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Abstract

The increasing availability of vegetation-plot data results from decades of field surveys conducted by numerous observers. This highlights 
observer error not as a marginal issue but as a structural component of uncertainty, with direct consequences for estimates of species 
turnover and temporal trends. Observer-related sampling bias can be investigated through variation in species richness, species compo-
sition and abundance. Specifically, pseudoturnover refers to changes in species composition caused by overlooking or misidentification 
of taxa between sampling events or among different observers surveying the same plot. Although the causes and implications of observer 
error have been widely discussed, it remains unclear whether observer-related pseudoturnover decreases within observer groups as a 
result of training. Using data from training and intercalibration sessions carried out in 2023 and 2025 within two forest monitoring pro-
grammes in Italy (the LIFE project ModerNEC and the Italian National Forest Inventory), we assessed whether targeted training and col-
lective briefing reduce observer-induced pseudoturnover. We applied Bayesian multilevel models to estimate changes in inter-observer 
species richness variability and inter-observer dissimilarity. The former decreased across observers in both years, while the latter declined 
after training when using Jaccard and Euclidean distances in both years; Bray–Curtis dissimilarity decreased only in 2023 and increased 
in 2025. Overall, training and intercalibration are likely to reduce observer-induced pseudoturnover related to species presence, while 
variability in abundance estimation needs further study and remains a key challenge for future vegetation monitoring programmes.
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Introduction

There is a large and increasing availability of vegetation 
plot data, particularly in Europe, covering wide spatial 
extents as well as long-term temporal gradients, largely 

resulting from decades of field surveys conducted by hun-
dreds of surveyors. These data are fundamental to under-
stand vegetation patterns and the drivers shaping them, 
including global changes (Chytrý et al. 2016; Bruelheide 
et al. 2019; Knollová et al. 2024). However, even when 
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backed by botanical and field expertise, sampling relies 
on visual and inherently subjective judgements made by 
human observers, both in terms of species identification 
and estimation of relative abundances (Vittoz and Guisan 
2007; Morrison 2016; Salvatori 2024). Owing to this sub-
jectivity, vegetation surveys are prone to several forms of 
observer-related error, which can substantially affect the 
reliability and comparability of ecological data (Boch et 
al. 2022). For instance, following Kéry and Gregg (2003), 
detectability is defined as the probability of recording a 
species given its true presence in the plot. Imperfect de-
tectability can generate false absences, leading to spurious 
estimates of local extinctions and vegetation change if the 
analyses do not explicitly account for this bias. Futschik 
et al. (2020) found that observer-related errors can affect 
our interpretation of the effect of climate change on al-
pine grassland, specifically, they found differences of 5 
to 13% of species in the records conducted by different 
observers. Similarly, Verheyen et al. (2018) showed that a 
substantial proportion of the floristic changes attributed 
to eutrophication or climate are sensitive to detection er-
rors in the herbaceous layer. Observer error is therefore a 
pervasive issue in vegetation science, particularly in long-
term monitoring programmes and multi-observer sur-
veys (Dengler et al. 2011; Bruelheide et al. 2019; Seidling 
et al. 2020; Morrison et al. 2024), affecting estimates of 
biodiversity, turnover, and trends. Although it is evident 
that observer error in vegetation surveys can influence the 
interpretation of our results, there is still limited aware-
ness of this issue, and the strategies to reduce or control 
this source of error are rarely implemented (Kercher et al. 
2003; Morrison 2021).

One way to quantify observer error is to compare ob-
servations with the true value of the variable of interest. 
However, in vegetation studies, true values are rarely 
known because a complete and exhaustive list of species 
in a given area is often unavailable (Di Biase et al. 2025). 
While accuracy—the closeness of an observation to the 
true value—is therefore difficult to assess (Salvatori 2024), 
precision—the degree to which repeated observations 
agree with each other—can be explicitly evaluated and 
provides a meaningful measure of observer performance. 
Observer-related sampling bias can be investigated by 
examining variation in species richness, species compo-
sition and species abundances. Morrison (2016) identified 
three main types of observer error in vegetation surveys: 
(i) overlooking error, when species present in the plot are 
not detected; (ii) misidentification error, when species 
are incorrectly identified; and (iii) visual estimation er-
ror, when species abundances (e.g., in terms of projected 
ground cover) are inaccurately assessed. Other sources of 
error are related to “attributes associated with observers” 
and could include errors (typos) made during data digital-
isation due to mental or physical fatigue. When repeated 
surveys by the same observer yield different results, this 
is referred to as intra-observer error; when discrepancies 
arise among different observers or teams, it is referred to as 
inter-observer error. Focusing on species as observational 

units, several studies have shown that overlooking small, 
rare or inconspicuous species inflates apparent turnover 
among observers (Nilsson and Nilsson 1985; Morrison 
2016). This issue, also called pseudoturnover, has been 
defined as the proportion of species either missed or mis-
identified by an observer or team between two sampling 
occasions or among different observers surveying the 
same plot. Vegetation surveys often include species abun-
dances attributed to different vertical layers, e.g., in forest 
ecosystems. Vertical stratification is generally recorded 
more consistently for dominant tree layers, whereas shrub 
and herbaceous layers are more prone to both intra- and 
inter-observer variability (Kennedy and Addison 1987; 
Klimeš et al. 2001; Kéry and Gregg 2003; Archaux 2009). 
High variability among observers in estimating percent-
age cover has been widely documented, with systematic 
tendencies to under- or overestimate cover depending on 
size of individuals and plot density (Morrison et al. 2020).

In this context, Boch et al. (2022) reported that “it re-
mains unclear whether observer-related pseudoturnover 
declines with time within a group of observers, thanks to 
their continuous training in species identification and their 
increasing experience in conducting vegetation records”. 
Morrison (2016) and Morrison et al. (2024) confirmed 
that the use of multiple observers, additional training in-
cluding active feedback approaches, and continual evalu-
ation and calibration among observers are recommended 
strategies to reduce observer error in vegetation surveys.

Forest ecosystems represent one of the most frequent-
ly studied habitats in observer error research (Morrison 
2016), highlighting the relevance of this issue for forest 
monitoring programmes. Improving our understanding 
of observer-related precision is particularly important for 
long-term monitoring schemes involving numerous ob-
servers and repeated surveys over time, such as the ICP 
Forests Level II network (Allegrini et al. 2009; Ferretti 
2021) and the Italian National Forest Inventories (Gaspa-
rini et al. 2009; D’Amico et al. 2025).

Using data collected during training and intercalibration 
sessions carried out within these programmes in Italy, we aim 
to assess whether targeted training and collective briefing 
can reduce observer-induced pseudoturnover in forest veg-
etation surveys. Specifically, we estimate whether inter-ob-
server variability decreases between pre- and post-training 
exercises in terms of species richness and species composi-
tion, the latter measured by three dissimilarity indices.

Materials and methods
Training and intercalibration approach

In 2023, within Action B4 “Training for monitoring op-
erators” of the LIFE project ModerNEC (https://lifemo-
dernec.eu/), four teams, each composed of two botanists, 
surveyed four 10 m × 10 m forest plots. Observers record-
ed species presence and percentage cover for herbaceous, 
shrub and tree layers. The same approach was adopted in 

https://lifemodernec.eu/
https://lifemodernec.eu/
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2025 within the action “Training and intercalibration for 
plant diversity surveyors” of the IFNI 2025 project (D’Am-
ico et al. 2025), involving 15 individual botanists survey-
ing eight 10 m × 10 m forest plots. All plots were set up 
using wooden stakes and tape at two sites within the Mar-
siliana State Reserve (https://rgpbio.it/riserva/marsiliana/ 
- Tuscany, Italy) by personnel of the Carabinieri Forestali 
(Figure 1). Forest sites are characterised by a dominance 
of Fraxinus ornus with presence of Arbutus unedo, Philly-
rea latifolia, Quercus cerris and Quercus pubescens.

In 2023, the project protocol prescribed the use of 
the 7-degree Braun-Blanquet cover-abundance scale 
(Braun-Blanquet 1964; Canullo et al. 2012) while in 
2025 species cover was assessed using direct percentage 
estimates. For the statistical analysis of 2023 data, the 
Braun-Blanquet values were transformed into the re-
spective median value of each category (i.e., 5 = 87.5%; 
4 = 62.5%; 3 = 37.5%; 2 = 15%; 1 = 3%; + = 0.5%; r = 0.01%; 
Canullo et al. 2020).

Training and intercalibration activities were struc-
tured over three consecutive days and included two sur-
vey exercises with the following data entry phase, and a 
collective briefing session between the surveys. In 2025, 
a list of species occurring in an area that includes all the 
plots, produced by a control team, was supplied to the 
observers. While this was not performed in 2023, control 
team and observers still assembled a field-based consen-
sus list before the first survey exercise. For both projects, 
observers were selected on a geographical basis (i.e., 

Italian administrative regions) and playing with a com-
mon species list is a tool to simulate their familiarity with 
the real field flora. Prior to the surveys, an on-field opera-
tions manual was distributed to all observers. The manual 
described the training survey protocol in detail, outlin-
ing the sequence of actions and specific procedures re-
quired for plant diversity surveys. The first survey exercise 
(“pre-training”, EX1) was conducted on the first day, with 
the observers cycling through the plots. On the second 
day, data entry was followed by a briefing session, during 
which observers discussed difficulties and self-perceived 
errors, including taxonomic issues. The second survey ex-
ercise (“post-training”, EX2) consisted of re-surveying the 
same plots and was carried out on the third day. During 
the briefing session, observers participated in a “species 
familiarization” exercise (with plant specimens collected 
outside the plots) aimed at identifying taxa considered 
critical for correct identification (Canullo et al. 2012). 
Diagnostic comparisons were performed to clarify key 
morphological traits, taxonomic ambiguities and differ-
ences between morphologically similar species. A group 
exercise for cover estimation was performed before EX1, 
showing percentage cover charts of squares with differ-
ent proportions of area (e.g. 0.5%, 1%, 5%, 10%, etc.), and 
then on-field before EX2 to harmonise the visual estima-
tion of 1 m2 of vegetation cover, using a commonly oc-
curring species, Ruscus aculeatus. Graphical outputs sum-
marising species richness, abundances, and herb-layer 
cover recorded during EX1 by each observer in each plot 

Figure 1. Location of the Marsiliana State Reserve, with the Italian national border as white outline. Base map data 2026 © Google.

https://rgpbio.it/riserva/marsiliana/
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were also displayed and then discussed during the brief-
ing, allowing observers to reflect on differences in visual 
estimation (Suppl. material 1). The briefing concluded 
with a collective discussion on the interpretation and ap-
plication of the field manual.

Statistical analyses

We used Bayesian multilevel models fitted through the 
‘brms’ package (Bürkner 2017) to estimate the change 
in precision in assessing species richness and the change 
in inter-observer dissimilarity between the two exercis-
es. Bayesian models fit through Markov Chain Monte 
Carlo (MCMC) allow for complex model structures and 
a wide choice of likelihoods, flexibility in the specifica-
tion of group-level terms, easy computation of probability 
statements about any model parameter, and generation of 
many kinds of predictions.

Since the two years represent different training experi-
ences, different structure of the teams, and different vege-
tation, they are analysed separately.

All analyses and data handling have been performed 
with R, version 4.5.3 (R Core Team 2026). The PDF note-
book in the code repository reports the specific version of 
each package and other system information.

Inter-observer variability in species richness

In order to measure the effect of training on observer-in-
duced variability in the estimation of species richness, we 
assessed whether the standard deviation between observ-
ers decreased after training. Species richness was modeled 
as a function of the population-level effects of exercise 
(EX1 and EX2) and plots (SU), including a group-level 
effect for observers estimated separately for each exercise. 
Since the focus was on observer variation, not reliable in-
ference about plot-level richness, SU was chosen as a popu-
lation-level effect reflecting the differences in species rich-
ness among plots. Weakly informative priors were used, 
together with prior predictive simulations, to constrain 
outcomes and effects within known bounds (Gelman et 
al. 2013, 2017). Convergence was verified using numerical 
and visual diagnostics (Vehtari et al. 2021). Inter-observer 
variability was estimated through the posterior standard 
deviation of the observer group effect and contrasted be-
tween EX2 and EX1 through their difference.

Inter-observer variability in species 
composition

Since most of the plant biodiversity in temperate forest eco-
systems is found in the herbaceous layer (Gilliam 2007), 
the average dissimilarity of specific composition between 
observers in EX1 and EX2 (β-diversity) was assessed using 

data from this layer (see also Archaux 2009). For each ex-
ercise × SU combination, species × observer matrices were 
created. Percentage abundances were transformed using 
log(1 + cover) to attenuate the influence of species with 
high cover (Legendre and Legendre 2012). In cases where 
an observer reported the same species more than once, the 
first occurrence was retained. For the 2025 dataset, one ob-
server had not carried out the survey in one of the eight 
SUs before the training; to avoid unbalanced comparisons, 
this observer was also excluded in the post-training phase 
for that specific SU. β-diversity calculation was performed 
pairwise between observers within each exercise × SU com-
bination. Three dissimilarity indices were calculated for 
each matrix: Jaccard (based on presence/absence), Bray–
Curtis (based on abundances), and Euclidean distance be-
tween abundance vectors (abundances and double-zeros 
are taken into account); the latter was transformed into a 
dissimilarity value bounded between 0 and 1 dividing it by 
the largest overall value, so that it can be treated similarly to 
the other two dissimilarities. While the Euclidean dissimi-
larity is considered unsuitable as a measure of resemblance 
between plots because of the spurious effect of double-ze-
ros (Legendre and Legendre 2012; Ricotta 2021), it is use-
ful to compare observers in reference to a fixed vegetation 
object, because an absence reported by two observers rep-
resents a meaningful similarity between them.

Dissimilarity was estimated as a function of a popula-
tion-level effect of exercise and group-level effects of SU 
and observer, allowing systematic differences in dissimi-
larity among SUs and observers. Since the dissimilarities 
take values bounded between 0 and 1, with values near 
the bounds likely, the beta likelihood was used, with the 
logit link for the mean and the identity link for the sample 
size parameter. The beta distribution does not allow exact 
0s and 1s, so we subtracted 10-6 from the 1s resulting from 
scaling the Euclidean distance into this range.

Regression coefficients from generalised linear mod-
els cannot usually be interpreted directly, representing a 
non-linear change in the outcome through the link func-
tion (Rohrer and Arel-Bundock 2025), thus the results of 
these models are presented through posterior predictive 
distributions of the expected dissimilarity in the two ex-
ercises, and as percent lift of the exercise effect on the out-
come scale—(EX2 − EX1) / EX1 × 100.

Results
Species richness showed no consistent change between 
EX1 and EX2 in 2023 (0.92 species, 95% posterior quantile 
interval: -4.42–5.79) and 2025 (-1.65 species, 95% posterior 
quantile interval: -2.87 – -0.41), while the precision of spe-
cies richness estimates increased across observers in both 
years. Inter-observer variability was higher before training, 
as indicated by the posterior distribution of the EX2 - EX1 
contrast (Figure 2), with a probability of a decrease in in-
ter-observer variability of 70% in 2025 and 67% in 2023.
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Dissimilarity analyses revealed a general reduction in 
inter-observer dissimilarity after training when using Jac-
card index and Euclidean distance in both years. In con-
trast, Bray–Curtis dissimilarity decreased only in 2023, 
whereas there is evidence of an increase in 2025 (Figure 3). 
The percentage reduction in dissimilarity ranged between 
10 and 30%, with the exception of Bray–Curtis in 2025 
(Figure 4).

Discussion
Training and intercalibration substantially reduced in-
ter-observer variability in species richness and dissimilar-
ity in the 2023 and 2025 exercises. In our case study, the 
briefing session seems to have produced a similar effect 
on variability reduction in measuring species richness in 
both 2023 (4 teams with 2 observers each) and 2025 (16 
individual observers) exercises.

The reduction in Jaccard-based dissimilarity confirms 
the briefing session enhanced agreement in species detec-
tion, highlighting its effectiveness in reducing overlook-
ing and misidentification errors. Importantly, a similar 
reduction in variability was observed in 2023, even with-
out a reference species list, indicating that the interactive 
briefing session per se was sufficient to promote species 
familiarization and observer alignment (Vittoz and Gui-
san 2007).

In contrast, the absence of a consistent reduction 
in Bray–Curtis dissimilarity indicates that individual 

differences in abundance estimation persisted despite 
training, particularly in the 2025 campaign, which in-
volved a larger number of single observers. This pattern 
was observed even though the 2025 protocol prescribed 
the use of direct percentage cover estimates, generally 
considered more robust than Braun-Blanquet classes 
(Dengler and Dembicz 2023). This indicates that species 
cover estimation remains a critical source of observer 
variability, especially for the most abundant species (e.g. 
Ruscus aculeatus), and may require more specific cali-
bration tools. While plants with low cover are associated 
with greater observational variability when focusing on 
species detection (Klimeš et al. 2001; Archaux 2009), in 
this case it is the cover of abundant species that has the 
largest impact and potential variation (Vittoz and Gui-
san 2007). Particular attention must therefore be paid 
to training observers to arrive at a consensus on abun-
dance estimates by organizing group exercises in which 
the same species is assessed and discussed simultaneous-
ly by all. This exercise can be extended and applied to 
morphological groups of species (e.g., graminoids such 
as Carex sp.).

The observed decrease in Euclidean dissimilarity fur-
ther supports a general convergence among observers, 
especially in terms of shared detections and non-detec-
tions. It has to be stressed again that this distance consid-
ers “double zeros” in the same way as “double presences”. 
Usually, this feature does not allow the use of this index 
for community comparisons (Orlóci paradox, see Ricot-
ta 2021), but in the context of measuring the differences 

Observer richness variability before and after training

−8 −6 −4 −2 0 2 4 6 8

2023a)

−8 −6 −4 −2 0 2 4 6 8
Standard deviation difference (EX2 − EX1)

2025b)

Figure 2. Distribution of the difference in posterior draws for the standard deviation of the observer group-level effect. The colour 
bands and the intervals represent 50%, 80%, 95% widths, the point represents the median.
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among observers in detecting species (or in not detecting 
the same species) it seemed to be effective in mitigating 
the discrepancies related to plant cover found with the 
Bray–Curtis dissimilarity. The different patterns observed 
among dissimilarity indices illustrate how methodologi-
cal choices may always influence conclusions, in this case 
about observer agreement, even when their differences 
are well known and chosen intentionally to answer dif-
ferent questions.

Overall, these results demonstrate that training and in-
tercalibration are effective in reducing observer-induced 
pseudoturnover related to species presence, while vari-
ability in abundance estimation remains an important 
challenge for future vegetation monitoring programmes. 
The approach presented in this study addresses the needs 
of quality assurance for monitoring in forest ecosystems 
and complies with the requirements and criteria of the 
ICP Forests Monitoring Programme (Ferretti et al. 2021, 
section 4.2), but it can be adapted and tailored to the spe-
cific type of vegetation being surveyed.

Focusing on key elements of vegetation surveys, we 
provide some general advice. In programmes covering a 
wide geographic extent, project planning would assign 
observers on a geographical basis (e.g., Italian administra-
tive regions). Playing with a common species list is a tool 
to simulate familiarity with the flora, which is otherwise 

specific to the survey exercises, providing a baseline to 
assess remaining biases in terms of species identification 
and overlooking. Often, the survey protocol requires sub-
dividing the vegetation into vertical layers; this is a po-
tential cause of large discrepancies in cover estimation, 
therefore the training should focus on correct application 
of the protocol and all possible edge cases or misinter-
pretations that could occur. Sampling units differ in both 
size and structure (e.g., nested or transect) depending on 
the ecosystem considered, whether it is characterized by 
denser vegetation with few dominant species (e.g., grass-
land) or by sparsely distributed species (e.g., shrubland); 
the training phase should reflect as much as possible all 
those sampling conditions.

Conclusions
Our results provide evidence that targeted training and in-
tercalibration are effective tools for reducing observer-in-
duced pseudoturnover related to species presence in vege-
tation surveys, even when observer heterogeneity increases.

Monitoring programmes and resurvey projects should 
include training and intercalibration exercises as a way to 
establish a common ground not only in terms of a stan-
dard procedure but also of its interpretation, guaranteeing 

Observer dissimilarity in 2023
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Figure 3. Quantile dot-plot of the expectation of the posterior predictions of beta diversity in the two exercises. The blue dots repre-
sent 100 evenly spaced quantiles of the distribution. The intervals represent 50%, 80%, 95% widths, the point represents the median.
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the achievement of programmes’ goals and the expected 
relative team performances. This is in line with Morri-
son et al. (2021), who indicated that measures to avoid 
nonsampling error “can be taken, with or without the 
use of multiple observers at each site”. These are effec-
tive to intercalibrate observers able to adhere to the same 
standard (e.g. on-field manual and reference species list), 
regardless of whether they remain the same throughout 
the survey period or whether they change.

Briefing sessions are a group exercise where observers 
share their survey experiences allowing them to avoid 
systematic errors (e.g., protocol misinterpretations) and 
harmonize judgement (despite personal professional 
background and knowledge). They consistently improve 
agreement in species detection, by reducing overlooking 
and misidentification errors and enhancing the reliabil-
ity of species richness and presence-absence metrics. In 
contrast, observer variability in species cover estima-
tion remains largely unresolved, despite the use of di-
rect percentage cover values, indicating that abundance 
assessment is inherently more subjective and sensitive 
to observer-specific attributes. These findings highlight 
that standard training protocols are sufficient to improve 
detection-related data quality, but not to fully control 
variability in abundance estimates. Future large-scale 
vegetation monitoring programmes should therefore 

complement training with dedicated calibration tools for 
cover estimation to ensure robust assessments of vegeta-
tion change. In the absence of training on plant species 
cover, we suggest using binary presence/absence data for 
scientific purposes.
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