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Abstract

Background: The metabolic strategies employed by microbes inhabiting natural systems are, in large part, dictated
by the physical and geochemical properties of the environment. This study sheds light onto the complex
relationship between biology and environmental geochemistry using forty-three metagenomes collected from
geochemically diverse and globally distributed natural systems. It is widely hypothesized that many uncommonly
measured geochemical parameters affect community dynamics and this study leverages the development and
application of multidimensional biogeochemical metrics to study correlations between geochemistry and microbial
ecology. Analysis techniques such as a Markov cluster-based measure of the evolutionary distance between whole
communities and a principal component analysis (PCA) of the geochemical gradients between environments allows
for the determination of correlations between microbial community dynamics and environmental geochemistry
and provides insight into which geochemical parameters most strongly influence microbial biodiversity.

Results: By progressively building from samples taken along well defined geochemical gradients to samples widely
dispersed in geochemical space this study reveals strong links between the extent of taxonomic and functional
diversification of resident communities and environmental geochemistry and reveals temperature and pH as the
primary factors that have shaped the evolution of these communities. Moreover, the inclusion of extensive
geochemical data into analyses reveals new links between geochemical parameters (e.g. oxygen and trace element
availability) and the distribution and taxonomic diversification of communities at the functional level. Further, an
overall geochemical gradient (from multivariate analyses) between natural systems provides one of the most
complete predictions of microbial taxonomic and functional composition.

Conclusions: Clustering based on the frequency in which orthologous proteins occur among metagenomes
facilitated accurate prediction of the ordering of community functional composition along geochemical gradients,
despite a lack of geochemical input. The consistency in the results obtained from the application of Markov
clustering and multivariate methods to distinct natural systems underscore their utility in predicting the functional
potential of microbial communities within a natural system based on system geochemistry alone, allowing
geochemical measurements to be used to predict purely biological metrics such as microbial community
composition and metabolism.
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Background

The taxonomic and metabolic compositions of microbial
communities are both shaped and constrained by the
characteristics of their local environment. The character-
istics of an environment, in turn, are defined by dynamic
physical, geochemical and biological components whose
complex interactions are very seldom included in -
omics-enabled interrogations of natural communities.
This is despite the fact that several recent studies, typic-
ally focusing on only a few easily measured environmen-
tal parameters, show that natural communities are very
tightly tuned—both in overall metabolic function and in
community population structure—to nuances of their
environment [1-3]. The architecture of natural commu-
nities is dictated by competitive and facilitative interac-
tions that function to mold the metabolic strategies
responsible for deriving energy and nutrients and main-
taining homeostasis against dynamic extracellular envi-
ronments [4,5]. These metabolic strategies are encoded
within the genomes of individual community members,
accessible through advances in sequencing technologies
over the past two decades. Although studies comparing
community metabolic potential among metagenomes have
demonstrated changes in metabolic pathway usage based
on environmental geochemistry [6,7], the focus here is on
broad rather than individual metabolic pathway specific
deviations in whole community taxonomy and metabolic
potential across physical and geochemical gradients.

For a gene to be fixed within a subpopulation of organ-
isms in a complex community, the cognate proteins
encoded by the organisms’ genomes must function within
the geochemical constrains of the environment. The nar-
row tolerances (e.g. temperature and pH ranges) of some
proteins limit the availability of potential habitats for the
whole organism, impacting gene flow and, ultimately,
colonization ability of the species. For example, the habitat
range of photosynthesis along a hydrothermal outflow
channel, defined largely by constraints imposed by
temperature [8], is a functional limitation that results
in a substantial difference in community composition
and function, despite negligible differences in physico-
chemistry on either side of this upper temperature limit
on photosynthesis. Additionally, it is becoming clear
that the environmental factors that limit biological func-
tion are multidimensional. From the example above, the
upper temperature limit for photosynthesis has been dis-
covered to be both pH and sulfide dependent [9-12]. This
interdependence between biology and multiple interacting
geochemical parameters, as exemplified by the limited
distribution of photosynthesis, leads to the hypothesis
that there are many additional facets of a community’s
phenotype that are being shaped by the physical and chem-
ical characteristics of an environment. It stands to reason
that many geochemical limitations on a community’s
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phenotype have yet to be discovered—they simply aren’t
so easy to follow as, for example, the appearance of photo-
synthetic pigments in a community—yet they may well
play central roles in defining community structure and
function. The overarching goal of this work is to expand
upon current methods of identifying and ultimately quan-
tifying the ecological interactions that most significantly
define the structure and function of complex ecosystems.

Here, we integrate sequence data obtained by shotgun
community genome sequencing approaches (metage-
nomics) [13,14] with tools that enable sequence clustering
based on a Markov clustering algorithm [15] with BLAST
homology [15-17] to categorize metagenomic reads based
on evolutionary distance [18-21]. This approach offers a
distinct advantage over clustering proteins based on func-
tion (i.e. Pfam or KEGQ) as the latter approach potentially
filters out evolutionary distance information which
often extends beyond categories based on protein func-
tion [22,23]. Therefore, Markov clustering (and homology-
based clustering methods, in general) provide a more
direct measure of not only functional differentiation but
also overall evolutionary distance among organisms [16].
By applying Markov clustering methods to multiple meta-
genomic datasets sequence information can be used to
determine an overall evolutionary distance between whole
communities. The Markov cluster based measure of evo-
lutionary distance can be combined with geochemical ana-
lyses allowing statistical techniques including principal
components analysis (PCA) and hierarchical clustering
to be brought to bear in understanding the interactions
between environment and community diversity.

Whole community Markov clustering techniques were
first tested using metagenomic datasets gathered along
the best available physical, chemical and spatial gradients
presently in public databases, and subsequently expanded
to include samples gathered from a broader range of envi-
ronments. This study reveals that several measures of
community biodiversity have strong covariance with spe-
cific physico-chemical parameters, including temperature,
pH, sodium concentration and nitrate availability. A multi-
variate analysis (PCA) of all geochemical parameters rep-
resents clustering by bulk geochemistry and groups
metagenomic sites together based on geographic location.
Differences in bulk geochemistry covary strongly with
community biodiversity, indicating that the composition
of the microbial community inhabiting a natural system is
determined by a combination of all physical and geochem-
ical parameters of the environment.

Result and discussion

Validation of markov clustering methods in metagenomic
analysis

Markov clustering methods were initially focused on 22
metagenomic datasets from three studies encompassing
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very distinct ecosystems, chosen specifically because
they extend across steep physical and geochemical gra-
dients: a hydrothermal outflow channel [24], a hypersa-
line microbial mat [3] and a marine depth profile [2].
These data sets allow for Markov clustering methods to
be applied to natural systems with documented commu-
nity structures, allowing for validation of our methods.
The caveat to integrating such a broad range of environ-
mental studies is that, for most metagenomic samples,
only a few physico-chemical parameters are available
(usually temperature and pH). However, our compari-
sons are bolstered by an inclusion of recently published
biogeochemical studies of hydrothermal ecosystems, where
metagenome sequencing has been coupled to detailed
physical and geochemical analyses [24,25].

Bison Pool

The Markov clustering approach was first applied to
‘Bison Pool’, an alkaline hot spring within Yellowstone
National Park, USA, where ~500 megabases of Sanger
sequencing has been previously compiled from five
locations along the outflow channel [24]. Sites 1, 2 and
3 were sampled from the chemotrophic portion of the
outflow and sites 4 and 5 were sampled from within the
photosynthetic zone. These samples span a 36°C (56.1°C
to 92.1°C) temperature gradient, with concomitantly
strong changes in a range of geochemical measurements
such as dissolved O,, H,S, and inorganic nitrogen avail-
ability. A dendrogram (Figure 1A) based on Markov clus-
ter analysis of these five metagenomes shows clustering of
the photosynthetic sites (4 and 5) separate from the che-
motrophic sites (1, 2 and 3), as would be expected based
on taxonomic differences among the sites [24]. Addition-
ally, the higher temperature chemotrophic sites cluster
separately from site 3, sampled just above the highest
temperature where photosynthesis occurs [11] suggesting
that this “ecotone” community is transitional between high
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temperature chemotrophic and lower temperature photo-
synthetic communities.

Guerrero Negro hypersaline microbial mats

We next applied Markov cluster to a dataset collected
from Guerrero Negro, Mexico, which contains approxi-
mately 84 megabases of Sanger sequencing of community
genomes sampled along millimeter depth scales through
ten successive layers of a hypersaline microbial mat [3]. A
cluster analysis based dendrogram representing this sam-
ple set (Figure 1B) shows clustering of the top 3 mm of
the mat separate from the 4 to 50 mm samples with add-
itional clustering of samples from similar depth ranges
throughout the mat. As temperatures and pH are not re-
ported as varying over the 49 mm depth profile we must
look elsewhere for the cause of the community shifts.
Commentary from this study indicates a large drop in oxy-
gen coupled with an increase in H,S with depth as the
driving force for microbial community changes [3]. This
transition from an oxic environment to a hypoxic sulfidic
environment co-occurs with a major shift in the microbial
population and community metabolic strategies, captured
in our cluster analysis (Figure 1B). In addition, the cluster-
ing of the top 3 mm of mat away from the bottom 46 mm
likely correlates with a transition from a mixed photo-
trophic/chemotrophic community to one supported by
chemotrophy and may be related to a shift from aerobic to
anaerobic metabolism.

HOT-ALOHA

A marine depth metagenomic profile was also included in
this study as the physical and chemical characteristics of
the marine water column are known to undergo changes
with increasing depth [2]. Samples from the Hawaii Ocean
Time-series (HOT) station ALOHA contain approxi-
mately 64 megabases of Sanger sequencing of community
genomes sampled from seven depths that range from 10
to 4,000 meters [2]. A dendrogram based on Markov

A B

Figure 1 Dendrograms based on Markov cluster dissimilarity in metagenomic datasets obtained for communities inhabiting (A) the
outflow channel of ‘Bison Pool’ a vertical microbial mat profile from Guerrero Negro, Mexico (B) and an oceanic depth profile from the
HOT- ALOHA (C). Dotted lines represent major shifts in microbial community composition: (A) transition between chemotrophic (top) and
phototrophic (bottom) metabolisms, (B) transition from an oxic environment near the surface (top) to a hypoxic and sulfidic environment
(bottom), and (C) transition from photic zone (top) to aphotic zone (bottom).
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clustering (Figure 1C) demonstrates stratification by
depth, with nearest neighbors typically coming from
similar depths. Clustering occurs with the shallowest
samples within the photic zone (10 m and 70 m),
representing the separation of samples dominated by
photosynthetic metabolisms. Principal component ana-
lysis (PCA) of reported geochemical measurements
(Additional file 1: Table S1) demonstrates that the data
can be reduced to two principal components (PC1 and
PC2) with combined Eigenvalues explaining 96.8% of the
variation (PC1 alone accounts for 85.3% of the variation).
A biplot of the two principal components (PC1 verses
PC2) (Figure 2) shows separation of tightly clustered
photic zone depths (blue points) away from deep water
depths (red points). Microbial community changes are
reported along the depth gradient with surface waters
including Cyanobacteria, Verrucomicrobia, Bacteroidetes
and Proteobacteria while deeper waters include members
of the Deferribacteres, Planctomycetes, Acidobacteria,
Nitrospirae and Proteobacteria phyla (2), despite the depth
vector on the biplot being orthogonal to PC1. Along PC1
temperature and dissolved organic carbon (DOC) covary
and both exhibit anti-covariation with dissolved inorganic
carbon (DIC), nitrite + nitrate (N + N) and dissolved or-
ganic phosphorus (DOP). On the whole, PCA demon-
strates that depth, as a major component of PC2, is not a
good indicator of bulk geochemistry or of community
structure or function in marine samples, despite samples
clearly segregating into photic and deep water clusters.
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PCA also suggests other unmeasured variables (most obvi-
ously, photon availability) could be driving microbial com-
munity changes and underscores an important message:
missing or unmeasured physico-chemical variables dir-
ectly constrain the ability to make meaningful inferences
about the interaction between life and environment.

Expanded application of markov clustering to diverse
community metagenomes

Role of environmental variation in defining community
function

The twenty-two metagenomic samples described above
occur along diverse spatial and geochemical gradients
and, as whole, present key opportunities to connect geo-
chemistry to changes in biological diversity, community
structure, and function. Importantly, many additional
metagenomes are available that, although not purpose-
fully sampled along continuous gradients, are useful where
physico-chemical measurements were made in tandem
with biological sampling. Due to the increase in avail-
able metagenomic data sets it becomes both statistically
feasible and potentially very informative to correlate
physical and geochemical differences to changes in the
taxonomic and functional diversity of microbial com-
munities. Correlations between geochemistry and bio-
diversity help identify the key geochemical parameters
which shape and constrain taxonomic and functional
biodiversity. Figure 3 shows a dendrogram derived from
combining the Bison Pool [24], Guerrero Negro [3] and

©4,000m Depth

DIC

o2
Salinity

®500m
®770m

chemotrophic (red) and phototrophic (blue).

Figure 2 Biplot of the two principal components (PC1 verses PC2) derived from the HOT-ALOHA geochemical data. Sites are colored as

0.0
PC1
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metagenomes.

YNP1 - Alice Springs (T =75°; pH=21)
— L e Nymph Lake (T = 89%; pH = 4.7)
_| YNP19 - Cistern Spring (T =76°; pH=4.4)
[I_I: YNP4 - Josephs Coat Springs (T = 78°; pH = 6)
YNP8 - One Hundred Springs Plain (T =73°; pH=3.3)
I—YNP3 - Monarch Geyser (T = 85°; pH=4)
YNP14 - One Hundred Springs Plain (T =73°; pH=3.5)
_I:YNPS - Dragon Spring (T = 70°; pH = 3.1)
BP1 - Bison Pool (T =93°, pH=7.4)
YNP13 - Bechler Spring (T = 75°; pH = 8)
BP2 - Bison Pool (T=79° pH=17.7)
YNP11 - Octopus Springs (T =82° pH=7.9)
GBS - Great Boiling Spring (T =74°; pH=7.4)
YNP18 - Washburn Springs (T =76°; pH = 6.4)
BP3 - Bison Pool (T = 68°; pH=7.9)
YNP10 - Narrow Gauge (T =71°; pH=6.5)
—1 YNP12 - Calcite Springs (T =75° pH =7.8)
BP4 - Bison Pool (T = 65°; pH =8.0)
BP5 - Bison Pool (T =57°; pH=8.3)
YNP15 - Mushroom Spring (T =60°; pH=8.2)
YNPT - Chocolate Pots (T = 52°; pH=5.8)
YNP16 - Fairy Spring (T = 35°; pH=8.1)
YNP20 - Bath Lake (Purple-Sulfur) (T = 54°; pH = 6.2)
YNP5 - Bath Lake (Chloroflexus) (T = 57°; pH=6.2)
YNP6 - White Creek (T = 52°; pH = 8.2)
YNP17 - Obsidian Pool Prime (pH = 5.7)
HOT ALOHA - 10m depth (T = 26°)
HOT ALOHA - 70m depth (T = 25°)
HOT ALOHA - 200m depth (T =19°)
HOT ALOHA - 130m depth (T = 22°)
HOT ALOHA - 500m depth (T =7.3°)
HOT ALOHA - 770m depth (T = 4.8°)
HOT ALOHA - 4000m depth (T = 1.5°)
Guerrero Negro - 0 to 1mm depth (T = 15°)
Guerrero Negro - 1 to 2mm depth (T = 15°)
Guerrero Negro - 2 to 3mm depth (T = 15°)
Guerrero Negro - 3 to 4mm depth (T = 15°)
Guerrero Negro - 5 to 6mm depth (T =15°)
I|:Guerrero Negro - 4 to 5mm depth (T =15°)
Guerrero Negro - 6 to 10mm depth (T = 15°)
Guerrero Negro - 10 to 22mm depth (T = 15°)
Guerrero Negro - 22 to 34mm depth (T = 15°)
Guerrero Negro - 34 to 49mm depth (T = 15°)

Figure 3 Dendrogram generated from a matrix describing the dissimilarity in Markov clusters associated with forty-three

Acidic Sites

W—’ Chemotrophic Sites
Phototrophic Sites

v

Mesothermal Sites

HOT-ALOHA [2] datasets with a hydrothermal sedi-
ment metagenome from Great Boiling Spring (GBS),
Nevada, USA [26] and twenty additional metagenomes
from Yellowstone National Park (YNP) [27-29,25].
Markov cluster analysis of this forty-three metagenome
dataset shows a clear separation of hydrothermal and
mesothermal sample sites, most notably the separation
of the mesothermal Guerrero Negro and HOT-ALOHA
sites from the hydrothermal YNP and GBS sites. Note
also the temperature segregation within the hydrothermal
samples: the lower temperature (phototrophic) YNP sites,
including White Creek, Chocolate Pots, and Bison Pool
sites 4 and 5 all cluster closest to the mesophilic sites,
although the high temperature (chemotrophic) YNP and
GBS sites cluster separately. A temperature dependent
pattern of clustering due to functional variation between

sites is intriguingly similar to the temperature dependent
photosynthetic fringe mentioned previously. The success-
ful clustering of whole microbial communities based on
temperature differences provides an additional line of evi-
dence supporting the utility of Markov clustering based
approaches in comparative genomics analysis.
Additionally, a broad level of community segregation
based on pH is evident across both GBS and YNP hydro-
thermal sites, with alkaline samples from Calcite Spring,
Washburn Spring, Great Boiling Spring and Bison Pool
clustering separately from acidic sites, including Alice
Spring, Monarch Geyser and Cistern Spring. A pattern of
clustering based on metabolic potential as a function of
pH is consistent with previous studies conducted across
spatial geochemical gradients in YNP which suggest that
pH is the dominant factor shaping the diversification of
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bacteria and/or archaea at a taxonomic level [30]. The
strong influence of pH on the taxonomic and functional
composition of hydrothermal communities may reflect
different adaptations to deal with acidity [30,31] or may
reflect pH-dependent shifts in the energetics associated
with inorganic redox couples thought to be fueling these
communities [32].

The clustering of communities based predominantly
on pH and temperature observed throughout Figure 3 is
particularly notable in that it dominates clustering based
on biological features, such as the taxonomic or meta-
bolic compositions of communities [6,7]. For instance,
the HOT-ALOHA, Guerrero Negro, and YNP datasets
all include metagenomes dominated by cyanobacteria
whose metabolism is driven by oxygenic photosynthesis,
yet clustering of these photosynthetic communities by
inorganic factors suggests they have evolved on trajec-
tories optimizing their genomes for conditions specific
to each of these environments.

Markov cluster-based evolutionary distances were plot-
ted against temperature (Figure 4A) and pH (Figure 4B)
for all pairwise comparisons among the forty-three
metagenomes included in this study. Mantel tests [33]
show temperature correlates with Markov distance with
a Mantel r value of 0.54 (p <0.001) and pH correlates
with a Mantel r value of 0.41 (p < 0.001). Although both
results show high correlations when compared to other
ecological studies using Mantel r values [34-36], it is
important to note that the relationships shown in both
plots are clearly nonlinear. This nonlinear relationship
suggests “envelopes” of allowable space demonstrating
that large temperature and/or pH differences drive con-
comitantly large evolutionary divergences and that com-
munities inhabiting similar temperature and pH ranges
are not necessarily evolutionarily related. Certainly or-
ganisms and communities have adapted to physico-
chemical extremes many times throughout the history
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of life, and finding unrelated communities occupying
similar temperature and pH ranges supports the notion
that those adaptations often occur through novel, inde-
pendent, evolutionary strategies and are not simply the
result of adaptation to a small set of environmental
variables.

Correlations between microbial community evolution-
ary divergence and temperature and pH invited deeper
exploration of the extensive physical and geochemical
data available for some of these metagenomes, in par-
ticular a subset of twenty-two metagenomes sequenced
as part of several studies of YNP hydrothermal ecosys-
tems (Additional file 2: Table S2) [24,27-29,25]. Physical
and geochemical metadata includes measurements of
temperature, pH, sodium, potassium, calcium, aluminum,
iron, magnesium, chloride, phosphorus, silicon, boron, ar-
senic, zinc, manganese, dissolved oxygen, sulfate, nitrate,
sulfide, dissolved organic carbon (DOC) and dissolved
inorganic carbon (DIC).

To test for correlation between evolutionary distances
and geochemistry, Mantel tests [33] were performed be-
tween all geochemical parameters and Markov cluster-
based evolutionary distances (Additional file 3: Figure S1
and Additional file 4: Table S3). Several parameters
showed slight to moderate correlations [34-36] with evo-
lutionary distances, including chloride (Mantel r = 0.198,
p = 0.007), zinc (Mantel r = 0.199, p = 0.010), DIC (Mantel
r=0.201, p=0.018) and silicon (Mantel r=0.118, p=
0.045). Notably, the parameters showing strongest correl-
ation were, once again, temperature (Mantel r = 0.376, p =
0.001) and pH (Mantel r = 0.484, p = 0.001). These results
reiterate the strong influences temperature and pH have
on microbial community evolutionary distance as com-
pared to other geochemical parameters. Importantly, the
lack of correlation of Markov cluster distance with some
geochemical analytes does not imply lack of a relationship;
because these analyses cluster entire metagenomes, the

Temperature pH
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Figure 4 Plots of Markov cluster distance for forty-three metagenomes as a function of temperature (A) and pH (B).
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influence of physico-chemistry on individual enzymes and
pathways—many of which are known to be strongly
dependent on environmental conditions—is, in effect,
averaged out.

A covariance matrix based on the twenty included
geochemical parameters was used as the basis for a princi-
pal component analysis (PCA) of site geochemistry with
the Eigenvalues for the first three principal components
(PC1, PC2 and PC3) accounting for 61% of the geochem-
ical variation among the twenty-two YNP sites. An overall
geochemical distance between YNP sites was calculated by
determining the Euclidean distance between YNP sites in
(PC1, PC2, PC3) space. A Mantel test was then performed
between the overall geochemical distance and the Markov
cluster based evolutionary distance for all YNP sites find-
ing a Mantel r value of 0.3861 (p <0.001). Although this
correlation is weaker than temperature or pH when an-
alyzed individually, a plot of overall geochemical dis-
tance verses Markov cluster distance does not display
the “envelope” seen in temperature and pH plots. Un-
like the “envelope” seen with temperature and pH the
overall geochemistry plot is void of points at high com-
munity evolutionary distance and low geochemical differ-
ence (upper left) indicating that substantially different
microbial communities do not inhabit environments with
overall similar geochemistry. PCA demonstrates that when
analyzed together many site geochemical parameters act
in concert to influence the microbial community populat-
ing a natural environment. Additionally, PCA hints that
the strong correlation with pH might not be due to the
concentration of H', but to the effect pH has on the speci-
ation of other compounds and the energetic favorability of
using these compounds in microbial metabolisms [32].

Role of geochemical variation in defining community
biodiversity

Finally, we used multivariate techniques to investigate
which geochemical parameters most strongly amplify or
constrain microbial community diversity. Because bio-
diversity can be defined quite differently depending on
the context and scientific field [37,38], we chose three
distinct measures of biological diversity to measure and
correlate with environmental metadata. These diversity
measurements include: taxonomic diversity (derived from
genera counts within each metagenome), functional diver-
sity (derived from metabolic enzyme category (EC) counts
within each metagenome), and community complexity
(derived from Markov cluster counts within each meta-
genome). These three measures of diversity were corre-
lated with the twenty geochemical parameters described
above (Table 1). Covariance (r from 0.5 to 1) is shaded
black and anti-covariance (r from -1 to -0.5) is shaded
grey. This analysis shows temperature anti-correlating
with genera counts (r=-0.59) and EC counts (r = -0.57)
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while pH correlates with genera counts (r=0.71), EC
counts (r = 0.62) and Markov cluster counts (r = 0.63). The
covariance matrix suggests that low temperature alkaline
environments promote community biodiversity whereas
high temperature acidic environments constrain biodiver-
sity. Additionally, Markov cluster count is correlating with
sodium (r=0.50) and nitrate (r=0.50) concentrations
while genera count is anti-correlating with zinc concen-
tration (r=-0.54); the functional significance of these
relationships is not clear although the strong correlation
with sodium may corroborate previous studies suggest-
ing salinity (represented by sodium) as a predominant
driver of taxonomic biodiversity [39]. Importantly, the
three measurements of biodiversity correlate strongly
with one another (bottom-right corner of Table 1). As
genetic, functional, and taxonomic diversity are all ultim-
ately encoded at the genetic level and subject to Darwinian
evolution, this strong correlation is not surprising, but
serves as reassurance that our independently derived mea-
sures of biodiversity are in-fact related.

A biplot (Figure 5) generated from a PCA of the geo-
chemical and diversity correlation matrix shows where the
metagenomic sites lie within physico-chemical and bio-
diversity space. Archaeal-dominated sites (YNP 1, 2, 3, 4,
8, 14 and 19) populate the upper right quadrant of the
biplot, hinting that the geochemical parameters associated
with these sites exclude bacterial life that lack functional
adaptations to inhabit these springs [40]. The photosyn-
thetic mat samples collected from the Lower Geyser Basin
(BP 4, 5, YNP 6, 15 and 16) show clustering, but separate
from the photosynthetic mats found at Mammoth hot
springs (YNP 5 and 20). Aquificales-dominated sites (YNP
10, 11, 12 and 13) do not cluster with each other, but
instead cluster based on geographic proximity and geo-
chemical similarity. For instance, YNP 11 (Octopus
Spring) clusters with Bison Pool site 1; both springs are
alkaline and are proximal geographically. Likewise, YNP
14 (One Hundred Springs Plain) clusters with other
Norris Geyser Basin springs such as YNP 3 (Monarch
Geyser). Bison Pool (BP) sites illustrate the strengths of
PCA for correlating this multidimensional dataset: all
five BP sites are in the same region of the biplot due to
the overall similar geochemistry among sites and, further,
are aligned in a linear fashion parallel to the temperature
vector (due to the 32°C temperature gradient along the
outflow). The placement of similar sites on the PCA biplot
illustrates the predictive power of PCA as implemented
here; one could reasonably predict where a new site might
plot based on measurements of only a handful of well-
chosen biological and physico-chemical parameters.

Conclusions
Markov cluster based comparisons of metagenomes
coupled with multivariate analyses identified many key



Table 1 Covariance matrix for twenty geochemical variables plus three diversity metrics across twenty two metagenomic sample sites within Yellowstone

National Park

T pH Na K Ca Al Fe Mg d NH* so* NO® P Si B As Zn Mn S>- 0, Genera EC Clusters
T 100 -035 016 010 -026 017 002 023 025 016 008 027 -032 036 022 014 024 012 -006 -041 -059 057 -037
pH 035 100 036 -010 -002 -061 —-060 -005 -026 -001 -026 035 001 —021 -002 -003 -062 -033 005 048 071 062 063
Na 016 036 100 —006 -045 —031 —042 -049 065 -035 —-069 047 —048 065 012 019 -005 -043 -051 018 0.8 035 050
K 010  -010 -006 100 030 -014 -012 030 028 006 016 034 000 -019 075 055 004 -014 042 -026 -041 029 -036
Ca 026 -002 -045 030 100 -012 -010 099 -019 -009 040 -029 055 -064 -010 000 -014 -014 063 —025 007 012 -0.16
Al 017 -061 -031 -014 -012 100 093 -006 -021 -009 026 -017 -015 022 -013 -016 038 019 -021 -015 -038 -027 -037
Fe 002 —060 -042 -012 -010 093 100 -005 -032 -008 025 —027 005 010 -013 -016 033 031 -020 -017 -031  —021 -033
Mg 023 -005 -049 030 099 -006 -005 100 —023 -002 049 —027 052 —065 -011 -003 -013 -015 068 -028 005 014 -0.18
al 025 —-026 065 028 -019 —021 -032 -023 100 -029 -045 001 —040 065 025 030 040 -035 -027 -008 -033 -014 -003
NH, 016 —001 -035 006 -009 -009 -008 -002 -029 100 077 030 007 -019 030 020 -013 -008 057 -019 -001  —003 -001
SO4 008 —026 -069 016 040 026 025 049 —045 077 100 002 027 —044 009 -001 -001 -007 079 -036 -012  —021 -027
NO; 027 035 047 -034 -029 -017 —-027 -027 001 030 002 100 —021 029 -010 -012 -036 -033 000 —001 036 044 050
P -032 001 -048 000 055 015 005 052 —040 007 027 -021 100 -060 -018 -011 -020 012 041 -024 023 006 004
Si 036 -021 065 —019 -064 022 010 -065 065 -019 -044 029 -060 100 012 016 033 -023 -059 015 -020 004 013
B 022 -002 012 075 -010 -013 -013 -011 025 030 009 -010 -018 012 100 089 -006 -005 015 —022 -039  —021 —021
As 014 -003 019 055 000 -016 -016 -003 030 020 -001 -012 -011 016 089 100 -011 -006 -002 -014 -028  -015 -007
Zn 024 —062 -005 004 -014 038 033 -013 040 -013 -001 -036 -020 033 -006 -011 100 007 -016 -020 -054 —038 -036
Mn 012 -033 -043 -014 -014 019 031 -015 -035 -008 -007 -033 012 -023 -005 —-006 007 100 —023 -016 —-027 —036 -034
s? 006 005 -051 042 063 -021 -020 068 -027 057 079 000 041 -059 015 -002 -016 -023 100 -035 009 004 -0.10
0, 041 048 018 —026 -025 -015 —-017 -028 -008 -019 -036 -001 -024 015 —022 -014 -020 -016 -035 100 046 048 042
Genera -059 071 018 —041 007 -038 -031 005 -033 -001 -012 036 023 —020 -039 -028 -054 -027 009 046 100 091 087
EC 057 062 035 029 -012 -027 -021 -014 -014 -003 -021 044 006 004 —021 -015 -038 -036 -004 048 091 100 092
Clusters —037 063 050 -036 -016 -037 -033 -018 -003 -001 -027 050 004 013 —021 -007 -036 -034 -010 042 087 092 100

Covariance between 0.5 and 1 are shaded black and anti-covariance between —1 and —0.5 are shaded grey.
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Figure 5 Biplot generated from a principal component analysis (PCA) of the twenty-two YNP sites with individual sample sites and
diversity metrics depicted. Sites are colored as chemotrophic (red) and phototrophic (blue).
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physical and geochemical parameters which are respon-
sible for shaping microbial community composition, func-
tion, and complexity. Most metagenomic datasets include
very limited (or no) environmental metadata; here we fo-
cused on a subset of metagenomes with detailed measure-
ments of pH and temperature, and a subset of these (from
hydrothermal systems) with 18 additional geochemical
measures that could be compared. Our analysis supports
the strong role that pH and temperature play in influen-
cing microbial community composition and function, ac-
counting for the highest average Mantel correlations (0.48
for pH and 0.38 for temperature) to evolutionary distance
between metagenomes. Importantly, upon the inclusion of
additional geochemical parameters it was found that the
availability of carbon compounds as well as micronutrients
such as iron and zinc all correlate (or anticorrelate)
with diversity measures. Multivariate analyses suggest
that these biology-environment interactions are multi-
dimensional: techniques integrating many physical and
chemical measurements performed as well as or better
than nearly all of the individual parameters at predict-
ing differences in biodiversity. This demonstrates that
the parameters typically measured as part of metagenome
studies (temperature, pH, depth) can be substantially im-
proved upon in attempts to explain or predict biological
variability as a function of environmental dynamics.
Finally, this analysis lays the groundwork for predicting
community metabolism and various metrics of diversity

based on site geochemistry. For example, PCA analysis of
YNP community metagenomes and bulk geochemistry
can predict biological properties of an unknown site based
on geochemistry, and vice versa. Future metagenomic
studies can continue to improve the resolving power of
these predictions simply by including a small number of
relatively straightforward measurements of physical and
geochemical conditions along with biological sampling.
This study represents an important advance toward
predictive understanding of biology-environment inter-
actions, and a compelling justification for coordinating
environmental/geochemical measurements in —omics-
enabled studies of natural environments.

Methods

All metagenomic datasets were downloaded as inferred
amino acid sequences from the Joint Genome Institute In-
tegrated Microbial Genomes with Microbiome Samples
(JGI IMG/M) [26] web server. All metagenomic datasets
were combined into a single FASTA file and compared
using a complete all-verses-all NCBI BLAST [41]. BLAST
results were then parsed to hits with e-values better than
107*. Parsed BLAST results were fed into the mcl [16]
Markov clustering algorithm using an inflation value of
1.2. The mcl algorithm generates a network where
nodes represent individual genes or proteins and the
edges between them are weighted based on some measure
of homology (here, BLAST e value, though in principle
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any homology score can be used). The heuristic then per-
forms Markov walks across this network—quasi-random
walks between nodes whose probability of traversal de-
pends upon the strength of the edge connecting them
(dependent on the homology score). Network edges are
strengthened or weakened based on the number of tra-
versals during each iteration, with the inflation parameter
influencing how rapidly edges are strengthened and
whether or not an edge is ‘severed’. This procedure of ran-
dom walks followed by edge strengthening and/or culling
is iterated until convergence, typically when no edges are
strengthened or lost from the network. At convergence,
nodes which remain connected are output as Markov
clusters. BLAST e-value cut-off and MCL inflation values
were chosen such as to maximize the inclusion of hom-
ologous proteins into resultant Markov clusters [16,24].
Perl scripts were written to determine the Jaccard (binary)
dissimilarity between metagenomes by summing the total
clusters shared by a pair of metagenomes and dividing by
the total number of Markov clusters in each metagenome
pair, resulting in a dissimilarity value of 0 (all Markov clus-
ters occur in both metagenomes) and a dissimilarity value
of 1 (no Markov clusters occur in both metagenomes).
Perl scripts were then used to convert Jaccard dissimilar-
ities among all metagenomes into distance matrices. Dis-
tance matrices were converted into dendrograms using
the NEIGHBOR program within the PHYLIP software
package [42]. Markov cluster distances were calculated as
the total branch length distance between dendrogram ter-
minal nodes (leaves) using the TreelO module within the
BioPerl [43] software package.

Perl scripts were used to generate dissimilarity matrices
using all geochemical gradients (differences) between sam-
pled locations. Additional, Perl scripts were used to gener-
ate dissimilarity matrices from the calculated Markov
cluster distances among metagenomes. Mantel tests were
performed in R [44] using the Vegan package [45] function
“mantel”. Mantel tests were completed with the Pearson
method using 1,000 permutations. Mantel test results
were plotted as geochemical difference verses Markov
cluster distance for all metagenome pairs with separate
plots for each geochemical parameters.

Correlation matrices and PCA analyses were completed
using the base package R (version 2.11.1) [44] with the
raw geochemical measurements as input. Correlation
matrices were calculated using the “cor” function in R
using the Pearson correlation method. PCA was com-
pleted using the Vegan package [45] functions “rda“ with
scaling enabled. PCA results were graphed using the
“biplot” function with scaling of species and sites.

All metagenome sequences were compared to the NCBI
non-redundant (nr) database and the KEGG [46] database
using NCBI BLAST [41]. EC count was determined by
tallying all unique EC numbers with a minimum of two
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hits from the BLAST versus the KEGG database. Genus
counts were completed by tallying unique genus level hits
from the best BLAST hit to the nr database, if one existed
with a e-value better than 107*°. Tally was parsed to
include only genera within 80th percentile of total hits,
allowing genera with very low counts to be excluded
from the analysis. Markov cluster counts were a tally of
the number of Markov clusters within a metagenome.

Perl scripts developed for use in this study are freely
available from the study’s coauthors.

Availability of supporting data

The data sets supporting the results of this article are
available in the US Department of Energy Joint Genome
Institute Genome Web Portal repository, 2009439003,
2009439000, 2010170001, 2010170002, 2010170003, 20
14031002, 2015219001, 2014031003, 2013843003, 2013
954000, 2013515000, 2014031006, 2013515001, 201403
1004, 2015391001, 2014031007, 2014031005, 20135150
02, 2013954001, 2015219002, 2016842003, 2016842005,
2016842004, 2015219000, 2016842008, 2004247000, 20
04247001, 2004247002, 2004247003, 2004247004, 2004
247005, 2004247006, 2004247007, 2004247008, 200424
7009, 2014613002, 2014613003, 2014642001, 20146420
04, 2014642002, 2014642000, 2014642003, 2053563014.

Additional files

Additional file 1: Table S1. Geochemical metadata reported with the
HOT-ALOHA metagenomic datasets [2].

Additional file 2: Table S2. Geochemical metadata reported with the
Bison Pool [24] and Yellowstone National Park metagenomic datasets [25].

Additional file 3: Figure S1. Plots of temperature, pH, Al, As, Ca, Cl,

dissolved organic carbon, dissolved inorganic carbon, Mg, ammonium,
nitrate, dissolved oxygen, K, Si, Na, Fe, sulfate, sulfide, B, P, Zn and Mn

verses Markov cluster distance for twenty two metagenomes.

Additional file 4: Table S3. Mantel test p-values and significance results
from comparisons between Markov cluster distance and geochemical
differences for YNP metagenomes.

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions

Conceived and designed the experiments: EBA ESB JR. Performed the
computations: EBA. Analyzed the data: EBA ESB JR. Wrote the paper: EBA ESB
JR. All authors read and approved the final manuscript.

Acknowledgements

We thank Everett Shock, Jack Farmer, and Ariel Anbar for extensive
discussion and helpful feedback in carrying out this research. This work was
funded by a NASA Astrobiology Institute (NAI) “Follow the Elements” grant
(JR) and grants NNX08AP61G (JR) and NNX13AIT1G (ESB) from the NASA
Exobiology and Evolutionary Biology program. The Wisconsin Astrobiology
Research Consortium is supported by the NAI (NNA13AA94A) to ESB.

Author details

'School of Earth and Space Exploration, Arizona State University, ISTB4, Room
795, 781 E. Terrace Rd, Tempe, AZ 85287, USA. “Department of Microbiology
and Immunology and the Thermal Biology Institute, Montana State


http://www.biomedcentral.com/content/supplementary/1472-6785-14-16-S1.xlsx
http://www.biomedcentral.com/content/supplementary/1472-6785-14-16-S2.xlsx
http://www.biomedcentral.com/content/supplementary/1472-6785-14-16-S3.tiff
http://www.biomedcentral.com/content/supplementary/1472-6785-14-16-S4.xlsx

Alsop et al. BMC Ecology 2014, 14:16
http://www.biomedcentral.com/1472-6785/14/16

University, 109 Lewis Hall, Bozeman, MT 59717, USA. *Wisconsin Astrobiology
Research Consortium, University of Wisconsin, Weeks Hall, Madison, WI
53706, USA.

Received: 29 January 2014 Accepted: 16 May 2014
Published: 28 May 2014

References

1. Allen EE, Banfield JF: Community genomics in microbial ecology and
evolution. Nat Rev Microbiol 2005, 3:489-498.

2. Delong EF, Preston CM, Mincer T, Rich V, Hallam SJ, Frigaard N-U, Martinez
A, Sullivan MB, Edwards R, Brito BR, Chisholm SW, Karl DM: Community

genomics among stratified microbial assemblages in the ocean’s interior.

Science 2006, 311:496-503.

3. Kunin V, Raes J, Harris JK, Spear JR, Walker JJ, Ivanova N, von Mering C,
Bebout BM, Pace NR, Bork P, Hugenholtz P: Millimeter-scale genetic
gradients and community-level molecular convergence in a hypersaline
microbial mat. Mol Syst Biol 2008, 4:198.

4. Little AEF, Robinson CJ, Peterson SB, Raffa KF, Handelsman J: Rules of
engagement: interspecies interactions that regulate microbial
communities. Annu Rev Microbiol 2008, 62:375-401.

5. Hamilton TL, Koonce E, Howells A, Havig JR, Jewell T, De La Torre JR, Peters
JW, Boyd ES: Competition for Ammonia Influences the Structure of
Chemotrophic Communities in Geothermal Springs. App! Environ
Microbiol 2013, 80:653-661. No. 2.

6. Dinsdale EA, Edwards RA, Hall D, Angly F, Breitbart M, Brulc JM, Furlan M,
Desnues C, Haynes M, Li L, McDaniel L, Moran MA, Nelson KE, Nilsson C,
Olson R, Paul J, Brito BR, Ruan Y, Swan BK, Stevens R, Valentine DL, Thurber
RV, Wegley L, White BA, Rohwer F: Functional metagenomic profiling of
nine biomes. Nature 2008, 452:629-632.

7. Gianoulis TA, Raes J, Patel PV, Bjornson R, Korbel JO, Letunic |, Yamada T,
Paccanaro A, Jensen LJ, Snyder M, Bork P, Gerstein MB: Quantifying
environmental adaptation of metabolic pathways in metagenomics.
PNAS 2009, 106:1374-1379. No. 2.

8. Brock TD: Micro-organisms adapted to High Temperatures. Published
online 1967, 214:882-885. doi:101038/214882a0.

9. Boyd ES, Hamilton TL, Spear JR, Lavin M, Peters JW: [FeFe]-hydrogenase in
Yellowstone National Park: evidence for dispersal limitation and
phylogenetic niche conservatism. [SME J 2010, 4:1485-1495.

10.  Hamilton TL, Lange RK, Boyd ES, Peters JW: Biological nitrogen fixation in
acidic high-temperature geothermal springs in Yellowstone National
Park, Wyoming. Environ Microbiol 2011, 13:2204-2215.

11. Cox A, Shock EL, Havig JR: The transition to microbial photosynthesis in
hot spring ecosystems. Chem Geol 2011, 280:344-351.

12. Boyd ES, Fecteau KM, Havig JR, Shock EL, Peters JW: Modeling the Habitat
Range of Phototrophs in Yellowstone National Park: Toward the
Development of a Comprehensive Fitness Landscape. Front Microbiol
2012, 3:221.

13. Tyson GW, Chapman J, Hugenholtz P, Allen EE, Ram RJ, Richardson PM,
Solovyev W, Rubin EM, Rokhsar DS, Banfield JF: Community structure and
metabolism through reconstruction of microbial genomes from the
environment. Nature 2004, 428:37-43.

14.  Venter JC, Remington K, Heidelberg JF, Halpern AL, Rusch D, Eisen JA, Wu
D, Paulsen I, Nelson KE, Nelson W, Fouts DE, Levy S, Knap AH, Lomas MW,
Nealson K, White O, Peterson J, Hoffman J, Parsons R, Baden-Tillson H,
Pfannkoch C, Rogers Y-H, Smith HO: Environmental Genome Shotgun
Sequencing of the Sargasso Sea. Science 2004, 304:66-74.

15. Van Dongen SM: Graph clustering by flow simulation. 2000.

16.  Enright AJ, Van Dongen S, Ouzounis CA: An efficient algorithm for large-
scale detection of protein families. Nucleic Acids Res 2002, 30:1575-1584.

17. Swingley WD, Blankenship RE, Raymond J: Integrating Markov Clustering
and Molecular Phylogenetics to Reconstruct the Cyanobacterial Species
Tree from Conserved Protein Families. Mol Biol Evol 2008, 25:643-654.

18.  Shih Y-K, Parthasarathy S: Identifying functional modules in interaction
networks through overlapping Markov clustering. Bioinformatics 2012,
28:i473-i479.

19.  Tanaseichuk O, Borneman J, Jiang T: Separating metagenomic short reads
into genomes via clustering. Algorithms Mol Biol 2012, 7:27.

20. Klatt CG, Wood JM, Rusch DB, Bateson MM, Hamamura N, Heidelberg JF,
Grossman AR, Bhaya D, Cohan FM, Kuhl M, Bryant DA, Ward DM:

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 11 of 12

Community ecology of hot spring cyanobacterial mats: predominant
populations and their functional potential. ISME J 2011, 5:1262-1278.
Yamada T, Waller AS, Raes J, Zelezniak A, Perchat N, Perret A, Salanoubat M,
Patil KR, Weissenbach J, Bork P: Prediction and identification of sequences
coding for orphan enzymes using genomic and metagenomic
neighbours. Mol Syst Biol 2012, 8:581.

Fukami-Kobayashi K, Tomoda S, Go M: Evolutionary clustering and
functional similarity of RNA-binding proteins. FEBS Lett 1993, 335:289-293.
Tatusov RL, Koonin EV, Lipman DJ: A Genomic Perspective on Protein
Families. Science 1997, 278:631-637.

Swingley WD, Meyer-Dombard DR, Shock EL, Alsop EB, Falenski HD, Havig
JR, Raymond J: Coordinating Environmental Genomics and Geochemistry
Reveals Metabolic Transitions in a Hot Spring Ecosystem. PLoS One 2012,
7:€38108.

Inskeep WP: The YNP Metagenome Project: Environmental Parameters
Responsible for Microbial Distribution in the Yellowstone Geothermal
Ecosystem. Front Microbiol 2013, 4:67.

Grigoriev IV, Nordberg H, Shabalov I, Aerts A, Cantor M, Goodstein D, Kuo A,
Minovitsky S, Nikitin R, Ohm RA, Otillar R, Poliakov A, Ratnere |, Riley R,
Smirnova T, Rokhsar D, Dubchak I: The Genome Portal of the Department
of Energy Joint Genome Institute. Nuc/ Acids Res 2011, 40:D25-32.
Inskeep WP, Klatt CG: Community Structure and Function of High-
temperature Chlorophototrophic Microbial Mats Inhabiting Diverse
Geothermal Environments. Front Microbiol 2013, 4:106.

Inskeep WP: Phylogenetic and functional analysis of metagenome
sequence from high-temperature archaeal habitats demonstrate linkages
between metabolic potential and geochemistry. Front Microbiol 2013,
4:95.

Inskeep WP, Takacs Vesbach C: Metagenome Sequence Analysis of
Filamentous Microbial Communities Obtained from Geochemically
Distinct Geothermal Channels Reveals Specialization of Three Aquificales
Lineages. Front Microbiol 2013, 4:84.

Boyd ES, Wang J, He L: The role of tetraether lipid composition in the
adaptation of thermophilic archaea to acidity. Front Microbiol 2013, 4:62.
Pearson A, Pi'Y, Zhao W, Li W, Li Y, Inskeep W, Perevalova A, Romanek C, Li
S, Zhang CL: Factors Controlling the Distribution of Archaeal Tetraethers
in Terrestrial Hot Springs. Appl Environ Microbiol 2008, 74:3523-3532.
Shock EL, Holland M, Meyer-Dombard D, Amend JP, Osburn GR, Fischer TP:
Quantifying inorganic sources of geochemical energy in hydrothermal
ecosystems, Yellowstone National Park, USA. Geochim Cosmochim Acta
2010, 74:4005-4043.

Mantel N, Haenszel W: Statistical aspects of the analysis of data from
retrospective studies of disease. J Natl Cancer Inst 1959, 22:719-748.
Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, Duncan A, Ley RE,
Sogin ML, Jones WJ, Roe BA, Affourtit JP, Egholm M, Henrissat B, Heath AC,
Knight R, Gordon JI: A core gut microbiome in obese and lean twins.
Nature 2009, 457:480-484.

Toulza E, Tagliabue A, Blain S, Piganeau G: Analysis of the Global Ocean
Sampling (GOS) Project for Trends in Iron Uptake by Surface Ocean
Microbes. PLoS One 2012, 7(2):30931.

Sharpton TJ, Riesenfeld SJ, Kembel SW, Ladau J, O'Dwyer JP, Green JL, Eisen
JA, Pollard KS: PhylOTU: A High-Throughput Procedure Quantifies
Microbial Community Diversity and Resolves Novel Taxa from
Metagenomic Data. PLoS Comput Biol 2011, 7:21001061.

Zak JC, Willig MR, Moorhead DL, Wildman HG: Functional diversity of
microbial communities: A quantitative approach. Soil Biol Biochem 1994,
26:1101-1108.

Brown JH, Gillooly JF, Allen AP, Savage VM, West GB: TOWARD A
METABOLIC THEORY OF ECOLOGY. Ecology 2004, 85:1771-1789.
Lozupone C, Knight R: UniFrac: a New Phylogenetic Method for
Comparing Microbial Communities. Appl Environ Microbiol 2005,
71:8228-8235.

Valentine DL: Adaptations to energy stress dictate the ecology and
evolution of the Archaea. Nat Rev Micro 2007, 5:316-323.

Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ: Basic local alignment
search tool. J Mol Biol 1990, 215:403-410.

Felsenstein J: PHYLIP - Phylogeny Inference Package (Version 3.2).
Cladistics 1989, 5:164-166.

Stajich JE, Block D, Boulez K, Brenner SE, Chervitz SA, Dagdigian C, Fuellen
G, Gilbert JGR, Korf I, Lapp H, Lehvdslaiho H, Matsalla C, Mungall CJ,
Osborne BI, Pocock MR, Schattner P, Senger M, Stein LD, Stupka E, Wilkinson



Alsop et al. BMC Ecology 2014, 14:16 Page 12 of 12
http://www.biomedcentral.com/1472-6785/14/16

MD, Birney E: The Bioperl Toolkit: Perl Modules for the Life Sciences.
Genome Res 2002, 12:1611-1618.

44.  Development Core Team: R: A language and environment for statistical
computing. Vienna, Austria: R Foundation for Statistical Computing; 2005.
ISBN 3-900051-07-0.

45, Dixon P: VEGAN, a package of R functions for community ecology. J Veg
Sci 2003, 14:927-930.

46.  Kanehisa M, Goto S: KEGG: Kyoto Encyclopedia of Genes and Genomes.
Nucl Acids Res 2000, 28:27-30.

doi:10.1186/1472-6785-14-16

Cite this article as: Alsop et al: Merging metagenomics and
geochemistry reveals environmental controls on biological diversity and
evolution. BMC Ecology 2014 14:16.

Submit your next manuscript to BioMed Central
and take full advantage of:

¢ Convenient online submission

¢ Thorough peer review

* No space constraints or color figure charges

¢ Immediate publication on acceptance

¢ Inclusion in PubMed, CAS, Scopus and Google Scholar

* Research which is freely available for redistribution

Submit your manuscript at ( -
www.biomedcentral.com/submit BiolVed Central




	Abstract
	Background
	Results
	Conclusions

	Background
	Result and discussion
	Validation of markov clustering methods in metagenomic analysis
	Bison Pool
	Guerrero Negro hypersaline microbial mats
	HOT-ALOHA
	Expanded application of markov clustering to diverse community metagenomes
	Role of environmental variation in defining community function
	Role of geochemical variation in defining community biodiversity


	Conclusions
	Methods
	Availability of supporting data

	Additional files
	Competing interests
	Authors’ contributions
	Acknowledgements
	Author details
	References

