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Urban vegetation, the core component of green infrastructure and critical
for sustainable cities, is profoundly affected by the process of urbanization.
Urbanization not only leads to substantial vegetation loss (directimpact)
but also fosters urban vegetation growth (indirectimpact). However,

the extent to which these direct and indirect impacts affect vegetation
dynamics across cities worldwide and how urban greening will change in
the future remain unclear. Using satellite-based greenness and impervious
surface datasets, we show that positive indirect impacts mitigated 56.85%
of the negative directimpacts across 4,718 cities worldwide from 2000 to
2019. Notably, the offsetting coefficient is much greater in Global North
cities (79.13%) than in Global South cities (38.01%) partly due to their
socioeconomic differences. This disparity in urban greening dynamics

will continue in the future. Approximately 60% of Global North cities

and 30% of Global South cities willbecome greener by 2040. Our results
reveal the divergent trade-offs between vegetation loss and enhanced
vegetation growthin cities of different socioeconomic levels and stages of
urbanization. Suchinsights are crucial for acomprehensive understanding
of urban greening dynamics and for devising strategies to attain sustainable
development goals.

Humansociety has entered an urban age'2. With economic development
and cultural shifts, many people have migrated from the countryside
tocities, leading to unprecedented urbanization in recent decades®™*.
This process has led to tremendous ecological costs, including biodi-
versity loss*®, dramatic local environmental and climate changes’®, and
profound impacts on vegetation growth’ ™. Asanimportant regulator
of the regional climate and environment, urban vegetation provides
various ecological services for residents, including mitigating urban
heatand the urban heatisland (UHI) effect” ™, affecting air quality’>'®
and improving human health outcomes”. Driven by ongoing macro-
climate changes and increasing urbanization, vegetationin cities and

peri-urban areas has undergone profound changes'®". However, the
impacts of urbanization on vegetation dynamics remaininconsistent.
Satellite-based vegetation greenness indices (a widely used measure to
evaluate the coverage, growth and productivity of vegetation) reveal
that urban vegetation has divergent trends across the globe'* ™, Since
vegetation strongly controls urban environmental quality and livabil-
ity, understanding the role of urbanization in regulating vegetation
dynamics in cities and its expected effects in the future are vital for
sustainable urban development.

Thekeytoacomprehensive understanding of urbanization effects
on vegetation dynamics is to separate the effects of urbanization on

'School of Atmospheric Sciences, Nanjing University, Nanjing, China. *Frontiers Science Center for Critical Earth Material Cycling, Nanjing University,

Nanjing, China. *Pacific Northwest National Laboratory, Richland, WA, USA.

e-mail: giubo@nju.edu.cn; guowd@nju.edu.cn

Nature Sustainability | Volume 8 | April 2025 | 373-384

373

Content courtesy of Springer Nature, terms of use apply. Rights reserved



Article

https://doi.org/10.1038/s41893-025-01520-0

a o3 b
L g 8 GN

—_ =z S = GS
] ) '3 T
Q o2t St . O g
g el o o
° z
9] R
- . :
3. T e I

<

0 i L i L
EAS ECS LCN MEA NAC SAS SSF o 0.1 0.2 0.3
AB (per decade)
c d
T Or > | GN 0.11%/10a
B G
3 G [ GS -3.76%/10a
© 0 ©
9] z
aQ =S|
s -10¢ S
4 &
-20 L L L L L L I L L
EAS ECS LCN MEA NAC SAS SSF -20 -10 0 10
n= 963 1512 553 142 1202 80 266 AEVI (% per decade)

Fig.1|Increased urbanization and the changes in vegetation greenness in
different parts of the world during 2000 to 2019. a, Changes in the fraction
ofimpervious surface area (Af) of cities in different regions of the world. EAS,
East Asia and the Pacific, with city sample size of 963; ECS, Europe and Central
Asia, 1,512 cities; LCN, Latin America and Caribbean, 553 cities; MEA, Middle East
and North Africa, 142 cities; NAC, North America, 1,202 cities; SAS, South Asia,
80 cities; SSF, sub-Saharan Africa, 266 cities. These regions are defined by the

World Bank (https://data.worldbank.org.cn/country). White lines represent the
median AS for each region and white dots represent the average A weighted by
urban areafor each region. Shaded boxes and vertical lines represent the ranges
of25-75% and 5-95%, respectively. b, Probability distributions of AS for Global
North cities and Global South cities. Dotted lines are the average A weighted
by urban areas for the GN cities and GS cities. ¢,d, The same asinaand b but for
relative changes in the EVI (AEVI).

vegetation cover and vegetation growth status?> >, These two effects
are also known as the direct and indirect effects of urbanization on
vegetation?*, Specifically, directimpact refers to vegetationloss due
to landcover transitions from natural vegetated surfaces to impervi-
ous surfaces such as roads, buildings and parking lots during urban
expansion and densification. In contrast, indirect effects are due to
vegetation growth enhancement from urban environmental changes
(forexample, longer photosynthetic season due to UHI effects, greater
CO, fertilization effects) and result in urban vegetation composition
differing from vegetationin the surrounding rural areas® . Inaddition,
human management measures such as choice of urban tree species,
irrigationand fertilization can also affect urban vegetation growth” 2.
Several studies have separated direct and indirect urbanization effects
by characterizing the relationship between urbanization intensity
(fraction of impervious surface area) and the satellite-based vegetation
index (VI) along urban-rural gradients?***, These studies suggested
prevalent enhanced vegetation growth in urban environments. How-
ever, these studies, which are based on space-for-time frameworks,
cannot provide the true temporal dynamics of urbanization-induced
effects on vegetation'*, Furthermore, studies of differences in the
directandindirectimpacts of urbanization on vegetation dynamics for
cities at different stages of urbanization and different socioeconomic
levels during historical periods and in the future are still lacking.
Inthis study, we provided aglobal analysis of urbanization effects
onvegetation dynamics during2000-2019 and the expected impacts
in the future across 4,718 cities worldwide, using the satellite-based
Enhanced Vegetation Index (EVI) and impervious surface area data®®”.
We quantified the direct and indirect impacts of urbanization on EVI
variation for global cities and find that the offsetting coefficient ()
ofindirectimpact to directimpact is much higher inthe Global North
(GN) citiesthanin the Global South (GS) cities. We further investigated
the contribution of their differences in climatic and socioeconomic
characteristics to this disparity. Finally, we used machine learning
models®, future urban fraction data® and socioeconomic data® to

project how this disparity in urban vegetation will change inthe future.
Our study focuses on the disparity in the direct and indirect impacts
of urbanization on vegetation worldwide, particularly between GN
and GS cities, and examines how socioeconomic characteristics and
stages of urbanization contribute to these disparities. Addressing these
questions is essential for understanding mechanisms of vegetation
changes across global cities and offersimportant insights for making
citiesmoreresilientand sustainable amid increasing urbanization and
global warming.

Increased urbanization and changesinurban
vegetation

Rapid urbanization has led to a widespread rising fraction of imper-
vious surfaces (f) in urban areas across cities worldwide (Extended
DataFig.1). From2000t02019, the average f of 4,718 cities worldwide
hasincreased from 0.4661to 0.6195 (Extended Data Fig. 2a). Among
the seven regions across the world (Supplementary Fig. 1), East Asia
and the Pacific have experienced the greatest increase in impervious
surface area during the past two decades, followed by South Asia and
sub-Saharan Africa (Fig. 1a and Extended Data Fig. 2b). Overall, cities
thatexperienced rapid urban expansion (A > 0.12 per decade) during
2000-2019 are primarily located in emerging economies (for example,
China, India and several countries in Africa) in the GS, whereas devel-
oped cities in the GN generally show a slight increase in § (Fig. 1b and
Extended Data Fig.1).

Rapid urban expansion was accompanied by substantial
vegetation loss and exerted negative effects on vegetation greenness
inurban areas, whichis supported by the negative correlation between
the urban expansion rate (Af) and the AEVI (r=-0.51, P< 0.01). Most
GS cities with marked impervious surface growth exhibit browning
trends (Extended Data Fig. 1). However, the EVIin urban areas did not
show an expected magnitude of decreasing trend. The average EVI
across 4,718 cities worldwide decreased by only 0.0039 per decade
(-1.55% per decade, Extended Data Fig. 2). Nearly half (45.2%) of the
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Fig. 2| Schematic diagram of the effects of urbanization and macroclimate
change on vegetation growth. The greenness-based vegetation index (VI) of an
urban pixel can be decomposed into contributions from vegetated surfaces and
non-vegetated surfaces (impervious surfaces). VI’ (the blue dashed line) is the
potential VIchange without considering increased urbanization. Urbanization
leads to vegetation cover loss through landcover transformation from vegetated
surfaces toimpervious surfaces, causing decreased VI. The brown dashed line
represents the hypothetical VI (VI,,) that is affected only by macroclimate changes
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and vegetation loss. The difference between VI, and VI'is the direct impact of
urbanization onthe EVI (4...). @4 is the percentage of VI decline caused by direct
impact. The difference between the observed VI (black line) and VI, is the indirect
impact of urbanization (/;,4c.), Which indicates the response of vegetation
growth to urbanization. w; is the percentage of vegetation growth variation
caused by the indirect effects of urbanization. n is the offsetting coefficient of the
indirectimpacts to the directimpacts.

citieswere greening from2000 to 2019, most of which werein Europe,
North America and Northeast Asia in the Global North (Fig. 1c,d).
In particular, some cities in northern China (for example, Beijing)
have experienced pronounced urban expansion and greening trends
(Extended DataFig. 1c and Supplementary Fig. 2).
ChangesinurbanEVIare theresult of the joint effects of macrocli-
mate changes and urbanization'®", To quantify the directand indirect
urbanization impacts on vegetation dynamics, we first separated the
contributions of macroclimate changes to EVI variation (Fig. 2). The
effects of macroclimate change were generally positive, leading to a
global enhanced vegetation growth by +4.93% per decade (Extended
Data Fig. 3). Without considering the effects of urbanization, mac-
roclimate change resulted in a potential increase in the urban EVI of
0.010 per decade globally from 2000 to 2019 (Extended Data Fig. 3).

Direct and indirectimpacts of urbanizationon
vegetation

We obtained the directimpacts of the changes in S (that s, loss of veg-
etation cover) on EVI(Fig.2 and Supplementary Fig. 3). Consistent with
the spatial distribution of AS, GS cities generally experienced greater
adversedirectimpacts than GN cities did (Fig. 3a-cand Extended Data
Fig.4). Citiesin China (for example, Chengdu) and West Africa experi-
enced the most drastic urbanization and considerable directimpacts

ontheEVI(lwyl >20% per decade), while citiesin North America, Europe
and Central Asia (for example, Chicago and Paris) experienced slight
increasesinimpervioussurface area (Af < 0.04 per decade) and moder-
atedirectimpacts (Jwy| <10% per decade) onthe EVIfrom 2000 to 2019
(Fig.3aand Supplementary Figs.4-6). Globally, directimpacts resulted
inanaverage declineinthe EVI of 0.0324 per decade (w4 = -11.93% per
decade) from 2000 to 2019 (Fig. 3c and Extended Data Fig. 4).

The indirect impacts of urbanization on the EVI were calculated
fromthe differences betweenthe observed Vland the hypothetical VI
(VI,), which considered both urbanization-induced vegetation loss and
the response of vegetation growth to macroclimate change (Fig. 2).
Theindirecturbanization effects largely promoted vegetation growth
inurban areas (w, =+9.31% per decade), resulting in a global average
increase in the EVI of 0.0184 per decade from 2000 to 2019 (Fig. 3d-f
and Extended DataFig. 4).Inaddition, theindirectimpacts were posi-
tive in the vast majority (94.56%) of global cities, indicating prevalent
vegetation growth enhancement in urban environments (Fig. 3¢,d).
Some cities in China presented the most pronounced positive indirect
effects on vegetation growth (w, > 16% per decade), and most cities in
North Americaand Europe also typically presented, albeit smaller than
the magnitudes seen for China, positive indirect effects (w; > 4% per
decade) (Fig.3d,e). Among the sevenregions, East Asia and the Pacific
and sub-Saharan Africa had the greatest extent of vegetation growth
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Fig. 3| Direct and indirect effects of urbanization vegetation greenness from
2000 to 2019 across 4,718 cities worldwide. a, Magnitude of the EVI decline
caused by the direct effects of urbanization (w,) during 2000 and 2019 across
4,718 cities. b, The w4 of cities in different regions across the world. Abbreviations
and number of cities for the different regions as in Fig. 1a. White lines represent

the median Ag for each region, and white dots represent the average A weighted

120° E
w, (% per decade)

by urban areas for each region. Shaded boxes and vertical lines represent the
ranges of 25-75% and 5-95%, respectively. ¢, Probability distributions of w, for
Global North and Global South cities. Dashed lines are the average A weighted
by urban areas for the GN and GS cities. d-f, The same asina-cbut for the
magnitude of EVIvariation caused by the indirect effects of urbanization (w;).

enhancement (Fig. 3e). Negative indirect impacts were observed in
some cities (5.15%, for example, in Baghdad, Iraq) in the tropics or
arid regions, most of which were in the Global South (Fig. 3d and Sup-
plementary Fig. 7).

To explore how the indirect effects differ across global cities, we
furtherinvestigated the influences of urbanization intensity, climatic
and socioeconomic factors on the magnitude of vegetation growth
enhancement driven by urbanization (w;) (Fig. 4a,b). We found astrong
positive correlation between the rate of urban expansion (Af) and
w; (r=0.54, P<0.01), demonstrating increasing vegetation growth
with more rapid urbanization (Fig. 4a). In addition, the urbanization
intensity at the reference time (B,44,) is positively correlated with w;
(partial correlation coefficient = 0.33, P < 0.01, Fig. 4b), indicating that
vegetation growthwas more promoted in cities thatexperienced earlier
urbanization (higher B,,00). Controlling the urbanization intensity (8)
and its trend (Ap), partial correlation analysis suggested a negative
relationship between mean annual temperature (MAT) and w; (Fig. 4b).
Thisindicates greater positive indirectimpacts on vegetation growth
in cold regions. Moreover, economic prosperity had a positive influ-
enceonurbanvegetationgrowth (positive relationship between gross
domestic product (GDP) per capita and w;, Fig. 4b). We also detected
negative relationships between w;and the population density (partial
r=-0.17,P< 0.01), the annual growth rate of population density (partial
r=-0.14,P<0.01) and economic growth rate (partial r=-0.12, P < 0.01)
(Fig. 4b). Overall, the indirect effect of urbanization on vegetation
growth is strongly affected by a city’s socioeconomic characteristics
and the stage of urbanization.

Contrast in offsetting coefficients between the
GNand GS

Theprevalent vegetationgrowthenhancementinurbanenvironmentscan
alleviatethe adverse effects of vegetationlosses due to urbanization. Here
we used the offsetting coefficient (, defined astheratio of indirectimpact
todirectimpact) to measure this compensation effect (Fig. 5). Globally,
positive indirect impacts offset 56.85% of the negative direct impacts
from 2000 to 2019, with an evident latitudinal pattern of n (Fig. 5a,b).
Citiesinthe middle-and high-latituderegionsin the NorthernHemisphere
generally had greater offsetting coefficients (average n = 72.61% for cities
northof30° N) than other regions, and the tropical zonesin the Southern
Hemisphere present the lowest offsetting coefficient (average = 23.26%)
(Fig. 5b). This disparity is associated with the background climate as
cities in cold regions generally had greater indirect impacts on veg-
etation growth (Fig. 4b). In addition, the spatial heterogeneity of the
offsetting coefficient is also closely associated with socioeconomic
level, as suggested by the substantial and statistically significant posi-
tive correlation between r and the Human Development Index (HDI, a
comprehensive measure of socioeconomic development) (Spearman’s
r=0.43,P<0.001, Fig. 5c).

Vegetation growth enhancement can offset a greater proportion
of the negative impacts of vegetation loss in cities with high HDIs
(Fig. 5¢). On the one hand, cities with high HDIs generally had lower
increase inimpervious surface area (A) during 2000-2019, exerting
less adverse directimpacts on vegetation (Extended DataFig. 5a,b). On
the other hand, higher HDIs are linked to higher GDP per capita (r=0.87,
P<0.01) and lower population density (r=-0.55, P < 0.01). This leads
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Fig. 4| Vegetation growth enhancement driven by indirect effects of
urbanization. a, Relationship between the indirect effects of urbanization

on vegetation growth (w;) and the rate of urban expansion (Af). Blue, orange
andblack lines denote the relationships between w; and A for Global North
cities (P=2.4 x107%*, n=2,888), Global South cities (P=3.9 x10™°¢, n=1,830)
and for all cities (P=1.0 x 107, n = 4,718), respectively. Statistical significance
tests are based on two-sided Student’s ¢-test. b, Partial correlation coefficients
between w; and climatic and socioeconomic factors controlling urbanization
intensity trend (AB). Ba00, the urbanization intensity in 2000 (P=1.1x107);
MAT, mean annual temperature (P=7.9 x 10%); MAP, mean annual precipitation
(P=0.5258); GDP, purchasing power parity gross domestic product per capita
in2000 (P=5.4 x1073*); POP, population density in 2000 (P=1.2 x 107%°); GRgpy,
compounded annual growth rate of GDP per capita since 2000 (P=3.4 x107¢);
GRyop, compounded annual growth rate of POP (P=3.9 x 107%). Statistical
significance tests are based on two-sided Student’s ¢-test. **P < 0.01 (n = 4,718).

to greater vegetation growth enhancement in cities with high HDIs
(Extended DataFig. 5c). Notably, citiesin the GN generally have higher
HDIs than GS cities, with significant differences in n between GN and
GScities (P < 0.01, using the two-sided non-parametric Wilcoxon test)
(Fig. 5d,e). The average n of GN cities is 79.13%, which is twice that of
GScities (38.01%). Moreover, 90.6% of cities with positive total effects
of urbanization (7 >100%) are in the GN, but 75.1% of cities with nega-
tiveindirectimpacts (7 < 0) arein the GS (Fig. 5e). The differencesin i
between the GN and GS suggest the contrasting effects of urbanization
onurbangreening over the past two decades, which are closely associ-
ated with a city’s socioeconomic level.

Projected urban EVI changes from 2020 to 2040

To project urban vegetation changes in the future, we used future
urban cover fraction data, socioeconomic data and machine learning
models to estimate the direct and indirect impacts of urbanization

on vegetation under three Shared Socioeconomic Pathways (SSP) by
2040 (Methods). Cities in East Asia and the Pacific are expected to
have the most prominent vegetation degradation among the seven
regions, with greatest EVI decline in southern China (AEVI < -20%)
(Fig. 6). Theseregions are still in states of rapid urbanization and eco-
nomic development, leading to great direct impacts on vegetation
greenness (Extended Data Figs. 6-8). However, most cities in North
America, Europe and Central Asia will become greener by 2040, with
notably positive climatic and indirect impacts and moderate direct
impacts (Fig. 6 and Extended Data Figs. 6-8).

Notably, the differences in the total effects of urbanization on
vegetation between the GN and GS cities remain under the three SSP
scenarios. The indirect urbanization impacts are expected to com-
pensate for more direct impacts in the GN cities than in the GS cities
(Extended Data Fig. 9). Thus, cities with greening trends are mostly
in the GN, while most cities in the GS (-70%) will still be browning
(Fig. 6¢,f,i). Overall, global cities will be greener under the SSP1-Rep-
resentative Concentration Pathways (RCP)2.6 scenario, with a higher
AEVI(-0.93%) and proportion of greener cities (51.5%) than those under
the SSP2-RCP4.5 (-1.75%, 45.8%) and SSP5-RCP8.5 (-2.29%, 45.2%)
scenarios from 2020 to 2040.

Discussion
Rapid urbanization across the globe not only causes vegetation loss
but also accelerates vegetation growth due to urban environmen-
tal changes, human management practices and urban greening
policies®***, Previous studies have revealed divergent trends in urban
vegetation dynamics, but the attribution of urbanization to vegetation
dynamics often differs in direction and extent>". In this work, we
provide a global analysis of the historical impacts of urbanization on
vegetation dynamics and projected vegetation changesin the future.
By providinginsightinto the directand indirect urbanizationimpacts
on vegetation dynamics, our quantitative results at the global scale
expand our understanding of vegetation responses to urbaniza-
tion over space and time. In addition, our work separated the influ-
ences of macroclimate changes on vegetation growth, which largely
reduced the uncertainty in estimating the impact of urbanization on
vegetation dynamics. Our framework is also suitable for assessing
urbanization-induced vegetation changes at the subcity scale, which
can provide more details of vegetation responses to urbanization.
Our analysis demonstrates that the prevalent vegetation growth
enhancement in urban areas offset over half of the negative direct
effects of urbanization across global cities during 2000-2019. In par-
ticular, our results demonstrate the contrast in the total impacts of
urbanization on vegetation between cities in the GS and GN, and the
contrast will persist under different scenarios in the future. This con-
trastis primarily associated with differences in their stage of urbaniza-
tion. The process of industrialization in most Global South countries
(for example, China, India and many African countries) began after
the mid-twentieth century®*. The mass migration of people to cities
occurred at the end of the twentieth century and the beginning of
twenty-first century"’. This caused remarkable urban expansion® and
considerable adverse directimpacts on vegetation (Fig. 3) in East Asia,
South Asia and Africa. Global North cities, however, have expanded
mildly since 2000, with slight negative direct impacts but notable
positive indirect impacts on vegetation growth (Fig. 3). The nota-
ble positive indirect effects might be due to more well-established
green spaces that have more structurally developed vegetation (for
example, trees and shrubs) in these mature cities™. Besides, we also
notice another type of city with a trajectory of both slight direct and
indirectimpacts of urbanization on vegetation. These cities are mainly
inthe Middle East and South America, which have been highly urban-
izedin the late twentieth century. However, the population growthin
cities surpasses the economic level and urban infrastructure capac-
ity in these regions, which are considered to be ‘over-urbanized™~°.
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This might exert greater ecological pressure onthe environment with
lessgreeninfrastructuresinurbanareas*?’. The differencesin thedirect
and indirect impacts of urbanization across global cities indicate the
divergent trade-offs between urbanization and ecological conservation
amongcities at different stages of development.

Ourresults reveal that the differences inurban vegetation dynam-
icsbetween GNand GS cities are also closely related to their socioeco-
nomic characteristics, which affect the indirect effects of urbanization
on vegetation growth. The developed cities in the GN generally have
higher economic levels than do the GS cities (Extended Data Fig. 10).
The positive correlation between GDP per capita and the indirect
effects (w;) indicates the role of artificial management measures in
urban greening dynamics as wealthier cities or communities usually
invest more in urban green infrastructure to improve environmental
quality and greenspace supply for residents (Fig. 4b and Supplemen-
tary Fig. 8)'”*%, In addition, we detected negative influences of dense
populationand higheconomic growth rate on urban vegetation growth
(Fig.4b). A dense population and rapid economic development would
exertgreater pressure ontheurbanenvironment, leading to a negative
influence on vegetation growth®?°. Compared with the developed cit-
iesinthe GN, GS cities have much higher population densities (about
three times that of GN cities) and population growth rate (more than
twice that of GN cities) (Extended Data Fig. 10). In addition, urbaniza-
tioninthe GS was accompanied by more rapid economic development
(Extended Data Fig. 10). Overall, GN cities commonly experienced

greater positive indirect urbanization effects on vegetation growth
than the GS cities and have greater offsetting coefficient of indirect
effect to direct effect (Fig. 5e). Recent studies have revealed the con-
trast in infrastructure®>°, human exposure to green spaces*’ and
the cooling benefits of greenspace among cities in the GN and GS.
The divergent greening trends of the GN and GS cities would lead to
greater inequality in human exposure to green spaces. Because of the
important role of urban vegetation in reducing human exposure to
high temperatures and heat stress’ ', providing health benefits” and
augmenting residents’ living comfort, the United Nations underscores
the necessity of ‘providing universal access to greenspace for urban
residents’ as part of the 11th Sustainable Development Goals*.. Rational
city planning that considers both urban expansion and urbanrenewal is
urgently needed to balance the trade-off between urban development
and its ecological and environmental consequences in Global South
cities. Increasing regional or international economic aid would help to
increaseinvestmentin urbangreeningin GS cities, which is beneficial to
achieve equitable urban greening ecosystemservices across the world.

Some levels of uncertainty and limitations should be acknowl-
edged. First, uncertainties in the impervious surface and EVl datasets
shouldbe noted. Due to differencesin data sources, spatial resolutions
and algorithms used for inversion, there are some discrepanciesin esti-
mates of impervious surface area from datasets across scales®**. Here
we used the GISA 2.0 dataset with a high resolution of 30 m, which con-
sidersthe consistency of some existing productsandis more accurate
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Fig. 6| The projected vegetation changes of global cities under different
Shared Socioeconomic Pathways from 2020 to 2040. a, Estimated AEVI by
2040 across global cities under SSP1-RCP2.6. b, AEVI of cities in different regions
across the world. Abbreviations and number of cities for the different regions
asinFig.1la. White dots represent the average A weighted by urban areas for
eachregion. Shaded boxes and vertical lines represent the ranges of 25-75% and

AEVI (%) under SSP5-RCP8.5

10-90%, respectively. ¢, Probability distribution of AEVI for the cities in the GN
and GS. Dotted lines are the average AEVI weighted by urban areas for GN and GS
cities. The numbers are the proportions of cities with positive or negative AEVI
values. d-f, The same as in a-c but for AEVIunder the SSP2-RCP4.5 scenario.
g-i, Thesame asina-cbut for AEVIunder the SSP5-RCP8.5 scenario.

and stable®. Even so, unrecognized green spaces or buildings due to
dataresolution might resultin misestimation of the direct and indirect
impacts®®*% For example, many residential gardens and street trees
are smaller than the 30 m landcover pixel, potentially leading to an
underestimation of vegetation cover’**>**, Advances in remote sens-
ingtechnology, such as more accurate land cover with finer resolution
and detailed characterization of the functional type and structure of
urban vegetation, would be helpful for improving the understanding
of urban greening dynamics and associated drivers in future stud-
ies. Second, the responses of vegetation growth to urbanization may

vary at temporal and spatial scales across different parts of a city. For
instance, previous studies have revealed the disparities in vegetation
dynamics between urban cores and urban fringes (greening in the
centre while browning in expansion areas)'®*’ and between rich zones
and slum areas (for example, green gentrification)**. In this study,
we focus on the average impacts at the city scale, and the prediction
of future urban vegetation change is limited to existing urban areas.
Future studies can apply our framework at the subcity scale and in
specific regions to access details of urbanization-induced vegetation
changes. Third, indirect urbanizationimpacts are the combined result
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of various interacting biogeochemical mechanisms (for example,
extended growing seasons, greater CO, fertilization effects, elevated
nitrogen deposition) and anthropogenic factors (for example, urban
planning, the species composition of urban vegetation and invest-
ment in green infrastructure)'®?>*, Although the significant positive
correlation between the rate of urban expansion and w; demonstrates
the benefits of urban environmental changes on vegetation growth
(Fig.4a), itisstill challenging to differentiate the contribution of each
potential mechanism. Future studies on the attribution of urban veg-
etation changes are crucial for understanding the mechanisms of
vegetation responses to future urbanization and climate change>***.

Methods

Urban boundary and impervious surface area

The multitemporal global urban boundary (GUB) dataset® was used
to extract the urban areas in our study. The GUB dataset is based on
the spatial distribution of artificial impervious areas from Landsat
dataand can capture the complicated shapes of urban extent well. We
selected cities with areas larger than 10 km?in 2018, which included
both metropolitan cities and many small cities that house millions of
urbanresidents. The study area for each city was the urbanareain2018.

The global impervious surface area dataset (GISA 2.0) was used
to quantify the fraction of impervious surfaces (8)*. This dataset has
long-termrecords from1985t0 2019 with aspatial resolution of 30 m.
Compared with existing global impervious surface datasets, the GISA
2.0 dataset considers the consistency of existing products and is more
accurate and stable’. We aggregated the GISA 2.0 dataset to 500 m
resolution and calculated the fraction of impervious surfaces of each
500 m pixel. The values of Sranged from O (fully vegetated surface) to
1(fully built-up surface). We calculated the S for each city per year and
their trends from 2000 to 2019.

The projected urbanization intensity in 2040 was obtained from
aglobal dataset of urban fractions with al-kmresolution. This dataset
provides urban fraction data under eight SSP-RCP scenarios from
202002100 (5-year interval), which can explicitly capture the gradual
variations inimpervious surface area within pixels*. We calculated the
changes in the urbanization intensity (Ap) of each city between 2020
and 2040 under three SSP-RCP scenarios (SSP1-RCP2.6, SSP2-RCP4.5
and SSP5-RCP8.5) to estimate the projected directimpacts of urbaniza-
tion on vegetation greenness in urban areas.

t45

Satellite-based vegetation index

The EVIwitha500 mspatial resolution from the MODIS data products
(MOD13Al1v.6.1) was used as anindicator of vegetation growth state in
this study®. EVIminimized canopy background variations and removed
residual atmosphere contamination caused by smoke and subpixel
thin cloud clouds using the blue band. We filtered the pixels with low
confidence using the quality assessment layer and then integrated
the 16-day EVIto yearly data by calculating the annual mean EVI from
March of eachyear to February of the following year since the MOD13A1
product is only available since 18 February 2000. We used the annual
average EVIfor each 500-m pixel and calculated the annual mean EVIfor
each city torepresent the average state of urban vegetation from 2000
to 2019. We also calculated the annual mean leaf area index (LAI) for
each city using the MODIS LAl products (MOD15A2H)**. We addressed
the relationship between EVI and LAl to estimate the future climatic
impact on the urban EVI. The R? of the quadratic regression between
the LAland EVI(LAI = (a X EVI + b)?) is 0.591 (Supplementary Fig. 9).

Climatic and socioeconomic factors

The climate data were obtained from the TerraClimate dataset. Terra-
Climate is a dataset of the monthly climate and climatic water bal-
ance for global terrestrial surfaces since 1958*. This dataset provides
time-varying climate data with high spatial resolution for ecologi-
cal and hydrological studies. All the data have a monthly temporal

resolution and a ~4-km spatial resolution. We extracted the 2-m air
temperature, precipitation and the potential evapotranspiration (PET)
to calculate the mean annual temperature (MAT), mean annual precipi-
tation (MAP) and aridity index (Al, defined as the ratio of MAP to PET)
for each city from 2000 to 2020.

Global gridded datasets for the HDI and GDP produced by
ref. 48 were used in this study. This dataset provides the global
5-arc-min-resolution purchasing power parity GDP per capita, total
GDP and HDI for the period 1990-2015. The HDI, a quantitative index
that measures key dimensions of human development, was used to
describe socioeconomic development of global cities. We extracted
theaverage HDIland GDP per capitafrom2000 and 2015 for each city.
We also calculated the compound annual growth rate of GDP per capita
(GRgpp) for each city to measure the rate of economic development. The
populationdensity in urban areas and its compound annual growth rate
(GR;op) were derived from gridded global population density dataset
with a 1-km spatial resolution produced by the WorldPop group®.

The projected population density and GDP data were derived
fromgridded datasets for the population and economy under Shared
Socioeconomic Pathways**. Based on the Population-Development-
Environment (PDE) model and the Cobb-Douglas production model
withlocalized population and economic parameters, the dataset pro-
vides gridded SSP population and economic data from 2020-2100
under five Shared Socioeconomic Pathways (SSPs)*. We calculated
the rate of population density (GR,p) and average GDP per capita
(GRgpp) from 2020 to 2040 for each city to predict the indirect effects
of urbanization.

Digital elevation and landcover

The digital elevation data used for rural pixel screening were derived
from the Global 30-m Digital Elevation Model (GLO-30) from Coper-
nicus’. The digital elevation data were resampled to a 500-m resolu-
tion. The 500-m landcover datawere acquired from the MCD12Q1 v.6.1
product, which is derived using supervised classification of MODIS
Terraand Aquareflectance data®. We used the landcover types defined
by the International Geosphere-Biosphere Programme (IGBP) classifi-
cation schemes. When calculating the vegetation growth variation in
rural areas, we excluded the pixelsidentified as non-vegetational cover
or humanmanaged types (thatis, croplands, urban and built-up areas,
croplands/natural vegetation mosaics, snow and ice, and barren) and
the pixels thatexperienced landcover changes from 2001to 2018. Only
the natural vegetation pixels without major landcover type changes
were used in the analysis.

Separating the direct and indirect impacts

Schematic diagrams of this framework are shown in Fig. 2 and Sup-
plementary Fig. 2. The VI of a pixel is determined by the vegetation
coverage and the greenness of the vegetated surface. Following the
conceptual framework proposed by ref. 22, we assumed that the VI of
an urban pixel decreases linearly with increasing urban intensity (8,
represented by the proportion ofimpervious surfaces within a Vl pixel):

VI= VI, x (1-B)+ VI, xf ()]

where VI, is the value of Vlif the pixel was completely filled by vegetated
surfaces withthe current growth condition (8= 0),and VI, is the mini-
mum VIat the pixels completely filled by built-up surfaces (8 =1). The
VI here can be either the EVI or other vegetation-related variables,
such as gross primary productivity (GPP) or net primary productivity
(NPP).For the EVI, the value of EVI,, was set as 0.05 according to previ-
ous studies, by assuming that an EVI lower than 0.05 generally has no
vegetation activity*>**, At the reference time ¢,, VI, can be obtained by:

Vi (tO) - Vlnv X ﬂ (tO)

2
1-B(t) @

VI, (o) =
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where S(t,) is the fraction of impervious surface of the pixel at the
reference time ¢,

Without considering the effects of increasing urbanization, the
temporal variation in VI (VI'(¢,)) is affected only by background bio-
geochemical drivers:

VI' (81) = ¥ X VI, (20) X (1= B (£0)) + Vny X B (to) 3

whereyistherelative magnitude of VIvariation driven only by macro-
climate change. However, urbanization leads to landcover transfor-
mation from vegetated surfaces to impervious surfaces, manifested
as increased f and decreased vegetation coverage. The hypothetical
Vlat ¢, (VI,(t;) that considers both urbanization-induced vegetation
loss and vegetation growth changes driven by macroclimate change
canbe obtained as follows:

VI (&) = ¥ x VI (¢0) X (1= B(£)) + Vg x B(&1) “)

where S(¢)) is the fraction of the impervious surface of the pixel at
time t,. The directimpact of urbanization on Vlwas then calculated by
the difference between VI, (¢,) and VI (¢):

Liirect = = (B (81) = B(£0)) X (¥ X VI (o) = V) )]

The relative magnitude of the direct effect of urbanization on VI
isasfollows:

wg = 'd’—“‘ x 100% (6)
VI (&)

However, the actual VI at ¢, is usually different from that at VI, (¢,
because of changes in urbanization-driven vegetation growth. The
difference between the observed VI and the hypothetical VI was then
considered the indirectimpact of urbanization on the VI:

lindirect = VI(t1) — VI, (&) (7)

The magnitude of vegetation growth variation driven by indirect
urbanization effects (w;) is the quotient of the indirect impact over
VIL(8):

_ Iindirect
= X 100% (8)
The offsetting coefficients of indirect impacts to direct impacts
are defined as follows:

_ Jindirect 104, ©)
|Idirect|

To eliminate the effects of interannual fluctuations and distur-
bances from extreme events, we used the temporal trends of w and w;
from2000 to 2019 in the main text.

Separating the effects of macroclimate change
Direct and indirectimpacts can be obtained if the effects of macrocli-
mate change on vegetation growth (y) are known. Toacquire yinurban
areas, we propose an adjacent substitution method on the basis of two
assumptions: (1) the magnitude of the effects of large-scale climate
change onvegetationgrowthinurban areasis roughly the same as that
in the rural area around a city (spatial homogeneity of y) and (2) the
exurbanruralareas are not affected by the indirect effects of urbaniza-
tion (w,,, = 0). Then, we use the median y of the pixels that satisfy the
two assumptions as a substitute for thatin urban areas.

Aflow chart of the process of city screening and adjacent substitu-
tion is shown in Supplementary Fig. 10. We used the urban boundary

dataset to extract the urban areas and the rural areas around the cities*.
Global cities (9,227) with areas larger than 10 km? in 2018 were first
selected for analysis. To obtain the surrounding rural areas, we created
two buffers outwards for each city. The buffer distances of the inner and
outer buffers were determined by the size of the urban areatoavoid the
drawback of adopting a fixed threshold for cities of different sizes*.

Dinner = (\/5 -Dx \/g (10)
Dourer = (V10 ~1) x ﬁ an

where Sis the size of a city in 2018. The inner buffer is the same as the
size of the urban area under the assumption of a circular shape of a
city. The outer area without the inner buffer area is approximately
eight times the size of the city. We suppose that only the vegetationin
urbanareas and inner buffers would be affected by the indirect effects
of urbanization. The rural area between the inner buffer line and the
outer buffer line was used to calculate the effects (y) of background
drivers for each city. Areas within inner buffer lines of other cities were
also excluded to meet therequirements of Assumption2ifacity’souter
buffers contained them.

For the selected nearby rural areas, the pixels with elevations
greater than 100 m from the mean elevation of the urban area were
filtered to satisfy Assumption I of the spatial uniformity of climate
change effects. In addition, only the pixels that were identified as
natural vegetation in the MODIS landcover map (MCD12Q1) and that
had not experienced landcover change were used to calculate yinrural
areas, considering that croplands are profoundly affected by anthropic
factors. We then calculated the median y for the remaining pixels in
rural areas as the replacement value of y in urban areas to avoid the
influence of extreme values. In addition, cities without valid GDP, HDI
or population density data were also excluded. After city screening,
4,718 cities were selected in this study. We divided the cities into GS
cities and GN cities and further grouped them into seven subregions
according to the World Bank (Supplementary Fig. 1).

Statistical analysis

Statistical analyses and plotting were conducted in MATLAB R2021b.
To characterize the correlation between different variables, we used
Pearson’s correlation coefficient. Statistically significant tests are set
atthe 0.01probability level based on two-sided t-tests.

Estimating future urban vegetation changes

Considering that urbanizationis expected to continuein the future, we
estimated the projected EVIchanges from 2020 to 2040 for global cities
under three SSP-RCP scenarios. According to the previous framework,
the projected EVIat sometimein the future can be obtained using the
following equation:

VI =y x V() x (1= B()) x 1+ @)+ Vloy x B(5)  (12)

VI,(¢) is the VI of per unit vegetated area of a pixel in 2020. (¢,) and
B(t,) are the urbanization intensities in 2020 and 2040, respectively.
The urbanization intensity in 2040 (5(t,)) can be obtained from the
aforementioned future urban fraction dataset.y’ and w’ represent the
effects of macroclimate change and the indirect effect of urbanization
on vegetation growth, respectively.

The effects of macroclimate change on vegetation (y’) were
derived fromthe projected vegetation changes of nine models fromthe
six Coupled Model Intercomparison Project (CMIP6) (Supplementary
Table 1). Six of the earth system models (BCC-CSM2-MR**, CanESM5
(ref. 54), EC-Earth3-Veg™, EC-Earth3-Veg-LR*, GFDL-ESM4 (ref. 56)
and IPSL-CM6A-LR*>’) use dynamic vegetation models. The INM-CM4-8
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and INM-CMS5-0 models have acarbon cycle module with a prescribed
potential vegetation distribution, and the root-zone soil moisture was
used to determine the actual vegetation®®, The carbon cycle module of
the MPI-ESM1-2-LR model was also simulated by land use and vegeta-
tion changes®’. All nine models provide vegetation change dataunder
climate change.

We first used the LAl of each CMIP6 earth system model to calcu-
late the projected EVI changes under different SSPs, using the quad-
ratic relationship between the LAl and EVI from historical datasets.
We then calculated the multimodal ensemble average EVI of the nine
earth system models. Considering that the resolution of these models
(-1°) is much larger than the city scale, we assumed that the influence
of urbanization is slight and that the vegetation changes are driven
primarily by background factors. The effect of macroclimate changes
onvegetation growth ()’) is approximately the EVIvariation of the grid
whereacityis located:

,_EVI(R)
RO

13)

For the indirect effects of urbanization (@’), we first used the
boosted regression tree (BRT) model to address the relationships
between the indirect effects (w) and climatic and socioeconomic fac-
tors, including the mean annual temperature (MAT), aridity index (Al),
the effect of macroclimate change on vegetation growth (y), urbani-
zation intensity at the reference time (B(t,)), rate of urban expansion
(ApB), GDP per capita (GDP), rate of economic development (GR¢pp),
population density (POP) and population growth rate (GRyp).

® ~ MAT + Al + S (to) + AB + GDP + GRgpp + POP + GRpop (14)

The BRT model is a tree-based machine learning model that can
address complex nonlinear relationships between dependent vari-
ables and predictors®. The BRT model (training correlation = 0.9047,
cross-validation (CV) correlation = 0.7485) suggests that the nine
explanatory variables can explain 78.87% of the variance of the indi-
rect effects. The parameters of the BRT model (that is, tree complex-
ity, learning rate and bag fraction) were optimized by improving the
model’s CV correlation with different combinations of parameters®>°°.
Thetree complexity, learning rate and bag fraction were then set as 10,
0.005 and 0.6, respectively (Supplementary Table 2). The number of
trees in the BRT model was determined through a CV procedure. We
then used the projected variables to predict the indirect impact and
obtain w’. The direct, indirect and climaticimpacts on urban EVI were
obtained as follows:

L it = (V1) = Vi X B(£)) x (v’ = 1) 15)
Pireee = — (B &) = B&)) X (VI (&) = V) X ¥/ (16)
I ivee =V X VI (0) x (1= B(82)) x o’ 17)

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datasets in this study are publicly available as follows or can be
obtained from Google Earth Engine. MODIS vegetation greenness
data (MOD13A1) and landcover data (MCD13Ql) are available at https://
ladsweb.modaps.eosdis.nasa.gov. GTOPO30 digital elevation model
dataareavailable at https://earthexplorer.usgs.gov. The GUB dataset
is available at https://data-starcloud.pcl.ac.cn/resource/14. The GISA

v.2.0 dataset can be obtained from http://irsip.whu.edu.cn/resources/
resources_en_v2.php. The dataset of global future urban expansion can
be obtained from the National Tibetan Plateau Data Center (https://
doi.org/10.11888/HumanNat.tpdc.272853). The TerraClimate dataset
isavailable from https://www.climatologylab.org/terraclimate.html.
The GDP and HDI data were obtained from https://datadryad.org/
stash/dataset/doi:10.5061/dryad.dk1j0. The WorldPop gridded popula-
tion density datasetis available at https://hub.worldpop.org/project/
categories?id=18. The gridded datasets for population and economy
under Shared Socioeconomic Pathways are available from the Sci-
ence DataBank (https://doi.org/10.57760/sciencedb.01683). The nine
CMIP6 model outputs can be obtained fromthe Institute Pierre-Simon
Laplace server (https://esgf-node.ipsl.upmc.fr/search/cmip6-ipsl/).
The administration area data used for mapping were obtained from
https://www.naturalearthdata.com/downloads/50m-cultural-vectors/.

Code availability

Thescripts for performing the analysisin Google Earth Engine (https://
earthengine.google.com/), drafting the figures in MATLAB R2021b
and estimating the projected urban vegetation changes in R v.4.2.2
areavailable from https://doi.org/10.5281/zenodo.14630847 (ref. 61).
The scripts for performing the main analysis in Google Earth
Engine can also be obtained from https://code.earthengine.google.
com/?accept_repo=users/171830520nju/Urbanization_global.
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Extended DataFig. 8| The projected direct, indirect and climaticimpacts on
vegetation greenness for global cities under the SSP5-RCP8.5 scenario from
2020t02040. a, Estimated impacts of macroclimate changes on the EVI by 2040
across global cities under SSP5-RCP8.5 scenario. b, Climatic impact on the EVI
for cities in different regions across the world. EAS: East Asia and the Pacific,

963 cities; ECS, Europe and Central Asia, 1512 cities; LCN: Latin America and
Caribbean, 553 cities; MEA: Middle East and North Africa, 142 cities; NAC: North
America, 1202 cities; SAS: South Asia, 80 cities; SSF: Sub-Saharan Africa,

266 cities. The white dots represent the average climaticimpact on the EVI

Article https://doi.org/10.1038/s41893-025-01520-0
a b
a0f
60°N =
>
i &
©
R T T
30°N 20 :
c EAS ECS LCN MEA NAC SAS SSF
>‘ :O E e (J
0° - SSP5- RSPB 5 g Iclimatic <0 E g Iclimatic >
| imatc (%) SfAIL181% 2052 Al 81.9%
o< 5100 26N 11.4%  TE G GN: 88.6%
30°s| £[GS: 28.7% GS: 71.3%
Oto5 ®5t0 10 s
*e10t020 ©>20 8
. s . P .
180° 120°W 0° 20  -10 0 10 20 30
d e climatic impact (%)
0 T
60°N a # T # a %
30°N L
EAS ECS LCN MEA NAC SAS SSF
o -SSP5RCP85 I <0 T el il ?
direct < :
Moot (o) [ All: 97.0% S UE :
GN: 96.4% INER i
) o - YERES :
05k * < 40 40to-30 [GS: 98.0% P :
©-30t0-20 ©-20t0-10" ;
10t00 ©>0 0 5
| . L s o O L H
180° 120°W 50 -40 30 20 -10 0
h direct impact (%)
g L T f > % 5\5 T T 20
B0°N - " 3 “ © e 1s
- PR iR, ¢ < =, 10 T e | & —
o : T I|I T e
* S e @ ) L
30°N - L t : . S
K2 i EAS ECS LCN MEA NAC SAS SSF
% R/ > - - — —
0° [-SSPS5-RCP8.5 ) rt @ Iindirect < : E 5 Iindirect >
| % J P W St ' 0 ©
. 1nd|rect( o) 3 ~ o [ All: 2.6% : ok o All: 97.4%
<o 0104 6’ - 2 |GN:0.8% ; =:GN: 99.2%
30°s - o £7Gs:55% GS: 94.5%
©4t08 ®8to12 g
"®12t016 ©>16 X ) .
1 1 1 1 i Qo . s -
180° 120°W 60°W 0° 60°E 120°E 180° 20  -10 0 10 20 30

indirect impact (%)
weighted by urban areas for each region. The shaded boxes and vertical lines
represent the ranges of 25-75% and 10-90%, respectively. ¢, The probability
distributions of climaticimpacts for the cities in the Global North and Global
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Extended Data Fig. 9| The projected offsetting coefficients (r7) of indirect
impacts to directimpacts for global cities under different Shared
Socioeconomic Pathways from 2020 to 2040. a, Estimated  across global cities
under SSP1-RCP2.6 scenario. b, The r; for cities in different regions across the
world. EAS: East Asia and the Pacific, 963 cities; ECS, Europe and Central Asia,
1512 cities; LCN: Latin America and Caribbean, 553 cities; MEA: Middle East and
North Africa, 142 cities; NAC: North America, 1202 cities; SAS: South Asia,

1 (%) under SSP5-RCP8.5

80 cities; SSF: Sub-Saharan Africa, 266 cities. The white dots represent the
average climaticimpact on the EVIweighted by urban areas for each region. The
shaded boxes and vertical lines represent the ranges of 25-75% and 10-90%,
respectively. ¢, The probability distribution of i for cities in Global North and
Global South. The dotted lines are the average n weighted by urban areas for the
GN citiesand GS cities. d-f, Same as a-c but for n under the SSP2-RCP4.5 scenario.
g-i, Same asa-cbut for nunder the SSP5-RCP8.5 scenario.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection Most datasets are obtained from Google Earth Engine, and others are downloaded from sources using web browsers.

Data analysis Data processing is carried out in Google Earth Engine (https://earthengine.google.com/), MATLAB R2021b, R v4.2.2.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The datasets in this study are publicly available as following or can be obtained from the Google Earth Engine as well. MODIS vegetation greenness data (MOD13A1)
and land cover data (MCD13Q1) are available at https://ladsweb.modaps.eosdis.nasa.gov. GTOPO30 digital elevation model data are available at https://
earthexplorer.usgs.gov. The GUB dataset is available at https://data-starcloud.pcl.ac.cn/resource/14. The GISA v2.0 dataset can be obtained from http://
irsip.whu.edu.cn/resources/resources_en_v2.php. The dataset of global future urban expansion can be obtained from the National Tibetan Plateau Data Center
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(https://doi.org/10.11888/HumanNat.tpdc.272853). The TerraClimate dataset is available from https://www.climatologylab.org/terraclimate.html. The GDP and HDI
data are obtained from https://datadryad.org/stash/dataset/doi:10.5061/dryad.dk1j0. The WorldPop gridded population density dataset are available at https://
hub.worldpop.org/project/categories?id=18. The gridded datasets for population and economy under Shared Socioeconomic Pathways are available from the
Science Data Bank (https://doi.org/10.57760/sciencedb.01683). The nine CMIP6 model outputs can be obtained from the Institute Pierre-Simon Laplace server
(https://esgf-node.ipsl.upmec.fr/search/cmip6-ipsl/). The administration areas data used for mapping is obtained from https://www.naturalearthdata.com/
downloads/50m-cultural-vectors/.

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender There were no human participants in the study.

Population characteristics See above
Recruitment See above
Ethics oversight See above

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences Izl Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description This study provide a framework to quantify the direct and indirect impacts of urbanization on the temporal dynamics of vegetation
greenness, considering the effects of large-scale climate change on vegetation growth.

Research sample The 4718 cities are analyzed in this study, including both large and small cities across the world.
Sampling strategy The cities with an urban area greater than 10 km2 are analyzed, which covers most of the world's cities.
Data collection Most datasets are obtained from Google Earth Engine, and others are downloaded from sources using web browsers.

Timing and spatial scale ' The historical period is 2000-2019, and the future period is 2020-2040 in this study. The data is aggregated to annual averages on a
city scale for analysis.

Data exclusions Only the pixels that satisfied the two hypotheses of the adjacent substitution method are used, and the cities with enough valid
pixels are analyzed.

Reproducibility The resluts are reproducible if the methods described in the article are followed.
Randomization The data are not from a random sampling, and randomization is not involved.
Blinding Blinding methods are not involved in this study.

Did the study involve field work? |:| Yes |X| No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Content courtesy of Springer Nature, terms of use apply. Rights reserved

=
Y]
=t
=
@
1®)
@)
=
o
=
®
o)
@)
=
=
(@]
wv
c
=
=
o
=<

Lcoc Y2io)y




Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies IZ |:| ChlP-seq
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|:| Eukaryotic cell lines
|:| Palaeontology and archaeology
|:| Animals and other organisms

|:| Clinical data

|:| Dual use research of concern
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