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A B S T R A C T

Soil fauna is one of the most important components of the soil ecosystem. It is highly diverse and abundant, 
supporting essential ecosystem services. However, its use in management decisions has been limited by now. This 
is partly a result of missing data and knowledge for large-scale mapping and application. In this study, our 
objective was to shed light on these aspects by mapping the spatial distribution of representative groups of 
macro- and mesofauna. Specifically, we used publicly available data for Earthworms, Millipedes, and Springtails 
and mapped their abundance, richness, and diversity across Europe. We applied machine learning techniques to 
understand the spatial configuration of these soil fauna taxa as influenced by topography, climate, vegetation, 
land use, and soil properties.

Springtail abundance ranged from 1000 to 15,000 individuals per m2, while rarefied species richness ranged 
from 2 to 7 species per sample, with higher values in mountainous regions compared to plains. Earthworm 
abundance ranged from 20 to 300 individuals per m2, while richness ranged from 2 to 6 species, with higher 
values in Scandinavia compared to central and eastern Europe. Millipede abundance ranged from 20 to 400 
individuals per m2, while species richness ranged from 1 to 6 species, with the highest values in central Europe 
and the lowest in northern Europe. Although the three taxonomic groups displayed marked differences in spatial 
patterns, in general, the diversity values were higher in northern and central Europe compared to South Europe. 
In the case of the latter, however, the data available were less, which might have led to underestimations of 
diversity in this area. Our results showed further that for Springtails, Earthworms and Millipedes, altitude, 
climate, vegetation, and land use were among the strongest predictors of species richness and diversity patterns, 
while abundance was mainly influenced by vegetation and soil properties. Our results indicate that climate 
changes, particularly rising temperatures, might impact on the evolution of soil fauna communities in the coming 
decades, especially in the mountain areas. Although mapping provides a visual presentation of soil ecosystems 
and conservation trends, as well as soil biodiversity hotspots, we also found that soil mapping has a high degree 
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of uncertainty (e.g. in areas of low data availability, such in the case of Southern Europe), largely underestimated 
due to the highly endemic and patchy nature of soil fauna, with significant disparities in current data, including 
historical differences in methodologies, sampling efforts and scope of studies. Our mapping methodology can be 
applied at regional, national or European scale, providing actionable management and policy implementation 
pathways. Our study highlights the need to continue soil biodiversity monitoring efforts, especially in areas with 
less data, promote data sharing and conduct further research on soil biodiversity conservation and management.

1. Introduction

Soil biodiversity is an essential component of soil ecosystems and is 
particularly diverse, accounting for 59 % of species living on Earth 
(Anthony et al., 2023). It plays multiple roles in soil functioning, such as 
nutrient cycling, soil aeration, decomposition of organic matter, regu
lation of water, building and maintenance of soil structure, and soil 
pedogenesis, therefore supporting essential ecosystem services. Soil 
fauna is a major component of soil biodiversity. This includes macro
fauna, such as earthworms or millipedes; mesofauna, such as springtails 
and mites; and microfauna, such as nematodes or protists, all being 
actors in the processes of aggregation and organic matter decomposition 
(de Vries and Shade, 2013; Lavelle et al., 2016; Nicolay et al., 2021). 
Among them, earthworms and springtails have been largely considered 
as good indicators of soil health and representative groups of soil macro- 
and mesofauna (Bispo et al., 2009). Millipedes, although less frequently 
used as soil bio-indicators, are representatives of epigeic detritivores and 
are commonly found in various ecosystems. These different fauna 
groups and size classes are fundamental to soil health and productivity 
(Bardgett et al., 1999; Wall et al., 2004; Gilarte et al., 2024).

Soil biodiversity is currently under significant pressure due to threats 
such as urbanization, pollution, intensive agriculture, land use change 
and climate change (e.g. Tsiafouli et al., 2015; Orgiazzi et al., 2016; 
Joimel et al., 2021). At the local scale, usually represented by the alpha 
diversity, the factors influencing structural and functional characteris
tics of soil fauna include vegetation, climatic factors, soil properties, as 
well as organism interactions (Remelli et al., 2024). Studies describing 
soil fauna patterns at landscape scales (i.e. with beta diversity) have 
recently emerged and showed the contribution of specific environmental 
parameters, for instance, the urban contexts for earthworms (Eydoux 
et al., 2024) or Collembola (Milano et al., 2018). Despite these few ex
amples, soil fauna and soil biodiversity remain often understudied, 
(Guerra et al., 2022) and large-scale spatial patterns are poorly known 
(Cameron et al., 2019; Fiera et al., 2017). Even though some progress 
has been made to include soil fauna in large-scale assessment and 
mapping studies, most of the maps produced in recent years at the global 
scale have mainly revealed variations linked to biome distribution 
(Phillips et al., 2019; Potapov et al., 2023).

Although there are initiatives for soil biodiversity conservation 
(Farfan et al., 2025), currently, there is still a lack of policy and relevant 
legislative regulation (Römbke et al., 2016; Zeiss et al., 2022; Köninger 
et al., 2022). However, progressive change and a new status have 
recently been reached in Europe with the Soil Monitoring and Resilience 
Directive (European Commission, 2023), in line with the EU Soil Strat
egy for 2030 (European Commission, 2021) and the European Green 
Deal (Fetting, 2020). The Directive points out the need for compre
hensive data and maps on soil biodiversity for policymakers on a local 
scale by introducing the concept of soil districts and soil units (Wadoux 
et al., 2024). Indeed, the production of soil biodiversity-related maps is 
essential for research and informed policy-making decisions in the area 
of environmental and agricultural soil policy. There is a requirement for 
maps and a user-friendly representation of the data that will advance soil 
biodiversity from a theoretical concept to practical aspects of the envi
ronmental and agricultural policy agenda. Maps can support decision- 
makers in formulating evidence-based policies and strategies that pri
oritize the preservation of soil biodiversity while ensuring the sustain
able use of land resources (Tsiafouli et al., 2023). Further, these maps 

can provide information on the stressors affecting soil biodiversity and 
identify potential threats, as illustrated in resources such as the Global 
Soil Biodiversity Atlas (Orgiazzi et al., 2016) and the European Atlas of 
Soil Biodiversity (Artz et al., 2010) or identify soil biodiversity hotspots 
that need to be protected (Montanarella and Panagos, 2021).

In the last years, maps depicting soil biodiversity-related information 
have been produced for some taxa on a global or European scale, 
showing the feasibility of combining empirical data from different 
sources to create large-scale mapping and provide some first insights 
into this scientific area (Römbke et al., 2016; Rutgers et al., 2016; 
Phillips et al., 2019; Potapov et al., 2023; Xue et al., 2024). Local actions 
require precise maps with high spatial resolution, covering multiple 
taxonomic groups. Issuing such maps and updating them as more data 
become available is a challenge. During the last few years, several 
research and monitoring projects on soils have produced datasets con
taining some soil biodiversity information at the national or European 
level (e.g. EcoFINDERS, RMQS, BiSQ, LUCAS Soil Survey). There are, 
however, large disparities in spatial coverage of soil fauna data, with 
strong differences in representation for the different groups between 
countries and regions across Europe (Guerra et al., 2020; Topole et al., 
2025).

There have been considerable efforts these last decades to obtain and 
compile data on soil fauna, but these data need now to be transformed 
into comprehensive ways for policymakers, which implies mapping. 
There is an increasing demand for comprehensive biodiversity assess
ments, a need emphasized more than a decade ago by Wall and Nielsen 
(2012). However, this effort is subject to various constraints: 1) collating 
data from different sources is only possible when sufficient metadata are 
available, such as coordinates and the year of sampling (Guerra et al., 
2020); 2) the accuracy of soil biodiversity estimates depends strongly on 
the sampling effort, which carries a significant risk of underestimating 
biodiversity (Cameron et al., 2018); 3) the sampling methodology can be 
different within the collection, making homogenization of data a chal
lenge, but also different methods in taxonomical identification (i.e. 
morphologically based taxonomic identification vs identification based 
on molecular methods) may lead to different results (Köninger et al., 
2025).This work builds on previous efforts made during the EU COST 
Action Edaphobase (https://www.eudaphobase.eu/) to collect and 
collate relevant data on soil fauna and store them in a public database 
warehouse (Russell et al., 2024) and to further produce the European 
Atlas on Soil Fauna (Tsiafouli et al., 2023). To explore the pattern and 
diversity of soil fauna, we retrieved different open data. We relied pri
marily on data from the Edaphobase data-query portal (https://portal. 
edaphobase.org/), focusing on three major taxa: Collembola (Spring
tails), Lumbricidae (Earthworms), and Diplopoda (Millipedes). These 
taxa were selected as they belong to the most represented ones in the 
Edaphobase portal to ensure both a sufficient amount of data and good 
spatial coverage. We employed mapping techniques to predict soil 
biodiversity and highlight the gaps in our knowledge of soil fauna on a 
European scale. This study focuses on three main objectives: 1) to build a 
consistent dataset from existing databases and point out data gaps, 2) to 
build a predictive model and analyse the role of environmental vari
ables, and 3) to draw preliminary maps of soil fauna diversity distri
bution across Europe and discuss the relevance of the prediction with 
existing literature. We hypothesized that collating data from different 
sources and mapping biodiversity for various soil fauna groups would 
incorporate difficulties but would be feasible and would indicate the 
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strengths but also the shortcomings in our state of knowledge on soil 
fauna diversity distribution across Europe. While previous studies have 
focused on single soil fauna taxa at global or regional scales (e.g., 
Potapov et al., 2023 for collembola; Rutgers et al., 2016 for earth
worms), to our knowledge, our study provides the first European wide 
assessment encompassing multiple taxa within a unified modelling 
framework. By applying shared model parameters across various taxo
nomic groups, we ensured methodological consistency and enabled 
direct comparison of responses to environmental drivers.

2. Materials and methods

2.1. Study area

The study area includes 44 European countries spanning the Euro
pean Union Member States and the transcontinental regions of Iceland, 
Turkey, Georgia, Azerbaijan, Armenia, and the Western part of Russia 
(See Supplementary Material, Fig. 1). This large area has a broad variety 
of climatic conditions, from Arctic to Mediterranean (Corcho Alvarado 
et al., 2009). It features a diverse topography: mountains such as the 
Alps, Pyrenees, and Carpathians, as well as extensive plains such as the 
Great European Plain from the Atlantic coast to mountains in the East. 
Vegetation varies significantly across the region, with five main biomes: 
tundra, cold evergreen needle-leaf forest (taiga), cool mixed forest, 
temperate deciduous forests, and Mediterranean scrublands. A biocli
matic stratification of this area was made by Metzger et al. (2005), 
which yielded 84 strata distributed in 13 environmental zones in 
Europe.

2.2. Collecting and harmonizing soil fauna data

2.2.1. Data compilation
Soil biodiversity data (see Table 1) was extracted from the Edapho

base portal (https://portal.edaphobase.org/). We selected the records 
included in the Edaphobase portal with the following keywords: “Col
lembola”, “Diplopoda” and “Lumbricidae”. The dataset included species 
occurrences, relative abundances and metadata for each sampling site, 
such as information on sampling methods, collection dates, geographic 
coordinates, vegetation cover, and number of sample replicates.

We extracted the selected records and performed the following pre- 
processing: we removed sites located outside the study area (i.e. outside 
the European continent) and excluded records with insufficient 

information (i.e. absence of geographic coordinates, inadequate trace
ability of the data such as missing data sources or authors) and samples 
with a lack of information on the number of individuals (i.e. abundance) 
or samples that were not collected from soil. We also excluded samples 
collected before 1980, artificial habitats (e.g. urban areas) and glaciers. 
It has to be noted that data included in our study derive from various 
studies throughout the years not following the same sampling protocols 
(e.g. sampling size or sampling depth). This might be a source of vari
ation in our data set that we could not specifically account for. As this 
source of variation concerns the entire dataset, it is unlikely that it 
influenced the results of our models on the European scale.

To allow for comparisons across sites, we used the rarefied species 
richness, which standardizes richness estimates by accounting for dif
ferences in sampling effort. As species richness is highly sensitive to 
sampling effort, with more intensively sampled sites appearing to be 
richer in species (Engemann et al., 2015), we excluded those samples 
with fewer than 10 individuals as they are sensitive to under-sampling, 
prone to reflect insufficient sampling effort than the actual community 
composition. This threshold was defined with statistical evaluation 
based on a histogram of the distribution of the number of individuals in 
the samples. The histogram showed a right-skewed distribution, with 
many samples containing very few individuals, which would decrease 
the robustness of the rarefied species diversity estimation and had to be 
removed.

Fig. 1. Geographical locations (black dots) of the sampling sites retained for analysis after pre-processing and based on datasets used to calculate diversity indices 
and those containing abundance information for Springtails, Earthworms and Millipedes. The background colors show the five main biomes: tundra, cold evergreen 
needle- leaf forest (taiga), cool mixed forest, temperate deciduous forests, and Mediterranean scrublands. A map in the Supplementary Material (Fig. 3) presents the 
sites included from model fitting and prediction. All maps are projected using the Lambert Azimuthal Equal-Area projection.

Table 1 
Dataset used in the analysis alongside with number of records retained. The 
pipeline depicting all the steps to reach this pre-processed number is shown in 
Fig. 2 of the Supplementary Material.

Taxa Database Number of 
records

Reference

Springtails Edaphobase 42,369 Russell et al. (2024)
GBIF 48,877 GBIF.org (2023)
#GlobalCollembola 91,198 Potapov et al. (2023)
Additional articles 274 e.g. Sevgili and Özata 

(2014)
Earthworm Edaphobase 28,720 Russell et al. (2024)

GBIF 10,465 GBIF.org (2023)
Phillips et al., 2021
dataset

54,268 Phillips et al. (2021)

Bouché, 1972 dataset 19,888 Bouché (1972)
Millipedes Edaphobase 47,710 Russell et al. (2024)

GBIF 20,498 GBIF.org (2023)
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This exclusion could result in the removal of sites with potentially 
high biodiversity, in case they would have very few individuals 
belonging to different species. Our heatmap however shows (Fig. 4 
Supplementary Material) that samples with few individuals generally 
have low richness, and that richness becomes more evenly distributed 
when more individuals are sampled (in contrast, we did not remove 
samples with an exceptionally high number of individuals as they pro
vide valuable ecological information and are not keen to under- 
sampling). In addition, we tested our model with different thresholds 
for minimum sample size (5, 10, and 15 individuals) and produced 
prediction maps the comparison of which showed that our results are 
robust to the choice of threshold and the decision to remove the samples 
with fewer than 10 individuals was necessary to ensure that our analysis 
was based on a sufficient number of individuals per sample (see Fig. 5 
and Table 1 in the Supplementary Material). It also has to be mentioned 
that models linking low-count samples (i.e. samples with <10 in
dividuals) increased model uncertainty, while not providing additional 
information for biodiversity mapping at the European scale nor influ
encing the identification of biodiversity hotspots at this scale. Hence, 
excluding extremely under-sampled sites was essential to ensure the 
reliability of our rarefaction process and to avoid distortions in biodi
versity patterns.

To further expand our dataset, we incorporated additional records 
from the literature that were not stored in the Edaphobase portal. We 
used data from the Global Biodiversity Information Facility-GBIF (htt 

ps://www.gbif.org/), and the Marcel Bouché Earthworm dataset 
(Bouché, 1972), as well as data from the studies of Potapov et al. (2023)
and Phillips et al. (2019). Each of these datasets was subject to the same 
pre-processing steps described previously. Specific filters were applied 
to remove opportunistic records (e.g. data from GBIF focusing on one 
species observation). For Bouch é’s dataset, we only used those records 
that corresponded to the current described land use to ensure habitat 
consistency over time.

We excluded data concerning soil fauna collected by non soil-specific 
sampling methods, such as vegetation beating or canopy sweeping, to 
maintain a clear focus on edaphic (i.e. soil-dwelling and soil surface) 
fauna. We also harmonized the taxonomical levels by retaining only 
species-level or genus-level data using the GBIF Species Lookup tool. 
Finally, we eliminated duplicate records by comparing geographic co
ordinates and sampling references across all data sources. Our compiled 
dataset is based on species occurrences, meaning that we only consider 
the presence of species in each sample and do not account for the 
absence of species in non-sampled areas. The entire cleaning process 
described in this section resulted in the removal of a significant amount 
of data due to missing or inconsistent data, leading to a notable reduc
tion in the initial size of the dataset. A summary of the data counts and 
removals at each processing step is provided in Fig. 2 of the Supple
mentary Material.

Fig. 2. Maps of Rarefied species richness, Shannon index, and abundance across Europe for Springtails, Earth- worms and Millipedes. Grey areas indicate regions 
where the model prediction fall outside the AOA. The dissimilarity index (DI) thresholds for each model are given in Table 2 in the supplementary material. All maps 
are projected using the Lambert Azimuthal Equal-Area projection.
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2.2.2. Calculating community descriptors
We focused on the local scale by computing community indicators at 

the sample level (α-diversity). After filtering and sorting data, we ob
tained two distinct datasets (Table 2). The first dataset, referred to as the 
diversity dataset, included species composition and the number of in
dividuals per species for each sample. It was used to compute rarefied 
species richness and the Shannon diversity index (to have a comple
mentary understanding on the distribution of abundance among the 
different species in the community) as described below. The second 
dataset, called the density dataset, refers to those samples for which data 
on individuals per surface area were available. For the diversity dataset, 
we characterize soil fauna communities with three metrics: rarefied 
species richness, the Shannon diversity index, and the species density (i. 
e. individuals per m2). These metrics provide complementary insights 
into community structure by capturing different aspects of diversity and 
abundance (Bardgett and Putten, 2014). They are described hereafter.

Rarefied species richness measures biodiversity while accounting for 
sample size differences. Since larger samples tend to capture more 
species, we applied rarefaction to standardize richness to the smallest 
sample size. Rarefied species richness is calculated as (Hurlbert, 1971): 

Erarefied =
∑S

i=1

⎡

⎢
⎢
⎣1 −

(
(N − Ni)

m

)

(
N
m

)

⎤

⎥
⎥
⎦, (1) 

where S represents the number of observed species, N is the total number 
of individuals in the sample, Ni is the number of individuals for species i, 
and m is the standardized sample size. The Shannon diversity index 
quantifies diversity based on species’ relative abundance, incorporating 
both richness and distribution of abundance among species. The Shan
non index was calculated using the vegan package in R (Oksanen et al., 
2015). For the density dataset, the density (i.e. individuals per surface 
area) provides an estimate of community size. This metric was either 
directly obtained from the datasets or calculated based on sampling area 
or sampling device specifications. Our analysis focused on the alpha 
diversity, with all descriptors computed at the sample level rather than 
the site level. Since sites may include multiple temporally or spatially 
distinct samples, treating each sample independently captures within- 
site variability without averaging local fluctuations.

2.3. Environmental covariates

We collected a set of spatially exhaustive environmental covariates 
known to influence soil fauna community structure and spatial distri
bution. The set contains 21 climate, topography, soil, vegetation and 
land use variables: climate data from WorldClim (mean annual precip
itation, mean annual air temperature, air temperature seasonality, air 
temperature annual range, precipitation seasonality, precipitation of the 
driest quarter, and aridity index), topographical features (i.e. elevation 
and slope), soil physicochemical properties within the 0–30 cm layer 
from SoilGrids (i.e. pH of water, texture, soil organic carbon concen
tration, bulk density, etc.), vegetation indices (e.g. Enhanced Vegetation 
Index (EVI) - EVI shannon, NDVI), net ecosystem productivity (NEP), 
land cover and Population density as an index of human pressure.

A description of the variables along with their unit and source is 
provided in the Table 3. Since these covariates originate from different 
sources and have different spatial resolutions, we standardized them to a 
common grid resolution of 250 m × 250 m using the project function 
from terra package, which performs a resampling with bilinear inter
polation. Finally, the covariates were projected with the same spatial 
extent to the Europe Lambert Azimuthal Equal-Area (LAEA, EPSG:3035) 
coordinate system.

2.4. Mapping

2.4.1. Quantile regression forest
We employed a digital soil mapping (DSM) approach (Mcbratney 

et al., 2003) to relate measured values of soil fauna diversity and 
abundance to environmental covariates using Quantile Regression For
ests (QRF, Meinshausen, 2006). QRF is an ensemble learning algorithm 
that has the same basis as random forests. It works by aggregating de
cision trees through bootstrap aggregation (i.e. bagging). Unlike 

Table 2 
Summary of the main characteristics of the two datasets used in this study that 
focus on three major soil taxa: Springtails, Earthworms, and Millipedes.

Taxa Diversity Data Density Data

Number of 
sites

Number of 
samples

Number of 
sites

Number of 
samples

Springtails 1005 5440 688 3064
Earthworms 1764 2233 1583 3549
Millipedes 1615 2949 347 477

Table 3 
Set of environmental covariates along with their acronym, unit and source.

Type Covariate Abbreviation Units Reference

Climate Global aridity 
index

Aridity no unit Zomer et al. 
(2022) A

Precipitation Mean Prec mm Fick and 
Hijmans 
(2017)

Seasonality Seas Prec no unit Fick and 
Hijmans 
(2017)

Temperature 
seasonality

Seas Temp ◦C Fick and 
Hijmans 
(2017)

Prec. of the 
driest mouth

DM Prec mm Fick and 
Hijmans 
(2017)

Temperature 
mean

Mean Temp ◦C Fick and 
Hijmans 
(2017)

Temperature of 
the driest 
quarter

DQ Temp ◦C Fick and 
Hijmans 
(2017)

Soil Clay content (0- 
30 cm)

Clay percent Poggio et al. 
(2021)

Sand content (0- 
30 cm)

Sand percent Poggio et al. 
(2021)

Bulk density (0- 
30 cm)

B dens cg/cm* Poggio et al. 
(2021)

pH Water (0-30 
cm)

pH H2 no unit Hengl et al. 
(2017)

Soil organic 
Carbon (0-30 
cm)

SOC percent Hengl et al. 
(2017)

Water content 
at field capacity 
(at 15 cm)

WFC cm3/cm3 Tóth et al. 
(2017)

Wilting point (at 
15 cm)

WP cm3/cm3 Tóth et al. 
(2017)

Topography Elevation Eleva meter HO et al. 
(2023)

Slope Slope percent Yamazaki 
et al. (2017)

Vegetation Diversity of EVI 
(EVI Shannon)

EVI Sha no unit Tuanmu and 
Jetz (2015)

NDVI NDVI no unit U.S. 
Geological 
Survey 
(2023)

Net ecosystem 
productivity

NEP gC/m2/ 
an

Han and Liu 
(2024)

Anthropogenic 
pressure

Land cover for 
2017

Land C no unit Malinowski 
et al. (2020)

Population 
Density

Pop km2 persons/ 
km2

Lloyd et al. 
(2017)
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standard random forests, which provide only the conditional mean of 
the response variable, QRF estimates the entire conditional distribution 
by retaining all response values within each leaf node. This enables the 
derivation of conditional quantiles, thereby enabling the estimation of 
prediction intervals. The QRF has three user-defined parameters: ntree, 
which defines the number of trees, Mtry, which corresponds to the 
number of covariates randomly selected at the splitting of the tree, and 
min.node.size, which is a stopping criterion of the minimum leaf at the 
end of the node stops to split. A grid search was performed to identify the 
optimal number of trees, the Mtry parameter, and the minimum node 
size. We investigated values between 50 and 1000 trees in increments of 
50, Mtry values between 5 and 50 in increments of 5, and minimum node 
sizes between 1 and 10 in increments of 1.

The modelling with QRF followed four steps (Wadoux et al., 2020): 
1) model fitting where the model is calibrated using the measured values 
of soil fauna with the matching values of environmental covariates, 2) 
model validation where the prediction quality is assessed using a 
spatially-weighted cross-validation strategy, 3) prediction where a final 
model is fitted and used for prediction purposes across the study area, 
and 4) uncertainty and applicability assessment where prediction un
certainty is quantified using the 90 % prediction interval and the area of 
applicability (AOA) is calculated. More information on these steps is 
provided in the next subsections.

2.4.2. Model fitting and validation
Individual QRF models were fitted for each taxon and diversity index 

as the response variable, using the set of environmental covariates as 
predictors. The three main QRF parameters (i.e. Mtry, ntree, and min. 
node.size) were optimised by using a cross-validation procedure 
described in Probst et al. (2018). The implementation was carried out 
using the train function of the caret R package (Kuhn, 2008), which 
allowed testing various parameter combinations for using a grid search 
and 100 iterations. The best set of parameters evaluated on the root 
mean squared error (RMSE) was then used to fit all subsequent models. 
All QRF models were trained using the ranger package (Wright and 
Ziegler, 2015).

To evaluate the quality of predictions, we used a 10-fold cross- 
validation approach, which involves splitting the dataset into 10 sub
sets. The model is trained on nine folds, and a prediction is made on the 
remaining fold. This ensures that every fold is used for testing once. 
Spatial projection of sites showed that they were moderately clustered. 
To avoid over-optimistic map accuracy assessment due to the spatial 
correlation of the errors, we adopted a cross-validation strategy rec
ommended in de Bruin et al. (2022) for datasets with moderate to strong 
spatial clustering. This method incorporates spatial density by assigning 
weights to the residuals (i.e. measured minus predicted values) obtained 
with cross-validation. This ensures that areas with higher sampling in
tensity are given smaller importance in the calculation of the validation 
statistics. The weights were derived from the inverse of the sampling 
intensity based on a kernel density estimate. We calculated using this 
approach two statistics: the root mean square error (RMSE), which 
measures the average magnitude of prediction errors with lower values 
indicating lower error, and the model efficiency coefficient (MEC), 
which has an optimal value of one but can be negative (Wadoux et al., 
2022). All statistics were calculated using weights applied to the re
siduals, as follows:

The root mean square error: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑ (
resid2⋅weight

)

∑
(weight)

√

, (2) 

The modelling efficiency coefficient: 

MEC = 1 −

∑(
weight⋅resid2)

∑
(

weight⋅
(

obs-μref

)2
), (3) 

with 

μref =

∑
(weight⋅obs)
∑

(weight) ,

(4) 

In Eq. 2 and 3, resid are the residuals (i.e. the differences between 
measured and predicted values). The term weight reflects spatial prox
imity, assigning higher influence to points that are far from the rest of 
the dataset. The kernel width criterion used in this study was obtained 
from bw.CvL and intensity estimates from the density.ppp functions from 
the package spatstat (Turner and Baddeley, 2005). The term μref is the 
weighted mean of observed values and obs denotes the measured values.

2.4.3. Prediction and uncertainty quantification
Predictions for the study area were generated using the final QRF 

model onto a fine grid with a resolution of 250 m × 250 m. This was 
implemented with the predict function from the terra package. Prediction 
uncertainty was obtained by simulations of the QRF model predictions 
using the what = function(x) sample(x) option in the predict function, 
from which we obtained the location-specific standard deviation value 
using the stdev function from the terra package.

2.4.4. Area of applicability
To assess the spatial reliability of our models, we calculated the AOA 

as proposed in Meyer and Pebesma (2021). The AOA identifies regions 
where predictions may be unreliable due to insufficient representation 
of environmental covariates in the calibration dataset. This enables 
highlighting areas where predictions should be interpreted carefully, 
and additional data may be necessary to confirm the predictions. 
Obtaining the AOA involves comparing the predictor space of the study 
area to that of the calibration dataset to calculate a dissimilarity index 
(DI). The DI is obtained by a distance metric in the covariate and 
applying a threshold above which a new location is considered as falling 
outside the area of applicability. This suggests that a low DI indicates 
that the prediction point is similar to the calibration dataset, whereas a 
high DI indicates an important dissimilarity. The AOA threshold and 
cross-validation procedure is made following Meyer and Pebesma 
(2021) while the implementation was done using the aoa function from 
the CAST package (Meyer et al., 2024).

We map the AOA hereafter by cropping the predictions that fall 
outside of the AOA. This avoids showing predictions in areas where the 
model cannot be trusted and where further data collection is needed. To 
enhance result clarity, we present the prediction maps with overlaid 
areas of applicability.

2.5. Variable importance

Variable importance was obtained with Shapley values. Shapley 
values are based on game theory. They measure the contribution of each 
variable to the model prediction relative to the mean of the prediction by 
considering possible combinations of variables. More explanations on 
Shapley values and model interpretation for soil mapping are provided 
in Wadoux and Molnar (2022). The values were calculated using the 
explain function from the fastshap package on the final model used in 
prediction. Shapley values were determined with 50 Monte-Carlo sim
ulations, which has been proved as sufficient from previous studies 
(Wadoux et al., 2022; Wadoux, 2023; Wadoux et al.,2023). We tested 
whether 50 simulations were sufficient by plotting the Shapley values 
obtained with 50 simulations against the Shapley values obtained with 
another run of 50 simulations. The results suggested a good agreement 
of the two runs in a scatterplot, which means 50 simulations were 
enough to obtain stable results. The Shapley values were aggregated by 
adding all absolute values of the contributions and then sorted from the 
largest absolute contributor to the smallest to identify the 10 most 
important covariates in prediction.

F. Marchal et al.                                                                                                                                                                                                                                Applied Soil Ecology 217 (2026) 106588 

6 



3. Results

3.1. Soil fauna data

The sites retained for the spatial models are shown on the map in 
Fig. 1, where major European and national monitoring projects are 
clearly identifiable. For instance, the RMQS database in Brittany is 
prominently represented by springtails, and the BiSQ initiative sites are 
visible for all three taxa. The Edaphobase database provides, in general, 
good coverage, but data are clustered in the central part of Europe. 
Databases like GBIF, Potapov et al. (2023) and Phillips et al. (2019)
contribute to broader spatial coverage, particularly across Eastern and 
Northern Europe. The map in Fig. 1 reveals the high degree of 
geographical clustering and site density across Europe. The map also 
show important regional variability in sampling efforts and many areas 
with limited data. For instance, the Steppic, Anatolian, and southern 
Mediterranean regions are notably under-sampled and often have no 
data at all in the dataset. The number of sampled sites decreases dras
tically towards the east of Europe, whereas Western and Central Europe 
have more sites. The Alpine regions of the Alps are the most represented 
in the data.

3.2. Mapping

3.2.1. Model validation
The validation statistics obtained by the density-weighted cross- 

validation are presented in Table 4. Model prediction varied across taxa 
and community metrics, with diversity indices having higher predictive 
accuracy than abundance for the three taxa. The Shannon index 
consistently yielded the best results, particularly for Earthworms and 
Millipedes, where the model explained approximately 67 % of the 
variance (MEC = 0.67) with low error (RMSE = 0.23). Rarefied species 
richness also performed well for these taxa, with MEC values around 
0.64. In contrast, abundance was predicted with lower accuracy across 
all groups, especially for Springtails, where only 31 % of the variance 
was explained and the prediction error was relatively high (i.e. the 
RMSE is 2061). Overall, all models were sufficient to explain some of the 
spatial variation for the community indices of the three taxa and can be 
used as the basis for the prediction and interpretation steps.

3.2.2. Distribution of biodiversity levels and environmental predictors
The maps showing the spatial distribution of alpha diversity and 

abundance for Springtails, Earth- worms and Millipedes are presented in 
Fig. 2 (see Table 2 in the Supplementary material for Dissimilarity Index 
thresholds of each model). As previously noted, areas outside the model 
were masked. The maps reveal marked differences in spatial patterns 
among the taxonomic groups. For all three taxa, values were generally 
higher in central and northern Europe, while southern and eastern re
gions, particularly the Mediterranean (i.e. areas with lower data points), 
show consistently lower values across all metrics. For springtails, rare
fied species richness ranged from 2 to 7 species per sample, with higher 

values in mountainous regions compared to plains. The Shannon index 
varied from 0.4 to 2.0, with lower values in the plains of western and 
northern Europe (e.g. Paris Basin, England, southern Scandinavia, 
southern Ukraine) and higher values in central (Alps) and eastern 
Europe (Russia, Finland). Abundance ranged from 1000 to 15,000 in
dividuals per m2, with the highest values in eastern Europe (Russia) and 
lower values in western and central Europe (northern France, Germany, 
Denmark). Earthworm species richness ranged from 2 to 6 species, with 
higher values in Scandinavia (northern Sweden and Norway) compared 
to central and eastern Europe (Poland, southern Ukraine). The Shannon 
index (0.2 to 2.0) was highest in western (northern France, Great Brit
ain) and northern Europe (Scandinavia), and lowest in eastern (Poland, 
Czech Republic) and southern (southern France, Italy, Spain) Europe. 
Abundance ranged from 20 to 300 individuals per m2, with the highest 
values in Scandinavia (Denmark, Sweden, Finland), central (Germany) 
and eastern Europe (Belarus). Millipede species richness ranged from 1 
to 6 species, with the highest values in central Europe (eastern France, 
southern Germany) and the lowest in northern Europe (Great Britain, 
northern Germany, Poland, southern Scandinavia). The Shannon index 
(0.2 to 1.8) followed a similar spatial pattern. Millipede abundance 
ranged from 20 to 400 individuals per m2, with higher values in eastern 
Europe (Poland, Belarus) and the Alps, and lower values in western 
Europe. Fig. 2 also shows that the model is consistently predicting 
outside the AOA in southern and eastern Europe, as well as in north
eastern Europe and Scotland, where grey areas are dominant. The maps 
of the sampling locations (Fig. 1) confirm this pattern since grey areas 
represent zones with no data or a relatively low density of sampled sites.

Fig. 3 shows the main contributors to model predictions. For species 
richness and Shannon index, elevation is one of the most influential 
variables across all three taxa. Climate parameters such as temperature 
seasonality and temperature of the driest quarter for Springtails and 
Millipedes, and mean precipitation for Earthworms, are the next most 
important factors. Abundance is more strongly driven by vegetation- 
related variables such as NDVI and net ecosystem productivity for 
Springtails and earthworms, while soil texture, particularly sand con
tent, is most influential for Millipede abundance. Springtail abundance 
is also affected by soil properties, especially soil organic carbon, while 
sand content influences Earthworm abundance as well. Secondary var
iables, such as soil pH and bulk density, are relevant for Springtail 
species richness and abundance; bulk density also contributes to earth
worm abundance; and pH influences the species richness and the 
Shannon index of Earthworms and Millipedes. Land cover is a secondary 
but influential factor for most taxa and metrics, except for Springtail 
abundance.

4. Discussion

The compilation of data for several soil fauna taxa, progressively 
developed by the scientific community over time, for various purposes 
across Europe, and stored in several sources (multiple repositories, such 
as Edaphobase, GBIF, and other sources, such as data papers) was 
especially challenging. In this study, our mapping effort demonstrated 
the potential of these collated data, while it also highlighted limitations 
in the use and interpretation that should be addressed in future research.

Our results demonstrate that it is possible to predict alpha diversity 
at a fine spatial resolution (i.e. 250 m2) across Europe for key taxa used 
in soil health assessments, such as Springtails and Earthworms, as well 
as less frequently considered groups like Millipedes. The predictive map 
values are consistent with existing literature and the known ecology of 
the target taxa. Specifically, climatic parameters, altitude, land use and 
vegetation strongly influenced all three model groups, while soil organic 
carbon was relevant only for endogeic taxa, such as springtails and 
earthworms. These findings highlight the possibility of using public 
databases to support soil biodiversity monitoring and, more broadly, soil 
health assessments by stakeholders and policy-makers. Nevertheless, the 
results also point out major challenges that must be addressed to 

Table 4 
Validation statistics for the maps for Springtails, Earthworms and Millipedes. 
The statistics are obtained by 10-fold cross-validation [MEC: model efficiency 
coefficient, RMSE: root mean square error].

Taxa Community index MEC RMSE

Springtails Rarefied species richness 0.51 0.94
Shannon index 0.53 0.34
Abundance 0.31 2061

Earthworm Rarefied species richness 0.64 0.54
Shannon index 0.67 0.23
Abundance 0.49 31.9

Millipedes Rarefied species richness 0.64 0.54
Shannon index 0.67 0.23
Abundance 0.52 25.7
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advance these efforts.

4.1. Biodiversity levels and factors of variation

For Springtails, predicted levels of rarefied species richness appear to 
be underestimated compared to those reported by Joimel et al. (2017), 
who found values ranging from 3.2 in vineyards to 21.7 in forests, and 
Potapov et al. (2023), who reported approximately 20 species in 
temperate agricultural systems. This under-estimation could be attrib
uted to the smoothing effect of regression models, which is a common 
problem in soil mapping studies. However, both studies also observed a 
wide range of values across European latitudes, from 0 to 100 species. 
Predicted springtail abundance, ranging between 2000 and 14,000 in
dividuals per m2, is consistent with the findings of Joimel et al. (2017)
and Potapov et al. (2023). The Shannon index is more difficult to 
compare, as it has not previously been modelled, but our values, ranging 
from 0.4 to 2.0, fall within the range reported in the literature for 
springtails.

For earthworms, the species richness predicted by our models is 
consistent with values reported in previous studies. Cluzeau et al. (2012)
observed a mean species richness of eight per site in Brittany (France), 
while Phillips et al. (2021) reported an average of around six species 
across Europe. Rutgers et al. (2016) found values ranging from one to 
seven species in Western Europe. Similarly, our predicted Shannon 
index values align with those of Rutgers et al. (2016), who reported 
values between 0.8 and 1.6. Reported earthworm abundance in the 
literature ranges from 5 to 500 individuals per m2 according to Rutgers 
et al. (2016), and from 50 to 350 individuals per m2 on average in 

Brittany, as noted by Cluzeau et al. (2012). Phillips et al. (2021)
recorded values up to 150 individuals per m2 across Europe. Here too, 
our predicted values therefore fall within the range reported in the 
literature.

Data on Millipedes are relatively scarce compared to those for 
springtails and earthworms. However, a literature review by Saulnier 
and Athias-Binche (1986) reported abundances ranging from 40 to 190 
individuals per m2 in forest systems across several countries (i.e. 
Denmark, the Netherlands, Belgium, France, and Russia). Aubert et al. 
(2005) recorded an abundance of 39 individuals per m2 in French beech 
forests, while David (1989) reported 97 individuals per m2 in the 
Orleans forest (France), with mean species richness ranging from five to 
ten species per site. These values are consistent with our model 
predictions.

The integrative approach focusing on multiple taxa in this study 
demonstrates that different parameters are influenced by distinct cli
matic, edaphic, and land-use factors, thereby offering novel insights into 
soil biodiversity patterns and advancing methodological developments 
in multi-taxa ecological modelling. Specifically, our results indicate that 
species richness and diversity are primarily driven by elevation and 
climatic parameters, whereas abundance is mainly influenced by 
ecosystem productivity variables related to vegetation and soil proper
ties, particularly texture, and soil organic carbon. These findings are 
consistent with ecological theory, as climate and elevation are well- 
established determinants of species distribution and community 
composition (Wilson et al., 2005), while soil fauna abundance is closely 
associated with carbon availability and energy flow, typically higher in 
forest ecosystems. Indeed, for example, the reason why millipede 

Fig. 3. Importance of the covariates in model prediction as calculated with the average of absolute Shapley values. Each row corresponds to a different taxon: 
Springtails (top row), Earthworms (middle row), and Millipedes (bottom row). The columns represent an index, either local rarefied species richness, Shannon 
diversity index, or the abundance (i.e. the number of individuals per m2). Covariates are ranked from most to least important and only the 10 most important 
variables are reported [for abbreviations see Table 3].
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abundance is mainly influenced by sand content, and therefore texture, 
appears difficult to explain in light of the research on the subject. Thus, 
most of the studies mentioned above did not test these parameters on 
millipede communities because these animals live mainly in holorganic 
horizons and are therefore assumed to be mainly influenced by factors 
related to vegetation or litter. One could hypothesise that highly sandy 
textures are favourable to the development of holorganic horizons of the 
mor or moder type, which are themselves very favourable to the 
development of certain species, leading to high abundances. Sandy 
textures might also be more favourable for burrowing activities of larger 
animals such as millipedes, which lack the burrowing functional capa
bilities of worms; whereas smaller animals, like springtails, can take 
advantage of the spaces associated with microporosity.

In addition, land cover, reflecting anthropogenic pressure, emerges 
as one of the most influential factors, underscoring the substantial 
impact of land management on soil fauna communities. However, this 
would require further investigation.

4.2. Environmental predictors

Our maps provide preliminary insights into the relationship between 
biodiversity and potential environmental stressors, supporting adaptive 
management approaches (Phillips et al., 2019). Covariates were selected 
a priori based on their known relevance to soil biodiversity, without 
applying statistical variable selection methods. Their choice was also 
constrained by the spatial extent of the study area. Model performance 
was evaluated using MEC and RMSE. Although various evaluation 
metrics are used in other studies, our approach incorporates observation 
density through weighting, allowing adjustment for sampling bias. The 
resulting MEC values ranged from 0.31 to 0.67, indicating overall 
acceptable performance and falling within the range reported in other 
studies on earthworm biodiversity using random forest models (i.e., the 
MEC range is usually 0.4–0.7) (Johnston et al., 2014; Salako et al., 
2023). While predictions for species richness and Shannon index were 
relatively accurate, abundance, particularly for springtails, was more 
variable. This might be due to the stochastic nature of abundance data, 
which are strongly influenced by micro-habitat conditions and temporal 
variation (Eriksen-Hamel and Whalen, 2007; Mathur and Mathur, 
2023). Springtails, in particular, are highly sensitive to such fluctuations 
(Potapov et al., 2023). But these micro-environmental factors are not 
totally captured at the coarse resolution of our European-scale envi
ronmental rasters, leading to reduced predictive accuracy at this 
geographical extent. Also, the underlying datasets combine records from 
multiple sources with varying sampling and extraction methods, adding 
methodological noise to abundance estimates. Together, these ecolog
ical and methodological factors explain the lower model performance 
observed for Collembola.

4.3. Spatial patterns and their implications

As with aboveground biodiversity, high-resolution mapping has 
historically been a key tool in successful conservation policies 
(Montanarella and Panagos, 2021). Crucially, such maps provide poli
cymakers with evidence-based insights for identifying biodiversity 
hotspots and developing mitigation strategies against land-use intensi
fication and pollution, while promoting sustainable agricultural prac
tices (Tsiafouli et al., 2023). Our analysis reveals a significant spatial gap 
in soil fauna biodiversity data across Europe, with Southern and Eastern 
regions notably underrepresented. This pattern aligns with findings by 
Topole et al. (2025). Regions such as the Mediterranean, which harbor 
high biodiversity and endemic species, are particularly affected 
(March’an et al., 2022). Cameron et al. (2019) highlighted global dis
parities in soil biodiversity data, often linked to differences in economic 
investment and research capacity. Under-representation in these regions 
has important implications for biodiversity modelling, increasing un
certainty and risking misidentification of biodiversity hotspots (Guerra 

et al., 2020).
In our study, areas with low sampling density were de facto excluded 

from model predictions (this is shown in grey in Fig. 2). These regions 
could be considered “blind spots” for conservation and policy develop
ment. Rather than include potentially misleading predictions, we chose 
to highlight these areas as zones of unreliable model predictions, which 
could be used as a guide for future sampling efforts. Acknowledging such 
a problem allowed us to illustrate both the spatial structuring of 
ecological processes and the limitations of current models and data 
coverage. Identifying these knowledge gaps helps prevent biased policy 
decisions that could lead to ineffective or misdirected management 
strategies (Gardi et al., 2009).

Our findings also show the urgent need to expand sampling and 
enhance data sharing, while emphasizing the lack of harmonized sam
pling designs and protocols across large regions of Europe, which would 
allow both a good coverage of existing data and accurate model fitting 
and prediction (Hermans et al., 2019; Wadoux et al., 2020). We there
fore recommend that relevant authorities should invest in soil biodi
versity monitoring programs based on standardized and harmonized 
protocols validated by the scientific community. Data gap analyses can 
help prioritize under-sampled regions such as the Balkans and parts of 
Eastern Europe. More comprehensive datasets are essential to reduce 
model prediction uncertainty and support subsequent soil biodiversity 
and health monitoring. These efforts align with initiatives such as the 
Global Soil Biodiversity Atlas (Orgiazzi et al., 2016), the harmonization 
goals of Rutgers et al. (2016), and emerging policies, including the Eu
ropean Soil Monitoring and Resilience Directive (European Commission, 
2023).

4.4. Data harmonization: Selection and curation of data

The main challenge in implementing this synthesis was data 
harmonization. The data were sourced from multiple studies with 
different sampling protocols, methods, and sampling dates, and in some 
cases, critical information was missing. Harmonization required 
balancing the need for reliability and having a dataset with sufficient 
spatial coverage.

Another issue arises from the risk of conflating alpha- and beta di
versity. To address this, we implemented a sorting process to manage the 
considerable disparity in the number of individuals collected per sam
ple. We worked at the sample level, setting thresholds for under- 
sampling to allow rarefied diversity index calculations. This ensures 
that comparisons were made based on an equal number of samples. This 
approach reduces sampling error but means that our maps do not reflect 
all biodiversity observations. Specifically, during the curation process, 
we had to exclude a significant amount of data (see Fig. 2 in supple
mentary materials for details of the steps). While this is a significant loss, 
we preferred to use smaller but more complete/robust datasets for 
analysis. Even at the site level, methodological choices had to be made. 
For example, when considering datasets including different treatments it 
is of question whether the treated samples or only the control samples 
should be considered. Additionally, how should occurrence data be 
considered when no abundance was measured? These decisions must be 
clearly stated and justified. It is also essential to consider the distribution 
of samples to understand the limitations and uncertainties of the map
ping. Such transparency helps avoiding false assumptions about soil 
biodiversity and ensures that policy decisions are based on robust 
evidence.

4.5. Future needs for mapping soil fauna biodiversity

An important challenge to address is the focus on species composi
tion, which was not explored here but would provide insights into β 
diversity. Exploring β diversity could fundamentally alter our under
standing of soil biodiversity maps by highlighting biomes known for 
their heterogeneity at the landscape level. Indeed, β diversity, which 
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measures dissimilarity between sites, can reveal highly variable patterns 
that may differ from the results obtained through other metrics. For 
instance, the Mediterranean climate, with its seasonal variability in 
humidity and temperature, promotes greater habitat heterogeneity 
(Gasith and Resh, 1999). This can lead to higher β diversity, as species 
adapted to specific microhabitats thrive in this environment. Such dy
namics may also foster endemism, particularly in springtails, where 
certain groups show pronounced endemism in Mediterranean regions 
like the Pyrenean mountains (Deharveng, 1996). In contrast, in more 
uniform temperate regions, local diversity is often higher, but the same 
species tend to occupy larger areas (Medina-Sauza et al., 2019). More
over, focusing on species composition would allow the incorporation of 
biodiversity conservation concerns, especially regarding rare species. 
While databases may contain this information, two challenges remain: 
1) sampling effort, which is not always clearly documented in datasets, 
and 2) the need for expertise in data curation.

This study focused on taxonomic diversity, specifically rarefied 
species richness. However, other dimensions of biodiversity, such as 
phylogenetic and functional diversity, also merit attention. Extending 
this approach to these other types of diversity would require additional 
data. Modelling phylogenetic diversity necessitates information on the 
evolutionary relationships and phylogenetic distances between all 
identified species. Similarly, functional diversity requires data on the 
ecological and functional traits of species, which are not yet available for 
all taxonomic groups.

On the other hand, our methodology applied in this study, including 
steps of data collection, collation, cleaning modelling and mapping 
supports soil assessment and monitoring initiatives, such as those 
required by the European Soil Monitoring and Resilience Directive for 
soil biodiversity. Our methodology can be applied at regional, national 
or European scale for the same or other groups of soil organisms. 
Depending on data availability, produced maps could be used for 
locating biodiversity hotspots or biodiversity changes (decline, increase 
etc.) or indicating data gaps, providing actionable management and 
policy implementation pathways.

Although our model predictions are produced at a fine spatial reso
lution (250 m × 250 m), their practical relevance lies primarily at the 
regional scale targeted by the European Soil Monitoring and Soil 
Resilience Directive. The high-resolution outputs provide spatially 
consistent information on the variability of soil functions across Europe, 
which can support policy design and implementation by identifying 
priority areas for intervention, optimizing sampling strategies, and 
improving resource allocation. Beyond direct map use, the predictions 
can be aggregated to broader geographic units, such as soil districts, 
which are the operational scale defined in the Directive for assessing soil 
health. Aggregated outputs at this scale contribute to the estimation of 
soil descriptors and functions required for soil health assessment, peri
odic reporting, and trend analysis. In addition, the associated uncer
tainty estimates can inform the evaluation of sampling density and 
estimation error constraints (e.g., the 5 % precision target for the area of 
healthy soils), thereby supporting the methodological and statistical 
requirements set out in the Directive.

5. Conclusions

We provided preliminary maps of soil fauna biodiversity across 
Europe from the compilation of several existing databases. We discussed 
the spatial pattern, the important environmental predictors that drive 
the model prediction, and further discussed the implications of our work 
and soil fauna mapping for large-scale conservation policy. The main 
findings are as follows: 

• We integrated data from multiple repositories, such as Edaphobase 
and GBIF. While this is a challenging task for data harmonization, it 
is possible to account for variations in sampling protocols, methods, 
and dates if careful curation is made. An additional need for future 

soil fauna studies is the collection of accompanying data/metadata at 
the sampling sites to be used as predictors at the same scale.

• There were significant gaps in soil fauna biodiversity data spatial 
coverage, particularly in Southern and Eastern Europe. These gaps 
lead to reduced model extrapolation and areas where model pre
diction cannot be trusted, especially in under-sampled regions. There 
is an urgent need for data coverage of these areas (e.g. trough sys
tematic fieldwork and sampling financed by the relevant regional, 
national and/or European sources).

• Prediction of alpha diversity for key soil fauna taxa, including 
Springtails, Earthworms, and Millipedes, at a fine spatial resolution 
(250 m2) aligns with existing literature and underscores the role of 
environmental variables, such as elevation and climate, but also soil 
organic carbon and land use (reflecting anthropogenic pressure), in 
shaping soil fauna communities’ spatial variation. These results 
suggest that the climate changes currently occurring in Europe, 
particularly rising temperatures, combined with changes in land use, 
will have a significant impact on the evolution of soil fauna com
munities in the coming decades, especially in the mountain areas, as 
altitude and temperature appear as the main drivers of species 
richness.

• We found that predicted springtail species richness may be under
estimated due to the smoothing effects of regression models, a 
common limitation in digital soil mapping. However, predicted 
springtail abundance and Shannon index values fall within the 
ranges reported in the literature.

• Species richness and diversity were primarily driven by climatic 
factors and elevation, while abundance was more strongly influenced 
by ecosystem productivity and soil conditions, particularly organic 
carbon content.

We acknowledge that significant areas lacked data in this European- 
scale mapping. However, this issue can be mitigated by excluding re
gions from the predictions where the predictive model is unreliable. In 
the future, harmonized sampling protocols and comprehensive data 
sharing will be essential to support soil biodiversity monitoring and 
policy initiatives, such as the European Soil Monitoring and Resilience 
Directive.
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Cameron, E., Eisenhauer, N., 2020. Blind spots in global soil biodiversity and 
ecosystem function research. Nat. Commun. 11, 3870.

Guerra, C., Berdugo, M., Eldridge, D., Eisenhauer, N., Singh, B., Cui, H., Abades, S., 
Alfaro, F., Bamigboye, A., Bastida, F., Blanco Pastor, J., De los R’ıos, A., Dur’an, J., 
Grebenc, T., G. Illan, J., Liu, Y.-R., Makhalanyane, T., Mamet, S., Molina- 
Montenegro, M., Delgado-Baquerizo, M., 2022. Global hotspots for soil nature 
conservation. Nature 610, 693–698.

Han, Q., Liu, L., 2024. Upscaling tower-based net ecosystem productivity to global 250m 
using the data augmentation method by considering their spatial distribution.

Hengl, T., Mendes de Jesus, J., Heuvelink, G., Gonzalez, M., Kilibarda, M., Blagoti’c, A., 
Shangguan, W., Wright, M., Geng, X., Bauer-Marschallinger, B., Guevara, M., Vargas, 
R., Macmillan, R., Batjes, N., Leenaars, J. G., Ribeiro, E., Wheeler, I., Mantel, S., & 
Kempen, B., 2017. SoilGrids250m: global gridded soil information based on machine 
learning. PLoS One 12, e0169748.

Hermans, S.M., Buckley, H.L., Lear, G., 2019. Perspectives on the impact of sampling 
design and intensity on soil microbial diversity estimates. Front. Microbiol. 10, 1820.

HO, Y.F., Hengl, T., Parente, L., 2023. Ensemble Digital Terrain Model (EDTM) of the 
World.

Hurlbert, S.H., 1971. The nonconcept of species diversity: A critique and alternative 
parameters. Ecology 52, 577–586.

Johnston, A.S.A., Holmstrup, M., Hodson, M.E., Thorbek, P., Alvarez, T., Sibly, R.M., 
2014. Earthworm distribution and abundance predicted by a process-based model. 
Appl. Soil Ecol. 84, 112–123.

Joimel, S., Schwartz, C., Hedde, M., Kiyota, S., Krogh, P.H., Nahmani, J., P’er’es, G., 
Cortet, J., 2017. Urban and industrial land uses have a higher soil biological quality 
than expected from physicochemical quality. Sci. Total Environ. 584.

Joimel, S., Schwartz, C., Bonfanti, J., Hedde, M., Krogh, P.H., P’er’es, G., Pernin, C., 
Rakoto, A., Salmon, S., Santorufo, L., Cortet, J., 2021. Functional and taxonomic 
diversity of Collembola as complementary tools to assess land use effects on soils 
biodiversity. Front. Ecol. Evol. 9, 630919.

F. Marchal et al.                                                                                                                                                                                                                                Applied Soil Ecology 217 (2026) 106588 

11 

http://www.edaphobase.org
https://doi.org/10.1016/j.apsoil.2025.106588
https://doi.org/10.1016/j.apsoil.2025.106588
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0005
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0005
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0010
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0010
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0010
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0010
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0010
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0015
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0015
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0015
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0020
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0020
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0025
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0025
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0035
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0035
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0035
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0040
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0040
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0045
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0045
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0045
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0045
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0045
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0050
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0050
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0050
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0055
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0055
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0055
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0055
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0060
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0060
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0060
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0065
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0065
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0070
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0070
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0070
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0075
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0075
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0080
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0080
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0085
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0085
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0085
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0085
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0090
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0090
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0090
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0095
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0095
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0095
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0095
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0095
https://environment.ec.europa.eu/publications/proposal-directive-soil-monitoring-and-resilience_en
https://environment.ec.europa.eu/publications/proposal-directive-soil-monitoring-and-resilience_en
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0105
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0105
https://doi.org/10.3897/soils4europe.e149005
https://doi.org/10.3897/soils4europe.e149005
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0115
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0115
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0120
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0120
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0125
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0125
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0125
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0130
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0130
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0130
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0130
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf2005
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf2005
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf2005
https://doi.org/10.15468/dl.abcdef
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0140
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0140
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0140
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0145
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0145
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0145
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0145
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0145
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0150
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0150
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0150
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0150
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0150
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0155
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0155
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0160
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0160
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0160
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0160
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0160
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0165
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0165
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0170
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0170
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0175
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0175
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0180
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0180
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0180
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0185
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0185
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0185
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0190
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0190
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0190
http://refhub.elsevier.com/S0929-1393(25)00726-7/rf0190
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