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ties (31). The specific biogeographical patterns exhibited by
microorganisms are variable and highly dependent on a number of factors, including the taxonomic group in question (29),
the degree of phylogenetic resolution at which the communities are examined (e.g., Pseudomonas) (7), and the spatial scale
of the study (40). However, some common patterns emerge if
we specifically examine the biogeography of soil microorganisms. In particular, the structure and diversity of soil bacterial
communities have been found to be closely related to soil
environmental characteristics (5, 37, 47), and soil pH is often
correlated with the observed biogeographical patterns (19, 24).
However, due to the paucity of detailed and comprehensive
studies of soil bacterial biogeography, particularly across larger
spatial scales, our understanding of soil microbial biogeography remains incomplete.
Previous studies of soil bacterial biogeography have focused
on either surveying a few soils in detail or surveying a larger
number of soils by techniques that offer less detailed phylogenetic information. For example, a few recent studies
used pyrosequencing or Sanger sequencing-based techniques to deeply survey the diversity and composition of the
bacterial communities within a single soil or a few soils (1, 14,
20, 39, 42). Such studies are valuable in that they provide our
best assessments of overall bacterial diversity and community
structure and the relative abundances of specific bacterial taxa
within soils. However, because such studies often examine only
a limited number of soils, they do not allow for robust assessment of biogeographical patterns and the factors that may
drive these patterns. Other studies have examined bacterial
communities across a larger number of soils, using more limited techniques, such as fingerprinting methods that offer little

The biogeographical patterns exhibited by microbial communities have been examined in a wide range of environments,
and studies focusing on microbial biogeography continue to be
published at a rapid pace. We know that microbial community
diversity and composition can vary considerably across space,
and this variation is theorized to be linked to changes in a
number of biotic or abiotic factors (22, 36, 41). There are
numerous overarching reasons for this interest in understanding microbial biogeography. For example, comparing microbial
patterns to those commonly observed in plant and animal taxa
is of intense theoretical interest (22, 25). From a more practical
standpoint, studies of microbial biogeography can often provide key insights into the physiologies, environmental tolerances, and ecological strategies of microbial taxa, particularly
those difficult-to-culture taxa that often dominate in natural
environments. However, perhaps the most important rationale
for studying microbial biogeography is the most basic one:
microbes are diverse, ubiquitous, and abundant, yet their biogeographical patterns and the factors driving these spatial patterns often remain poorly understood.
No single biogeographical pattern is shared by all microorganisms, just as there is no single biogeographical pattern
followed by all “macrobial” (i.e., plant and animal) communi-
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Soils harbor enormously diverse bacterial populations, and soil bacterial communities can vary greatly in
composition across space. However, our understanding of the specific changes in soil bacterial community
structure that occur across larger spatial scales is limited because most previous work has focused on either
surveying a relatively small number of soils in detail or analyzing a larger number of soils with techniques that
provide little detail about the phylogenetic structure of the bacterial communities. Here we used a bar-coded
pyrosequencing technique to characterize bacterial communities in 88 soils from across North and South
America, obtaining an average of 1,501 sequences per soil. We found that overall bacterial community
composition, as measured by pairwise UniFrac distances, was significantly correlated with differences in soil
pH (r ⴝ 0.79), largely driven by changes in the relative abundances of Acidobacteria, Actinobacteria, and
Bacteroidetes across the range of soil pHs. In addition, soil pH explains a significant portion of the variability
associated with observed changes in the phylogenetic structure within each dominant lineage. The overall
phylogenetic diversity of the bacterial communities was also correlated with soil pH (R2 ⴝ 0.50), with peak
diversity in soils with near-neutral pHs. Together, these results suggest that the structure of soil bacterial
communities is predictable, to some degree, across larger spatial scales, and the effect of soil pH on bacterial
community composition is evident at even relatively coarse levels of taxonomic resolution.
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MATERIALS AND METHODS
Sample collection, DNA extraction, and soil characterization. Samples were
collected from 88 sites representing a wide range of ecosystem types as described
by Fierer and Jackson (19). Briefly, all soils were collected near the height of the
plant growing season from nonagricultural soils that were minimally disturbed
and unsaturated for the majority of the year. At each site, soil from the top 5 cm
of mineral soil was collected from 5 to 10 randomly selected locations within an
area of ⬇100 m2. Soil samples were composited, stored, and shipped at 4°C for
1 to 3 days before the samples were sieved through 4-mm mesh to thoroughly
homogenize and remove roots and plant detritus from the samples. Soils were
archived at ⫺80°C until DNA extraction. The following soil and site characteristics were determined for each sample and used in the subsequent statistical
analyses: mean annual temperature (MAT), potential evapotranspiration rate,
soil moisture deficit (an index of average annual soil moisture), gravimetric soil
moisture content (at the time of sampling), soil texture (% silt plus clay), organic
carbon content (% OC), soil carbon/nitrogen ratio (C:N), extractable NH4⫹ and
NO3⫺ levels, pH, and potential carbon mineralization rate (g C-CO2 g soil⫺1
day⫺1). Details on these soil and site characteristics, the methods used to determine these characteristics, and each of the samples included in this study have
been described previously (19).
For this study, we focused on intersite variability, not the variability in bacterial
communities within individual plots, and thus DNAs were extracted and amplified from a single, composited sample per site. Approximately 10 g of soil from
each site was homogenized in a mortar and pestle with liquid N2, and DNAs were
extracted from a 0.5-g subsample by use of a MoBio PowerSoil DNA extraction
kit following the manufacturer’s instructions, with an additional incubation step
at 65°C for 10 min followed by 2 min of bead beating to limit DNA shearing.
Eluted DNAs were stored at ⫺20°C.
Bar-coded pyrosequencing. Amplification, pooling, and pyrosequencing were
performed as described by Fierer et al. (17). Briefly, a portion of the 16S
small-subunit ribosomal gene (positions 27 to 338 [V1 and V2]; Escherichia coli
numbering) was amplified using a 27F primer with a Roche 454 A pyrosequencing adapter, while the 338R primer contained a 12-bp bar-code sequence, a TC
linker, and a Roche 454 B sequencing adapter. The targeted gene region has
been shown to be the most appropriate for the accurate taxonomic classification
of bacterial sequences, as other regions of the 16S rRNA gene can lead to
significant misclassification of sequences (30). The bar code for each sample was

unique and error correcting to facilitate sorting of sequences from a single
pyrosequencing run (23). PCRs were conducted with 30 M of each forward and
reverse primer, 1.5 l template DNA, and 22.5 l Platinum PCR SuperMix
(Invitrogen, Carlsbad, CA). Amplification was performed as described by Fierer
et al. (17). Each sample was amplified in triplicate, pooled, and cleaned using a
MoBio 96 htp PCR cleanup kit. Equal amounts of PCR product for each sample
were combined in a single tube and sent to the Environmental Genomics Core
Facility at the University of South Carolina to be run on a Roche FLX 454
pyrosequencing machine.
Processing of pyrosequencing data. Data were processed by following the
procedure described by Hamady et al. (23) and Fierer et al. (17). Briefly, lowquality sequences were removed (those sequences of ⬍200 bp in length with an
average quality score of ⬎25), and the 12-bp bar code was examined in order to
assign sequences to samples. Phylotypes were identified using Megablast, with a
phylotype defined at the 97% sequence similarity level. A representative sequence from each phylotype was aligned using NAST (11), with a relaxed neighbor-joining tree built using Clear-Cut (46). The difference in overall community
composition between each pair of samples was determined from the neighborjoining tree by use of the unweighted UniFrac algorithm (32, 33). UniFrac
calculates the fraction of branch length unique to a sample or environment across
a phylogenetic tree constructed from each pair of samples or environments.
Since UniFrac provides a phylogenetic metric of community distance, it avoids
some of the pitfalls associated with comparing communities at only a single level
of taxonomic resolution and provides a more robust index of community distances. The taxonomic identity of each phylotype was determined using RDPII
taxonomy (9). All sequences have been deposited in the GenBank short-read
archive.
We used two indices to compare community-level bacterial diversity across all
88 soils. First we compared the number of phylotypes (richness), with the number
of phylotypes defined at the 97% sequence similarity level as described above.
This index of diversity is limited in that it characterizes diversity at only a single
level of taxonomic resolution. For this reason, we also estimated diversity using
Faith’s index of phylogenetic diversity (Faith’s PD) (15), which provides an
integrated index of the phylogenetic breadth contained within each community.
In both cases, we calculated the diversity metrics for a randomly selected subset
of 1,200 sequences per soil, as diversity is unavoidably correlated with the number of sequences collected. By using a set number of sequences, we could
compare general diversity patterns even though it is highly unlikely that we
surveyed the full extent of diversity in each community (45).
The UniFrac and diversity metrics described above were also applied to specific lineages of bacteria (Acidobacteria, Actinobacteria, Alphaproteobacteria,
Beta/Gammaproteobacteria, and Bacteroidetes). These lineage-specific analyses
were distinct from those described above in that we compared the diversity and
phylogenetic composition of these individual taxa across the collected soils, not
just the overall patterns evident from examining all taxa together. These five taxa
were the most abundant groups of bacteria in the total sequence data set, and for
reasons of clarity, we refer to these five taxonomic groups as phyla, recognizing
that we are using the term “phyla” in a general manner. The beta- and gammaproteobacterial groups were not analyzed separately, as these groups are often
combined in certain taxonomic schemes. For the lineage-specific UniFrac analyses, we limited the number of sequences to 250, 200, 100, 100, and 100 randomly
selected sequences per soil for Acidobacteria, Alphaproteobacteria, Bacteroidetes,
Beta/Gammaproteobacteria, and Actinobacteria, respectively. Normalizing the
number of sequences per soil allows us to control for the effects of survey effort
(number of sequences per phylum per soil) in comparing the lineage-specific
UniFrac distances across the sample set. Because some soils did not have the
required number of sequences per phylum, these lineage-specific analyses were
conducted on only 57 to 69 of the 88 samples (see Table 2), excluding those soils
where the individual phyla were relatively rare.
Statistical analyses. Pairwise UniFrac distances calculated for both the lineage-specific and total community analyses were visualized using nonmetric
multidimensional scaling plots as implemented in PRIMER v6 (8). Statistical
analyses were performed in a similar manner to those described by Lauber et al.
(29) and Fierer and Jackson (19). Correlations between the diversity estimates
and soil characteristics were tested for significance by use of SYSTAT 11.0.
Best-fit modeling of PD and individual phyla were performed in SigmaPlot, using
linear, polynomial (quadratic), and power law functions. ANOSIM analyses were
conducted using PRIMER v6 (8), as were Mantel-type tests to find correlations
between UniFrac distances and soil/site characteristics. Rarefaction curves were
produced using EstimateS (version 8.0) (http://purl.oclc.org/estimates).
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specific phylogenetic information on bacterial community
structure or techniques that describe communities at very
coarse levels of taxonomic resolution (18, 19). A comprehensive assessment of the biogeographical patterns exhibited by
soil bacterial communities requires both depth (individual
communities surveyed at a reasonable level of phylogenetic
detail) and breadth (examining a sufficiently large number of
samples to assess spatial patterns). With the recent development of the bar-coded pyrosequencing technique (23), we need
not sacrifice depth for breadth, or vice versa. This was demonstrated in several recent studies (2, 12, 17, 28) that used
bar-coded pyrosequencing to simultaneously analyze relatively
large numbers of individual samples, surveying the bacterial
community in each sample to an extent that would be difficult
(or prohibitively expensive) using standard cloning and Sanger
sequencing techniques.
Here we apply the bar-coded pyrosequencing technique to
examine the structure and diversity of bacterial communities in
88 soils collected from across North and South America. This
work expands on a previous fingerprinting-based survey of
bacterial communities across a similar set of soils (19), using
the pyrosequencing technique to extend the analyses and to
answer the following questions. Which taxa are most abundant
in soil? How does the phylogenetic structure of bacterial communities vary across the continental scale? Which environmental factors best predict bacterial community structure and diversity? Are some soil bacterial phyla more diverse than
others?
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RESULTS

FIG. 1. (A) Rarefaction results for soils with low (PE5), average
(MT2), and high (CC1) levels of diversity. The same three soils were
also used for Fig. 3. (B) Rarefaction results for the five dominant
bacterial phyla across all soils combined. To make the patterns clear,
we have shown rarefaction curves for only the first 20,000 sequences
per group. PE5, Manu National Park, Peru, tropical forest soil, pH 3.6;
MT2, Missoula, MT, temperate coniferous forest, pH 6.7; CC1, Cedar
Creek LTER, United States, temperate grassland, pH 6.0.

phylogenetic diversity (Fig. 3A) and phylotype richness (Fig.
3B). Of those soil and site characteristics considered, only soil
pH was significantly correlated (P ⬍ 0.05) with either phylotype richness (R2 ⫽ 0.32) or Faith’s PD (R2 ⫽ 0.50) (Fig. 3;
Table 1), and multivariate models did not lead to a significant
improvement in correlation values over those for pH alone.
With both metrics, diversity was highest in soils with nearneutral pHs (Fig. 3). Soils with the lowest levels of diversity
were found in either deserts with soil pHs of ⬎8 or temperate
and tropical forest soils with pHs of ⬍4.5. The soil with the
highest level of diversity, regardless of the metric used, was a
soil from the Cedar Creek LTER, a grassland site in Minnesota, that had a pH of 6.1 (Fig. 3). Although sample collection
was not precisely standardized across sites, these data do indicate that pH is a reasonably good predictor of overall bacterial
diversity across many soils, although the trend across fewer
samples may be less evident.
Soil pH was also the best predictor of variability in diversity
levels within each of the five dominant phyla. The estimates of
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Distribution of taxa and phylotypes across 88 soils. Across
all 88 samples, we obtained 152,359 quality sequences, with an
average read length of 232 bp and a range of 207 to 277 bp. Of
these sequences, 132,090 (87%) were able to be classified. On
average, each individual sample was represented by 1,501 classifiable sequences, with a range of 1,047 to 2,167 sequences per
sample. When grouped at the 97% similarity level, there were
49,944 phylotypes in the complete data set, with an average of
1,017 phylotypes per sample. The majority of phylotypes (65%)
were represented by a single sequence, and 75% of the phylotypes were found in only a single soil. The most abundant
single phylotype across the entire sample (classified as a member of the Alphaproteobacteria [Rhizobiales]) set was represented by only 531 sequences (approximately 0.34% of the
total number of classifiable sequences). Likewise, within an
individual soil, the most abundant phylotype accounted for a
maximum of 11% of the sequences from that soil (a member of
the Betaproteobacteria of the Gallionella genus in sample TL1).
Even at this depth of sequencing, we did not survey the full
extent of taxonomic diversity within individual soils at the 97%
similarity level of taxonomic resolution. This is evidenced by
the lack of asymptotes in the rarefaction curves for the representative low-, intermediate-, and high-diversity (as measured
by phylotype richness) soils shown in Fig. 1A.
Of the classifiable sequences, 25 phyla were identified across
the sample set (listed in Table S1A in the supplemental material). The dominant phyla were Acidobacteria, Alphaproteobacteria, Actinobacteria, Bacteroidetes, and Beta/Gammaproteobacteria, representing approximately 31%, 18%, 13%, 11%, and
9.1% of the sequences that could be classified below the domain level, respectively (Fig. 2; see Table S1A in the supplemental material). As described in Materials and Methods,
these five phyla were selected for more detailed lineage-specific analyses because of their relatively high abundances in
nearly all of the soils examined. Phyla that were less abundant
but still were found in most of the soils examined included the
Firmicutes (3%), Deltaproteobacteria (2%), Gemmatimonadetes
(1.5%), TM7 (1.0%), Verrucomicrobia (0.9%), and Cyanobacteria (0.7%) (see Table S1A in the supplemental material). We
identified sequences from an additional 11 rare phyla, which
we define here as those phyla represented by ⬍0.5% of the
sequences, and details on the occurrence of these rare phyla
are provided in Table S1A in the supplemental material.
Across all soils, acidobacterial sequences were most abundant. This phylum was dominated by members of groups 1 to
4 (see Table S1B in the supplemental material). Most of the
actinobacterial sequences were classified as belonging to the
Actinobacteridae and Rubrobacteridae taxa, with the Sphingobacteria taxon dominating the Bacteroidetes phylum. Rhizobiales
and Burkholderiales were the most abundant groups within the
Alphaproteobacteria and Beta/Gammaproteobacteria phyla, respectively. More complete information on the relative abundances of the 25 phyla and the dominant subphyla is provided
in Tables S1A and S1B in the supplemental material.
Variability in bacterial community diversity. When we compared soil bacterial communities at the same level of surveying
effort (1,200 sequences per soil), we found that communitylevel diversity was highly variable with respect to both overall

5114

LAUBER ET AL.

APPL. ENVIRON. MICROBIOL.

FIG. 3. Relationship between soil pH and soil bacterial diversity,
measuring using Faith’s PD (A) and the number of phylotypes (B),
with phylotypes defined at the 97% sequence similarity level. Lines
represent the best-fit quadratic model to the data. Unfilled triangles
represent the three soils shown in Fig. 1A. Diversity indices were
calculated using 1,200 sequences per soil sample.

Faith’s PD for the individual phyla had significant regression
coefficients with soil pH for four of the five phyla (for Acidobacteria, R2 ⫽ 0.23; for Actinobacteria, R2 ⫽ 0.31; for Alphaproteobacteria, R2 ⫽ 0.27; and for Beta/Gammaproteobacteria, R2 ⫽ 0.25), but the relationships were weaker than those
for overall bacterial community diversity (Table 1; see Fig. S1
in the supplemental material). If we compare the number of
phylotypes across all soils included in the lineage-specific analyses, we find that the Acidobacteria and Actinobacteria exhibited higher levels of diversity at the 97% similarity level than
the other three dominant phyla did. However, if we compare
the average numbers of phylotypes per soil or the average
levels of phylogenetic diversity per soil (with both metrics calculated from 100 randomly selected sequences per soil per
phylum), we see no apparent differences between the five phyla
(see Table S2 in the supplemental material). In other words,
some phyla are more diverse than others if we consider all 88
soils together, but the levels of diversity for any given phyla
seem to be relatively similar within individual soils.
Variability in overall bacterial community composition. The
composition of bacterial communities was highly variable
across the soils represented in this study (Fig. 2 and 4). On
average, each pair of soils shared only 0.9% of their phylotypes
(at the 97% similarity level), although this degree of community overlap is likely to be an underestimate given that we did
not identify all phylotypes present in a given sample (Fig. 1A).
Visualization of the pairwise UniFrac distances on nonmetric
multidimensional scaling plots indicates significant variability
within and across the biomes. Except for the desert soils and
perhaps the soils from Mediterranean-type biomes, soils from
similar biomes do not necessarily harbor similar bacterial communities, as the variability between biomes exceeded the variability within a given biome. This pattern is evident in Fig. 4
and was confirmed by a nonsignificant ANOSIM P value (P ⬎
0.05) for biome effects on UniFrac distances. Similarly, there
was no significant correlation between UniFrac distances and
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FIG. 2. Relative abundances of dominant bacterial taxa in all soils combined and in soils with different pH levels. The numbers above the
columns indicate the number of soils included in each category. Relative abundances were estimated from the proportional abundances of
classifiable sequences, excluding those sequences that could not be classified below the domain level. For additional taxonomic descriptions of the
soil bacterial communities, see Tables S1A and S1B in the supplemental material.
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TABLE 1. Relationships between phylogenetic diversity (Faith’s PD) and measured soil characteristics for the full sequence set and the five
most abundant phylaa
Correlation
Soil pH

Soil moisture
deficit

C/N ratio

% OC

MAT (°C)

C mineralization
rate (g C-CO2
g soil⫺1 day⫺1)

% Silt
plus clay

0.5
0.23
0.31
0.27
0.25
0.06

0
0.04
0.14
0.08
0.03
0.08

0
0
0.01
0.08
0.04
0.02

0
0
0.06
0.04
0.01
0.06

0
0.05
0.01
0.03
0.01
0.02

0
0.01
0.03
0
0.02
0.03

0
0
0.03
0
0.03
0

Phylum

Full community
Acidobacteria
Actinobacteria
Alphaproteobacteria
Beta/Gammaproteobacteria
Bacteroidetes

the pairwise geographic distances between sampling locations
(r ⫽ 0.05; P ⫽ 0.4), indicating that soils collected from distant
locations did not necessarily harbor more distinct communities
than those collected in close proximity.

Of the edaphic soil characteristics measured, pH was most
strongly correlated with the overall UniFrac distances between
soils (Table 2). UniFrac distances show minimal overlap
among communities that differ by more than 2 pH units when

FIG. 4. Nonmetric multidimensional scaling plots derived from pairwise Unifrac distances between soils, with symbols coded by general
ecosystem type (A) and pH category (B).
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a
Those relationships that are significant are indicated in bold. We tested three models to describe the relationships (linear, quadratic, and power), and the quadratic
function provided the best fit in all cases. The relationships between Faith’s PD and soil pH for the full community and the individual phyla are shown in Fig. 3A and
Fig. S1 in the supplemental material.
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TABLE 2. Correlations between unweighted UniFrac distances and environmental parameters (Spearman rank correlations
estimated using Mantel tests)a
Correlation
Soil pH

Soil moisture
deficit

C/N ratio

% OC

MAT
(°C)

Potential C mineralization
rate (g C-CO2 g
soil⫺1 day⫺1)

% Silt
plus clay

0.79
0.72
0.63
0.70
0.53
0.37

0.50
0.30
0.40
0.37
0.34
0.45

0.26
0.05
0.18
0.10
0.06
0.29

0.23
0.05
0.16
0.17
0.19
0.12

0.16
0.11
0.15
0.12
0.21
0.24

0.10
0.06
0.13
0.03
0.11
0.06

0.08
0.20
0.07
0.11
0.09
0.11

Phylum (no. of soils)

Full community (88)
Acidobacteria (69)
Actinobacteria (66)
Alphaproteobacteria (69)
Beta/Gammaproteobacteria (69)
Bacteroidetes (57)

samples are viewed by pH category (Fig. 4B). With the exception of soil moisture deficit, which is strongly correlated with
soil pH (r ⫽ 0.65), Mantel tests of the remaining edaphic
characteristics indicated no significant relationship with the
overall UniFrac distances between communities (Table 2).
Multivariate models did not lead to a significant increase in
correlation values over models that considered pH alone. If we
examine the phylum-level relative abundances, the strong influence of pH on overall bacterial community composition is
clearly evident (Fig. 2 and 5). Relative abundances of Acidobacteria, Actinobacteria, and Bacteroidetes were significantly
correlated with soil pH (P ⬍ 0.05 in all cases), with acidobacterial abundances decreasing with pH and the abundances of
Actinobacteria and Bacteroidetes positively correlated with soil
pH (Fig. 2 and 5). In contrast, Alpha- and Beta/Gammaproteobacteria abundances showed no significant relationship to
soil pH (P ⬎ 0.1 in both cases) (Fig. 5).
Variability in the composition of the dominant taxa. As with
overall bacterial community composition, if we examined the
five dominant phyla individually, we also found that the phylogenetic structure within these groups was most strongly correlated with soil pH (Table 2). Correlations between UniFrac
distances and soil pHs were significant (P ⬍ 0.05 in all cases)
within all five phyla but were stronger for the Acidobacteria
(r ⫽ 0.72), Alphaproteobacteria (r ⫽ 0.70), and Actinobacteria
(r ⫽ 0.63) than for the Beta/Gammaproteobacteria (r ⫽ 0.53)
and the Bacteroidetes (r ⫽ 0.37). Only soil moisture deficit and
pH were significantly correlated with pairwise UniFrac distances within each of these phyla (Table 2). In other words, the
data demonstrate that not only was the overall community
composition structured by soil pH, a pattern that is evident if
we examine the relative abundances of the different phyla
across the pH gradient (Fig. 5), but the differences in the
phylogenetic structures of the individual phyla were also significantly correlated with soil pH. These patterns are evident
by comparing the relative abundances of subphyla (percentage
of sequences within a given phyla represented by a given subphylum) in soils from different pH categories (see Table S1B in
the supplemental material). Acidobacteria subgroups 1, 2, and
3 decreased in relative abundance as soil pH increased, while
groups 4 and 6 showed the opposite pattern (see Table S1B in
the supplemental material). The relative abundance of the
Actinobacteridae decreased with pH, while the Rubrobacteridae

were the most prevalent actinobacterial subphylum in higher-pH
soils. Within the alphaproteobacterial phylum, the relative abundance of Sphingomonadales increased with pH, while various
other alphaproteobacterial groups showed the opposite pattern
(see Table S1B in the supplemental material).
DISCUSSION
General characteristics of soil bacterial communities. Although we collected an average of 1,501 sequences per soil, we
still have not surveyed the full extent of bacterial diversity
within individual soils, so we can only conclude that the typical
soil harbors more than 1,000 phylotypes (if we define phylotypes at the 97% sequence similarity level). This result is to be
expected; a number of other studies have used modeling approaches (21) or more extensive surveys than those described
here (48) to demonstrate that soil bacterial communities harbor an enormous number of unique taxa. Since most soil bacterial taxa can be considered rare (according to Elshahed et al.
[14]), it is not feasible to document the full extent of bacterial
diversity in a given soil, even if a full pyrosequencing run is
devoted to a single soil (20, 42). Not only do individual soils
harbor a large amount of phylogenetic diversity, but at our
survey depths, soil communities shared a small percentage of
their phylotypes, and most phylotypes were found in only a
single soil. Again, this is not surprising, as other studies have
also shown a high degree of endemism at finer levels of taxonomic resolution (20). However, it is important to recognize
that the degree of overlap between pairs of soils would likely
increase if the individual soils were surveyed more comprehensively.
All of the communities were dominated by five major
groups (Acidobacteria, Actinobacteria, Proteobacteria, Bacteroidetes, and Firmicutes), with these five groups accounting for
more than 90% of the sequences in each of the soils examined.
The relative abundances of the dominant taxa (Fig. 2; see
Table S1A in the supplemental material) roughly correspond
with those reported in a meta-analysis conducted by Janssen
(27). Although we focus here on the variability in bacterial
communities across a range of soil habitats, it is important
to recognize that soils are more similar to one another than
to other microbial habitats (34), as all of the soils were
largely composed of the same five bacterial groups and the
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a
Significant correlations are indicated in bold (P ⬍ 0.01). Other soil and site characteristics that were tested but were not included in this table because there were
no significant correlations (P ⬎ 0.15 in all cases) include mean annual precipitation, extractable NH4⫹ and NO3⫺ levels, total microbial biomass, potential
evapotranspiration, and latitude. Multivariate correlations did not increase the correlation coefficients.
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FIG. 5. Correlations between relative abundances of the five dominant bacterial phyla and soil pH. Pearson correlation coefficients (r) are
shown for each taxon, with the associated Bonferroni-corrected P values.

rarer phyla never had abundances of ⬎10% (see Table S1A
in the supplemental material). It is also important to note
that the primer 338R has some biases, especially toward the
Verrucomicrobia, Planctomycetes, and Chlamydiae, which are
routinely found using universal primers but were found in
low abundance in this study. Although many other studies
have made a similar observation, it is still noteworthy given
that all bacterial phyla are phylogenetically diverse yet there
also must be broad metabolic differences between these
phyla that allow some phyla to dominate in soil while others
nearly always remain quite rare.

Although each of the five dominant phyla had similar average levels of diversity within individual soils (see Table S2 in
the supplemental material), the Acidobacteria and Actinobacteria were more diverse across the entire sample set than the
proteobacterial and Bacteroidetes phyla (Fig. 1). These differences may be due to the strong pH influence on acidobacterial
and actinobacterial community composition, whereby the relative abundances of certain taxa within these groups were
strongly influenced by changes in soil pH (Fig. 2; see Table S1B
in the supplemental material), with soils of distinct pH levels
exhibiting minimal taxon co-occurrence.
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community structure. Depending on the types of soils included
in an individual survey, other factors may be more useful for
predicting community patterns, particularly in examining temporal or spatial changes in bacterial communities across soils
that share similar pH levels.
The apparent influence of soil pH on soil bacterial community structure has also been documented in a number of other
studies using various methods to characterize microbial communities (3, 4, 10). In particular, a recent study by Hartman et
al. (24) found that pH was the best predictor of changes in soil
bacterial communities, and they observed similar changes in
phylum-level abundances across the pH gradient to those observed here for Acidobacteria and Actinobacteria. Other studies
have also shown changes in the relative abundances of Actinobacteria, Acidobacteria, and Bacteroidetes across soils of different pHs that parallel those shown in Fig. 2 (13, 38, 43, 49).
However, the results reported do differ somewhat from those
of Fierer et al. (16), where the relative abundances of various
taxa were determined by quantitative PCR for a subset of the
soils included in this survey. Specifically, they found that the
abundances of Bacteroidetes, Betaproteobacteria, and Acidobacteria were most strongly related to estimated carbon availability, not soil pH. This disparity between the studies could be
related to the larger number of soils included in this study, but
it is most likely due to differences in methodologies. Although
the pyrosequencing technique does have certain limitations, it
is better suited for assessing changes in the relative abundances
of major taxa, because phylum-specific quantitative PCR assays have been shown to exclude many taxa within these phyla
(28).
The correlations between soil pH and bacterial community
structure and diversity observed here and in a number of other
studies are striking. However, we cannot identify the specific
mechanism or mechanisms responsible for generating the observed patterns. There are at least two general explanations
that may explain, singly or in combination, why soil pH was the
best predictor of community composition and diversity across
the range of samples included here. First, soil pH may not
directly alter bacterial community structure but may instead
function as an integrating variable that provides an integrated
index of soil conditions. There are a number of soil characteristics (e.g., nutrient availability, cationic metal solubility, organic C characteristics, soil moisture regimen, and salinity)
that are often directly or indirectly related to soil pH (6), and
these factors may drive the observed changes in community
composition as the hydrogen ion concentration varies by many
orders of magnitude across the soils in this study. Although it
would be nearly impossible to alter soil pH without simultaneously altering a wide range of other soil edaphic factors,
more controlled experiments could be used to test the validity
of this scenario and to determine whether changes in soil pH
alone can lead to the patterns observed here. A second hypothesis is that pH directly imposes a physiological constraint
on soil bacteria, altering competitive outcomes or reducing the
net growth of individual taxa unable to survive if the soil pH
falls outside a certain range. Many bacteria have intracellular
pH levels close to neutral (35), and therefore extreme pHs may
impose a significant stress that certain taxa may tolerate better
than others. If soil pH does lead directly to taxon sorting, it
should be noted that the effects of pH appear to be evident at
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Utility of bar-coded pyrosequencing methodology. The barcoded pyrosequencing technique used here yields results that
are qualitatively similar to those of a fingerprint-based analysis
of soil bacterial communities (19), but the technique provides
a far more robust description of the changes in bacterial community structure across the sample set. A pyrosequencing run
is not cheap, and the large number of custom primers required
only adds to this cost, but the technique does allow hundreds of
samples to be analyzed simultaneously, with each community
analyzed in considerable detail. Although the phylogenetic
structure and composition of the surveyed communities can be
determined with a high degree of accuracy (20, 26, 42), the
method does not allow us to identify bacterial taxa at the finest
levels of taxonomic resolution. However, with ever-increasing
read lengths, this constraint will gradually become less relevant. Of course, the bar-coded pyrosequencing technique itself
is of limited utility unless it is accompanied by appropriate
tools for sequence analysis (44). The phylogenetic approaches
described here (e.g., UniFrac distances and Faith’s PD)
are more powerful than standard phylotype-based approaches
where community structure and diversity are compared at a
single level of sequence similarity because they take into account different levels of similarity between different pairs of
taxa (33). In particular, comparing communities by grouping
sequences into phylotypes defined at the 97% similarity level
has limitations in that such surveys will be far from comprehensive (Fig. 1A), and overarching patterns evident by comparing overall phylogenetic structure (Fig. 4) may be more
difficult to discern and quantify.
Soil pH as a predictor of bacterial community structure.
Although there was a high degree of variability in bacterial
community composition across the range of soils examined
here, overall bacterial community composition and (to a lesser
extent) diversity were surprisingly predictable at this scale of
inquiry by considering only a single parameter, soil pH. This
influence of soil pH on overall community composition was
evident even at a very coarse level of taxonomic resolution,
where we saw the relative abundances of certain bacterial
phyla (e.g., Actinobacteria, Bacteroidetes, and Acidobacteria)
changing in a consistent manner across the soil pH gradient.
Even if we used lineage-specific analyses to examine shifts in
community composition and diversity within individual phyla,
we still found that pH was often significantly correlated with
the structure of these phyla across the range of soils examined
(Table 2; Fig. 5). Although soil pH was the best predictor of
bacterial community composition and diversity compared to
the other soil and site characteristics that were measured, a
large amount of the variability in bacterial community structure remains unexplained. Although we measured a standard
suite of soil characteristics and included all of these characteristics in our statistical analyses, it is entirely possible that the
consideration of other soil or site variables not measured here
would improve our ability to predict changes in community
structure across these spatial scales. For instance, salinity has
been shown to be a significant driver of global distributions of
bacteria, but it is not routinely measured in most soil studies
(34). Likewise, cation exchange capacity is often overlooked as
an important determinant of microbial community diversity
and composition. However, we are not suggesting that soil pH
can always be considered a universal predictor of bacterial
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even coarse levels of taxonomic resolution (Fig. 2 and 5).
Although individual phyla harbor considerable phylogenetic
diversity, the members of certain phyla appear to share a
common set of attributes that largely constrain those taxa to
a certain pH range (Fig. 5). In contrast, the relative abundances of other taxa (e.g., the proteobacterial taxa) (Fig. 5;
see Table S1A in the supplemental material) are not well
correlated with pH, suggesting that these taxa do not share
similar pH responses or that the abundances of these groups
are predominantly influenced by factors other than pH.
Thus, although pH appears to be a driver of many patterns
in soil microbial diversity, the influence of other factors will
need to be understood in order to develop a model that
accurately predicts soil microbial community structure
across larger spatial scales.
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