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A B S T R A C T

Background and aim: Gut microbiota may regulate metabolism but is incompletely characterized in pregnancy. 
Our objective was to investigate the relations using omics techniques.
Methods and results: In a cross-sectional setting, fecal and serum samples of 361 healthy pregnant women with 
overweight or obesity were analyzed with a combinatorial approach of metagenomics and targeted NMR-based 
metabolomics, with statistical and machine learning techniques to identify and analyze the extent to which the 
gut microbiota composition and predicted functions would be reflected in the serum metabolome. We identified 
five biclusters, each of which consisted of a set of gut microbial species and serum metabolites with correlated 
abundance profiles. Two of the biclusters included metabolites that have been linked to the cardiovascular 
health; one was linked with factors known to increase the risk i.e., various sizes of lipoprotein subclasses (VLDL 
and LDL), subclasses of relative lipoprotein lipid concentrations (VLDL, IDL, and LDL), apolipoprotein B, and an 
inflammation marker, glycoprotein acetylation. These metabolites were associated with abundances of species 
such as, Enterocloster bolteae and Ruminococcus gnavus. The second bicluster included metabolites linked with a 
reduced cardiovascular risk, such as different sizes of HDL (high-density lipoprotein), subclasses for relative li
poprotein lipid concentrations and mean diameter for HDL particles, and fatty acid ratios. These metabolites 
were associated with abundances of species, such as Bacteroides cellulosilyticus and Alistipes finegoldii. We did not 
observe any biclusters between predicted pathways and serum metabolites.
Conclusion: Overall, we identified five biclusters of co-abundant gut bacteria and serum metabolites , of which 
two were linked to pro-atherogenic and anti-atherogenic properties.
Trial registration: www.ClinicalTrials. Gov: NCT01922791.

1. Introduction

It is necessary that metabolic changes take place in pregnant women 
in order to ensure the flow of nutrients to the fetus and thereby to 
support its normal development and growth. Thus, modifications occur 
in glucose, lipid, and energy metabolism as well as in insulin sensitivity 
[1,2]. The maternal microbiota has also been shown to change in terms 
of diversity and abundances, these alterations have been related to the 

metabolic adaptations [3]. Maternal overweight and obesity status seem 
to contribute significantly to the metabolic aberrations as evidenced by 
results emerging from metabolomics studies. As compared to pregnant 
women with normal weight, those with obesity exhibited elevated levels 
of a variety of lipoprotein classes including all subclasses of very 
low-density lipoprotein (VLDL), small high-density (HDL) particles, 
monounsaturated fatty acids (MUFAs), saturated fatty acids (SFAs), 
branched chain as well as aromatic amino acids, and an inflammation 

Abbreviations: BMI, body mass index; VLDL, very low-density lipoprotein; LDL, low-density lipoprotein; IDL, intermediate-density lipoprotein; HDL, high-density 
lipoprotein; MUFAs, monounsaturated fatty acids; PUFAs, polyunsaturated fatty acids; SFAs, saturated fatty acids; FAs, fatty acids; GlycA, glycoprotein acetylation; 
FDR, false discovery rate.
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marker, glycoprotein acetylation (GlycA) [4]. Maternal obesity may also 
induce changes in the gut microbiota including a decreased beta di
versity and an altered bacterial composition [3,5]. These 
obesity-induced alterations in the metabolism and gut microbiota during 
pregnancy may have health consequences for both the mother and child 
e.g., an increased risk of gestational diabetes mellitus [6] and in the 
long-term, an elevated risk of type-2 diabetes [7].

Rather few studies have examined the gut microbiota-serum 
metabolite interaction in pregnant women with most focusing on 
either a specific health condition, e.g., glucose levels in hyperglycemia 
during pregnancy [8], serum metabolite profile in intrahepatic chole
stasis in pregnant women [9], or alternatively with the association be
tween the gut microbiota with a specific metabolite i.e., glycoalbumin 
levels, in healthy pregnant women [10]. One recent study investigated 
dynamics of gut microbiota and serum metabolomes during and after 
pregnancy longitudinally [11]. There is another report of an association 
between the gut microbiota with a comprehensive metabolite profile in 
pregnant women with overweight and obesity [5]. However, the find
ings of these previous studies were based on 16 rRNA amplicon 
sequencing, which can provide a robust taxonomic classification of gut 
microbiota at the genus level. Here, we have extended the analysis of gut 
microbiota-serum metabolite associations to a level i.e., to distinct mi
crobial species and predicted functions as enabled by metagenomics 
profiling of gut microbiota. Furthermore, the serum metabolic profile 
was analyzed by nuclear magnetic resonance (NMR) spectroscopy, 
which provided a comprehensive analysis of more than 200 metabolites, 
including lipoprotein subclasses and their ratios, biomarkers for lipid 
and glucose metabolism, amino acids, ketone bodies and GlycA, which is 
a marker of low-grade inflammation. Many of these metabolites and 
their ratios are considered as markers of an individual’s cardiovascular 
risk [12,13]. We speculated that a deeper understanding of the gut 
microbiota-serum metabolism interactions in pregnant women at risk 
for health complications, i.e., those with overweight or obesity, would 
provide valuable insights when designing new dietary intervention ap
proaches especially aimed at those women with an elevated cardiovas
cular risk.

Our primary aim was to investigate the extent to which the compo
sition of the gut microbiota would be reflected in serum metabolomic 
profiles with a bicluster analysis during early pregnancy.

2. Methods

2.1. Study population

The study subjects were pregnant women with overweight or 
obesity, participating in a mother-infant dietary single-center interven
tion trial (ClinicalTrials. gov, NCT01922791) being conducted in Uni
versity of Turku and Turku University Hospital, Turku, Finland [14]. 
The following were the inclusion criteria for the current study. As the 
study focuses on at-risk group of pregnant women, those with over
weight (self-reported pre-pregnancy body mass index (BMI) ≥ 25 
kg/m2) were included. Here, we have investigated the associations be
tween gut microbiota and serum metabolites cross-sectionally at the 
baseline of the study (i.e., prior to the initiation of the intervention), at a 
mean 13.9 (SD 2.1) weeks of gestation (i.e., early pregnancy phase). 
Only those women, who had not consumed antibiotics within 8 weeks 
before fecal sampling, had provided both fecal and serum samples for 
metagenomics and metabolomics analyses, respectively, were included 
in this study. The exclusion criteria were gestational diabetes mellitus 
diagnosed before entering the study, multifetal pregnancy, and the 
presence of metabolic or inflammatory diseases. To avoid potential 
confounding effects of these factors, such as use of antibiotics, 
pre-existing diabetes status, the participants were excluded based on the 
aforementioned criteria. Data on the clinical characteristics were 
collected with questionnaires and interviews during a study visit [14].

Ultimately, 361 pregnant women with overweight or obesity out of 

439 recruited were included in the current study.
This study was conducted according to the guidelines laid down in 

the Declaration of Helsinki as revised in 2013, and all procedures that 
involved human subjects were approved by the Ethics Committee of the 
Hospital District of Southwest Finland (permission number 115/180/ 
2012). Written informed consent was provided by the study 
participants.

2.1.1. Characteristics of the study population
The characteristics of the study participants are shown in Table 1. 

The majority of the pregnant women, 63 % (227/361), were with 
overweight, the others (134/361 = 37 %) were with obesity. Overall, 57 
% of the women had completed a higher level of education (college or 
university degree) and 48 % were expecting their first child.

2.2. Gut microbiota profiling

Fecal samples were collected in sterile plastic pots on the morning of 
the study visit or the previous evening and kept at − 20 

◦

C until DNA 
extraction. DNA was extracted by using a GTX stool extraction kit and a 
fully automated GenoXTractmachine (Hain Lifescience). Before extrac
tion, mechanical lysis was performed by bead-beating the samples in 
ceramic bead tubes with a MOBIO PowerLyzer 24 Bench Top Bead- 
Based Homogenizer (MO BIO Laboratories, Inc., Carlsbad, CA). Details 
regarding metagenomics sequencing and gut microbiota profiling have 
been described previously [15]. In brief, the genomic DNA was frag
mented to a length of approximately 350bp and used for library con
struction using NEBNext Ultra II Library Prep Kit for Illumina (New 
England Biolabs). The library was sequenced using 2 × 150bp 
paired-end sequencing on an Illumina HiSeq platform. A total of 767 
samples were sequenced for two time points during pregnancy (early 
and late pregnancy). The raw FASTQ files were quality controlled using 
KneadData (v. 0.6.1) to remove low-quality bases and reads derived 
from the host genome as follows- Using Trimmomatic (v. 0.36), the 
reads were quality trimmed by removing Nextera adapters, leading or 
trailing bases with a Phred score below 20, and trailing bases in which 
the Phred score over a window of size 4 drops below 20. Trimmed reads 
shorter than 100 bases were discarded. Reads that mapped to the human 
reference genome GRCh38 (with Bowtie 2 v. 0.2.3.2 using default set
tings) were discarded. Read pairs in which both reads passed filtering 
were retained; these were classified as high quality non-host (HQNH) 
reads. For each sample, the average sequencing depth was 25.3 million 
(M) read pairs. On an average per sample, 5.4 M (~21 %) reads were 
discarded for their low quality, 0.1 M (~0.4 %) reads were mapped to 
the host genome, and 2.2 M (8.7 %) reads were not mapped to the gene 
catalog. On an average for each sample, about 17.5 M (~70 %) reads 
were mapped to the gene catalog. The analysis of the microbial 
composition and pathway profiling (predicted functions) was performed 
using MetaPhlAn2 V.2.6.0 [16] and HUMAnN2 pipeline V.0.11.1 [17], 
respectively. To avoid the potential confounding effect of intervention 

Table 1 
Baseline characteristics of the study population.

Characteristics All women

n 361
Age, years 30.4 [27.6, 33.8]
Weight, Kg 82.1 [74.4, 90.3]
Pre-pregnancy BMI (Kg/m2) 28.4 [26.4, 31.6]
BMI Status
Overweight 227 (62.9)
Obese 134 (37.1)
College or university education 207 (57.3)
Smokers before pregnancy 73 (20.2)
Expecting her first child 176 (48.8)

The values represent median with interquartile ranges, [IQR] and per
centages (n = Number of all pregnant women with overweight or obesity).
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on the gut microbiota-serum metabolite associations , only baseline 
samples were considered in the current analysis (n = 361).

2.3. Metabolite profiling

Fasting (overnight for at least 9 h) blood samples were drawn from 
the antecubital vein. The serum was separated, and frozen in aliquots at 
− 80 

◦

C. These serum samples were analyzed using a high-throughput 
NMR spectroscopy platform (Nightingale, Helsinki, Finland) as 
described previously [13]. The platform measures 228 metabolites, 
including lipoprotein subclasses and their ratios, biomarkers for lipid 
and glucose metabolism, amino acids, ketone bodies and GlycA, a 
marker of low-grade inflammation.

2.4. Statistical and bioinformatics analysis

When quantifying the association between alpha diversity and in
dividual metabolites, community richness (observed) and diversity 
(Shannon index) were calculated with the mia R/Bioconductor package 
[18]. Relative abundances were used for species, while metabolites were 
log10 transformed. Spearman correlations between alpha diversity and 
individual metabolite abundances were calculated with multiple 
correction being conducted with FDR (False Discovery rate, 
Benjamini-Hochberg method; R function p.adjust). FDR <0.05 was 
considered statistically significant.

Spearman correlation coefficients were calculated to assess the as
sociations between species and serum metabolite abundances, and be
tween the predicted functions and serum metabolite abundances. 
Positive and negative correlations that exceed the absolute value of 
Spearman correlation coefficient (|r| > 0.15) are reported. For correla
tion analysis, the species and predicted function abundances were 
centered log-ratio (clr) transformed to remove compositional bias. 
However, a shortcoming in cross-associating individual species and 
metabolites is that it does not characterize collinear variation in many 
species and metabolites that tend to co-vary as larger groups of multiple 
species and metabolites. Hence, we rearranged the correlation coeffi
cient matrix between species-serum metabolites abundances with the 
BCplaid biclustering algorithm [19,20], which has been designed to 
detect informative groups of co-varying features. We used the biclust 
package in R [21] and the optimal number of biclusters was determined 
based on the default algorithm in biclust. In order to avoid overfitting to 
the data [22] we used a single biclustering algorithm. All analyses were 
performed in an R environment.

3. Results

3.1. Relations between species richness and diversity with serum 
metabolites

In this study, we did not observe any statistically significant relation 
between microbial species richness (richness observed) and diversity 
(Shannon diversity) (P > 0.05) with serum metabolites (Supplementary 
table, S1).

3.2. Correlations between species abundances with serum metabolites

The correlations of individual species with serum metabolites are 
shown as heatmap in Fig. 1. Both positive and negative correlations (|r| 
> 0.15) were identified (Supplementary Tables S2 and S3). For example, 
abundances of Streptococcus salivarius positively correlated with tri
glycerides in large HDL and triglycerides in very large HDL and abun
dances of Eubacterium rectale negatively correlated with cholesterol 
esters in small HDL and total cholesterol in small HDL (see Fig. 1).

3.3. Correlations between predicted functions with serum metabolites

Fig. 2 represents the associations between the predicted functions 
and serum metabolites and the identified correlations are reported in 
Supplementary Tables S4 and S5. Abundances of functional pathway 
related to starch degradation (PWY-6737, starch degradation V) posi
tively correlated with free cholesterol to total lipids ratio in small VLDL 
and negatively with GlycA.

3.4. Biclusters of gut microbial species with serum metabolites

Five sets of microbial species that were linked with a metabolite 
cluster were identified by biclustering (Supplementary Table S6). Of the 
clusters, two (bicluster number 4 and 5) manifested with properties that 
have been associated with cardiovascular health.

The first bicluster (bicluster number 4) of these two included species 
from the phyla Bacteroidota (formerly, Bacteroides) (unclassified Par
aprevotella) and Bacillota (formerly, Firmicutes) (Clostridium bolteae, 
Ruminococcus gnavus, unclassified Peptostreptococcaceae) [23]; this was 
linked to a group of metabolites that consisted of mostly several sizes of 
VLDL particles and their relative concentrations, along with the relative 
concentrations of large LDL and IDL. Other metabolites including tri
glycerides in VLDL, cholesterol, apolipoproteins, 3-hydroxybutyrate and 
GlycA were also present in this bicluster.

The second bicluster (bicluster number 5) contained four Bacter
oidota (Bacteroides cellulosilyticus, B. bacterium ph8, Alistipes finegoldii, A. 
shahii), four Bacillota (Coprococcus catus, Coprococcus sp ART55 1, 
Lachnospiraceae bacterium 8 1 57FAA, Roseburia hominis), and single 
Actinomycetota (formerly, Actinobacterium) (Adlercreutzia equolifa
ciens) and Pseudomonadota (formerly, Proteobacterium) species (Bur
kholderiales bacterium 1 1 47). The metabolites linked to this bicluster 
included very large and large HDL particles, the relative concentrations 
of small and large HDL particles, and the mean diameter of HDL particle, 
along with relative concentrations of very small VLDL, large LDL, IDL, 
fatty acid ratios and cholesterol.

The remaining three biclusters were composed as follows; the first 
(bicluster number 1) included seven Bacteroidota (Bacteroides fragilis, B. 
salyersiae, Parabacteroides goldsteinii, Paraprevotella clara, P. xylaniphila, 
Alistipes senegalensis, Eubacterium ventriosum), six Bacillota (Eubacterium 
eligens, Dorea longicatena, Lachnospiraceae bacterium 3 1 46 FAA, un
classified Roseburia, unclassified Peptostreptococcaceae, and unclassified 
Veillonella), and a Pseudomonadota species (Haemophilus para
influenzae). The metabolites included in this bicluster were large and 
very large HDL particles, the relative concentrations for different sizes of 
VLDL, IDL, and large HDL particles, cholesterol, cholesteryl esters, 
sphingomyelins, fatty acids (FAs) such as linoleic acid, omega-6 fatty 
acids, and polyunsaturated fatty acids (PUFAs). The second bicluster 
(bicluster number 2) included one Bacteroidota (Bacteroides vulgatus) 
and three Bacillota species (C. bolteae, R. gnavus, unclassified Oscil
libacter). In this bicluster, large and very large HDL particles, the relative 
concentrations of different sizes of VLDL, very large and large HDL, IDL, 
large LDL particles; lipoprotein particle sizes for LDL and HDL, along 
with cholesterol and fatty acid ratios were evident. The species observed 
in the remaining bicluster (bicluster number 3) were eight Bacillota 
(E. eligens, Anaerostipes hadrus, Coprococcus catus, Coprococcus sp. ART 
55 1, Roseburia hominis, Roseburia unclassified, Ruminococcus callidus, 
and Subdoligranulum unclassified), four Bacteroidota (Alistipes finegoldii, 
A. putredinis, A. shahii, and E. ventriosum), and two Pseudomonadota 
(Parasutterella excrementihominis and Burkholderiales bacterium 1 1 47), 
with the metabolites in this bicluster consisting of various sizes of VLDL 
particles and mean diameter of VLDL particles, small and medium HDL 
particles and relative concentrations of medium and large HDL particles, 
apolipoproteins, a branched chain amino acid-isoleucine, as well as 
GlycA.

We did not observe any biclusters between predicted functional 
pathways and the serum metabolites.
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4. Discussion

By using a biclustering approach, we identified five sets of microbial 
species that were related with groups of serum metabolites in women 
with overweight and obesity during the early stage of their pregnancy. 
Interestingly, two of these biclusters (bicluster number 4 and 5) pointed 
to a relation with the women’s cardiovascular health.

We identified one bicluster (bicluster number 4) which included 
many metabolites such as subclasses of VLDL particles and their relative 
concentrations, along with the relative concentrations of large LDL and 
IDL, triglycerides in VLDL, cholesterol in LDL, ketone body- 3-hydroxy
butyrate, apolipoproteins-apolipoprotein B, the ratio of apolipoprotein 
B to apolipoprotein A-I, total FAs, omega-6 fatty acids, PUFAs, MUFAs, 
and SFAs as well as an inflammation marker, GlycA. This cluster may be 
considered to highlight the links between the gut microbiota and serum 
metabolites that are adversely related to the cardiovascular health, i.e., 
there is previous evidence demonstrating their links with the risk of 
cardiovascular diseases (CVD). A prospective study of three population- 

based cohorts, revealed an increased CVD risk in individuals with higher 
concentrations of certain circulating metabolites such as lipid concen
trations within the LDL, IDL, medium-VLDL and small-VLDL forms [24]. 
Similarly, another prospective population-based study reported a 
stronger association of LDL, VLDL, apolipoprotein B, and triglycerides in 
all lipoprotein classes with incident CVD [25]. An abundance of sub
classes of VLDL, LDL and IDL has been associated with metabolic dis
eases, CVD, obesity and type-2 diabetes [26,27]. Bicluster number 4 
contained the following microbial species; Enterocloster bolteae (formerly 
known as, Clostridium bolteae) [28], Ruminococcus gnavus, unclassified 
Paraprevotella, unclassified Peptostreptococcaceae which have been re
ported previously to associate with disease conditions such as type-2 
diabetes [29], insulin resistance, dyslipidemia, and inflammation, 
cardio-metabolic diseases [30,31], Crohn’s disease [32,33] and cancer 
[34,35]. When viewed through the perspective of these previous re
lations with the disease risk, the species in bicluster number 4 could be 
argued to be associated with adverse cardiovascular health effects.

On the other hand, the metabolites observed in bicluster number 5 

Fig. 1. Heatmap shows the associations between microbial taxa and serum metabolites for all pregnant women. The colors red and blue denote positive and negative 
associations respectively. The intensity of the color depends on the value of the Spearman correlation coefficient. Symbol (.) denotes significant correlations (un
adjusted p-value <0.05). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 2. Heatmap shows the associations between predicted functions and serum metabolites for all pregnant women. The colors red and blue denote positive and 
negative associations respectively. The intensity of the color depends on the value of the Spearman correlation coefficient. Pathways: PWY-6737: starch degradation 
V, PWY-5686: UMP biosynthesis, PWY-6151: S-adenosyl-L-methionine cycle I, NONMEVIPP-PWY: methylerythritol phosphate pathway I, PWY-5097: L-lysine 
biosynthesis VI, COA-PWY-1: coenzyme A biosynthesis II (mammalian), PWY-7221: guanosine ribonucleotides de novo biosynthesis, PWY-7219: adenosine ribo
nucleotides de novo biosynthesis, PWY-6386: UDP-N-acetylmuramoyl-pentapeptide biosynthesis II (lysine-containing), PEPTIDOGLYCANSYN-PWY: peptidoglycan 
biosynthesis I (meso-diaminopimelate containing), PWY-6387: UDP-N-acetylmuramoyl-pentapeptide biosynthesis I (meso-diaminopimelate containing). Symbol (.) 
denotes significant correlations (unadjusted p-value <0.05). (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.)
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were subclasses of very large and large HDL particles, the relative con
centrations of small and large HDL, cholesterol, HDL-C, HDL-2C, and 
HDL3 and mean HDL particle size, the ratio of linoleic acid (C18:2) to 
total FAs and the ratio of PUFAs to total FAs. This cluster may be 
beneficial with respect to the cardiovascular health, as these metabolites 
have been considered to exert a protective effect on the incident CVD 
risk. This was demonstrated in a cohort study in which long-chain FAs, 
such as long-chain PUFA and those with a higher carbon atom number 
(18:0) were reported to exert a protective effect on the incident CVD 
[36]. Similarly, another study identified an inverse association between 
HDL cholesterol [37], lower concentrations of lipids within large HDL 
particles [24] and CVD risk. There are also reports of an association 
between very large and large HDL particles as well as mean HDL particle 
size with a reduced CVD risk; however, this association was inverse with 
small and medium HDL particles [27,38,39].

The species in this bicluster (bicluster number 5) consisted pre
dominantly of short-chain fatty acid (SCFA) producers- Alistipes shahii, 
Coprococcus catus, Coprococcus sp ART55 1, Roseburia hominis, Alistipes 
finegoldii, an equol producer- Adlercreutzia equolifaciens, a cellulose 
degrader-Bacteroides cellulosilyticus and a glucose uptake regulator- 
Lachnospiraceae bacterium 8 1 57FAA. Two other species, Bacteroidales 
bacterium ph8, Burkholderiales bacterium 1 1 47 have been reported to 
exhibit an association with certain chronic diseases [40]. Most of the 
observed bacterial species are SCFA producers i.e., they synthesize 
butyrate, acetate as well as succinate. It has been demonstrated that the 
production of SCFAs confers beneficial effects on glucose and lipid 
metabolism, insulin sensitivity and inflammation status [41,42]. The 
overall beneficial status of this bicluster (bicluster number 5) metabo
lites might be due to the presence of these SCFAs as well as other mi
crobial metabolites.

When considered on the basis of the literature two biclusters 
(bicluster number 4 and 5) seemed to exhibit properties towards pro- 
atherogenic and anti-atherogenic profiles, respectively. We speculate 
that these microbiota modifications could result in changes in metabo
lites and therefore induce either positive or negative health effects.

We also describe here the specific correlations between species 
abundances and predicted functions with serum metabolites in all the 
studied pregnant women based on Spearman correlation coefficient 
values, although the observed associations tended to be weak (|r| >
0.15). These correlations were with Lachnospiraceae species, Roseburia 
and Eubacterium rectale, with different sizes and subclasses of VLDL, LDL, 
IDL and HDL. Previously, associations have been identified between the 
family Lachnospiraceae, LDL [43] and subclasses of various sizes of VLDL 
and HDL [27]. The correlations detected here suggest that microbial 
species might play a role in lipid metabolism.

We also observed correlations between the relative concentrations of 
different sizes and subclasses of VLDL, IDL and LDL as well as acetate, 
glycerol and GlycA with predicted functions. The correlated pathways 
belong to the super-classes of biosynthesis and degradation as predicted 
by the MetaCyc database [44]; i.e., cell structure biosynthesis (UDP-
N-acetylmuramoyl-pentapeptide biosynthesis I and II), purine nucleo
tide biosynthesis (guanosine ribonucleotides de novo biosynthesis), 
amino acid biosynthesis (L-lysine biosynthesis VI), secondary metabolite 
biosynthesis (methylerythritol phosphate pathway I) and poly
saccharide degradation (starch degradation V) [44]. Considering the 
complexities of human as well as microbial metabolism, the exact bio
logical relevance of the reported associations remains somewhat 
unclear.

However, we did not observe any significant relationship between 
microbial species richness and alpha diversity with the individual serum 
metabolites. In previous reports, richness has been positively associated 
with certain amino acids such as glutamine, histidine and tyrosine, 
glycolysis-related metabolites, choline, creatinine [45] (untargeted 
NMR signals for metabolites) as well as with acetate [46]. In one pub
lication, the levels of acetate also influenced microbial diversity [46]. 
Inverse associations between microbial richness and metabolite signals 

related to lipids, esters and ketone have also been reported [45]. These 
differences might be attributed to the differing characteristics of the 
participants. In the present trial, the participants were pregnant women 
with overweight or obesity, whereas one of the studies included only 
middle aged Finnish men (average age 61 years) [46], and the other 
included only healthy men and women whilst obesity status was not 
reported [45].

There is a paucity of evidence for the relations between gut micro
biota and serum metabolites at the species level. Here, the strength of 
our study lies in using gut microbial data based on metagenomic 
sequencing, which provides taxonomic resolution at the species level as 
well as using serum metabolite data assayed with NMR spectroscopy, 
which provides a well-characterized profile of many metabolites. We 
identified individual as well as group level associations between gut 
microbiota and metabolites and applied a biclustering method, which 
has previously been used to identify group-level associations between 
the gut microbiota and metabolites in human and animal studies [47,
48]. Biclustering simultaneously clusters rows and columns of a data 
matrix. We used the BCplaid algorithm, which is considered as a 
refinement of the original Plaid model method and has improved 
capability of detecting informative biclusters [21]. Here, we first 
calculated correlation coefficients for species abundances and serum 
metabolites. Then, based on the resulting correlation matrix, the 
biclustering algorithm was applied which allowed us to reduce the 
dimensionality of the data and identify biclusters that were considered 
biologically relevant according to the available literature. Additionally, 
as the study setting was that of randomized control trial, the pregnant 
women in our study represented a homogenous population and provided 
relevant information such as none of the women used any antibiotics or 
medications. Our study included women at their early pregnancy before 
the initiation of the intervention. It is important to understand 
microbiota-metabolite associations at the baseline as a prerequisite that 
is necessary to map properly before proceeding to study the effects of 
intervention and diet.

Our study also has a few limitations. The pregnant women in our 
study belonged to those in the higher BMI groups, i.e., overweight or 
obese. This group was chosen as these individuals carry elevated risks to 
experience metabolic complications. However as no comparisons with 
normal or lean weight pregnancy were available, it was not possible to 
investigate the extent to which adiposity might influence gut 
microbiota-serum metabolite relations. The state of being overweight or 
obese puts a woman at risk of developing type-2 diabetes, cardio- 
metabolic as well as other metabolic disorders. As the prenatal period 
affects the development and growth of the fetus, the changes and con
ditions occurring during this period can also influence future outcomes 
related to her child’s health. There is a need for further studies to un
derstand the gut microbiota-serum metabolite relations in pregnancy, 
and further whether they are specific to pregnancy or also take place in 
comparison to non-pregnant conditions. One important consideration is 
diet, due to its considerable effect on modulation of both gut microbiota 
as well as metabolites. In this exploratory study, however, diet was not 
included. Further studies that consider dietary data and effect of inter
vention in longitudinal settings are needed to understand the relation
ship between diet-gut microbiota and serum metabolites.

The taxonomic and predicted functional annotations were based on 
MetaPhlAn2 and HUMAnN2, respectively. Updated versions of these 
pipelines have recently become available [49,50] and might provide 
improvements in the taxonomic and functional classifications. However, 
these latest versions include remarkable recent changes in bacterial 
nomenclature, making the comparison with existing literature more 
challenging. Our findings were obtained with MetaPhlAn2 and 
HuMAnN2, which have become widely adopted and verified methods. 
This allowed us to more directly compare our findings with the wider 
array of existing literature. In particular due to the exploratory nature of 
our study, the ability to relate the findings to previous literature is 
essential for interpretation. Replicating the analysis with updated 

M. Lotankar et al.                                                                                                                                                                                                                              Nutrition, Metabolism and Cardiovascular Diseases xxx (xxxx) xxx 

5 



taxonomic and functional mappings will be valuable for further verifi
cation but out of scope for our present study. It should also be noted that 
NMR platform, with its modern omics approach, provides comprehen
sive profile of 228 serum metabolites. Nevertheless, the high number of 
metabolites and requirement of multiple testing correction for statisti
cally robust results may pose as a limitation.

Although we identified two biclusters with relation to cardiovascular 
health, there were some similarities in all five biclusters. This is 
reasonable considering the functional redundancy of the gut microbiota 
and metabolism. Another important point to consider is the sensitivity of 
the parameters in the biclustering algorithm; in other words, the choice 
of algorithm can affect the way in which the rows and columns of the 
given data matrix are assigned into biclusters, which may in turn lead to 
differences in the apparent structures of the biclusters. Here, we used a 
single algorithm to detect informative groups and avoid overfitting the 
data. Our cross-sectional study provides information regarding the gut 
microbiota-serum metabolites associations during early pregnancy, 
further studies are required to understand these relations during late 
pregnancy.

In conclusion, we applied a biclustering method and identified two 
gut microbial species-serum metabolite profiles, with potential pro- 
atherogenic and anti-atherogenic properties. Considering the limited 
availability of the evidence, our observations can provide insights 
regarding the relationship between gut microbiota and serum metabo
lites in an at-risk group of pregnant women. These gut microbial-serum 
metabolite relations could help to identify distinctive profiles for an at- 
risk group of pregnant women that may be relevant in terms of their 
cardiovascular disease risk. Understanding these relations better could 
identify approaches to modify gut microbiota, for e.g. with diet and 
subsequently enable metabolic and health benefits in the pregnant 
women with overweight and obesity. Further studies will be needed to 
understand these relations during late pregnancy, to confirm whether 
these profiles can be used as biomarkers, as well as design the clinical 
strategies to improve metabolic and overall health.
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microbiome from pregnancy to early infancy: a comprehensive review. Nutrients 
2020;12. https://doi.org/10.3390/nu12010133.

[3] Koren O, Goodrich JK, Cullender TC, Spor A, Laitinen K, Kling Bäckhed H, et al. 
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