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IntroductIon

Soil microbes are among the most abundant and 
diverse organisms on Earth, and are responsible for key 
ecosystem functions and services, including decompo-
sition, nutrient cycling and climate regulation (Singh 
et al. 2009, Bodelier 2011, Bardgett and van der Putten 
2014, Tedersoo et al. 2014, Delgado- Baquerizo et al. 
2016). However, there are important gaps in our under-
standing of the patterns and drivers of soil microbial 
diversity at a global scale (Bodelier 2011, Bardgett and 
van der Putten 2014). These knowledge gaps have kept 
microbial diversity outside of ongoing debates about 
global biodiversity loss, conservation and sustainable 
management policies (Bodelier 2011, Bardgett and van 
der Putten 2014) and have precluded the inclusion of 

microbial communities in global biogeochemical models 
(Bodelier 2011, Wieder et al. 2014). Understanding soil 
microbial diversity patterns is thus critical to establish 
effective policies to preserve microbial diversity hotspots 
and key ecosystem functions and services provided by soil 
microbes (Singh et al. 2009, Bodelier 2011, Bardgett and 
van der Putten 2014, Tedersoo et al. 2014).

One of the main reasons for the current knowledge gaps 
is that we lack a strong theoretical foundation to explain 
microbial diversity and structural patterns in terrestrial eco-
systems. This is surprising though, as there is a large body of 
potentially relevant ecological theory on plant and animal 
communities from which to draw conclusions on the bioge-
ography of soil microbes. For instance, the increase in plant 
and animal diversity from the poles to the tropics constitute 
a major global biogeographical pattern in terrestrial eco-
systems (MacArthur 1975, Rohde 1992, Begon et al. 2006). 
Although altitudinal patterns in plant and animal diversity 
are more controversial (Rahbek 2005), a thorough review of 
the literature suggests that plant and animal richness often 
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Abstract.   Despite the vital role of microorganisms for ecosystem functioning and 
human welfare, our understanding of their global diversity and biogeographical patterns 
lags significantly behind that of plants and animals. We conducted a meta- analysis including 
~600 soil samples from all continents to evaluate the biogeographical patterns and drivers 
of bacterial diversity in terrestrial ecosystems at the global scale. Similar to what has been 
found with plants and animals, the diversity of soil bacteria in the Southern Hemisphere 
decreased from the equator to Antarctica. However, soil bacteria showed similar levels of 
diversity across the Northern Hemisphere. The composition of bacterial communities fol-
lowed dissimilar patterns between hemispheres, as the Southern and Northern Hemispheres 
were dominated by Actinobacteria and Acidobacteria, respectively. However, Proteobacteria 
was co- dominant in both hemispheres. Moreover, we found a decrease in soil bacterial 
diversity with altitude. Climatic features (e.g., high diurnal temperature range and low 
temperature) were correlated with the lower diversity found at high elevations, but geo-
graphical gradients in soil total carbon and species turnover were important drivers of the 
observed latitudinal patterns. We thus found both parallels and differences in the bioge-
ographical patterns of aboveground vs. soil bacterial diversity. Our findings support previous 
studies that highlighted soil pH, spatial influence, and organic matter as important drivers 
of bacterial diversity and composition. Furthermore, our results provide a novel integrative 
view of how climate and soil factors influence soil bacterial diversity at the global scale, 
which is critical to improve ecosystem and earth system simulation models and for  formulating 
sustainable ecosystem management and conservation policies.
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follow a hump- shaped relationship with altitude in  terrestrial 
ecosystems, with species richness typically decreasing from 
mid to high elevations (MacArthur 1975, Rohde 1992, 
Rahbek 2005, Begon et al. 2006, Sundqvist et al. 2013). 
However, whether these patterns apply to soil bacterial 
diversity is largely unknown (Singh et al. 2009, Bardgett and 
van der Putten 2014). The extreme climatic conditions (e.g., 
low temperature and high seasonality; Begon et al. 2006), rel-
atively short time since glaciations (MacArthur 1975, Rohde 
1992, Begon et al. 2006), and low net primary productivity 
(NPP) found at mid- to- high latitudes may explain the low 
number of plant and animal species found in these areas 
(MacArthur 1975, Rohde 1992, Rahbek 2005, Begon et al. 
2006). While the climate harshness hypothesis (Begon et al. 
2006, Young et al. 2013) may directly apply to microbial 
diversity at the top of high mountains, the different energy 
sources used by micro-  and macro- organisms (soil organic 
matter vs. solar or NPP; MacArthur 1975, Rohde 1992, 
Begon et al. 2006, Allison et al. 2010, Trivedi et al. 2013) and 
their capacity to migrate toward new environments (low vs. 
very high; Szekely et al. 2013) may promote divergence in 
global biodiversity patterns (MacArthur 1975, Rohde 1992, 
Currie et al. 2004, Begon et al. 2006). For a wide variety of 
hypothesized reasons, including their large body size and 
maintenance costs compared to microbes, the diversity of 
plants and animals may peak where NPP is highest, which 
is in the tropics (MacArthur 1975, Rohde 1992, Begon et al. 
2006). However, most soil microbial communities rely on 
processes such as organic matter decomposition to obtain 
energy (Allison et al. 2010, Trivedi et al. 2013), and thus may 
peak in areas with high soil organic matter content, which 
do not necessarily correspond to those with the highest plant 
productivity (Xu et al. 2013, Wieder et al. 2014).

The equator divides the global climate (e.g., annual mean 
temperature) and terrestrial net primary productivity pat-
terns roughly into two mirror images; accordingly, plant 
and animal diversity both decrease from the equator to the 
poles (Rohde 1992, Begon et al. 2006). However, recent 
studies suggest that soil total carbon (C) and microbial 
biomass C decrease from northern high- latitude areas to 
the Southern Hemisphere (Xu et al. 2013, Wieder et al. 
2014). The high soil total C found in northern high lati-
tudes is likely the result of organic matter accumulation 
due to slow decomposition in taiga and tundra ecosystems, 
despite extreme environmental conditions strongly limiting 
NPP and plant and animal diversity in these areas (Erna-
kovich et al. 2014). Given the characteristics of microbes, 
such as their rapid generational time compared to plants 
and animals (Schmidt et al. 2007) and their ability to 
survive abiotic stress in dormant forms without losing via-
bility (Jones and Lennon 2010), our central hypothesis is 
that microbial diversity will peak in northern high latitude 
regions and decrease continuously towards high latitudes 
in the Southern Hemisphere, mirroring soil total C pat-
terns (Xu et al. 2013, Wieder et al. 2014).

Previous studies have highlighted the importance of soil 
properties such as pH (Fierer and Jackson 2006, Fierer 
et al. 2009, Lauber et al. 2009), spatial influence (Horner- 

Devine et al. 2004, Martiny et al. 2011, Hanson et al. 2012) 
and soil organic matter (Siciliano 2014, Maestre et al. 
2015) as drivers of variation in soil microbial diversity. 
However, the local or regional spatial scales at which 
these studies have been conducted (Horner- Devine et al. 
2004, Fierer and Jackson 2006, Fierer et al. 2009, Lauber 
et al. 2009, Steven et al. 2013), and the low taxonomic 
resolution of the techniques used to estimate microbial 
diversity limit their ability to accurately assess its patterns 
and drivers at the global scale (Horner- Devine et al. 2004, 
Fierer and Jackson 2006, Fierer et al. 2009).

Here, we evaluated whether soil bacterial diversity peaks 
where organic matter (i.e., soil total C) accumulation is 
high (Xu et al. 2013, Wieder et al. 2014), following our 
central hypothesis, or alternatively follows similar biogeo-
graphical patterns as those found for vascular plants and 
animals. We also assessed the relative importance of mul-
tiple climate and soil variables as drivers of this diversity. 
To do this, we conducted a meta- analysis of available 
data on soil bacterial diversity and composition evaluated 
with next generation sequencing techniques (454 Pyrose-
quencing and Illumina MiSeq), which included locations 
from all continents and biomes (Fig. 1; Appendix S1). We 
collected data on bacterial diversity, as measured by the 
Shannon diversity index of operational taxonomic units 
(OTUs) at 97% of similarity (bacterial diversity; n = 390 
soil samples), and composition (10 major phyla of bac-
teria; n = 588 soil samples) from the literature (Appendix 
S1) and unpublished data. Moreover, we collected infor-
mation on different spatial (latitude and altitude), climatic 
(annual mean temperature, precipitation seasonality, 
aridity, and diurnal temperature range) and soil (soil total 
C, C : N ratio, and pH) variables associated with the sample 
locations, and conducted multiple in silico and statistical 
analyses to ensure that the use of different primer sets, 
soil depths and sequencing sampling efforts among the 
studies included in our database did not bias the results 
obtained. Altogether, our study aims to provide a review 
of the current literature and a conceptual framework 
combining ecological theory and novel statistical tools to 
help future studies addressing global patterns in microbial 
diversity in  terrestrial  ecosystems.

MaterIals and Methods

Data collection

Data on soil bacterial diversity based on next gener-
ation sequencing techniques (either 454 or Miseq) were 
collected from both published and unpublished data. 
A search using SCOPUS during September 2014 used 
the following keyword combinations: (1) “bacterial 
 community” AND “soil” AND “pyrosequencing”; and  
(2) “bacterial community” AND “soil” AND “Illumina”. 
Approximately 300 references were found. Within these 
references, studies were included in our analyses if  they 
met the following criteria: (1) they were carried out in 
the field in terrestrial ecosystems; (2) they contained the 
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spatial location where they were carried out (latitude 
and longitude), as well as data on soil total C and pH; 
(3) they provided information on bacterial diversity at 
97% of similarity; (4) they included data on the relative 
abundance of soil bacterial phyla; and (5) they used next 
generation sequencing techniques (either 454 or Miseq). 
From those experimental studies that manipulated envi-
ronmental conditions (e.g., nutrients or climatic condi-
tions) we only used data from the control treatment.

A total of 102 articles containing data either on bac-
terial diversity or composition were obtained from our 
literature search (see Appendix S1 for complete list of 
studies). We found 546 soil samples from 397 sites. We 
completed this database with data from 38 sites (58 soil 
samples) forming part of the National Ecological Obser-
vatory Network (NEON; 24 soil samples) in the United 
States, with 12 soil samples from the Canadian MetaMi-
croBiome Library and with unpublished data from a site 
from England (four soil samples), three sites from Aus-
tralia (12 soil samples), and three sites from Scotland (six 
soil samples; unpublished data). This increased the total 
number of samples used to 604 independent soil samples 
from ~435 sites (Fig. 1). Bacterial Shannon diversity and 
composition were available for 65% and 97% of these 
samples (390 and 588 samples), respectively.

For all available samples, data was gathered on the 
relative abundance of the following major bacteria 
phyla: Proteobacteria, Acidobacteria, Actinobacteria, 
Verrucomicrobia, Bacteroidetes, Chloroflexi, Cyano-
bacteria, Firmicutes, Gemmatimonadete, and Planc-
tomycetes. Because of the lack of consistency in the 
available studies showing other bacterial phyla (e.g., 
Nitrospira), those microbial groups were included as 
“others” in the database. Additionally, in some studies, 

the bacterial abundance was given for particular classes 
(e.g.,  Alphaproteobacteria, Betaproteobacteria, Gam-
maproteobacteria, Deltaproteobacteria, and other Pro-
teobacteria groups) but not for the whole phyla. In these 
cases, their abundances were summed to calculate the 
abundance of the corresponding phyla.

For each soil sample included in the database, the 
 following information was included:

1) Geographic coordinates: latitude and longitude.
2) Altitude: this variable was obtained from digital 

models using the Worldclim database (available 
 online; Hijmans et al. 2005).7 Altitude gaps were 
completed in the data set using Google Earth.8 

3) Soil properties: soil total C, C : N ratio, and pH. 
In the data set, 95% of the cases used either a dry 
 combustion method with an elemental analyzer 
(~71%) or the Walkley and Black (1934) dichro-
mate oxidation (~24%) method to determine soil 
C.  Similarly, 95.4% of the pH measurements in the 
studies were performed using a water–soil mix and 
a pH meter. The amount of soil C was transformed 
into mass percent (%) prior to analyses.

4) Climate: mean annual temperature and aridity  index 
(mean annual precipitation/potential evapotrans-
piration), as well as daily temperature range and 
 rainfall seasonality were determined from the World-
clim database (Hijmans et al. 2005) and Zomer et al. 
(2006). Climate gaps in the data set were  completed 
using local and regional databases. For clarity, 
we used aridity (maximum value of aridity index 

FIg. 1. Locations of  the sites included in this study. The sites used for the analyses of  soil bacterial diversity are in white (390 
soil samples), while both white and black dots indicate the sites included in the analyses of  soil bacterial composition (588 soil 
samples).

7  http://www.worldclim.org
8  http://earth.google.com

http://www.worldclim.org
http://earth.google.com
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[i.e., 6.608 in our data set] – aridity index in each site) 
instead of the aridity index (see Delgado-Baquerizo 
et al. 2013 for a similar approach). We used aridity 
instead of mean annual precipitation per se, because 
aridity includes both mean annual precipitation, but 
also potential evapotranspiration, being a more ac-
curate metric of the water availability at each site. 
Spatial and climate data collection were performed 
in ESRI ArcMap  (Environmental Systems Research 
Institute [ESRI], Redlands,  California, USA).

Most studies extracted DNA using largely standardized 
DNA extraction kits (e.g., PowerSoil of MOBIO Labora-
tories, Carlsbad, California, USA). Ninety- seven percent 
of the data used were analyzed using a 454 pyrosequencing 
sequencer (454 life- sciences, Branford, Connecticut, 
United States Branford, Connecticut, United States), while 
the remaining part was analyzed using a Miseq Illumina 
sequencer (Illumina, San Diego, California, United States). 
All the data compiled here were published/obtained 
between 2005 and 2014. Furthermore, 31%, 18%, and 9% 
of the soil samples included were sequenced using regions 
V4 (i.e., 515F to 816R), V1–V3 (i.e., 8F to 556R), and  
V3–V4 (i.e., 338F to 907R), respectively. The rest of 
the soil samples were sequenced using either different 
combinations of these primer sets (between 8F- 816R,  
V1–V4; ~31%) or other regions (V4–V8; ~11%). Thir-
ty- nine percent and 24% of the soil samples were ana-
lyzed with QIIME (Caporaso et al. 2010) and MOTHUR 
(available online),9 respectively. The remaining samples 
were either analyzed with a custom- made pipeline or the 
information was not provided (5%). Taxonomy assign-
ments were made in 58%, 15%, and 13% of samples using 
RDP, GreenGenes (DeSantis et al. 2006), and SILVA 
(Quast et al. 2013) databases, respectively. The data used 
in this study included sites from all continents (Fig. 1), and 
contained wide gradients of climatic conditions and soil 
properties, as well as multiple management regimes and 
biomes. For example, altitude, annual mean temperature, 
and precipitation ranged from to 0 to 4600 m, from −19.8° 
to 27.5°C, and from 8 to 4378 mm, respectively. Soil prop-
erties also showed wide gradients in pH (3.1–10.4) and soil 
total C (0.02–46.9%). In addition, soil samples belonged 
to multiple ecosystem types. The different biomes included 
in our database are (proportion for both the Northern and 
Southern Hemispheres): agro- systems (29% and 22%), 
boreal and hemi- boreal forests (18% and 0%), temperate 
and continental (16% and 8%), drylands (12% and 10%), 
temperate forests (14% and 14%), tropical forests (4% and 
14%), and tundra (5% and 32%).

Shannon diversity (Shannon 1948) was selected 
as our metric for alpha diversity because it is highly 
 recommended when analyzing microbial diversity 
 (Haegeman et al. 2013). It has been shown to reduce the 
bias in relation to other diversity metrics, such as the 
number of OTUs, when comparing data from multiple 

sources (He et al. 2013). Since the comparison among 
studies may not be straightforward due to the manner 
in which the Shannon index is calculated, we took the 
following precautions to minimize the noise among 
studies: (1) Shannon diversity was used based on OTUs 
built at 97% sequence similarity. This level of similarity 
was used because it has been widely employed for bac-
terial diversity across different studies (see Appendix S1 
for examples); (2) values from this index were used based 
on natural logs (e.g., Shannon indices were multiplied by 
ln 2 to allow comparison with non- QIIME- based studies; 
Schneider et al. 2013, Carr et al. 2013); (3) when available, 
information was collected on the rarefaction level applied 
prior to calculating the Shannon index; (4) information 
on the soil depth in which each sample was collected; 
and (5) information was recorded on the primer set and 
region used in the next generation sequencing analyses. 
The former three considerations were explicitly taken into 
account in our analyses as explained in the next sections.

Statistical analyses I. Exploring geographical 
 patterns and evaluating major drivers of microbial 

diversity and composition

Latitudinal and altitudinal patterns in soil bacterial 
diversity were explored by fitting linear regressions 
between these geographical variables and the Shannon 
index measured as described in Data collection. Lat-
itude was used instead of  the distance from the equator 
(i.e., absolute latitude) based on preliminary analyses 
that showed different latitudinal patterns for bacterial 
diversity in the Northern and Southern Hemispheres. 
Altitude was log

10- transformed to improve normality.  
P values were nonparametrically tested using the distlm 
function from PERMANOVA (McArdle and Anderson 
2001). In addition, differences in soil bacterial diversity 
and composition (main bacterial phyla) among different 
geographical regions (Arctic Circle [>66° N], middle lat-
itude north [23–66° N], equator [23° N to 23° S], middle 
latitude south [23–66° S] and Antarctic Circle [>66° S]; 
Marsh and Kaufman 2013) were checked independently 
using one- way PERMANOVA, with geographical region 
as a fixed factor in both cases (Anderson 2001). Addi-
tionally, relationships between the relative abundance of 
a selected range of  main bacterial phyla and latitude, dis-
tance from the equator, altitude, climate, and soil prop-
erties were explored using Spearman’s rank correlations.

All the analyses explained above were performed at the 
level of soil samples (n = 390 and 588 for soil bacterial 
diversity and composition, respectively). Analyses at the 
soil sample level were conducted to capture the widest 
range of variation and resolution possible in soil properties 
(i.e., soil C, C : N, and pH). These predictors, which have a 
huge influence on bacterial diversity and composition in 
terrestrial ecosystems (Fierer and Jackson 2006, Lauber 
et al. 2009, Siciliano 2014, Tedersoo et al. 2014, Maestre 
et al. 2015), are highly variable at a local scale (Cambar-
della et al. 1994, Gallardo 2003, Gallardo and Parama 9  www.MOTHUR.org

http://www.MOTHUR.org
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2007). A mandatory question was whether any spatial 
pattern observed at a sample- level scale is maintained at 
a site- level scale. To account for this important point, we 
explored the relationship between latitude and altitude 
with bacterial diversity at a site level (n = 278). To calculate 
site- level estimates of bacterial diversity and composition, 
we used the averaged values of all soil samples from the 
same site, keeping only a single value per site.

A classification Random Forest analysis (Breiman 2001) 
was performed to assess which variables (spatial, climate, 
and soil properties) were the most important drivers 
of the variation found in bacterial diversity (Shannon 
index, our dependent variable). Random Forest is a novel 
machine- learning algorithm that extends standard classi-
fication and regression tree (CART) methods by creating 
a collection of classification trees with binary divisions 
(Wei et al. 2010). Unlike traditional CART analyses, the 
fit of each tree is assessed using randomly selected cases 
(one- third of the data), which are withheld during its 
construction (out- of- bag or OOB cases). The importance 
of each predictor variable is determined by evaluating 
the decrease in prediction accuracy (i.e., increase in 
the mean square error between observations and OOB 
predictions) when the data for that predictor are ran-
domly permuted. This decrease is averaged over all trees 
to produce the final measure of importance (Wei et al. 
2010). This accuracy importance measure was computed 
for each tree and averaged over the forest (5000 trees). 
These analyses were conducted using the randomForest 
package (Breiman 2001) for the R statistical software, 
version 3.0.2 (R Development Team 2013). The signif-
icances of the model and the cross- validated R2 were 
assessed with 5000 permutations of the response variable 
using the A3 R package (Fortmann- Roe 2013). Similarly, 
the significance of the importance measures of each 
predictor (here soil variables) on the response variable 
(Shannon diversity) was assessed by using the rfPermute 
package for R (Liaw and Wiener 2002).

Once Random Forest analyses were completed, struc-
tural equation modelling (SEM; Grace 2006) was used to 
evaluate the relationships between geographical patterns 
(latitude and altitude), climate (annual mean temperature, 
aridity, diurnal temperature range, and rainfall seasonality), 
soil properties (pH, soil total C, and C : N ratio) and soil 
bacterial diversity (Shannon index). The first step in SEM 
requires establishing an a priori model based on the known 
effects and relationships among the drivers of macro and 
microorganisms diversity (Fig. S1 in Appendix S1). Some 
data manipulation was required prior to modelling. The 
bivariate relationships between all variables were checked 
to ensure that a linear model was appropriate. Some cur-
vilinear relationships were identified among our variables. 
Several variables showed a curvilinear relationship with 
latitude, such that areas more close to the equator tended 
to be different from areas farther from the equator. This 
was handled by expressing latitude as distance from the 
equator (i.e., latitude2). However, because other variables, 
such as soil total C and bacterial diversity, were driven by 

latitude itself, both latitude and distance from the equator 
were included in the model as composite variables (see 
details on composite variables that follow). In addition, 
soil bacterial diversity is largely known to be curvilinearly 
influenced by pH, and this relationship was well described 
by a second- order polynomial. To introduce polynomial 
relationships into our model, the square of soil pH was 
calculated and introduced into the model using the com-
posite variable approach. The distribution of all of our 
endogenous variables was examined, and their normality 
was tested. Soil total C, C : N ratio and altitude were log- 
transformed to improve normality. Moreover, because 
of the low importance of C : N ratio as a driver of bac-
terial diversity, suggested by the Random Forest analyses, 
the direct effect of C : N ratio on bacterial diversity was 
removed to get a degree of freedom that allowed the testing 
for goodness of fit on the models. However, soil total C and 
C : N ratio were allowed to covariate in our SEM, main-
taining the ability to test the indirect effect of C : N ratio 
on bacterial diversity via soil total C.

After attaining a satisfactory model fit, composite 
 variables were introduced into the model. The use of 
composite variables does not alter the underlying SEM 
model but collapses the effects of multiple conceptually- 
related variables into a single composite effect, aiding 
with the interpretation of model results (Grace 2006). 
Climatic variables (annual mean temperature, aridity, 
diurnal temperature range, and precipitation seasonality), 
geographical coordinates (latitude and distance from the 
equator), and soil pH (pH and pH2) were included as com-
posite variables in our model. In the SEM, soil total C and 
C : N ratio were grouped as organic matter for graphical 
simplicity but not combined in analyses. With a good 
model fit and composite variables constructed, we were 
free to interpret the path coefficients of the model and their 
associated P values. A path coefficient is analogous to the 
partial correlation coefficient, and describes the strength 
and sign of the relationship between two variables (Grace 
2006). Since some of the variables introduced were not 
normally distributed, the probability that a path coefficient 
differs from zero was tested using bootstrap (Grace 2006). 
Bootstrapping is preferred to the classical maximum- 
likelihood estimation in these cases because bootstrapping 
probability assessments are not based on the assumption 
that the data match a particular theoretical distribution. 
Thus, data are randomly sampled with replacement to 
arrive at estimates of standard errors that are empirically 
associated with the distribution of the data found in the 
samples (Grace 2006). When these data manipulations 
were completed, the model was parameterized using our 
data set and tested for its overall goodness of fit. There 
is no single universally accepted test of overall goodness 
of fit for SEM, applicable in all situations regardless of 
sample size or data distribution. The chi- square test (χ2; the 
model has a good fit when 0 ≤ χ2 ≤ 2 and 0.05 < P ≤ 1.00; 
Schermelleh- Engel et al. 2003) and the root mean square 
error of approximation (RMSEA; the model has a good 
fit when RMSEA 0 ≤ RMSEA ≤ 0.05 and 0.10 < P ≤ 1.00; 
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Schermelleh- Engel et al. 2003) were used. Additionally, 
and because some variables were not normal, the fit of the 
model was confirmed using the Bollen- Stine bootstrap test 
(the model has a good fit when 0.10 < bootstrap P ≤ 1.00). 
The different goodness- of- fit metrics indicated that our a 
priori model satisfactorily fitted to our data (Appendix 
S1: Fig. S1), and thus no post hoc alterations were made 
(Schermelleh- Engel et al. 2003).

Additionally, the standardized total effects of geographical 
variables (distance from the equator and latitude), altitude, 
climate (annual mean temperature and precipitation, mean 
daily temperature, rainfall seasonality), soil total C and pH 
on bacterial diversity were calculated. The net influence that 
one variable has upon another is calculated by summing all 
direct and indirect pathways between the two variables. If  
the model fits the data well, the total effect should approx-
imately be the bivariate correlation coefficient for that pair 
of variables (Grace 2006). All the SEM analyses were con-
ducted using AMOS 20.0 (Amos Development Company, 
Crawfordville, Florida, USA).

Statistical analyses II: Taxonomic community similarity 
and bacterial composition across different regions and 

microbial turnover

The taxonomic community similarity within different 
latitudinal regions (Arctic Circle [>66° N], middle lat-
itude north [23–66° N], equator [23° N to 23° S], middle 
latitude south [23–66° S], and Antarctic Circle [>66° 
S]) was calculated based on the most common bacterial 
phyla (relative abundance of  Proteobacteria, Acidobac-
teria, Actinobacteria, Verrucomicrobia, Bacteroidetes, 
Chloroflexi, Cyanobacteria, Firmicutes, Gemmati-
monadetes, Planctomycetes, and others). Differences 
among latitudinal ranges were evaluated using pairwise 
post- hoc tests in PERMANOVA (Anderson 2001). 
Microbial composition data were log- ratio- transformed 
before these analyses to reduce interdependence. PER-
MANOVA analysis and taxonomic community simi-
larity were conducted using the Bray–Curtis distance 
with the PERMANOVA+ add- on of  the PRIMER sta-
tistical package (PRIMER- E Ltd., Plymounth Marine 
Laboratory, Plymounth, UK). These analyses were con-
ducted separately at the sample and site level.

The Bray–Curtis dissimilarity measure was used to 
generate a microbial community distance matrix based 
on the most common bacterial phyla (relative abun-
dance of Proteobacteria, Acidobacteria, Actinobacteria, 
Verrucomicrobia, Bacteroidetes, Chloroflexi, Cyanobac-
teria, Firmicutes, Gemmatimonadetes, Planctomycetes, 
and others). Similarly, the Euclidean distance was used 
to create a geographical distance matrix from latitude 
and longitude (in km). We considered that one degree 
is equivalent to 111.32 km for these analyses (Proffitt 
et al. 1989, Novembre et al. 2005, Chan and Wu 2015). 
With these matrices, the relationship between microbial 
turnover (i.e., changes in community composition from 
one community to another) and geographical distance 

(Lear et al. 2014) was evaluated. The significance of this 
relationship was assessed using Mantel test correlations. 
Microbial composition data were log- ratio- transformed 
before these analyses to reduce interdependence.

Statistical analyses III. Meta- analysis cross- validation: 
In silico and experimental analyses

To ensure that our results were robust to potential 
sources of  bias, a series of  cross- validations using exper-
imental data and in silico analyses were conducted to 
explicitly consider any bias on our estimates of  bacterial 
diversity and composition resulting from the inclusion 
of  studies using (1) various primer sets, (2) different top 
soil depths, (3) Shannon diversity indexes calculated at 
different levels of  rarefaction, (4) different sequencing 
technology, and (5) analyses conducted in different years. 
Please note that the analyses conducted in this section, 
described in the paragraphs below, were done only when 
data was available (e.g., soil depth), so the number of  soil 
samples may slightly change among different analyses.

Primer sets.—We explored the effect of primer set choice 
on bacterial diversity and composition following three 
different approaches. First, independent analyses were 
conducted using soil samples collected from nine dif-
ferent locations: six ecosystem types located in the sur-
roundings of Richmond (New South Wales, Australia; a 
bog, a natural forest, a grove, a grassland, a forest plan-
tation, and a park) and three crops from Narrabri (New 
South Wales, Australia), Cunderdin (Western Australia, 
Australia), and Karoonda (South Australia, Australia). 
For each location, three soil samples were collected from 
two different depths (0–10 and 0–20 cm), resulting in 54 
samples in total. These samples were sequenced using 
three different primer sets: 27F/519R (regions V1–V3), 
341F/805R (V3–V4), and 515F/806R (V4; Lane 1991, 
Herlemann et al. 2011) using the Miseq Illumina (2X300 
paired end reads) platform. We used these regions because 
they were the most widely used in the studies included in 
the database (58% of the soil samples analyzed). Initially, 
low- quality regions (Q < 20) were trimmed from the 3′ end 
of the sequences using SEQTK (available online)10 and 
the paired ends were joined using FLASH (Magoc and 
Salzberg 2011). Primers were removed from the resulting 
sequences using SEQTK and a further round of quality 
control was subsequently conducted in MOTHUR 
(Schloss et al. 2009) to discard sequences with ambiguous 
characters or more than 8 homopolymers. Short sequences 
(<400 bp for primer sets 27F/519R and 341F/805R and 
<250 bp for primer set 515F/806R) were also discarded. 
Operational Taxonomic Units (OTUs) were built at 97% 
sequence similarity using UPARSE (Edgar et al. 2013). 
Singletons were discarded, as well as chimeric sequences 
identified by the UCHIME algorithm using the SILVA 
gold 16S rRNA gene reference database (Edgar et al. 

10  https://github.com/lh3/seqtk

https://github.com/lh3/seqtk
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2011). OTU abundance tables were constructed by 
running the usearch_global command and uc2otutab.
py script (available online).11 Taxonomy was assigned to 
OTUs in MOTHUR using the naïve Bayesian classifier 
(Wang et al. 2007) with a minimum bootstrap support of 
60% and the Greengenes database version 13_5 (DeSantis 
et al. 2006, McDonald et al. 2012). For all three primer 
sets, the OTU abundance tables were rarefied at 28 288 
sequences (the minimum number of sequences for a 
sample) to ensure even sampling depth between samples 
and primer sets. Alpha diversity metrics were calculated 
on these rarefied OTU tables using MOTHUR (Schloss 
et al. 2009).

In addition, an in silico analysis was performed using 
the RDP training data set version 9 (Cole et al. 2005). 
Amplicons from three different primer sets, i.e., 27F/519R, 
341F/805R and 515F/806R were retrieved from the data 
set using the pcr.seqs command in MOTHUR (Schloss 
et al. 2009), allowing no mismatches in the primer 
sequences. Since all three amplicons could only be 
retrieved from 1367 sequences in the data set (referred 
to as RDP subset I), a separate in silico analysis was 
performed for the 341F/804R and 515F/806R primer sets, 
allowing a comparison of the 8379 sequences (referred 
to as RDP subset II) that contained no mismatches for 
these four primers. The 8379 sequences of subset II were 
randomly split into three subsets of 2793 sequences each. 
For all resulting amplicon subsets, OTUs were built at 
97% sequence similarity using UPARSE (Edgar et al. 
2013), and OTU tables were constructed by running the 
usearch_global command and uc2otutab.py scripts5. Tax-
onomy was then assigned to OTUs in MOTHUR using 
the naïve Bayesian classifier (Wang et al. 2007) with a 
minimum bootstrap support of 60% and the complete 
RDP training data set version 9. Differences between 
primer sets for bacterial diversity and composition (main 
phyla) were tested by using one- way PEMANOVAs, with 
primer set as a fixed factor.

Finally, to further validate our main results, the core 
analyses presented in this manuscript (see below) were 
repeated using only those primer sets and DNA regions 
in which we did not find strong statistical differences for 
either bacterial diversity (i.e., V1–V3, V3–V4, and V4) or 
composition (i.e., V1–V3 and V3–V4; see Results).

Soil depth.—Differences in bacterial diversity with soil 
depth may bias our results by affecting the direct com-
parison among different studies; extra precautions were 
taken to consider this issue. First, data were collected 
from studies focusing on the first layer of  soil (average 
soil depth in our database is 10.32 ± 4.60 cm [mean 
± SD]). Second, additional analyses were performed to 
correct any bias arising from using different soil depths 
in our database. For doing so, partial correlations were 
conducted between latitude and altitude with Shannon 
diversity controlling for soil depth. Finally, to confirm 

that using data collected at different soil depths did not 
bias our results, the 54 soil samples from Australia, 
described in the previous section, were used to statis-
tically test for differences in microbial diversity and 
composition estimates among soil depths (0–10 cm and 
0–20 cm). Note that these soil depths (i.e., instead of 
0–10 and 10–20 cm) were selected because most studies 
included in our database evaluated the top 10 cm (but 
vary in depth) in their sampling design.

Differences between primer sets and soil depth for 
 bacterial diversity and composition (main phyla) in the 
soil samples used were tested using two- way PERMA-
NOVAs, with primer set and soil depth as fixed factors.

Shannon diversity calculated at different rarefaction 
 levels.—To account for the fact that different studies 
calculated Shannon diversity at different rarefaction 
levels, two different approaches were used. First, we 
conducted partial correlations between latitude/altitude 
and bacterial diversity (see Statistical analyses II for 
details) correcting for the number of sequences used to 
calculate the Shannon index after rarefaction. By doing 
so we intended to remove part of the noise derived from 
the relationship between spatial patterns and diversity. 
In addition, to further explore any bias derived from the 
use of Shannon diversity index calculated from different 
rarefaction levels, regression tree analyses (Death and 
Fabricius 2000) were used to detect whether different 
levels of rarefaction affected our Shannon diversity 
 estimates.

Technology and year of publication/collection.— Although 
the vast majority of  our data come from 454 sequencing 
(97%; data using Miseq Illumina only accounted for 3% 
of  our data), the impacts of  sequencer technology (454 
vs. Miseq Illumina) on estimates of  Shannon diversity 
and composition were examined using a one- way 
ANOVA/MANOVA. Sequencing technology (454 vs. 
Miseq Illumina) was a fixed factor in these analyses.

Finally, because we were aware that slight changes 
in the calculation for obtaining similarity cut- offs for 
the generation of OTUs (e.g., clustering method) have 
occurred during the last decade, the core of our results 
were repeated using partial correlations between latitude/
longitude and Shannon diversity correcting for both the 
year of publication and the year of soil collection. In 
addition, and to account for slight differences in meth-
odological approaches with time, the PERMANOVA 
analyses were repeated for bacterial composition, with 
geographical region as a fixed factor and the year of pub-
lication and that of soil collection as covariates.

Including primer sets and soil depth in statistical 
 analyses.—The linear regression, Random Forest and 
SEM analyses explained in the Statistical analyses I 
section above were repeated using the residuals from a 
one- way ANOVA with primer set (8F- 541R, 515F- 816R, 
338F- 907R, others, and non- provided) as a fixed factor, 11  http://www.drive5.com/

http://www.drive5.com/
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soil depth as a covariate, and bacterial diversity as a 
response variable (i.e., residuals of  bacterial diversity). 
Moreover, the correlation analyses between spatial 
 variables and the main bacterial taxa were repeated 
using residuals from one- way ANOVAs (see Statistical 
analyses II) with primer set as a fixed factor, soil depth 
as a covariate and main bacterial taxa as a response 
variable.

Finally, a variance partitioning linked to technical 
(primer sets and soil depth), environmental (soil C, C : N, 
pH, climate) and spatial (latitude and altitude) variables 
on bacterial diversity and composition was calculated 
using the package vegan from R package (Oksanen et al. 
2015, see Tedersoo et al. 2014 for a similar approach). 
The main goal of this analysis was to quantify the relative 
importance of technical vs. environmental variables as 
predictors of bacterial diversity and composition in our 
database.

results

Geographical patterns in diversity and composition

Bacterial diversity, as measured with Shannon 
diversity, increased from Antarctica to the tropics, 
but remained similar across the Northern Hemi-
sphere (Fig. 2a,b). In addition, we found a negative 
relationship between altitude and Shannon diversity 
(Fig. 2c). Moreover, similar spatial patterns in bacterial 
diversity were observed at both the soil sample and site 
levels (Appendix S1: Fig. S2). Shannon diversity was 
lower in the Southern than Northern Hemisphere for 
drylands, tundra, and temperate and continental grass-
lands, which accounted for ~38% of the sites included in 
the database (Fig. 3; P < 0.05). Differences in Shannon 
diversity between hemispheres were especially noticeable 
for drylands and temperate and continental grasslands 
(P < 0.01). However, we did not find any differences 
between the hemispheres for either agro- systems, or 
tropical and temperate forests (Fig. 3; P > 0.05).

As a whole, the tropical regions had the highest taxo-
nomic similarity across sites (Fig. 4a). Bacterial compo-
sition also showed distinct patterns in both hemispheres, 
being dominated by Acidobacteria and Actinobacteria 
in the Northern and Southern Hemispheres, respectively 
(Fig. 4b–f; Appendix S1: Fig. S3). While Proteobacteria 
co- dominated both hemispheres, a sharp decrease in the 
relative abundance of this phylum was observed toward 
the Antarctic Circle (Fig. 4f). Similar patterns were 
observed at both the sample and site levels (Appendix S1: 
Fig. S3). As found with bacterial diversity, these patterns 
in bacterial composition (i.e., Actinobacteria, Acidobac-
teria, and Proteobacteria) were maintained for drylands, 
temperate forests, tundra and temperate and continental 
grasslands, and also for agro- systems (Appendix S1: Fig. 
S4; P < 0.05).

FIg. 2. Relationships between soil bacterial diversity, as 
measured with the Shannon index, and both (a) latitude and (c) 
altitude (measured in meters).  Average bacterial diversity along 
different ranges of latitude is shown in panel (b). Data in this 
panel represent means ± SE; Antarctic (n = 17), middle latitude 
south (n = 43), equator (n = 44), middle latitude north (n = 267) 
and Arctic (n = 19). The solid lines in panels (a) and (c) represent 
the fitted linear regressions.
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Random forests and structural equation modelling

After ensuring that soil sample and site levels provided 
similar patterns, we felt it was reasonable to work at a 
sample- level scale for further modelling. Our Random 
Forest analyses explained 47% of the variance for bac-
terial diversity and indicated that climatic features such 
as precipitation seasonality, diurnal temperature range, 
aridity, and mean annual temperature were the most 
important predictors of bacterial diversity at a global 
scale (Fig. 5). Latitude, altitude, soil pH, soil total C, 
and C : N ratio also showed a significant influence on the 
distribution of bacterial diversity (Fig. 5).

Our SEM model explained ~21% of the variance for 
bacterial diversity, and was supported by the different 
goodness of fit metrics used (Fig. 6). Latitude, climate, 
soil pH, and soil total C had positive direct effects on bac-
terial diversity (Fig. 6a). Altitude showed an indirect neg-
ative effect on bacterial diversity via diurnal temperature 
range and soil pH (Figs. 6a and 7). Latitude had indirect 
effects on bacterial diversity via soil total C, climate, and 
soil pH (Figs. 6a, 8 and Appendix S1: Fig. S5). Overall, 
latitude and altitude showed total positive and negative 
effects on bacterial diversity (Fig. 6b). Interestingly, dis-
tance from equator (absolute latitude) had a much lower 
total effect on bacterial diversity than latitude per se 
(Fig. 6b). Mean annual temperature showed the highest 

total positive effect on bacterial diversity (Fig. 6b). After 
mean annual temperature, diurnal  temperature range 
(negative), soil pH (positive), and soil total C (positive) 
showed the highest total effect on bacterial diversity 
(Fig. 6b).

The equator divides the global climate (e.g., annual 
mean temperature) and soil pH patterns roughly into two 
mirror images (Fig. S6 in Appendix S1). However, this 
was not observed for soil total C, which increased from 
the Southern to the Northern Hemisphere (Fig. 8a,b, and 
d). We found a logarithmic relationship between soil total 
C and bacterial diversity at a global scale (Appendix S1: 
Fig. S5). Additional analyses indicated that soil total C 
is related to bacterial diversity in the Southern, but not 
in the Northern Hemisphere (Fig. 8c and e).

Microbial turnover along geographical distances

Our results indicated that bacterial community 
turnover may follow different patterns in the Northern 
and Southern Hemispheres. Thus, while bacterial com-
munity dissimilarity increased with geographical dis-
tance in the Southern Hemisphere (Fig. 9b), suggesting 
turnover limitation, this pattern was much weaker, 
nonetheless significant, in the Northern Hemisphere 
(Fig. 9a).

Correlations between bacterial composition and 
 environmental drivers

Acidobacteria and Proteobacteria were positively 
related to latitude, while the opposite pattern was 
observed for Chloroflexi and Actinobacteria (Table 1; 
Appendix S1: Table S1; P < 0.001). Interestingly, dis-
tance from equator (absolute latitude) was much less 
related to this distribution pattern than latitude per se 
(Table 1; Appendix S1: Table S1). Similarly, soil total C 
and C : N ratio were positively related to Acidobacteria 
and Proteobacteria, but negatively related to Chloroflexi 
and Actinobacteria (Table 1; P < 0.05). Moreover, Aci-
dobacteria and Proteobacteria were negatively related to 
soil pH, which was positively related to Chloroflexi and 
Actinobacteria (Table 1; P < 0.05). Aridity had a positive 
effect on Firmicutes, Chloroflexi, and Actinobacteria, 
but a negative effect on Acidobacteria and Proteobac-
teria (Table 1; P < 0.05). Finally, diurnal temperature 
range had a positive effect on Firmicutes, Chloroflexi, 
and Actinobacteria, but was negatively related to Pro-
teobacteria (Table 1; P < 0.05).

Meta- analysis cross- validation

Primer sets.—Using the soils collected from different 
ecosystems in Australia, we did not find any significant 
differences among primer sets for bacterial Shannon 
diversity at the OTU level (P > 0.05; Appendix S1: Fig. 
S7). However, we found minor but significant differences 
between primer sets for bacterial composition (P < 0.05; 

FIg. 3. Mean diversity values for the different biomes 
included in this study in both Northern and Southern Hemi-
spheres. Data represent means ± SE. The number of  replicates 
used in the different biomes is (Northern and Southern Hemi-
spheres, respectively): agro- systems (95 and 22), boreal and 
hemi- boreal forests (47 and 0), drylands (35 and 11), temper-
ate and continental grasslands (56 and 6), tundra (17 and 17), 
temperate forests (51 and 12), and tropical forests (14 and 7). 
*P < 0.05; ***P < 0.001; ns, not significant.
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Table S2, Appendix S1: Fig. S8). These differences were 
mainly occurring between regions V1–V4 (27F/519R 
and 341F/805R) and V4 alone (515F/806R). Addi-
tional analyses indicated that primer sets 27F/519R and 
341F/805R provided similar relative abundance for main 
bacterial phyla (but not for Proteobacteria; Appendix 
S1: Table S2). Consequently, the results related to Pro-
teobacteria need to be interpreted with caution.

Regarding in silico analyses, we did not find any sig-
nificant differences among primer sets for bacterial 
Shannon diversity at the OTU level or composition 
(P > 0.05), regardless of the RDP subset considered 
(Figs. S9 and S10 in Appendix S1). Together with the 
sequencing analyses, these results provide evidence that 
using different primer sets do not bias the results on 
the relative abundance of phyla and bacterial diversity, 
and thus the results reported are robust to the different 
primer sets used by the studies summarized in our 

database. Despite these analyses, and because our primer 
selection only involved regions V1–V3, V3–V4, and V4 of 
rRNA 16S rDNA, we repeated our core analyses, using 
regions V1–V3, V3–V4, and V4 for bacterial diversity and  
V1–V3 and V3–V4 for bacterial  composition; no  significant 
differences were found between primer sets for Shannon 
diversity or composition (as supported by the analyses of 
soil samples from Australia and in silico results). We also 
repeated these analyses using the most common primer 
sets for bacterial composition found in this meta- analysis 
(Fig. S11 in Appendix S1). Our results were maintained 
after accounting for these issues, as we still found negative 
statistically significant relationships between altitude and 
bacterial diversity, and a reduction in bacterial diversity 
from the tropics to Antarctica (P < 0.01; Appendix S1: 
Fig. S12). Similarly, we found a dominance of Acidobac-
teria and Actinobacteria in the Northern and Southern 
hemispheres, respectively (Appendix S1: Fig. S12).

FIg. 4. (a) Bray- Curtis similarity index across different latitudinal regions and (b- f) bacterial composition across different 
latitudinal ranges. Data in panel (a) represent means ± SE; different letters in this panel indicate significant differences among 
latitudinal ranges (P < 0.05, post- hoc test after PERMANOVA). Number of  replicates used in these analyses as follows: Antarctic 
(n = 34), middle latitude south (n = 48), equator (n = 66), middle latitude north (n = 414), and Arctic (n = 26).
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Soil depth.—We did not find any significant differences 
between soil depth (0–10 and 0–20 cm) in our experi-
mental data, either for bacterial diversity or  composition 

at the phyla level and regardless of the primer set 
used (P > 0.05; Appendix S1: Figs. S7 and S8). These 
results were maintained across different ecosystem types 
(Appendix S1: Figs. S7b and S13). In addition, partial cor-
relation analyses between latitude/altitude and bacterial 
diversity accounting for soil depth provided further evi-
dence that these results were not biased by using different 
soil depths in our database (latitude, Shannon index, 
Pearson’s r = 0.187, P = 0.001; altitude, log10- transformed.

Shannon index, r = −0.159, P = 0.002).

Shannon diversity calculated at different rarefaction 
 levels.—Increased sequencing depth (i.e., number of reads 
in the different studies) biased our data set by artificially 
increasing the values of the Shannon index (Pearson’s 
r = 0.209; P < 0.001; n = 349 soil samples). However, partial 
correlations between latitude/altitude and bacterial diversity 
correcting for number of sequences used to calculate this 
index (after rarefaction) showed similar results to those 
presented in Fig. 1: positive/negative relationship between 
latitude/altitude and bacterial diversity (latitude, Shannon 
index, r = 0.259, P < 0.001; altitude, log10- transformed 
Shannon index, r = −0.169, P = 0.002, n = 346). In addition, 
after using regression tree analyses, we found a threshold at 
8913 sequences. Shannon diversity calculated below 8913 
sequences/sample still had a significant relationship with 
the number of sequences used for its calculation (Pearson’s 
r = 0.181; P = 0.003; n = 277 soil samples). However, this 
was not the case for Shannon diversity calculated above 

FIg. 5. Importance of soil bacterial diversity  drivers, as 
measured with the percentage of increase of mean square error 
(MSE) in the Random Forest analysis.  Results are shown for the 
whole data set (n = 390 study cases). Significance levels of each 
predictor are *P < 0.05, **P < 0.01.

FIg. 6. Structural equation model describing the effects of multiple drivers on bacterial diversity. (a) Numbers adjacent to arrows 
are indicative of the effect size of the relationship. Continuous and dashed arrows indicate positive and negative relationships, respec-
tively. R2 denotes the proportion of variance explained. For graphical simplicity, letters on arrows mean (A) Spatial → Aridity = 0.14, 
Spatial → Mean annual temperature = −0.90**, Spatial →  Diurnal temperature range = −0.21**, Spatial → precipitation seasonal-
ity = −0.13**; (B) Altitude → Aridity = −0.01; Altitude → Mean annual temperature = −0.20**, Altitude → Diurnal temperature 
range = 0.38**, Altitude →  precipitation seasonality = 0.13*. Hexagons are composite variables. Squares are observable variables. 
Panel (b)  represents  standardized total effects (direct plus indirect effects) derived from the structural equation model used. The 
 numbers in the parentheses are bootstrap P-values.
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this threshold. Thus, Shannon diversity and the number of 
sequences used for its calculation were no longer strongly 
related (r = −0.159; P = 0.182; n = 274). Most impor-
tantly, the observed latitudinal and altitudinal patterns in 
this study followed similar trends even when controlling 
for potential biases caused by differences in sequencing 
effort among studies (latitude, Shannon index, r = 0.414, 
P < 0.001; altitude, log10- transformed Shannon index, 
r = −0.191, P = 0.108; n = 72), especially considering the 
low number of samples included in these analyses (n = 72).

Technology and year of publication/collection.—Both 
454 (97% of  data) and Miseq Illumina (3% of  data) 
showed similar levels of  bacterial diversity in this study 
(P > 0.05; Appendix S1: Fig. S14). Finally, the rela-
tionship between latitude/altitude and bacterial diversity 
was still maintained after correcting for the year of 
publication and soil collection (latitude, Shannon 
index, r = 0.263, P < 0.001; altitude, log10- transformed 
Shannon index, r = −0.138, P = 0.025). In addition, 
we found significant differences among geographical 
regions for bacterial diversity and composition after 
including the year of  publication and soil collection in 
our PERMANOVA analyses as covariables (P < 0.001).

Additional statistical analyses.—Our main finding, a 
reduction and increase in bacterial diversity with altitude 
and latitude, respectively, was maintained after using the 
residuals derived from a one- way ANOVA with primer 
set (8F- 541R, 515F- 816R, 338F- 907R, others, and non- 
provided) as a fixed factor and soil depth as a covariate 
(Appendix S1: Fig. S2). This applies to analyses con-
ducted at both sample and site levels (Appendix S1: Fig. 
S2). In addition, we found similar results after repeating 
our Random Forest and SEM analyses (Figs. 5 and 6 vs. 
Appendix S1: Figs. S15 and S16) using the residuals of bac-
terial diversity as a response variable. Our Random Forest 
still explained ~40% of the variance found in this variable, 
and latitude, altitude, and climatic features were still the 
most important factors controlling its variation, followed 

by soil properties (Fig. 5 vs. Appendix S1: Fig. S15). SEM 
analyses conducted using these residuals also showed similar 
patterns to those obtained when using bacterial diversity as 
a dependent variable (Fig. 6 vs. Appendix S1: Fig. S16).

Finally, our variance partitioning analyses highlighted 
that both spatial and environmental variables together 
explained a higher portion of the variance than tech-
nical variables (primer sets and soil depth) for both bac-
terial diversity and composition (Appendix S1: Fig. S17). 
Similar results were found at the sample and site levels 
(Appendix S1: Fig. S17).

dIscussIon

Our study provides evidence of  similarities and dis-
crepancies in the spatial patterns of  micro-  and macro- 
organisms in terrestrial ecosystems. For instance, soil 
bacterial diversity increased from Antarctica to the 
equator (MacArthur 1975, Rohde 1992, Begon et al. 
2006); however, this diversity did not differ systemati-
cally with latitude in the Northern Hemisphere, and even 
tended to increase in the Arctic region. Soil bacterial 
composition also showed distinctive patterns among 
hemispheres, being dominated by Acidobacteria and Act-
inobacteria in the Northern and Southern Hemispheres, 
respectively. However, Proteobacteria was co- dominant 
in both hemispheres. Moreover, we found a reduction 
in soil bacterial diversity with altitude. Remarkably, 
our SEM and Spearman correlation analyses provided 
strong evidence that distance from equator (absolute lat-
itude) had a much lower influence on bacterial diversity 
and composition than latitude per se. While climate 
correlated with diversity as it varied with altitude (i.e., 
high diurnal temperature range and low temperature 
correspond with low diversity at high altitudes), geo-
graphical gradients in soil total C and species turnover 
were important drivers of  the observed latitudinal pat-
terns. These distinct latitudinal and altitudinal patterns 
included substantial variation, but were maintained even 
when controlling for multiple potential biases related to 

FIg. 7. Relationships between bacterial diversity and both (a) altitude (measured in meters) and (b) diurnal temperature 
range. The solid lines represent the fitted linear regressions.
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different primer sets and 16 rRNA regions, soil depths, 
rarefaction efforts, sequencing techniques and the year 
of  publication used by the studies included in our 
database (see Results: Meta-analysis cross-validation).

Previous studies have found either no relationship 
(Fierer et al. 2011) or a negative relationship (Lyngwi 

et al. 2013) between altitude and soil bacterial diversity. 
Factors such as the high dispersal capacity of  bacterial 
communities (Fierer et al. 2011) may have obscured this 
spatial pattern in shorter altitudinal gradients and in 
local- scale studies. However, we provide evidence that, 
as previously observed with plants and animals from 

FIg. 8. Selected pairwise relationships between latitude, soil total C (soil C, measured as the percentage of Soil mass), and soil 
 bacterial diversity. Data in panel (a) represent means ± SE; Antarctic (n = 17), middle latitude south (n = 43), equator (n = 44), mid-
dle latitude north (n = 267), and Arctic (n = 19). The different letters in panel (a) indicate significant differences among latitudinal 
ranges and  solid lines in panels (b), (c), (d), and (e) represent the fitted linear regressions.
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mid to high elevations (MacArthur 1975, Rohde 1992, 
Rahbek 2005, Begon et al. 2006, Sundqvist et al. 2013), 
a negative relationship between altitude and bacterial 
diversity can be found at the global scale when con-
sidering a wide altitudinal range (0–4600 m). Diurnal 
temperature range and mean annual temperature were 

significant factors related to bacterial diversity in our 
study. Our results indicate that the observed negative 
effect of  altitude on soil bacterial diversity can be, at 
least in part, indirectly attributed to the high diurnal 
temperature range and low temperatures found in high- 
elevation areas. The increased physiological stress asso-
ciated with rapidly changing environmental conditions, 
and the decrease in net primary productivity near to the 
mountain tops, can constrain bacterial diversity, as pre-
viously observed with plants and animals (MacArthur 
1975, Rohde 1992, Begon et al. 2006, Young et al. 2013). 
An important finding of  our study is that climate itself  
cannot fully account for the latitudinal patterns observed 
in soil bacterial diversity. The equator divides the global 
climate and soil pH patterns roughly into two mirror 
images. However, this did not happen for either bacterial 
diversity or soil total C, which increased from the Ant-
arctica to the Northern Hemisphere. Interestingly, soil 
total C was positively related to soil bacterial diversity in 
the different analyses conducted, and was one of  the most 
important drivers of  the variation observed in this study. 
In agreement with our results, an increase of  total and 
microbial biomass C from southern to northern latitudes 
has been previously reported (Xu et al. 2013, Wieder 
et al. 2014), and the importance of  organic matter as a 
driver of  soil bacterial diversity at regional and global 
scales has also been recently highlighted (Siciliano 2014, 
Maestre et al. 2015).

Our results provide strong evidence for a disconnection 
between the diversity patterns of higher organisms (plants 
and animals) and soil bacterial diversity in the Northern 
Hemisphere, which may be related to the differences in 
energy requirements and dispersal limitations of these 
organisms. Unexpectedly high levels of bacterial diversity 
have been previously reported at northern high latitudes 
(Steven et al. 2013), although the main drivers of this 
pattern remain unclear. Similarly, a recent global study 
focused on drylands found a positive effect of latitude on 
the diversity of soil bacteria (see Fig. 3 in Maestre et al. 
2015). Contrary to plants and animals, many soil bacteria 
primarily rely on organic matter decomposition to obtain 
energy (Allison et al. 2010, Trivedi et al. 2013). Thus, the 

FIg. 9. The relationship between bacterial community dissim-
ilarity (Bray- Curtis distance) and the Euclidean distance between 
samples (in km) for the Northern and Southern Hemispheres. The 
solid and lines represent the fitted linear regressions (n = 588).

taBle 1. Correlation coefficients (Spearman’s ρ) between latitude, distance from the equator, altitude, climate, and soil properties 
with the relative abundance of the main bacterial phyla (n = 588 samples). 

Factors Acidobacteria Actinobacteria Chloroflexi Firmicutes Proteobacteria

Latitude 0.162 (<0.001) −0.171 (<0.001) −0.105 (0.011) −0.008 (0.852) 0.150 (<0.001)
Distance from equator −0.073 (0.078) 0.092 (0.023) −0.083 (0.045) −0.074 (0.072) −0.012 (0.775)
Altitude 0.171 (<0.001) 0.023 (0.578) −0.001 (0.986) −0.006 (0.884) −0.003 (0.945)
Mean annual temperature 0.000 (0.997) −0.018 (0.656) −0.010 (0.817) 0.116 (0.001) 0.021 (0.606)
Diurnal temperature range −0.013 (0.756) 0.150 (<0.001) 0.097 (0.018) 0.204 (<0.001) −0.166 (<0.001)
Precipitation seasonality −0.067 (0.103) 0.073 (0.075) 0.284 (<0.001) −0.100 (0.016) −0.141 (<0.001)
Aridity −0.192 (<0.001) 0.291 (<0.001) 0.242 (<0.001) 0.162 (<0.001) −0.284 (<0.001)
pH −0.424 (<0.001) 0.204 (<0.001) 0.345 (<0.001) 0.248 (<0.001) −0.269 (<0.001)
Total C 0.219 (<0.001) −0.222 (<0.001) −0.097 (0.018) −0.195 (<0.001) 0.157 (<0.001)
C : N 0.238 (<0.001) −0.160 (<0.001) −0.244 (<0.001) −0.150 (<0.001) 0.179 (<0.001)

Note: P values are in brackets.
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lower soil total C content found in the Southern vs. the 
Northern Hemisphere may explain, at least in part, the 
observed diversity patterns. This relationship is especially 
noticeable in the Southern Hemisphere, which harbors 
some of the ecosystems with the lowest soil total C avail-
ability on Earth (Xu et al. 2013, Wieder et al. 2014), and 
suggests that soil total C may only limit the diversity of 
bacteria under very low C conditions. The overall positive 
relationship between soil total C and bacterial diversity 
found in this study may be part of the mechanisms under-
lying global ecosystem functioning and climate regulation 
(Wieder et al. 2014). For instance, the presence of large soil 
organic matter stocks and highly diverse bacterial commu-
nities in northern latitude regions (Xu et al. 2013, Wieder 
et al. 2014) suggest that increases in temperature may be 
followed by enhanced organic matter decomposition and 
increased soil respiration, with large implications for C 
fluxes and climate regulation at the global scale (Xu et al. 
2013, Wieder et al. 2014). Interestingly, the highest differ-
ences in bacterial diversity between the hemispheres were 
found in C- poor and low productivity biomes such as those 
from the Antarctic Circle, drylands, and grasslands. These 
results suggest that, in the nutrient- depleted soils from the 
Southern Hemisphere, reductions in productivity and asso-
ciated C inputs to the soil linked to climatic events such as 
droughts, which are likely be more recurrent under ongoing 
climate change (Dai 2012, IPCC 2013), can have a signif-
icant negative impact on soil bacterial diversity. Other than 
soil total C, lack of vascular plants and extreme climatic 
conditions can also explain the lowest bacterial diversity 
found in the Antarctic compared to Arctic regions. For 
instance, the climate at similar latitudes in the Antarctic 
region is much more extreme than in the Arctic, with a 
lower annual mean temperature in the former (−11.0°C vs. 
−4.5°C in our data set; P = 0.022). This may further limit 
bacterial diversity in the Antarctic sites.

Interestingly, while we did not find any direct effect 
of altitude on bacterial diversity in our SEM, we still 
found a strong and significant positive direct effect of 
latitude on bacterial diversity. These results suggest that 
while climate and soil properties suffice to explain all the 
effects from altitude on bacterial diversity, we were unable 
to determine all the potential mechanisms explaining the 
positive effect of latitude on bacterial diversity. As a com-
plementary explanation to the lowest bacterial diversity 
found in the Southern Hemisphere, the increase in bac-
terial community dissimilarity with geographical distance 
found in the Southern Hemisphere suggests that bacterial 
turnover may be lower in this hemisphere (vs. Northern 
Hemisphere), which may reduce the probability of phyla 
dispersion and colonization. Contrary to this, we found 
a weak, nonetheless significant, relationship between 
community dissimilarity and geographical distances 
in the Northern Hemisphere. The fact that this hemi-
sphere has an enormous and almost continuous mass of 
land, while the continents in the Southern Hemisphere 
(e.g.,  Australia, Antarctica, South America, and Africa) 
are separated by large water bodies and have less land 

mass, may also contribute to explain the lowest bacterial 
diversity found in the latter. Remarkably, these results 
challenge the extended idea that microbes are not limited 
by dispersion mechanisms, and suggest that the island 
biogeography theory may also potentially apply to micro-
organisms at the global scale (MacArthur 1975, Rohde 
1992, Begon et al. 2006). While this idea has been elab-
orated for at the species level (Barberán et al. 2014), our 
results indicate that this may also apply to phylum- level 
composition of bacteria. Interestingly, and contrary to 
what has been found with plants and animals, the tropical 
and Antarctic regions had the highest and lowest taxo-
nomic similarity across sites, respectively. This pattern is 
perhaps linked to the warm/cold environmental condi-
tions and high/low spatial connectivity across sites char-
acterizing the tropical and Antarctic regions, respectively 
(MacArthur 1975, Rohde 1992, Begon et al. 2006).

It is also important to note that the dominant bac-
terial communities differed in the Northern and Southern 
Hemispheres (Figs. 4 and Appendix S1: Fig. S2). Ancient 
phyla such as Actinobacteria and Chloroflexi (Battistuzzi 
and Hedges 2009) were more abundant in the Southern 
Hemisphere (Table 1), where some of the oldest, nutrient- 
depleted soils on Earth are found (Johnson 2009). These 
bacterial phyla have been shown to possess important 
adaptations that enable them to resist environmental 
harshness (e.g., ability to survive desiccation and low 
nutrient availability conditions; Battistuzzi and Hedges 
2009, Trivedi et al. 2013). In addition, Actinobacteria 
have been suggested to effectively scavenge nutrients in 
nutrient- poor ecosystems, giving this group an advantage 
in these environments (Zechmeister- Boltenstern et al. 
2015). In contrast, the Northern Hemisphere was domi-
nated by relatively old bacterial phyla such as Acidobac-
teria and Proteobacteria (Battistuzzi and Hedges 2009), 
which are highly diverse groups of microorganisms 
linked to organic C degradation (Fierer et al. 2007, 
Trivedi et al. 2013). These phyla may have evolved in 
relatively old soils with higher nutrient availability, after 
the accumulation of C and N via atmospheric fixation 
from other ancient groups such as Cyanobacteria and 
Chloroflexi (Battistuzzi and Hedges 2009). A decrease in 
soil bacterial diversity and new phyla such as Acidobac-
teria and Proteobacteria (Battistuzzi and Hedges 2009, 
Trivedi et al. 2013), together with an increase in ancient 
bacterial phyla such as Actinobacteria, has been previ-
ously observed with soil development in old soils (Jangid 
et al. 2014). However, the mechanisms that control these 
processes are uncertain. Gradients in the availability of 
nutrients such as nitrogen and phosphorus from northern 
latitudes to the Southern Hemisphere linked to the last 
glaciation (Johnson 2009) may also explain the observed 
global patterns in bacterial diversity and composition. 
However, we have not been able to explicitly assess the 
relationship with these nutrients because of a lack of data 
in the primary studies compiled. Supporting this idea, 
the highest differences in the relative abundance of Act-
inobacteria, Acidobacteria, and Proteobacteria between 
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the hemispheres are found in nutrient- poor environments 
such as drylands and the tundra (Pointing et al. 2009).

Our results support previous studies highlighting the 
importance of factors such as pH (Fierer and Jackson 
2006, Fierer et al. 2009, Lauber et al. 2009), spatial 
influence (Horner- Devine et al. 2004, Martiny et al. 
2011, Hanson et al. 2012, Maestre et al. 2015) and soil 
total C (Siciliano 2014, Maestre et al. 2015) as drivers 
of changes in soil bacterial diversity and composition. 
We also acknowledge that the explanatory ability of our 
statistical models was relatively low, something that is not 
surprising given the nature of the data used. Altogether, 
our study, which encompasses a wide range of ecosystem 
types, climates, and soil properties, provides a reasonable 
initial snapshot of the patterns and mechanisms driving 
bacterial diversity at the global scale. However, we 
acknowledge the limitations of our analytical approach. 
Meta- analyses are always noisier than field studies using 
standardized survey and analytical protocols because of 
the methodological differences among the studies syn-
thesized. As such, meta- analyses in ecology have been 
commonly used to explore overall patterns in ecological 
variables and processes (here global patterns in bacterial 
diversity and phylum- level composition). Meta- analyses 
using next generation sequencing data have been dis-
couraged because of the general belief that differences in 
soil depth, primer sets and sequencing depth can poten-
tially alter the values obtained for both microbial compo-
sition and diversity (Engelbrektson et al. 2010, Cai et al. 
2013, Fredriksson et al. 2013). However, we argue that 
next generation sequencing data are not noisier than any 
other soil data that have been synthesized using meta- 
analysis, such as microbial stoichiometry (Xu et al. 2013), 
litter decomposition rates (García- Palacios et al. 2015), 
microbial abundance (Fierer et al. 2009, Serna- Chavez 
et al. 2013), fungal : bacterial ratios (Fierer et al. 2009) and 
soil bacterial diversity estimated using terminal restriction 
fragment length polymorphism (T- RFLP; Lozupone and 
Knight 2007). Here, we provided solid evidence from both 
in silico and experimental approaches that technical aspects 
such as the primer set used or the depth at which samples 
were collected did not alter the main global patterns in 
bacterial communities reported here. Moreover, we found 
that environmental and spatial variables explained levels 
of the variance in soil bacterial diversity and compo-
sition similar to those reported by Tedersoo et al. (2014), 
who studied soil fungal communities using data gathered 
from a standardized global survey. As such, our study 
provides a novel conceptual framework integrating mul-
tiple hypotheses to build a system- level understanding 
of the global drivers of bacterial diversity in terrestrial 
ecosystems. More importantly, our combined approach 
of ecological theory and novel statistical modeling could 
be highly useful for future studies addressing global pat-
terns in microbial diversity in terrestrial ecosystems by 
providing multiple tools to identify and address existing 
limitations related to our understanding of global pat-
terns in soil bacterial diversity and composition. Further, 

our findings provide a testable hypothesis and thus open 
the door to conducting a large scale global study to test 
whether the global patterns we found through synthesized 
data remain the same with original data collected with a 
standardized method. As such, our work provides the first 
step toward understanding global patterns and drivers of 
bacterial diversity and composition.

In summary, we found that soil bacterial diversity and 
composition follow different patterns related to latitude 
and temperature in Northern vs. Southern Hemispheres, 
in distinct contrast to what has been found with plant and 
animal diversity. Moreover, our results indicate that bac-
terial diversity decreases with altitude in terrestrial eco-
systems. While extreme climatic conditions were the main 
drivers of change in soil bacterial diversity with altitude, 
factors such as the low soil C content and microbial 
turnover rates best explained the low soil bacterial 
diversity found in the Southern Hemisphere. Thus, our 
findings suggest a paradigm shift in our understanding of 
the biogeographical patterns and drivers of soil bacterial 
diversity by identifying contrasting biodiversity patterns 
to those previously observed with plants and animals; and 
the possible mechanisms that control it at a global scale.
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