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Abstract. The availability of biodiversity databases is expanding at unprecedented rates. Nevertheless, species 
occurrence data can be intrinsically biased and contain uncertainties that impact the accuracy and reliability 
of biodiversity estimates. In this study, we developed a reproducible framework to assess three dimensions of 
bias—taxonomic, spatial, and temporal—as well as temporal uncertainty associated with data collections. We 
utilized the vegetation plot data located in Europe, from sPlotOpen, an open-access database, as a case study. 
The metrics proposed for estimating bias include completeness of the species richness for taxonomic bias, 
Nearest Neighbor Index for spatial bias, and Pielou’s index for temporal bias. Additionally, we introduced a 
new method based on a negative exponential curve to model the temporal decay in biodiversity data, aiming 
to quantify temporal uncertainty. Finally, we assessed the sampling bias considering the influence of various 
spatial variables (i.e, road density, human population count, Natura 2000 network and topographic roughness). 
We discovered that the facets of bias and the temporal uncertainty varied throughout Europe, as did the different 
roles played by spatial variables in determining biases. sPlotOpen showed a clustered distribution of the vege-
tation plots, and an uneven distribution in sampling completeness, year of sampling and temporal uncertainty. 
The facets of bias were significantly explained mainly by the presence of Natura 2000 network and marginally 
by the human population count. These results suggest that employing an efficient procedure to examine biases 
and uncertainties in data collections can enhance data quality and provide more reliable biodiversity estimates.
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temporal uncertainty
Introduction

Biodiversity and ecosystem functioning are ex-
periencing a widespread degradation globally. The 
main drivers of biodiversity decline are represented 
by an increase in the intensity of human activities 
such as land and sea-use, the exploitation of organ-
isms and natural resources, atmospheric and water 
pollution as well as the introduction of alien species 
(IPBES 2019). Together with climate change, whose 
impact on biodiversity is expected to increase in the 
coming years (Di Marco et al. 2019), these factors 
pose a significant threat to the integrity of ecosystems 
and biodiversity. To monitor biodiversity change, 
we need records that capture the occurrence and/or 
co-occurrence (i.e. community composition) of spe-
cies within specific time frames and geographical lo-
cations. These raw records, now increasingly availa-
ble through global biodiversity collections such as the 
BIEN and sPlot database (Enquist et al. 2016; Bruel-
heide et al. 2019), play a crucial role in ecological re-
search and represent essential sources of information 
for guiding and monitoring actions aimed at meeting 
global biodiversity targets (Boakes et al. 2010; Mey-
er et al. 2015). Their utility spans over a wide range 
of applications, including investigations into species 
redistribution (Jandt et al. 2022b), community reas-
sembly (Bertrand et al. 2011), threat assessment and 
conservation planning (Ricci et al. 2024), as well as 
the study of invasive species propagation (Turbelin 

et al. 2017).
Since the 2000s, the number of publicly available 

biodiversity databases has risen, alongside their use 
(Ball-Damerow et al. 2019). Data availability alone, 
however, is not sufficient to ensure reliable ecological 
inferences. As a matter of fact, data quality should be 
considered and checked, both in terms of spatial and 
temporal representativeness (Wüest et al. 2020). One 
common issue with biodiversity databases relates to 
the way in which data are collected. Frequently, these 
databases contain opportunistic collections of data, 
which are characterized by uneven sampling effort 
and might hide subtle sources of bias and uncertain-
ties (Daru and Rodriguez 2023; García-Roselló et al. 
2023; Rocchini et al. 2023). When these limitations 
are not accounted for, our ability to describe and an-
alyse biodiversity might be compromised (Hortal et 
al. 2015).

Bias and uncertainty are terms developed in the 
statistical literature, and refer to the theory of sam-
pling (Walther and Moore 2005). Bias occurs when 
the sampling is unrepresentative of the target statisti-
cal population. It might depend on uneven sampling 
across geographic areas, taxonomic groups or time 
periods (Walther and Moore 2005). Uncertainty, on 
the other hand, refers to the lack of precision in meas-
urements, which also affects the degree to which data 
can represent reality (Hortal et al. 2015). Biodiversi-
ty data are particularly prone to these problems, and 
considerations on the bias and uncertainty of the data 
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acquire particular relevance across three specific di-
mensions: taxonomic, spatial and temporal (Meyer et 
al. 2016). While assessments of the limitations posed 
by the use of biodiversity databases do exist (Mon-
sarrat et al. 2019; Colli‐Silva et al. 2020; Ronquillo et 
al. 2020), most studies focus on one dimension at the 
time, commonly spatial or taxonomic (but see (Mey-
er et al. 2016) for a multidimensional approach), and 
often consider only bias but not their related uncer-
tainty.

Taxonomic bias is a well-known issue in biodi-
versity research, where the study of specific taxa is 
favoured over others (Troudet et al. 2017) (e.g. ver-
tebrates over invertebrates and vascular plants over 
bryophytes and lichens). As a result, biodiversity 
databases may over- and under-represent different 
taxonomic groups (García-Roselló et al. 2023). In 
the geographical space, taxonomic bias can be ana-
lysed using measures of inventory or sampling com-
pleteness, which estimate taxonomic coverage of the 
collected data within a given surface area (Chao and 
Jost 2012). Traditionally, sampling completeness is 
calculated using parametric or non-parametric esti-
mators of the expected species richness within a giv-
en spatial unit and then computing the ratio of ob-
served versus expected species richness (Chesshire 
et al. 2023). Alternatively, a metric of completeness 
is given by the final slope of Species Accumulation 
Curves for the investigated geographic unit (Yang et 
al. 2013; Girardello et al. 2019). Reliable methods 
for species richness estimation based on a combina-
tion of probabilistic and opportunistic data are now 
available (Chiarucci et al. 2018) but can hardly be 
applied only using opportunistically collected data.

Spatial bias arises when data distribution and den-
sity are uneven in space, as a result of an unbalanced 
sampling design (Tessarolo et al. 2014; Rocchini et 
al. 2023). The spatial distribution of collected data 
is often the result of socio-economic factors such as 
accessibility and the presence of road networks (Ol-
iveira et al. 2016), uneven financial investments in 
research across regions (Meyer et al. 2015), but also 
the preference for sampling in nature protected ar-
eas hosting rare or charismatic species (Yang et al. 
2014). The spatial distortion of the data resulting 
from these factors might yield inaccurate modelling 
outputs, especially when modelling species distribu-
tion (Bazzichetto et al. 2023; Rocchini et al. 2023).

For being aggregated over long time periods, 
considerations on biodiversity data should take into 

account the temporal dimension. This aspect is gain-
ing attention as reliably estimating biodiversity loss 
and change in time stand as a paramount challenge 
in ecological research (Jandt et al. 2022b). However, 
surveys are often not conducted systematically over 
time, leading to collections characterized by uneven 
data coverage and large temporal gaps where no re-
cord is present.

Like bias, uncertainty is present in all the compo-
nents of biodiversity data and can stem from various 
sources. For instance, in the taxonomic dimension 
uncertainty may arise from imprecise or equivocal 
species names (Stropp et al. 2022), whereas in the 
geographic space, positional inaccuracy of survey 
locations is recognized as a contributor to the over-
all uncertainty in the data (Gábor et al. 2020). While 
these aspects of taxonomic and spatial uncertainty 
are routinely considered in macroecological research, 
the uncertainty derived from the temporal dimension 
of the data is often neglected. Natural communities 
are not constant over time and exhibit spatial and/
or compositional shifts in response to natural vari-
ability and/or human-induced alteration in land use, 
climate and introduction of alien species (Newbold 
et al. 2015). Because of the dynamism of ecological 
systems, the information associated with any data on 
the occurrence of a certain species or species assem-
blage in a specific area inevitably decays with time 
(Tessarolo et al. 2017). Understanding this process 
of information decay becomes particularly relevant 
when biodiversity records are used in conservation 
planning, where accurate and up-to-date knowledge 
is essential (Boitani et al. 2011).

Given all the above factors, it is important to rec-
ognize the different limitations of biodiversity data-
bases and identify new approaches to tackle them. 
Here, we showcase how different aspects of bias and 
uncertainty can be quantified. As an example, we 
used vegetation plot data in Europe from the openac-
cess database sPlotOpen (Sabatini et al. 2021b). We 
assessed four specific aspects of error through the 
use of different metrics: taxonomic bias, spatial bias, 
temporal bias and temporal uncertainty, so to explore 
the geographical pattern of these sources of error. 
Finally, we explored how these sources of error re-
late to a set of geographic variables, namely human 
population count and road density, the occurrence of 
protected areas and topographic roughness. The ulti-
mate goal is to provide a workflow (Fig. 1) that can 
be generalized and applied to other biodiversity data-
bases, regardless of the spatial scale of the analysis.
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Material and Methods
Data preparation

sPlotOpen is an open-access, stratified subset 
of the sPlot database. It includes only vascular plant 
species and was built based on climatic and soil vari-
ables as resampling strata (Sabatini et al. 2021b). The 
stratified resampling used to build sPlotOpen spe-
cifically focuses on maximizing the representative-
ness of the vegetation plot data in the environmental 
space, at the expense of the geographical space. After 
accessing sPlotOpen (March 2023 version 2.0, (Sa-
batini et al. 2021a)), we exclusively extracted data 
1) located in Europe and within the boundaries of 
LAEA Europe coordinates system (WGS84 bounds: 
-16.1, 32.88, 40.18, 84.73), 2) having coordinates 
uncertainty lower than 250 m, and 3) with a year of 
recording equal to or greater than 1992. We did this 
to minimize errors coming from the inaccurate loca-
tion of the plots, mainly deriving from possible errors 
of data georeferencing, and to be consistent with the 
year of establishment of the Natura 2000 network. 
This filtering phase reduced the data from 94,951 to 
9,481 vegetation plots. We superimposed a grid of 0.5 
degree resolution (EPSG:4326) over the European 
extent and projected it to LAEA Europe coordinates 
system (ETRS89-extended, EPSG:3035). Accord-
ingly, the resolution of the grid cells was transformed 
from 0.5 degrees to 39.5 km. Finally, we assigned 
each vegetation plot to its corresponding grid cell.

Bias
We measured and represented three facets of bias 

(taxonomic, spatial and temporal) and we plotted 
them in a trivariate map (Appendix).

Taxonomic bias.—We represented the spatial 
distribution of the taxonomic bias, according to the 
taxonomic coverage of the vascular plants in sPlo-
tOpen, in terms of completeness in species richness. 
Using Chao’s formula to estimate the total number 
of species in a grid cell, we calculated the sample 
completeness as the ratio of the observed species 
in a sample to the true species richness (observed 
plus undetected) in the entire assemblage (Chao et 
al. 2020). We used the R package iNEXT (version 
3.0.1) (Hsieh et al. 2016), to determine the species 
richness for each grid cell of 39.5 km. For each grid 
cell, the input data comprise the number of sampling 
units (T) (i.e., vegetation plots), the observed inci-
dence frequencies and the Hill number q = 0. We set 
k, the equally spaced knots (samples sizes), to 5 and 
we removed to the input data all those grid cells con-
taining two vegetation plots or less. The values of 
the completeness of species richness were calculated 
without considering that plots varied in size, within 
and across grid cells.

Spatial bias.—We estimated the degree of spa-
tial bias (or geographical sampling bias) by estimat-

Figure 1: Methodological workflow to assess the presence of taxonomic, spatial and temporal shortfalls in biodiversity databases. The 
assessment of bias in raw data involves the following measurements: sampling completeness for taxonomic bias, Nearest Neighbour 
Index for spatial bias, Pielou’s index for temporal bias. The temporal uncertainty is calculated using a negative exponential curve. The 
different facets of bias and the temporal uncertainty are computed for grid cells of 39.5 km. The response of biases to spatial variables 
is estimated by fitting generalized additive models.
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ing the spatial pattern of the plots locations within 
each grid cell through the Nearest Neighbor Index 
(NNI) (Clark and Evans 1954). We used the R pack-
age spatstat (version 3.0.8) and the package spatstat.
explore (Revision: 1.21, Date: 2023/10/17). The NNI 
was computed using the function clarkevansCalc 
(Baddeley et al. 2016) and it evaluates whether the 
plots exhibit a clustered or random distribution. The 
NNI is expressed as the ratio of the observed average 
distance between each plot and its nearest neighbor 
and the expected average distance in a random dis-
tribution with the same number of plots. Values of 
the index less than one indicate clustering i.e., higher 
spatial bias, values around one a random distribution 
i.e., lower spatial bias, whereas values greater than 
one imply overdispersion (e.g., systematic distribu-
tion). We also modified the original clarkevans.test 
function in clarkevans.test2 to calculate the grid-
based NNI with Standardized Effect Size (NNI SES) 
as the difference between the observed NNI and the 
mean of NNI simulations divided by the standard de-
viation of the simulations. We used Monte Carlo ap-
proach to generate 999 populations of plots location 
under the condition of a Complete Spatial Random-
ness (CSR) of the observed number of plots. Then, 
for each valid simulation we calculated NNI within 
the extent of the grid cell.

Temporal bias.—Pielou’s index (J) is a metric 
commonly used in ecology to assess how equitable 
or even the abundance of species is within a specific 
community or ecosystem (Pielou 1966). In this work, 
we used Pielou’s evenness to estimate the temporal 
bias of plot data based on the years of different plots 
were recorded for each grid cell. We computed the 
metric using the functions provided by the R package 
vegan (version 2.6.6). Pielou’s index is calculated as 

 (1), where H is the Shannon-Wiener index 
and it is calculated as  (2).

Traditionally, N represents the total number of 
species and pi is their relative abundances for each 
species i ∈ {1, . . . ,N}. The maximum value of Shan-
non’s index is expressed as: Hmax = lnN. It is the 
value that indicates an even distribution, which is at-
tained when all species have equal relative abundanc-
es. In our study, N refers to the total number of years 
of recording, where i is the ith year of recording, and 
pi is the proportion of plots in a grid cell being sam-
pled in year i. This means that the Pielou’s evenness 
was calculated by taking into account the number of 
plots per grid cell, instead of the number of individ-
uals, that share the same year of recording. Higher is 
the value of Pielou’s index lower is the temporal bias.

Temporal uncertainty
The information associated with any biodiversi-

ty data decays with time. We modelled the temporal 
decay of the information by applying a negative ex-
ponential transformation to our data. The function is 
defined as  (3), where y is the temporal 
precision, i.e., the remaining information associated 
with a vegetation plot, and t is the difference between 
the year of the most recent surveyed plot (i.e., 2014) 
and the date of recording of the data point. Since there 
is no way of knowing the actual rate of information 
decay for a vegetation plot, we calculated our results 
using three different exponents (i.e., z1= -1, z2= -1/5, 
z3= -1/25) so that the curves decrease with different 
rates (according to the slope, Appendix: Supplemen-
tary Fig. S1). Therefore, for each plot we calculated 
three values of temporal precision.

Finally, we quantified the temporal uncertainty of 
the vegetation plot data in a given grid cell as the me-
dian value of 1 - temporal precision of each plot. We 
chose negative exponential functions, as they have 
four desirable properties, when compared to other 
linear transformations. First, negative exponentials 
are consistent with the assumption that the informa-
tion associated to a vegetation plot can only decrease 
(or be stable) with time (i.e., is monotonically de-
creasing), and that this information will never reach 
zero. This corresponds to the reasonable assumption 
that having vegetation plot data for an area, no matter 
how old the data is, will always provide more infor-
mation than having no data at all. Second, negative 
exponentials can be used to constrain the amount of 
remaining information to a 0-1 interval, which is in-
tuitive and easy to communicate. Third, negative ex-
ponentials are simple and versatile functions that can 
assume a range of shapes, including a linear shape 
for short time intervals. Finally, negative exponen-
tials have often been used to model the decrease of a 
quantity against time or space. Radioactive decay is 
the most typical example, but see Xu et al. (2019) for 
an application on population decrease over time, or 
Newling (1969) for the decrease in population as a 
function of the distance from the city center.

However, we also tested the temporal decay of 
the plot information (i.e., temporal uncertainty) as a 
linear function of the median value of the differences 
between the year of the most recent surveyed plot 
(i.e., 2014) and the year of recording of the ith plot 
(see Appendix for further details).

-
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Spatial variables of bias
We selected a number of variables (number of 

plots, human population count, road density, Natura 
2000 network, and topographic roughness), which 
are likely to be related to the facets of bias (taxonom-
ic, spatial, temporal) in sPlotOpen data. We chose 
these variables because they have already been test-
ed as sources of bias in several studies (Ballesteros‐
Mejia et al. 2013; Geldmann et al. 2016; Girardello 
et al. 2019).

Human population count: The human population 
count per pixel at 0.0083 degrees of spatial resolution 
for the year 2014 (year of the most recent plots in the 
database) was obtained from World Pop1 (Stevens et 
al. 2015). We calculated the human population count 
for each grid cell of 39.5 km as the mean value of the 
human population counts at the plot locations to be 
consistent with the method applied to calculate the 
facets of bias. Accordingly, we extracted the values 
of the variable at 0.0083 degrees for each plot within 
the grid cell then, we calculated the mean value.

Road density: Road density was employed as 
a metric to quantify the level of accessibility at the 
collection sites; road data shapefile for the European 
network were obtained from the Global Roads Inven-
tory Project (GRIP)2 (Meijer et al. 2018) and filtered 
by retaining only highways, primary and secondary 
roads. The road density was then calculated with a 
Kernel Density Estimation (KDE) at 1 km of spatial 
resolution through the spatstat package (Baddeley et 
al. 2016). Kernel density function is frequently em-
ployed to produce a continuous, smooth surface that 
depicts the spatial density of data points. We obtained 
the road density at 39.5 km by extracting the values 
from the original raster layer for each plot location 
then, we calculated the mean of the values included 
in each grid cell.

Natura 2000 network: We measured the relative 
number of plots inside the Natura 2000 network to 
detect if the locations of the records were biased to-
ward Natura 2000 areas. The polygon layer of the 
Natura 2000 network was obtained from the Europe-
an Environment Agency.3 For each grid cell, we cal-
culated the ratio between the number of plots located 
inside the Natura 2000 area and the total number of 

1 https://hub.worldpop.org/geodata/listing?id=64.
2 https://www.globio.info/download-grip-dataset.
3 https://www.eea.europa.eu/data-and-maps/data/natura-13, Published: 6 
Oct 2022, Temporal coverage: 2021.

plots present in that grid cell, so as to obtain a grid-
based measure of the number of plots inside the pro-
tected area which accounts also for the records size.

Topographic roughness: It refers to the variation 
in elevation and the spatial distribution of landform 
elements. This variable, which measures the topo-
graphic heterogeneity, was taken from (Amatulli et 
al. 2018). We selected the topographic heterogenei-
ty cause it determines the establishment of different 
habitats and diverse microenvironments that support 
different species (Stein et al. 2014; Barajas‐Barbosa 
et al. 2020). Therefore, if the sampling is not appro-
priately distributed across these different habitats, it 
can underestimate or lose certain species.

The variable at 39.5 km of spatial resolution was 
obtained by extracting the values from the original 
rater layer with a spatial resolution of 0.4 degrees for 
each plot location then, calculating the mean of the 
values included in each grid cell.

Finally, we used these variables as predictors 
in three Generalized Additive Models (GAMs), one 
for each measure of taxonomic, spatial and temporal 
bias (i.e., completeness of species richness, NNI, and 
Pielou’s evenness). We used the thin plate splines 
as spline-based technique for each smooth term of 
GAM. The variables of GAMs were standardized to 
zero mean and one standard deviation before rescal-
ing to a 0-1 range. We also considered the spatial au-
tocorrelation including the term s(x,y) to the GAM, 
where s is a smoothing spline and x and y are the 
longitude and latitude coordinates of the centroid of 
the grid cell. To control for the varying number of 
vegetation plots across grid cells, we added sampling 
effort as an additional explanatory variable to the 
models. Sampling effort was calculated as the num-
ber of plots within each grid cell.

Results
Bias

The taxonomic bias, described by the complete-
ness of the species richness, was not evenly distrib-
uted over Europe (Fig. 2, Appendix: Supplementary 
Fig. S3), following a similar pattern as the number 
of vegetation plots recorded per grid cell (Appen-
dix: Supplementary Figs. S4, S9). Besides, the spa-
tial distribution of the plots, measured through the 
Nearest Neighbor Index (NNI), was clustered almost 
everywhere in Europe (Fig. 2, Appendix: Supple-
mentary Fig. S6). Most grid cells (97.4%) exhibit-
ed a clustered spatial pattern. The values of the NNI 

https://hub.worldpop.org/geodata/listing?id=64
https://www.globio.info/download-grip-dataset
https://www.eea.europa.eu/data-and-maps/data/natura-13
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confirmed that the effect size was large, pointing out 
that the magnitude of the deviation from the random 
expectation was substantial (Appendix: Supplemen-
tary Fig. S7).

Furthermore, we observed that the temporal 
bias, calculated using Pielou’s index to estimate the 
distribution of data across years, followed a differ-
ent and independent pattern from the taxonomic and 
spatial bias (Fig. 2, Appendix: Supplementary Fig. 
S8). However, it highlighted a heterogeneous even-
ness of plots inventory over time. Indeed, surveys 
turned out to be evenly distributed (i.e., lower bias) 
in several countries such as Slovakia, Netherlands 
and Czech Republic. Overall, the European data in 
sPlotOpen had high spatial clustering and heteroge-
neous temporal evenness and completeness of the 
species richness. Additionally, the prevalence of one 
type of bias over another varied across geographic 
areas in Europe, with some countries being charac-
terized by the prevalence of one facet of bias over 
another (Appendix: Supplementary Fig. S2). The 
completeness of the species richness (i.e., low tax-
onomic bias) showed to be preponderant in Norway. 
An high temporal evenness ( i.e., low temporal bias) 
was observed in some plots in Lithuania and in the 
Netherlands, while low values of spatial bias were 
detected in Czech Republic.

Temporal uncertainty
The different negative exponential functions be-

ing used for calculating the temporal uncertainty re-
vealed that different exponents (i.e., z1= -1, z2= -1/5, 
z3= -1/25) allow for discriminating in different ways 
the pattern and intensity of the hotspots of temporal 
uncertainty (Fig. 3). The temporal uncertainty meas-
ured using the exponent z1 = -1 was high across the 
entire European extent, except for some grid cells 
primarily distributed in Estonia. The temporal uncer-
tainty calculated with z2 = -1/5 highlighted new are-
as with lower uncertainty values, namely the Danish 
peninsula and Bulgaria. Finally, the temporal uncer-
tainty calculated using z3 = -1/25 smoothed out the 
values of temporal uncertainty, making uncertainty 
hotspots less visible compared to the uncertainties 
based on the other exponents. This exponent most 
closely approximated the negative exponential curve 
to a linear trend. Indeed, its pattern of values was 
comparable with that obtained by calculating the un-
certainty as median difference of the year of record-
ing of the plot with the most recent one (Appendix: 
Supplementary Fig. S11).

Spatial variables of bias
The Generalized Additive Models showed that 

most facets of bias are related to the presence of Nat-
ura 2000 areas. The regression models of taxonomic, 
spatial and temporal bias had respectively a deviance 
explained of 49.5%, 14.8% and 22.2% (Table 1).

Only Natura 2000 network and human popula-
tion count contributed to influencing the three facets 

Figure 2: Grid-based map of three facets of bias. The map shows A the uneven distribution of the taxonomic bias, B the distribution 
of the vegetation plots through the Nearest Neighbour Index (spatial bias) and, C the heterogeneous distribution of the temporal bias. 
NNI values greater than 1 indicate a random distribution of plots within a grid cell, while values less than 1 indicate a clustered distri-
bution; high completeness of the species richness implies low taxonomic bias; high values of Pielou’s index reveals low temporal bias.
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Figure 3: The map shows the median temporal uncertainty of the vegetation plots per grid cell of 39.5 km; the intensity of the tem-
poral uncertainty changes according to the exponents being used setting the exponential negative function (i.e., exponents: z1= -1, z2= 
-1/5 and z3= -1/25).

Table 1: Terms of quality and fitting process of Generalized Additive Models, as well as, overall significance of explanatory varia-
bles. N2K refers to relative number of plots in Natura 2000 network, pop to human population count, road to road density, rough to 
topographic roughness. Significance codes: ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. REML refers to Restricted maximum likelihood, 
R-squared to coefficient of determination, Deviance expl. to deviance explained.

Taxonomic bias Spatial Bias Temporal Bias
R-squared 0.461 0.117 0.187

Deviance expl. 49.5% 14.8% 22.2%
- REML -115.35 -89.511 150.18

F p value F p value F p value
N2K 2.927 < 0.05 * 3.807 < 0.05 * 4.117 < 0.01 **
pop 0.809 0.358 3.547 < 0.01 ** 1.903 0.118
road 0.081 0.918 1.392 0.239 2.377 0.124

rough 2.088 0.102 0.425 0.687 1.700 0.171



Marchetto et al. – Addressing Multiple Facets of Bias and Uncertainty in Continental-Scale Biodiversity Databases

64

of bias (Fig. 4). Specifically, the relative number of 
plots inside the Natura 2000 network significantly 
explained the variability in all response variables 
while human population count was a significant pre-
dictor only for spatial bias. Concerning the relative 
number of plots in Natura 2000 network, lower val-
ues were associated with higher completeness of the 
species richness (lower bias), nevertheless the rela-
tionship was not linear (effective degree of freedom 
(edf) = 3.083); the completeness slightly decreased 
when the share of plots in Natura 2000 areas in-
creased from about 0.30 to 0.65 and, then increased 
again. Also the NNI did not follow a complete linear 
relationship with Natura 2000 protected area (edf = 
2.208) showing higher bias (low NNI value) where 
the share of Natura 2000 areas was higher. Instead, 
the temporal bias reached its lowest value (highest 
Pielou’s index) when the plots were almost evenly 
distributed both inside and outside the Natura 2000 

network; the degree of non-linearity was low with an 
edf value of 2.606. Finally, the spatial bias decreased 
to about 0.30 of the human population count and then 
increased until it reached almost stability as the co-
variate increased (edf = 3.830). The control variable 
sampling effort had a significant effect on the varia-
bility of the three biases and the same applied to the 
term s(x,y) except for the spatial bias. Overall, about 
47% of the vegetation plots were inside Natura 2000 
protected areas, although this network only accounts 
for 18% of EU’s land area. This showed how vegeta-
tion plots were not uniformly distributed inside and 
outside Natura 2000 areas (Appendix: Supplementa-
ry Fig. S10).

Discussion
Biodiversity big data are being increasingly used 

to understand ecological patterns and monitor biodi-
versity trends (García-Roselló et al. 2023). Yet, these 

Figure 4: Trends of significative predictors with respect to the response variables of GAMs. N2K refers to the relative number of plots 
inside Natura 2000 network, pop refers to the human population count. The plot A represents the estimated values of taxonomic bias 
(i.e., completeness of species richness) at each value of N2K, B the estimated values of spatial bias (i.e., NNI) at each value of N2K, 
C the estimated values of temporal bias (i.e., Pielou’s index) at each value of N2K, D the estimated values of spatial bias at each value 
of pop. The estimated values of the response variable are represented in the y-axis while the observed values of the spatial variable in 
the x-axis. The ”ticks” in the x-axis indicate the distribution of the values. Finally, the line shows the estimated smooth and the point 
the partial residuals.
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large collections of opportunistic data come with in-
trinsic sources of bias, that require careful consider-
ations (Caldwell et al. 2024). Here, we proposed a 
methodological framework and a set of useful met-
rics to quantify three different dimensions of bias 
(taxonomic, spatial, and temporal), as well as the un-
derappreciated dimension of temporal uncertainty in 
biodiversity data, using vegetation plot data from the 
open-access database sPlotOpen as an example.

We found that the completeness of the species 
richness estimates varied across grid cells in Europe, 
and vegetation plot data varied both in terms of their 
level of spatial clustering, and their level of temporal 
unevenenness at the European extent. In addition, the 
prevalence of one dimension of bias over the others 
also exhibited a non-uniform distribution, highlight-
ing the presence of several hotspots of bias.

In sPlotOpen, the taxonomic bias varied une-
venly across Europe and accordingly to the plot size 
(Appendix: Supplementary Fig. S5). As expected, 
we found that the observed species richness is sig-
nificantly influenced by the sample size (Chao and 
Jost 2012), with high completeness occurring in grid 
cells with a high number of plots. However, the sam-
pling completeness still presents some limitations. In 
particular, the Species Accumulation Curve assumes 
that there is no spatial and temporal autocorrelation 
between the species occurrences (Gotelli and Colwell 
2001; Yang et al. 2013), and the values of the com-
pleteness of the species richness do not represent the 
degree of sampling of different habitat types (Lobo 
et al. 2018). Regardless, to address this constraint, a 
measure of the dark diversity, i.e., the species that are 
potentially present in a given community but have 
not yet been detected, can provide a more complete 
representation of the taxonomic sampling bias by as-
sociating it with the value of sampling completeness 
(Carmona and Pärtel 2021). Despite these limita-
tions, the use of sampling completeness is particu-
larly common. Its use appears in several applications 
such as for calculating the taxonomic gaps of spe-
cies records at both multi (La Sorte and Somveille 
2020) and single-taxa level (Chesshire et al. 2023), 
and in assessing the efficacy of a sampling method 
(Pelayo-Villamil et al. 2018). Here, we provided an 
example of how sampling completeness can be em-
ployed to depict the distribution of the taxonomic in-
formation gaps, based on the taxonomic coverage of 
the vascular plants, at the continental scale.

As far as we know, the use of the Nearest Neigh-
bor Index to assess the spatial bias of raw data is not 

widespread (e.g., (Geldmann et al. 2016; Oliveira et 
al. 2016; Hughes et al. 2021; Rocchini et al. 2023)). 
In sPlotOpen, we observed a high spatial bias, where 
most of the grid cells had a clustered distribution of 
plots. Consequently, a high spatial bias in data col-
lection can alter the current representation of com-
munity composition and environmental conditions, 
as well as the potential distribution of a species (Mi-
chalcová et al. 2011; Bazzichetto et al. 2023). How-
ever, the high clustering we found may depend on 
the environmental-based resampling of sPlotOpen 
and possibly on the further filtering we applied to the 
database which, may have promoted the process of 
concentration of the plots in a restricted area. Fur-
thermore, the NNI displayed values different from 
random expectations, suggesting a clustered pattern 
which, can have been determined by multiple factors, 
such as the sampling within the network of protected 
areas.

Although the sampling effort is the most com-
monly used method to represent the spatial bias of 
raw data, recent studies (Sumner et al. 2019; Boyd et 
al. 2021) have proposed the NNI as a suitable index 
to measure and represent it. In this regard, combining 
the NNI with the sampling effort can complement our 
understanding of spatial bias in its possible facets.

Here, we also represented the temporal bias, 
calculated using Pielou’s index. In sPlotOpen, the 
temporal bias follows a heterogeneous distribution 
across Europe; high values (i.e., low bias) indicate a 
more uniform distribution of data across years. How-
ever, most of the studies tested the effect of irregular 
collection over time of raw data in ecological model-
ling or indices. Examples are the temporal variation 
of the inventory completeness (Stropp et al. 2016; 
Ronquillo et al. 2020), the temporal change in spe-
cies occupancy (Powney et al. 2019; Outhwaite et al. 
2020), the temporal coverage of the species records 
(Meyer et al. 2016; Daru and Rodriguez 2023), or 
the temporal variation of Species Distribution Mod-
els due to biased sampling of species records under 
land-use change (Bowler et al. 2022). Here, we pro-
pose a new method to quantify temporal bias using 
a common metric employed in ecology, i.e., the Pie-
lou’s index, focusing on the distribution of the year 
of recording of the plots data rather than determining 
the impact of an uneven sampling over time of the 
species records.

In our study, we tested three metrics commonly 
used in ecology to measure the bias of raw data at 
different dimensions. Nevertheless, many other ap-
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proaches exist to assess gaps and biases in biodiver-
sity data and one does not exclude the others. Some 
methods use directly raw data to evaluate the errors, 
others use predictions or estimations. For instance, 
Ruete (2015) proposed an ignorance score repre-
senting the sampling effort of raw data; Oliver et 
al. (2021) developed indicators of biodiversity data 
coverage and sampling effectiveness; Moura and 
Jetz (2021) analyzed one aspect of taxonomic and 
geographic knowledge gaps by modelling species 
discovery probability. Eventually, it is even possible 
to face biases in raw data by a pre-processing pro-
cedure through their standardization and filtering to 
improve the accuracy of the inferences (Ronquillo et 
al. 2023).

In this study, we also provide a measure of the 
temporal uncertainty. To account for the wide uncer-
tainties in the process of temporal decay, we quan-
tified temporal precision using different negative 
exponential curves. With the method proposed, it is 
possible to appreciate different patterns of temporal 
uncertainty based on the exponents used. As lower 
z-values are used, the rate of decay of information 
increases. This allows us to identify areas where tem-
poral uncertainty is always low and the information 
contained is consistently more precise. On the other 
side, it is possible to notice how areas that appeared 
to be more precise with higher z-values (e.g., -1/25) 
become highly uncertain with lower exponents. How-
ever, temporal precision is likely to decrease with 
different rates across different regions and vegetation 
types, due to many possible drivers of changes, such 
as anthropogenic pressures, climatic changes, or suc-
cessional trajectories. This means that using the same 
function to model information decay across large ar-
eas is just an approximation since different contexts 
might be subjected to different drivers and intensities 
of change. In future research, it would be interesting 
to relate the rate of biodiversity information decay to 
rates of habitat loss and species assemblage turnover 
(Jandt et al. 2022a,b).

Only a few studies paid attention to the temporal 
uncertainty of raw data (Meyer et al. 2016; Tessa-
rolo et al. 2021; D’Antraccoli et al. 2022). For in-
stance, when creating a map of ignorance (Rocchini 
et al. 2011) for species distribution models, Tessa-
rolo et al. (2021) calculated the temporal decay of 
the information provided by each occurrence record 
through a kernel Gaussian function that increases 
the uncertainty for the increment in years since the 
last recording date. To our knowledge, no study has 

modelled temporal uncertainty using negative expo-
nential functions. However, future research should 
investigate how to calibrate the most appropriate set 
of decay functions to model information loss across 
regions and vegetation types rather than arbitrarily 
choosing the exponent.

It is most likely that the biases and uncertainties 
of the vegetation plots we found in sPlotOpen reflect 
those of European Vegetation Archive (EVA) (Chytrý 
et al. 2016); in fact, the integration into EVA database 
is necessary before European data can be contribut-
ed to sPlot. EVA is an archive of multiple databases, 
and has continued accumulating, compared to the 
version sPlotOpen was built upon. Although many of 
the gaps in geographic coverage and representation 
of specific vegetation types might have been filled 
in the meantime (Chytrý et al. 2014; Sporbert et al. 
2019), it is likely that some aspects of spatial, taxo-
nomic or temporal bias remain. The resulting biases 
inevitably stem from errors embedded in individual 
contributing databases as well as challenges related 
to integrating data from databases with different ob-
jectives and adhering to diverse national and regional 
rules for structuring them.

The relative number of plots inside the Natura 
2000 network and the human population count play a 
role in determining some facets of bias. Ballesteros‐
Mejia et al. (2013); Girardello et al. (2019) showed 
how the sampling collection in protected areas in-
creases the completeness of the species richness, as 
well as, Ricci et al. (2024) demonstrated the effec-
tiveness of Natura 2000 protected area in increasing 
the species diversity. Furthermore, we found that, as 
the number of plots inside the Natura 2000 network 
increases, the distribution of the plots is more clus-
tered (i.e., higher spatial bias). Regarding the tem-
poral evenness of the record collection, we found a 
non-linear relationship with the number of plots in-
side the Natura 2000 network, with data collection 
being more even in time where plots are located both 
inside and outside the network of protected areas 
(Fig. 4). In any case, the initial removal of vegetation 
plots in sPlotOpen to maximize the representation of 
the environmental space may have altered the cur-
rent representation of bias dimensions from that of 
the original sPlot database and their subsequent re-
lationship with the spatial variables we considered. 
Nevertheless, our outcomes show the strength of the 
presence of protected areas in shaping the three fac-
ets of bias and in influencing the sampling location 
of the vegetation plots (Boakes et al. 2010). Howev-
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er, the role played by each spatial variable is limited 
by its release year, which does not reflect the entire 
temporal period covered by the plots considered in 
the analysis.

It is crucial to note that in many studies the tax-
onomic and spatial bias of biodiversity databases 
correlates with human population density and road 
density (Ballesteros‐Mejia et al. 2013; Geldmann et 
al. 2016; Mair and Ruete 2016). This was partially 
observed in our models. In fact, only the spatial bias 
was significantly influenced by the human popula-
tion count. This can probably depend on the initial 
environmental-based resampling of sPlotOpen or by 
the possible masking effect that the sampling effort 
had on the other spatial variables in explaining the 
variability of the models. Eventually, it is likely that 
human population count and presence of roads are 
better predictors of the spatial bias in sampling effort 
across grid cells, rather than predicting the level of 
clustering within cells (Geldmann et al. 2016; Mair 
and Ruete 2016; Oliveira et al. 2016).

Different facets of bias and uncertainty can be 
present in biodiversity databases because of many 
natural and anthropogenic factors that influence the 
choice of collecting data in a specific place and at a 
specific time. Not accounting for these sources of er-
rors in biodiversity data could create knowledge short-
falls and hinder our capacity to monitor real trends in 
biodiversity and consequently develop effective con-
servation strategies. It is, therefore, necessary to take 
into consideration the different facets of bias and un-
certainty in biodiversity data by incorporating a rou-
tine to check for their presence. Here, we proposed 
and tested a methodological framework that can be re-
produced and applied at different spatial scales (local, 
ecoregions, biomes, global) and for other databases 
such as vegetation plots, or simple occurrence data, as 
those contained in GBIF (GBIF, 2020).

We argue that our framework can be useful for 
quantifying, making visible, and possibly addressing 
different sources of bias and uncertainty transparent-
ly both when creating a new biodiversity database, 
and when highlighting priorities for gap-filling in ex-
isting ones. For instance, it can be helpful to point out 
where more actions to fix gaps and sources of errors 
could be allocated and to provide guidance to data 
users on how to avoid falling into potential pitfalls 
and drawing biased inferences.
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APPENDIX

Supplementary Methods

Trivariate map
We represented in a trivariate map, which is a 

graphic representation that shows the relationship be-
tween three variables at once, the three dimensions of 
bias. We used the functions provided by “tricolore” R 
package for creating the map. The variables selected 
for the trivariate map were the Nearest Neighbour In-
dex, the completeness of the species richness and the 
Pielou's evenness. The variables were first standard-
ized to have a mean of zero and a standard deviation 
of one, then rescaled to a 0-1 range and subsequent-
ly mapped over our study area. We also removed all 
grid cells that had missing values for at least one fac-
et of bias.

Figure S1: Negative exponential curves fitting using three different exponents, i.e., z1=-1, z2=-1/5 
and z3=-1/25.

The trivariate map highlighted those area where 
the prevalence of one type of bias prevail to the oth-
ers. The grid cells with different colours from those 
of vertices (e.g., brown) tend to be more and more 
influenced uniformly by the three dimensions of bias 
as the colour approaches the center of the triangle.

Facets of bias 
Single grid-based map of each metric of bias 

with unstandardized grids number.

Temporal uncertainty
Here we represented the temporal uncertainty by 

assessing the difference between the most recent year 
in the database (2014) and the year of each record. 
The higher the difference, the more uncertainty we 
have. The uncertainty per grid cell was calculated as 
the median value of the differences between the year 
of the most recent surveyed plot (i.e., 2014) and the 
date of recording of the ith plot within the grid cell.
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Figure S2: Grid-based trivariate map of taxonomic bias (i.e., completeness of 
species richness, abbrv. legend comp), spatial bias (i.e., NNI, abbrv. legend nni) 
and temporal bias (i.e., Pielou's evenness, abbrv. legend J). Each grid cell has a 
spatial resolution of 39.5 km. The highest sampling completeness is represented 
by light green color (low taxonomic bias), the highest temporal evenness by light 
blue color (low temporal bias), the highest uniform distribution of the plots (low 
spatial bias) by pink color.

Figure S3: Completeness of the species richness per grid cell of 39.5 km.
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Figure S4: A) Completeness of the species richness and B) logarithm to base 10 of the number of plots per grid cell of 39.5 km with 
standardized number of grid cells. 

Figure S5: A) Completeness of the species richness per grid cell of 39.5km including only the vegetation plots with area less than or 
equal to 150 m2. B) Completeness of the species richness for plots with an area greater than 150 m2. The area size was determined by 
relying on Sabatini et al. 20221 and to have a comparable number of plots belonging to the two categories.

1Sabatini, F. M., Jiménez-Alfaro, B., Jandt, U., Chytrý, M., Field, R., Kessler, M., ... & Bruelheide, H. (2022). Global patterns of vascular plant alpha 
diversity. Nature Communications, 13(1), 4683.
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Figure S6: NNI per grid cell of 39.5 km. NNI values greater than 1 indicate a 
random distribution of plots within a grid cell, while values less than 1 indicate 
a clustered distribution.

Figure S7: Spatial distribution of the vegetation plots per grid cell. A represents the map of NNI and B represents the map of NNI 
with a standardized effect size. NNI values greater than 1 indicate a random distribution of plots within a grid cell, while values less 
than 1 indicate a clustered distribution. There is no value of NNI with a standardized effect size between – 0.8 and 0.8, meaning that 
the effect size is large.



Marchetto et al. – Addressing Multiple Facets of Bias and Uncertainty in Continental-Scale Biodiversity Databases

76

Figure S8: Pielou’s Index per grid cell of 39.5 km.

Figure S9: Logarithm to base 10 of the number of plots per grid cell of 39.5 km. 
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Figure S10: Map of the relative number of plots in the Natura 2000 network 
per grid cell.

Figure S11: Median of the temporal distance between the most recent year 
(i.e., 2014) and the year of each record per grid cell of 39.5 km.


