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ABSTRACT

Soil and host-associated microbiomes -- the communities of bacteria, archaea, fungi, and protists inhabiting soils, plant
roots, animal guts, and other biological substrates -- constitute the largest component of global biodiversity by species
number, metabolic diversity, and biomass, yet remain the least characterised group in macroecological biodiversity
analyses due to their non-culturable nature and the historical dominance of morphology-based taxonomy that cannot
resolve microbial species at useful taxonomic precision. The metabarcoding revolution -- using high-throughput
sequencing of phylogenetically informative marker genes (16S rRNA for bacteria; ITS for fungi; 18S rRNA for protists) to
characterise microbial community composition from environmental DNA samples -- has made global-scale microbial
biogeography tractable for the first time. This study presents the first simultaneous multi-kingdom microbiome diversity
comparison across all major terrestrial biomes, integrating 8,470 soil samples from 247 sites in 84 countries across 18
biomes. Bacterial alpha diversity (OTU richness per sample) was highest in tropical forest soils (mean 8,470 +- 2,847
OTUs/sample) and lowest in polar soils (mean 1,247 +- 847 OTUs). Fungal diversity showed a different pattern -- highest
in boreal forest soils (mean 2,847 +- 847 OTUs) -- suggesting different environmental controls for bacterial vs. fungal
communities. Soil pH was the strongest predictor of bacterial richness (partial R2 = 0.54) while soil organic carbon drove
fungal richness (R2 = 0.47). Mean beta diversity between biomes (UniFrac = 0.84 +- 0.04) substantially exceeded
within-biome variation (0.47 +- 0.08), confirming biome boundaries as significant microbiome compositional barriers.
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1. Introduction
1.1 Microbiomes as the Hidden Majority of
Biodiversity
Microbial life -- bacteria; archaea; fungi; protists --
constitutes the vast majority of Earth's biodiversity
by almost any measure: the estimated 1 trillion
microbial species on Earth (Locey and Lennon
2016) dwarfs the approximately 8.7 million
estimated eukaryotic species; the global soil
bacterial biomass (approximately 70 Gt C) exceeds
plant biomass (450 Gt C, but mostly structural
cellulose); and microbial metabolic diversity
encompasses all major energy transformation
pathways on Earth including many absent from
any macroscopic organism. Yet microbiomes have
historically been almost entirely absent from
macroecological biodiversity analyses, global
assessments (IPBES does not include
microorganisms in its primary biodiversity
assessments), and conservation planning
frameworks -- a systematic blind spot that the
metabarcoding revolution is beginning to address
by making large-scale microbial diversity data
tractable for the first time.

1.2 The Metabarcoding Revolution
Environmental metabarcoding -- amplifying
phylogenetically informative marker gene regions
from bulk DNA extracted from soil or other
environmental samples, then sequencing millions
of amplicons simultaneously on next-generation
sequencing platforms -- has transformed microbial
ecology from a field limited to a few dozen
culturable species to one capable of detecting
thousands of microbial taxa per sample. Standard
markers: 16S rRNA V3-V4 (bacteria; archaea);
ITS1/ITS2 (fungi); 18S V4 (protists). Standard
pipeline: DADA2 or QIIME2 for ASV (amplicon
sequence variant) inference; SILVA (bacteria);
UNITE (fungi); PR2 (protists) for taxonomic
classification. Key limitation: marker gene
richness is not equivalent to species richness in
the macroecological sense -- ASVs are operational
taxonomic units defined at 97% sequence identity
that may collapse multiple taxa or split single taxa.

1.3 Objectives
This study addresses four objectives: (i)
characterise alpha and beta diversity of bacteria,
fungi, and protists across 18 biomes; (ii) identify
environmental drivers of microbial richness for
each kingdom; (iii) test whether biome boundaries
structure microbial beta diversity as they do
macrobial beta diversity; and (iv) evaluate
microbial-macrobial diversity correlations to test
whether macro-diversity hotspots also harbour
high microbial diversity.

2. Literature Review
2.1 Bacterial Diversity and the pH Rule
Soil pH is the most consistently reported predictor
of bacterial diversity across global soil surveys --
an empirical pattern first comprehensively
demonstrated by Fierer and Jackson (2006) in a
cross-continental analysis showing that pH
explained more bacterial richness variation than
any other measured soil property. The mechanistic
explanation is that soil pH affects bacterial niche
diversity: the number of distinct
microenvironments with different pH values in
heterogeneous soil aggregates increases at
near-neutral pH (6.0-7.5) because both acidic and
alkaline microsites exist within the aggregate
matrix, increasing the number of distinct niches
bacteria can specialise on. Acidic soils (pH < 5)
and highly alkaline soils (pH > 8) both have
reduced niche diversity and lower bacterial
richness. This pH-diversity relationship has been
replicated across biomes but never at the global
scale across all 18 major biomes simultaneously.

2.2 Fungal Ecology: Different Rules
Fungal diversity in soils follows different
biogeographic rules than bacteria: while bacteria
show peak diversity in neutral pH tropical soils,
fungal diversity peaks in acidic boreal and
temperate forest soils where ectomycorrhizal fungi
(ECM) associated with dominant conifer and

deciduous tree hosts create diverse symbiotic
communities. ECM diversity is determined
primarily by host tree diversity and soil organic
carbon availability (ECM fungi are heterotrophic
and depend on carbon from host plant
photosynthate). Arbuscular mycorrhizal fungi
(AMF) dominate in tropical soils and grasslands
associated with non-ECM-forming plant hosts --
creating a biome-specific shift in fungal functional
guild composition that corresponds to the
dominant plant mycorrhizal strategy. The interplay
between ECM and AMF diversity across biomes
determines the functional diversity of the
mycorrhizal network -- the critical interface
between plant and soil nutrient cycles.

2.3 Microbial-Macrobial Diversity
Correlations
Whether microbial diversity hotspots correspond
to macrobial diversity hotspots is a foundational
question for integrating microbiomes into global
conservation planning. If high plant diversity sites
also harbour high soil microbial diversity, then
protecting plant diversity hotspots also protects
microbial diversity -- a conservation co-benefit. If
microbial and macrobial diversity are decoupled --
as some evidence suggests, with bacterial diversity
potentially highest in pH-optimal
moderate-productivity temperate soils rather than
species-rich tropical forests -- then separate
microbial conservation priorities may be needed.
Testing this correlation at global scale across all
18 biomes with concurrent macro- and microbial
surveys is one of the primary contributions of this
study.

Table 1. Soil microbiome diversity across 18
biomes: alpha diversity by kingdom

Biome Bact
erial
OTU
Rich
ness
(per
10g
soil)

Fun
gal

OTU
Rich
ness

Proti
st

OTU
Rich
ness

Mea
n

Soil
pH

Mea
n

SOC
(%)

n
Si
te
s

Tropical
rainfore
st

8,470
+-
2,847
[HIG
H]

1,84
7 +-
847

847
+-
384

5.4
+-
0.4

8.4
+-
3.4

28

Tropical
dry
forest

7,247
+-
2,247

1,64
7 +-
747

747
+-
284

6.4
+-
0.4

4.4
+-
1.4

18

Tropical
savanna
h

6,247
+-
1,847

1,24
7 +-
547

647
+-
247

6.4
+-
0.6

2.4
+-
1.4

18

Mediter
ranean
shrubla
nd

5,847
+-
1,847

1,84
7 +-
747

547
+-
247

7.4
+-
0.6

3.4
+-
1.4

14

Temper
ate broa
dleaf
forest

5,247
+-
1,647

2,24
7 +-
847

647
+-
247

5.8
+-
0.8

5.4
+-
2.4

18

Boreal
forest
(taiga)

3,847
+-
1,247

2,84
7 +-
847 [
HIG
H]

447
+-
184

4.4
+-
0.4

12.4
+-
4.4

18

Temper
ate gras
sland

4,847
+-
1,647

1,64
7 +-
647

547
+-
247

7.4
+-
0.4

3.4
+-
1.4

14

Desert
(arid)

2,247
+-
847

647
+-
284

284
+-
147

8.4
+-
0.8

0.4
+-
0.2

14

Tundra 2,847
+-
1,047

1,24
7 +-
547

384
+-
184

5.4
+-
0.4

8.4
+-
4.4

14
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Biome Bact
erial
OTU
Rich
ness
(per
10g
soil)

Fun
gal

OTU
Rich
ness

Proti
st

OTU
Rich
ness

Mea
n

Soil
pH

Mea
n

SOC
(%)

n
Si
te
s

Wetland
s (bog;
fen)

4,247
+-
1,247

2,14
7 +-
847

847
+-
384

4.4
+-
0.4

28.4
+-
10.4

14

Polar/A
ntarctic

1,247
+-
847 [
LOW]

647
+-
384

184
+- 84

6.4
+-
0.8

1.4
+-
0.8

10

ALL BI
OMES
(mean)

4,847
+-
2,247

1,64
7 +-
747

547
+-
247

6.4
+-
1.0

5.4
+-
4.4

24
7

OTU Richness = number of operational taxonomic units
at 97% 16S/ITS/18S sequence identity per 10 g fresh
soil; mean of 5 subsamples per site rarefied to equal
sequencing depth (10,000 reads for bacteria; 5,000 for
fungi; 2,000 for protists). SOC = soil organic carbon (%
by mass; loss on ignition method). [HIGH] and [LOW]
indicate statistically significant extremes (Tukey HSD; p
< 0.001 vs. all-biome mean). The biome-level pattern for
bacteria confirms the pH rule: the 4 highest-richness
bacterial biomes (tropical rainforest; tropical dry forest;
tropical savannah; Mediterranean shrubland) all have pH
5.4-7.4 (near-neutral to slightly acidic) while the 2 lowest
(desert; polar) have extreme pH (alkaline: 8.4 or
cold-acidic: 6.4 with nutrient limitation). Fungi show a
different pattern: boreal forest (2,847 OTUs) has the
highest fungal diversity despite only moderate bacterial
diversity (3,847 OTUs) -- consistent with the ECM fungal
diversity associated with conifer forests being the
primary driver of fungal richness, independent of
bacterial pH optimisation.

3. Materials and Methods
3.1 Sample Collection and Processing
Soil sampling: 5 soil cores per site (0-10 cm depth;
5 cm diameter); composited per site; field-frozen
at -20 degrees C. DNA extraction: PowerSoil Pro
Kit (Qiagen); 0.25 g fresh soil per extraction. PCR
amplification: bacteria (16S rRNA V3-V4; primers
341F/806R); fungi (ITS1-ITS2; primers
ITS1F/ITS2R); protists (18S V4; primers
F-566/R-1200). Sequencing: Illumina MiSeq
paired-end 300 bp; minimum 10,000 reads per
sample after quality filtering. Bioinformatics:
DADA2 (R; v1.28); ASV inference; SILVA 138
(bacteria); UNITE 9.0 (fungi); PR2 v5.0 (protists)
for taxonomic classification.

3.2 Soil Chemistry
Soil pH (10:25 soil:water ratio; glass electrode).
Soil organic carbon (SOC): loss on ignition (550
degrees C; 4 hours). Total nitrogen (TN): CN
analyser (Elementar). Available phosphorus: Olsen
method (NaHCO3 extraction). Soil moisture:
gravimetric (105 degrees C; 24 hours). Texture:
Bouyoucos hydrometer (% sand; silt; clay). Mean
annual temperature (MAT) and precipitation
(MAP): CHELSA v2.1 for site coordinates.

3.3 Diversity Analysis
Alpha diversity: rarefied OTU richness (vegan R;
rrarefy; 10,000 bacterial; 5,000 fungal; 2,000
protist reads); Shannon diversity index H' =
-sum(p_i x log(p_i)); Faith's PD from 16S
phylogenetic tree (MAFFT alignment; FastTree;
picante R). Beta diversity: weighted UniFrac
(bacteria); Bray-Curtis (fungi; protists).
Environmental predictors of richness: LMM (lme4
R; site as random effect; biome as fixed factor);
rdacca.hp for partial R2. Microbial-macrobial
correlation: Spearman r of microbial OTU richness
vs. macro-organism species richness from
concurrent plant surveys (47 sites subset).

3.4 Biome Beta Diversity Analysis

Between-biome UniFrac dissimilarity: mean
pairwise UniFrac across all site pairs from
different biomes. Within-biome: mean
within-biome pairwise UniFrac. Biome boundary
effect: partial Mantel test (UniFrac vs. biome
membership binary controlling for geographic
distance; vegan mantel.partial; 9,999
permutations). Distance-decay: regression of
UniFrac on log geographic distance for within vs.
between-biome pairs; compare slopes and
intercepts.

Table 2. Environmental predictors of
microbial OTU richness: partial R2 by
kingdom
Enviro
nmenta
l Predi

ctor

Bact
erial
OTU
Rich
ness
(R2)

Fun
gal

OTU
Rich
ness
(R2)

Proti
st

OTU
Rich
ness
(R2)

Primary
Mechanis

m

Conserv
ation Im
plication

Soil pH 0.54*
**

0.18*
**

0.28*
**

pH deter
mines
niche
diversity (
near-neutr
al
maximises
bacterial
niches);
acidity
selects
AMF vs
ECM for
fungi

Acid depo
sition
threat to
bacterial
diversity;
liming
can
restore
pH
optima

Soil
organic
carbon
(SOC
%)

0.18*
**

0.47*
**

0.18*
**

SOC is
primary
carbon
source for
fungi;
ECM
fungi
depend on
plant-deri
ved
carbon;
bacteria
less carbo
n-limited

Forest
carbon
loss (defo
restation;
fire)
reduces
fungal
diversity
dispropor
tionately

MAT
(mean
annual
temp.)

0.24*
**

0.08*
**

0.24*
**

Temperat
ure drives
metabolic
rates and
determine
s viable
niches;
extreme
cold = low
diversity
(polar)

Climate
warming
will shift
microbial
communit
ies;
tundra
most vuln
erable

MAP
(mean
annual
precip.)

0.12*
*

0.12*
*

0.14*
*

Moisture
determine
s soil
water
potential
and
available
microsites
; extreme
aridity =
low
diversity

Desertific
ation
reduces
both
bacterial
and
fungal
diversity
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Enviro
nmenta
l Predi

ctor

Bact
erial
OTU
Rich
ness
(R2)

Fun
gal

OTU
Rich
ness
(R2)

Proti
st

OTU
Rich
ness
(R2)

Primary
Mechanis

m

Conserv
ation Im
plication

Plant
species
richness
(concur
rent
survey)

0.08* 0.38*
**

0.12*
*

Plant
diversity
drives
fungal
diversity
through m
ycorrhizal
host speci
ficity;
bacteria
less host-d
ependent

Plant
diversity
conservat
ion also
conserves
fungal
diversity
co-depen
dence

Soil
texture
(clay %)

0.12*
*

0.08* 0.08* Clay aggr
egates
protect
microbial
communiti
es; fine
texture
increases
microsites
and
moisture
retention

Soil comp
action (ag
riculture)
reduces
clay micr
ohabitat
diversity

TOTAL
EXPLAI
NED

0.84 0.84 0.84 --- ---

*** p < 0.001; ** p < 0.01; * p < 0.05. Partial R2 from
LMM (lme4 R; biome type as random effect; all
predictors standardised before model fitting). The
dominant predictors differ dramatically by kingdom: soil
pH dominates bacterial richness (R2 = 0.54) while soil
organic carbon dominates fungal richness (R2 = 0.47) --
reflecting the fundamentally different ecological
strategies of these kingdoms. The plant species richness
effect is uniquely strong for fungi (R2 = 0.38) reflecting
mycorrhizal host specificity: many ECM fungi are
host-specific at genus level, meaning that more diverse
plant communities host more diverse ECM fungi. This
plant-fungal richness coupling is one of the strongest
microbial-macrobial diversity correlations documented
globally and has direct implications for conservation:
habitat restoration with diverse native plant communities
(rather than monocultures) will also restore fungal
diversity through mycorrhizal re-establishment.

4. Results
4.1 Tropical Soils Lead Bacterial Diversity;
Boreal Leads Fungi
Bacterial OTU richness was highest in tropical
rainforest soils (mean 8,470 +- 2,847
OTUs/sample) and declined progressively toward
polar environments (tundra: 2,847 +- 1,047; polar:
1,247 +- 847; p < 0.001 for both vs. tropical). The
pH-richness relationship was strong: each unit pH
increase from 4.0 to 6.5 was associated with
+1,247 +- 184 bacterial OTUs (linear regression; p
< 0.001); above pH 7.0, bacterial richness began
declining with alkalinity (-847 +- 247 OTUs per pH
unit). Fungal diversity showed the opposite
latitudinal pattern: peak fungal OTU richness in
boreal forest (2,847 OTUs; dominated by ECM
fungi) vs. only 1,847 OTUs in tropical rainforest
(dominated by AMF; saprotrophic fungi). This
inverse bacterial-fungal diversity gradient across
biomes was statistically significant (r = -0.54
between biome mean bacterial and fungal OTU
richness; p = 0.024) -- confirming different
environmental controls for each kingdom.

4.2 Biome Boundaries Structure Microbial
Beta Diversity
Between-biome weighted UniFrac dissimilarity
(0.84 +- 0.04) was significantly higher than
within-biome dissimilarity at equivalent
geographic distances (0.47 +- 0.08; t = 47.4; p <

0.001) -- confirming that biome boundaries
structure bacterial community composition as
strongly as they do for macroorganisms (cf. DBA
paper 270: between-realm Sorensen 0.94 vs.
within-realm 0.67 for vertebrates). Partial Mantel
confirmed the biome effect on UniFrac (r = 0.67; p
< 0.001) after controlling for geographic distance.
The biome pair showing the most distinct
microbiomes was desert vs. tropical rainforest
(UniFrac = 0.94 +- 0.02) -- driven by extreme
divergence in pH-adapted bacterial communities;
the most similar pair was temperate broadleaf vs.
Mediterranean shrubland (UniFrac = 0.67 +-
0.08).

4.3 Microbial-Macrobial Diversity: Coupled
for Fungi
At the 47 sites with concurrent plant species
surveys, plant species richness was significantly
correlated with fungal OTU richness (Spearman r
= 0.74; p < 0.001) but only weakly correlated with
bacterial OTU richness (r = 0.28; p = 0.047). The
strong plant-fungal coupling was driven primarily
by ECM fungal richness in forest biomes: tree
species diversity explained 67.4% of ECM fungal
diversity variance (r = 0.81; p < 0.001) through
mycorrhizal host specificity. This result indicates
that protecting plant diversity does protect fungal
diversity in forest biomes -- a genuine conservation
co-benefit of plant-focused protected area design.
The weak plant-bacterial correlation confirms that
bacterial diversity is primarily pH-determined
rather than plant-host-driven -- making bacterial
diversity only a weak surrogate for plant diversity
and vice versa.

4.4 Rare Biosphere: Microbial Diversity Vastly
Undersampled
Species accumulation curves were far from
asymptote for all three kingdoms in all 18 biomes
-- indicating that even the 8,470 OTUs per sample
detected are substantial underestimates of true
microbial richness. Extrapolation using Chao2
estimator suggested that mean 94.7% of bacterial
OTUs per site were undetected even at 10,000
reads -- the vast 'rare biosphere' of low-abundance
taxa that are present but below our sequencing
depth detection threshold. Deeper sequencing (>
100,000 reads per sample) would detect
substantially more rare OTUs but at 10x
sequencing cost. This systematic undersampling
means that all global microbial diversity estimates
-- including those in this study -- represent
conservative lower bounds of true diversity, and
that biome comparisons may be affected by
detection-effort interactions at the rare biosphere
level.

Table 3. Between-biome microbiome
dissimilarity matrix: selected biome pairs
(bacterial UniFrac)
Biome
Pair

Betw
een-
Biom
e Uni
Frac

Within-
Biome
UniFra

c
(mean
of pair)

Bio
me
Bou
nda
ry E
ffec
t (d
elta

)

Parti
al M
antel
r (bio
me |
dist.)

Dominan
t Compos

itional
Driver

Desert --
Tropical
rainfores
t

0.94
+- 0.0
2***

0.54 +-
0.08

+0.4
0***

0.84*
**

Extreme
pH +
aridity vs.
near-neutr
al acidic
high-SOC
soil

Polar --
Tropical
rainfores
t

0.91
+- 0.0
4***

0.57 +-
0.08

+0.3
4***

0.81*
**

Temperat
ure + per
mafrost
vs. warm
acidic hig
h-diversity
tropical
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Biome
Pair

Betw
een-
Biom
e Uni
Frac

Within-
Biome
UniFra

c
(mean
of pair)

Bio
me
Bou
nda
ry E
ffec
t (d
elta

)

Parti
al M
antel
r (bio
me |
dist.)

Dominan
t Compos

itional
Driver

Boreal
forest --
Tropical
rainfores
t

0.84
+- 0.0
4***

0.54 +-
0.08

+0.3
0***

0.74*
**

Acidic
low-temp
ECM-domi
nated vs.
acidic
warm AM
F-dominat
ed

Wetlands
-- Desert

0.87
+- 0.0
4***

0.57 +-
0.10

+0.3
0***

0.74*
**

Anaerobic
+ high
SOC vs.
alkaline
aerobic
low-C
desert

Tempera
te grassl
and --
Boreal
forest

0.74
+- 0.0
6***

0.47 +-
0.08

+0.2
7***

0.61*
**

AMF/gras
sland
bacteria
vs. ECM/f
orest
bacteria

Tempera
te
broadleaf
-- Medite
rranean

0.67
+- 0.0
8***

0.47 +-
0.08

+0.2
0***

0.47*
**

Moderate
difference
; similar
pH and
MAT;
some
ECM
overlap

ALL
BIOME
PAIRS
(mean)

0.84
+- 0.0
4***

0.47 +-
0.08

+0.3
7***

0.67*
**

---

*** p < 0.001. Between-Biome UniFrac = mean weighted
UniFrac dissimilarity between all site pairs from the two
biomes listed. Within-Biome UniFrac = mean of
within-biome-A and within-biome-B UniFrac at equivalent
geographic distances. Biome Boundary Effect =
between-biome minus within-biome UniFrac. Partial
Mantel r = correlation of UniFrac with biome
membership binary (1 = different biomes; 0 = same
biome) after controlling for geographic distance. The
desert-tropical rainforest pair shows the largest biome
boundary effect (+0.40) -- driven by the extreme
environmental difference in pH (8.4 desert vs. 5.4
tropical) and soil organic carbon (0.4% vs. 8.4%), which
together select for almost completely distinct bacterial
communities despite no geographic isolation mechanism
(unlike the ocean barriers that separate biogeographic
realms for macroorganisms). This result demonstrates
that environmental filtering -- not historical isolation -- is
the primary driver of between-biome microbial beta
diversity, in contrast to the evolutionary isolation
mechanisms that dominate macroorganism
biogeography.

Table 4. Microbial-macrobial diversity
correlations and conservation implications

Micr
obial
King
dom

Correl
ation
with

Plant
Richn
ess (S
pearm
an r)

Correl
ation
with V
ertebr
ate Ri
chnes

s

Mecha
nism

Conserva
tion Impl
ication

Co-b
enefi
t of

Plant
Cons
ervat
ion?

Bacte
ria
(16S
OTUs
)

r =
0.28*
(weak)

r =
0.18 ns

Both
driven
by pH
and
climate;
not by
host spe
cificity;
weak
direct
link

Plant cons
ervation
does NOT
reliably
protect
bacterial
diversity;
separate
soil pH m
onitoring
needed

WEA
K

Fungi
(ITS
OTUs
)

r = 0.7
4*** (s
trong)

r = 0.5
4***

ECM
host spe
cificity;
diverse
trees =
diverse
ECM
fungi;
AMF di
versity
correlat
es with
herb
layer

Plant
diversity c
onservatio
n strongly
protects
fungal
diversity;
tree
species
richness is
key
predictor

STRO
NG

ECM
fungi
(subs
et)

r = 0.8
1*** (s
trong)

r = 0.6
7***

Strong
mycorr
hizal
host spe
cificity;
Betulac
eae + Pi
naceae
+ Fagac
eae host
-specific
ECM
clades

Conservin
g forest
tree
diversity
is
essential
for ECM
fungal con
servation;
monocultu
re plantati
ons devast
ating

VERY
STRO
NG

AMF
fungi
(subs
et)

r = 0.4
7*** (
moder
ate)

r =
0.28*

AMF ge
nerally
less hos
t-specifi
c than
ECM
but
plant co
mmunit
y divers
ity still
drives d
iversity

Grassland
and
tropical
plant
diversity c
onservatio
n protects
AMF
diversity; f
ertilisatio
n reduces
both

MOD
ERAT
E

Protis
ts
(18S
OTUs
)

r =
0.38**
(moder
ate)

r =
0.24*

Bacteriv
ore
protists
track ba
cterial
prey div
ersity; p
hagotro
phic
protists
follow
host co
mmuniti
es

Partial
co-benefit;
protist co
nservation
benefits
from both
plant and
bacterial c
onservatio
n

MOD
ERAT
E

Spearman r computed from 47 sites with concurrent
plant surveys + microbial metabarcoding (n=47;
p-values from Spearman test). *** p < 0.001; ** p < 0.01;
* p < 0.05; ns = not significant. ECM fungi subset =
OTUs assigned to ectomycorrhizal functional guild based
on FUNGuild database. AMF fungi subset =
Glomeromycotina OTUs (arbuscular mycorrhizal fungi;
ITS sequencing with AMF-specific primers). The
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differential microbial-macrobial correlation strength is
the most practically important result for conservation
planning: fungal (and especially ECM fungal) diversity is
strongly coupled to plant diversity (r = 0.74-0.81) -- plant
conservation co-benefits fungal diversity protection.
Bacterial diversity is weakly coupled to plant diversity (r
= 0.28) -- plant conservation does not reliably protect
bacterial diversity, and separate monitoring of soil pH
and bacterial diversity is necessary. This finding
challenges the common assumption that conservation of
macrobial diversity hotspots also protects microbial
diversity -- true for fungi, not for bacteria.

Figure 1. Bacterial OTU richness (blue) vs. fungal
OTU richness (orange) across 11 biomes. Bacterial

and fungal diversity show inverse latitudinal
gradients: bacteria peak in tropical soils (pH-optimal;

high niche diversity); fungi peak in boreal forest
(ECM fungal diversity driven by conifer hosts + high
soil organic carbon). The inverse correlation r = -0.54

(p = 0.024).

Figure 2. Partial R2 of environmental predictors for
bacterial (blue), fungal (orange), and protist (green)
OTU richness. Soil pH dominates bacterial richness

(0.54). Soil organic carbon dominates fungal richness
(0.47). Plant diversity is the second-strongest fungal
predictor (0.38) but barely significant for bacteria

(0.08) -- confirming kingdom-specific environmental
controls.

Figure 3. Microbial-macrobial diversity correlations
(Spearman r between microbial OTU richness and

plant species richness; n=47 sites). ECM fungi
(r=0.81) and all fungi (r=0.74) show strong coupling

with plant diversity -- conservation co-benefit
confirmed. Bacteria (r=0.28) and vertebrates

(bacterial r=0.18 ns) show weak or non-significant
coupling -- plant conservation does NOT protect

bacterial diversity.

Figure 4. Microbial diversity profile radar for five
biome types across six dimensions (1-10; higher =

more diverse or more strongly structured). Tropical
rainforest leads bacteria but not fungi. Boreal forest

leads fungi through ECM. Wetlands are uniquely high
in anaerobic functional diversity. Desert and polar

biomes are uniformly depauperate across all
dimensions.

5. Discussion
5.1 Inverse Gradients: Implications for
Hotspot Planning
The confirmation of inverse bacterial and fungal
diversity gradients across biomes -- bacteria
peaking in tropical soils; fungi peaking in boreal
forest -- has direct implications for the concept of
microbial biodiversity hotspots. Tropical forest
soils (globally the highest-priority biome for both
plant and vertebrate diversity conservation) are
also the bacterial diversity hotspot -- a genuine
multi-kingdom conservation co-benefit. But fungal
diversity conservation requires separate attention
to boreal and temperate forest biomes that are
currently under-prioritised relative to tropical
forests in global biodiversity conservation
planning: the unique ECM fungal communities of
Pinus; Picea; Betula; and Fagus forests represent
globally distinctive fungal diversity that will not be
protected by tropical conservation alone. A
fungal-inclusive global hotspot analysis would
identify different priority areas than current
plant-and vertebrate-based hotspot maps.
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5.2 Environmental Filtering vs. Historical
Isolation
The strong biome boundary effect on microbial
beta diversity (partial Mantel r = 0.67; p < 0.001)
-- despite most bacteria having dispersal rates far
higher than any macroorganism through wind,
water, and animal transport -- confirms that
environmental filtering (pH; SOC; temperature)
rather than dispersal limitation drives microbial
biogeographic structure. This is the microbial
analogue of 'everything is everywhere, but the
environment selects' (Baas-Becking hypothesis):
microbial propagules reach all biomes, but only
those adapted to local pH and temperature
conditions establish successfully. The conservation
implication is counterintuitive: microbial diversity
is not threatened by isolation (unlike
macroorganisms) but by environmental
homogenisation -- acid deposition, desertification,
and warming that converge biome environments
toward similar states will reduce between-biome
microbial beta diversity and homogenise microbial
communities globally.

5.3 Fungi as the Conservation Bridge
The strong plant-fungal coupling (r = 0.74; ECM r
= 0.81) makes fungi the critical conservation
bridge between the macrobial and microbial
worlds: protecting plant diversity in forest biomes
also protects fungal diversity through mycorrhizal
host specificity, while protecting fungal diversity
in turn maintains plant health, nutrient
acquisition, and carbon sequestration through
mycorrhizal networks. The conservation
implication is operational: native tree species
diversity in forest restoration and management
should be explicitly targeted as a proxy for ECM
fungal diversity -- monoculture plantation forestry
that replaces diverse native forest eliminates not
only tree diversity but the distinctive ECM fungal
communities that depend on host-tree diversity.

5.4 Limitations: Sequencing Depth and
Taxonomic Resolution
The 94.7% undetected rare biosphere fraction at
10,000 reads per sample is this study's most
significant technical limitation. While 10,000 reads
is a widely used standard for comparative
microbial ecology, it captures only the abundant
taxa -- those comprising > 0.01% of the community
-- and misses the vast majority of rare but
potentially ecologically important microbial taxa.
The biome comparisons and predictor analyses in
this study are therefore primarily driven by
abundant bacterial and fungal taxa and may not
accurately represent the full rare biosphere
diversity. Future studies with deeper sequencing
(> 50,000 reads; now feasible with long-read
Oxford Nanopore sequencing of full-length 16S
and ITS amplicons) would substantially improve
rare taxon detection and may reveal different
biome diversity patterns in the rare biosphere than
the abundant community patterns described here.

6. Conclusion
6.1 Summary
Global metabarcoding of 8,470 soil samples across
18 biomes confirms: bacterial OTU richness
highest in tropical soils (8,470 OTUs;
pH-controlled); fungal OTU richness highest in
boreal forest (2,847 OTUs; SOC + ECM host
diversity-controlled). Inverse bacterial-fungal
gradient (r = -0.54 between biomes).
Between-biome UniFrac = 0.84 (within-biome =
0.47; environmental filtering primary driver).
Plant-fungal coupling strong (r = 0.74; ECM r =
0.81); plant-bacterial coupling weak (r = 0.28).
94.7% of rare biosphere undetected at standard
sequencing depth.

6.2 Recommendations
Three recommendations: (1) expand global
conservation hotspot analysis to include fungal
diversity as a separate dimension from
plant/vertebrate hotspots -- boreal and temperate
forests are fungal diversity hotspots (ECM
diversity) that are not captured by
tropical-forest-centred priority maps, and a

fungal-inclusive global hotspot analysis would
substantially diversify the geographic portfolio of
conservation priorities; (2) require native tree
species diversity targets in all forest restoration
and afforestation programmes as a proxy for ECM
fungal conservation -- the r = 0.81 ECM-tree
diversity coupling means that monoculture
plantation forestry systematically eliminates
fungal diversity that diverse native forest
restoration would protect; and (3) implement soil
pH and SOC monitoring as standard biodiversity
indicators alongside species richness in KM-GBF
Target 21 biodiversity monitoring -- pH and SOC
are the primary controls of bacterial and fungal
richness respectively, measurable inexpensively at
national monitoring network scale, and provide an
early warning of microbial diversity change from
acid deposition (pH change) or land use change
(SOC loss) before microbial community
composition shifts are detectable by expensive
metabarcoding. All microbial sequence data
deposited at NCBI SRA.
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Appendix A
Metabarcoding Pipeline and FUNGuild

Functional Annotation
The standardised DADA2 metabarcoding
bioinformatics pipeline and the FUNGuild database
annotation procedure for ECM/AMF functional guild
assignment are provided below.

DADA2 METABARCODING PIPELINE
Step 1 -- Read quality filtering: Import paired-end
FASTQ files into R using dada2::fastqPairedFilter().
Trim primers using Cutadapt (--discard-untrimmed;
minimum length 100 bp post-trimming). Quality-filter
with dada2::filterAndTrim(truncLen=c(240,200),
maxN=0, maxEE=c(2,2), truncQ=2, rm.phix=TRUE)
for bacterial 16S. Adjust truncLen for ITS (highly
variable length; do not truncate: truncLen=c(0,0);
rely on maxEE filtering). Inspect read quality with
dada2::plotQualityProfile() before and after filtering
to confirm adequate quality retention (aim for > 70%
reads passing filtering).
Step 2 -- Error learning and ASV inference: Learn
error rates from a subset of reads:
dada2::learnErrors(filtFs, multithread=TRUE).
Dereplicate sequences: dada2::derepFastq(). Infer
ASVs: dadaFs <- dada2::dada(derepFs, err=errF,
multithread=TRUE, pool=TRUE). Pool=TRUE uses
pooled error model across all samples --
recommended for detecting rare variants at low
abundance but computationally intensive (use
pool='pseudo' for > 100 samples as compromise).
Merge paired reads: dada2::mergePairs(dadaFs,
derepFs, dadaRs, derepRs, minOverlap=20,
maxMismatch=0). Remove chimeras:
dada2::removeBimeraDenovo(seqtab,
method='consensus', multithread=TRUE).
Step 3 -- Taxonomic classification: Assign taxonomy
against reference database using
dada2::assignTaxonomy() with SILVA 138
(bacteria/archaea; silva_nr99_v138.1_train_set.fa.gz);
UNITE 9.0 (fungi;
sh_general_release_dynamic_all.fasta); PR2 v5.0
(protists; pr2_version_5.0.0_SSU_dada2.fasta.gz).
Apply species-level assignment for ITS (fungi) using
exact sequence matching:
dada2::assignSpecies(seqtab.nochim, species_ref,
allowMultiple=TRUE). Retain ASVs with at least
Phylum-level classification; discard unclassified
sequences.
Step 4 -- Rarefaction and diversity computation:
Rarefy ASV table to minimum library size (10,000
reads bacteria; 5,000 fungi; 2,000 protists) using
vegan::rrarefy(seqtab,
sample=min(rowSums(seqtab))). Compute alpha
diversity: vegan::specnumber() for OTU richness;
vegan::diversity(index='shannon') for Shannon H'.
Beta diversity: weighted UniFrac from bacterial 16S
phylogenetic tree (MAFFT v7 alignment of all ASV
sequences; FastTree2 phylogenetic tree;
phyloseq::distance(physeq, method='wunifrac')).
Bray-Curtis for fungi and protists
(vegan::vegdist(seqtab, method='bray')).
FUNGUILD FUNCTIONAL GUILD
ANNOTATION
Purpose: Assign fungal ASVs to ecological functional
guilds (ectomycorrhizal; arbuscular mycorrhizal;
saprotrophic; pathogenic; endophytic; etc.) to enable
guild-specific diversity analysis beyond total fungal
richness. FUNGuild database (v1.2; Nguyen et al.
2016; open access at funguild.org) contains > 13,000

fungal taxa with guild annotations based on published
literature.
Implementation: Export fungal ASV taxonomy table
from DADA2 as CSV. Submit to FUNGuild web portal
(funguild.org; batch upload mode) or use Python
funguild script (available at
github.com/UMNFuN/FUNGuild). Match ASV
taxonomic names (at genus or species level) against
FUNGuild database. Confidence ratings: Highly
Probable (genus-level match with unambiguous guild
assignment); Probable (genus-level match with some
ambiguity); Possible (family-level match only). Retain
Highly Probable and Probable guild assignments for
ecological analysis.
ECM vs. AMF separation: Extract Highly Probable +
Probable Ectomycorrhizal guild ASVs (primarily
Basidiomycota: Amanita; Cortinarius; Lactarius;
Russula; Boletus; Tricholoma; and Ascomycota:
Tuber; Terfezia). Extract AMF guild ASVs (exclusively
Glomeromycotina: Glomus; Rhizophagus;
Acaulospora; Claroideoglomus -- note: standard ITS
primers amplify Glomeromycotina but with lower
efficiency than other fungi; consider AMF-specific
primers (SSUmCf/LSUmAr) for AMF-targeted
analysis if AMF diversity is the primary focus).
Compute ECM and AMF OTU richness per sample
separately for guild-specific analyses.
Saprotrophic fungi identification: Saprotrophic guild
ASVs (primarily Basidiomycota: Marasmius; Mycena;
Pluteus; and Ascomycota: Trichoderma; Penicillium;
Aspergillus) enable analysis of decomposition
functional diversity as a component of fungal
community structure. High saprotrophic richness
correlates with decomposition rate (partial R2 = 0.47;
p < 0.001 in this dataset) -- enabling functional
interpretation of total ITS sequencing results without
additional functional assays.




