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SOIL ECOLOGICAL AND ECONOMIC EVALUATION OF GENETICALLY MODIFIED CROPS – ECOGEN
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Summary
The population dynamics of soil organisms under agricultural field conditions are
influenced by many factors, such as pedology and climate, but also farming practices
such as crop type, tillage and the use of pesticides. To assess the real effects of
farming practices on soil organisms it is necessary to rank the influence of all of these
parameters. Bt maize (Zea mays L.), as a crop recently introduced into farming
practices, is a genetically modified maize with the Cry1Ab gene which produces a
protein toxic to specific lepidopteran insect pests. To assess the effects of Bt maize
on non-target soil organisms, we conducted research at a field site in Foulum
(Denmark) with a loamy sand soil containing 6.4% organic matter. The study focused
on populations of springtails (Collembola) and earthworms (Oligochaeta) from
samples taken at the beginning and at the end of the maize crop-growing season
during 2 consecutive years. Farming practices, soil parameters, the biological
structure of soil communities, and the type and age of the crop at the time of
sampling, were used as attributes to predict the total abundance of springtails and
biomass of earthworms in general and the abundance or biomass for specific
functional groups (epigeic, endogeic and anecic groups for earthworms, and eu-, eu
to hemi-, hemi-, hemi to epi- and epiedaphic groups for Collembola). Predictive
models were built with data mining tools, such as regression trees that predict the
value of a dependent variable from a set of independent variables. Regression trees
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were constructed with the data mining system M50 . The models were evaluated by
qualitative and quantitative measures of performance and two models were selected
for further interpretation: anecic worms and hemi-epiedaphic Collembola. The
anecic worms (r2 ¼ 0.83) showed preferences for less clay and more silt soil with
medium pH but were not influenced directly by farming practices. The biomass of
earthworms was greater in early autumn than in spring or late autumn. Biomass of
hemi-epiedaphic Collembola (r2 ¼ 0.59) increased at the end of the maize growing
season, while higher organic matter content and pH tended to increase their biomass
in spring. Greater abundance of Collembola was also noted in early autumn if the
crop was non-Bt maize. The models assessed by this research did not find any effects
of the Bt maize cropping system on functional groups of soil fauna.
& 2007 Elsevier GmbH. All rights reserved.

Introduction
Genetically modified (GM) crops can be engineered to be resistant to insect pests and are grown
to reduce producer inputs and operating costs
rather than to achieve higher yields (Gordon,
2004). Environmental concerns about the ecological impacts of GM crops have focused on the
invasion of GM crops into wild habitats, gene flow
to wild relatives of GM crops (hybridization) and
toxic effects on non-target organisms. These concerns need to be evaluated using science-based
ecological risk assessment (Andow and Hilbeck,
2004). Soil biota play a vital role in key soil
processes (nutrient cycling, and the physical and
biochemical degradation of organic matter), and
can be used to evaluate the potential impacts of
GM crops on soil processes, which is one of the
purposes of the ECOGEN project (www.ecogen.dk).
Bt maize (Zea mays L.) is GM to express the
Cry1Ab gene from Bacillus thuringiensis and produces a protein considered to be toxic to specific
lepidopteran insect pests (Schnepf et al., 1998).
Within the ECOGEN project most of the studies
concerning the effects of Bt maize on soil biota
have shown no or very few significant effects, and it
has been stated that the effects of the Bt trait on
soil organisms are negligible compared to the
natural fluctuation of populations or consequences
of other farming practices (Griffiths et al., 2005;
Cortet et al. 2006; other papers appearing in this
issue). Indeed, populations of soil organisms under
agricultural field conditions may be influenced by
many factors, including abiotic parameters such as
climate and soil texture, biotic parameters such as
crop type and interactions with other soil populations, and farming practices such as tillage and
application of various pesticides. For example,
studies about the impacts of soil compaction on
soil biota (Hendrix et al., 1986; Neher and
Barbercheck, 1999; Sabatini et al., 1997; Schrader
and Lingnau, 1997) and the effects of different

agricultural production systems, such as integrated, organic or conventional systems (Jagers
op Akkerhuis et al., 1988; El Titi and Ipach, 1989;
Brussaard et al., 1990; Dekkers et al., 1994; Cortet
et al., 2002) have shown effects on the populations
of soil organisms due to induced physical and
chemical changes of their habitats.
This paper used data mining in order to classify
some of the environmental factors, including soil
parameters and agricultural practices, which are
thought to affect soil fauna. This approach has been
previously and successfully used to predict microarthropod populations from biological and physicochemical parameters or from agricultural practices
(Kampichler et al., 2000; Debeljak et al., 2005;
Demsar et al., 2006). Here we propose to focus on
earthworms and Collembola, which can be classified
into functional groups representing ecological categories. For Collembola we followed the classification
of Gisin (1943), which is based on the vertical
distribution of life forms and reflects the preferential
habitat of animals in the soil. For earthworms, we
used the classification proposed by Bouché (1972),
based on the habitat and activity of worms. Many
positive results of applying machine learning methods
in ecological modeling, in general, and data mining,
in particular, have been reported (Stankovski et al.,
1998; Debeljak et al., 2001; Džeroski, 2001; Jerina
et al., 2003), Thus, the machine learning technique
of regression tree induction was applied in developing
models about the effects of environmental factors
and agricultural practices on earthworms and Collembola functional groups in a cropping system
context using GM Bt maize.

Materials and methods
The data set
The experiment to assess the effects of Bt maize
on the abundance of Collembola and biomass of
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earthworms under real cropping systems was
conducted in Foulum (Jutland, Denmark, 561300 N,
91350 E) during 2 consecutive years. Three types of
varieties were sown (MEB 307, Monumental and DK
242 in 2002, MEB 307 and Monumental in 2003) and
different farming practices were applied (Andersen
et al., 2007; Table 1). The field experiment was
designed using a completely randomized four-block
system.
The collection of Collembola and earthworms is
described by Cortet et al. (2007) and Krogh et al.
(2007), whose papers also appear in this issue.
Briefly, for Collembola, six intact soil cores (5 cm
depth, 6 cm diameter) were collected from each
plot (in the middle of the plot within the rows
between plants) at each sampling time (Spring and
Autumn 2002 and 2003) from each of four replicate
blocks. Collembola were extracted using BerleseTullgren extractors (Berlese, 1905) and the McFadyen methodology (Peterson, 1978). Species were
identified and counted using a binocular microscope, then classified into the following five
functional groups (Gisin, 1943):






euedaphic (eu): they live in the soil and are thus,
true soil living animals; they are usually blind
and white colored and are adapted to quite
stable conditions;
eu-hemiedaphic (eu-hemi): intermediate between the hemiedaphic and euedaphic functional groups;
hemiedaphic (hemi): they live in the litter layer
or in the upper few cm of the soil;
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hemi-epiedaphic (hemi-epi): intermediate between the epidaphic and hemiepidaphic functional groups;
epiedaphic (epi): they live on the soil and in
habitats on top of the soil; they are physiologically adapted to climatic variations occuring at
the surface of soils.

For earthworms, two soil monoliths were collected in each plot at each sampling occasion
(Autumn 2002, Spring and autumn 2003). To
maximize efficacious sampling, a relatively large
volume of soil (0.5  0.5  0.3 m3) was hand sorted
and earthworms were identified to the species
level. Both earthworm density and the total
biomass (determined as fresh weight of worms with
emptied gut) of each species were measured for
each soil monolith. Earthworms were classified into
three functional groups (Bouché, 1977; Lavelle,
1981):







epigeic: they live and feed on plant litter; they
are efficient compost makers but have no impact
on the soil structure; because of the low
amounts of organic matter; they are usually
very scarce in agricultural soils;
endogeic: they live in the soil and are geophagous; they usually do not form permanent
galleries and are major agents of soil aggregation;
anecic: they have a mixed regime, living in the
soil and feeding on the soil organic matter and
plant litter which they collect at the soil surface;

Table 1. Farming practices and sampling dates for the selected site (Foulum, see Andersen et al., 2007 and Krogh
et al., 2007, for more details)
Taxa

Sampling
dates

Earthworms

Autumn 2002

MEB 307 (Bt trait) (4 plots)
Monumental (near-isogenic non-Bt trait)
(4 plots)

Conventional tillage (CT)
(12 plots)

Spring and
autumn 2003

MEB 307 (Bt trait) (4 plots)
Monumental (near-isogenic non-Bt trait)
(4 plots)

Conventional tillage (CT)
(8 plots)
Reduced tillage (RT) (8 plots)

Spring and
autumn 2002

MEB 307 (Bt trait) (4 plots)
Monumental (near-isogenic non-Bt trait)
(4 plots)
DK 242 (non-Bt trait) (4 plots)

Conventional tillage (CT)
(12 plots)

Spring and
autumn 2003

MEB 307 (Bt trait) (8 plots)
Monumental (near-isogenic non-Bt trait)
(8 plots)

Conventional tillage (CT)
(8 plots)
Reduced tillage (RT) (8 plots)

Collembola

Varieties

Soil treatment
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–
–
–
–
16.7871.55
12.6070.79
4.3670.60
7.2371.10
3.0070.45
2.7570.37
9.7670.78
7.9471.47
9.6070.35
9.0871.05
1.8570.85
0.4670.22
1.0470.46
2.2070.79
1.8570.56
5.9071.71
0.9370.55
0.2370.23
0.9370.55
0.0070.00
52.13710.16
37.9878.56
53.57715.60
52.68713.95
0.1270.12
0.3570.20
0.1270.12
5.6771.31
11.2374.10
5.3271.17
1.8571.14
0.2370.23
0.2370.23
0.0070.00
9.0672.99
2.7271.35
4.5771.86
1.0270.57
November 2003

June 2003

October 2002

CT
CT
CT
CT
CT
CT
RT
CT
RT
CT
RT
CT
RT
CT

DK242
MEB307
Monu
DK242
MEB307
Monu
MEB307
MEB307
Monu
Monu
MEB307
MEB307
Monu
Monu

6.2571.24
9.4971.86
11.2373.43
9.3871.99
12.3872.71
10.8872.34
4.6371.41
1.1670.47
7.6472.43
1.6270.97
2.5971.27
2.1070.82
6.1373.53
1.6270.81

–
–
–
–
2.7170.25
2.3470.11
3.0370.37
1.8970.25
2.2470.40
2.0570.23
1.3570.075
1.7870.28
1.8570.13
2.5470.31

Anecic

Soil properties

Eu

36.6974.29
43.4075.35
48.3875.24
70.0278.12
90.16712.58
89.00711.38
43.75715.26
40.9778.60
29.8674.37
54.86719.40
79.49723.80
38.7677.94
39.5375.20
29.7975.37

Regression trees are a representation for piecewise constant or piece-wise linear functions and
models are given in a form of hierarchical structures of their elements. Like classical regression
equations, they predict the value of a dependent
variable (e.g., attributes of biological structure of
the soil community from Table 3) from the values of

Hemi-epi

5.2171.03
5.0971.92
7.1873.64
9.4971.89
17.0174.12
6.9471.21
16.6773.15
31.94710.90
23.1578.65
18.9874.69
22.2077.89
12.3973.61
9.3773.62
18.7977.02

Data mining and statistical analysis

Hemi

Endogeic

A total of 480 soil cores were collected for
Collembola and 100 soil monoliths for earthworms.
Mean abundance of Collembola and biomass of
earthworm functional groups is presented in the
Table 2. Each sampling unit was described by the
set of attributes shown in Table 3, which provides
information about the soil environment and farming operations.

Eu-hemi

Epi

they build dense semi-permanent gallery networks and translocate large amounts of organic
matter into the soil.

Type of the crop

July 2002

Tillage

Crop

Collembola (no./kg soil)

Earthworms (g/m2)

M. Debeljak et al.

Date

Table 2. Abundance of collembolan functional groups and anecic earthworm biomass (mean7SE) at Foulum, according to sampling dates, tillage (CT – conventional
tillage, RT – reduced tillage) and maize varieties
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Table 3.
samples

Attributes used for the description of soil

Groups of
attributes

Attributes
MEB307 (Bt variety)
Monumental (near-isogenic
non-Bt-trait)
DK 242 (conventional variety,
non-Bt-trait)
Soil texture (clay, silt, sand):
[%]
Organic matter [%]
pH (H20): [log10H+]
Cation-exchange capacities
(Ca2+, K+, Mg2+): [meq/100 g
soil]

Farming practices

Seed treatment: [no, yes]
Tillage: [yes, no]

Temporal aspects
of farming
practices at
sampling dates

Time since tillage: [# days]
Time since sowing: [# days]
Time since harvest: [# days]

Biological
structure of soil
communities

Collembola: [# individuals/ kg
dry soil/functional group]
Earthworms: [fresh weight in
mg/m2 soil /functional group]
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a set of independent variables (e.g., first four
groups of attributes in Table 3).
Data represented in the form of a table can be
used to construct a regression tree. In the table,
each row (sample) has the form (x1, x2, y, xN, y),
where xi are values of the number of attributes
(e.g., texture, organic matter content, pH, etc.)
and y is the value of the dependent variable
(e.g., number of Collembola/kg dry soil/functional
group). Unlike classical regression approaches,
which find one single equation for a given set of
data, regression trees partition the space of
examples into axis-parallel rectangles and fit a
model to each of these partitions. A regression
tree, which has an inverse hierarchical structure,
has a test in each inner node (junction from were
two links go to the lower hierarchical levels) that
tests the value of a certain independent variable,
and in each leaf (the lowest level of hieratical tree)
can be a linear equation or just a constant for
predicting the value of dependent variable.
A number of systems exist for inducing regression
trees, such as CART (Breiman et al., 1984) and M5
(Quinlan, 1992). The system M50 (Wang and Witten,
1997), a reimplementation of M5 within the software package WEKA (Witten and Frank, 1999) was
used here, the parameters of M50 being set to
their default values. The quality of the model
(i.e., predictive performance) was evaluated with
the Pearson correlation coefficient and several
other error measures (i.e., mean average error,
root mean square error, and relative average error
and root relative square error) using ten-fold cross
validation (Quinlan, 1986).

Evaluation of the models
The quality assessment and the final selection of
the models were based on quantitative, qualitative
and contextual criteria. The quantitative aspects of
the models were evaluated by several measures:
correlation coefficient, mean absolute error, root
mean squared error, relative absolute error and
root relative squared error. The correlation coefficient of cross validation was used as the most
important measure and the models with correlation
coefficients higher then 0.50 were considered for
further evaluation. The complexity of the model
presents the qualitative aspect of the model
quality. The model complexity is described by the
number of hierarchical levels of the model structure, and it influences the complexity and difficulties for the interpretation of the model. Models
with up to three hierarchical levels were selected
for further interpretation. The third evaluation
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criterion applied was the validation of the internal
structure of the models, where the expected and
logical relationships between the elements of the
model were assessed according to the existing
knowledge about the soil ecology of microarthropods and earthworms, and the expected possible
and logic interrelationships between the attributes
of the model.

Results
Data mining was applied under different combinations of model making parameters (e.g., number
of instances in the leaves of the model (4, 10, 20,
40, 60, 80, 100), smoothed and non-smoothed
models, regression and model trees). A total of
540 models were produced.
Based on the qualitative criterion, 20 out of the
total 540 models were selected for further evaluation. Regarding the previously described selection
principles of the second and the third evaluation
criterion, the model for the prediction abundance
of hemi-epiedaphic Collembola and the model for
the prediction of biomass of anecic earthworms
were selected for final interpretation.

Hemi-epiedaphic Collembola model
The species of Collembola identified at Foulum in
2002 and 2003 are listed in Table 4. The model
selected for predicting the abundance of hemiepiedaphic Collembola had the highest correlation
coefficient for a cross-validated model (0.59)
among the models for the prediction of Collembola
functional groups. The model had two hierarchical
levels (Fig. 1) and the relationships between the
model’s elements have been shown to be logical,
and are extensively explained in the discussion
section of this paper. The model shows that the
abundance of hemi-epiedaphic Collembola increased at the end of the maize growing season
(time since sowing criteria), while higher organic
matter content and higher pH tended to increase
their abundance at this time as well as in the
spring. A greater abundance of Collembola was also
noted in early autumn if the crop was located near
the isogenic non-Bt maize variety Monumental.
A statistical description of the model attributes is
given in Fig. 2.

Anecic earthworms
At the Foulum site four species were identified
during the sampling period: Aporrectodea caliginosa,
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Aporrectodea longa, Allobophora rosea and Lumbricus terrestris. Aporrectodea caliginosa adults and
L. terrestris were classified as anecic earthworms
and represented around 80% of the earthworm
biomass at this site (Krogh et al., 2007 in this issue).
The model selected had the highest correlation
coefficient among the earthworm functional groups
(r2 ¼ 0.83) and it had three hierarchical levels
Tabel 4.

(Fig. 3). The pattern of attributes included in the
model is extensively explained in the discussion
section of this paper. The model shows that the
observed anecic earthworm species were influenced
by the proportion of clay and silt in the soil and soil
pH (i.e., preferring a near neutral pH). The farming
practices seemed to have had no effect on their
biomass. The biomass of the anecic functional group
was greater in early autumn compared to spring or
late autumn. This model consists of attributes which
belong to the same groups of attributes as in the
Collembolan model. A brief analysis of the statistical
properties of attributes included in the earthworm
model is given in Fig. 2.

List of Collembola species

Functional group

Species

Euedaphic

Pseudosinella alba
Parisotoma terricola
Willemia intermedia
Mesaphorura sp.
Protaphorura meridiata
Neelus minimus

Discussion

Arrhopalites caecus
Folsomia bisettosa
Folsomia fimetaria

Eu-hemiedaphic

Hemi-epiedaphic Collembola

Hemiedaphic

Heteromurus nitidus
Parisotoma notabilis
Sminthurinus aureus
Frisea mirabilis

Hemi-epiedaphic

Entomobrya lanuginosa
Lepidocyrtus cyaneus
Isotoma viridis
Isotoma nivalis
Ceratophysella succinea
Ceratophysella denticulata

Epiedaphic

Sminthurinus elegans
Bourletiella hortensis

The primary factors influencing Collembola
abundance were the sampling date, soil properties
(such as organic matter content, texture or pH) and
maize variety. The main predictor was sampling
date within year with higher abundance observed in
autumn (489 days since sowing) compared to
spring (p89 days since sowing). This can be
explained by the greater vegetation biomass present in autumn and the consequently greater
resources for microarthropods, combined with
favorable pedo-climatic conditions (Hopkin,
1997). Time since sowing is thus mostly an indirect
parameter measuring the available resources for
Collembola. This hypothesis is supported by the
influence of organic matter content of the soil,
which appears only in spring, when the amount of

time_since_sowing
0/11.25/326.67

<=89
Organic_matter

time_since_sowing

0/0.88/27.78

0 /21.63/326.67

<=6.65
+0.43
(180/9.48%) 0/0.43/11.11

>89

>6.65

14.11*ph (H2O) –85.00
(60/32.82%)

0/2.22/27.78

<=155

>155
silt

3.88*Variety=monu + 2.03
(144/46.20%)

0/3.14/66.67

0/49.09/326.67

<=22.9
+63.10
(60/402.15%) 0/63.10/326.67

>22.9
+25.74

(36/187.40%) 0/25.74/120.88

Figure 1. Regression model for predicting the abundance (number kg1 soil) of hemi-epiedaphic Collembola.
The additional information given in nodes is min/mean/max of Collembolan abundance, while this information is
extended with number of examples and root mean square error in the leaf divided by absolute deviation of all examples
in leaves. Monu is an abbreviation for the maize variety Monumental.
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28

7.6

9.2
27
9.0

6.8

7.2
26

8.6

7.0

25

8.0

pH (H20)

Silt

8.4
8.2

6.6

6.8

24
23

Organic matter

8.8

6.6
6.4
6.2
6.0

7.8
22

7.6

5.8

6.4
6.2
6.0
5.8

5.6

5.2

Crop

Crop

Crop

Mean

± 0.95 Conf. Int.

Outliers

Extremes

Monu (cont)

DK 242 (cont)

5.4
MEB 307 (Bt)

Monu (cont)

MEB 307 (Bt)

Monu (cont)

DK 242 (cont)

MEB 307 (Bt)

DK 242 (cont)

20

7.0

5.6

5.4

MEB 307 (Bt)

21

7.2

Monu (cont)

7.4

DK 242 (cont)

Clay

7.0

7.4

Crop

Figure 2. Box–Whisker diagrams for attributes included in the hemi-epiedaphic Collembola regression model (Fig. 1).
clay
0/9.37/34.72

>7.80

<=7.80
time_since_sowing

ph_(H2O)

0/13.97/34.72

0/6.61/13.57

<=84
+5.84
(36/ 94.90%) 0/5.84/15.91

<=6.15

>84

3.12*silt –
0.51*time since_sowing
+28.58
(72/107.38%)

>6.15

time_since_sowing
0/4.84/11.49

ph_(H2O)
0.87/9.98/13.57

6.78/18.04/34.72

<=84

>84

+2.88

5.50*clay– 41.06

(53/26.33%) 0/2.88/5.03

(65/48.35%) 0/6.44/11.48

<=6.25
+11.69

>6.25
+7.60

(36/24.41%) 10.57/11.69/13.57 (26/28.35%) 0.87/7.60/8.81

Figure 3. Regression model for predicting the biomass of anecic earthworms (g m2). The additional information given
in nodes is min/mean/max of earthworm biomass, while this information is extended with number of examples and root
mean square error in the leaf divided by absolute deviation of all examples in leaves.

detritus coming from the growing maize is small.
These findings are in good agreement with the
literature, which reports that food quality and the
quantity of organic matter from the vegetation are
key factors influencing soil microarthropods in
agroecosystems (Garrett et al., 2001; Renaud
et al., 2004). In this context, it is not surprising
that maize variety appeared as a predicting
attribute in the classification tree model for
collembolan abundance (Fig. 1), with an increase
in abundance in 2002 when the variety Monumental

was grown. Indeed, variety effects are possible in
the context of Bt maize introduction where
significant differences have been noticed between
crop yields due to pleitropy, with a slightly higher
nitrogen content for MEB 307 compared to Monumental (Vercesi et al., 2006). This kind of effect,
particularly differences in maize lignin content, has
also been previously mentioned by several authors
working on Bt effects on non-target soil organisms
(Escher et al. 2000; Saxena and Stotzky, 2001;
Zwahlen et al., 2003; Poerschmann et al., 2005).
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Normally, one would like to test whether the
influence of variety on abundance is significant by
estimating the predictive power of induced models.
We have used the cross-validation procedure for
this purpose. With this procedure the data is split
into 10 parts. All parts except one are combined, a
model is developed from these data and subsequently tested on the remaining part. Once this
procedure is repeated leaving out all 10 parts in
turn, the average correlation coefficient is computed and can be used as a measure of model’s
predictive power.

Anecic earthworms
Regarding the models, three driving forces
seemed to influence L. terrestris biomass in
Foulum: texture, sampling date and pH (Fig. 3).
Clay content, which ranged from 7.2% to 9.3% in
this soil, was selected as the most important
attribute for the prediction of the biomass of
anecic earthworms (i.e., it was on the highest
hierarchical level in the model). Texture has been
previously shown to influence earthworm biomass
because of effects on other critical parameters for
earthworms, mostly soil water content (Khalaf
El-Duweini and Ghabbour, 1965). Earthworms seem
unable to survive with prolonged periods of water
potential less than 0.10 MPa (Lavelle, 1971) and it
has been shown that L. terrestris, in particular,
prefers a soil moisture around 30% under laboratory
conditions (Lowe and Butt, 2005). Many studies
have concluded that increasing the percentage of
fine particles, like clay, would increase the biomass
of earthworms (Nordstrom and Rundgren, 1974;
Hendrix et al., 1992; Baker et al., 1998). However,
in our case, even though the clay content was a key
parameter influencing anecic biomass, it was
clearly not enough to predict biomass. Indeed,
there was no direct linear correlation between the
clay content and the biomass. Thus, low clay
content did not necessarily lead to low anecic
earthworm biomass. In this study, if the percentage
of clay is low (p7.8), the sampling date should also
be taken into account in order to predict biomass.
For samples collected in spring (o ¼ 84 days since
sowing), the biomass will be moderate (5.84 g m2),
while for autumn samples (4 84 days since
sowing), the biomass can increase to reach its
maximum (18.04 g m2 with the regression tree
model) or vary depending on the silt content and
the sampled year (greater biomass in autumn 2002
compared to autumn 2003). It is interesting to note
that the seasonal effect (autumn/spring sampling),
appears higher in the model, and thus has a heavier
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influence on anecic biomass compared to the interannual effect (autumn 2002/autumn 2003). Indeed,
it is well known that in temperate arable ecosystems, anecic earthworms reach their minimum in
winter, due to low temperature, and their maximum in autumn, after spring and summer reproduction and development. On the other hand pH,
which varied between 5.3 and 7.4 in this study,
surfaced as a good parameter to predict the
biomass of earthworms. In Foulum, the optimal
pH appears to be between 6.15 and 6.25, which is
not really surprising, as anecic earthworms are
known to be more abundant at neutral pH (Salmon,
2001). But here again, the pH parameter can be
moderated by other parameters, such as the
sampling date and clay content. Agricultural
practices attributes, such as tillage or maize
variety were not found to be good predictors for
anecic biomass and thus appeared to have no
influence on earthworms. With respect to Bt maize,
these findings are in agreement with previous
studies (Zwahlen et al., 2003).

Conclusions
Predictions concerning anecic worms were based
on basic soil properties (texture, pH) and on the
biological cycles of earthworms, whereas the
predictions concerning hemi-epiedaphic Collembola were instead based on the available organic
resources. It appears that earthworms are influenced by (or influence) environmental parameters
at larger spatio-temporal scales compared to
smaller detritivores like Collembola, as suggested
by Lavelle et al. (1993). However the results
presented in this paper are valid only for this
particular Foulum situation. To make a more
general statement about the results and conclusions, this type of analysis needs to be applied to
different data sets varying with climate, soil
properties, and other environmental attributes.
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Džeroski, S., 2001. Applications of symbolic machine
learning to ecological modelling. Ecol. Model. 146,
263–273.
El Titi, A., Ipach, U., 1989. Soil fauna in sustainable
agriculture : results of an integrated farming system
at Lautenbach, F. F.R.G. Agric. Ecosyst. Environ. 27,
561–572.
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