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Understanding the spatial patterns of organisms and the underlying mechanisms shaping biotic communities is a central goal in
community ecology. One of the most well documented spatial
patterns in plant and animal communities is the positive-power
law relationship between species (or taxa) richness and area. Such
taxa–area relationships (TARs) are one of the principal generalizations in ecology, and are fundamental to our understanding of the
distribution of global biodiversity. However, TARs remain elusive
in microbial communities, especially in soil habitats, because of
inadequate sampling methodologies. Here, we describe TARs as
gene–area relationships (GARs), at a whole-community level,
across various microbial functional and phylogenetic groups in a
forest soil, using a comprehensive functional gene array with
>24,000 probes. Our analysis indicated that the forest soil microbial community exhibited a relatively flat gene–area relationship
(slope z ⴝ 0.0624), but the z values varied considerably across
different functional and phylogenetic groups (z ⴝ 0.0475– 0.0959).
However, the z values are several times lower than those commonly observed in plants and animals. These results suggest that
the turnover in space of microorganisms may be, in general, lower
than that of plants and animals.
canonical correspondence analysis 兩 GeoChip 兩 taxa–area relationship

T

he complex diversity of life is the most stunning feature of Earth
and understanding such diversity and its distribution patterns at
multiple spatial scales is a central issue in ecology (1, 2). Knowledge
about the spatial distribution patterns of biodiversity are critical to
deciphering the forces shaping and maintaining biodiversity (1) and
are of practical importance for predicting species extinction risk
because of loss of habitat (1) and for designing reserves to protect
biodiversity (1). Therefore, the spatial distribution patterns of
biodiversity have received a great deal of attention in macrobial
ecology (1), but only more recently in microbial ecology (3–7).
The tendency that species richness increases with area [the
species-area relationships (SARs), taxa–area relationships (TARs),
or gene–area relationships (GARs)] is one of the few laws in
ecology (8). Several mathematical equations have been used to
describe TARs, but the power-law, S ⫽ cAz, is one of the most
commonly observed and used to describe taxa–area relationships
(9). Here, S is the number of species, A is the area, and c is the
intercept in log-log space. According to this formula, the speciesarea exponent, z, is a measure of the rate of species turnover across
space. Such positive power-law relationships between species number and area are commonly observed in plant and animal communities. In macroorganisms, the z values are generally consistent
across taxa and are often relatively close to a theoretically derived
value of 0.25 (10) based on the canonical lognormal distributions of
species.
Microorganisms are the most abundant and diverse group of life
on our planet and play integral and often unique roles in the
biogeochemical cycling of various materials and elements that are
crucial to ecosystem functioning. Despite their importance, the
spatial scaling of microbial diversity is poorly understood. Because
of their unique biology, it has been long assumed that microorganisms have cosmopolitan distributions (11), which could lead to
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fundamentally different biodiversity scaling relationships from
those observed in plants and animals (11). Recently, a few studies
have shown that microorganisms exhibit the power-law relationships between taxa richness and area based on measurements of
microbial taxa defined by either morphological or a few molecular
markers (e.g., 16S rRNA gene) (3–5); however, only very limited
numbers of phylogenetic groups (e.g., ␤-proteobacteria) or communities at very coarse levels of resolution have been examined (5).
Thus, the spatial scaling of microbial diversity at the whole community level across different functional and phylogenetic groups
remains generally elusive and greatly understudied.
The slopes of the TARs for microorganisms vary substantially
among different studies (z ⫽ 0.019 to 0.470) (3–6, 11–14), especially
in soils, which could be the most challenging habitats among all
natural environments for microbiologists because of the microbial
community size and the extent of species diversity. One study
showed that the slope of the TARs in forest soils was barely
noticeable (z ⫽ 0.03) (3) and much lower than those in plants and
animals, which is consistent with those from the majority of
microbial studies (11). However, another study on forest soils
recently showed the opposite trend (z ⫽ 0.42 to 0.47), despite similar
techniques used (6). Such variation in results could be due to the
true differences in microbial spatial distributions but could also be
compounded by the differences of the experimental design and
analytical approaches used and/or by various sampling artifacts,
such as under-sampling, unequal sampling, and taxonomic lumping
(11, 15, 16) [see supporting information (SI) Results and Discussion]. Because microbial diversity is immense, it is likely that all
studies have greatly under-sampled microbial diversity (4), especially when the dominant taxa are most widely distributed. Undersampling could result in flat TARs (11). To minimize the artifact
of under-sampling, more sampling effort is required to describe
diversity in larger areas than smaller areas (11), which often leads
to other artifacts related to unequal sampling. Such unequal
sampling could lead to increases in diversity with area, even if the
real community diversity remains unchanged (1, 11, 15). In addition, another potential sampling artifact could also occur with
random sampling process. Generally, only small portions (⬍ 1%
species/populations) from a microbial community are randomly
sampled for determining TARs, using conventional PCR-based
molecular methods (5, 6, 17); thus, the probability of sampling the
same portion of a community in various sampling events for
determining TARs could be small given the size and diversity of soil
communities. It is expected that overestimation of the slope of
TARs would occur if different portions of a community are
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Table 1. The slopes of gene-area relationships for various
functional and phylogenetic groups
Microbial group

analyzed in different sampling events (see SI Results and Discussion). Finally, the coarse level taxonomic resolutions commonly
used for microorganisms, such as morphortypes, ribosomal RNA
gene-based phylotypes, and fingerprints, could also lead to the flat
TARs relative to those of plants and animals (4, 5, 11). Taken
together, all of these problems could lead to incorrect conclusions
on the spatial scaling of microbial community diversity (11).
Microarrays are a recently developed powerful genomics-based
technology that is widely used to address various biological questions. A comprehensive functional gene array, termed GeoChip,
has been developed, containing 24,243 oligonucleotide (50-mer)
probes and covering ⬎10,000 genes in ⬎150 functional gene groups
involved in nitrogen, carbon, sulfur, and phosphorus cycling, metal
reduction and resistance, and organic contaminant degradation
(18). The GeoChip hybridization-based detection is ideal for examining GARs, because it has advantages in eliminating or minimizing various sampling artifacts mentioned above (SI Results and
Discussion). Here, we determined spatial scaling of microbial
functional gene diversity in a forest soil by addressing the following
questions using the GeoChip-based genomics technologies: (i) Do
the GARs exist in soil microbial communities? (ii) Do the GARs
vary across different functional and phylogenetic groupings in a
community? (iii) Are the slopes of the GARs in soil microbial
communities greater or less than the similar measurements, SARs,
observed in plants and animals? To answer these questions, we
conducted our studies in a deciduous forest at the Oak Ridge
Reservation (Oak Ridge, TN), followed by determination of microbial community structure with the GeoChip. Our results indicated that the GARs exist in soil microbial communities with z
values ⬍0.1, and the turnover in space of microorganisms could be,
in general, lower than that of plants and animals.
Results
To determine GARs in the forest soil, we sampled soil cores in a
nested manner over a scale of ⬍1 m to 1 km (Fig. S1). A total of
25 soil DNA samples were analyzed with the GeoChip. Gene
richness in each sample was determined based on microarray
hybridization patterns and used to describe the spatial distribution
patterns of the microbial community in relevance to area sizes. To
avoid confusion with different terms, in this study, functional group
signifies a group of genes involved in certain functional processes,
e.g., nitrification, denitrification (nirS, nirK) and nitrogen fixation,
whereas functional gene (FG) indicates a group of gene sequences
sharing homology, such as nirS, nirK, nifH,or dsrA. Also individual
functional gene sequences (FGSs) mean all individual gene seZhou et al.
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0.014
⬍0.001
0.087
⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
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z values were determined by fitting the linear regression equation (logS ⫽
logc ⫹ zlogA), where S is species richness and A is area. The z values for
individual functional and phylogenetic groups were estimated based on the
individual functional gene sequences within each group. t and P values are
from one-sample t tests on bootstrapping (9,999 times) for testing significance
of z values. Functional group, a group of genes involved in certain functional
processes, e.g., nitrification, denitrification (nirS and nirK), and nitrogen
fixation. Individual functional gene sequences, all individual gene sequences
detected in this study. Functional gene, a group of gene sequences sharing
homology, such as nirS, nirK, nifH, or dsrA.

quences detected by hybridization. In addition, because microorganisms are invisible and the majority of them cannot be easily
cultured, the detection of microorganisms often relies on individual
genes or gene-like DNA fragments such as 16S rRNA genes,
various functional genes, and intergenic gene regions. Consequently, strictly speaking, the TARs that have been determined, as
illustrated by Horner-Devine et al. (5), Green et al. (4), and this
study, should be the gene–area relationships (GARs). Thus, the
term, GARs, were used in this study across the entire text. But, we
prefer to use TARs as a general term for the broad description of
such types of studies for more convenient discussion within the
context of previous studies.
The slopes of GARs were estimated by a linear regression with
the log transformed gene richness data for each functional and
phylogenetic group. Significant GARs were observed for all functional (Fig. 1) and phylogenetic groups (Fig. S2) except that the
supergroup, Bacteria as a whole, did not exhibit a significant GAR
at ␣ ⫽ 0.05 level (Table 1). Also, considerable variations in the z
values were observed among different functional and phylogenetic
groups. The mean z value was 0.0655 (⫾ 0.0223) for different
functional gene groups, which is comparable with z values for
phylogenetic groups (0.0640 ⫾ 0.0188). In addition, it is obvious
that the z values varied by taxonomic resolution. For instance, the
z value was 0.0624 based on all individual FGSs, but was approximately five times lower based on FGs (z ⫽ 0.0141) (Table 1).
To determine whether the estimated z values were significantly
different among various functional or phylogenetic groups, bootstrapping was used to estimate the variances of z values, followed by
a pairwise t test with Bonferroni correction. Our results revealed
that the estimated z values were significantly different among
various functional or phylogenetic groups (P ⬍ 0.001) except for the
z values between Gram-positive bacteria and ␤-proteobacteria (Tables S1 and S2). For instance, the z value for the genes involved in
nitrogen fixation (nifH) was 0.0898, approximately two times
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Fig. 1. The gene–area relationships of individual functional groups based on
measurement from the GeoChip hybridization.
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greater than that for the genes involved in nitrate reduction (0.0485)
(Table 1). Also, the z value for fungi was 0.0475, which was
significantly lower than those for Bacteria (0.0626) and Archaea
(0.0748) (Tables S1 and S2). In addition, among Proteobacteria, the
z value for ␤-proteobacteria (0.0519) was significantly lower than
those for ␣- (0.0662) and ␥-proteobacteria (0.0644), indicating that,
as a group, the ␤-proteobacteria may have a slower turnover in space
than other Proteobacteria in the forest soil. This was consistent with
the observation that the turnover in space of ␤-proteobacteria was
lower than that of other bacteria sampled in salt marsh sediments
(5). Finally, the z values for both fungi and Gram-positive bacteria
were more comparable to each other and generally less than the z
values estimated for the other organisms sampled. This latter
difference could be related to the unique biology of spore formation in fungi and common soil bacterial genera, such as Clostridia
and Bacillus, which may also rely on spores for dispersal.
Unlike traditional biogeography studies in plants and animals,
individual genes rather than the whole organisms were detected for
analysis in microbial biogeographical studies. Any genes could be
subjected to various DNA recombination processes during evolution. Although using functional genes as biomarkers may provide
greater taxonomic resolution than rRNA genes, it should be noted
that functional gene biomarkers are more vulnerable to the effects
of horizontal gene transfer (HGT), especially for those genes that
are frequently plasmid-borne, such as those involved in metal
resistance and organic contaminant degradation (19). The possible
existence of HGT among these genes could result in underestimating true z values (5). To assess the potential impacts of HGT on
GARs in this study, we calculated z values separately for different
phylogenetic groups by simply excluding the genes that are plasmidborne or potentially plasmid-borne, and/or excluding these genes
involved in metal resistance and organic contaminant degradation
because some of them are shown to be more vulnerable to HGT.
Almost identical z values for different phylogenetic groups were
obtained. This suggests that the impact of HGT on GARs was not
a serious problem in our study.
Environmental heterogeneity and the differences in demographic processes (e.g., dispersal, colonization, speciation, and
extinction) are important in determining TARs across different
organisms (16, 20). To determine whether soil property variables
affected microbial community composition, partial Mantel tests
were performed. When the effects of geographic distance were held
constant, partial Mantel tests indicated no significant correlations
between the two datasets. Because using many unrelated individual
variables can mask the signature of any significant variables in
Mantel tests BIO-ENV and canonical correspondence analysis
(CCA) were further performed to identify the abiotic factors
important to community composition. Ammonium concentration,
C/N ratio and fraction of C in particulate organic matter (fPOM-C)
were identified as important factors, which were then used for
constructing a Euclidean distance-based similarity matrix. Partial
Mantel test revealed significant correlations among these three
variables identified and community composition based on FGs (rM
⫽ 0.293, P ⬍ 0.05) (Table S3). Similarly, partial Mantel tests
revealed no significant correlations between geographic distance
and all of the functional and phylogenetic groups except for the
functional group involved in nitrate reduction, which exhibited a
significant correlation with geographic distance (rM ⫽ 0.169, P ⬍
0.05) (Table S3).
Because partial CCA has been shown to be more appropriate to
correctly partition the beta diversity among sites than partial Mantel
test (21), a CCA-based variation partitioning analysis (VPA) (22)
was further performed. Similar to the Mantel test, when the effects
of geographic distance were held constant, no significant correlations were observed between the overall microbial community
composition and the measured soil environmental variables. The
reverse was true for geographic distance when soil environmental
variables were held constant. To separate the effects of environ7770 兩 www.pnas.org兾cgi兾doi兾10.1073兾pnas.0709016105

Fig. 2. A comparison of z values of macrobial and microbial taxonomic
groups. Data were obtained from supplemental data of Drakare et al. (20)
except those taxonomically less defined groups. Some recent data for microbial communities were also added. A total of 701 datasets were analyzed. The
bars represented the average z values, and error bars represented 1 standard
deviation. The data from other studies are presented as black bars; the data
generated from this study are presented as grey bars.

mental soil variables and geographic distance, additional VPA was
carried out based on the richness of all individual FGSs. Although
they were not statistically significant, about one fifth of the total
microbial community composition variation could be explained
independently by environmental heterogeneity (part a, 20.7%, P ⫽
0.920) and geographic distance (part c, 18.3%, P ⫽ 0.294) (Fig. S3).
A very small portion of the variation (part b, 5.8%) was contributed
by both environmental heterogeneity and geographic distance,
suggesting that the microbial community and environmental data
have quite different spatial structuring. This is also supported by
spatial correlogram analysis, which indicated that the overall FGS
richness had a single patch at ⬇300 m, whereas environmental
variables had multiple patchinesses at ⬇50 m and ⬇800 m (Fig. S4).
Similar to other studies (21), substantial amount (part d, 55.2%) of
the microbial community variation could not be explained by the
measured environmental variables and the geographical distance
examined.
To obtain general insights on the spatial scaling of biodiversity
across different organisms, the z values obtained in this study were
compared with all available published data (701 datasets) (Fig. 2).
Because the z values in these different studies were obtained with
a variety of approaches at various spatial scales (e.g., contiguous vs.
island habitats), it would be impractical to make exact comparisons
at the detailed fine levels. Such comparisons would be especially
more difficult between microorganisms and macroorganisms because the biogeography studies with microorganisms are often
based on genes rather than individual organisms. If we assume that
the difference of gene richness will reflect the difference of
organism richness in microbial communities, the following coarselevel generalizations can be drawn. First, no overall significant
differences of spatial scaling between plants and animals were
observed. The mean z value for plants was 0.306 (⫾ 0.018), whereas
it was 0.274 (⫾ 0.017) for animals (Fig. 2), which are both relatively
close to a theoretically derived value of 0.25 (10). Second, the
turnover rate of microorganisms in space appears to be much lower
than those of other organisms. The z values for microorganisms
were generally ⬍0.1 in contiguous habitats, which were three to four
times less than those observed in higher plants and animals (Fig. 2).
Additionally, overall, no clear-cut differences of spatial scaling
between eukaryotic and prokaryotic microorganisms were observed (Fig. 2).
Zhou et al.
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communities. Beyond the advantage of less diversity needed to be
surveyed as mentioned above, another main advantage of the
functional genes (e.g., amoA, nirS, nirK, nifH, and dsrAB) over 16S
rRNA genes is that they can generally provide higher resolution in
differentiating various microorganisms, and hence the taxonomic
lumping problem (11) can be ameliorated. For instance, under the
hybridization conditions of 50°C plus 50% formamide, the GeoChips can provide species/strain level resolution for analyzing
microorganisms involved in various biogeochemical processes (25,
26), and hence the z values, closely approaching those in plants and
animals, theoretically could be obtained. However, compared with
16S rRNA genes, most functional genes could provide less robust
information on phylogenetic relationships among various organisms, especially because many functional genes are more vulnerable
to horizontal gene transfer.
When molecular approaches are used for determining spatial
distribution patterns of microbial communities, GARs, instead of
traditional SARs, are obtained. Because prokaryotic taxa and
species concepts are often poorly defined, using GARs could be
more appropriate than using SARs or TARs. In this study, we used
functional gene richness instead of ‘‘species’’ richness, to describe
the spatial distribution patterns of the microbial community in
relevance to area sizes. We hypothesize that the difference of
functional gene richness as a whole will reflect the difference of
‘‘species’’ richness among different samples, and that functional
genes are useful in evaluating spatial scaling of microbial communities across different taxa along with other phylogenetic marker
genes (e.g., 16S rRNA genes). Thus, the z values determined based
on many functional genes as a whole should, in theory, reflect the
z values comparable to plants and animals. This is supported by the
recent studies based on the average nucleotide identity (ANI) of
the shared genes between two strains (27), which demonstrated that
the ANI values of 94% corresponded to the traditional 70%
DNA–DNA reassociation standard of the current species definition. This is also supported by our results showing that the 50-merbased GeoChips can, given that stringent probe design and hybridization conditions are applied, provide species/strain level
resolution for analyzing microorganisms involved in various biogeochemical processes (25, 26). Although great caution is also
needed to make meaningful comparisons because the spatial distribution patterns of individual genes could be different from those
of individual organisms because of the differences in evolutionary
rates, gene copy numbers, and vulnerability to horizontal gene
transfer of individual genes. However, we believe that more reliable
comparisons can be made with the z values determined based on
many functional genes as a whole as presented in this study. Further
work is needed to validate this hypothesis.
The relationship between biodiversity and area is a central
issue in ecology. Despite their ecological and biogeochemical
importance, the TARs in microbial communities are poorly
understood. Because of the unique biology of microorganisms
(e.g., high dispersal rates, high functional redundancy, massive
population sizes, rapid asexual reproduction, resistance to
extinction, and horizontal gene transfer) (5, 11, 17), one might
expect that the relationships of taxa richness to area could be
quite different from those observed in macrobial ecology (5).
Based on many different functional gene markers important to
various biogeochemical, ecological, and environmental processes, our study demonstrates that microbial functional and
phylogenetic groups exhibit TARs, although they vary considerably among functional/phylogenetic groups. Although the
general values that affect the shape of these relationships may
differ, our results strongly support the general claim that the
TAR appears to be a universal law in biology (4, 5, 8)
The observed z values varied greatly across different studies that
included different habitats for microorganisms (4–6, 12). Our
results indicated the mean calculated z value were 0.0655 for
different functional groups and 0.0640 for different phylogenetic
PNAS 兩 June 3, 2008 兩 vol. 105 兩 no. 22 兩 7771
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Discussion
Microorganisms are very small, invisible to the naked eye, and their
diversity is extremely high, with most (⬎ 99%) microorganisms
as-yet uncultured. Characterizing such vast diversity and understanding the mechanisms shaping it presents numerous obstacles.
Because of the difficulty in obtaining quantitative experimental
data, community-wide studies on the spatial and temporal dynamics
of microbial community structure and activities in microbial ecology are most often conducted at a descriptive level rather than at
a desired model-based predictive level (17). Because of this, it is
often not clear whether existing ecological theories and models
developed in macrobial ecology are applicable to microbial ecology
(23). The development of microarray-based high throughput
genomic technologies has the potential to enable microbial ecologists to test model-based ecological theories and hypotheses at the
community-wide scales by allowing consistent and quantitative
datasets to be generated on the large numbers of genes and samples
that are required for addressing such questions. Thus, in this study,
we have used a comprehensive functional gene array to examine
the spatial patterns of microbial diversity in forest soil microbial
communities.
Microarray hybridization-based approach has several advantages for examining TARs by eliminating or minimizing various
sampling artifacts (see SI Results and Discussion for details). One
of the main advantages is that the arrays contain tens of
thousands of functional gene markers so that many microbial
populations and functional groups can be simultaneously detected at the whole community-wide scale. In contrast to other
molecular methods, the spatial distribution patterns of many
individual functional genes in the same sample sets can be
simultaneously obtained with the microarray-based hybridization approach, as illustrated in Table 1. Also, the information on
microbial diversity based on many functional genes/groups could
be more representative of the overall picture of microbial
diversity at the whole community level than those based on a
single gene (e.g., 16S rRNA gene). In addition, the microbial
population diversity based on functional genes will be much
lower than that based on 16S rRNA genes (SI Results and
Discussion), and hence less sampling efforts will be required to
survey the functional gene diversity of the microbial community
of interest. As a consequence, the undersampling problem (11),
which can be assessed by accumulation curves, could be ameliorated with the array hybridization-based detection approach
outlined here. Finally, distance-decay approach (4, 5) uses
relative comparisons of microbial community composition
rather than richness to examine TARs. It also has advantages in
ameliorating the undersampling problem because, it is unnecessary to fully characterize or sample a community for making
relative comparisons, which could still give robust measures of
spatial scaling parameters (5). By combining the array-based
detection methods with such data analysis approaches, we
believe that undersampling problem could be satisfactorily
solved, if not eliminated.
Because of unique biology of microorganisms, their detection is
often dependent on individual genes or other DNA fragments.
Both phylogenetic (e.g., 16S rRNA, gyrB, recA, and ribosomal
intergenic regions) and functional marker genes (e.g., amoA, nirS,
nirK, nifH, dsrAB, and other biogeochemically important genes)
are very useful for studying phylogenetic relationships among
different organisms, for analyzing microbial community structure,
and/or for monitoring the physiological status and functional activities of microbial populations and communities in natural environments (24). They can be used as molecular markers in examining
spatial distribution patterns of microbial communities as demonstrated by the studies in refs. 4 and 5 and this study. Both
phylogenetic and functional marker genes also have some distinct
advantages in examining spatial distribution patterns of microbial

groups. These values might be expected to more accurately represent the z values in soil microorganisms. Using 16S rRNA genebased PCR cloning and sequencing approaches, Horner-Devine et
al. (5) estimated that the z values were 0.04 for bacteria and 0.019
for ␤-proteobacteria at the taxonomic resolution of 99% sequence
identity. The z values estimated in our study are ⬇2–3 times greater
for bacteria (0.0626) and ␤-proteobacteria (0.0519) than those based
on 16S rRNA genes. The main reason for this could be that the
taxonomic resolution based on the functional genes on the arrays is
higher than that based on 16S rRNA gene (28). However, our
results and those of others suggest that z values are typically ⬍0.1
for microorganisms, which are still much less than those typically
observed in plants and animals (5, 20).
The TARs for fungi were recently studied in four different arid
land systems, using ARISA (automated ribosomal intergenic
spacer analysis). The estimated z values were 0.0175, 0.0235, 0.0315,
and 0.038 for four different systems individually, whereas the z value
across all of the data from the four systems combined was 0.074 (4).
Similar to the results observed for bacterial groups, the calculated
z value (0.0475) for fungi in our study was slightly greater, but it still
falls within the general range of z values observed in these systems.
Because different methods were used with different ecosystems,
direct comparison of z values is difficult. However, as the authors
indicated, the ARISA-defined OTU could also underestimate the
number of fungal species, which could lead to lower z values. In
addition, the estimated z value is substantially lower than the z
values (0.20–0.23) for ectomycorrhizal fungi (7).
Very few studies have examined the taxa–area relationships in
forest soils. The calculated z values in our study were more or less
consistent with that (z ⫽ 0.03) obtained from 98 forest soil samples
from many different sites (3), but they were much lower than those
in tropical deciduous forest soils (z ⫽ 0.42 for the hilltop soil and
0.47 for the slope soil), using 16S rRNA genes-based T-RFLP
analysis (6). The latter values are higher than the z values reported
for vertebrates and sea invertebrates (1). We are not sure what
causes such differences, but the sampling artifacts and differences
in experimental design could be one of the main reasons. Because
our experimental design is more consistent with typical biogeographical studies (5) and many functional genes were simultaneously examined, we believe that the z values presented in this
study could be more representative the spatial distribution patterns
of microbial communities in forest soils.
Both environmental heterogeneity and the differences in demographic processes play important roles in determining TARs across
different organisms (16, 20). The factors controlling TARs in the
forest soil could be very complicated. It appears that environmental
heterogeneity and geographic distance have very little influences on
the diversity patterns of the microbial communities in these soils
because no significant relationships were detected for most of the
functional gene groups examined by using both partial Mantel test
and partial CCA. There are several possible explanations for these
observations. First, similar to several other studies (21), substantial
amount of the variations of microbial community compositions as
measured based on functional genes could not explained by the
measured environmental variables and spatial structure. A fair
amount of the unexplained variation could be due to the local
effects of unmeasured biotic (e.g., competitions and trophic interactions) or abiotic (e.g., O2 level within soil aggregates and labile C
pool) controlling variables or the missed description of spatial
structures (see below) (22). Second, the spatial scale used for
sampling in this study may not be suitable for discerning the
influences of environmental heterogeneity and geographic distance
on microbial community diversity patterns. A larger spatial scale
(on the order of tens of thousands of kilometers) may be more
appropriate for revealing the impacts of geographic distance on
microbial communities (16), while smaller spatial scales (⬍ 1 m2
level or even the soil aggregate particle level) may be needed to
discern the influences of environmental heterogeneity. The data on
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soil properties in our study showed few significant differences in
variation between small scales (⬇1 m) and large scales (⬇1 km),
suggesting that variation at smaller scales in these soils may be just
as great as that at larger scales (29). Natural selection on microbial
populations by soil chemical and physical factors most likely occurs
at even smaller scales, such as soil particles and aggregates. In
addition, it is not impossible that a part of the microbial community
variation observed could be a result of ecologically neutral processes of diversification through random ecological drift (30). The
genetic diversity of functional genes generated by neutral processes
would provide little correlation to the environmental and spatial
variables examined. Further studies are needed to examine both
biotic and abiotic mechanisms in shaping microbial community
composition and structure.
It should be noted that microarray-based hybridization could also
underestimate the z values if the probes on the arrays do not well
represent the diversity of the genes of interest in a given microbial
community. If many genes of interest are not represented on the
arrays and if these genes exhibit high spatial variability, the estimated z values based on array hybridization could be underestimated. One solution to this problem is to use metagenomic
approaches to characterize the molecular diversity of the genes of
interest in a community. Then the probes can be designed from any
new gene sequences of interest for microarray fabrication. This will
ensure that the designed arrays well represent the molecular
diversity of the communities of interest if sufficient sequence
information is available. Because it has many probes from different
functional genes, the GeoChips used in this study could detect
reasonably well some intensively studied functional genes although
continuous improvement with higher gene coverage is always
needed. In addition, the knowledge gained from this study on
spatial scaling of microbial diversity could be only applicable at the
meter scale used in this study, but may be not hold at smaller (e.g.,
micrometer or soil aggregate scales) or larger (e.g., tens of thousand
of kilometers) scales of study.
In conclusion, understanding spatial scaling of biodiversity is a
central question in ecology. Using the comprehensive GeoChip, our
results revealed that the forest soil microbial communities exhibit
gene–area relationships at the whole community level across various functional and phylogenetic groups. Because several artifacts
in determining GARs for microorganisms can be minimized or
eliminated by using the microarray hybridization-based detection
approach, the estimated slopes of GARs are likely to more realistically reflect the spatial scaling of biodiversity in microbial communities. The determined slopes of GARs across different functional and phylogenetic groups in the forest soil were ⬍0.1, which
is much lower than those in plants and animals. However, although
the scaling of these relationships appear to be much different
from that macroorganismal communities, our results strongly
support the hypothesis that the taxa–area relationship is a universal
law in biology (4, 5, 8) applies to soil microorganisms. It is also
expected that this array-based approach will provide a powerful
tool for studying microbial biogeography under various conditions
in various types of habitats, including soils, sediments, groundwaters, wastewater treatments, and animal guts, and provide insights on microbial spatial patterns and the underlying controlling
mechanisms.
Materials and Methods
Sampling and Soil Analysis. Two perpendicular 1-km transects crossing at the
center of each other were located in a deciduous forest at the Oak Ridge
Reservation (Oak Ridge, TN). Sampling locations were placed at the center point
and at 1-, 5-, 10-, 50-, 250-, and 500-m distances from the center point along
transects in all four directions (SI Materials and Methods for details). Four soil
cores (15 cm deep) around each sampling point were randomly collected for
chemical and molecular analysis. A total of 23 geochemical variables were measured and derived. Additionally, at each sampling point, the predominant overstory tree species within 10 m of the center point were recorded.
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DNA Extraction and Microarray Hybridization. Community DNA extraction,
community DNA amplification (100 ng of purified community DNA in triplicate),
probe labeling, microarray hybridization, scanning, and image processing were
performed as described in refs. 31 and 32 (see SI Materials and Methods for
details). The GeoChip used in this study contained 24,243 oligonucleotide probes
targeting ⬎150 functional groups of ⬎10,000 genes essential to the biogeochemical cycles of carbon, nitrogen, phosphorus, and sulfur along with metal
resistance, metal reduction and organic contaminant degradation (18). Microarray hybridization was carried out overnight at 50°C in 50% formamide, in which
specific hybridization can be achieved for probes with sequence identity of ⬍90%
to the target sequences (18, 25), even up to 98% similar to the target sequences
for some probes (25). Thus, the GeoChip hybridization could provide speciesstrain level of resolution (26).

from the nested sampling design (5) (SI Materials and Methods). The significance
comparison of z values among different estimations was also achieved by bootstrapping (1,000 times), followed by pairwise t test with Bonferroni correction.
Sorensen index was used to construct community similarity matrices of both
microorganisms and plants for analysis with BIO-ENV and Mantel test, whereas
Euclidean distances were used to construct similarity matrices for geographic
distance and soil properties. Partial Mantel tests and partial CCA were used to
determine the effects of environmental heterogeneity and plant tree composition on microbial community composition by controlling geographic distance as
constant and vice versa (5). BIO-ENV and CCA were also used to identify the
abiotic factors most important to community composition. The partial CCA used
for variation partition was carried out as described in ref. 22.
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ECOLOGY

Data Processing and Analysis. Microarray data preprocessing (e.g., removing
poor and outlying spots, normalization) was carried out as described in refs. 18
and 31 (see SI Materials and Methods for details). The normalized hybridization
data for individual functional gene sequences was then reorganized based on
functional genes, such as nifH and nirS, and functional groups, such as nitrification, denitrification for estimating z values.
Richness–area modeling was fitted by linear regression in log space for the
observed gene richness (Sobs) of seven nested areas (0.02, 2, 50, 200, 2,500,
125,000, and 500,000 m2). The slope (z value) was tested by an one-sample t test
between original slope and a mean of bootstrapped slopes by random pairing of
the original set (10,000 times with replacement) because of lack of independence
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