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ARTICLE INFO ABSTRACT
Key-words: Monitoring biodiversity is seldom comprehensive, as the spatio-temporal resolution needed to accurately reflect
Earthworm morphological group dynamic changes of these communities in diverse environments is often lacking. Citizen science offers a
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Training

promising tool to help fill these gaps, engaging a wider audience in monitoring efforts and thus enhancing our
understanding of earthworm ecology. However, a significant challenge arises as earthworms are difficult to
identify to the species level in the field by non-experts, necessitating the use of morphotypes as taxonomic
proxies. This study evaluates the reliability of earthworm classification into four earthworm morphotypes within
the ‘500 ENI' (Non-intended Effects) Monitoring Network in France. The network relies on annual sampling
conducted in agricultural lands by non-specialist participants with subsequent identification verification by
earthworm taxonomists. Analyzing >48,000 individual earthworms collected over 950 plots, we calculated two
indices: the misclassification rate (MR) and the undetected rate (UR) to assess the reliability of classification into
earthworm morphotypes. The results indicated an average MR of 28 % and an average UR of 32 %, which both
varied according to morphotypes. Endogeics had lower error rates compared to epigeics, anecics with a red
anterior, and anecics with a black anterior. Our findings underscored the significant impact of sampler experi-
ence and earthworm community composition on the reliability of classification of individuals into morphotypes
by citizens. The results highlight the critical need for enhanced support and guidance for participants with
limited experience. Furthermore, we recommend providing additional training or resources to aid in morphotype
classification, especially for earthworm communities exhibiting low abundance, low adult proportion, or low
morphotype diversity. Encouraging participants to sample during periods favorable for detecting reliable total
and adult abundances would also help optimize morphotype detection.
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1. Introduction

Among soil biota, earthworms play a pivotal role in the functioning
of soils and terrestrial ecosystems. Their engineering activities physi-
cally modify their environment, contributing to the maintenance of soil
functions and biodiversity, and to the provision of key ecosystem ser-
vices for human societies (Lavelle et al., 2006; Blouin et al., 2013; Liu
et al., 2019). Despite this acknowledged importance, so far, there has
been neither consistent nor comprehensive monitoring of earthworm
biodiversity over time and space (FAO, 2020; Guerra et al., 2020; Rosa
et al., 2020). Previous large-scale studies have provided fundamental
insights into global patterns of earthworm communities (Rutgers et al.,
2016; Phillips et al., 2019). However, both local and large-scale studies
often lack spatiotemporal resolution to reflect the nuanced dynamics of
earthworm communities in heterogeneous and changing environments.
Notably, these effects are highly context-dependent, underscoring the
necessity to delineate the relative effects of varied soil properties, cli-
matic conditions, land uses and management practices on earthworm
communities (Forey et al., 2011; Schelfhout et al., 2017; Singh et al.,
2021). This limitation is mainly due to project funding, labour, and time
constraints, making it difficult to sample earthworm populations, lead-
ing to an unreliable representation of their spatial and temporal dy-
namics. Citizen science offers a promising avenue to overcome this lack
of spatiotemporal resolution by bridging knowledge gaps with data
acquisition (Dickinson et al., 2010, 2012; Hochachka et al., 2012). By
engaging a wider community in the monitoring process, citizen science
(also known as participatory science projects) has examined temporal
and spatial dynamics, and provided valuable insights into earthworm
community dynamics (Baker et al., 1997; Martay and Pearce-Higgins,
2018; Stroud, 2019). This knowledge is essential to support the devel-
opment of sustainable land management practices that safeguard soil
functioning and biodiversity (Brussaard et al., 2007; Bender et al., 2016;
Geisen et al., 2019), especially in the context of broader environmental
challenges, including climate change, the spread of invasive species, soil
pollution, and increasing urbanization (FAO, 2020; Head et al., 2020;
Rosa et al., 2020).

Despite the availability of large datasets, under-utilization in main-
stream ecological research and decision-making persists, likely due to
concerns about the reliability of data from citizen science (Conrad and
Hilchey, 2011; Theobald et al., 2015). Critics typically point to lower
robustness, replicability, and biases such as non-random sampling and
the diverse skill sets and backgrounds of participants (Cohn, 2008;
Bonney et al., 2014; Aceves-Bueno et al., 2017; Bayraktarov et al.,
2019). To address these concerns, several citizen science projects have
implemented different solutions, such as training for participants,
specialist validation systems, or adjusting experimental protocols
following pilot stages. Aceves-Bueno et al. (2017) conducted a quanti-
tative review from 63 studies across the world that compared citizen
science data to data collected by specialists across terrestrial, fresh-
water, marine and atmospheric domains. They found high reliability of
citizen science data in 73 % of reviewed cases. This indicates that,
despite the challenges, citizen science can provide trustworthy data,
though the quality often varies according to the complexity of the task
(Kosmala et al., 2016; Brown and Williams, 2019). Significant research
gaps persist in identifying the factors that influence data reliability
within citizen science, particularly the role of taxonomic resolution
among various species groups. Addressing these gaps has the potential to
significantly improve the reliability of the data collected (Steger et al.,
2017; Troudet et al., 2017).

There have been several citizen science projects on earthworms, such
as Wormsdownunder (Australia), Wormwatch (Canada), Open Air
Laboratories (United Kingdom), Observatoire Participatif des Vers de
Terre (France) and Bodemdierendagen (Netherlands). These projects
asked participants to sample and record the abundance of earthworm
individuals, and to classify them into species or morphotypes (groups of
individuals that are morphologically distinct from each) based on
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morphological traits such as colour, body size, and shape of the earth-
worm (Baker et al., 1997; Martay and Pearce-Higgins, 2018; Stroud,
2019; Burton and Cameron, 2021). Despite these efforts, the systematic
evaluation of data reliability from these non-professional researchers
has been largely overlooked. Given the crucial role of the data collected
by these participants in ecological monitoring and policy-making, an
assessment and improvement of trustworthiness remains a priority for
the scientific community.

The present study evaluated the robustness of earthworm data from
the ‘500 ENI’ (Non-intended Effects) Monitoring Network, a French
National programme assessing the impacts of agricultural practices on
farmland biodiversity, involving the annual sampling of around 500
fields by non-academic participants. In this programme, participants
record the abundance of earthworms and identify morphotypes before
sending the specimens to earthworm specialists for taxonomic analysis
and morphotype categorizations. Using 48,946 earthworms collected
from 950 plots (from 2012 to 2018), we conducted a comparative
analysis between the participants’ and the specialists’ morphotype
classifications. We hypothesized that data reliability is improved by the
experience of the participant (i.e., the number of years a citizen scientist
has participated in the surveys), the cumulative number of sampled
plots, and the ratio of the cumulative number of earthworms to plots
sampled per participant. We also assumed that a higher total abundance
of earthworms per plot, percentage of adult earthworms, and number of
different morphotypes would improve classification reliability.

2. Materials and methods
2.1. 500 ENI (Non-intended Effects) network

The 500 ENI network, established in 2012, is a nationwide biological
monitoring initiative managed by the French Ministry of Agriculture
(Direction Générale de 1’Alimentation - DGAL). Its primary goal is to
observe shifts in the frequency or abundance of indicator species in
response to agricultural activities, with particular attention on specific
taxonomic groups, such as earthworms, plants, coleoptera, and birds
(Andrade et al., 2021). The network encompasses 500 fields spread

Latitude

300 km

Longitude

Fig. 1. Location of the 500 ENI network plots across France, including Corsica.
Blue circles show plots for which the participants returned samples to the
laboratory at least once, while empty circles indicate plots for which no
earthworms were returned (from 2012 to 2018).
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throughout metropolitan France, including Corsica (Fig. 1). Monitoring
efforts are concentrated on three main land uses indicative of France’s
prevalent agricultural systems: annual crops, vineyards, and market
gardens.

The participants were primarily agricultural advisors with no formal
scientific background in biodiversity monitoring. Depending on de-
mand, the participants attended a one-day workshop by earthworm
specialists before earthworm sampling. This comprised of classroom
sessions on earthworm ecology (including morphological characteris-
tics, roles as ecosystem engineers and sensitivity to agricultural man-
agement), followed by practical field training to cover sampling
techniques and classification into morphotypes. After sampling, a one-
day debriefing session was conducted to discuss the results, resolve
questions and correct any potential errors in the classification into
morphotypes. Continuous access to online educational resources on
earthworm ecology and support materials for classification of in-
dividuals into morphotypes were also provided to the participants
(https://ecobio.univ-rennes.fr/ecobiosoil and navigate to the ‘Observ-
atoire Participatif des Vers de Terre’ section).

2.2. Earthworm sampling and data collection

Every spring between 2012 and 2018, participants sampled earth-
worms using a chemical extraction method. Sampling in each plot was
conducted within three squared metres, each separated by 6 m. For each
plot, two applications of a mustard suspension (300 g of Amora Fine et
Forte© in 10 1 of water) were used at 15-min intervals. In response to the
irritant effect of the isothiocyanate contained in the mustard, earth-
worms move to the surface. Earthworms were collected for 15 min after
the second application of mustard. Following collection, earthworms
were counted, categorized into developmental stages (adult or juvenile)
and classified into four morphotypes according to Bouché (1977)
ecological categories: epigeic (surface-dwelling), anecic (deep-burrow-
ing), and endogeic (shallow-burrowing). The anecic category was
further split into two categories based on the cutaneous pigmentation:
individuals with a red anterior and those with a black anterior. The
decision to use these four morphotypes is based on their relatively
distinct characteristics, which facilitate recognition by participants and
provide insights into different life strategies within earthworm com-
munities (Bouché, 1977; Hoeffner et al., 2022). However, it is important
to note that these categories are not strictly recognized as functional
groups (Bottinelli and Capowiez, 2021). Moreover, the classification of
species within these categories can also be ambiguous, as there exists a
continuum between them that complicates the attribution of certain
species to specific categories (Bottinelli et al., 2020). In the field, par-
ticipants classified live individuals using a simplified identification key
(Supplementary Fig. S1) specifically developed for the 500 ENI protocol.
From each plot, earthworms of each morphotype were stored separately
in alcohol (70 %), photographed, and sent to the university of Rennes for
classification validation. However, the process of sending these samples
to the university was not systematically enforceable. Indeed, from 2012
to 2018, just 950 samples out of the 3500 plots (500 plots x 7 years)
were sent to the laboratory for validation (27 %, Fig. 1). In the labora-
tory, specialists classified the preserved specimens (fixed in alcohol)
using a stereomicroscope to allow detailed morphological examination.
Earthworms were counted, and if multiple fragments were found in the
same sample that appeared to belong to the same individual (based on
size, shape, setae and colour), these fragments were combined to be
counted as a single individual. In parallel, individuals were categorized
according to their ontogenic stage (adult or juvenile), identified at the
most precise taxonomic resolution (Bouché, 1972) and classified into
morphotypes (Supplementary Table S1). If classification to a specific
taxon was not possible, individuals were assigned a morphotype based
on previously defined criteria.
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2.3. Reliability indices

To evaluate the reliability of classification of earthworms into mor-
photypes by participants, for each plot we calculated the misclassifica-
tion rate (MR) [1] and the undetected rate (UR) [2], both expressed as
percentage of individual earthworms incorrectly identified or over-
looked within each morphotype (MTx) following the approach of
(Bergerot and Fontaine, 2024).

Misclassification Rate (MRurx) = (NVyrx — Nmyrx) X 100/NViry (€})

Undetected Rate (URurx) = (NSyrx — Nmyrx) X 100/Nsyry 2

Where Nv represents the total number of individuals attributed to a
morphotype (MTx) by a participant; Nm the number of individuals
correctly attributed to a morphotype (MTx) by the participant (accord-
ing to specialist attribution); and Ns represents the total number of in-
dividuals assigned to that morphotype (MTx) by the specialist, whether
or not the participant detected them. Misclassification rate (MR) mea-
sures the percentage of incorrectly classified individuals among those
detected, with a higher MR indicating a greater misclassification error.
The undetected rate (UR) measures the percentage of individuals in a
given morphotype that go unnoticed by the participant, despite being
present in the sample, with a higher UR indicating a greater incidence of
non-detection. These indices are complementary because some mor-
photypes may be easy to detect but hard to classify correctly (high MR
and low UR), while others may be frequently overlooked but correctly
classified when detected (low MR and high UR).

2.4. Statistical analysis

Firstly, to analyze the reliability of total earthworm abundance, a
one-way ANOVA was used to test whether the number of earthworms
counted by participants and by a specialist in each sample varied. Prior
to the analysis, assumptions of normality (Shapiro-Wilk test) and ho-
moscedasticity (Bartlett’s test) were verified. Secondly, two generalized
linear mixed-effects models (GLMMs) were applied to test the response
of both the MR and the UR to: (i) the cumulative number of years a
participant had been involved in the 500 ENI network until each sam-
pling year (experience), (ii) the cumulative number of plots a participant
had sampled until each sampling year (plot sampled), (iii) the ratio of
the cumulative number of earthworms sampled to the cumulative
number of plots sampled per participant (EW/Plot) and (iv) the mor-
photypes per se. The ‘participant ID’ was considered as a random factor
in the model. To account for the prevalence of zero counts in our data,
we incorporated a zero-inflation component linked to the number of
years of participation, the cumulative number of plots sampled and the
ratio of the cumulative number of earthworms sampled to the cumula-
tive number of plots sampled. This allowed for a dual modeling
approach to distinguish the probability of zero occurrences from the
abundance distribution, thus providing a more refined analysis of the
data. The model’s syntax was glmmTMB(MR or UR ~ morphotype *
(experience + plot sampled + EW/plot) + (1| participant ID), ziformula
= ~ experience + plot sampled + EW/plot).

Thirdly, two generalized linear mixed-effects models (GLMMs) were
applied to test the response of both the MR and the UR to (i) the total
earthworm abundance at plot level (earthworm abundance), (ii) the
proportion of adults (percentage), (iii) the number of morphotypes
(number of morphotypes) within the plot, and (iv) the morphotypes per
se. The ‘participant ID’ effect was considered as a random factor in the
model with individual identifiers for each year of sampling to account
for inter-annual variability. As before, we incorporated a zero-inflation
component linked to morphotypes, total abundance and percentage of
adults. For the number of morphotypes, categorized into classes, pair-
wise comparisons were conducted to examine differences between
levels. The model’s syntax was: glmmTMB (MR or UR ~ morphotype *
(earthworm abundance + number of morphotype + percentage of


https://ecobio.univ-rennes.fr/ecobiosoil

K. Hoeffner et al.

adult) + (1| participant ID), ziformula = ~ earthworm abundance +
number of morphotype + percentage of adult).

The decision to run two separate sets of models, one focusing on
participant-level factors and the other on plot-level factors, was neces-
sary due to the differing levels of aggregation, independent of the po-
tential interactions between variables. The response variables, MR and
UR, used in the GLMMs were modeled using both Poisson and negative
binomial distributions, respectively, using the glmmTMB package
(Brooks et al., 2023), with their suitability verified by testing for over-
dispersion and outliers using the package DHARMa (Hartig and Lohse,
2022). All predictive variables were derived from validated data by the
specialists. Additionally, correlation matrices were used to ensure that
the correlation coefficients among explanatory variables remained
below 0.7 (Dormann et al., 2013) to reduce the risk of multicollinearity
affecting our models. To ensure analysis robustness and mitigate the
influence of outliers, we calculated the 2.5 % to 97.5 % quantiles for
each numerical predictor and restricted the dataset to values within
these quantile ranges, thereby focusing on the most representative data.

All statistical analyses were performed using R software version 4.3.2
(R Core Team, 2023).

3. Results
3.1. Reliability of total abundance and morphotype classification

A strong relationship was found between the total number of
earthworms counted by the participants and those by the specialists, as
evidenced by regression analysis (F-value = 17,337, P < 0.001, Adjusted
R-squared = 0.95, Fig. 2). Cumulative total abundance across all plots by
the participants amounted to 49,751 earthworms, while the number
counted by the specialists was lower (48,946 individuals). On average,
specialists calculated lower earthworm abundance than participants
(0.88 + 15 SD individuals per plot).

The total number of earthworms counted in each morphotype by

600 7
F-value = 17337, P-value < 0.001 (<4

Adjusted R-squared: 0.95

500

AN
o
o

\

Laboratory abundance
S
o

0 100 200 300 400 500 600

Field abundance
Fig. 2. Relationship between the total abundance of earthworms recorded by
the participants (field) and specialists (laboratory). Each point represents a
sampling plot. The dashed line depicts a line with a slope of 1, indicating
perfect correlation between earthworm abundance values recorded by partici-
pants and those derived from specialists. The solid line represents the regression

line fitted to the data. Statistical analysis above the scatterplot displays the F-
value and P-value from the ANOVA, plus the Adjusted R-squared value.
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both participants and specialists showed a significant relationship across
all morphotypes (Supplementary Fig. S2). Notably, the strongest corre-
lation was observed for endogeics (R? = 0.88) and was weaker for epi-
geics, anecics with a black anterior, and anecics with a red anterior (R
= 0.48, 0.54, and 0.67, respectively, Supplementary Fig. S2). The mean
misclassification rate (MR) was 28 % + 1 % but did vary between
morphotypes: epigeics MR (7143 individuals) was 38 % =+ 2 %; anecics
with a red anterior MR (14,780 individuals) was 29 % =+ 2 %; anecics
with a black anterior MR (10,004 individuals) was 40 % + 2 %; and
endogeics MR (24,279 individuals) was 13 % + 1 %. Similarly, the mean
undetected rate (UR) was 32 % + 1 % and also varied across morpho-
types: epigeics UR was 40 % =+ 2 %; anecics with a red anterior UR was
29 % + 2 %; anecics with a black anterior UR was 46 % =+ 2 %; and
endogeics UR was 21 % + 1 %.

3.2. Human factors explaining data discrepancies

The MR significantly decreased with the increasing cumulative
number of plots sampled, regardless of the morphotype (Fig. 3a,
Table 1). Additionally, the MR was found to be related to the cumulative
number of earthworms sampled per plot, with effects varying depending
on the morphotype (Table 1). A higher cumulative number of earth-
worms sampled per plot resulted in a decrease in MR for epigeics,
anecics with a black anterior, and endogeics, but led to a slight increase
for anecics with a red anterior (Fig. 3b, Table 1). The number of years of
participation in the network (experience) did not significantly affect the
MR (Table 1).

The undetected rate (UR) significantly decreased with the increasing
cumulative number of plots sampled and the cumulative number of
earthworms sampled per plot, without variation in effects across
different morphotypes (Fig. 4a and b, Table 1). The number of years of
participation in the network did not significantly affect the UR (Table 1).

3.3. Earthworm community parameters explaining data reliability

The misclassification rate (MR) was significantly related to the
number of earthworm morphotypes per plot, the percentage of adult
earthworms per plot, and the total earthworm abundance per plot, with
effects varying across the different morphotypes (Table 2). An increase
in earthworm abundance within a plot led to a decrease in the MR for
anecics with a black anterior and endogeics, and to an increase for
epigeics, but had no significant effect on anecics with a red anterior
(Fig. 5a, Table 2). An increase in the proportion of adult earthworms was

(a) (b)
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Fig. 3. Predicted Misclassification Rate (MR) =+ standard deviation across (a)
the cumulative number of plots sampled, and (b) the cumulative number of
earthworms identified per plot by each participant. Earthworm morphotypes
are represented using different symbols: EPI (epigeics, squares), ANE_RA
(anecics with a red anterior, circles), ANE_BA (anecics with a black anterior,
triangles), and END (endogeics, diamonds).
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Table 1

ANOVA Type Il Wald Chi-Square Tests for the model predicting misclassification
and undetected rate. The table presents the degrees of freedom (df), Chi-squared
values (Chisq), and the associated P-values for each predictor and interaction in
the model. Significant predictors, shown in bold, include the morphotype (MT),
the number of years a person has participated in the 500 ENI network (Experi-
ence), the cumulative number of earthworms they have identified (Earthworm
identified), the cumulative number of plots they have sampled (Plot sampled)
and a ratio of the cumulative number of earthworms identified to the cumulative
number of plots sampled (EW/Plot) on the MR and UR indices and the inter-
action terms of morphotype with Experience, morphotype with Earthworm
identified, morphotype with Plots sampled and morphotype with the ratio EW/
Plot. For the misclassification rate model, the conditional R? was 0.94 and the
marginal R? was 0.74; for the undetected rate model, the conditional R? was 0.93
and the marginal R? was 0.54.

Misidentification rate Undetection rate

df Chisq P-value Chisq P-value
Morphotype 3 117.7 < 0.001 79.6 < 0.001
Experience 4 3.4 0.497 1.7 0.800
Plot sampled 1 15.2 < 0.001 13.9 < 0.001
EW/Plot 1 11.6 < 0.001 18.2 < 0.001
MT x Experience 12 9.6 0.653 13.2 0.354
MT x Plot 3 0.2 0.983 4.7 0.197
MT x EW/Plot 3 17.4 < 0.001 7.5 0.057
(a) (b)
1001 100 1
80 1 80 1
E
3}
© 60 60 1
—
c
iel
©
L 401 401
[0}
©
c
-]
20 204

T T T J 0 T T T 1

0 10 20 30 40 0 50 100 1560 200
Plot sampled Ratio EW/Plot

Fig. 4. Predicted Undetected Rate (UR) + standard deviation across (a) cu-

mulative number of plots sampled, and (b) cumulative earthworms identified
per plot by each participant.

related to a decrease in MR for epigeics, anecics with a black anterior,
and endogeics, while it was related to an increase in MR for anecics with
a red anterior (Fig. 5b, Table 2). An increase in morphotype range was
associated with a significant decrease in MR for all morphotypes
(Fig. 5¢, Table 2). For epigeics and anecics with a black anterior, the MR
decreased, becoming more pronounced when moving from three to four
morphotypes. Specifically, for epigeics, the MR dropped from 66 % to
37 %, and for anecics with a black anterior, it reduced from 60 % to 45 %
(Fig. 5¢, Table 2). In the case of anecics with a red anterior, a decrease
was observed when the number of morphotypes increased from two to
three, with no significant change observed at a diversity level of four (66
%, 39 %, and 37 % respectively, Fig. 5¢, Table 2). For endogeics, an
increase in the number of morphotypes from one to two led to an
important decrease in MR (from 55 % to 28 %), followed by a minimal
change between the levels of three and four (25 % to 22 %, Fig. 5c,
Table 2).

The undetected rate (UR) was significantly related to the number of
morphotypes, the percentage of adult earthworms, and the total
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Table 2

ANOVA Type Il Wald Chi-Square Tests for the model predicting misclassification
and undetected rate. The table presents the degrees of freedom (df), Chi-squared
values (Chisq), and the associated P-values for each predictor and interaction in
the model. Significant predictors, shown in bold, include the morphotype (MT),
earthworm abundance, the number of morphotypes (Number of morphotypes)
and the percentage of adults and the interaction terms of morphotype with
Earthworm abundance, morphotype with Number of morphotypes and mor-
photype with Percentage of adults. For the misclassification rate model, the
conditional R? was 0.16 and the marginal R? was 0.08; for the undetected rate
model, the conditional R? was 0.12 and the marginal R*> was 0.03.

Misidentification rate Undetection rate

df  Chisq P-value Chisq P-value
MT 3 3116.6 < 0.001 2039.7 < 0.001
Earthworm abundance 1 112.3 < 0.001 540.1 < 0.001
Number of MT 3 1113.9 < 0.001 26.1 < 0.001
Percentage of adults 1 29.0 < 0.001 288.5 < 0.001
MT x Earthworm abundance 3 592.5 < 0.001 192.0 < 0.001
MT x Number of MT 9 601.7 < 0.001 231.5 < 0.001
MT x Percentage of adults 3 333.6 < 0.001 33.5 < 0.001

earthworm abundance per plot, with the effects varying across the
different morphotypes (Table 2). An increase in earthworm abundance
per plot significantly lowered the UR for all morphotypes, with a more
marked decrease for both anecics with either a red or a black anterior
and endogeics than for epigeics (Fig. 6a, Table 2). Additionally, an in-
crease in the proportion of adult earthworms led to a decrease in the UR
across all morphotypes, with a more pronounced reduction observed for
epigeics and both anecics with a red or a black anterior than for endo-
geics (Fig. 6b, Table 2). Furthermore, the impact of an increase in the
number of morphotypes varied between the morphotypes (Fig. 6¢c,
Table 2). For epigeics, the UR was higher when 1 morphotype was
detected (67 %) followed by 2 morphotypes (64 %), 3 morphotypes (56
%), and lowest with 4 morphotypes (59 %). Greater uncertainty was
observed when only 1 morphotype was present (Fig. 6¢, Table 2). For
anecics with a red anterior, the UR was significantly lower in the pres-
ence of 1 and 2 morphotypes than in the presence of 3 and 4 morpho-
types (39 %, 42 %, 47 %, and 49 %, respectively). In the case of anecics
with a black anterior, the UR was significantly higher in the presence of
1 (63 %), 3 (58 %), and 4 (58 %) morphotypes compared to 2 being
present (53 %, Fig. 6¢, Table 2). For endogeics, the UR was notably
higher in the presence of 1, followed by 2, 4, and then 3 morphotypes
(48 %, 41 %, 36 %, and 32 % respectively, Fig. 6¢ Table 2).

4. Discussion

4.1. Assessment of the data reliability from a country-wide monitoring
network

The present study revealed that citizen science can provide reliable
data on earthworm abundance, which is comforting for future and past
published studies using total earthworm abundance data derived from
citizen science (Baker et al., 1997; Stroud, 2019; Billaud et al., 2021).
The strong correlation between results provided by participants and
specialists’ data aligns with similar findings from several citizen science
projects (Aceves-Bueno et al., 2017). The slightly lower abundance
recorded by the specialists, compared to participant records, can be
attributed to earthworms being fragmented during extraction and sort-
ing, and these fragments often being counted separately by participants
but grouped by specialists in the laboratory. It should be noted that the
use of a chemical extraction method, which encourages earthworms to
surface for easy collection, rarely results in fragmented earthworms.
Consequently, the reliability of abundance data might become
compromised when employing other physical extraction methods, such
as hand sorting, which have a higher likelihood of fragmenting earth-
worms during collection. Additionally, occasional miscounts may have
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Fig. 5. Predicted Misclassification Rate (MR) + standard deviation across (a) the total abundance of earthworms, (b) the percentage of adult individuals, and (c) the
number of earthworm morphotypes per plot. Earthworm morphotypes are represented using different symbols: EPI (epigeics, squares), ANE_RA (anecics with a red
anterior, circles), ANE_BA (anecics with a black anterior, triangles), and END (endogeics, diamonds).
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Fig. 6. Predicted Undetected Rate (UR) =+ standard deviation across (a) the total abundance of earthworms, (b) the percentage of adult individuals, and (c) the
diversity of earthworm morphotypes per plot. Earthworm morphotypes are represented using different symbols: EPI (epigeics, squares), ANE_RA (anecics with a red
anterior, circles), ANE_BA (anecics with a black anterior, triangles), and END (endogeics, diamonds).

occurred when participants inadvertently included non-earthworm en-
tities, such as insect larvae. However, total earthworm abundance is not
always a good indicator of management systems (Pelosi et al., 2009;
Cluzeau et al., 2012), and details of morphotypes are often more helpful
in assessing the effects of environmental pressures.

Based on nearly 50,000 individuals, we observed a strong relation-
ship between the total earthworm counts recorded by participants and
specialists, with an overall morphotype misclassification rate (MR) of
28 %. While these results are encouraging, the reliability of classifica-
tions remains context-dependent and should be evaluated with regard to
the intended application of the data. The 20.9 % misidentification rate in
butterfly identification by non-specialists, as reported by Bergerot and
Fontaine (2024), shows that such error rates are standard even in well-
studied taxa. Potential biases in participant engagement may have
influenced these results; for instance, the 27 % of participants who sent
samples to the laboratory may have been more committed or attentive to
the data collection process, potentially leading to more accurate results.
Nevertheless, this level of reliability highlights the potential value of
citizen science data using the morphotype approach (Stroud, 2019) for
monitoring earthworm community dynamics and soil health. Morpho-
types can act as proxies for various life strategies, with each type
responding differently to distinct environmental pressures and contrib-
uting differently to soil functioning (Briones and Schmidt, 2017; Huang
et al., 2020). This difference in life strategies enhances their usefulness

for detecting changes in soil health. Thus, when included, citizen sci-
entists are able to make meaningful contributions to assessments of
ecosystem state and degradation in relation to land management. The
28 % MR necessitates caution in result interpretation, particularly when
faced with factors that may heighten unreliability. In this context,
endogeics, the most collected morphotype with ca 25,000 individuals,
exhibited the lowest MR at 13 %. This suggests that participants were
relatively proficient at identifying this morphotype. This high level of
accuracy is likely attributable to the distinctive lack of pigmentation in
endogeics, which sets them apart from the other morphotypes.
Conversely, epigeics, anecics with a red anterior, and anecics with a
black anterior had higher MR and UR rates (29-40 %). The overlapping
morphological traits of these morphotypes likely contributed to these
higher error rates. This highlights the necessity for specific training or
improved differentiation characteristics. However, it could also indicate
the need to include additional morphotypes in the classification system
or refine the existing system in order to reduce MR in future studies.
Additionally, we propose that the development of correction methods
could be employed to adjust the participant-identified morphotype
abundances (Isaac et al., 2014; Freitag et al., 2016), based on the MR for
each morphotype and general patterns of confusion between morpho-
types. The correction methods would help to recalibrate the reported
data to more accurately reflect the abundance of each morphotype,
thereby enhancing the robustness of data analysis and increasing the
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reliability of conclusions drawn. However, reducing the observed UR of
32 %, ranging across morphotypes from 21 % to 46 %, is a crucial
challenge to increase the robustness of citizen science research. These
high values underscore a critical need for strategies to understand and
address the factors contributing to the higher UR, as overlooking this
aspect may introduce significant biases and affect the integrity of
research findings. While the ‘law of large numbers’ suggests that these
errors could be smoothed out with a vast number of observations
(Kosmala et al., 2016; Szabo et al., 2023), it is crucial to acknowledge
that this statistical principle may obscure the persistent biases that can
distort ecological understanding and interpretations of earthworm
community dynamics.

4.2. Greater participant practice is valuable

In the present study, the cumulative number of sampled plots and the
cumulative number of earthworms sampled per plot influenced the MR
and UR, unlike the cumulative number of years that a participant had
been involved in the 500 ENI network. These findings suggest that
practical experience, rather than the number of years of participation in
the network, plays a crucial role in the reliability of earthworm classi-
fication skills (Jiguet, 2009; Crall et al., 2011; Kelling et al., 2015).
Overall, an increase in the cumulative number of plots sampled and the
cumulative number of earthworms sampled per plot generally reduced
MR and UR, indicating an essential role of evidence-based practice and/
or growing familiarity with morphotype classification. However, an
exception was observed for anecic earthworms with a red anterior,
where an increase in the cumulative number of earthworms sampled per
plot slightly increased MR. This trend may be due to their morphological
similarity to epigeic and anecic earthworms with a black anterior,
particularly during juvenile stages, since these three groups often share
size and dark pigmentation of an anterior-posterior colour gradient (at
least for those species occurring in agricultural land in the study region).
Such resemblances could lead participants to misidentify these mor-
photypes persistently, irrespective of the cumulative number of earth-
worms identified.

The critical role of evidence-based practice and/or growing famil-
iarity with morphotype classification can be extrapolated to specialists
in the field of earthworm taxonomy, where varying degrees of experi-
ence also play a significant role in the accuracy of species classification.
As with participants, earthworm specialists continuously practice their
skills in the classification of a wide array of earthworm species, high-
lighting the universal importance of practice-based experience in accu-
rately identifying earthworms. While it is crucial to focus on new
members of the network, who typically have less practical experience,
we must also consider participants who engage infrequently in classifi-
cation activities, as they may also be prone to errors. This approach
optimizes resource allocation by focusing on those who require the most
guidance. However, considering the high annual turnover commonly
observed in such networks (Andrade et al., 2021), it becomes imperative
to implement continuous and reinforced training programmes to
accommodate new participants each year. This could include specialist-
led training sessions in addition to mentorship approaches, where
seasoned participants offer guidance to newcomers. Such interactions
not only enhance participants’ skills but could also provide opportu-
nities to learn about science and engage in scientific practices, and may
significantly impact citizens’ awareness and attitudes toward environ-
mental issues (Bonney et al., 2014; Locritani et al., 2019; Abhijith et al.,
2024). These aspects may also support long-term engagement by rein-
forcing the feeling of contributing meaningfully to scientific and envi-
ronmental goals. Additionally, mobile applications with machine
learning or cross-validation (Serret et al., 2019; Jackel et al., 2023)
could improve classification reliability, making participation more
accessible and impactful.

Citizen science initiatives on earthworm communities have primarily
focused on agricultural lands, where participants are directly engaged in

Applied Soil Ecology 214 (2025) 106329

soil management and seek to understand biodiversity function, mainly
through metrics such as abundance or biomass of earthworms and their
functional groups (Baker et al., 1997; Stroud, 2019; Billaud et al., 2021;
Burton and Cameron, 2021). In contrast, citizen science in natural en-
vironments often involves naturalists and conservationists interested in
specific species within valuable habitats, necessitating identification to
the species level, while quantification of abundance or biomass is less
critical. Despite challenges such as the scarcity of soil fauna specialists,
citizen networks in natural environments could provide valuable base-
line data to contextualize agricultural findings and assess restoration
impacts. A key challenge remains identifying effective incentives for
land managers to engage in long-term monitoring, which could also
inform strategies to encourage broader citizen participation.

4.3. Challenges in classifying earthworms from particular communities

Our results highlighted that an increase in the proportion of adult
earthworms generally reduced the MR and UR (except for the MR of
anecics with a red anterior). This trend is largely explained by the fact
that adults, with their distinct morphological traits (body size, tuber-
cula, clitellum), are more easily recognizable than juveniles, which
helps to differentiate morphotypes. Moreover, the number of morpho-
types in a community reduced MR for all morphotypes. Thus, the pres-
ence of contrasting patterns seems to help classify earthworms more
accurately. Furthermore, an overall increase in earthworm abundance
lowered the MR and UR (except for the MR of epigeics). This trend may
partly stem from the increased probability of encountering adults and a
larger number of morphotypes in the community, with the consequences
explained above. Additionally, a community with many individuals
potentially hosts a wider range of phenotypes within each morphotype.
This would provide a more distinct set of characteristics, accentuating
the differences between the morphotypes and aiding in more accurate
classification by participants. For epigeics, the inverse trend might be
attributed to the lower abundance of epigeic individuals in agricultural
soils (Cluzeau et al., 2012), suggesting that the higher cumulative
number of earthworms sampled increases the likelihood of over-
classification (thereby increasing MR). Overall, our study highlights
the necessity for participants to sample a diverse range of habitats, when
feasible, as this approach is crucial for enhancing the overall abundance
of earthworms, the proportion of adults, and the chances of encoun-
tering a wide array of morphotypes. In addition, it would be advanta-
geous to encourage participants to sample during the most favorable
periods for detecting reliable total and adult abundances, and then
optimize morphotype detection. If resources are limited, emphasizing
the need to conduct earthworm sampling when conditions, particularly
climatic conditions, are most favorable (Whalen, 2004; Eggleton et al.,
2009), may involve adapting sampling periods each year, to account for
local or regional climatic specificities, rather than simply relying on
“autumn” or “spring” as the optimal period. Furthermore, proposing
sampling protocols that inherently collect more earthworms, for
instance, by increasing the sampling surface area without significantly
adding to time constraints, can also be effective (Schmidt, 2001; Bartlett
et al., 2010; Pelosi et al., 2014). Such strategic adjustments in sampling
periods, protocols, and habitat diversity could greatly reduce MR and
UR in participatory science projects, contributing to a more compre-
hensive understanding of earthworm distribution.

However, the number of morphotypes within the communities did
not show a clear effect on the UR. There was no distinct trend for epi-
geics and anecics with a black anterior. Whereas for anecics with a red
anterior, an increase in the number of morphotypes tended to increase
UR, and for endogeics, the opposite was observed. These findings sug-
gest that the community composition of earthworms in each sample
plays a significant role in the reliability of how citizen scientists classify
earthworms. This raises interesting issues about the cognitive process of
classification in participatory science: the presence of a high number of
different morphotypes may act as a reference framework, aiding in more
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accurate categorization. This underscores the need for more compre-
hensive training and reference materials for citizen scientists, particu-
larly in areas where morphotype diversity is low. Improved training and
clearer identification resources may not only increase data reliability,
but also boost participants’ engagement by making the task more
accessible and rewarding.

5. Conclusions

Our study has demonstrated significant correlations between data
obtained by citizens and specialists on earthworm abundance, either as
total numbers or individual morphotypes, confirming that non-specialist
data can be encouragingly reliable. However, our findings also reveal
different misclassification and undetected rates between morphotypes,
related to the challenges posed by the morphotype assignment by non-
specialist identifiers. Our analysis indicates that these errors are influ-
enced by practical field experience, such as the number of plots a
participant has sampled, rather than by the number of years they have
been involved in the program, which did not show a significant effect.
While a greater cumulative number of earthworms collected per plot can
increase reliability for most morphotypes, this relationship is not
applicable to anecic earthworms with a red anterior. We also found that
less diverse and juvenile-dominated communities present greater chal-
lenges for accurate classification. Additional learning support and
guidance to participants with less experience will further improve the
classification process. By fostering improved participant training and
adapting sampling strategies to diverse environmental conditions, citi-
zen science can become an even more effective tool in the understanding
and conservation of soil ecosystems.
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