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Urban vegetation inequality (UVI) undermines the equitable distribution of ecosystem services such as
heat mitigation. However, the role of climate variability in shaping UVI remains unclear. Here we have
developed a methodology using satellite, census, and climate data to analyze UVI across 245 major
U.S. cities. Our study proposed a vegetation polarization index (VPI), calculated as the normalized
difference between the 90th and 10th percentiles of NDVI, to measure UVI. We examined how climate
events affect UVI differently in the Sunbelt versus northern cities. Sunbelt cities display exacerbated
UVI under drought and warmer climates, while colder and wetter conditions may increase UVI in
northern cities. Hot droughts can amplify UVI across almost all cities, with Sunbelt cities showing
greater vulnerability. We analyzed UVI trends from 2001 to 2020, revealing that Sunbelt cities exhibit
worsening UVI trends, while northern cities show improving trends. These changes are related to
climate shifts and socioeconomic factors, underscoring the vulnerability of U.S. cities to fluctuating
UVI under climate change. Socioeconomic conditions play a significant role in exacerbating this

vulnerability.

Urbanization and extreme climate events, such as deadly heatwaves and
extreme droughts have caused multiple environmental challenges that
impair urban sustainability'. Urban vegetation as a nature-based solution
provides ecosystem services benefits for residents to combat urban climate
challenges, e.g., air purification, mitigation of local heat waves, and noise
reduction’™. Through providing these ecosystem benefits, urban green
space is strongly associated with reductions in mortality rates by reducing
the risk of some dangerous diseases, e.g., cardiovascular disease’. The global
urban population has grown to 4.2 billion by 2018, accounting for more than
half of the total global population®. In light of this, governments should
consider how to ensure that the majority of urban dwellers can equally
receive ecosystem benefits from urban green spaces. This aligns with the
United Nations’ Sustainable Development Goal 11 (SDG 11)’, which aims to
make cities and human settlements inclusive, safe, resilient, and sustainable.

Unfortunately, there is considerable evidence that urban vegetation is
often unequally distributed among different socioeconomic groups in
cities*”. For example, community greenery is closely linked to the income of
residents in many U.S. big cities such as Los Angeles". Furthermore,
inequality in urban greenness is closely linked to a wide range of socio-
economic and geophysical elements'®'". Disparities in urban greenness

associated with the race and education of residents are more severe than
those related to age, income, or household characteristics in cities of
northeast U.S. such as New York'”. Serious inequalities in urban vegetation
are projected to lead to a disproportionate distribution of ecosystem bene-
fits, including public health gains. This represents a critical environmental
justice issue'’. Thus, a national comparative analysis of urban vegetation
inequality across all major U.S. cities (n =245) can provide valuable evi-
dence. Such evidence is needed to monitor and mitigate the negative
environmental justice impacts of disparities in vegetation cover and health.

In addition to socioeconomic influences on urban vegetation
inequality (UVI), some case studies have shown that global warming and
climate extremes are also likely to contribute to this inequality'*. During the
exceptional 2012-2016 drought in southern California”, disadvantaged
communities could not afford the rising cost of outdoor water use'’, and
thus their vegetation suffered a significant degradation. In addition,
although there was no significant relationship between vegetation and
income in Phoenix in the 1970s, there was a trend towards an increasing
correlation between the two variables by 2000 due to more frequent heat-
waves in recent years®. Extreme climate events and global warming are a
threat to the sustainability of urban vegetation.
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These studies have primarily examined the effects of climate variability
on vegetation health and function. Fewer have explored the relationships
between socioeconomic variables and UVI, particularly their dynamics
under a changing climate'”'. Urban greenness could be affected by both
human activities such as outdoor water usage and climate extremes like
droughts. Numerous studies have documented that climate extremes,
including heatwaves and droughts, are becoming more frequent and intense
under global warming, posing escalating risks to urban ecosystems and
populations'™'. Under a global warming scenario of +2 °C, the occurrence
of extreme heatwaves is projected to increase by approximately fivefold™,
whereas the frequency of droughts is expected to rise nearly threefold”.
Compound climate events are also expected to intensify”’. Compound cli-
mate events are defined as the combination of multiple climate drivers and/
or hazards that contribute to societal or environmental risk**. These varia-
tions highlight the need to better understand how climate variability and
socioeconomic disparities jointly shape urban vegetation inequality.

We therefore ask the following key scientific questions: (1) What are
the current state and trends of UVI in U.S cities? (2) What is the impact of
different climate events (i.e., including single and compound climate events)
on the city-scale UVI? (3) What cities tend to have higher vegetation
inequality trends and why?

To accurately identify the UVI dynamics in the context of global
warming, it is important to apply appropriate vegetation greenness indices
at the city scale. The Gini Index, a metric originally developed for measuring
economic disparities, has recently been applied to quantify urban green
inequality”’. However, previous studies suggest that the Gini index is more
sensitive to changes in the middle-level groups and less sensitive to changes
at the top and the bottom of the sample distribution®. Considering the
limitations of the Gini Index, here we propose a vegetation polarization
index (VP see Method), which is derived by calculating the normalized
difference between the 90™ and 10™ percentiles of the Normalized Difference
Vegetation Index (NDVI) for a region, to assess UVI dynamics in the
continental U.S. cities. The VPI quantifies the disparity between the most
and least vegetated areas within a certain regions, providing a sensitive
measure of extreme vegetation inequality. This is particularly relevant in
urban environments, where advantaged socioeconomic groups often have
access to greener vegetation, while disadvantaged groups tend to reside in
areas with substantially less vegetation. This index enables a more robust
assessment of urban vegetation inequality and its response to climatic and
socioeconomic factors across U.S. cities.

Results
Divergent distribution of UVI trends
We examined the long-term trends and averages of UVI at the city scale
from 2001 to 2020 (Fig. 1). A VPI Z-score trend of >0 indicates an increasing
UVI, suggesting that disparities in vegetation greenness between neigh-
borhoods within a city have been widening (see Methods). The study area
was categorized into simplified Koppen-Geiger climate zones: arid, snow,
warm temperate, and Tropic zones. Our findings reveal that cities in the arid
zone exhibit significantly higher UVI levels (VPI = 0.38 to 0.45) compared
to cities in the other three climate zones (VPI = 0.27 to 0.32) (Fig. 1a).
Over the past two decades, most cities in southern California and
Texas, spanning both temperate and arid zones, have shown a notable
increase in UVI (0.003 to 0.008/month). Conversely, cities in the Pacific
Northwest, East Coast, and the Great Lakes Region have demonstrated
significant declines in UVI (—0.003 to —0.007/month) (Fig. 1b). In total, 46
out of 245 cities experienced an uptick in UVI, with 17 cities showing a
statistically significant increase (Supplementary Table 1), primarily con-
centrated in the arid and temperate zones. Across different climate zones,
nearly all cities in the tropic and snow zones exhibited a decrease in UVL In
the temperate zone, 75% of cities and in the arid zone, 56% of cities
experienced a similar decline. Notably, cities in the arid zone had the highest
proportion (~44%) showing an increasing UVI trend among the four cli-
mate zones. In addition, our findings indicate that the average UVI in certain
cities within arid zones, such as Phoenix and Las Vegas, has potentially

peaked at its highest level (VPI>0.34) compared to cities in other climate
zones. Moreover, there is an emerging trend of stabilization or even decline
in UVI within the arid zone.

Distinctive effects of climate events on UVI between Sunbelt and
northern cities

We investigated the impacts of various climate events and their severities on
UVI, encompassing both single and compound events such as drought, wet
periods, hot droughts, and cold wet episodes. These events were defined
based on the 1% and 4" quartiles of monthly drought and temperature
indices over the past two decades (Table 1). Different severities of these
climate events were identified using various thresholds of these indices
during the same period (see Methods). A VPI Z-score greater than 0 indi-
cates thata climate event can exacerbate UVIin a city. The standardized VPI
Z-scores enable comparisons across spatial and temporal scales, reflecting
the dynamic changes in UVI under different climate events.

The findings indicate a clear disparity in the influence of various climate
events on UVI across the Sunbelt and northern U.S. cities. The Sunbelt
region comprises 15 southern states in the U.S. and extends from Virginia
and Florida in the southeast through Nevada in the southwest, and also
includes southern California (typically encompassing the area south of the
36° north latitude parallel)”’. Northern cities in this study refer to all major
cities located outside the Sunbelt region, primarily in the Midwest, North-
east, and Northwest of the United States. For example, southern California,
Texas, and Florida exhibited the highest VPI Z-scores (>0.4) during drought
periods, highlighting the exacerbation of UVI in these Sunbelt cities (Fig. 2a).
In contrast, during wet periods, UVI in these Sunbelt cities decreased
(< —0.2), while it slightly increased in northern cities (>0.1) (Fig. 2b).
Additionally, UVI in Texas and California noticeably rose during warmer
periods (>0.2), whereas a decline was observed in Florida and northern cities
(<—0.1) (Fig. 2¢). Strikingly, the spatial pattern of UVI during colder periods
was opposite to that during warmer periods (Fig. 2¢, d).

Furthermore, the influence of compound climate events on UVI
seemed to either amplify or mitigate the effects of individual events, also
depending on the geographical locations of the cities. For instance, during
warmer drought periods, UVI in the Sunbelt cities was exacerbated com-
pared to a single drought or warm event, whereas northern cities were less
affected (Fig. 2e). Notably, hot drought events intensified vegetation
inequality across nearly all U.S. cities (Fig. 2g). Additionally, cold wet and
colder wet periods resulted in increased VPI Z-scores in northern cities and
decreased scores in the south, while warmer drought events exhibited an
opposite north-south pattern (Fig. 2e, f, h).

Our findings further highlight the varying impacts of different
severities of drought and hot drought on UVI (Supplementary Fig. 1, 2).
For instance, during extreme drought periods, all cities exhibited higher
VPI Z-scores compared to moderate drought periods (Supplementary
Fig. 1). Similar trends were observed across different severities of hot
droughts (Supplementary Fig. 2). Interestingly, even mild hot droughts
exacerbated vegetation inequality issues in northern cities (Supple-
mentary Fig. 2), whereas only the most severe droughts had a significant
impact on northern cities’ UVI (Supplementary Fig. 1). This sensitivity
suggests that northern cities are more affected by hot droughts than by
regular droughts. Furthermore, UVI in northern cities (snow climate
zone) showed minimal sensitivity to the severity of droughts, as indi-
cated by VPI Z-scores close to 0 across different drought severities
(Supplementary Fig. 1f). However, the severity of hot droughts posi-
tively influenced VPI Z-scores across all climate zones, indicating
widespread sensitivity of vegetation inequality to hot drought severity
(Supplementary Fig. 2e).

We further conducted a comprehensive analysis of VPI Z-scores for
the 245 U.S. cities under various single and compound climate events
(periods) (Fig. 3). Overall, mean VPI Z-scores were highest during hot
drought periods and lowest during wet periods across all cities (Fig. 3b).
When analyzed by climate zones, VPI Z-scores peaked in the arid, tropic,
and temperate zones during hot drought periods, while reaching their
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Fig. 1 | The long-term average and trends in UVI. Mean (a) and trends (b) of UVI
as represented by VPI for the 245 largest U.S. cities and the respective quartile

statistics (c, d) among the four climate zones from 2001 to 2020. Dots outlined in
black circles depict statistically significant trends (p < 0.05). The red dashed lines
indicate the mean values of all 245 cities in the VPI and the trends of VPI Z-scores.
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The updated Koppen-Geiger map is used to categorize urbanized areas into four
basic climate zones: arid (the western US), snow (the northeastern US), temperate
(the southeastern US), and tropic (only in southern Florida) zones. Number of
cities in the different climate zones: Arid = 34, Temperate = 122, Tropic = 3,
Snow = 86.

highest in the snow climate zone during colder wet periods (Fig. 3a). This
highlights hot drought as the most detrimental climate event for UVI across
diverse climate zones. Cities in arid, temperate, and tropic zones showed
increased UVI during drought or warmer periods, whereas cities in the snow
zone experienced elevated UVI during wet or colder climates (Fig. 3a).

Furthermore, hot drought consistently exacerbated UVTI irrespective of
climatic type or location (Fig. 3a).

Although the mean VPI Z-score of all cities during warmer periods was
near zero, the distribution of VPI Z-scores exhibited bimodal peaks (Fig. 3b).
Maps of VPI Z-scores during warmer periods revealed distinct UVI
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Table 1 | Criteria for defining climate events

Climate Events Definition

Drought SPElgoq < SPElgod.q25

Wet SPElgoq > SPElgoq.-q75

Warmer Tanom > Tanom-q75

Colder Tanom < Tanom-q25

Warmer drought (SPElggg < SPElgog-g25) AND (Tanom > Tanom-q75)
Colder wet (SPElgoa > SPElgod-q75) AND (Tanom < Tanom-q25)
Hot drought (SPElgog < SPElggg-g25) AND (T > Tq7s)

Cold wet (SPElgoq > SPElggg-g75) AND (T < Tqs)

Note: T, Tanom and SPElggq refer to temperature, anomaly temperature, and 90-day SPEI,
respectively. g25 and q75 denote the 25" and 75™ percentiles of the corresponding variables.

responses between the northern and Sunbelt cities (Fig. 2¢). These findings
suggest that climate warming may intensify and mitigate UVI in the warmer
Sunbelt and the colder northern cities, respectively, indicating differing UVI
responses to identical climate events between cities over the two regions.

As the climate continues to warm, the frequency of droughts and heat
waves is increasing in many areas, leading to a drier and warmer climate in
recent years™. To identify the most vulnerable cities facing increases in UVI
during 2001-2020, we calculated the changes in VPI Z-scores (AVPI Z-
scores) for warm and dry climate periods compared to cold and wet periods
(Supplementary Fig. 3). The results showed that AVPI Z-scores in the
Sunbelt cities climbed significantly as the climate changed from wet/colder/
colder wet/cold wet conditions to drought/warmer/warmer drought/hot
drought conditions, whereas AVPI Z-scores in the northern cities dropped
to some extent (Supplementary Fig. 3). Thus, in the drier and warmer future,
UVl issues in the Sunbelt cities such as cities in Texas, southern California,
Florida, and the southern East Coast may be more noticeable due to their
vulnerability to climate change (p < 0.05). Meanwhile, the UVT issues in the
north-central areas may ameliorate (p < 0.05).

Drivers of UVI trends across climate zones

To examine the correlation between long-term climate variable trends and
UVI across diverse climate zones (Fig. 4), we employed multiple linear
regression (MLR). Since the tropic zone consists of only three cities, the
regressions were exclusively conducted for the remaining three climate
zones. A rising standardized precipitation evapotranspiration index (SPEI)
trend indicates less evaporative demand and often increasing moisture in a
region, while a declining trend suggests the opposite. As SPEI includes
information on both temperature and moisture, we calculated the variance
inflation factors (VIF) of the MLR models, which were all less than 5,
indicating weak multicollinearity between predictors (Supplementary
Table 2). Furthermore, to facilitate comparisons among variables with
varying magnitudes, we standardized the regression coefficients of the dif-
ferent variables. A regression beta value (standardized coefficient) exceeding
0 signifies that the predictor has the potential to exacerbate UVI (i.e., positive
effects on VPI trends).

Overall, the results from the four regression models indicate a
significant negative association between rapidly moistening climates
and UVI trends (Fig. 4). Conversely, rapidly drying climates likely sig-
nificantly increase UVI trends. Soil climate aridity trends, specifically
SPEI trends, emerge as the most critical predictors of UVI trends across
all climate zones (Fig. 4). Particularly in arid-climate zones, the climate
aridity trend (SPEI trend) shows the strongest coefficient on UVI trends
(Fig. 4b). In the temperate zone, increasing aridity in both air (VPD
increase) and soil (SPEI decrease) seems to significantly increase UVI
trends, whereas climate warming appears to decrease UVI trends
(Fig. 4c). In the snow-climate zone, warmer and wetter climate condi-
tions exhibit a negative relationship with UVI trends (Fig. 4d). Addi-
tionally, precipitation trends do not show significant effects on altering
UVT trends across all climate zones.

We then applied the MLR approach to investigate the city-scale rela-
tionship between socioeconomic variables and UVI trends (Fig. 5). The
findings indicate that median age exhibited a consistent negative association
with UVT trends across all MLR models (p < 0.05, Fig. 5). When examined
by climate zones, the proportion of Hispanics showed a positive association
with UVItrends in the temperate zone (p < 0.05, Fig. 5¢). In the arid-climate
zone, median household income was identified as a negative predictor of
UVI trends (Fig. 5b). Conversely, in the snow zone, only median age was
negatively predictive of UVI trends (Fig. 5d). Overall, except for the snow-
climate zone model, the R? values between socioeconomic variables and
UVI trends (Fig. 5) exceeded those between climate variables and UVI
trends (Fig. 4). This underscores that socioeconomic variables are the pre-
dominant predictors of UVI trends. In the subsequent section, we explore
potential pathways linking socioeconomic variables to UVI trends.

The MLR analyses of all 245 cities demonstrated a significant influence
of five climatic and socioeconomic predictors (Trends in SPEIL, temperature,
and VPD; Hispanic population, and median age) on UVI trend (p < 0.05)
(Fig. 4, 5). To compare differences in UVI trends among different percen-
tiles of the five variables, we divided the data into four quantile groups. The
1" quantile group (<Q25) of SPEI trend (decreasing SPEI) showed sig-
nificantly higher UVI trends compared to the other three quantile groups
(Supplementary Fig. 4a). The 4™ quantile group (>Q75) of VPD trend
exhibited significantly higher UVI trend than the 2™ quantile group
(Q25-Q50) (Supplementary Fig, 4b). Warmer climate (3 and 4™ quantiles)
resulted in significantly lower UVI trend (Supplementary Fig. 4c).
Regarding socioeconomic conditions, the 4™ quantile group (>Q75) of
Hispanics showed significantly higher UVI trend than the other three
groups (Supplementary Fig. 4d). An increase in the median age of the cities
significantly decreased UVTI trends (Supplementary Fig. 4e).

To uncover non-linear associations between UVI trend and the
predictors (all climate and socioeconomic variables), we employed the
Random Forest (RF) model and calculated the accumulated local effect
(ALE) to elucidate how these predictors impact UVI trends (Supple-
mentary Fig. 5). The analysis reveals that an increase in the median age
of individuals within a city, particularly within the range of 35 to 40
years old, is linked with a rapid decrease in UVI trend (Supplementary
Fig. 6a). Temperature trends below 0 °C/year exhibit weak relations
with UVI trend, whereas temperature trend increases above 0 °C/year
are associated with significant declines in UVTI trend (Supplementary
Fig. 6b), which is consistent with the results of MLR models (Fig. 4), i.e.,
climate warming likely helps relieve UVI in temperate and snow zones.
The growth of cities’ Hispanic population ratios between 0-0.6 is
positively associated with the UVI trend (Supplementary Fig. 6c).
However, higher ratios of the Hispanic population of > 0.7 may
negatively predict the UVI trend. Moreover, an increase in the SPEIgg4
trend below 0 led to rapid declines in the UVI trend, while further
increases in the SPEIgyq trend over 0 only showed a slight influence
(Supplementary Fig. 6d).

Discussion

This study presents a comprehensive investigation of urban vegetation
inequality (UVI) through the development of a new Vegetation Polarization
Index (VPI), which specifically quantifies extreme disparities in urban green
space distribution. By analyzing 245 major U.S. cities at a monthly temporal
resolution - an unprecedented approach in UVI research - we provide new
insights into the spatiotemporal dynamics of vegetation inequality under
climate change (especially under extreme climate events). Our findings
indicate that UVI in arid zone cities was significantly higher than in cities of
the other three zones (Fig. 1a). This result is consistent with previous
studies'"”’, which have also linked lower greenness to arid cities. In essence,
city-scale UVI demonstrated a significant negative correlation with city-
scale greenness. Furthermore, our study revealed an improved equality of
urban vegetation among most cities in the past two decades, aligning with
existing research (Fig. 1d)*. In contrast to previous annual-based analyses™,
our findings based on a monthly time-scale investigation show that UVI in
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Fig. 2 | The influence of climate events on UVI. VPI Z-scores of the 245 U.S. cities
under single and compound climate events: drought (a), wet (b), warmer (c), colder
(d), warmer drought (e), colder wet (f), hot drought (g), and cold wet events (h). A
VPI Z-score >0 indicates a potential worsening of UVI under specific climate event.

Cities categorized by updated Képpen-Geiger climate zones: arid (dark red), snow
(purple), warm temperate (blue), and tropic zones (orange). Note: The tropic zone
includes only three cities, potentially limiting its representativeness.

the Sunbelt cities, such as those in Texas and southern California, has
significantly increased over the past two decades (Fig. 1b), whereas many
northern and eastern cities experienced a slight decrease in UVI (Fig. 1b).

We have also identified key drivers behind these observed UVI trends.
Aridification patterns and socioeconomic factors, particularly the propor-
tion of Hispanic residents (positively correlated) and median population age

(negatively correlated), showed significant associations with UVI trends
(Fig. 4, 5). Our findings highlight the dynamic nature of UVI variations,
which appear to be influenced by both climatic change and socioeconomic
conditions. The mechanisms underlying the observed relationships with
population demographics (age structure and Hispanic population propor-
tion) remain unclear and warrant further investigation. It is important to
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Fig. 3 | The influence of climate events on UVI across climate zones. a Bar chart
showing mean VPI Z-scores for 245 U.S. cities under different climate events
across four Koppen-Geiger climate zones (Tropic, Arid, Temperate, and Snow).
Error bars denote approximately 95% confidence intervals. b Violin plots illus-
trating the distribution of VPI Z-scores under each type of climate event, with
embedded boxplots indicating quartiles. A positive VPI Z-score (>0) indicates a
potential worsening of UVI (i.e., increased vegetation inequality) under the cor-
responding climate event. Significance levels are denoted as ***: p <0.001 and
N.S.: not significant (p > 0.05).

note that our regression analyses are predicated on the hypothesis that both
socioeconomic changes and climate variability may influence vegetation
greenness distribution and temporal patterns. However, the established
relationships should not be interpreted as causal without additional evi-
dence, highlighting the need for more comprehensive studies to elucidate
these complex interactions.

In addition, temporarily rapid changes in UVI likely also linked to the
changing environments, such as extreme climate events. Urban greenery is
an ecologically valuable resource with many benefits. However, it tends to be
unequally distributed, especially in areas where vegetation is sparse and
economic resources are limited. Our findings indicate that under anomalous
climatic events such as drought/warming/warm drought, most of the cities
in the Sunbelt U.S. displayed intensified UVI, while the northern cities
mainly showed increased UVI during colder and wet climate events
(Fig. 2, 3). Similar south-north spatial patterns were observed in the effects of
drought severities on UVI (Supplementary Fig. 1, 2). Vegetation growth is
influenced by changes in radiation, temperature, and precipitation. The
magnitude of these effects depends on species composition, climate back-
ground, and topography’". Such geographic backgrounds can partly explain
the different responses of UVI between the Sunbelt and northern cities. In
the Sunbelt cities, such as those in Texas and southern California, urban
vegetation is typically more limited by water availability and is thus more
vulnerable to drought™. In contrast, urban vegetation is more limited by
cold temperatures and is less sensitive to drought in the northern cities
(snow zones)™.

Recent studies provide further evidence of the impact of climate events
on UVI and highlight the indirect mechanisms through which climate
events affect UVI™. In the case of drought periods, there are direct impacts
on vegetation physiology that are coupled in some cases by decreased
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Fig. 5 | Standardized coefficients of MLR models

(b)
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irrigation in response to increasing water costs or restrictions”. Outdoor
water usage in areas occupied by economically advantaged groups may not
be sensitive to increased water prices, whereas outdoor water usage by
economically less well-off groups might significantly decline®’. These
dynamics can further amplify existing vegetation inequality.

In the case of compound climate events such as hot droughts, most of
the cities across the U.S. displayed strong increases in UVI (Fig. 2 and
Supplementary Fig. 2). This finding is in line with recent studies”, which
suggest that the co-occurrence of high temperatures and drought is parti-
cularly harmful to plants. Drought reduces evaporative cooling, thereby
intensifying heat stress and causing abrupt declines in plant growth. Pre-
vious studies already indicate a negative relation between city-scale green-
ness and UVI®. Furthermore, the extreme water scarcity due to the
compound heat and water stress likely induced intensified UVI in almost all
U.S. cities®. This effect is more pronounced in the Sunbelt cities, which are
more vulnerable to drought due to higher temperatures and evaporation
rates (Supplementary Fig. 2).

Urban vegetation provides key ecosystem services like cooling,
flood mitigation, and mental health benefits, which generally increase
with greenness. Denser vegetation enhances cooling—critical during
heatwaves—while low greenness offers minimal benefits”*’. Previous
studies suggest depression risk declines slowly when NDVT is 0-0.4 but
drops sharply at 0.4-0.8**’. Similarly, flood mitigation only improves
significantly beyond certain green space thresholds”. Thus, urban
planning must address both vegetation inequality and sufficient overall
greenness. Our data show most cities have NDVIq0<0.40 and
NDVIqg > 0.50, with a mean difference of 0.22 (Supplementary Fig. 7).
This corresponds to daytime LST differences of 1.74°C (3.03 °C in
summer), indicating low-greenness areas receive limited ecosystem
benefits. After controlling for elevation and anthropogenic heat,

vegetation cooling effects (CE) were 2-5 times stronger in NDVIqg
areas (—0.3°C/+ 0.INDVI) than NDVIg;e (—0.05°C/+ 0.INDVI)
(see Method and Supplementary Text 1, Supplementary Fig. 8). Similar
patterns emerged in Universal Thermal Climate Index (UTCI**)
analysis, confirming greenness inequality’s impact on thermal comfort
(Supplementary Fig. 9). Ultimately, vegetation inequality translates into
disparities in ecosystem service provision, with low-greenness com-
munities receiving disproportionately fewer environmental benefits.

The findings of this study demonstrate widespread, but regionally
variable, sensitivity of urban vegetation to climatic factors and the
coupling of this with socioeconomic/demographic conditions in the
major cities of the United States. It should also be noted that, due to our
focus on city-level aggregation, the present study does not address intra-
urban (neighborhood-level) variations in vegetation inequality. This
limitation may obscure finer-scale disparities and mechanisms that are
crucial for understanding environmental justice and equity issues
within cities. Future research leveraging higher spatial resolution data
and sub-city analyses is needed to provide more insights into local
drivers and patterns of urban vegetation inequality. More limitation
discussion can be found Supplementary Text 2. The results highlight the
urgent need for detailed research and the development of adaptation
strategies to protect urban vegetation cover. These strategies should
account for the specific vulnerabilities of different regions and socio-
economic or demographic groups to climate change. In the face of
climate change, this is critical to ensure an equitable distribution of the
benefits of urban vegetation cover. To relieve urban ecological
inequality in cities under climate change, it is important to recognize the
vulnerability of urban vegetation, implement climate-wise and sus-
tainable landscape planning, and establish sustainable water resource
management to maintain vegetation.
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Methods

Urban extent

To extrapolate our results to a widespread or national level, this study
includes the largest 245 cities in the continental United States (U.S.). The
built-up boundaries of these cities were derived from the latest GUB
(Global Urban Boundary in 2018) datasets, which were extracted from
the high-resolution GAIA (Global Artificial Impervious Area) database
(Supplementary Table 4)*. The reliable and high-resolution GAIA
database jointly uses Landsat series, Sentinel-2, and nightlight satellite
products to extract global impervious surfaces. Based on the urban
extent thresholds of previous studies'’, we excluded the cities with a
built-up area of less than 100 km’, leaving 245 cities as our study area.
These cities include various urban socioeconomic conditions, develop-
ment histories, and climatic characteristics. In this study, “Sunbelt cities”
refer to cities located in the following 15 southern U.S. states: Alabama,
Arizona, Arkansas, California (southern), Florida, Georgia, Louisiana,
Mississippi, Nevada, New Mexico, North Carolina, Oklahoma, South
Carolina, Tennessee, and Texas*®. The “Sunbelt” arises from the region’s
high levels of sunshine and warm climate throughout most of the year.
All other cities outside these states are classified as “northern cities,”
primarily in the Midwest, Northeast, and Northwest of the U.S. In
addition, to account for the ecological and climatic heterogeneity across
U.S. cities, we also classified cities into climate zones based on the
updated Képpen-Geiger climate classification®. Each city was assigned
to one of four zones (arid, temperate, snow, or tropical) according to its
location on the K-G map. The use of Kdppen-Geiger zones as a sup-
plementary classification provides a widely recognized climatological
framework for analyzing environmental and ecological variation, and
has been adopted in recent studies of urban environmental inequality™.
This dual classification by both region (Sunbelt/northern) and climate
zone allows for a more nuanced understanding of how geographic and
climatic context shapes urban vegetation inequality.

Demographic and socioeconomic data

The United States Census Bureau provides the 2014-2018 ACS (American
Community Survey) 5-year database, which contains both demographic
and socioeconomic statistics at the census tract level for these 245 cities in
the contiguous United States. Based on previous studies'**’, we collected the
socioeconomic characteristics on race, age, and income. These include the
median household income in the previous 12 months, the proportion of the
white population, the proportion of the Hispanic population, and the
median age (Supplementary Table 5). We selected these variables because
previous studies have shown that they are closely associated with inequal-
ities in both heat exposure and urban vegetation distribution'***. We
excluded the census tracts having a population of 0 and then collected 45,254
census tracts in total for all 245 cities. We further constructed the city-level
aggregation of these socioeconomic variables to investigate the association
between city-scale UVI and socioeconomic patterns (Supplementary
Table 5).

Climate data

Climate variables, including air temperature (T), precipitation (P), vapor
pressure deficit (VPD), and standardized precipitation evapotranspiration
index (SPEI) at 4 km spatial resolution and 5-day time resolution for the
period 2001-2020 were collected from a reanalysis dataset combining both
observations and models, i.e., the Gridded Surface Meteorological (GRID-
MET) database™. The SPEI index was applied in this study to characterize
the cumulative water balance conditions from the previous 1-24 months
(SPEI304, SPElggg, SPEI; 594, SPEILy, SPELy). The monthly mean SPEI index,
temperature, precipitation, and VPD were then calculated for each city by
averaging the values of all pixels within that city. Due to the seasonal changes
in the climate variables except for the SPEI index (a standardized and
normalized index), we calculated the anomalies for these variables®. We
estimated the trends of those climate variables from 2001-2020 based on the
Theil-Sen estimator™.

Vegetation greenness index and Vegetation Polarization

Index (VPI)

Normalized Difference Vegetation Index (NDVI) is widely used to
estimate the overall vegetation greenness in a given region™”
(NDVI = (Bandy, — Bandygp)/(Bandy, + Bandygp), where Bandyg
and Bandygp are the surface reflectance in the near-infrared and red
bands, respectively). It can assess the local extent and health of urban
vegetation, although it cannot directly identify vegetation types (e.g.,
shrubs, trees, and grasses)™. Despite this weakness, the NDVI index is
still a widely used remote sensing metric that links vegetation abun-
dance, health, and leaf characteristics®. The satellite-based moderate
resolution imaging spectroradiometer (MODIS) project provides a
global NDVI product (MOD13Q1.006) with a spatial resolution of
250 m and a temporal resolution of 16 days from 2001 to 2020. Here we
deliberately excluded data beyond 2020 to eliminate pandemic-induced
anomalies, as COVID-19’s wide impacts radically restructured urban
economic frameworks and societal interactions in ways that could jeo-
pardize the reliability of the analysis. Besides, areas of water, clouds,
heavy aerosols, and cloud shadows have been removed from the data-
base. Then we calculated the pixel-wise monthly mean NDVI values
before performing the following analyses.

In this study, the differences in NDVI values among regions in a city are
referred to as an urban greenness discrepancy or vegetation inequality. The
Gini index has been widely used to measure the inequality of income dis-
tribution and natural resource shares”. However, the Gini index has been
reported to be more sensitive to the middle-level samples and cannot well
account for the difference between the highest and lowest levels™**. In this
regard, we further found polarization metrics representing the worst
situation of inequality between the highest and lowest levels, referring to the
wide gaps in resource or access inequality™. The concept of polarization can
also be applied to differences in UVI. The World Bank and the Organization
for Economic Co-operation and Development have been using the H index
(the income share of the top 10% divided by the income share of the bottom
10%, i.e., P90/P10) to measure income inequality or polarization®. More-
over, many previous studies have highlighted the importance of measuring
the gap between the top 10% and the bottom 10% in quantifying
inequality”*®".

Similar to the widely used H index', here we also utilized the top and
bottom 10% of the monthly mean NDVTI in a city to construct a vegetation
polarization index (VPI) to reflect the city-level urban vegetation inequality
(UVI) as follows (Supplementary Fig. 10 & 11):

NDVI e — NDVIgy
NDVI g + NDVIgyg

VPI = (1)

The VPl s calculated by first ranking the NDVI values of all pixels in a
city from the lowest to the highest, and then quantifying the normalized
difference between the 90" (NDV ) and 10" (NDVI,,) percentiles of
NDVI values. The advantaged groups have more access to greener vegeta-
tion, while the disadvantaged groups have less. VPI can represent the
inequality levels of vegetation greenness over a certain region’. Besides, the
metrics of percentile dispersion ratios are less sensitive to outliers than other
inequality indices, such as the Gini coefficient”. The equation for the VPI
follows the form of normalized difference spectral indices, and it has many
advantages, e.g., simple calculation, easy comparison between different
locations, and screening of data noise®.

Previous studies have reported that many disadvantaged groups are
mainly clustered in high-density areas and that some advantageous groups
with high house values are close to parks or mountains'’. However, the
dynamics of the vegetation in parks, mountains, and high-density areas are
mainly government-managed and weakly related to the socio-economic
state of the community. Hence using P90 and P10 of NDVT to calculate VPI
can help exclude this influence on our study.

The main steps to calculate the VPI index and VPI Z-scores using
monthly NDVT are summarized as follows:
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1. Calculate the monthly mean NDVT for all pixels and identify NDV 1 g,
and NDVI,, in each city.

2. Calculate the vegetation polarization index (VPI) based on the
NDV1I gy and NDV1y, values in the city.

3. Calculate the VPI Z-scores (standardized anomalies) to offset the
seasonal changes in UVI which is mainly related to plant phenology
and vegetation types'".

The variations in VPI Z-scores represent the temporal changes in UVI
compared to the long-term baseline (multi-year average). Thus, an increase
in VPI Z-scores represents a deterioration in UVL

Based on the multi-year average NDVT of the 245 U.S. cities, we vali-
dated the accuracy of the newly proposed VPI metric against three widely
used inequality indices, i.e., Gini Index, Inequality Index, and Wolfson
Polarization Index (the equations for three indices in Supplementary
Text 3)*%°*, Traditional inequality metrics, such as the Gini Index, mainly
reflect differences among average groups and are less sensitive to the
extremes. In contrast, the VPI is specifically designed to capture the gap
between the highest and lowest levels of urban vegetation—the “best-off”
and “worst-off” areas. This tail sensitivity allows the VPI to detect extreme
urban vegetation disparities that might be masked by other indices. Addi-
tionally, the VPT's normalized-difference form makes it robust to differences
in absolute NDVT values and allows for direct comparison across cities and
time periods. We also validate the correlation between these indices. VPI
showed high correlation coefficients with the three inequality indices
(R*=0.90, Supplementary Fig. 12). In addition, we examined the uncer-
tainty of the newly proposed VPI (calculated by the 90™ and 10™ percentiles)
against the other three VPI* indices which estimated by the different per-
centile combinations (NDVIggy & NDVIqg0, NDVIg;q & NDVIgso,
NDVIqgo & NDVIqy). The VPI* index equations were similar to the VPI
index. For example, here is the equation for VPT* 4g0_q20):

NDVI, — NDVI
— QBO QZO
NDVI, + NDVI
QSO QZU

VPI* (%o - %0) ()

The VPI also showed high correlation coefficients with the three
VPI* indices by different percentile combinations (e.g., VPI* (430.q20)s
VPI* (g70-g30» and VPT* (60.q40)) (R* = 0.75, Supplementary Fig. 13). This is
consistent with previous studies suggesting that the gap between the top and
bottom 10* percentiles is a good indicator of inequality”*”.

Statistical analyses

We utilized Google Earth Engine (GEE) to pre-process and extract these
climate and vegetation datasets and then used R statistical software to build
the regression models for investigating the association between the pre-
dictors (socioeconomic conditions and climate variability) and the trend in
UVIL. We performed a quality screening of the data using the reliability
bands for each pixel provided by the data source, retaining only those
observations that were deemed reliable. Our study focuses on urban vege-
tation that is heavily influenced by human irrigation and management, such
as yard vegetation. Therefore, the National Land Cover Database (NLCD)
was used to remove pixels of water, urban areas with high-intensity devel-
opment, and open spaces such as parks, natural vegetation, soccer fields, and
golf courses. It should be noted that natural vegetation within cities can also
provide ecosystem services and benefits. However, as this study mainly aims
to identify urban vegetation inequality induced by socioeconomic factors,
the publicly owned natural vegetation may cause noise information in our
analyses and was thus excluded. Meanwhile, we also excluded the pixels with
a multi-year average NDVI value of < 0 to ensure that non-vegetation pixels
were excluded from the analyses.

In this study, the imbalanced development of urban vegetation is
presented as the trend of UVI, obtained by calculating the trend of VPI
Z-scores based on the Theil-Sen estimator™. In addition, the Mann-Kendall
test method was used to estimate the significance of the UVI trend®. As
different climatic backgrounds may have an impact on the development of

urban vegetation, we divided the continental United States into four climate
zones (arid, snow, warm temperate, and tropical) based on the updated
Képpen-Geiger map®. Since SPEI data have different time scales, we cal-
culated the correlation coefficients between VPI and SPEI with different
time scales for each climate zone. Thus, we selected a specific time series
SPEI which showed the highest correlation coefficients with VPI in indi-
vidual climate zones (Supplementary Table 6).

As suggested by previous studies”, multiple linear regression (MLR)
mainly captures the linear effects of predictors, while the random forest (RF)
model can explore the non-linear effects of variables. To explore the com-
plex impact of socioeconomic conditions and climate variability on UVI, we
applied MLR and RF models to quantify the linear and non-linear effects of
the eight variables in altering the VPI Z-score trend. We utilized the default
ntree = 500 for training the random forest model and used the tuneRF
function to obtain the best ntry parameter in each model run. The spatial
distribution of the main socioeconomic and climate variables was shown in
Supplementary Fig. 14 & 15

Meanwhile, we investigated the influence of different climate events on
UVLI. To identify different climate events, we selected the first and third
quartiles as thresholds based on the percentile statistics of temperature,
temperature anomalies, and SPEIgg4*. The SPEIgoq was selected because it
shows the highest correlations with VPI for nearly all climate zones (Sup-
plementary Table 6). The criteria for defining different climate events based
on percentile thresholds can be found in Table 1.

Here we utilize both temperature (T) and anomaly temperature
(Tanom) as criteria to identify not only the relatively warmer/colder events
compared to the long-term mean climate from 2001 to 2020 but also
absolutely hot/cold events that take seasonal climate variability into account.
To ensure a larger sample size for each category of climate event given the
limited 20 years of records, we refrained from using more extreme tem-
perature thresholds, such as q20/q80 or q10/q90.

Furthermore, to examine the effect of different severities of drought
(or hot drought) on UVI, the drought events were classified into five levels
based on the SPElyyq and T. Firstly, drought events were divided into five
severities: extreme drought (D;, SPElyq <—2), severe drought (D,, —2
< SPElgpq < —1.5), moderate drought (D3, —1.5 < SPElgoq < —1), normal
(Dy —1<SPEIyyg< 1), and wet (Ds, SPEIgq>1)"". Secondly, multiple
thresholds of temperature (Tqso, Tge0o Tqro» and Tggo) and SPElgpq
(SPEIggd.q20, SPEIogd-q300 SPElggd.qaos and SPElggg.qs0) are used to define
different severities of hot droughts: HD; (T > Tqgo & SPEIgpg < SPEIggd.q205
most severe), HD, (T >Tgz & SPElgyq < SPElgpd.q30), HD3 (T >Tge0 &
SPElso4 < SPEIsod.qa0)s HD4 (T > Tgso & SPElgoq < SPElggq.qs0; least severe)™.
The main workflow of dataset processing and analyses is shown in Supple-
mentary Fig. 16. The sources of the datasets used in this study are listed in
Supplementary Table. 4.

Vegetation provides numerous ecosystem services, and here we focus
primarily on its cooling effects. We quantified the differences in temperature
and cooling effects between areas with high vegetation cover (e.g.,
NDVI>NDVIqe) and those with low vegetation cover (e.g.,
NDVI < NDVIg), as an exploration of the differences in cooling effects
associated with vegetation inequality (details method in Supplementary
Text 1).

Data availability

Data used in this study are collected from the following sources: The NDVI
product used here are publicly available at https://developers.google.com/
earth-engine/datasets/catalog/MODIS_006_MODI13Q1; The climate vari-
ables and drought index used here are publicly available at
https://developers.google.com/earth-engine/datasets/catalog/GRIDMET _
DROUGHT and https://developers.google.com/earth-engine/datasets/
catalog/IDAHO_EPSCOR_GRIDMET+#description; The social-economic
variables at census track (2014-2018-American Census Survey) used here
are publicly available at https://www.census.gov/geographies/mapping-
files/time-series/geo/tiger-data.2018.html; US urban area boundaries (2018
Global Urban Boundary) are available at http://data.ess.tsinghua.edu.cn/;
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The landcover from National Land Cover Database (NLCD) are publicly
available at https://developers.google.com/earth-engine/datasets/catalog/
USGS_NLCD_RELEASES_2016_REL; The climate zones from the upda-
ted Koppen-Geiger Climate Map are publicly available at https://www.
nature.com/articles/sdata2018214. All other data are described and cited in
the methods or appendices.

Code availability
The code for estimating VPI is available at https://code.earthengine.google.

com/cb7c3e44d8eb286b654fb14511b5e823.
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