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BACKGROUND: Maternal pre-pregnancy body mass index (BMI) has been linked to altered gut microbiota in women shortly after
delivery and in their offspring in the first few years of life. But little is known about how long these differences persist.
METHODS: We followed 180 mothers and children from pregnancy until 5-year postpartum in the Gen3G cohort (Canada, enrolled
2010-2013). At 5 years postpartum we collected stool samples from mothers and children and estimated the gut microbiota by 16 S
rRNA sequencing (V4 region) using lllumina MiSeq, and assigning amplicon sequence variants (ASV). We examined whether overall
microbiota composition (as measured by microbiota  diversity) was more similar between mother-child pairs compared to
between mothers or between children. We also assessed whether mother-child pair sharing of overall microbiota composition
differed by the weight status of mothers before pregnancy and of children at 5-year. Furthermore, in mothers, we examined
whether pre-pregnancy BMI, BMI 5-year postpartum, and change in BMI between time points was associated with maternal gut
microbiota 5-year postpartum. In children, we further examined associations of maternal pre-pregnancy BMI and child 5-year BMI
z-score with child 5-year gut microbiota.

RESULTS: Mother-child pairs had greater similarity in overall microbiome composition compared to between mothers and between
children. In mothers, higher pre-pregnancy BMI and 5-year postpartum BMI were associated with lower microbiota observed ASV
richness and Chao 1 index; in children’s gut microbiota, higher maternal pre-pregnancy BMI was weakly associated with lower
microbiota Shannon index, whereas child’s 5-year BMI z-score was associated with higher observed ASV richness. Pre-pregnancy
BMI was also linked to differential abundances of several microbial ASVs in the Ruminococcaceae and Lachnospiraceae families, but
no specific ASV had overlapping associations with BMI measures in both mothers and children.

CONCLUSIONS: Pre-pregnancy BMI was associated with gut microbiota diversity and composition of mothers and children 5 years
after birth, however, the nature and direction of most associations differed for mothers and children. Future studies are encouraged

to confirm our findings and look into potential mechanisms or factors that may drive these associations.
International Journal of Obesity (2023) 47:807-816; https://doi.org/10.1038/541366-023-01322-4

INTRODUCTION

Pre-pregnancy overweight or obesity (OW/OB) is associated with
adverse health outcomes in both mothers and offspring. Women
who are OW/OB before pregnancy have increased risks of
pregnancy complications, including early pregnancy loss, hyper-
tensive disorders, gestational diabetes, and post-partum hemor-
rhage [1, 2]. Offspring of mothers who are OW/OB are at elevated
risks of adverse health consequences in metabolic and neurode-
velopmental systems [1, 3, 4]. However, the etiologic under-
pinnings of these associations are still poorly understood. One
hypothesis is that the effects may be mediated by an altered gut
microbiome in both mothers and offspring [5-7]. However,

although emerging evidence supports mother-to-infant vertical
transmission of microbes [8-16], little is known about whether
mother-offspring microbe sharing persists beyond infancy and if
pre-pregnancy maternal weight status impacts mother-child
microbial sharing.

Epidemiological studies have linked maternal pre-pregnancy
body mass index (BMI) to altered gut microbiota structure and/or
composition, separately for mothers during pregnancy and early
postpartum [17-19], and for their offspring in early life [17-21].
However, it remains to be understood how long these differences
persist beyond the first years postpartum because only a few
studies followed mothers and offspring beyond the first years
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after birth. For example, Galley et al. [22] found that in 77 children
aged 18 to 27 months in the U.S., those who were born to mothers
of higher socioeconomic status with pre-pregnancy obesity versus
those with normal pre-pregnancy weight had a gut microbiota
profile with higher a diversity, altered beta diversity, higher
relative abundances of genera Faecalibacterium and Oscillibacter,
and lower relative abundances of Eubacterium and Blautia. In
contrast, in another study of 169 children in Norway, maternal pre-
pregnancy BMI was not associated with gut microbiota diversity or
composition from birth to two years old [18]. To our knowledge,
there have been no studies to simultaneously examine the
microbiome mother-child dyads. As such, there is a need for
studies on this topic, particularly studies that investigate the
longer-term impacts of pre-pregnancy BMI on maternal and
children’s gut microbiome.

Our study aimed to address this research gap in a longitudinal
birth cohort of mothers and children in Canada that have been
followed from early pregnancy until 5-year postpartum. Our
specific research questions were (1) at 5-year postpartum, did
related mother-child pairs have a similar gut microbiota and was
the similarity impacted by their weight status? (2) in mothers, was
BMI measured prior to pregnancy, at 5-year postpartum, as well as
its change associated with maternal microbiota at 5-year
postpartum? and (3) in children, was maternal pre-pregnancy
BMI and child’s 5-year BMI associated with child’s microbiota at
5-year after birth?

MATERIALS AND METHODS

Study population

We used data from the Genetics of Glucose regulation in Gestation and
Growth (Gen3G) cohort. The Gen3G cohort is a prospective observational
cohort that recruited pregnant women, representative of the general
population of women of reproductive age, from the Estrie region in
Québec, Canada [23]. Women were eligible to participate in the Gen3G
cohort from 2010 to 2013 if they were between 5 and 16 weeks of
gestation, older than 18 years of age, and did not have a history of
diabetes. We prospectively followed women throughout pregnancy, at
delivery, and postnatally until 5 years. We also followed their children from
birth to 5 years of age. At the 5-year follow-up visit, Gen3G staff invited
families to collect stool samples at home from mothers and children
participants who did not use antibiotics within three months prior to the
stool collection. For this study, we included 180 mothers and children that
returned their stool samples and mothers reported their pre-pregnancy
weight at enrollment in early pregnancy. All study protocols were
approved by the ethics review board from the Centre Hospitalier
Universitaire de Sherbrooke.

Measurements of maternal and child’s BMI

At enrollment, we collected women'’s self-reported weight before
pregnancy using standardized questionnaires. Research staff measured
maternal height (to the near 0.5 cm) without shoes at enrollment using a
wall stadiometer. During the follow-up visit at 5 years postpartum, trained
research staff measured women’s weight (in kg) with a calibrated
electronic scale with bare feet in light clothing. We calculated BMI as
weight divided by squared height. We defined mothers with pre-
pregnancy BMI = 25 kg/m? as having OW/OB. We further derived maternal
BMI change as the difference between pre-pregnancy BMI and 5-year BMI.
For all children presenting to the 5-year visit, we measured weight (in kg)
using an electronic scale (Rice Lake Weighing systems), and measured
height (in cm) using a calibrated stadiometer (Seca). We calculated child’s
BMI z-score adjusted for sex and age using WHO AnthroPlus software
based on WHO growth reference [24]. We defined children with BMI
z-score >=85th percentile as having OW/OB.

Microbial sampling and 16 s rRNA sequencing

We collected stool samples from both mothers and children at 5 years after
delivery (henceforth referred to as the 5-year microbiome) [25]. We used
the OMNIgene:Gut OM-200 collection tube from DNA Genotek (Canada),
which stabilizes microbial DNA at the point of collection. We then sent the
DNA Genotek tubes to the processing center within 2-3 days of collection,
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and the samples were frozen at —80°C within 24 h of receipt. After
thawing the stool samples, we extracted microbial DNA using the QIAamp
Fast DNA stool mini-kit (QIAGEN) according to the manufacturer’s protocol.

We amplified the V4 hypervariable region of the 16 S rRNA gene using
the 515F (5-GTGCCAGCMGCCGCGGTAA-3) and 806R (5-GGAC-
TACHVGGGTWTCTAAT-3’) primer pair initially designed by Caporaso et al.
[26]. We performed multiplex sequencing using the lllumina MiSeq
platform according to the protocol described by Kozich et al. [27] to
obtain microbial information from the fecal samples. After demultiplexing
using the sample-specific barcodes described by Kozich et al. [27], we
performed quality read control and assigned amplicon sequence variants
(ASV) using the R package DADA2 (v1.8.0) [28]. We trimmed forward reads
at positions 10 (5’ end) and 240 (3’ end) and reverse reads at positions 10
(5" end) and 210 (3’ end). We removed the reads predicted to have >2
expected errors based on quality scores, containing any ambiguous bases,
or mapping to the PhiX genome using the function “filterAndTrim”, as
recommended by DADA2 authors [28, 29].

We used a random subset of 103,129,700 bases from 448,390 reads in
17 samples to calculate error estimate for the forward reads, and
105,583,800 bases from 527,919 reads in 20 samples for the reverse reads
using the function “learnErrors” in DADA2 [28]. We randomly included
samples in models until 100,000,000 reads were reached. We dereplicated
and pooled forward and reverse reads, denoised forward reads, and their
reverse-complement, and merged the sequence pairs using default
parameters in DADA2 [28]. With 86% of merged reads being non-chimeric,
we removed chimeras from merged sequences using the pooled option in
function “removeBimeraDenovo” in DADA2 [28]. This led to a final set of
ASVs containing 78% of the raw reads (83% of filtered reads).

ASV taxonomic assignment and phylogenetic tree generation
We used the “assignTaxonomy” function in DADA2 with the HITdb v.1.00
16 S rRNA sequence database to classify gut microbial taxa [30]. Following
recommendations by Murali et al. [31], we aligned ASVs using the R
package DECIPHER to construct a preliminary neighbor-joining tree. We
used the neighbor-joining tree to calculate a Generalized time-reversible
with Gamma rate variation maximum likelihood phylogenetic tree rooted
at the midpoint, using the R package phangorn [29, 32, 33]. We then
combined the sample metadata, ASVs, taxonomy, and phylogenetic tree
using the R package phyloseq [34].

Measurements of covariates

At enrollment in early pregnancy, we collected maternal age, race,
education achievement, prior medical/obstetric history, and lifestyle habits
(smoking status: never, past, current) using standardized questionnaires. At
delivery, we collected offspring sex, birth weight, and any pregnancy/
delivery adverse outcomes from electronic medical records. At the 5-year
post-partum visit, mothers completed a brief diet survey (adapted from
Canadian Community Health Surveys) from which we derived maternal
and child intake of fruits and vegetables (servings per day). Mother
reported child breastfeeding duration of any type (i.e., exclusive or mixed
breastfeeding) at 5 years post-partum visits.

Statistical analysis

We estimated a and f diversity and ASV relative abundance of the 5-year
gut microbiota of mothers and children. We used Shannon index, Chao 1
index, and observed unique ASVs to estimate a diversity (within-person
diversity) via function “diversity” from vegan package [35] without rarefying
the data. We used Bray-Curtis, weighted and unweighted UniFrac [36]
distances as measures of P diversity (between-person diversity) after
rarefying the data to the lowest sequencing depth. We calculated relative
abundances at the ASV level.

We assessed the overall microbiota similarity by B diversity metrics. We
examined the differences in microbiota similarity between pairs of mother-
own child, mother-unrelated child, mother-mother, and child-child using
Wilcoxon rank sum tests on the average {3 diversity distance metrics within
each pair. Further, within mother-own child pairs, we created 4 groups
according to the weight status of mothers prior to pregnancy and children
at 5-year as follows: mothers and children both having normal weight,
mothers and children both having OW/OB, mothers having normal weight
but children having OW/OB, and mothers having OW/OB but children
having normal weight. We combined OW and OB as a single weight status
to ensure reasonable sample size for statistical inference within each
grouping. We compared microbiota similarity across the four groups based
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Table 1. Characteristics of mothers and children from the Gen3G
cohort (n = 180).
Overall

Pre-pregnancy

White, n (%)

Had a college degree or higher, n (%)

Maternal BMI, kg/m?, mean (SD)

Nulliparous, n (%)

175 (97.2%)
99 (55.0%)
24.5 (5.4)
87 (48.3%)
Ever smoked, n (%) 61 (33.9%)
During pregnancy

Maternal age, years, mean (SD) 30.1 (4.1)
At delivery

Child being male, n (%) 103 (57.2%)

Gestational age, weeks, mean (SD) 39.2 (1.3)
Vaginally delivered, n (%) 147 (81.7%)
Child birth weight, kg, mean (SD) 3.4 (0.5)
5-year postpartum

Maternal BMI, kg/m?, mean (SD) 25.6 (5.9)
Maternal fruit and vegetable intake, servings per 24 (0.9)
day, mean (SD)

Child BMI, kg/m?, mean (SD) 15.7 (1.5)
Child BMI z score, mean (SD) 0.2 (0.9)
Child breastfeeding duration, months, mean (SD) 8.6 (6.4)
Child fruit and vegetable intake, servings per day, 2.5 (0.7)

mean (SD)
BMI body mass index, SD standard deviation.

on the diagonal values of each B diversity metric that represents the
distance between mother and own child.

We conducted analyses to examine associations of BMI measures with
5-year microbiota separately for mothers and children. In mothers, we
examined associations of (a) maternal pre-pregnancy BMI, (b) 5-year BMI,
and (c) BMI change with maternal 5-year microbiota. In children, we
examined associations of (d) maternal pre-pregnancy BMI and (e) child
5-year BMI z with child 5-year microbiota. We modeled all BMI measures by
tertiles to facilitate comparisons between maternal and child specific
associations and across the different BMI measures.

We used linear regression for the examination of BMI measures and a
diversity and plotted the associations based on restricted cubic spline
regressions. We used permutational multivariate analysis of variance
(PERMANOVA) with 999 permutations for the examination of BMI measures
and (3 diversity using function “adonis2” from vegan package [35]. We then
used principal coordinates analysis (PCoA) to visualize the dissimilarity in
diversity metrics according to BMI tertiles. Finally, we applied analysis of
composition of microbiomes with bias correction (ANCOM-BC) to identify
individual microbial taxa that were differentially abundant (in log scale)
according to BMI measures using package ANCOMBC [37]. In differential
abundance analysis, we filtered out taxa with mean relative abundances of
<0.5% in mothers and children, separately. We used a Benjamini-Hochberg
false discovery rate (FDR) adjusted P<0.05 to denote statistical
significance for differential abundance analysis [38], and a two-sided
P <0.05 otherwise.

We ran regression models before and after inclusion of covariates
considered to be potential confounders or prognostic factors. We considered
covariates as confounders in our models if they are hypothesized to have an
association with the exposure (pre-pregnancy BMI or 5-year BMI for mothers
or children) and the 5-year microbiota for mothers or children. Model 1
included maternal age at 5 years postpartum and parity; Model 2 additionally
included fruits and vegetables intake (in both mother and child models;
servings per day) and breastfeeding duration (in child models only; months).
When maternal BMI change was the exposure variable in mother models, we
constructed a Model 3 that additionally included maternal pre-pregnancy
BMI as a covariate. When pre-pregnancy BMI was the exposure variable in
child models, Model 3 additionally included child sex and age.
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RESULTS

Participant characteristics

Of the 180 mothers included in our study, 97.2% (n = 175) were
white and 55.0% (n = 99) had a college degree or higher. Mothers
had a mean BMI of 24.5 kg/m? (SD: 5.4) prior to pregnancy and
25.6 kg/m? (SD: 5.9) at 5-year postpartum (Table 1). In total, 48.3%
(n=87) of the mothers were nulliparous, 33.9% (n=61) ever
smoked prior to pregnancy, and their mean age was 30.1 years
(SD: 4.1) at delivery. Mothers reported that they consumed on
average 2.4 servings of fruits and vegetables per day at 5-year
postpartum. Of the children contributing data to this study, 57.2%
(n=103) were male and 81.7% (n = 147) were vaginally delivered.
At birth, their mean gestational age was 39.2 weeks (SD: 1.3) and
their mean weight was 3.4 kg (SD: 0.5). When the children were 5
years old, on average they had a BMI of 15.7 kg/m2 (SD: 1.5), a BMI
z-score of 0.2 (SD: 0.9), a history of breastfeeding duration of
8.6 months (SD: 6.4), and consumed 2.5 servings of fruits and
vegetables per day (SD: 0.7).

5-year microbiota similarity between mothers and children
At 5-year postpartum, the overall microbiota composition
between pairs of mothers and their children was more similar
than the microbiota between pairs of mother and unrelated child,
pairs of mothers, and pairs of children (Fig. 1 panel A). This
observation was held regardless of the choice of B diversity
metrics. Moreover, within pairs of mothers and their own children,
5-year microbiota (3 diversity did not differ according to the
weight status of mothers prior to pregnancy and children at 5-year
old (Fig. 1 panel B).

BMI measures and microbiota a diversity

For mothers, higher pre-pregnancy BMI, 5-year postpartum BMI,
and greater between time point BMI increase tended to be
associated with lower 5-year postpartum microbiota a diversity
metrics (Supplement Fig. 1 panel A). Specifically, pre-pregnancy
BMI and BMI change had non-linear associations with ASV
richness, with the 2"° tertiles of each havindg a higher number of
observed ASVs (i.e., richness) and the 3" tertile had a lower
number of observed ASVs compared to the 1°¢ tertile (Table 2).
Maternal 5-year BMI was associated with ASV richness in a
relatively linear fashion, such that each 1-SD increment was
associated with a —3.79 (95% Cl: —5.61, —1.97) lower observed
ASV richness after full adjustment. Although the associations of
BMI measures with Chao 1 and Shannon indices were relatively
linear, they were not statistically significant.

In the gut microbiota of children at 5 years, maternal pre-
pregnancy BMI and child 5-year BMI z-score tended to be
positively associated with microbiota observed ASV richness, but
negatively associated with Chao 1 index and Shannon index in an
overall non-linear fashion (Supplementary Fig. 1 panel B). We also
detected statistically significant associations between pre-
pregnancy BMI and Shannon index (Table 3). As compared with
children born to mothers being in the 1* tertile of pre-pregnancy
BMI, those born to mothers being in the 2" and 3™ tertiles had a
—0.31 (—0.51, —0.11) and —0.22 (—0.41, —0.02) lower Shannon
index, respectively. In contrast, we detected a nominal association
between higher child 5-year BMI z-score and higher observed
ASVs: each 1-SD increment in child 5-year BMI z-score was
associated with a 10.50 (1.92, 19.09) higher number of observed
ASVs.

BMI measures and microbiota B diversity

None of the BMI measures in mothers or children were associated
with B diversity metrics of 5-year gut microbiota in mothers
(Supplementary Fig. 2) or children (Supplementary Fig. 3).
Furthermore, maternal pre-pregnancy BMI, 5-year postpartum
BMI, and BMI change explained a similar percentage of variance in
maternal 5-year postpartum gut microbiota  diversity metrics
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Fig. 1 Comparisons of 5-year microbiota similarity based on B diversity metrics. Panel A shows comparisons between mothers and their

own children, mothers and unrelated children, all mothers, and all children; panel B shows comparisons within mothers and their own
children by weight status. P values were based on Wilcoxon rank sum tests: ¥<0.1, ¥*<0.05, ***<0.001.

(Fig. 2). In children microbiota analyses, maternal pre-pregnancy
BMI explained a similar amount of variance in child gut microbiota
B diversity metrics as child 5-year BMI z-score (Fig. 2).

BMI measures and microbiota composition

In the gut microbiota of mothers 5 years postpartum, 20 ASVs
were differentially abundant according to pre-pregnancy BMI, 28
ASVs were differentially abundant according to 5-year postpartum
BMI, and 23 ASVs were differentially abundant according to BMI
change between those two time points (all FDR-adjusted P < 0.05;
Fig. 3). Pre-pregnancy BMI and 5-year BMI were associated with 5
ASVs in the same direction (Fig. 3 highlighted in light grey):
specifically, they were associated with lower relative abundances
of Ruminococcaceae Ruminococcus (species unknown), Lachnospir-
aceae Coprococcus (sp. unknown), Lachnospiraceae Blautia (sp.
unknown), and Peptostreptococcaceae (genus, sp. unknown), and
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higher relative abundance of Veillonellaceae Megasphaera (sp.
unknown). Similarly, 5-year BMI and BMI change were associated
with another 8 ASVs in the same direction (Fig. 3 highlighted in
dark grey), including lower abundances of Ruminococcaceae
Ruminococcus (sp. unknown), Ruminococcaceae (g., sp. unknown),
Eubacteriaceae Eubacterium (sp. unknown), Pasteurellaceae Aggre-
gatibacter (sp. unknown), and higher abundance of Lachnospir-
aceae Dorea (sp. unknown).

In gut microbiota of the children at 5 years, pre-pregnancy BMI
was associated with 10 ASVs and child’s 5-year BMI z-score was
associated with 8 ASVs (all FDR-adjusted P < 0.05; Fig. 3). Most of
these associations were with ASVs in the families of Ruminococca-
ceae and Lachnospiraceae. There were 2 ASVs in the Ruminococ-
caceae family that were positively associated with both pre-
pregnancy BMI and child 5-year BMI, but the genus and species
were unclassified (Fig. 3 highlighted in light blue). In addition,

International Journal of Obesity (2023) 47:807 -816
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Table 2.

Observed ASVs
Pre-pregnancy BMI, kg/m?
1% tertile, <21.8

2" tertile, >21.8 to 25.1
3" tertile, >25.1

1-SD increment, 5.3
5-year BMI, kg/m?

1% tertile, <22.6

2" tertile, 222.6 to 26.1
3" tertile, 226.1

1-SD increment, 5.8
BMI change, kg/m?

1°¢ tertile, <0.16

2" tertile, 20.16 to 1.85
3" tertile, >1.85

1-SD increment, 2.6
Chao 1 Index
Pre-pregnancy BMI, kg/m?
1% tertile, <21.8

2" tertile, >21.8 to 25.1
3" tertile, 225.1

1-SD increment, 5.3
5-year BMI, kg/m?

1% tertile, <22.6

2" tertile, 222.6 to 26.1
3" tertile, 226.1

1-SD increment, 5.8
BMI change, kg/m?

1% tertile, <0.16

2" tertile, >0.16 to 1.85
3" tertile, 21.85

1-SD increment, 2.6
Shannon Index
Pre-pregnancy BMI, kg/m?

1% tertile, <21.8
2" tertile, >21.8 to 25.1

3" tertile, 225.1

1-SD increment, 5.3
5-year BMI, kg/m?

1° tertile, <22.6
2™ tertile, 222.6 to 26.1
3" tertile, 226.1

1-SD increment, 5.8
BMI change, kg/m?

1°¢ tertile, <0.16
2" tertile, 20.16 to 1.85
3" tertile, >1.85

1-SD increment, 2.6

model 0

B (95% CI)

reference

3.42 (—22.42, 29.26)
—20.25 (—46.09, 5.59)
—3.49 (—5.44, —1.55)

reference

—9.16 (—35.45, 17.14)
—35.47 (—61.77, —9.18)
—3.83 (—5.61, —2.04)

reference

5.44 (—21.11, 31.99)
—20.96 (—47.52, 5.59)
—3.28 (—7.52, 0.95)

reference

—25.75 (—54.4, 2.9)
—20.12 (—48.77, 8.53)
—1.75 (—3.96, 0.47)

reference

4.95 (—24.15, 34.05)
—21.69 (—50.79, 7.42)
—1.75 (=3.79, 0.28)

reference
8.6 (—20.6, 37.8)
—14.79 (—43.99, 1441)

—0.50 (—5.16, 4.17)

reference

—0.10 (—0.27, 0.07)
—0.14 (—0.31, 0.04)
—0.01 (—0.03, 0)

reference

0.02 (—0.16, 0.2)
—0.06 (—0.24, 0.12)
—0.01 (—0.02, 0)

reference

0.10 (—0.08, 0.28)
—0.06 (—0.24, 0.12)
0 (—0.03, 0.03)

P

0.79
0.12
<0.01

0.49
0.01
<0.01

0.69
0.12
0.13

0.08
0.17
0.12

0.74
0.14
0.09

0.56
0.32

0.83

0.25
0.12
0.06

0.79
0.54
0.07

0.28
0.48
0.96

model 1

B (95% CI)

reference

3.44 (—22.64, 29.52)

—19.01 (—45.5, 7.48)
—3.43 (—5.41, —1.44)

reference

—10.08 (—36.72, 16.56)
—35.16 (—62.32, —8)
—3.79 (—5.61, —1.97)

reference

5.54 (—21.46, 32.54)
—20.2 (—46.98, 6.58)
—3.08 (-7.36, 1.2)

reference

—26.19 (—55.18, 2.79)
—19.36 (—48.8, 10.08)
—1.74 (—4, 0.52)

reference

4.77 (—24.8, 34.33)
—22.38 (—52.53, 7.76)
—1.77 (—3.85, 0.31)

reference
8.82 (—20.98, 38.62)
—14.93 (—44.49, 14.63)

—0.48 (—5.22, 4.25)

reference

—0.10 (—0.28, 0.07)
—0.12 (—0.3, 0.05)
—0.01 (—0.03, 0)

reference

0.03 (—0.15, 0.21)
—0.04 (—0.23, 0.14)
—0.01 (—0.02, 0)

reference

0.09 (—0.09, 0.28)
—0.07 (—0.25, 0.11)
0 (—0.03, 0.03)

BMI body mass index, SD standard deviation, C/ confidence interval.

Model 0: unadjusted.

Model 1: model 0 + maternal age at 5 years + parity.

Model 2: model 1 + maternal fruits and vegetable intake.

For BMI change models: Model 3: model 2 + maternal pre-pregnancy BMI.

Sample size: pre-pregnancy BMI models, 1% tertile n =60, 2" tertile n = 60, 3 tertile n = 60.
5-year BMI and BMI change models, 1°* tertile n = 57, 2" tertile n = 57, 3" tertile n = 57.
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0.79
0.16
<0.01

0.46
0.01
<0.01

0.69
0.14
0.16

0.08
0.2
0.13

0.75
0.14
0.10

0.56
0.32

0.84

0.23
0.17
0.08

0.74
0.65
0.09

0.31
047
0.96

Associations between BMI measures and o diversity metrics in mothers 5-year postpartum.

model 2

B (95% CI)

reference

3.58 (—22.58, 29.74)
—19.15 (—45.72, 7.42)
—3.45 (—5.44, —1.46)

reference

—10.34 (—37.16, 16.48)
—35.13 (—62.37, —7.88)
—3.79 (—5.61, —1.97)

reference

5.95 (—21.24, 33.13)
—19.95 (—46.85, 6.95)
—3.05 (—7.35, 1.25)

reference

—26.23 (—55.31, 2.85)
—19.3 (—48.86, 10.21)
—1.74, (—4.01, 0.53)

reference

5.12 (—24.65, 34.88)
—22.43 (—52.66, 7.81)
—1.77 (-3.86, 0.32)

reference
8.69 (—21.33, 38.71)
—15.01 (—44.71, 14.69)

—0.50 (—5.26, 4.25)

reference

—0.11 (—0.28, 0.07)
—0.12 (—0.3, 0.05)
—0.01 (—0.03, 0)

reference

0.04 (—0.15, 0.22)
—0.04 (—0.23, 0.14)
—0.01 (—0.02, 0)

reference

0.09 (—0.09, 0.27)
—0.07 (—0.25, 0.11)
0 (—0.03, 0.03)

0.79
0.16
<0.01

0.45
0.01
<0.01

0.67
0.14
0.16

0.08
0.2
0.13

0.73
0.14
0.10

0.57
0.32

0.83

0.23
0.17
0.08

0.7
0.64
0.09

033
0.46
0.94

model 3

B (95% CI) P

Not applicable

Not applicable

reference

—0.04 (—26.32, 26.24) 1
—23.13 (—49, 2.75) 0.08
—2.96 (—7.09, 1.17) 0.16

Not applicable

Not applicable

reference

5.63 (—24.41, 35.67) 0.71
—16.63 (—46.21, 0.27
12.95)

—0.46 (—5.19, 4.27) 0.85

Not applicable

Not applicable

reference

0.07 (—0.11, 0.26) 0.45

—0.08 (—0.26, 0.1) 0.39

0 (—0.03, 0.03) 0.95
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Table 3. Associations between BMI measures and « diversity metrics in children 5-year after birth.
model 0 model 1
B (95% Cl) P B (95% CI)
Observed ASVs
Pre-pregnancy BMI, kg/m2
1% tertile, <21.7 reference reference
ond tertile, 221.7 to 24.6 9.63 (—8.65, 27.91) 0.30 9.45 (—8.95, 27.84)
3 tertile, >24.6 4.12 (—14.09, 22.32) 0.66 3.72 (—14.74, 22.18)
1-SD increment, 5.4 —0.12 (—1.5,1.27) 0.87 —0.14 (—1.54, 1.27)
Child BMI z-score
1°¢ tertile, <—0.21 reference reference
2" tertile,2—0.21 to 0.50 11.44 (—6.72, 29.6) 0.22 11.38 (—6.94, 29.69)
3" tertile, 20.50 12.64 (—5.84, 31.11) 0.18 13.13 (-5.56, 31.82)
1-SD increment, 0.90 8.73 (0.51, 16.95) 0.04 8.97 (0.69, 17.26)
Chao 1 Index
Pre-pregnancy BMI, kg/m?
1°¢ tertile, <21.7 reference reference
2" tertile, 221.7 to 24.6 —19.79 (—39.77, 0.19) 0.05 —20.01 (—40.15, 0.13)
3" tertile, >24.6 —20.70 (—40.60, 0.04 —20.37 (—40.58, —0.16)
—0.80)
1-SD increment, 5.4 —1.34 (—2.87,0.18) 0.08 —1.32 (—2.86, 0.22)
Child BMI z-score
1°t tertile, <—0.21 reference reference
g tertile, 2—0.21 to 0.50 —841 (—2854,11.71) 0.41 —8381 (—29.13, 11.51)
3" tertile, >0.50 2.16 (—18.31, 22.63) 0.84 1.66 (—19.08, 22.40)
1-SD increment, 0.90 —3.90 (—13.08, 5.29) 0.40 —3.93 (—13.21, 5.35)
Shannon Index
Pre-pregnancy BMI, kg/m?
1%t tertile, <21.7 reference reference
2" tertile, 221.7 to 24.6 —0.31 (—0.5, —0.11) <0.01 —0.31 (—0.51, —0.11)
3" tertile, >24.6 —0.19 (—0.38, 0) 0.05 —0.20 (—0.39, 0)
1-SD increment, 5.4 —0.01 (—0.03, 0) 0.09 —0.01 (—0.03, 0)
Child BMI z-score
1°t tertile, <—0.21 reference reference
2" tertile, 2—0.21 to 0.50 —0.06 (—0.26, 0.14) 0.57 —0.06 (—0.26, 0.14)
3" tertile, 20.50 —0.03 (—0.24, 0.17) 0.74 —0.03 (—0.23, 0.18)
1-SD increment, 0.90 —0.02 (—0.11, 0.07) 0.71 —0.01 (—0.11, 0.08)

BMI body mass index, SD standard deviation, C/ confidence interval.

Model 0: unadjusted.

model 2 model 3
P B (95% CI) P B (95% CI) [
reference reference
0.31 10.33 (—8.66, 29.32) 0.28 9.46 (—9.57, 28.48) 0.33
0.69 3.14 (—15.83, 22.12) 0.74 2.04 (—17.01, 21.09) 0.83
0.85 —0.07 (—1.59, 1.46) 0.93 —0.13 (—1.66, 1.40) 0.87
reference Not applicable
0.22 11.75 (—6.9, 30.39) 0.22
0.17 14.89 (—4.58, 34.36) 0.13
0.03 10.50 (1.92, 19.09) 0.02
reference reference
0.05 —16.68 (—37.78, 4.43) 0.12 —15.90 (—37.05, 5.24) 0.14
0.05 —18.43 (—39.52, 2.66) 0.09 —16.97 (—38.15, 4.21) 0.12
0.09 —1.43 (—3.12, 0.26) 0.10 —1.35 (—3.04, 0.35) 0.12
reference Not applicable
0.39 —6.88 (—27.82, 14.05) 0.52
0.87 5.77 (—16.09, 27.62) 0.60
0.40 —3.18 (—12.95, 6.59) 0.52
reference reference
<0.01 —031 (=051, —0.11) <0.01 —0.31 (—0.51, —0.11) <0.01
0.05 —0.23 (—0.42, —0.03) 0.03 —0.22 (—0.41, —0.02) 0.04
0.08 —0.02 (-0.03, 0) 0.05 —0.02 (-0.03, 0) 0.06
reference Not applicable
0.54 —0.04 (—0.25, 0.16) 0.67
0.78 —0.04 (—0.25, 0.17) 0.71
0.77 —0.02 (—0.11, 0.07) 0.67

Model 1: model 0 + maternal age at 5 years + parity.

Model 2: model 1 + children fruits and vegetable intake + breastfeeding duration.

For pre-pregnancy BMI models: Model 3: model 2 + child sex + child age.

Sample size: pre-pregnancy BMI models, 1** tertile n = 59, 2" tertile n = 60, 3™ tertile n = 61; child BMI z-score models, 1% tertile n = 60, 2" tertile n = 61, 3™

tertile n =57.

though belonging to different species, three additional ASVs in
the Faecalibacterium genus were also positively associated with
pre-pregnancy BMI and child 5-year BMI.

DISCUSSION

In the Gen3G pre-birth cohort, mothers and their children shared a
more similar gut microbiota profile than non-related participants
(mothers or children) at 5-year postpartum, and the mother-child
pair microbiota similarity was not modified by mother or child
weight status. In mothers, higher pre-pregnancy BMI, higher 5-year
BMI, and increase in BMI were each associated with lower richness
as well as differential abundances of many taxa in the families of
Ruminococcaceae and Lachnospiraceae, measured at 5-year post-
partum. In children at 5-year of age, maternal pre-pregnancy BMI
was associated with lower Shannon index, whereas child’s 5-year
BMI z-score was associated with higher ASV richness. Several taxa in
the Ruminococcaceae family of child microbiota were associated
with both maternal pre-pregnancy BMI and child 5-year BMI z-score
consistently in the positive direction, suggesting these microbial
taxa could play a role in the intergenerational association of obesity.

SPRINGER NATURE

Our study uniquely complements prior studies [8-16] of
mother-infant microbe sharing by providing evidence that at
5-year postpartum, mothers and their children still had a more
similar gut microbiota profile than unrelated individuals. Our
findings align with the hypothesis that gut microbes can be
transmitted or co-acquired within mother-child pairs due to
shared environmental and/or genetic factors. However, our study
does not provide direct evidence that the microbes shared
between mother and child are indeed the same because we used
16 S rRNA amplicon sequencing. Furthermore, in our study, the
5-year microbiota similarity of mother-own child pairs did not
differ according to their obese phenotypes. This merits further
investigation, ideally one that assesses the impacts of pre-
pregnancy BMI on mother-child microbe sharing longitudinally
using repeated measurements of both maternal and child gut
microbiota from birth onward.

Our study adds to a limited number of studies that have
examined the association of pre-pregnancy BMI with maternal gut
microbiota years after pregnancy. Most of the previous studies
that have examined maternal BMI with gut microbiota were
conducted cross-sectionally without establishing temporality [39],

International Journal of Obesity (2023) 47:807 -816
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Fig. 2 Proportion of variance in maternal and children’s gut microbiota B diversity that was explained by body mass index (BMI)
measures. Estimates were based on the permutational multivariate analysis of variance models.

or focused on microbiota measured during pregnancy, as
summarized by three review articles published in recent years
[17, 19, 21]. In the study that measured gut microbiota in 169
Norwegian women at 4 days postpartum, higher pre-pregnancy
BMI was associated with a lower number of observed species,
which was consistent with our study [18]. But the association
became non-significant after adjusting for maternal age, educa-
tion, Norwegian ethnicity, parity, twins, and smoking during
pregnancy. The authors also detected a significant association
with Shannon index that remained after adjustment [18]. In
contrast, we did not find that Shannon index was associated with
pre-pregnancy BMI. Regarding differentially abundant taxa, both
our study and the Norwegian study found that higher pre-
pregnancy BMI was associated with lower abundances of taxa in
the family Ruminococcaceae (especially in the genus Ruminococ-
cus), but our study and their study findings did not agree on the
directions of associations (negative in our study whereas positive
in the Norwegian study) with taxa in the family Lachnospiraceae
(especially in the genus Blautia). More studies are needed to
investigate the long-term impacts of pre-pregnancy BMI on the
postpartum gut microbiota of mothers.

Our findings that pre-pregnancy BMI, 5-year BMI, as well as BMI
change between the two timepoints, were associated with
maternal 5-year microbiota composition in similar patterns
suggest that certain microbial taxa could be obesity-related
markers. Lachnospiraceae Dorea (sp. unknown), Lachnospiraceae
Blautia (sp. unknown), and some taxa in the family Ruminococca-
ceae that were consistently associated with BMI measures in our
study have also been reported by studies of non-pregnanct
populations [40, 41]. The observation in our study that change in
weight may itself lead to altered microbiome profiles has also
been found in several weight-loss intervention studies [42-45].
Conversely, fecal microbial transfer experiments in germ-free
murine models support the hypothesis that the direction of
association goes from alterations in gut microbiome composition
to changes in weight [46-49]. Taken together, our findings
support the arguments that the interplay between weight and
microbiota is complex and could be bidirectional [50].

Our study on the associations between maternal pre-pregnancy
BMI and child 5-year gut microbiota extends previous investiga-
tions that usually did not measure offspring gut microbiota
beyond infancy. According to a recent meta-analysis, maternal
pre-pregnancy overweight or obesity was barely associated with
Shannon index of infant gut microbiota (—0.01; 95% Cl: —0.19,
0.17) with considerable heterogeneity across studies [21]. We also
detected a weak association in a small magnitude between
maternal pre-pregnancy BMI and 5 year child gut microbiota
Shannon index. Also consistent with a prior study that measured
gut microbiota in toddlers (aged 18 to 27 months) [22], we found

International Journal of Obesity (2023) 47:807 - 816

that higher pre-pregnancy BMI was associated with a lower
abundance of genus Blautia (sp. unknown) and a higher
abundance of genus Faecalibacterium (sp. unknown) in the
5-year child gut microbiota. Taken collectively, findings in our
study join findings from prior infant studies [19, 21] to suggest
that maternal pre-pregnancy BMI could have not only transient
but also long-lasting impacts on child gut microbiota from birth to
early childhood. Given that we did not detect similar associations
of pre-pregnancy BMI with genera Blautia (sp. unknown) and
Faecalibacterium (sp. unknown) in maternal microbiota, the
observed long-lasting associations of pre-pregnancy BMI with
these two taxa in child microbiota are unlikely to be explained by
shared environmental or genetic factors between mothers and
their offspring.

Similarly, although both maternal pre-pregnancy BMI and child
5-year BMI z-score had positive associations with several taxa in
the 5-year child gut microbiota within the family Ruminococca-
ceae, including three species of genus Faecalibacterium, these taxa
in the maternal gut microbiota were not associated with any of
maternal BMI measures. It is possible that these taxa are
specifically linked to BMI in children (but not in mothers) and
that it is due to a correlation between child and maternal BMI that
we concurrently found these taxa in children (but not in mothers)
also linked to maternal pre-pregnancy BMI. Another plausible
explanation is that higher pre-pregnancy BMI impacts in-utero
fetal programming [51, 52] and breast milk components such as
microbes and fatty acids [53, 54], which predisposes offspring to
higher BMI and possibly more Faecalibacterium. Future studies
with both maternal and children’s microbiome measures are
encouraged to confirm the child-specific associations of Rumino-
coccaceae Faecalibacterium with maternal and child BMI and look
into possible physiological explanations.

The complex associations between weight and gut microbiota,
as well as the contribution of specific microbial taxa to other
health outcomes are yet to be fully understood. It has been
speculated that several taxa of families Ruminococcaceae and
Lachnospiraceae link to BMI through physiological mechanisms
including the production of short-chain fatty acids and inflamma-
tion. For example, Dorea and Blautia are considered pathological
bacteria, under some conditions, with pro-inflammatory effects
and thus could be contribute to inflammation-driven obesity. On
the other hand, Ruminococcus and Faecalibacterium can produce
butyrate (a short-chain fatty acid), which is involved in intestinal
homeostasis and energy metabolism, with controversial effects on
obesity development [55]. It should be noted that the health
effects of microbes may vary across species of the same genus
and can be influenced by the coexistence of other microbes and
host factors such as general health and diet [56, 57]. Much needs
to be done to elucidate causality, direction, and mechanisms of
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Fig. 3 Microbial taxa that were statistically differentially abundant according to body mass index (BMI) measures in mothers and
children. Associations were estimated using analysis of composition of microbiomes with bias correction with a two-sided Benjamini-
Hochberg false discovery rate adjusted P < 0.05 as statistical significance.

the association between BMI and gut microbiota to facilitate the
development of microbiota-focused interventions in combating
the obesity pandemic [58].

Strengths of our study include the long follow-up that enabled
the investigation of potential long-lasting links between pre-
pregnancy BMI on both maternal and children’s gut microbiota.
We also adjusted for a variety of confounding variables, including
breastfeeding and fruit and vegetable intake, to enhance the
robustness of our findings. Furthermore, the relatively large sample
size afforded us reasonable statistical power when controlling for
confounding. Our study has several limitations. First, we are unable
to perform a microbial strain tracing analysis to determine the
potential impacts of pre-pregnancy BMI on microbial transmission
from mothers to children because the maternal microbiome during
pregnancy was not available in Gen3G, and because we did not
have whole genome shotgun metagenomic sequencing data.
Second, we only measured gut microbiota at one time point;
having multiple measures including during pregnancy and within a
few years after delivery could have afforded more insights into the
dynamic changes in gut microbiota. Third, we sequenced
microbiota via 16S rRNA sequencing, which brings the possibility
of misclassification of the taxonomic assignment and excludes the

SPRINGER NATURE

examination of microorganisms other than bacteria and archaea.
Fourth, we cannot rule out the possibility of residual or
unmeasured confounding that may have biased the observed
associations. Fifth, we were not able to perform the primary
analysis based on the weight classification (normal weight, OW,
OB) because of the relatively small proportions of mothers and
children being in the OW or OB categories in our study.

In conclusion, our study addressed a knowledge gap by
showing that maternal pre-pregnancy BMI was associated with
the gut microbiota of mothers and their children until at least
5-year postpartum. Given that most of the differentially abundant
ASVs in relation to BMI were not overlapping between mothers
and children, it is unlikely that shared genetic or environmental
factors explain our findings. Future studies are warranted to
meticulously measure maternal and children’s gut microbiota over
multiple time points, from pregnancy onward, to better unravel
both the short- and long-term impacts of pre-pregnancy BMI.

DATA AVAILABILITY
The datasets analyzed during the current study are available from the corresponding
author on reasonable request.
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