutritional Epidemiology on Gut Microbiomics for Joint Data
Analysis. Nutrients. 2021;13(9):3292.

Knight R, Vrbanac A, Taylor BC, Aksenov A, Callewaert C, Debelius J,

et al. Best practices for analysing microbiomes. Nat Rev Microbiol.
2018;16(7):410-22.

Castaner O, Goday A, Park YM, Lee SH, Magkos F, Shiow SATE, et al. The
gut microbiome profile in obesity: a systematic review. Int J Endocrinol.
2018;22(2018):4095789.

Yatsunenko T, Rey FE, Manary MJ, Trehan |, Dominguez-Bello MG,
Contreras M, et al. Human gut microbiome viewed across age and
geography. Nature. 2012;486(7402):222-7.



toniewski et al. Journal of Translational Medicine (2022) 20:585

65.

66.

67.

68.

69.

70.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Kameoka S, Motooka D, Watanabe S, Kubo R, Jung N, Midorikawa Y, 85.

et al. Benchmark of 16S rRNA gene amplicon sequencing using Japa-
nese gut microbiome data from the V1-V2 and V3-V4 primer sets. BMC
Genomics. 2021;22(1):527.

Jones CB, White JR, Ernst SE, Sfanos KS, Peiffer LB. Incorporation of Data

From Multiple Hypervariable Regions when Analyzing Bacterial 16S 86.

rRNA Gene Sequencing Data. Front Genetics. 2022. https://doi.org/10.

3389/fgene.2022.799615. 87.

Cheung SG, Goldenthal AR, Uhlemann AC, Mann JJ, Miller JM, Sublette
ME. Systematic review of gut microbiota and major depression. Front

Psych. 2019;10:34. 88.

Liskiewicz P, Petka-Wysiecka J, Kaczmarczyk M, toniewski |, Wroriski M,
Baba-Kubi$ A, et al. Fecal microbiota analysis in patients going through

a depressive episode during treatment in a psychiatric hospital setting. 89.

J Clin Med. 2019;8(2):164.
Zhao H, Chen J, Li X, Sun Q, Qin P, Wang Q. Compositional and func-

tional features of the female premenopausal and postmenopausal gut 90.

microbiota. FEBS Lett. 2019;593(18):2655-64.
Wu H, Tremaroli V, Schmidt C, Lundqvist A, Olsson LM, Krdamer M, et al.

The gut microbiota in prediabetes and diabetes: a population-based 91.

cross-sectional study. Cell Metab. 2020;32(3):379-390.e3.
Cronan JE. Expression of the biotin biosynthetic operon of Escheri-

chia coliis regulated by the rate of protein biotination. J Biol Chem. 92.

1988,263(21):10332-6.
Belda E, Voland L, Tremaroli V, Falony G, Adriouch S, Assmann KE, et al.

Impairment of gut microbial biotin metabolism and host biotin status 93.

in severe obesity: effect of biotin and prebiotic supplementation on
improved metabolism. Gut. 2022;56:8.

Maebashi M, Makino Y, Furukawa Y, Ohinata K, Kimura S, Sato T. Thera- 94.

peutic evaluation of the effect of biotin on hyperglycemia in patients
with non-insulin dependent diabetes mellitus. J Clin Biochem Nutr.

1993;14(3):211-8. 95.

Fernandez-Mejia C. Pharmacological effects of biotin. J Nutr Biochem.
2005;16(7):424-7.

Albarracin CA, Fuqua BC, Evans JL, Goldfine ID. Chromium picolinate 96.

and biotin combination improves glucose metabolism in treated,
uncontrolled overweight to obese patients with type 2 diabetes.

Diabetes Metab Res Rev. 2008;24(1):41-51. 97.

Lazo de la Vega-Monroy ML, Larrieta E, German MS, Baez-Saldana A,
Fernandez-Mejia C. Effects of biotin supplementation in the diet on
insulin secretion, islet gene expression, glucose homeostasis and beta-

cell proportion. J Nutr Biochem. 2013;24(1):169-77. 98.

Concepcion J, Chen K, Saito R, Gangoiti J, Mendez E, Nikita ME, et al.
Identification of pathognomonic purine synthesis biomarkers by
metabolomic profiling of adolescents with obesity and type 2 diabetes.

PLoS ONE. 2020;15(6): €0234970. 99.

Takahashi S, Yamamoto T, Tsutsumi Z, Moriwaki Y, Yamakita J, Higashino
K. Close correlation between visceral fat accumulation and uric acid
metabolism in healthy men. Metabolism. 1997;46(10):1162-5.

Aho VTE, Houser MC, Pereira PAB, Chang J, Rudi K, Paulin L, et al. Rela- 100.

tionships of gut microbiota, short-chain fatty acids, inflammation, and
the gut barrier in Parkinson’s disease. Mol Neurodegener. 2021;16(1):6.
toniewski |, Skonieczna-Zydecka K, Stachowska L, Fraszczyk-Tousty M,

Tousty P, toniewska B. Breastfeeding affects concentration of faecal 101.

short chain fatty acids during the first year of life: results of the system-
atic review and meta-analysis. Front Nutr. 2022. https://doi.org/10.3389/
fnut.2022.939194.

Vogt JA, Wolever TMS. Fecal acetate is inversely related to acetate
absorption from the human rectum and distal colon. J Nutr.

Page 16 of 16

Miranda VPN, Dos SantosAmorim PR, Bastos RR, de Faria ER, de Castro-
Moreira ME, de CastroFranceschini S, et al. Abundance of Gut Micro-
biota, Concentration of Short-Chain Fatty Acids, and Inflammatory
Markers Associated with Elevated Body Fat, Overweight, and Obesity in
Female Adolescents. Mediators Inflamm. 2019,2019:7346863.

Ang Z, Ding JL. GPR41 and GPR43 in Obesity and Inflammation - Pro-
tective or Causative? Front Immunol. 2016;7:28.

Shimizu H, Masujima Y, Ushiroda C, Mizushima R, Taira S, Ohue-Kitano
R, et al. Dietary short-chain fatty acid intake improves the hepatic
metabolic condition via FFAR3. Sci Rep. 2019;9(1):16574.

Larraufie P, Martin-Gallausiaux C, Lapaque N, Dore J, Gribble FM,
Reimann F, et al. SCFAs strongly stimulate PYY production in human
enteroendocrine cells. Sci Rep. 2018;8(1):74.

Herndndez MAG, Canfora EE, Jocken JWE, Blaak EE. The short-chain fatty
acid acetate in body weight control and insulin sensitivity. Nutrients.
2019;11(8):E1943.

Strickland JC, Stoops WW. Perceptions of research risk and undue influ-
ence: Implications for ethics of research conducted with cocaine users.
Drug Alcohol Depend. 2015;156:304-10.

Ellis MS, Cicero TJ, Dart RC, Green JL. Understanding multi-pill ingestion
of prescription opioids: Prevalence, characteristics, and motivation.
Pharmacoepidemiol Drug Saf. 2019;28(1):117-21.

Yin XQ, An YX, Yu CG, Ke J, Zhao D, Yu K. The Association Between Fecal
Short-Chain Fatty Acids, Gut Microbiota, and Visceral Fat in Monozy-
gotic Twin Pairs. Diabetes Metab Syndr Obes. 2022;15:359-68.

Patil DP, Dhotre DP, Chavan SG, Sultan A, Jain DS, Lanjekar VB, et al.
Molecular analysis of gut microbiota in obesity among Indian individu-
als. J Biosci. 2012;37(4):647-57.

Teixeira TFS, Grzeskowiak t, Franceschini SCC, Bressan J, Ferreira CLLF,
Peluzio MCG. Higher level of faecal SCFA in women correlates with
metabolic syndrome risk factors. Br J Nutr. 2013;109(5):914-9.
Fernandes J, Su W, Rahat-Rozenbloom S, Wolever TMS, Comelli EM.
Adiposity, gut microbiota and faecal short chain fatty acids are linked in
adult humans. Nutr Diabetes. 2014;4(6): e121.

SinghV, Park YJ, Lee G, Unno T, Shin JH. Dietary regulations for micro-
biota dysbiosis among post-menopausal women with type 2 diabetes.
Crit Rev Food Sci Nutr. 2022;10:1-16.

Santos-Marcos JA, Rangel-Zufiga OA, Jimenez-Lucena R, Quintana-
Navarro GM, Garcia-Carpintero S, Malagon MM, et al. Influence

of gender and menopausal status on gut microbiota. Maturitas.
2018;116:43-53.

Mayneris-Perxachs J, Arnoriaga-Rodriguez M, Luque-Cérdoba D, Priego-
Capote F, Pérez-Brocal V, Moya A, et al. Gut microbiota steroid sexual
dimorphism and its impact on gonadal steroids: influences of obesity
and menopausal status. Microbiome. 2020;8(1):136.

Schreurs MPH, de Steenwijk PJ, Romano A, Dieleman S, Werner HMJ.
How the gut microbiome links to menopause and obesity, with pos-
sible implications for endometrial cancer development. J Clin Med.
2021;10(13):2916.

Maifeld A, Bartolomaeus H, Lober U, Avery EG, Steckhan N, Marko

L, et al. Fasting alters the gut microbiome reducing blood pressure
and body weight in metabolic syndrome patients. Nat Commun.
2021;12(1):1970.

Allaband C, McDonald D, Vazquez-Baeza Y, Minich JJ, Tripathi A, Bren-
ner DA, et al. Microbiome 101: Studying, Analyzing, and Interpret-

ing Gut Microbiome Data for Clinicians. Clin Gastroenterol Hepatol.
2019;17(2):218-30.

H 7,
2003;133(10):3145-8. Publisher’s Note

Boets E, Deroover L, Houben E, Vermeulen K, Gomand SV, Delcour JA,
et al. Quantification of in vivo colonic short chain fatty acid production
from inulin. Nutrients. 2015,7(11):8916-29.

Layden BT, Yalamanchi SK, Wolever TM, Dunaif A, Lowe WL. Negative
association of acetate with visceral adipose tissue and insulin levels.
Diabetes Metab Syndr Obes. 2012;5:49-55.

Murugesan S, Ulloa-Martinez M, Martinez-Rojano H, Galvan-Rodriguez
FM, Miranda-Brito C, Romano MC, et al. Study of the diversity and
short-chain fatty acids production by the bacterial community in
overweight and obese Mexican children. Eur J Clin Microbiol Infect Dis.
2015;34(7):1337-46.

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.3389/fgene.2022.799615
https://doi.org/10.3389/fgene.2022.799615
https://doi.org/10.3389/fnut.2022.939194
https://doi.org/10.3389/fnut.2022.939194

	Analysis of correlations between gut microbiota, stool short chain fatty acids, calprotectin and cardiometabolic risk factors in postmenopausal women with obesity: a cross-sectional study
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Subjects
	Anthropometric and biochemical measurement
	16S rRNA sequencing
	SCFA
	Calprotectin
	Statistical analysis
	Power analysis

	Results
	Gut microbiome in post-menopausal women with and without obesity
	Gut microbiota (SCFA, Calprotectin) is correlated with host-specific characteristics

	Discussion
	Conclusions
	Acknowledgements
	References




