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Longitudinal analyses of infants’
microbiome and metabolome reveal
microbes and metabolites with seemingly
coordinated dynamics

Check for updates

HaoWu 1,10, Douglas V. Guzior 2,3,10, Christian Martin 3,4, Kerri A. Neugebauer5, MadisonM. Rzepka3,
Julie C. Lumeng6,7, Robert A. Quinn 3 & Gustavo de los Campos 1,8,9

Population studies have shown that the infant’s microbiome and metabolome undergo significant
changes in early childhood. However, no previous study has investigated how diverse these changes
are across subjects and whether the subject-specific dynamics of some microbes correlate with the
over-time dynamics of specific metabolites. Using mixed-effects models, and data from the ABC
study, we investigated the early childhood dynamics of fecal microbiome and metabolome and
identified 83 amplicon sequence variants (ASVs) and 753 metabolites with seemingly coordinated
trajectories. Enrichment analysis of thesemicrobes andmolecules revealed eight ASV families and 23
metabolite groups involving 1032 ASV-metabolite pairs with their presence-absence changing in a
coordinated fashion. Members of the Lachnospiraceae (464/1032) and metabolites related to
cholestane steroids (309/1032) dominated proportional shifts within the fecal microbiome and
metabolome as infants aged.

Background
In the last two decades, microbiome research has revealed that the diversity
and composition of the gut microbiome are related to lifestyle and can be
predictive of health outcomes1.More recently, scientists began to investigate
the association of gut microbiome with its corresponding metabolome (i.e.,
the collectionof biomolecules resulting fromhost ormicrobialmetabolism).
Accumulating evidence points to inter-dependencies between these two
omics which play diverse roles in physiology and pathology2–5. These
interactions between microbes and metabolites can be complex. For
instance, an over-time increase in the relative abundance of a microbe may
lead to an increased abundance of the metabolites it produces and a
simultaneous decrease in the abundance of the metabolites it consumes.
Identifying metabolite-microbe pairs with correlated dynamics could offer
deeper insights into the pathways linking lifestyle (e.g., dietary factors) to

chronic and acute diseases and could provide potential diagnostic and
therapeutic targets6.

The repertoire of methods used for the analysis of microbiome-
metabolomedata is growing.However,most commonly usedmethods (e.g.,
correlation analysis7,8 and multivariate reduced-rank methods9–13) are
designed for cross-sectional data and cannot capture the longitudinal
dynamics within subjects. This is particularly important for microbiome-
metabolome studies involving infants because both themetabolome and the
microbiome are known to undergo important changes in early childhood
from infancy to age three years14.

Longitudinal analysis15 is a well-established area of research in statis-
tical learning. In a random regression model, the longitudinal trajectory of
an outcome (e.g., the presence-absence or the abundance of a metabolite) is
modeled using a population curve (a trajectory shared across individuals)
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and a subject-specific component that captures the individual’s deviations
from the population trajectory16. A few studies have analyzed longitudinal
microbiome and metabolome data using mixed-effects models17–19; how-
ever, these studies focused on population changes (i.e., average changes
across subjects) without zooming into inter-individual differences in tra-
jectories. As the metabolome and microbiome composition could vary
markedly between individuals20, we cannot underrate the variability
between subjects in the over-time changes in the metabolome and the
microbiome and whether these changes show signs of coordination.

Therefore, in this study we used random regression models21

and longitudinal microbiome (bacterial 16S rRNA amplicon sequence)
and metabolome (untargeted liquid-chromatography tandem mass
spectrometry, LC-MS/MS) data from the ABC Baby Study22 to investigate
longitudinal changes in these omics in early childhood. We used the
inferred subject-specific longitudinal trajectories to identify metabolite-
microbe pairs that, within subjects, appear to change in a coordinated
fashion.

Results
The ABC Baby Study22 recruited 284 infant-mother dyads from commu-
nities within 1-h driving distance from Ann Arbor, Michigan, between
October 2015 and February 2019. Dyads were recruited when infants were
between 1 and 10 weeks of age.

Repeated assessments of infants’ body weight, length, feeding and
eating behavior, and dietary records occurred repeatedly across ages
2weeks, 2months, 4months, 6months, 9months, and 12months of age.Of
the enrolled infants, 118 provided stool samples collected using swabs with
wooden handles for analysis. These samples were used to generate ASV
(amplicon sequence variant) counts using 16S rRNA amplicon sequencing

anduntargeted LC-MS/MSmetabolomics collected at the above time points
in the first year of life for infant subjects.

Data pre-processing included removing molecules absent in over 90%
of samples, removing subjectswithmeasurements at less than threedifferent
time points, and normalization. This resulted in 147 ASVs being preserved
across 369 samples and 2422 metabolites across 510 samples from 99
individuals (see Methods for more details). Of the ASVs and metabolites
that passed the pre-processing steps, the average detection rates were rela-
tively low (26.8% formetabolites and 28.2% forASVs), indicating that either
the specific metabolite or ASV was not present or, if it was, the abundance
was below the minimum detectable level.

Among the infants that provided stool samples, approximately 50%
were female (Supplementary Table S1); 61%were non-Hispanic white, 12%
were non-Hispanic black, 8% were Hispanic, and 19% were from another
ancestry. The distribution of the ancestry and ethnicity of the subjects
included in this study (i.e. 99 subjects with at least three different time point
measurements) resembled the SoutheastMichigan population23. Additional
demographic, anthropometric, and milk-feeding characteristics of the
participants are provided in Supplementary Table S1.

Infant metabolomes and microbiomes show contrasting trajec-
tories in diversity driven by changing feature richness and
evenness
Weused the Shannon index24 to investigate the diversity in themicrobiome
andmetabolome through the first year of life. Themetabolome had amuch
higher diversity than the microbiome–this is consistent with previous
reports17. The longitudinal profile of the Shannon Indices showed that while
infant microbiomes become more diverse over time (Fig. 1b,
β̂ ¼ 0:0811 ± 0:0087), themetabolomeprofiles appear tohave amore stable

Fig. 1 | Trajectories in alpha-diversity and pre-
sence/absence vary in metabolome and micro-
biome. Temporal changes in Shannon diversity
within the infant fecal a metabolome and
b microbiome, with the blue lines and shadows
indicating the regression lines and 95% confidence
regions. The proportion of zeros present within the
infant c metabolome and d microbiome with blue
and pink lines indicating the 10th and 90th per-
centiles, respectively.
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diversity with only a slight (statistically significant) over-time decrease in
Shannon Index (Fig. 1a, β̂ ¼ �0:0189 ± 0:0077).

Regarding the between-sample dissimilarity metrics, there was a small
over-time increase in dissimilarity for the metabolome (Supplementary
Fig. S1a, P < 2e−16) and no significant over-time changes in between-
sample dissimilarity in the microbiome (Supplementary Fig. S1b,
P = 0.0622).

The changes in diversity described above were paralleled by a slight
reduction inmetabolite richness and evenness, and an increase inmicrobial
richness and evenness (Supplementary Fig. S2). Likewise, therewas an over-
time reduction in theproportionofmicrobes thatwerenotdetected (Fig. 1d)
and an over-time increase in the proportion of un-detected metabo-
lites (Fig. 1c).

Modeling longitudinal trajectories using random regressions
In the previous section we documented changes in the diversity of the
microbiome and the metabolome using metrics that summarize what is
observed across samples,metabolites andmicrobes. To uncoverfiner details
on the longitudinal trajectories of individual microbes and metabolites, we
used random regression models.

A longitudinal trajectory, f t;θð Þ, describes how the expected value of an
outcome (e.g., theprobability that ametabolite ormicroorganism isdetected
in a sample) changes over time (t). This trajectory is indexed by a set of
parameters (θ, e.g., an intercept and a slope in the case of a linearmodel). In
random regressionmodels, these parameters are represented as the sumof a
population parameter (θ) and subject-specific deviations (θi ; here, i ¼
1; . . . ; n indexes subjects in the sample) that make the longitudinal trajec-
tory, f t;θ þ θi

� �
subject-specific. In standard random regression models,

these subject specific parameters are assumed to follow IID (independent
and identically distributed) Gaussian distributions with mean zero and
parameter-specific variances. The random regression framework just
described allows inferring population trajectories, f t;θð Þ describing average
changes, as well as subject-specific dynamics, f t;θ þ θi

� �
.

Considering the large proportion of zeroes, we fit mixed-effects long-
itudinal logistic regressions21 of the form:

log
πij

1� πij

 !
¼ μþ μi
� �þ tij βT þ βTi

� �þ FiβF þ BiβB þHiβH

þ OiβO þMBijβMB
þMFijβMF

þMCijβMC
þMOijβMO

to eachASV andmetabolite. Above πij is the probability that subject i had a
given ASV or metabolite present at time point j, μþ μi is a subject-specific
intercept, which has a population component (μ) and a subject-specific

random effect μi
iid
� N 0; σ2μ

� �
; likewise, βT þ βTi is a subject-specific slope

that has a population term (βT ) and subject-specific deviations,

βTi
iid
� N 0; σ2βT

� �
. The remaining terms in the right-hand-side of the logit

equation include a dummy variable for female (Fi), dummy variables for
black (Bi), Hispanic (Hi), and other races (Oi, Asian, multiracial, or other
race, non-Hispanic), and dummy variables for breast milk feeding (MBij),
formula milk feeding (MFij), cow’s milk feeding (MCij), and other milk
feeding (MOij), which were included in the model to account for sex,
ancestry, and milk feeding differences (Supplementary Data 1 and 2).

Random regressions had superior performance in predicting
metabolite and ASV abundance
To validate the random regression models, we estimated the cross-
validationAUC(area under the receiver operating characteristic curve)25 for
eachmetabolite andASVseparately. Toperform this prediction analysis, for
eachmicrobe andmetabolite, we randomlymasked the abundance at some
time points, used the remaining data to fitmodels, and used thefittedmodel
to predict the masked abundance (see Methods for further details). The

analysis revealed that 81.5% of themetabolites and 79.5% of the ASVs were
better predicted with the mixed-effects logistic model compared to the
standard logistic regression model (Supplementary Fig. S3). The standard
logistic regression model assumes homogeneity of the trajectories across
subjects. Therefore, the superior performance of the random-effects logistic
regression models provides evidence of heterogeneity across subjects and
shows that this approach was able to learn subject-specific aspects of the
longitudinal trajectories. We use the AUC results to filter the metabolites
and ASVs; specifically, further analyses were based on 85 ASVs and 1107
metabolites that had AUC ≥ 0.65 (Supplementary Fig. S4). For our sample
size, an AUC ≥ 0.65 is significantly greater than 0.5 (the AUC of a random
classifier) at a significance level of 0.05.

Population trajectories describe general prevalence trends in
microbiome-metabolome data
We first investigated the average changes in the proportion of zeros for each
metabolite and ASVs (i.e., f t;θð Þ the estimate populations curves). These
trajectories describe whether a specific ASV or metabolite became more
prevalent or rarer over time.

Among the metabolites that had a significant over-time change
(FDR-adjusted p-value < 0.05) in the probability of being detected,
most of them showed an increase in the proportion of zeros over
time, indicating that these molecules were detected in a smaller
proportion of the samples as time progressed (Table 1). On the other
hand, among the ASVs that had a significant change in the pro-
portion of zeroes, most had a significant increase in the probability of
being detected. While, on average, the probability of zeros increased
in the metabolome and decreased in the microbiome, within each of
these omics we found metabolites and ASVs that had (statistically
significant) longitudinal changes in the opposite direction. For
instance, there were 78 metabolites for which we detected a sig-
nificant over-time decrease in the probability of being not detected
(Table 1 and Fig. 2a, blue lines). Standard errors for the predicted
curves of each metabolite and microbe for various time points are
summarized in Supplementary Table S2.

Among themetaboliteswith a relatively high initial proportion of zeros
(e.g., larger than0.8),most showed anover-timedecline in the proportionof
zeroes–these were metabolites that were detected in a small proportion of
the samples at the first time point and became more common as children
aged. Conversely,metaboliteswith a lowproportion of zeros at thefirst time
point were more likely to exhibit an over-time increase in the proportion of
zeros (i.e., become rarer). However, evenwithin this group,manymolecules
appear to have become detectable as children grow.

Longitudinal trajectories are highly heterogeneous across
subjects
Using the fitted random-effects models we predicted the expected changes
in the probability of zero in the first year of life for each subject-feature
(metabolite or ASV) combination. The results showed that for every
metabolite and microbe there was high heterogeneity between individuals
(Fig. 3). For instance, even for metabolites with a significant increase in
the probability of not being detected (yellow triangles in panel a of Fig. 3)
we found several individuals with the opposite trajectory (gray dots to the
left of zero). To illustrate how heterogeneous these trajectories can be, we
show in Supplementary Fig. S5 three ASVs: one with high heterogeneity in
trajectories, one with intermediate heterogeneity, and one with low
heterogeneity.

Interestingly, for the metabolites and ASVs without a significant
change in the proportion of zeroes at the population level (gray triangles,
especially those enclosed in a purple dashed box in Fig. 3), we observed
bi-modals trajectories. This happened because some subjects had such
metabolites orASVs absent at the early timepoint andpresent at a later time
point,or vice versa.Meanwhile,more subjects had suchmetabolites orASVs
constantly present or absent. Overall, the changes in the population became
close to zero.
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Microbiome maturation correlates with changes in the
metabolome
We used the estimated subject-level expected change for the proportion of
zeroes (gray dots in Fig. 3) to identify metabolite-ASV pairs that appear to
change in a coordinated manner. To do this, for each metabolite-ASV pair,

we computed Pearson’s correlation (across subjects) between the predicted
change in the probability of not being detected and tested if the correlation
significantly differed from zero (FDR-adjusted p-value < 0.05). To mitigate
the influence of outliers and to make our analysis more robust, we used
Bootstrapping26 and reported an (approximately) unbiased estimate for the
correlation coefficients27. Here, a positive correlation indicates that the
metabolite and the ASV pair show concordant trajectories (e.g., both
increasing or decreasing in the first-year change of not-being-detected
probability, Supplementary Fig. S6a–c) and a negative correlation indicates
discordant trajectories (Supplementary Fig. S6d–f). Among the 94,095
metabolite-ASV pairs, 3990 pairs had correlations significantly different
than zero (FDR-adjusted p-value < 0.05) suggesting that these pairs may be
changing, within subject, in a coordinated manner. These pairs involved 83
ASVs and 753metabolites.Of these correlations, 1974 (49.5%)were positive
and the remaining were negative.

Table 1 | Numbers of molecules with (statistically significant)
over-time change in the proportion of zeros

Increasing Decreasing No significant change

Metabolome 362 (32.7%) 78 (7.0%) 667 (60.3%)

Microbiome 5 (5.9%) 41 (48.2%) 39 (45.9%)

Fisher’s exact test p-value < 2.2e−16.

Fig. 2 | Longitudinal changes in the proportion of
zeros for metabolome and microbiome reveal
population-level omics dynamics. Each line
represents the estimated probability that an indivi-
dual metabolite (a) and an individual ASV (b) are
not detected versus age. Yellow and blue colors are
used for metabolites and ASVs that showed statis-
tically significant over-time changes in the prob-
ability of not being detected (blue is used for a
decline and yellow is used to signal an increase in the
probability of not being detected). ASVs and meta-
bolites that did not have a significant over-time
change are not shown.
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Fig. 3 | Expected change in probability of zero for metabolites and ASVs by
feature and individuals. Each gray dot represents the expected change in the
probability of not being detected (probability of zero) for ametabolite (a) or an ASV
(b) in a subject. Dotswithin the same row correspond to the same feature (metabolite
or ASV). The colored triangle is the average change in probability of zero for the
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colors of the curves in Fig. 2: blue indicates a significant decline and yellow an
increase in the probability of not being detected. Besides, gray represents features
with no significant change in prevalence over time). The horizontal dispersion of
dots within a row represents how heterogeneous a metabolite or ASV trajectory was
across subjects. The dots within the purple rectangle include metabolites and ASVs
with overall non-significant changes in the proportion of zeros.
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Eight microbial families were enriched for coordinated long-
itudinal dynamics with several metabolite groups
To gain insight into the correlation analysis reported above, we conducted
enrichment analyses to identify groups ofmetabolites andASV families that
are enriched for significant correlation with elements from the other omic,
i.e., ASV families enriched for significant correlations with metabolites and
metabolites groups enriched for significant correlationwith the longitudinal
dynamics of microbes. The enrichment analysis identified eight microbial
families (35 ASVs) and twenty-three metabolite classes (169 metabolites)
which were significantly enriched (FDR-adjusted p-value < 0.05) for coor-
dinated longitudinal changes. The correlation of the longitudinal dynamics
of the top-5 microbial families and top-5 metabolite groups from the
enrichment analysis are shown in Fig. 4a, and the full set of results are
provided in Supplementary Data 3 and 4. For instance, one of the ASVs
within theClostridiaceae family often changed in a coordinated fashionwith
metabolites classified as cholestane steroids and open-chain polyketides
(Fig. 4a, red strings between groups E-F and E-I). Significant associations
were dominated by twomembers of the family Lachnospiraceae, a member
of the genus Rikenellaceae, and a member of the genus Bifidobacteriaceae,
and the bulk of associations were with compounds related to cholestane
steroids, a class of C27 bile acids (Fig. 4b, Supplementary Data 4). Themost
significant co-correlationwasbetweenCluster6939, anunknowncholestane
steroid, and the ASV related to Lachnospiraceae (FDR-adjusted
p-value = 3.8e−22). Other microbes of interest in the correlation analysis
included Bifidobacterium bifidum, which is also associated with changing
cholestane steroids. This bacterial group is well known for its dynamics in
early human life, particularly as one changes from breastfeeding to solid
food28.

We further investigated the 35 ASVs and 169 metabolites from the
enriched groups. For the microbiome, as expected from the general trends
previously reported in this study, most ASVs appear to have an increase in
the probability of being detected over time (Fig. 5b, Supplementary Data 5).
These increases are paralleled by the acquisition of members of the Lach-
nospiraceae, common bile acid metabolizing bacteria with several implica-
tions in host health29. The top ASV significantly increasing in population
prevalence based on sample trajectories is a member of the Veillonellaceae
group, with 5.2% of 2-month samples increasing to 62.1% of 12-month
samples containing the ASV. Of the metabolites that were significantly
increasing or decreasing in population prevalence, most were structurally
related to cholestane steroids as determined by MS2 spectra (Fig. 5a, Sup-
plementary Data 6). One of the top metabolites that significantly decreased
in probability of being detected, Cluster 5583 (646.4167m/z), did notmatch
any annotated compounds however, molecular networking revealed spec-
tral similarity of this unknown to an annotated cholestane steroid (Cluster
6185), which also decreased in sample prevalence as infants matured. MS2

spectral alignment supported the relatedness of these metabolites, but
Cluster 5583 contained a set of peaks exhibiting a 194.0417 ± 0.0024Da
increase from those matching Cluster 6185 (Supplementary Fig. S7). This
shift matches what one would expect following glucuronidation, a known
method of molecular detoxification for bile acids30.

Discussion
Both the microbiome and the metabolome undergo important changes in
early childhood. In this study, after performing standard population-level
diversity analysis,weproceeded to study the subject-specificdynamicsof the
metabolome and the microbiome and used this to identify microbe-
metabolite pairs with seemingly coordinated trajectories.

Ourdiversity analyses revealed that as infantsmatured through thefirst
year, there was a slight increase in the proportion of metabolites whose
abundance became lower than the minimum detectable value. This con-
trasted with a significant over-time increase in the richness of the micro-
biome. One might expect that as a microbiome becomes more diverse, a
phenomenon described in many studies of developing infants5,31–33,
including ours, its chemical diversity will follow; however, our data does not
support that hypothesis. As microbiome diversity increases, which is

typically due to a more diverse diet, so too does its metabolic potential,
especially as microbial members within the community fill various meta-
bolic niches. However, this may not result in a more diverse metabolome if
the colonizationof diversemicrobial populations increases the availability of
novel metabolic pathways, resulting in the more complete breakdown of
molecules into fewer endpoint metabolites. This would lead to the fecal
metabolome becoming relatively less diverse, compared to the changes in
diversity in the microbiome, and may result in an over-time increase in
metabolite zero-inflation if the resident microbiota metabolizes a greater
proportion ofmolecules present. Another possible explanation for the slight
over-time decreases in metabolite diversity observed in our study may
involve host absorption ofmetabolites, or other aspects ofmicrobe-microbe
interactions that could contribute to these observations. Clearly, how to
study ametabolome that may include both host andmicrobe contributions
and disentangling the contributions of the two is a subject that deserves
further investigation.

Previous studies have focused on the over-time dynamics of the
microbiome and metabolome at the population level (i.e., average changes
across subjects)17–19. However, to the best of our knowledge, no previous
studyhas investigatedhowheterogeneous suchdynamicsare across subjects
andwhether there aremicrobes andmetabolites that exhibit, within-subject,
correlated trajectories. The random regression analysis conducted enabled
us to make inferences for individual metabolites and microbes both at the
population and subject-specific levels.

Using random-effects logistic regression models, we found that for
every metabolite or microbe, there was high heterogeneity between indivi-
duals’ longitudinal trajectories. A correlation analysis of the subject-specific
dynamics identified 3990metabolite-ASVpairswith significantly correlated
trajectories. A taxonomic analysis of themicrobes andmetabolites involved
in those pairs found eight microbial families and twenty-three metabolite
classes that change in seemingly coordinated manners over time. These
associations revealed strong associations between members of the Lach-
nospiraceae and cholestane steroids. Other families with significant
microbe-metabolite pairs included Prevotellaceae and Bifidoacteriaceae, the
latter known to be a dynamic group changing during thefirst year of life due
to its metabolism of breast milk sugars28. The significant role that members
of Lachnospiraceae play in the development and maturation of both the
infantmicrobiome andmetabolome is notwell understood, but this analysis
indicates they have strong associations with cholestane steroids, likely
representing bile acids. The Lachnospiraceae are well known for their
metabolism of bile acids and many express the enzyme bile salt hydrolase,
which is the gateway step for the production of secondary bile acids28.

The approach used in this study to characterize the subject-specific
dynamics of features from two omics could be further applied to other types
of omics data, such as transcriptomic or proteomic datasets. Depending on
the outcomes of interest, the longitudinal analyses may use models for
presence/absence (as done in our study) or regression models for quanti-
tative outcomes (including zero-inflated ones if needed). Longitudinal
changing patterns could be obtained from each data set separately. Then, a
comprehensive picture of how differentmolecules coordinate in the human
body canbe obtainedby correlatingwithin-subject changes inpairs of omics
features as we did for metabolite-microbe pairs.

The analyses presented in this study are, of course, not free of limita-
tions. The subjects involved in this project only included one-third of the
ABC Baby Study due to the limited number of enrolled subjects providing
stool samples to generate microbiome and metabolome data. However, the
distribution of the sex and race/ethnicity of the subjects included in this
study resembled the substantial ABC Study population and the Southeast
Michigan population23. Besides, subject-specific inferences can be influ-
enced by outliers which could happen due to true biological events or
technical problems. Tomitigate this problem, in the correlation analysis we
used a resampling (Bootstrapping) technique which is robust against out-
liers. Finally, the difficulty in distinguishing the host contribution to the gut
metabolome fromother sources (e.g., microbes)makes the interpretation of
results challenging.
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Fig. 4 | Correlation patterns in the longitudinal dynamics of the microbial
families and metabolite groups identified in the enrichment analysis.
a Co-correlation network between metabolites and ASVs where each node in the
inner circle represents one metabolite or ASV and tracks in the outer circle indicate
the taxonomy groups of inner molecules (groups A-E are ASV families, and groups

F-J are metabolite groups). The colors of the strings indicate the correlation of
longitudinal trends between two nodes. b The number of significant metabolite
associations for each ASV, colored by Natural Products Classifier, with the most
specific taxonomic assignment displayed.
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Conclusion
We proposed a novel approach to investigate the subject-specific long-
itudinal dynamics of microbiome-metabolome data. Using this approach,
andmicrobiome-metabolome data collected from the ABC Baby Study, we
identified severalmicrobes andmetabolites that appear to have coordinated
dynamics in early childhood. These associations reveal the significant role of
Lachnospiraceae family and cholestane steroids in the development and
maturation of both the infant microbiome and metabolome.

Methods
Sample collection and inclusion criteria
The ABC Baby study obtained written informed consent frommothers for
their infants. The study was approved by the University of Michigan
institutional review board (HUM00103575).

The ABC Baby Study22 recruited 284 infant-mother dyads from
communities within a 1-h driving distance from Ann Arbor, Michigan,
between October 2015 and February 2019. Dyads were recruited when
infants were between 1 and 10 weeks of age.

Repeated assessments of infants’ body weight, length, feeding and
eating behavior, and dietary records occurred repeatedly across ages
2 weeks, 2 months, 4 months, 6 months, 9 months, and 12 months of age.

Of the enrolled infants, 118 provided stool samples collected by the
guardians at home using swabs. The guardians were instructed to store the
samples in their refrigerator until they were collected by the study team
within 72 h and stored frozen until analysis. The swabs used were dual-
headed BBL culture swabs with wooden stalks. The amount of feces present
on each swabwasnot controlledbut all sampleswere treated identically after
collection. Prior to extraction, the swabs were split for separate microbiome
andmetabolome analysis of each by placing the swab head in a 96-well deep
well plate. These samples were used to generate ASV (amplicon sequence
variant) counts using 16S rRNA amplicon sequencing and untargeted LC-
MS/MS metabolomics collected at the above time points in the first year of
life for infant subjects.

We included in our analyses data from dyads that contributed stool
samples for at least three different time points, this led to a total of 99 dyads
and 369 stool samples that had associated metabolome and microbiome.
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Fig. 5 | Temporal shifts in zero-proportions of metabolite andmicrobial features
identified in the enrichment analysis. The change in probability of not being
detected for a the top 30 metabolites from significantly enriched groups (FDR-
adjusted p-value < 0.05), where metabolites are colored by molecular class as

determined by theNatural Products Classifier, and bThe 35ASVs from significantly
enriched families (FDR-adjusted p-value < 0.05), where ASVs are colored by
assigned taxonomic family. Results for all the significantly enriched metabolites and
ASVs can be seen in Supplementary Data 5 & 6, respectively.
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Liquid chromatography-tandemmass spectrometry
Metabolite extractions were performed in 96 deep-well plates (Thermo),
where one swab head was inserted into 600 µL coldmethanol, the plate was
then sealed with a rubber mat, and incubated at 4 °C overnight. Swab heads
were then removed. Plates containing the resultingmetabolite extracts were
centrifuged for 10min at 4100 × g to pellet cell debris followed by storage at
−80 °C prior to liquid chromatograph-tandemmass spectrometry analysis
(LC-MS/MS). Metabolite extracts were diluted 1:1 (v:v) in 50% methanol
(v:v, water) prior to LC-MS/MS analysis. Ultra-high performance liquid
chromatography (UPLC) was performed using a Vanquish Autosampler
(Thermo) and separation was achieved using an Acquity UPLC BEH C-18
column, 2.1 mm× 100 (Waters). All analyses used a 10 µL injection volume,
0.4mLmin−1

flowrate, and60 °Ccolumn temperature. Sampleswere eluted
using a linear solvent gradient of water (A) and acetonitrile (B), each con-
taining 0.1% formic acid, across a 12-min chromatographic run as follows:
0–1min, 2% B; 1–8min, 2–100% B; 8–12min, 100% B; 10–12min, 2%
B. Mass spectrometry was performed using a Q Exactive Hybrid
Quadrupole-Orbitrap Mass Spectrometer (Thermo). Data were collected
using electrospray ionization in positive mode. MS1 data were collected
using a 35,000 resolution, AGC target of 1e6, maximum injection time of
100ms, and a scan range set from 100 to 1500m/z during min 1–10. Data-
dependent MS2 spectra were collected for the top 5 most abundant peaks
identified inMS1 survey scans. The resulting rawdatafileswere converted to
mzXML format via GNPS Vendor Conversion prior to data mining using
MZmine3 (version 3.2.8)34,35. Outputs fromMZmine were submitted to the
Global Natural Products Social Molecular Networking Database (GNPS,
University of California at San Diego) for molecular networking and
spectral identification36,37. Due to the large number of unknown features
present, SIRIUS structural prediction and molecular classification were
employed for metabolites smaller than 850Da38.

DNA isolation and 16S rRNA amplicon sequencing
Genomic DNA from infant fecal swabs in the 96-well plates was isolated
using the PowerFecal or PowerFecal Pro DNA extraction kits (Qiagen)
according to the manufacturer’s protocol. DNA extracts underwent quality
control via PCR amplification using GoTaq Green Master Mix (Promega)
with primers 27f (5’-AGAGTTTGATCCTGGCTCAG-3’) and 1492r (5’-
GGTTACCTTGTTACGACTT-3’)6. Products were examined via gel
electrophoresis. Extracted DNA was then sent to the Michigan State Uni-
versity RTSF Genomics Core for 16S-V4 amplicon sequencing using an
Illumina MiSeq (Illumina). Briefly, the V4 hypervariable region of the
bacterial 16S rRNA gene was amplified using Illumina-compatible, dual
indexed primers 515f and 806r739. Products were batch-normalized using a
SequalPrep DNA Normalization plate (Invitrogen) and subsequent pro-
ducts recovered from the plates were pooled. Pools were cleaned and con-
centrated using a QIAquick Spin column (Qiagen) and AMPure XP
magnetic beads (Beckman Coulter). The pool quality was analyzed and
quantified using a combination of Qubit dsDNA HS (Invitrogen), 4200
TapeStation HS DNA1000 (Agilent), and Collibri Illumina Library Quan-
tification qPCR (Invitrogen) assays. Pools were loaded onto a single MiSeq
v2 Standard flow cell and sequencing was carried out in a 2 × 250bp paired
end format using a MiSeq v2 500 cycle reagent cartridge. Custom sequen-
cing and index primers complementary to 515f and 806r oligomers were
added. Base calling was performed by Illumina Real Time Analysis (RTA,
version 1.18.54, Illumina), and the output of RTA was demultiplexed and
converted to FastQ format with Bcl2fastq (version 2.20.0, Illumina).

Sample fastq files were uploaded to Qiita, a web-based QIIME2 plat-
form, for initial analysis and taxonomy assignment40,41. Sequence readswere
trimmed to a read length of 200 bases and quality filtered using Deblur
(version 2021.9). Taxonomy was assigned using the q2-feature-classifier
against the 99% SILVA 16S rRNA database (release 138)42,43.

Data pre-processing
Data processing and statistical analysis were performed in R 4.1.144. Meta-
bolome samples were filtered to only include samples collected using swabs

with wooden handles due to overwhelming signals from plastic-handled
swabs severely impacting subsequent analysis (data not shown). Addi-
tionally, samples collected at twoweeks following birthwere not included in
this analysis due to a lack of available metadata. Microbiome data were
initially rarefied to 5000 counts,without replacement, and samples unable to
meet that threshold were excluded from further analysis. Resulting meta-
bolome andmicrobiome data are featuredwith zero-inflation. For example,
around 99% of the ASVs were not detected in more than 10% of subjects.
Although our model could handle zero-inflated data, the molecules with
excessive zeros provide little valuable information in the study. Therefore,
we removedmolecules with proportions of non-zeros less than 10% among
samples. Then, to make different omics data more “integrable”, we nor-
malized the data by sum. Besides, to ensure enough sample sizes to compute
the expected changes for each subject, we removed the subjects with less
than three samples (subjects with samples collected at less than three dif-
ferent time points).

Mixed-effects longitudinal logistic regressions
We fitted mixed-effects longitudinal logistic regressions models21 of the
form:

log
πij

1� πij

 !
¼ μþ μi
� �þ tij βT þ βTi

� �þ FiβF þ BiβB þHiβH

þ OiβO þMBijβMB
þMFijβMF

þMCijβMC
þMOijβMO

to eachASV andmetabolite. Above πij is the probability that subject i had a
given ASV or metabolite present at time point j, μþ μi is a subject-specific
intercept, which has a population component (μ) and a subject-specific

random effect μi
iid
� N 0; σ2μ

� �
; likewise, βT þ βTi is a subject-specific slope

that has a population term (βT ) and subject-specific deviations,

βTi
iid
� N 0; σ2βT

� �
. The remaining terms in the right-hand-side of the logit

equation include a dummy variable for female (Fi), dummy variables for
black (Bi), Hispanic (Hi), and other races (Oi, Asian, multiracial, or other
race, non-Hispanic), and dummy variables for breast milk feeding (MBij),
formula milk feeding (MFij), cow’s milk feeding (MCij), and other milk
feeding (MOij).

Themodels above-describedwerefittedusing the ‘glmer’ frompackage
‘lme4’ (version 1.1-34)45.

Evaluation of model prediction with testing data
We further examined the models’ prediction performance in cross-
validations and compared it with standard logistic regression models
(without subject-specific random effects on the intercepts, μi, and slopes,
βTi). To estimate prediction accuracy, for each metabolite or ASV, we
randomly selected one sample from each subject to form the testing set. The
remaining samples were used as the training set to fit the models (mixed-
effects and standard logistic regression models) and predict the left-out
testing samples. We then computed the area under the ROC curve (AUC,
using the function ‘auc’ from package ‘pROC’ (version 1.18.0)46) between
the predicted probabilities and the observed presence/absence outcome in
the testing data. We repeated the above validation process 20 times and
computed the average of theAUC for eachmetabolite andASV.Using these
validation results, we filtered out metabolites and ASVs that had an AUC
that was not significantly greater than 0.5 (P < 0.05, for our sample size, that
corresponds to an AUC ≥ 0.65, Supplementary Fig. S3). Therefore, all the
longitudinal trajectories that we report, as well as the cross-subject corre-
lation and enrichment analysis that followed are based on ASVs and
metabolites with testing AUC ≥ 0.65.
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Prediction of longitudinal trajectories
We used the fitted mixed-effects longitudinal logistic regression models to
predict the expected change in the probability of detection for each meta-
bolite and ASV. At the population level, the expected changes in the pro-
portion of zeros between two different time points (t2 > t1) are (here we
predicted for sex and ancestry indices - male, white, no milk feeding):

ΔP ¼ 1� 1

1þ e� μþt2βTð Þ
� �

� 1� 1

1þ e� μþt1βTð Þ
� �

:

T-tests were used to determine if the expected change was significantly
different from 0 using FDR-adjusted p-value and a threshold of 0.05 FDR.

Meanwhile, the expected changes in the proportion of zeros between
two different time points at the individual level are:

ΔPi ¼ 1� 1

1þ e� μþμið Þþt2 βTþβTið Þþτi½ �
� 	

� 1� 1

1þ e� μþμið Þþt1 βTþβTið Þþτi½ �
� 	

;

τi ¼ FiβF þ BiβB þHiβH þ OiβO þMBiβMB
þMFiβMF

þMCiβMC
þMOiβMO

:

where i ¼ 1; . . . ; n is an index for the subject. The curves and predicted
changeswe report is for 12months during thefirst year of life (since ourfirst
samples were collected at month 2, we used t1 ¼ 2 and t2 ¼ 14.) The milk
feeding practice was imputed by the closest time points.

Bootstrap analysis of Pearson correlation
To identify metabolite-ASV pairs that were changing in a seemingly coor-
dinated fashion,we correlated the vectors containing theΔP0

is for all subjects
for ametabolitewith that of a vector containing theΔP0

is for anASV.Wedid
this for allmetabolite-ASVpairs. For the sample size thatwe have, Pearson’s
correlation can be highly affected by outliers; therefore, to smooth out the
influence of outliers we reported an (approximately unbiased) Bootstrap
estimate for the correlation coefficients27

r̂ ¼ 1
B

XB
b¼1

rb 1þ 1� r2b
2ðn� 3Þ

� �

where rb is the traditional Pearson correlation coefficient for Bootstrap
sample b. A standard error for these estimates was computed using the 100
Bootstrap samples and t-tests were used to determine if the correlation was
significantly different from0using FDR-adjusted p-value and a threshold of
0.05 FDR.

Enrichment analysis
With the taxonomy grouping information for each metabolite and ASV, as
well as the above results indicating whether each of these molecules had a
significant longitudinal change, we used hypergeometric tests to identify
groups of metabolites or ASVs that change significantly over time. Multiple
testing corrections were performed via FDR with a significant threshold of
0.05. These taxonomic groups with expected relative abundance change
coordinatively over time were used to form a network.

Data availability
Raw mass spectrometry data is available on MassIVE under ID
MSV000092782 at https://doi.org/10.25345/C5DJ58S9M. LC-MS/MS spectral
annotation and molecular networking by GNPS are available at https://gnps.
ucsd.edu/ProteoSAFe/status.jsp?task=7454748a6baa406b909540b1c90a4e7e.
16S rRNA gene amplicon data were deposited in the EMBL-EBI European
Nucleotide Archive and can be found under project PRJEB72674, study
accession ERP157451. Data are also available on Qiita under study ID 14092
with subsequent analysis and taxonomy assignment available under analysis
ID 48437.

Code availability
All the scripts used to implement the analyses presented in this manuscript
are available at https://github.com/Harold-Wu/MiMe.
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