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Abstract

Citizen science data are easily accessible, which has led to their wide use for scientific
data collection such as mapping invasive plant species. However, the crowd-sourced
nature of citizen science data has led to criticism over the quality of the data owing to the
fragmented spatial distribution of the data collection points. Despite inherent limitations,
an increasing collection of research indicates that, when appropriately corrected for data
quality issues, the data collected by volunteers can serve as a reliable source for identifying
and analysing biodiversity patterns. Prior to utilising citizen science data, it is essential
to identify its inherent flaws and limitations to develop appropriate strategies for its
effective application. One viable approach to validating such data is to compare it with
datasets collected by experts, particularly in urban areas where volunteer participation
is high. In our comparative analyses, we evaluated the usability of citizen science data
(Global Biodiversity Information Facility (GBIF)) for mapping the occurrence density of five
invasive plant species (Ailanthus altissima, Asclepias syriaca, Elaeagnus angustifolia, Robinia
pseudoacacia, and Solidago spp.) in urban cores and fringes in Hungary by comparison to
maps obtained from spatially homogeneous data (EUROSTAT Land Use and Coverage
Area Frame Survey (LUCAS)) collected by experts. The results showed that the volunteers
collected valuable data on Ailanthus altissima, which is specific to urban areas, but they
underestimated Robinia pseudoacacia, which is often planted for economic benefits. In
addition, the volunteers collected much more data closer to urban cores. These results
suggest that citizen science data may be suitable for mapping urbanophilic species in urban
environments. Our research contributes to the assessment and scientific applicability of
volunteer-collected data for mapping the distribution of invasive plant species.

Keywords: alien plants; crowd-sourced data; expert data; urban areas; urban fringe

1. Introduction

Biological invasion is a worldwide natural hazard, being the second most serious
conservation problem after the loss of natural habitats [1-7]. The financial costs associated
with biological invasions are so extremely high that they equal or exceed those of natural
disasters [8,9]. In addition, invasive plant species negatively affect human health [2,5,10]
and cause serious economic damage such as crop losses [11] and flood risk [12]. Invasive
plant species generally colonise in places that are subject to some kind of disturbance,
freeing up an empty niche for them to fill [13]. They can also be seen as indicators of
disturbed habitats.
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It is often claimed that urban areas have limited ecological value. For example, the
densely built-up urban core has extreme environmental conditions such as urban heat
islands that do not support the survival of sensitive native species. Such areas only contain
generalist urbanophilic species with a wide ecological spectrum that can make efficient use
of limited resources [14,15]. However, urban areas can be very diverse in structure, have a
wide range of ecosystems, and can be home to many native and endangered species [16-20].

The presence of invasive plant species in cities is also significant; even urban and
suburban areas can be hotspots for the spread of invasive species because they are often
disturbed by construction sites, and they are hubs for transport and freight forwarding
routes [21]. In addition, the initial establishment and long-term survival of some invasive
plant species are greatly facilitated by their planting as ornamentals [21]. Propagules
can spread from cities along roads by clinging to roadside windbreaks or mud on car
tyres [22,23] into natural ecosystems [24,25]. Here, invasive plants can easily appear around
construction sites, which are subjected to extreme environmental conditions, pollution, and
intensive disturbances that are more successfully tolerated by weeds and invasive plants
than by native species. Thus, the protection of native species and the control of invasive
species in cities and suburban areas are of paramount importance [13].

Citizen science involves the crowd-sourced collection of data by volunteers, and this
approach has been gaining importance around the world [25-27]. Citizen science data can
be very diverse, whether in terms of data origin, data collection process, spatial extent of
occurrence, or usability in scientific research. Citizen science datasets may originate from
diverse sources; non-exhaustive examples include the extraction of images from social
media platforms (e.g., Flickr) [28,29], the mobilisation of volunteers for data collection, and
the acquisition of comprehensive databases. Several authors identify Community-Based
Monitoring (CBM) as a subset of citizen science data, in which volunteers not only engage
in data collection but also contribute actively to the design of monitoring programmes,
the interpretation of collected data, and the implementation of management interventions
based on the monitoring results [30,31]. Several studies have demonstrated that the use
of citizen science data for scientific purposes can be very valuable, including its use in
research on species conservation [32-35]. The early detection of invasive species can play
a key role in management, as it provides the opportunity for early response and rapid
population control [35,36]. Early detection is often performed by civil volunteers rather
than by professionals [35]. In addition, citizen science data often provide the only way to
achieve the desired geographical coverage [32] and also reduce costs significantly [35]. The
investigation of occurrence patterns at a landscape scale (such as across an entire country)
requires the use of occurrence databases, as direct field sampling is often unfeasible. This
limitation arises not only from financial constraints but also from practical considerations;
for instance, it is typically not feasible for a small team of researchers to survey an entire
national territory within a single growing season.

The usefulness of citizen science data for mapping species occurrence is influenced
by a range of factors [37]. These include the difficulty of species identification [37,38], the
accessibility of habitats to volunteers [39], the commitment and expertise of participating
individuals [40], and the design of the project [38]. Much research has been devoted to
optimising the design of citizen science initiatives and improving the quality of volunteer-
collected data to ensure its suitability for scientific research [37,38]. Common approaches
include providing targeted training for volunteers [37,38,41,42], implementing measures to
avoid duplicate records, selecting appropriate sampling areas, and validating volunteer
data against expert-collected datasets [43]. However, such validation is typically conducted
within the framework of researcher-led, pre-designed projects, with tasks assigned to
volunteers. In contrast, relatively little attention has been paid to assessing the agreement
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between data submitted to global citizen science databases and expert datasets across large
spatial scales.

The Global Biodiversity Information Facility (GBIF; www.gbif.org) is one of the most
prominent citizen science databases providing open access to biodiversity data. However,
several studies have criticised the GBIF for its data quality [44-46]. The main problems
with these data are the fragmented spatial distribution and the spatial bias [47]. Because
more data are collected in larger cities, the distribution of the observed occurrences does
not accurately represent the actual spatial distribution of invasive plant species and may be
spatially biased in favour of more densely populated areas [48-50]. To minimise spatial bias,
species distribution models are commonly employed to quantitatively estimate species
distributions by relating the occurrence data to environmental variables (SDMs) [51-54].

In this study, we investigated the occurrence of five common invasive plants (Ailanthus
altissima, Asclepias syriaca, Elaeagnus angustifolia, Robinia pseudoacacia, Solidago spp.) in the
urban cores and fringes of 19 cities in Hungary. As volunteers tend to collect data in
proximity to their place of residence, resulting in a higher data point density in urban
areas, it can be assumed that raw citizen science data may be suitable for occurrence
studies, particularly in the case of invasive species associated with urban environments. We
compared the occurrence distributions of invasive plants obtained from fragmented raw
citizen science data (Global biodiversity Information Facility (GBIF)) with those obtained
from spatially homogeneous data collected by experts (i.e., EUROSTAT Land Use and
Coverage Field Survey (LUCAS)). The objective was to address the following questions:

e  To what extent do the occurrence data of invasive plants in urban and suburban areas
differ when obtained from spatially fragmented citizen science data (GBIF) and from
spatially homogeneous expert-collected data (LUCAS)?

e  For which plant species and within which study areas can citizen science data be
effectively utilised to investigate species occurrence?

e  What are the limitations of citizen science data in investigating the occurrence of
invasive plant species commonly found in Hungary, as compared with data collected
by experts?

This analysis provides a unique opportunity to draw conclusions about the limitations
of citizen science data without taking into account spatial bias and their usability in invasion
biology research. We provide insights into which invasive plant species are preferentially
recorded by volunteers working in and around urban areas. This is particularly relevant
given that GBIF data are not collected within a defined sampling framework and lack a
preplanned design. Building on the foundations of our research, the data collected by
volunteers can be validated through comparison with expert-generated datasets, thereby
enabling an assessment of their suitability for scientific applications in studies concerning
the occurrence of invasive plant species.

2. Materials and Methods
2.1. Study Area

In this study, we focused on Hungarian cities with a population of more than
50,000 inhabitants and their urban fringes. Hungary is in Central Europe in the forest-
steppe area of the Pannonian biogeographical region. It has a humid continental climate
with an average annual temperature of 10.5 °C and an average annual precipitation of
550 mm [55]. The lowland regions of the Carpathian Basin are characterised by highly
fertile chernozem soils being particularly dominant. The dominant land use type is arable
land, while approximately 20% of the territory is forested areas. Black locust plantations,
established primarily for their economic benefits, constitute a significant proportion of
Hungary’s total area, accounting for approximately 5%. The effects of climate change are
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increasingly manifesting in the form of more frequent extreme weather events and an
elevated risk of summer droughts. Furthermore, biological invasions have caused signifi-
cant degradation of natural and semi-natural habitats, with 13.1% of these areas currently
invaded by alien species [2].

2.2. Land Use and Land Cover Data

Urban Atlas is a database containing statistical and spatial data on land use and land
cover (LULC) that was set up by the European Environment Agency to provide land
use and population data for 788 European cities. The database has a minimum mapping
unit of 0.25 ha and provides spatial data for 19 cities in Hungary (Békéscsaba, Budapest,
Debrecen, Dunadjvéros, Eger, Gy6r, Kaposvar, Kecskemét, Miskolc, Nyiregyhaza, Pécs, So-
pron, Szeged, Székesfehérvar, Szolnok, Szombathely, Tatabanya, Veszprém, Zalaegerszeg).
Table 1 presents the LULC categories of the cities investigated in this study. The LULC
categories were used to investigate the pressure from invasive plant species in the urban
cores and fringes. As shown in Figure 1, the urban fringes were divided into three buffer
zones with different radii: near (0-500 m), medium (500-1000 m), and far (1000-1500 m)
from the urban core (built-up areas). The radius of the buffer zone was determined based
on previous research [56-58]. The buffer zones were plotted around the aggregated LULC
polygons of the urban cores created by using the software ArcGIS 10.7.

mm Urban Core

s (0-500 m Buffer

s 500-1000 m Buffer
. mm 1000-1500 m Buffer

Figure 1. Study area comprising the urban cores and fringes (divided into near (0-500 m), medium
(500-1000 m), and far (1000-1500 m) buffer zones) of Hungarian cities (Urban Atlas 2018).



Land 2025, 14, 1389

50f 16

Table 1. Core urban areas identified by the aggregation of LULC categories (Urban Atlas 2018).

LI?I?gré!Zg::;gry Urban Atlas Land Use Category (LULC) At}irsbég de
Continuous urban fabric (S. L.: >80%) 11,100
Discontinuous dense urban fabric (S. L.: 50-80%) 11,210
Urban Discontinuous medium-density urban fabric (S. L.: 30-50%) 11,220
Core Discontinuous low-density urban fabric (S. L.: 10-30%) 11,230
Area Discontinuous very-low-density urban fabric (S. L.: <10%) 11,240
Industrial, commercial, public, military, and private units 12,100
Green urban areas 14,100

2.3. LUCAS-Based Data of the Investigated Plant Species

The EUROSTAT Land Use and Coverage Area Frame Survey (LUCAS) is a digital
image database containing LULC data for the member states of the European Union. Data
are collected over five years (2009, 2012, 2015, 2018, and 2022) during the vegetation period,
when field photographs are taken along the four cardinal points at preselected geolocations
with a homogeneous distribution. For the 2022 survey, it was introduced that not only
the four cardinal points and the point of the survey were photographed but also the crop.
This brings the total number of photos available for the 2022 survey to six. The advantages
of LUCAS are that the sampling sites have a homogenous spatial distribution with an
average grid spacing of 3 km, and the data are collected through a field survey based on
uniform principles. In addition, LUCAS provides information not only on the presence
of invasive species but also on their absence. Invasive plant species were identified by
a trained biologist through the visual interpretation of LUCAS field photographs. In
cases in which an invasive species was visually detected at a given point, that point was
defined as invaded, as shown in Figure 2A. After the visual interpretation of more than
100,000 geotagged photographs of Hungary from LUCAS, we compiled the National GIS
Database of Invasive Plant Species INOTA), which included occurrence data on the five
invasive plant species considered in this study: the tree of heaven (Ailanthus altissima),
common milkweed (Asclepias syriaca), Russian olive (Elaeagnus angustifolia), black locust
(Robinia pseudoacacia), and goldenrods (Solidago canadensis, Solidago gigantea). Although
derived from a secondary source, the database was created through our own processing,
validation, and structuring. At the time of data analysis, the INOTA database did not
include the LUCAS data for 2022, so our present research only covers the LUCAS data for
2009, 2012, 2015, and 2018, spanning four years. The plant species studied in the research are
currently the most aggressively spreading invasive species in Hungary, and their damage
and environmental role is the most significant. These species are widely distributed across
the country, occupying a broad range of habitat types and covering extensive areas. In
addition, at all stages of their life cycle, they have physical properties that allow them to be
recognised from landscape photographs with high efficiency by visual interpretation. Such
physical characteristics include the pattern of the trunk, the colour and shape of the leaves
and flowers, and the appearance of the species in the landscape.



Land 2025, 14, 1389

6 of 16

0 25 50 100 Miles
L s L L 1 L s L J

0 25 50 100 Miles
J

L n L L 1 L n L

. Occurrence of Ailanthus altissima; @ occurrence of Asclepias syriaca;
@ occurrence of Elaeagnus angustifolia; @ occurrence of Robinia pseudoacacia;

@ occurrence of Solidago spp. ) Study area

Figure 2. Occurrence data of the invasive plant species considered in this study obtained from two
data sources: (A) LUCAS and (B) GBIF.

2.4. Citizen Science-Based Data of the Investigated Plant Species

The Global Biodiversity Information Facility (GBIF) is a crowd-sourced, open-access
database that provides worldwide information on the occurrence of plant and animal
species. The origin of occurrence data can be very diverse. The data used in this study
were only data from iNaturalist, collected by volunteers via the Plant.net web interface
or mobile application. For the five invasive plant species we investigated, only these
data were available for the territory of Hungary. The reliability of the occurrence data
that we download is very high, because once uploaded, they can only be added to the
database if they have been validated by volunteers from the Plant.net community and by
artificial intelligence. The artificial intelligence-based image recognition algorithm that
validates the data is under continuous development with the assistance of new inputs
and volunteers. The advantages of GBIF are that it is free of charge and easily accessible,
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and it provides information on the presence of many plant and animal species. However,
the disadvantages include that the data points are spatially fragmented, so the obtained
occurrence distribution of a species may differ from that in reality. In addition, a large
part of the data are not collected by professionals, and only information on the presence of
species is provided not on their absence [59]. In this study, we downloaded the occurrence
data of the five invasive plant species for the period of 2009-2022, as shown in Figure 2B.
These data served as secondary data sources in our research.

2.5. Geostatistical Methods

The urban cores and buffer zones delineated according to the LULC data from Urban
Atlas (Table 1) were merged with the two data sources. The occurrence counts were
calculated from the number of invaded points within the urban core and each buffer zone
using the LUCAS data and GBIF data separately. The occurrence densities were calculated
by dividing the number of invaded points by the total area for the urban core and each
buffer zone. The occurrence counts and densities obtained with each data source were
then compared to clarify the differences between the GBIF data and the LUCAS data for
the invasive plant species. A positive difference for a given area indicated that the GBIF
data overestimated the occurrence of a species, while a negative difference indicated that
the GBIF data underestimated it. A generalised linear model glm() was constructed using
the software RStudio 4.0 compare the occurrence data from GBIF and LUCAS and to
determine the dominance of each species in the urban core and each buffer zone. If the
p-value < 0.05, the observed difference is considered statistically significant. The z-value
provides information on both the direction (positive or negative) and the magnitude of
the difference.

3. Results
3.1. Descriptive Statistics

Descriptive statistics were applied to compare the occurrence counts of the studied
invasive plant species based on data from the two databases. In the urban core, the GBIF
data overestimated both the occurrence count and density of A. altissima, A. syriaca, and
E. angustifolia and underestimated the occurrence count and density of R. pseudoacacia. The
GBIF data overestimated the occurrence count of Solidago spp. but underestimated its
occurrence density. In the near buffer zone (0-500 m), the GBIF data overestimated the
occurrence count and density of A. altissima and E. angustifolia and underestimated the
occurrence count and density of the other species. In the middle buffer zone (500-1000 m),
the GBIF data only overestimated the occurrence of A. altissima, while the others were
underestimated. In the far buffer zone (1000-1500 m), the GBIF data underestimated
both the occurrence count and density for all the investigated invasive plant species
(Appendix A).

3.2. Comparative Analysis

The GLM-based comparison of the two data sources indicated substantial differences
in the estimated occurrence density for some plant species. In the case of A. altissima
and A. syriaca, there were no differences in the estimated occurrence densities with the
GBIF and LUCAS data in either the urban core or buffer zones. For E. angustifolia, the
GBIF data significantly overestimated the occurrence density in the urban core, but there
were no differences in the buffer zones. For R. pseudoacacia, the GBIF data significantly
underestimated the occurrence density in both the urban core and the buffer zones. For
Solidago spp., the two data sources estimated similar occurrence densities in the urban core,
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but the GBIF data significantly underestimated the occurrence density in the buffer zones
(Table 2).

Table 2. The difference between the occurrence density of the investigated invasive plant species
based on GBIF and LUCAS data in urban core areas and urban fringe zones of Hungary.

URBA RBA RBA
CORE CORE CORE
0-500 m Buffer 500-1000 m Buffer 1000-1500 m Buffer
Investigated Urban Core
gax Urban Fringe
Plant Species
z p z p z p z p
Adlanthus ~0.516 0.606 —2.07 0.039 —0.811 0.417 0.287 0.774
altissima
Asclepias ~1.082 0.279 0.951 0.342 1.081 0.280 0.862 0.389
syriaca
Elaeagnus ~3.172 0.002 ~1.543 0.123 1.825 0.068 1.93 0.054
angustifolia
Robinia
. 4.583 <0.0001 7.097 <0.0001 8.738 <0.0001 6.064 <0.0001
pseudoacacia
Solidago spp. 0.45 0.652 3.575 0.0004 4.065 <0.0001 3.933 0.0001

The GBIF database shows a significantly higher occurrence density of the given invasive plant species.
The GBIF database shows a significantly lower occurrence density of the given invasive plant species.

We compared the occurrence density values of the investigated plant species in the
urban core area and in the urban fringes and found that, generally, the relationships of
different species in these areas differ significantly from each other according to the sources
of the datasets. In the case of the LUCAS database, the occurrence of different species
inside each study areas (i.e., urban core and the near, middle, and far buffer zones) showed
far more differences from each other in its densities than in the case of the GBIF database.
Furthermore, while the LUCAS data had large spatial variations in the occurrence density
of the plants in the buffer zones, the GBIF data showed significant species-dependent
differences in occurrence density in the urban core. The GBIF data demonstrated no
differences in the occurrence densities of A. altissima and E. angustifolia among the urban
core and buffer zones, but these species had much higher occurrence densities than the
other species in the urban core (Table 3).

Table 4 compares the differences in the estimated occurrence densities of the invasive
plant species for a given area (i.e., urban core and buffer zones). The GBIF data resulted
much more significant differences in occurrence density between different areas than the
LUCAS data. The LUCAS data indicated a significant difference in the occurrence density
of A. altissima only between the near and middle buffer zones. Interestingly, A. altissima
had a higher occurrence density in the urban core and near buffer zone than in the middle
buffer zone, which indicates the importance of urban fringes as an invasion hotspot for
this species.
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Table 3. The differences between the occurrence density of the investigated invasive plant species in

relation to each other based on GBIF and LUCAS data in urban core areas and urban fringe zones of

Hungarian cities.

LUCAS GBIF
0-500 m 500-1000 m 1000-1500 0-500 m 500-1000 m 1000-1500
Invasive Plant Species Urban Buffer Buffer m Buffer Urban Buffer Buffer m Buffer
Core X Core ;
Urban Fringe Urban Fringe

A, Ailanthus altissima
B, Asclepias syriaca

A, Ailanthus altissima
B, Elaeagnus angustifolia

A, Ailanthus altissima
BA, Robinia pseudoacacia

A, Ailanthus altissima
B, Solidago spp.

A, Asclepias syriaca
B, Elaeagnus angustifolia

A, Asclepias syriaca
B, Robinia pseudoacacia

A, Asclepias syriaca
B, Solidago spp.

A, Elaeagnus angustifolia
B, Robinia pseudoacacia

A, Elaeagnus angustifolia
B, Solidago spp.

A, Robinia pseudoacacia
B, Solidago spp.

The occurrence-density-based dominance of A plants is significantly higher than the
occurrence-density-based dominance of B plants.

The occurrence-density-based dominance of A plants is significantly lower than the
occurrence-density-based dominance of B plants.

Table 4. The difference between the occurrence density of the investigated invasive plant species be-

tween the urban core and different buffer zones of Hungarian cities based on GBIF and LUCAS data.

r"/\‘\ VS ,474\"\\1\\\\ VS ‘f /V\\\ ,('/a:\\h:\vg y’(.//\\\\\ VS .
! e ! e ! 1T !
Invasive. Plant Type of zlp- A, Urban Core A, 0-500 m Buffer A, 500-1000 m Buffer = A, Urban Core A, Urban Core A, 0-500 m Buffer
Species Database  Values B, 0-500 m B, 5001000 m B, 1000-1500 m Buffer B, 500-1000m B, 1000-1500m B, 1000-1500 m
Buffer Buffer Buffer Buffer Buffer
z 1533 2548 —0793 1767 1704 1625
Ailanthus LUCAS v 0125 0.011 0473 00773 0.0885 0.1042
altissima z 2713 2.700 0383 3.849 3926 3.041
GBIF v 0.007 0.007 0702 0.0001 0.0001 0.0024
z 1376 0612 —0410 —1.444 —1.289 0.128
Asclepias LUCAS v 0.169 0,541 0682 0.1458 01975 0.5982
syriaca GBIF z 0.206 0.755 —0.201 0.789 0.471 0.352
v 0.837 0.450 0,841 04299 0.6380 07246
LUCAS z —1.486 0317 515 —1.269 —0133 1.758
Elaeagnus p 0.137 0.751 0.130 0.2043 0.8941 0.0787
angustifolia z 1.737 3.032 1.448 3.326 3.694 3.945
GBIF v 0.082 0.002 0.148 0.0009 0.0002 0.0001
z —0.354 1.798 0.068 1017 1044 1.805
Robinia LUCAS 1 0724 0072 0946 03002 02964 0.0711
pseudoacacia z 0.963 1.292 —0.656 3.019 1.200 0.327
GBIF p 0.336 0.19% 0512 0.0025 0.2300 0.7434
LUcAS z ~1303 0.062 0763 —1.157 —0.483 0.891
Solidaco v 0193 0950 0445 02473 06258 03730
80 SPP- z 1594 2.400 —0.057 2.845 2.814 2.302
GBIF v 0.111 0,016 0.954 0.0044 0.0049 0.0213

The occurrence densities of the invasive plant species studied are significantly higher in the A territorial unit than in the B territorial unit, based on

different source of datasets.
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4. Discussion

Citizen science data can only be reliably utilised for scientific research if they meet
high standards of quality [37]. There are various strategies available to enhance data quality,
including the application of diverse statistical approaches, ranging from general linear
models and mixed-effects models to deep learning techniques [60]. In addition, data quality
can be improved through the development of standardised data collection tools [60] and
the training of volunteers [41]. Several studies have demonstrated that, under appropriate
conditions, volunteers can collect data of comparable quality to that gathered by profes-
sionals [37,38,43,61,62]. Volunteers identified species with up to 70-95% accuracy in the
diversity of systems and taxa [38,63,64]. Task complexity plays a significant role in deter-
mining the accuracy of data collected by volunteers. For instance, identification accuracy
can vary across different species [38]. The accuracy of data collected by volunteers can be
substantially enhanced through experience and training [37,38,41]. However, moderately
trained volunteers are more likely to misidentify rare species than those who consider
themselves experts [42].

Accurate and reliable data collection is essential in invasive species management,
and citizen science represents a valuable approach both for gathering such data and for
promoting public engagement in scientific research. A. altissima, which is commonly
associated with urban environments [14,65-68], poses significant challenges not only to
nature conservation but also to the integrity of urban landscapes. Its presence contributes
to the degradation of both the aesthetic and historical character of natural and cultural
sites within cities [62]. Ref. [43] assessed the reliability of citizen science data by comparing
it with control data collected by trained collaborators for three invasive plant species,
including A. altissima. The study found that citizen science data accurately reflected the
actual distribution of the examined species. This reliability was attributed to several
factors: the species were relatively easy to identify; the instructions provided to volunteers
were clearly formulated; and the survey itself was of a short duration. The latter likely
contributed to a reduction in errors related to repeated or false reports [43]. Ref. [69]
separately address nature conservation-related citizen science (NCCS). In their studies,
they evaluated the performance of projects in Hungary with respect to science, nature
conservation, and participants” development. While the nature conservation outcomes
were positive, neither the learning outcomes nor the changes in behaviour and attitudes
were assessed in any of the projects [69]. Ref. [70] conducted field interviews to investigate
anglers’ observations of alien aquatic plants in Hungarian lakes. Their study revealed that
the anglers’ observations constitute an important source of information regarding alien
aquatic organisms. However, several respondents admitted to having released alien species
into the wild themselves [70].

The occurrence data collected by volunteers are a very valuable source of data for
trend analysis used in biodiversity indicators. However, such projects are very flexible in
terms of where and when the data collection takes place [33]. Our results indicated that
raw citizen science data can be useful for investigating the occurrence of common invasive
plant species in urban and suburban areas, but the reliability and accuracy of the data
significantly differ between species. For A. altissima, we found no major differences in the
occurrence densities estimated from the GBIF and LUCAS data. A. altissima is a distinctly
urbanophilic species [14,65,66,68] with a much higher occurrence density in cities than in
rural areas, which is supported by the results for both data sources (Tables 1 and 2). This
species is often planted in cities to absorb particulate matter and carbon dioxide [71]. In
urban areas, the invaded points of A. altissima identified by LUCAS had a high probability
of being found by volunteers as well. Thus, according to our results, the GBIF data may
be suitable for studying the occurrence of A. altissima. This is evidenced by the fact that
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the GBIF data overestimated the occurrence of this species in the urban core and in the
near and middle buffer zones when compared with the LUCAS data. In other words, the
GBIF had more occurrence data available, which improved the estimation accuracy. This
result is consistent with previous research showing that citizen science data are particularly
valuable for assessing the presence/absence of species in urban areas [34].

Meanwhile, A. syriaca is a distinctly rural species that prefers sandy soils, fallow
land, tree plantations, and disturbed areas [72]. Invaded points identified in the LUCAS
data were also identified by the volunteers for GBIF. In contrast, the GBIF data greatly
overestimated the occurrence of E. angustifolia in urban cores. This species is found in saline
soils, and it is often planted for soil sequestration and roadside buffer strips [24,73]. Its
overestimation in the GBIF data can likely be attributed to the plant’s unique silvery colour,
olive-like fruit, and occurrence in urban parks. In the case of R. pseudoacacia, the GBIF data
greatly underestimated its occurrence density in all urban and suburban areas. This species
is a very common woody stalked plant in Hungary, and it is well known for its economic
value. Thus, volunteers may not have collected data for the GBIF on this plant because of
its well-known nature. In addition, LUCAS includes invaded points within plantations,
but volunteers can safely be assumed to have not collected data on invaded points in
plantations. The GBIF data also underestimated Solidago spp. in the urban fringe. Similar to
A. syriaca, Solidago pp. is a typical rural species, but it prefers cool and moist habitats and is
most likely to invade habitats close to water bodies such as rivers and streams [74,75]. The
results for A. syriaca, E. angustifolia, and Solidago spp. serve as examples of the weaknesses
of citizen science data.

The effective monitoring and management of the global distribution of invasive
species necessitates accurate spatial and temporal tracking of their occurrences [76]. Early
detection and the prevention of biological invasions are considerably more cost effective
than subsequent eradication efforts [77-79]. Species presence data are derived from a wide
range of sources [76], including citizen science initiatives. The use of such data has been
widely endorsed by previous research, particularly given that standardised field surveys
conducted by experts are often prohibitively expensive [80]. When data quality concerns
are adequately addressed, citizen science data can serve as a robust resource for describing
global biodiversity patterns, as well as for identifying the underlying mechanisms driving
changes within ecosystems, communities, and species distributions [60].

Our results obtained for the particularly urbanophilic A. altissima were similar for the
two compared occurrence databases (which indicated the high reliability of the citizen
science data) and the GBIF had more data available in urban areas because volunteers
are more likely to collect data close to their homes [34]. Thus, citizen science data can be
assumed reliable for studying urbanophilic invasive species specifically because the larger
amount of data can provide a more reliable view of the actual occurrence of the species.
In addition, citizen science data can still be used as a complement for data collected by
experts [81]. This can be advantageous because volunteers may detect elements that escape
an expert’s attention, such as data collected from the courtyards of apartment buildings
or from their own gardens. Citizen science data are particularly useful for investigating
the occurrence of urbanophilic species because local residents know well the area in which
they live. Our findings support the use of citizen science data for monitoring invasive plant
species, Accordingly, volunteer-collected data on this species can be recommended for use
in monitoring its urban distribution. Provided that the target species and sampling areas
are carefully selected and the implementation of the data collection process is appropriately
designed and executed.
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5. Conclusions

Citizen science databases have come in for a lot of criticism, especially regarding
spatial bias. Our results indicate that citizen science data can be useful for investigating the
occurrence of invasive plant species, especially urbanophilic plants. This may be attributed
to the large amount of data collected by volunteers around their homes in urban areas. The
results demonstrate that the occurrence density of A. altissima (a species associated with
urban environments) did not differ significantly between datasets derived from volunteer
observations and those collected by experts. Thus, volunteer-collected observations of this
species are deemed reliable for monitoring its presence in urban environments. However,
such usefulness varies according to species. In general, citizen science data are particularly
useful for investigating the occurrence of anthropophilic invasive plant species in urban
areas. However, for invasive plant species that are common, frequently established and
of economic benefit across the country, there is a clear need to eliminate spatial bias or to
include expert data in addition to citizen science data.

In the present study, we evaluated data provided by the GBIF to examine the distri-
bution of commonly occurring invasive plant species. However, in addition to invasive
species, mapping the occurrence of endangered species also represents a research priority.
In regions in which a species is known to occur in high densities, we recommend involving
volunteers in occurrence mapping efforts even for endangered species, as this approach
can enhance both time and cost efficiency. Such data may subsequently be integrated with
presence—absence data collected by experts or, if data quality is deemed sufficient, may be
used independently.
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Appendix A

Table Al. Descriptive statistics for the occurrence count and occurrence density of invasive plant

species in the urban core and urban fringe of Hungarian cities according to GBIF and LUCAS data.

URBA
CORE

CORE

CORE

Investigated
Plant Species

Urban Core

0-500 m Buffer

500-1000 m Buffer

1000-1500 m Buffer

Urban Fringe

Occurrence Occurrence

Occurrence Occurrence

Occurrence Occurrence

Occurrence Occurrence

Count Density Count Density Count Density Count Density
Asclepias syriaca 14 0.059 —56 —0.076 —33 —0.058 —37 —0.084
ui?i‘;i;:;fa 146 0.465 76 0.112 —25 —0.079 —27 —0.058
s i‘;boz’c’;’cm —100 —0.634 —488 —0.749 —304 ~0.599 —215 —0.555
Solidago spp. 1 —0.039 —130 —0.258 —140 —0.313 —81 —0.238
The GBIF database overestimates the occurrence count of a given invasive plant species.
The GBIF database underestimates the occurrence count of a given invasive plant species.
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