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1 Metagenomics has flourished in charting uncharacterized
ecosystems

The democratization of high-throughput DNA sequencers has allowed
exploring deeply and simultaneously the entire microbial DNA present in an
ecosystem, also known as the metagenome [1]. Due to the massive amount of data
generated by a single run of these high-throughput sequencers a new discipline
emerged, called metagenomics, with the aim to understand the microbes present in
each environmental niche. Metagenomic data includes the DNA of the many
organisms present, often hundreds of thousands of organisms. High-throughput
technologies such as targeted sequencing of marker-genes and whole community
metagenomic shotgun (WMS) sequencing have provided unprecedented insight into
microbial communities and the interactions between their members. While
metagenomic studies originally focused on exploratory and validation projects, they
now are rapidly being applied to clinical settings. In these settings, researchers are
interested in finding characteristics of the microbiome that correlate with the health or
disease status of patients.

Researchers have focused, for example, on the study of microbial
communities associated with diarrhea [2], periodontitis [3], bacterial vaginosis [4],
diabetes [5, 6], obesity [7, 8], liver disease [9] and eczema [10]. In these settings, the
identification of potentially pathogenic or probiotic bacteria revealing significant
differences in their abundance in a disease population is critical. While methods for

whole-scale community comparisons are commonly used [11, 12] there is a need for



tools that discern taxon-specific disease associations in both marker-gene surveys and
WMS studies. Global community comparisons allow for an ecological understanding
of the source of multiple samples, but are limited in detailing the specific bacteria that

differentiate phenotypes.

1.1  Metagenomic data generation and preparation

There are two commonly used high-throughput techniques to generate
metagenomic data. The cheaper method in characterizing microbial communities has
been the targeted sequencing of the 16S ribosomal RNA gene from selected samples.
‘Universal’ primers, strands of nucleic acids that act as the starting points for DNA
synthesis, amplify specific hyper-variable regions within the 16S rRNA gene, and the
corresponding segments are sequenced using high-throughput long-read technology.
The output of the sequencer is converted through a process of base calling to strings
of letters representing the four bases comprising the DNA - AGCT (adenine, guanine,
cytosine, thymine). The strings ‘read’ by the sequencer are referred to as sequencing
reads. Sequence reads are first clustered into operational taxonomic units (OTUs) [13]
and representative sequences from each cluster are then annotated with their
taxonomic origin by searching against a database of 16S rDNA reference sequences —
a commonly used database is the Ribosomal Database Project (RDP) [14]. The
number of reads assigned to a particular organism is assumed to represent an
approximation of the abundance of that organism within the community.

The 16S ribosomal RNA gene is commonly used due to its ubiquity in
prokaryotes and the species-specific signatures in hypervariable regions along the

gene. However, targeted sequencing studies are limited by the marker-gene chosen



and how conserved a region is for a given species or at other taxonomic levels.
Additionally, obtaining the exact biological functions performed by the organisms
containing a particular 16S rRNA gene is limited by potential horizontal gene transfer
and to the annotation of genomes sequenced [15].

An alternative approach involves sequencing the entire DNA of a community
— a process called whole metagenomic sequencing (WMS). WMS provides
information about the entire genomic content of organisms, thereby providing a better
understanding of the biological functions performed by these organisms. One strategy
for analyzing WMS data is to estimate the abundance of microbial genes by aligning
the raw reads to a non-redundant microbial gene catalogue [16]. Alignments can be
summarized into count matrices representing how many times each gene is seen in
each sample, information used for all downstream analyses. While both methods
generate count matrices differently, many of the general characteristics confounding

inference are similar.

1.2 Normalization

Metagenomic data in its rawest form can be thought of as a sparse positive
integer matrix. Given m features and n samples, the elements in a count matrix
(m, n), ¢;j, are the number of reads annotated for a particular feature i (whether it be

OTU or gene cluster) in sample ;.

€11 C12 Cin
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Variation in depth of coverage - the total number of sequences produced for



each sample - yields incomparable read count measurements. Samples with few
sequencing reactions generate fewer reads than those with more sequencing reactions.
As aresult each sample’s output is variable solely due to the technology. To make
samples comparable despite variable output we preprocess the count matrix through a
process known as normalization.

Every normalization method makes a biological assumption about the
invariant properties of the data that relate to sampling rate. By either scaling or
transforming the count matrix the count distributions of two distinct samples are now
presumed to be comparable. Normalization schemes often fall into either scaling
methods, e.g. average of house-keeping genes, spike-in measurements, assuming
equal biomass (leading to scaling by sequencing depth), or transformation methods,
e.g. assumption of equal count distributions (leading to quantile normalization). Each
count ¢;; is either scaled or transformed depending on the normalization scheme
chosen. Normalization is an important pre-processing procedure that can alter
downstream analyses and can bias results if performed incorrectly.

By far, the most commonly used approach in metagenomics normalizes the
data by dividing feature read counts by the total number of reads (denoted S; =
Y.i%1Cij) in each sample, i.e., converting feature counts to proportions. This
normalization procedure which we refer to as total-sum normalization has been
shown to incorrectly bias differential abundance estimates in data derived through
high-throughput technologies [17, 18] and potentially biases metagenomic data.
Furthermore, statistics derived by this normalization may induce spurious correlations

between features, a fact known since 1897 in the work of Pearson [19].



Normalization has a long history in high-throughput experiments measuring
gene expression with microarray technology [20-22] and sequencing-based assays
such as RNA-seq [17, 23, 24]. However, there are key differences between RNA-seq
data and metagenomic data. Methods developed for RNA-seq data do not take into
account the largest technical artifact in metagenomic data, sparsity due to under-
sampling.

In the next section we highlight a few of the more popular normalization
methods from the microarray and RNA-seq literature and the assumptions that led to

their development.

1.2.1 Transformation methods

Quantile normalization is a transformation method that equates count
distributions to eliminate inter-sample sampling depth differences. Quantile
normalization assumes count distributions are the same across samples. However, the
community makeup of each microbial community and shape of the distribution is
dependent on the environmental niche and numerous factors leading to high intra-
sample variability.

This method was first proposed for microarray data, but has been generalized
and applied to other high-throughput sequencing data types as well. The distributions
of samples 1, ..., n are the same if they have the same quantiles. Denote £ quantiles of
sample j as qx;, k =1,..,pand j = 1,2,..., N, the k™ quantile vector across N
samples as q; = (qx1, k2, > Qxn)’ > and the set of all quantile vectors as q =
(41,92, -, gp)- The objective is a projection of each of the quantile vectors onto an

orthonormal vector in the N-dimensional vector space. Consider a N-dimenstional



unit vector d s \/iﬁ) Using the Gram-Schmidt process, we can find a

— (L L
_(\/ﬁ)\/ﬁl

projection of each of the quantile vectors as follows:

. qi - d
Projq(qy) = ﬁd
1
—= Y01 qx;
1
WP o1
1 VN

N
1
=52, %1
j=1

where 1 is a N-dimensional column vector of 1's.

Therefore, we can make the samples to have the same distributions by
substituting the quantiles of each sample with the corresponding average quantile
across samples. For every feature i, sample j, if the abundance value c¢;; is the k™
quantile in sample j, then replace ¢;; with y;;, such that: y;; = %Z?;l qx;j- The
quantile normalized abundance estimates are then subsequently log transformed. This

is a special case of a transformation using the empirical distribution for each sample

and the empirical distribution of the averaged sample quantiles.

1.2.2  Scaling methods

Scaling methods take advantage of the invariant properties of the data to
estimate a sample’s sampling rate. The estimates are used to scale counts in
correcting for technical artifacts. As an example, upper quantile normalization makes
the assumption that the positive count distributions are similar at the low to mid
quantiles and only begin to deviate from each other at the 75% quantile. The

normalization factor for this method would be a sample’s 75™ quantile and the



normalized count is y;;, such that: y;; = ¢;;/q7s; [17].

In DESeq, count values are expected to follow closely the geometric mean of
gene expression values across samples with the assumption that read count
frequencies increase exponentially with sequencing depth. As such the geometric
mean is the choice of central tendency measure [23]. A normalizing factor is
calculated for each sample as the median of the ratio between feature read counts and

the geometric mean of read counts across all samples. For samples j = 1, ..., N,

adjusted scaling factor S; is calculated as S; = median — U As such, the
l (T, ci))N

lized is y,; = Y
normalized count yU 1S yU = ?
]

TMM makes the biological assumption that the majority of genes are not
differentially expressed. TMM, instead of using all samples, makes use of a single
sample as reference. The method attempts to estimate the sampling rate by calculating

the average of log-fold-changes after removing outliers (defined as the outer 30%).

Cij
) ) S whiMT; logz(5)
Using notation from [24]: log,(TMM ) = SEG U where M;; = 2 and
J YiegxWij log2(51)
Si—Cii —C: . . . .
wi; = 270 4 ST where G+ is the set of features post-trimming. The weights, w;;,
Sjcij Srcir

are the inverse of the approximate asymptotic variances for M;.

There are many other methods for normalization that have been considered in
the literature and we refer the reader for a greater overview and in depth analysis of
the normalization schemes that attempt to force samples to have equal biomass,
similar specific quantiles, and overview the concept of housekeeping genes that

certain genes are invariant across condition and samples [18].



1.3  Differential abundance analysis for biomarker discovery

The goal in many metagenomic studies is to test for organisms associated with
a phenotype. We can formalize the problem as testing the null hypothesis that the
average abundance of feature (OTU or gene) i is not different between conditions:
Ho: pin = iz
Ha: pin # Uiz
To test for features that are differentially abundant, features that are
significantly different between groups, it is crucial to take into account technically
confounding characteristics. A number of issues in analyzing high-throughput
sequencing data include accounting for preferential sequencing, potentially
confounding factors (sub-group information), variable sequencing depth, and multiple
testing (on often thousands of organisms). Each of the issues can be addressed in a
statistical manner by including covariates in the design, normalization of the count
matrix, or performing multiple testing correction (e.g. False Discovery Rate (FDR)).
Specialized methods in RNA-seq were developed specifically to account for over-
dispersion (technical variability) observed in RNA-seq data. However, one of the
major confounding technical artifacts of metagenomic data is sparsity due to under-

sampling, which metagenomic specific methods did not account for [25-27].

1.3.1 Methods developed specifically for metagenomic data

Xipe was one of the first statistical applications to metagenomic data. The
method compared two sample’s count distributions in a non-parametric manner. Xipe
tests if two samples are statistically significantly different from each other by

sampling independently from each sample population and calculating the difference



between samples and reporting the median value on 10,000 permutations. Separately,
the two samples are mixed and a null distribution of difference ranges is generated to
compare the median value against. One severe limitation in the methodology included
the limitation that only two samples could be compared at a time and did not remark
on any particular OTU’s significance.

Metastats was the first methodology designed for the analysis of groups of
metagenomic samples. Metastats was the first statistical method developed
specifically to manipulate the clinical metagenomic datasets of large sample sizes.
Metastats tests the hypothesis of equal means between treatment groups by
calculating a t-statistic for features with sufficient presence and sample sizes. In a
non-parametric fashion Metastats calculates a null distribution of bootstrapped t-
statistics to test for a feature’s significance.

Define the number of samples in treatment 1, n; and the number of samples in
treatment 2, n,. The two-sample t-statistic is computed using sample means and
variances from the two groups. Using the t-statistic they assess significance by
permuting treatment labels for the samples and estimated a null distribution of ¢-
statistics. These calculated t-statistics, t2?,....,ty2, for B permutations generate the
null distribution of the desired statistic. Finally p-values are calculated:

#1e? 1=t ,b=1,...,B}
b = B

For multiple hypothesis testing correction White et al. aims to control type I
error by estimating the FDR defined as the expected value of the proportion of false
positives within a set of predictions.

Given a hypothesis truth table:



Called significant | Called not significant | Total
Null true F mO - F mo
Alternative true T m; —T my
Total S m-—3S m

The expected value of the proportion of false positive features to the number

of features called significant is the FDR [28].

o el |-

To estimate the FDR they follow the algorithm described in [28] and compute
the proportion of truly null (with A = 0,0.01,0.02,...,0.90)

_{#fpi >4
and fit #, (1) with a cubic spline, f and set Ty, = f(1). Subsequently, for each

ordered p; they calculate a g-value given §(py) = min(py Xmy, 1)

. (Mo XMXp;
d(p;) = min <%, Q(Pi+1)>

LefSe was another methodology for biomarker discovery. LefSe's goal is
similar to Metastats, to specify the biologically relevant organisms that are
differentially abundant between two or more groups. LefSe first uses non-parametric
ranking statistics to determine which of the features are differentially abundant.
Following significant feature detection, LefSe uses sub-group metadata to do pairwise
testing in order to avoid a high false positive rate and report only biologically relevant
features. These subsets of features should have abundances compatible to, as they
describe, "algorithmically encoded biological hypothes[es]". For visualization, Segata
et al. subsequently calculate effect sizes on significant features using linear

discriminant analysis.
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LefSe estimates the impact of features through the non-parametric factorial
Kruskal-Wallis sum-rank test. For features that reject the hypothesis at a given
nominal value, a, pairwise tests among sub-groups are performed with the Wilcoxon
rank-sum test. The two tests are non-parametric methods where Kruskal-Wallis tests
the mean ranks of multiple groups are the same and the Wilcoxon statistic measures
the median difference between two groups is zero. LefSe determines each feature to
be non-significant if at least one comparison between subtreatments has p > «a or is
significant in the opposite direction. The assumptions for these tests are that the shape

of the count distributions to be identical.

1.3.2 Methods developed specifically for RNA-seq data

DESeq (Differential Expression Analysis for Sequence Count Data) and
edgeR [23, 29] are two of the most popular RNA-seq analysis methods. They propose
that RNA-seq is count data with additional technical variability — over-dispersion.
The two methods decompose the variance of a feature as a combination of technical
variability and biological variability. Technical variability in the expression or
abundance measurement due to experimental errors or other factors not measured in
the experiment. Biological variability contributes to differential expression between
genes. In their models, the amount of biological variability is directly proportional to
the amount of over-dispersion. In both methods, the assumption is that a negative
binomial distribution is more appropriate than a Poisson distribution in modeling the
data and accounting for this over-dispersion.

DESeq and edgeR assume that the normalized gene expression values

yipt=1..,mj=1..,n follows a negative binomial distribution: y; i~

11



NB (ugj, aizj) where y;; = 0,1, .... y;; is the expected count for gene i in sample j

(averaged normalized count value) and al-zj is the variance of the count values of gene

. 2
g and is modeled as the sum of two components: al-zj =S wjt+aS uizj where S;
is the sequencing depth of sample j and « is the dispersion parameter for gene j. The
first component S; u;; is termed the technical variability, and the second component

is the biological variability of interest. To model the over-dispersion parameter
DESeq and edgeR describe the relationship between over-dispersion and mean in a
generalized linear model.

A number of other methods have been developed for the analysis of
microarray and RNA-seq data. We refer the reader to the papers on Myrna, limma,
and voom [30-32] for details on normality assumed methods. However, none of the
methods developed for RNA-seq data account for sparsity induced by under-
sampling, the largest confounder of metagenomic sequencing data. In the next section
we highlight our approach to account for sparsity due to under-sampling in better

estimating robust fold-changes in detecting differentially abundant species and genes.
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2 Differential abundance analysis for marker-gene surveys

2.1  Background

2.1.1 Context

The majority of the chapter work was published in Nature Methods [33]:
Paulson, JN., Stine, OC., Bravo, HC., Pop, M. (2013). Differential abundance
analysis for marker-gene surveys. Nature Methods, 10, pg. 1200-1202. Questions
from researchers in the field lead to further greater characterization of the effect
under-sampling has on resulting variability following log transformation and total
sum normalization with alternative pseudo-counts for which we published [34]:
Paulson, JN., Bravo, HC., Pop, M. (2014). Reply to: "a fair comparison". Nature
Methods, Volume 11, pg. 359-360.

Prior to the methods and analysis techniques developed in the following
chapter, the state of the art was to make use of either LefSe or Metastats. The method
proposed below goes beyond either one in introducing a novel normalization
technique and a method to account for a ubiquitous issue in marker-gene microbial
community abundance estimates, under-sampling. We compared our novel
methodology to LefSe, Metastats and a number of other RNA-seq methods
developed.

That said, there are still questions currently unaddressed by these methods.
Like many high-throughput sequencing assays, profiling the microbial community is
complicated by sequencing errors. Even small sequencing errors results in clustering
sequences from the same taxonomic unit into different OTUs. Future potential work

would account for the highly-correlated abundance profiles across samples of distinct
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OTUs corresponding to the same taxonomic entity. Not accounting for this
correlation will produce biased larger variance estimates degrading performance.

At the time of this writing, metagenomeSeq is a software package available
through Bioconductor that is still in active development and support. The software is

available at http://tinyurl.com/metagenomeSeq and has had over 3300 distinct

downloads in the last year.

2.1.2 Abstract

We introduce a novel methodology for differential abundance analysis of
sparse high-throughput data from large-scale surveys of marker genes for microbial
communities. Our approach relies on cumulative sum scaling (CSS) normalization - a
novel count data normalization technique - and the zero-inflated Gaussian (ZIG)
model as a statistical method for detecting differential abundance of taxonomic
features. We show that our CSS normalization technique significantly improves
sample clustering by phenotypic similarity compared to existing normalization
methods for count data. We also show that our ZIG method significantly improves the
robustness of differential abundance inferences compared to existing methods for
count data by accounting for bias introduced by the under-sampling of microbial
communities commonly found in large-scale marker gene studies. We have
implemented these methods in the publicly available Bioconductor package
metagenomeSeq (http://cbcb.umd.edu/software/metagenomeSeq).

We demonstrate our methods by applying metagenomeSeq to simulated data,
as well as several published microbiota datasets including cross-sectional oral

samples, and a time-series study on the effect of diet in gnotobiotic mice. We also
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provide a thorough comparison of our new method to existing approaches for
differential abundance analysis used in microbiota and/or sequence-based

transcriptome analysis.

2.2 Overview of recent health related applications

Studies of marker genes to survey communities are recently being applied to
clinical settings with the intent of understanding the structure and function of healthy
microbial communities and the association of the microbiota with disease including
Crohn's disease [35], bacterial vaginosis [4], diabetes [5, 6], eczema [10], obesity [36]
and periodontal disease [3]. In this setting, the identification of potentially pathogenic
or probiotic bacteria revealing significant differences in their abundance in a disease
population is critical. While methods for whole-scale community comparisons are
commonly used [11, 12] there is a need for tools that discern taxon-specific disease

associations in marker-gene surveys.

2.2.1 Data preparation for marker-gene targeted sequencing

A common approach in marker-gene surveys is the targeted sequencing of the
16S ribosomal RNA gene from selected samples. ‘Universal’ primers amplify
specific hyper-variable regions within the 16S rRNA gene, and the corresponding
segments are sequenced using high-throughput long-read technology (often from the
454 platform). Sequence reads are first clustered into operational taxonomic units
(OTUs) [13] and representative sequences from each cluster are then annotated
against a database of 16S rDNA reference sequences including Ribosomal Database

Project (RDP) [14].
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Data preprocessing and differential abundance analysis has a long history in
high-throughput experiments measuring gene expression with microarray technology
[20-22] and sequencing-based assays such as RNA-seq [17, 23, 24]. However, there
are key differences between RNA-seq data and marker-gene data. In marker-gene
surveys, clustering and annotation of read sequences is neither fixed nor known a
priori over which differential abundance is tested. Furthermore, most taxonomic
features in marker-gene studies are rare (absent from a large number of samples) in
contrast to RNA-seq studies where a much more complete representation of features
is encountered. These significant differences require the development of specific
methods for determining differential abundance in marker-gene surveys. However,
existing methods for differential abundance analysis of marker-gene data do not
address issues stemming from the preprocessing of count measurements inherent to

these assays [25-27].

2.2.2 Motivation for normalization

Variation in depth of coverage - the total number of sequences produced for
each sample yields incomparable read count measurements. Data normalization is an
initial step in most differential abundance analysis aimed at making feature counts
comparable across samples. By far, the most commonly used approach normalizes the
data by dividing feature read counts by the total number of reads in each sample, i.e.,
converts feature counts to appropriately scaled ratios. This normalization procedure
which we refer to as total-sum normalization has been shown to incorrectly bias
differential abundance estimates in RNA-seq data derived through high-throughput

technologies [17, 18] and potentially biases marker gene survey data. Furthermore,
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statistics derived by this normalization may induce spurious correlations between
features, a fact known since 1896 in the work of Pearson [19]. Our first contribution
is a novel data normalization technique that corrects bias in the assessment of

differential abundance introduced by total-sum normalization.

2.2.3 Motivation for differential abundance testing

The number of taxonomic features discovered in a specific sample is strongly
related to the sample’s sequencing depth. Specifically, samples with low depth may
have counts equal to zero in a high proportion of taxonomic features due strictly to
under sampling of the microbial community. Under-sampling affects estimates of
organism presence and abundance in sample groups and also analyses of differential
abundance as a result. Our second contribution is a zero-inflated Gaussian distribution
mixture-model that accounts for biases resulting from under-sampling the microbial

community.

2.2.4 Summary of results

We show that these methods significantly improve the accuracy of detecting
differential abundance using simulated and published data. We also show improved
performance in analyzing two datasets: 1) mouse intestinal microbiota differences
between diets, and 2) subgingival plaque samples and tongue samples from the same
individual. These new methods are implemented in the Bioconductor package

metagenomeSeq (http://cbcb.umd.edu/software/metagenomeSeq).

17



2.3 Results

2.3.1 Data preprocessing

2.3.1.1 Cumulative sum scaling

We introduce cumulative sum scaling (CSS) normalization a novel
normalization technique that controls for biases in measurements across taxonomic
features. A recent proposal for normalization of RNA-seq data is to scale counts by
the 75" percentile of each sample’s non-zero count distribution [17]. That scaling
method was motivated by the observation that a few measurements (e.g., taxa or
genes) are sampled preferentially as sequencing yield increases, and have an undue
influence on normalized counts derived by the usual normalization procedure. In that
case, the 75™ percentile was chosen as it behaved consistently across samples. We
observed a similar trend in many 16S rDNA datasets, but there was variability in
which percentile captures consistency across samples in each dataset (Figure 1).
Therefore, we developed the cumulative sum scaling normalization method as an
extension that is better suited for marker gene survey data. Our method scales counts
by the cumulative sum of counts up to a percentile determined using a data-driven

method.
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Figure 1: Data-driven adaptive method for selecting normalization scale quantile

Left, we plot d; (see 2.3.1.1 Cumulative sum scaling) for our oral sub-community
and lung microbiome datasets. In the oral sub-community (HMP) dataset we observe
sample count distributions differ greatly from the reference at the 65™ percentile
where relative difference of the median deviation is greater than 10%. For the lung
microbiome dataset, this occurs at the 41* percentile. Right, relative difference of the
median deviation of sorted sample counts from reference for the oral sub-community
and lung microbiome datasets. We observe that sample counts follow similar
distributions up to the 65" and 41 percentile respectively. The reference is calculated
as the row means of sorted counts.

Assume raw data is given as count matrix M (m, n) where m and n are the
number of features and samples, respectively. The raw data in this matrix is

represented by counts c¢;; representing the number of times taxonomic feature i was

observed in sample j. Denote the sum of counts for sample i as s; = ¥; ¢;;. The usual
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normalization procedure for marker gene survey data corresponds to producing

. . Cij . . .
normalized counts ¢;; = f We refer to this procedure as total-sum normalization.
j

We introduce a new normalization method, cumulative sum scaling
normalization (CSS), to remove biases in the count data. The biases come from
features that are preferentially amplified in a sample-specific manner. Denote the I

quantile of sample j as q]l-, that is, in sample j there are [ taxonomic features with

l

; corresponds to the 95™ percentile of

counts smaller than g;. For [ = 10.95 * m]|, q

the count distribution for sample ;.

lth

Also denote sz =) 1 ¢;; as the sum of counts for sample j up to the

i|Cl‘quj

quantile. Using this notation, the total sum s; = s;™. Our normalization chooses a

value [ < m to define a normalization scaling factor for each sample to produce

. ~ Cij . . . .
normalized counts ¢;; = — N where N is an appropriately chosen normalization
S
]

constant. We scale all samples using the same constant N so normalized counts have
interpretable units. We recommend using the median scaling factor s} across samples.

Counts for samples with scaling factor close to N can be interpreted as reference

samples, and counts for other samples are interpreted relative to the reference. In our

datasets the median s} was close to 1000 and thus used this value in our analysis.

Note that ratios are also used in this procedure, assuming there is a finite capacity to
the size of microbial communities. This is the same assumption that underlies total-
sum normalization. However, our method seeks to avoid placing undue influence on

features that are preferentially sampled. The relative proportion of the features is
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.. - YiCij . . . Cij
unaffected by the normalization as s; = ¥; ¢;j and §; = lsz” , this implies p; = Si}} =
]

1
Sj

1 ;
sj* XiCij 5j

*Cij

The choice of the appropriate quantile given by [ above is critical for ensuring
that the normalization approach does not introduce normalization-related artifacts in
the data. At a high level, the count distribution of samples should all be roughly
equivalent and independent of each other up to this quantile under the assumption
that, at this range, counts are derived from a common distribution. The specific value
for the chosen quantile is project-specific and likely depends on the complete
experimental details (including all the sample preparation, sequencing, and
subsequent bioinformatics analysis).

We use an adaptive, data-driven, method to determine [ based on the
observation above. We find a value [ where sample-specific count distributions

deviate from an appropriately defined reference distribution. Specifically, denote
? = medj{q}}, the median I quantile across samples, as the [ quantile of the
reference distribution. Note that this is exactly the way a reference distribution is
defined in the commonly used quantile normalization approach [17]. Denote as

d, = med, |q]l — ?| This is the median absolute deviation of sample-specific
quantiles around the reference. Under the methods assumptions, this quantity d; is
stable for low quantiles and shows high instability in high quantiles. Our method

defines [ as the smallest value where high instability is detected (Figure 1). We

measure instability in this case by using relative first differences. Specifically, we set
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[ to the smallest [ that satisfies d'** — d' > 0.1 d’. The value 0.1 is set arbitrarily
and may be substituted by another value to determine high instability.

We also found that CSS-normalized sample abundance measurements are well
approximated by a log-normal distribution in studies with large number of samples
(Figure 2) and therefore also applied a logarithmic transform to the normalized count
data. This transformation controls the variability of taxonomic feature measurements

across samples (Figure 2).

Human microbiome project
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Figure 2: Depth of coverage follows a log-normal distribution and cumulative sum
scaling normalization controls dispersion.

Top, quantile-quantile plot of sample sequencing depth and a log-normal distribution.
We see that sample depth of coverage closely follows a log-normal distribution.
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Bottom, coefficient of variation for total-sum normalized counts versus CSS
normalized counts. We observe that dispersion is always greater in total-sum
normalized counts.

To illustrate the effects of our data preprocessing method, we use a
longitudinal dataset that tracked the gut microbial community of twelve gnotobiotic
mice. All of the mice were put on a low-fat, plant-polysaccharide-rich (LF/PP) diet
for four weeks and then half of the mice were shifted to a high-fat/high-sugar Western
diet. The remaining mice were kept on the original diet for the same time periods. To
assess the effect of normalization on distinguishing samples by phenotypic similarity
we performed a multi-dimensional scaling analysis of data normalized using our
method, DESeq [23] size factors, TMM [24] and total-sum normalization (Figure 3A-
D). CSS normalization was able to best separate samples based on diet while
controlling within-group variance. We quantified this observation using linear
discriminant analysis and observed that CSS normalization performed the best in
distinguishing samples by phenotypic similarity (Figure 3E). We observed similar

results when comparing CSS normalization to other frequently used normalization

methods (Figure 4).
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Figure 3: Clustering analysis is improved substantially by CSS normalization.

We plot the first two principal coordinates in a multi-dimensional scaling analysis of
mouse stool data normalized by (A) CSS, (B) DESeq size factors, (C) trimmed mean
of M-values, and (D) total-sum. Colors indicate clinical phenotype (diet). CSS
normalization data successfully separates samples by diet while controlling within-
group variability. (E) Class posterior probability log-ratio for Western diet obtained
from linear discriminant analysis (LDA). Each box corresponds to the distribution of
leave-one-out posterior probability of assignment to the “Western” cluster across
normalization methods (whiskers indicate 1.5 times inter-quartile range). Samples
were best distinguished by phenotypic similarity using CSS normalization.
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Figure 4: Effect of normalization on clustering analysis.

We plot the first two principal coordinates in a multi-dimensional scaling analysis for
count data normalized by (A) logged upper quantile, (B) quantile normalization, (C)
logged total-sum scaling, and (D) the raw counts. Colors represent the sample
phenotype (diet). (E) Class posterior probability log-ratio for Western diet obtained
from linear discriminant analysis (LDA). Each box in the plot corresponds to the
distribution of leave-one-out posterior probability of assignment to the “Western”

cluster for samples of each type across normalization methods. Clustering analysis is
improved significantly by CSS normalization and Logged upper quantile scaling.

2.3.1.2 The devil is in the details

The purpose of the analysis reported in Figure 3 of was to compare the
normalization procedure proposed there (CSS + log-transform) to established
practices in the field. The prevalent practice in metagenomics is to use total-sum
scaling, without transformation. In our analyses, a continuity correction of 1 is used
when applying a log transform to preserve the sparsity of metagenomic data since this

is an important intrinsic characteristic of the data, as opposed to a mere necessity for
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modeling. While conceptual simplicity is a good characteristic of a data analysis tool,
its use without further validation and testing is unwarranted. Advocating a log-
transform with a carefully chosen pseudo-count is not conceptually simple. To
complete an analysis of the effect of pseudo-counts with log transformation, we show

the effect of multiple pseudo-counts on clustering analysis [34].
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Figure 5: Effect of pseudo-count choice on total sum normalization.

Panels A-D correspond to exponentially decreasing pseudo-counts from 1 to 10,
Panel E provides the corresponding class posterior log-ratios for each pseudo-count
value.

2.3.1.3 Cumulative sum distribution

In 2002, quantile normalization for micro-array data was shown to be the ideal
method for normalization [21]. The technique is a method meant to make two
distributions identical in statistical properties and remove the variation of non-

biological origin. The motivation is coupled by the fact that certain measurements are
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sampled preferentially.

Similarly to quantile normalization, the assumption follows that the rate of
sampling a particular measurement is similar for those with similar proportions of
identified taxa. We too show a technique for making two distributions identical in
statistical properties with the additional metagenomic assumption that there is a finite
capacity in a metagenomic community. As such, the cumulative summation of a
samples' 16s or metagenomic count should follow a similar rate to that of other
samples with similar proportions of zeros at an OTU level.

Our algorithm follows (wording similar to [21]):

Cumulative distribution normalization
Step-1: Bin samples into k groups of similar sparsity levels
Step-2: Given n; samples € k; all of length m, form matrix X; of dim. m x n;

For each X;
Step-3a: Sort each column of X; producing X; sorteq
Step-3b: Replace each column of X; ¢5,¢0q With the cumulative sum of column
Step-3c: Build X; ¢orteq reference with the row means

Step-3d: Assign i" values within each sample to the reference and take the inverse
cumulative sum
Step-3e: Unsort modified X; orteq

Step-4: Scale X; to the median reference (optional).

2.3.1.4 Assessment of normalization methods

To assess the effect of normalization on distinguishing samples by phenotype
we performed a multi-dimensional scaling analysis of count data normalized by using
CSS, total-sum scaling, logged total-sum scaling, geometric mean, trimmed mean by
M values, quantile scaling, and quantile normalization. We excluded cumulative
distribution normalization due to a higher false discovery rate for pairwise

correlations between normalized features (not shown).
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We calculated the 1000 taxonomic features with largest variance after each
normalization method and used subsequent counts in the MDS analysis. We also used
linear discriminant analysis (LDA) to distinguish samples by diet. We calculated the
log-ratio of class posterior probabilities for each sample x using leave-one-out cross-

validation:

o Jwom,
Ir0a -m,)

l
where 1, is the proportion of samples on the “Western” diet, and f,, and f;
are normal densities for each of the diets, with a common variance. Parameters in
each leave-one-out fold are estimated from the remaining samples. The class posterior
probability should be large and positive for “Western” samples and small and
negative for samples in the other group. We measure the performance of each

normalization method by the difference in the distribution of the class posterior

probabilities (Figure 3E, Figure 4E and Figure SE).

2.3.2 Differential abundance analysis

2.3.2.1 Under-sampling implications in marker-gene surveys

We found a strong correlation between the number of detected OTUs and
sample sequencing depth in 16S rDNA studies using high-throughput sequencing
methods (R*=0.92-0.97, Figure 6). This suggests that measurements of differential
abundance suffer from biases resulting from the possible misinterpretation of zero
counts in samples with low coverage as taxonomic features not present in the
microbial community as opposed to interpreting their absence as a result of under-

sampling the microbial community. The degree of sparsity observed in marker-gene
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experiments is much higher than usually seen in other abundance assays such as
transcriptome profiling from single genomes (Figure 7). An analysis of a collection of
RNA-seq datasets [37] reveals that the proportion of features found in all samples

(15-85%) is much higher than that proportion in the 16S rDNA studies we surveyed

(1-3%).
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Figure 6: The number of OTUs detected in a sample depends on sequencing depth
and phenotypic characteristics.

We plot the number of detected OTUs in a sample as a function of sequencing depth
for the Human Microbiome Project [38] (A) and the lung microbiota study [39] (B).
There is a strong dependency between sequencing depth and number of detected
OTUs. Neither dataset shows that the number of OTUs stabilizes for samples with
high depth, indicating that in both cases sequencing depth may not be sufficient for
comprehensive profiling of the microbial community. We found that a significant
proportion of variability in the number of OTUs detected is explained by sequencing
depth. We found that including clinical covariates, e.g., body site sampled, we
obtained significantly improved fits with higher adjusted R*. The same dependency is
observed in all studies analyzed for this paper.
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Figure 7: Effect of sequencing depth on the number of genes detected in RNA-seq.

We plot the number of genes detected in a RNA-seq sample as a function of
sequencing depth. In the lower corner of each plot is the adjusted R* value
representing how much of the variation in each sample's detected genes is described
by the depth of coverage. The proportion of genes detected in any particular sample is
much higher in RNA-seq datasets (15-85%) compared to marker gene survey data
samples (1-3%). Depths of coverage are also much larger in RNA-seq. Datasets
obtained from ReCount: http://bowtie-bio.sourceforge.net/recount/

To explicitly account for under-sampling, we developed a novel statistical
model of differential abundance as a mixture-model that implements a zero-inflated
Gaussian distribution of mean group abundance of each taxonomic feature (see below
and Figure 8). The components of the mixture model correspond to normally
distributed log-abundances in each group of interest, e.g., case or control (represented
as the count distribution in Figure 8) and a spike-mass at zero indicating absence of
the feature due to under-sampling (represented as the detection distribution in Figure
8). Our model seeks to directly estimate the probability that an observed zero is
generated from the detection distribution due to under-sampling or from the count
distribution (absence of the taxonomic feature in the microbial community). We

estimate the expected value of latent component indicators based on sample
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sequencing depth of coverage using an expectation maximization algorithm (see

2.3.2.3 Expectation Maximization Algorithm).

Sample
depth of coverage

Y

Sample-specific
mixture probability

Cases

Controls

o NS e .
Detection Count !
distribution distribution I

: Fold-change and

| variance estimates for
| differential abundance
' testing

Zero-inflated Gaussian =TT T T TS oo oo oooos
model

Figure 8: A graphical representation of the zero-inflated Gaussian mixture model.

Counts are modeled with a mixture distribution with components corresponding to
normally-distributed log-abundances in each group, e.g. cases (orange) and controls
(green), and a spike-mass at zero corresponding to a detection distribution that
depends on each sample’s sequencing depth. We use fold-change and variance
estimates derived from the count component of the mixture to test for differential
abundance between groups.

Given that zero counts are modeled as generated from either a spike mass at
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zero, fo(y), or a Gaussian distribution, f.oynt (yl- i i ai2)~N (u;, o) our final model
for log-counts is:
fzig()’ij|9) =m; X fo()’ij) + (1 - 1Tj)xfcount(Yij; His Uiz)

We use a linear mean model in the count component of the mixture
(feountfcount) following standard conventions in methods for testing differential
abundance in gene expression [31]. Posterior probabilities of zero counts being
generated from f.,une are used as weights when estimating parameters of the linear
model in f.,unt from which differential abundance is determined. Other zero-inflated
models have been developed with mixtures of Poisson and Binomial distributions and
applied to ecological data [40].

We illustrate the effect of the ZIG model on differential abundance analysis in
Figure 9 where we plot data for one OTU from the Human Microbiome Project [38].
Using posterior probability estimates that account for community under-sampling as
weights to estimate count distribution parameters reduces the estimated fold-change
between the two groups under study. Furthermore, counts after accounting for under-
sampling are better fit by a log-normal distribution (Shapiro-Wilks test P=0.78) than
normalized counts (Shapiro-Wilks test P=0.08).
2.3.2.2 Zero-inflated Gaussian mixture model

Our zero-inflated Gaussian (ZIG) mixture model is motivated by the observed
relationship between depth of coverage and the number of OTUs detected (Figure 6).
Below we provide full details for our method.

Count data is modeled from two populations, each with n, and ng samples

and with m features (OTUs). The raw count for sample j and feature i is denoted by
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.. The class indicator function is defined as k(j) = I{j € group A}.
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Figure 9: Illustration of the effect of zero-inflated Gaussian mixture model on
differential abundance.

(A) Kernel density estimates of log-counts for an Granulicatella para-adiacens OTU
in samples from the Human Microbiome Project. We see that subgingival plaque
samples have a large number of zero counts that result in large differential abundance
estimate when a model without zero-inflation is used. (B) Weighted kernel density
estimates for the same samples. Weights are obtained from the posterior probabilities
for zero counts due to under-sampling of the microbial community. After accounting
for zero-inflation, the differential abundance estimate is moderated for this feature.
This plot also suggests that the log-normal distributional assumption used in this

paper is supported.

The zero-inflated model is defined for the continuity-corrected log, of the raw
count data:
yij = loga(cij +1)
as a mixture of a point mass at zero Iy(y) and a count distribution
feount Vi 1, 02) ~ N(u, 0%). Given mixture parameters 7;, we have that the density
of the zero-inflated Gaussian distribution for feature i, in sample j with s; total counts
is:

frigWijs Sj B 07) = i (8)) - Loy i) + (1 = 15(5;)) * feount Vijs Hi» 07)
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We specify the mean model as:

. sji +1 .
EQij 1 k() =m -0+ (1 —m;) - | by + nilog,( N ) + b1k () |-

In this case, parameter b;; is an estimate of fold-change in mean normalized

counts between the two populations. The term including the logged normalization
1

factor log, (%’) captures OTU-specific normalization factors through parameter 7;.

This can capture feature specific biases, for instance in PCR amplification efficiency.
The model can also be specified without OTU-specific normalization, in which case
the term including the normalization factor is treated as an offset in the linear model.
This is equivalent to defining a model on logged normalized count data without
including the normalization offset term in the linear model.

For large marker gene survey studies in clinical and epidemiological settings,
it is essential to include possible sources of confounding error when testing the
association between the abundance of taxonomic features and a clinical phenotype of
interest (disease, for instance). Our linear model methodology can easily incorporate
these confounding covariates in a straightforward manner. Other zero-inflated models
have been developed mixing the Poisson and Binomial distributions. These models
have had applications to ecological count data. Based on the observation that the
number of zero-valued features of a sample depends on its total number of counts, we

model the mixture parameters 7;(s;) as a binomial process:

71'.
J
log g2 = o + - log(5)

34



2.3.2.3 Expectation Maximization Algorithm

Denote the full set of estimates as 8;; = {By, B1, bio, N, bi1}. Maximum-
likelihood estimates are approximated using the EM algorithm where we treat
mixture membership A;; =1 if y;; is generated from the zero point mass as latent
indicator variables. The log-likelihood in this extended model is then:

1(0i; ¥ij»5;) = (1 = A;) 108 coune (Vi iy 07) + Ay;logm(sy) + (1 — A;) log{1
— T (Sj)}
Estimates responsibilities, z;; = Pr(A;; = 1), given current estimates 0; j as

. ;- Loy (i)
YR Ly ) + (U= ) frount Vi 01))

Notice Z;; =0V y;; > 0.

Estimate parameters 6;; given current estimates Z;;:

To compute b, we use weighted least squares, with weights 1 — Z;;. Note that
only samples with y;; = 0 potentially have weights < 1. Estimates of standard error
are also obtained using 1 — Z;; as weights. The mixture parameter is estimated as

T = @ 2ij /G, from which we estimate [3, using least squares on the logit model

1 ;
as: logl_—;[j = Bo + P1log(s).

From the estimated fold-change (b;;) and its standard error, we construct a
moderated t-statistic by Empirical Bayes [31] and use a parametric t-distribution to
obtain p-values for the test b;; = 0. Notice that this only incorporates the count
component of the zero-inflated mixture model. We interpret this test as the expected

difference in abundance between groups conditioned on feature detection.
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GF/%; Q=zinHy?

The moderated t-statistic is defined as t; = where 57 is

dosg+disl-2

where
do+d;

obtained by pooling all features' variances as described in [31], §? =

s? and d; are respectively the observed feature variance and degrees of freedom and
d, and s? are estimated using the method of moments incorporating all feature
variances and degrees of freedom. We found that by using a log-normal distribution,
the moderated t-test was appropriate. As in the previous Metastats version, we use the
q-value method to correct for multiple testing.

We chose to use a log-normal distribution in the count component of the
mixture instead of a generalized linear model, negative binomial [23, 24], for both
computational and statistical reasons. On the computational side, we would need to
estimate a weighted generalized linear model using an iterative method at each
maximization step. That is too computationally intense and numerically unstable. On
the statistical side, we find that the log-normal distribution is appropriate since the
type of marker gene survey study we are targeting tend to have moderate to large
sample sizes (Figure 2). This is consistent with recent observations in the literature
[32].
2.3.2.4 Ambiguous read assignment to OTUs

Ambiguous read assignment is an important consideration in testing
differential abundance in count data, and in particular RNA-seq [41-45]. There are
two sources for ambiguous read assignment in RNA-seq data that may apply to
marker gene survey data. In isoform ambiguity, where a sequence read could be
generated from sequencing one of multiple possible isoforms for a gene. In this case

gene-level abundance measurements are convolutions of isoform-level abundances
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which may bias differential abundance inferences in the presence of differential
abundance at the isoform level. In marker gene survey data, reads are clustered based
on sequence similarity and the resulting clusters define features over which
differential abundance testing is performed. The type of convolution occurring in
RNA-seq data would occur when an OTU defined by clustering contains two distinct
functional OTUs. We have chosen a sequence similarity threshold (99%) that was
previously shown to be more stringent than similarity at species-level [46] thus
reducing the possibility of convolution to occur. We therefore believe that this type of
ambiguity does not arise frequently in this setting. On the other hand, less stringent
sequence similarity thresholds, which would increase the frequency of convolution,
still exhibit high sparsity as previously reported. We believe sparsity does indeed
drive the improvement in results we see as methods using non-zero inflated negative
binomial models, including Cuffdiff2, are not suitable.

However, there is a second source of ambiguity in RNA-seq data that can
occur in marker gene survey data. In RNA-seq analysis there is ambiguity for some
reads with multiple potential 'optimal' mappings along the genome, so called 'multi-
mapped' reads. This analogously occurs in marker gene survey data in assigning reads
to OTU clusters and subsequently the count observed for given OTUs. In this case,
reads may be assigned to more than one cluster if it is within the given similarity
threshold for more than one cluster representative sequence. The default option in our
pipeline, based on DNAClust, does not guarantee that a sequence can be uniquely
placed. Reads are assigned to a particular cluster by choosing the best alignment and

largest OTU representative center for a given set of clusters and can have more than
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one possible placement. However, there an option in DNAClust, 'non-overlapping',
that results in less ambiguously assigned reads by restricting reads that are within the
radius of two or more clusters to not get assigned. This is similar to a commonly used
approach in RNA-seq analysis of discarding multi-mapped reads.

To test the effect of a potentially ambiguous read mapping to a cluster we re-
ran DNAClust with the 'non-overlapping' option on the full HMP dataset to compare
rarefaction and sparsity results observed earlier. The rarefaction effect (association
between depth of coverage and the number of detected features) and sparsity is
essentially unchanged (Figure 10). The least sparse sample after filtering OTUs (less
than 5 positive samples or reads present) and samples (< 1,000 total counts or >
35,000) in the non-overlapping' run is 97.48% non-positive while we observed

97.46% with default DN Aclust options.
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Figure 10: Effect of unambiguously placing reads in OTU centers on rarefaction.

Plot of the same samples for the 99% perfect clusters’ (A) and 99% ‘exact clusters’
(B) run through DNACclust after trimming OTUs to be positive in at least five samples
and removing outlying samples. Notice that rarefaction and sparsity is not affected by
the DNAclust option.
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We subset the data to the same subgingival and tongue samples and trimmed
OTUs (less than 5 positive samples) as previously performed for the subgingival and
tongue analysis. We observed 23,275 OTUs, a total of 410 fewer OTUs. We reran
DESeq and the zero-inflated Gaussian mixture model on this less ambiguous dataset
and compared fold-change estimates between DESeq and the zero-Inflated Gaussian
mixture (Figure 11A). We observed the same phenomena and show in the figure
below that ZIG is adjusting fold-changes on sparse OTUs as previously described.
Also, we observed that the over dispersion estimates are similar to our previous run

(Figure 11B).
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Figure 11: Effect of unambiguously placing reads in OTU centers on differential
abundance.

Plots are created using OTUs created running the “perfect clustering’ option in
DNAclust. (A) Fold-change estimates for metagenomeSeq and DESeq. We see that
metagenomeSeq and DESeq agree in these estimates for dense features (green), while
for sparse features (orange) metagenomeSeq adjusts fold-changes weighting zeros
according to sample depth of coverage. (B) Estimate of dispersion as a function of
mean feature counts by DESeq. Sparse features, indicated in orange, display high
dispersion relative to dense features (green). This makes DESeq overestimate
dispersion in general resulting in a large number of missed discoveries.
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2.3.2.5 Simulation study

We evaluated our mixture model and compared it to currently used methods
for differential abundance analysis using a simulation study where count data from
two populations was generated producing datasets with varying levels of sparsity and
association strength (quantified by fold-change). We compared our approach to
existing tools for metagenomic analysis: the original Metastats method [26], Xipe
[25], and a Kruskal-Wallis test as used in LefSe [27]. We also compared to
commonly-used, representative methods for RNA-seq analysis: a non-zero inflated
log-normal model [30], DESeq [23] and edgeR [29]. We report area under receiver
operating characteristic curves (AUROC) as a summary of each method’s sensitivity

and specificity as simulation parameters are varied (Figure 12).
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Figure 12: Simulation results indicated that metagenomeSeq has greater sensitivity
and specificity in a variety of settings.

We used the area under the receiver operating characteristic curve (AUROC) to
compare Metastats [26], Xipe [25], and Kruskal-Wallis test as used in LefSe [27], a
nonzero inflated log-normal model (myrna) [30], DESeq [23] and edgeR [29]. (A)
AUROC as data set sparsity decreases. metagenomeSeq achieved larger AUROC
values than any other method in data sets with high sparsity (vertical dashed line
represents the least sparse metagenomic data set). (B) AUROC as the effect size
between two conditions (Delta) increases. Both metagenomeSeq and LefSe were
better at detecting features with small effect size. (C) AUROC as the variability in
depth of sequencing increases. metagenomeSeq and the Kruskal-Wallis test were
robust with respect to high variability in sequencing depth. SD, sampling depth s.d.
(D) AUROC as average sequencing depth increases. All models (except the nonzero
inflated log-normal model and Xipe) performed similarly well at sufficient depth of
coverage.

Our approach (metagenomeSeq) and to a lesser degree, the Kruskal-Wallis

test consistently produced high area under the curve scores across most simulation
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settings. The highest AUROC score is achieved by metagenomeSeq in cases with
high measurement sparsity which are consistent with actual metagenomic datasets.
The original Metastats, edgeR, Myrna and DESeq have similar performance
characteristics, with smaller AUROC scores than metagenomeSeq and Kruskal-
Wallis. Xipe performed poorly across most simulation settings, as expected, since this

method does not account for population variability.

23.25.1 Simulation study design

We simulated OTU level datasets with 1000 features. A sample's total count
was sampled from a log-normal distribution with 4 = 7.5 and a standard deviation of
0.3. These values represent similar total counts to those observed in data. The first 50
features were chosen to be "significant". In one of the populations, for the first 25
significant features, we changed the proportion of the total counts for those features
by adding 1x1072 - § percentage of the particular sample's total counts. For the
remaining 25 we subtracted 1x1072 - § percentage of the sample's total counts. We
used a logistic regression model of the proportion of zeros as a function of depth of
coverage in a standard marker gene survey to build a plausible simulation model for
sparsity. Given a sample’s depth of coverage s; an expected proportion of zero

features 7; is obtained from the logistic regression fit. For each feature we randomly

drew from a Bernoulli trial with probability 7t; to spuriously set the feature to zero.
Finally, we assigned randomly to 5% of the data an additional 1.3% (a value obtained
from a standard marker gene survey) of the mean of the total counts to introduce

extremely abundant features.
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23252 Subgroup simulation study design

We simulated data from two populations where each population consisted of
two subpopulations representing a case-control study where cases and controls were
collected from multiple sites. We simulated OTU level datasets with 1000 features as
in 2.3.2.5.1  Simulation study design. The second subgroup had a relatively larger
abundance of the significant features. This represents potential greater feature
enrichment in a site’s sub population. The trend across populations in either subgroup

1s to either increase or decrease in cases or controls.

2.3.3 Comparison of methods on subgingival plaque and tongue microbiota

We obtained data of oral microbiota from the Human Microbiome Project, the
largest comparative 16S rDNA dataset to date [38], to compare methods for
differential abundance analysis (Figure 13). We used the original Metastats, edgeR,
DESeq and metagenomeSeq to identify OTUs whose abundance differs significantly
between tongue and subgingival plaque samples. The comparison was restricted to
those OTUs with sufficient samples having non-zero counts for reliable estimation of
fold-changes. For each method, differentially abundant OTUs were determined at
FDR<0.05 where the OTU is at least twice as abundant in one group compared to the
other (absolute log fold-change greater than 1). The original Metastats method and
edgeR declared the largest number of OTUs to be significant (533 and 524,
respectively), while metagenomeSeq (360) and, especially, DESeq (20) declared

fewer significant OTUs.
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Figure 13: Sample sequencing depth for oral sub-community samples.
Samples are ordered by sequencing center (WUGC, JCVI, BCM), sex (female, male),
and raw depth of coverage. The top graphs represent subgingival plaque samples, the
bottom represent tongue samples.
2.3.3.1 Comparison with DESeq

Overall, metagenomeSeq and DESeq showed high agreement in fold-change
estimates (Figure 14). Specifically, metagenomeSeq and DESeq fold-change
estimates were very similar on features exhibiting low sparsity, but DESeq fails to
declare as significant the majority of dense features declared significant by

metagenomeSeq (only 20 of 244). We found that the mean-dispersion trend estimated

by DESeq for this dataset was uncharacteristic of those estimated from RNA-seq data
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(Figure 14B) and DESeq consistently overestimated dispersion for dense features
resulting in a large number of failed discoveries (e.g., the feature shown in Figure
14C) is not declared as differentially abundant by DESeq). Features with high
sparsity drive the poor dispersion estimate in DESeq and are also features where fold-
change estimates between metagenomeSeq and DESeq disagreed (e.g. Figure 14D).
By controlling for low sequencing depth, metagenomeSeq is able to detect these

population differences appropriately.
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Figure 14: Comparison of metagenomeSeq differential abundance detection to

detection by DESeq.
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(A) Fold-change estimates for metagenomeSeq and DESeq. We see that
metagenomeSeq and DESeq agree in these estimates for dense features (green), while
for sparse features (orange) metagenomeSeq adjusts fold-changes weighting zeros
according to sample depth of coverage. (B) Estimate of dispersion as a function of
mean feature counts by DESeq. Sparse features, indicated in orange, display high
dispersion relative to dense features (green). This makes DESeq overestimate
dispersion in general resulting in a large number of missed discoveries. (C) A feature
where dispersion overestimates by DESeq lead to a false negative call. Each panel
plots the CSS normalized counts with samples ordered by sequencing center (WUGC,
JCVI, BCM), sex (female, male), and depth of coverage. The top panel shows
subgingival plaque samples, the bottom panel shows tongue samples. The bottom
strip in each panel indicates the posterior probability estimates for zeros due to
community sub-sampling (PMSS). (D) A sparse feature where weighting of zero
counts by metagenomeSeq results in a differential abundance call missed by DESeq.
Panels follow convention in sub-figure (C).

2.3.3.2 Comparison with edgeR

The package edgeR consistently estimated larger fold-changes in comparison
with both metagenomeSeq (Figure 15A) and DESeq (Figure 15B). In edgeR total
sample counts are included as a term in a generalized linear model, while our model
includes the CSS normalization term in the log-normal linear model of the count
distribution. Artifacts arising from normalization using total counts lead to many false
differential abundance predictions made by edgeR (e.g., Figure 15C), which are
avoided by using our proposed normalization method. The dispersion trend estimate
in edgeR is also uncharacteristic for this dataset (Figure 15D) and the deviation is

again driven by feature sparsity.
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Figure 15: Comparison of edgeR differential abundance detection to detection in
metagenomeSeq and DESeq.

(A) Fold-change estimates for metagenomeSeq and edgeR. We see that fold-changes
are not consistent across features with edgeR significantly overestimating many fold
changes. (B) Fold-change estimates for DESeq and edgeR. Again, edgeR
overestimates many fold-changes. (C) Feature not considered significant according to
metagenomeSeq, but edgeR normalization using total counts results in a significant
call. Panels follow convention in Figure 14. Counts plotted are CSS normalized
counts. (D) Dispersion as estimated by edgeR. Dispersion does not follow typical
RNA-seq experiments. Features declared significant by metagenomeSeq, but not
edgeR (orange) have high variability estimates in edgeR and tend to be sparse
features (triangles). metagenomeSeq and edgeR agree on abundant dense features
(magenta circles). Features declared significant by edgeR but not metagenomeSeq
(purple) have moderate abundance driven by few high-count features resulting from
normalization artifacts.

2.3.3.3 Comparison with Metastats
Metastats was more consistent with edgeR (Figure 16A) than metagenomeSeq

(Figure 16B) or DESeq (Figure 16C) due to its use of total normalization. Even
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though we are testing for overall differential abundance between oral microbiota,
regardless of sequencing site, Metastats consistently called features as significant
where differences are specific to sequencing site (e.g., samples sequenced in JCVI as
shown in Figure 16D). Large survey studies may obtain samples from a variety of
locations, over heterogeneous populations. Analysis methods used in these studies
require the ability to interpret differential abundance taking into account the
heterogeneity of these populations. Both RNA-seq methods and metagenomeSeq use
linear models that can include possible confounding sources of variability, in this case
sequencing site or gender, to aid interpretation in differential abundance testing. Our
software and both RNA-seq methods are able to detect site-specific differential
abundance between microbiota using an interaction model. Metastats was not

designed to carry out this kind of test.
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Figure 16: Comparison of Metastats differential abundance detection to detection in
metagenomeSeq, DESeq and edgeR.

(A) Fold-change estimates for Metastats and edgeR showing high consistency
between the two methods. (B) Fold-change estimates for metagenomeSeq and
Metastats where Metastats consistently over-estimates fold-changes especially for
sparse features (orange). (C) Fold-change estimates for DESeq and Metastats, where
again Metastats overestimates fold-changes for sparse features (orange). (D)
Sequencing site fold-change estimates from metagenomeSeq for features detected as
differentially abundant by the original Metastats, but not by metagenomeSeq. Many
differential abundance discoveries in Metastats are solely due to site specific effects.

2.3.3.1 Comparison with LefSe

As further validation we compare our results with those obtained by Segata, et
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al. using the LefSe tool on the same oral dataset [27]. We confirm all their findings
and identify three additional differentially abundant species missed by their analysis.
Specifically, we find Atopobium parvulum, Lautropia sp., and Desulfotomaculum sp.

to be enriched in subgingival plaque (Figure 17). All of these were fairly abundant in

the samples, representing at least 4% the population, and represent previously

characterized members of the normal subgingival microbiota [47—49].
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Figure 17: Novel species detected as differentially abundant in tongue and
subgingival microbiomes.

Plot of CSS normalized counts for three OTUs. Samples are ordered by sequencing
center (WUGC, JCVI, BCM), sex (female, male), and depth of coverage. Underneath
each panel are probabilities of missing sequences due to subsampling (PMSS). The
top graphs represent subgingival plaque samples, the bottom represent tongue

samples.

Our ZIG model uses linear modeling following standard conventions in

methods for testing differential abundance in gene expression 31 that control for
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confounding factors. In contrast, LefSe uses an ad hoc heuristic approach to account
for subpopulations in large marker studies that is overly conservative and prone to
low sensitivity. We observed by simulation (Figure 18) that metagenomeSeq was
more sensitive than LefSe (0.95 vs. 0.01, respectively) and retained high specificity

(0.96 vs. 1) when confounding subpopulations were included among tested groups.
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Figure 18: Abundance of two simulated features from the subgroup simulation.

Plot of simulated counts for two OTUs. Samples are ordered by case control and
subgroup population. The dotted line separates the two populations, controls and
cases and the colors for each line represents the subgroup. Notice the trend from

controls to cases is consistent across subgroups, but LefSe is confounded by the cross
population subgroups.

2.3.4 Materials

2.3.4.1 Marker-gene survey data

2.3.4.1.1 Humanized gnotobiotic mouse gut

Twelve germ-free adult male C57BL/6J mice were fed a low-fat, plant
polysaccharide-rich diet. Each mouse was gavaged with healthy adult human fecal

material. Following the fecal transplant, mice remained on the low-fat, plant
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polysacchaaride-rich diet for four weeks, following which a subset of 6 were
switched to a high-fat and high-sugar diet for eight weeks. Fecal samples for each
mouse went through PCR amplification of the bacterial 16S rRNA gene V2 region
weekly. Details of experimental protocols and further details of the data can be found
in Turnbaugh et al. [50] OTUs were classified by RDP [14] and annotated (minimum
confidence level of 0.8). Sequences can be found at:

http://gordonlab.wustl.edu/TurnbaughSE 10 09/STM_2009.html.

2.3.4.1.2 Subgingival plaque and tongue dorsum

Subgingival plaque and tongue dorsum samples were a part of the Human
Microbiome Project [38] dataset used in this analysis. The samples were part of a
larger study aimed at cataloging the healthy human microbiome. Reads were
deposited into the Data Analysis and Coordination Center (DACC) at

http://www.hmpdacc.org/. In particular, reads and metadata were downloaded from

http://www.hmpdacc.org/HMR16S/. Further information on data collection protocol

and samples is available at http://www.hmpdacc.org/ and in HMP. Only patients from
their earliest visit were considered as were only samples properly annotated.
Following OTU propagation (described below), singletons (up to 5 positive samples)
were trimmed. To consider solely differential abundance estimates, we report on
OTUs present in at least approximately 2% of the population. For each differential
abundance method compared, differentially abundant OTUs were determined at
FDR<0.05 where the OTU is at least twice as abundant in one group compared to the
other (absolute estimated fold-change greater than 1). We used LefSe’s default

detection method (as no fold-change estimate is provided).
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2.3.4.1.3 Human Microbiome Project data

Data used in Supplementary Figure 3 was a part of the Human Microbiome
Project’® dataset used in this analysis. The samples were a catalog of the healthy
human microbiome. Reads were organized into OTUs by QIIME?® and deposited in

the Data Analysis and Coordination Center (DACC) at http://www.hmpdacc.org/. In

particular, OTUs and metadata was downloaded from

http://www.hmpdacc.org/HMQCP/. Further information on data collection protocol

and samples is available at http://www.hmpdacc.org/ and in HMP.

2.3.4.1.4 Lung microbiome

The lung microbiome consisted of respiratory flora sampled from six healthy
individuals. Three healthy nonsmokers and three healthy smokers. The upper lung
tracts were sampled by oral wash and oro-nasopharyngeal swabs. Up to a patients'
glottis, samples were taken using two bronchoscopes a serial bronchoalveolar lavage
and lower airway protected brushes. More detailed information about the lung
Microbiome samples, collection and protocols is available in Charlson et al. [39]
Reads and barcodes were provided by Frederic Bushman. Following OTU
propagation (described in 2.3.4.2 OTU identification and annotation), OTUs were
trimmed if they were not present in approximately 8% of the population.
2.3.4.2 OTU identification and annotation

454 SFF files and barcode dictionaries were downloaded and run through the
same pipeline. Conservative Operational Taxonomic Units (OTUs) were constructed
by pooling together the sequences from all samples, then clustered using DNAclust

[13] with default parameters (99% identity clusters) to ensure that the definition of an
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OTU is consistent across all samples. To obtain taxonomic identification, a
representative sequence from each OTU was aligned to Ribosomal Database
(rdp.cme.msu.edu, release 10.4) using Blastn with long word length (-W 100) in order
to only detect nearly-identical sequences. Sequences without a nearly-identical match
to RDP were marked as having "no match" and assigned an OTU identifier. The
resulting data was organized into a collection of tables at many different taxonomic
levels containing each taxonomic group as a row and each sample as a column. These
tables formed the substrate for the statistical analyses described. This process was
performed for the human microbiome project and the human lung microbiome
datasets. After removing OTUs present in less than 5 samples, the HMP dataset
consisted of 23,685 OTUs, whereas the human lung microbiome consisted of 2,365
OTUs. We explored the effect of ambiguously assigned reads (sequences that have
good matches to two or more OTUs) by running DNAclust in ‘non-overlapping’
mode — a mode that ensures high separation between clusters and eliminates
ambiguous reads. We provide further discussion of the ambiguity of mapping reads to
OTUs in (2.3.2.4 Ambiguous read assignment to OTUs).
2.3.4.3 RNA-seq data

RNA sequencing counts were downloaded from ReCount [37], http://bowtie-

bio.sourceforge.net/recount/. Only datasets with at least 15 samples were considered.

2.3.4.4 Software
The following software versions were used for analysis on the following

platform. DESeq version 1.8.3 [23] and edgeR version 2.6.12 [29] and limma version

3.12.3 [31] were used in the comparisons. Personalized R scripts were written for the
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other methods and all analyses were performed on R version 2.15.1 on a Red Hat

Enterprise Linux Server release 5.9 (Tikanga) 64-bit platform.

2.4  Discussion

We present a novel normalization and differential abundance analytical
methods tailored to the specific characteristics of data from surveys of marker-genes
for microbiota. The CSS normalization approach is an extension of methods used in
normalization of microarray [20-22] and RNA-seq [17, 23, 24], modified using
adaptive methods to determine normalization parameters. This extension determines
normalization parameters that better account for the strong dependence of the number
of detected features on sampling depth encountered in marker-gene studies.

Rarefaction is a common phenomenon in molecular surveys of bacterial
communities [51], where the number of taxonomic features detected in a sample
depends on the amount of sequencing performed. This large variation in the number
of taxonomic features detected in each sample, contributes to the inherent sparsity of
metagenomic data where most features are only found in a few samples, as previously
reported [52, 53]. To accurately estimate differential abundance, we explicitly model
the effect of under-sampling on the ability to detect a particular feature. Although
under-sampling is ubiquitous in marker-gene survey data, to our knowledge, the
approach presented here is the first to correct for this phenomenon. While our focus is
on data generated in microbial community surveys sparsity may also be an issue in
some RNA-seq experiments, and thus our methods may have broader applicability.
The evaluation of our methods in that context is, however, beyond the scope of this

work and will be addressed in future studies.
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We have shown that the use of our methods yields a more precise biological
interpretation of the data — in mouse stool data the CSS normalization helps
distinguish clinical phenotypes that are confounded by commonly used normalization
methods, while in the oral microbiome, the combined differential abundance
modeling approach identifies additional associations that were missed by commonly
used tools. The additional organisms found enriched in subgingival plaque are fairly
abundant well known members of the periodontal microbiome and include sulfate-
reducing bacteria, which have been proposed as potential pathogenicity factors in
periodontal disease [47].

Recent publications have relied on machine learning techniques, such as
random forests, to identify microbiota signatures correlated with phenotypic
observations [52, 54]. Our work targets a complementary task — the feature-by-
feature assessment of differential abundance based on an appropriately defined linear
model that accounts for specific microbiota features and confounding factors. The
methods developed here, in particular the ZIG mixture model, can be incorporated
into machine-learning based predictive models that seek to identify multiple features
for specific phenotypes.

Other types of analyses adversely affected by high sparsity and sampling bias
include clustering and co-occurrence network discovery. While the normalization
approach presented here can help control biases in analyses based on simple
correlation measures, methods developed to specifically discover significant
correlations between sparse features in marker-gene survey data are better suited for

the task [55, 56].
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This work directly addresses some of the main challenges to robust analysis of
marker-gene surveys in clinical and epidemiological settings: technical biases in the
sequencing libraries, leading to variable depth of coverage across samples and the
resulting rarefaction effect; and confounding due to technical and population
characteristics. We have demonstrated that our methods outperform approaches that
are widely used in the field, and hope that the improved analysis approaches we
propose will help biologists achieve the full promise of marker-gene surveys in
clinical research. Many of the ideas developed here can also be applied to data
derived from metagenomic experiments and we plan to evaluate their application to

such data in future work.
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3 Diarrhea in young children from low-income countries
leads to large-scale alterations in intestinal microbiota
composition

3.1 Background

3.1.1 Context

This work was a collaborative effort of many individuals and institutions
resulting in one of the largest marker-gene surveys published at the time and the first
high-throughput sequencing study of diarrhea culminating in the Genome Biology
paper [2]: Pop, M.*, Walker, AW.*, Paulson, JN.*, Lindsay, B.*, Antonio, M.*,
Hossain MA.*, Oundo J.*, Tamboura B.*, Mai V.*, Astrovskaya 1., Bravo, HC.,
Rance R., Stares M., Levine MM., Panchalingam S., Kotloff K., Ikumapayi UN.,
Ebruke C., Adeyemi M., Ahmed D., Ahmed F., Alam MT., Amin R., Siddiqui S.,
Ochieng JB., Ouma E., Juma J., Mailu E., Omore R., Morris JG., Breiman RF., Saha
D., Parkhill J., Nataro JP., Stine, OC. (2014). Diarrhea in young children from low-
income countries leads to large-scale alterations in intestinal microbiota composition.
Genome Biology, Volume 15, pg. R76. My contributions to the work included the
application of the methods presented in the previous chapter to this dataset and a
number of side-analyses in summarizing the distributional properties of OTUs and
annotation, the effects of OTU radii on fold-change estimates, Shannon diversity
analysis, MDS analysis, and the application of SparCC. Additionally, I developed an
interactive browser of the marker-gene survey data available at

http://epiviz.cbcb.umd.edu/shiny/MSD1000 with code available at

https://github.com/nosson/MSD1000.
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In the paper we characterized the microbial communities of 992 infants from
four developing countries, The Gambia, Mali, Bangladesh and Kenya. One major
caveat to the study is that these associations cannot be described as causal, rather,
they must be attributed to as associations till experimental evidence points otherwise.
All of this work would not be possible without the many field workers.

The methods developed in Chapter Differential abundance analysis for
marker-gene surveys® were initially designed on the dataset presented below. The
method described in the previous chapter was designed due to the lack of suitable
methods in the analysis of this significant dataset. Applying the methods developed in
Chapter 2 we analyzed the microbial communities and searched for bacteria novelly

associated with health, diarrhea, and dysentery.

3.1.2 Abstract

Background: Diarrheal diseases continue to contribute significantly to
morbidity and mortality in infants and young children in developing countries. There
is an urgent need to better understand the contributions of novel, potentially
uncultured, diarrheal pathogens to severe diarrheal disease, as well as distortions in
normal gut microbiota composition that might facilitate severe disease.

Results: We use high-throughput 16S rRNA gene sequencing to compare fecal
microbiota composition in children under five years of age who have been diagnosed
with moderate to severe diarrhea (MSD) with the microbiota from diarrhea-free
controls. Our study includes 992 children from four low-income countries in West
and East Africa, and Southeast Asia. Known pathogens, as well as bacteria currently

not considered as important diarrhea-causing pathogens, are positively associated
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with MSD, and these include Escherichia/Shigella, and Granulicatella species,
and Streptococcus mitis/pneumonia groups. In both cases and controls, there tend to
be distinct negative correlations between facultative anaerobic lineages and obligate
anaerobic lineages. Overall genus-level microbiota composition exhibit a shift in
controls from low to high levels of Prevotella and in MSD cases from high to low
levels of Escherichia/Shigella in younger versus older children; however, there was
significant variation among many genera by both site and age.

Conclusions: Our findings expand the current understanding of microbiota-
associated diarrhea pathogenicity in young children from developing countries. Our
findings are necessarily based on correlative analyses and must be further validated

through epidemiological and molecular techniques.

3.2 Diarrheal disease continues to be a major cause of childhood
mortality

Diarrheal diseases continue to be major causes of childhood mortality, ranking
among the top four largest contributors to years of life lost in sub-Saharan Africa and
South Asia [57]. The proportion of deaths attributed to diarrhea among children aged
under 5 years is estimated to be approximately 15% worldwide [58], and as high as
approximately 25% in Africa and 31% in South East Asia [59]. More than two dozen
enteric pathogens, belonging to diverse branches of the tree of life, are known to
cause diarrhea and can be tested for in a clinical setting. However, it is likely that
additional pathogens remain to be identified among the enteric microbiota.

In response to important unanswered questions surrounding the burden and

etiology of childhood diarrhea in developing countries, the William and Melinda
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Gates Foundation commissioned the Global Enterics Multicenter Study (GEMS) [60],
which recently reported the pathogens responsible for cases of moderate-to-severe
diarrhea (MSD) in seven impoverished countries of sub-Saharan Africa and south
Asia. Importantly, for approximately 60% of MSD cases in GEMS, no known
pathogen could be implicated by conventional diagnostic methods [61]. These
observations highlight the potential presence of previously undiscovered pathogens,
and/or possible interactions between pathogens and other members of the intestinal
microbiota (both pathogenic and commensal) that may either exacerbate the clinical
manifestation or protect the host from disease.

Here we apply molecular techniques to survey the intestinal microbiota in a
subset of GEMS cases and controls. Our study comprises 992 children from four
under-developed countries in West Africa (The Gambia and Mali), East Africa
(Kenya), and South Asia (Bangladesh), representing a subset of the over 25,000
GEMS children enrolled. Our results shed additional light on potential mechanisms
underlying MSD in children of developing countries. Prior to presenting these results
we would like to stress that our analyses are, by necessity, correlative and the results
presented here must be validated through epidemiological and molecular analyses,

several of which are already underway.

3.3 Results and discussion

3.3.1 Description of data

Our data comprise roughly equal proportions of cases and controls
(0.51 vs. 0.49, respectively) from four sites: Bangladesh (N = 206), The Gambia (N =

269), Kenya (N = 305), and Mali (N = 212). Approximately 55% of the subjects were
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boys. Of 992 samples, 508 were from patients with MSD. The children ranged in age
from newborn to 59 months. We stratified them into five age categories: 0 to 5
months (N =112), 6 to 11 months (N =308), 12 to 17 months (N = 173), 18 to 23
months (N = 146), and 24 to 59 months (N = 253). There were no significant
differences between the proportion of cases and controls in each country and from
each age group. The sequencing of PCR amplified 16S rRNA genes resulted in
3,584,096 reads passing quality checks. Each sample had at least 1,000 reads, and
there were an average of 3,613 reads per sample. The reads were clustered using
DNAclust [13] into 97,666 operational taxonomic units (OTUs). Of these, 21,247
passed chimera checking, were detected in more than five samples, or represented at
least 20 sequences in a single sample, and were included in further analysis. The
number of OTUs per sample ranged from 55 to 1252, with a median of 380 and an
average of 412. The mean OTU size was 138, ranging from 5 (by definition) to
192,978 (with median OTU size = 15 sequences). Representative sequences from the
21,247 OTUs matched 728 distinct taxa from 161 genera. Among these, 4,730 (22 %)
did not have good (>100 bp exact match, >97% identity) matches to isolate sequences
from the Ribosomal Database Project (RDP). These were flagged as ‘unassigned’ in
our analysis and are discussed further below. These sequences are not simply an
artifact of our stringent alignment criteria as evidenced by the fact that a re-analysis
of the 6,879 most abundant OTUs using the reference-based OTU picking algorithm
implemented in QIIME [11] failed to classify a similar proportion of sequences

(2,162 or 31% of the abundant OTUs).
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3.3.2 Microbiota variations by age

The well documented [62—64] succession of the intestinal microbiota during
child development is apparent in our non-diarrheal control samples (Figure 19A).
During the first year of life, the ‘healthy’ gut microbiota in our infant cohorts is
characterized by comparatively low overall diversity and a relatively high proportion
of facultatively anaerobic, and potentially pathogenic, organisms (for example,
the Escherichia/Shigella group, which cannot be distinguished from each other by
16S rRNA gene sequences), organisms that are believed to play a role in the
development of the host immune system [63, 64]. In older ages, the dominance of
these organisms is reduced, replaced by a corresponding increase in overall diversity
(Figure 19B), accompanied by a particularly pronounced increase in the proportional
abundance of the bacterial genus Prevotella. These changes are most evident in our
non-diarrheal control samples, where the genus Prevotella increases from
approximately 12% to approximately 48% proportional abundance during the first 5
years of life, while the Escherichia genus drops from about 20% proportional
abundance in infants under 6 months of age to approximately 1% in 2- to 5-year-olds.
Two other genera, Veillonella and Streptococcus also exhibit significant decreases
with increasing age. Our data also show an increase with increasing age in the
proportion of a range of organisms (labeled ‘unassigned’ in Figure 19A) that have no
good quality matches to cultured isolates in public databases, and which appear to
belong predominantly to obligate anaerobic bacteria (over 60% can be assigned by
the RDP classifier to the Ruminococcaceae and Lachnospiraceae families of the

Firmicutes phylum, which are relatively poorly represented in culture
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collections [65], as well as the Bacteroidaceae family). These previously-uncultured
putative obligate anaerobes increase in proportional abundance from approximately
8% in diarrhea-free young children to approximately 23% in the older age group,
consistent with increase in diversity within the intestinal microbiota and the known
expansion of these groups, which are able to colonize the intestine in greater numbers

as the complex polysaccharides they utilize for growth become a greater feature of

the host diet [54].
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Figure 19: Comparison of diarrheal and non-diarrheal stool.

(A) Proportional abundance of genera in non-diarrheal controls and MSD cases in
different age categories. Each color represents a different group. The order and color
for each group is the same for controls (patients without MSD) and MSD cases. The
eight groups most frequently found in controls (Prevotella, Bacteroides,
Escherichia/Shigella, Veillonella, Streptococcus, Lactobacillus, Faecalibacterium,
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Megasphaera, plus unassigned and other) are depicted. (B) Shannon diversity index
across ages and diarrheal status. Average Shannon diversity indices for the five
different age strata as well as the corresponding 95% confidence intervals. Both cases
and controls exhibited higher mean Shannon diversity index scores at higher age
groups compared to lower age groups (P <0.001, one-way ANOVA). The diversity of
healthy samples positively correlates with age in the first 2 years of life, as previously
reported [64]. The diversity index for cases is significantly less than that for controls
within each country (P <0.02, Tukey’s t-test corrected for multiple comparisons).
Also see Figure 20.

These observations broadly hold when stratifying by country of origin;
however, country-specific effects are also apparent. For example, the samples from
Bangladesh are different from the African countries, particularly in the younger age
groups, and are characterized by a lower proportion of Prevotella sequences and a
higher proportion of organisms from the Escherichia/Shigella and Streptococcus
genera (Figure 19A).

The patterns observed within control samples were significantly different
from patterns from patients with MSD; however, some overall age-related trends
were similar. For example, Prevotella abundance correlates with age, albeit reaching
a much lower peak, with only 23% abundance in the oldest age group (vs. 48% in
controls, P <10-'°). Other obligate anaerobic microbes have lower proportional
abundance among cases compared to controls: Bacteroides and the unclassified
putative anaerobes are both 5% lower in cases, consistent with previous observations
that indicate intestinal dysbiosis is associated with a decrease in the proportional
abundance of obligate anaerobes [66]. Among cases, Escherichia/Shigella and
Streptococcus spp. maintain a high proportion across all age groups, though their

preponderance drops significantly (41% to 13% and 18.5% to 7.5%, respectively) as

children age. Furthermore it appears that Prevotella and Escherichia/Shigella are
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negatively correlated in MSD cases (Spearman rho = -0.55, P <0.0001). The
disruption associated with diarrhea is also reflected in lower diversity values in MSD

cases in every age group (Figure 19B, Figure 20A-D).
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Figure 20: Shannon diversity indices across age and country.

Points represent the average Shannon diversity stratified by country, age, and health
status. Each panel consists of data from a different country and colors represent the
health status where red represents cases and green, controls. The upper and lower bars
correspond to the 95% confidence interval. There is a strong trend for both cases and
controls to become more complex with age. Diversity appears to increase greatly
following the 6-11 month age group in Mali and The Gambia. Diversity increases
throughout age in Kenya and Bangladesh.
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Country-specific effects were also observed in diarrheal stool; for instance, in
Kenya, diarrhea appeared to have a less marked effect on the microbiota (Figure
19A). Escherichia/Shigella spp. were most common in Mali, accounting for 34% of
the sequences, next most common in Bangladesh (24%) and least common in The
Gambia (15%). Prevotella spp. were found in high proportional abundances in The
Gambia (18%) and Kenya (19%). The genus Streptococcus is found in relatively high
abundances in Bangladesh (21%) and The Gambia (13%) with lower abundances in
Mali (10%) and Kenya (9%). As expected, the taxonomic diversity (Shannon
diversity index) is significantly different between cases and controls in all countries
(P<0.005, pairwise t-test). Of note, where Prevotella is more common (The Gambia

and Kenya), the diversity is higher (Figure 19B).

3.3.3 Taxonomic groups statistically increased or decreased in diarrhea

Multidimensional scaling analysis could not separate the diarrhea and
diarrhea-free bacterial communities due to high inter-personal variation (Figure 21).
We estimated the association of individual OTUs with disease using statistical tests
addressing both presence-absence statistics (Fisher’s exact test and logistic
regression) and abundance-dependent statistics (using generalized linear models) that
account for the number of OTU-specific sequences in each stool, and potential
confounders such as sampling depth, age, and country. The former address similar
questions to those commonly targeted by the traditional culture-based
epidemiological studies, while the latter allow us to assess how pathogen proportional

abundance correlates with morbidity.
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Figure 21: PCA analysis fails to distinguish cases from controls even after stratifying
by age and country, likely due to high inter-personal variability.

The plots represent the first two components from a principal component analysis of
the OTUs found to be most strongly associated with MSD. The distance used was
Euclidean, however other commonly used distances also yield similar plots (data not
shown). The columns correspond to country in the order: Gambia, Mali, Kenya and
Bangladesh. The rows correspond to age categories from youngest to oldest. Controls
are colored green and cases are colored orange.

Ten OTUs were found to be positively associated with diarrhea by all
statistical tests. The OTUs associated with MSD have high-similarity matches against
database sequences from bacterial taxa in the Escherichia/Shigella,

Granulicatella spp., and Streptococcus mitis/pneumonia groups. When only

abundance-dependent statistics are used to determine significance, an additional 18

OTUs are found to be highly associated with diarrhea, corresponding to the bacterial
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species Escherichia/Shigella, Campylobacter jejuni, and Streptococcus pasteurianus.
When only considering presence/absence statistics, 43 additional OTUs are found to
be associated with diarrhea, comprising the bacterial groups already discussed above
as well as members of the genera Lactobacillus, Neisseria, Citrobacter, Erwinia, and
Haemophilus. 1t is noteworthy that all of these organisms are either facultatively
anaerobic or microaerophilic.

On the other hand, there were no OTUs positively associated with healthy
stools by both statistical methods, reflecting the higher degree of inter-individual
variation in microbiota content in healthy individuals. Considering only
presence/absence statistics, there are 43 OTUs associated with non-diarrheal control
samples. The genera associated with these control samples include members of the
clostridial families Peptostreptococcaceae, Eubacteriaceae, and Erysipelotrichaceae,
and the genera Clostridium sensu stricto, Dialister, Enterococcus, Prevotella,
Ruminococcus, and Turicibacter. When considering only abundance statistics, an
additional 19 OTUs are significantly associated with non-diarrhea samples and have
high quality matches to database sequences corresponding to Bacteroides fragilis,
Dialister, Megasphaera, Mitsuokella/Selenomonas, Prevotella spp., and Clostridium
difficile. Thus, it can be seen that many obligate anaerobic bacterial lineages correlate

with healthy status.

3.3.4 Functional differences between cases and controls

The broad statements made above about oxygen tolerance in the diseased
microbiota are supported by PICRUST [67] analyses of our data. Specifically, this

showed putative signatures of obligate anaerobic gut lineages to be enriched in the
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diarrhea-free samples (for example, glycolysis, P = 10”; pyruvate metabolism, P =
10’7; short chain fatty acid biosynthesis, P = 10'3; xylene degradation, P = 10’7; and so
on; all P values by Welch’s t-test as computed by STAMP [68]), while oxygen
dependent pathways (for example, the TCA cycle, P <10") are enriched in diseased

samples.

3.3.5 Taxonomic groups correlated with dysentery

We segregated diarrheal stool based on diagnosis of dysentery (presence of
blood) and found a total of 30 OTUs that were strongly correlated with dysentery
when comparing with non-dysentery diarrheal stool (metagenomeSeq [33], P <0.05).
These include several well-known pathogens such as Enterococcus faecalis,
Campylobacter jejuni, Bacteroides fragilis, Clostridium perfringens, Enterobacter
cancerogenus, and members of the Granulicatella, Haemophilus, Klebsiella, and
Escherichia/Shigella genera. Also associated with dysentery were members of
the Streptococcus pasteurianus and Streptococcus salivarius groups. A single OTU,
corresponding to Lactobacillus ruminis, was found to be negatively associated with

dysentery. A genus-level representation of these findings is shown in Figure 22.
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Figure 22: Comparison of dysenteric and non-dysenteric stool.
(A) Genus-level comparison of dysenteric and non-dysenteric diarrheal stool (top)

stratified by age; (bottom) stratified by country. (B) Proportional abundance boxplots
of Prevotella, Lactobacillus, andStreptococcus in dysenteric and non-dysenteric
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diarrheal stools by age category. The upper whisker extends from the 75th percentile
to the highest value that is within 1.5 * IQR of the hinge, where IQR is the inter-
quartile range, or distance between the first and third quartiles. The lower whisker
extends from the hinge to the lowest value within 1.5 * IQR of the hinge. Data
beyond the end of the whiskers are outliers and are not plotted. Asterisks above the
whisker indicate a statistically significant difference (by t-test) between dysenteric
and non-dysenteric stools placed in the panel with the more abundant mean. A single
asterisk indicates P <0.05; double asterisks indicate P <0.01. Prevotella is
significantly associated with non-dysenteric cases overall (P = 0.0003) and in age
groups 0 to 6 months (P =0.01), 12 to 17 months (P = 0.03), and 24 to 59 months
(P=0.001). Lactobacillus is significantly associated with non-dysenteric cases
overall (P =0.0002) and in children 6 to 11 months (0.02) and 12 to 17 months (P =
0.003), while the genus Streptococcus is associated with dysentery overall (P =
0.007), particularly in children aged 12 to 17 months (P = 0.01).

3.3.6 Network view of diarrheal illness

The overall results presented above are also borne out in correlation networks
constructed from the data (Figure 23). At the broad level, in both MSD cases and
controls, it can be seen that there tend to be negative correlations between facultative
anaerobic lineages and obligate anaerobic lineages. The most obvious example is the
negative correlation of the potentially protective Prevotella genus with that of
potential pathogens such as Escherichia/Shigella. Similarly, there are also positive
correlations within these two phenotypic subgroupings, such that obligate anaerobic
genera such as Prevotella, Roseburia, and Dialister are correlated with each other,
while facultative anaerobic or microaerophilic genera such as Streptococcus,
Lactobacillus, Escherichia/Shigella, and other Proteobacteria are also correlated with
each other. The diarrhea-free network appears to be more tightly connected than the
diarrheal network, consistent with ecological theories that equate environment
diversity and connectedness with ecosystem stability/health [69, 70]. At the same
time, we would like to note that our data do not allow a reliable quantitative

assessment of such phenomena due to the large level of inter-personal variation.
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Figure 23: Correlation networks constructed on the controls (A) and on the MSD case
(B) samples.

Each node represents a taxon, and each edge represents the presence of significant
correlations between OTUs assigned to the corresponding taxa. The diameter of a

node is proportional to the normalized abundance of the particular taxon. The edge
width is proportional to the number of OTU-OTU correlations linking together the

74



corresponding taxa. Negative correlations are represented by red edges and positive
correlations are represented by green edges. For clarity, only dominant genera and
correlations shown (genera with > 500 normalized abundance, median SPARCC [17]
correlation > 0.09). Broad taxonomic groups are highlighted through shaded areas.
The broken line bisects the figure into obligate anaerobic lineages (left hand side) and
facultatively anaerobic/microaerophilic lineages (right hand side).

3.3.7 Discussion

Our analysis of the 16S rRNA gene-based taxonomic profile of diarrheal and
control stool samples has demonstrated a strong association between acute diarrheal
disease and the overall taxonomic composition of the stool microbiota in young
children from the developing world. We have identified statistically significant
disease associations with several organisms already implicated in diarrheal disease,
such as members of the Escherichia/Shigella genus and C. jejuni. In addition, we
have uncovered an association with diarrheal disease for several organisms not
widely believed to cause this disease, such as Streptococcus and Granulicatella.
Streptococcal OTUs associated with disease primarily belong to either
the Streptococcus pneumoniae/mitis group (indistinguishable within the 16S rRNA
gene regions targeted by our study), which contains several important human
pathogens, or the Streptococcus pasteurianus group. These results merit further
exploration as recent studies provide evidence of Streptococcus-related diarrheal
cases [71, 72]. It is important to stress that pathogenicity is only one of many possible
explanations for these findings and the organisms associated with disease status may
also either: (1) usually inhabit the upper GI tract and become apparent in diarrheal
stool due to dislodging and reduced transit time during disease; (2) thrive in disturbed
gut environments; (3) may be better able to persist/resist dislodgement during a

diarrheal purge; or (4) a combination of pathogens may cause disease in these
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children [73]. Prior evidence certainly suggests that facultative anaerobes (many of
which we find associated with diarrhea) tend to flourish in a variety of perturbed gut
environments, possibly because the reducing power of the microbiota is affected by
the loss of obligate anaerobes following perturbation [66]. Any causality would need
to be demonstrated through further experimentation. At the same time, streptococci
are also found in our study to be associated with more severe forms of diarrhea
(dysentery), thereby strengthening the case for a possible causal connection. Despite
uncertainty regarding the causes and effects of microbiota perturbations in the setting
of MSD, dissecting the physiologic implications is warranted. For example, an
increase in streptococcal or other species in the setting of diarrhea may confer or
exacerbate diarrheal effects. S. mutans has recently been postulated to have a role in
human enteritis. Our work represents an important first step in understanding the
complex interaction between microbiota and diarrheal pathogens in developing
country settings.

Our study has also revealed a high prevalence of members of
the Prevotella genus (primarily Prevotella copri) in the stool of developing world
children, as well as the negative correlation of this genus with disease. These
organisms are prevalent in the developing world [54], yet are relatively poorly studied
due to fairly low prevalence in the industrialized world [74]. Samples containing high
proportions of members of the Prevotella genus also have higher overall bacterial
diversity, potentially driven by the level of complex polysaccharides/starchy fiber in
the diet. Recent evidence suggests that Prevotella spp. are particularly abundant in

rural African children consuming a high fiber diet [75]. This is in stark contrast to
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Western children, who typically have much higher abundances of Bacteroides spp.,
and very little Prevotella, a difference that is believed to be linked to diet [76].

Our co-occurrence network analyses (Figure 23) and proportional abundance
analysis suggest potential negative interactions between Prevotella and enteric
pathogens, such as members of the Escherichia/Shigella genus, raising the possibility
for the development of novel Prevotella-based therapeutic strategies. Another
possible probiotic organism identified in our study is Lactobacillus ruminis. This
organism was found to be associated with non-diarrheal stool and also with less
severe forms of diarrhea when comparing diarrheal to dysenteric stool. Although the
increase in frequency of these taxa in diarrhea could be due to shortened intestinal
transit time, the difference in prevalence of Lactobacillus between cases of MSD and
dysentery are less likely to represent this effect. Lactobacillus ruminis has
immunomodulatory properties and has been previously suggested as a potential
probiotic [77].

Among OTUs found associated with non-diarrheal stool are sequences
classified as Clostridum difficile, a surprising finding given that this organism is a
common cause of enteric disease, primarily in hospitalized elderly patients. However,
although C. difficile can be an important pathogen, it is actually carried
asymptomatically by around 60% of infants [78]. We also found a conflicting
association of OTUs assigned as Bacteroides fragilis with both the diarrhea-free
status and dysentery, a finding that can perhaps be explained by strain-to-strain
variation. Enterotoxigenic B. fragilis strains are well characterized diarrheal agents in

children [79] whereas, in contrast, non-toxigenic B. fragilis has been linked to anti-

77



inflammatory protective effects in mouse models [80]. It is therefore possible that
different strains, which cannot be differentiated through 16S rRNA gene sequencing,
might account for these opposing results.

Our study identified many sequences that do not have good matches against
cultured organisms in current 16S rRNA gene databases. Many of these sequences
only have high-quality matches to other uncultivated and uncharacterized intestinal
microbes, highlighting the presence of a large reservoir of uncharacterized microbes
in the intestinal tract of children within the developing world, as reported before [81].
Many of the unknown sequences appear to belong to obligate anaerobic lineages of
the Firmicutes phylum, which are under-represented in culture collections compared
to other intestinal dwelling groups such as Bacteroides and bifidobacteria. The
prevalence of such “‘unknown’ sequences is higher in controls and several of these
uncharacterized organisms exhibit strong associations with diarrhea-free samples,
highlighting their potential role in the maintenance of a healthy gut microbiota, and
suggesting the need for a better in-depth characterization of the gut microbiota of
children within the developing world, complementing resources recently developed in
Europe [16] and the US [38].

Our observations related to the microbial succession in the developing infant
gut microbiota carry several caveats. A single sample was collected from each child
at a single point in time, and we lack extensive data on prior history of diarrhea.
While the data are suggestive of a progression in microbiota structure, monitoring of
a birth cohort will be necessary to fully understand the progression of gut microbiota,

and assess the impact of diarrhea (including, potentially, multiple episodes of
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diarrhea) on this process. At a technical level, we would also note that the primer sets
used in this study (targeting the V1-V2 hypervariable regions of the 16S rRNA gene)
do not effectively amplify bifidobacteria [82, 83], known to be dominant members of
the intestinal microbiota of breast-fed infants, but this bias is likely to be uniform
between cases and controls. We purposefully selected a primer set better targeted
towards bacterial groups containing known and potential pathogens, such

as Enterobacteriaceae, to improve our chances of detecting novel pathogens at the
cost of obtaining less information about the already well-established early dominance
by bifidobacteria.

Our study revealed the limitations of existing molecular and bioinformatics
approaches employed in a clinical setting for performing taxonomic surveys of stool
samples. The use of the 16S rRNA gene, for example, does not afford a sufficient
discrimination within taxonomic groups containing known or putative pathogens
(Escherichia/Shigella, Streptococcus, and so on) indicating the pressing need for the
development of new cost-effective and relatively unbiased molecular approaches [84]
for increasing the resolution of epidemiological surveys such as ours. Relatedly, the
accurate taxonomic assignment of sequences generated in studies such as ours is
hampered by numerous errors in public databases and by the use of simplistic ‘lowest
common ancestor’ heuristics by software tools faced with ambiguous taxonomic
information. The results presented in this paper were obtained through the careful
manual annotation of all the OTUs found to be associated with disease state. Finally,
we had to develop a novel statistical method [33] for identifying disease association

in order to appropriately address data rarefaction as well as to control for the high
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inter-personal variability, a typical feature of the healthy gut microbiota [85], and

other confounding factors.

3.3.8 Conclusions

Overall our study demonstrates that the major differences in the microbiota
between diarrheal and normal stools are quantitative differences in the proportions of
the most prevalent taxa. Such quantitative differences were also observed in our
previous qPCR-based study where we found that 80% (1,665/2,072) of controls and
89% (1,307/1,461) of MSD cases had detectable levels of Shigella. Quantitative
measurements of Shigella abundance were critical to assessing attributable risk [84].
Among the known causes of diarrhea (rotavirus, Shigella, Cryptosporidium,
Enterotoxigenic E. coli, and so on) the attributable fraction of diarrhea in young
children is estimated to be just 43% [61]. Our study provides initial evidence for the
existence of novel pathogenic agents. The most likely candidates from our study are
members of the Enterobacteriaceae and streptococci, taxa which already contain
many known human pathogens. Further exploration of these organisms is necessary
to better understand their pathogenic potential and the likelihood of their emergence
as major pathogens through the acquisition of additional pathogenicity factors.
Importantly, our study reveals a possible protective role against diarrhea for
the Prevotella genus and Lactobacillus ruminis. Understanding such effect is
important. For example, microbiological [86] or dietary [76] interventions may be
possible in the supportive treatment of diarrhea in children similar to approaches used
in the management of enteric infections in adults [86—88]. Further genomic and

epidemiological studies are necessary to better characterize this genus and to assess
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the potential development of diet- or microbiological-based therapeutics.

3.4 Materials

3.4.1 Study design and participants

Stool samples were selected from a large case/control study of moderate-to-
severe diarrhea in children aged under 5 years [89]. Cases were enrolled upon
presentation to a health clinic reporting MSD. MSD eligibility criteria included
sunken eyes, loss of normal skin turgor, a decision to initiate intravenous hydration or
to hospitalize the child, or the presence of blood in the stool. Controls were sought
following case enrollment, sampled from a demographic surveillance database of the
area. Individuals were excluded if they were unable to produce a sufficient amount of
stool volume for testing or they were unable or unwilling to consent to involvement in
the study. Every participant was consented prior to collection of their stool and their
data. Consent was given by the caregiver (usually mother) because the patients are all
children aged less than 5 years. All samples were collected between March of 2008
and June of 2009. One sample was collected for each child and no time-series
analyses were conducted. The Institutional Review Boards (IRBs) at all cooperating
institutions have reviewed and approved the protocol. The IRB Federal Wide
Assurance numbers for all the sites are as follows: University of Maryland Baltimore
FWAO00007145, The Gambia, Medical Research Council Labs FWA 00006873,
Kenya Medical Research Institute FWA 00002066, University of Mali Faculty of
Medicine Pharmacy and Dentistry FWA 00001769, and International Centre for
Diarrhoeal Disease Research, Bangladesh FWA 00001468. Further details on study

design are described by Kotloff ez al. [89].
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3.4.2 Microbiology methods

Stool specimens were collected in sterile containers and examined within 24
h. Stools were stored at 2 to 8°C while in transit to the laboratory. Each fresh stool
specimen was aliquoted into multiple tubes. All samples were analyzed by traditional
microbiological tests for known bacterial, viral, and eukaryotic pathogens. Details of
these methods can be found in Panchalingam et al. [90] DNA was isolated using a
bead beater with 3 mm diameter solid glass beads (sigma Life Science), and
subsequently 0.1 mm zirconium beads (BIO-SPEC Inc.) to disrupt cells. The cell
slurry was then centrifuged at 16,000 g for 1 min, the supernatant removed and
processed using the Qiagen QIAamp® DNA stool extraction kit. Extracted DNA was
precipitated with 3 M sodium acetate and ethanol and the DNA shipped to the USA.
3.4.3 Amplification and sequencing

DNA was amplified using ‘universal’ primers targeting the V1-V2 region of
the 16S rRNA gene (small subunit of the ribosome) in bacteria (338R (5°-
CATGCTGCCTCCCGTAGGAGT-3’ and 27 F (5°-
AGAGTTTGATCCTGGCTCAG-3’). Both forward and reverse primers had a 5’
portion specific for use with 454 FLX sequencing technology and the forward primers
contained a barcode between the FLX and gene specific region, so that samples could
be pooled to a multiplex level of 96 samples per instrument run.
3.4.4 Data availability

Sequencing data and sample metadata are available at the NCBI archive under
project PRINA234437.

Source code and documentation for the analysis pipeline are available at
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GitHub: https://github.com/MihaiPop/GEMS-db.

Abundance table and metadata are available, in BIOM [91] format,

at http://www.cbcb.umd.edu/datasets/gems-study-diarrheal-disease.

Additional information on the study as well as links to all resources outlined

above are made available at http://www.cbcb.umd.edu/research/projects/ GEMS-

pathogen-discovery.

3.4.5 Analysis pipeline

The individual reads were filtered for quality using custom in-house scripts
that perform the following checks suggested in Huse et al. [92]: (1) sequences
containing any ambiguity codes (N) are removed; (2) sequences that were shorter
than 75 cycles of the 454 instrument were removed (each cycle yields an average of
2.5 bp depending on the sequence composition); (3) sequences for which a barcode
could not be identified were removed. These checks are similar to those that can be
performed by Mothur [93]. The high quality sequences were separated into 992
sample-specific sets according to the multiplexing barcodes. Conservative OTUs
were clustered using DNAclust [13] with parameters (-r 1) (99% identity radius) thus
ensuring that the definition of an OTU is consistent across all samples. To obtain
taxonomic identification, a representative sequence from each OTU was aligned to
Ribosomal Database (RDP) [94] (rdp.cme.msu.edu, release 10.4) using blastn with
long word length (-W 100) in order to only detect nearly identical sequences.
Sequences without a nearly identical match to RDP (>100 bp perfect match and
>97% identity, as defined by BLAST) were marked as being ‘unassigned’ and

assigned an OTU identifier. The resulting data were organized into a collection of
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tables at several taxonomic levels containing each taxonomic group as a row and each
sample as a column.

We note that the clustering criteria we use (<2% divergence, including
insertions and deletions) are more conservative than commonly used definitions of
‘species-level” OTUs (<2% divergence excluding indels). We used conservative
clustering because no universal cutoff applies to all organisms [46] and in order to
avoid merging together organisms with potentially different phenotypes (for example,
closely-related strains, see Figure 24 for an example in closely-
related Escherichia/Shigella OTUs). Similar considerations have led to the
development of specialized software for the analysis of vaginal 16S rRNA gene
survey data [95]. Our approach provides a good tradeoff between mitigating the effect
of errors and allowing an unbiased analysis of the data. Furthermore, an exploration
of increasingly permissive clustering thresholds reveals that our conservative
clustering strategy does not lose statistical power (see Figure 25 and Figure 26).

Chimera checking was performed with Uchime 4.2.40 [96].
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Figure 24: Loose clustering criteria may aggregate phenotypically distinct organisms.

Correlation between the abundance profiles of 19 different OTUs classified as
Escherichia/Shigella. Despite high sequence similarity between the corresponding
sequences, the individual OTUs (defined as DNAclust radius 0.01) have different
abundance profiles, falling into roughly 6 distinct clusters, implying distributional or
phenotypic differences between the corresponding organisms. The colored circles on
the right represent the result of clustering the data at a looser radius of 0.02 (each
cluster labeled by a different color). The phenotypically-defined and sequence-
defined clusters are not fully concordant highlighting that sequence alone is not
sufficient to define OTUs that are biologically relevant.
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Figure 25: Differential abundance analysis is robust to changes in OTU radius.

(A) Approximate number of OTUs (see below) detected as sequence similarity cutoff
is relaxed. As expected, the number of OTUs decreases with decreasing similarity
stabilizing at approximately 95% similarity. (B) Relative difference between fold-
changes (with respect to 98% identity) as sequence similarity cutoff is relaxed. On
average, there is little effect to fold-change with an increase in radius size while there
are increased number of outlier features (with bigger fold-change differences starting
at 95% similarity). Approximate OTUs (A) were constructed from the set OTUs used
in the main manuscript by re-clustering the representative reads for each OTU were
with 97-90 % identity and log2 fold-changes for new OTU centers were tracked and
compared to the original centers. Relative fold-change difference (B) of re-clustered
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OTUs is computed as lcg?—cx"l Using 99% is necessary when attempting to
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distinguish species or even strains in a clinical dataset.
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Figure 26: OTU prevalence is robust to OTU radius choice.
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(A and B). Bar plot of the number of unique samples positive for Campylobacter
jejuni (A) and Veillonella ratti (B) as OTU clusters annotated to each species are
merged in order from most to least prevalent. For Campylobacter jejuni (A), known
to be well-defined at the species level by 16S rRNA, prevalence at the OTU level (for
the most prevalent cluster) is very close to prevalence at the species level. For
Veillonella ratti, this ratio is smaller. (C) Ratio of OTU-level prevalence (for most
prevalent OTU) to species-level prevalence for all species detected. The x-axis
represents the log, prevalence (number of positive samples) for the most prevalent
OTU cluster in each annotated species in our dataset. The y-axis is the log, ratio
between the total prevalence of a species (sum of all OTUs) and the prevalence of the
most abundant OTU. Campyllobacter jejuni (A) and Veillonella ratti (B) are shown
as green points. Red points are those features in the top percentile (with largest ratio)
where the species-level prevalence increase by at least 4.09 times. The size of each
point corresponds to the number of OTUs with the same species-level annotation. For
82% of species this ratio is below 1, i.e., aggregating over all OTUs labeled with the
same species label would at most double the prevalence of a specific species. This
result is consistent with the observation that, for the majority of species, prevalence at
the OTU level captures species level prevalence as well. The extreme outliers are 8
organisms (red dots) classified as Enterobacter sp. Y5, Prevotella intermedia,
Prevotella sp. Oral clone BP1-16, Ruminococcus albus, Salmonella bongori, Shigella
boydii, Streptococcus dysgalactiae, and Veillonella sp. MY-P9.

3.4.6 PICRUST analysis

The most abundant 6879 OTUs were reprocessed using QIIME [11] version
1.8.0-dev as recommended on the PICRUST website (specifically OTUs were
constructed with the pick closed reference otus.py script against the latest version

(version 13.5) of the Greengenes [97] database) and the resulting information was

processed with PICRUST [15] version 1.0.0-dev using the KEGG analysis module
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and aggregating the results to level 3. The results were further explored with
STAMP [68] version 2.0.2, using the two-group analysis module, focusing on known
aerobic and anaerobic pathways.
3.4.7 Data normalization

In order to avoid the bias that may be introduced by preferential amplification
or sequencing of specific sequences, we scaled the counts by the 56th percentile of
the number of OTUs in each sample. The 56th percentile was empirically determined
from the distribution of non-zero counts required to behave consistently across our
samples. We normalized with a Cumulative Sum Scaling approach, which scales
counts by dividing the sum of each sample’s counts up to and including the p™

quantile (that is, for all samples j, S, = X.;(c;jlcij < qpj) , where qy,; is the po

quantile of sample ;). Normalized counts are then given by SCJ 1000. This method
pJj

constrains communities with respect to a total size, but does not place undue
influence on features (OTUs) that are preferentially sampled. A full description of the
methodology is provided in Paulson et al. [33].
3.4.8 Statistical approaches

To test for presence and absence of an organism we performed Fisher’s test
stratifying by positive and negative samples. Samples were stratified as positive for
an organism if the sample had one or more sequences of the organism with a sample
being negative if there was absence of sequences. The totals were calculated for each
taxa, a minimum of 20 positive samples was required for a statistical test to be
attempted. To correct for multiple comparisons we minimized the expected

proportion of false positives following Benjamini and Hochberg [98].
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Differential abundance was assessed with the package metagenomeSeq [33] -
a statistical approach that models confounding such as age and country, and also the
effect of under-sampling on the observed counts. Significant findings were reported
for OTUs that satisfied the following criteria: (1) OTU was abundant (>12 normalized
counts per sample) in cases or controls; (2) OTU was prevalent (present in >10 cases
and controls); (3) OTU had fold change or odds ratio exceeding 2 in either cases or
controls; and (4) statistical association was significant (P <0.05) after Benjamini-
Hochberg correction for multiple testing.

Analyses were performed using the R software package 3.0.1 and packages,
Vegan 2.0-7 and metagenomeSeq 1.4.21.
3.4.9 Correlation network construction

Correlation networks were constructed separately on cases and controls to
characterize the dependencies between 268 differentially abundant OTUs (Table S3).
Each network was built using SparCC [55], a tool specifically developed for
assessing the correlation structure within microbial communities. The statistical
significance for each OTU-OTU-interaction was obtained with an empirical null
distribution using 1,000 bootstrap iterations. The P values were further adjusted for
multiple comparisons using the Benjamini and Hochberg [98] correction. All OTU-
OTU-interactions with FDR<=0.05, were considered significant and were represented
as edges in the network.

For simplicity of visual representation, OTUs were aggregated at genus or
lower taxonomic levels using the median normalized abundance of the aggregated

OTUs as the abundance of the corresponding taxonomic group. We omitted all
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taxonomic groups with median abundance lower than 500 normalized counts, as well
as all edges with SparCC correlation lower than 0.09. The plots were drawn in

Cytoscape 3.0.1 [99].
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4 Differential abundance analysis of WMS sequencing data

4.1  Background

4.1.1 Context

Following the analysis of marker-gene surveys in chapter 2, “Differential
abundance analysis for marker-gene surveys”, a logical extension is an investigation
of the applicability of our methods to whole metagenomic shotgun sequencing
(WMS) data. As described in the first chapter, whole metagenomic shotgun
sequencing data is generated in a different manner from marker-gene surveys.
Understanding the role sparsity and under-sampling plays in WMS datasets is useful
for studies investigating genes associated with a phenotype and we characterize that
sparsity in a number of WMS datasets. We developed a feature specific zero-inflated
model that addresses limitations of the method developed earlier. This work is to be
submitted soon for publication. It is joint work with Chris Hill, Mathieu Almeida,

Héctor Corrada Bravo, and Mihai Pop.

4.1.2 Abstract

Associating bacteria with disease has predominantly been performed using
targeted sequencing of the 16S marker-gene due to cost-effectiveness. However,
whole metagenome shotgun sequencing (WMS) can generate entire bacterial gene
content for a microbial community. Many of the characteristics, e.g. sparsity, found in
marker-gene surveys are similarly present in WMS datasets. However, analyzing
bacterial genes results in differential abundance testing of many more features.

We present an investigation of the sparsity in existing metagenomic data and

highlight the impact of various counting strategies for generating gene count matrices
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on sparsity and resulting gene count distributions. Additionally, we investigate how
under-sampling results in fewer detected genes, thereby potentially biasing
differential abundance estimates. We perform a novel experiment in analyzing the
correlation between normalization factors and raw count abundances and the effect
sparsity has on normalization scaling methods as well as commonly used differential
abundance statistics. Finally, we demonstrate a new approach by estimating a zero-
inflated log-normal mixture model for each gene and highlight the usefulness in both
WMS data as well as marker-gene surveys. We term this new statistical analysis
approach metagenomeSeq?2 and is available within our metagenomeSeq open-source

software package through the Bioconductor project.

4.2 Overview of our analysis of whole metagenomic shotgun
sequencing

Whole metagenomic shotgun assays generate abundances of a microbial
communities’ entire bacterial gene content. Associating microbial gene abundances in
disease can highlight if particular organisms or potentially expressed functions are
enriched or depleted in health or disease. Associating bacteria with disease has
predominantly been performed using targeted sequencing of the 16S rRNA marker
gene due to cost-effectiveness. However, whole metagenome shotgun sequencing
(WMS) can generate entire bacterial gene content for a microbial community. Many
of the characteristics, e.g. sparsity, found in marker-gene surveys are similarly present
in WMS datasets.

An expansive statistical methodological literature exists on analyzing RNA-

seq data and should be evaluated for metagenomic data. A number of key differences
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between RNA-seq and metagenomic data necessitate an investigation of the
applicability of RNA-seq statistical methods to metagenomic data. For RNA-seq data,
genes are pre-defined and well annotated. An important aspect in analyzing RNA-seq
data is properly accounting for biological variability in count models, and capturing a
variance-mean dependency in the count data. In metagenomics there are many more
bacterial genes in a (much larger) reference catalogue, many of which are unique to
an individual contributing to greater sparsity levels. A more pronounced concern
when performing association testing of metagenomic data is sparsity potentially due
to under-sampling.

To demonstrate the extent of sparsity in whole metagenomic datasets we
examine multiple mapping strategies and quantify the level of sparsity of each gene in
each sample. In determining appropriate scaling normalization methods we perform
an experiment based on the distribution of correlations between all raw gene
abundances and scaling values in evaluating optimal sampling rate estimates.

To demonstrate the need for accounting for sparsity in association studies, we
analyzed a number of whole metagenomic datasets and propose a zero-inflated log-
normal parameterization as an improvement to a zero-inflated Gaussian previously
proposed for marker-gene surveys [33]. The zero-inflated log-normal
parameterization provides a number of advantages. The first advantage is the feature
specific model for which we include parameters to capture the effect of under-
sampling within the zero-inflated component. The second advantage is that we avoid
an iterative expectation-maximization algorithm as proposed in Paulson, et al. [33].

Thirdly, in our results section we highlight a lower false positive rate, compared to
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metagenomeSeq, based on previously published simulation settings [100]. Lastly, we
compare results of the analysis of a Chinese gut microbiome comparing individuals
with and without Type II diabetes to several standard methods used in the field, from
marker-gene surveys (metagenomeSeq), metagenomic specific (TSS + Wilcoxon),
and RNA-seq (DESeq), demonstrating a zero-inflated log-normal model performs the

best.

4.3  Results
4.3.1 Differences in sequencing depth induce systematic variation in gene presence

detection sensitivity

We analyzed three WMS studies, a Chinese T2D study, a European female
T2D study and oral microbiome data from the HMP study. We observed high levels
of sparsity, the number of zero valued samples or genes, in both within-sample and
within-gene count distributions (Figure 27). In all three WMS datasets analyzed, over
63% of the count matrix is zero after filtering (filtering procedure described in
Methods). We observed that in the gut microbiome datasets, the median proportion of
absent genes in a sample is at least 71%, and the median proportion of samples in
which a gene is not detected is at least 79%. In the oral microbiome, these proportions
are 61% and 73% respectively.

Less than 0.1% of genes were found in all Chinese or European samples
(Figure 28, Figure 29) and 0.2% in all HMP oral microbiomes (Figure 30). For
example, in the count abundance matrix produced by Qin et al. only 393 genes out of
1.5 million were found present in all samples (Figure 29). In these studies the

maximum number of genes detected in a sample ranges from 600,000 to 800,000 or
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less than 20% of the set of 1.5 million filtered genes.
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Figure 27: Gene and sample sparsity characteristics in two Type II diabetes
microbiome datasets and the HMP oral microbiome.

Top: Histogram of the proportion of samples with zero abundance values for all genes
after filtering in the European female T2D, Chinese T2D and HMP oral
(supragingival plaque and tongue dorsum) datasets. Bottom: Histogram of the
proportion of genes with zero abundance values within the samples after filtering in
the European female T2D, Chinese T2D and HMP oral (supragingival plaque and
tongue dorsum) datasets.

Despite large output of tens of millions of reads per sample, the observed high
sparsity in WMS datasets may be due to under-sampling of these microbial
communities. To explore this relationship, we analyzed the association between
sample sequencing depth and number of genes detected in these datasets. There was a
positive relationship between increasing sequencing depth and the number of detected

genes (Figure 28, Figure 29, Figure 30). The relationship was stronger when

introducing a threshold for gene count (Figure 28, Figure 29). Rarefaction in the gut
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microbiome studies shows no signs of saturation as sequencing depth increases. The
supragingival plaque oral microbiome displayed a similar relationship between the
number of detected genes and sequencing depth (Figure 30). There was a saturation
of the number of genes detected in the tongue dorsum suggesting that rarefaction
effects are specific to community structure. In general, these results indicate that the
sequencing depth for the samples analyzed is not sufficient for a comprehensive

profiling of the microbial gene content.
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Figure 28: The number of genes detected in a sample depends on sequencing depth
and phenotypic characteristics in the European T2D microbiome dataset.

The number of detected genes in a sample as a function of the sequencing depth for the
European T2D microbiome dataset. Left) The given dataset whereas the middle and right
assume a threshold of 10 and 50 reads mapped to a given gene, respectively. Sample colors
follow, green are impaired glucose tolerance (IGT), red are normal glucose tolerance (NGT)
and purple are Type II diabetic (T2D).
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Figure 29: The number of genes detected in a sample depends on sequencing depth
and phenotypic characteristics in Chinese microbiome dataset.

96



The number of detected genes in a sample as a function of the sequencing depth for
the European microbiome dataset. Left is the given dataset, whereas the middle and
right assumes a threshold of 10 and 50 reads mapped to a given gene, respectively.
Color indicates sample status with green representing control and orange T2D
sample.
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Figure 30: The number of genes detected in a sample depends on sequencing depth
and phenotype in the HMP oral (supragingival plaque and tongue dorsum)
microbiome.

The number of detected genes in a sample as a function of the sequencing depth for
the HMP microbiome dataset. The left is the given dataset, whereas the middle and
right assumes a threshold of 10 and 50 reads mapped to a given gene, respectively.
Color is indicative of body site, supragingival plaque being green and tongue dorsum
orange.

4.3.2 Sparsity persists in non-unique read mapping count procedures

Many WMS studies only consider uniquely mapped reads, ignoring multi-hit
reads [5-7, 9, 101]. To ensure sparsity and under-sampling is not an artifact of read
mapping, we examined the effect of alternate read mapping strategies. We defined
count matrix summaries according to five different methods outlined below.

The first method, termed unique, counts reads that uniquely align to a
particular gene. The second, proportional, assigns reads to a gene based on the
proportion of uniquely aligned reads relative to other genes. The third method, all,
assigns a count to every mapping even if ambiguous. The fourth method, random,
assigns a count to a random gene from among the possible matches. The final

method, fractional, evenly splits a single count amongst the genes to which it aligns.
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For greater detail see Methods. Other potential counting strategies exist, including,
counting with an expectation-maximization algorithm [42], but will have an
intermediate sparsity between unique and all and were therefore excluded.

Regardless of read mapping method, most genes were absent from the
majority of samples. Assigning a fractional or full count value to every single gene
mapped by a read generated count datasets with the least sparsity. These methods still
produced sparse matrices and resulted in a median sample sparsity (proportion of zero
valued genes in a sample) greater than 58% and gene sparsity (proportion of zero

valued samples for a gene) greater than 67%.

4.3.3 Sparsity adversely affects scaling normalization methods

Count normalization is an essential part of any statistical analysis of WMS
datasets. Normalization is essential in accounting for variability induced by
differences in sequencing depth across samples. The majority of metagenomic studies
normalize count matrices by scaling counts to proportions and assuming sequencing
rates scale all gene abundances uniformly. For example, doubling the number of
sequencing reads should give twice the gene abundance for all genes.

To evaluate this assumption, we analyzed the count distributions in the Qin et
al. dataset as a function of sequencing depth using quantile-quantile (QQ) plots.
Under the previous assumption, a QQ plot of two sample count distributions would
follow a straight line, with the slope determined by the ratio of sequencing depths.
However, we observed deviations from this assumption primarily at the tails of the
distribution when comparing average count distributions of samples with different

sequencing depths (Figure 31). The highest quantiles deviate significantly from the

98



uniform scaling ratio, implying possible sequencing artifacts. This implies that
scaling normalization is not appropriate. Scaling by sequencing depth to convert
counts to proportions is particularly problematic as departures from the assumptions
behind scaling normalization are pronounced in higher quantiles, implying

sequencing depth is a poor estimate of the sampling rate.
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Figure 31: QQ plots of average count distributions.

Each figure is a quantile-quantile plot of the average positive count distribution for
various groupings of samples of various depths of coverage. Each subplot consists of
the same QQ plot with magnified axes revealing otherwise unobservable elements. A)
is the averaged count distribution of samples with large sequencing depths (y-axis)
vs. those with low sequencing depths. B) is the averaged count distribution of
samples with large sequencing depths (y-axis) vs. those with medium sequencing
depths. C) is the averaged count distribution of samples with medium sequencing
depths (y-axis) vs. those with low sequencing depths.

A number of scaling normalization techniques have been proposed to address
this issue and account for departures from the assumptions: cumulative sum scaling
[33], DESeq [23], TMM [24], upper quartile [17]. We next sought to characterize the
performance of each of these methods (along with the standard proportion method
Total Sum Scaling, TSS). Each normalization value calculated by the various

methods is an estimate of the sampling rate used to scale counts and make samples

comparable despite variable sampling depths. Under the assumption of scaling
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normalization, estimates of the sampling rate would show positive correlation with
genes that are not differentially abundant across samples, since differences in
abundance in these genes is determined strictly by sampling rate. We computed the
correlation between sampling rate estimates derived by each normalization method
and gene abundance across samples and analyzed the resulting distributions of
correlations (Figure 32, Figure 33).

Here we report the results using Spearman correlation, however similar results
are obtained for Pearson correlation. The median Spearman correlation for TSS was
0.01, for TMM and upper quartile they were -0.09 and -0.11 respectively. The
sampling rate estimates showing highest median correlation were DESeq (0.20) and
CSS (0.18, using the median, and 0.16, using a data adaptive quantile). We observed
that methods with similar correlations to the gene abundance distributions yield
similar estimates of sampling rate despite very different estimation approaches and
assumptions as described in the first chapter (Figure 34).

The sparsity of a gene, whether due to biological condition or under-sampling,
presents a challenge in this experiment because of the difficulty in estimating a
meaningful correlation due to missing data. However, we can analyze the distribution
of correlations at multiple sparsity levels for each gene. We observed that all
normalization techniques were strongly biased by the sparsity of a gene (Figure 35,
Figure 36). The median correlation between sequencing depth (TSS) and gene
abundances was centered close to zero for all genes, except a slight increase for
Pearson correlations for non-sparse genes (Figure 32A, Figure 33A, Figure 35, Figure

36). The distributions of the correlation between TMM and the UQ scaling factors
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with gene abundances were poorly correlated with the majority of gene abundances
with the exception for a small number of highly present genes (Figure 32BC, Figure
33BC, Figure 35, Figure 36). CSS and DESeq’s scaling factors showed consistently
higher correlation across sparsity levels, with increasing correlation for highly present
genes (Figure 32DEF, Figure 33DEF, Figure 35, Figure 36). In summary, while
scaling normalization methods are not optimal, DESeq and CSS normalization
consistently outperform other scaling normalization methods and should be used as

part of standard data analysis pipelines.
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Figure 32: Histograms of Spearman correlations between normalization factors and
raw abundances.

Each plot is a histogram of the Spearman correlation of feature abundances with the
normalization scaling factor for (top to bottom, left to right) TSS, DESeq, TMM,
upper-quartile, CSS adaptive, and CSS 50th quantile.
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Figure 33: Histogram of Pearson correlations of normalization factors and feature
abundances.

Each plot is a histogram of the Pearson correlation of feature abundances with the
normalization scaling factor for (top to bottom, left to right) TSS, DESeq, TMM,
upper-quartile, CSS adaptive, and CSS 50th quantile.
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Figure 34: Pairwise comparison of normalization methods.

Scatter plots comparing the normalization factors for each method per sample. For
each normalization scheme sample normalization factors were calculated and scaled
by the median. Y-axis is the normalization factor described on the left and X-axis is
the normalization factor described on the bottom. Red samples are in the top quarter
of sample sparsity. Top to bottom, left to right: TSS vs. CSS, DESeq, TMM, UQ;
CSS vs. DESeq, TMM, UQ; UQ vs. DESeq, TMM; DESeq vs. TMM.
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Pearson vs. Feature Presence
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Figure 35: Median Pearson correlations of normalization scaling factors as a function
of sparsity.

Median Pearson correlation between gene abundance and sampling rate estimates.

Genes were stratified by sample presence.
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Spearman vs. Feature Presence
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Figure 36: Median Spearman correlation of normalization factors as a function of
sparsity.

Median Spearman correlation of evenly binned features by sample presence for each
normalization method.

4.4  Feature-specific zero-inflated model for differential abundance
testing

To account for the sparsity in metagenomic data we present a zero-inflated
log-normal mixture model specifically defined to account for sparsity due to under-
sampling. Using the zero-inflated log-normal model we independently fit each gene,
allowing for a feature specific zero-inflated model that can estimate the probability a
sample has a positive gene count. We compare to other popular methods after

describing the design and highlight improved false positive rates compared to other
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methods in simulations developed by McMurdie et al. [100].

In describing our model we follow the conventions of Mills [102] and specify
the model to include terms accounting for sampling rate. Following estimation, we
perform an empirical Bayes shrinkage of parameter estimates to control for high false
positive rates observed in our previous model [100]. In our method, fold-change
estimates are similar to those produced with a zero-inflated Gaussian model.
Additionally, there has been concern regarding the appropriate value for pseudo-
counts for continuity correction [34, 103]. Using a zero-inflated log-normal model,
the likelihood can be decomposed into a zero and a positive component. The positive
component, a log-normal, is maximized on solely positive counts and does not require

any continuity correction.

4.4.1 Two-part model

Count data is modeled from multiple populations (for simplicity two groups),
each with n, and n; samples and with m features. We consider each feature
independently. We define k(i) as class membership.

A normalized count for sample j is denoted by Y;. We model the counts as a
mixture of two components, a zero-component, including parameters to capture the
effect of under-sampling, and a log-normal component, representing a positive count
distribution. We represent the vector of covariates for sample j as X; and in the full
set of samples as X. We represent an additional vector of covariates that potentially
affect detection in the zero-component for sample j (for example sequencing rate for
sample j) as Z; and in the full set of samples as Z.

We denote the probability of observing a positive count as p; = P(Y; > 0 |
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Xj,Z;). We define two sets of parameters used in modeling each part of the mixture
model. Let f represent the parameters used in modeling the probability of positive
counts and 6 representing parameters of the conditional distribution of positive
counts.

Our zero-component is represented with the indicator function, I(Y; > 0),

defined such that if count ¥; > 0, then I(¥; > 0) = 1. To model the probability of

observing a positive count, p;, we use the logit link, logit(p;) = [X i Z j]ﬁ.

Pj , .
log 37—~ = logit(p)) = [X,,Z)]B = Bo + P1k()) + BlogS;
J

Our f parameters include an overall mean, [y, a group effect ;, and
parameter 8, measuring the effect of each sample's sequencing rate, (S;), on the
probability of observing a positive count. This model is in contrast to the zero-inflated
Gaussian mixture where we estimated posterior probabilities a zero belonged to the
spike-mass at zero or the Gaussian. In the previous model we did not include
case/control status and used a sample’s depth of coverage in the zero component of
the mixture.

The log-normal component defined on the conditional distribution of
normalized positive counts is modeled as LNy (Y; | Y; > 0) where 6 is the mean and
variance parameters of a log-normal model, with

uj =E(log(¥;) | Y; > 0,X;) = X;b = by + byk(j) where b, is a group
effect.

Our mixture probability density function is:

_ (an’j) - ﬂj)z
202

1
fO)=QA-ppIy; =0) +p;j x ——=exp(

yjV2mo? )
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And full likelihood:

L(B,b,0*) = Li(B)L;(b,0?)

1 (In(y;) — 1))
= n(l—Pj)l_[Pj Hmexp(— ]202 J )

Y]'=O Yj>0

The result of the full likelihood being factorable is found in Duan et al. ([104])

and is a result of zero not being included in the support of the log-normal distribution.

4.4.2 Estimation of the zero-inflated log-normal model

In estimating our model we need to maximize the two components of the
probability density function (pdf) using the likelihood above. Given the result
provided in Duan et al. ([104]) we can separate the full pdf's likelihood L(B, b, 2)
into two separate components L, (8)L, (b, %) where the L; and L, are independent of
each other.

The count distribution - the log-normal count distribution is directly computed
on normalized counts and is implemented using limma (Smyth 2004). Denote the
vector of positive counts as y,. and the design matrix for samples with positive counts
as X.. Maximum likelihood estimates for the log-normal model are given by
b= (X'X)"1X,log(y.)". The maximum likelihood estimate of g2 is % =

Zyj>0(109(yj)—xcj3)2

n+—nq

. With n, — 1 covariates included in the model, where n, is the

number of samples with positive counts.
The zero component of the model is estimated using logistic regression and
can be estimated using an optimization algorithm like Newton-Raphson as

implemented in the glm R function [105]. In the situation where there are only zero
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counts in a group the non-zero component will not have any positive counts to

estimate the group effect parameter.

4.4.3 Estimating fold-changes

For the sake of exposition, we first show the derived estimates in the
simplified model with no 'nuisance' parameters followed by the inclusion of
parameters to capture the effect of under-sampling. In estimating the fold-change we
discuss it in terms of a groups' overall mean of the form:

M,=EXY k() =k)=PY >01k(j)=KEX 1Y >0,k(j) =k) = prx

given group k € {0,1}.

o2
The conditional meanis y,, = E(Y |Y > 0,k(j) = k) = ePotPik* S The

eBotB1k

TioBothik: For the full model we can rewrite

probability of a positive count is p;, =

each in sample specific manner: y; = eXib*+9%/2 and pj = logit([Xj,Zj],B)

As such, the overall mean is:

eﬁ0+B1k

2
_ N 71N _ _bo+b k+Z-
M= EQTRG) = k) = e 4

And the fold-change is defined as the ratio of the means between two groups,

in this context is:

My E(Ik()=1)

=M, T EX1kG) = 0)

Where the fold-change estimate simplifies for the two-group model to:

MBI =1 _ e,
D =y, k=0 ",

2
e °+07
Po

We can express the log fold-change as the effect of the positive counts plus an
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adjustment factor:

log(fc(8,b)) = by + 1og<%)

When we solely include log-transformed sample sequencing rate, log(S;), in

the zero component additional design matrix with parameter estimate f, we must
calculate the marginal group means due to the changes in p;. We marginalize over

the empirical distribution of the adjustment factor, S; [102]:

My = E(Y | k(j) =k,S)
=Es(E(Y | k() = k)

1% ,
=£;E(Y|k(])=k,s-)

1% , .
- EZP(Y >01k(j) =k SHEY 1Y > 0,k(j) = k,S))

Jj=1
eBotBik+B2log(s))

n
_ lz eb0+b1k+%
n 1 4 ePotPik+B2log(s))
=1

As such, we can express the fold-change as:

feb) My _EY k(D=1
’ M, E(Y k() =0)

1ap b0+b1+0—2 eBotB1+pB2log(S))

n&j=1€ 2 1+ oPotFitFI08(5)
T 1 A

n<j=1 1+ eBotB2log(S))

1o,  ePotButBzlog(s)
n<Jj=14 + ePoth1thalog(s))

T T ePothalogl)
n&i=1q1 1 gBo+Bzlog(s)

Llyn
i—1 D1

:eble
1

ﬁz;l:l Poj

And the log fold-change as:
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1 eBotB1+B21og(s)) 1w gPotBalog(s))
log(fc(B, b, 5;)) = by + log EZ 1 + eBotBr+B21og(s)) B log(gzl 1+ eﬁo+ﬁzlog(5j))
j= j=
n n
= b, +1o (lz ) —1o (lz )
- M g n 4 pl] g n pO}
Jj=1 j=1
1y
7 2j=1DP1j
=b, + log(rll—)

™ Z}l: 1Poj
An estimator for the variance of the two-group model log(fc) is:

nopPo + nyPy +1_ﬁ0+1_ﬁ1
NoPon1P1 NyPo nip1

Var(log(fc)) = a*(
The full group model log fold-change has a standard error:
Var(log(fc)) = nA'log(fc) 23,6 Alog(fc)
Where Djogipo) is the gradient of log(fc(f, b)) and Zpp is the Fisher

Information matrix (expectation of the Hessian) [102].

4.4.4 Shrinkage of parameter estimates using empirical Bayes

We follow the same procedure as in limma (Smyth 2004) to shrink variance
estimates. In this manner we shrink variances using the empirical Bayes method that
assumes an inverse Chi-square prior for each variance estimate, o with mean s3 and

fo degrees of freedom. The posterior variance estimates are:

s = fosé + fis?
l fo+1i

Using these moderated variances we then shrink the positive component’s
contribution to the log fold-change, b;. Consider a normal-normal model with prior

mean equal to p.
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Yi=0;+¢
E~ N(0,0-lz)
gi ~ N(O,TZ)

where a7 is known and 72 is unknown. The posterior distribution 8; | y; ~

N(A;y;, A;67). And our posterior mean estimates are:
0= (1 -y

Where 4, is a shrinkage parameter leading to either greater shrinkage to zero
of fold-change estimates when fold-change estimates are more homogeneous. We
utilize the connection between ridge regression, also known as Tikhonov
regularization, and the hierarchical model where we assume a 0 mean prior setting
A; = 6#/n;T? to be the ratio of the within and between variance parameter estimates

[106]. In this manner, our shrunken parameter estimates are [107]:

p

' N 2 P
B:ndge = argminb{z (yl-j — by — z Xijp bp> + 2 z b;
J

Estimation of the new ridge parameters becomes, on centered data after

removing the intercept: B:ridge = (XTX + AD)71XTY,.

In a similar fashion we allow the user to shrink parameter estimates for the
group effect in the zero component of the mixture model. The shrinkage adjustment
factor, A, is calculated as 1/(nt?). We specifically do not shrink the intercept and
coefficient in the zero model corresponding to the sampling rate as we want to allow
for the zero-inflated model to fully account for sparsity due to low depths of
coverage. Our software allows users to optionally shrink either parameters in the zero,
positive or both components and provide a comparison of results on a number of

marker-gene surveys below. By default we recommend shrinkage of the positive
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component parameter estimates without shrinking the zero component parameter

estimates.

4.4.5 Permutation based analysis

For small feature and sample sizes we have also implemented a permutation
based method for significance testing. In avoiding the assumption of normality one
can build an empirical null distribution of z-scores. In this manner, we can define our
p-values as the proportion of permuted z-scores, z?, greater than or equal to the

#{|zi0b|2|zi|,b=1,...,B}
B

observed z;: p; = . However, this is a computationally intensive

feature for whole metagenomic shotgun studies. We provide this feature as a potential
alternative for small sets of genes or small marker-gene surveys and plan to evaluate a
comparison of the parametric and non-parametric approaches in the future. This
procedure was in general too expensive in our previous model employing the EM

algorithm.

4.4.6 Effects of fold-change estimation moderation

To investigate the effects of shrinkage we fitted four models on the Qin et al.
dataset and a lung marker-gene survey [39] shrinking one of the mixture components,
both or none. We observed that shrinkage on all datasets behaved similarly in
reducing the difference in log fold-change as a function of OTU or gene presence. In
controlling for sparsity, with fewer positive samples, greater shrinkage of the log
fold-change estimates occurred in genes or OTUs with the least number of positive
samples (Figure 37).

We highlight the effect of the sampling rate parameters in Figure 38 revealing
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a positive relationship between a sample’s probability of having a positive count and
its’ sampling rate. In estimating the parameter that captured the effect of under-

sampling, we observed that the majority of features had positive estimates Figure
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Figure 37: Greater effects of shrinkage on log fold-changes for sparse features.

Scatterplot of the difference in log fold-change estimates between fitting the zero-
inflated model with and without shrinkage as a function of feature presence on A) Qin
et al. data and B) a lung marker-gene survey. We observe that there is a greater
moderation of log fold-change estimates for sparser features. The positive component
of the mixture model over-estimates the fold-change and is moderated by shrinking.
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Figure 38: Sample rate parameter estimates have a positive effect on sampling on
feature presence probability.

A) a histogram of the sample rate parameter estimates for the lung microbiome
marker-gene survey. B) Left, plots of (y-axis) normalized abundance for a specific
OTU versus (x-axis) sampling rate estimate using CSS. On the right, a sample’s
probability of a positive count that increases with sampling rate.

4.5  Zero-inflation models accounting for sequencing depth improve
differential abundance testing in WMS datasets.

We investigated the effects of sparsity, as it relates to community under-
sampling, on frequently used differential abundance testing methods, including, a
zero-inflated log-normal mixture model (metagenomeSeq2), a zero-inflated Gaussian
mixture model (metagenomeSeq), DESeq, and Wilcoxon rank-sum.

We first evaluated metagenomeSeq and metagenomeSeq2 on the Chinese
T2D microbiome dataset. Utilizing the significant features produced from our new
zero-inflated feature model we were able to achieve a Type II diabetes biomarker
gene index with much higher AUROC scores compared to Qin et al. (See
classification section).

A zero-inflated log-normal model, as described previously accounts for under-
sampling and is flexible in including multiple covariates of interest. In comparing to
the global model of [33] we observed that fold-change estimates are very similar,
except for some shrinkage of larger fold-change estimates in the new model (Figure
39). Comparing to the new model there were many more genes declared significant at
5% FDR (Figure 40). In particular, 110,308 genes (26%) were considered significant
at 5% FDR, suggesting a potentially higher false positive rate due to the moderated #-
statistics (not shown). In contrast, the newer feature specific model,

metagenomeSeq2, produced 4,418 genes (0.01%). Additionally, z-scores for our
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resulting differential abundance test statistic are normally distributed and not biased

by sparsity (Figure 41).

Scatter plot of fold—changes

Global model

-6

-4 -3 -2 -1 0 1 2 3

Feature model

Figure 39: Scatter plot of metagenomeSeq and metagenomeSeq2 fold-change
estimates.

The majority of metagenomeSeq and metagenomeSeq?2 fold-change estimates are
similar.

We next evaluated DESeq on the same dataset. A core challenge in RNA-seq
data analysis is accounting for over-dispersion and a variance-mean dependency in
count data. Accurate estimation of over-dispersion is critical to the sensitivity of
differential expression analysis, especially for lowly expressed genes. However,
variability in WMS experiments are atypical compared to RNA-seq experiments, but
more similar to that observed in metagenomic marker-gene survey studies [33]. A

major difficulty in metagenomic analysis is the sparsity innate to datasets.
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Figure 40: Feature model p-value distributions are more uniformly distributed.

Histograms of the p-values from two zero-inflated models. Left) A zero-inflated

feature model and right) global model on the Qin et al. dataset.
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Figure 41: WMS fitted z-scores are normally distributed and not biased by gene
presence.

Left) Histograms of the z-scores for various shrinkage methods. Right) Scatter plots
of the zero-inflated log-normal mixture model z-scores as a function of feature
sparsity faceted by equal bins of absolute log odds ratio.

Both WMS and marker-gene survey studies have high dispersion estimates

correlated with increasing sparsity, regardless of normalized count means (Figure 42).
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This is not similar to the typical RNA-seq experiment. Because of the large dispersion
estimates approximately 32% of the genes had fold-change estimates that did not
converge. Considering only genes for which the negative binomial estimation
algorithm converged, no genes were considered differentially abundant with an FDR
less than 0.05.

Lastly, we discuss the advantages of the model proposed compared to a non-
parametric Wilcoxon rank-sum test as used in Qin et al. [5]. With a zero-inflated log-
normal framework it is possible to include potential confounders as covariates.
Additionally, Wilcoxon rank-sum loses power with an increase of ties, including
zeros, for which work has been developed to mitigate this loss in power [102, 108].
This loss of power is easily observed in the Qin et al. dataset with the strong
relationship between the Wilcoxon rank-sum statistic and gene presence. As gene
sparsity increases, the W-statistic shrank toward the null in contrast to our model
(Figure 43).

In analyzing the Qin et al. data there were considerable differences in reported
genes and their associated p-values including the reporting of certain genes that did
not pass our filtering criteria. Of the 52,484 genes reported in Qin et al. 32,847 had
fewer than 35 samples with at least one count per million and were therefore filtered
by us. Stage I samples were used in the study to report an initial set of genes with p-
values less than 0.05 resulting in a reported 278,167 genes; however, reanalyzing the

same data resulted in 7,668 fewer significant genes from the Stage I analysis.
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Figure 43: Wilcoxon statistic's relationship to sparsity in the Chinese T2D
microbiome dataset.

A) scatterplot of the W statistic (y-axis) vs. proportion of samples absent for a given
feature (x-axis) on a subset of the Qin et al. dataset. Colors within circles represent
the absolute log odds ratios with red representing features whose presence dominated
by a single group. Square features are significant after multiple testing correction and
circular features are not. Horizontal line is at 2627, the statistic expected for
uniformly distributed rankings given the sample size. The vertical line is at the
median gene absence.

4.5.1 Simulations

We performed simulations on a number of statistical methods developed for
high-throughput sequencing datasets. In particular, we were interested in comparing
the false positive and false negative rates of our zero-inflated log-normal strategy
against a number of methods using simulations developed in McMurdie et al. [100].
Counts for each simulated microbiome dataset were generated from a multinomial
derived from a dataset available in the Phyloseq package [109, 110]. Further details
and simulation code are available in [100]. Figure 44, Figure 45, and Figure 46
highlight the performance of the zero-inflated log-normal model as compared to
DESeq, DESeq2, edgeR, and metagenomeSeq. We observed that metagenomeSeq?2
(MSEQ2+) with a shrunken positive component and even solely a zero-inflated log-
normal model (MSEQ?2) have a lower false positive rate compared to a zero-inflated

Gaussian mixture model (MSEQ).
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Differential Abundance Detection Performance (AUROC)
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Figure 44: AUROC for independent simulation.

N/Class:
— 30
— 20
— 10
— 5

AUROC values (y-axis) for a number of simulations of varying effect sizes (x-axis),
average depth of coverage (row), and method (column). We compared
metagenomeSeq (MSEQ), metagenomeSeq2 with the positive component shrunken
(MSEQ2+), metagenomeSeq2 without shrinkage (MSEQ2), DESeq, DESeq?2, and
edgeR. All methods appear to perform fairly well with MSEQ outperforming all
methods in simulations with high-depths of coverage and larger than 5 samples per

class.
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Differential Abundance Sensitivity
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Figure 45: Sensitivity analysis for independent simulation.

Sensitivity (y-axis) for a number of simulations of varying effect sizes (x-axis),
average depth of coverage (row), and method (column). We compared
metagenomeSeq (MSEQ), metagenomeSeq2 with the positive component shrunken
(MSEQ2+), metagenomeSeq2 without shrinkage (MSEQ2), DESeq, DESeq?2, and
edgeR. All methods appear to perform fairly well.
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Differential Abundance Specificity
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Figure 46: Specificity for independent simulation.

Specificity values (y-axis) for a number of simulations of varying effect sizes (x-
axis), average depth of coverage (row), and method (column). We compared
metagenomeSeq (MSEQ), metagenomeSeq2 with the positive component shrunken
(MSEQ2+), metagenomeSeq2 without shrinkage (MSEQ?2), DESeq, DESeq2, and
edgeR. All methods, except for metagenomeSeq (the zero-inflated Gaussian) appear
to perform fairly well for lower depths of coverage.

4.5.2 Classification AUROC of Type II diabetes is greatly increased using genes
picked by metagenomeSeq2

To build a predictive model for T2D based on gut microbiome gene features,
we followed a similar procedure to Qin et al. for feature selection and 50-gene

biomarker estimation (see Methods). We performed this analysis on CSS-normalized,
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log-transformed counts for genes detected as significantly abundant using the method
presented earlier. We observed significantly improved classification performance,
AUROC=0.95 CI=(0.92-0.98) compared to a reported AUROC=0.81 CI=(0.76-0.85)
in Qin et al.

Following the same procedure as Qin et al. we generated a biomarker index
for Type II diabetes replacing genes chosen by metagenomeSeq2. We analyzed the
set of genes used in generating the Type II index by blasting against the NCBI
nucleotide database and compare to the list generated by Qin et al. Of the 50 markers
used to discriminate Type II diabetic samples from controls, most of the control
enriched genes are included in the Lachnospiraceae family, with a majority coming
from Roseburia intestinalis, a butyrate producing bacteria recently described by
Schloissnig et al. [111] as prevalent and significantly retained in healthy European

and American intestinal stool samples.

4.6 Discussion

This chapter examined sparsity, normalization, and differential abundance
testing of whole metagenomic shotgun sequencing data. Metagenomic data has
unique properties compared to microarrays and other high-throughput data requiring
careful attention in reporting differential abundance due to clinical or phenotypic
variability. We first characterize sparsity in metagenomic data. We explore various
counting strategies and determine that even the most lenient strategy in counting
reads results in a sparse matrix. Additionally, we highlight the positive relationship
sequencing depth and gene presence share. While there has been discussion, but no

validation, of a core microbiome present in at least 50% of individuals observed it is
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quite possible the core is present in all similar phenotypic individuals, but not
observed due to low depths of coverage [36, 112].

While recent literature has characterized the issues regarding TSS
normalization in marker-gene surveys, TSS is still the norm for metagenomic studies.
We performed an analysis comparing samples’ count distributions across depths of
coverage to test the assumptions behind TSS. We observed that the count
distributions do not follow the scaling normalization assumptions. While TSS
normalization is particularly problematic due to extreme deviations at the tails, we
highlight DESeq and CSS normalization as alternative normalization approaches.

Finally, while the majority of studies do not currently model under-sampling
and sparsity in metagenomic data we highlight the utility of a zero-inflated log-
normal model that allows for an accurate analysis of sparse metagenomic and marker-
gene surveys. We have shown how certain other methods are biased in the analysis of
a healthy/diseased gut microbiome study, but that we are able to achieve superior
disease classification with metagenomeSeq2. Comparing metagenomeSeq?2 to
metagenomeSeq we improved on both computational efficiency and a high false
positive rate while retaining it’s sensitivity. Additionally, by fitting a feature specific
model one can now estimate the probability a sample will realize any gene based on

group membership and sampling rate.

4.7  Materials & Methods

4.7.1 Data acquisition

The Qin et al. study consisted of consisted of two stages for which the first
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stage was used in the following analyses. Stage I samples consisted of 26 female non-
diabetic, 25 female diabetic, 48 male non-diabetic and 46 male diabetic stool whole-
genome shotgun paired-end reads with insert sizes of ~350 base pairs. Samples were
sequenced on HiSeq2000. Further information regarding read generation and
phenotypic information for the Chinese Type I WMS study is described in [5]. The
Karlsson study consisted of 145 female European samples with either T2D (n = 53),
impaired glucose tolerance (IGT; n = 49) or normal glucose tolerance (NGT; n = 43).
Analyses were performed on the same count matrix Qin et al. study used. Since the
authors do not provide Wilcoxon W-statistics for the full set of genes, we reanalyzed
their data, following procedures as described in their manuscript. Unfortunately, we
were not able to reproduce their results exactly (Figure 47). As the Karlsson’s study
count matrix was not available, reads were mapped to the reference developed by Qin
et al. Sequences by Qin et al. and Karlsson et al. were downloaded from the short
read archive, accession numbers SRA045646 and ERP002469. Human Microbiome
Project sample sequences were downloaded from the convenient HMP DACC at

http://www.hmpdacc.org/.
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Figure 47: Comparison of Stage I two-sided Wilcoxon rank-sum statistic with
continuity correction.

Scatter plots comparing the reported p-values (y-axis) from the two-sided Wilcoxon
rank-sum statistic estimated p-values using the base R command wilcox.test (x-axis).

The two T2D datasets had high rates of alignment with an average of 81.2%
(2.7% sd) in the Chinese T2D study and an average of 70.8% (5.1% sd) reads aligned
in the European T2D study implying high coverage of the genes represented in the

catalogue. In contrast the oral portion of the human microbiome project had an
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average of 15.3% (9.7% sd) reads aligned, indicating the gene catalogue reference is
incomplete; the oral portion of the human microbiome had a very few percentage of

reads mapped and potential biases due to a reference from the gut microbiome.

4.7.2 Abundance count matrix generation

We generated the count matrices using five different methods. The first,
termed unique, only counts read that uniquely aligned to a particular gene. All plots
used this matrix, unless specified. The second, proportional, is a method for handling
a read that aligns to multiple genes. In this method, we assign the read to a gene with
a probability based on the proportion of uniquely aligned reads within the gene
relative to the other genes. The third method, all, assigned a count to every mapped
gene. The fourth method, random, assigned a count to a randomly chosen gene if
there were multiple alignments. The final method, fractional, evenly splits a single
count amongst the genes to which it aligns.

Ignoring mate information, using Bowtie 2 with preferences, —very-fast -a —
no-unal —no-hd —omit-sec-seq —no-sq we mapped reads from the European and
Chinese T2D study as well as the HMP oral microbiome subset to the updated

MetaHit Gene catalogue downloaded from http://www.gigadb.org.

4.7.3 Statistical Methods

Filtered genes to have an average of at least 1 count per million in at least 35
samples. Tables describing sparsity were based on filtering raw gene counts present
in at least 10 samples. P-values for each test were corrected to control the false

discovery rate using the Benjamini-Hochberg procedure [98].
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4.7.4 Software

The results presented in this article were obtained using R version 3.1.0 and
the software packages metagenomeSeq 1.7.12, DESeq 1.16.0 and edgeR 3.6.2. These
packages are available through the Bioconductor project. Additionally,
sideChannelAttack 1.0-6 and pROC 1.7.3 available through CRAN were used in the

classification analysis.

4.7.5 Classification

We identified a set of 50 genes from 1000 differentially abundant genes based
on metagenomeSeq?2 log fold-changes with the maximum relevance minimum
redundancy (mRMR) feature selection framework developed in sideChannelAttack.
We calculated a T2D-index using the CSS-normalized log-transformed gene
abundances as features for a support vector machine with a radial kernel using Leave-

One-Out cross validation.
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5 The gut microbiome strongly predicts phenotype X
5.1 Background
5.1.1 Context

Many microbiome studies have begun to link the microbiome with various
diseases and produce biomarkers to classify a phenotype or disease status. With
Wikum Dinalankara as well as Lee Mendelowitz, Sean Kross, Héctor Corrada Bravo
and Mihai Pop we asked the question as to whether or not these biomarkers are
reflective of any biology or merely due to the high-dimensional nature of the data.
This work is in the initial stages, but provides an important cautionary tale to those in
the field that the small subset of features used are potentially merely strong predictors

and not relevant.

5.1.2 Abstract

Recent studies have characterized and compared the microbial communities in
a number of healthy and diseased individuals with an emphasis on phenotypic
classification. In an attempt to classify healthy and diseased individuals researchers
often define phenotypic markers based on the sample’s microbial community. There
is a potentially large diagnostic market in accurately classifying disease with an assay
of a small set of genes or species. Many of the studies make use of common machine
learning techniques, e.g. cross-validation, in an attempt to select biologically relevant
markers. We investigate a number of machine learning techniques and feature set
selection procedures on two whole metagenomic shotgun sequencing datasets and a

marker-gene survey. We reveal that it is possible to achieve potentially biologically
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irrelevant markers by not including feature set selection in the cross-validation

procedure due to an over-fitting.

5.2 Methods in calculating AUROC

To classify samples by group labels we used four different classification
methods. Specifically, we classified samples using support vector machines (SVM)
with a radial basis kernel, Linear Discriminant Analysis (LDA), Naive Bayes (NB),
and random forests (RF). Each method was chosen to be representative of popular
machine learning classifiers from non-linear (SVM), linear (LDA), probabilistic (NB)
and rule-based (RF). We characterized performance by calculating area under the
receiver operator curve (AUROC). For SVMs a decision value can be obtained
directly from the decision function. Here the decision value for any given vector is
the signed distance from the maximum margin hyper-plane to the given vector. With
LDA, either the posterior probabilities for a given class or a score based on the
discriminant variables can be used as decision values; the latter was selected for our
experiments. Random forest and naive Bayes decision values come from the sample
probabilities of an accurate classification. These decision values, along with a binary
labeling of the tested data, allow us to calculate an AUROC value.

We built and compared predictive models for each of the gut microbiomes
analyzed by performing two-stage feature selection and testing four commonly used
machine learning techniques (Figure 48) provides a visual overview of our procedure.
Variants of these models are commonly used in a number of disease studies [5, 9,
101].

Specifically, we performed a two-stage feature set selection. The first stage
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consisted of defining a feature set of 50 genes by associating genes with phenotype by
either performing differential presence (Fisher’s presence-absence odds ratios) or
abundance (t-test or Wilcoxon rank-sum test). The second stage consisted of defining
the index to limit the number of genes, either by statistic/pvalue or a mutual
information optimization methodology. The mutual information optimization
methodology used here and in Qin et al. was minimum Redundancy Maximum
Relevance (mMRMR). Subsequently we performed either leave-one-out cross
validation or 5-fold cross validation on the classification techniques listed above. This
resulted in six methods for defining our feature set, two types of cross validation, and
four classification techniques totaling. In total 48 methods to compare on a number of
null phenotypes for each of our microbiome datasets.

We utilized kernel densities in visualizing the distribution of AUROC values
of 1000 randomly generated phenotypes for each dataset and classifier. For leave-
one-out cross validation, a decision value for each sample of the dataset was
calculated by training the classifier with all other samples, excluding the sample
tested. For five-fold cross validation, five AUROC values were obtained

corresponding to each fold, and the mean of these AUROC values was selected.
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Figure 48: Phenotype classification procedure.

We performed classification using two-stage feature set selection. The first stage
consisted of defining a feature set by either performing differential presence or
abundance testing to determine features associated with a phenotype. The second
stage consisted of defining an index, a set of 50 genes for classification purposes.
Subsequently we performed classification with either leave-one-out cross validation
or 5-fold cross validation on a number of popular machine learning techniques.

5.3 Results

5.3.1 Case study using a large infant gut-cohort

Making use of a similar procedure to the Qin et al. study described earlier we
tested our ability to predict whether a sample belongs to “Phenotype X”, a randomly
assigned phenotype on our infant cohort of 992 samples from four countries described
in Chapter 3. Each sample was randomly assigned label 1 or 0, indicating whether the
sample was classified as having phenotype X. The statistic of choice was
presence/absence odds ratio. Using the 50 OTU abundances with greatest odds ratios

and a cross-validation to mitigate over-fitting, specifically leave-one-out (LOO), we
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were able to achieve high AUROC values using a radial kernel SVM. In one
particular run, we were able to accuracy predict phenotype X with an accuracy
measure of 0.88 AUROC and ‘infer’ biological meaning for phenotype X despite the
null labeling. In contrast the true phenotype measured lower. We analyze three other

studies’ AUROC distribution for other ‘phenotype X’s.

5.3.2 Effect of feature set selection

To understand the effect of feature set selection methods on various classifiers
we analyzed the distribution of AUROC using six different methods for feature set
selection. The methods for feature selection consist of two stages as consistent with
recent methods used in a number studies producing biomarker indices [5, 6, 101]. The
first stage consisted of calculating associations between features and phenotype with
either a parametric, non-parametric, or presence-absence based test and described in
detail in Methods. We analyzed two WMS studies and one marker-gene study and
report AUROC values for the three combined despite slight differences between the
WMS datasets and the marker-gene survey [6, 16, 50]. We report on leave-one-out
cross-validated data in this section.

In analyzing the distribution of AUROC values for features selected by #-test
and Wilcoxon’s rank sum, both perform very similarly with the average AUROC
value for features selected by #-test [0.90 (0.13 sd)] and Wilcoxon [0.88 (0.13)]. In
comparison, feature selection by odds ratio often produced much lower AUROC
values [0.78 (0.15)].

Comparing AUROC values for features chosen in the second stage by either

the top 50 rankings of features or mRMR yielded the greatest difference in values.
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For each association test, filtering features by mRMR produced higher AUROC
values #-test [0.93 vs. 0.87], Wilcoxon [0.85 vs. 0.91], and OR [0.87 vs. 0.69]. This is
a result of the mRMR heuristic procedure producing features that have the least

mutual information with each other.

5.3.3 Cross-validation post feature-set selection does not mitigate the effects of over

fitting for null phenotype classification.

To characterize the robustness of classification on null phenotypes we
employed two types of cross-validation, leave one out (LOO) and 5-fold. The results
obtained (Figure 49, Figure 50) show that all the chosen classifiers had high AUROC
in predicting a sample’s randomly chosen phenotype. The only method robust to
over-fitting was the use of first stage odds ratios in the marker-gene survey. This is a
poor comparison though due to no prior filtering of the dataset and the selection of
features absent in at least 98% of the dataset, however, after filtering this effect is
mitigated and higher AUROC values are obtained (not shown).

All methods performed extremely well in classifying null phenotypes. In
particular, we observed that we consistently high achieve AUROC values with a
median of [SVM- 0.94, LDA- 0.88, NB- 0.88, RF- 0.91] using LOO cross-validation
across datasets with a median 0.90 AUROC. Additionally, when using a more
stringent type of cross validation, 5-fold we also perform extremely well. We
consistently achieve median AUROC values of [SVM- 0.93, LDA- 0.84, NB- 0.89,
RF- 0.91] with a median of 0.90. In comparison to the null phenotypes, the true label
classification AUROC values performed equally well in both cases with an average

AUROC 0f 0.89 and 0.93 (CV, LOO).
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Figure 49: Cross validation post feature-set selection does not mitigate the effects of
over-fitting post feature selection for WMS studies.

Kernel density plots of the AUROC values for each of the six feature set selection

methods for the Chinese gut microbiome dataset produced in [5]. Each panel denotes
the classifier used with the top four employing LOO cross-validation and the bottom
four 5-fold cross-validation. Even with the more stringent cross-validation most null
phenotypes are well predicted with the minimal feature set, except for features chosen

by presence-absence.
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Figure 50: Cross validation post feature-set selection does not mitigate the effects of
over-fitting post feature selection for marker-gene studies.

Kernel density plots of the AUROC values for each of the six feature set selection
methods for the mouse gut marker-gene dataset produced in [50]. Each panel denotes
the classifier used with the top four employing LOO cross-validation and the bottom
four 5-fold cross-validation. Even with the more stringent cross-validation most null
phenotypes are well predicted with the minimal feature set, except for features chosen
by presence-absence.

5.3.4 Averaging feature set statistics for selection does not mitigate over-fitting

In an attempt to mitigate the effects of over-fitting prior to classification we

partitioned the data into five equally sized bins and performed our three methods of
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Stage I filtering. We averaged the statistics for each method to produce one set and
then proceed with Stage II filtering. Analyzing the mouse gut marker-gene survey
data we observed that our null AUROC distributions perform much more as expected
with a median AUROC of 0.58 with the true phenotype all achieving an AUROC of
1.0 (Figure 51). An AUROC of 1.0 is expected in this simple study where the groups
are easily distinguished.

However, for the WMS datasets, binning the data does not mitigate the effects
of over-fitting due to feature selection (Figure 52). The difference between Stage 11
procedures of selecting the 50 features with greatest statistic or using the mRMR
procedure is negligible. However, the median AUROC is 0.92. In this situation we
would expect that including feature set selection in the cross-validation approach
should mitigate the effect and drive densities mean towards a more expected value

(closer to 0.5).
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Figure 51: Performing feature-set selection on averaged statistics mitigates the effect

of over-fitting.

Kernel density plots of the AUROC values for each of the six feature set selection
methods for the mouse gut marker-gene dataset produced in [50] following an
averaging of statistics calculated on binned samples. Each panel denotes the classifier

used with 5-fold cross-validation.
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Figure 52: Performing feature-set selection on averaged statistics does not mitigate
the effect of over-fitting on WMS studies.

Kernel density plots of the AUROC values for each of the six feature set selection
methods for the Chinese gut microbiome dataset produced in [5] following an
averaging of statistics calculated on binned samples. Each panel denotes the classifier

used with 5-fold cross-validation.

535

Including feature set selection within cross-validation mitigates over-fitting

In an attempt to mitigate the effects of over-fitting prior to cross-validation we

incorporated feature set selection within the 5-fold cross-validation framework.

Incorporating feature set selection within the cross-validation leads to an average of
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0.58 AUROC for the #-test feature set selection procedure (topS0 and mRMR) in the
European whole metagenomic shotgun dataset. Preliminary analyses suggest similar
results for the other whole metagenomic shotgun dataset and other feature set

selection methods.
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Figure 53: Performing feature-set selection within a cross-validation framework
mitigates the effect of over-fitting on WMS studies.

Kernel density plots of the AUROC values for two feature set selection methods for

the European gut microbiome dataset. Each panel denotes the classifier used with 5-
fold cross-validation.
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6. Discussion and conclusion

6.1 Contributions

This work constitutes a number of improvements to the field of scientific
computation and metagenomics in the application of sparsity aware methods for
normalization and differential abundance analysis. Chapter 1 provides a brief
overview of the methods used to analyze microbial communities prior to this
dissertation. Chapter 2 introduced the need for sparsity-aware normalization and
testing methods and a novel normalization method that significantly improved sample
clustering and a zero-inflated Gaussian mixture model that improved fold-change
estimates. Chapter 3 highlighted the application of the method one of the largest gut
cohorts at the time on an important disease and our ability to find novel potential
pathogenic and probiotic associations for children with diarrhea in the developing
world. Chapter 4 highlights an improved sparse-aware testing methodology and an
overview of the sparsity in whole-metagenomic shotgun sequencing data. Chapter 5
continues with the target of many microbiome experiments, production of biomarkers
that can be used to detect a disease or phenotype. The chapter warns of the many
pitfalls using these biomarkers, namely many are potentially useful for classification,
but are not much more. I reiterate that each chapter was a culmination of work
presented mostly in the following papers published or in preparation:

Chapter 2:
e Paulson, JN., Stine, OC., Bravo, HC., Pop, M. (2013). Differential abundance

analysis for marker-gene surveys. Nature Methods, Volume 10, pg. 1200-

1202.

¢ Paulson, JN., Bravo, HC., Pop, M. (2014). Reply to: "a fair comparison".

Nature Methods, Volume 11, pg. 359-360.
Chapter 3:
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*  Pop, M.*, Walker, AW.*, Paulson, JN.*, Lindsay, B.*, Antonio, M.*, Hossain
MA.*, Oundo J.*, Tamboura B.*, Mai V.*, Astrovskaya I., Bravo, HC., Rance
R., Stares M., Levine MM., Panchalingam S., Kotloff K., Ikumapayi UN.,
Ebruke C., Adeyemi M., Ahmed D., Ahmed F., Alam MT., Amin R., Siddiqui
S., Ochieng JB., Ouma E., Juma J., Mailu E., Omore R., Morris JG., Breiman
RF., Saha D., Parkhill J., Nataro JP., Stine, OC. (2014). Diarrhea in young
children from low-income countries leads to large-scale alterations in
intestinal microbiota composition. Genome Biology, Volume 15, pg. R76.

Chapter 4:

e Paulson, JN., Hill, CM., Almeida, M., Bravo, HC., Pop, M. Differential
abundance analysis for whole metagenomic shotgun sequencing. In
preparation.

Chapter 5:

e Paulson, JN.*, Wikum, D.*, Mendelowitz, L., Kross, S., Bravo, HC, Pop, M.

(2015). The gut microbiome strongly predicts phenotype X. In preparation.
6.2  Future work
6.2.1 Microbial co-abundance networks for whole metagenomic shotgun
sequencing data and marker-gene surveys accounting for sparsity and under-
sampling.

Even in very deep sequencing surveys, the nature of the “counting
experiment” that is a metagenomic analysis can skew representative population
estimates for community members. To address this issue, I propose methods to aid in
defining operon structure, novel organism discovery and assembly with improved
clustering methods. The central idea is to weight zero values of a gene or taxa
according to the posterior probability of not being observed due to under-sampling.
These methods will not only have broad general applicability in the analysis of large,
relatively sparse data sets, but they will provide better insight into the biological
properties of complex microbial communities and their potential roles in

environmental niches and human health.

I have shown that biases due to sparsity induced by under-sampling can be
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successfully accounted for in marker-gene surveys (Chapter “Differential abundance
analysis for marker-gene surveys”) and for whole metagenomic shotgun sequencing
data (Chapter “4 Differential abundance analysis of WMS sequencing data”)
with the use of a zero-inflated Gaussian (ZIG) mixture to model species [33]. It is
important to investigate the appropriateness of a ZIG model in WMS data. In
estimating the ZIG model a posterior probability is calculated for every zero value as
belonging to an ‘under-sampling’ technical artifact distribution or being truly absent.

The Co-Abundant Gene clustering algorithm from Nielsen, et al. is as follows:

1. Pick a gene at random as a ‘seed.’
Calculate the Pearson correlation coefficient (PCC) of the seed
with all other proportionally normalized genes.
3. Merge into one ‘canopy’ genes with a PCC > 0.9.
4. Define abundance profile as median of gene abundances in canopy.
5. [Iterate steps 1-4 until stabilization.

I propose a posterior probability approach to expound upon Nielsen, et al.’s
clustering algorithm for the de novo segregation of metagenomic data [113]. The
clustering algorithm can aid in assembly, organismal discovery, operon structure
determination, and understanding phenotype-specific pathways [7, 101]. The gene
cluster count matrices from objective 1 are the substrate for the clustering.

In particular, the Co-Abundant Gene (CAG) clustering algorithm [113] is a
random seed selection algorithm that picks a gene at random and calculates pair-wise
Pearson correlation coefficients (PCC) clustering those within a threshold. The
algorithm is iterative and continues until all genes have been assigned to a cluster
followed by a filtering process of singletons and presence in a minimum number of

samples. Using the first objective’s posterior probability we can calculate weighted

PCCs to explore robustly generated clusters.
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Glossary

OTU - Operational Taxonomic Unit
DNA — Deoxyribonucleic acid

RNA — Ribonucleic acid

rRNA — Ribosomal RNA component
rDNA — Ribosomal DNA component
RDP — Ribosomal Database Project
EM — Expectation Maximization
CAG — Co-Abundant Gene

PCC — Pearson correlation coefficient
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