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Global analyses of urban greenspace have traditionally highlighted a North-South disparity, yet a critical gap
remains in understanding how climatic and socioeconomic factors differentially drive greenspace exposure
inequality across these regions. To address this, we introduce a novel Greenspace Exposure Inequity Index (GEII)
and apply it to 1,370 cities worldwide. Our analysis reveals a more complex picture than the conventional divide:
while cities in the Global South generally exhibit slightly higher inequality, those in arid regions of the Global
North display greater inequity. Through a machine learning approach, we identify distinct primary drivers—the
Human Development Index (HDI) dominates inequality in Global Northern cities, whereas GDP, greenspace
coverage ratio (GCR), and total annual precipitation (TAP) are pivotal in the Global South. Crucially, we detect
statistically significant nonlinear thresholds that act as tipping points in these relationships. Specifically,
thresholds for GDP (natural-logarithm scale: 23.851) and TAP (1017.158 mm) are identified in the Global South,
and for GCR (0.55) in the Global North. The identification of these thresholds provides actionable insights for
urban planning: prioritizing human-centered development and equitable greening in the Global North, and
optimizing greenspace planning coupled with water resource management in the Global South, to mitigate

greenspace exposure inequality effectively.

1. Introduction

Urban areas, while occupying a small fraction of the Earth's land
surface, are home to more than half of the global population. Although
cities are engines of social and economic development, their rapid
expansion has concurrently exacerbated environmental degradation and
social inequities (DeFries et al., 2010; Chung et al., 2021; Wang et al.,
2021; Zhao et al., 2021; Chen et al., 2025a,b). In response, green
infrastructure—ranging from street trees to public parks—has been
widely advocated as a cost-effective, nature-based solution to enhance
urban sustainability and resilience (Kadic et al., 2025). Urban green-
spaces provide a multitude of ecosystem services, including urban heat
island mitigation, air purification, carbon sequestration, stormwater
management, and biodiversity conservation (Kong et al., 2010; Vieira
et al., 2018; Hoover and Hopton, 2019; Li and Zhou, 2019; Wang et al.,
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2021). Crucially, a growing body of evidence links greenspace exposure
to significant human health benefits through multiple interacting
pathways, including mitigation of environmental stressors, opportu-
nities for physical activity, stress alleviation and psychological restora-
tion, social cohesion, and enhanced perceptions of safety and
well-being, ultimately contributing to reduced heat stress, lower car-
diovascular morbidity, decreased obesity rates, and improved mental
health and longevity (Cummins and Fagg, 2012; Kusumaning Asri et al.,
2021; Maes et al., 2021; Sprague et al., 2022; Liu et al., 2023; Hardwicke
et al., 2025). Acknowledging these vital functions, the World Health
Organization has explicitly endorsed “universal access to greenspace” as
a fundamental objective for creating healthy and livable cities
(World-Health-Organization, 2017).

Despite this consensus, access to urban greenspace is profoundly
unequal within and across cities (Phillips et al., 2022; Leng et al., 2023).
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Numerous studies have documented that affluent, low-density, or his-
torically privileged neighborhoods often enjoy superior access to
abundant, high-quality green infrastructure, whereas socioeconomically
disadvantaged and densely populated communities frequently face sig-
nificant greenspace deficits (Anguelovski et al., 2022; Bressane et al.,
2024; Pearson et al., 2025; Sit et al., 2025). This pattern of environ-
mental injustice, observed in contexts as diverse as the United States,
Europe, China, and Brazil, translates into tangible disparities in park
area and tree canopy cover (Macedo and Haddad, 2015; Nguyen et al.,
2021; Song et al., 2021; Wu and Kim, 2021a,b; Anguelovski et al., 2022;
Heo and Bell, 2023; Rocha et al., 2024; Winkler et al., 2024; Yu et al.,
2025). Consequently, inequality in greenspace distribution can perpet-
uate and exacerbate underlying inequalities in mental and physical
health, positioning equitable greenspace provision not merely as an
environmental issue, but as a pressing matter of environmental justice
and public health equity.

A primary challenge in advancing this field is the fragmented nature
of existing evidence, with most studies confined to individual cities or
nations and employing heterogeneous methodologies and metrics (Zhu
and Cho, 2024). To overcome this limitation, recent research has begun
to develop population-weighted greenspace exposure indices for global
comparative analyses. For instance, Chen et al. reported a stark
North-South disparity, with cities in the Global North exhibiting an
average population-weighted greenspace exposure of ~45.8 %,
compared to only ~14.4 % in the Global South, where inequality (as
measured by the Gini coefficient) was also substantially higher (0.47 vs.
0.24) (Chen et al., 2022). Similarly, Wu et al. found that the average
greenspace exposure for inhabitants of Global South cities was merely
one-third of that in the Global North, with inequality approximately
doubled (Wu et al., 2023). However, many assessments rely on over-
simplified metrics, such as total greenspace supply or per-capita area,
which can misrepresent actual human exposure to nature (Labib et al.,
2020; Czesak and Rozycka-Czas, 2025). These approaches often fail to
capture the critical interplay between the spatial distribution of popu-
lation demand and the localized availability of greenspaces in residents'
immediate living environments. While robust methodologies have been
applied in some regional studies, a comprehensive and standardized
analysis mapping greenspace exposure inequality across a large, diverse
set of global cities remains scarce, hindering a unified global
understanding.

The drivers of these global disparities are similarly unclear. While
several global studies have centered on a North-South divide in green-
space equality (Chen et al. 2022, 2025; Leng et al., 2023; Wu et al.,
2023), this binary classification may be overly simplistic. For example,
studies show that rapidly growing cities in the Global South are losing
greenspace at an accelerated rate (Derdouri et al., 2025), and the pro-
portion of urban vegetation greening is lower there than in the North (Li
et al., 2025). Although this dichotomy reflects broad historical differ-
ences in development and investment, it risks obscuring the underlying
heterogeneity driven by the synergistic effects of climatic and socio-
economic factors (Wu and Kim, 2021a,b). Climatic con-
ditions—particularly =~ precipitation = and  temperature—impose
fundamental constraints on vegetation growth, leading to inherently
lower green cover in arid and cold regions compared to humid,
temperate zones (Li et al., 2024; Rao et al., 2025). Concurrently, so-
cioeconomic development is positively correlated with greenspace
provision (Chen et al., 2025a,b; Wei et al., 2025), with greenspace often
treated as a “superior good” whose demand and supply increase with
prosperity (Zhang et al., 2025). Yet, these two critical dimensions—-
climate and socioeconomic context—have not been integrated into a
cohesive analytical framework to explain patterns of greenspace expo-
sure inequality. Previous attempts, such as that of Bille et al., considered
only a limited set of drivers (Bille et al., 2023), leaving a gap for a sys-
tematic global analysis that disentangles the combined and potentially
differential roles of these factors in the Global North and South.

To address these knowledge gaps, this study employs our recently
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developed Greenspace Exposure Inequity Index (GEII) to provide a
standardized assessment of inequality across 1,370 cities worldwide (Yu
et al., 2023). The GEII integrates three critical dimensions: the quantity
of available greenspace within a practical buffer, the distance-based
accessibility to the nearest greenspace, and an equity measure (Gini
index) of individual exposure levels across the population (see Methods)
(Cai et al., 2025). This multi-faceted approach captures both the suffi-
ciency of greenspace and the fairness of its distribution, offering a
practical and operational metric for urban planners, as demonstrated in
a pilot study in Shanghai (Yu et al., 2023). We attempt to refine existing
global perspectives on greenspace exposure inequality by introducing a
city-level, exposure-based metric and by systematically examining how
climatic and socioeconomic factors interact within and across the Global
North-South context. This research aims to answer three specific ques-
tions: (1) How do the patterns of urban greenspace exposure inequality
(GEII) differ between the Global North and South? (2) What are the
predominant climatic and socioeconomic drivers of GEII in Northern
and Southern cities? (3) Do nonlinear response thresholds exist for the
influence of these key drivers on GEII?

2. Methods
2.1. Data sources and preprocessing

2.1.1. Global urban areas

We employ the 2020 Global Urban Boundaries (GUB) shapefile,
derived from a global dataset of impermeable surfaces using 30-m res-
olution Landsat satellite imagery (Li et al., 2020). The GUB dataset is
publicly available through the project website (https://www.x-mol.
com/groups/li_xuecao/dongtaizhitu). This dataset aligns closely with
actual urban extents and adeptly captures the complex geometry of city
boundaries, especially in peri-urban zones. However, the GUB data often
splits urban areas separated by water bodies (rivers, lakes, or bays) into
distinct entities. While these water bodies may hinder residents’ access
to greenspaces on the opposite side, these areas typically belong to the
same administrative city and share a unified urban planning and policy
framework. Additionally, the dataset sometimes fragments large urban
agglomerations along national borders or first-level administrative di-
visions. Although national boundaries represent significant adminis-
trative separations, other divisions rarely prevent residents from
accessing greenspaces across them. To address this, we retain urban
boundaries separated by national borders but merge those divided by
water bodies or first-level administrative lines if they were within 1 km
of each other. This 1 km threshold corresponds to the buffer distance
used in the availability calculations. To ensure a robust sample for global
analysis and exclude areas too small to qualify as cities, we apply two
criteria: an area of at least 100 km? and a population of at least 100,000.
This process yields 1,370 urban boundaries for analysis (Fig. S1). Of
these, 562 cities are located in the Global North, while 808 cities are in
the Global South. The Global North-South classification adopted in this
study is consistent with that used by Chen et al., (2022).

2.1.2. Population

Population data are sourced from the WorldPop 2020 UN-adjusted
dataset, offering 100-m resolution (Bondarenko et al., 2025). This
dataset is publicly available through the WorldPop data portal (https
://hub.worldpop.org/geodata/listing?id=135). It integrates multiple
inputs—satellite imagery, land use, road networks, nighttime lights,
building footprints, and census statistics—using machine learning to
model spatial population distribution with high accuracy and detail
(Stevens et al., 2015).

2.1.3. Greenspace

Greenspace data are derived from the ESA WorldCover 2020 v100
product, provided by the European Space Agency (Zanaga et al., 2021).
It is publicly accessible via the ESA WorldCover repository on Zenodo


https://www.x-mol.com/groups/li_xuecao/dongtaizhitu
https://www.x-mol.com/groups/li_xuecao/dongtaizhitu
https://hub.worldpop.org/geodata/listing?id=135
https://hub.worldpop.org/geodata/listing?id=135

Y. Zhang et al.

(https://zenodo.org/records/5571936). This dataset, generated
through multi-temporal analysis and machine learning applied to
Sentinel-1 and Sentinel-2 imagery, offers a 10-m resolution global land
cover classification, noted for its detail and accuracy (Venter et al.,
2022). From its 11 land cover categories, we designate forests, shrubs,
grasslands, herbaceous wetlands, and mangroves as greenspaces. To
reduce the influence of small, isolated features (e.g., solitary trees or tiny
lawns), we resample the data to 100-m resolution. For each of the 1,370
urban boundaries, we create a 1 km outward buffer, incorporating
greenspace grids within this zone to mitigate potential bias near urban
edges.

2.2. Index calculation

The GEII for each city is quantified by integrating population data
and greenspace metrics. This methodology provides a robust and stan-
dardized metric for assessing greenspace exposure inequality, allowing
for a consistent global comparison across diverse urban environments.
Building on the Shanghai pilot study, we adjust Yu et al.’s approach to
suit global datasets and the varied contexts of cities worldwide.

2.2.1. Availability

The availability index measures the total greenspace area within a
defined radius of urban residents. We use the centroids of population
and greenspace grid cells to represent residential and greenspace loca-
tions, respectively, setting a 1 km buffer radius. This distance approxi-
mates a 15-min walk, which is grounded in the “15-min city” concept, a
globally adopted standard that reflects urban planning best practices for
ensuring equitable access to essential services and promoting physical
activity (Moreno et al., 2021; Khavarian-Garmsir et al., 2023; Zhang and
Jiang, 2025). Given our reliance on raster data, calculating road
network distances is impractical, so we opt for straight-line distances as
a reasonable proxy.

Within each residential buffer, we compute the “distance-weighted
area” of greenspaces on Google Earth Engine platform:

dj |\ .
si:<1—10(’)0>‘nAj @

Here, S; is the weighted area for residential point i, d; is the distance to
greenspace j, and A; is the area of greenspace j. This linear decay func-
tion prioritizes nearer greenspaces, offering a refined measure of avail-
ability based on spatial patterns.

For each city, we normalize these weighted areas to the (0,1) range to
derive the availability index:
Ty = _Si = Smin_ 2

Smax - Smin

Where I,,; is the availability index, Sy, and Syqc denote the minimum
and maximum weighted areas within the city.

2.2.2. Accessibility
The accessibility index evaluates the distance from each residential
point to the nearest greenspace, calculated as:

Where D; is the nearest distance for resident point i, and dj is the dis-
tance from residential point i to greenspace j. We use straight-line dis-
tances, computed in GIS, due to the limitations of raster data. Drawing
on Yu et al. and recent planning standards, we normalize this distance to
the (0,1) range:
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Where I,; is the accessibility index. This piecewise approach assigns
higher weights to distances under 300 m—reflecting their greater
accessibility—while stabilizing the index for larger distances
(Konijnendijk, 2023).

2.2.3. Gini index

The Gini index, a well-established economic measure of inequality,
has gained traction in studies examining greenspace exposure (Fig. S2)
(Gastwirth, 1972; Martin and Conway, 2025). It is defined as the ratio of
the area between the line of equality and the Lorenz curve (Area A) to
the total area under the equality line (Area A + Area B):

Sa
Gini= S
SA -+ SB ( )
Since S, + Sg = 0.5, this simplifies to:
Gini=1—2* S (6)

Where B is the area under the Lorenz curve, derived via integration.
Values range from 0 (perfect equality) to 1 (extreme inequality).

We calculate the Gini index for both the availability and accessibility
indices across all cities. For each residential point, we compute a com-
posite exposure index as the geometric mean of its availability and
accessibility indices, tempering the influence of extreme values. The
GEII for each city was then determined based on the distribution of these
composite indices.

2.3. Influencing factors

We select a set of explanatory variables to examine their associations
with GEII in global cities. All variables are derived from publicly
available global datasets (Table S1). Natural and climatic variables
include greenspace coverage ratio (GCR), total annual precipitation
(TAP), and annual mean temperature (AMT). Socioeconomic variables
comprise gross domestic product (GDP; taking the natural logarithm
before analysis), GDP per capita (GDPpc), population density (PD),
nighttime light intensity (NLI), and the Human Development Index
(HDI). To improve the model's predictive capability and to capture the
complex relationship between socioeconomic factors and greenspace
inequality, two interaction terms are incorporated into the model. The
first term, GDP/GCR, serves as an indicator of a city's economic pro-
ductivity relative to its greenspace coverage, allowing us to explore how
economic development within a greenspace-constrained urban envi-
ronment influences GEIL This term is log-transformed to normalize its
highly skewed distribution and ensure a linear relationship with the
dependent variable. The second term, GDP/PD, similarly indicates
whether regional economies can develop efficiently under the same
population-spatial pressure, helping to reveal how concentrated eco-
nomic activity interacts with greenspace inequality. These additions
significantly enhanced the general performance of the model. All vari-
ables and interaction terms are harmonized to a common urban
boundary and temporal reference to ensure cross-city comparability.

To quantify the combined influence of these factors on GEII, we
employ the eXtreme Gradient Boosting (XGBoost), a gradient boosting
decision tree algorithm, which provides a good explanation for the
influencing factors of urban greenspace exposure inequality (Fig. S3).
Feature importance is evaluated using the gain-based importance metric
in XGBoost. It measures the average reduction in the loss function
attributed to a given feature across all split nodes, reflects the overall
influence of each feature on model decisions, and enables identification


https://zenodo.org/records/5571936

Y. Zhang et al.

of the primary drivers of GEIL. To further assess the direction and
magnitude of individual feature effects on model predictions, we apply
the Shapley Additive Explanations (SHAP) framework to decompose the
model outputs into the sum of the contributions of each feature. Then,
based on the SHAP dependence plots, we perform the nonlinear
response analysis to determine the positive and negative contributions
of the feature to GEII in different value intervals. To quantify the un-
certainty of the nonlinear response thresholds, we employ the Bootstrap
resampling approach (B = 500). For each resample, SHAP values are
smoothed using LOESS regression, and the first negative-to-positive
transition point (if uniquely present) is extracted as the response
threshold (see Fig. 1).
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3. Results
3.1. GEII for the Global Northern and Southern cities

3.1.1. The pattern of GEII for the Global Northern and Southern cities

Using high-resolution global population maps and land cover data,
we calculate the GEII for 1,370 cities worldwide (Fig. 2). The global
mean GEII was 0.493, with an average of 0.481 for the Global Northern
cities (n = 562) and 0.501 for the Global Southern (n = 808), indicating
marginally higher greenspace exposure inequality in the latter. Cities at
higher latitudes, particularly in the Northern Hemisphere, generally
exhibit lower GEII values. Conversely, some cities in certain mid-
latitude and arid climates (such as Southern Europe) appear to possess
a tendency toward elevated GEII values. Cities closer to the equator
generally demonstrate lower GEII values, except for some regions in
South America and Central Africa.

The Global North-South classification is employed in this study as a

WorldPop

(Greenspace) ) (Population)

Nearest
Distance .

[ Accessibility ]
D, = min; (d,)

[ Availability ]

S, = (1-d;/1000) * 4, ﬂ

Sa
PEE

Cumulative share of
greenspace exposure

Gini =

Fig. 1. Flowchart of the research with four major steps.



Y. Zhang et al.

Journal of Environmental Management 400 (2026) 128714

@ o
o
0
o
o
S
1 Global North ' 5?4
1 Global South
AR © < N 0 0° oo 250 Wg
o : 3
o (o] oo
o . & & o 9% 60 ocgo L=
o o) o) 8 (e] OC%O 0%
L© :
. © & o ° 0& = o S99 e
o O% ® 8° » o
S % o0 o - 0 &
o o o . O
8 \ o
o] D ) 2 o0 >
E & 255 RS -
OB oo &R guf - (0 0
; S o
o o il
° .4 o
o®
ois

Fig. 2. Global North-South distribution pattern of GEII for 1370 cities based on the Gini index.

widely accepted proxy for broad socioeconomic differentiation among
cities. Rather than serving as the sole analytical framework, it is used as
a reference dimension against which the roles of climatic and other
socioeconomic factors can be further examined. Accordingly, compari-
sons between the Global North and South are intended to reveal how
additional mechanisms operate beyond this conventional divide. For
example, some regional variations deviated notably from the North-
South pattern, including high GEII values in Southern Europe and low
values in Southeast Asia (Fig. 2). It is similarly evident in the respective
patterns of availability and accessibility, both of which are relatively
high in southern European cities (Fig. S4). The country-level results
further highlight the presence of outliers, underscoring that national
circumstances can diverge considerably from the general North-South
pattern of greenspace exposure inequality. The average GEII for the ten
representative countries of the Global North and the Global South (the
five with the largest number of cities in the Global North and South,
respectively) is: United States (0.484), Russia (0.429), Japan (0.511),
Italy (0.701), and France (0.513) in the Global North; and China (0.493),
India (0.426), Brazil (0.624), Mexico (0.430), and Indonesia (0.358) in
the Global South. Interestingly, the average GEII values for Japan, Italy,
and France in the Global North all exceed the global average, whereas
those for Indonesia, India, and Mexico in the Global South fall below it.

These country-level patterns partly reflect broader regional ten-
dencies (Fig. 2): high GEII is not only observed in Southern Europe, but
also across much of South America. In contrast, relatively low GEII is
found in Western and Eastern Europe as well as South Asia, while East
Asia and North America remain close to the global average. Beyond
these regions, cities in the Middle East and Southern Africa generally
exhibit high GEIl, whereas many in Western Africa display

comparatively lower values.

The anomalously high GEII in Italian cities and the low GEII in
Indonesian cities suggest the possible existence of other important
explanatory factors for urban greenspace exposure inequality in global
cities, in addition to the North-South divide. The background climate
may be one of the key driving factors; however, the pronounced
disparity between Indonesia and Brazil — two Global Southern coun-
tries located in the tropics — suggests that climatic classification alone
cannot adequately explain the spatial pattern of GEIL. Some socioeco-
nomic factors may be equally important.

3.1.2. GEII for the Global Northern and Southern cities in different climate
classifications

To investigate the influence of climate and socioeconomic develop-
ment on greenspace exposure inequality, we analyze the GEII for cities
categorized by the Koppen-Geiger climate classification and their affil-
iation with the Global North and South (Fig. 3). The result reveals that
climate zones exert a more significant influence on GEII than the Global
North-South divide. Among various climate categories, cities with a
Mediterranean climate (Csa/Csb) exhibit the highest greenspace expo-
sure inequality, with an average GEII of 0.584. In contrast, cities in
tropical rainforest climates (Af) show the greatest equality in greenspace
exposure, with an average GEII of 0.408.

On a climate-specific level, we observe nuanced differences between
the Global North and South. In more humid, mid-latitude climate zones,
such as continental (D) and humid temperate (Cfa/Cfb) climates, cities
in the Global South generally have a slightly higher GEII than their
counterparts in the Global North. Conversely, in drier climate zones,
such as arid (B) and Mediterranean (Csa/Csb) climates, cities in the
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Fig. 3. GEII for the Global Northern (blue) and Southern (orange) cities within each climate classification. The climate types are named according to the Koppen-
Geiger classification: Af — tropical rainforest, Am - tropical monsoon, Aw — tropical savanna, BSh/BSk — hot/cold semi-arid, BWh/BWk - hot/cold desert, Cfa/Cfb —
humid subtropical/oceanic, Csa/Csb — hot-/warm-summer Mediterranean, Cwa/Cwb/Cwc — monsoon-influenced subtropical highland, Dfa/Dfb/Dfc — humid con-
tinental/subarctic, Dsa/Dsc — dry-summer continental/subarctic, and Dwa/Dwb — monsoon-influenced continental. Cities are divided into the Global North (blue)
and Global South (orange). Each boxplot represents the interquartile range, with the horizontal line inside indicating the median. Scatter points represent individual

city GEII values. Hollow boxplots denote categories with fewer than 10 cities.

Global North exhibit higher GEII values. Despite these variations, the
average GEII difference between Global North and South cities is rela-
tively small across most climate categories. The most substantial
disparity is found within the Mediterranean climate zone, where the
average GEII difference between the two groups is 0.047, far greater
than the Global North-South divide (0.012). This proves that climate is a
key factor affecting GEII. These results indicate that climatic classifica-
tion provides an alternative and complementary lens for understanding
disparities in greenspace exposure inequality. In several climate zones,
the magnitude of GEII variation exceeds that observed between the
Global North and South, suggesting that climate-based differentiation
captures substantial heterogeneity that is obscured by a purely socio-
economic dichotomy.

3.2. Influencing factors of the GEII for the Global Northern and Southern
cities

Based on the XGBoost model, we identify the most important factors
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dicted GEII, we employ SHAP values to interpret the XGBoost model.
Fig. 5 visualizes these contributions for cities globally, and the Global
North and South separately. The result reveals notable differences in
how key factors influence GEII between the two groups. In Global
Southern cities, a high TAP is consistently associated with negative
SHAP values, suggesting that cities with higher precipitation tend to
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Fig. 4. Feature importance of influencing factors for global (A), Global Northern (B), and Global Southern (C) cities, calculated by the XGBoost model. The
influencing factors used include: greenspace coverage ratio (GCR), total annual precipitation (TAP), annual mean temperature (AMT), gross domestic product (GDP),
GDP per capita (GDPpc), population density (PD), nighttime light intensity (NLI), Human Development Index (HDI), and two interaction terms GDP/GCR and
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have more equal greenspace exposure. This finding aligns with the
overall global trend. However, in Global Northern cities, the influence of
TAP on GEII tends to be positive, as higher precipitation is more
frequently associated with greater inequality. A comparable pattern is
observed with AMT: higher temperatures in Global Northern cities
correspond to higher GEII values, suggesting that elevated temperatures
may amplify inequalities in greenspace exposure. By contrast, this as-
sociation is far weaker in Global Southern cities, where AMT does not
show a consistent directional effect on GEIIL.

Turning to socioeconomic factors, we find a distinct North-South
difference in the effect of NLI. In Global Northern cities, lower NLI
values are associated with positive SHAP values, suggesting that cities
with weaker nighttime illumination — and by implication lower levels of
economic activity or infrastructure — tend to experience greater green-
space exposure inequality. Conversely, in Global Southern cities, higher
NLI values are more often linked to positive SHAP values, indicating that
in these cities, intensified economic activity and urban development are
associated with greater inequality in greenspace exposure.

To further clarify how the primary influencing factors affect GEIIL, we
perform a unidimensional feature dependency analysis on the three
variables: GDP, TAP, and GCR (Fig. 6). We exclude HDI from this
analysis because its limited variation within a country makes it

unsuitable for this city-level differentiation. We reveal a consistent
pattern for GDP across global, Northern, and Southern cities. However,
the magnitude of its influence varies. Notably, the SHAP values for
predominant Global Northern cities show no obvious positive or nega-
tive trend, which indicates the factor's unclear influence in this context.
In Global Southern cities, we identify a clear nonlinear response
threshold for GDP (taking the natural logarithm) at approximately
23.851 using the Bootstrap resampling approach (Fig. 6C). Below this
threshold, SHAP values are negative, indicating that cities with lower
GDP are more likely to have relatively equal greenspace exposure. And
above this threshold, the SHAP values turn positive, suggesting that GDP
relates to an increase in GEIL This effect will be enhanced in cities with
higher AMT (Fig. S5C). Similarly, for TAP, a response threshold is
identified in Global Southern cities at approximately 1017.158 mm
(Fig. 6F). When TAP falls below this threshold, lower TAP corresponds
to higher GEII. This effect is even more pronounced in cities with lower
GDP (Fig. S5D). In contrast, Global Northern cities do not exhibit a
discernible trend for this variable. The impact mechanism of GCR is
similar to TAP, but the threshold appears in the Global Northern cities:
when a city's GCR exceeds 0.55, its greenspace exposure tends to be
more equal, mainly in the cities with lower PD (Fig. S5H). Additionally,
there is a threshold for GDP/GCR in the Global South (23.307, on the
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Fig. 6. SHAP unidimensional feature dependency contributions for global (A, D, G), Global Northern (B, E, H), and Global Southern (C, F, I) cities. A, B, C: the
contribution of GDP. D, E, F: the contribution of TAP. G, H, I: the contribution of GCR.
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natural logarithm scale, Fig. S6), suggesting the importance of inte-
grating climate and socioeconomic factors.

4. Discussion

4.1. Interpretation of the global pattern of urban greenspace exposure
inequality

The unequal distribution of urban greenspace exposure, particularly
between affluent and disadvantaged communities, is a well-documented
phenomenon (Chen et al. 2022, 2025; Wu et al., 2023; Rocha et al.,
2024; Winkler et al., 2024). However, a comprehensive understanding
of this inequality requires moving beyond a purely socioeconomic lens
to incorporate the critical role of climatic constraints. Moreover,
global-scale analyses that disentangle the complex interplay of these
drivers have been scarce. While numerous studies have quantified
greenspace disparities, many are confined to individual cities or nations
and rely on disparate metrics—such as total supply (per-capita area) or
simple accessibility (distance to the nearest greenspace)—that offer an
incomplete picture of population exposure (Song et al., 2021; Wu and
Kim, 2021a,b; Chen et al., 2022; Bille et al., 2023; Hwang et al., 2025).

We address these gaps by systematically analyzing greenspace
exposure inequality across 1,370 cities spanning all major climate zones,
using the population-weighted Greenspace Exposure Inequity Index
(GEID). Our results suggest that urban greenspace exposure inequality
should be understood as the outcome of interacting climatic and socio-
economic constraints rather than a simple manifestation of the North-
South divide. While our findings confirm the general North-South
disparity reported in prior research (Chen et al., 2022; Wu et al,,
2023), a closer examination reveals that this divide is strongly modu-
lated by climate. Specifically, in arid climates, cities in the Global North
exhibit levels of inequality comparable to, or even exceeding, those in
the Global South. It should be emphasized that this study does not aim to
negate the relevance of the Global North-South divide in shaping
greenspace exposure inequality, nor is it intended to replace the global
North-South framework with another paradigm. On the contrary, our
results confirm that this divide continues to reflect broad differences in
socioeconomic development among global cities. However, by incor-
porating climatic variables and multiple socioeconomic indicators, we
demonstrate that the Global North-South divide alone is insufficient to
explain the observed spatial heterogeneity of GEIIL. Inequality patterns
emerge from more complex and context-dependent mechanisms, in
which climatic constraints and socioeconomic conditions interact and
manifest differently across regions.

A key methodological advancement of this work is the application of
the GEIL Unlike simpler metrics, the GEII provides a more holistic
assessment by simultaneously integrating the area, proximity, and eq-
uity of greenspace distribution relative to the resident population. This
rigorous quantification of actual exposure, as opposed to mere supply or
accessibility, likely underpins some of the nuanced patterns observed
here, which diverge from studies using less integrated indicators.

Employing ensemble machine-learning models allowed us to uni-
formly capture the relative importance of drivers across the global
sample and, crucially, to detect nonlinear response thresholds for key
variables—GDP, total annual precipitation (TAP), and greenspace
coverage ratio (GCR). Our models identify distinct primary drivers in the
Global North and South. In Northern cities, the Human Development
Index (HDI) emerges as the dominant predictor of GEII, whereas in
Southern cities, GDP, GCR, and TAP are the primary controls. These
results extend previous studies by transcending the limited explanatory
power of a traditional North-South dichotomy, underscoring that cit-
ies—as integrated social-ecological systems—experience greenspace
inequality shaped by synergistic climatic and socioeconomic forces.
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4.2. Implications of nonlinear thresholds for environmental equality and
urban planning

Our findings, especially the detection of nonlinear response thresh-
olds, have direct implications for both urban planning practice and the
broader understanding of environmental justice. First, in Global
Southern cities, a tipping point occurs when GDP (on a natural-
logarithm scale) exceeds 23.851, beyond which further economic
growth is associated with increased inequality. This suggests a growing
dissonance between economic expansion and the equitable spatial
allocation of greenspace benefits. In these more affluent Southern cities,
planning priorities must, therefore, shift from merely expanding the
total greenspace area—which may already be occurring (Fig. S71) (Wu
et al., 2023; Yu et al., 2025)—to targeted investments in greenspace
provision within densely populated, underserved neighborhoods. Sec-
ond, also in the Global South, we identify a precipitation threshold of
1017.158 mm, below which water scarcity exacerbates inequality. For
planners in these arid cities, a dual strategy is imperative: promoting
water-efficient irrigation and drought-tolerant planting to overcome
bioclimatic constraints (Calderon-Argelich et al., 2021), while simulta-
neously dismantling socio-economic “greenspace barriers” to ensure
that low-income communities are not disproportionately deprived of
green amenities (Fig. S6B). Finally, in Global North cities, a GCR below
0.55 acts as a threshold that drives heightened inequality. This finding
calls for an equality-driven greening agenda that combines legally
binding minimum coverage targets with spatially prioritized in-
vestments in high-density, greenspace-poor districts (Figs. S6A, E, H)
(Anguelovski et al., 2022).

4.3. Limitations and future research directions

Several limitations of this study should be acknowledged. First, our
analysis focused on a selected set of macro-scale climatic and socio-
economic drivers. The formation of greenspace inequality is, however, a
complex process influenced by more granular, place-specific factors
such as community history, cultural practices, local governance capac-
ity, land tenure systems, and detailed policy instruments. While incor-
porating these elements could enhance the local relevance of our
models, this global-scale analysis was necessarily constrained by data
availability and computational feasibility. Future research should aim to
integrate these contextual drivers, particularly in Global Southern cities
with prominent informal settlements, to provide a more “bottom-up”
understanding of the underlying social mechanisms.

Second, our analysis adopts a uniform buffer size (1 km) to oper-
ationalize greenspace exposure across all cities. However, the effective
buffer size for greenspace exposure may be spatially nonstationary.
Differences in urban form, transportation infrastructure, cultural prac-
tices, and climatic conditions may lead residents in different cities to
interact with greenspaces at substantially different spatial scales (Liu
et al., 2024a,b). Future studies could address this limitation by incor-
porating adaptive or city-specific buffer schemes informed by urban
morphology or empirical exposure-response relationships.

Third, this study relies on annual representations of both greenspace
and population exposure, implicitly assuming temporal stationarity. In
reality, both vegetation conditions and human mobility patterns can
vary considerably across seasons. Ignoring temporal dynamics may
introduce additional uncertainty into greenspace exposure assessments
(Liu et al., 2024a,b). From a long-term perspective, the cross-sectional
nature of this study, imposed by data constraints, also limits causal
inference. A critical next step is to incorporate a temporal dimension to
explore the long-term dynamics of GEII in response to urbanization,
climate change, and policy interventions. Constructing scenario-based
simulation models could help forecast future trajectories of greenspace
inequality, thereby providing a robust scientific foundation for proactive
and equitable urban planning.
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5. Conclusion

This study extends the conventional North-South dichotomy to
demonstrate that urban greenspace exposure inequality is not merely a
function of geographic or economic bloc, but is critically shaped by the
interplay of climatic and socioeconomic factors. While confirming the
general disparity in greenspace exposure between the Global North and
South, our analysis of 1,370 cities reveals that this binary framework is
insufficient. We show that climatic conditions are a constitutive force in
shaping inequality, to the extent that they can invert the expected
North-South pattern in specific contexts, such as in arid regions.

Central to this refined understanding is the application of the GEII,
which advances upon previous metrics by integrating availability,
accessibility, and equity at the population level. This approach over-
comes the limitations of supply- or distance-based measures, providing a
standardized and demographically sensitive assessment of exposure. By
integrating high-resolution spatial data with explainable machine
learning, we further identified distinct primary drivers in each hemi-
sphere: socioeconomic development (HDI) in the Global North, and a
combination of economic capacity (GDP), existing greenspace coverage
(GCR), and precipitation (TAP) in the Global South.

A key and novel contribution of this work is the discovery of statis-
tically significant nonlinear thresholds in these drivers. The identifica-
tion of specific tipping points for GDP (In-transformed: 23.851) and
annual precipitation (1017.158 mm) in the Global South, and for
greenspace coverage (GCR: 0.55) in the Global North, provides a
quantitative foundation for targeted policy intervention. These thresh-
olds, previously unmapped at a global scale, offer a more nuanced and
operational lens for understanding urban greening processes, suggesting
that the relationship between development and equity is not linear but
can shift fundamentally once critical points are reached. Consequently,
our findings provide a more nuanced and actionable framework for
tackling urban environmental inequality, emphasizing that effective
strategies must be tailored to a city's specific climatic and socioeconomic
context.
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