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Urbanization signatures on climate and soils 
uncovered by crowd-sensed plants
 

Susanne Tautenhahn    1  , Martin Jung    2, Michael Rzanny    1, 
Patrick Mäder    3,4,5, Markus Reichstein2, Bernhard Ahrens    2,12, 
Anke Bebber    1,12, David Boho    3,12, Milan Chytrý    6,12, Jürgen Dengler    7,8,12, 
Florian Jansen    9,12, Negin Katal    2,11,12, Gabriele Midolo    10,12, Lubomír Tichý6,12, 
Sophia Walther2,12, Ulrich Weber    2,12, Hans Christian Wittich3,12 & Jana Wäldchen1,5

Human populations are increasingly concentrated in cities, creating some of 
Earth’s most modified ecosystems. However, we lack concepts for assessing 
heterogenous urban environments, especially their soils, at large spatial 
scales. Here we uncover fine-scale urban climate and soil patterns across 
326 European cities by using more than 80 million crowd-sensed plant 
observations as living sensors of the environment. In addition to the urban 
heat island, we identify similar contrasts between the built-up and green 
areas for moisture, soil pH, salinity and soil disturbance. These within-city 
environmental contrasts correspond to differences between cities that 
are about 1,500–3,000 km apart. Climate, especially soil, conditions are 
more similar between cities for built-up areas than for forests, indicating 
urban homogenization tendencies. Urban forests serve as a source of 
environmental diversity, cooling and moisture retention. The crowd sensing 
of urban environments is facilitated by their citizens, which can support 
science, policy and help guide urban planning toward livable cities.

By 2050, nearly 70% of the global human population is predicted to 
live in urban areas1. Urbanization alters environmental conditions 
and processes, as exemplified by the urban heat island phenomenon2. 
This threatens important ecosystem services3 and increases the vul-
nerability of both ecosystems and humans to climate change1. Urban 
planning must address these challenges to support multiple United 
Nations Sustainable Development Goals, including Sustainable Cit-
ies and Communities, Good Health and Well-being, Life on Land, and 

Climate Action4. This is a complicated task, given that surprisingly little 
is known about how urbanization transforms physical environments 
in particular.

The urban heat island phenomenon stands out as the most inten-
sively investigated and best understood consequence of urbanization 
on the environment2,5,6, partly because it is relatively easy to meas-
ure in situ and by remote sensing. This facilitated recommendations 
to mitigate urban heat, such as the expansion of green spaces as a 
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variable of interest can be obtained locally26. However, limited species 
distribution data had restricted the applicability of this concept.

Since hundreds of thousands of people participate in capturing 
plant occurrences with species identification apps across urban areas, 
the increasing availability of such opportunistic crowd-sensed data 
unlocks the potential to map environmental conditions for unprec-
edented spatial extents and resolutions. For each environmental vari-
able listed in Table 1, we calculate the mean indicator value of all species 
recorded in a 0.00166∘ grid cell (~100 m) (Fig. 1d–f and Extended Data 
Fig. 1a–d), irrespective of the number of occurrences per species, for 
326 European cities ranging from Southern to Nordic countries. We 
also produce maps for Europe at a spatial resolution of 0.1666∘ (~10 km) 
(Fig. 1d–f and Extended Data Fig. 1a–d) for evaluation and illustration 
of the approach since independent in situ data for validation from 
cities are scarce.

Variations in temperature, soil reaction, soil disturbance, light, 
soil moisture, soil nutrients and salinity across Europe derived by MCSE 
(Fig. 1d–f and Extended Data Fig. 1) show spatially coherent patterns 
that are consistent with expected environmental variation and inde-
pendent data (Extended Data Fig. 2). For example, the gradual tempera-
ture changes from the warm Mediterranean to the cool boreal region 
are clearly evident along with elevational modulations by mountain 
ranges such as the Alps, Pyrenees and Scandes. The low soil reaction 
(soil pH) in the Scandes is due to the geological prevalence of acidic 
rocks in conjunction with the acidity of the coniferous needle litter 
of boreal forests. Mountain ranges are associated with low soil distur-
bance compared with most of Europe under more intense management 
and land use. Even at the scale of individual cities, we can observe 
spatially coherent patterns (Fig. 1c), such as cooler temperatures in 
the vegetated floodplain of the river Isar, and the highest temperatures 
in the city center of Munich. In Hanover, the lowest soil disturbance is 
associated with urban forests, whereas intensive agricultural use at the 
city fringes shows the largest signs of soil disturbance. We emphasize 
that the spatially coherent patterns of MCSE originate merely from 
crowd-sensed plant observations without any additional aid from other 
spatial data sources. This implies a robustness of the opportunistic 
MCSE approach against various sampling biases (for example, poten-
tial misidentifications or biases toward beautiful, flowering plants, in 

nature-based solution7,8. However, other consequences of urbaniza-
tion on the environment and, hence, ecosystem services are largely 
unknown or uncertain, and it is unclear whether these consequences 
extend to generalized phenomena. Case studies showed reduced rela-
tive humidity over cities9,10 and postulated an urban dry island pattern. 
By contrast, a global meta-analysis suggests increased precipitation 
over urban areas on average, but highlights large variability11. How-
ever, in particular, soils—key regulators of ecosystem services and 
functions—remain to be a blind spot in general12,13. Studies reflect 
heterogenous patterns of urban soil compaction, sealing, disturbance, 
pollution, and frequent soil replacement or mixing through construc-
tion and landscaping14–16. A tendency toward an increased soil pH and 
reduced fertility was found and attributed to vehicle exhaust and 
calcium in construction materials17–19.

Given the heterogeneity and complexity of urbanization impacts 
on the environment, it seems questionable whether generalized 
patterns extend beyond the urban heat island phenomenon at all. 
However, the establishment of urban residential, commercial, indus-
trial and green spaces tends to follow repetitive and similar patterns 
between cities, which could lead to an anthropogenic urban structure 
with uniform environmental characteristics. This rationale entails 
the paradigm of ‘urban homogenization’, which has been supported 
by remotely sensed evidence on the urban form (that is, their spa-
tial composition and compactness), and heat island patterns20,21 
as well as for plant and bird communities22,23. A case study from six 
US cities found that humidity conditions and soil organic carbon 
stocks in residential areas were indeed more similar between cities 
than between their natural surroundings24. However, the extent to 
which urban homogenization applies to climate and soil conditions 
remains unclear.

Our critical knowledge gaps on urban climate and soils result 
from the lack of observational concepts that are adequate for the het-
erogenous nature of cities, and which are applicable over continental 
to global scales. Extensive, detailed in situ monitoring networks for 
urban environments seem infeasible, and remote sensing, being indis-
pensable, can only inform about few environmental variables directly. 
However, millions of citizens experience their environment every day. 
This collective experience presents a novel opportunity to sense urban 
environments by leveraging the popularity of artificial-intelligence-
based plant identification apps and the principle of bioindication—the 
ability to infer environmental conditions indirectly from species’ occur-
rences based on their ecological requirements25,26.

Here we capitalize on more than 80 million crowd-sensed observa-
tions of over 15,000 plant species for which ecological indicator values 
are available, allowing their use as living sensors, to map climatic and 
soil conditions in 326 European cities. We generate high-resolution 
(~100 m) maps of bioindicated temperature, moisture, light, soil pH, 
fertility, salinity and disturbance, and analyze how these vary by urban 
land-use type within and between cities. We show that urban land-use 
environments across Europe feature systematic variations of not only 
temperature but also moisture, light and soil properties with urban 
climates and soils, which are locally diverse and homogenized across 
cities at the same time.

Uncovering urban environments by crowd-sensed 
plant observations
We combine crowd-sensed plant occurrence data with recently devel-
oped quantitative indicator value systems for European plants27–29 
to map climate and soil conditions (Table 1)—we call this approach 
mobile crowd sensing of environments (MCSE) (Fig. 1 and Methods). 
Plant’s ecological indicator values associate plant species with scores 
describing their typical occurrence along an environmental gradient 
(for example, temperature or soil pH), based on botanical expertise 
acquired over decades26,30. By combining the presence of co-occurring 
species and their indicator scores, a robust picture of the environmental 

Table 1 | Interpretation of environmental factors derived 
from bioindication of climate and soil conditions used in 
this study

Environmental factor Interpretation

Climate

Temperature27,28 Bioclimatic temperature, highly correlated with mean 
annual temperature and mean temperature of the 
warmest quarter27

Light27,28 Local light conditions affected by canopy cover  
or shading26

Moisture27,28 Local moisture conditions related to vapour pressure 
deficit85, soil moisture content and tension26,86

Soil

Nutrients27,28 Overall fertility for biomass production, reflecting 
different plant-available nutrients, only weakly 
correlated with nitrogen mineralization and available 
mineral nitrogen26,86

Salinity28 Abundance of salts such as sodium chloride, 
magnesium sulfate, sodium sulfate, calcium sulfate 
or sodium carbonate

Reaction27,28 Soil’s acidity or alkalinity for example due to 
variations in calcium86, linearly or curvilinearly related 
to soil pH26

Disturbance29 Amount of bare ground cover caused by furrowing or 
soil turning29
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region or season). This is further corroborated by assessments against 
40,000 expert-based vegetation surveys (Extended Data Fig. 3), and by 
an overall robustness against variations in data quality criteria for the 
crowd-sensed plant occurrence data (Extended Data Fig. 4).

Land-use signatures of climate and soil variables 
beyond the urban heat island
We analyzed how environmental conditions of 326 cities vary with 
urban land-use types in five regions of Europe (Nordic, Eastern, British 
Isles, Central and Southern) (Extended Data Fig. 5 and Methods). The 
city domains are based on municipalities, which typically include peri-
urban areas with higher shares of forest, and agricultural areas besides 
built-up urban fabric (industrial and commercial units, continuous and 
discontinuous urban fabric) interspersed with green urban spaces. For 
each city, the mean indicator value across land-use types serves as a 
baseline—the variations of these ‘city means’ among regions (Fig. 2a)  
reflect expected large-scale gradients in Europe, as noted above  
(Fig. 1b and Extended Data Fig. 1).

Temperature anomalies associated with urban land use (that is, 
the mean land-use specific deviations from the city mean; Fig. 2b) 
reflect the well-known urban heat island phenomenon2, with the largest 
temperatures for built-up areas and smallest for forests. This finding 
is consistent with many previous studies showing the strongest urban 
heat in the city centers with continuous urban fabric5,6, and a relative 
cooling effect for vegetated land uses, especially forests31. Although the 
temperature anomaly patterns are overall consistent between regions, 
the additional heat of continuous urban fabric is less pronounced in 
cities of southern countries. This can be explained by a smaller contrast 
of surface properties between densely built-up areas and the naturally 
sparsely vegetated Mediterranean compared with wetter regions. 
This interpretation is supported by an attenuated contrast of the light 
indicator between forest and built up of cities from southern countries 
(Extended Data Figs. 6 and 7), because the indicated light conditions 
are strongly affected by shading due to tree canopies26. Although the 
light anomalies with urban land use also show patterns that are consist-
ent among regions, they show notable differences to the temperature 
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Fig. 1 | Concept of MCSE. a, Bioindication assigns species-specific indicator 
values for climate (temperature, light and moisture) and soil (nutrients, salinity, 
reaction and disturbance) conditions. Environmental gradients are reflected 
by a changing mean indicator value of the occurring species, illustrated 
for temperature. b, Mobile crowd sensing utilizes extensive acquisitions of 
species occurrences by citizens using automated plant identification apps for 
smartphones. Combined with the bioindication principle, spatial environmental 
gradients can be uncovered, for example, for temperature showing warmer 

conditions in cities compared with nearby mountain ranges. c, Large amounts of 
indicator plant occurrences are accumulating rapidly over large spatial domains, 
such as Europe. d–f, This allowed for mapping environmental conditions across 
Europe at a spatial resolution of 0.166∘ (~10 km), and at much finer resolution 
(0.00166∘, ~100 m) for cities due to higher observation densities. Please note 
that the color scales for Europe (left) and cities (right) differ. Extended Data Fig. 1 
shows complementary figures for light, moisture, nutrients and salinity.
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patterns, indicating the complex interplay of factors causing the urban 
heat island phenomenon5,6.

Built-up land use is also drier than green urban (and agricultural 
land uses; Extended Data Figs. 6 and 7), with forests showing the larg-
est positive moisture anomalies. This general pattern of an urban dry 
island is qualitatively consistent with reduced atmospheric dryness, 
as shown in previous studies9,32,33. The dryness was primarily attributed 
to reduced evaporation, associated with the sealed urban built up, as 
well as higher temperatures34. However, there are notable deviations in 
the Southern region: forests, and to a lesser extent, pastures (Extended 
Data Figs. 6 and 7), are drier, whereas built-up areas and especially 
urban green areas are wetter. This pattern probably reflects irrigation 
practices in Mediterranean cities, which increase inner-city moisture 
levels, whereas more natural vegetation such as forests and pastures 
often occurs on rocky terrains that are characteristically dry.

Soil disturbance shows consistent patterns across regions, with 
the largest values for built-up areas and arable land (Extended Data 

Figs. 6 and 7), whereas forests and green urban areas are less affected. 
Interestingly, the salinity anomalies behave similarly, which may reflect 
increased pollution associated with anthropogenic impacts on urban 
soils, for example, salt application for deicing. Soil reaction, especially 
nutrients (Extended Data Figs. 6 and 7), show overall weaker associa-
tions with urban land use and weaker consistency between regions, 
whereas some individual patterns emerge. For example, Nordic soils 
of continuous urban fabric are relatively more fertile and alkaline than 
in other regions, which indicates that these soils were manipulated or 
exchanged to counteract the prevalent nutrient-poor and acidic soils 
in this region (Fig. 2a). This interpretation is supported by the large 
positive anomaly for soil disturbance of Nordic soils in continuous 
urban fabric. The soil pH is the lowest in forests compared with all other 
land-use types. This may be attributed to cation leaching with increased 
moisture35, and to a greater abundance of organic acids, especially in 
the Nordic forests where conifers dominate. Soils in urban built up tend 
to be more alkaline than in forests, and previous hypotheses suggest 
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Fig. 2 | Urban environmental variation of European cities inferred by MCSE.  
a, Between-region variations of city-mean conditions plotted as region 
deviations from the overall mean. For example, the climatic gradients ranging 
from the warm and dry Southern countries to the cool and moist Nordic 
countries are shown. b, Within-city variations by urban land use are plotted as 
mean deviations of land-use types from the region mean. Besides the well-known 
urban heat island phenomenon, parallel patterns of consistent environmental 
land-use profiles across regions are also evident for moisture, soil disturbance 
and salinity. Panels a and b show a consistent scale for comparison of the 
environmental gradients between regions and between land-use types within 

cities. Results are based on the marginal effects obtained by a mixed-effect 
analysis of variance (fixed effects: region, land-use class and their interaction; 
random intercept: city) for each environmental variable of 326 cities (Nordic 
(n = 19), Eastern (n = 31), Central (n = 188), British Isles (n = 45) and Southern 
(n = 31); Methods). Extended Data Fig. 6 shows the results including light, soil 
nutrients and agricultural land use and Extended Data Fig. 7 shows the results 
based on biogeographic regions instead of planning families. Estimated marginal 
means, standard errors and 95% confidence intervals of model parameters are 
provided in the.
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a relationship with calcium abundance originating from construction 
materials, vehicle exhaust or deicing17,36. However, this may not explain 
our finding of elevated soil pH of arable land and pastures (Extended 
Data Figs. 6 and 7).

Overall, we uncovered variations in climate and soil factors by 
urban land-use type that are largely consistent between regions in 
Europe. These extend beyond the urban heat island phenomenon, 
presenting comparable patterns for light, moisture, soil disturbance, 
salinity and, to a lesser extent, for soil pH—all forming a gradient 
from urban forests at one end to heavily modified build-up land-
use types at the other end. Strikingly, the range of environmental 

conditions between urban land-use types is of comparable magnitude 
to the range of environmental conditions between regions (compare  
Fig. 2a,b). This indicates a substantial environmental diversity within 
cities compared with variations between cities, ranging from Southern 
to Nordic countries.

Locally diverse urban climates and soils are 
homogenized across cities
To contextualize urban environmental gradients, we compare envi-
ronmental differences within a city, associated with land use, to those 
between cities, stratified by spatial distances of 500 km (Methods). 
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Fig. 3 | Between- to within-city environmental differences. Relative differences 
of median values stratified by geographic distances between cities are plotted 
(Methods). Negative values indicate within-city environmental differences to 
be larger than between-city environmental differences. a, Relative differences 
for city-mean environmental conditions show that within-city variations 
among land-use types exceed differences between cities up to 2,000 km apart 
(negative values) for all the considered environmental factors. b, Environmental 

differences between cities by land-use type show that these are generally larger 
for forests than others, especially built up, land-use types, which is most evident 
when comparing cities that are more than 2,000 km apart. Extended Data Fig. 8 
shows the results including light, soil nutrients and agricultural land use. Relative 
and absolute differences as well as the corresponding standard deviations are 
provided in the.
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For interpretation: a relative difference of 50% would mean that the 
environmental differences between cities are 50% larger than the envi-
ronmental gradient within a city. As expected, environmental differ-
ences between cities increase with geographical distance (Fig. 3a), a 
pattern known as the ‘distance decay of similarity’, once coined as the 
‘first law of geography’37,38. However, we find that within-city gradients 
exceed differences between cities up to about 1,500 km apart (that is, 
negative relative differences are shown in Fig. 3a) for climate variables, 
whereas for soil factors, this threshold extends beyond 2,000 km. For 
example, the temperature gradients between urban land-use types 
within cities are comparable with the temperature gradient of about 
1,500 km in Europe. For soil pH, salinity and light (Extended Data Fig. 
8), this holds even for geographic distances of >2,000 km, whereas for 
soil disturbance and nutrients within-city difference dominate over the 
full range of considered distances up to 1,500 km. This is partly because 
these factors can also vary strongly at smaller scales. Nevertheless, this 
illustrates the large environmental gradients within cities associated 
by diverse urban land-use types relative to large-scale, nearly conti-
nental variations. Even though cities were often established in areas 
with high geodiversity to capitalize on various ecosystem services39, 
urbanization has most probably increased environmental gradients 
locally, causing contrasts to more natural areas like forests across much 
of Europe. But can we reconcile the observed local diversity of urban 
environments with the paradigm of urban homogenization, which 
postulates convergence among cities as they adopt similar land-use 
practices and urban planning?

To understand to what extent urban environments were homoge-
nized among cities, we compare the relative environmental gradients 
per land-use type, and assess the difference between anthropogenic 
built-up land use to the more natural ones, like forests (Fig. 3b). We 
find that the environmental similarity between cities decays less 
with spatial distance in urban built-up areas than in urban forests. 
The contrast between urban built-up areas and forests is particularly 
large for soil pH and light but it also holds true for moisture and 
temperature (Extended Data Fig. 8). Interestingly, soil salinity and 
disturbance, both indicating anthropogenically deteriorated soils, 
behave differently, which points to regional differences in urban 
planning, implementation and management. Otherwise, forests 
are less influenced by human activities and show greater environ-
mental diversity between cities. By contrast, built-up areas, shaped 
to meet the narrow range of human needs, tend to be more similar 
across different cities. Thus, urbanization tends to reduce the envi-
ronmental variability between cities, supporting the hypothesis of 
urban environmental homogenization in Europe. This is qualitatively 
consistent with a study from six metropolitan areas in the US24, and 
helps to explain evidence for the homogenization of urban biota22, 
including the soil microbiome40. Urbanization in Europe appears 
to foster homogenization among cities and creating local diversity 
at the same time.

Conclusions and implications
We revealed distinct common land-use patterns of climate and soil con-
ditions in urban Europe, which are indicative of anthropogenic imprints 
on the environment. These environmental variations by urban land-use 
type go beyond the well-known urban heat island effect, with compara-
ble patterns observed for light, moisture, soil disturbance, salinity, and, 
to a lesser extent, soil reaction. Built-up areas are not only warmer but 
also drier, brighter, more disturbed, more alkaline and polluted by salt 
than urban green spaces, especially forests. These alterations translate 
into large environmental gradients within cities that are comparable 
with—or even greater than—those observed between cities more than 
1,500 to 3,000 km apart. Although urbanization seems to promote large 
environmental diversity within cities, the repeated establishment of 
similar urban built-up fabric leads to the homogenization of soil and 
climate conditions across European cities. These findings reconcile the 

paradigm of urban homogenization with patterns of substantial local 
but limited large-scale diversity for climate and soil factors.

Fundamentally, urbanization involves fast growing residential, 
commercial and industrial built-up areas threatening or replacing 
green spaces such as forests41–43. The resulting loss of environmen-
tal diversity and ecosystem functions degrades essential ecosystem 
services like cooling, moisture retention and soil multifunctionality, 
with cascading effects on biodiversity44,45, human health41,46 and well-
being47,48. Our results emphasize that conserving and creating multi-
functional urban green spaces, especially forests, is a nature-based 
solution to enhance urban resilience by mitigating the negative impacts 
of urbanization and climate change. Environmental assessments by 
mobile crowd sensing offer unprecedented cost- and time-effective 
opportunities for science and decision-makers to guide locally tailored, 
sustainable urban planning. Leveraging the rapidly growing citizen 
participation can facilitate fine-grained environmental monitoring of 
rapidly evolving urban socioecosystems and, therefore, contribute to 
livable cities and to achieve Sustainable Development Goals.

Methods
MCSE
We compiled crowd-sensed plant occurrence data of Europe, col-
lected from several citizen science initiatives: the plant identification 
apps Flora Incognita49 and Pl@ntNet50,51, as well as species-reporting 
platforms such as iNaturalist52, Observation.org53, Naturgucker.de54, 
Artportalen55, the Norwegian species observation service56, INPN57, 
Arter.dk58, FinBIF59 and iRecord60,61. Except for Flora Incognita, all 
other data were downloaded from the Global Biodiversity Information 
Facility (GBIF) using the rgbif package62. We applied the following filter 
criteria: “no geospatial issues”; “coordinates available”; “coordinate 
uncertainty less than 500 m”; “basis of record: human observation, 
observation, or machine observation”; “occurrence status: present”; 
and “recorded between 2000 and 2024”.

We merged the crowd-sensed plant occurrence data with ecologi-
cal indicator values of climate and soil conditions (Table 1), which are 
specific to vascular plant taxa (aggregates, species and subspecies), 
and available from three pan-European systems27–29. To resolve dif-
ferences in species-naming conventions in the plant occurrence data 
and the indicator value systems used, we standardized all species 
names using the GBIF backbone taxonomy and the rgbif package62. 
This intersection yielded 81,410,220 crowd-sensed observations of 
15,413 taxa in Europe, which we used to generate maps of climate and 
soil variables across Europe and for European cities. The indicator 
for soil disturbance was calculated based on ref. 29; for salt, based on  
ref. 28; and the remaining, based on ref. 27. To ensure that indicator val-
ues are comparable across the three indicator value systems used27–29, 
we rescaled all systems to a common range of 0 to 10. Please note that 
0 and 10 are theoretical bounds, which are not realized in practice 
due to the co-occurrence of different species with different indicator 
values assigned.

We generated maps of MCSE-based climate and soil conditions 
for Europe with a spatial resolution of 10 arcmin (0.166∘, ~10 km) for 
illustration (Fig. 1) and evaluation purposes. The European domain is 
defined by the CORINE land cover data product63, which excludes parts 
of eastern Europe. We also exclude Türkiye because indicator value sys-
tems are not applicable there27–29. For each grid-cell and environmental 
factor, we calculated the mean indicator value of at least 25 different 
species observed in the grid cell—if less than 25 species were available, 
a missing value was assigned. This setting was derived from extensive 
sensitivity tests for maximizing data coverage and maintaining high 
accuracy. This analysis involved further assessments with respect 
to applying a threshold for the minimum number of observations 
per species, and the consideration of weighing species by observa-
tion frequency (abundance) instead of presence/absence (see below 
for details).

http://www.nature.com/natcities


Nature Cities | Volume 3 | February 2026 | 126–135 132

Article https://doi.org/10.1038/s44284-025-00378-9

The high data availability of plant occurrence data in urban 
areas allowed us to map climate and soil factors for European cities 
at a much finer spatial resolution of 0.1 arcmin (0.0016∘, ~100 m). The 
city domains are municipalities available as polygon information by 
Eurostat European Urban audit (https://ec.europa.eu/eurostat/web/
regions-and-cities), restricted to cities with more than 50,000 inhab-
itants and downloaded with R package giscoR64. We mapped mean 
climate and soil indicator values using a threshold of a minimum of 
five different indicator species per grid cell. We kept 326 European 
cities for final analysis, which satisfied urban land-use specific data 
coverage criteria (see below).

Sensitivity analysis and evaluation with independent data
We used independent datasets for the mean annual temperature of 
WORLDCLIM65 and the pH of the topsoil (0–5-cm depth) predicted 
by SoilGrids66 in Europe to evaluate the temperature and soil reaction 
based on MCSE. These datasets were resampled to match the 0.166∘ 
resolution of MCSE for Europe and used to calculate the Spearman’s 
rank correlation coefficient with the corresponding data from MCSE. 
The corroboration (Extended Data Fig. 2) shows an excellent agreement 
(r = 0.96) and linear relationship for temperature. The relationship with 
soil pH is also linear above a pH value of 5, whereas an apparent satura-
tion of the SoilGrids product around a value of 4.5 deteriorates the cor-
relation to 0.86. A similar saturation effect was found for mapping soil 
pH in Switzerland based on random forests67, which is the same method 
used for generating SoilGrids. Thus, a direct validation is hampered by 
uncertainties of the SoilGrids product that may be caused by the spar-
sity of in situ observations and the challenges of extrapolation, as well 
as issues of capturing the spatial heterogeneity of soil conditions. These 
findings are consistent with previous case studies on smaller scales 
in which the bioindication approach even outperformed traditional 
environmental data products68–71, and underscore the potential of 
using plants as living sensors of the environment in an urban context72.

We used the rank correlation coefficient of MCSE products with 
WORLDCLIM and SoilGrids as a metric to assess the robustness against 
methodological choices, as well as to derive settings that achieve a high 
spatial coverage of MCSE, maintaining high correlations. We executed 
a comprehensive full-factorial sensitivity analysis by varying the fol-
lowing settings: (1) indicator system used (ref. 27 versus ref. 28); (2) 
computation of mean values based on presence-only data of species 
occurrences versus weighing species by observation frequencies; (3) 
the threshold of the minimum number of required indicator species 
per grid cell as a measure of completeness in the crowd sensing of 
plants; and (4) the minimum number of observations per indicator 
species as a reliability measure of species occurrence. The respective 
results (Extended Data Fig. 4) indicate (1) minor differences among 
indicator systems; (2) a systematic preference for presence only over 
observation-frequency-weighted data treatment; and (3) a high overall 
robustness of the correlation against different filter choices for the 
minimum number of required species and observations per species 
(see the range of the color bar in Extended Data Fig. 4). Therefore, we 
chose the presence approach, and put no threshold on the minimum 
number of observations per species to maximize spatial coverage. 
Our results from the sensitivity analysis are qualitatively consistent 
with a case study in Switzerland using expert-based vegetation plots73.

To further assess the potential biases in plant occurrences cap-
tured by citizen scientists—such as misidentifications, preferences 
of visually appealing plants, biases in certain season or regions—we 
compared the quality of MCSE with bioindication based on expert 
vegetation data. Therefore, we calculated the mean indicator values 
(based on presence only) of temperature and soil pH for 40,000 vegeta-
tion plots (sPlotOpen74) in which the abovementioned biases should 
not occur, and correlated them against independent data extracted 
from WORLDCLIM and SoilGrids at their native resolution of 0.0166∘. 
If multiple vegetation plots fell into the same grid cell, we averaged 

the plot-specific indicator values. We did the same for MCSE, which 
includes potential sampling biases, and compared the correlations 
with independent data (Extended Data Fig. 3). The analysis suggests 
that MCSE seems to be robust against potential sampling biases and 
rather benefits from the large amount of data available through crowd 
sensing. Overall, the MCSE approach underscores the potential of 
crowd-sensed plant occurrence data for large-scale environmental 
applications in line with previous studies on vegetation composition75, 
biomes76, phenology77 and traits78.

Statistical analysis of urban land-use–environment associations
We intersected the mapped climate and soil factors from MCSE for the 
city domains with CORINE land cover data (https://land.copernicus.eu/
en/products/corine-land-cover/clc2018 (ref. 63)). We considered the 
main urban land-use categories: ‘Continuous urban fabric’, ‘Discon-
tinuous urban fabric’, ‘Industrial and commercial units’, ‘Green urban 
areas’, ‘Forests’ (combining ‘Broad-leaved forest’, ‘Coniferous forest’ 
and ‘Mixed forest’), ‘Arable land’ (combining ‘Non irrigated arable land’, 
‘Permanently irrigated land’ and ‘Rice fields’) and ‘Pastures’.

For each environmental factor and city (c), we calculated an aver-
age value (Eu,c) from all grid cells within the specific land-use category 
(u) if at least 2.5% of the area specified by CORINE is covered by MCSE. 
We kept only cities for which Eu,c could be calculated for all environ-
mental factors and all considered urban land-use types. This yielded 
326 cities across Europe with sufficient data availability. We further 
categorized the cities into five different regions: Nordic, British Isles, 
Eastern, Central and Southern (Extended Data Fig. 5), which correspond 
to different urban planning families79 and geographic regions. This 
region classification provides a simple and clear stratification along 
latitudinal and longitudinal physiogeographic gradients and incor-
porates socioeconomic and historical–cultural differences relevant 
to urban systems.

To analyze general land-use–environment associations, we fitted 
mixed-effect analysis of variance models for each MCSE-based environ-
mental factor (Eu,c). These models explain the environmental factors 
by the fixed effects of region (r), land-use class and their interaction, 
along with a random intercept for cities. To derive generalized patterns 
of land-use environment associations (Fig. 2) across cities, we calcu-
lated partial responses of environmental factors with respect to region 
and land use, integrating over the effect of city using the emmeans R 
package80 (hereafter denoted as Mu,r; Supplementary Table 1 lists the 
marginal means, standard errors and 95% confidence intervals of the 
model parameters). For illustration, we present the region’s effect as 
the deviation of the mean Mu,r values per region from the overall mean 
of all Mu,r values (ΔMr = meanu(Mu,r) − meanu,r(Mu,r); Fig. 2a). Furthermore,  
the effect of land-use type within each region is given as the devia-
tion of Mu,r per region and land-use class from the mean Mu,r value per 
region (ΔMu,r = Mu,r − meanu(Mu,r); Fig. 2b). For context, the analysis 
was repeated using a bioclimatic region classification81 instead of 
urban planning families79—the results presented in Extended data 
Fig. 7 are qualitatively consistent with Fig. 2 and the conclusions 
remain unchanged.

Analysis of environmental differences within and between cities
To examine the environmental variation induced by urban land-use 
practices compared with large-scale geographic separations between 
cities (Fig. 3a), we compared environmental differences within cities 
ΔEwithin to the environmental differences between cities ΔEbetween based 
on their relative difference: ΔErel =

ΔEbetween−ΔEwithin

ΔEwithin
. Thus, smaller environ-

mental differences between cities compared with environmental dif-
ferences within cities are reflected by negative relative differences, and 
indicate that urban land-use practices increased environmental gra-
dients locally. We chose to analyze relative differences because they 
are comparable among different indicators showing different distri-
butions—a corresponding analysis of absolute within-city versus 
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between-city gradients would yield identical conclusions but would 
require indicator-specific scales of the axes.

For each factor, the environmental difference within a city was 
determined by the maximum–minimum difference (amplitude) among 
land-use categories within a city: ΔEcwithin = maxu(Eu,c) −minu(Eu,c) . We 
took the median value across cities to characterize the within-city  
environmental differences: ΔEwithin = medianc(ΔEcwithin). The environ
mental difference ΔEi,j between two cities i and j is calculated as the  
absolute difference of values averaged over land-use types:  
ΔEi,j = ∣meanu(Eu,c=i) − meanu(Eu,c=j)∣. Similarly, the environmental differ-
ence of two cities for land-use type u is ΔEui, j = |Eu,c=i − Eu,c=j|. To account 
for spatial autocorrelation and to illustrate the distance decay of simi-
larity38, environmental differences between cities were stratified based 
on geographic distances between the cities within three distance 
classes d: 0–1,000 km, 1,000–2,000 km and >2,000 km (the largest 
distance is 3,225 km). Therefore, we calculated the median environ-
mental difference across Od, which denotes the set of all city pairs (i, j) 
that belong to distance class d: ΔEdbetween = median(i, j)∈Od (ΔE(i, j))  for  
city means (Fig. 3a) and ΔEu,dbetween = median(i, j)∈Od (ΔEu(i, j))  per land use  
(Fig. 3b). Considering urban forests as the most natural land-use type, 
a lower relative environmental difference and reduced distance decay 
of similarity (flatter slope) of another urban land-use type compared 
with forests indicate the homogenization of the respective land-use 
type among cities82,83.

Data availability
Source data underlying Figs. 2 and 3 are provided with this paper. The 
gridded environmental datasets derived through MCSE including pan-
European maps at 0.166∘ (~10 km) resolution, and high-resolution data 
for 326 European cities at 0.00166∘ (~100 m) are available via Zenodo 
(https://zenodo.org/records/17733490)84. The used records of the 
crowd-sensed plant occurrence data across Europe are available from 
the GBIF (https://www.gbif.org) and include observations from Pl@
ntNet (https://www.plantnet.org), iNaturalist (https://www.inatural-
ist.org), Observation.org (https://observation.org), Naturgucker.de 
(https://www.naturgucker.de), Artportalen (https://www.artportalen.
se), the Norwegian Species Observation Service (Artsobservasjoner, 
https://www.artsobservasjoner.no), INPN—Inventaire National du 
Patrimoine Naturel (https://inpn.mnhn.fr), Arter.dk (https://arter.dk), 
FinBIF—the Finnish Biodiversity Information Facility (https://laji.fi) and 
iRecord (https://www.brc.ac.uk/irecord). Plant occurrence data from 
Flora Incognita (https://floraincognita.com) are not openly available 
due to data privacy protection and nature conservation policies, but 
can be made available for reproducibility purposes upon request to 
P.M. (patrick.maeder@tu-ilmenau.de). Used city boundaries are avail-
able from the Urban Audit (https://ec.europa.eu/eurostat/web/cities). 
CORINE land cover data are available at https://land.copernicus.eu/
pan-european/corine-land-cover. Gridded mean annual temperature 
data from WorldClim v. 2.1 are available at https://www.worldclim.
org. Gridded topsoil pH data from SoilGrids are available at https://
soilgrids.org.

Code availability
All data analyses were performed in R (v. 4.1.2) using the following R 
packages: rgbif (v. 3.7.5), tidyverse (v. 2.0.0), ggplot2 (v. 3.5.1), data.
table (v. 1.15.4), readxl (v. 1.4.3), terra (v. 1.7.39), tidyterra (v. 0.5.2), raster  
(v. 3.6.20), sf (v. 1.0.9), rnaturalearth (v. 0.3.2), giscoR (v. 0.4.0), ncdf4  
(v. 1.21), leaflet (v. 2.2.1), viridis (v. 0.6.3), scico (v. 1.5.0), emmeans 
(v. 1.8.9), lme4 (v. 1.1.35.3), patchwork (v. 1.2.0.9000) and geosphere 
(v. 1.5.18).
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Extended Data Fig. 1 | MCSE-derived maps for the European domain and selected cities. a–d, MCSE-derived maps for light (a), soil moisture (b), soil nutrients (c) and 
salinity (d) for the European domain, and for selected cities. Please note the different color scales for the European and city domains.
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Extended Data Fig. 2 | Corroboration of MCSE with independent data 
products over Europe. Comparison of the temperature from MCSE with mean 
annual temperature from WORLDCLIM (A; cor = 0.96), and comparison of 
the soil reaction from MCSE with top soil pH from SoilGrids (B; cor = 0.86). 

Correspondence is quantified with Spearman rank correlation coefficient.  
The apparent non-linear relationship for soil pH deteriorates the correlation and 
is likely an artifact of the SoilGrids product, which shows little variations below a 
pH value of 5.
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Extended Data Fig. 3 | Corroboration of MCSE with citizen science and expert 
based vegetation data. Parallel evaluation of the correlation of indicator values 
calculated from 40,000 expert-based vegetation plots (sPlotOpen) vs calculated 
from crowd-sensed plant occurrences used by MCSE at the same locations with 

independent data of temperature and soil pH (see also Extended Data Fig. 2). 
The corroboration supports the usage of crowd-sensed plant occurrence data to 
calculate indicator values from both indicator value systems.
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Extended Data Fig. 4 | Results from full-factorial sensitivity analysis of 
methodological choices of Mobile-Crowd-Sensing of Environment (MCSE).  
A: Results for MCSE derived temperature based on comparison with mean 
annual temperature from WORLDCLIM. B: Results for MCSE derived soil reaction 

based on comparison with top-soil pH from SoilGrids. Area covered indicates 
the fraction of the European domain that could be mapped by MCSE with these 
settings. The narrow range of variation in correlation reflects strong robustness 
to settings in general.
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Extended Data Fig. 5 | Map of the 326 cities used in the study, and associated regions. The division of cities into regions was done A) by using planning families81 
representing political differences and planning traditions (applied in Fig. 2) and Extended Data Fig. 6) and B) by using biogeographic regions83 (applied in  
Extended Data Fig. 7).
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