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Abstract

Introduction: Previous studies have confirmed the existence of a highly diverse bacterial
community in human milk and suggested that its composition might be affected by mode of
delivery and maternal health. However, these findings have not yet been reproduced in large-
scale studies. Additionally, the compositions of milk microbiota such as milk fungi are less
frequently studied.

Methods: Milk microbiota (bacteria) and mycobiota (fungi) were profiled in 393 and
271 mother-infant dyads from the CHILD Cohort Study using amplicon sequencing.
Additionally, the milk microbiota was examined in a pilot study using culture-enriched
molecular profiling. Finally, the impact of the bioinformatics processing on the results of
downstream statistical analysis was compared.

Results: Using multiple analytic techniques including causal modelling, evidence is
provided that mode of breastfeeding (directly at the breast vs. pumped and bottle-fed) has a
significant association with the composition of milk bacteria potentially highlighting the
importance of exogenously-derived bacteria as sources of milk bacteria. The composition of
other major milk components were associated with the overall composition of the milk
microbiota while controlling for relevant confounding factors.

Defining fungal presence at minimum threshold of 1000 reads per sample, the majority
of milk samples did not contain detectable fungi and that presence of fungi was associated
with residential characteristics and milk microbiota composition. Fungi diversity was
associated with mode of delivery, maternal atopy, and home environment.

We were able to isolate major milk bacteria using culture-enriched methods. Short-term
freezing considerably impacted the composition of milk bacteria while we were not able to

grow any bacterial isolates from the long-term frozen samples.
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Finally, milk microbiota richness was strongly impacted by the choice of the
bioinformatics approach. However, there was an acceptable agreement and consistency in the
relative abundances of the dominant milk bacteria and milk diversity. Importantly, the main
conclusions remained robust to the choice of data processing.

Conclusion: This is among the largest studies of human milk microbiota and mycobiota
performed to date. Moreover, this is among the first studies of milk microbiota culture-
enriched molecular profiling. Together, these results considerably expand upon existing

knowledge about milk microbiota and mycobiota.
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1. INTRODUCTION
Breastfeeding has many established benefits for maternal and child health (1), including

shaping the infant gut microbiome development (2-5) and protecting against infectious
diseases in infancy (6, 7) and non-communicable diseases/conditions such as asthma and
obesity (8-14). These associations might vary according to the mode of breastfeeding i.e.
among infants fed at the breast compared to those receiving pumped breast milk (10). This
suggests that the act of suckling and/or skin-to-skin contact may contribute to the protective
effect of breastfeeding. Alternatively or in addition, this finding could reflect a role for
bioactive components including milk microbiota, which may be altered during the pumping
and storage process.

Although previously considered sterile, breast milk is now known to contain a complex
community of bacteria (15). While their exact function is not known, it is speculated that
milk microbiota help establish the infant’s gut microbial community and influence
development of the immune system (15). If this process is disrupted, the infant may develop a
dysbiotic microbial community, causing predisposition to a range of chronic diseases such as
allergy, asthma and obesity (16). Previous studies on human milk microbiota have confirmed
the existence of a highly diverse bacterial community using culture-dependent and -
independent techniques (17) and suggested that its composition might be affected by local
pathologies of the breast, mode of delivery, antibiotics, maternal health, and gestational age
(18). However, these findings have not yet been reproduced in large-scale studies and the
determinants of milk microbiota are still mostly unknown. Additionally, the compositions of
other microbial components of the milk such as mycobiota are less frequently studied.
Throughout this thesis, microbiota and mycobiota are used to refer to bacterial and fungal

communities, respectively.



1.1.  Milk Microbiota

Milk bacteriology has been mostly studied from an infectious disease and food safety
perspectives and any bacteria in the milk were considered harmful contaminants introduced
during handling, processing, and storage (19). In the 21 century, medical microbiology has
undergone a paradigm shift from the exclusive focus on pathogenic bacteria and infectious
diseases to appreciating the role of non-pathogenic bacteria and microbial communities in
both infectious and noncommunicable diseases, as well as physiologic homeostasis and
health (20). This shift in perspective along with the availability of next generation sequencing
has resulted in an exponential increase in the study of host-associated microbiota (21).
Specifically, given the central role of breastfeeding in shaping the infant gut microbiota
composition (4), there is ample interest in identifying milk components which mediate this
effect on the gut microbiota. While the focus has mostly been on the human milk
oligosaccharides (HMOs), there is an open question about the role of milk microbiota in
shaping the infant gut microbiota. Unlike other environmental sources of bacteria to the
infant, breastfeeding and milk composition is evolutionarily conserved (22) suggesting that
infant gut microbiota and milk components may have co-evolved to facilitate healthy
microbial ecosystem development.

Culture-dependent and —independent studies have confirmed that human and dairy milk
are not sterile and rather contain a community of live bacteria, fungi, and viruses (23). Earlier
culture-based studies of the milk bacteria in 1970s suggest that the majority of milk samples
have low bacterial cell concentrations (<2,500 bacteria per mL) while 20% of samples had
high bacterial counts (>5,000) which were considered inacceptable for donor milk (24).
Potential pathogens such as Staphylococcus aureus were isolated from expressed milk of
healthy lactating mothers, albeit at varying concentrations (100-40,000 cells per mL) (25).

More recent targeted culture-based studies in the last decade have estimated that breastfed



infants receive 10* to 10° bacteria per day (based on an average daily consumption of 800 mL
of milk) with most isolated species belong to the genera Staphylococcus, Streptococcus,
Lactobacillus, and Bifidobacterium (26-33). The bacterial load delivered via breastmilk is
approximately similar to the number of live bacteria in fermented food including yogurt and
fermented vegetables (34). It is not known whether bacteria are present in the breastmilk in
all mothers and if so whether they are at sufficiently high quantities to be detected.
Approximately 5% of milk samples did not yield any bacterial isolates in a culture-dependent
study (33) suggesting that some milk samples may not contain detectable bacteria. The
prevalence of bacterial detection will likely be influenced by sample storage and the choice
of bacterial detection technique especially for bacteria requiring specialised culture
conditions (e.g. anearobic incubation). For example, while the frequency of isolation for
dominant bacteria including Staphylococcus and Streptococcus was similar for culture and
qPCR, Bifidobacterium was identified at higher frequency in molecular assessment (80% by
qPCR vs. 10% by culture) (30).

The first sequencing-based human milk microbiota study was reported by Hunt et al. in
16 samples (35) followed by an increased interest in the topic by multiple groups in different
countries (36-45). Proteobacteria, Firmicutes, and Actinobacteria constituted the majority of
detected bacteria (Figure 1, (23)).

Staphylococcus and Streptococcus were the most abundant bacteria in the majority of
these studies (23). However, there was a considerable variability in the milk composition
specifically for the less abundant taxa. A number of these studies attempted to identify core
bacterial species in the milk samples (35, 38, 40, 41, 46). However, differences in the
definition of core microbiota along with differences in methodology, reagents, geography, as
well as the small sample size in the majority of the studies resulted in discordant core

microbiota representation. The majority of milk bacteria were first isolated from other



environmental or human sources including human gut, respiratory tract, and oral cavity

(Figure 2, (23)).
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Figure 1. Repertoire of milk bacteria at the phylum level based on systematic review of
the literature. Adapted from Togo et al. (23).

Overall, milk microbiota demonstrated a high degree of taxonomic inter-individual
variability with only a minority of taxa shared across the study population (18). Taxonomic
inter-individual variability (i.e. functional redundancy) is an established phenomenon in
microbial ecology and human microbiome (47, 48). However, milk microbiome inter-
individual variability could also be attributed to the variation in sample collection (e.g. use of
pump vs. manual expression, fore- vs. hind-milk, time to the last feed, etc.) (49).

Milk is considered a low biomass sample and thus prone to be contaminated through
sample collection, handling, and processing (including DNA extraction and sequencing

library preparation) (50). Specifically, reagent contamination with environmental bacterial



DNA pose an important challenge in sequencing-based microbiome studies resulting in
domination of the microbiome composition of low biomass samples such as milk by the
contaminants (51-53). In a recent study directly addressing this concern, dairy milk samples
were both cultured on non-selective media and assessed by 16S rRNA gene sequencing (51).
As expected from the previous reports on reagent contaminants described above, the relative
abundances of potential reagent contaminants were negatively associated with the total
bacterial growth in culture. In other words, samples with higher bacterial loads had
considerably lower relative abundances of the potential contaminants (51). Therefore, it is
crucial to minimise the potential contaminants by avoiding batch variation for the DNA
extraction and other major reagents, minimise potential environmental contamination by
perform experiments in a biosafety cabinet, including appropriate negative controls, and
statistically identifying potential contaminants. Previous sequencing-based milk microbiome
studies have not included and/or reported negative controls and have not attempted to identify

potential reagent contaminants.
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Figure 2. Proportion of bacterial species identified from breast and breast milk
according their first isolation source. Adapted from Togo et al. (23).
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1.2.  Culture-dependent analysis of milk microbiota

Culture-independent (DNA sequencing-based) approaches have recovered a high
diversity of bacteria in breast milk including with a high degree of inter-individual variability
(23, 54). Although, culture-independent approaches considerably expanded our
understanding of the human microbiome (55), inherent limitations of the technology include
inability to distinguish live or dead bacteria, low taxonomic resolution, and lack of access to
the bacterial isolates for downstream phenotypic analysis and therapeutic assessment. As a
result, there is a renewed interest in employing culture-based approaches to the study of
human microbiota (56-58). Although the majority of the human microbiome was considered
uncultivable (59-61), recent simple modifications in the culture conditions including
diversification of culture media, incubation at various levels of Oxygen availability, co-
culture with an appropriate host for obligate intracellular bacteria has resulted in successful
isolation of increasing numbers of bacteria from different human microbiomes (62-66).

Cultured-enriched molecular profiling refers to the method of using multiple culture
conditions followed by 16S rRNA gene sequencing (63). Using this approach on stool
samples, 95% of the abundant taxa (> 0.1% relative abundance in culture-independent direct
sequencing) were isolated (63). Similar approach was successfully applied to low biomass
sputum samples from cystic fibrosis patients (67). Although, culture-enriched molecular
profiling could isolate a large proportion of human bacteria (63), culture- and sequencing-
based approaches are complementary with some non-overlapping taxa identified by both
methods (68, 69). This observation highlights the need to undertake a dual strategy in the
study of human microbiome. Additionally, with low biomass samples such as milk,
sequencing-based approaches are more prone to amplify the signal from potential reagent
contaminants (70). In this case, culture-informed results could potentially guide the data pre-

processing to identify and remove potential reagent contaminants.



Breastmilk has been historically studied using targeted culture approaches to identify
potential pathogens (41, 71-75). However, culture-enriched molecular profiling has not been

commonly employed to investigate the diversity of the milk microbiota (54).

1.3.  Bacterial profile of different milk fractions

The majority of milk fat and protein content are in the form of fat globules (>90% of the
total fat) and casein micelles (80% of the total protein) (76, 77). To our knowledge, all
sequencing-based human milk microbiota studies to-date have been conducted on the
cell/casein pellets following removal of the milk fat as a major PCR inhibitor (78). However,
it has previously been shown that different milk fractions have different profiles of other milk
components including miRNAs (79) and bacteria (80-83). Milk bacteria potentially exist in
both planktonic and cell-associated states. In mature milk, the majority of bacterial cells were
found to be associated with human cells using flow cytometry (83). In a study from 1909,
cream layer of the dairy milk separated by gravity or centrifugation contained higher
culturable bacterial load compared to the sediments. However, the difference in the bacterial
content of cream and sediment was less when the milk was centrifuged (14-fold vs. 5-fold
difference for gravity vs. centrifugation cream separation) (81). Although, it is suggested that
most of the milk bacteria aggregate with the casein micelles (84), specific bacteria such as
Mycobacterium avium subsp. paratuberculosis and Staphylococcus show affinity to the fat
globule (85-90). In addition, different milk fractions demonstrate different levels of inhibition
on Staphylococcus aureus, the major pathogen in mastitis (91).

In the only study on the microbiome profile of different milk fractions in 54 dairy milk
samples, whole milk, fat, and pellet were separately assessed. Overall, 31 bacterial families
were shared between the fractions while there were 6, 11, and 24 unique families present in
fat, pellet, and whole milk fractions, respectively (80). However, alpha and beta diversity

were not different between different fractions (80). Additionally, the variability of the



microbiome of different milk fractions is not completely understood.

1.4. Milk Mycobiota

Fungi constitute an important yet frequently neglected component of the human
microbiota (92, 93) with an underappreciated role in health and disease (94, 95). Fungal and
bacterial colonisation occur in parallel during early life (96), yet most infant microbiome
studies have overlooked fungi. Milk is a source of diverse and viable bacteria (97), but only a
few studies have assessed fungi in human milk (38, 98-101). Candida which is a common
human commensal fungi was isolated from 11/529 (2%) of milk samples from mothers
experiencing painful breastfeeding (31) and 0.9% from milk of mothers with premature
infants (33). While the majority of animal milk samples contained detectable levels of fungi
(102), the prevalence of fungi in human milk has varied from 40% (by culture), to 35-80%
(qPCR), and 70-100% (sequencing) (98, 99, 101). Thus, the prevalence and profile of human

milk mycobiota is not completely elucidated.

1.5.  Origins of milk microbes

It was a long-standing belief that milk bacteria were exogenously-derived contaminants.
Culture-based studies measuring the bacterial load throughout the course of a feeding showed
a gradual decline over the first 15ml of expressed milk (19), providing evidence that the milk
closer to the outside environment contains more bacteria. More recently, studies have shown
that bacteria consumed orally by lactating women or animals can later be isolated from their
milk (72, 103, 104), indicating that bacteria may also reach the mammary gland through an
‘internal’ pathway. These two hypotheses regarding the origins of milk microbiota, initially
suggested by Fernandez et al. (105), are commonly referred to as the “retrograde transfer” of
external bacteria, and the “entero-mammary pathway” for translocation of internal bacteria

(105).



The proposed entero-mammary pathway involves immune cell-mediated bacterial
translocation from the mother’s gastrointestinal tract into the mammary gland, where some of
these bacteria are able to colonize the available niche (105). Bacterial translocation from the
gastrointestinal tract frequently occurs under normal conditions (106, 107). Pathological
(diabetes mellitus, obesity, inflammatory bowel disease; (108, 109)) or physiological
(pregnancy, (110-112)) conditions resulting in compromised intestinal barrier integrity lead
to enhanced bacterial translocation (113). Impaired intestinal permeability is then suggested
to result in an increased rate of bacterial translocation especially in the late stages of
pregnancy (113, 114) providing a mechanism for the widely held hypothesis that maternal
gut microbiota is vertically transferred to the infant via breast milk. Supportive evidence for
the entero-mammary pathway includes the presence of a microbial community in the breast
tissue of non-lactating women (115), pre-colostrum before the infant birth (116), and
colostrum collected even before the first infant feeding (29), vertical transmission of
pathogenic bacteria and viruses through breastfeeding (117), and the presence of orally-
administered probiotic strains in the milk of lactating mothers in both human and animal
studies (72, 103, 104, 118). Presence of both aerobic and anearobic bacteria to the mammary
gland has been confirmed in mice. Although a baseline bacterial translocation was observed
in non-pregnant mice, the prevalence of viable bacteria in the mammary gland was ~16-fold
higher immediately after delivery (75). In accordance, oral administration of probiotic
Lactobacillus to lactating women with Staphylococcus mastitis were detected in the
breastmilk of the recipients resulting in alleviation of the symptoms (118, 119). Similar
trends were observed when the probiotics were administered in the late stages of pregnancy
to prevent infective mastitis (120). Additionally, orally administered live bacteria are
commonly investigated for targeted anti-tumour drug delivery (121) confirming that bacterial

translocation occurs from the gastrointestinal tract.



The proposed “retrograde transfer” of external bacteria into the mammary gland is
another relatively new area of research. In this case, bacteria originating from the areola skin
and/or the infant oral cavity are transferred to the intra-mammary environment via the
backwash of milk during suckling (122). Additionally, bacteria could also originate from
breast pumps. This mechanism is less appreciated because historically the majority of milk
microbiota studies were concerned with intramammary cow’s milk with the primary goal of
understanding predisposition to mastitis, which is the most costly disease of dairy animals
(123). However, especially in human studies, the focus is now shifting to the offspring and
the milk that s/he receives, whether that milk is pumped or provided directly from the breast.
Reverse flow of milk from the infant mouth back into the breast occurs during breastfeeding
(122), and perhaps pumping as well, allowing for infant mouth- or pump-associated bacteria
to enter the milk duct. Given the substantial and increasing use of breast pumps worldwide
(124), commercial availability of a range of infant feeding equipment (125), and evidence
that the bacterial content of pump-expressed milk varies considerably depending on the
setting, handling, and cleaning of the pump equipment (126), it is crucial to understand the
impact of nursing directly at the breast vs. pump expression and bottle feeling on the milk
microbiota composition.

Overall, it is currently not known which of the proposed pathways described above
contribute more strongly to the milk microbiota composition. Although understanding the
origins of milk microbiota requires sophisticated experimentation; statistical approaches

within well-phenotyped population cohorts will facilitate hypothesis generation.

1.6. Determinants of milk microbiota
There are limited studies on determinants of the bacterial load in the breastmilk. One
study comparing bacterial load between samples collected in hospital or at home did not find

any difference in the bacterial load based on the place of sample collection (24). The setting
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of milk expression influenced the bacterial content of the milk depending on where the milk
was expressed. For example, milk expressed at home had higher levels of potential pathogens
including Staphylococcus aureus and environmental bacteria compared to samples collected
in the hospital (24) suggesting that milk handling process and hygiene are plausibly important
in milk bacterial composition and concentration. Depending on the source of bacteria,
different factors could contribute to shaping the milk microbiota (Figure 3). The subset of
milk bacteria originating from maternal gut microbiota are plausibly influenced by the factors
shaping the mother’s gut microbiota such as obesity (127) or diet (128, 129). On the other
hand, factors influencing the infant’s microbiota such as mode of delivery (130), older
siblings, complementary feeding, and mode of breastfeeding (directly at the breast vs.
expressed and bottled breast milk) could potentially alter the bacteria derived from the
infant’s oral cavity. Use of breastfeeding aids such as pump could also independently affect
milk bacteria originating from the pump apparatus (131).

Other milk components such as HMOs, milk fatty acids, hormones, immune cells, and
antibodies could also modulate the milk “microenvironment” and create a niche constraint
affecting the composition of microbial community. Additionally, factors that could impact
the overall milk composition such as mode of delivery (132), circadian rhythm (133),
lactation stage, breastfeeding exclusivity, time since the last feed, and volume of the last feed
could potentially indirectly affect the milk microbial community (30, 134). Previous studies
have suggested that the composition might be affected by local pathologies of the breast (e.g.
mastitis & breast cancer), mode of delivery, antibiotics, maternal weight, gestational age, and
mode of delivery (16, 18, 31, 135-138). Additionally, geographic location was also associated

with milk microbiota composition in multi-country studies (39, 46).

11



Maternal microbiota

Exogenous microbiota

Oro-mammary

Maternal factors
Diet & Lifestyle
Medical history

Gut permeability

Body mass index

Local factors
Mastitis
Prior pregnancy
Breast cancer

e

Infant mouth
Infant Sex, Birth mode

Maternal skin
Eczema, topical creams

Mammary gland Intra-mammary milk Expressed milk
colonisation inoculation inoculation
Entero-mammary Breast microbiota Retrograde Contamination

§

Milk handling
Pumping
Bottle-feeding
Cleaning practices

Periodontal health Pump

Figure 3. Origins of milk microbiota. Two pathways for the origins of milk microbiota
have been hypothesized: the entero-mammary pathway and retrograde translocation (105).
We propose that translocation also occurs from the maternal oral cavity (oro-mammary
pathway). Further, our study suggests that direct breastfeeding at the breast vs. pump
expression could influence the milk microbiota composition (139) potentially indicating the
pump apparatus as an additional source of retrograde inoculation and/or contamination of the
expressed milk. Resident breast microbiota could be another source of mammary gland
colonisation. Depending on the origin of the bacteria, different factors could be associated
with the composition of the milk microbiota. Reproduced from Moossavi and Azad (131).

Storage temperature and duration are important factors to consider, as they can variably
influence the integrity and composition of nutrients, bioactives and bacteria in pumped milk
(140). Research in the dairy industry and human milk has shown that suboptimal storage
could lead to shifts in the milk microbiota composition or viability, and dominance of
spoilage bacteria (140). Additionally, the cleaning standards of the pump and bottle could act
as an additional source of bacteria to the expressed milk. It has been shown that pumping
milk could also affect the bacterial composition of milk resulting in higher frequency and
relative abundance of Enterobacteriaceae, other Gram-negative bacteria, and Candida while
other bacterial groups including Staphylococcus and Streptococcus were unaffected by the
method of milk expression (31, 141) possibly due to different origins of milk bacteria. The

effect of pumping could partly be attributed to the setting, handling and storage of the milk,

12



and cleaning of the pump equipment (126) or the type or other qualitative aspects of pumps.
In a recent systematic review, there was no difference in milk contamination with known
pathogens between manual pump compared to large electric pump (142). However, multiple
different products exist within each of these broad categories, and new technologies are
emerging as the popularity of pumping increases (e.g. hands-free suction-based manual
pumps, and small wearable electric pumps). In addition, the qualitative aspects of pumps and
pump accessories (such as breast shield size and materials used in tubing and bottles) could
be important for the potential bacterial transfer and thus requires further investigation.

Other microbes present in milk could also influence the composition of milk bacteria.
For example, milk samples containing HIV RNA in HIV positive mothers had higher
bacterial diversity and prevalence of Lactobacillus spp. despite the bacterial load not being
affected by the presence of HIV (30). In a recent study, correlations were assessed between
fungal and bacterial relative abundances in human milk (99). However, the ecological
influence of milk mycobiome on milk bacterial community has not been investigated.

While the majority of milk microbiome studies have been on bacterial communities and
their determinants, fewer studies have examined milk mycobiome and the determinants of
milk fungal prevalence and abundance. In earlier culture-dependent studies, pump expression
was associated with higher concentration of yeast and Candida in the milk (31). In the same
study, no association with infant oral Candidiasis was observed (31). Although geographical
differences were observed in a recent study of 80 women from 4 countries (99), the maternal,
infant, and environmental determinants of milk fungi (mycobiota) are still mostly unknown.
One study of 76 mother-infant dyads found that maternal age, blood type, antibiotics, vaginal
delivery, and infant sex were associated with Candida colonisation of the infant, and in a
subset, maternal vaginal and rectal samples were identified as potential origins of this taxon

(143). However, mothers’ milk was not assessed and the home environment (another
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potential source of milk fungi) was not examined. In addition, bacteria-fungi interactions are

ubiquitous in microbial communities (144), but have rarely been investigated in milk.

1.7. Milk environment as a microbial niche

Microbial community composition is regulated by the spatio-temporal dynamics of the
microenvironment (niche). Relevant niche characteristics include nutrient resources or lack
thereof, pH, salinity, predation, antibiotics, hydrodynamics, and physicochemical conditions
(145). In classic microbial ecology, the impact of these factors are assessed on the
community dynamic and composition; however, these variables are more challenging to
measure and less commonly studied for human microbiota. Rather, the focus of human
microbiota studies is often to identify host and/or environmental factors that influence the
microbiota composition.

Milk serves as a niche for these microbes, and has likely evolved to select and enrich
beneficial bacteria and likely fungi for delivery to the infant. Compared to the growing body
of evidence identifying modifiable extrinsic factors shaping the milk microbiota (18, 139),
the influence of the intrinsic milk environment and its major components is relatively
unexplored.

HMOs constitute 20% of milk carbohydrates (146). Most studies to-date have focused
on HMOs and the infant gut microbiota, especially Bifidobacterium and Bacteroides (147-
150). However, it is less clear whether milk microbiota in general or milk Bifidobacterium
specifically could also utilize HMOs. A few observational studies have detected positive
correlations between total HMO concentration and milk bacteria including Bifidobacterium
spp. and Staphylococcus (151-153). On the other hand, some individual HMOs including
lacto-N-fucopentaose (LNFP) I, 2’-fucosyllactose (2°FL), 3’-sialyllactose (3°SL), 6’-
sialyllactose (6’SL), and lacto-N-tetraose (LNT) were negatively correlated with

Actinobacteria (including Bifidobacteria), Staphylococcus and other taxa in milk. Some
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HMOs have also been positively correlated with potential pathogens such as
Enterobacter/Klebsiella (153-155). In a small metagenomic study of human milk, HMO
metabolism genes were not detected, which was attributed to the absence of Bifidobacterium
spp. (44). However, other reports observed differences in the prevalence of Bifidobacterium
according to the maternal FUT2 secretor status (presence or absence of fucosyltransferase 2)
(156), which is a major determinant of HMO synthesis. Notably, none of these studies
accounted for the mode of breastfeeding (directly at the breast or pumped and bottled).
Overall, these divergent results from relatively small studies highlight the need to examine
HMOs and milk microbiota in larger studies while accounting for secretor status, mode of
breastfeeding and other potential confounding factors.

Milk lipids are a source of energy for the infant and primarily consist of triglycerides
(146), which are fatty acids bound to glycerol. While the relative amounts of some milk fatty
acids are fairly consistent across studies, geographies and individual women (157), others
such as docosahexaenoic acid (DHA) are strongly influenced by maternal diet (158). In vitro
studies have shown that polyunsaturated fatty acids (PUFAs) can have inhibitory effects on
bacteria, including Lactobacillus, in a dose-dependent manner (159) while 12:0, cis-9/trans-
11 and trans-10/cis-12 conjugated linoleic acid (CLA) can inhibit growth of Staphylococcus
aureus in vitro (160). PUFAs and saturated fatty acids (SFAs) have also been shown to
influence the microbiota composition and diversity in the gut (161-163), but their impact on
milk microbiota has not been widely studied. Some correlations have been observed between
milk fatty acids and milk microbiota (154). Specifically, negative correlations were reported
for milk monounsaturated fatty acids (MUFAs) and PUFAs with Proteobacteria,
Streptococcus, Acinetobacter, Lactobacillus, and Bifidobacterium while SFAs were
positively correlated with Pseudomonas (39). However, these correlations have not been

examined while controlling for maternal fish oil supplement use, which modifies milk n3-
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PUFA concentrations (164) and might also influence microbiota (165). The potential
associations of these major milk components are milk microbiota while controlling for

relevant confounding factors are not clear.

1.8.  Influence of the choice of 16S rRNA gene sequencing processing algorithm on
milk microbiota analysis

Amplicon-sequencing studies targeting bacterial 16S rRNA gene are currently the most
cost-effective sequencing method for microbiome studies and are widely applied to different
ecosystems. While the decreasing cost of sequencing has resulted in expansion of
sequencing-based microbiome studies, computational methods for fast and accurate
processing of the sequencing data and taxonomy assignment are becoming increasingly more
crucial to ensure an accurate reconstruction of the microbial community (166). In recent
years there have been novel developments in several aspects of sequencing processing
including a shift from clustering-based methods of operational taxonomic unit (OTU)
designation based on sequence similarity (commonly > 97%) (167, 168) to denoising
algorithms which identify exact amplicon sequence variants (ASV) (169-175); thereby
increasing the ecological precision. Performance of the denoising methods has been assessed
mostly on mock communities and some real samples in terms of taxonomy composition (173-
175). Performance of the denoising methods has been assessed mostly on mock communities
and some real samples in terms of taxonomy composition (173-178). However, the impact of
these different methods on downstream analysis of biological associations is less clear.

There is an emphasis on reproducibility in microbiome research (179, 180). Several
aspects of microbiome study including sample collection and storage, DNA extraction
method, choice of primers and sequencing platform could influence the reproducibility of the
results (181-183). However, challenges of reproducibility post-sequencing are the results of

the choice of bioinformatics pipeline and statistical methods. Prior studies have examined
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the effect of bioinformatics pipelines on the microbiome composition of mock communities
(176-178). The true biological and ecological variations appear to be robust to the choice of
sequencing processing method in a few studies on soil, mouse feces, and intestinal biopsy
(178, 184, 185). As the majority of studies increasingly use denoising methods, a major
question regarding the validity of previous studies using OTU-based methods remains
unanswered.

These challenges are especially of concern for low biomass samples where the signal-
to-noise ratio is very low (53, 186). Therefore, reproducible downstream analyses will
depend on the precision of sequencing processing coupled with potential contaminant
identification and removal. In a recent study, performances of different sequencing
processing pipelines were compared on various dilutions of a mock community (176).
Expectedly, the false positive detection rate increased with decreasing concentration which
were mainly due to increased detection of contaminants by both clustering-based and
denoising methods (176). In another study of a mock community consisting of nine species
frequently isolated from dairy milk, both clustering-based and denoising methods
overestimated the number of OTUs/ASVs (187). The performance of different methods on
real samples (high biomass: soil and mouse feces) and (low biomass: intestinal biopsy from
Crohn's Disease) was assessed. While beta diversity assessment based on abundances (Bray-
Curtis or weighted UniFrac) were mostly influenced by the biological sample type, measures
based on presence/absence (unweighted UniFrac) were sensitive to the choice of the pipeline
(178). In a separate study on soil microbiota along elevation gradient, the choice of the
bioinformatics algorithm (OTU vs. ASV) did not alter ecological conclusions (185). As low
biomass samples are more sensitive to contaminations, the influence of using different

sequencing processing on the biological observations is unclear. While the performance of
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sequence processing methods on low biomass mock community has been assessed, little is
know about their performance on real world low biomass sample.

Milk microbiome studies are gaining considerable interest as it is suggested to be a
continual source of bacteria to the infant gut (188, 189). As milk is a low biomass sample, it
is plausible that the milk microbiota profile generated by sequencing contains reagent
contaminants and thus identification and removal of potential reagent contaminants is
recommended. Recently, probabilistic approaches have been developed to statistically
identify potential contaminants based on the prevalence in the negative controls compared to
samples and/or correlation of the abundance of them with DNA concentrations (190).
Currently it is not known if or how the choice of algorithm for sequencing processing and/or
contaminant removal would impact the downstream analysis of biological observations in

low biomass samples (e.g. milk).

1.9. Gaps in knowledge
Major gaps in our knowledge regarding the milk microbiota composition and
determinants exist as the majority of the previous studies have been i) culture-independent
targeting exclusively bacteria, ii) limited by small sample size, low sequencing depth, and
lack of control for confounding factors, and iii) unable to account for other major milk
components. Current gaps in knowledge include:
1)  What are the profiles of milk microbiota and mycobiota and their inter-kingdom relation
in a large population?
2) What is the culture-dependent profile of milk microbiota using culture-enriched
molecular profiling?
3) What are the determinants of milk microbiota and mycobiota composition while taking

into account their potential origins and controlling for confounding factors?
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4) Do other major milk components influence the milk microbiota composition via shaping
the milk microenvironment?
5) What is the impact of upstream sequencing processing on downstream statistical

analyses and conclusions in low biomass samples?

1.10. Hypotheses and objectives
The main hypotheses of this thesis are:
1) Milk microbiota and mycobiota compositions are influenced by maternal, infant, early
life, and environmental factors based on the potential routes of milk

colonisation/inoculation.

la. Milk bacteria are most strongly influenced by factors affecting the infant
microbiome.
Ib.  Milk fungi are most strongly influenced by environmental factors.

2) Culture-enriched molecular profiling can capture the diversity of milk microbiota.

3) Biologically plausible statistical conclusions are robust to the choice of sequencing

processing method.

The objectives of this study are to profile milk microbiota using culture-independent
(bacteria and fungi) and culture-enriched molecular profiling (bacteria) (Chapters 3 and 4);
assess the inter-kingdom association of milk bacteria and fungi (Chapter 3); identify factors
associated with the composition of milk bacteria (Chapters 5 and 6) and fungi (Chapter 7);
and examine the impact of different sequencing processing approaches on downstream

statistical analysis (Chapter 8). An overview of this thesis is illustrated in Figure 4.
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Figure 4. Schematic overview of this thesis. Milk microbiota will be studied in the CHILD
Cohort Study and in samples collected from NICU at McMaster University. Milk microbiota
(bacteria and fungi) will be assessed in the CHILD Cohort Study using amplicon sequencing
(Chapter 3). Milk bacteria will be explored in a pilot study using culture-enriched molecular
profiling (Chapter 4). The determinants of the milk microbiota will be assessed in the CHILD
Cohort Study (Chapters 5-7). The impact of the choice of data processing on downstream

analysis will be investigated in the CHILD Cohort Study (Chapter 8).
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2. MATERIALS AND METHODS

2.1.  Culture-independent study
Milk microbiota and mycobiota was assessed in milk samples from the CHILD Cohort

Study as described below.

2.1.1. Study Design

We studied a representative subset of 428 mothers in the Canadian Healthy Infant

Longitudinal Development (CHILD) Cohort Study (www.childstudy.ca) designed to study

gene-environment interactions in the developmental origins of pediatric asthma and allergy
and other non-communicable diseases (191). Pregnant women in the second or third trimester
were recruited from the general population from four sites across Canada (Vancouver,
Edmonton, Manitoba (Winnipeg, Morden, Winkler) and Toronto) between 2008 and 2012
and remained eligible if they delivered a healthy singleton infant >35 weeks gestation
(n=3455). We selected a representative subset of 428 mother-infant dyads with available milk
samples, ensuring equal representation across the 4 study sites, excluding dyads missing key
maternal (e.g. diet, BMI) or infant (1y clinical) data, and then randomly selecting among the
rest. Next a further subset of 271 mother-infant dyads was selected from the 428 mother-
infant dyads for fungal analysis. This subset was enriched for breastmilk samples with
available 16S rRNA bacterial sequencing data (139) and children diagnosed with possible or
probable asthma. Samples with high concentration of DNA based on bacterial 16S rRNA V4
PCR amplification (>15 ng/uL) were prioritised (Figure 5). This study was approved by the
Human Research Ethics Boards at McMaster University, the Hospital for Sick Children, and
the Universities of Manitoba, Alberta, and British Columbia. Characteristics of the

participants are summarised in Table 1.
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Pregnant mothers recruited in the
general cohort of the CHILD study
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Figure 5. Flowchart of the participant selection for microbiota and mycobiota analysis
in CHILD Cohort Study.
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2.1.2. Data accessed from the CHILD database

Comprehensive environmental, nutrition and health questionnaires were administered
during pregnancy and at 3, 6, 12, 18, 24, 30 months, 3, 4 and 5 years. A Food Frequency
Questionnaire (FFQ) was administered during pregnancy(191). We obtained permission to
access the CHILD data as required for this study. Additional data including infant secretor
status and environmental features were generated by collaborating members within the
CHILD Cohort Study. Other milk components including fatty acids, human milk
oligosaccharides, and milk hormones were previously measured in the same subset of milk
samples (192-194) (section 2.2). List and definitions of variables used in this study are

summarised in Table 2.

2.1.2.1. Maternal factors

Maternal age, tobacco smoking, method of birth, parity, and intrapartum antibiotic use
were documented from hospital records. Mode of delivery was categorised as normal vaginal
delivery (NVD), emergency Caesarean section (C/S), or elective C/S. Maternal ethnicity, pre-
pregnancy weight and height, maternal history of asthma diagnosis, tobacco smoking during
pregnancy or postpartum, and intravenous and/or oral antibiotic use prior to milk sample
collection were reported by standardized questionnaire. Maternal dietary patterns were
determined by principal components analysis (PCA) from a modified food frequency
questionnaire (195). Maternal secretor status was defined by the presence of 2’-

fucosyllactose (2’-FL) or lacto-N-fucopentaose I (LNFP I) in the milk HMO profile (196).

2.1.2.2. Infant factors

Infant sex, birth weight, and gestational age were documented from hospital records.
Infant oral thrush in the first 3 months of life and intravenous and/or oral antibiotic use were

reported by standardized questionnaire.
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Table 1. Characteristics of mother-infant dyads from the CHILD Cohort Study
included in the microbiota analysis (n=393) in comparison with all eligible dyads

(n=2536). Reproduced from Moossavi et al. (139).

Mean = SD or n (%)*
. e Subset for | All eligible
Factor | Characteristics this study dya%is
N=393 N=2536"
Age (years) 33.0+4.2 | 32.7+4.2
Pre-pregnancy BMI (Kg/m?) 243+£52 | 245+63
— History of atopy 251(63.9) | 1624 (65.4)
% Secretor status 279 (71.7) | 901 (74.7)¢
< | Ethnicity
> Caucasian 287 (73.0) | 1870 (74.3)
Asian 73 (18.6) | 403 (16.0)
First Nations 15 (3.8) 87 (3.5)
Other 18 (4.6) 158 (6.3)
= Birth weight (g) 3469 + 469 | 3450 +479
& | Female sex 192 (48.9) | 1198 (47.2)
= Gestational age (weeks) 392+13 | 392+1.2
Mode of delivery
Elective C/S 46 (11.9) | 264 (10.6)
Emergency C/S 47 (12.1) | 339 (13.6)
o Vaginal 294 (76.0) | 1893 (75.8)
= Maternal intrapartum antibiotics 139 (35.8) | 996 (39.9)
% Maternal postpartum antibiotics before 3-4 months 41 (10.6) | 265 (10.8)
Lg Child antibiotics before 3-4 months 11 (2.8) 75 (3.1)
Older siblings
None 211 (53.7) | 1345 (53.1)
One 126 (32.1) | 860 (33.9)
Two or more 56 (14.2) 330 (13.0)
o Lactation stage at sample collection (weeks) 17.3+£53 | 16.5+5.0
-_5 Exclusive BF (breast milk only) at sample collection 190 (48.3) | 1393 (55.9)
é Direct BF (at the breast) only 162 (41.9) | 1018 (40.1)
§ Duration of BF (months) 132+£58 | 12.5+5.6
S
A | Duration of exclusive BF (months) 35423 | 37423
HMO concentration (mg/mL) 102+2.1 | 10.3+2.1°
£ | HMO Simpson’s diversity 49+14 | 49+13°
> | Insulin (pg/mL) 760 + 664 | Unknown
Leptin (pg/mL) 556 £ 601 | Unknown

*Percentages are calculated after excluding dyads with missing data. BF, breastfeeding; BMI, body mass index;
C/S, Caesarean section; HMO, human milk oligosaccharide; NVD, normal vaginal delivery

® Those who breastfed >12 weeks and provided a milk sample
¢ available for N=1206
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Infant secretor status was determined from the infant genetics (Qingling Duan, Queen’s
University). Briefly, infant DNA was isolated from peripheral blood samples. Genotyping of
single nucleotide polymorphisms (SNPs) was performed using the HumanCoreExome
BeadChip (Illumina, San Diego, CA, USA)) comprising >240K tagSNPs and >240K exome-
focused markers. A stringent process of quality control at infant and SNP levels was applied

using PLINK v.1.9 (http://pngu.mgh.harvard.edu/purcell/plink/) (197). Samples were

excluded if demonstrated low genotype call rates (missingness > 0.10), discrepancies with
reported sex, were ethnic outliers based on PCA, or were related as determined by identity by
descent. SNPs were excluded with missingness > 0.10, had significant departures from
Hardy-Weinberg equilibrium (p value < 10°), or had a minor allele frequency < 0.01.
IMPUTE?2 software (198) was used to impute genotypes based on the 1000 Genomes Project
reference panel (199), which resulted in >23,000,000 single nucleotide variants of high
quality (> 0.7). Using this imputed dataset, infant secretor status was defined based on FUT2

rs601338 or rs1047781 SNPs (200, 201).

2.1.2.3. Breastfeeding practices
Infant feeding was reported by standardized questionnaire at 3, 6, 12, 18 and 24 months.

At the time of sample collection (3-4 months), breastfeeding status was classified as
exclusive (human milk only) or partial (human milk supplemented with infant formula or
solid food). Duration of any breastfeeding and exclusive breastfeeding was also evaluated
(age in months at cessation of breastfeeding and introduction of formula or solid food,
respectively). The mode of breast milk feeding was reported for infants at three months of
age and classified as “all direct" (human milk only with no feeding of expressed milk), or
"some pumped" (human milk only with at least one serving of expressed milk in the past two

weeks) (10).
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2.1.2.4. Home environment

Participants were recruited from four Canadian cities: Vancouver (49.2827° N,
123.1207° W, British Columbia), Edmonton (53.5444° N, 113.4909° W, Alberta), Manitoba
(49.8951° N, 97.1384° W, Winnipeg and two rural towns), and Toronto (43.6532° N,

79.3832° W, Ontario). Average climate information from 1981-2010 was obtained from

Environment and Climate Change Canada (http://climate.weather.gc.ca; access date 13
March 2019; used in descriptive but not statistical analyses). Population density was
estimated for CHILD participants’ homes using 2006 census data on population counts
within the smallest available census geographical boundary (250m) and was categorized as
high or low (above or below the median). Census data also provided the rural vs. urban
residence. “An urban area was defined as having a population of at least 1,000 and a density
of 400 or more people per square kilometre. All territory outside an urban area was defined as
rural area” (202)(202)(202)(202). Green space exposure was quantified using the derived
normalized difference vegetation index (NDVI) in a 250 m buffer around the mother’s
residential addresses. NDVI, with values ranging from -1 to 1 is an indicator of overall
greenness based on land surface reflectance of visible and near infrared parts of spectrum.
Time weighted averages across the 12 months postpartum were assigned and categorized into
grey (-1.0 to 0.2), moderate green (0.2 to 0.3), and green (0.3 to 1.0) (Unpublished, generated
and provided by Hind Sbihi). Home environment characteristics including dust, moisture, and
visible mould levels were determined based on questionnaires completed by mothers and a
walk-through home assessment by trained research staff from the CHILD Cohort Study

(203); each exposure was categorized into high or low (above or below median).
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Table 2. List and definition of variables used in this study

Variable

Definition

Age (years)

Maternal self-reported age from hospital record

Pre-pregnancy BMI (Kg/m?)

Calculated from maternal self-reported pre-pregnancy weight and height

History of atopy (yes vs. no)

Maternal self-reported

Secretor status (secretor vs. non-
secretor)

Presence or near absence of 2°FL or LNFP I (196)

Ethnicity (Caucasian, Asian, First
Nations, Other)

Maternal self-reported

Prenatal smoking (yes vs. no)

Any tobacco smoking prior to pregnancy

Birth weight (g)

Infant weight at birth measured by health professionals

Sex (female vs. male)

Infant biological sex at birth

Gestational age (weeks)

Obtained from hospital records

Infant oral thrush (yes vs. no)

History of oral thrush postpartum until sample collection reported by
parents

Infant secretor status (secretor vs.
non-secretor)

Determined based on FUT2 rs601338 or rs1047781 SNPs genotype
status

Mode of delivery

Vaginal vs. C/S (elective or emergency)

no)

Maternal intrapartum Abx (yes vs.

Use of intrapartum antibiotic prophylaxis obtained from hospital record

no)

Maternal postpartum Abx (yes vs.

Self-reported use of oral or intravenous antibiotics after birth until
sample collection

Child Abx (yes vs. no)

Use of oral or intravenous antibiotics after birth until sample collection
reported by the mother

Parity (yes vs. no; 0, 1, >2)

Number of previous pregnancies (older siblings)

Lactation stage (weeks)

Age in weeks at the time of sample collection

BF exclusivity (yes vs. no)

Human milk only or partial (human milk supplemented with infant
formula or solid food)

Mode of BF (all direct vs. some
pumped)

Self-reported method of breastfeeding either by nursing directly at the
breast or pumping and bottle-feeding in the last 2 weeks prior to milk
sample collection (10)

Duration of BF (months)

Age in months at cessation of breastfeeding

Duration of exclusive BF
(months)

Age in months at introduction of formula or solid food

HMO concentration (mg/mL)

Total sum of all concentrations of all measured HMOs (192)

HMO Simpson’s diversity

Diversity of the HMOs (192)

Insulin (pg/mL)

Concentration of insulin in milk (193)

Leptin (pg/mL)

Concentration of leptin in milk (193)

Maternal dietary pattern

Based on principal components analysis from a modified food frequency
questionnaire (195)

Population density*

Population counts within the smallest available census geographical
boundary (250m) estimated for CHILD participants” homes using 2006
census data on.

Area type* Urban vs. rural defined based on 2006 census data
Average NDVI in a 250 m buffer around the mother’s residential
Greenness™ addresses across the 12 months postpartum; categorized into grey (-1.0

to 0.2), moderate green (0.2 to 0.3), and green (0.3 to 1.0)

Home dust, moisture, and visible
mould levels

Based on questionnaires completed by mothers and a walk-through home
assessment by trained research staff from the CHILD Cohort Study
(203). Each exposure was categorized into high or low (above or below
median).

* Generated and provided by Hind Sbihi.
Abx, antibiotics; BF, breastfeeding; HMO, human milk oligosaccharide; NVDI, Normalized difference

vegetation index
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2.1.3. Milk sample collection
Each mother provided one sample of milk at 4 months postpartum [mean (SD) 17 (5)

weeks postpartum] in a sterile milk container provided by CHILD Cohort Study. To control
for differences in the milk composition of fore- and hindmilk (204) as well as the diurnal
variation (133); a mix of foremilk and hindmilk from multiple feeds during a 24-hour period
was collected. Hand expression was recommended, but pumping was also acceptable. The
sample was not collected aseptically. Samples were refrigerated at home for up to 24 hours
before being collected and processed by study staff (205). Milk samples were collected from
2008 to 2012 and were stored at -80 °C until analysis in 2016. The time of first and last milk
collection at home and the time between sample collection from home and processing by the
CHILD laboratory personnel were recorded. We did not observe any associations of sample
processing time with milk microbiota richness, diversity, taxa relative abundance, overall

composition, and cluster membership.

2.1.4. DNA extraction and microbiota analysis

Genomic DNA was extracted from 1 ml breastmilk using Quick-DNA Fungal/Bacterial
extraction kit following the manufacturer’s instructions (Zymo Research, USA). The samples
were centrifuged (13,000 g at 4°C for 20 min), the fat rim was carefully removed using a
sterile swab, and the supernatant stored for future analysis. Total DNA was extracted from
the pellet.

V4 hypervariable region of the 16S rRNA gene (bacteria) and internal transcribed
spacer (ITS) 2 region of the eukaryotic ribosomal genes (fungi) were amplified with modified
F515/R806 primers (206) and modified ITS3/ITS4 primers (102), respectively. For each
sample, the PCR reaction was performed in duplicate, consisting of an initial denaturing step
at 95 °C for 5 min followed by 33 amplification cycles at 95 °C for 40 s, 51.5 °C for 40 s, and

72 °C for 50 s, with a final extension step at 72 °C for 5 min (bacteria) and an initial
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denaturing step at 95 °C for 5 min followed by 32 amplification cycles at 95 °C for 40 s, 52
°C for 45 s, and 72 °C for 40 s, with a final extension step at 72 °C for 5 min (fungi) in an
Eppendorf Mastercycler pro (Eppendorf, Hamburg, Germany). Sterile DNA-free water was
used as negative controls in sequencing library preparation. Successful PCR amplification
was assessed by agarose gel electrophoresis of a subset of samples and negative controls
(bacteria) and for all samples (fungi).

Duplicate PCR products were pooled and the concentration of double-stranded DNA
was quantified by Quanti-iT PicoGreen dsDNA Assay kit (Invitrogen, CA, USA). The
machine was first calibrated on the serial dilution of the standard DNA provided by the kit.
The concentrations of milk double-stranded DNA were used to normalise the samples 250
ng/uL of DNA and samples were pooled accordingly. For samples with very low DNA
concentration, maximum 15 pL (bacteria) and 10 pL (fungi) of sample were pooled. Based
on previous dairy mycobiome work in the lab, we anticipated that a subset of samples to be
negative for fungi (102). For fungi, we pooled samples into three pools based on DNA
concentration and PCR amplification (high, intermediate, and low DNA concentration).
Pooled DNA was then cleaned using DNA Clean & Concentrator (Zymo Research, USA)
and the concentration was measured using Qubit dSDNA HS Assay Kit (Invitrogen, CA,
USA). To minimise the potential impact of well-to-well contamination for low DNA samples
(207), the final pooled DNA consisted of high, intermediate, and low DNA with proportions
of 80:10:10.

Following quantification, library was diluted in the DNA Clean & Concentrator elution
buffer to the concentration of 2 nM. Subsequently 10 puL. of the sample was denatured by
adding 10 pL NaOH (0.2M) and diluted to the concentration of 20 pM. The library was
incubated at room temperature for 5 minutes. Next, the sample was further diluted in Illumina

HBY buffer to the concentration of 14 pM. Final sequencing library was prepared by mixing
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510 pL of sample and 90 pL of PhiX (20 pM). Primers (forward, reverse, and index) and the
library were loaded on the sequencing cartridge and were sequenced on a MiSeq platform
using v3 reagent kit (Illumina, San Diego, CA, USA). Sterile DNA-free water was used as
negative controls in sequencing library preparation. A mock community consisting of DNA
extracted from of 8 bacteria and 2 fungi species with known theoretical relative abundances

was used as positive control (Zymo Research, USA).

2.1.5. 168 rRNA and ITS gene sequencing Analysis
Overlapping paired-end reads were processed with DADA2 pipeline (173) using the

open-source software QIIME 2 v.2018.6 (https://qiime2.org) (208). Unique amplicon
sequence variants (ASVs) were assigned a taxonomy and aligned to the 2013 release of the
Greengenes reference database at 99% sequence similarity (209). Fungal taxonomy
assignment were achieved by aligning the denoised sequences to the 2017 release of the
UNITE v.7 reference database at 99% sequence similarity (210). Demultiplexed sequencing
data was deposited into the Sequence Read Archive (SRA) of NCBI and can be accessed via

accession number PRINA481046 (bacteria) and PRINAS536254 (fungi).

2.1.6. Contamination removal from the sequencing output

Data analysis was conducted in R (211). Initial preprocessing of the ASV table was
conducted using the Phyloseq package (212). Potential reagent contaminants (52) were
identified using decontam package based on either the frequency of the ASV in the negative
control or the negative correlation with DNA concentration (190). Overall, 9,711 unique
bacterial ASVs were detected for bacterial microbiome and 173 were identified as
contaminants and excluded. We did not identify any potential fungal contaminant ASVs in

the fungal analysis.

2.1.7. Sequencing output processing following contaminant removal

Samples were rarefied to 25000 and 1000 for bacterial and fungal datasets, respectively.
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Subsequently, samples with less than the rarefaction threshold were excluded. Additionally,
ASVs with zero abundance across the samples; non-bacterial (belonging to phylum
Cyanobacteria, family of mitochondria, and class of chloroplast) or non-fungal ASVs
(belonging to plants) were removed. Additional threshold filtering steps were applied as

appropriate (Chapter 3).

2.2.  Analysis of other milk components
HMOs, milk fatty acids, and milk metabolic hormones (insulin and leptin) were

measured in the same milk samples.

2.2.1. HMO Analysis

HMOs were previously measured in the same milk samples by high performance liquid
chromatography (192). The following 19 HMOs were detected on the basis of retention time
comparison with commercial standard oligosaccharides and mass spectrometry analysis:
2°FL, 3-fucosyllactose (3FL), 3°SL, 6’SL, LNT, lacto-N-neotetraose (LNnT), LNFPI,
LNFPII, LNFPIII, sialyl-LNT (LST) b, LSTc, difucosyl-LNT (DFLNT), disialyl-LNT
(DSLNT), fucosyl-lacto-N-hexaose (FLNH), difucosyl-lacto-N-hexaose (DFLNH), fucosyl-
disialyl-lacto-N-hexaose (FDSLNH), and disialyl-lacto-N-hexaose (DSLNH),
difucosyllactose (DFLac), and lacto-N-hexaose (LNH) and were quantified based on
response factors. These 19 HMOs typically account for >90% of total HMO content; their
concentrations were summed to estimate total HMO concentration. The relative abundance of
each HMO was calculated. The amount of HMO-bound fucose and HMO-bound sialic acid
were calculated. HMOs were also grouped according to common structural elements as
previously described (213) (Table 3). Maternal secretor status was defined by the presence or
near absence of 2’FL or LNFP I. HMOs were studied as both absolute concentrations

(ug/mL) and relative proportions.
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Table 3. Human milk oligosaccharides (HMOs) and fatty acids structural categories.

Reproduced from Moossavi et al. (214).

Category ‘ Components
HMOs
Small HMOs 2’FL, 3FL, 3’SL, 6’SL

Type 1 (Terminal galactose attached in
B1-3 linkage)

LNT, LNFP I, LNFP II, LSTb, DSLNT

Type 2 (Terminal galactose attached in
B1-4 linkage)

LNnT, LNFP III, LSTc

a-1,2 LNFP I, 2°FL
a-1,3 LNFP III, 3FL
a-2,6 LSTb, LSTc, 6’SL
Fucosylated/Sialyated FDSLNH

Fucosylated/Non-Sialyated

2°FL, 3FL, DFLac, LNFPI, LNFPII, LNFPIII,
DFLNT, FLNH, DFLNH

Non-Fucosylated/Sialyated

3’SL, 6’SL, LSTb, LSTc, DSLNT, DSLNH

Non-Fucosylated/Non-Sialyated

LNnT, LNT, LNH

Fatty acids

Saturated Fatty Acids (SFA)

10:0, 12:0, 14:0, 15:0, 16:0, 17:0, 18:0, 20:0, 24:0

Monounsaturated Fatty Acids (MUFA)

14:1n9, 16:1n9, 18:1n9, 24:1n9

Polyunsaturated Fatty Acids (PUFA)
n-3
n-6

18:3n3, 20:4n3, 20:5n3, 22:5n3, 22:6n3,
18:2n6, 18:3n6, 20:2n6, 20:3n6, 20:4n6, 22:5n6,
22:4n6

De novo synthesis

10:0, 12:0, 14:0

Diet, liver synthesis, or body storage

15:0, 16:0, 17:0, 18:0, 20:0, 24:0

14:1n9, 16:1n9, 18:1n9, 24:1n9

18:3n3, 20:4n3, 20:5n3, 22:5n3, 22:6n3,

18:2n6, 18:3n6, 20:2n6, 20:3n6, 20:4n6, 22:5n6,

22:4n6

2.2.2. Fatty acids analysis

Fatty acids were also previously analysed by gas liquid chromatography at University of

Alberta as previously described (215). The following 29 fatty acids were detected: capric acid

(10:0), lauric acid (12:0), myristic acid (14:0), physeteric acid (14:1n9), pentadecylic acid

(15:0), palmitic acid (16:0), 7-hexadecenoic acid (16:1n9), margaric acid (17:0), stearic acid

(18:0), trans vaccenic acid (TVA, 18:1t11), oleic acid (18:1n9), cis-vaccenic acid (18:1c11),

linoleic acid (LA, 18:2n6), arachidic acid (20:0), y-linoleic acid (GLA, 18:3n6), a-linolenic

acid (ALA, 18:3n3), eicosadienoic acid (20:2n6), dihomo-y-linolenic acid (DHGLA, 20:3n6),

arachidonic acid (AA, 20:4n6), conjugated linoleic acid (CLA, family of isomers of linoleic
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acid), eicosapentanoic acid (EPA, 20:5n3), nervonic acid (24:1n9), docosahexaenoic acid
(DHA, 22:6n3), lignoceric acid (24:0), osbond Acid (22:5n6), docosapentaenoic acid (DPA,
22:5n3), eicosatetraenoic acid (20:4n3), adrenic acid (C22:4n6). Fatty acids were grouped
into SFAs, MUFAs, and PUFAs. Additionally, they were classified as synthesized de novo in
the mammary gland, or acquired from the diet, liver synthesis, or body fat storage. PUFAs

were also divided into n-3 and n-6 series (Table 3).

2.2.3. Metabolic hormones

Milk metabolic hormones (leptin and insulin) were measured using the Mesoscale
Discovery System at University of Alberta as previously described (193). Briefly,
measurements were done in duplicate using kits precoated with the antibody to each hormone
following the manufacturer’s instructions (MesoScale Discovery, Gaithersburg, MD, USA).
Results were measured on the MesoScale Discovery Sector Imager 2400 plate reader and the
Discovery Workbench 3.0 software was used to generate standard curves and calculate

analyte concentrations in each sample.

2.3.  Statistical analysis
Statistical analysis was performed in R (211). List of statistical methods, tools, and R

packages used in this study are summarised in Table 4.

2.3.1. Handling Missing Data
Missing data in HMOs (n=4) and fatty acids (n=5) matrices was imputed using

multivariate imputation by chained equations (MICE) package (216). Dimension reduction of
ASVs, HMOs, and fatty acids was achieved by principal component analysis (PCA) (217).

Samples with missing data for other covariates were excluded from multivariable analyses.
2.3.2. Exclusion of data

Sequencing reads were excluded if they were deemed to be potential reagent

contaminants. Samples were excluded if they had less than the rarefying threshold (25,000
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and 1,000 for bacteria and fungi, respectively) sequencing reads. Additionally, samples were

excluded from multivariable analyses if they were missing essential covariate data.

2.3.3. Linear association of alpha diversity with maternal, infant, and milk factors

Alpha diversity was assessed by the observed ASVs (richness; (218) and inverse
Simpson Index (diversity (219). Association of alpha diversity with maternal, infant, early
life, and milk factors was assessed by linear regression adjusting for factors with p value of

<0.05 in univariate analysis.

2.3.4. Linear relationships between taxa abundance and maternal, infant, and milk
factors

To control for the compositional nature of the data, ASV counts were centre log-ratio
transformed following zero-replacement (220, 221). After this transformation, taxa relative
abundances were compared at species, genus, and phylum levels by one-way analysis of
variance (ANOVA). P values were corrected with Benjamini-Hochberg’s false discovery rate

(FDR) method (222).

2.3.5. Redundancy analysis

The association of maternal, infant, early life, and milk factors with milk microbiota
composition was assessed by redundancy analysis (RDA) with 1000 permutations using the
vegan package (223).

2.3.6. Hierarchical clustering

Hierarchical clustering was performed on Bray-Curtis dissimilarity matrix of core ASVs
(n=12, defined as being present in at least 95% of samples with minimum of 1% mean
relative abundance), with ward sum-of-square algorithm (224). The optimal number of
clusters was determined using Gap statistics, which compares the observed change in within-
cluster dispersion versus the expected change under an appropriate reference null distribution

(225). Dissimilarity (beta diversity) of clusters was assessed by permutational ANOVA
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(PERMANOVA) using the vegan package (223). Association of factors with cluster
membership was assessed using ANOVA (Tukey post hoc) for continuous and ¥2 (post hoc)

for categorical variables.

2.3.7. Structural equation modeling

Structural equation modeling (SEM) was performed using confirmatory factor analysis
(CFA) to assess the direct vs. indirect association of determinant factors of the milk
microbiota. SEM was conducted using the lavaan package (226) and path diagrams were
visualized using semPlot package (227). Variable selection was informed by the results of
statistical tests explained above. The milk environment was modelled as a latent construct
with principal component (PC) 1 axes of HMOs, fatty acids, and hormones as indicators. The
milk microbiota PC1 was used as the milk microbiota variable. Multivariate normality was
assessed by Henze-Zirkler’s tests (228). Given the non-normality of the data and inclusion of
dichotomous categorical variables, the model was estimated using maximum likelihood (ML)
parameter estimation with bootstrapping (n=1000) (229). The latent variable was scaled to
have variance of one. Model fit was assessed by %2 test, the comparative fix index (CFI), root
mean square error of approximation (RSMEA) and its 90% confidence interval (CI), and the
standardized root mean residuals (SRMR). Non-significant y2 test, CFI>0.9, RMSEA<0.05,
and SRMR<0.08 were considered as indications of good model fit (229). Equivalents of the
final model were explored and defined by changing the directionality of associations or

implying co-variation instead of causation.

2.3.8. Linear discriminant analysis

Taxa enrichment was assessed by linear discriminant analysis (LDA) effect size

(LEfSe) with default parameters and logarithmic LDA score threshold of three (230).

2.3.9. Presence/absence analysis

Binary outcomes (Bifidobacterium and fungi prevalence) were tested by k2 and logistic
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regression. Unsupervised variable selection by least absolute shrinkage and selection operator
(LASSO) was performed using g/mnet package with default parameters to define the
optimum lambda with 10-fold cross-validation. Using the optimum lambda, coefficients were
estimated for model parameters (231). Performances of logistic regression and LASSO were

assessed by area under the receiver operation curve (AUROC) analysis.

2.3.10. Inter-kingdom bacteria fungi correlation network analysis

Inter-kingdom network analysis Spearman correlation scores were calculated using the
CoNet app (232) for Cytoscape (233). Only edges with correlation scores of > 0.5 were kept
(p < 0.05, Bonferroni-corrected). The analysis was conducted 100 bootstrap samples were
used to infer pseudo-p values. The inferred correlations were restricted to those having

correlations > |0.6| (p < 0.05, two-sided).

2.4. Comparing sequencing processing approaches
The milk microbiota data described in section 2.1.5 was re-processed with an OTU-

picking algorithm to examine the impact on downstream statistical analysis.

2.4.1. Milk microbiota sequencing data re-processing using UCLUST

As previously described, I processed the milk microbiota data using DADA2 (section
2.1.5). Next, to compare the denoising algorithm (DADAZ2) to a clustering-based OTU
picking approach (UCLUST), I re-processed the data. Briefly, paired-end reads were merged
using the PANDAseq assembler (234). Sequences with low quality base calling scores (<20)
as well as those containing ambiguous bases in the overlapping region were discarded. The
subsequent fastq file was processed using the open-source software QIIME v1.9.1 (208).
Assembled reads were demultiplexed according to the barcode sequences and chimeric reads
were filtered using UCHIME (235). Reads were clustered into operational taxonomic units
(OTUs) using closed-reference OTU picking based on 97% similarity using UCLUST (236).

Representative sequences from each OTU were assigned a taxonomy using RDP Classifier
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(237) and aligned to the 2013 release of the Greengenes reference database at 97% sequence

similarity (209) using PyNAST (238).

Table 4. Key resource table for the culture-independent study of milk microbiota in the
CHILD Cohort Study. Reproduced from Moossavi et al. (139).

REAGENT or RESOURCE \ SOURCE \ IDENTIFIER
Biological samples

Breastmilk (1ml) ‘ Moraes et al. 2015 ‘ CHILD Cohort Study
Commercial kits

Quick-DNA™ Fungal/Bacterial Zymo Research D6005

extraction kit

Illumina MiSeq reagent kit v3 Illumina MS-102-3003
Primers

16S rRNA-Forward Primer Caporaso, et al., 2012

515F: GTGCCAGCMGCCGCGGTAA
16S rRNA-Reverse Primer

806R: GGACTACHVGGGTWTCTAAT
ITS2 rRNA-Forward Primer Derakhshani, et al. 2018
ITS3: GCATCGATGAAGAACGCAGC
ITS2 rRNA-Reverse Primer

ITS4: TCCTCCGCTTATTGATATGC

Software and algorithm

QIIME2 Caporaso, et al. 2010 v.2018.6
Greengenes DeSantis, et al. 2006 v.13 8
UNITE Nilsson, et al. 2015 v. 7
Phyloseq McMurdie and Holmes v. 1.19.1
2013
Decontam Davis, et al. 2018 v.1.1.0
MICE van Buuren and v.2.30
Groothuis-Oudshoorn
2011
CoDaSeq Gloor and Reid 2016 v. 0.99.1
Vegan Oksanen, et al. 2017 v.2.4-4
LEFSe Segata, et al. 2011 www.huttenhower.sph.
harvard.edu/galaxy
Lavaan Rosseel 2012 v. 0.5-23.1097
Glmnet Friedman, et al. 2010 v.2.0.18
Psych Koo and Li 2016 v. 1.8.12
R R Core Team v.3.3.3 and 3.5.1
Deposited Data
Raw and analysed data (bacteria) This thesis PRINA481046
Raw and analysed data (fungi) This thesis PRINAS536254
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2.4.2. Comparison of clustering-based and denoising algorithms

Depth of sequencing and alpha diversity (observed OTUs/ASVs and inverse Simpson
index) were compared between methods (n=4 datasets) using Student’s t test. Within the 4
most abundant phyla, the prevalence (percentage of samples containing the taxa) and average
relative abundance of classified genera were compared between UCLUST and DADA?2 prior

to contaminant removal using Pearson correlation.

2.4.3. Interclass correlation analysis

Agreement and consistency of community alpha diversity and relative abundances of
the most abundant families were assessed by interclass correlation by 2-way random and

fixed single measurement models using Psych package (239, 240).

2.5.  Culture-enriched molecular profiling

I performed a pilot study of culture-enriched molecular profiling of milk microbiota.

2.5.1. Sample collection

Milk samples were collected from mothers of premature infants admitted to the neonatal
intensive care unit (NICU), McMaster University. Milk samples were not handled or stored
anaerobically. Long-term frozen milk samples (n=3) previously collected at approximately 60
days postpartum were obtained from Department of Pediatrics, McMaster University. These
samples were stored for more than 6 months at -80 °C prior to analysis. In addition, fresh
leftover milk samples (n=5) supplemented with various concentrations of different fortifiers
were collected from NICU. Fresh milk samples were collected by pump expression and
immediately transferred to the lab. Fresh samples were immediately processed and then
transferred to -80 °C freezer for 2 weeks. The study was considered exempt from ethics

approval by Ethics Review Board at McMaster University.

2.5.2. Culturing of milk samples
100 pL of milk sample was diluted in 900 pL of Brain heart infusion (BHI) broth (BD,
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Sparks, MD, USA) with 0.05 % L-cysteine hydrochloride hydrate. 100 pul of 10 ' dilution
was plated on pre-reduced 100-mm agar plates. The choice of culture conditions were
modified from Lau et al. (63) based on anticipated bacterial profile of the human milk
according to our previously published 16S rRNA sequencing-based study (139). Culture

media included are summarised in Table 5.

Table 5. Culture media used in the culture-enriched molecular profiling of human milk
samples.

Culture media | Company | Supplement Target bacterial groups
0.5 g/L L-cysteine

BHI3 BD"® 10 mg/L homin Anacrobes
1 mg/L Vitamin K

BBE" - - Bacteroides

BEEF Fluka® - Strict anaerobes

BSM Fluka - Bifidobacterium

CBA BD 5% sheep’s blood Non-selective

FAA Neogen’ - Fastidious anaerobe

MAC BD - Gram negative

MRS BD - Lactobacillus

MSA BD - Gram positive; Staphylococcus

THY BD 5 g/L yeast extract Fastidious bacteria

* Sparks, MD, USA

® Prepared according to the protocol in (241).

¢ St. Louis, MO, USA

d Lansing, MI, USA

BHI, Brain heart infusion; BEEF, Cooked meat agar; BBE, Bacteroides bile esculin agar; BSM,
Bifidobacterium Selective Media; CBA, Columbia blood agar; FAA, Fastidious anaerobe agar; MAC,
MacConkey agar; MRS, de Man Rogosa Sharpe agar; MSA, Mannitol slat agar; THY, Tryptic soy
agar.

One set of media was incubated at 37 °C for 5 days in an anaerobic chamber and
another set was incubated at 37 °C in 5 % CO2 for 3 days. In a subset of fresh samples, the
fat and pellet fractions were separated by centrifugation at 12,500g for 10 minutes (Figure 6).
Each fraction was resuspended in Iml of BHI and plated and incubated aerobically as
described. For the comparison of fresh and short-term frozen samples, one aliquot was

immediately cultured and another was frozen at -80 °C for 2 weeks after the initial plating.
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100 pL of the short-term frozen samples were cultured both aerobically and anaerobically as
described above. After incubation, the colonies on each plate were pooled and collected by
adding 1 mL BHI broth and scraping the surface of the plate with a cell scraper. The
harvested colonies were frozen in 50 % glycerol at -80 °C as stocks and 300 pl were used for

DNA extraction and sequencing.

Whole milk

1
Figure 6. Milk culture-enriched molecular
profiling of different milk fractions. Fat and
— pellet fractions were separated following
centrifugation (see section 2.5.2). Adapted

from Lima et al. (80).
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2.5.3. DNA extraction and 16S rRNA gene sequencing

DNA extraction and purification were performed by Michelle Shah in Surette Lab as
previously described (242). Briefly, 500 pl of harvested colonies was mechanically
homogenized with 0.2 g of 0.1 mm glass beads (MoBio, Carlsbad, CA, USA; an additional
0.2 g of 2.8 mm glass beads was added to fecal samples) in 800 pl of 200 mM NaPOQOy, pH 8
and 100 pl guanidine thiocyanate-EDTAN-lauroyl sarcosine. Enzymatic lysis with 50 pl
lysozyme (100 mg/ml), 50 pl mutanolysin (10 U/ul), and 10 pl RNase A (10 mg/ml) for 1 h
at 37 °C was followed by the addition of 25 pul 25 % sodium dodecyl sulfate (SDS), 25 ul
Proteinase K (20 mg/ml,) and 75 pl 5 M NaCl and further incubated for 1 h at 65 °C.
Supernatants were collected and DNA extracted with phenolchloroform-isoamyl alcohol

(25:24:1; Sigma, St. Louis, MO, USA) and further purified using DNA Clean and
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Concentrator-25 columns (Zymo, Irvine, CA, USA) as per the manufacturer’s instructions.
Isolated DNA was stored at —20 °C.

PCR amplification of the V3 region of the 16S rRNA gene was performed by Laura
Rossi in Surette Lab using F341/R518 primers as previously described (243) with the
following modifications: a 60 pl reaction containing 1.25 mM MgCl,, 2.5 mM of each dANTP,
100 nM of each barcoded primer, and 1.25 U Taq was divided into 3 x 20 pl reactions for
amplification. PCR conditions consisted of an initial denaturation at 94 °C for 2 min, 30
cycles of 94 °C for 30s, 50 °C for 30s, 72 °C for 30s, followed by a final elongation at 72 °C
for 10 min. Purified PCR products were sequenced using the Illumina MiSeq platform by the
McMaster Genome Facility (Hamilton, ON, Canada). Sterile DNA-free water was used as

negative controls in sequencing library preparation.

2.5.4. Microbial data pre-processing and reagent contaminant removal

Demultiplexed forward and reverse sequencing reads were imported in R (211). Primers
and their reverse complements were identified using Biostrings package (244) and
subsequently removed from the sequencing data using cutadapt (245). Overlapping paired-
end reads were processed using DADA2 (173) in R. Unique ASVs were assigned taxonomy
and aligned to the SILVA reference database version 132 at 99% sequence similarity (246).
Demultiplexed sequencing data will be deposited into the Sequence Read Archive (SRA) of

NCBI.

2.5.5. Sequencing output processing following contaminant removal

Data analysis was conducted in R (211) using the Phyloseq package (212). ASVs with
zero abundance across the samples; non-bacterial (belonging to phylum Cyanobacteria,
family of mitochondria, and class of chloroplast) were removed. Additional filtering steps

were applied as appropriate (Chapter 4).
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2.5.6. Statistical analysis

Statistical analysis was performed in R (211). List of statistical methods, tools, and R

packages used in this study are summarised in Table 6.

Table 6. Key resource table for the culture-enriched molecular profiling of milk
microbiota.

REAGENT or RESOURCE \ SOURCE \ IDENTIFIER

Biological samples

Frozen breastmilk (50ml) Department of Pediatrics | NA

Fresh breastmilk (10ml) NICU NA

Culture media

Brain heart infusion agar BD

Columbia blood agar BD

Tryptic soy agar BD

Fastidious anaerobe agar Neogen

Cooked meat agar Fluka

Bifidobacterium Selective Media Fluka

Mannitol slat agar BD

de Man Rogosa Sharpe agar BD

Bacteroides bile esculin agar Atlas 2004

MacConkey agar BD

Primers

16S rRNA-Forward Primer Bartram, et al. 2011

F341: CCTACGGGAGGCAGCAG

16S rRNA-Reverse Primer

R518: ATTACCGCGGCTGCTGG

Software and algorithm

Biostrings Pages, et al. 2019 v.2.48

Cutadapt Martin, et al. 2011 v. 1.18

DADA2 Callahan, et al. 2016 v. 1.8

SILVA Yilmaz, et al. 2014 v. 132

Phyloseq McMurdie and Holmes v. 1.19.1
2013

CoDaSeq Gloor and Reid 2016 v.0.99.1

Vegan Oksanen, et al. 2017 v.2.4-4

R R Core Team v.3.3.3 and 3.5.1

Generated Data

Raw and analysed data (bacteria) ‘ This thesis ‘ NA
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2.5.6.1. Linear association of alpha diversity with milk storage, Oxygen level for

incubation, and milk fractions

Alpha diversity was assessed by the observed ASVs (richness). Association of alpha
diversity with factors of interest was assessed by ANOVA and Tukey’s post hoc pairwise

comparison whenever appropriate.

2.5.6.2. Linear relationships between taxa abundance and milk storage, Oxygen level

for incubation, and milk fractions

As described above (section 2.3.4), to control for the compositional nature of the data,
ASV counts were centre log-ratio transformed following zero-replacement (220, 221). After
this transformation, taxa relative abundances were compared at the family level by ANOVA.

P values were corrected with Benjamini-Hochberg’s FDR method (222).

2.5.6.3. Presence/absence analysis

Frequency of isolation of bacterial families was tested by k2 test.
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3. MILK MICROBIOTA AND MYCOBIOTA PROFILE IN

THE CHILD COHORT STUDY

3.1. Introduction

The majority of culture-dependent and —independent studies of the milk microbiota
have been focused on bacteria and were conducted in relatively small number of samples. In
addition, bacteria-fungi interactions are ubiquitous in microbial communities (144), but have
rarely been investigated in milk. To address these shortcomings, milk microbiota and
mycobiota were profiled in breastmilk in the CHILD Cohort Study by 16S rRNA gene
sequencing in 393 mother-infant dyads and ITS2 gene sequencing in 271 from the 393 dyads
with available bacterial data (Figure 5). The section on milk microbiota profile (section 3.2)
is published in Cell Host Microbe (139). Kelsey Fehr helped with fungal ITS2 gene

sequencing.

3.2. Milk microbiota profile in human milk from CHILD Cohort Study

We studied a representative subset of 393 breastfeeding dyads from the CHILD Cohort
Study (Figure 5 and Table 1). The majority were Caucasian (74%), about half (54%) were
primiparous and a quarter (24%) delivered by Cesarean section. The mean+SD duration of
any breastfeeding was 13+6 months and the mean lactation stage at sample collection was

1745 weeks.

3.2.1. Batch effect and sequencing inaccuracy were ruled out by quality control
assessment

I obtained a mean of 47,710+18,643 high-quality sequencing reads per sample,
compared with 46,770+£13,479 reads from the mock community, and 627+1,034 reads in

sequencing negative controls. Batch effect was ruled out by comparing beta diversity
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between PCR plates and sequencing run (Figure 7). Sequencing contaminants (n=173 from
9884 total ASVs) were identified and removed using the decontam package (190); this did

not measurably affect sequencing depth (Figure 8A) or microbiota structure (Figure 8B).

Sample type Sequencing run PCR Plates

—e— Negative Plate1

Ea! Run1
—o— Plate2

PCoA2 (9.3%)
PCoA2 (9.3%)
PCoA2 (9.3%)

Mock
—o—~ Run2

—e— Sample —e— Plate3

03 a6 ‘ 03 ) 3 rry ey vy
PCOA1 (25.2%) PCOAT (25.2%) PCOA1 (25.2%)

Figure 7. Milk microbiota beta diversity by sample type, sequencing run, and PCR
plates, prior to removal of potential contaminant ASVs using the decontam package in
393 human milk samples from the CHILD Cohort Study. Beta diversity was assessed on
Bray-Curtis dissimilarity and tested by PERMANOVA. There was a significant difference
based on sample type but not sequencing runs or PCR plates. Reproduced from Moossavi et
al. (139).
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Figure 8. Data quality control in human milk samples from the CHILD Cohort Study.
Comparison of A) Sequencing depth and B) Composition of the top 500 most abundant
ASVs before and after contaminant removal. N samples = 428, N mock =18, N negative
control =15. Reproduced from Moossavi et al. (139).

Mock community composition and agreement with theoretical composition was
assessed for bacteria. We observed strong consistency between the observed and expected
composition of the mock community (Figure 9). The mock community was dominated by
Cryptococcus neoformans (Basidiomycota phylum) suggesting sequencing bias against

Ascomycota in ITS2 sequencing.
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Genus
- Unclass.Enterobacteriaceae
Bacillus
Enterococcus
Lactobacillus
Listeria

Pseudomonas

. Staphylococcus

Relative abundance (%)
3

254
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L, L]
Observed composition in Theoretical
mock community replicates composition

Figure 9. Relative abundance of most abundant bacterial genera (>1% mean relative
abundance) in the mock community in comparison with the theoretical composition.
Each bar represents a replicate. Reproduced from Moossavi et al. (139)

Samples with less than 25,000 sequencing reads were excluded (n=35) and the
remaining samples (n=393) were rarefied to the minimum 25,000 sequencing reads per
sample. ASVs with zero abundance across the samples (n=894) and ASVs belonging to
phylum Cyanobacteria, family of mitochondria, and class of chloroplast (n=240) were
removed. ASVs with less than 20 reads across the entire dataset (n=6173) were also removed,
resulting in 1972 remaining ASVs. The numbers of sequencing reads of taxa were then
relativized to the total sum of 25,000. This dataset was used for analysis unless otherwise
specified. The contribution of the excluded rare ASVs to the total reads per sample was

deemed negligible (Figure 10).
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Figure 10. Sequencing output processing to remove low abundance ASVs from milk
microbiota data in the CHILD Cohort Study. The 393 individual samples are on the X
axis and relative abundances of the sums of sequence reads per sample are plotted along the
Y axis. The initial ASV table following contaminant removal contained 8145 ASVs.
Following exclusion of ASVs with less than 20 reads across the entire dataset, 1,972 ASVs
remained. Exclusion of ASVs with less than 0.01% and 1% relative abundance resulted in
301 and 22 remaining ASVs, respectively. Analyses have been performed on the 1,972 ASVs
with >20 reads in total, unless stated otherwise. Reproduced from Moossavi et al. (139)

3.2.2. Milk microbiota was dominated by inversely correlated Proteobacteria and
Firmicutes with high inter-individual variability

Bacteria were present in all milk samples. Following removal of rare taxa with <20
reads in total and negligible total read counts, 18 unique phyla comprising 1972 ASVs
amplicon sequence variants (ASVs) were detected. The majority of taxa detected (92%)
belonged to 4 phyla: Proteobacteria (mean+SD relative abundance: 67+24%, range 3-99%),
Firmicutes (26+22%, range 0.1-91%), Actinobacteria (44+4%, range 0-61%), and
Bacteroidetes (1+3%, range 0-44%; Figure 11A). Proteobacteria and Firmicutes relative
abundances were inversely correlated (Pearson r=-0.97, p<0.001). At the genus level (Figure
11B), the most abundant taxa were Streptococcus (16£17%), Ralstonia (5+£3%). and

Staphylococcus (5£11%). Four genera had ranges of higher than 70%, indicating very high
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inter-individual variability: Staphylococcus (87%),

(87%), and Pseudomonas (72%; Table 7).

A)

Phylum

B)

Il Proteobacteria

Firmicutes

Il Actinobacteria

Bacteroidetes

Streptococcus (87%),

Genus

N

Acinetobacter

Streptococcus
Staphylococcus
Ralstonia
Acidovorax
Acinetobacter
Aquabacterium
Massilia
Agrobacterium
Rheinheimera
Veillonella
Vogesella
Nocardioides
Pseudomonas
Other

Figure 11. Milk microbiota profile at A) phylum and B) genus levels in 393 human milk
samples from the CHILD Cohort Study. Genera with at least 1% mean relative abundance

are presented. The less abundant genera are aggregated and visualised as Other.

Table 7. Most abundant bacterial genera (>1% mean relative abundance) in the human
milk microbiota among 393 mothers in the CHILD Cohort Study related to Figure 11.
Reproduced from Moossavi et al. (139)

Prevalence Relative abundance (%)
Lineage Genus a
(%) Mean+SD | CV | Range

Firmicutes - Streptococcaceae Streptococcus 98.7 16.2+16.7 1.0 87.4
Firmicutes - Staphylococcaceae Staphylococcus 99.8 4.9+11.5 2.4 87.5
Proteobacteria - Oxalobacteraceae Ralstonia 99.2 4.842.8 0.6 9.4
Proteobacteria - Comamonadaceae Acidovorax 99.5 3.9+£23 0.6 13.3
Proteobacteria - Moraxellaceae Acinetobacter 48.6 3.7£12.0 32 87.3
Proteobacteria - Comamonadaceae Aquabacterium 99.5 3.2+1.9 0.6 7.6
Proteobacteria - Oxalobacteraceae Massilia 99.8 2.4+1.4 0.6 6.5
Proteobacteria - Rhizobiaceae Agrobacterium 99.2 1.9+1.1 0.6 4.5
o ‘:rf)‘:fl’iiféﬁe_s Unel Rheinheimera 99.5 19512 | 06 | 47
Firmicutes - Veillonellaceae Veillonella 78.1 1.5£2.7 1.8 21.0
Proteobacteria - Neisseriaceae Vogesella 99.2 1.240.7 0.6 3.0
Actinobacteria - Nocardioidaceae Nocardioides 99.2 1.1£0.6 0.6 2.6
Proteobacteria - Pseudomonadaceae Pseudomonas 333 1.0£7.2 6.9 72.8

* Percentage of samples where the taxa was present.
CV, coefficient of variation; Uncl, unclassified.
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3.2.3. Core milk microbiota

Core microbiota refers to taxonomy or microbial functions that are common to the
majority of the hosts or environments (247). We adapted a stringent approach and defined
core as ASVs with more than 1% mean relative abundance which were present in more than
95% of the samples (247, 248).

Overall, 12 core ASVs were identified which were present in the majority of samples
but almost completely absent in the negative controls (Figure 12). The top five most abundant
core ASVs belonged to unclassified Burkholderiales (6%+3%), Staphylococcus (5%+12%),
Ralstonia (5%+3%), unclassified Comamonadaceae (4%+3%), and Acidovorax (4%=+2%).
The identified core ASVs were present in 96-99.7% of samples and 0-20% of negative
controls (Figure 12). Although, some of these core taxa are environmental bacteria and
potential reagent contaminants, our contamination removal confirms that these ASVs were

not commonly found in the negative controls.

3.2.4. Milk microbiota profiles exhibited discrete compositional patterns

Though we acknowledge that discrete clusters might not exist within the milk
microbiota (249), we used hierarchical clustering to identify inherent patterns in the milk
microbial community, finding four main clusters. To identify the most optimal strategy,
clustering was performed on three datasets: the entire dataset, ASVs with more than 0.01%
mean relative abundance, and the core ASVs. The optimum number of clusters was assessed
using gap statistics (225). While no optimum clustering was detected when examining the
entire dataset (ASVs with more than 0.01% mean relative abundance), the optimum number
of clusters was four using the core ASVs (Figure 13A) demonstrating clear separation on

PCoA plot (Figure 13B).
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Figure 12. Prevalence of core ASVs in 393 human milk samples from the CHILD

Cohort Study compared to negative controls.
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Figure 13. Hierarchical clustering of core milk microbiota among 393 mothers in the
CHILD Cohort Study. The optimum numbers of clusters in our data were determined by
Gap statistics. According to the gap statistics, there are four main clusters. A) Gap statistics
plot, B) PCoA plot on Bray-Curtis dissimilarity, C) Heterogeneity of clusters in terms of the
milk microbiota compositional dispersion. P values for overall and pairwise comparisons are
provided, D) Relative abundance of dominant bacterial families in different clusters, E)
Comparison of alpha diversity between clusters. Results originally reported in Moossavi et al.
(139).

Cluster (C) 1 and C2 had significantly higher heterogeneity compared to C3 and C4
(Figure 13C). The four clusters (C1-4) were predominantly separated based on the relative
abundances of Moraxellaceae, Enterobacteriaceae, and Pseudomonadaceae, (enriched in C1,
n=42), Streptococcaceae, Staphylococcaceae, and Oxalobacteraceae (C2, n=98),
Oxalobacteriaceae and Comamonadaceae (C3, n=161), and Streptococcaceae and

Comamonadaceae (C4, n=92) (Figure 13D). Clusters 1 and 3 had the highest proportion of
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Proteobacteria and the clusters did not separate along the gradient of Proteobacteria-to-
Firmicutes ratio. The clusters were also different in terms of a diversity (Figure 13E). While
C1 and C2 had the lowest richness and diversity, C3 was the most diverse. C4 had high
richness but the diversity was quite low, reflecting the uneven distribution of ASVs due to

dominance of Streptococcaceae and Comamonadaceae in this cluster.

3.3. Milk mycobiota profile in human milk from CHILD Cohort Study

Previous dairy studies have suggested that milk also contains a fungal community (102).
In a few human study, fungi were identified by both culture—dependent and —independent
methods (98, 99). Several unanswered questions remain about the milk fungi: 1) how
frequently are fungi present in the milk, 2) what are the dominant fungi present in milk, and
3) what factors influence the milk fungi (Chapter 7). To address these questions we profiled
milk mycobiota in 271 mother-infant dyads in CHILD Cohort Study. The samples for
mycobiota profiling were selected from the 393 samples with available microbiota profile
while enriching for 1) samples with potentially high DNA content indirectly measured by
DNA concentration following 16S rRNA gene PCR amplification and 2) asthma in the infant
(Figure 5).
3.3.1. Quality control

We obtained a mean (SD) of 16,520 (78,489) and median (IQR) of 52 (13-709) high
quality fungal sequencing reads per milk sample, compared with 129,100 (69,044) reads from
the positive controls (stool sample and mock community), and 9 (17) reads in negative
controls. The mock community was dominated by Cryptococcus neoformans (Basidiomycota
phylum) suggesting sequencing bias against Ascomycota. We did not identify any fungal
contaminant ASVs using decontam (190). Overall, 1,421 unique ASVs were detected. ASVs

belonging to kingdoms other than Fungi (e.g. plants, n=82 ASVs) were removed.

52



3.3.2. Detectable fungi were absent in the majority of milk samples
We obtained an average (SD) of 16520 (78489) and median (IQR) of 52 (696) high-

quality sequencing reads per sample, compared with 129,100 (69,044) reads from the positive
controls (stool sample and mock community), and 9 (17) reads in negative controls. The
majority of samples had very low sequencing reads (Figure 14A). The threshold applied to
define presence of fungi was informed by the presence of visible PCR bands on gel
electrophoresis. There was a clear trend between the presence of a PCR band and the number
of sequencing reads, with 9% of samples containing 300-500 reads having a band vs. 71% of
samples with 1000-5000 and 91% of samples with more than 5000 reads (Figure 14B). To
optimize the retention of samples that were PCR-positive by visual inspection, as well as the
elimination of samples with very low sequencing depth, samples with at least 1000
sequencing reads were considered positive for fungi. Using this threshold, 61/271 (22.5%) of
samples were considered to be positive for fungi. To minimise the contribution of cross-
bleeding of samples with no or very small quantities of DNA during the sequencing (250),
we selected 1000 as the threshold of identifying detectable fungi resulting in 22% of samples

considered as positive for fungi presence.
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Figure 14. Defining fungi presence in milk according to the depth of sequencing
informed by the positive PCR bands in 271 human milk samples from the CHILD
Cohort Study.
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3.3.3. Taxonomic composition of milk mycobiota

Next, among the 58 samples with detectable fungi, we assessed fungal composition and
diversity. Ascomycota and Basidiomycota were the dominant fungal phyla in the milk
(Figure 15A) in agreement with previous reports (98, 99). Samples were either dominated by
Ascomycota (n=47) or Basidiomycota (n=11) (Figure 15B). Overall, 12 species were
identified to have a minimum average relative abundance of 1%. Candida parapsilosis was
the most abundant genera in Ascomycota-dominated samples whereas Rhodotorula

mucilaginosa was dominant in the Basidiomycota-dominated samples (Figure 15C).
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Clavispora lusitaniae
Exophiala dermatitidis
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Unclassified Capnodiales
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Malassezia restricta
Other

Figure 15. Milk fungi taxonomy composition at A-B) phylum and C) species levels in
271 human milk samples from the CHILD Cohort Study.

The most prevalent fungi were Candida parapsilosis (present in 60% of samples
containing fungi, mean 32.3%+40.9% relative abundance), Alternaria eichhorniae (50%,

mean 7.0%+20.8%), and Rhodotorula mucilaginosa (43%, mean 10.9%+26.2%). Some
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samples were dominated by one species - most frequently belonging to Candida parapsilosis
(n=17, 29% of samples), Alternaria eichhorniae (n=4, 7%), or Rhodotorula mucilaginosa
(n=6, 10%). Less prevalent yet dominant species within some samples included Clavispora
lusitaniae (n=2, 3%), Exophiala dermatitidis (n=2, 3%), and Penicillium neocrassum (n=2,
3%). Other samples contained multiple less prevalent species. Dominance of milk mycobiota
by Candida (a common oral fungi (251)) in a subset of samples in our study and others (98,
100, 101) suggest the infant oral cavity as a potential source of milk fungi especially when
directly nursed at the breast, while dominance of environmental fungi such as Penicillium,
Exophiala, and Rhodotorula in other samples suggest contribution from maternal skin or

other environmental surfaces.

3.4. Inter-kingdom association of milk bacteria and fungi

Inter-kingdom interaction of fungi in bacteria in microbial communities is well known
(144). The importance of a holistic approach to human microbiota taking into account all the
different components including fungi is also receiving increasing attention. Currently,
nothing is known about the association of bacteria and fungi in breastmilk and whether they
have ecological significance in shaping the milk microbiota (bacteria, fungi, and viruses) or
indirectly affect the dispersion from infant oral cavity by modulating the oral microbiota and
mycobiota. We assessed the association of milk bacteria with the prevalence and composition
of fungi.

First I examined the association of bacterial parameters in association with fungi
prevalence. Bacterial taxonomic clusters, defined previously on the basis of hierarchical
clustering of core ASVs (Figure 13)(139), were significantly associated with presence of

fungi (p<0.001; Figure 16A).
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Figure 16. Association of human milk bacteria and fungi in 271 human milk samples
from the CHILD Cohort Study. A) Prevalence of fungi according to bacterial taxonomic
clusters and bacterial outliers. B) Association of total bacteria and Proteobacteria richness
and diversity with presence or absence of milk fungi tested by Wilcoxon rank sum test. C)
Differential abundance of milk major bacterial phyla with presence or absence of milk fungi.
D) Linear discriminant analysis of milk bacteria according to presence or absence of fungi.

In the analysis of milk bacteria we identified outlier samples based on variance of the
first principal component scores (179). These outliers were not associated with any technical
or biological variables assessed (see Chapter 4), but we found that they had significantly
higher prevalence of fungi compared to the rest of the samples (43% vs. 19%, OR=3.17
95%CI 1.49-6.65, p=0.002) (Figure 16A). Additionally, Proteobacteria richness and diversity
were lower in samples containing fungi (Figure 16B), and a similar trend was observed for
total milk bacteria. Overall, the relative abundance of Proteobacteria was lower while
Firmicutes and Bacteroidetes were higher in the presence of fungi (Figure 16C). Using linear

discriminant analysis (230), members of Actinobacteria, Bacilli, and y-Proteobacteria were

56



enriched in the presence of fungi while a-Proteobacteria and -Proteobacteria were depleted
(Figure 16D). Overall, these results could reflect one or more of the following biological
relationships: a) some milk bacterial communities are more permissive to fungal presence
and proliferation, b) milk bacterial dynamics are influenced by fungi when they are present,
and/or c¢) milk bacterial composition is influenced by the milk microenvironment (milk
components such as HMOs and fatty acids), which also independently facilitates fungal
inoculation or colonisation (252).

Interestingly, bacterial richness was positively correlated with fungal richness (r=0.48,
p<0.001) though bacterial and fungal diversities were not significantly correlated (r=0.21,
p=0.11), suggesting that certain factors may impact microbial dispersal in general, and thus
enhance both bacterial and fungal richness, whereas the diversity of each kingdom is
separately determined by the niche relevant biotic and abiotic factors. While several bacterial
genera were positively associated with each other, indicative of co-presence, we did not
detect any associations between different fungal genera. Candida was the only fungal genus
associated with bacterial genera; these inter-kingdom associations were negative, suggesting

a mutual exclusion relationship (Figure 17).

Figure 17. Co-occurrence
analysis of most abundant
bacteria and fungi (>1% mean
relative abundance) in 271
human milk samples from the
CHILD Cohort Study based on
Spearman rank correlation. Only
significant edges with r>|0.5| are
visualised. =~ Nodes with no
connections were removed,
including 5 bacterial and 11 fungal
taxa.
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To our knowledge, only one previous study has examined the potential interaction of
fungi and bacteria in milk, finding a positive correlation between the skin inhabitant genus
Malassezia and bacterial load (98). Our results provide preliminary evidence for antagonistic
bacteria-fungi interactions, consistent with evidence that some milk bacteria demonstrate
antifungal properties (253, 254), as observed in other environments (255). More research is
needed to determine whether this observation is due to active fungi-bacteria ecological

interactions within the milk environment, or perhaps the infant oral cavity.

3.5. Conclusion

We profiled milk microbiota and mycobiota in a large population of healthy Canadian
mother-infant dyads. Dominant milk bacteria in our cohort were in accordance with
previously published results (23, 97). Also in agreement with previous reports (18), milk
microbiota demonstrated a high degree of inter-individual variability with only a minority of
taxa shared across the study population. Though we acknowledge that discrete clusters might
not exist within the milk microbiota (249), we used hierarchical clustering to identify
inherent patterns in the milk microbial community, finding four main clusters. In a previous
report, three clusters were identified in the milk microbiota of Chinese women with
dominance of Streptococcaceae, Staphylococcaceae, and Pseudomonadaceae defining the
three clusters (40). Differences in the cluster-dominating species compared to our study could
be the consequence of different clustering methods, inclusion criteria (e.g. restriction to
‘core’ taxa in our study), prevalence of key exposure variables (e.g. indirect breastfeeding),
milk collection methods (e.g. aseptic protocol with electric pump in the Chinese study), or
geographic variations in the milk microbiota. Further research is warranted to explore the
existence and biological relevance of compositional patterns in milk microbiota.

In the general population CHILD Cohort Study, we found that approximately 20% of

milk samples contained detectable fungi. Milk fungal taxonomy was consistent with previous
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reports (98, 99). Ascomycota and Basidiomycota were the dominant fungal phyla in the milk
and three species of Candida, Alternaria, and Rhodotorula were the most prevalent taxa. We
observed associations between bacterial composition and presence and relative abundance of
fungi, suggesting that some milk bacterial communities were more permissive to fungal
presence, or vice-versa.

To our knowledge, this is one of the largest studies of human milk microbiota and
mycobiota performed to date. Our results expand considerably upon existing knowledge
about milk bacteria and fungi, providing evidence for bacterial-fungal interactions within the

human milk.

Box 1. Summary of Chapter 3

* This is one of the largest studies of human milk microbiota and mycobiota performed
to date.

* All samples contained detectable bacteria whereas fungi were detected in just 20%.

* Milk microbiota was dominated by inversely correlated Proteobacteria and Firmicutes
with high inter-individual variability.

* Ascomycota and Basidiomycota were the dominant fungal phyla in the milk.

* Milk microbiota profiles exhibited discrete compositional patterns. Clusters were
different in the level of compositional heterogeneity, alpha diversity, and dominant
taxa relative abundances.

* Bacterial taxonomic clusters with the highest compositional heterogeneity and the
lowest diversity had higher prevalence of fungi.

* (Candida (the most prevalent and abundant milk fungi) was negatively correlated with
abundant milk bacteria.
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4. CAPTURING THE DIVERSITY OF THE HUMAN MILK
MICROBIOTA THROUGH CULTURE-ENRICHED
MOLECULAR PROFILING

4.1. Introduction

Culture-independent (DNA sequencing-based) approaches have recovered a high
diversity of bacteria in breast milk including with a high degree of inter-individual variability
(23, 54). Breastmilk has been historically studied using targeted culture approaches to
identify potential pathogens (41, 71-75). However, culture-enriched molecular profiling has
not been employed to investigate the diversity of the milk microbiota (54). Additionally, the
variability of the microbiota of different milk fractions is not completely understood. We
assessed the human milk microbiota through culture-enriched molecular profiling in a small
pilot study on milk samples of mothers of premature infants admitted to the NICU at
McMaster University (section 2.5, Figure 18). This work was conducted in Prof. Michael
Surette’s laboratory. DNA extraction and library preparation were performed by Michelle
Shah and Laura Rossi, respectively. 16S rRNA gene sequencing was performed by personnel

of Farncombe Metagenomic Facility

4.2. Bacteria were not isolated from long-term frozen milk samples

We could not grow any bacterial isolates from long term frozen samples plated with (10
" or without dilution on any of the culture conditions. In contrast, fresh and short-term frozen
samples yielded detectable colonies on all culture media incubated aerobically and
anaerobically except BBE and MAC (Figure 18).

Overall from 183 plate pools (generated from 8 milk samples, each cultured under 20
conditions), we obtained a mean (SD) of 10,730 (12,969) and median (IQR) of 5172 (2-

56,467) high quality sequencing reads per plate pool, compared with 263 reads in the
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negative control. Overall, 251 unique ASVs were detected. There was no difference in the
sequencing depth of fresh vs. short-term frozen samples (10,694+12,831 vs. 11,908+13,402,
p>0.05); while plate pools of long-term frozen samples without visible colonies had depth of
sequencing of 385+763. Therefore, long-term frozen samples were considered negative and

subsequently excluded from downstream analysis.
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Figure 18. Schematic overview of milk microbiota culture-enriched molecular profiling
in 8 human milk samples from McMaster University. Milk samples were cultured on 10
different media under both aerobic and anearobic conditions. Figure is adapted and modified
from Lau et al. (63).

4.3. Milk microbiota richness is impacted by short-term storage

Overall, 14.6+4.1 unique ASVs were identified for each sample (mean+SD). The
bacterial richness was significantly different between fresh samples (p = 0.013) driven mostly
by the lower bacterial richness of milk sample #5 (Figure 19A). There was no difference in

the number of detected ASVs between culture conditions for the fresh samples (Figure 19B).
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Figure 19. Comparison of the observed ASVs between A) Samples and B) Culture
media in 5 human milk samples from McMaster University assessed by culture-
enriched molecular profiling.

The number of detected ASVs was lower after short-term freezing (15.5+4.4 vs.
13.8+3.6, p=0.007, Figure 20A) and was higher in anearobic vs. aerobic incubation (15.7+4.6
vs. 14.0£3.8, p=0.009, Figure 20B). While there was no difference in the number of observed
ASVs between the fat and pellet fractions, fat fraction had significantly higher bacterial

richness compared to the whole milk (Figure 20C).

A) B) C)

40 40

p=0.009 p=0.025

30 30

Observed ASVs (Richness)

Fresh  Shortterm Aerobic  Anearobic Fat Pellet Whole
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Figure 20. Comparison of the number of detected amplicon sequence variants (ASVs) in
S human milk samples from McMaster University using culture-enriched molecular
profiling. A) Fresh vs. short-term frozen sample (N=5), paired t test analysis p value is
reported, B) Aerobic vs. Anearobic incubation (N=5), and C) Different milk fractions (N=2).
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4.4. Milk microbiota prevalence and relative abundance are influenced by short-term
storage and milk fractions

Overall, 18 families constituted 219 out of 251 detected ASVs. These families
constituted the majority of the sequencing reads (Figure 21). The most prevalent and
abundant bacteria isolated from milk samples were Staphylococcaceae and Streptococcaceae

(Table 8) in accordance with previous studies (36-45).
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Figure 21. Sequencing output processing to remove low abundance ASVs in 5 human
milk samples from McMaster University. The individual plate pools are on the X axis and
relative abundances of the sums of sequence reads per sample are plotted along the Y axis.
The initial ASV table following pre-processing contained 251 ASVs. Following exclusion of
low prevalence ASVs, 209 ASVs remained. Analyses have been performed on the 209 ASVs,
unless stated otherwise. N samples = 5, N plate pools =174.

The composition of milk bacteria was significantly influenced by short-term storage,
aerobic vs. anearobic incubation, and milk fraction analysed compositions (Figure 22).
Pseudomonadaceae and Xanthomonadaceae relative abundances were significantly
decreased while Staphylococcaceae relative abundance was increased after short-term
freezing at -80 °C (Figure 22). Anearobic bacteria belonging to Bifidobacteriaceae, Family
XI, Propionibacteriaceae, and Veillonellaceae were more abundant in anearobic culture

while aerobic bacteria belonging to Corynebacteriaceae, Moraxellaceae, Rhizobiaceae, and
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Xanthomonadaceae were more abundant in aerobic culture (Figure 22); confirming that the

expressed milk contains both aerobic and anearobic bacteria.

Table 8. Most frequently isolated bacterial families in the human milk microbiota in 5
human milk samples from McMaster University assessed by culture-enriched molecular

profiling related to Figure 22.

Phylum Family Prevalence Relative abundance (%)
(%) * MeantSD | CV | Maximum
Firmicutes Staphylococcaceae 100 29.8+37.9 1.3 99
Firmicutes Family XI 100 9.9+£22.2 2.3 88
Firmicutes Streptococcaceae 100 15.1+£31.0 | 2.1 98
Proteobacteria Xanthomonadaceae 100 8.1+£19.9 2.5 80
Proteobacteria Moraxellaceae 100 9.0£22.2 2.5 99
Actinobacteria | Corynebacteriaceae 100 5.0+12.6 2.5 76
Actinobacteria Bifidobacteriaceae 100 2.5+13.7 5.6 98
Firmicutes Veillonellaceae 100 2.3£7.5 3.2 45
Actinobacteria | Propionibacteriaceae 100 4.9+15.3 3.1 96
Firmicutes Enterococcaceae 80 9.9+26.5 2.7 99
Actinobacteria | Actinomycetaceae 60 0.9+5.2 6.1 64
Proteobacteria Rhizobiaceae 80 0.3£3.9 12.1 53
Proteobacteria Enterobacteriaceae 100 0.5+2.4 4.7 20
Firmicutes Lactobacillaceae 40 0.6+4.3 6.9 44
Bacteroidetes Bacteroidaceae 40 0.5+7.4 13.4 100
Proteobacteria Pseudomonadaceae 20 0.005+0.05 | 10.9 0.69
Firmicutes Bacillaceae 0 0.5+6.3 13.5 85
Proteobacteria Pasteurellaceae 20 0.05+0.70 | 13.5 9.5

* Percentage of samples where the taxa was present.
® Only fresh samples are included.
CV, coefficient of variation

Almost all sequencing-based milk microbiome studies are conducted on the pellet
following the removal of the milk fat through centrifugation (36-45). Acknowledging the
small sample size (N=2), I observed that milk fractions are different in bacterial composition
using culture-enriched molecular profiling (Figure 22). The overall compositions of the fat
and pellet fractions were more similar compared to the whole milk. Relative abundances of

the most prevalent and abundant isolated bacterial family i.e. Streptococcaceae (Table 8) was
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higher in the whole milk compared to the pellet while Xanthomonadaceae was less abundant
in the whole milk and Staphylococcaceae was not influenced by milk fractions (Figure 22).

In contrast, Corynebacteriaceae and Enterobacteriaceae were more abundant in the pellet

(Figure 22).
Storage Oxygen Milk fractions
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Figure 22. Comparison of milk microbiota composition in 5 human milk samples from
McMaster University using culture-enriched molecular profiling at the family level
based on storage (Fresh vs. Short-term Frozen, N samples=5), Oxygen availability
during incubation (Aerobic vs. Anearobic, N samples=5), and in different milk fractions
(N samples=2).

4.5. Milk microbiota composition exhibit inter-individual variability

Using culture-independent 16S rRNA gene sequencing, I observed inter-individual
variability in the composition of the milk microbiota (section 3.1.2). Similar observation was
made using culture-enriched molecular profiling. The inter-individual variability of bacterial
composition of samples remained consistent across in fresh vs. short-term frozen (Figure
23A) and in comparison of different milk fractions (Figure 23B). However, notable

differences were also observed for example expansion of Bifidobacteriaceae in sample 1
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after short-term freezing or expansion of Staphylococcaceae in the pellet compared to the fat

fraction or the whole milk.
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Figure 23. Milk microbiota composition at phylum and family levels in human milk
samples from McMaster using culture-enriched molecular profiling in individual milk
samples comparing A) Fresh vs. Short-term Frozen samples (N=5), and B) Between
different milk fractions (N=2).

4.6. Conclusion

Although, targeted culture-based studies of milk have been previously reported (41, 71-
75), to our knowledge, this is among the first studies on culture-enriched molecular profiling
of the milk microbiota. Similar to the culture-independent results (Chapter 3), Firmicutes and
Proteobacteria were the dominant bacterial phyla in human milk and several known milk
bacteria including Staphylococcus and Streptococcus were commonly isolated. Milk
microbiota richness was considerably lower in culture-enriched vs. culture-independent

molecular profiling potentially highlighting the high prevalence of reagent contaminants or
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non-viability of the milk bacteria detected in culture-independent studies. On the other hand,
it is plausible that the choice of culture conditions was not sufficient to capture the true
diversity of milk microbiota. Although milk microbiota was successfully profiled in long-
term frozen samples from the CHILD study using the culture-independent approach (Chapter
3), culture-enriched molecular profiling of a limited number of long-term frozen milk
samples did not yield any bacterial isolates. This observation might be due to very low
bacterial load in those milk samples. Alternatively, it could be due to major differences
between CHILD and McMaster milk samples including: 1) infant health status, 2) time of
sample collection, and 3) history of direct breastfeeding at the breast vs. pump expression

(Table 9).

Table 9. Comparison of milk samples assessed in the CHILD Cohort Study to the milk
samples collected at McMaster and assessed by culture-enriched molecular profiling

Features CHILD McMaster

N 393 5

Infants Term Pre-term/admitted to NICU
Time postpartum 3-4 months <1 month

Expression method Manual and pump Pump

Sample collection Multiple times over 24h | Once

Supplementation with fortifiers No Yes

Importantly, short-term storage shifted the composition of milk microbiota from the
original composition in fresh samples. Nevertheless, the inter-individual variability of milk
microbiota composition was observed even after short-term storage. In addition, different
bacteria were isolated from different milk fractions. We are aware of another ongoing study
of milk microbiota culture-enriched molecular profiling (256) and we eagerly await the

results.
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Fortifiers are commonly added to the milk consumed by infants in NICU to meet
various nutritional needs (257). Although the impact of fortifiers on the milk microbiota
composition has not been studied, higher nutrient availability in the milk could conceivably
affect bacterial metabolic activity. However, as the fortifier is added to the milk immediately
before feeding to the infant, any potential effect on the milk microbiota will likely be
minimised. Further studies are required to investigate the impact of fortifiers on the milk

microbiota composition.

Box 2. Summary of Chapter 4

* We did not observe bacterial growth from long-term frozen milk samples stored at -80
°C for more than 6 months.

* Milk bacteria were isolated using culture-enriched molecular profiling.

* Both aerobic and anearobic bacteria were isolated from milk samples.

* Milk microbiota richness decreased following short-term storage at -80 °C.
* Bacteria relative abundance were impacted by short-term storage at -80 °C.

* Different milk fractions exhibited different bacterial composition.
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5. DETERMINANT OF HUMAN MILK MICROBIOTA

5.1. Introduction

The focus of human microbiota studies is to identify host and/or environmental factors
that influence the microbiota composition. Previous studies addressing the potential
determinants of milk microbiota have been limited by small sample size, low sequencing
depth, and lack of control for confounding factors. Milk microbiota composition was profiled
in 393 mother-infant dyads (Chapter 3). Association of maternal, infant, and early life factors,
breastfeeding practices, and other milk components with milk microbiota diversity,
taxonomic structure, and overall composition is assessed in this chapter. The choice of
variables examined was informed by our theoretical framework of the determinants of milk

microbiota (Figure 24). This chapter is published in Cell Host Microbe (139).

Maternal factors| |Breastfeeding factors Early life factors
* BMI * Mode * Mode of delivery
* Age *  Exclusivity * Antibiotics
* Ethnicity + Time to the last feed « Older siblings
¢ Diet
l i Infant factors
e Sex
Milk environment - * Birth weight
¢ HMOs < : Milk
 Lipids microbiota
e Cytokines
e efc.
Maternal

¥ Gut microbiota

Figure 24. Theoretical framework of how different factors are associated with milk
microbiota composition. Maternal factors are more likely to indirectly influence the milk
microbiota via modulating other milk components or the maternal gut microbiota, while early
life and infant factors could more directly shape the milk microbiota by influencing the infant
oral microbiota. Reproduced from Moossavi et al. (139)
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5.2. Milk microbiota diversity is associated with mode of breastfeeding, method of
milk expression and other maternal factors

Overall, milk samples had a mean+SD richness (observed ASVs) of 147+44 and
diversity (inverse Simpson index) of 15.8+8.7. We explored the association of alpha diversity
with multiple maternal and infant factors (Figure 25 and Table 10).

Using univariate linear regression, indirect breastfeeding and male sex were associated
with lower richness and diversity. In multivariable linear regression simultaneously adjusting
for these factors plus mode of delivery, and parity (number of older siblings), indirect
breastfeeding remained independently associated with lower milk bacterial richness (adjusted
B=-18.9, 95%ClI, -27.9, -9.9, p<0.001) and diversity (adjusted p=-2.08, 95%ClI, -3.91, -0.25,
p<0.05, Table 10). Milk expression method (manual vs. pump) was available for 111
individuals. In this subset, pump expression was associated with significantly lower bacterial
richness (B =-39.6, 95%CI -60.5, -18.7, p<0.001) but was not associated with diversity
(p>0.05). Within the range of lactation that we studied (17+5 weeks postpartum, interquartile
range 14-19 weeks), we did not detect significant associations of lactation stage with alpha
diversity. In addition, we found no association between overall alpha diversity and mode of
delivery, maternal ethnicity, history of atopy, smoking, BMI, secretor status, HMO diversity,

or total HMO concentration.
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Figure 25. Factors associated with milk microbiota alpha diversity in 393 human milk
samples from the CHILD Cohort Study. Beta coefficients of univariate associations with
linear regression are visualized for observed ASVs and Inverse Simpson Index for all
microbiota, all excluding Streptococcus (Strep.) and Staphylococcus (Staph.), and major milk
microbiota phyla. P value ~ < 0.1, * < 0.05, ** <0.001. Adapted from results original
reported in Moossavi et al. (139).
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Table 10. Factors associated with milk microbiota alpha diversity in 393 human milk samples from the CHILD Cohort Study.

Reproduced from Moossavi et al. (139)

Richness: Observed OTUs

Diversity: Inverse Simpson

Factor n (%) Univariate * Model 1° Univariate * Model 1° Model 2 ¢
Richness Crude 8 Adjusted 8 Diversity Crude 8 Adjusted S Adjusted B
(Mean+SD) (95% CI) 5% CD (Mean + SD) (95% CI) (95% CI) (95% CI)
Breaﬁtfeeding mode ( . . . Ref Ref
All Direct 162 (41.9) 157.8+£37.0 Ref. Ref. 17.1£8.2 Ref. . ’ e
Some Indirect 225 (58.1) 138.7+46.9 -19.1(-27.8,-104) " | -18.7(-27.7,-9.64) ' 14.9+9.2 -2.2(-3.9,-0.36) ¢ 20463 '38’ 020) | 220 (4.01,-040)
Milk expression
Manual 20 (18.8) 170.1+40.0 Ref. - 15.8+£7.9 Ref. - -
Pump 91(81.2) 130.5+43.2 -39.6 (-60.5, -18.7) 13.8+£9.0 -2.08 (-6.40, 2.25)
Mode of delivery
Vaginal 294 (76.0) 148.5+43.9 Ref. Ref. 16.3+8.8 Ref. Ref. Ref.
C/S emergency 47 (12.1) 133.5+47.3 -14.9 (-28.5,-1.5) e -11.3 (-25.0,2.5) 14.5£9.2 -1.74 (-4.46, 0.99) -1.02 (-3.81, 1.78) -1.29 (-4.01, 1.44)
C/S elective 46 (11.9) 151.1£39.0 2.6(-11.0, 16.3) 2.5(-11.2,16.1) 14.248.6 -2.09 (-4.84, 0.67) -2.03 (-4.81, 0.76) -1.89 (-4.65, 0.88)
Infant sex
Female 192 (48.9) 151.0+43.3 Ref. Ref. 16.7+8.8 Ref. Ref. Ref.
Male 201 (51.1) 142.8+43.9 -8.2(-16.9,0.4) -7.3(-16.0,1.4) 14.94£8.9 - 1.81 (-3.56, -0.06) -1.65(-3.43,0.12) -1.62 (-3.39, 0.15)
Older siblings
None 211 (53.7) 143.7+47.5 Ref. Ref. 15.249.1 Ref. Ref.
One 126 (32.1) 147.1£39.7 3.4 (-6.3, 13.0) -2.2(-12.3,7.8) 16.4+8.6 1.22 (-0.74, 3.18) 0.68 (-1.37,2.73) i
Two or more 56 (14.2) 157.74£35.8 13.9 (1.1,26.8) 7.5 (-6.0,20.9) 16.7+8.5 1.47 (-1.15, 4.08) 1.11 (-1.64, 3.85)

N=393 dyads from the CHILD Cohort Study. P values <0.05 are in bold. Data is presented as mean+SD. BMI, body mass index; C/S, Caesarean section
* All factors showing an association (p<0.05) on univariate analysis are shown. Maternal BMI, lactation stage (interquartile range 14-19 weeks), maternal age, maternal

atopy, maternal secretor status (defined based on the presence or absence of 2°-FL or LNFP HMOs), maternal prenatal smoking, maternal ethnicity, milk fatty acids PC1,
HMO diversity, and total HMO concentration were not associated with milk microbiota alpha diversity.

* Linear regression adjusted for breastfeeding mode, infant sex, mode of delivery, older siblings, and sample processing time; N=381

¢ Linear regression adjusted for breastfeeding mode, infant sex, mode of delivery, and sample processing time; N=381

d

¢ p<0.05
p<0.001

72

n=111. Method of milk expression was not systematically captured, but was analyzed for samples where it was noted.




5.3.  Associations of maternal and infant factors with milk microbiota alpha diversity
are phylum-specific

While some factors were associated with the overall milk microbiota diversity, we
hypothesized the influence of mother and infant factors on the diversity would be different
for different bacterial groups i.e. within-phylum alpha diversity could be differentially
associated with different factors. Additionally, we considered that potential skin
contamination could mask associations between these factors and milk microbiota alpha
diversity. Subsequently, richness and diversity indices were measure for each major phylum
in milk (Proteobacteria, Firmicutes, and Actinobacteria) and after the exclusion of
Streptococcus and Staphylococcus as potentially skin-derived bacteria. There were some
notable differences in the above associations when examining within-phylum alpha diversity
(Figure 25). For example, emergency Caesarean section, infant sex, home dust levels, and
intrapartum antibiotics were associated with lower richness of the entire community without
any significant association with specific phyla. On the other hand, Asian ethnicity was
associated with lower richness and diversity of Actinobacteria and Firmicutes but not the
overall community. Additionally, different patterns emerged in the association of factors with
richness vs. diversity. For example, while indirect breastfeeding was associated with lower
richness in all three dominant phyla (Proteobacteria, Firmicutes and Actinobacteria), it was
only associated with lower diversity within Proteobacteria. Additionally, while maternal
overweight/obesity was not associated with overall alpha diversity, it was inversely
associated with Proteobacteria diversity. Finally, maternal atopy was associated with higher
Actinobacteria richness. Exclusion of Streptococcus and Staphylococcus did not impact the
association of factors assessed with milk microbiota richness and diversity suggesting that
despite being the dominant milk bacteria, their diversity is not the main driver of the milk

microbiota diversity.
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5.4. Milk microbiota taxonomic composition is associated with mode of breastfeeding

To identify maternal, infant, and early life factors associated with milk microbiota
composition, we first examined the relative abundance of taxa at species and genus levels
(ASVs > 0.01% mean relative abundance were included in this analysis). With the exception
of mode of breastfeeding, we did not identify differential abundant taxa based on the other
factors examined. Overall, only a few individual taxa were significantly differentially
abundant based on breastfeeding mode using simple linear regression. Enterobacteriaceae
and Enterococcaceae were enriched with indirect breastfeeding while Gemellaceae,
Vogesella, and Nocardioides were enriched with direct breastfeeding. Although
Enterobacteriaceae was present in 70% of samples regardless of the mode of breastfeeding,
it had a 5-fold lower mean relative abundance in direct vs. indirect breastfeeding (1.1£3.5 vs.
5.0£13.5, respectively). The difference was even more pronounced within cluster C1 (where
indirect breastfeeding was most prevalent) with a mean of 1.242.1 and 20.24+22.9 for direct
and indirect breastfeeding, respectively. No associations were observed between individual
taxa and other factors examined, including maternal secretor status, ethnicity, history of
atopy, mode of delivery, number of older siblings, intrapartum antibiotics, and maternal or
child antibiotics before the time of sample collection.

We next examined the most abundant taxa at the family level (ASVs with >1% mean
relative abundance). With the exception of higher levels of unclassified Alteromonadales and
lower levels of Streptococcaceae in milk of secretor or multiparous (having two or more
older children) mothers (p>0.05), the milk microbiota taxonomic structure was not influenced

by any of the factors assessed (Figure 26).
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Figure 26. Milk microbiota structure is not strongly associated with maternal, infant,
and early life factors in 393 human milk samples from the CHILD Cohort Study. Data is
presented at the family level with mean relative abundance of at least 1%.

Next, we performed linear discriminant analysis (LDA) effect size (LEfSe) with default
parameters (230) as an alternative method to identify taxa that were significantly enriched
based on mode of breastfeeding (Figure 27). LEfSe identified several discriminant taxa that
were not differentially abundant in conventional regression analysis, For example, the
Actinobacteria phylum and Veillonellaceae (member of oral microbiota) were enriched with
direct breastfeeding while Stenotrophomonas and Pseudomonadaceae (potential
opportunistic pathogens) were enriched with indirect breastfeeding using discriminant

analysis (Figure 27).
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Figure 27. Milk microbiota is associated with mode of breastfeeding by linear
discriminant analysis of taxa enrichment in 393 human milk samples from the CHILD
Cohort Study. Reproduced from Moossavi et al. (139).

The current scientific consensus is that milk transfers beneficial maternal
Bifidobacterium to the infant as Bifidobacterium spp. constitute the majority of shared taxa
between mother’s milk and infant stool (258). Although we did not detect a significant
association of mode of breastfeeding with Bifidobacterium in the analysis of milk microbiota;
we focused on this genus to examine this association further. We identified Bifidobacterium
bifidum, and B. animalis, as well as two unclassified Bifidobacterium spp. in the milk
microbiota. An unclassified Bifidobacterium was the most prevalent Bifidobacterium spp. in
breastmilk, being present in 36% of samples and the prevalence was different based on the
mode of breastfeeding (48% in direct vs. 30% in indirect breastfeeding, p<0.001) with an

average relative abundance of 0.48+0.50 in direct and 0.2940.46 in indirect.

5.5. Milk microbiota clusters are associated with mode of breastfeeding, method of

milk expression and other maternal factors

Next, we assessed the association of maternal and infant factors with taxonomic clusters

that we have identified in milk (Figure 13). Gradually decreasing proportion of mothers

76



within clusters C1-C4 reported feeding their infants pumped milk (indirect breastfeeding)
(C1: 86%, C2: 66%, C3: 53%, and C4: 48%; Figure 28). In addition, within the subset of
samples with available data on the method of milk sample collection, C1 also had the highest
rate of pump vs. manual expression (94%) compared to C2 (81%), C3 (78%), and C4 (83%).
Indoor dust levels were higher in C2 and C4 while there was a trend in the association of
breastfeeding exclusivity (formula supplementation) and parity (number of older siblings)
with milk taxonomic cluster membership. We did not detect an association of cluster

membership with other maternal and infant factors (Figure 28).
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Figure 28. Univariate associations of maternal and infant factors with milk microbiota
composition and cluster membership in 393 human milk samples from the CHILD
Cohort Study. Adapted from results originally reported in Moossavi et al. (139).
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5.6.  Overall milk microbiota composition is associated with breastfeeding practices,
multiparity, and other maternal factors in a sex-specific manner

Ecologically, it is more conceivable that factors affect the entire microbial community
although the main impact might be targeted to a subset of taxa. In this case, changes in
absolute abundances could be masked by an overall shift in the community composition. The
overall community composition could be assessed at the community composition level by
RDA. We explored the association of each factor with the entire microbiota community
composition using RDA (Figure 29). Consistent with the cluster analyses, breastfeeding
mode (p=0.001) was significantly associated with overall milk microbiota composition.
Several additional factors including exclusive breastfeeding, lactation stage, parity, maternal
BMI, ethnicity, and infant sex were significantly associated with the milk microbiota
community albeit with very low redundancy values (each accounting for <1% of the variation
in the milk microbiota). There was a trend toward association of HMO composition with milk
microbiota with much larger effect size compared to the other factors assessed (R*=5.5,
p=0.074) (Figure 29A).

Sex-specificity was observed for univariate RDA associations for mode of breastfeeding
and lactation stage (higher R” in males), as well as parity, mode of delivery, and maternal
BMI (significant in females only) in stratified analyses (Figure 29A).

The cumulative association of all the factors assessed in our study in a multivariable
analysis explained approximately 25% of the total variation in the milk microbiota
composition. In addition, the combined contribution of all the above-mentioned factors
accounted for larger proportion of variation in sex-stratified compared to non-stratified
analysis, primarily driven by a higher contribution from HMOs and milk fatty acids after

stratification (Figure 29B).
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Figure 29. Redundancy analysis of associations of maternal, infant, early life, and milk
factors with the overall milk microbiota composition in 393 human milk samples from
the CHILD Cohort Study. A) Univariate analysis for all infants and stratified by infant sex.
B) Cumulative amount explained by all the factors in multivariate analysis. Redundancy
values (R?) indicate the % variation explained by each individual factor (in univariate
analyses). The unexplained variability was calculated by subtracting redundancy value from
100%. BMI, body mass index; HMO, human milk oligosaccharide. P value ~ < 0.10, * <
0.05, ** < 0.01, *** < 0.001. Adapted from results originally reported in Moossavi et al.
(139). Reproduced from Moossavi and Azad (131).

5.7. Structural equation modeling identifies mode of breastfeeding as a key
determinant of milk microbiota, and defines other causal pathways influencing milk
composition

None of the results described so far take into account the theoretical framework of

causal pathways by which different factors could potentially affect the milk microbiota. For
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example, maternal factors are more likely to indirectly influence the milk microbiota via
modulating other milk components or the maternal gut microbiota, while early life and infant
factors could more directly shape the milk microbiota by influencing the infant oral
microbiota (Figure 24). In order to examine the determinants of the milk microbiota within
our theoretical framework, we performed confirmatory factor analysis (CFA) (229) which is
a variant of structural equation modelling (SEM) to evaluate and compare different plausible
frameworks. We hypothesized that milk components such as HMOs, hormones, and fatty
acids would be potential indicators of the overall milk microenvironment, which could
determine the composition and structure of the milk microbial community (152, 160). We
modelled the milk environment as a latent (unobserved) construct with HMOs, fatty acids,
insulin, and leptin as indicators. Our variable selection in the CFA was guided mainly by the
current literature with the focus on proposed mechanisms of mammary gland colonization.
Variables potentially important for the retrograde pathway are mode of delivery, infant sex,
and older siblings (factors shaping the infant microbiota) as well as mode of breastfeeding
(because indirect feeding eliminates contact with the infant oral cavity). Variables potentially
important for the entero-mammary route include maternal BMI and dietary pattern, which
could be correlated with the maternal gut microbiota.

In our final model (Figure 30), based on our theoretical framework (Figure 24),
breastfeeding mode was directly associated with milk microbiota with a standardized 3
coefficient of 0.19 (p<0.001). We also observed a trend in the direct association of infant sex
with milk microbiota (f=0.091, p=0.072), whereas no association was detected for birth
mode or maternal BMI (B <0.10, p values >0.15). Maternal diet influenced maternal BMI,
and BMI was significantly associated with the milk environment latent construct. Overall, we
did not detect a significant association between the milk environment and the milk microbiota

(B=-0.049, p=0.45) (Figure 30 and Figure 31A and B).
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Figure 30. Causal modelling of maternal, infant, and milk factors influencing the milk
microbiota composition in 393 human milk samples from the CHILD Cohort Study.
Mode of breastfeeding is significantly associated with the milk microbiota in structural
equation modeling. Standardized 3 coefficients are reported. BMI, maternal body mass index;
CFI, comparative fix index; CI, confidence interval; RSMEA, root mean square error of
approximation; SRMR, standardized root mean residuals; * p<0.05, ** p<0.01. Green
(positive), red (negative). Reproduced from Moossavi et al. (139).

We assessed other plausible causal pathways in equivalent models (Figure 31 and Table
11). For example, we removed the indirect effect of BMI on milk microbiota mediated by the
milk environment (Figure 31C); however, the model was not a good fit, suggesting that BMI
both directly and indirectly affects the milk microbiota. Furthermore, we observed that the
effect of mode of breastfeeding on the milk microbiota was not mediated via the milk
environment (Figure 31D). We also incorporated some known associations such as the direct
effect of diet on milk fatty acids (Figure 31E), and potential direct effect of HMOs on milk
microbiota (Figure 31F). Controlling for these additional associations, mode of breastfeeding
was the only consistent factor directly associated with the milk microbiota composition.

Overall, the CFA analysis suggests that 1) mode of breastfeeding directly influences the milk
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microbiota, and 2) maternal diet influences BMI, which affects non-bacterial milk

components that do not directly influence milk microbiota.
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Figure 31. Equivalent structural equation models assessing other potentially plausible
models of associations of milk microbiota determinants in 393 milk samples from the
CHILD Cohort Study. Reproduced from Moossavi et al. (139).
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Table 11. Comparison of the equivalent causal models of association of maternal and
infant factors influencing the milk microbiota to the final model (see Figure 31).
Reproduced from Moossavi et al. (139)

Model Model specification Df V’fhfe CFI (l;(l)\f/fEC?) SRMR | AIC

Pt | St | | o2 | o | gl | 00w |
A izii;lksative effect of microbiota on 40 0251 0985 (0‘0(()).5)%)‘.)042) 0.040 11401
B Ic\f)irlrke;?i‘g;"nment and microbiota 40 | 0247 0985 | 19 (()) 0 i)(.)o 42y | 0040 | 11401
C Effect of BMI on milk remO\Ted 41 <0.001 0.404 (0.10%'1_13'133) 0.108 11614
D | sl TS|y | | 090 | (g0 ey | 00 | 100
E Effect of maternal diet on fatty acids 38 0.210 0.982 (0‘08?%%044) 0.040 11404
F Direct effect of HMO on microbiota 39 0.241 0.984 (0‘08'?%(.)043) 0.040 11402

AIC, Akaike information criterion; BMI, body mass index; CFI, comparative fix index; CI, confidence interval; HMO, human milk
oligosaccharide; RSMEA, root mean square error of approximation; SRMR, standardized root mean residuals. Indications of poor model fit
are in bold: %2 p-value <0.05, CFI <0.9, RMSEA > 0.05, and SRMR>0.08. Reproduced with permission from (139).

5.8. Indirect breastfeeding is associated with enrichment of potential pathogens and
depletion of Bifidobacteria in milk microbiota

Given the consistent association of breastfeeding mode with different milk microbiota
measures using different analytical approaches, we conducted further analyses to explore this
relationship. Indirect breastfeeding was associated with lower a (within sample) diversity and
higher B (between sample) diversity (Figure 32A-C). We next examined association of mode
of breastfeeding with Bifidobacterium spp. as they constitute the majority of shared taxa
between mother’s milk and infant stool (258). We identified Bifidobacterium bifidum, and B.
animalis, as well as two unclassified Bifidobacterium spp. in the milk microbiota. An
unclassified Bifidobacterium was the most prevalent Bifidobacterium spp. in breastmilk,
being present in 36% of samples (48% in direct vs. 30% in indirect breastfeeding, p<0.001)

with an average relative abundance of 0.48+0.50% in direct and 0.29+0.46% in indirect.
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Figure 32. Milk microbiota is associated with mode of breastfeeding. A) Alpha diversity,
B) Homogeneity of dispersion, and C) Beta diversity. Reproduced from Moossavi et al.

(139).

5.9. Conclusion

Using multiple analytic approaches to profile the human milk microbiota in a general
population cohort we provide evidence that its composition and diversity are influenced by
maternal factors, early life events, breastfeeding practices, and other milk components. To
our knowledge, this is the largest study of human milk microbiota performed to date, and the
only study to apply a causal modeling approach in this context. Dominant milk bacteria in
our cohort were in accordance with previously published results (97). Milk microbiota
demonstrate a high degree of inter-individual variability with only a minority of taxa shared
across the study population. Mode of breastfeeding was identified to be significantly
associated with breastmilk microbiota composition while controlling for relationship of other
confounding factors. These results considerably expand the existing knowledge on the factors

influencing milk microbiota composition, providing new evidence for the importance of

breastfeeding practices. Association of some factors such as maternal BMI and parity were
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sex-specific. Although, some of the milk components such as total HMO were associated
with the composition of milk microbiota, we did not find strong evidence of the association
of the milk environment with the milk microbiota composition in a causal modeling. It is of
note that while many factors were not associated with the overall composition, they were
associated with within-phylum diversity (e.g. prenatal smoking and maternal atopy)
suggestive of differential impact of lifestyle factors on different components of the milk

microbiota.

Box 3. Summary of Chapter 5

* Milk bacteria diversity is associated with mode of breastfeeding, method of milk
expression and other maternal factors

* Some factors have phylum-specific effects

* Milk microbiota composition is more strongly influenced by factors affecting the
exogenously-derived bacteria

* Some variations in milk microbiota are sex-specific

* Feeding method (at the breast vs. pumped) was strongly associated with milk
microbiota composition
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6. INTEGRATED ANALYSIS OF MILK MICROBIOTA

WITH HUMAN MILK OLIGOSACCHARIDES AND FATTY

ACIDS

6.1. Introduction

Multiple milk components including nutrients, bioactive molecules, and cellular
components shape the milk microenvironment i.e. bacterial niche, which could have selective
pressure on bacterial persistence and proliferation within the milk and hence influence the
milk microbiota composition. In Chapter 3, we examined the association of HMOs and fatty
acids with milk microbiota using summary statistics (PC1). Here, we performed a detailed
analysis of the association of individual HMOs and fatty acids with the milk microbiota

composition. This chapter is published in Frontiers in Nutrition (214).

6.2. Overview of milk microbiota, fatty acids, and HMOs profiles in human milk in
the CHILD Cohort Study

Milk microbiota (Chapter 3), fatty acids, and HMO profiles in the CHILD Cohort Study
have been previously described (139, 192, 194). Overall, Streptococcus, Ralstonia, and
Acidovorax were the most abundant genera (Figure 33A) and Proteobacteria (mean 67%) and
Firmicutes (mean 26%) were the most abundant phyla (Figure 33B). Bifidobacteria was
present in 39% of samples at a mean relative abundance of 0.25+0.98%. 2°’FL (among
secretor mothers), LNFP II, and LNT were the most abundant HMOs (Figure 33C) and
fucosylated/non-sialylated was the most abundant HMO group (Figure 33D). Fatty acids
oleic acid (18:1n9), palmitic acid (16:0), and linoleic acid (18:2n6) were the most abundant
while the majority had very low relative abundances (<1%; Figure 33E). SFAs (41%) and

MUFASs (39%) were the most abundant fatty acids followed by PUFAs (17%; Figure 33F).
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Figure 33. Milk microbiota, human milk oligosaccharides (HMOs), and fatty acids
relative abundances in 393 human milk samples from the CHILD Cohort Study. A)
Abundant bacteria genera (>0.01% mean relative abundance), B) aggregated relative
abundances at the phylum level, C) HMOs, D) HMO groups based on fucosylation and
sialyation, E) fatty acids, F) fatty acids categories. Dashed horizontal lines mark 1% relative
abundance; components with means <1% are shown in figure insets. Figures are adapted
from results originally reported in (139, 192, 259). Reproduced from Moossavi el. (214).
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6.3.
of milk components

Integrated correlations of different components were visualis

Correlations are stronger and more frequent within than between different types

ed in a heatmap. The

strongest correlations were observed within each group (Figure 34). For example,

Staphylococcus was strongly negatively correlated with nearly every other core taxa (r values

<-0.60, p<0.05), while strong positive correlations were found between LNFP II/FDSLNH,

C12:0/C14:0, 22:4n6/24:1n9 (all r >0.4, p<0.05).
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Figure 34. Inter and intra-correlations of milk microbiota, human
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(HMOs), and fatty acids by clustering heatmap based on Spearman rank correlation in
393 human milk samples from the CHILD Cohort Study. Reproduced from Moossavi et

al. (214).
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Next, to isolate and visualize the most significant associations, we assessed pairwise
partial correlations between members of milk microbiota, HMOs, and fatty acids using
Spearman correlation. Correlations with p value of less than 0.05 after Benjamini-Hochberg’s
correction were visualised as a network (Figure 35). Consistent with the conventional
heatmap, the network shows that the number and strength of inter-group correlations were
higher than intra-group correlations, which could be partly attributed to the compositional
nature of all three components. Partial correlations between core microbiota and fatty acids
included Agrobacterium/18:1n9 (positive) and Ralstonia/18:1c11 (negative). Correlations
between microbiota and HMOs included Vogesella/DSLNT (negative) and Ralstonia/6’SL

(negative) (Figure 35).
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Figure 35. Inter and intra-correlations of milk microbiota, human milk oligosaccharides
(HMOs), and fatty acids based on network visualisation based on partial Spearman
rank correlations in 393 human milk samples from the CHILD Cohort Study. Line
colour represents the direction of correlation: green (positive), red (negative). Line width is
proportional to the correlation coefficient. Reproduced from Moossavi et al. (214).
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6.4. Some HMOs and fatty acids are associated with milk microbiota alpha diversity
and overall composition

We previously identified mode of breastfeeding, infant sex, parity, and birth mode to be
associated with microbiota richness and diversity, but found no association between milk
microbiota diversity and HMO or fatty acids first principal component axes (PC1) (Chapter
4; (139)). However, when examining individual HMOs and fatty acids (expressed as relative
proportions) in the current analysis, some associations were observed. Controlling for the
above-mentioned covariates, FLNH was associated with microbiota richness (f=5.90, 95%CI
(0.04 to 11.8), p=0.04) while LNH (p=1.32, 95%CI (0.04 to 2.60), p=0.04) and LNFP I (B=-
1.04, 95%CI (-2.03 to -0.05), p=0.03) were associated with microbiota diversity (Figure
36A). These opposite effects of different HMOs could explain the apparent lack of
association of the overall HMO profile and microbiota diversity. Other HMOs were not
associated with milk microbiota richness and diversity, and we did not detect any significant
patterns of association when grouping HMOs according to fucosylation and sialyation
(Figure 36A) or other common structural elements.

Fatty acids DHA, DPA, EPA (all n3-PUFAs) were negatively associated with milk
microbiota richness (all p<0.05), while SFAs margaric acid and stearic acid were positively
associated with these metrics (Figure 36B). We did not detect any associations for MUFAs
(Figure 36B), nor for fatty acids grouped based on their source/origin (i.e. synthesized de
novo in the mammary gland, or acquired from the diet, liver synthesis, or body fat storage)

(Figure 37).
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Figure 36. Association of A) human milk oligosaccharides (HMOs) and B) fatty acids
with milk microbiota richness (observed ASVs) and diversity (inverse Simpson index) in
393 human milk samples from the CHILD Cohort Study. Adjusted for mode of
breastfeeding, infant sex, parity, and birth mode. Fatty acids and HMOs are coloured
according to their categories. Reproduced from Moossavi et al. (214).
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Figure 37. Association of milk fatty acids with milk microbiota richness (observed
ASVs) and diversity (inverse Simpson index) in 393 human milk samples from the

CHILD Cohort Study. Adjusted for mode of breastfeeding, infant sex, parity, and birth
mode. Reproduced from Moossavi et al. (214).

Using redundancy analysis, overall HMO and fatty acid compositions were not
associated with the overall composition of the milk microbiota (R*=4.82, p=0.30 for HMOs
and R?=7.96, p=0.13 for fatty acids; Figure 29), as previously observed (139). Consistent
with this finding, milk microbiota diversity and taxonomic clusters were not associated with
the overall composition of HMOs or fatty acids. However, a few significant associations were
observed when examining individual HMOs and fatty acids. Specifically, HMO 3’SL
(R>=0.58, p=0.01) and DSLNT (R?>=0.45, p=0.04) and fatty acid stearic acid (R*=0.55,
p=0.01) were significantly associated with the overall composition of the milk microbiota

(Table 12).
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Table 12. Association of milk microbiota overall composition with human milk
oligosaccharides (HMOs) and fatty acids in 393 human milk samples from the CHILD
Cohort Study. Reproduced from Moossavi et al. (214).

Dependent Profile
Independent profile or component Microbiota HMOs Fatty acids
R’ P R’ P R’ P
HMO compositional profile 4.82 - 11.50 SR
3FL 0.19 - 0.40 ~
LNnT 0.36 - 0.46 *
3SL 0.58 o - 0.78 **
DFLac 0.23 - 0.65 woH
6SL 0.27 - 1.44 ook
LNT 0.19 - 0.46 *
LNFPIII 0.17 - 0.92 oA
LNH 0.28 - 1.10 ok
DSLNT 0.45 * - 3.13 ok
FDSLNH 0.17 - 0.37 ~
Milk fatty acid profile 7.60 10.50 *oH -
12:0 0.24 0.21 * -
16:0 0.18 0.33 ** -
16:1n9 0.30 0.15 * -
18:0 0.55 * 0.03 -
18:2n6 0.41 ~ 0.02 -
20:3n6 0.30 0.12 ~ -
24:0 0.39 ~ 0.07 -
24:1n9 0.38 ~ 0.08 -
22:5n3 0.41 ~ 0.04 -

R? values reflect the percentage of variation explained using redundancy analysis. Only those with significant association
with at least one component are reported. ~p<0.10, *p<0.05, **p<0.01, ***p<0.001. Reproduced from Moossavi et al. (214).

6.5. Some HMOs and fatty acids are weakly associated with specific milk bacteria
relative abundances

Next, we assessed the correlation of individual HMOs and fatty acids with milk
microbiota at phylum, family, and genus taxonomic levels (all taxa with >0.01% mean
relative abundance). Only a few weak (r<|0.15]) associations between HMOs and microbiota
were identified. These associations were mostly between DFLac and type 1 HMOs
(consisting of LNT, LNFP I, LNFP II, LSTb, and DSLNT) with Proteobacteria, Bacteroidetes
and Prevotellaceae (Figure 38). When stratified by maternal secretor status, only

sialylated/non-fucosylated HMOs remained significantly correlated with Prevotella (r=0.22,
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p=0.028). We did not detect any significant associations with HMOs expressed as absolute

quantities.
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Figure 38. Association of milk microbiota with human milk oligosaccharides stratified
by maternal FUT2 secretor status.

Similarly, we identified a few weak correlations (r <|0.20|) between fatty acids and milk
bacteria including negative correlations between C18:1cll/Actinobacteria and
CLA/Porphyromonadaceae, and positive correlations between C20:4n6/Bacteroidetes,
C22:5n3/Fusobacteria, and 22:4n6/Prevotellaceae. No correlations with any of the fatty acid
categories (SFAs, MUFAs, or PUFAs) were observed.

When focusing on the core milk microbiota (amplicon sequence variants present in at
least 95% of samples with more than 1% mean relative abundance), some additional patterns
emerged. Overall, core microbiota was weakly correlated with fatty acids and HMOs (Figure

39). Nocardioides was significantly associated with several fatty acids including lauric acid,

94



myristic acid, palmitic acid, and lignoceric acid (SFAs, correlations with r>]0.20| and p<0.05)
(Figure 39A). The strongest individual correlations were observed for DSLNT with
Nocardioides, Massilia, and unclassified Comamonadaceae (negative correlations with r<-
0.23 and p<0.05) (Figure 39B). In general, the directions of correlation of core ASVs with
HMOs were opposite for fucosylated vs. sialylated oligosaccharides. These correlations were
directionally consistent across most taxa, with the notable exception of Staphylococcus:
while most ASVs were positively correlated with fucosylated HMOs and negatively
correlated with sialylated HMOs, these relationships were inversed for Staphylococcus
(Figure 39B). Interestingly, when stratified by secretor status, these associations were only

observed in non-secretor mothers (Figure 39C).
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Figure 39. Correlation of core milk microbiota (>1% relative abundance) with milk
components in 393 human milk samples from the CHILD Cohort Study. A) Fatty acids,
B) human milk oligosaccharides (HMOs). Correlation of core Staphylococcus ASV with C)
HMOs stratified by maternal secretor status and D) Fatty acids groups stratified by maternal
fish oil supplement. Reproduced from Moossavi et al. (214).
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6.6. Maternal and infant secretor status are not strongly associated with overall milk
microbiota composition

As previously reported (192), maternal FUT2-secretor status was a clear determinant of
HMO composition. We also assessed infant secretor status because this genotypic trait could
influence the infant oral microbiota, which could potentially inoculate the mother’s milk. We
did not identify major differences in the milk microbiota structure or alpha diversity based on
maternal or infant secretor status (Figure 40). However, Bacteroidetes relative abundance was
significantly higher in milk produced by secretor mothers (f=+2.15, 95% CI 0.56- 3.73,
P<0.01, for secretor vs. non-secretor mothers, independent of mode of breastfeeding and
other relevant covariates). This difference was driven by enrichment of Prevotella (0.5+1.7
vs. 0.2+0.7, p<0.05) . There was also a trend in the association of infant secretor status with
milk Actinobacteria diversity (B=+0.37, 95% CI -0.031 to 0.775, p=0.07 for secretor vs. non-
secretor infants). Maternal and infant secretor statuses were not associated with
Bifidobacterium relative abundance or prevalence, or milk microbiota beta diversity (Figure

41).
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Figure 40. Association of maternal and infant secretor status with milk microbiota
alpha diversity in 393 human milk samples from the CHILD Cohort Study. Reproduced
from Moossavi et al. (214).
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Figure 41. Lack of association between maternal and infant FUT2 secretor status and
milk microbiota overall composition in 393 human milk samples from the CHILD
Cohort Study. Reproduced from Moossavi et al. (214).

6.7. HMOs are associated with milk Bifidobacterium prevalence and abundance
Given the established ability of Bifidobacteria to consume HMOs, we specifically
explored the association of HMOs and Bifidobacteria in milk. Bifidobacterium was present in
154 (39%) samples with mean relative abundance of 0.25+0.98%. Overall, we did not
observe significant associations for total or individual HMO concentrations or relative
abundances (Figure 42); however, patterns emerged after stratification on feeding method.
We undertook stratification because we have previously shown that Bifidobacterium is more
prevalent in milk microbiota of mothers feeding exclusively at the breast (139). Among these
directly-breastfeeding mothers, Bifidobacterium relative abundance was negatively
associated with type 1 HMOs (r=-0.29, p<0.001). Among mothers providing some indirect
breast milk, Bifidobacterium was less likely to be present in milk with higher levels of

DSLNH (OR=0.65, 95%CI 0.43-0.93, p=0.03 per 1 SD increase in DSLNH, Figure 43).
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Figure 43. Association of Bifidobacterium prevalence with human milk oligosaccharides

in 393 human milk samples from the CHILD Cohort Study. Reproduced from Moossavi
et al. (214).

6.8. Fatty acids profile is associated with milk microbiota composition when
controlling for relevant confounding factors

Finally, we used SEM to assess the associations between milk components using
summary statistics (first principal component axes; PC1) while controlling for key covariates
(Figure 44). Fatty acids PC1 was significantly associated with milk microbiota composition
(B=0.14, p<0.01) when controlling for fish oil supplement use (a key dietary source of fatty
acids) and maternal BMI (a key factor influencing fatty acids originating from liver synthesis
or body storage), maternal secretor status, mode of breastfeeding, infant sex, and birth mode.
HMO PCI1 was not significantly associated with milk microbiota composition in this model.
Thus, consistent with results from redundancy analysis, the SEM results suggest that fatty
acids, more so than HMOs, are associated with milk microbiota composition while

controlling for relevant factors (Figure 44).
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Figure 44. Structural equation modelling of the association of human milk
oligosaccharides (HMOs) and fatty acids with microbiota in 393 human milk samples
from the CHILD Cohort Study. Standardized [ coefficients are reported. BF,
breastfeeding; BMI, maternal body mass index; CFI, comparative fix index; CI, confidence
interval; RSMEA, root mean square error of approximation; SRMR, standardized root mean
residuals; ~ p<0.1, * p<0.05, ** p<0.01, *** p<0.001, Green (positive), red (negative).
Reproduced from Moossavi et al. (214).

6.9. Conclusion

To our knowledge, this is the first integrative analysis of human milk microbiota with
HMOs and milk fatty acids. We applied multiple statistical approaches to combine and
simultaneously analyse the association of these milk components with milk microbiota while
controlling for important covariates reflecting maternal genetics, diet, and breastfeeding
practices. Overall, the correlations between milk components within each group were
stronger and more frequent than correlations between components from different groups.
Still, a few weak associations were observed between individual HMOs or fatty acids and
microbial taxa, including Bifidobacterium. Interestingly, some of these associations were
modified by maternal secretor status, fish oil supplementation, or method of breastfeeding. In
structural equation models controlling for these and other key factors influencing milk
composition, the overall fatty acid profile (but not the overall HMO profile) remained
directly associated with milk microbiota composition. Overall, using multiple approaches for

data integration to analyse three major components of human milk (fatty acids, microbiota
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and HMOs), we identified strong correlations within each group, but relatively few
correlations between groups. Fatty acid composition, more so than HMO profile, was
associated with milk microbiota composition when controlling for relevant confounders.
While the cumulative effect of HMOs on the entire microbial community appears to be small,
our findings suggest that individual HMOs might promote or inhibit growth of specific milk
bacteria, potentially providing a selection mechanism for vertical mother-offspring
transmission of microbiota. Further research is warranted to explore these possibilities, and to
determine how these and other milk components collectively modulate the infant gut

microbiota and influence the risk of developing microbiota-mediated childhood diseases.

Box 4. Summary of Chapter 6

* Correlations are stronger and more frequent within than between different types of
milk components

* Some HMOs and fatty acids are associated with milk microbiota a diversity and
overall composition

* Some HMOs and fatty acids are weakly associated with specific milk bacteria relative
abundances

* Maternal and infant secretor status are not strongly associated with overall milk
microbiota composition

* HMOs are associated with milk Bifidobacterium prevalence and abundance

* Fatty acids profile is associated with milk microbiota composition when controlling for
relevant confounding factors
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7. DETERMINANTS OF HUMAN MILK MYCOBIOTA

7.1.  Introduction

Fungi constitute an important yet frequently neglected component of the human
microbiota (92, 93) with an underappreciated role in health and disease (94, 95). Milk is a
source of diverse and viable bacteria and fungi (38, 97-101). Although some geographical
differences in milk mycobiota composition were observed in a recent study of 80 women
from 4 countries (99), the maternal, infant, and environmental determinants of milk
mycobiota are still mostly unknown. To address these open questions, we investigated the
determinants of human milk mycobiota in a subset of 271 healthy Canadian mother-infant
dyads (see Chapter 3 and Table 13) enrolled in the CHILD Cohort Study (191). Kelsey Fehr

helped with fungal ITS2 gene sequencing.

7.2.  Participant characteristics

In our study population, the majority of dyads were urban residents (96%) although
250m radius population densities ranged widely from 0 to 36,170 (median 3,447). 67% of
mothers were atopic and 25% delivered by Caesarean section (Table 13). Mean+SD bacterial

richness and diversity of milk were 145+46 and 15.24+9.2, respectively (Table 14).

7.3. Prevalence of milk fungi was significantly and independently associated with
environmental characteristics, human milk oligosaccharides, and milk bacterial
composition

The origins of milk fungi are unknown, but the external (retrograde inoculation) and
internal (entero-mammary) pathways hypothesized for the origins of milk bacteria (Figure 3)

(105, 131) could be extended to milk fungi.
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Table 13. Characteristics of mother-infant dyads from the CHILD Cohort Study

included in this analysis in comparison with previous microbiota analysis.

. Mean = SD or n (%)"
Characteristics 3
Fungal study (N=271) Bacterial study (N=393)
Secretor status 195 (72.8) 279 (71.7)
Ethnicity
= Caucasian 197 (72.7) 287 (73.0)
£ | Asian 52(19.2) 73 (18.6)
= First Nations 10 (3.7) 15 (3.8)
= | Other 12 (4.2) 18 (4.6)
Prenatal smoking 13 (4.8) 18 (4.6)
History of atopy 181 (67) 251 (63.9)
Birth weight (g) 3476 + 476 3469 + 469
= | Female sex 125 (46.1) 192 (48.3)
& | Gestational age (weeks) 39.2+1.3 392+ 1.3
= | History of oral thrush 33 (12.2) 46 (11.8)
Child antibiotics before 3-4 months 9(3.3) 11(2.9)
Mode of delivery
Elective C/S 34 (12.6) 46 (11.9)
o Emergency C/S 32 (11.9) 47 (12.1)
= Vaginal 203 (75.5) 294 (76.0)
2 | Older siblings
S None 148 (54.6) 211 (53.7)
One 89 (32.8) 126 (32.1)
Two or more 34 (12.5) 56 (14.2)
Maternal intrapartum antibiotics 96 (35.6) 131 (35.4)
BF Direct BF (at the breast) only 108 (40.0) 162 (41.9)
Pump expression 77 (81.9) 91 (81.2)
Sample collection season
Spring 58 (21.5) 72 (18.6)
Summer 64 (27.4) 103 (26.5)
Autumn 74 (23.7) 112 (28.9)
Winter 74 (27.4) 101 (26.0)
High Mould 90 (33.3) 137 (34.9)
High Moisture 120 (44.4) 183 (46.6)
£ | High Dust 144 (53.3) 208 (52.9)
E Dog ownership 82 (30.2) 119 (30.2)
,; Furry pets 137 (50.6) 201 (51.0)
z | Urban residence 242 (95.7) 91 (92.8)
o | High population density 126 (49.8) 195 (52.7)
g Residential vegetation °
=] Grey 16 (6.0) 20 (5%)
Moderately green 92 (34.3) 135 (35%)
Green 160 (59.7) 233 (60%)
Study sites
Vancouver 67 (24.7) 96 (24.3)
Edmonton 61 (22.5) 99 (25.1)
Manitoba 81(29.9) 96 (24.3)
Toronto 62 (22.9) 104 (26.3)

? Percentages are calculated after excluding dyads with missing data. BF, breastfeeding; BMI, body mass index; C/S,
caesarean section; HMO, human milk oligosaccharide. ® n=94; © Defined based on normalized difference vegetation index
(NDVI) in a 250 m buffer around the mother’s residential addresses during the 12 months postpartum.
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Table 14. Milk characteristics of mother-infant dyads in milk mycobiota analysis in the
CHILD Cohort Study.

Current Fungal study Previous Bacterial

Characteristics (N=271) study (N=393)
Bacterial richness
Overall 145.3 £46.3 146.8 £ 43.8
Proteobacteria 104 £29.9 105.9 + 28.4
Firmicutes 16.4+15.1 159+ 13.6
Actinobacteria 14.0+£5.6 141+54
Bacterial diversity
Overall 152+9.2 158+ 8.9
Proteobacteria 16.3+7.5 16.8+£6.9
Firmicutes 32+1.5 32+14
Actinobacteria 38+1.8 37+1.7
Taxonomic clusters
Cl1 33 (12.2) 42 (10.7)
C2 73 (27.0) 98 (24.9)
C3 93 (34.5) 161 (41.0)
C4 71 (26.3) 92 (23.4)
Bacterial composition outliers * 35 (12.9) 45 (11.5)
HMO diversity 49+1.4 49+14
HMO concentration (mg/mL) 102 +2.1 102 +2.1

? Defined as those contributing greater than the median plus twice the interquartile range of the sample variance to the total
(179). All dyads included in the current fungal study were also included in the previous bacterial study (139).

To address whether milk fungi were more likely acquired externally (e.g. from the
environment, maternal skin and/or the infant oral cavity) or internally from the maternal gut,
we assessed associations of fungi prevalence with environmental vs. maternal or other
factors. Both environmental (e.g. study city, population density, and season) and maternal
characteristics (e.g. antibiotics and atopy) were associated with fungi prevalence in univariate
analyses (Figure 45 and Figure 46). Milk from mothers in Vancouver had the highest
prevalence of fungi (32% vs. 18-21% in Edmonton, Toronto, and Manitoba; unadjusted
OR=2.06, 95%CI 1.11-3.82, for Vancouver vs. other cities; p=0.021; Figure 45 and Figure
46). Vancouver is a large coastal Canadian city with more humid climate, higher annual
precipitation, and milder winters compared with the other study sites, and thus likely has

higher load of environmental fungi (260). In line with this, season and population density
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were associated with fungal prevalence, with the lowest prevalence detected in spring and at
low population density (Figure 45 and Figure 46). These findings are consistent with seasonal
variations reported in goat milk fungi (261) which could be partly attributed to fluctuations in

outdoor (262) and indoor (263) environmental fungi levels.

City Population Season
Vancouver vs. other  Density Spring vs. other
(p=0.031) (p=0.062) (p=0.023)

1.00-
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Figure 45. Prevalence of fungi according to study site, population density, and season
tested by chi-square test in 271 human milk samples from the CHILD Cohort Study.
Fungi presence was defined at 1000 sequences per sample threshold (sections 3.3.2 and
Figure 14).

Among the maternal, infant, and early life factors assessed, maternal intrapartum
antibiotics and infant antibiotics at the time of sample collection (3-4 months postpartum)
were associated with a higher likelihood of fungi presence (Figure 46) indicating that bacteria
originating from the mother or infant might be associated with the prevalence of milk fungi.

We also assessed the association of milk fungi with the 19 most abundant HMOs, which
were previously measured in the same samples (192). The impact of HMOs on infant gut
bacterial composition is well established, but little is known about the impact of HMOs on
mycobiota. There is some evidence that certain HMOs can inhibit fungi in vitro (264), but it

is also plausible that other HMOs could be metabolised by fungi and support their growth.
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Here, we found that two FUT2 secretor status-independent HMOs (DSLNT and LNH) were
less abundant in milk containing fungi (Figure 47), suggesting that these HMOs might

suppress milk fungi via modulating the milk microbiota or fatty acids composition (214).

Secretor vs. Non-secretor i
Prenatal smoking - i
History of atopy - i
Male infant 4 —G—
Oral thrush A —_——
Caesarean section - ——
Multiparity 4 —e—
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Child antibiotics at 3 months - 1
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Exclusive breastfeeding A -—Q—.'-
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._._. 1
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LNH relative abundance (CLR) 1
DSLNT relative abundance (CLR) 4
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0.1 1.0 10.0

Crude OR (95% CI)
for breastmilk fungi

Figure 46. Unadjusted univariate associations of fungal prevalence with maternal,
infant and early life factors, breastfeeding and selected HMOs, indoor and outdoor
environmental factors, and milk microbiota composition tested by logistic regression in
271 human milk samples from the CHILD Cohort Study.

To identify the determinants of milk fungi while controlling for the above-mentioned
factors, we performed unsupervised variable selection by least absolute shrinkage and
selection operator (LASSO) and used the LASSO-selected variables to predict the presence
of milk fungi. While LASSO does not necessarily provide evidence for biological

associations, it is a good technique for feature selection as it shrinks the beta coefficients of
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variables with minimal contribution to zero. This approach will minimally increases the bias
but will enhance the interpretability of the results. LASSO is best suitable when small to

moderate number of moderate-sized effect are expected (265) (as is the case in our study).

In agreement with the logistic regression results above, LASSO identified season, population density,
study city, residential vegetation, bacterial clusters, bacterial outlier, DSLNT, LNH, intrapartum antibiotics, and
child antibiotics at 3 months as predictors of fungi presence. In addition, LASSO identified maternal asthma and
atopy, suggesting that atopic mothers may have distinct skin fungal load and/or composition (266). Combined, these
selected variables had a relatively good predictive accuracy for presence of fungi (AUC=0.77, 95% CI 0.70-0.85) (

Figure 48).

Relative
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Figure 47. Relative abundances and absolute concentrations of Disialyllacto-N-tetraose
(DSLNT) and Lacto-N-hexaose (LNH) based on milk fungi presence tested by ANOVA
in 271 human milk samples from the CHILD Cohort Study.
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Figure 48. Prediction accuracy of fungi presence based on unsupervised variable
selection by LASSO in 271 human milk samples from the CHILD Cohort Study. The
selected variables were classified as: environmental (study site, population density, season,
residential vegetation); bacterial (bacterial taxonomic cluster and bacterial composition
outlier); HMOs (DSLNT and LNH); maternal and infant (intrapartum antibiotics, child
antibiotics at 3 months, maternal asthma, and maternal atopy).

In a multivariable logistic regression model adjusted for all of the LASSO-selected
factors, DSLNT, LNH, bacterial taxonomic clusters, and child antibiotics at 3 months were
the strongest independent predictors of fungi prevalence (Figure 49).

We did not detect significant differences in fungi prevalence according to visible mould
or moisture levels in the home, older siblings, pet ownership, maternal BMI or secretor
status, or history of infant oral thrush (a fungal infection caused by Candida spp.) in the first
3 months of life (Figure 46). We lacked information on breast thrush and mastitis, which are
also known to be associated with Candida spp. in milk (100). Additionally, although others
have found that milk collection using a pump and bottle feeding were associated with

increased prevalence of Candida spp. in milk (31), we did not observe an association
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between fungi presence and mode of breastfeeding (nursing at the breast vs. pumped milk

feeding at least once in the preceding two weeks) (Figure 46).
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Figure 49. Adjusted multivariable associations of host and environmental
factors with the prevalence of fungi in 271 human milk samples from the CHILD
Cohort Study. Variable selected by LASSO (see

Figure 48) were included in the multivariable logistic regression.

7.4. Milk mycobiota profile was not clearly associated with any available metadata
characteristics

Next, among the 58 samples with detectable fungi, we assessed fungal composition and
diversity. Ascomycota and Basidiomycota were the dominant fungal phyla in the milk
(Figure 15) in agreement with previous reports (98, 99). Acknowledging the low power due
to small sample size, we detected borderline differences in the prevalence of Alternaria

according to intrapartum antibiotics exposure, and Rhodotorula between study cities (Figure
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50).

Alternaria (p=0.078)

Figure 50. Association
of intrapartum
antibiotics and study
city with the prevalence
Rhodotorula (p=0.065) of fungal genera test(?d

by chi-squared test in

58 human milk samples

from the CHILD
B Present Cohort Study.
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Fungal diversity was higher in atopic vs. non-atopic mothers (3.6 vs. 1.9, p=0.021) and
mothers living in homes with high vs. low indoor moisture (3.8 vs. 2.3, p=0.033) (Figure 51)
suggesting that the diversity of milk fungi is influenced by both the environment and
maternal characteristics. We did not find any other significant associations between fungal
taxonomic structure or diversity with other maternal, infant, early life, environmental, and

milk factors.

7.5.  Conclusion

In the general population CHILD Cohort Study, we found that approximately 20% of
milk samples contained detectable fungi and provide evidence that fungal prevalence was
associated with environmental characteristics and milk bacteria. Milk fungal taxonomy was
consistent with previous reports (98, 99). Ascomycota and Basidiomycota were the dominant
fungal phyla in the milk and three species of Candida, Alternaria, and Rhodotorula were the
most prevalent taxa. To our knowledge, this is one of the largest studies of human milk
mycobiota performed to date, and the only milk mycobiota study to examine home
environmental characteristics. Our results expand considerably upon existing knowledge
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about milk fungi, providing evidence for potential role of home environment, maternal

characteristics, and milk components in shaping the milk mycobiota.
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Figure 51. Association of birth mode and city with fungal richness and maternal atopy
and indoor moisture level with fungal diversity in 58 human milk samples from the
CHILD Cohort Study.

Box 5. Summary of Chapter 7

* Fungi were present in a subset of the milk samples in CHILD study

* Prevalence of milk fungi was significantly and independently associated with
environmental characteristics, human milk oligosaccharides, and milk bacterial
composition

* Milk fungi profile was not clearly associated with any available metadata
characteristics
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8. COMPARISON OF SEQUENCING PROCESSING
APPROACHES ON DOWNSTREAM STATISTICAL RESULTS

8.1. Introduction

Milk microbiota in samples from the CHILD Cohort Study was processed using
DADA?2 denoising algorithm combined with statistical identification of potential reagent
contaminants in this thesis (methods described in sections 2.1.5. and 2.1.6. and results
reported in Chapters 3, 5, and 6). Although more accurate performance of the denoising
methods has been confirmed on mock communities (173-178); the impact of these different
methods with or without contaminant removal on characterizing real biospecimens and
downstream analysis of biological associations is less clear specifically for low biomass
samples such as milk. To address these knowledge gaps, we re-processed the 16S rRNA-
based milk microbiota dataset of the CHILD samples (Chapters 3, 5, and 6)(139) using
UCLUST and DADA2 with or without contaminant removal using decontam (190) using the
taxonomy assignment threshold commonly used by these methods (97% for UCLUST and
99% for DADA?2) . The datasets resulting from these four approaches (Figure 52) were used
to test the hypothesis that denoising methods improve taxonomic accuracy compared to
clustering, but biological associations are robust to the choice of upstream data processing.
Kelsey Fehr generated Figures 56 and 57. Faisal Atakora performed the interclass correlation

analysis (Figure 60).

8.2. Mock community composition is more accurately resolved using DADA?2

We analysed 18 replicates (3 per PCR plate in 2 sequencing runs) of a mock community
consisting of 8 different bacterial species with a known composition (Zymo Research, USA).
While the UCLUST method detected an average (SD) of 223 (50) OTUs in the mock

community samples, DADA2 performance was closer to expected composition, detecting 12
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(3) ASVs (Table 15). Although contaminant removal did not considerably reduce the number
of OTUs, it decreased the average (SD) ASVs to 9 (3) effectively eliminating the potential

contaminants (Table 15).

Raw sequencing
output
UCLUST DADA2
clustering denoising
Contaminant
identification
OTU - OTU + ASV + ASV -

Figure 52. Schematic of the study design to compare microbiota composition in a mock
community and human milk samples using a clustering-based OTU method (UCLUST)
and a denoising algorithm (DADA2) with and without contaminant removal in 393
human milk samples from the CHILD Cohort Study.

Overall, there was a good agreement between the observed and expected taxonomic
composition with both methods (Figure 53). However, two notable differences were
observed. Most prominently, DADA2 performed better at identifying Lactobacillus: the
actual contribution of this genus to the mock community was 19%; the estimated relative
abundance was <1% using UCLUST compared to 16% using DADA2. Moreover, the
proportion of identified taxa not belonging to the mock community (likely contaminants) was
higher with UCLUST (~12% vs. 0.1% in DADA?2). Neither method could accurately identify
Escherichia coli or Salmonella enterica present in the mock community; however, for both

methods, the relative abundance of taxa identified as Enterobacteriaceae was within the
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range of the combined relative abundances of these two enteric bacteria. Thus, overall,
DADA?2 provided a more accurate representation of the mock community (Table 15 and

Figure 53) in agreement with previous studies (173-178).

Table 15. Comparison of the number of OTUs/ASVs in the mock community, negative
controls, and milk microbiota datasets processed by clustering-based OTU method
(UCLUST) and a denoising algorithm (DADA2) with or without contaminant removal
in 393 human milk samples from the CHILD Cohort Study

UCLUST DADA2

Sequence filtering * Yes No
Reference database Greengenes Greengenes
Similarity threshold for taxonomy assignment 97% 99%
Contaminant identification and removal - + - +
Sequencing depth (x1000) 51.1421.2 | 51.0+¢21.1 | 48.6+19.2 | 47.7+18.6
Mock community of 8 species (N=18 °)
Average Number of OTUs/ASVs per sample 223450 215449 1243 943
Negative control (N=15)
Average Number of OTUs/ASVs per sample 58+94 14+20 42465 25435
Milk samples (N=428)
Total number of OTUs/ASVs 13,305 12,695 9,884 9,711
Average Number of OTUs/ASVs per sample 364+145 | 358+132 170+73 168+70
Milk samples after filtering (N=393) °
Remaining OTUs/ASVs after filtering 2,265 2,134 1,956 1,972
Average Number of OTUs/ASVs per sample 394491 445+142 149+44 147+44

5 -
?TUS/ASVS > 0.01% average relative abundance 298 298 299 301
Avgrgge numbgr ofd PTUS/ASVS per sample after 1847 1847 1846 1846
additional filtering

* Low quality base calling scores (<20) and containing ambiguous bases in the overlapping region
3 replicates per PCR reaction (n=3) for each sequencing run (n=2)
¢ Exclusion of OTUs/ASVs not present in the samples or belonging to non-bacterial taxa, rarefaction to 25000
reads per sample, filtering OTUs/ASVs with less than 20 reads across each dataset

d Despite the similarity in the number of OTUs/ASVs, the composition is not identical.

¢ Excluding OTUs/ASVs with less than <1% mean relative abundance

8.3.

processing method

Observed OTUs/ASVs (richness) is influenced by the choice of sequencing

Overall when comparing the four approaches, the mean depth of sequencing per sample

was slightly lower in DADA2 compared to UCLUST both before and after contaminant

114




removal. The differences in library size within each method before and after decontam were

negligible (Figure 54).
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Figure 53. Composition of the mock community by UCLUST and DADA2 prior to
contaminant removal. Each bar represents the average data from 8 replicates. Also see
Figure 9. Relative abundance of taxa with >1% mean relative abundance in the mock
community in comparison with the theoretical composition.
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Figure 54. Comparison of the library size on datasets processed by clustering-based
OTU method (UCLUST) and a denoising algorithm (DADA2) with or without
contaminant removal in 393 human milk samples from the CHILD Cohort Study. ~
p<0.1, * p<0.05
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Despite differences in the initial number of OTUs/ASVs in total and on average,
UCLUST and DADAZ? resulted in a similar number of remaining OTUs/ASVs (298 and 299
respectively before contaminant removal) after filtering taxa with less than 0.01% mean
relative abundance (Table 15). This suggests the majority of “noisy true reads” (true reads
containing sequencing errors (176)) initially retained by UCLUST were eliminated by
applying abundance-based filtering. In agreement with the literature (176, 178), there was a
considerable difference in the number of observed OTUs/ASVs prior to filtering very low
abundance taxa (3644145 average OTUs vs. 170+£73 average ASVs per sample, Table 15).
The bacterial richness at OTU/ASV level remained higher in UCLUST vs. DADA2 even
after data filtering, regardless of contaminant removal (394491 vs. 148+44, p<0.001) (Figure
55). In contrast, milk microbiota diversity was slightly but significantly higher with DADA2
regardless of contaminant removal (14.3£8.5 vs. 15.6+8.7 p<0.05) (Figure 55) suggesting

that the community is dominated by true sequences in both methods.

Richness Diversity
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Contaminant removal

Figure 55. Comparison of milk microbiota richness (observed OTUs/ASVs) and
diversity (inverse Simpson index) between UCLUST and DADA2 with and without
contaminant removal in 393 human milk samples from the CHILD Cohort Study. *
p<0.05, *** p<0.001
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8.4. Milk microbiota structure and relative abundances are not strongly impacted by
the choice of sequencing processing method

Next, we compared the relative abundance (Figure 56A) and prevalence (Figure 56B) of
genera belonging to the major milk phyla between methods and observed high degrees of
correlation especially for Firmicutes, Actinobacteria, and Bacteroidetes. In comparing

abundant genera (>0.01% mean relative abundance), relative abundances remained highly

correlated (Figure 57).
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Figure 56. Comparison of the A) relative abundance and B) prevalence of bacterial
genera on datasets processed by clustering-based OTU method (UCLUST) and a
denoising algorithm (DADA2) without contaminant removal in 393 human milk
samples from the CHILD Cohort Study. OTUs/ASVs with less than 20 total read count
across each dataset and unclassified genera were excluded (n=234 shared genera included in
the analysis). Each dot represents a classified genus.
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Figure 57. Comparison of the relative abundance and prevalence of abundant bacterial
genera (>0.01% mean relative abundance) on datasets processed by clustering-based
OTU method (UCLUST) and a denoising algorithm (DADA2) without contaminant
removal in 393 human milk samples from the CHILD Cohort Study. Unclassified genera
were excluded (n=68 shared genera included in the analysis).

Overall, the relative abundances of the most abundant families (>1% mean relative
abundance) including Streptococcaceae and Staphylococcaceae were not considerably
impacted by the choice of the method with and without contaminant removal (Figure 58 and
Figure 59). However, there were notable differences between methods for some other taxa.
For example, at the family level, Oxalobacteriaceae was detected at higher relative
abundances by UCLUST compared to DADA2 (14.1%+8.4% vs. 7.2%+4.1%, Figure 59),
while Enterobacteriaceae and Caulobacteraceae were only observed as a top abundant
family using UCLUST (Figure 58). In addition, Oxalobacteriaceae and Comamonadaceae
were not assigned taxonomy at genus level using UCLUST, whereas some members of these
families including Acidovorax (family Comamonadaceae), Ralstonia, and Massilia

(Oxalobacteriaceae) were resolved by DADA?2.
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Figure 58. Comparison of the composition of abundant families (>1% mean relative
abundance) between UCLUST and DADA2 with or without contaminant removal in
393 human milk samples from the CHILD Cohort Study. Contaminant removal reduced
the relative abundance of certain low-abundance taxa (e.g. Caulobacteraceae and
Rhodospirillaceae) and proportion of Other taxa (OTUs with less than 1% mean relative
abundance) estimated by UCLUST, but generally did not affect the microbiota profile
estimated by DADA?2.

In contrast, Methylibium (family Comamonadaceae) and Erwinia (family
Enterobacteriaceae) were only identified by UCLUST as abundant taxa. Overall, the total
proportion of less abundant OTUs/ASVs (<1% mean relative abundance) was higher in
DADA?2 (Figure 58) suggesting that the number of true abundant taxa was inflated by
UCLUST possibly due to binning of multiple similar sequence variants into an OTU. In
agreement with this interpretation, contaminant removal considerably increased this

proportion only in UCLUST (Figure 59 and Table 15).
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Figure 59. Comparison of the relative abundances of four abundant families (>1%
mean relative abundance) on datasets processed by clustering-based OTU method
(UCLUST) and a denoising algorithm (DADA2) with or without contaminant removal
in 393 human milk samples from the CHILD Cohort Study. ANOVA test. *** p<0.001

Overall, agreement and consistency between different methods (Figure 60) were quite
low for milk microbiota richness, highlighting the sensitivity of this measure to the choice of
bioinformatics method. Nevertheless, a very high inter-class correlation for inverse Simpson
index (0.95) and relative abundances for the majority of the abundant families (above 0.75
for 10/13 families) suggests an acceptable degree of agreement and consistency, which would

be required for downstream analyses to generate comparable results.

8.5. Downstream statistical analyses are robust to the choice of data processing

approach
Given the differences in microbiota alpha diversity and taxonomic structure resulting
from the choice of processing approaches (Figure 55 and Figure 58), we explored whether the

processing approach also influenced the association of microbiota and metadata variables.
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Figure 60. A) Agreement and B) consistency between methods of sequencing processing
by intraclass correlation for alpha diversity and 13 most abundant families in 393
human milk samples from the CHILD Cohort Study.

To do this, we compared the association of maternal, infant, and early life factors,
breastfeeding practices, and other milk components with milk microbiota richness, diversity,
and overall composition as previously described (139). Overall, there were high degrees of
concordance in the direction, strength, and significance of association between milk
microbiota diversity and overall composition with the independent variables assessed using
both methods, regardless of contaminant removal (Figure 61). However, some method-
related differences were observed for associations with microbiota richness. While the
direction and strength of associations using DADA?2 without contaminant removal were
comparable to the UCLUST, contaminant removal generally resulted in weaker associations
and lower effect size estimates when using DADA2-processed data (e.g. for maternal atopy,
infant sex, and mode of breastfeeding). Occasionally, the direction of association was also
different in DADA2/decontaminated compared to the other processing methods (e.g. for

prenatal smoking and fatty acids profile) (Figure 61).
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Microbiota features

Algorithm

Contaminant removal

Factors

Maternal factors

Age (years)

Pre-pregnancy BMI (Kg/m2)
History of atopy

Secretor status

Ethnicity

Asian vs. Caucasian

First Nations vs. Caucasian
Other vs. Caucasian

Prenatal smoking

Infant factors

Birth weight (g)

Male sex

Gestational age (weeks)

Early life factors|

Mode of delivery

C/S elective vs. NVD

C/S emergency vs. NVD
Maternal intrapartum antibiotics
Maternal postpartum antibiotics before 3-4 months
Child antibiotics before 3-4 months
Number of older siblings

One vs. None

>Two vs. None

Breastfeeding

Lactation stage at sample collection (weeks)
Exclusive BF (breast milk only) at sample collection
Some indirect BF

Duration of BF (months)

Duration of exclusive BF (months)

Milk factors

HMO concentration (mg)

HMO Simpson’s diversity

HMO PC1

MFA PC1

Richness Diversity Overall composition
UCLUST DADA2 UCLUST DADA2 UCLUST DADA2
- + - + - + - + - + - +
B p| B p| B p[ B p| B p| B p| B p[ B p|R p|R p|]R p|R p
0.37 -0.35 -0.37 0.23 0.04 0.04 0.04 -0.02
-0.92 -1.07 -0.92 -0.25 0.00 -0.01 0.00 -0.04 * 060 * 043 * 045 *
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- - - - - - - - 0.80 0.74 0.66
2613 2393  -26.13 931 0.15 0.18 0.15 -0.53 - - -
2845  -27.44  -28.45 -0.67 0.76 0.80 0.76 0.49 - - -
-1.28 -0.27 -1.28 4.94 -0.30 -0.26 -0.30 0.16 - - -
-7.60 * 046 * 039 ~ 048 *
-0.01 -0.02 -0.01 -0.01 0.00 0.00 0.00 0.00
22959 * [22763 ~ 129559 * -8.24 ~ * * * 5481 *|[ 050 * 043 * 049 * 058 *
-2.71 -3.09 -2.71 -0.84 0.03 0.02 0.03 0.00
- - - - - - - - 0.64 0.62 0.59 0.63
5.76 6.52 5.76 2.61 ~ 225 ~ 229 ~ 209 - - - -
~ ~ ~ 1496 * [-1.49 -1.44 -1.49 -1.74 - - - -
* * * -10.89 * [-167 ~ -161 ~  -1.67 ~ -1.86 * 025
-5.84 -5.22 -5.84 5.73 -1.00 -0.96 -1.00 -1.41 0.45
6.17 -5.59 6.17 -5.48 0.88 ~
- - - - - - - - 0.88 * 086 * 087 * 092 *
0.48 -2.07 0.48 3.37 - - - -
13.93 - - - -
-1.34 -1.29 -1.34 -0.41 -0.06 -0.05 -0.06 -0.05 ** 056 * 075 ** 059 **
- - 4.90 0.80 0.85 0.80 0.49 0.95 0.82
* k% * kK EE LS _19.12 * * * *
3.98 ** 396 ** 3.98 ** 164 *** 019 * 019 * 019 * 021 **
3.87 4.25 3.87 1.59 037 ~ 038 * 037 ~ 033 ~
0.71 0.72 0.71 0.33 -0.21 0.21 0.21 -0.28 0.40 0.34 0.33 0.31
-1.85 -1.84 -1.85 -1.21 0.27 0.27 0.27 0.23
-0.36 -0.16 -0.36 -0.44 0.66 067 ~ 066 ~ 061 0.41 038 ~ 036 037 ~
-2.27 -2.72 -2.27 2.73 0.17 0.13 0.17 0.37 049 * 051 * 045 * 043 *
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Figure 61. Impact of four sequence processing approaches on observed associations of milk microbiota richness (observed OTUs/ASVys),
diversity (inverse Simpson index), and overall composition with maternal, infant, early life, breastfeeding, and milk factors in 393
human milk samples from the CHILD Cohort Study. Beta coefficients from univariate linear regression (richness and diversity) or R* from
redundancy analysis (overall composition) are presented and colour coded within each microbiota feature. Results of DADA2 with contaminant
removal are originally reported in Moossavi et al. (139). BF, breastfeeding; BMI, body mass index; C/S, Cesarean section; HMO, human milk
oligosaccharide; MFA, milk fatty acids; NVD, normal vaginal delivery; PCI1, Principal Component 1 * p<0.05, ** p<0.01, *** p<0.001.



8.6. Conclusion

In summary, we have confirmed that a denoising algorithm (DADA2) more accurately
resolves the mock community composition compared to a clustering-based method. However,
there were high degrees of agreement and consistency in milk microbial features regardless
of the methods. Importantly, the epidemiological associations of richness, diversity, and
overall composition were not strongly impacted by the choice of the sequencing processing
approach. Addition of a contaminant removal step resulted in minor shifts in the composition
of the most abundant taxa as well as association of richness with a few of the variables
assessed when using DADA2-processed data. The overall conclusions of the study and the
main determinants of milk microbiota composition (e.g. consistent association of feeding
mode with milk microbiota composition (139)) remained robust to the choice of OTU vs.
ASV methods with or without contaminant removal. Our results suggest that previous studies
of milk microbiota and potentially other low biomass samples using OTU picking approaches
are likely valid specifically for the composition of the most abundant taxa, and the metrics

which put less emphasis on richness.

Box 6. Summary of Chapter 8

® Mock community composition is more accurately resolved using DADA?2

* Observed OTUs/ASVs (richness) is influenced by the choice of sequencing processing
method

® There was a high degree of agreement and consistency for inverse Simpson index and
relative abundances for the majority of the abundant bacterial families

¢ Downstream statistical analysis was robust to the choice of data processing approach
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9. DISCUSSION

9.1. Summary

I studied the milk microbiota and mycobiota composition in the CHILD Cohort Study
using amplicon sequencing (Chapter 3). By accessing the rich metadata from the CHILD
Cohort Study and other milk components measured in the same set of samples, I
comprehensively investigated the association of maternal, infant, early life, home
environment, and milk factors with milk microbiota and mycobiota composition (Chapters 5-
7). Additionally, I examined the milk microbiota in a pilot study using culture-enriched
molecular profiling (Chapter 4). Finally, I compared the impact of the bioinformatics
processing on the results of downstream statistical analysis (Chapter 8).

Overall, there was a good agreement in the milk microbiota composition between
culture-independent and culture-enriched methods (Chapter 3 and 4). We observed inter-
individual variability in milk microbiota composition in both culture-independent and
culture-enriched methods. Notably some abundant taxa detected by culture-independent
sequencing (e.g. Oxalobacteraceae and Comamonadaceae) were not among the most
frequently isolated bacteria using culture. These bacteria are generally considered to be
reagent contaminants (51, 52) and although some were identified as such using statistical
tools (190), the majority were not excluded. Short-term freezing considerably impacted the
composition of milk bacteria while we were not able to grow any bacterial isolates from the
long-term frozen samples (Chapter 4).

Using multiple analytic techniques, we provide epidemiological evidence that mode of
breastfeeding (directly at the breast vs. pumped and bottle-fed) has a significant association
with the composition of milk bacteria potentially highlighting the importance of
exogenously-derived bacteria either from the infant mouth or the pumping and storage

procedure as sources of milk bacteria (131, 139). We further show that the composition of
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other major milk components such as fatty acids and HMOs could potentially be associated
with the overall composition of the milk microbiota while controlling for relevant
confounding factors. However, based on our results, it seems that the individual members of
these bioactive molecules are less strongly associated with milk microbiota composition
(214).

Additionally, I studied human milk mycobiota in a general population cohort. Defining
fungal presence at minimum threshold of 1000 reads per sample, I observed that the majority
of milk samples did not contain detectable fungi and I provided evidence that presence of
fungi was associated with residential characteristics and milk microbiota composition. Fungi
diversity was associated with mode of delivery, maternal atopy, and home environment.

Finally, I compared the milk microbiota composition and associations with maternal,
infant, early life and milk factors on data processed by a clustering-based method into OTUs
vs. a denoising method resulting in ASVs. Additionally, I compared the impact of
contaminant removal on the statistical conclusions. Overall, richness was strongly impacted
by the choice of the bioinformatics approach while statistical contaminant removal had
minimal additional impact. There was an acceptable agreement and consistency in the
relative abundances of the dominant milk bacteria and milk diversity. Additionally, the main
conclusions remained robust to the choice of data processing.

To our knowledge, this is among the largest studies of human milk microbiota and
mycobiota performed to date, and it is the only milk microbiota study to apply causal
modeling and the only milk mycobiota study to examine home environmental characteristics.
Moreover, this is among the first studies of milk microbiota culture-enriched molecular
profiling. Together, these results considerably expand upon existing knowledge about milk

microbiota and mycobiota, providing evidence for novel factors associated with the
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composition. However, as the field is new, we have generated more questions that we

answered (267).

9.2.  Origins of milk bacteria

There are many unanswered questions regarding the biological plausibility of entero-
mammary or oro-mammary pathways. For example, does bacterial translocation occur
through colonisation of immune cells (268) or other mechanisms (269)? Do bacteria
transferred to the mammary gland remain viable? Will those bacteria be released or remain
within immune cells upon reaching the mammary gland? Do specific bacteria get selected
from the gut or oral microbiota for translocation, and how does this occur? Is the
translocation directed specifically to the mammary gland? Is this process specifically
stimulated or upregulated during pregnancy and postpartum? If so, how is this process
regulated? Do these bacteria permanently colonise the mammary gland and remain viable
regardless of lactation? Despite these uncertainties, we reasoned that factors affecting the
maternal microbiota should be associated with milk microbiota composition if there is a sub-
community originating from maternal gut (or mouth). Indeed, we found that maternal
characteristics such as BMI, atopy, and smoking were associated with milk microbiota
composition. However, it is equally plausible that these factors influence the mother’s skin
microbiota or the infant’s oral microbiota, which could serve as “external” sources of milk
bacteria — a theory supported by other studies demonstrating high similarity between
mothers’ milk, areola and infant oral microbial compositions (270, 271).

The proposed “retrograde transfer” of external bacteria into the mammary gland is
another relatively new area of research. In addition to the areola skin and the infant oral
cavity, exogenously-derived bacteria could also originate from breast pumps. This
mechanism is less appreciated because historically the majority of milk microbiota studies

were concerned with intramammary cow’s milk with the primary goal of understanding
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predisposition to mastitis, which is the most costly disease of dairy animals (123). However,
especially in human studies, the focus is now shifting to the offspring and the milk that s/he
receives, whether that milk is pumped or provided directly from the breast. Reverse flow of
milk from the infant mouth back into the breast occurs during breastfeeding (122), and
probably pumping as well, allowing for infant mouth- or pump-associated bacteria to enter
the milk duct. Our finding that feeding mode (nursing directly from the breast vs. using a
pump) was the most consistent factor associated with milk microbiota composition suggests
the exogenously-derived bacteria have a stronger role in milk inoculation than the entero-
mammary pathway. Further research is needed to confirm whether bacteria actually enter the
mammary gland during nursing and/or pumping, or simply inoculate milk as it is expressed.
Based on our research and the existing literature, we propose a slightly modified
nomenclature for the possible origins of milk bacteria: the “oro/entero-mammary pathway”
(including translocation of both maternal oral and maternal gut bacteria) and the acquisition
of “exogenously-derived” bacteria (including maternal skin, infant oral, and pump-associated
bacteria) (Figure 3). The extent to which each mechanism influences the milk microbiota
load and composition requires further investigation. Additionally, the complex inter-related
dispersal routes between different potential sources of milk microbiota should be

acknowledged and explored (Figure 62).

9.3.  Are milk bacteria viable and/or metabolically active?

It is a topic of interest whether milk bacteria are viable and/or metabolically active.
Given that others and we have successfully cultured milk bacteria (either through targeted or
high-throughput approaches) (26-33, 272) confirms that at least a subset of milk bacteria are
viable. However, it is less clear whether milk bacteria are actively proliferating in the milk
within the mammary gland. One metagenomic study of human milk samples did not identify

HMO-utilizing pathways in the milk metagenome (44). It is in accordance with our finding
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that seems that the individual members of the HMOs as well as fatty acids are not strongly

associated with milk microbiota composition (214).
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Figure 62. Different dispersal routes of bacteria between maternal body sites, infant,
and breastfeeding aids. Bacterial dispersal can occur between different maternal body sites
and between infant and breastfeeding aids within the context of the environmental pool of
species. This complex dispersal network results in bacterial transmission from 1) mother to
infant, 2) infant/breastfeeding aids to mother, and 3) mother to breastfeeding aids. Arrows
indicate routes of bacterial transmission. BF, Breastfeeding. Reproduced from Moossavi and
Azad (131).

This observation could explained in four different scenarios: 1) milk bacteria are not
metabolically active and thus are not utilising or otherwise impacted by these two milk
components, 2) milk bacteria are metabolically active but the majority do not have the
biochemical capacity to utilise HMO, 3) milk bacteria are metabolically active but fatty acids

are bound within glycerol molecules and thus are not freely available to the bacteria, 4) free
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fatty acids are available after degradation of glycerol in the infant mouth and retrograde
transportation to the milk, however, either the quantities are very low to induce any effect or
the effects induced are in bacterial physiology and behaviour and not growth and survival.
Milk is evolutionarily developed to provide nutrition and bioactives to the infant (273-
277). Specifically, HMOs enrich for bifidobacteria in the infant gut microbiota (278, 279). It
could be considered counterintuitive if the milk bacteria consume the HMOs or other milk
components within the milk environment while they have been evolutionarily develop for
shaping the microbiota in the infant gut. On the other hand, we speculate that milk can enrich
the infant mouth bacteria and provide a protective mechanism for them to bypass the stomach
acidity. In this case it is plausible that (a subset of) bacteria will be actively proliferating in

the milk. Further research is required to assess the metabolic activity of milk bacteria.

9.4. Determinants of milk microbiota composition

We extensively studied the influence of maternal, infant, early life, breastfeeding, and
other milk factors on milk microbiota composition using redundancy analysis (139) and
identified several factors including mode of breastfeeding, lactation stage, and maternal BMI
to be associated with the overall composition of the milk microbiota community, albeit with
very low redundancy values (each accounting for < 2% of the variation in the milk
microbiota) (Figure 29). The cumulative association of all the factors assessed in our study
accounted for approximately 25% of the total variation in the milk microbiota composition.

There is great interest in identifying modifiable factors influencing the milk microbiota,
with studies to date reporting inconsistent associations for mode of delivery, maternal diet
and maternal BMI (40, 43, 97, 135, 280). Maternal diet and BMI are interrelated, and both
can modify gut microbiota composition (127, 128), intestinal permeability (281, 282), as well
as the macro- and micro-nutrient profile of human milk (213, 283), altering the niche for milk

microbiota. Maternal BMI is also positively associated with Caesarean section delivery (284).
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In our SEM analysis, maternal diet, maternal BMI and delivery mode did not directly affect
milk microbiota. However, controlling for the maternal dietary pattern as a factor either
affecting the maternal BMI or directly modulating milk fatty acid composition, we observed
that BMI could indirectly (via the effect on the overall milk environment) influence the milk
microbiota. Using RDA, we found that mode of delivery and maternal BMI were associated
with milk microbiota in female infants only, although the effect sizes were small (<2% of
variation explained). We also observed a trend towards lower bacterial richness following
emergency Caesarean section after controlling for relevant confounding factors. Overall these
associations were relatively subtle and sex-specific, which may explain why previous smaller
studies have not found a consistent overall effect of delivery mode on milk microbiota
composition.

It is notable that host factors explain only a fraction of the microbiota composition in
our study and others (285) suggesting that the factors shaping these microbial communities
are not well captured by the usual characteristics of interest, such as mode of delivery and
antibiotic use. Although we have examined a few components of the milk niche (HMOs, fatty
acids, and hormones), more ecologically-informed parameters (such as Carbon and Nitrogen
availability and pH) might be of more direct relevance for future studies. It will also be
important to explore the impact of host genetics and immunity. Finally, understanding biotic
interactions among bacteria and between bacteria and other microorganisms including fungi
and viruses will also be fundamental in understanding the determinants of the milk

microbiota composition.

9.5. Sex-specific effect of factors on milk microbiota
Interestingly in our study, milk microbiota diversity was influenced by infant sex and
we observed sex-specific differences in the strength and significance of associations between

microbiota and other factors. For example, maternal BMI was only significantly associated
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with milk microbiota in milk produced for daughters while the variability explained by mode
of breastfeeding was higher for sons. In addition, the combined contribution of all the factors
accounted for larger proportion of variation in sex-stratified compared to non-stratified
analysis, primarily driven by a higher contribution from HMOs and milk fatty acids after
stratification. Although not widely studied in modern humans, the Trivers-Willard hypothesis
suggests that maternal investment in milk composition differs by offspring sex (286). For
example, sex-dependent variations have been observed for milk calcium, cortisol, and protein
in Rhesus macaques and Macropus eugenii (287-290). Fetal sex is also suggested to affect
milk production volume in dairy cattle (291), and we have found sex differences in the
duration of breastfeeding (possibly reflecting milk supply) in two independent birth cohorts
in Canada and the United Kingdom (292). Whether sex differences in the milk microbiota
could also be explained in light of the evolutionary biology or cultural practices needs further
investigation.

We observed intriguing differences in milk microbiota o diversity and overall
community structure according to infant sex. There was a trend in direct association of infant
sex with milk microbiota in our SEM analysis, and we also found sex-dependent associations
of breastfeeding mode, exclusivity, and lactation stage (higher R* in males), as well as parity,
mode of delivery, and maternal BMI (significant in females only) with milk microbiota in
RDA. Lack of sex-stratified analysis could potentially explain why previous studies have
reported inconclusive results on the association of the above-mentioned factors with milk
microbiota.

The mechanism for the observed sex-differences in milk microbiota remains to be
determined. Sex differences in gut microbiota have been reported, and are usually attributed
to hormonal differences between male and female hosts (293). While the host is always

female in the case of milk microbiota, it is suspected (as described above) that milk
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microbiota is partially derived from the infant oral cavity, which may differ in male vs.
female infants (294). The sex differences we have observed in milk microbiota could
therefore be interpreted as additional evidence supporting the retrograde inoculation
hypothesis. Other mechanisms for these sex differences are also possible, as sex-dependent
variations have been observed in other milk components including calcium, cortisol, and fat
(287-289, 295).

However, sex-dependent variations have been observed in the milk calcium and cortisol
in Rhesus macaques specifically in nulliparous animals (287-289) and milk proteins in
Macropus eugenii (290). Human milk was found to be higher in fat concentration for
daughters in economically-deprived families (295) which was suggestive of Trivers-Willard
hypothesis of differences in the mother’s investment based on the offspring sex (286).
However, similar effect was not detected in Filipino mothers (296). Although, infant sex was
not significantly associated with milk microbiota in SEM, we observed sex-depended
association of breastfeeding parameters including mode, exclusivity, duration, and HMO
composition with milk microbiota variation in RDA. Whether sex differences in the milk
microbiota could also be explained in light of the evolutionary biology needs further
investigation.

Several aspects of pregnancy outcome is dependent on fetal sex (297) with a direct
interaction with maternal genome in altering cardiometabolic parameters in the susceptible
women (298). The milk composition in dairy cattle, fetus sex is suggested to affect milk
production (291). We did not observe a sex-dependent difference in HMOs and metabolic
hormones in the same set of samples (unpublished). However, sex-dependent variations are
observed in calcium and cortisol (288, 289) in rhesus macaques specifically in nulliparous
animals (287) and in x and y in Macropus eugenii (290). Human milk was found to be richer

for daughters in poor families in Kenya (295) which was suggestive of Trivers-Willard
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hypothesis (286). However, similar effect was not detected in Filipino mothers (296).
Whether sex differences in the milk microbiota could also be explained in light of the

evolutionary biology needs further investigation.

9.6. Pumping, milk microbiota and associated controversies

Although our study was not specifically designed to assess the effect of pumping, we
compared milk from mothers who sometimes used a breast pump to express milk for their
infant (at least once in the two weeks prior to sample collection) to those who did not feed
pumped milk to their infant. Although we did not document nursing frequency, it is
reasonable to assume it was lower among mothers who pumped; thus, one could argue that
we actually (or also) assessed the impact of less vs. more direct exposure to the infant oral
cavity. In other words, our results could reflect an increased exposure to pumps and/or a
decreased exposure to the infant mouth. Either way, we observed that the bacterial diversity
and composition were slightly different between these two scenarios, providing some
evidence for the role of retrograde (exogenous) milk inoculation.

Although some bacterial families containing environmental opportunistic pathogens
such as Stenotrophomonas, Pseudomonadaceae, and Enterobacteriaceae were enriched in
the milk of mothers who pumped, our observational study could not assess the causal role of
pumping, nor the clinical significance of infant exposure to these milk bacteria. It is relevant
to note that while they are potential pathogens, Stenotrophomonas and Pseudomonadaceae
are common environmental bacteria, frequently detected in drinking water where they do not
cause harm in healthy individuals (299). Similarly, species belonging to the
Enterobacteriaceae family are normal members of the gastrointestinal microbiota and most
strains are harmless to the host (300). Overall, in the absence of strain-level information,
absolute quantification, and evidence for colonisation of these bacteria in the infant gut or

upper respiratory tract, it is not possible to confirm the clinical significance of these milk
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bacteria. Studies designed specifically to address these questions are warranted, given the
substantial and increasing use of breast pumps worldwide (124), and evidence that the
bacterial content of pump-expressed milk varies considerably depending on the setting,
handling and storage of the milk, and cleaning of the pump equipment (126). We are aware
of one such study (clinicaltrials.gov, NCT03123874) (141) and eagerly await the results.

Our paper drew considerable media attention to the fact that pumping may impact milk
microbiota composition. Some headlines inaccurately stated that pumped milk “causes
diseases” or provides “nasty bacteria” to infants, raising understandable concerns from
mothers who pump. These unsubstantiated claims oversimplify a complex and emotionally-
charged issue. It must be acknowledged that, for a variety of reasons, pumping may be the
only way for some mothers to provide their own breast milk to their infant, and this is still
beneficial compared to formula feeding. The well-established benefits of breast(milk)feeding
for both maternal and infant health (301) occur through multiple different and still
incompletely understood mechanisms, many of which involve other non-microbial
components of milk that remain intact upon pumping and storage. Still, our research (10, 12)
and other studies (302) do suggest that pumped milk is not equivalent to nursing at the breast,
so it is important to continue studying the impact of pumping on milk composition in order to
understand and optimize this process. Finally, it is also important to undertake knowledge
translation efforts with the recognition that supporting breastfeeding is a societal

responsibility and not solely the duty of individual mothers.

9.7.  Culture-dependent milk microbiota analysis

Microbiome studies are shifting to culture-based isolation of human-associated bacteria
allowing phenotypic characterisation and translational analysis (303, 304). The majority of
culturomics or culture-enriched molecular profiling studies have been conducted on human

stool samples (56-58, 303). In a recently published report, several members of the milk
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microbiota including Streptococcus spp. and Enterobacteriaceae were frequently isolated
using anearobic culture (272). In our pilot, we successfully isolated major milk bacteria
including Streptococcus, Staphylococcus, and Bifidobacterium from fresh milk samples. The
number of isolates and the bacterial composition was different for different milk samples in
accordance with the inter-individual variability observed in the culture-independent results
from this thesis (139).

In our small culture-dependent pilot of pumped milk, we could not isolate bacteria from
long-term frozen samples. In a previous targeted culture-dependent study from 2011,
approximately 5% of milk samples did not yield any bacterial isolates (33) suggesting that
some milk samples may not contain detectable bacteria or have low bacterial cell
concentrations in accordance with previous studies (24).

Statistical methods to identify potential reagent contaminants such as decontam (190)
are not optimised to detect highly prevalent contaminants, a likely phenomenon in
sequencing-based study of microbiota in low biomass samples such as milk (51, 52). In this
case, results of culture-enriched molecular profiling are suggested to help identify the true vs.
noisy (contaminant) signals in the data (70). In comparing the culture-independent milk
microbiota composition in the CHILD Cohort Study to that of the culture-enriched molecular
profiling notable observations were made: 1) All the commonly isolated milk bacteria using
culture-enriched molecular profiling such as Staphylococcus and Streptococcus were also
highly prevalent in the culture-independent approach in agreement with a previous
comparison of culture and qPCR (30); 2) Bifidobacteriaceae was detected at the same
prevalence in culture and sequencing. This observation was in contrast to a previous report on
higher frequency of detection of Bifidobacterium by molecular assessment (30); 3) Some of
the most prevalent bacterial families in the CHILD Cohort Study such as Pseudomonadaceae

were isolated at very low prevalence in culture; and 4) Some of the most abundant bacterial
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families in the CHILD Cohort Study such as Comamonadaceae and Oxalobacteraceae were
not present in culture and thus are likely reagent contaminants. This observation highlights
the limitations of statistical approaches to identify potential reagent contaminants. In
agreement with de Goffau et al. (70), I propose that culture-informed milk microbiota studies
could enhance the success of identifying and excluding potential reagent contaminants and
thereby provide a more accurate representation of the microbiota profile.

Culture-based microbiome analysis main advantage is the isolation and banking of
bacterial species from samples (niches) of interest. These bacterial isolates can then be used
for various downstream investigations including in-depth genetic and phenotypic
characterisations of the bacteria (303, 305), screening of bacteria-bacteria interactions (306,
307) and drug/metabolite-bacteria interactions (308-311), causal studies of the role of the
bacteria in human disease in model systems (304). There is a keen interest in exploring
probiotic properties of human milk bacteria (119, 312-314). Isolation of bacteria is required
for the in vitro and in vivo investigation of probiotic properties of milk microbiota (315-317)

and has been previously applied to human milk (318).

9.8. Milk microbiota analyses are robust to the choice of data processing and
contaminant removal

Sequencing-based microbiome studies are highly influenced by the various
bioinformatics and data processing choices (319, 320). Specifically, with the recent shift from
clustering-based OTU picking methods to denoising algorithms identifying ASVs, it is not
clear how the results previously published using OTU-picking methods will compared to the
more recent results including ours using ASV methods. Moreover, milk is a low biomass
sample and thus highly susceptible to reagent contaminants in culture-independent
sequencing-based microbiota profiling (51). To our knowledge, the majority of previously

published milk microbiota studies have not assessed the potential reagent contaminants (113).
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Therefore, the comparability and generalizability of different studies in terms of the milk
microbiota composition and association with maternal and infant characteristics are not
known.

In a head-to-head comparison of an OTU-picking method with a denoising algorithm,
we observed high degrees of agreement and consistency in milk microbial features regardless
of the methods. Importantly, the epidemiological associations of richness, diversity, and
overall composition were not strongly impacted by the choice of the sequencing processing
approach. Addition of a contaminant removal step resulted in minor shifts in the composition
of the most abundant taxa as well as association of richness with a few of the variables
assessed when using DADA2-processed data. The overall conclusions of the study and the
main determinants of milk microbiota composition (e.g. consistent association of feeding
mode with milk microbiota composition (139)) remained robust to the choice of OTU vs.
ASV methods with or without contaminant removal. Our results suggest that previous studies
of milk microbiota and potentially other low biomass samples using OTU picking approaches
are likely valid specifically for the composition of the most abundant taxa, and the metrics

which put less emphasis on richness.

9.9.  Are fungi universally present in milk?

It is intriguing that fungi were not present in the majority of samples in our study.
Previous culture-dependent and -independent studies in dairy animals (102, 321) and humans
(31, 38, 98-100) have confirmed the presence of fungi in milk. However, while the majority
of animal milk samples contained detectable levels of fungi (102), the prevalence of fungi in
human milk has varied from 40% (by culture), to 35-80% (qPCR), and 70-100% (sequencing)
(98, 99, 101). The prevalence of fungi in our study was lower than previously reported
estimates; potentially due to the higher and more conservative threshold we applied to define

fungal presence, other methodological differences (e.g. sequencing depth or target region:
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ITS2 in our study and 28S rRNA and ITS1 in previous reports), or true geographical
variations between countries (Canada in our study vs. Spain, South Africa, Finland, and
China in previous reports). However, our results are consistent with low prevalence of
Candida in human milk (31, 33) and reports of non-universal fugal presence in the infant gut
over the first year of life (95). Given that fungi constitute the rare biosphere of the human
microbiota (92), it is conceivable that a greater sampling effort may improve their

identification in low biomass samples such as milk.

9.10. Origins and determinants of milk mycobiota

The origins of milk fungi are unclear and it is not known whether milk is evolved to
transfer maternal fungi to the infant. The external (retrograde inoculation) and internal
(entero-mammary) pathways hypothesized for the origins of milk bacteria (105, 131) could
potentially be extended to milk fungi. However, the supporting evidence in general is
lacking. Additionally, it is not clear whether fungi exist in the intramammary milk or only
following expression potentially originating from maternal skin. Dominance of milk
mycobiota by Candida (a common oral fungi (251)) in a subset of samples in our study and
others (98, 100, 101) suggest the infant oral cavity as a potential source of milk fungi even in
the absence of symptomatic oral thrush (322), while dominance of environmental fungi such
as Penicillium, Exophiala, and Rhodotorula in other samples suggest contribution from
maternal skin or other environmental surfaces (Figure 63).

Although previous studies have found that milk collection using a pump, bottle feeding,
and frequent pacifier use were associated with increased prevalence of Candida spp. in
human milk and the infant oral cavity (31, 322), we did not observe any differences in
mycobiota presence, diversity or composition according to mode of breastfeeding (nursing at

the breast vs. pumped and bottle feeding at least once in the preceding two weeks). It remains
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possible that pumping has a transient effect on the milk mycobiota that was not detectable in
our study.

We observed that some maternal characteristics such as maternal atopy were associated
with mycobiota diversity suggesting that the diversity of milk fungi is influenced by maternal
characteristics. The direction of association with maternal atopy warrants further
investigation, as it is possible that host immunity influences both atopic sensitization and
fungal colonization of the skin and/or milk, or alternatively, that environmental fungi
influence both maternal atopy and milk mycobiota (266). We have also observed associations
between two specific HMOs and milk fungi, which warrants further exploration. There is
preliminary evidence that milk protein content might be associated with milk fungi (98), but
the extent to which other milk components including HMOs and immunomodulatory factors

influence milk fungi remains to be elucidated.

9.11. Regional and seasonal differences in the prevalence of fungi

The environmental pool of available species is an important factor influencing the
formation and composition of microbial communities (323). Similar to Boix-Amords et al.,
we observed geographical variations in prevalence of milk fungi with the highest prevalence
of fungi observed in milk from mothers residing in Vancouver (a large coastal Canadian city
with humid climate, high annual precipitation, and mild winters) compared with smaller
Canadian cities in the Prairies with lower average temperature precipitation. This difference
was partly explained by differences in population density and season, but was not related to
other characteristics of the outdoor environment (e.g. greenness) or home environment (e.g.
mould, dust). Prevalence of fungi was lower in milk samples collected in spring consistent
with seasonal variations reported in goat milk fungi (261) which could be partly attributed to

fluctuations in outdoor (262) and indoor (263) environmental fungi levels.
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Figure 63. Potential sources of milk mycobiota and factors influencing their prevalence
and composition. Environmental factors including season, city, and vegetation can influence
the abundance and composition of the available pool of fungal species that colonise the
maternal skin and infant oral cavity. Fungi could be transferred to the milk from the skin
and/or infant oral cavity via retrograde mechanism. Milk bacterial composition could also
influence milk fungi either within the milk environment or via interactions on the skin or in
the infant oral cavity. Maternal characteristics and components of the milk microenvironment
could also influence milk mycobiota (see Chapter 7).

9.12. Bacteria-fungi interaction in the milk: direct or indirect interaction?

We observed associations between bacterial composition and presence and relative
abundance of fungi, suggesting that some milk bacterial communities were more permissive
to fungal presence, or vice-versa. Correlation of bacterial and fungal richness but not
diversity suggests that certain factors may impact microbial dispersal in general, and thus

enhance both bacterial and fungal richness, whereas the diversity of each kingdom is
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separately determined by the niche relevant biotic and abiotic factors. To our knowledge,
only one previous study has examined the potential interaction of fungi and bacteria in milk,
finding a positive correlation between the skin inhabitant genus Malassezia and bacterial load
(98). Our results provide preliminary evidence for antagonistic bacteria-fungi interactions,
consistent with evidence that some milk bacteria demonstrate antifungal properties (253,
254), as observed in other environments (255). More research is needed to determine whether
this observation is due to active fungi-bacteria ecological interactions within the milk

environment, or perhaps the infant oral cavity.

9.13. Milk microbiota and other milk components

Our study uniquely investigated the relationship of milk microbiota and other milk
components such as fatty acids, maternal hormones, and HMOs, which may shape the overall
milk environment and create the niche for the milk microbiota (153). Using RDA we
observed a trend in the association of milk fatty acid and HMO profiles with milk microbiota
composition. However, using SEM we did not detect a directional or correlational association
of the overall milk environment with the milk microbiota composition, perhaps because our
study lacked information on other key components of the milk environment (e.g. immune
cells, cytokines and micro- and macro-nutrients). Further research is warranted to explore the
interaction between milk microbiota and other milk components, and to study their combined
impact on infant development.

To our knowledge, this is the first integrative analysis of human milk microbiota with
HMOs and milk fatty acids. We applied multiple statistical approaches to combine and
simultaneously analyse the association of these milk components with milk microbiota while
controlling for important covariates reflecting maternal genetics, diet, and breastfeeding
practices. Overall, the correlations between milk components within each group were

stronger and more frequent than correlations between components from different groups.
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on a2-3 linkages, enabling them to release free sialic acid from these particular HMOs (326).
However, whether these HMOs are metabolized by the majority of milk bacteria is not
known. Given the large abundance of lactose as a more accessible carbon source in milk, it is

also not known if HMOs are a major source of energy for milk bacteria.

9.14. HMOs and milk Bifidobacterium

We specifically investigated Bifidobacterium because this species is predominant in the
gut of breastfed infants, yet the source of this bacterium is unclear. Interestingly, only 39% of
human milk samples in our study contained Bifidobacterium, which is curious in light of the
current consensus that Bifidobacterium is vertically transferred via breastmilk to ‘seed’ the
infant gut. Notably, our samples were collected at 3-4 months postpartum, so it remains
possible that bifidobacteria are more ubiquitously present earlier in lactation. Previous studies
examining strains of Bifidobacterium in infant gut, mother’s milk, and maternal gut have
concluded that they could be transferred from mother to infant through milk (258, 327). If
this is true, HMOs could provide a mechanism for selection and enrichment of
Bifidobacterium spp. in human milk as it is being produced in the mammary gland. Indeed,
we found significant associations between a few HMOs or HMO types and the presence or
relative abundance of Bifidobacterium in milk, suggesting that certain HMO profiles could
perhaps generate a favourable niche for this bacterium in milk by providing a preferential
substrate for specific Bifidobacterium species. However, this hypothesis requires further
investigation since Bifidobacterium and HMO metabolism pathways were not detected in a
small-scale shotgun metagenomic study of the milk microbiota (44), and to our knowledge,

there is currently no evidence that bacteria actively metabolize HMOs in the mammary gland.

9.15. Milk fatty acids and milk microbiota
We also provide evidence for a potential association between milk fatty acids and
microbiota. The majority of studies examining fatty acids and microbial communities have
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focused on microbial production of short chain fatty acids in the gastrointestinal tract (328),
whereas we explored associations between medium and long chain fatty acids and microbiota
in milk. We observed a significant association of the fatty acids profile with the overall
microbiota composition. However, this pattern emerged only when examining the summary
metric of fatty acids profile (i.e. PC1) and controlling for HMO profile and confounding
variables, potentially indicating a subtle impact of the fatty acids on microbiota. We also
identified a few specific fatty acids to be associated with microbiota o diversity or overall
composition. Stearic acid (18:0) was the fourth most abundant fatty acid in our study and was
significantly associated with the overall composition of the milk microbiota independently of
confounding factors. The causative mechanism for these associations is unclear since some
fatty acids have antibacterial properties (159, 160) while others are produced or consumed by
the microbial community. Pathways are described for recognition and uptake of exogenous
fatty acids by bacteria. Internalised fatty acids will be metabolized and utilized as
transcriptional regulators, source of energy, or membrane phospholipids (329). Moreover,
some fatty acids are considered as potential prebiotics (330). Even though we did not observe
many correlations of milk fatty acids with milk microbiota, it is possible that fatty acids alter
bacterial physiology and virulence (331-334) rather than growth kinetics. Alternatively, milk
fatty acids could modulate milk immune cell concentrations (153) and hence indirectly affect
milk microbiota. Generally, it is unclear if milk fatty acids, which are largely bound to
glycerol, are readily accessible to milk bacteria. It is possible that some fatty acids are
released in the infant oral cavity by lingual lipases (335) and thus either locally affect the oral
bacteria before retrograde inoculation of the mammary gland, or alternatively get transferred

to the intramammary region with the retrograde milk flow during breastfeeding.

144



9.16. Functional importance of milk microbiota

Breastfeeding has an important role in infant gut microbiota development and
maturation (4). This effect is mainly believed to be mediated via other components of the
milk, most prominently HMOs that remain intact upon pumping and storage. There is limited
evidence in animals that mode of breastfeeding might impact the offspring gut microbiota
composition (336). However, the extent to which milk bacteria contribute to the infant gut
microbiota is currently unknown. We had previously observed higher risk of possible asthma
at the age of 3 years with some pumped milk compared to direct breastfeeding (10) and thus,
speculated that this observation might be due to differences in the milk microbiota
composition. We are currently exploring these associations in the CHILD Cohort Study.

The functional importance of the milk microbiota is poorly understood. In the dairy
industry, the focus of milk microbiota research is heavily geared towards udder health and
prevention of mastitis (123). In humans, it is often argued that breast milk not only provides
nutrients to the infant, but also serves as a source of probiotic bacteria contributing to the
establishment of the infant gut microbiota (188). This hypothesis is largely based on
comparative analyses identifying a few shared taxa between maternal milk and infant stool
that are absent in the infant oral cavity (258, 327). However, computational estimations
suggest that only 20% of taxa in the infant gut microbiota are shared with breast milk (189).
The infant oral microbiota is another possible source of seeding bacteria for the infant gut
(337, 338). It is suggested that oral microbiota could reach distal segments of the GI tract
directly through swallowing saliva, or indirectly through retrograde inoculation of breast milk
(258). There is also a theoretical possibility of bacterial exchange in the opposite direction,
with milk bacteria seeding the oral cavity (258). Moreover, aspirations during breastfeeding
could deliver bacteria to the infant respiratory system (339). Thus, through multiple possible

mechanisms and origins, milk bacteria may colonize and/or functionally influence the infant
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gut, oral cavity and respiratory tract. We did not assess the infant microbiota in our milk
microbiota study (139), but these data are available for the CHILD Cohort Study and we are
currently undertaking an integrated analysis of milk, stool and nasal microbiota.

There has been a major focus on Bifidobacterium as the most abundant genus in the
infant gut and the best-studied bacterium in terms of HMO utilization (340). Assuming
Bifidobacterium spp. are evolutionarily selected to be transferred to the infant (341, 342), the
evidence is scarce that this transfer has evolved to be exclusively from the mother (vertical
transfer) or to occur via breast milk. Acknowledging the limits of detection by current
methods, Bifidobacterium spp. were detected at low frequency by culture and sequencing in
previous milk microbiota studies (214, 343), as well as our study where only 40% of milk
samples contained amplicon sequencing variants from this genus (214). While vertical
transfer of obligate symbionts occurs in some holobionts (e.g. Buchnera aphidicola in
aphids), in other cases they can be horizontally transferred from the environment (e.g. Vibrio
fischeri in squid) or from other members of the host population (e.g. core Gram negative
bacteria in honey bees) (344). Similarly in humans, horizontal transfer of bifidobacteria and
other bacteria from the environment and other household members likely contributes to the
development of the infant gut microbiota (345), regardless of breastfeeding. A fresh outlook
based on principles of holobiont ecology (346) is required to better understand the functional
importance of milk in vertical and horizontal bacterial transmission.

Developmental origin of health and disease hypothesis stipulates that early life events
have long-lasting health impacts on the infant (347, 348). Infant gut microbiota develops
through a complex process of stepwise successions beginning at birth (349). Priority effect
hypothesis suggests that the final composition of the infant gut microbiota depend on the type
and order in which organisms are colonised in the intestinal tract (350). Breastfeeding is by

far the most influential factors shaping the infant gut microbiota (4, 258, 327). Milk
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microbiota could provide the pioneering species and impact the final composition through the
mechanism of priority effect (188). Strain similarities between maternal and infant gut and
the milk microbiota in human studies support this hypothesis (327). It is plausible, that the
distinct profile of milk microbiota could partly be responsible for modulating the infant gut
microbiota taxonomic and functional diversity contributing to the overall metabolic
homeostasis.

Milk bacterial isolates have different levels of resistance to conditions mimicking
passage through the gastrointestinal tract (i.e. pepsin at pH 2 representing stomach and bile
and pancreatin at pH 8 representing small intestine). For example, Lactobacillus rhamnosus
and Enterococcus isolated from milk were sensitive to low pH while being tolerant to
intestinal conditions whereas L. gasseri survived low pH (32). If milk bacteria are indeed
seeding the infant gut, they need to be able to survive the harsh chemical conditions of
different segments of the gastrointestinal tract. It is speculated that although milk bacterial
isolates are vulnerable to pH and bile salt fluctuations, milk could provide a protective
vehicle for safe passage of bacteria to distal segments of the infant gut.

Breastfeeding has been associated with lower risk of non-communicable
diseases/conditions such as asthma and obesity (8-14). Although, the results are contradictory
in different studies the overall trend seems to be protective especially in early life (8, 351).
Health impacts of breastfeeding on the infant are suggested to be partly mediated via its
impact on the infant gut microbiota development (352-354), which is implicated in
predisposition to pediatric asthma and allergy (355). The beneficial effects of breastfeeding
on infant health could potentially be mediated by HMOs and milk microbiota which
modulate the infant gut microbiota composition (188); and milk immune components (e.g.
cytokines, antibodies, and immune cells) which confer immunity to the infant in the absence

of a mature immune function (356). Variations in HMOs have been associated with food
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sensitization (357, 358) and asthma (Our group, unpublished). Currently there is no evidence
on the association of milk microbiota and mycobiota with infant health outcomes including
asthma. However, infant’s gut and upper respiratory tract microbiota composition have been
associated with asthma (352-354, 359-361). Additionally, early life exposure to fungi has
been associated with pediatric asthma in farm and urban environments (94, 362, 363). If
breastfeeding is indeed modulating the infant microbiota development by enriching,
protecting, and delivering bacteria and potentially fungi to the infant respiratory and
gastrointestinal tract (18), it is plausible that alterations in the composition of the milk
microbiota and mycobiota could lead to an altered trajectories of respiratory and gut
microbiota development in the infant specifically, if the milk is depleted in beneficial
microbes or enriched in environmental bacteria or fungi and potential pathogens. This thesis
has shown that mode of breastfeeding (pumped and bottled vs. directly at the breast) affects
the composition of milk microbiota reducing the overall alpha diversity and enriching
potential pathogens including Sphingomonadaceae and Enterobacteriaceae (139).
Additionally, an increased risk of developing asthma due to bottle feeding has been observed
in the same population (10). It is plausible that the risk-modifying effect of bottle-feeding is
partially mediated via its impact on the milk microbiota. Given the discordant prevalence of
atopy across study sites in CHILD cohort (364), and higher prevalence of milk fungi in
Vancouver compared to other sites (267), it is also conceivable that milk fungi could

influence the risk of asthma (Figure 64).
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Figure 64. Association of breastfeeding with lung health and asthma. Breastfeeding
influences infant gut microbiota development and stability during the critical developmental
period in early life via two of its main components: human milk oligosaccharides (HMOs)
and milk microbiota. HMOs exert a selective pressure within the infant gut microbial niche,
preferentially promoting the proliferation of specific bacteria including bifidobacteria. Milk is
also a source of viable bacteria originating from the maternal gut and infant oral cavity. HMO
composition is influenced by maternal genetics, geography, and season while microbiota is
affected by maternal weight status, mode of breastfeeding and infant sex. Variations in
HMOs and milk microbiota could modulate the effect of breastfeeding on the infant gut
microbiota, which in turn shapes the infant immune system and could ultimately influence
lung health and development. Reproduced from Moossavi et al. (188).
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10. OVERALL CONCLUSION AND FUTURE DIRECTION

10.1. Conclusion

In this large and comprehensive study, we profiled milk microbiota and mycobiota
using culture-independent amplicon sequencing in the CHILD Cohort Study and conducted a
pilot study of culture-enriched molecular profiling of milk microbiota. We have used
multivariable approaches to explore many features and potential determinants of human milk
microbiota and mycobiota composition. Our results suggest that there is an agreement
between culture-independent and culture-enriched milk microbiota composition.
Additionally, we showed that multiple maternal, infant and environmental factors
interactively influence milk microbiota composition. Most strikingly, indirect breastfeeding
and pump-expression were consistently associated with milk microbiota composition
highlighting the importance of breastfeeding practices. Interesting sex-differences were also
identified, as well as potential associations between microbiota and other milk components.
Further research is warranted to replicate these findings in other populations and explore their
implications for infant health and development.

The fact that human milk contains bacteria, even when collected aseptically, has been
known since the 1920s (365). Yet, milk bacteria are often perceived in an unfavourable light,
considered as contaminants introduced during handling, processing, and storage (19). The
recent paradigm shift regarding the significance of the host-associated microbiome including
milk microbiota has resulted in a new appreciation of the milk bacteria (20). The culture-
independent approach to study milk microbiota is relatively new and poses unique challenges
compared to other host-associated microbial niches with higher biomass, such as the
gastrointestinal tract. Nevertheless, these methods offer new opportunities to study and

understand the microbes present in human milk, identify their sources, mechanistically
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dissect their role in maternal and infant health, and help inform new microbiome-targeted
strategies for health promotion and disease prevention.

Research over the past decade has demonstrated a diverse community of bacterial
species in human milk (17). The initial pioneering studies focused primarily on describing the
milk microbiota rather than understanding the maternal, infant, milk, and breastfeeding
factors that influence its diversity and composition. In accordance with previous studies, I
showed that milk microbiota taxonomic composition was highly variable between
individuals. By applying multiple statistical methods and theory-driven causal modelling, I
provided evidence that mode of breast milk feeding (nursing directly at the breast vs.
pumping and feeding breast milk from a bottle) was significantly associated with milk
microbiota composition, more than any other factor examined. These findings have improved
our understanding of milk bacteria, their origins, and their potential impact on infant health,
and raised many new questions for further investigation.

Our results indicate that fixed and modifiable factors can influence the milk
microbiota in a sex-specific manner. Whether milk provides bacteria to colonize the infant
gut or merely provides selective nutrients to foster a permissive environment is still an open
question. Further investigation is needed to determine if milk effectively transfers maternal
microbiota or simply enriches and protects the infant oral microbiota for a safe passage to the
infant’s distal gut. Studies are also needed to identify sources of exogenously-derived
bacteria, characterize other elements of the milk microbiota, including viruses, and determine
the impact of pumping on the microbiota of expressed milk. The impact of milk microbiota
on infant gut microbiota development and health remains to be explored, and could have
important implications for microbiota-based strategies for early life prevention of chronic

conditions.
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As denoising methods for processing amplicon sequencing data become increasingly
common, it is important to understand their potential impact on estimating microbiota
composition and biological associations, and reconsider the interpretability of previous
studies. Our results suggest that although microbiota richness and some members of the
microbial community are strongly influenced by the choice of sequencing processing method,
there is high agreement and consistency between methods for estimating microbiota diversity
and quantifying the majority of the most abundant taxa. In light of our observation that the
associations with metadata and the main conclusions were robust to the choice of sequence
processing approaches and contamination removal, previous studies of milk microbiota and
potentially other low biomass samples using OTU picking approaches are likely valid both in
terms of the composition of the abundant taxa and associations, especially for metrics that put

less emphasis on richness. The overall conclusions are summarised in Box 7.

Box 7. Summary of the overall conclusions

* Human milk contains a diverse community of bacteria profiled by both culture-
independent (CHILD study) and culture-enriched (pilot study) molecular profiling

* Human milk also contains fungi albeit at lower prevalence in the CHILD study.
* Inter-kingdom interactions exist between milk microbiota and mycobiota.

* Milk contains viable bacteria that could be isolated by culture-enriched molecular
profiling.

* Bacterial profiles of different milk fractions are different.

* There is a good agreement in the most prevalent/abundant bacteria between culture-
independent (CHILD study) and culture-enriched (pilot study) microbiome.

¢ Several maternal, infant, milk, and environmental factors are associated with milk
microbiota and mycobiota compositions in the CHILD study.

* Mode of breastfeeding has the strongest influence on milk microbiota while
environmental factors are the most prominent factors shaping milk mycobiota.

* Choice of sequencing processing approach with or without contaminant removal does
not impact the main statistical conclusions related to milk microbiota determinants.
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10.2. Strengths

The main strengths of this study are dual culture-independent profiling of microbiota
and mycobiota in the CHILD Cohort Study complemented with a pilot culture-enriched
molecular profiling of milk microbiota. Culture-dependent approach confirmed the
composition of milk microbiota identified in the CHILD Cohort Study. The major strength of
the CHILD project is our unique multi-variable and multi-method approach to assessing the
effect of diverse maternal, infant, early life, environmental, and milk factors on the milk
microbiota and mycobiota, using the rich data and large sample size afforded by the CHILD
Cohort Study. The comprehensive statistical approach undertaken in this thesis has
significantly improved our understanding of the determinants of milk microbiota and
mycobiota composition. Additionally, an integrative, multi-variable approach was adapted to
assess the associations between major milk components including HMOs and fatty acids and
milk microbiota. In this study, we were able to control for maternal intake of fish oil
supplement and secretor status as key factors influencing fatty acids and HMOs, respectively.
Notably, however, the many factors we evaluated collectively explained less than a third of
the total variation observed in milk microbiota composition, indicating that other unmeasured
factors such as milk immune factors and host genetics are potentially contributing to the large

inter-individual variation in milk microbiota profiles.

10.3. Limitations

The main limitation of our study is that milk samples in the CHILD Cohort Study were
pooled from multiple feeds and were not collected aseptically, in order to reflect the average
composition of milk fed to each infant. While this collection protocol precludes analysis of
potential diurnal variations and limits our ability to strictly study the milk microbiota
(without skin or other contaminants), it provides an accurate representation of the microbiota

that infants ingest, which is arguably more biologically relevant to infant health outcomes.
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Although refrigeration could potentially impact the microbial profile of the milk samples
(366), we did not find any association between sample processing time and milk microbiota
composition. We collected a single sample from each mother, so we could not examine
longitudinal changes in milk microbiota composition over time. Although we identified
potential reagent contaminants at the sequencing step, sequencing results were not available
for DNA extraction negative controls and thus we were not able to identify and remove
potential contaminants which might have been introduced during the extraction. As 16S
rRNA gene sequencing has limited capacity to resolve the taxa to species and strain levels,
further metagenomic studies are required to confirm and validate the results of this study.
Information on mastitis, which could be associated with shifts in milk microbiota and fatty
acid compositions (42, 367), was not available in our study, and absolute concentrations of
fatty acids were not available. Other milk components such as antimicrobial peptides and
antibodies, which could confound the association of HMOs and fatty acids with milk
microbiota, were not available for our samples. Finally, as with all culture-independent
microbiota studies, we could not quantify bacterial load nor confirm the viability of bacteria

identified in our samples (312).

10.4. Future direction

10.4.1. Scientific considerations

Milk microbiota is a hot research topic in the field of developmental origins of health
and disease. Building on earlier studies, our recent findings shed new light on the
composition and determinants of the milk microbiota, and raise new research questions about

the origins, function and analysis of milk bacteria (Box 8).
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Box 8. Unanswered questions about milk microbiota

* Do specific bacteria get selected from the maternal gut and/or oral microbiota for
translocation to the mammary gland? How does this occur?

o Is the translocation specifically directed to the mammary gland?

o Do bacteria transferred to the mammary gland remain viable?

o Are these bacteria released or do they remain within immune cells upon
reaching the mammary gland?

o Do these bacteria permanently colonise the mammary gland and remain viable
regardless of lactation?

o Is this process specifically stimulated or upregulated during pregnancy and
postpartum? If so, how is this process regulated?

* Do external bacteria enter the mammary gland through the nipple? How does this
occur?

o Are infant oral bacteria transferred into the mammary gland during suckling?
o Are bacteria from breast pumps transferred into the mammary gland during
pumping?
o Does the mechanical force of pumping affect the intramammary milk
microbiota?
* How do breast pump cleaning practices and milk storage conditions affect the
microbiota of expressed milk?

* How do the qualities and mechanics of different breast pumps and accessories affect
the microbiota of expressed milk?

* What best practices should be applied to milk microbiota analysis to promote accurate
and reproducible results (e.g. collection, storage, processing, DNA extraction, and
sequencing quality controls)?

* How does milk microbiota composition vary throughout lactation?

* How do other microorganisms (e.g. fungi and viruses) contribute to milk microbial
communities?

* How do other milk components and characteristics influence the milk microbiota?
* Do milk microbes colonize the infant gut?

* What is the relative importance of the prebiotic (e.g. milk oligosaccharides) vs.
probiotic (i.e. live microorganisms) components of human milk?

So far, milk microbiota studies have mainly been observational cross-sectional studies
based on 16S rRNA amplicon sequencing, a method that is susceptible to reagent
contamination when analyzing low biomass samples such as milk, and cannot distinguish

between live or dead bacteria. Better understanding of the dynamics and function of milk
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microbiota requires a comprehensive multi-pronged strategy that 1) assesses viability,
activity, and function of milk bacteria; 2) examines the temporality of the microbial load and
composition throughout lactation; 3) studies other members of the microbial community
including viruses, which can conceivably be vertically transferred more readily than the
bacteria (341), and fungi, which could have important health implications; 4) evaluates the
interaction between milk microbiota with the maternal and infant immune systems; and 5)
experimentally establishes the functional significance of milk microbiota. In addition, the
origins of milk bacteria should be rigorously assessed using appropriate experimental study
designs and suitable animal models that distinguish between intramammary milk and the

expressed milk ingested by the offspring.

10.4.2. Technical considerations

. Best practices in microbiome studies specifically for low biomass samples should
include: 1) negative controls for culture, DNA extraction, and sequencing library preparation,
2) sequencing sufficient numbers of negative controls, 3) biological replicates in different
runs, and 4) limit of detection controls using serial dilution.

. I propose that culture-informed milk microbiota studies could enhance the success of
identification and exclusion of potential reagent contaminants and thereby provide a more
accurate representation of the microbiota profile.

. The current biobanking gold standard for microbiome research aims to preserve the
original bacterial profile for downstream DNA and/or RNA-based sequencing. Frozen stool
samples have been successfully used for culturomics (64). However, I could not isolate
bacteria from long-term frozen milk samples which could potentially be due to variability in
the bacterial load of milk samples and the overall low biomass of milk microbiota. Although,
the results of this thesis should be verified in larger studies and milk samples of mothers of

healthy term infant, it is recommended that milk samples be stored using cryopreservatives
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such as glycerol to maintain the viability of bacteria for future culture-dependent downstream
investigation.

. There is a large variation in the absolute concentration of the total bacterial load in
milk (24, 25). Differences in microbiome composition based on relative vs. absolute
quantification have been previously shown (368). The more accurate absolute quantification
was specifically important in identifying bacteria associated with health outcomes (369)
highlighting the importance of absolute quantification in the study of the milk microbiota
composition specifically in relation to infant health outcomes.

. Bacteria exhibit a considerable amount of heterogeneity in metabolic activity (370,
371). The activity of bacteria could be assessed based on various cellular processes including
proliferation (372). By experimentally separating bacteria into multiple activity groups using
appropriate targeted labels prior to sequencing, it is possible to profile the microbiota based
on the activity levels. This approach has been successfully applied to the study of gut

microbiota (373).

10.4.3. Practical and translational considerations

Study of human milk microbiota has two immediate and potentially highly important
applications.
d It must be acknowledged that, for a variety of reasons, pumping may be the only way
for some mothers to provide their own breast milk to their infant, and this is still beneficial
compared to formula feeding. We have shown that pumping has the most consistent impact
on the milk microbiota composition potentially introducing environmental opportunistic
bacteria into the milk (139). While the significance of this observation for the health of the
infant is not clear, it could facilitate renewed discussions about the choice of the pump (e.g.

tubing material resistant to biofilm formation) and cleaning practices among the stakeholders.
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. The current standard in processing donor milk in human milk banks involves culture-
based bacteriological assessment for the common pathogens (including group B
Streptococcus, Staphylococcus aureus, coagulase-negative Staphylococcus, a-Streptococcus,
Enterococcus, and Bacillus sp.) followed by pasteurization (62.5 °C for 30 min) which
eliminates most milk bacteria except the spore-forming Bacillus species (374). Subsequently,
donor milk will be excluded if any of the following criteria are met: 1) isolation of any
pathogen, 2) non-pathogenic bacterial load > 10* colony-forming units/mL before
pasteurization, or 3) any positive culture after pasteurization (375). Donor milks are critically
important for the premature infants admitted to NICU who are especially vulnerable to
microbiome-mediated conditions, which can be fatal, including necrotizing enterocolitis
(376). Breastmilk provides optimal nutrition for premature infants, and human donor milk is
the best alternative when mothers cannot provide their own milk (377). While donor milk
processing aims to minimise the risk of pathogen transmission to the highly vulnerable infant,
it also eliminates the non-pathogenic components of the milk microbiota. While the role of
milk microbiota in infant health is not elucidated, it is conceivable that milk microbiota
influences the development of the infant respiratory tract and gut microbiota compositions. It
is therefore an open question if reconstitution of the donor milk with the infant’s own mother

milk microbiota (378, 379) would impact the health outcomes in premature infants.

10.5. Closing remark

Based on the results of this thesis and in accordance with the previously published
report, some bacterial and fungal groups are commonly detected in human milk of healthy
mother-infant dyads. However, the taxonomic structure and the diversity of the milk
microbial community are highly individualised. There is interest in defining a normal milk
microbiota. However, as I previously argued, it might be impractical to define normal

microbiota in the absence of health outcomes (380). While milk microbiology has been
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studied since the 19™ century (381) from an infectious disease perspective, the current
appreciation of commensal microbes combined with the increasing availability of novel
technologies and methodologies has set the stage for a comprehensive and theory-driven
approach to the study of milk microbiota, and the translation of this knowledge to improve

the health of the mothers and infants.
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