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Abstract

Motivation: Numerous studies are currently underway to characterize the microbial
communities inhabiting our world. These studies will dramatically expand our understanding of
the microbial biosphere and, more importantly, will reveal the secrets of the complex symbiotic
relationship between us and our commensal bacterial communities. An important prerequisite
for such discoveries are computational tools able to rapidly and accurately compare large
datasets generated from complex bacterial communities.

Results: We describe a statistical method for detecting differentially abundant organisms
between two populations using count data (e.g. 16S rRNA surveys). In high-complexity
environments, our method employs the false discovery rate to improve specificity and properly
handles low abundance taxa. We demonstrate the use of our tool by comparing publicly
available human and mouse gut microbiome datasets to identify differences between these
bacterial populations at different levels of resolution. We additionally re-analyze the data
generated in a recent study on obesity and identify a previously uncharacterized difference
between the gut flora of obese and lean human subjects. To illustrate the flexibility of our
methods, we further assess differentially abundant metabolic subsystems from 85 newly
generated microbial and viral metagenomes.

Availability: A web server implementation of our methods is available at
http://www.cbcb.umd.edu/~whitej/metastats/detection.shtml. Source code is freely available at
(sourceforge site).

Introduction

The increasing availability of high-throughput, inexpensive sequencing technologies has led to
the birth of a new scientific field, metagenomics, encompassing large-scale analyses of the
microbial communities that inhabit our bodies and our planet. Large-scale sequencing of
bacterial populations allows us a first glimpse at the many microbes that cannot be analyzed
through traditional means (only 1-5% of all bacteria can be isolated and independently cultured
with current methods). Studies of environmental samples have initially focused on targeted
sequencing of individual genes, in particular the 16S subunit of ribosomal RNA [I-7]. This gene
is commonly used to characterize the diversity of an environment in studies that involve the
random sampling of an environment’s genomic content.

Several software tools have been developed in recent years for comparing different
environments on the basis sequence data. DOTUR [8], Libshuff [9], S-libshuff [10], SONs [I 1],
MEGAN [12], UniFrac [13], and TreeClimber [14] all focus on different aspects of such an
analysis. DOTUR clusters sequences into operational taxonomic units (OTUs) and provides
estimates of the diversity of a microbial population thereby providing a coarse measure for
comparing different communities. SONs extends DOTUR with a statistical test for estimating
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the similarity between two environments, specifically, the fraction of OTUs shared between
two communities. Libshuff and J-libshuff provide a hypothesis test for deciding whether two
communities are different, and TreeClimber and UniFrac frame this question in a phylogenetic
context. Note that these methods aim to assess whether, rather than how two communities
differ. The latter question is particularly important as we begin to analyze the contribution of
the microbiome to human health. Metagenomic analysis in clinical trials will require information
at individual taxonomic levels to aid the direction of future experiments and treatments. As an
example, we would like to identify bacteria whose presence or absence contributes to human
disease and develop antibiotic or probiotic treatments. The software MEGAN of Huson et al. is
one of the first to addresses the nature of taxonomic differences between two environments,
albeit at a qualitative level.

A statistical bootstrap approach designed by Rodriguez-Brito et al. compares the abundances of
subsystems (e.g. biochemical pathways, clusters of functionally related genes) in two
environments using a difference of medians calculation [15]. Though this method does not
depend on the distribution of the subsystems, it ignores variation between multiple subjects
from a single environment, and lacks power, often requiring a prohibitive number of samples to
achieve statistical significance. Accounting for inter-subject variation is essential for clinical trials
when dozens or hundreds of subjects may be taken from each treatment.

In this paper, we describe a rigorous statistical method for detecting differentially abundant taxa
in two microbial populations and assess the significance of observed differences. Such rigor is
particularly necessary as metagenomic studies are increasingly applied in a clinical setting (e.g.
Human Microbiome Project [16]), as well as to cope with the increasing size and complexity of
the datasets being analyzed. In high-complexity environments, our method estimates the false
discovery rate (FDR) and separately evaluates low abundance taxa. While current microarray
analysis packages implement the FDR, they are designed for continuous data rather than
discrete counts, and therefore will fail to properly account for the significance of sparse
observations in metagenomic data.

We demonstrate the use of our tool by comparing publicly available human and mouse gut
microbiome datasets to identify differences between these microflora at different levels of
resolution. Furthermore, we re-analyze the data generated in a recent study on obesity and
identify a previously uncharacterized difference between the gut flora of obese and lean human
subjects. Finally, we apply our methods to metabolic data and determine differentially abundant
subsystems between 85 microbial and viral metagenomes. The methods described in this paper
have been implemented as a web server
(www.cbcb.umd.edu/~whitej/metastats/detection.shtml) and are available as source code at
(sourceforge site).

Methods

Our method relies on the following assumptions: (i) we are given data corresponding to two
populations (e.g. sick and healthy human gut communities, or individuals exposed to different
treatments), each consisting of multiple individuals (or samples); (ii) for each sample we are
provided with a list of taxonomic units (taxa) present in the sample (whether individual
organisms or phylogenetic groupings) as well as an estimate of the relative abundance of these
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taxa in the sample. Our goal is to identify individual taxa in such datasets that “explain” the
difference between the two populations, i.e. taxa whose abundance in the two populations is
different. Furthermore, we develop a statistical measure of our confidence in the observed
differences. In this paper we focus on data generated through 16S rRNA surveys, however the
methods can be applied to any other experimental technique that provides abundance data.

The taxa abundance matrix

The input to our method consists of taxonomic counts from multiple subjects in two
populations. A taxa abundance matrix (TAM) can be created using the frequency of each taxon
observed within each individual. The i row of this matrix represents a specific taxon, while the
j" column represents a single individual. Thus, the cell in the i row and j" column is the total
number of observations of taxon i in subject j (fig. |). Every distinct observation is represented
only once in the matrix, i.e. overlapping taxa are not allowed. If there are g subjects in the first
population, they are represented by the first g columns of the matrix; the remaining columns
represent subjects from the second population.
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Figure | Format of the taxa abundance matrix. Each row represents a specific taxon, while
each column represents a subject (replication). The frequency of the i taxon in the [ subject
(f(ij)) is recorded in the corresponding cell of the matrix. If there are g subjects in the first
population, they are represented by the first g columns of the matrix, while the remaining
columns represent subjects from the second population.

T statistic computation

To allow the comparison of abundance numbers across multiple individuals, we convert the raw
abundance measure to a fraction representing the relative contribution of each taxon to each of
the individuals (columns in TAM). This results in a relative proportion matrix (RPM) of the
same dimensions as the TAM, but the cell in the i row and the " column (which we shall
denote a)) is the proportion of taxon i observed in individual j. Note when there are differences
in the total number of observations from each subject, it is necessary to use a normalization
procedure prior to calculation of sample mean and variance.

For each taxon i, we compare its abundance across the two populations using the standard
two-sample t statistic. Specifically, we calculate the mean proportion x,, and variance s, of

treatment |:
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Similarly, we calculate X,, and s*, for treatment 2. Note n, and n, are the number of subjects in

treatment | and treatment 2, respectively. Finally, the two-sample t statistic for each taxon i is
calculated:

A challenge in analyzing count data is that the t statistic is not accurate in the case of low
frequency organisms. We performed multiple simulation studies to uncover the limits of this
technique. The first simulation involved |0 subjects from the same population in which the true
mean proportion of an organism (X) is known, which we’ll denote p,. The population is
normally distributed with a standard deviation p,*0.1. A single experiment k begins by choosing
|0 subjects randomly from the population and simulating 50 taxonomic observations for each
subject. Each sample is classified as organism X or not organism X in a taxa abundance matrix
based on the true proportion of the organism in each subject. The resulting table is converted
to proportions from which we calculate the one-sample t statistic for relative abundances of
organism X:
t, = —Px f X
Sk

50

As the population is normally distributed, t, follows an approximate t-distribution with 9
degrees of freedom for adequately large values of p,. We ran simulations of 250,000
experiments using py = {0.5, 0.2, 0.1, 0.05, 0.01} and found the t-distribution to be reasonably
valid for all values above p,= 0.05. This particular proportion implies we expect to see 2.5
observations per subject on average, and so, 25 observations over all subjects. Our simulations
indicate that accurate results can be obtained for taxa containing 25 or more observations
within each population, therefore, as a heuristic, taxa rows corresponding to fewer than 25
observations in both populations are removed from the RPM described above, and analyzed
separately as described below. Additional simulations varying sampling rates between subjects
and increasing sampling depth also supported this heuristic.
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Figure 2 Distribution of one-sample t statistics for simulated values of py. As the value of py
becomes small, the t-distribution no longer accurately approximates the true distribution. One
can see that the distribution of t statistics becomes sparse and asymmetric due to the limited
number of observations in each experiment.

Permuted p-values

To determine a threshold for detecting differentially abundant taxa, and to assign accurate
confidence values to the observed differences between populations, we estimate the null
distribution of t, nonparametrically using a permutation method as described in Storey and
Tibshirani (2003). Specifically, we randomly permute the treatment labels of the columns of the
RPM and recalculate the t statistics. Note that the permutation maintains that there are n,
replications for treatment | and n, replications for treatment 2. Repeating this procedure for B

trials, we obtain B sets of t statistics: t,%, ..., t,%, b = |, ..., B, where M is the number of taxa in
the RPM.
Finally, the p-values for each taxon i, (i = I, ..., M) are calculated as the fraction of permuted

tests with a higher t statistic than the original:

B
1 . 0b
pi:ﬁb 1#{]:‘tj ‘z|ti
All experiments described below set B = 1000, and so the precision of the p-values will be at
worst on the order of |/B. One should cautiously set the number of permutations so that the
precision of the p-values is well below the significance threshold used to call taxa differentially
abundant. In our studies, 1000 permutations are appropriate because our significance

thresholds are greater than 0.01.

= 1,...,3}.
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Low frequency taxa

We do not include low frequency taxa (< 25 observations in either treatment) in the analysis
presented above because the null distribution of the t statistic for these rare organisms varies
widely depending on their relative abundance. However, the probability of observing a rare
taxon is approximately equal for all individuals in a treatment, therefore, we can test rare taxa
for differential abundance using Fisher’s exact test. Fisher’s exact test models sampling
infrequent categories according to a hypergeometric distribution (sampling without
replacement), rather than a binomial distribution. The frequencies of the TAM for each low
frequency taxon are pooled to create a 2x2 contingency table (fig. 3), which acts as input for a
two-tailed test. Using the notation from figure 3, the null hypergeometric probability of
observing a 2x2 contingency table is:

(Rl)(RZ) R = fi,+ fi
p= Ju)\Ju _where R = fy + [,
(n) C1=f11+f21’
G n=fi+fo+ futfn

By calculating this probability for a given table, and all tables more extreme than that observed,
one can calculate the exact probability of obtaining the original table by chance assuming that
the null hypothesis (i.e. no difference abundance) is true [17]. There have been decades of
debate over Fisher’s exact test as possibly being too conservative [18, 19]. However, for
practical purposes, a conservative significance test is preferable over encountering additional
type | error.

treatment | treatment 2
taxon i f/ | f 12
not
taxon i fZ I f22

Figure 3 Format of a 2x2 contingency table used in testing for differential abundance between
rare taxa. f;, is the number of observations of taxon i in all individuals from treatment 1. f;, is
the number of observations that are not taxon i in all individuals from treatment I. f,,and f,,are
similarly defined for treatment 2.

The false discovery rate

For complex environments (many taxa), the direct application of the t statistic as described
above is inappropriate as we are faced with a multiple hypothesis testing scenario. An intuitive
correction involves decreasing the p-value cutoff proportional to the number of tests
performed (a Bonferroni correction), thereby reducing the number of false positives. This
approach, however, results in a significant decrease in statistical power, making detection of
differential abundance difficult.
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An alternative approach aims to control the false discovery rate (FDR), which is defined as the
proportion of false positives within the set of predictions [20], in contrast to the false positive
rate defined as the proportion of false positives within the entire set of tests. In this context,
the significance of a test is measured by a g-value, an individual measure of the FDR for each
test [21].

We implemented the following algorithm, adapted from Storey and Tibshirani (2003), for the
automated computation of g-values:

Given an ordered list of p-values, Pay < Pp = --- < pmy and a range of values A =0, 0.01, 0.02,
..., 0.90, we compute

. #{p; > A}
Ao(A) = —A———.
m(l - )L)
Next, we fit ﬁ'o()\.) with a cubic spline with 3 degrees of freedom, which we denote ]AC, and let

7T, = ]A”(l). Finally, we estimate the g-value corresponding to each ordered p-value. First,
@(p(m)) = min(p(m) X 7, 1). Then fori=m-1,m-2, ..., |,

é(p(i)) = min w’ é(p(iﬂ)) )

Thus, the hypothesis test with p-value p,, has a corresponding g-value of é(p(l.)). Note that this

method yields conservative estimates of the true g-values, i.e. c}(p(l.)) = q(p(l.)).

Data used in this paper

Human gut 16S rRNA sequences were prepared as described in Eckburg et al. and Ley et al.
(2006) and are available in GenBank, accession numbers: DQ793220-DQ802819, DQ803048,
DQ803139-DQ8I10181, DQ823640-DQ825343, AY974810-AY986384. Mouse gut 16S rRNA
sequences were prepared as described in Ley et al. (2005) and obtained from GenBank
accession numbers: DQO014552-DQO015671, AY98991 1-AY993908. We acquired metabolic
functional profiles of 85 metagenomes from the online supplementary materials of Dinsdale et
al. (2008) (http://www.theseed.org/DinsdaleSupplementalMaterial/).

16S rRNA taxonomic assignment

There are several widely used methods for taxonomic assignment of 16S rRNA. Different
approaches include sequence comparison, sequence composition, and phylogenetic analysis. In
our experiments we assigned all 16S sequences to taxa using a naive Bayesian classifier
currently employed by the Ribosomal Database Project Il (RDP) [22]. This software rapidly
classifies sequences from kingdom to genus according to Bergey's Taxonomic Outline of the
Prokaryotes [23]. Trained on ~23,000 pre-classified |16S sequences, the RDP classifier provides a
statistical confidence for each classification, and is available for use online
(http://rdp.cme.msu.edu/classifier/classifier.jsp).

Results
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Taxa associated with human obesity

Recently Ley et al. (2006) published a study of gut microbes associated with obesity in humans
and concluded that obesity has a microbial element, specifically that Firmicutes and
Bacteroidetes are differentially abundant between lean and obese humans. Obese subjects had a
significantly higher relative abundance of Firmicutes and a lower relative abundance of
Bacteriodetes than the lean subjects. Furthermore, obese subjects were placed on a calorie-
restricted diet for one year, after which the subjects’ gut microbiota more closely resembled
that of the lean individuals.

We obtained the 20,609 16S rRNA genes sequenced in Ley et al. and assigned them to taxa at
different levels of resolution (note that 2,261 of the |16S sequences came from a previous study
[2]). We initially sought to re-establish the primary result from this paper using our
methodology. Figure 4 illustrates the shift in Firmicutes and Bacteroidetes abundances before
and after the obese subjects’ diets, and our method agreed with the results of the original
study: Firmicutes are significantly more abundant in obese subjects (P = 0.003) and
Bacteroidetes are significantly more abundant in the lean population (P < 0.001). Furthermore,
our method also detected Actinobacteria to be differentially abundant, a result not reported by
Ley et al. Approximately 5% of the gut population was composed of Actinobacteria in obese
subjects and was significantly less frequent in lean subjects (P = 0.004) (fig. 5). This result
indicates our method is more sensitive than the approach used in the original study.

To explore whether we could refine the broad conclusions of the initial study, we re-analyzed
the data at the class level. We identified four classes of organisms that were differentially
abundant: Clostridia (P = 0.006), Bacteroidetes (P < 0.001), Actinobacteria (P = 0.003), and
Delta-proteobacteria (P = 0.003) (fig. 6). The first three were the dominant members of the
corresponding phyla (Firmicutes, Bacteroides, Actinobacteria, respectively) and followed the
same distribution as observed at a coarser level. At the phylum level, Proteobacteria (the
phylum parent to Delta-proteobacteria) were not found to be differentially abundant between
lean and obese individuals, however, at the class level, delta-proteobacteria were significantly
enriched in lean individuals. Proteobacteria were not detected as differentially abundant due to
a severe bloom of Gamma-proteobacteria in a single obese subject (15% of the individual’s 16S
sequences), leading to a high sample variance in obese subjects and a small overall t statistic.

100 1
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Figure 4 Mean relative abundances (%) of Firmicutes and Bacteroidetes (+ s.e.) in lean and
obese subjects, as well as obese subjects after a 52-week calorie-restricted diet. After the

obese subjects finished the diet, their microbial communities began to resemble that of the lean
individuals.
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Figure 5 Differentially abundant phyla detected using our method (mean percentage =+ s.e., p-
value = 0.05). No p-value correction for multiple hypothesis tests was employed. We
successfully re-established the major result of Ley et al,, and discovered that Actinobacteria are
also differentially abundant. Both Firmicutes and Actinobacteria have significantly higher relative
abundances in obese people than lean people. In the lean population, Bacteroidetes make up a
higher proportion of the gut microbiota than in the obese population.
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Figure 6 Differentially abundant classes detected (mean percentage * s.e., p-value < 0.05). No
p-value correction for multiple hypothesis tests was employed. Mean proportion of
Deltaproteobacteria in obese and lean subjects was 0.03% and 0.44%, respectively. Clostridia
are responsible for the differential abundance of Firmicutes.

Human vs. mouse gut microbial communities
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Mouse models are important research tools in many biomedical areas, including the study of
the commensal microbial populations [24]. To evaluate the differences between human and
mouse gut microbial communities, we applied our methods to 6,250 16S rRNA sequences from
the 7 human and 12 mouse control subjects of two obesity studies [4, 5]. We discovered seven
differentially abundant classes (see table I). Two of the three most abundant classes, Clostridia
and Bacilli, were differentially abundant: humans maintained higher levels of Clostridia (P =
0.018) while mice had more abundant Bacilli (P = 0.003).

We also applied our methods at the genus level (101 genera were identified in these two
datasets), employing the false discovery rate method for assessing the significance of our results
using a g-value cutoff of 0.05. We identified 21 differentially abundant genera, several of which
were well-represented taxa (see table 2). Surprisingly, we found virtually no Lactobacillus in the
human samples, a genus previously characterized in the human gut [25, 26]. However, our
result is consistent with a prior study which also found a low abundance of Lactobacilli in the
distal human gut [27]. These results indicate substantial interspecies variation between human
and mouse gut microbial communities, and these differences should be taken into account when
using the mouse models in microbiome studies.

Class name Human Mouse p-value
Clostridia 669 =58 49.1 £3.2 0.019
Bacilli 427 = 0.97 2.1 = 1.9 0.003
Actinobacteria (class) 0.447 = 0.18 0.979 = 0.17 0.041
Verrucomicrobiae 0.162 = 0.14 0 0.006
Alphaproteobacteria 0.115+0.12 0 0.026
Epsilonproteobacteria 0 0.261 = 0.17 0.002
TM7 genera incertae 0 0220 = 0.10 0032
sedis

Table 1 Differentially abundant classes of organisms from human and mouse gut microbiota
(p-values < 0.05). Human and mouse columns display mean relative abundance (%) = standard
error. Cells containing ‘0’ indicate that no observations of the taxa were found. Clostridia and
Bacilli, two of the three most abundant classes observed were differentially abundant.

Genera Human Mouse q-value
Bacteroides 14.6 + 4.44 0.51 £0.40 0.025
Faecalibacterium 12.4 +2.27 0 < 0.001
Ruminococcus 10.7 £ 2.09 0.78 £ 0.30 < 0.001
Roseburia 8.58 + 2.05 2.00 + 0.44 0.025
Dorea 1.97 £ 0.59 6.35 +0.89 0.002
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Tannerella 0.99 + 0.68 319+ 3.18 < 0.001
Sporobacter 0.73 £+ 0.42 0.03 £0.03 < 0.001
Syntrophococcus 0.67 = 0.34 2.77 = 0.62 0.038
Mahella 0.50 + 0.22 0 < 0.001
Succiniclasticum 0.35 +0.35 0 < 0.001
Phascolarctobacterium 022 +0.17 0 0.025
Akkermansia 0.16 £0.14 0 0.040
Bryantella 0.15+0.10 9.75 = 1.30 < 0.001
Eggerthella 0.10 = 0.07 0.84 +0.16 0.003
Parasporobacterium 0.09 = 0.09 1.92 = 0.62 0.040
Hespellia 0.07 = 0.06 0.46 = 0.09 0.047
Lactobacillus 0 4.76 = 1.50 0.025
Sporobacterium 0 0.51 = 0.21 < 0.001
Acetitomaculum 0 0.47 £0.23 < 0.001
Oribacterium 0 0.37 £ 0.15 0011
Helicobacter 0 0.26 +0.17 0.020

Table 2 Differentially abundant genera of organisms from human and mouse gut microbiota
(g-values =< 0.05). Human and mouse columns display mean relative abundance (%) = standard
error. Cells containing ‘0’ indicate that no observations of the taxa were found. Since we
thresholded using g-values, we expect that only one of these 21 genera is a false positive.

Differentially abundant metabolic subsystems in microbial and viral metagenomes

While assessing the population microbes in a community is useful, it does not provide a detailed
description of the metabolic potential of the microbial community. The discovery of rapidly
changing elements in the genome such as CRISPRs [28-30] has shown that although two
organisms have identical |16S genes, their functions may be variable. Thus, recent studies have
proposed examining the pan-genome of an environment rather than organisms individually [31,
32]. Recently, Dinsdale et al. profiled 87 different metagenomic samples (~15 million
sequences) using the SEED platform (http://www.theseed.org) [33]. We obtained functional
profiles from 45 microbial and 40 viral metagenomes analyzed in this study to identify
differentially abundant subsystems. Of the 26 subsystems detected in the profiles, || were
found to be significantly different (p-values < 0.02) (fig. 7). Thus, we expect less than one false
positive overall. Subsystems for nucleotides and DNA metabolism were significantly more
abundant in viral metagenomes, while nitrogen metabolism, membrane transport, and
carbohydrates were all enriched in microbial communities. In contrast to the original study,
virulence subsystems were less abundant than previously reported, and they were not
differentially abundant between the microbial and viral metagenomes.
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Figure 7 Differentially abundant metabolic subsystems between microbial and viral
metagenomes (mean percentage * s.e., p-values < 0.02). We find that viral metagenomes are
significantly enriched for nucleotides and nucleosides (P < le-6) and DNA metabolism (P < le-
4). Processes for respiration, photosynthesis, and carbohydrates are all overrepresented in
microbial metagenomes.

Discussion and Conclusions

We have presented a statistical method for handling frequency data to detect differentially
abundant categories between two populations. While this method has been described in the
context of |16S data, it can be applied to the analysis of frequency data generated through other
means, including random shotgun sequencing of environmental samples (binning tools could
provide the abundance information in this case), or microarray-based comparisons between
environments (e.g. using the PhyloChip [6]). Detection of differentially abundant subsystems
with multiple subjects from each environment will also benefit from this approach. Our method
can also be generalized to experiments with more than two populations by substituting the t
test with a one-way ANOVA test. Furthermore, if only a single sample from each treatment is
available, a chi-squared test could be easily substituted for a t test, which is known to be
appropriate for cases in which a category is observed = 10 times for each treatment [17].

In the coming years metagenomic studies will increasingly be applied in a clinical setting,
requiring new algorithms and software tools to be developed that can exploit data from
hundreds to thousands of patients. The methods described above represent an initial step in
this direction by providing a robust and rigorous statistical method for identifying organisms
whose differential abundance correlates with disease. These methods are available via web
server through www.cbcb.umd.edu/~whitej/metastats/detection.shtml.
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