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This study investigated the use of direct gradient analysis of bacterial 16S pyrosequencing surveys to identify
relevant bacterial community signals in the midst of a "noisy" background, and to facilitate
hypothesis-testing both within and beyond the realm of ecological surveys. The results, utilizing 3 different
real world data sets, demonstrate the utility of adding direct gradient analysis to any analysis that draws
conclusions from indirect methods such as Principal Component Analysis (PCA) and Principal Coordinates
Analysis (PCoA). Direct gradient analysis produces testable models, and can identify significant patterns in
the midst of noisy data. Additionally, we demonstrate that direct gradient analysis can be used with other
kinds of multivariate data sets, such as flow cytometric data, to identify differentially expressed populations.
The results of this study demonstrate the utility of direct gradient analysis in microbial ecology and in other
areas of research where large multivariate data sets are involved.

T
he study of the bacterial microbiome focuses on the bacteria that normally live on and within other
organisms. For many years, microbial ecology was limited to the study of those organisms that could be
easily grown in the laboratory; however, the bacterial 16S ribosomal RNA has been identified as a surrogate

marker that enables the study of both culturable and unculturable microorganisms1,2. In recent years, the
combination of 16S surveys with high-throughput, next-generation 454-pyrosequencing has revolutionized
the field of microbial ecology3. 16S surveys are uniquely positioned to take advantage of many well-established
ecological analysis techniques for assessing differences between communities and for determining what ‘‘envir-
onmental’’ effects might explain those differences1,4–7. Many recent studies have guided how one can analyze these
data, both through a new application of existing ecological methods5,8, as well as via the invention of new
methods9–13. However, the majority of publications involving 16S surveys do not extend beyond exploratory
methods of analysis5. The common practice is to create a low dimensional representation of the bacterial
community data (commonly referred to as an ordination) and to colorize data points based on a hypothesis
or some other grouping variable.

Ordination is a method of displaying large multivariate data sets through dimensional reduction. The reduc-
tion falls into two classes: distance-based and eigenvector-based. In either case, the visual clustering of points is
the primary method by which data of this type are usually displayed and interpreted. Of the distance-based
methods, Non-Metric Multi-Dimensional Scaling (NMDS) is considered to be the most robust14. In practice,
NMDS tries to maintain the distance between each point while minimizing the stress on the system. The only
drawback of NMDS plots is that the individual points tend to spread out, making the visual clustering more
difficult. More commonly used are eigenvector-based methods, such as principal component analysis (PCA); a
variation of PCA that utilize non-Euclidean distances (frequently, ecologically-relevant distances) called prin-
cipal coordinates analysis (PCoA); and correspondence analysis (CA), which performs a single-value decom-
position (svd) on the fitted values of the chi-square transformed data matrix15. Irrespective of the method
employed, the components of variation are ordered such that, when graphed, the component that contributed
most to the variation will be graphed along the first axis, the next most along the second axis and so on for n-1 axes
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(where n 5 number of samples). The practical result is that huge
numbers of variables can rapidly be reduced to a plot with 2–3
informative axes permitting ready visualization of the complexity
of an ecological community.

The difficulty with this methodology is that the noise inherent in
large biological data sets frequently limits the ability to distinguish
real differences. Frequently, biology is inferred from ordinations by
colorizing the points on the plot (e.g. by treatment), even though the
hypothesis in question was not involved in the calculation of the
ordination. This approach is known as indirect gradient analysis15.
Its advantage is that all the data is considered, but indirect gradient
analysis carries the disadvantage that the environment is rarely so
controlled that all of the variation present in the system can be
explained by the experimental question being asked. To get around
this problem, it is very common to try multiple different metrics (for
PCoA or NMDS) and methods of ordination and to choose what
looks best for the experimental question being asked. By contrast,
direct gradient analysis directly examines the hypothesis by finding
correlations between the data and the hypothesis prior to variance
partitioning. In direct gradient analysis, the orthogonal vectors of the
eigen analysis are required to be linear combinations of the explan-
atory variable (in this case, the biological question being asked).
Therefore, the variance displayed in the ordination is linearly related
to the explanatory variables15. In classical ecology, explanatory

variables usually include environmental factors such as soil pH or
moisture content. In many areas of microbial ecology relevant to
human health, the ‘‘environment’’ is the host; and perhaps for this
reason, direct gradient analysis has rarely been used. In the current
study, we detail how direct gradient analysis can be used, in com-
bination with high-resolution 16S survey data or indeed other large
multivariate data sets, to uncover specific responses that correlate
with biological responses.

Results
The effect of data resolution on population detection. The first
objective of this study was to determine whether analysis of data at
higher effective taxonomic resolution provides greater insight into
sample grouping, or alternatively if the increase in variation renders
sample groups indistinguishable. To investigate this question, we
used a 16S data set obtained from clinical lung tissue samples re-
moved at the time of lung transplantation of five patients with severe
emphysema16. Data were binned into phylotyped OTUs (limited to a
genus level of taxonomic classification), or into OTUs binned at a 3%
cutoff (roughly a species level of taxonomic classification). The
number of OTUs associated with phylotyped data or 3% cutoff
data were 109 and 143, respectively, after OTU selection criteria
were applied (see Methods and Materials). Next, ordinations were
generated as described in ‘‘Methods and Materials,’’ with individual

Figure 1 | Unconstrained ordination of lung explant OTUs at phylotype resolution by subject. The bacterial communities of human lung explants were

binned at phylotype resolution and were ordinated using PCoA based on (A) Bray-Curtis distance, (B) Jaccard distance, (C) PCA and (D) CA. Individual

samples were colored based on the explant from which they were obtained, regardless of anatomic location.

www.nature.com/scientificreports
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data points colored according to the experimental question under
consideration.

We carried out ordination of phylotype data using four separate
analytical metrics (Bray-Curtis, Jaccard, PCA and CA) to investigate
two experimental questions. First, are there differences between
explants (Fig. 1)? Second, are there bacterial communities that are
associated with different regions of the lungs (Fig. 2)? The ordina-
tions demonstrated that, regardless of analytical method, a large
proportion of the variation could be explained in the first two axes
of each PCoA or PCA ordination. However, despite explaining a
large portion of the variation between samples, there is no visible
clustering either by explant (Fig. 1) or by anatomic location (Fig. 2),
regardless of the method employed. The extensive overlap of samples
utilizing the Jaccard metric (Figs. 1B, 2B) indicates that there is
extensive shared membership between individual samples.
However, these membership differences do not cluster by explant
(Fig. 1B) or by location within the lung (Fig. 2B). Some samples do
stand out as distinct from the other samples, some based on differ-
ences in membership (Figs. 1B and 2B), others based on the differ-
ences in membership and abundance (Figs. 1A, 2A, 1C and 2C); but,
no identifiable pattern exists. Collectively, these data indicate that at a
phylotype resolution there are no bacterial community differences
between individual subjects with end-stage emphysema and that no

bacterial communities are specific to particular airways, even within
a given individual.

Next, data were binned using a species level (3% OTU) cutoff and
analyzed to assess the same two questions (Figs. 3 and 4, respect-
ively). As was seen in the phylotype ordinations, a large proportion of
variation is explainable in the first two axes. However, unlike the
phylotype data, there are readily apparent differences in sample
clustering. Ordinations investigating differences between explants
(Fig. 3) demonstrate differences between explant #2 and the other
explants. The Bray-Curtis and Jaccard PCoA plots (Figs. 3A and B)
show a strong shift along the first axis for explant #2. These metrics
are complementary, in that the shift in the Jaccard PCoA indicates
that the membership is different for explant #2 and the other
explants, whereas a similar shift in the Bray-Curtis PCoA indicates
that the OTU that is different is significantly abundant. The PCA plot
(Fig. 3C) most clearly separates explant #2 from the other explants,
but merges the other explants as indistinguishable. The CA plot
(Fig. 3D) provides the most compact groupings with the least
intra-sample dispersion; however, as in the PCA plot, the majority
of the remaining samples are compacted into a small area in ordina-
tion space. An examination of the OTU tables reveals that the dom-
inant OTU of explant #2, using a 3% OTU cutoff, is all but unique to
that human subject. However, the sequences that define this OTU

Figure 2 | Unconstrained ordination of lung explant OTUs at phylotype resolution by anatomic location. The bacterial communities of human lung

explants were binned at phylotype resolution and ordinated using PCoA based on (A) Bray-Curtis distance, (B) Jaccard distance, (C) PCA and (D) CA.

Individual samples were colored based on the location within the lung from which the sample was obtained, regardless of subject.
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belong to the dominant OTU found in the other samples in the data
table from the phylotype cutoff (data not shown).

When data points are colored based on their anatomic location
(Fig. 4), there is no difference in point clustering compared to what
was seen in figure 2. These data indicate that differences in the
microbial communities of the lung can be seen between emphysema
patients at a species-level resolution. However, no evidence was
found that the microbial communities of the lung are specific to
particular anatomic regions of the lung.

Together, these data demonstrate that increasing the effective
taxonomic resolution of the data (and the total variation of the sys-
tem) does not cause the sample groups to become indistinguishable,
but rather increases the ability to differentiate between groups.

The effect of constraints on population detection. The next
objective was to test directly the hypotheses investigated in the pre-
vious section using the method known as direct gradient analysis.
The procedures performed in figures 1 through 4 are known as in-
direct, or unconstrained, analysis because all of the variance present
in the system is displayed. Oftentimes the causes of the variance are
not known; however, one can hypothesize what they might be and
attempt to constrain the variation within those variables that are
highly correlated with the hypothesis. If the hypotheses, also called

explanatory variables, are good, then populations should visibly
cluster, or, if the explanatory variable is continuous, populations
should demonstrate a clear gradient along which a linear relation-
ship exists. This method is known as constrained or direct gradient
analysis17.

To test whether direct gradient analysis provides better ability to
detect differences in microbial populations, new ordinations were
generated for both the phylotype and 3% OTU explant data sets by
constraining the data to the explant from which the samples origi-
nated. This approach directly addresses the question of whether sim-
ilar bacterial communities inhabit the explanted lungs of patients
with end-stage emphysema (and hence, whether those same com-
munities were present before surgery). At the phylotype level, neither
ecological metrics nor redundancy analysis (RDA) (Figs. 5A–C) were
effective at separating the explants, although each method produced a
similar distribution of points. Interestingly, canonical correspondence
analysis (CCA) ordination (Fig. 5D) produced three distinct group-
ings which, by the standard method of visual assessment, would have
been considered different; however, these differences were not found
to be significant (p . 0.05) when using an ANOVA-like permutation
test for testing the significance of constraints (anova.cca())18.

Next, we analyzed the high-resolution (OTU) explant data set in
a similar fashion, which demonstrated that when the data are

Figure 3 | Unconstrained ordination of lung explant OTUs at a 3% OTU cutoff by subject. The bacterial communities of human lung explants were

binned at a 3% OTU cutoff to produce high-resolution data. The data were ordinated using PCoA based on (A) Bray-Curtis distance, (B) Jaccard distance,

(C) PCA and (D) CA. Individual samples were colored based on the explant from which they were obtained, regardless of anatomic location.

www.nature.com/scientificreports
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constrained by explant, sample clustering becomes apparent. Using
the ecological metrics and RDA (Figs. 6A–C), explant #2 separates
clearly from the other explants. The CCA ordination (Fig. 6D) again
separated explants 1, 2, and 3 from 4 and 5 in a manner that is
similar to what was seen in figure 5D. However, using higher reso-
lution data sets results in a model that is significantly different (p ,

0.005) from the null hypothesis that all end-stage lungs from
humans with emphysema contain similar bacterial communities;
significant differences were present along the first two axes
{CCA1 (p , 0.005); CCA2 (p 5 0.0485)}. Similar tests performed
on the models from figures 6A–6C found them all to be significant
(p , 0.005). However, under these models, significant differences
could only be found along the first axis. This indicates that the
bacterial community of explant #2 was significantly different from
that of the other explants, and was so under all the analytic models.
The CCA model also finds significant differences between explant
#1 and explant #3 (p , 0.05; One-way ANOVA of CCA2 site scores,
Tukey’s Multiple Comparisons Test). Together, these data yield two
conclusions. First, consistent with our previous analyses of these
samples16, the lung bacterial communities of these five subjects
did not differ significantly at a phylotype level. Second, by contrast,
constrained analysis of the lung bacterial communities at the

operational definition of a bacterial species discloses significant dif-
ferences between human subjects.

We have previously shown that there are marked differences in
bacterial communities within a single lung explant16. We next exam-
ined both phylotype and 3% OTU data, constrained by anatomic
location, to examine directly in a larger data set whether different
bacterial communities consistently reside in particular regions of the
lung. This possibility is plausible, given the known predilection of
aspirated secretions to deposit in certain lung lobes in a gravity-
dependent fashion, and is supported at the level of total variation
by the current data set (Figs. 2 & 4). Similar to what was seen before
(Fig. 2), however, constraining either the phylotype data (Fig. 7) or
the 3% OTU data (Fig. 8) by anatomic location failed to identify any
significant difference (p . 0.05) by any of the methods. Thus, within
these five lung explants, there is no correlation between the region of
the lung and the bacterial community present.

It can be seen that by constraining data variation based on a
specific hypothesis, direct gradient analysis provides an effective
method of identifying bacterial communities that correlate with that
hypothesis. Similar to the unconstrained analysis, higher-resolution
data produced better results. However, relative to unconstrained
analyses, constrained analyses enjoys two important advantages:

Figure 4 | Unconstrained ordination of lung explant OTUs at 3% OTU cutoff by anatomic location. The bacterial communities of human lung explants

were binned at a 3% OTU cutoff to produce high-resolution data. The data were ordinated using PCoA based on (A) Bray-Curtis distance, (B) Jaccard

distance, (C) PCA and (D) CA. Individual samples were colored based on the anatomic location within the lung from which the sample was obtained,

regardless of subject.

www.nature.com/scientificreports
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(1) they are much less sensitive than unconstrained ordinations to
the metric used; and (2) they permit apparent differences between
communities to be tested for statistical significance.

Using constraints to detect biological differences. One useful
aspect of a constrained methodology for analyzing bacterial commu-
nity data is that, by focusing on bacterial communities that correlate
with biological responses, it should be possible to detect correlated
community changes that might be hidden by systemic noise. To test
this possibility, we chose a more controlled data set with known
outcomes. Samples were taken from a model of allergic airway
responses resulting from the co-administration of cefoperazone
and Candida albicans, that is dependent on changes in the gut
microbiome. It has been well established that mice treated with
both cefoperazone and C. albicans will develop allergic-type airway
responses, whereas mice treated with either cefoperazone alone or C.
albicans alone, will not. Quantitative plating of cecal contents has
previously indicated that while the microbiome of cefoperazone
treated mice is different from untreated, it is very different from
the dually treated. Data for this analysis was a high-resolution 16S
data set (3% OTU cutoff) of cecum samples from day 7 mice that
were either untreated, treated with cefoperazone, given a gavage of

C. albicans, or co-administered cefoperazone and C. albicans.
Over the course of a year, three separate experiments were
performed. One confounding factor was that during that time, the
microbiota of the mice within the animal care facility drifted. This
drift resulted in ‘‘noisy’’ data where differences in the microbiome
did not seem to match the biologic readout, i.e. allergic airway
responses.

We first created unconstrained ordinations to examine the total
variation present in the system and to determine the extent of the
drift in the bacterial community, displayed by treatment group
(Fig. 9). Clear drift in the total bacterial population was seen over
the course of a year, in that even the bacterial community of the
untreated mice displayed demonstrable differences over time
(Fig. 9A–9C). The Jaccard PCoA (Fig. 9B) indicates that certain
OTUs were present in some experiments but not others. The CA
ordination again demonstrated itself to be vulnerable to outliers
(Fig. 9D), making differentiation of treatment groups difficult.
Visual assessment of these figures demonstrates extensive overlap
between the bacterial communities of the different treatment regi-
mes. Were this finding accepted without further analysis, this set of
experiments would argue against published correlations4,19,20.

Figure 5 | Direct gradient analysis of lung explant OTUs at phylotype resolution constrained by subject. The bacterial communities of human lung

explants were binned at a phylotype resolution and constrained ordinations were constructed using the explant from which the sample originated

as the constraint. Ordinations were CAP (constrained analysis of principle coordinates) based on (A) Bray-Curtis distance, or (B) Jaccard distance;

(C) RDA (the constrained form of PCA); (D) or CCA (the constrained form of CA). Individual samples were colored based on the explant from

which they were obtained.

www.nature.com/scientificreports
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Accordingly, we tested the hypothesis that not all of the differences
in the microbiota were associated with treatments. To that end, a
direct gradient analysis was performed that constrained the data to
that which correlated with treatments (Fig. 10). The CAP plots based
on the ecological metrics (Figs. 10A–B) demonstrate clear separation
between the bacterial communities of mice in three of the treatment
groups (untreated, treated with cefoperazone, or co-administered
cefoperazone and C. albicans), which perfectly matches previous
observations. The bacterial communities of mice receiving C. albicans
alone were indistinguishable from untreated, also matching earlier
results. The RDA model (Fig. 10C) displayed similar trends; however,
because of sample spread, this method appears less optimal. The CCA
model (Fig. 10D) again provided very clear visual clustering with the
maximal distance between samples. Regardless of these visual differ-
ences, each model proved to be statistically significant (p , 0.005),
with significant differences along both the first and second axes (p ,

0.005). These results demonstrate how constraining data can uncover
significant correlations between bacterial communities and hypo-
theses of interest that would otherwise be masked by systemic noise.

Using constraints to differentially detect leukocyte populations.
The final objective was to investigate the application of the

methodology of direct gradient analysis outside the realm of
ecology. In theory, direct gradient analysis should be possible on
any large multivariate data set that is structured like a community
matrix. We chose flow cytometric data to achieve this end. Flow
cytometry is a method by which the expression of proteins on, or
in, immune cells (leukocytes) can be assessed. The patterns of ex-
pression of various cell surface markers on a cell allow the identi-
fication of particular cell subsets and further the understanding of the
immune response taking place. Such basic immunophenotyping can
be extended by identifying leukocyte subsets that are expressed under
one condition, but not another. Flow cytometric data sets are large
multivariate data sets that make them ideal candidates for both
indirect and direct gradient analysis.

To determine if direct gradient analysis can differentially identify
leukocyte populations in flow cytometric data, we generated a data
set containing multi-color stained interstitial epithelial leukocytes
(IEL) from the ceca of mice that had either been left untreated or
had been infected with C. difficile for 42 hours (Fig. 11). A con-
strained correspondence analysis constraining the combined data
set by infection status (Fig. 11A) resulted in a single large popula-
tion that correlated with infection, whereas extensive overlap was
seen throughout the rest of the ordination. This population was

Figure 6 | Direct gradient analysis of lung explant OTUs at 3% OTU cutoff constrained by subject. The bacterial communities of COPD lung explants

were binned at high-resolution, and constrained ordinations were constructed using the explant from which the sample originated at the constraint.

Ordinations were CAP ordinations based on (A) Bray-Curtis distance, or (B) Jaccard distance; (C) RDA; (D) CCA. Individual samples were colored based

on the explant from which they were obtained.

www.nature.com/scientificreports
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characterized (Fig. 11B) and the expression of surface markers was
found to be consistent with a MHC Class II1 leukocyte that was not a
macrophage or a dendritic cell, but rather unexpectedly, a B-cell.
Traditional flow cytometric analysis of the leukocyte populations
also confirmed this conclusion (data not shown). Furthermore it
could rapidly be demonstrated that infected IEL had much higher
levels of this cell than uninfected IEL (Fig. 11C). Together these data
demonstrate a proof of principle that direct gradient analysis can be
used with flow cytometric data, and more generally, outside the
realm of ecology.

Discussion
The current study details methodology by which analysis of complex
data sets, such as those arising from 16S surveys of microbial com-
munities, can be improved to detect underlying meaningful bio-
logical variables (frequently termed ‘‘gradients’’ in ecology), even
in the midst of ‘‘noisy’’ data. The two crucial steps to this process
are (1) the use of data with a fine level of differentiation between
samples (in this case, a cutoff of 3% OTU rather than phylotypes);
and (2) the application of constraints based on explicit hypotheses.
We have applied these methods to two 16S studies: one involving
samples from human lung explants, and the other a murine study in

which drift in the bacterial community over the course of a year made
correlation of microbial data with biologic outcomes difficult. In each
case, these methods uncovered patterns relevant to our hypotheses
that had been hidden by systemic noise. Finally, we demonstrate the
general applicability of this approach, by extending it ‘‘beyond eco-
logy’’ in an example of flow cytometric data analysis, to which this
approach has not, to our knowledge, previously been applied.

Increasing the resolution of a data set as a means of uncovering
underlying patterns may seem counter-intuitive, because the process
magnifies rather than reduces variation between samples. However,
fundamental to ordinations that are rooted in eigen analysis is the
rank-order organization of data based on the elements responsible
for the greatest amount of variation. Thus, the greater variation
present in high-resolution data, relative to a less refined analysis of
the same population, will tangibly affect ordination only if the new
source of variation is significant. Contrasting each pair of phylotypic
analysis (Figs. 1, 2, 5, 7) with its respective 3% OTU analysis (Figs 3, 4,
6, 8) provides excellent examples of the utility of this principle. For
example, when analyzed at a phylotype resolution, the human lung
explant data set possessed 109 OTUs present at . 1% of the total
population, versus 143 OTUs at the same frequency in the high-
resolution version of the same data set. Of those additional 34

Figure 7 | Direct gradient analysis of lung explant OTUs at phylotype resolution constrained by anatomic location. The bacterial communities of

COPD lung explants were binned at a phylotype resolution and constrained ordinations were constructed based on the anatomic lung location from

which the sample originated. Ordinations were CAP ordinations based on (A) Bray-Curtis distance, or (B) Jaccard distance; (C) RDA; (D) CCA.

Individual samples were colored based on the location in the lung from which they were obtained.

www.nature.com/scientificreports
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OTUs, only one contributed to the large shifts that separated explant
#2 from the others. This single OTU (‘‘species’’) existed almost exclu-
sively in explant #2 but it merged into the dominant OTUs present in
the other explants at the phylotype level. Thus, despite adding 34
additional sources of variation by a finer parsing of the same data, the
process uncovered significant changes brought about by a single
OTU and attained a deeper understanding of the microbial com-
munities.

Our second crucial step, the use of constraints to address directly
the effects of environmental factors, has been employed for many
years by ecologists5,15,17, but is almost unknown in the remainder of
biology. This methodology depends on the underlying reasoning that
a major source of variation in any given community data set is differ-
ences in the environment (e.g., soil pH, abundance of food or water,
etc.). In theory, if one completely understood the environment of the
community in question, then a direct gradient analysis encompass-
ing all of its environmental variables would produce the same result
as the indirect gradient analysis. In most cases relevant to human
health or experimental animal models, too little is known about the
bacterial microenvironment to apply constraints such as differences
in local pH. By contrast, often much is known about the macroenvir-
onment (e.g., the origin of the sample, a particular treatment group,

etc.). We demonstrate that such ‘‘macro’’ constraints can identify
effects and correlations that would otherwise be hidden by systemic
noise. Other methods for hypothesis testing of ecological models
exist and are well-established5,15,21–24. However, the ability to isolate
the data of interest, to display these data in a visually appealing man-
ner, and to test whether significant differences exist, make direct
gradient analysis ideal for asking biological questions of 16S data.
The success of ordinations among microbial ecologists5 and flexibil-
ity of this method with regard to categorical data suggest that it is
likely to be easily adapted and well-received.

Importantly, however, for the exploding field of microbiome ana-
lysis by 16S surveys, constrained ordination has largely been unused,
with only 8.7% of 1141 publications using any form of hypothesis
testing5. Instead, emphasis has been placed on various exploratory
metrics to detect large or subtle effects within the data set as a whole25.
This approach has the advantage of examining all of the data, but is
limited by the production of radically different results depending
upon the specific metric chosen. We hypothesized that applying
constraints to ‘‘noisy’’ data would allow the detection of underlying
effects in a manner that is much less dependent upon the metric, but
more dependent upon the biological question. This was what was
seen in our analyses of microbial communities in the lungs of subjects

Figure 8 | Direct gradient analysis of human lung explant OTUs at high-resolution constrained by anatomic location. The bacterial communities of

COPD lung explants were binned at high-resolution, and constrained ordinations were constructed using the location in the lung from which the sample

originated at the constraint. Ordinations were CAP ordinations based on (A) Bray-Curtis distance, or (B) Jaccard distance; (C) RDA; (D) CCA.

Individual samples were colored based on the anatomic location in the lung from which they were obtained.

www.nature.com/scientificreports
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undergoing transplantation for end-stage emphysema. Constrained
analysis allowed us to demonstrate that microbial communities dif-
fered significantly between human subject, but not in a reproducible
manner between similar anatomic sites between or within subjects.
Thus, the approach also has the key feature of being able to reject
incorrect hypotheses in a statistically rigorous fashion.

Another important feature of the current study is the demonstra-
tion that direct gradient analysis is generally applicable to datasets
farther removed from microbial ecology. For this purpose, we chose
flow cytometric data not only because it was readily available to us
but more cogently, because the technique is broadly used in contem-
porary immunology and cell biology. Structurally, flow cytometric
data is both similar to ecological survey data in involving a very large
numbers of events, but also differs because in flow cytometry, there
are always many more ‘‘sites’’ (individual cells) than ‘‘species’’ (fluor-
escent channels). Nevertheless, these differences did not adversely
affect direct gradient analysis in our study. From a practical view-
point, the calculation of distance matrix becomes computationally
more intensive with very large flow cytometry datasets; however, this
has not prevented the previous use of unconstrained ordination
methods such as PCA which also rely on a distance calculation26–28.
To the best of our knowledge, the usage of CCA in conjunction with
flow cytometric data has not been reported previously. As was shown

in figure 11, a constrained model can be used effectively to identify
important populations.

We consistently observed that CCA performed better than the
other metrics tested. Even when analyzing the phylotyped explant
data, although the differences proved not to be significant, CCA
correctly identified the groups proven to be significant using the
high-resolution data. Whereas each of the constrained metrics per-
formed similarly in identifying statistically significant differences,
CCA consistently produced ordinations that were easier to interpret
visually. CCA is rooted in CA and, although not based on an eco-
logical metric, has a long history of use in ecology. The strength of
CA is that it tries when calculating site scores to maximize the
correlation between sites and species. This feature differs from
PCA and PCoA, which calculate site scores based on distances cal-
culated from species abundances. One drawback of CA, as was
observed in both data sets, is that it can be prone to the compression
of the ordination due to a single outlier in normalized data sets.
However, no such problem was encountered with CCA. In general,
whichever method of direct gradient analysis is chosen, the indirect
form of the same analysis should be run in parallel as a check on the
quality of the constraint. Based on the data presented here, we
believe that CCA is the constrained method of choice when a strong
a priori hypothesis is available. We have demonstrated that this

Figure 9 | Indirect gradient analysis of cecal bacterial communities of mice undergoing gut microbiome modification. Bacterial OTUs were binned at a

3% OTU cutoff and ordinations were plotted based on (A, B) PCoA using (A) Bray-Curtis distance or (B) Jaccard distance; (C) PCA ; and (D) CA.

Individual samples were colored based on the treatment regime the mice received.
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method is well-suited for finding correlations between 16S data and
biological readouts.

In summary, we demonstrate the generalized utility of direct gra-
dient analysis in large multivariate datasets derived from both trans-
lational and basic experiments. We are confident that this approach
will provide a robust means of analyzing even larger biological data-
sets, including the exponentially more complex examples emerging
from metabolomic surveys. Keeping biostatistical tools for data visu-
alization and statistical analysis abreast of advances in sequencing
techniques is an important goal that merits continued research
interest.

Methods
16S survey data sets. Two 16S datasets that spanned V1–V3 were used in this study.
Data set #1 included 281,822 sequences from 48 independent samples taken from
various airways or lung parenchyma of five lung explants removed from patients
undergoing lung transplantation for advanced emphysema. The number of samples
per explant ranged from 4–15. Clinical data associated with these samples has been
previously published16. Data set #2 included 130,796 sequences from 40 samples of
tissue taken from the cecal tip of mice that had either been treated with antibiotics,
given a gavage of the fungus Candida albicans, treated with both antibiotics and C.
albicans, or left untreated. This treatment regime has previously been demonstrated
to alter the systemic allergic-type responses in a microbiota-dependent manner4,19,29.

Flow cytometric data sets. Flow cytometric data were obtained from an experiment
analyzing the cecum of mice that had been either left untreated or infected for two

days with Clostridium difficile. Enrichment of intestinal leukocytes was performed as
previously described30. The cells were stained for the cell surface markers CD45 (clone
30-F11), CD11b (clone M1/70), CD11c (clone HL3), Gr-1 (clone RB6-8C5), MHC
II(clone M5/114.15.2), and F4/80 (clone BM8). Data on the samples were acquired on
a 3-laser Canto II flow cytometer using FACSDiVa software (BD Biosciences).

16S survey data analysis. The data sets were processed and analyzed separately using
the program mothur11 to bin the sequences into operational taxonomic units (OTUs).
This process created .shared output files, based on a phylotype-level of sequence
differentiation; i.e., OTUs binned into classifiable phylotypes, where genus is the
lowest taxonomic level (phylotype() followed by make.shared()), or an average-
neighbor clustered 3% OTU. These .shared output files – were then imported into and
analyzed in the program R (http://cran.r-project.org). These files follow the format of
a community data matrix, i.e., sites (samples) define the rows and species (OTUs)
define the columns. Before further analysis, a 1% cutoff was applied to the data (i.e.,
only OTU populations at a frequency of .1% of the total population were considered
for further analysis). The data were then normalized to # sequences/10,000 sequences.
Further analysis was performed, heavily leveraging a number of the functions found
in the R-package vegan18. Principle Coordinates Analysis was performed using the R
base function Classical Multidimensional Scaling (cmdscale()) together with distance
matrices created using the Jaccard (Jac) or Bray-Curtis (BC) ecological distance
metrics (from the function vegdist()). Bray-Curtis is a metric frequently used in
community ecology that balances both membership and abundance, whereas the
Jaccard metric considers membership to be more important than abundance. PCA
and CA were performed using the rda() and cca() functions, respectively. PCA is a
general method for assessing differences between samples based on their variance
(similar to PCoA utilizing a Euclidean distance metric). CA is a method that is
conceptually similar to PCA, except that the chi-squared statistic of the data frame is
used instead of the data frame itself. This latter method is often used in ecology

Figure 10 | Direct gradient analysis of the cecal bacterial communities of mice constrained by treatment. Bacterial OTUs were binned at a 3% OTU

cutoff and the data were constrained by treatment regime. Constrained ordinations were plotted based on (A, B) PCoA using (A) Bray-Curtis distance or

(B) Jaccard distance; (C) PCA; and (D) CA Individual samples were colored based on the treatment regime the mice received.
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because ordinations maximize the correlation between the sites where the data were
taken and the species found at that site. It is worth noting that in CA what is explained
is the contribution to the mean squared of the contingency coefficient, as opposed to
overall variance, but their meaning is analogous for the purposes of these analyses.
Constrained ordinations were generated using the Constrained Analysis of Principle
Coordinates (capscale()), Redundancy Analysis (rda()), or Canonical
Correspondence Analysis (cca()) functions which follow the method laid out by
Legendre and Legendre15. When not available otherwise, axis loading (inertia) values
were obtained by taking the eigenvalue of the axis and dividing by the sum of the
positive eigenvalues.

Flow cytometry data analysis. Listmode data files were loaded into R using the
flowCore package31, and the fluorescence channel information was extracted. CD451

cells were selected by gating on CD45-high, SSC-high and FSC-mid populations using
select3d() and the rgl package32. The resulting data matrix containing the CD451

cells was combined into a new data matrix containing the CD451 cells from both in
uninfected and infected treatments. A vector containing the explanatory variable of
"Treatment" was created for each row of the data frame. Fluorescent channels were
log-transformed after adjusting for zeros. Population densities were adjusted so that
they fell between the first and second decade. Finally, the combined CD451 cell data
frame was standardized using method5"max" from the decostand() function in the
package vegan. The CD451 data were constrained by Treatment to generate a CCA
and the resulting ordination plotted using the ordirgl() function. To maximize
visualization of overlapping populations, transparency was added (alpha50.5).
Selection of unique populations was performed using select3d() function and the
populations characterized using the function boxplot().
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