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1.1 Introduction

Microbes form complex heterogeneous interacting communities, whether in the envi-
ronment or in specific niches within humans and other host organisms [13]. Metage-
nomics approaches have been used to study the composition and dynamics of such
microbial communities. Distinct communities of bacteria are present at different
sites of the human body, and changes in their structure have strong implications for
human health. The Human Microbiome Project (HMP) focuses on the study of mi-
crobial communities that inhabit the healthy human body [50, 61]. It is known that
90% of the cells in the human body are bacterial cells and that bacterial communities
play such critical roles as aiding in the digestion of food, synthesizing essential vita-
mins, and assisting the immune system in fending off pathogenic invaders. Human
microbiome studies have revealed that diseases and disorders are strongly correlated
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with changes in microbial community profiles [60, 43, 52]. These studies have also
demonstrated that microbial community structure in five niches of the human body
(gut, mouth, airways, urogenital, and skin) are quite distinct, and appear to transcend
gender, age, and ethnicity [32].

It is possible to employ classical microbiological methods for the analysis of mi-
crobiomes, by which one could culture individual taxa and then use specific protocols
developed to identify them. However, classical approaches will always be limited
by (a) the ability to culture – it is broadly believed that most bacterial taxa are not
readily culturable by traditional culturing techniques (although more extensive culti-
vation approaches have yielded considerably higher percentages of cultured taxa, as
shown by the work of M. Surette and colleagues [55]); (b) time it takes to culture –
it could take several weeks for a culture to grow; and (c) the potentially staggering
number and diversity of microbial taxa present in the sample.

Molecular approaches to microbiome studies involve extracting microbial DNA
from a sample followed by a process of determining the profile of the microbial
community present. A reasonable approach is that of PCR amplifications of marker
genes, such as the gene for 16S rRNA, followed by one of a variety of approaches to
investigate length heteoregeneity of variable regions of the microbial genomes [16].
Here the limitations are the result of the fact that length heterogeneity of specific
regions of certain marker genes in the bacterial world is considerably smaller than
the number of taxa.

Exploiting sequence heterogeneity is clearly a more informative approach than
using length heterogeneity. More recent methods involve the use of next generation
sequencing. The DNA is first extracted and a portion of the marker gene is amplified
with appropriate PCR primers. Then, next generation sequencing techniques gener-
ate a large number of reads from the amplicons. Bioinformatics tools are finally used
to claissify the reads by the different taxa from which they have arisen.

While this will be discussed in detail later, the limitations of these methods are the
following: (a) the extent of our databases and the sequences cataloged in them limits
the bacterial taxa that can be successfully identified; (b) next generation sequencing
techniques produce short reads that may or may not be from distinguishable regions
of the individual taxon; and (c) the software classifier used to classify individual
reads may produce inaccurate results, in part because the independence assumptions
inherent in existing classifiers may not be biologically valid.

Microbiome studies have largely been applied on phylogenetic marker genes,
most often the gene for 16S rRNA (for example, see [9, 28, 5, 26, 38, 21]), but
others include 23S rRNA, recA, DNA gyrA, and many more [57, 39, 70, 37]. There
is no consensus on the ideal marker gene, and the popularity of 16S rRNA is sim-
ply due to its use in standard reference manuals [37]. However, recent studies have
taken a different approach by employing whole genome sequencing [32, 48, 10]. The
advantage of marker genes is the availability of large databases [11, 51, 15] to aid
in classification of reads. The advantage of the whole genome approach is that it
becomes possible to obtain functional profiles of the microbial community by inves-
tigating the functional annotations of the genes to which the reads map. We discuss
later why this is potentially of greater interest than the marker gene approach.



THE METAGENOMICS ANALYSIS PIPELINE 3

Regardless of the method of identifying bacterial taxa or the functional elements
present, the next step is to leverage the information to understand the difference be-
tween samples. Such measures include α− and β−diversity indices, which have
been shown to be useful in distinguishing between samples [18, 45]. Specific indices
for calculating these types of diversity include the Shannon diversity index, popular
for its dealing with the uncertainty in predicting unobserved species [54]; the Jaccard
index, which measures similarity between samples by the proportion of shared clus-
ters or species between them [33]; and the popular inverse-Simpson index, which
estimates diversity by considering the probability that a randomly selected individ-
ual from a sample has already been observed [56]. It should be noted that there are
situations where well-established diversity indices are not sufficient to differentiate
between groups of samples. In recent studies, it has been observed that the diversity
indices for the airways microbiome of smoking and non-smoking subjects are not
distinguishable, even though these studies have readily identified individual bacte-
rial genera that tend to favor the airways of smokers over non-smokers or former
smokers [19, 47].

More advanced techniques to understand and differentiate microbial community
profiles have been investigated. It is clear that metagenomic studies have to go further
and dig deeper to uncover interesting features of microbial communities. The next set
of promising investigations have to focus on understanding the structure of microbial
communities and their interactions in any environmental niche. One of the greatest
challenges in understanding human health is uncovering the large number of complex
interactions that occur within the microbial community, and between the community
and the human host. There is a great need to interpret the results in a way that is
useful to both research scientists and clinicians. Studying the structure of microbial
communities will shed light on the nature of bacterial “social networks” and their
consequences.

1.2 The Metagenomics Analysis Pipeline

No single approach is sufficient to fully characterize a source environment due to
the complexity of the microbial communities in metagenomic samples. Thus, any
metagenomics analysis pipeline will involve a series of sequential steps. This begins
with data pre-processing to filter reads by quality and length, remove contaminants,
remove chimeric sequences generated during PCR amplification, and prepare data
for subsequent analysis. A classification and clustering step is used to map each
read to a sequence in a reference database and group reads by taxonomy or sequence
similarity. This will be discussed in more detail later. A single-sample analysis step
employs standard measures, such as making estimates of the richness and diversity
of taxa in each sample; when whole genome sequencing is used, the analysis in-
volves studying the functional pathways and protein families that are present and/or
overrepresented. Finally, multiple-sample comparisons are used to identify patterns
in related groups of samples. Every step in the pipeline has the potential of introduc-
ing errors and biases which will be carried forward to the rest of the analyses [22].
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It is essential that parameters be selected with care, understanding the limitations of
the data and the biases introduced during collection, amplification, and sequencing.

The marker gene approach is unable to directly provide information about the
functional elements present in a sample due to its limited ability to resolve taxo-
nomic identity. The gene for 16S rRNA is present in every bacterial genome. This
gene contains a mixture of highly conserved and hypervariable regions, the former
making it an easy target for amplification and the latter for mapping reads to taxa
[66]. However, it is generally not possible to use the 16S rRNA gene to distinguish
between strains or species, especially with short reads, so identity is normally lim-
ited to the genus level or above [25]. This can pose a problem for our purposes, since
members of the same genera can behave very differently. For example, Campy-
lobacter hominis is considered a member of the normal flora of the gut, whereas
Campylobacter jejuni is known to be pathogenic [69]. Furthermore, closely related
bacterial species and strains are often competitors for the same environmental niches
[30]. It is desirable to differentiate between any species and strains present in order
to better understand the dynamics of the communities being studied.

The limited resolution of marker gene methods does not mean that reads cannot be
intelligently assigned to distinct groups, but rather that those groups cannot be easily
mapped to specific taxa. A commonly used approach is to first cluster reads based
on sequence similarity into operational taxonomic units (OTUs), and then assign the
best available taxonomic identity to each OTU. This typically results in several OTUs
mapping to the same taxon, with each OTU being roughly analogous to a strain or
species at or above a specified sequence similarity. A commonly used threshold for
the 16S rRNA marker gene is 97% similarity. It is sometimes useful to approximate
higher taxonomic levels, for example, to conduct an analysis at the phylum level.
This can be accomplished by adjusting the similarity threshold. Labeling each OTU
with reference to its taxon is a convenience, but should be done with caution. There is
experimental evidence that even the best 16S classifiers exhibit some taxon-specific
biases [23]. The use of OTUs may help minimize the effects of these biases.

There are other technical limitations with marker gene approaches. The choice of
primers used for PCR can have an appreciable effect on amplification efficiency and
resulting coverage [63]. Primers are required for the process of amplification, and
are used by DNA polymerases to identify start sites for copying the complementary
strand as well as to serve as a scaffold on which to build the new strand. Another ad-
vantage of primers is that they can be designed to amplify the specific marker genes
of our choosing by matching the start of the genomic sequences that interest us. The
process of evolution will inevitably produce minor differences in DNA sequences as
species diverge, even in the highly conserved regions of marker genes. Ideally de-
signed primers must be able to bind to a maximum number of different target species
while capturing genomic regions that maximize their distinguishability. The most
commonly used primers were developed many years ago when 16S rRNA databases
were still relatively sparse [64, 62, 39]. More recently designed degenerate primers,
which contain certain “wildcard” bases, have been shown to be a vast improvement
over these and can capture substantially more taxa [34]. However, one can never
know what has been missed by this approach. Another confounding problem with
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marker genes is the issue of copy number. All bacteria usually have multiple copies
of 16S rRNA genes. Differences in copy number might give an inflated estimate of
the relative abundance of certain taxa [14]. More troubling is the problem of noise,
the presence of large numbers of reads that form very low membership OTUs, re-
sulting in thousands of OTUs with as little as a single read. It can be difficult to
determine if these OTUs should properly be merged with some other larger OTU
(by adjusting the cutoff for similarity), if they represent amplification or sequencing
artifacts, or if they are indicative of truly low abundance OTUs present in the sample
[44]. All of these limitations beg for intelligent ways of filtering and normalizing the
data, and a standard for dealing with sequencing efficiency, copy number, and noise
has yet to emerge. For now, it is important to recognize that every study is based on
a blurry temporal snapshot of a microbial community potentially filled with large,
gaping holes. This is obviously a challenge for making inferences about interactions
between bacteria when trying to describe the microbial social network, but not an
insurmountable one.

A large number of open-source analytical tools for metagenomics have emerged
in recent years. These include MG-RAST, MOTHUR, QIIME, CloVR, VAMPS, and
others [46, 53, 8, 4, 3, 31]. These can automatically step through a basic analytical
pipeline for metagenomics. However, this is just a starting point for determining how
these billions of cells are interacting and the implications for the health of the host.
Are there groups of bacteria that tend to work together? Do they appear in healthy
as well as diseased tissue? If these groups are present, do they actively compete
with other groups for nutrition in the environmental niche, and just how fierce is
this competition? What are the implications of the presence of specifc groups on
the health status of the human host? Can we classify certain bacteria as implicitly
pathogenic based on their group membership? Can we infer causal relationships
between these groups and disease states or the prognosis of the subject? These more
interesting and challenging questions require reflection and are not always answered
using cookie-cutter tools.

1.3 Data Limitations and Sources of Errors

As stated earlier, every step in the metagenomics pipeline introduces new errors and
biases which will be carried forward to the rest of the analyses. Sources of error in
the analyses are listed below.

1. Contamination is a widespread problem, especially during sample collection
and DNA extraction. However, propagation of contamination issues can be mit-
igated by incorporating appropriate controls to subtract out in the downstream
analysis.

2. Partial or complete inhibition of amplification from different compounds or
chemicals present in the sample, despite efforts to remove them in DNA ex-
traction.
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3. PCR amplification of some regions of bacterial genomes may not work effi-
ciently due to issues such as inappropriate PCR amplicon size (outside the range
of ideal amplicon size), low copy number, unfavorable nucleotide content (AT-
rich or repetitive sequences), faulty universal primers, improperly optimized
PCR conditions (temperature, reagent concentrations or cycling parameters), or
stochastic effects related to DNA concentration.

4. Multiple sources of error exist in the sequencing phase, resulting in many “noisy”
reads. One way to eliminate these reads is to set a cutoff or threshold for in-
cluding OTUs in the analysis. However, an incorrectly chosen threshold can be
another source of error.

5. Clustering and classification of reads is a major source of error. If clustering of
reads is used, then it uses evidence from a collection of reads in order to decide
on a classification, thus reducing the reliance on the classification of individual
reads. On the other hand, if the classification is incorrect, it could misclassify
entire clusters.

6. When dealing with whole genome sequencing data, often more than one cluster
is mapped to the same taxon, which is typically inferred to be caused by the
presence of subcategories of that taxon (e.g., species or strains of the same bac-
terial group). Depending on the region used for the classification, this inference
may be incorrect. It is possible that members of a different bacterial group ac-
quire critical genes by horizontal gene transfer and end up being misclassified.

7. Normalization is necessary, but can be fraught with errors because of the as-
sumptions made. The choice of normalization method remains controversial
[49, 12].

8. Data imputations, if needed, can be another source of error.

9. It is essential that parameters be selected with care and awareness of known
limitations in how data was collected, amplified, and sequenced.

10. Any multi-step inference process can be erroneous because of potential com-
pounding of errors.

11. There are a multitude of external factors which may influence the structure and
activity of microbial communities but which are not considered by either ampli-
con or whole genome sequencing. These factors might be highly dynamic, and
can include temporary influxes of invading taxa from environmental exposure,
the presence of non-microbial biological entities, changes in the availability of
nutrients or the build-up of toxins due to host behavior or cyclical patterns (i.e.,
inconsistent sleep patterns, dietary changes, hormonal fluctuations, etc.), and
other unknowns which may profoundly affect any analysis.
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1.3.1 Designing degenerate primers for Microbiome work

Metagenomics studies require an efficient PCR amplification of the DNA. This is
currently achieved using “universal” forward and reverse primers that amplify ap-
propriate regions of DNA from all targeted mircobes. Jaric et al. [34] argue that
currently used universal primers for the 16S rRNA region were designed many years
ago, are not as efficient, and fail to bind to recently cataloged species. Their anal-
ysis shows that 22 of the most widely used primer pairs are far from optimal in the
sense that they do not abide by primer design rules and fail to produce amplicons in
a “virtual PCR” experiment, because they fail to hybridize to a large number of 16S
sequences in the current database.

Jaric et al. [34] focus on the optimal design of degenerate primer pairs so that (a)
the number of 16S sequences “virtually” amplified by the primer pair is maximized,
and (b) the number of 16S sequences that produce distinguishable amplicons is max-
imized. Jaric et al. proposed an automated general method of designing PCR primer
pairs that abide by primer design rules and uses current sequence databases as in-
put. Since the method is automated, primers can be designed for targeted microbial
species or updated as species are added or deleted from the database.

The designed primers were shown (in “virtual PCR” epxeriments) to achieve the
goals mentioned above. They take the work one step further to design sets of primer
pairs that extend the number of distinguishable amplicons for 16S sequences in the
database. Wet lab experiments lend further credence to their claims on the effective-
ness of the designed primer pairs.

1.4 Diversity and Richness Measures

Though the early steps in an analytical pipeline produce a noisy snapshot, there are
a number of preliminary measures that can be employed to gain some insight into
the environment being studied, including making estimates about the richness and
diversity of the community [17]. Richness simply indicates the number of different
OTUs present in a sample given that it is not possible to make an exact count. It
assumes that not every OTU present has been directly observed. Diversity, like en-
tropy, measures the evenness of the distribution of the abundance of the OTUs. If
each OTU has a similar number of members, then the diversity of the community is
relatively high, whereas if a few OTUs make up the bulk of all the cells present, then
diversity is considered very low.

This, of course, tells you very little about how the members of these communities
are interacting. Richness and diversity measures are most useful when compared
between different communities, such as the communities housed by different human
subjects at the same body site, or between different body sites in the same individual.
This is where the coarsest patterns may begin to emerge. Consider samples collected
from two groups of subjects, one of healthy controls and the other suffering from
some illness. You observe that the number of distinct OTUs present in both groups
is about the same, but that diversity is much higher in your healthy subjects. This
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Figure 1.1 Plot of the standard measures of richness and diversity for a collection of samples.
Each bar represents the richness (i.e., estimated number of OTUs present in the sample), and
the gold line indicates the diversity of the sample. Bars are color-coded by clinical category
and are arranged in descending order. However, no apparent pattern is discernible between the
categories that are being compared, either in richness or in diversity (unpublished data).

suggests that a small number of OTUs in your diseased subjects have found an en-
vironment that favors them, and they are using up the bulk of the resources that are
available at the expense of the other OTUs present. This would be a nice, simple pat-
tern and you could claim to have found a biomarker for this disease. Unfortunately,
in most studies to date, patterns like this have failed to emerge. There is simply too
much variability between humans, and it is often found that richness and diversity tell
you almost nothing about an individual’s health status. (See Fig. 1.1, where richness
and diversity say little that is useful about the three groups being compared.) What
has been observed is that an individual’s diversity levels tend to be consistent across
body sites [32]. In other words, someone who has high diversity at body site A is
likely to also have high diversity at body site B. In addition, these relative diversity
levels seem to remain constant over time. It is not known if diversity levels change
when an individual changes status, say from healthy to diseased. Although these
broad standard measures merit further tracking, they are probably mainly useful as
indicators of the complexity of the community being studied. It is generally more in-
teresting to know which particular OTUs are present and how their abundance levels
are changing at different stages of disease progression. This is the true starting point
for constructing a network of interactions.
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1.5 Correlations and Association Rules

It is important to know which OTUs tend to occur together and which do not. More
precisely, it is interesting to identify instances when high relative abundance levels
for one OTU tend to coincide with high abundance levels for another OTU. Alterna-
tively, it is also interesting to identify when high relative abundance levels for one
OTU coincide with low abundance levels for another OTU. In addition, there could
be other factors that might be considered along with OTU abundance levels. For
biomedical studies, demographics of the subject from which samples were taken, or
other known environmental conditions (such as acidity or aerobicity of the niche)
can be included.

Finding these types of correlations may be the first step in deducing interactions
between OTUs in a community. If two OTUs are positively correlated, this could
suggest that they are not competing for the same resources or niche in the commu-
nity, and could even indicate some kind of dependency between them. For example,
the waste products of one OTU may be modifying the pH levels in the environ-
ment, making it more agreeable to a second OTU. Likewise, if the change in pH is
toxic to another OTU, we would observe a negative correlation between them. How-
ever, there are many alternative interpretations for correlations in the abundance of
OTUs. Consider a situation in which three OTUs are competing for the same lim-
ited resource. If one OTU is especially efficient at utilizing this resource, its numbers
would likely increase while the abundance of its competitors would decline. So there
should be a negative correlation between this exceptionally competitive OTU and its
two rivals. The abundance of the rivals, however, would tend to change concordantly,
assuming they are equally fit. The presence and success of the efficient OTU would
cause the number of members of the two less efficient OTUs to decline concordantly,
resulting in a positive correlation between them, despite the fact that they are com-
petitors for the same limited resource. Although it is not usually straightforward to
understand the reason for the existence of a correlation, establishing the connections
can help build a picture of what is going on in a community. We will explore ways
of visualizing a network of correlations shortly.

Of greater interest than just pairs of correlated OTUs, is to determine sets of OTUs
that tend to co-occur, and whether the presence of one OTU is preditive of the pres-
ence of another for a subset of the subjects. For this we can turn to statistical data
mining tools for generating association rules, such as the Apriori algorithm for bas-
ket data [1]. This works by first identifying specific sets (combinations) of bacterial
taxa or other items that are frequently observed together in a large number of sub-
jects, and then generating a rule for each item based on the other items in the set.
The validity of the rule can be quantified for the given data by computing quantities
such as support, confidence, and lift [41]. Apriori can be used to essentially clus-
ter OTUs by how often they occur together, and suggest which OTUs we should be
seeing based on “guilt-by-association”. Although association rules are of interest,
Apriori can also be used as a classifier to predict disease states. If certain item sets
are frequently found in a group of diseased individuals but are absent from otherwise
healthy individuals, the item sets can act as markers for the disease.
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Several limitations hamper the use of the Apriori algorithm. For one, it requires
discrete values as inputs, and the data resulting from the metagenomics pipeline after
normalization consists of relative abundance values for each OTU, which are con-
tinuous values. Numerous discretization methods are available to categorize abun-
dance levels. One could discretize the values as “present” or “absent”, or as “high”,
“medium”, or “low”, or into even finer categories, but these tend to flatten the data,
and finding appropriate cutoffs for each category can be fairly arbitrary. There has
been some effort toward methods that find frequent itemsets and association rules
without discretization, but relying on correlations [6]. In addition, the number of
item sets and association rules generated is normally very high, with many of the
item sets showing interesections and similarities. Effective and compact visualiza-
tions of rules can be difficult (see Figure 1.2), although graph-based visualizations
have great promise (see Section 1.7). Furthermore, determining statistical signifi-
cance remains an open problem [20]. Still, if properly wielded, the use of Apriori
can lead to the discovery of interesting associations and interactions between bacte-
rial taxa and help identify indicators of critical changes in human health.

Figure 1.2 Example of a bubble plot for visualizing association rules. Columns consist of
overlapping antecedents (item sets) leading to the consequents (the rules) in the rows. Bubble
size indicates support and color the strength of the interest measure.

1.6 Microbial Functional Profiles

A recent study has revealed that the gene content of the bacterial community is more
constant than the phylogenetic content [7]. Therefore, there is a compelling impetus
to move beyond species composition-centric studies of microbial communities and
towards functional composition analysis. As discussed earlier, a key preliminary step
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in metagenomic analysis is to decipher the microbial community structure of a given
niche by categorizing the microbes residing therein and understanding their diversity.
In the context of microbial communities, the term “species” refers to a fundamental
and distinct rank of taxonomic hierarchy. There are limits to what taxonomic pro-
filing can tell us about a community. Although interesting, community membership
does little to describe the role being played by the taxa present. It is therefore much
more important to investigate the functional profile of microbial communities. The
functional profile of a sample can be defined as the set of expressed genes and active
metabolic pathways in a community.

Consider a situation in which two species have very similar characteristics and
functions, both of them being very efficient at synthesizing vitamin B12, for exam-
ple. These species would be competitors in the same niche and their presence likely
to be mutually exclusive. Imagine doing a comparison of two communities, one in
which species A is present in high abundance, and the other in which species B is
present. Based on the taxonomic profile, it would seem that these two communities
are different, but in fact since the species play the same role, all other things being
equal, the communities are actually similar. There is evidence to support situations
like the one described. The Human Microbiome Project has observed that although
taxonomic membership is highly variable between human subjects at particular body
sites, the functional profiles at those sites vary little [32].

Differences in functional profiles of the microbiota can be predictive of the health
of a host. Knights et al. [35] reviewed supervised classification methods that exploit
this fact. It is therefore of paramount importance to understand the functional profiles
of microbial communities in various sites and their dynamics. Can the dynamics of
the profile shed light on the health of the host and will it also enlighten us on the
etiology, progression, and prognosis?

As previously discussed, two approaches have been adopted for characterizing
the diversity of metagenomes. The first approach focuses on the sequencing of phy-
logenetic marker genes, such as the gene for 16S rRNA [9, 28, 5, 26, 38, 21]. The
second approach is based on whole genome sequencing. Whole genome sequencing
is superior to 16S rRNA approaches primarily because it is able to directly charac-
terize the functional profile of the community. Typically, sequences are compared to
public databases and genes predicted by homology. Taxonomic identification can be
helpful, but is not essential. The major limitation here is that functional annotations
are still far from complete, and accurately ascribing functions to newly predicted
gene sequences will take many years. Ontology databases will not catch up to the
available data anytime soon.

As mentioned earlier, the most popular approaches continue to be those based on
16S rRNA [9, 28, 5, 26, 38, 21]. The functional analysis of 16S rRNA metagenomic
data focuses on what “species” are present. In cases where the roles of the bacterial
species are well understood, taxonomic identity can be an indicator of the more ac-
tive functions in the community. Methods also exist for imputing functional profiles
based on 16S data. These involve reconstruction of the ancestral state of taxa to pre-
dict the presence of gene families in descendants [40]. Although these methods have
been tested with good results, problems remain. The 16S approaches cannot resolve
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taxonomy below the genus level, and it is known that different species or strains in
the same genus can behave very differently. The specific changes leading to these be-
haviors cannot be predicted from ancestry. Furthermore, taxonomic identification is
limited by the completeness of marker gene databases. The number of sequences that
cannot even be classified down to the genus level can be very high in some studies
[24]. Additionally, when analyzing whole genome sequencing data, the problem of
horizontal gene transfer (HGT) needs to be considered. There are indications that the
HGT rate can be as high as 8% in some bacterial communities [58]. Although there
is merit to attempts to create functional profiles based on taxonomy, these methods
may be most useful for identifying environments which would strongly benefit from
whole genome sequencing.

Zhang et al. [71, 72, 73, 74] have developed a novel approach to analyze the
whole genome data of a microbiome. Their strategy is to compute a matrix, where
the rows correspond to features such as genes, gene families, functional groups, or
even pathways, and the columns correspond to OTUs. Thus, instead of mapping
OTUs to bacterial taxa, the matrix maps them to functional entities that enable us to
ascribe functional characteristics. The matrix can be seen as a collection of columns
(OTUs with a functional profile), or as a collection of rows (COGs with measures of
their contributions to each OTU). Clusters of Orthologous Groups (COGs) was used
as functional entities to create an edge-weighted network of COGs where the edge
weights are the correlations between the row vectors. It is possible to construct a sin-
gle COG correlation network for each sample or set of samples. If dense subgraphs
of this network are identified as clusters, then such a cluster corresponds to COGs
that have a similar abundance profile across all OTUs. The authors extrapolated that
these COGs have similar functions and are involved in the same pathways. Using
GO annotations of these COGs, functional enrichment analysis was pursued. Given
two networks, one for each of two samples or sets of samples, differential analy-
sis can highlight the functional differences between them. Another possibility is to
investigate which network motifs are conserved or changed between the samples.
Differential modules can be mapped to KEGG pathways using iPath, an interactive
pathway explorer [67]. An example of such a mapped module is shown in Figure
1.3. As can be seen, the pathways of genes in this module include functional cate-
gories such as energy metabolism; glycan biosynthesis and metabolism; metabolism
of terpenoids and polyketides; and metabolism of cofactors and vitamins. An added
advantage of using functional entities is that it helps reduce the number of dimen-
sions nearly tenfold. OrthoMCL [42], a BLAST-driven method, can also be used to
identify putative COGs1.

1Note that in this work, COGs refer to orthologous gene groups obtained directly from results of the
computational tool OrthoMCL [42] on genes from the genomes of interest. It should be noted that these
COGs are different from the NCBI COG database [59], which contains clusters from 66 Unicellular
organisms.
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Figure 1.3 Metabolic map of a module identified from a gene network. Nodes symbolize
compounds, and lines connecting nodes are enzymes. All enzymes (lines) corresponding to a
single KEGG map have the same color. All enzymes (lines) corresponding to a single module
are highlighted and colored with module color.

1.7 Microbial Social Interactions and Visualizations

Bacterial communities are intricate collections of bacterial species that each provide
functions which contribute to the stability of the community. In most natural envi-
ronments, microbes do not live in isolation but form a complex ecological interaction
web. Recent research shows that complex social behaviors are commonly observed
not only in animals but also in bacterial species [2, 65]. Those social behaviors in-
volve complex systems of cooperation, communication, and synchronization. Thus,
the communities are dynamic consortia of microbial species populations.

Because of the complexity of interactions and the sheer size of the communities
being studied, efficient ways of analyzing and visually summarizing our analysis are
needed. The use of network diagrams are appropriate for this purpose. These consist
of nodes to represent each OTU, with edges connecting those nodes that have some
kind of relationship. Nodes may have one, multiple, or no edges between them. An
example of a complex network diagram is shown below (Figure 1.4).

Here we see some of the more abundant OTUs found in the lungs of active smok-
ers (unpublished data). Each OTU is labeled with the best taxon to which it maps.
In the case of multiple OTUs mapping to the same taxon, an arbitrary number is
appended to the label to distinguish one from the other. Edges between the nodes
indicate correlations between the populations of the OTUs present. The size of the
node is adjusted to indicate the size of the population. Correlations are a measure of
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Figure 1.4 Basic network diagram where nodes represent OTUs and edges represent co-
occurrence in subjects. Edge color indicates positive (green) or negative (red) correlations.
Node size is adjusted to reflect relative abundance using a log scale. A force-directed layout
using the Fruchterman-Reingold algorithm is used. The position of each node is dependent on
the strength of its interactions with all other nodes in the system. A heatscale has been used to
assign a color to each node based on differential abundance between two groups of subjects.
The greater the significance in the difference, the hotter (redder) the color of the node.

co-occurrence of the OTUs in the subjects being considered. A green edge is used
for a positive correlation, a red edge for a negative correlation. The thickness of the
edge increases with the strength of the correlation. The size of each node is adjusted
to express the relative abundance of the OTU. The nodes are colored according to
a heat scale. The less significant the difference in abundance between two groups,
the cooler (bluer) the color. The more significant the difference, the hotter (redder)
the color. Finally, each OTU is positioned in space according to the Fruchterman-
Reingold algorithm [27], which works as follows: Imagine that a spring exists be-
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tween every pair of nodes; the strength of the springs varies depending on the size
of the node and the strength of the correlation between them. Initially, each node is
placed at an arbitrary position in space, and the overall energy of the system due to
the pull of the springs is calculated. Two strongly (positively or negatively) corre-
lated nodes will tend to attract each other, but there may be many other interactions
acting to pull them apart. Springs that are “stretched” store energy. The positions of
the nodes are iteratively readjusted according to these combinations of forces, with
the overall goal of minimizing the total energy of the system. This iterative process
stops when the total energy of the system remains unchanged, i.e., a local minimum
is reached.

The diagram above contains a large amount of information in a very compact
way. However, the density of diagrams like these requires careful study to properly
interpret them. Some relationships can be easily picked out visually, while others
are much less clear. As should be expected, two strongly positively (or negatively)
correlated OTUs tend to be located in close proximity. However, the converse is
not true. Two OTUs located in close proximity may have no detectable correlation.
There is typically no clear delineation between groups of positively and negatively
correlated OTUs.

The network diagrams shown above indicates relationships similar to those found
in social networks [29]. Cooperation and competition between bacteria has been
well studied in the field of bacterial ecology. It is therefore natural to ask whether
these network diagrams reveal interactions between bacterial taxa. In this context, it
makes sense to ask if there are “clusters” in the network graphs and if these clusters
are different for different groups of subjects.

We informally define a club as a cluster of bacterial taxa such that every member
of the group has a stronger correlation with the rest of the group than it does with
members not in the group. The concept of clustering has been well studied in the
statistics and computing literature and has been defined and computed in a multitude
of ways [68]. Differernt clustering methods have used different distance and similar-
ity measures or modeled the data using statistical distributions. Others have defined
different objective functions using density and tightness measures, variance ratios,
weakest links, relative margins, and other statistical measures, resulting in a wide
range of definitions of clusters and algorithms for clustering.

Clubs with positive correlations between each other are likely to be indications
of “cooperation” between the members of the group, while negative correlations
are likely to be evidence of “competition”. The former group of interacting OTUs
may represent taxa that complement each other in a given environment and their
composition could indicate a core group of functions needed to thrive.

A substantially more interesting structure to be found in the network diagrams
turns out to be “competing groups” of bacterial taxa. We informally define rival clubs
to be a pair of clubs such that every member of one club has a negative correlation
with some or all of the members of the “rival” group. As with the definition of a club,
this concept can be formalized and computed in a variety of different ways. Rival
clubs are likely to indicate “competing” groups requiring the same scarce resources
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in a niche. In the example shown in Figure 1.5, Club-A, Club-B, and Club-C form a
trio of rival clubs (unpublished data).

Figure 1.5 Once clubs have been identified, rival clubs are charcterized by many negative
edges between them.

Interpreting a cluster of this kind raises many unanswered questions. What can
be inferred about a cluster of OTUs? Do these OTUs compete for different nutrients
in the environment? Are they critical to each other? Does the presence of one help
to recruit others to the same environment? What is the effect of the elimination of
one of the members of a cluster? Can anything be said about their pathogenicity?
Are they all pathogenic or all non-pathogenic? Or can a mix occur? What functional
genes do their genomes represent? Do they collectively represent a useful functional
profile that helps them to thrive? Are there differences in gene expression? Do they
collectively represent a useful gene expression profile? How do they communicate,
and what chemicals and metabolites are present in the niche? What can be said about
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the level of horizontal gene transfer within the members of a cluster? Are there
quorum sensing genes or other communication genes strongly expressed within a
cluster? Is a cluster meaningful in posting a response to environmental stimulus or
stress, such as an antibiotic?

There are some limitations to these network diagrams herein. We are clearly
extrapolating interactions based on information on co-occurrence. While positive
interactions do suggest co-occurrence, the converse need not be true.

1.8 Bayesian Inferences

Although the correlation networks described above can produce meaningful insights,
there are other network structures that can be learned from data which can be helpful
in answering interesting questions about the communities being studied. The use of
probabilistic graphical models (PGM) for analyzing microbial communities is still
uncommon, but they can serve as useful complements by helping to infer depen-
dencies between OTUs and to possibly identify causal reasons for disease states. A
PGM is a directed acyclic graph in which each node represents a variable of inter-
est and each directed arc indicates a conditional dependence relationship between
nodes [36]. A probability distribution is associated with each node, and through
the application of Bayes rule, predictions can be made about the presence of a node
given information about other connected nodes. As a simple example, consider the
network represented in Figure 1.6.

Figure 1.6 The likelihood of event M (“lawn is wet”), depends only on the probability of
event R (“it rained”). In contrast, the likelihood of event N (“neighbor’s lawn is wet”) depends
on event R and the probability of the event S (“neighbor turned on the sprinkler”.

Here we see that the probability of the lawn being wet depends only on the prob-
ability of it having rained. In contrast, the probability of the neighbor’s lawn being
wet depends on the probability of rain as well as the probability of the neighbor turn-
ing on the sprinkler system. Given the condition that it has rained, the probability
of the lawn being wet changes and can be easily calculated. However, given that
the neighbor turned on the sprinkler system gives no additional information about
whether or not the lawn is wet. In essence, to determine the state of the lawn, the
relevant node is only R since the state of M does not depend on any of the other
nodes in the network. In a large network, a structure like this dramatically reduces
the number of calculations required for determining the probability of the state of a
node of interest.
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Figure 1.7 A complex PGM

Figure 1.7 gives an example of a more complex PGM constructed from metage-
nomic data (unpublished data). In this case, most nodes represent OTUs, but also
included are nodes which represent disease states, host demographics, and other as-
pects of host phenotype. Once a model is constructed, it can be used to predict the
likelihood of a subject developing the disease when any combination of dependent
nodes is observed. According to Bayesian theories, certain substructures in these
networks can also be used to infer causation.

The use of force-directed layouts in constructing the graphical representations
provides similar insights as in the correlation networks above. However, learning
the structure of the network can be much more computationally challenging. Even
a modestly-sized network constructed using Markov chain Monte Carlo sampling
will normally require parallelization on a high performance computer cluster. The
joint probability distribution may include prior knowledge about relationships or can
be learned on the fly. Although the use of priors will not affect the structure of the
network, having sound probabilities is essential for any inferences being made.
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1.9 Conclusion

To describe the structure of a microbial community, we have considered all of the
elements present and the connections between them, which constitutes a network of
relationships. Too few microbiome studies attempt to analyze their subject from this
perspective. Those that do, tend to focus on taxa, or sometimes the functional ele-
ments present, without much regard to other possible nodes. To be sure, a great deal
of information can be inferred about these networks by measuring changes in the
abundance of either taxa or genes in different environments. These noisy snapshots
can clue us in on many of the interactions that are occurring. Network diagrams are
powerful tools for examining the complex relationships in microbial communities. A
large number of connections can be studied at once, and they allow for the discovery
of unexpected associations between OTUs, both cooperative and competitive. Yet
this is still an incomplete picture. There are too many elements that are not captured
by most current methods, and in many cases it is likely that we lack sufficient infor-
mation to correctly deduce the direction of individual interactions or the topology of
the networks being studied. More effort needs to be focused on ways of discovering
the structure of microbial networks.

Studying these communities in humans is particularly challenging. We all have
different experiences, eat different foods, live in different places, participate in differ-
ent social networks. All of these differences contribute to the high variability in the
infrastructure our bodies provide to our bacterial residents. Yet some markers may
exist that can distinguish between the microbial communities present at different
body sites. Our intuition tells us that there should be a difference between the com-
munity residing in healthy tissue versus diseased tissue. Something must be different
about the network of bacteria in the lungs of someone with emphysema as compared
to someone with no respiratory problems at all. Is there a signature that we have yet
to discover? If there is validity to the concept of an enterotype, a classification of
individuals based on the bacteria present in their gut, is there also a “respirotype”? A
“dermatype”? If so, it is likely not sufficient to simply define these types based on ab-
sence or presence of specific bacteria. What role does host genotype play? Age? Life
history? It is the interactions between functional elements, taxon-specific character-
istics, host tissue properties, the presence of metabolites, toxins, sensing molecules,
and exogenous influences that will produce distinct signatures between healthy and
diseased environments. Discovery of these highly heterogeneous subnetworks will
be challenging, but their value for rapidly assessing state of health, predicting disease
progression, and developing intervention strategies cannot be understated.
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