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Abstract

Background: The rapid growth of high-throughput sequencing-based microbiome profiling has yielded tremendous
insights into human health and physiology. Data generated from high-throughput sequencing of 16S rRNA gene
amplicons are often preprocessed into composition or relative abundance. However, reproducibility has been lacking
due to the myriad of different experimental and computational approaches taken in these studies. Microbiome studies
may report varying results on the same topic, therefore, meta-analyses examining different microbiome studies to
provide consistent and robust results are important. So far, there is still a lack of implemented methods to properly
examine differential relative abundances of microbial taxonomies and to perform meta-analysis examining the
heterogeneity and overall effects across microbiome studies.

Results: We developed an R package ‘metamicrobiomeR’ that applies Generalized Additive Models for Location, Scale
and Shape (GAMLSS) with a zero-inflated beta (BEZI) family (GAMLSS-BEZI) for analysis of microbiome relative
abundance datasets. Both simulation studies and application to real microbiome data demonstrate that GAMLSS-
BEZI well performs in testing differential relative abundances of microbial taxonomies. Importantly, the estimates
from GAMLSS-BEZI are log (odds ratio) of relative abundances between comparison groups and thus are
analogous between microbiome studies. As such, we also apply random effects meta-analysis models to pool
estimates and their standard errors across microbiome studies. We demonstrate the meta-analysis examples and
highlight the utility of our package on four studies comparing gut microbiomes between male and female
infants in the first six months of life.

Conclusions: GAMLSS-BEZI allows proper examination of microbiome relative abundance data. Random effects
meta-analysis models can be directly applied to pool comparable estimates and their standard errors to
evaluate the overall effects and heterogeneity across microbiome studies. The examples and workflow using
our ‘metamicrobiomeR’ package are reproducible and applicable for the analyses and meta-analyses of other
microbiome studies.
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Background

The rapid growth of high-throughput sequencing-based
microbiome profiling has yielded tremendous insights
into human health and physiology. However, interpre-
tation of microbiome studies have been hampered by a
lack of reproducibility in part due to the variety of diffe-
rent study designs, experimental approaches, and
computational methods used [1, 2]. Microbiome studies
may report varying results on the same topic. Therefore,
meta-analyses examining different microbiome studies
are critical to provide consistent robust results.
Although many methods for microbiome differential
abundance analysis have been proposed, methods for
meta-analysis remain underdeveloped. Meta-analysis
studies pooling individual sample data across studies for
pooled analysis of all samples or processing of all
samples together followed by analysis of each study
separately have revealed some consistent microbial
signatures in certain conditions such as inflammatory
bowel disease (IBD) and obesity [3-9]. Software has
been developed for the analysis and meta-analysis of
microbiome data [10]. However, these studies do not
explicitly model microbiome relative abundance data
using an appropriate statistical method and do not
examine between-group comparison overall pooled
effects in the meta-analysis.

Data generated from high-throughput sequencing of
16S rRNA gene amplicons are often preprocessed into
relative abundance. Microbiome relative abundances are
compositional data which range from zero to one and
are generally zero-inflated. To test for differences in
relative abundance of microbial taxonomies between
groups, methods such as bootstrapped non-parametric
t-tests or Wilcoxon tests (not suitable for longitudinal
data and covariate adjustment) [11-13] and linear or
linear mixed effect models (LM) [14, 15] (suitable for
longitudinal data and covariate adjustment) have been
widely used. However, these methods do not address the
actual distribution of the microbial taxonomy relative
abundance data, which resemble a zero-inflated beta
distribution. Transformations (e.g. arcsin square root) of
relative abundance data to make it resemble continuous
data to use in LM has been proposed by Morgan et al.
(implemented in MaAsLin software) [16] and has been
widely used to test for differential relative abundances
[17-20]. However, this adjustment does not address
the inflation of zero values in microbiome relative
abundance data.

Various methods for the analysis of differential
abundance based have been proposed. For example, the
zero-inflated Gaussian distribution mixture model regards
zero values as under-sampling and account for it by pos-
terior probability estimates and fit counts after accounting
for under-sampling by a log-normal distribution [21]. The
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Ratio Approach for Identifying Differential Abundance
(RAIDA) method uses the ratio between the counts of
features in each sample to address possible problems asso-
ciated with counts on different scales within and between
conditions and accounts for ratios with zeros using a
modified zero-inflated lognormal (ZIL) model treating the
zeros as under-sampling [22]. Other methods adapted
from the RNA-seq field that account for zero inflation and
utilize Poisson or negative binomial models have shown
some promise in differential abundance testing of micro-
biome datasets [23, 24]. These aforementioned methods
treat the dispersion as a nuisance parameter and do not
allow the dispersion to depend on covariates. Recently,
Chen et al. proposed an omnibus test based on a zero-in-
flated negative model (ZINB) that allows differential ana-
lysis not only for feature abundance but also prevalence
and dispersion [25]. However, the downside of these
count-based methods is the increased complexity due to
modeling the counts.

Here, we developed an R package ‘metamicrobiomeR’
that applies Generalized Additive Models for Location,
Scale and Shape (GAMLSS) with a zero-inflated beta
(BEZI) family (GAMLSS-BEZI) for the analysis of micro-
bial taxonomy relative abundance data. GAMLSS is a
general framework for fitting regression type models in
which the response variable can be any distribution [26].
With BEZI family, this model allows direct and proper
examination of microbiome relative abundance data,
which resemble a zero-inflated beta distribution. In
principle, this model is similar to the two-part mixed
effect model proposed by Chen et al. [27] in that the
presence/absence of the taxon in the samples is modeled
with a logistic component and the non-zero abundance
of the taxon is modeled with a Beta component. Both
logistic and beta components allow covariate adjustment
and address longitudinal correlations with subject-spe-
cific random effects. The GAMLSS-BEZI is based on the
broadly applicable established GAMLSS framework that
can be flexibly implemented and applied to different
types of data and study designs (e.g. cross-sectional and
longitudinal). This is especially useful for later meta-ana-
lysis across different studies. The performance of
GAMLSS-BEZI was evaluated using simulation studies
and real microbiome data. Importantly, the estimates
(regression coefficients) from GAMLSS-BEZI are log
(odds ratio) of being in the case group (as compared to
be in the control group) with changes in relative
abundance of a specific bacterial taxon and thus are
analogous across microbiome studies and can be directly
combined using standard meta-analysis approaches. As
such, we apply random effects meta-analysis models to
pool the estimates and standard errors as part of the
‘metamicrobiomeR’ package. This approach allows exa-
mination of study-specific effects, heterogeneity between
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studies, and the overall pooled effects across studies.
Finally, we provide examples and sample workflows for
both components of the ‘metamicrobiomeR’ package.
Specifically, we use GAMLSS-BEZI to compare relative
abundances of the gut microbial taxonomies of male
versus female infants’ <6 months of age while adjusting
for feeding status and infant age at time of sample
collection and demonstrate the application of the
random effects meta-analysis component on four studies
of the infant gut microbiome.

Implementation
GAMLSS-BEZI for the analysis of bacterial taxa relative
abundance and bacterial predicted functional pathway
relative abundance data
Relative abundances of bacterial taxa at various taxo-
nomic levels (from phylum to genus or species) are
obtained via the “summarize_taxa.py” script in QIIME1
[13]. Bacterial functional pathway abundances (e.g.
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway level 1 to 3) are obtained from metagenome
prediction analysis using PICRUSt [28]. In the taxa.com-
pare function, all bacterial taxa or pathway data are first
filtered to retain features with mean relative abundance
> relative abundance threshold (e.g. 20.005%) and with
prevalence > prevalence threshold (e.g. present in >5%
of the total number of samples). This pre-filtering step
has been shown to improve performance of various
differential abundance detection strategies [29]. A
filtered data matrix is then modeled by GAMLSS-BEZI
and () logit link and other default options using the R
package ‘gamlss’ version 5.0-5 [26]. For longitudinal
data, subject-specific random effects can be added to the
model. We only include subject random intercepts as in
practice this is often sufficient to address the longitu-
dinal correlations [30]. However, it is possible to extend
the model to include random slopes depending on the
specific research content. For performance evaluation,
LM and LM with arcsin squareroot transformation
(LMAS) were also implemented in the function faxa.-
compare. In addition, we also implemented different ap-
proaches to deal with compositional effects including
Centered Log Ratio (CLR) transformation [31] with vari-
ous zero-replacement options [32] and Geometric Mean
of Pairwise Ratios (GMPR) normalization [33]. Multiple
testing adjustment can be done using different methods
(False Discovery Rate (FDR) control by default). Below is
an example call of the taxa.compare function:
taxa.compare (taxtab = taxtab, propmed.rel = “gamlss’,
transform = “none”, comvar = “gender”, adjustvar = c(“age.-
sample”,“feeding”),longitudinal = “yes”,  percent.filter =
0.05, relabund.filter = 0.00005, p.adjust.method = “fdr”).
For subsequent meta-analysis, the output from taxa.-
compare comprises matrices containing coefficients,
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standard errors, p-values and multiple testing adjusted
p-values of all covariates in the models for each bacterial
taxon or pathway.

Meta-analysis across studies using random effects models
The adjusted regression coefficient estimates from
GAMLSS-BEZI are log (odds ratio) of being in the case
group (as compared to be in the control group) with
changes in relative abundances of a specific bacterial
taxa or a pathway and thus are analogous across micro-
biome studies. Therefore, standard meta-analysis ap-
proaches can be directly applied. In the meta.taxa
function, random effects meta-analysis models pooling
adjusted estimates and standard errors with inverse
variance weighting and the DerSimonian—Laird esti-
mator for between-study variance are implemented to
estimate the overall effects, corresponding 95% con-
fidence intervals (CIs) and heterogeneity across studies.
A fixed effect meta-analysis model is also implemented
for comparison. Meta-analysis is performed only for taxa or
pathways observed in > a specified percentage threshold
(e.g. 50%) of the total number of included studies. An
example call to meta.taxa using the output data matrices
combined from multiple calls to the taxa.compare function
is shown below:

meta.taxa (taxcomdat = combined.taxa.compare.-
output, summary.measure = “RR”, pool.var = “id”, study-
lab = “study’, backtransform = FALSE, percent.meta = 0.5,
p.adjust.method = “fdr”).

The output from meta.taxa consists of pooled esti-
mates, standard errors, 95% CI, pooled p-values and
multiple testing adjusted pooled p-values of all covari-
ates for each bacterial taxon or pathway. The metatab.-
show function displays the meta-analysis outputs from
meta.taxa as table, heatmap, forest plot or combined
dataset to be used by the meta.niceplot function to gen-
erate nicer looking integrated heatmap-forest plot.

All implemented functions in the ‘metamicrobiomeR’
package are summarized and illustrated in Additional file 1.

Results and discussion

Performance of GAMLSS-BEZI: simulation studies
Simulation studies were performed to evaluate type I
error and power of GAMLSS-BEZI for testing diffe-
rential relative abundances of microbial taxonomies as
compared to linear/linear mixed models with arcsin
squareroot transformation (LMAS) (implemented in
MaAsLin software [16]). LMAS was chosen for compa-
rison with GAMLSS-BEZI because it is a commonly
used approach for microbiome differential relative abun-
dance testing and similarly to GAMLSS-BEZ], it allows
covariate adjustment and can be used for longitudinal or
non-longitudinal data. Simulations of zero-inflated beta



Ho et al. BMC Bioinformatics (2019) 20:188

distribution of microbiome relative abundance data were
based on the R package “gamlss.dist” version 5.0-3.

In brief, beta distribution (denoted as Beta(y, ¢)) has a
density function:

1058 = it g A s (1)

HP)L((1-p)¢)
where 0<p <1, ¢>0and I () is the gamma function. If
y~Beta(u, ¢), then E(y) =y and Var(y) = u(1 - u)/(¢p+ 1),
in which the variance of the dependent variable is
defined as a function of the distribution mean g and the
precision parameter ¢ [34].

Zero-inflated beta distribution is a mixture of beta
distribution and a degenerate distribution in a known
value ¢=0. A parameter « is added to the beta distri-
bution to account for the probability of observations at
zero producing a mixture density [34]:

. _ a, if y=0,
fOr ) {(1—a>f<y;u,¢>, fyeo1), @

Type | error

We considered three sample sizes mimicking case-control
microbiome studies with small (number of controls [n;] =
number of cases [n,] = 10), medium (n; = ny = 100) and large
(n; =ny =500) scales. For each sample size, relative abun-
dances of a bacterial species were simulated with the same
parameters of a zero-inflated beta distribution for case and
control groups (Y = Py =05, o3 =0y = 0.5, ¢1= P =5). The
simulation was repeated 1000 times. Type I error was calcu-
lated for three different alpha levels of 0.01, 0.05 and 0.1.
Type I error of GAMLSS-BEZI or LMAS was defined as the
proportion of simulations with p-values of GAMLSS-BEZI
or LMAS less than the corresponding alpha level over 1000
simulations for each sample size. We noted that Type I er-
rors were well controlled in both GAMLSS-BEZI and LMAS
(Table 1).

Receiver operating characteristic (ROC) curve and power

We then evaluated the performance of GAMLSS-BEZI
vs. LMAS for identifying bacterial species with dif-
ferential relative abundance between cases and con-
trols. Two types of simulations were performed. First,

Table 1 Type | error of GAMLSS-BEZI and LMAS
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relative abundances of 800 bacterial species were sim-
ulated in which 400 species had no difference between
control and case groups (the same parameters of
zero-inflated beta distribution for control and case
groups: (1 = Wy = Uniform [0.0005,0.3], a; = oy = Uniform
[0.1,0.9], ¢1= ¢y = 5) and 400 species with a true difference
between control and case groups. Specifically, four set-
tings for the 400 species with true differences between
control and case groups were considered with 100
species for each setting:

1) y; = Uniform [0.0005,0.3] vs. pp = pp + 0.1
2) 1 = Uniform [0.0005,0.3] vs. pp = py + 0.2
3) 1 = Uniform [0.0005,0.3] vs. p = p; + 0.3
4) y; = Uniform [0.0005,0.3] vs. yy = py + 0.4

Other parameters (o, ¢) were set the same for control
and case groups (a; = ay = Uniform [0.1,0.9], ¢p1= ¢y =5).
A sample size of n=100 for both case and control
groups was used.

Performance of GAMLSS-BEZI and LMAS was eva-
luated based on the receiver operating characteristic
(ROC) curve for identifying species with differential
abundance between case and control groups. The ana-
lysis for the ROC curves and area under the curve
(AUC) was done using the R package ‘pROC’ version
1.10.0. Under these settings, GAMLSS-BEZI (AUC =
95.6, 95% CI =[94.2, 97.1%]) significantly outperformed
LMAS (AUC =929, 95% CI=[91.1, 94.7%]) (DeLong’s
test p-value < 2.2e-16) (Fig. 1a).

We also performed simulations to evaluate power of
GAMLSS-BEZI vs. LMAS for different effect sizes of
differential relative abundances between case and
control groups. Three settings for differential relative
abundances (effect sizes) of one bacterial species were
considered: 1) p; =0.5 vs. gy =0.45 2) g3 =0.5 vs. py =
0.3; and 3) p; = 0.5 vs. pp = 0.2. Other parameters were
set the same for case and control groups (a; = ay = 0.5,
¢1= ¢ =5). A sample size of n =100 for both case and
control groups was used and the relative abundance
of a bacterial species was simulated in each setting.
The simulations were repeated 1000 times. Power of
GAMLSS-BEZI or LMAS was calculated as the pro-
portion of simulations with p-values of GAMLSS-

Sample size GAMLSS-BEZI LMAS GAMLSS-BEZI LMAS GAMLSS-BEZI LMAS
Alpha level =0.01 Alpha level =0.05 Alpha level =0.1

10 0014 0.012 0.061 0.050 0.114 0.099

100 0.010 0.010 0.051 0.050 0.103 0.098

500 0.010 0.011 0.052 0.052 0.104 0.103

GAMLSS-BEZI Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta (BEZI) family, LMAS linear model with arcsin square

root transformation (implemented in the software MaAsLin)
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Fig. 1 ROC curve and power of GAMLSS-BEZI vs. LMAS. a. ROC curve of GAMLSS-BEZI and LMAS for identifying species with differential
abundance between case and control groups. b. Power of GAMLSS-BEZI vs. LMAS for different effect sizes of differential relative abundances
between case and control groups. GAMLSS-BEZI: Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta
(BEZI) family; LMAS: linear model with arcsin squareroot transformation (implemented in the software MaAsLin); ROC curve: Receiver operating
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BEZI or LMAS <0.05 over the total number of 1000 si-
mulations. Under these settings, power of GAMLSS-BEZI
was better than power of LMAS (Fig. 1b).

Performance of GAMLSS- BEZI: application to real
microbiome data

Type | error

We evaluated the type I error of GAMLSS-BEZI and
LMAS using published data from a cohort study of 50
healthy Bangladeshi infants, which included longitudinal
gut microbiome data from 996 stool samples collected
monthly from birth to 2 years of life [14]. We used data
from a subset of samples collected around birth as a
cross-sectional dataset (50 samples) and data from all
samples as a longitudinal dataset (996 samples). For each
dataset, we randomly split the samples into two groups
(case vs. control) and compared relative abundances of
all bacterial taxa at all taxonomic levels (272 taxa from
phylum to genus levels in total) between these two

random groups using GAMLSS-BEZI and LMAS. The
procedure was repeated 1000 times. Type I error was
calculated for three different alpha levels of 0.01, 0.05 and
0.1. For each taxon, the type I error of GAMLSS-BEZI or
LMAS was defined as the proportion of random splits
with p-values of GAMLSS-BEZI or LMAS less than the
corresponding alpha level over 1000 random splits. We
noted that type I errors were well controlled in both
GAMLSS-BEZI and LMAS (Table 2).

Computation time

The running time of GAMLSS-BEZI for testing all bac-
terial taxa at all taxonomic levels from phylum to genus
(272 taxa in total) on a standard laptop were 6.4s for
the cross-sectional dataset (50 samples) and 12.4s for
the longitudinal dataset (996 samples), respectively.
This indicates that the GAMLSS-BEZI algorithm is
computationally efficient.

Table 2 Type | error of GAMLSS-BEZI and LMAS on real microbiome data

GAMLSS-BEZI LMAS
Alpha level =0.01 (median (IQR))

Taxonomic level

GAMLSS-BEZI
Alpha level = 0.05 (median (IQR))

LMAS GAMLSS-BEZI LMAS

Alpha level = 0.1 (median (IQR))

Cross-sectional microbiome data
0.010 (0.007, 0.017)
0.000 (0.000, 0.003)

Phylum (5 taxa) 0.007 (0.003, 0.010)

Family (33 taxa) 0.000 (0.000, 0.007)
Longitudinal microbiome data
0.007 (0.002, 0.012)

0.003 (0.000, 0.008)

Phylum (5 taxa) 0.010 (0.008, 0.013)

Family (33 taxa) 0.010 (0.007, 0.013)

0.043 (0.043, 0.050)
0.007 (0.000, 0.043)

0.047 (0.030, 0.060)
0.043 (0.036, 0.053)

0.040 (0.033, 0.043)
0.033 (0.007, 0.050)

0.100 (0.093, 0.113)
0.070 (0.003, 0.103)

0.090 (0.073, 0.090)
0.083 (0.053, 0.107)

0.067 (0.063, 0.080)
0.050 (0.043, 0.064)

0.110 (0.075, 0.123)
0.097 (0.082, 0.110)

0.117 (0.113, 0.132)
0.107 (0.089, 0.117)

GAMLSS-BEZI Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta (BEZI) family, LMAS linear model with arcsin square
root transformation (implemented in the software MaAsLin); /QR interquartile range. For longitudinal data, subject random intercepts were added to the models
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Detecting differential abundance

We evaluated the performance of GAMLSS-BEZI vs.
LMAS in detecting differential relative abundances using
published data from a cohort study of 50 healthy
Bangladeshi infants described above [14]. This study
included longitudinal monthly data regarding the infants’
breastfeeding practices (exclusive, non-exclusive), dur-
ation of exclusive breastfeeding, infant age (months) at
solid food introduction, and occurrence of diarrhea
around the time of stool sample collection. We com-
pared the performance of GAMLSS-BEZI vs. LMAS in
detecting differential relative abundances between various
grouping variables in three examples below.

Example 1: Comparison of longitudinal monthly gut
bacterial relative abundances at phylum level between
non-exclusively breastfed (non-EBF) vs. exclusively breast-
fed (EBF) infants from birth to < 6 months of age

Figure 2 (produced using the function taxa.mean.plot
of our ‘metamicrobiomeR’ package; more details in
Additional file 1) shows the longitudinal monthly
average of relative abundance of bacterial phyla in non-
EBF and EBF infants from birth to 6 months of age. A
higher abundance of Proteobacteria, Firmicutes, and
Bacteroidetes as well as a lower abundance of Actino-
bacteria are observed in non-EBF versus EBF infants.
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GAMLSS-BEZI is able to detect a significant difference
in all four of these phyla whereas LMAS can only detect
a significant difference in three phyla (Table 3).

Example 2: Comparison of longitudinal monthly gut
bacterial relative abundances at phylum level between
infants from 6 months to 2years of age introduced to
solid food after 5 months vs. before 5 months

Figure 3 shows the longitudinal monthly average of
relative abundance of bacterial phyla in two groups of
infants from 6 months to 2 years of age who were intro-
duced to solid food after 5months vs. those before 5
months of life. Lower relative abundances of Firmicutes,
Bacteroidetes and higher relative abundance of Acti-
nobacteria are observed in infants with solid food intro-
duction after 5 months. GAMLSS-BEZI detects all three
of these differences whereas LMEM can only detect a
significant difference in one phylum (Table 4).

Example 1 and 2 demonstrate the increased sensi-
tivity of GAMLSS-BEZI in detecting bacterial taxa with
observed differential relative abundances as compared
to LMAS.

Example 3: Comparison of longitudinal monthly gut
bacterial relative abundances at phylum level in infants
from 6 months to 2 years of age with vs. without diarrhea
stratified by duration of exclusive breastfeeding (EBF)

Exclusive breastfeeding

1.00 1

0.751

0.50 1
@ 0251
3]
c
@© ) )
'g 0.00 Actinobacteria
_8 Bacteroidetes
@© _—
o Non-exclusive breastfeeding Firmicutes
2 1.001 Proteobacteria
% . Others
& 0.75-

0.50 1

0.251

0.00 A1 —

0 3 6
Chronological age (month)
Fig. 2 Relative abundances of bacterial phyla in non-exclusively breastfed vs. exclusively breastfed infants <6 months of age. Data from
Bangladesh study
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Table 3 Results of GAMLSS-BEZI and LMAS: real microbiome data example 1

GAMLSS-BEZI LMAS
Bacterial phyla Estimate 95% Lower  95% Upper  p-value FDR adjusted p-  Estimate 95% Lower ~ 95% Upper  p-value FDR adjusted p-
limit limit value limit limit value
Actinobacteria —0.37 - 065 -0.10 0.0083 0.0166 -0.13 -0.23 -0.03 0.0088 0.0207
Bacteroidetes  0.26 0.00 0.53 0.0499 0.0499 0.03 0.00 0.05 0.0292 0.0390
Firmicutes 024 0.00 047 0.0468 0.0499 0.07 0.00 0.14 0.0668 0.0668
Proteobacteria 0.37 0.11 0.64 0.0053 00166 0.10 0.02 0.17 0.0103 0.0207

Data from Bangladesh study. Comparison of longitudinal monthly gut bacterial relative abundances at phylum level between non-exclusively breastfed (non-EBF)
vs. exclusively breastfed (EBF) infants from birth to <6 months of age using GAMLSS-BEZI vs. LMAS. Significant p-values (< 0.05) are in bold

GAMLSS-BEZI Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta (BEZI) family, LMAS linear model with arcsin square
root transformation (implemented in the software MaAsLin), FDR false discovery rate

Figure 4 shows the average of relative abundance of bac-
terial phyla in groups of infants from 6 months to 2 years
of age with vs. without diarrhea around the time of stool
sample collection stratified by duration of EBF. In infants
who received less than two months of EBE, a higher
abundance of Firmicutes and a lower abundance of
Actinobacteria is observed in the groups of infants with
diarrhea vs. those without diarrhea (Fig. 4, upper panel).
GAMLSS-BEZI detects a significant difference in both
Firmicutes and Actinobacteria. In contrast, in infants who
received more than two months of EBF, no difference in
relative abundance of any bacterial phylum is observed

between those with diarrhea vs. those without diarrhea
(Fig. 4, lower panel) and GAMLSS-BEZI does not
report any significant difference (Table 5). This example
demonstrates that GAMLSS-BEZI detects differential
abundances when there is observed difference and does not
report difference when there is no observed difference.

lllustration of meta-analysis examples with real
microbiome data from four studies

We used gut microbiome data from four published
studies to demonstrate the application of random

months. Data from Bangladesh study

<=5 months

1.00 1

0.75 4

0.50 1
® 0251
o
&
-8 0001 Py Actinobacteria
_8 Bacteroidetes
© >5 months Firmicutes
[0
_; 1.00 1 Proteobacteria
% . Others
& 0.75-

0.50 1

0.251

0.00 1

9 12 15 18 21 24

Chronological age (month)

Fig. 3 Relative abundances of bacterial phyla in infants from 6 months to 2 years of age with solid food introduction after 5 months vs. before 5
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Table 4 Results of GAMLSS-BEZI and LMAS: real microbiome data example 2

GAMLSS-BEZI LMAS
Bacterial phyla Estimate 95% Lower  95% Upper  p-value FDR adjusted p- Estimate 95% Lower  95% Upper  p- FDR adjusted p-
limit limit value limit limit value  value
Actinobacteria  0.19 0.04 0.34 0.0119 0.0208 0.05 -0.06 0.16 03451 03451
Bacteroidetes —0.26 -042 -0.10 0.0018 0.0070 —-0.05 —-0.09 -0.01 0.027 0.1079
Firmicutes -0.16 —0.30 —-003 0.0156 0.0208 —0.04 -0.12 0.04 03168 03451
Proteobacteria 0.14 —-0.02 030 0.0861 0.0861 0.02 —-0.02 0.07 02916 0.3451

Data from Bangladesh study. Comparison of longitudinal monthly gut bacterial relative abundances at phylum level between infants from 6 months to 2 years of
age with solid food introduction after 5 months vs. before 5 months of age using GAMLSS-BEZI vs. LMAS. Significant p-values (< 0.05) are in bold

GAMLSS-BEZI Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta (BEZI) family, LMAS linear model with arcsin square
root transformation (implemented in the software MaAsLin), FDR false discovery rate

effects models for meta-analysis across microbiome
studies. These four studies include: 1) a cohort of healthy
infants in Bangladesh [14] (the data of this study was also
used in the three examples demonstrating the performance
of GAMLSS-BEZI above); 2) a cross-sectional study of
Haiti infants negative for HIV who were exposed or
unexposed to maternal HIV [11]; 3) a cohort of healthy
infants in the USA (California and Florida [CA_FL])
[12]; and 4) a small cohort of healthy infants in the
USA (North Carolina [NC]) [35]. More details about
the four studies included in the meta-analysis are
described in Table 6. We illustrate the example of

meta-analysis comparing relative abundances of gut
bacterial taxa and bacterial predicted functional path-
ways between male vs. female infants <6 months of age
adjusting for feeding status and infant age at the time
of stool sample collection across these four studies
(total number of stool samples =610 [female =339,
male = 271]).

Relative abundances of gut bacterial taxa

Meta-analysis results are visually displayed using the
functions metatab.show and meta.niceplot of our ‘meta-
microbiomeR’ package (Additional file 1). The adjusted

Duration of EBF <=2 months
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0.751
5
o 0.501
>
N
o 0.25
S
c
o . .
€ 0.001 Actinobacteria
© Bacteroidetes
8 Duration of EBF >2 months Firmicutes
% 1.001 Proteobacteria
g . Others
Qo ]
o 0.75
[0
=
S 050
[0}
o
0.251
0.00 1
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diarrhea

Fig. 4 Relative abundance of bacterial phyla in infants from 6 months to 2 years of age with diarrhea vs. without diarrhea at the time of stool
sample collection stratified by duration of exclusive breastfeeding (EBF). Data from Bangladesh study

Yes
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Table 5 Results of GAMLSS-BEZI and LMAS: real microbiome data example 3

GAMLSS-BEZI LMAS
Bacterial phyla Estimate 95% Lower  95% Upper  p-value FDR adjusted p- Estimate 95% Lower  95% Upper  p-value FDR adjusted p-
limit limit value limit limit value
In infants with duration of EBF < 2 months (diarrhea vs. no diarrhea comparison)
Actinobacteria —0.73 -1.12 -034 0.0003 0.0071 -0.12 -0.23 0.0 0.0424 0.0848
Bacteroidetes  —0.29 -0.68 0.10 0.1524 0.2032 0.06 -0.12 0.01 0.0852 0.1136
Firmicutes 049 0.15 0.84 0.0055 0.0109 0.11 0.01 0.2 0.0269 0.0848
-0.17 —0.54 0.20 03729 03729 0.00 —-0.07 0.08 0.9060 0.9060
Proteobacteria
In infants with duration of EBF > 2 months (diarrhea vs. no diarrhea comparison)
Actinobacteria  0.02 -042 046 09243 09243 0.00 -0.10 0.10 09626  0.9989
Bacteroidetes  0.07 041 0.56 0.7680 0.9243 0.01 -0.07 0.09 08101 0.9707
Firmicutes —-0.02 —-040 036 09142 09243 -0.01 -0.13 0.12 0.8927 09707
0.12 -033 0.56 06043 09243 0.02 —-0.06 0.11 05875 09191
Proteobacteria

Data from Bangladesh study. Comparison of longitudinal monthly gut bacterial relative abundances at phylum level in infants from 6 months to 2 years of age
with diarrhea vs. no diarrhea at the time of stool sample collection stratified by duration of exclusive breastfeeding (EBF). Significant p-values (< 0.05) are in bold
EBF exclusive breastfeeding, GAMLSS-BEZI Generalized Additive Models for Location, Scale and Shape (GAMLSS) with a zero inflated beta (BEZI) family, LMAS linear
model with arcsin squareroot transformation (implemented in the software MaAsLin); FDR false discovery rate

estimates (log (odds ratio) of one gender group for
changes in relative abundance) from GAMLSS-BEZI for
each bacterial taxon of each of the four studies and the
pooled adjusted estimates across studies (meta-analysis)
are displayed as a heatmap (Fig. 5 left panel). Different
significant levels of p-values are denoted for each taxon
of each study. The adjacent forest plot displays the
pooled adjusted estimates and their 95% CI with diffe-
rent colors and shapes to reflect the magnitude of pooled
p-values (Fig. 5 right panel).

The running time for meta-analysis using both ran-
dom effects and fixed effects models across four studies
for all bacterial taxa (328 taxa available in at least 2 stud-
ies) from phylum to genus levels was 3.7 s on a standard
laptop. This indicates that the meta-analysis algorithm is
computationally efficient.

Across the four studies, there is a large heterogeneity
in the difference (log (odds ratio)) of gut bacterial taxa
relative abundances between male vs. female infants <6
months of age after adjusting for feeding status and age
of infants at sample collection (Fig. 5, Additional file 1).
For example, at the phylum level, relative abundance of
Actinobacteria is significantly higher in male vs. female
infants in two studies with small sample sizes (Haiti and
North Carolina) while two other studies with larger
sample size (Bangladesh and US (CA_FL) shows non-
significant results in opposite directions. In addition,
differential relative abundance of Proteobacteria is sig-
nificant in two studies but in opposite directions (higher
in male infants in the USA (CA_FL) study while lower
in male infants in the Haiti study as compared to female

infants). Moreover, at the genus level, each study shows
significant differential relative abundances of different
bacterial genera between male vs. female infants and the
effects of many genera are in opposite directions
between studies. Since the results are heterogeneous or
opposite between studies and thus difficult to interpret,
meta-analysis across studies is necessary to evaluate the
overall consistent effects.

On the other hand, there are also some consistent
effects across studies. For example, phylum Bacteroi-
detes is consistently decreased in male vs. female infants
across four studies. However, the decrease is not signifi-
cant in any study (Fig. 5a). Therefore, meta-analysis
across studies is also important to evaluate if there is an
overall significant effect.

Meta-analysis of the four studies shows no significant
differential relative abundance of any bacterial phylum
between male vs. female infants (Fig. 5a). At the genus
level, meta-analyses show four genera with significant
consistent differential relative abundances (pooled
p-value <0.05) between male vs. female infants. After
adjusting for multiple testing, only genus Coprococcus
remains significantly higher in male vs. female infants
(FDR adjusted pooled p-value< 0.0001) (Fig. 5b).

Relative abundances of bacterial predicted functional
(KEGG) pathways

Across the four studies, there is also a large hetero-
geneity in the difference (log (odds ratio)) of relative
abundances of gut bacterial predicted functional KEGG
pathways between male vs. female infants <6 months of



Page 10 of 15

(2019) 20:188

Ho et al. BMC Bioinformatics

BulpaajIsealq-uou :{g-uou ‘Buipassisealq SAISN|IX3-UOU :4g3-uou ‘Buipassisealq SAISN|IXS 1493 s103eBlISaAUl 9y} WOy A1D3JIP PaUIRIqOo SI9M SIIPNIS J9YI0 991y} WOy BIe( ‘|W3Y'sIdseIep YNYA S9L Passadold 10T

2IN1eN/p L9 UBIUBWRIGNS/NPS ISNM de|uopIob//:sd1ly :BUSGaM ,SIOUINe dY) WOy PIPEOUMOP Sem APnis siy) Wwoiy e1eq "dA0Ge € ‘7 ‘| ddwexa ul (UOITeWLIoJSUERI) 100J31enDs UISDIe UM [pow Jeaul|) SYINT 'SA (Ajiwey

(1IZ39) €399 paiejul 019z B YUM (SSTNYD) adeys pue 3jeds ‘uoiied0 10y S|SPOIN SAIPPY Pazijesaudn) [73g-SSTYD JO dduewopad ayy buuedwod saskjeue ay3 Ul pasn osje a19m 1oyod Ayijeay siyl jo eyep ay) abe
4O s{puow 9 < s3jdwes [003s /9 UIRIUOD Os[e Apnis Ysape|bueg syl Jo Uoyod Ayyeay ay, 4aded paysignd [eulblo Y3 Ul SHOYOD PaYSUNOU[W Yum UOSHRdWOD 3y} Ul 92US13431 Se Pasn sem Loyod Ayyjeay siyL,

‘SUIUOW 9
01 () WO} patieA abe

[G€] swoigosdiw

N6 Juejul 9y JO uondUNy
UNUWIWI pUe D1j0gRIaW pue
‘S9IUNUWWIOD Jueuluopald

uon23||0d (£ =3Jpw YIM SIUBJUI WD) 'AISISAIP [e1IR12Eq Ul
a|dwes 1e abe Juey 1INy Ayyeay 9 jo SIDURIBYIP YUM P31eDOSSe
wniue| ul ‘(4g-uou ‘493 ‘v = 9lewsay) sa|duwies |001s woly 3/ 9dUPpUSIIL 2JeDABp pUuP
X174 SO -uou ‘'4g3) snieis 17 :sa|dwies e1ep aWo|qoIdIw (eurjosed sao1deid Bulpasy-pljos pue
YooY/ 7-1A Buipasy ‘Ispusn Jo JaquInN b jeuipnubuo’ YUON) VSN S (S 102) | 19 uosdwoy |
‘sKep
081 0} 16 ‘skep 06
01 L€ 'skep og 031 8 [¢1] sWOIqoDIA IND
‘skep /£ 01 ( 1e Pa103) JuejU| Y3 Jo Juswdolensg
uo23||0d |03 SIUBjUI ULID) pue JUaWysl|geisy pue
a|dues 1e abe Juey (oL =3jew -Inj Aupeay €11 Jo SaMIUNWWOD) [eLa1oeg I
ul ‘(4g-uou ‘493 ‘0¢ | = 9ews)) so|duwies |001s woy 158319 U9aM1ag UOI1RIDOSSY
basin -uou ‘4g3) snieis L2z :so|dwies e1ep aWoIqoIdIW (epuiol4 pue
eurn(l/ ¥A Buipas Uspuan 40 JSqUINN nb jeuipnybuo eluIojleD) Vs (£107) '|e 19 [eleuueq
(€ =u) anmsod
AIH 10 (G2 = u) aAebau
AIH 219Mm slayiow
350YyMm syuowl
9 0} (0 WOJj paLeA
abe yum siueyul
uonoa|od ajdwes (lz= 9pW aAnebau AIH 8¥ JO [L1] siuejul
1e abe Jueyul ‘(493 'GZ= 3lewsay) so|duwies |001s woly pa1dajuiun -AlH JO aUWoIqoIDIW
bagin -uou ‘'4g3) snieis 8y :sajdwes e1ep SWoIqoIdIw 3y} SOOUSN|UI UONIBUI AJH
euin||l/ #A Buipasy ‘Ispusn Jo JaquInN N6 awin auQ ey [eUI1BN (9107) |6 19 Jopuag
o (s19din
(8€L UOISIaN) 40135 | ‘sied uimy
aseqelep sausbusain | ‘suoiaibuls G7)
ay1 buisn SjuBjUl
AuejiuIs 9/6 Yim 1ysape|bueg Ayjeay
1SATDON Yam uonoa|jod 9|d 06 Jo abe Jo syuow
Bupid N1O uado - wles 1e abe juejul 9 01 yuiqg
'S9|1j PIEP-BISW ‘(4g-uou '4g3-uou (cvL=9eW woly Alyruouw pa1d3||od [71] usa1pyd 1ysape|bueg
pue buiddew ‘(3] euy) '499) '081= 9JeW>ay) so|duwies |001s woy paysunoujew Ul Anieuwdwi
Buppid N1O Joy pasn basin sniels zze sadudes e1ep aWo|qoIdIwW P10IGOIDIW IND JUIISISIAg
Speal 59| Pa|qUIasSY eulwun|||/ #A Buipas} Uspusn JO J2qWInN N6 [euipnubuoT qusape|bueg “(7102) “|e 19 ueluBWERIgNS
wloped
aouanbas/ sisAjeue (9be Jo syuow
123(04d siyy ul duop sauab -e}aW Ul pasn 9 siuejul siskjleue
Buissenoid erep pue VYNYI 591 Jo sa|gelen Ajuo 1oJ) -e1aW Ul pasn eleq (uonendod
pasn saly buinelg uolbal 19b.e| e 925 a|dwies /ubisap Apnig Apnas) uibio eieq Apnis paysiignd

sisAjeue-L1aW Ul PapN|aUl SAIPNIS SWOIGoIdIW paysiignd Inoj Jo Alewiwing 9 ajqer


https://gordonlab.wustl.edu/Subramanian_6_14/Nature_2014_Processed_16S_rRNA_datasets.html
https://gordonlab.wustl.edu/Subramanian_6_14/Nature_2014_Processed_16S_rRNA_datasets.html

Ho et al. BMC Bioinformatics (2019) 20:188 Page 11 of 15

e N
a ; Verrucomicrobia
—_— Proteobacteria
—_—— Fusobacteria
—_— Firmicutes
 —— Bacteroidetes

Thermi

Verrucomicrobiaceae.g__akkermansia
Pseudomonadaceae.g__pseudomonas
Moraxellaceae.g__acinetobacter
Pasteurellaceae.g__haemophilus
Enterobacteriaceae.g__serratia
Enterobacteriaceae.g__proteus
Enterobacteriaceae.g__erwinia
Enterobacteriaceae.g__citrobacter
Enterobacteriaceae.g__
Aeromonadaceae.g__

g

Camp __campy
Desulfovibrionaceae.g__bilophila
Neisseriaceae.g__neisseria
Oxalobacteraceae.g__janthinobacterium
Comamonadaceae.g__roseateles
Comamonadaceae.g__comamonas
Comamonadaceae.g__

Alcaligenaceae.g__sutterella
Sphingomonadaceae.g__sphingobium
Rhodospirillaceae.g__

Prc ia.c__alphaproteobacteria.o__rhizobiales.f__.g__
Fusobacteriaceae.g__fusobacterium
Erysipelotrichaceae.g__catenibacterium
Erysipelotrichaceae.g__.eubacterium.
Erysipelotrichaceae.g__

Veillonellaceae.g__veillonella
Veillonellaceae.g__megasphaera
Veillonellaceae.g__megamonas
Veillonellaceae.g__dialister
Veillonellaceae.g__acidaminococcus
Ruminococcaceae.g__ruminococcus
Ruminococcaceae.g__oscillospira
Ruminococcaceae.g__faecalibacterium
Ruminococcaceae.g__
Peptostreptococcaceae.g__peptostreptococcus
Peptostreptococcaceae.g_

Lachnospiraceae.g__dorea
Lachnospiraceae.g__coprococcus
Lachnospiraceae.g__clostridium
Lachnospiraceae.g__blautia
Lachnospiraceae.g__.ruminococcus.
Lachnospiraceae.g__
Eubacteriaceae.g__pseudoramibacter_eubacterium
Clostridiaceae.g__clostridium
Clostridiaceae.g__
Tissierellaceae..g__peptoniphilus
Tissierellaceae..g__finegoldia
Tissierellaceae..g__anaerococcus
Firmicutes.c__clostridia.o__clostridiales.f .
Streptococcaceae.g__streptococcus
Streptococcaceae.g__lactococcus
Lactobacillaceae.g__lactobacillus
Enterococcaceae.g__enterococcus
Carnobacteriaceae.g__granulicatella
Gemellaceae.g_
Staphylococcaceae.g__staphylococcus
Planococcaceae.g_
Alicyclobacillaceae.g__alicyclobacillus
Weeksellaceae..g__chryseobacterium
Rikenellaceae.g__
Prevotellaceae.g__prevotella
Porphyromonadaceae.g__parabacteroides
Porphyromonadaceae.g__dysgonomonas
Bacteroidaceae.g__bacteroides
Bacteroidetes.c__.o_ f .g

(-=,-1)

.‘+i+-.-,-*—++ -+-+4++‘-{-1-+4+1....-4-,“.*.{.

[-1,0.5)

[-0.5,-0.1)
[-0.1,0)
[0,0.1)
[0.1,0.5)

[0.5,1)

[1,)

{ﬂ..*u'ﬂn|u|uo.++,uf++ﬂ..{4“i»H{j“

Thermaceae.g__meiothermus

I
5 25 0 25 5

Fig. 5 (See legend on next page.)
.




Ho et al. BMC Bioinformatics (2019) 20:188 Page 12 of 15

(See figure on previous page.)

Fig. 5 Meta-analysis for the difference in relative abundances of gut bacterial taxa between male vs. female infants <6 months of age. a:
Phylum level: heatmap of log (odds ratio) (log (OR)) of relative abundances of all gut bacterial phyla between male vs. female infants for
each study and forest plot of pooled estimates across all studies with 95% confidence intervals (95% Cl). b: Genus level: heatmap of log

(OR) of relative abundances of all gut bacterial genera between male vs. female infants for each study and forest plot of pooled
estimates across all studies with 95% Cl. All log (OR) estimates of each bacterial taxa from each study were from Generalized Additive
Models for Location Scale and Shape (GAMLSS) with beta zero inflated family (BEZI) and were adjusted for feeding status and age of
infants at sample collection. Pooled log (OR) estimates and 95% Cl (forest plot) were from random effect meta-analysis models with
inverse variance weighting and DerSimonian-Laird estimator for between-study variance based on the adjusted log (OR) estimates and
corresponding standard errors of all included studies. Bacterial taxa with p-values for differential relative abundances < 0.05 are denoted
with * and those with p-values <0.0001 are denoted with **. Pooled log (OR) estimates with pooled p-values< 0.05 are in red and those
with false discovery rate (FDR) adjusted pooled p-values <0.1 are shown as triangles. Missing (unavailable) values are in white. USA:
United States of America; CA: California; FL: Florida; NC: North Carolina

age after adjusting for feeding status and age of infants
at sample collection (Fig. 6). For example, at level 2 of
KEGG pathway, the USA (CA_FL) study (with relatively
large sample size) shows many pathways with significant
differential relative abundances between male vs. female
infants. The other three studies varyingly show signifi-
cantly differential relative abundances in some of these
pathways. However, the effects of almost all of these
pathways in the USA (CA_FL) study are in opposite
directions with the effects of these pathways in any of
the other three studies. Therefore, it is difficult to inter-
pret the results regarding male vs. female pathway diffe-
rential relative abundances. As such, meta-analysis
across studies is important to examine the overall con-
sistent effects. Meta-analysis of four included studies
shows only one KEGG pathway at level 2 with signifi-
cant consistent differential relative abundance between
male vs. female infants (pooled p-value < 0.05). However,
after adjusting for multiple testing, no KEGG pathway
(at both level 2 and level 3) remains significantly diffe-
rent between genders (Fig. 6, Additional file 1).
Difference in gut microbial composition between
genders has been reported in adults [36, 37] and in some
neonatal studies albeit with small sample sizes [38, 39].
However, the reported findings have largely varied
between these studies. Our analyses also showed hetero-
geneous results among the four studies included. This
highlights the importance of meta-analyses to evaluate
overall consistent results across studies. Our meta-ana-
lyses of four studies showed virtually no difference in
gut bacterial community and predicted functional path-
ways between male vs. female infants’ <6 months of age
after adjusting for feeding status and infant age at time
of sample collection as well as after adjusting for mul-
tiple testing. There was one exception: relative abundance
of Coprococcus was significantly higher in male vs. female
infants. Coprococcus has been implicated in many con-
ditions including hypertension and autism [40, 41], and
the detected difference in our study may provide some in-
sights into the known sex differences in health outcomes.

In addition, random effects meta-analysis models can
also be generally applied to other microbiome mea-
sures such as microbial alpha diversity and micro-
biome age. To make the estimates for these positive
continuous microbiome measures comparable across
studies, these measures should be standardized to have
a mean of 0 and standard deviation of 1 before be-
tween-group-comparison within each study. Random
effects meta-analysis models can then be applied to
pool the “comparable” estimates and their standard er-
rors across studies. Meta-analysis results of these mea-
sures can be displayed as standard meta-analysis forest
plots (Additional file 1).

Conclusion

Our metamicrobiomeR package implemented GAMLSS-
BEZI for analysis of microbiome relative abundance
data and random effects meta-analysis models for
meta-analysis across microbiome studies. The advan-
tages of GAMLSS-BEZI are: 1) it directly address the
distribution of microbiome relative abundance data
which resemble a zero-inflated beta distribution; 2) it
has better power to detect differential relative
abundances between groups than the commonly used
approach  LMAS; 3) the  estimates from
GAMLSS-BEZI are log (odds ratio) of relative abun-
dances of bacterial taxa between comparison groups
and thus are directly analogous across studies.
Random effects meta-analysis models can be directly
applied to pool the adjusted estimates and their
standard errors across studies. This approach allows
examination of study-specific effects, heterogeneity
between studies, and the overall pooled effects across
microbiome studies. The examples and workflow using
our “metamicrobiomeR” package are reproducible and
applicable for the analysis and meta-analysis of other
microbiome studies. The R package ‘metamicrobiomeR’
we developed will help researchers to readily conduct
microbiome meta-analysis appropriately.
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Fig. 6 Meta-analysis for the difference in relative abundances of gut microbial KEGG pathways between male vs. female infants <6 months of
age. Heatmap of log (odds ratio) (log (OR)) of relative abundances of gut microbial KEGG pathways at level 2 between male vs. female infants for
each study and forest plot of pooled estimates of all studies with 95% confidence intervals (95% Cl). All log (OR) estimates of each pathway from
each study were from Generalized Additive Models for Location Scale and Shape (GAMLSS) with beta zero inflated family (BEZI) and were
adjusted for feeding status and age of infants at sample collection. Pooled log (OR) estimates and 95%Cl (forest plot) were from random effect
meta-analysis models with inverse variance weighting and DerSimonian-Laird estimator for between-study variance based on the adjusted log
(OR) estimates and corresponding standard errors of all included studies. Pathways with p-values for differential relative abundances < 0.05 are
denoted with * and those with p-values < 0.0001 are denoted with **. Pooled log (OR) estimates with pooled p-values< 0.05 are in red and those
with false discovery rate (FDR) adjusted pooled p-values < 0.1 are shown as triangles. KEGG: Kyoto Encyclopedia of Genes and Genomes; USA:

United States of America; CA: California; FL: Florida; NC: North Carolina

Availability and requirements

Project name: metamicrobiomeR.

Project home page: https://github.com/nhanhocu/
metamicrobiomeR

Operating system(s): Platform independent.
Programming language: R.

Other requirements: R 3.4.2 or higher.

License: GNU GPL v. 2.

Any restrictions to use by non-academics: none.

Additional file

Additional file 1: A summary of implemented functions and tutorial for
the ‘metamicrobiomeR’ package. (HTML 2364 kb)

Abbreviations

BEZI: Zero inflated beta; CA: California; Cl: Confidence interval; CLR: Centered
Log Ratio; EBF: Exclusive breastfeeding (or exclusively breastfed); FDR: False
Discovery Rate; FL: Florida; GAMLSS: Generalized Additive Models for
Location, Scale and Shape; GAMLSS-BEZI: Generalized Additive Models for
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Location, Scale and Shape with a zero inflated beta family; GMPR: Geometric
Mean of Pairwise Ratios; KEGG: Kyoto Encyclopedia of Genes and Genomes;
LM: Linear/linear mixed effect models; LMAS: Linear/linear mixed effect
models with arcsin squareroot transformation; NC: North Carolina; Non-

EBF: Non exclusive breastfeeding (or non exclusively breastfed); RAIDA: Ratio
Approach for Identifying Differential Abundance; USA: United States of
America; ZIL: Zero-inflated lognormal; ZINB: Zero-inflated negative model
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