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A B S T R A C T

Soil enzymes are a ubiquitous component of ecosystem function and play a pivotal role in key
biogeochemical processes including soil organic matter (SOM) decomposition and nutrient cycling.
Enzyme activity has therefore been used as a surrogate for microbial activities and an indicator of soil
productivity. Although numerous studies have assessed enzyme activity individually in different
ecosystems, little is known about soil factors that determine their spatial structure and associated
variation in activities across ecotones. Ecotones provide unique opportunities to study how soil
properties vary spatially within and across adjacent land-uses. This study used multiple approaches,
including geostatistical kriging, principal component analysis (PCA) and structural equation modelling
(SEM) to examine the determinants and spatial distribution patterns of six key soil enzymes across two
grassland-woodland ecotones in south-eastern Australia. Our results showed signiﬁcant spatial
dependencies for the activities of the enzymes across ecotones, and highlighted that spatial
autocorrelation patterns were controlled by soil fertility factors regardless of enzyme type. Kriging
maps revealed “decomposition hotspots” across ecotones with spatial co-occurrence of high enzyme
activities. The spatial range of enzymes closely resembled soil fertility level as measured by a range of soil
chemical properties, indicating a high degree of spatial co-dependency. Consistent with this, the SEM
analysis indicated that soil resources such as C and N levels were the causal factors of variation in enzyme
activities at ﬁeld-scale. Soil pH showed little variation across the landscape at both sites and thus, had no
major effect on enzyme activities. Overall, this study demonstrates spatial dependency and edaphic
determinants of soil enzyme activities are consistent across grassland-woodland ecotones.
ã 2016 Elsevier B.V. All rights reserved.

1. Introduction
Soil enzymes play a critical role in the environment through
facilitation of the mineralization and hydrolysis of complex carbon
(C), nitrogen (N) and phosphorus (P) compounds, thus mediating
soil organic matter (SOM) decomposition (Burns et al., 2013).
Depolymerisation of C compounds may involve cellulolytic (e.g. b
1,4-glucosidase EC 3.2.1.21 and cellobiohydrolase EC 3.2.1.91) or
ligninolytic (e.g. phenol oxidase EC 1.10.3.2, lignin peroxidase EC
1.11.1.7) enzymes in soil (Saiya-Cork et al., 2002). On the other
hand, decomposition of complex N or P compounds involves
enzymes such as chitinase (EC 3.2.1.14) and phosphatase (EC
3.1.3.1), respectively. Depolymerised soluble substrates are then
utilized by microbial communities involved in soil C, N and P
cycling (Sinsabaugh et al., 2008). Soil enzymes are therefore
commonly used as indicators of soil health and functionality of
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biotic communities (Burns et al., 2013). Identiﬁcation of the causal
factors that control the distribution patterns and activities of soil
enzymes has thus been the focus of considerable research (Amador
et al., 1997; Saiya-Cork et al., 2002; Šnajdr et al., 2008; Sinsabaugh
et al., 2008).
Soil properties such as moisture (Baldrian et al., 2010), pH
(Stursova and Sinsabaugh, 2008) and organic matter content
(Allison and Vitousek, 2005; Sinsabaugh et al., 2008) have been
shown to be major drivers of both microbial community structure
and associated enzyme activities. However, soil represents a
complex multidimensional environment and most soil properties
exhibit non-random and characteristic heterogeneity (Banerjee
et al., 2011; Goovaerts, 1998). Consequently, microbial enzyme
activities may also vary in relation to the spatial distribution of soil
properties across environments (Allison, 2005). Characterisation
of the spatial dependence of soil enzymes can thus provide
valuable insight, not only into distribution patterns but also the
underlying drivers (Banerjee and Siciliano, 2012). Moreover, it is
important to determine whether functionally different groups of
enzymes (e.g. cellulolytic or ligninolytic) respond similarly to
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spatial variation in soil properties, and thus contribute to
“decomposition hotspots” within ecosystems (Baldrian, 2014).
Several studies have examined spatial variation in the activity of
enzymes individually, both within and among different land-use
systems such as cropland, grassland and forest (Baldrian and
trovský, 2012; Baldrian, 2014; Baldrian et al., 2010; Šnajdr et al.,
Ve
2008). However, information on the spatial distribution of soil
enzymes across two land-use types (e.g. grassland to woodland) is
limited. The area across two land-uses (i.e. ecotones) is particularly
interesting because it may encompass biotic and abiotic interactions occurring between adjacent ecosystems and also incorporate aspects of the spatiotemporal characteristics of each
ecosystem (Gosz, 1993). Spatial patterns of enzymes in grassland-woodland ecotones can reveal how their distribution changes
between two adjoining land-uses.
A recent study has shown that the spatial structure of soil
enzyme activities was associated with site-speciﬁc soil abiotic
factors (Boeddinghaus et al., 2015). While the zone of spatial
dependency (i.e. range) may vary with site-speciﬁc factors such as
local topography and microclimatic conditions, it is also important
to examine whether the distribution patterns and determinants of
enzyme activities are consistent across sites by distinguishing
causal relationships. Structural equation modelling (SEM) is one
approach that can be used to delineate complex networks
involving many response and predictor variables, to identify such
causal relationships, and is thus widely used in soil ecological
studies (Grace et al., 2010; Jonsson and Wardle 2010; Lamb et al.,
2011; McLeod et al., 2015).
In this study, we employed a multilevel approach to examine
spatial patterns of soil enzyme activities and other soil properties
at two grassland-woodland ecotone sites. Our objective was to
assess: i) whether the spatial patterns of soil physicochemical
properties and enzymes were consistent both within land-use at
each site and across the two sites, ii) what edaphic factors were the
causal factors of variation in enzyme activities, and iii) whether the
drivers and spatial patterns for individual enzymes were consistent at both sites. We hypothesized that soil physicochemical
properties and enzyme activities operated at similar spatial scales
at each site, and that the drivers of enzyme activities were
consistent between both land-use types and across sites.

National Park is 777.3 mm with 4.4  C and 17.3  C minimum and
maximum mean annual daily temperature ().
The soils at both sites were dominated by Brown Sodosols,
which are typically ﬁne sandy clay loam with 10–20% clay content
(Isbell, 2002). At each site, a 50 m length  20 m width sampling
plot was established across woodland and grassland (i.e., extending 25 m into both the woodland and grassland; Fig. S1). A grid
design was set up in each plot to sample soils. Each grid consisted
of 55 nodes, with adjacent nodes separated by a linear or
perpendicular distance of 5m. Soil samples from both sites were
collected in September 2013 by sampling precisely at each node.
Samples consisted of a composite of 10 individual soil cores (4 cm
diameter) collected at 0–10 cm depth within a 10 cm radius of each
sampling node. The corer was cleaned between sampling at each
node and soil samples were placed on ice for transfer to the
laboratory. For processing, plant material was ﬁrst removed and
each sample was homogenised and passed through a 2 mm sieve.
Samples were processed and sub-sampled on the same day as
collection.
2.2. Analyses of soil properties
Gravimetric soil moisture content was measured by ovendrying a 10 g sample of fresh soil at 105  C to constant weight. Soil
pH was determined on a 1:10 (w/v) ratio in distilled water using a
pH meter (Denver Instruments). Dissolved organic carbon (DOC),
dissolved organic nitrogen (DON), ammonium (NH4+), nitrate
(NO3 ) were analysed after extracting moist soils with 0.5 M K2SO4
at 1:5 (w/v) ratio (Weintraub et al., 2007). Concentrations of NH4+
and NO3 were determined colorimetrically on a microplate reader
(SynergyMX, BioTek; Winooski, VT, USA). Dissolved organic carbon
and DON were estimated using a Thermalox TOC/TN analyser
(Analytical Sciences, Cambridge, UK). DON was determined by
subtracting mineral nitrogen concentrations from total dissolved
nitrogen. Percentage of total carbon (%C) and nitrogen (%N) were
determined by LECO CN-2000 dry combustion analyser (LECO
Corporation, St Joseph, MI, USA) using ﬁnely ground air-dried soil
samples. Total, inorganic and organic P were measured by the
ignition–extraction procedure (Olsen and Sommers, 1982).
2.3. Analysis of soil extracellular enzymes

2. Materials and methods
2.1. Study sites and sampling design
The study was conducted at two sites with native woodland
adjacent to grassland in south-eastern Australia. The ﬁrst site was
located at Bogo (34.813 S, 148.704 E) in the Bookham-Yass district
of New South Wales. The native woodland at this site was
dominated by Eucalyptus spp. with some Acacia dealbata and Acacia
implexa (de Menezes et al., 2014; Prendergast-Miller et al., 2015).
Patches of native Australian and exotic grasses were also common
within the woodland. The adjacent grassland was previously used
for sheep grazing but had not been grazed for at least 35 years. The
grassland was dominated by a mix of native grasses, primarily
Austrodanthonia sp., and Themeda sp., but also contained presence
of exotic species incuding Phalaris aquatica (phalaris) with
scattered subterranean clover (Trifolium subterraneum). The mean
annual rainfall at the Bogo site is 632.5 mm with 7.2  C and 20.7  C
minimum and maximum mean annual daily temperature (www.
weatherzone.com.au, 2016). The second site was located within
Namadgi National Park (35.666 S, 148.950 E) in the Australian
Capital Territory. This native woodland was similar to Bogo in
terms of species composition. The adjacent grassland was
dominated by native grasses only and had no history of grazing
by domestic animals. The mean annual rainfall at Namadgi

Activities of extracellular enzymes in soil were conducted
according to Saiya-Cork et al. (2002) and Sinsabaugh et al. (2003).
Enzyme assays were performed within 24 h of sample collection
using moist soil and substrate reagents from Sigma–Aldrich (Castle
Hill, NSW, Australia). Assays for acid phosphatase, chitinase
(b-N-acetylglucosaminidase), b-1,4-glucosidase and cellobiohydrolase were conducted using 4-methylumbelliferyl (MUB)
phosphate, MUB-b-glucoside and MUB-cellobioside, respectively,
whereas l-3,4-dihydroxyphenylalanine (DOPA) was used for
phenol-oxidase and peroxidase assays. Sample suspensions containing 1 g soil in 125 ml acetate buffer (50 mM, pH 5) were
prepared by homogenizing for 1 min in a high speed blender.
Suspensions were continuously agitated before dispensing into 96well microplates. Assays were conducted in quadruplet and each
microplate contained controls for soil blanks, reagent blanks and
quench controls. Plates were incubated in the dark at 25  C for 4 h
for acid phosphatase, chitinase and glucosidase or 16 h for
cellobiohydrolase. A 10 ml aliquot of 1.0 M NaOH was added to
each well to stop the reaction and ﬂuorescence was determined
using a microplate ﬂuorometer (Victor 2, Multifunction plate
reader, PerkinElmer, USA) at 365 nm excitation and 450 nm
emission. Values were corrected for controls and quenching, and
enzyme activities were expressed in units of nmol h 1 g 1.
Microplates for peroxidase and phenol oxidase activities were
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incubated in the dark at 25  C for 4 h and 16 h, respectively.
Microplates were then centrifuged at 5000g for 5 min and the
supernatant was pipetted into a new plate. Finally, activities were
determined with a microplate spectrophotometer (PowerWave
HT.1, Bio-Tek Instruments, Vermont, USA) at 450 nm and expressed
in units of nmol h 1 g 1.
2.4. Data analyses
For statistical comparison, the experimental grid was divided
into two components: woodland and grassland. These were
assigned based on ﬁeld observation that the ﬁrst 20 m (from the
plot perimeters) were consistently woodland and visually homogeneous. Similarly, the last 20 m (towards the end of the sampling
plot) were consistently grassland and visually homogeneous. As a
result of the intrinsic spatial dependency at both sites, we could
not perform any classical statistical comparisons between sites or
land-uses that require assumption of independence (Matheron,
1963). Principal component analysis (PCA) was performed on soil
properties and enzymes by including all sampling points (including 10 m adjoining area) to discern the effect of woodland and
grassland at both study sites. Data from the sampling points in area
between woodland and grassland were included to assess if the
properties in this area were different from the adjacent land-use
types. Soil properties and enzyme data were assessed for normal
distribution and transformed accordingly for PCA analysis in
PRIMER-E Version 6 (PRIMER-E, Plymouth, UK). For PCA of soil
enzymes, edaphic vectors with Pearson correlation greater than
0.5, were overlayed as indicators of the key drivers.
Spatial variability was assessed using geostatistical analyses.
The degree of spatial continuity was determined by analysing the
dissimilarity between two observations as a function of the
separation or lag distance. This dissimilarity was measured by
calculating the isotropic semivariance, g (h), which is half of the
average squared difference between the components of a data pair
(Goovaerts, 1998). The main characteristics of a semivariogram (a
plot of semivariance and lag distance) are range, sill, and nugget.
The range of a semivariogram indicates the zone of spatial
dependency (i.e. the lag distance at which the semivariance value
becomes highest) whereas sill is the maximum variability attained
by the variable. Nugget variance is the variance occurring over
distances smaller than the shortest sampling interval or a random
variability due to experimental error (Webster and Oliver, 2007).
The spatial dependence (SPD) was calculated as: SPD = C/(C + C0),
where C is the structural variance, C0 is the nugget, and C + C0 is the
sill. Values of SPD vary from 0 (no spatial dependence) to 1 (high
spatial dependence). All semivariograms were computed with a
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minimum of 30 sample pairs per lag class (Journel and Huijbregts,
1978). Gaussian, spherical or exponential models were ﬁtted to the
semivariograms using least-squares method in GS+ version 10
(Gamma Design Software, Plainwell, MI, USA). Cross-validation
was performed on semi-variogram models that yielded greater
than 50% spatial dependency (i.e. SPD > 0.5) to assess their
suitability for kriging. Regression coefﬁcient, standard error and
r2 values of cross-validation plots were also checked before kriging.
Ordinary kriging was then used to interpolate values between
sampling points (i.e. unmeasured locations). Ordinary kriging is a
spatial interpolation technique that uses the local mean in the
estimation and determines values by selecting weights to
minimize estimation variance (Isaaks and Srivastava, 1989).
Finally, spatial contour maps were generated using GS+ version 10.
The SEM approach was used to explore the direct and indirect
effect of soil properties on soil enzyme activities. Univariate
normality was assessed by Shapiro-Wilk normality tests whereas
multivariate normality was tested using the mvShapirotest and
mvnormtest packages in R v. 3.2.1 statistical package (R Foundation
for Statistical Computing, Vienna, Austria). A simple observed
variable SEM model was employed to explore causal paths among
inter-correlated variables. An initial model was generated based on
prior knowledge and observed correlations (Fig. S2). In SEM,
double-headed arrows indicate those that are unresolved or
uncertain, whereas single headed arrows represent causal and
direct effects. Given that soil moisture content exerts an
overarching and dominant effect on soil biological functions
(Fierer and Schimel, 2002), we chose to assess other factors that
might be important to enzyme activities. The initial path model
consisted of 12 observed variables and 49 parameters to be
estimated, including 32 path coefﬁcients, 5 error covariances and
12 error variances. Since the initial model did not provide an
adequate ﬁt (i.e., for the Bogo site x2 = 274.13; df = 30; P < 0.0001,
whereas for Namadgi, x2 = 482; df = 30; P < 0.0001), modiﬁcation
indices were used to progressively identify and incorporate new
relationship paths to obtain an adequate (non-signiﬁcant) model
ﬁt. Iterative model runs with inclusion of paths having the largest
modiﬁcation indices resulted in an adequate ﬁt to the data. The
ﬁnal model for Namadgi had a standardized coefﬁcient greater
than 1, indicating multicollinearity. This is a common phenomenon
in SEM analysis but requires further tests of tolerance and variance
inﬂation factors (Deegan, 1978; Jöreskog, 1999). The calculated
tolerance and variance inﬂation factor of the ﬁnal SEM for Namadgi
were greater than 0.2 and lower than 5, respectively, suggesting no
adverse effect of multicollinearity (Kenny, 2015). The SEM analysis
was conducted using the sem package in R v. 3.0.1, in combination
with the MASS,matrix, matrixcalc, and lattice packages.

Table 1
Soil properties in woodland and grassland at Bogo and Namadgi National Park.
Soil properties

Gravimetric moisture (%)
pH
Total carbon, % (w/w)
Total nitrogen, % (w/w)
C/N ratio
NH4-N, mg g 1 soil
NO3-N, mg g 1 soil
DOC, mg g 1 soil
DON, mg g 1 soil
Total P, mg g 1 soil
Inorganic P, mg g 1 soil
Organic P, mg g 1 soil
a
#

Bogo, NSW

Namadgi National Park, ACT

Woodlanda

Grassland

Woodland

Grassland

23.7 (1.25)#
4.07 (0.05)
3.62 (0.22)
0.168 (0.01)
21.4 (0.51)
11.1 (1.20)
1.22 (0.09)
275.7 (19.66)
31.0 (1.85)
112.5 (7.11)
43.7 (1.60)
68.8 (7.43)

26.5 (0.79)
4.19 (0.04)
2.33 (0.07)
0.126 (0.003)
18.5 (0.32)
5.80 (0.92)
0.653 (0.02)
193.6 (5.02)
32.1 (1.66)
63.6 (6.71)
23.1 (1.09)
40.5 (5.40)

29.3 (1.05)
4.57 (0.10)
5.10 (0.52)
0.287 (0.03)
18.2 (0.36)
12.1 (1.99)
6.52 (4.73)
442.0 (68.9)
76.8 (10.4)
515.6 (28.4)
108.2 (6.85)
407.4 (23.7)

31.6 (0.47)
4.79 (0.03)
3.52 (0.15)
0.266 (0.01)
13.2 (0.21)
10.9 (0.65)
1.01 (0.05)
360.5 (13.7)
78.8 (3.47)
799.8 (41.1)
152.3 (11.9)
647.5 (33.8)

Along the grid length (50 m) ﬁrst 20 m was identiﬁed as distinct woodland and the last 20 m as distinct grassland.
Numbers in parentheses are standard errors of means.
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3. Results

3.2. Spatial patterns of soil physicochemical properties and
extracellular enzymes

3.1. Effect of land use on soil properties and extracellular enzymes
Soil properties showed considerable variation between woodland grassland at Bogo and Namadgi National Park sites (Table 1).
Overall, Bogo had more acidic soils with a relatively low fertility
level. Woodland soils had typically higher level of C, N and P
contents than grassland soils at Bogo. In particular, mineral
N (NH4+ and NO3 ) and P contents were 2-times higher in
woodland than grassland soils. Consequently, all enzyme activities
varied considerably between woodland and grassland soils at Bogo,
with greater difference observed for cellobiohydrolase, chitinase,
phenol oxidase and peroxidase (Fig. 1A). While phenol oxidase and
peroxidase levels were higher in grassland soils, the other four
enzyme activities were higher in woodland soils. On the other
hand, soils at the Namadgi site had a high level of fertility status as
indicated by C, N and P contents. In particular, the total P and
organic P were remarkably high in Namadgi soils, with considerably higher level of P in grassland than woodland. Owing to this
high level of fertility status, soil enzyme activities were also higher
in Namadgi soils, however, only peroxidase and phenol oxidase
showed noticeable difference between woodland and grassland at
Namadgi (Fig. 1B).

Soil physicochemical properties and enzyme activities showed
a high level of spatial dependency (SPD = 0.500–0.999) with the
exception of DON, organic P and phosphatase at Bogo, and
glucosidase at Namadgi (Table 2). There were some common
spatial patterns. For example, the overall range of spatial
autocorrelation for many soil attributes operated at around 30–
40 m of range at Bogo whereas the range was around 7–20 m at
Namadgi. The spatial range of these soil properties was also
reﬂected in soil enzymes, which had ranges of 8–18 m and 30–40 m
respectively at Namadgi and Bogo. For soil properties with spatial
range greater than 50 m, models used in GS+ software automatically computed the distance at which sill reached the maximum
level. This is potentially an artefact as the maximum distance
between any two sampling points in our study was 50 m. The
nugget values were considerably smaller than the sill values at
both sites, particularly at Namadgi, indicating relatively low
experimental error and smaller variance over distances less than
the shortest sampling interval (Table S1). Mapping with ordinary
kriging was used to visualize the spatial distribution patterns of
enzymes (Fig. 2) and soil properties (Fig. S3 and Fig. S4) at both
sites. Soil enzymes at the Bogo site changed uniformly in direction
from woodland to grassland (Fig. 2 Panel A). Values of enzymes,
except phenol oxidase and peroxidase, were generally higher in the
woodland at Bogo. At the Namadgi site, however, higher values
were mostly concentrated near the area between two land-uses
(Fig. 2 Panel B). Values of phosphorus content were higher in the
grassland soil at Namadgi.
3.3. Distribution patterns and interrelationships of enzymes and
physicochemical properties
PCA was used to examine the effect of land-use and speciﬁc
edaphic factors on variation in enzyme activities (Fig. 3). Soil

Table 2
Spatial characteristics of soil physicochemical properties and extracellular enzymes
at two woodland-grassland ecotones determined by semivariance analysis.
Bogo

Fig. 1. Various soil enzyme activities at two research sites (A) Bogo and (B) Namadgi
National Park. The ﬁrst 20 m along each experimental grid was considered as
woodland and the last 20 m as grassland.

SPDa

Namadgi National Park
R2c

SPD

Range (m)

R2

Physicochemical properties
Moisture
0.676 30
pH
0.789 20
% Carbon
0.908 >50
% Nitrogen
0.794 43
C:N
0.844 31
NH4-N
0.653 34
NO3-N
0.940 42
DOC
0.839 17
DON
NS
NS
Total P
0.500 >50
Inorganic P
0.667 >50
Organic P
NS
NS

0.532
0.952
0.868
0.863
0.841
0.922
0.794
0.411
NS
0.839
0.898
NS

0.501
0.500
0.999
0.999
0.999
0.880
0.999
0.914
0.999
0.720
0.977
0.838

7
11
10
10
50
9
17
12
12
44
10
>50

0.119
0.288
0.921
0.912
0.964
0.390
0.846
0.328
0.832
0.934
0.914
0.970

Extracellular enzymes
Cellobiohydrolase 0.538
Chitinase
0.671
Glucosidase
0.558
Phosphatase
NS
Phenol Oxidase
0.721
Peroxidase
0.803

0.485
0.812
0.880
NS
0.793
0.779

0.766
0.501
NS
0.500
0.848
0.810

8
10
NS
13
19
12

0.837
0.170
NS
0.500
0.448
0.712

Soil attributes

Range (m)b

47
41
33
NS
32
44

NS indicates non-signiﬁcant spatial dependency.
a
SPD indicates spatial dependence. It was calculated as C/ (C0 + C) where C is
structural variance, C0 is nugget and C0 + C is sill.
b
Range indicates the zone of spatial dependence; ranges greater than 50 m, as
automatically calculated by GS+, have been replaced by >50 m.
c
R2 values indicate ﬁtting of semivariogram model.
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Fig. 2. Ordinary kriging maps showing spatial structure of representative soil extracellular enzymes in plots established across two grassland-woodland ecotones at (A) Bogo
and (B) Namadgi National Park. A 50 m length  20 m width sampling plot was established across the transition zone between woodland and grassland (i.e., extending 25 m
into both the woodland and grassland). The dotted line on kriging maps indicate the boundary between woodland and grassland.

physicochemical attributes clustered strongly in each land-use at
both sites and displayed a conspicuous change from woodland to
grassland, with transition being intermediate (Fig. 3, panel A & B).
This distinction in soil physicochemical attributes between
woodland and grassland and the associated transition zone
supports our initial selection of zones (20, 10, and 20 m,
respectively) based on visual assessment of the sites. At both
sites, the ﬁrst two PCA axes collectively explained more than half of
the variation (53% at Bogo and 55% at Namadgi) in soil
physicochemical attributes. For soil enzymes, clustering was
relatively stronger at Bogo than Namadgi, however, the drivers
that differentiated enzyme activity were generally consistent at
both sites (Fig. 3 panel C & D). Soil moisture, C, N, C:N, NH4+ and
NO3 showed the strongest correlations (ranging between 0.5 and
0.8) to the ﬁrst two axes at both sites. Soil P contents were also
correlated at Namadgi. The ﬁrst two axes cumulatively accounted
for 80% of the variation in soil extracellular enzymes at both sites.
Soil enzymes exhibited signiﬁcant associations with soil
physicochemical properties at both sites (Table S2). For example,
soil C, N, NH4+ and NO3 levels were positively correlated (P < 0.01)
with cellobiohydrolase, chitinase, glucosidase and phosphatase
activities at both sites, and were either not correlated or were
negatively correlated with phenol oxidase and peroxidase activities. Soil moisture was also associated with most enzymes at Bogo,
but only with cellobiohydrolase at Namadgi. A signiﬁcant
(P < 0.01) correlation was observed between chitinase activity
and soil%N, NH4+ and NO3 pools (r = 0.630, 0.483 and 0.635,
respectively at Bogo and r = 0.468, 0.422 and 0.875, respectively at
Namadgi) at both sites. Soil dissolved organic matter content,
particularly DOC, was also signiﬁcantly correlated with enzyme
activities. No correlation was found between phosphatase activity
and soil P (TP, IP and OP) although phosphatase was correlated to
soil moisture, C and N contents. Except with phenol oxidase at
Namadgi, soil pH showed no signiﬁcant correlation with

extracellular enzymes at both sites and therefore, was not included
in the SEM analysis.
The ﬁnal SEM yielded an adequate ﬁt for both the Bogo (Fig. 4A;
x2 = 29.61; df = 19; P = 0.057) and Namadgi sites (Fig. 4B; x2 = 19.85;
df = 12; P = 0.070). At both sites, total C and N contents were
signiﬁcantly associated with activity of most of the soil enzymes
except peroxidase. Total C displayed the strongest (path coefﬁcient
(Z) between 0.533 and 1.541) relationships with cellobiohydrolase,
phosphatase and phenol oxidase. On the other hand, total N had a
strong negative association with phenol oxidase at both sites,
however, it was also positively correlated with phosphatase, and
peroxidase and chitinase. Soil nitrate levels showed consistent
positive effects on chitinase activity at both the Bogo (Z = 0.394)
and Namadgi sites (Z = 0.554). Soil DOC had a consistently negative
effect on peroxidase activity but positive effect on chitinase at both
sites, and it was also positively associated with phenol oxidase at
Namadgi. Soil DON was only associated with peroxidase at Bogo,
whereas ammonium level was weakly associated with chitinase.
4. Discussion
The multilevel approach employed in this study allowed us to
progressively delineate the edaphic drivers of spatial variability in
extracellular enzyme activities. This approach demonstrates that
the soil C and N levels were the causal factors of enzyme activities
both within and across land-uses, and across enzyme types
(cellulolytic, ligninolytic, organic N-degrading and organic
P-degrading), thus supporting our hypothesis of this study. In
particular, enzyme activities were most strongly driven by C, N,
DOC and DON contents. Consistent with high fertility observed in
the Namadgi soil, enzyme activities at this site were also generally
3–4 times higher than that observed at Bogo. Univariate correlation
and PCA showed several edaphic factors such as total C, N, NH4+,
NO3 , DOC and DON to be associated with enzyme activities.
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Fig. 3. Principal component analysis showing the effect of land-use on soil physico-chemical properties (A) and (B); see also Table 1) and extracellular enzyme activities (C
and D) in woodland, transition and grassland plots at Bogo and Namadgi National Park. Percentage of explained variation is shown in parentheses. Edaphic vectors are
overlayed on enzyme distribution (C and D). Only vectors with Pearson correlations >0.5 are presented in the ﬁgure. Note that the scaling of axes on each PCA plot is different.

Causal relationships between these soil properties and enzyme
activities were further characterised by the SEM analysis. Soil
organic matter in particular is the main substrate for the majority
of enzymes we assessed, and the strong relationship between
enzyme activity and overall and dissolved C and N levels highlights
the role of SOM as a proximal control of enzyme activities (Allison
and Vitousek, 2005; Baldrian, 2014; Sinsabaugh et al., 2008). The
SEM analysis also demonstrated the consistency in causal
relationships across both sites. For example, the negative association between total N and phenol oxidase or between DOC and
peroxidase was present at both sites. Similarly, the positive
associations among enzymes and soil properties such as total
C, total N, DOC and NO3 observed at Bogo were also found at
Namadgi.
Soil pH was weakly associated with all four enzyme types
(cellulolytic, ligninolytic, organic N-degrading and organic Pdegrading) across different land-uses at both sites. Interestingly,
pH has consistently been shown to a be major factor that inﬂuences
soil microbial community composition and activity (Lauber et al.,
2009; Nicol et al., 2008), and has been found to be a key driver for
enzyme activities in previous studies on both forest and grassland
soils (Stursova and Sinsabaugh, 2008). A global scale meta-analysis
also reported pH as the strongest control on soil enzymatic

potential (Sinsabaugh et al., 2008). However, in contrast to
previous studies, where soil pH varied substantially (3.9 to 8.0),
pH was consistently low in our studied soils and did not vary to a
large extent between land-use types. It should be noted that
determinants of soil microbial and ecological properties largely
depend on the scale of measurement (Standing et al., 2007). We
sampled soils over a relatively small area (50 m  20 m grid),
whereas soil pH may exert a greater inﬂuence over larger spatial
scales (>1 km2) as suggested by Baldrian (2014).
Chitinase, which is involved in the soil N cycle through
decomposition of chitin, had strong positive associations with
total N and mineral N at both sites. While it suggests the
importance of chitinase in N cycling, it should be noted that other
enzymes such as peptidase, urease etc also play key role in N
mineralization. Moreover, typical soil enzyme assays use addition
of model substrates as surrogates for activities, and as such the
enzymes activities reported here represent potential activities and
not actual levels of activities in the ﬁeld (Pepper et al., 2014).
Indeed, no correlation was found between phosphatase activity
and any measure of soil P content, including organic and inorganic
P at either study site. Phosphatase activity does not always reﬂect
soil P level as has been observed in other studies (Venkatesan and
Senthurpandian, 2006). However, it should also be noted that
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Fig. 4. Final SEM path diagram showing causal relationships among enzymes and soil properties at Bogo (A) and Namadgi National Park (B). Arrows indicate signiﬁcant
pathways, with increasing line thickness representing higher signiﬁcance levels, from P < 0.05, through P < 0.01, P < 0.001 and P < 0.0001. Coefﬁcients indicate the strength of
the association between variables. R2 values (proportion of total variance explained) are shown for each enzyme for Bogo and Namadgi.

phosphatase activity was 3 times higher in Namadgi soils where
the overall P level was 6 times higher. Additionally, both
phosphatase activity and total P content were higher in woodland
soils at Bogo. Nonetheless, phosphatase activity showed signiﬁcant
correlations with soil moisture, C and N contents, which is
consistent with results reported by Amador et al. (1997).
By using a spatially explicit grid design across a woodlandgrassland ecotone at 2 independent sites with contrasting fertility
but with similar climatic conditions, we were able to investigate
the spatial structure of various soil chemical and biological
parameters. Spatial autocorrelation structure can provide insight
into patterns such as patchiness or ﬂatness of a site, and thus
facilitates interpretation of underlying factors (Oliver and Webster,
1991). Our results indicate a high spatial dependency at both sites
for both soil chemical properties and soil enzyme activities.
Notably, soil properties had consistently higher spatial dependency than enzymes at both sites, which is similar to that reported by
Boeddinghaus et al. (2015). Nonetheless the zone of SPD (range) of
enzymes was similar to that of soil physicochemical properties,
with the exception of soil P contents, at both study sites. For
example, the overall spatial range of enzyme activities and soil
properties was between 30 m and 40 m at Bogo, respectively,
whereas the overall spatial range was around 10 m for both soil
properties and enzymes at Namadgi. The spatial range of soil
moisture and enzymes were also similar at both sites (30 m at
Bogo and 10 m at Namadgi), which reinforces the view that soil
microbial biomass, moisture and SOM content closely reﬂect each
other (Baldrian et al., 2010). Spatial dependency was similar across
the different groups of enzymes, indicating that spatial autocorrelation patterns of extracellular enzymes are governed by soil
factors and not by the particular enzyme types. Interestingly, our

spatial maps also captured certain patches at both sites where the
activities of most enzymes were higher, and this was particularly
true for ligninolytic enzymes, phenol oxidase and peroxidase.
These “decomposition hotspots” have special value in soil ecology
as they indicate spatial co-occurrence due to availability of
substrates or presence of speciﬁc microbial communities
(Baldrian, 2014). In addition, spatial kriging visually supported
important relationships between enzyme activities and edaphic
factors determined using both correlation and causation with PCA
and SEM. This multilevel approach progressively identiﬁed the
drivers of extracellular enzyme activities. For example, geostatistical kriging revealed the decomposition hotspots where
the soil enzyme activities were particularly high. On the other
hand, SEM delineated correlation and causation, and successfully
unravelled the edaphic determinants. The combined use of these
statistical tools to assess spatial variability in extracellular enzyme
activities is novel and provides new insight for understanding
drivers of ecosystem enzyme functionality.
5. Conclusion
Soil enzymes are ubiquitous in environments and play a critical
role in SOM decomposition and nutrient cycling, and thus have
been historically used as a surrogate for soil productivity. This is
the ﬁrst study to employ geostatistics, multivariate statistics and
SEM to assess spatial patterns of soil enzyme activities and their
causal factors. Our results demonstrate that despite the sitespeciﬁc patterns, and irrespective of enzyme type, soil enzyme
activities were consistently governed by the similar edaphic factors
both within and across our two study sites. Moreover, the spatial
patterns of enzyme activities closely reﬂect that of soil
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physicochemical properties. In particular, both total soil C and N
content and dissolved C and N were the causal factors of enzyme
activities at ﬁeld scale, whereas soil P content and soil pH were of
lesser importance.
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