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ABSTRACT

STATISTICAL METHODS FOR MODELING COMPLEX DEPENDENCY STRUCTURES IN
ZERO-INFLATED METAGENOMIC SEQUENCING DATA

Rebecca Ann Deek

Hongzhe Li

Advances in high-throughput sequencing technologies have enabled large-scale metagenomic se-
quencing studies of microbial compositions. As such, there is a growing scientific interest in un-
derstanding the human microbiome, defined as all the microorganisms and their genes in, or on,
the body. Of particular interest is its functional role in human-host health. Nevertheless, there re-
mains a statistical and computational bottleneck in effectively analyzing data from 16S rRNA and
metagenomic sequencing studies. This is due to the characteristic excessive zeros, sequencing depth
constraints, and high dimensionality of such data. Motivated by numerous microbiome studies, this
dissertation aims to narrow the gap by developing novel statistical methods specifically designed to
capture the excessive zeros of the data. The specific aims are to develop statistical models, infer-
ence procedures, and computational fast algorithms to (1) identify distinct microbial communities
in a given data set, as well as each community’s important bacterial taxa, and (2) build microbial
covariation networks based upon the estimated covariation between a pair of zero-inflated variables.
To this end, three methodological advances are proposed. First, a generative latent mixture model
of microbial counts that distinguishes between structural and sampling zeros. Second, a mixture
margin copula model and two-stage inference procedure for microbial covariation networks in cross-
sectional studies. Third, an extension to random-effects mixture margin copula models, as well as
a corresponding Monte Carlo EM algorithm and likelihood ratio test to build temporally conserved
covariation networks from longitudinal data. Furthermore, the performance and utility of these

methods are demonstrated using simulations and several publicly available microbiome data sets.
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CHAPTER 1

INTRODUCTION

The microbiome, which refers to all the microorganisms and their genes in a well-de ned environ-
ment, has long been of interest in biomedical research (Burge, 1988; Lederberg and Mccray, 2001).
The advent and proliferation of Next-Generation Sequencing (NGS) technologies has given rise
to many large-scale high-throughput microbiome studies. These include The Human Microbiome
Project (Turnbaugh et al., 2007) and American Gut Project (McDonald et al., 2018), both of which
focused on characterizing the microbiome of predominantly healthy subjects. As well as the Earth
Microbiome Project that aimed to describe the uncultured diversity of the planet (Gilbert et al.,
2014). Data from these studies provide important information on taxonomic classi cation and
microbial diversity. Di erential abundance analysis and microbiome association tests have been
widely used to understand how the host environment (e.g. human-host health) is associated with
the microbiome (Paulson et al., 2013; Peng et al., 2015; Scealy and Welsh, 2011; White et al., 2009).
From such work, it is now known that the human microbiome is associated with many conditions,
including obesity, in ammatory bowel disease, and rheumatoid arthritis (Greenblum et al., 2012;
Scher and Abramson, 2011; Taneja, 2014). Similarly, salinity, ecosystem type, and pH are important
factors in determining soil microbial composition (Lozupone and Knight, 2007; Fierer and Jackson,
2006; Thompson et al., 2017). This dissertation develops statistical and machine learning models,
inference procedures, and e cient computational algorithms for microbial community and covaria-

tion analysis.

Statistical and computational analysis of 16S rRNA and shotgun metagenomic sequencing data
requires careful thought and consideration for several reasons. The data from such studies are
often noisy, heterogeneous, and re ect relative, not absolute, abundances of the bacterial taxa
in the environment. One of the most de ning and di cult features of the data are its zeros,

in some data sets accounting for over 90% of the observed counts. Many existing methods aim to

Gaussian-ize the data by performing log-ratio transformations, and then apply standard statistical



techniques. Such transformations require the use of pseudocounts, a small non-zero count added to
each observation to avoid any problems with taking a log-based transformation. The problem with
pseudocounts are two-fold. First, downstream analyses can be sensitive to them and give di erent
results based on the arbitrary choice. Second, because of the excessive zeros, adding a pseudocount
doesn't solve the spike in the data at zero, but instead moves it to a new value in the transformed
data. Therefore, the transformed data is not Gaussian or even sub-Gaussian, limiting the use of

such transformations in practice.

It is necessary for statistical techniques to explicitly account for the zeros of the data rather than
treating them as an afterthought. This dissertation contributes to the growing body of zero-in ated
models for microbial sequencing data. Much of the existing work focuses on di erential abundance
analysis and analyzes one taxon at at time. There has been less emphasis on zero-in ated methods

that model microbial dependency structures, which is the chief priority of the work herewith.

An important rst step in many microbiome studies is to identify possible distinct microbial com-
munities in a given data set and to identify the important bacterial taxa that characterize these
communities. The observed data from typical microbiome studies are high dimensional count data
with excessive zeros due to both absence of species (structural zeros) and low sequencing depth or
dropout (sampling zeros). Although methods have been developed for identifying microbial com-
munities using mixture models of counts, these methods do not account for the excessive zeros of
the data and do not di erentiate structural from sampling zeros. In Chapter 2, a zero-in ated
Latent Dirichlet Allocation model (zinLDA) for the sparse count data seen in microbiome studies

is introduced (Deek and Li, 2020). zinLDA builds on the exible Latent Dirichlet Allocation model

of Blei et al. (2003) and allows for zero-in ation in observed counts. This work develops an e cient
Markov chain Monte Carlo (MCMC) sampling procedure to tthe model. Results from simulations
show zinLDA provides better t to the data and is able to separate structural zeros from sampling
zeros. Furthermore, zinLDA is applied to a data set from the American Gut Project and identi es

microbial communities characterized by di erent bacterial genera.

Moreover, covariation networks among bacterial taxa in microbial communities provide important



insights into the connectivity and structure of the ecosystem. Though, quanti cation of microbial
covariations from 16S rRNA and shotgun metagenomic sequencing data is di cult due to their zero
enriched nature. Existing methods using simple correlations or log-based transformations cannot
capture the covariations observed in real data sets. Accordingly, this dissertation details two novel
copula models with mixture margins to estimate the covariation between a pair of zero-in ated

variables.

First, copula models with zero-beta mixture margins are proposed in Chapter 3 for the estimation
of taxon-taxon covariations using normalized microbial relative abundance data from cross-sectional
studies. Copulas allow for separate modeling of the dependence structure from the margins, easy
adjustment of observed confounders in the marginal distributions, and uncertainty measurement.
It is shown that a two-stage maximum likelihood approach provides accurate estimation of model
parameters. A corresponding two-stage likelihood ratio test for the copula dependence parameter
is derived and is used for constructing covariation networks. Simulation studies show that the
test is valid, robust, and more powerful than tests based upon Pearson's and rank correlations.
Furthermore, data from the American Gut Project is used again to demonstrate that the method

can be applied to build biologically meaningful microbial networks.

Second, these models can be extended and applied to longitudinal microbiome data to construct
temporally conserved covariation networks. Longitudinal microbiome studies, in which data on a
single subject is collected repeatedly over time, are becoming increasingly common in biomedical re-
search. Such studies provide an opportunity to study the inherently dynamic nature of a microbiome

in a way that cannot be done using cross-sectional studies. In Chaper 4, a random-e ects copula
models with zero-beta mixture margins is developed to identify biologically meaningful temporally
conserved covariation between two bacterial taxa, while accounting for the excessive zeros seen in
16S rRNA and metagenomic sequencing data. Estimating conserved covariation is of interest as a
measure of biological and ecological system robustness. The method assumes a random-e ects model
for the dependence parameter in the copulas, which captures the conserved microbial covariation

while allowing for time-speci c dependence parameters. A Monte Carlo EM algorithm is developed



for e cient estimation of model parameters and a corresponding Monte Carlo likelihood ratio test
for the mean conserved dependence parameter of the random e ect. Simulation studies show that
the proposed method provides an empirically unbiased estimate of the mean dependence parameter
and the proposed test controls the Type | error rate better than naive methods. Analysis of the
longitudinal pediatric DIABIMMUNE cohort identi es changes in both local and global patterns of
conserved microbial covariation networks in infants treated with antibiotics. Furthermore, results
show that the no antibiotics network is less dependent on individual taxon, thus making it more
stable than the antibiotics network and less fragile when exposed to network attacks. This disserta-
tion concludes in Chapter 5, with a discussion of its key ndings and contributions to dependency
modeling in metagenomic sequencing studies. Further directions and applications of this work to

multiomics data integration and single-cell genomics are also introduced.



CHAPTER 2

A ZERO-INFLATED LATENT DIRICHLET ALLOCATION MODEL FOR
MICROBIOME STUDIES

2.1. Introduction

A signi cant portion of statistical methodology for the analysis of microbiome data has focused
on its high-dimensional nature. A single 16S rRNA gene sequencing sample can produce tens of
thousands of sequencing reads from hundreds of di erent amplicon sequence variants (ASVs). Due
to this high dimensional property, of particular interest are techniques for dimensionality reduction.
Commonly used methods include principal coordinate analysis (PCoA) with distance measures, such
as weighted and unweighted UniFrac distance and Bray-Curtis dissimilarity, or canonical correla-
tion analysis with sparsity assumptions (Hawinkel et al., 2019; Chen et al., 2013). More recently,
studies have begun to focus on understanding microbial dynamics within the human microbiome.
Single species analyses, that focus on one species at a time in a parts-list fashion, are not able to
capture complex and dynamic interactions. These interspecies interactions form the basis of dis-
tinct underlying subcommunity structures and failing to account for them contributes to the data
heterogeneity commonly seen in microbiome studies. As such, network-based approaches have been
successfully applied in this area (Faust and Raes, 2012; Layeghifard et al., 2017). These methods
use co-occurence or correlation measures to identify pairwise interactions in cross-sectional studies
(Faust et al., 2012; Friedman and Alm, 2012; Kurtz et al., 2015). Others use temporally conserved

covariance to identify interactions in longitudinal studies (Raman et al., 2019).

Generative probabilistic mixture models are able to act as a dimensionality reduction technique while
simultaneously describing microbial dynamics via subcommunity identi cation. When applied to
microbiome data the latent variable(s) in a mixture model have meaningful biological connotations.
Speci cally, they represent distinct subcommunity pro les, or structures, that give rise to the ob-
served samples. The simplest of these is the Dirichlet-multinomial mixture model (Holmes et al.,

2012). This model is a generalization of the Dirichlet-multinomial hierarchical model. Rather



than assuming that all samples in a cohort are generated from a single community pro le, as the
Dirichlet-multinomial model does, the mixture model assumes the cohort contains many di erent
subcommunity structures and each of the samples is generated by one of them (Holmes et al., 2012).
As such, a sample can be described by its subcommunity assignment rather than a high-dimensional
vector of ASV counts. Though, the Dirichlet-multinomial mixture model may still be too restrictive

to accurately capture microbial community structures and all the heterogeneity seen in microbiome
studies (Sankaran and Holmes, 2019). It is biologically plausible that an individual's microbiome is
comprised of numerous subcommunities, rather than just one, mixing together to varying degrees.
The Latent Dirichlet Allocation (LDA) model describes such a generative process (Blei et al., 2003).
Samples are de ned by their mixture probabilities for each of the subcommunities rather than be-
longing to a single subcommunity. Technically speaking, LDA di ers from the Dirichlet-multinomial
mixture model by sampling the latent community variable repeatedly within a sample, once per se-
guencing read, rather than just once for the entire sample (Blei et al., 2003; Gri ths and Steyvers,

2004).

Latent Dirichlet Allocation has been successful in identifying functional subcommunities of microbes

in the human gut and the soil of tropical forests (Sankaran and Holmes, 2019; Hosoda et al., 2020;
Sommeria-Klein et al., 2020; Higashi et al., 2018). Despite this, it has been noted that LDA is prone

to over-smoothing of microbial counts, which are known to be sparse (Sankaran and Holmes, 2019).
This can be attributed to the Dirichlet distribution being insu cient to capture the overdispersion

and zero-in ation of microbiome data. The distribution only has one dispersion parameter and
inherently imposes a negative correlation between component counts, which may lead to spurious
associations (Tang and Chen, 2019). Moreover, the model assumes that each species has a non-
negative probability of belonging to every subcommunity. This implies that all species contribute

to every subcommunity, even if only with low probability. However, it is more likely that the

presence of one species in a community prevents the presence of another.

As such, it would be advantageous to be able to identify community structures that are only com-

posed of a subset of microbial species present in a data set. Thus estimating some of the taxa



membership probabilities for each subcommunity to be zero. We propose a zero-in ated Latent
Dirichlet Allocation (zinLDA) model that is exible enough to capture sparse subcommunities of
microbiota. In the following section we detail the generative process of the LDA model and our
zero-in ated LDA model. We also provide information on how to estimate model parameters using
Markov chain Monte Carlo (MCMC) methods. We apply both models to simulation studies and
real data using data from the American Gut Project to directly compare the two and highlight how

our proposed method provides better t to microbiome data.
2.2. Latent Variable Mixture Modeling for Microbiome Studies
2.2.1. Notation and terminology

Data in microbiome studies often comes from high-throughput sequencing of the 16S rRNA gene.
A single biological sample can be represented by a vector of taxon counts with each component
representing the number of reads aligned to that speci c classi cation (e.g. ASV, species, genus).
The following de nitions and notations will be of help in de ning a generative probabilistic model

for microbiome studies:

"~ wgn is the n' observed sequencing read in the" biological sample. Sequencing reads are
represented byV -length vectors with a single non-zero component whose value is equal to

one, whereV is the number of unique taxa in the study.

wi, . represents that then™ sequencing read in thed” sample belongs to theé™ unique taxa

2.2.2. Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation is a probabilistic model that is exible enough to describe the generative
process for discrete data in a variety of elds from text analysis to bioinformatics (Blei et al., 2003).

When applied to microbiome studies, LDA provides the following generative process for the taxon



counts in a cohortD.

Algorithm 1  Generative process for Latent Dirichlet Allocation.

1. For each of theK subcommunities, indexed byj :

2. Choose () Dir( ).

3: For each biological samplewn g in the cohort:

4:  Choose @  Dir( ).

5. For each of theN sequencing readswyn:

6: Choose a subcommunityzg,  Multinomial(1, ().

7. Choose a taxonwg, from P(WgnjZan; ), @ multinomial probability distribution conditional
on the subcommunity zyp.

Figure 2.1 provides a graphical model representation of LDA. In this model, =[ j ] fully describes
the taxa distribution for each subcommunity. The probability that the i taxa belongs to thej "
subcommunity is denoted by j; . Note that the taxa distribution is cohort-speci ¢ meaning that it is
common across all samples and is only estimated once per cohort. The mixture probabilities for the
subcommunities of thed™ sample are denoted by & -length vector, (@ with g representing the
mixture probability of the j ™ subcommunity in the d"" sample. HereK is the number of underlying
subcommunities and is assumed to be known a priori. Additionally,zq4, is the subcommunity
assignment for sequencing ready,. Both hyperparameters and are assumed to be symmetric

and are de ned once for the whole cohort.

Intuitively, j = P(Wijnjzdn = j) determines which taxa are important to subcommunity j and
4 = P(zan = j) determines which subcommunities are important in thed® sample. Moreover, the
LDA model acts as a soft clustering technique by allowing samples to be composed of multiple
subcommunities. Geometrically, the parameter space of and can be thought of in terms of
a simplex space. The taxa per subcommunity distribution belongs thev-1 simplex, such that
() 2 8V 1 Meanwhile, (@ the subcommunity distribution per sample can be represented by
a randomly selected point in the K  1)-dimensional simplex, SX 1. This is di erent from the
Dirichlet-multinomial mixture model in which (9 = is assumed to be xed across all samples

and can be represented by the vertices d8¥ 1.



Figure 2.1: Plate diagrams of (a) Latent Dirichlet Allocation and (b) zero-in ated Latent Dirichlet
Allocation. Nodes represent parameters and random variables, shading denotes the observed data,
and boxes represent repeated sampling. The outer box is denoted with D for once per biological
sample, the inner box with N for sampling per sequencing read, and the upper box with K for per
subcommunity.

2.2.3. Zero-in ated Latent Dirichlet Allocation (zinLDA)

We propose a modi cation to the Latent Dirichlet Allocation model that allows the latent subcom-

munity organization to be composed of both structural zeros, taxa that truly do not belong to the
community, and sampling zeros, taxa that belong to the community but are not captured due to
low sequencing depth or dropout. Understanding and identifying structural zeros in the data is

biologically interesting as it provides insights into the absence of certain taxa in a given community.

The zero-in ated generalized Dirichlet (ZIGD) distribution is able to model both sources of zeros
(Tang and Chen, 2019). The generalized Dirichlet (GD) distribution is an extension of the Dirichlet
that allows for a more exible covariance structure via the introduction of additional parameters
(Connor and Mosimann, 1969). Though, it should be noted that the GD distribution alone does
not model structural zeros. To do so, we must modify the unique relationship between the GD
distribution and a set of mutually independent beta random variables. By adding a zero-in ation
probability, , to each of the beta random variables we arrive at the zero-in ated generalized Dirich-

let distribution. Formally, a length- V vector of ZIGD compositions, denoted by = f 1;::: vg,



can be formulated from a set of mutually independent zero-in ated beta random variables, which we
denote byQ = fQq;:::; Qv 10, with zero-in ation probabilities, = f 1;::: v 1g0and parameters

(a; b of the beta distributions. The relationship between the two random variables can be described

L _ Qi o _. Pvi
asfollows: 1=Q1, i= ".;(1 Q)forl=2;:::V 1 and vy =1 =1~ i (Tang and Chen,
2019). Furthermore, we introduce an indicator variable, ; = I ( j = 0) = 1(Q; = 0), to identify
structural zeros. For subcommunity j, let there be L taxa with 3 > 0, j =0. Then let U;

denote the set of indices of the non-zero taxa probabilities for subcommunity, U; = full. ;iU g,

and U; be its complement.

Replacing the Dirichlet( ) prior on  with a ZIGD( ;a;b) gives a zero-in ated Latent Dirichlet
Allocation (zinLDA) model. The zinLDA model assumes the following generative process for a

cohort D:

Algorithm 2 Generative process for zero-in ated Latent Dirichlet Allocation.

1: For each of theK subcommunities, indexed byj :
2. Choose ) Ber( ).
Choose U  ZIGD( ;a;b).
. For each biological samplew 4 in the cohort:
Choose (@  Dir( ).
. For each of the N sequencing readsygn:
Choose a subcommunityzg, ~ Multinomial(1, ().
Choose a taxonwg, from P(wgnjzgn; ), @ multinomial probability distribution conditional
on the subcommunity zg,,.

© N T AW

In this model we assume hyperparameters, a, b, and are symmetric and are de ned once for the
whole cohort. Comparing the graphical model representation of zinLDA to that of the LDA model

(Figure 2.1) underscores the di erences between the two, particularly with respect to modeling .
2.3. A Collapsed Gibbs Sampler for Model Inference

We adopt a Bayesian framework for parameter estimation and inference. As such, inference for the

zinLDA model is centered around the posterior distribution:

P(iz 5 jwi;iah)= 4 ;i’;(v\;’j_;_";’_g;)a;b ). 2.1)
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Calculation of this distribution cannot be done directly because the marginalization required to
nd the normalizing constant, P(wj; ;a;b ), is intractable. As such, approximate methods are
necessary for parameter estimation. Variational inference may be used to nd parameter estimates
by maximizing an approximation to the true posterior. Alternatively, a Markov chain Monte Carlo
procedure, such as Gibbs sampling, may be used to generate samples from the target posterior
distribution for inference. It is worthy to note that due to the fact that both the Dirichlet and
ZIGD distributions are conjugate prior for the multinomial distribution, using a collapsed Gibbs
sampler that marginalizes over and gives a tractable solution, even more so than had collapsing
not been performed. For this reason, we propose a collapsed Gibbs sampler for the joint posterior

distribution of zand , P(z; jw), where:

oy = Pwozi ) Pwizy )P(Z)P( )
P(z; jw)= Pw) 'ZP(W,Z; ) (2.2)

Integration over and can be done separately as the former only appears P(wjz; ; ) andthe
latter only in P(zj ). In Gibbs sampling, each state of the chain is taken as an assignment of each
zgn and . These states are sampled conditional on the observed data and all the other parameters
in the model at their current state. Thus, to perform the sampling, the full conditional distributions,
P(zan = jjw;z n; )andP( j =1jw;z; ), must be known. These distributions have closed
form solutions due to the conjugate prior property of the Dirichlet and ZIGD distributions and can

be found probabilistically (Appendix A)

a+ nj bfz’ M0t iy <i<u
—m t<|t 2U; M @ [C) L Lj
atn;’  +by I atn; i o0 My tK (2.3)
bgz) (d) s

teiit 2U; g +b§z) (d) 4K

P(zan = jjz nyw; ) /

8
a+ n(') (d) 0t if i =
arn0) +q<1z) (d) +K = Uy
§ iti = u,

ifi2y,
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P( =1 iiw;2)= (2.4)

8
20 it n > 0
3

i+l ) e

wherezgy is the subcommunity assignment for sequencing read;,. We de ne n( ) n as the number
of times the i taxa is assigned to thej " subcommunity and mj(;d) , as the number of times thej th
subcommunity occurs in thed™ sample, both excluding the current subcommunity assignment of
(v 1

Z4n. Additionally, we de ne al-(jz) = a+ nj(i) and q(jz> = b+ nj(i+1) + i+ n

The chain is initialized with informative values for the z4, variables by sampling from a multinomial
distribution with taxa probabilities equal to the j estimates from a standard LDA model. Once
the chain has been run long enough to guarantee su cient convergence, a set of the initial runs
is removed as a burn-in period, and the remaining are taken as a set of samples from the target
posterior distribution. As such, for each run, we can calculate estimates of and as follows using

the posterior predictive distribution:

8
a+n(') if i =
a+n(|)+b(z) = Uy
(i) (2)
a+n . .
by if uy <i<u

NG G) t<t 20 T

/\ij = P(W(I)szr(1le)w — , a+n +b lz) ] a+n +b[ (25)
t<|t 2U; ?tt) ) if i = up,
] a+n bt J
if i 2 U,

d
Y L 06
dj new ; m:(d) T K .

The nal estimate of is de ned as its posterior mean across all the runs. The nal estimate of
can be found in a multi-step process. First, calculate the posterior mean of j across all runs,

which is equivalent to a posterior estimate of j . Then dichotomize #; according tol (*;  0:5).
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Next, assign Aij =0 forany |l (®j 0:5)=1, otherwise assign’\ij its respective posterior mean and

, L , P
normalize within each subcommunity such that j = 1.

i
2.4. Simulation Studies

2.4.1. Parameter speci cation

We conducted simulation studies to compare estimation accuracy and model t between the pro-
posed zinLDA and the standard LDA models. The data was simulated from a true zinLDA model,
following the steps speci ed by the generative algorithm given previously. First, we selected the to-
tal number of taxa (V) to be 120 across 150 independent microbial samples. Next, the total number
of reads in each sample were drawn from a discrete Uniform distribution with a lower bound of 5000
and upper bound of 25000. These parameters were selected to re ect real microbiome data sets
aggregated to the genus-level classi cation. The number of subcommunitieK() was selected as
ve. The hyperparameter of the Dirichlet distribution on  was set to 50K , as suggested for the
original LDA model (Gri ths and Steyvers, 2004). Additionally, the hyperparameters , a, and b

of the zero-in ated generalized Dirichlet distribution on  were set to 0.4, 0.05, and 10, respectively.
After running the simulation algorithm, the taxa that had a zero count for every sample, meaning

a prevalence of 0%, were removed as such taxa would not be observed in a real data analysis. This

reduced the total number of observed taxa Yops) t0 87.

A zinLDA model with ve subcommunities was t to the simulated data set. Hyperparameters , ,

a, and bwere set to their true values, as speci ed under simulation. Likewise, a standard LDA model
with ve subcommunities was t, with default hyperparameter values of 50=K and 0.1 for and |,
respectively, as suggested in Gri ths and Steyvers (2004). To deal with the label switching problem
commonly seen in Bayesian inference of mixture models, we used a method previously proposed to
compare labels from an LDA model to their ground-truth. The pairwise Pearson correlation was
calculated for each true-estimated subcommunity pair. The pair with the highest correlation is
matched, then the pair with the next highest correlation among the remaining is matched, and so

on until all true-estimated pairs are uniquely matched (Sankaran and Holmes, 2019).
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Figure 2.2: Bar graphs of the top eight taxa for each of the ve subcommunities alongside their
corresponding’\ij values. The rst column contains the ground truth (i.e., top taxa from simulation).
The second and third columns are the estimated top taxa from the zinLDA and LDA models,

respectively.
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2.4.2. Model t and sensitivity of zinLDA

To determine how well zinLDA is able to capture the latent community structure we compared
the estimated j for the top eight taxa per community to their true value and estimated value
from the standard LDA model. Figure 2.2 shows that both zinLDA and LDA correctly identify
all of the top microbial taxa for each of the ve subcommunities. Moreover, estimates from both
models show low bias. We also investigated how misspeci cation of the number of subcommunities
in uences zinLDA's ability to recover the representative taxa. An underspeci ed model, with one
too few communities, collapses the representative taxa of two of the subcommunities together,
thus resulting in both upwardly and downwardly biased estimates of j. The remaining three
subcommunities have their representative taxa recovered and their respective; estimates were
not e ected. Likewise, for an overspeci ed model, with one too many communities, it is able to
accurately detect the ve true subcommunity structures, as speci ed under simulation, but identi es

an additional nonsensical subcommunity that is composed of only one taxa (Figure A.1).

Fit of the two models was assessed through posterior predictive checks (Gelman et al., 1996). For
each model, the posterior predictive distribution was used to simulate 100 data sets with the same
dimensions as the original. The rationale behind using posterior predictive checks to assess model
t is as follows: if the model provides reasonable t then the data simulated from the posterior
predictive distribution, which is conditional on the observed data (X o,5) and the current model,
should look similar to the observed data. We quantify how similar the observed data and the
posterior predictive simulated data are by the test statistic T(X) = X;, the count for the i
taxa. Figure 2.3 plots the results from the posterior predictive checks. Each panel corresponds to
a single biological sample. They-axis plots T(X) on the asinh scale. Thex-axis plots each of the
87 taxa, ordered from smallest to largest based on the observed data for that sample. For large
taxon counts we see that both models do well, with median values of both being similar to the true
observed values. In contrast, we see that for small taxon counts the zinLDA model outperforms
LDA. Speci cally, for zero counts the zinLDA model is able to accurately estimate these counts

better than its LDA counterpart. Across the 50 data sets simulated from the posterior predictive
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