
Ecological Informatics 90 (2025) 103289 

A
1

 

Contents lists available at ScienceDirect

Ecological Informatics

journal homepage: www.elsevier.com/locate/ecolinf  

Unravelling Bias: A Sardinian perspective on taxonomic, spatial, and 

temporal biases in vascular plant biodiversity data from GBIF
Raimondo Melis a ,∗,1, Marco Malavasi a,1, Manuele Bazzichetto d, Maria Carmela Caria a, 
Giovanni Rivieccio a, Agnese Denaro a,b, Elisa Marchetto e, Michela Perrone d, 
Martina Livornese e, Duccio Rocchini d,e, Simonetta Bagella a,c
a Department of Chemical, Physical, Mathematical and Natural Sciences, University of Sassari, Via Piandanna 4, Sassari, 07100, Italy
b Department of Agricultural Sciences, University of Sassari, Viale Italia 39/a, Sassari, 07100, Italy
c Desertification Research Centre, University of Sassari, Via de Nicola, Sassari, 07100, Italy
d Department of Spatial Sciences, Czech University of Life Sciences Prague, Kamýckà 129, Praha-Suchdol, 165 00, Czech Republic
e BIOME Lab, Department of Biological, Geological and Environmental Sciences, Alma Mater Studiorum University of Bologna, Via Irnerio 
42, Bologna, 40126, Italy

A R T I C L E  I N F O

Dataset link: https://github.com/Redkenn/Bias
EstimationGBIF

Keywords:
Citizen science
GBIF
Spatial bias
Taxonomic bias
Temporal bias

 A B S T R A C T

Biodiversity data are expanding rapidly, yet often exhibit significant biases that are rarely mapped or 
systematically analyzed to understand underlying drivers. This issue is particularly pressing in the era of citizen 
science, which now contributes a substantial share of biodiversity records. In this study, we assessed taxonomic, 
temporal, and spatial biases in vascular plant occurrence records from Sardinia, a Mediterranean biodiversity 
hotspot, using all available occurrence data for the region retrieved from the Global Biodiversity Information 
Facility (GBIF). The dataset encompasses a range of sources, from structured inventories to citizen science 
platforms.

Biases were quantified using metrics such as species richness completeness, Pielou’s evenness, and the 
Nearest Neighbor Index (NNI). After mapping these biases, we used Generalized Additive Models (GAMs) 
to explore their environmental drivers, including road density, the standard deviation of the Normalized 
Difference Vegetation Index (NDVI), and topographic roughness. Additionally, we evaluated the influence of 
structured data sources (e.g., Wikiplantbase) versus citizen science platforms (e.g., PlantNet and iNaturalist) 
on observed bias patterns.

Spatial bias was the most prominent, followed by temporal and taxonomic biases. Road density and NDVI 
influenced both temporal and taxonomic biases, while topographic roughness affected temporal and spatial 
biases. Structured data mainly contributed to temporal bias, whereas citizen science data were more associated 
with spatial bias.

Our findings highlight the importance of addressing biases in biodiversity data, particularly those intro-
duced by citizen science, and provide a replicable framework for improving data quality and biodiversity 
monitoring at both sampling and interpretation stage.
1. Introduction

Biodiversity is crucial to support multiple ecosystem functions, ul-
timately providing the ecosystem services essential to sustain human 
populations (De Groot et al., 2002; Gamfeldt et al., 2008; Cardinale 
et al., 2012). The change in global biodiversity is occurring at an 
unprecedented rate becoming one of the most pressing environmental 
issues of our time. In fact, over one-fifth of all vascular plant species 
are globally threatened (Willis, 2017) and the associated losses of 
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ecosystem functions and services are expected to cost humanity 7% of 
the world’s gross domestic product by 2050 (Braat et al., 2008). The 
human appropriation of Earth’s natural resources is not only leading 
to biodiversity loss but also to large alterations in the distribution and 
abundance of species (Pereira et al., 2012). Within this context, infor-
mation facilities on plant biodiversity are essential for understanding 
ecosystem health and making informed conservation decisions.

The Global Biodiversity Information Facility (GBIF; http://www.
gbif.org) is a key provider of biodiversity data globally (Berendsohn 
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et al., 2010). GBIF is a significant data source for researchers, offering 
millions of occurrence records that have been used in hundreds of 
different studies, including biodiversity research, conservation, and 
predictive modeling in various ecosystems and species groups (Roc-
chini et al., 2011; Fourcade, 2016; Phillips et al., 2016; Colli-Silva 
et al., 2019). The accessibility and comprehensive nature of GBIF 
make it a valuable resource to advance ecological and evolutionary 
studies. GBIF gathers data from a variety of sources, including museum 
collections, citizen science observations, scientific literature, camera 
traps and environmental DNA (Ivanova and Shashkov, 2021; Miller, 
2022; Robertson et al., 2022). In short, GBIF includes both structured 
data from systematic scientific surveys and unstructured, opportunis-
tic observations. Structured data are collected following standardized 
protocols and predefined sampling designs, ensuring consistency and 
comparability. In contrast, unstructured data – often contributed by 
citizen scientists or incidental records by researchers – lack formal 
design and are typically collected without a consistent methodology, 
yet provide extensive spatial and temporal coverage.

GBIF has faced criticism regarding data and related biases (Meyer 
et al., 2016b; Rocchini et al., 2023). Bias and uncertainty are terms 
developed in the statistical literature and refer to the theory of sam-
pling (Walther and Moore, 2005). Bias is the expected difference be-
tween the estimate and the true value of the parameter (Bolker, 2008), 
or, in other words, when the sampling is not representative of the target 
statistical population. Data bias denotes the existence of systematic 
inaccuracies within a dataset, that is, consistent, non-random errors 
arising from structural issues in how data are collected, recorded, 
or represented. Such bias may result in erroneous predictions when 
employing those data for analytical purposes or decision-making pro-
cesses. Uneven sampling across taxonomic groups, geographic areas, or 
time periods will cause (Walther and Moore, 2005; Fiske et al., 2008; 
Arceo-Gómez et al., 2018; McLeod et al., 2021), taxonomic, spatial, and 
temporal bias.

Taxonomic bias is an inherent feature of organismal research, in-
cluding biodiversity records, with the representation of taxa in the 
literature and biodiversity databases not reflecting their complete rep-
resentation of the species pool in nature (Troudet et al., 2017). This bias 
has been shown to persist throughout history (Monsarrat and Kerley, 
2018), resulting in certain taxa receiving more attention than others 
in biodiversity research (Phaka et al., 2022). For example, data are 
more abundant for certain taxonomic groups, such as terrestrial plants, 
mammals, and birds, resulting in a bias towards terrestrial over marine 
biodiversity (Bellard et al., 2012). This bias can be attributed to various 
factors, including the preferences of data collectors, both scientists 
and non-scientists (Phaka et al., 2022), or the difficulties in locating 
or identifying some organisms. In addition, the bias is reinforced by 
the fact that terrestrial ecosystems – particularly in terms of plant 
diversity – harbor a higher percentage of described species compared to 
marine ecosystems, partly due to the greater accessibility of terrestrial 
habitats, and the logistical challenges of exploring and sampling marine 
environments (Díaz and Malhi, 2022).

Similarly, spatial bias arises due to the distribution of sampling 
effort, such as uneven sampling in different regions (Beck et al., 2014; 
Moua et al., 2020), and is common in biodiversity data (Oliveira 
et al., 2016; Gaul et al., 2020; Piccolo et al., 2020) that significantly 
affects the precision and reliability of ecological studies (Yang et al., 
2013). Spatial bias is often due to the lack of a predefined sampling 
scheme, which leads observers to survey areas based on personal 
preferences influenced by factors like accessibility, potential obser-
vations, or prior knowledge of the study area (Glad et al., 2019). 
This bias can distort views of biodiversity, biogeography, and species 
distributions (Cosentino and Maiorano, 2021), where observed pat-
terns may reflect sampling effort rather than actual environmental or 
demographic causes (Hugo and Altwegg, 2017).

Finally, decisions regarding the temporal allocation of sampling 
effort can alter perceived results in ecological studies (Banks-Leite 
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Table 1
Description of vascular plant data sources within GBIF.
 Project Percentage (%) Time interval Source  
 Wikiplantbase 43.19 1950–2020 Bibliography and 

herbarium specimens
 

 PlantNet 38.42 2009–2022 Citizen science  
 iNaturalist 7.84 1994–2023 Citizen science  
 Others 10.55 1952–2023 Various unverified 

institutional datasets
 

et al., 2012; Rosário et al., 2025). It is essential to consider the 
temporal distribution of the sampling effort, as it can influence the 
detection of ecological patterns and lead to different results even 
with similar total effort but varying temporal protocols (Banks-Leite 
et al., 2012). Furthermore, the impact of temporal sampling bias on 
environmental models, like dynamic species distribution models, has 
been acknowledged, emphasizing the need for methods to correct for 
such biases (El-Gabbas et al., 2021).

Therefore, recognizing and rectifying biases in biodiversity
databases is a crucial step towards enhancing the accuracy and utility 
of these valuable resources for biodiversity research and conservation 
efforts. For our study, we explored the vascular plants of Sardinia in 
the GBIF database to map the related sampling effort and the resulting 
taxonomic, temporal, and spatial bias. Citizen science and non-citizen 
science data were aggregated, with the relative contribution of each 
source within GBIF then used as predictor variables. In particular, 
we estimated the relationship between the aforementioned biases and 
environmental predictors such as road density, standard deviation of 
the Normalized Difference Vegetation Index (NDVI), and topographic 
roughness. Data sources instead included Wikiplantbase (Peruzzi et al., 
2017), PlantNet (Li et al., 2022a), and iNaturalist (Nugent, 2018). 
Wikiplantbase mainly represents structured scientific surveys primarily 
involving expert collaboration (Peruzzi et al., 2017), while PlantNet 
and iNaturalist, mainly deriving from citizen science initiatives, contain 
unstructured, opportunistic observations (Li et al., 2022b; Nugent, 
2018). However, The above variety of data sources is believed to impact 
the sampling effort, thus potentially influencing the biases accordingly. 
We consider that knowledge and mapping of such biases (and their 
drivers) are crucial to improving the GBIF database use by explicitly 
considering sampling effort to guarantee an effective conservation of 
biodiversity.

2. Material and methods

2.1. Data preparation

From GBIF (accessed in November 2023), we downloaded 110,826 
records of vascular plant occurrence from the island of Sardinia (Italy), 
documented over 74 years (1950 to 2023). These records are part 
of different projects: Wikiplantbase (Peruzzi et al., 2017), PlantNet, 
iNaturalist (Li et al., 2022a; Nugent, 2018). The data-sets differ in both 
time interval and origin (Table  1).

We worked with two data-sets derived from the initial 110,826 
occurrence records. The first data-set (105,169 records) retained dupli-
cate observations (defined as plant records with identical geographic 
coordinates but sampled in different years) to estimate the temporal 
bias of the sampling effort. The second dataset was cleaned to support 
spatial and taxonomic analyses. Data filtering involved: (a) removing 
records with low geographic precision (i.e., less than two decimal 
places in longitude or latitude) or misplaced at sea; (b) excluding du-
plicate records with identical geographic coordinates; and (c) deleting 
records with missing data. After these procedures, the cleaned dataset 
comprised 92,342 observations.

2.2. Bias calculation

We divided the study area into 307 10 × 10 km2 grid cells, and then 
calculated the biases for each grid cell. This procedure led to  some 
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of the grid cells, namely those located at the edges of the study area, 
having a lower area than those located in the inner areas of Sardinia. 
The process of estimating bias was thoroughly described in Marchetto 
et al. (2024) and Backstrom et al. (2025).

2.2.1. Taxonomic bias
To quantify taxonomic bias, we first mapped the 92,342 plant 

occurrence records into their respective grid cells. As a bias metric, 
we used species richness completeness, defined as the ratio between 
the observed species richness (𝑆𝑜𝑏𝑠) in a sample and the estimated 
true species richness (𝑆), which includes both observed and undetected 
species (Chao et al., 2020): 
𝑞C =

𝑆𝑜𝑏𝑠
𝑆

(1)

where 𝑞 is the order of diversity of the Hill number (for theoretical 
details, see Hill, 1973). When 𝑞 = 0, Eq.  (1) turns out to be: 
0C =

𝑆𝑜𝑏𝑠

𝑆𝐶ℎ𝑎𝑜1
(2)

which is equivalent to replacing true species richness in the formula 
by the Chao1 species richness estimator (Chao, 1984). We computed 
the sample completeness using the R package function iNEXT  (Chao 
et al., 2014; Hsieh et al., 2016), by specifying the order of diversity of 
the Hill number 𝑞 = 0 and the number of equally-spaced knots 𝑘 = 5. 
With the condition 𝑞 = 0, all species are counted equally regardless 
of their relative abundances. Input data for each grid cell (assemblage) 
include species abundances in an empirical sample of 𝑛 individuals. The 
index ranges from 0 to 1. High completeness values correspond to low 
taxonomic bias, whereas low values reflect high taxonomic bias.

2.2.2. Temporal bias
To quantify the temporal bias, we first mapped the 105,169 plant 

occurrence records (i.e., records with duplicates) in the respective grid 
cells. As a bias metric, we used the Shannon–Wiener index (𝐻), which 
is widely used in ecology to quantify the diversity of species in a 
community (Shannon, 1948). The index was calculated as: 

𝐻 = −
𝑆
∑

𝑖=1
𝑝𝑖 ln 𝑝𝑖 (3)

where 𝑝𝑖 is the relative abundance of species 𝑖 and 𝑆 represents the 
total number of species in the sample. We used Pielou’s evenness 
(𝐽 ), a measure derived from the Shannon–Wiener index to quantify 
the degree of uniformity in the distribution of individuals across the 
various species comprising a given community (Pielou, 1966). The 
index was calculated as the ratio of the Shannon–Wiener index (𝐻) to 
its theoretical maximum value (𝐻𝑚𝑎𝑥):

𝐽 = 𝐻
𝐻𝑚𝑎𝑥

= 𝐻
ln𝑆

(4)

We adapted Eqs.  (3) and (4) to quantify the temporal bias in the 
sampling effort by making the following modifications: (1) 𝑆 (total 
number of species) → 𝑌  (total number of years of recording), where 
𝑌 = 74 years in this study; (2) 𝑝𝑖 (species relative abundance) → 𝑟𝑖
(proportion of records in year 𝑖), calculated as: 
𝑟𝑖 =

𝑛𝑖
𝑁

(5)

where 𝑛𝑖 is the number of records in year 𝑖 and 𝑁 is the total number 
of records across all years. Thus, the modified equations were:

𝐽 ′ = 𝐻 ′

𝐻 ′
𝑚𝑎𝑥

= 𝐻 ′

ln 𝑌
(6)

𝐻 ′ = −
𝑌
∑

𝑖=1
𝑟𝑖 ln 𝑟𝑖 (7)

In this context, 𝐽 ′ approaching 1 indicates a uniform distribution 
of sampling effort across years, suggesting minimal temporal bias. 
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Conversely, low 𝐽 ′ values indicate that sampling effort is concentrated 
in a few years, revealing a strong temporal bias. Pielou’s evenness 
values were mapped to the grid, providing a spatial representation of 
temporal bias across Sardinia. The metric was calculated using the R 
package vegan (Oksanen et al., 2007).

2.2.3. Spatial bias
To quantify spatial bias, we first mapped the 92,342 plant oc-

currence records in the respective grid cells. We used the Nearest 
Neighbor Index (NNI) to determine the degree of clustering of plant 
occurrence records in a cell (Zhao et al., 2023). We computed NNI using 
the R package function clarkevansCalc (Clark and Evans, 1954) with 
the Cumulative Distribution Function method cdf, which applies edge 
corrections. The Clark-Evans criterion (𝑅) was calculated as follows: 

𝑅 = 𝑟̄𝐴
𝑟̄𝐸

(8)

where 𝑟̄𝐴 is the actual mean nearest neighbor distance and 𝑟̄𝐸 is the 
expected mean nearest neighbor distance at random distribution of 
objects. If the Clark-Evans criterion equals 1, the spatial distribution 
type is random (chaotic). If it exceeds 1, the distribution is even (dis-
persed). If the Clark-Evans criterion is less than 1, then the distribution 
is aggregated (clustered).

2.2.4. Trivariate map
To visualize the statistical (or geographic) relationship among tem-

poral, taxonomic, and spatial bias, we used a trivariate map, a thematic 
representation displaying three variables simultaneously. The bias met-
rics (Completeness, J Index, and NNI) were transformed to a common 
scale before visualization. Since the indices were already within the 0–1 
range, no rescaling was applied. However, for generalizability, if any 
index were to exceed 1, it could be transformed using the following 
min–max normalization: 

𝐼𝑠𝑐𝑎𝑙𝑒𝑑 =
𝐼 − 𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛
(9)

where 𝐼 is the original bias index, and 𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥 are its observed 
minimum and maximum values in the dataset. The variables selected 
for the trivariate map were the completeness of the species richness for 
the taxonomic bias (Completeness), Pielou’s evenness for the temporal 
bias (J Index), and the nearest neighbor index (NNI) for the spatial bias. 
The map was generated using the R package tricolore (Schöley, 2018). 
The final visualization of the map highlights grid cells with lower bias 
values.

2.3. Explanatory variables

We calculated the explanatory variables within the same 10 × 10 
km2 grid cells used to assess the biases. Seven explanatory variables 
(Table  2) were selected to describe the spatial pattern of the different 
biases. Road density, standard deviation of the Normalized Difference 
Vegetation Index (NDVI), and mean topographic roughness (which are 
landscape or environmental features); and four are proxy of the sam-
pling effort associated with the original sources of the plant occurrence 
records: Wikiplantbase, PlantNet, iNaturalist, Others.

We used road density (Fig.  1A) as a proxy of cell-specific (average) 
accessibility. We calculated Road density as the ratio of the length 
(m) of the total road network in the cell to the area (m2) of the cell. 
Road network data of the study area was obtained from the Sardinia 
Geoportal (https://www.sardegnageoportale.it, scale of 1:10000).

The Normalized Difference Vegetation Index (NDVI) provides a 
measure of vegetation reflectance that is widely used to quantify veg-
etation greenness (Tucker, 1979). The standard deviation of the NDVI 
has often been used as a continuous measure of the dispersion (vari-
ation) of NDVI values in a given area since it explains a reasonable 
portion of the variability in situ diversity data, therefore serving as a 
proxy of plant diversity within each cell (Perrone et al., 2023). The 

https://www.sardegnageoportale.it/index.php?xsl=2420&s=40&v=9&c=95645&es=6603&na=1&n=100&esp=1&tb=14401
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Table 2
List of variables used to model the relationship between the three biases (taxonomic, 
temporal, and spatial) and the explanatory variables. All variables range between 0 
and 1.
 Explanatory variables
 Acronym Description  
 RD Road density  
 sdNDVI Standard deviation of the Normalized Difference 

Vegetation Index
 

 MR Mean topographic roughness  
 TotalSE Total sampling effort  
 WikiW Wikiplantbase weight  
 PlantW PlantNet weight  
 iNaturW iNaturalist weight  
 OthersW Weight of others sources  
 Lon Longitude  
 Lat Latitude  
 Response variables
 Acronym Description  
 Completeness Completeness of the species richness for the 

taxonomic bias
 

 J Index Pielou’s evenness for the temporal bias  
 NNI Nearest Neighbor Index for the spatial bias  

NDVI data used in this study were derived from a ‘greenest-pixel’ com-
posite image, constructed using the USGS Landsat 8 atmospherically 
corrected Surface Reflectance Red (B4) and Near-infrared (B5) bands 
at a 30 m spatial resolution. This composite was generated in Google 
Earth Engine (https://earthengine.google.com, Gorelick et al., 2017) 
by processing images acquired over the study area during the growing 
seasons (April to September) from 2013 to 2016, selecting the pixels 
with the highest NDVI values from overlapping images. Subsequently, 
the standard deviation of the NDVI was calculated for each grid cell 
(Fig.  1B).

Topographic roughness is an essential geomorphological variable 
that can be quantified using digital elevation models (DEMs; https:
//spacedata.copernicus.eu) (Wilson, 2012). Topographic roughness is a 
measure of terrain variability, calculated as the difference in elevation 
between the highest and lowest points within a given cell and the eight 
neighboring cells. We used the worldwide DEM coverage (raster of 
30 m spatial resolution) to obtain the DEM coverage of Sardinia, which 
was required to determine the topographic roughness (in degrees) of 
the entire research region. The roughness values were computed using 
the terrain() function from the raster package in R (Hijmans et al., 
2015). This approach ensures that roughness captures local variations 
in topography, reflecting the degree of terrain heterogeneity. The mean 
topographic roughness was calculated for each grid cell (Fig.  1C) by 
aggregating the roughness values within the cell. Any grid cells lacking 
data were assigned a roughness value of zero, and the resulting values 
were normalized between 0 and 1.

All plant occurrence records (105,169) were mapped in the re-
spective grid cells as a proxy for the total sampling effort, and the 
same procedure was performed for each data source (Wikiplantbase, 
PlantNet, Others, and iNaturalist). The ‘‘others’’ source included a 
variety of potentially unreliable sources, such as various institutional 
data or unverified public contributions. Despite their heterogeneous 
origins, these sources were treated as a homogeneous group due to the 
absence of metadata that would allow for more precise classification. 
The sampling effort for each data source was then divided by the total 
sampling effort (Fig.  1D) to obtain their contribution (weight) on a scale 
ranging from 0 to 1 (Fig.  1E, F, G, and H).

2.4. Generalized additive models (GAMs)

To assess the relationship between the three biases (taxonomic, tem-
poral, and spatial) and the explanatory variables, we used Generalized 
Additive Models (GAMs; Wood and Augustin, 2002). GAMs embody 
4 
versatile modeling tools that combine parametric and nonparametric 
methodologies, thereby enabling the integration of ‘almost linear’ pat-
terns within regression models (Wood, 2017). The smoothing function
s() of the GAM model used for our analysis is the default, i.e., the 
thin plate regression spline. We incorporated spatial autocorrelation 
into the model using the term s(Lon, Lat), where Lon and Lat are the 
longitude and latitude coordinates of the grid cell centers. Neglecting 
spatial autocorrelation might lead to overfitting and an overoptimistic 
perception of predictive capacity (Gazis and Greinert, 2021). All GAMs 
were developed using the mgcv package (Wood and Wood, 2015). For 
each bias metric, we compared five candidate models with Akaike’s 
information criterion (AIC; Akaike, 1973). The first model includes a 
combination of environmental variables (RD, sdNDVI, MR), while the 
other five models incorporate these environmental variables along with 
total sampling effort (TotalSE) and data sources from bibliographic 
and herbarium records, citizen science, and other unspecified sources 
(WikiW, PlantW, iNaturW, OthersW). All combinations of variables 
showed no collinearity. The model with the lowest AIC score was 
regarded as the best candidate model. For the best models, we showed 
the statistical significance of the predictors and the partial effects on 
the response variables.

3. Results

3.1. Taxonomic, spatial and temporal biases

The taxonomic bias map of the vascular plants (Fig.  2A) showed 
a heterogeneous distribution in the study area, with a mean value of 
completeness of the species richness of 0.54. The highest values of 
taxonomic bias were identified in the grid cells of the north-central 
area of Sardinia, while the lowest mainly along the coast (Fig.  2A). The 
temporal bias map (Fig.  2B), on the other hand, showed a mean J Index 
value of 0.46. The variability of temporal bias was less pronounced 
among cells; however, some areas exhibited a more even distribution 
over time compared to others. The spatial bias map (Fig.  2C) described 
by the NNI showed that all grid cells exhibited a clustering of the 
distribution of plant records, with a mean value of 0.33 and a maximum 
value of 0.86, i.e., no evidence of a random distribution (NNI = 1).

The ternary plot showed that the majority of grid cells were dis-
tributed near the center of the triangle, indicating a relatively balanced 
contribution of the three bias components (Fig.  3, right panel). In par-
ticular, 38 grid cells had low temporal bias, and 22 had low taxonomic 
bias. Only 5 grid cells had the spatial bias lower than the taxonomic 
and temporal bias.

3.2. Generalized additive models

The model with the lowest AIC for taxonomic bias (Table  3) was the 
second one, which included TotalSE (AIC = −251.03, adj. R2 = 0.54). In 
this best-fitting model, RD (p < 0.001), sdNDVI (p = 0.043), TotalSE (p 
< 0.001), and spatial autocorrelation (p < 0.001) were all statistically 
significant predictors of completeness.

For the temporal bias (Table  3), the model with the lowest AIC 
value was the third with WikiW (AIC = −646.6940 and adj. R2 =
0.59). Based on the best temporal bias model, we found that RD (p 
< 0.001), sdNDVI (p = 0.003), MR (< 0.001), WikiW (p < 0.001), and 
spatial autocorrelation (p < 0.001) were statistically significant for the 
response variable (J Index).

Last, for the spatial bias (Table  3), the best model was the fourth 
with PlantW (AIC = −510.2732 and adj. R2 = 0.65). MR (p = 0.030), 
PlantW (p < 0.001), and spatial autocorrelation (p = 0.006) were all 
statistically significant predictors for the response variable (NNI).

The partial effects of predictors on the response variable suggested 
that an increase in RD resulted in a decrease in taxonomic and temporal 
bias, both following non-linear trends (Fig.  4A and E), with most RD 
values of 0–0.30. The taxonomic bias decreased linearly with increasing 

https://earthengine.google.com/
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
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Fig. 1. Explanatory variables map of Sardinia. (A) road density (RD), (B) standard deviation of the Normalized Difference Vegetation Index (sdNDVI), (C) mean topographic 
roughness (MR), (D) total sampling effort (TotalSE), (E) Wikiplantbase weight (WikiW), (F) PlantNet weight (PlantW), (G) iNaturalist weight (iNaturW), and (H) weight of other 
sources (OthersW) (10 × 10 km2 grid).
sdNDVI (Fig.  4B), similar to the temporal bias (Fig.  4E). Completeness 
remained highly variable at low TotalSE values but became more stable 
as sampling effort increased, thereby reducing taxonomic bias (Fig.  4C). 
An increase in MR corresponded to a marked reduction in temporal 
bias (Fig.  4F) but a moderate increase in spatial bias (Fig.  4H). The 
effect of WikiW on temporal bias followed a non-linear, hump-shaped 
pattern, with the lowest bias observed at intermediate values (Fig. 
4G). Additionally, a strong positive correlation indicated that a higher 
proportion of records from PlantW contributed to a more spatially 
uniform distribution, mitigating spatial bias (Fig.  4I).

4. Discussion

In this study, we examined the taxonomic, temporal, and spatial 
biases present in the GBIF vascular plant records of Sardinia. We also 
investigated the relationship between these biases and predictors, as 
well as the contribution of each data source within GBIF. We found 
5 
that in Sardinia, the biases were moderate and varied throughout the 
island. Overall, the GBIF dataset of vascular plants from Sardinia is 
fairly balanced, although it exhibits spatial biases and, to a lesser 
extent, temporal and taxonomic biases (Fig.  3). Considering the three 
biases altogether, the data collection was mostly homogeneous across 
vascular plant species, relatively evenly distributed across the 74 year, 
but clustered within specific areas of the island, indicating the need for 
sampling to address these spatial gaps. If such gaps are not addressed, a 
significant spatial bias can distort the current representation of commu-
nity composition, environmental conditions, and the potential species 
distribution (Bazzichetto et al., 2023). Taxonomic bias may have been 
driven by various factors, in particular the presence of numerous en-
demic species on which collections and studies have been concentrated 
mainly in the last decades of the previous century (Arrigoni and Nardi, 
1977; Arrigoni, 1983). This may have led to an oversampling of en-
demic species, which are often located in mountain areas, while other 
species were underrepresented during the same limited time frame.
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Fig. 2. Vascular plants bias map of Sardinia based on GBIF records from the period 1950–2023. (A) Completeness of the species richness for the taxonomic bias (Completeness), 
(B) Pielou’s evenness for the temporal bias (J Index), and (C) Nearest Neighbor Index for the spatial bias (NNI) (10 × 10 km2 grid).
In general, the biases were primarily explained by variables related 
to area accessibility, vegetation greenness, and topographic complexity, 
as well as those derived from bibliographic and citizen science initia-
tives. More specifically, for taxonomic and temporal biases, the higher 
presence of roads increases species richness (i.e., lower taxonomic bias) 
and Pielou’s evenness (i.e., lower temporal bias). Although roads are 
often associated with the overestimation of species or the repeated 
sampling of the same species (Mair and Ruete, 2016; Maitner et al., 
2023), in our study area, a higher road density may have increased 
accessibility, thereby enhancing the collection of plant records. This 
could have helped to reduce the gap between observed and true species 
richness, ultimately improving the completeness of species richness 
estimates (Fig.  4A). Nevertheless, the presence of roads itself can affect 
the composition of plant species in a given area, potentially influencing 
the distribution and abundance of sampled plants (de Beer et al., 2023).

Topographic roughness was a strong predictor of temporal bias, 
with higher values corresponding to a marked reduction in bias
(Fig.  4F). This suggests that areas with higher topographic complexity 
tended to exhibit a more temporally consistent sampling effort. One 
possible explanation is that these areas, despite being potentially less 
accessible, attracted sustained attention from researchers and natu-
ralists due to their ecological richness and perceived conservation 
value. Topographic roughness drives the formation of diverse habitats 
and microenvironments that support different species (Stein et al., 
2014), and has been shown to significantly influence the distribution, 
composition, and diversity of vascular plants in various ecosystems, in-
cluding Mediterranean islands (Raduła et al., 2022; Bátori et al., 2023; 
Camilleri et al., 2024). Such areas are often considered biodiversity 
hotspots and may be prioritized for repeated fieldwork and long-term 
monitoring (Willis et al., 2007), contributing to more uniform temporal 
coverage in biodiversity data. In contrast, the effect of MR on spatial 
bias was markedly weaker and even slightly negative. This pattern 
might reflect the fact that topographically complex areas also present 
physical constraints, such as steep slopes or fragmented terrain, that 
6 
limit the spatial coverage of plant surveys. As a result, sampling within 
these areas tends to be more spatially clustered within accessible zones, 
leaving other areas under-sampled.

The slightly negative relationship between sdNDVI and both tax-
onomic and temporal bias suggests that the sampling of areas char-
acterized by higher vegetation variability tends to be more complete, 
although the effect is not particularly strong. Areas with high variability 
in vegetation often harbor higher species diversity (Mapfumo et al., 
2016; Kumar et al., 2022; Tan et al., 2022), which may attract scientific 
attention and repeated sampling over time. This interpretation aligns 
with the pattern observed for MR, where more structurally complex 
landscapes were also associated with reduced temporal bias.

The relationship between total sampling effort and taxonomic bias 
revealed a varying trend: at low sampling effort, taxonomic bias was 
highly variable, but as sampling effort increased, the bias decreased 
and stabilized. This pattern suggests that areas with low sampling effort 
can have selective sampling, potentially leading to the underrepresen-
tation of certain taxa. Conversely, higher sampling effort improves the 
likelihood of capturing a broader range of taxa, resulting in a more 
taxonomically balanced dataset.

The effect of Wikiplantbase sampling efforts on temporal bias exhib-
ited a non-linear, hump-shaped pattern, with the lowest bias occurring 
at intermediate levels. This suggests that a moderate integration of 
bibliographic and herbarium data enhances the temporal consistency of 
records, likely due to their structured and long-term nature. In contrast, 
very low or very high contributions from these sources tend to increase 
temporal bias. Herbarium specimens and literature-based records are 
often unevenly distributed over time, reflecting periods of intense 
collecting activity rather than consistent sampling. Additionally, these 
archival data are not always collected using standardized protocols, 
and their temporal resolution can be uncertain. These factors may 
explain the fluctuating levels of temporal bias observed across different 
proportions of WikiW.

In the case of spatial bias, as PlantNet sampling efforts increased, 
the spatial distribution of the plant records was less clustered (i.e., less 
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Fig. 3. Trivariate map of bias metrics. The map on the left shows the grid cells colored according to combined taxonomic, temporal, and spatial bias. The legend on the right 
indicates the contribution of each bias metric: Completeness (taxonomic bias), Pielou’s evenness index (J index, temporal bias), and Nearest Neighbor Index (NNI, spatial bias) (10 
× 10 km2 grid).
spatial bias). PlantNet is a direct (i.e., using mobile applications) plant 
species identification and recognition platform, making data collection 
more accessible for users and thus increasing the probability of record-
ing more species present in different areas within grid cells. In other 
words, the sampling effort would be more evenly dispersed. On the con-
trary, Wikiplantbase also includes older observations for which original 
detailed geographic coordinates are not available. In such cases, the dis-
tribution records would appear clustered since the toponym is the only 
geographic reference available to locate such old observations, thus 
resulting in several records with the same coordinates. PlantNet is a 
recent educational platform for participatory and collaborative research 
to produce, aggregate, and disseminate botanical observations at large 
scale using mobile applications for the identification and recognition of 
plant species (Li et al., 2022a). This means that PlantNet has the capac-
ity to collect data faster than Wikiplantbase. This is not so surprising if 
we look at the details of our dataset (Table  1); while we found a similar 
proportion of data from PlantNet and Wikiplantbase, the duration 
of data collection differs significantly, with 13 years of observations 
from PlantNet and 70 years from Wikiplantbase, respectively. On the 
contrary, Wikiplantbase includes data collected by plant scientists, and 
the registration process of georeferenced records is more formal, i.e., it 
requires access credentials, the data entered are verified by the project 
coordinators and then are publicly visible on the website (Peruzzi et al., 
2017).
7 
The use of citizen science in biodiversity monitoring has been 
highlighted as a valuable approach, allowing greater participation in 
data collection and increasing awareness of plant biodiversity (Chozas 
et al., 2023; Forti and Szabo, 2024). To ensure the reliability of citizen 
science data, initiatives have been taken to align citizen science prac-
tices with best practices in biodiversity conservation, underscoring the 
importance of sharing data with national and international biodiversity 
repositories (Steven et al., 2019). However, different platforms – such 
as Wikiplantbase, PlantNet, and iNaturalist – features different degree 
in the reliability of species identification (Hart et al., 2023). Moreover, 
the growing volume of data poses a challenge due to the limited 
number of experts available for validation (Saoud et al., 2020). By 
implementing protocols to enhance data quality, considering historical 
biases in surveys, and addressing sampling bias in ecological niche 
modeling, researchers can mitigate the impact of bias on biodiversity 
data analysis and interpretation. Efforts to promote inclusivity and di-
versity in biodiversity data collection, such as citizen science initiatives, 
can help to improve the overall quality of biodiversity data (Paleco 
et al., 2021). However, before implementing biodiversity estimation 
measures, one must first understand the potential biases in their data, 
and our methodological approach is a useful tool for this purpose.

In conclusion, our analysis identifies essential focal points for forth-
coming sampling initiatives. To reduce taxonomic bias, prioritizing cen-
tral Sardinia over coastal regions is recommended. Addressing spatial 
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Table 3
Model comparison for taxonomic, temporal and spatial bias. The statistical significance values of the predictors were shown for the best candidate models.
 Taxonomic bias
 Candidate models No. var AIC Adj. R2 
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(Lon,Lat) 4 −192.1362 0.43  
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(TotalSE) + s(Lon,Lat) 5 −251.0304 0.54  
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(WikiW) + s(Lon,Lat) 5 −194.3102 0.43  
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(PlantW) + s(Lon,Lat) 5 −186.6619 0.43  
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(OthersW) + s(Lon,Lat) 5 −188.0749 0.43  
 Completeness = s(RD) + s(sdNDVI) + s(MR) + s(iNaturW) + s(Lon,Lat) 5 −195.8028 0.45  
 Best predictors F p-value  
 s(RD) 2.28 <0.001***  
 s(sdNDVI) 0.29 0.043*  
 s(MR) 0.19 0.082  
 s(TotalSE) 10.75 <0.001***  
 s(Lon,Lat) 1.96 <0.001***  
 Temporal bias
 Candidate models No. var AIC Adj. R2 
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(Lon,Lat) 4 −498.2321 0.32  
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(TotalSE) + s(Lon,Lat) 5 −520.9024 0.38  
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(WikiW) + s(Lon,Lat) 5 −646.6940 0.59  
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(PlantW) + s(Lon,Lat) 5 −576.1263 0.49  
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(OthersW) + s(Lon,Lat) 5 −571.8692 0.49  
 J Index = s(RD) + s(sdNDVI) + s(MR) + s(iNaturW) + s(Lon,Lat) 5 −538.4304 0.42  
 Best predictors F p-value  
 s(RD) 1.35 <0.001***  
 s(sdNDVI) 0.71 0.003**  
 s(MR) 1.86 <0.001***  
 s(WikiW) 27.59 <0.001***  
 s(Lon,Lat) 1.69 <0.001***  
 Spatial bias
 Candidate models No. var AIC Adj. R2 
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(Lon,Lat) 4 −312.1457 0.32  
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(TotalSE) + s(Lon,Lat) 5 −423.3246 0.55  
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(WikiW) + s(Lon,Lat) 5 −455.9686 0.58  
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(PlantW) + s(Lon,Lat) 5 −510.2732 0.65  
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(OthersW) + s(Lon,Lat) 5 −312.1461 0.32  
 NNI = s(RD) + s(sdNDVI) + s(MR) + s(iNaturW) + s(Lon,Lat) 5 −323.2458 0.36  
 Best predictors F p-value  
 s(RD) 0.21 0.079  
 s(sdNDVI) 0.02 0.271  
 s(MR) 0.42 0.030*  
 s(PlantW) 39.63 <0.001***  
 s(Lon,Lat) 0.38 0.006**  
 Abbreviations: F, explained variance; adj. R2, adjusted R2; Completeness, completeness of the species richness for the taxonomic bias; J Index, Pielou’s evenness for the temporal bias; 
NNI, Nearest Neighbor Index for the spatial bias; RD, road density; sdNDVI, standard deviation of the Normalized Difference Vegetation Index; MR, mean topographic roughness; 
TotalSE, total sampling effort; WikiW, Wikiplantbase weight; PlantW, PlantNet weight; iNaturW, iNaturalist weight; OthersW, weight of other sources; Lon, longitude; Lat, latitude 
(10 × 10 km2 grid).
bias requires meticulous pre-planning of vegetation surveys, coupled 
with randomized sampling techniques. Conversely, temporal bias is 
largely inevitable, emphasizing that only select areas may reliably indi-
cate species turnover. Additionally, careful evaluation of data sources 
within the GBIF dataset is essential, as the dominance of specific 
datasets can lead to varying levels of bias.
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Fig. 4. Partial effects plot showing the relationship between response variables and significant predictors of GAMs models. The tick marks on the 𝑥-axis are observed data points. 
The 𝑦-axis represents the partial effect of each variable. The shaded areas indicate the 95% confidence intervals. (A) completeness of the species richness versus road density (RD); 
(B) completeness of the species richness versus standard deviation of the Normalized Difference Vegetation Index (sdNDVI); (C) completeness of the species richness versus total 
sampling effort (TotalSE); (D) Pielou’s evennes (J Index) versus road density (RD); (E) Pielou’s evennes (J Index) versus standard deviation of the Normalized Difference Vegetation 
Index (sdNDVI); (F) Pielou’s evennes (J Index) versus mean topographic roughness (MR); (G) Pielou’s evennes (J Index) versus Wikiplantbase weight (WikiW); (H) Nearest Neighbor 
Index (NNI) versus mean topographic roughness (MR); (I) Nearest Neighbor Index (NNI) versus PlantNet weight (PlantW).
Data availability

The data is available at https://github.com/Redkenn/BiasEstimatio
nGBIF.
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