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A. Supplementary Notes

Note S1: Validation of urban HI estimates and associated trends, as well as the
potential impacts of urban HI estimation errors on calculating Ky and fur

We evaluated the accuracy of the generated urban heat index (HI) dataset by
conducting cross-validations with in-situ observations, concentrating on both absolute
values and temporal trends (Kur; Supplementary Figs. 20 to 23). This validation
process involved calculating four error metrics, i.e., correlation coefficient (R), root
mean square error (RMSE), mean absolute error (MAE), and bias, between the

observed and estimated urban HI values as well as their trends.

Regarding absolute urban HI, we used 80% of in-situ observation records for training
random forest (RF) models and the remaining 20% for validation. This method
yielded 3273 and 2765 observation records for daytime and nighttime validation,
respectively. Our assessments revealed high accuracy of absolute urban HI estimates
across Global South cities, with an R value of 0.98 for both daytime and nighttime, an
RMSE value of 1.11 °C for daytime and 0.86 °C for nighttime, an MAE value of
0.82 °C for daytime and 0.62 °C for nighttime, and a bias of —0.006 °C for daytime
and 0.007 °C for nighttime (Supplementary Fig. 20a,b). Across various sub-
continents, our accuracy assessments revealed the biases of —0.003 °C for daytime
and —0.006 °C for nighttime in Asian cities, —0.04 °C for daytime and 0.04 °C for
nighttime in Latin American cities, and 0.03 °C for daytime and 0.07 °C for nighttime
in African cities (Supplementary Fig. 22). These biases only account for less than 1%
of the observed urban HI values in Asian, Latin American, and African cities,

respectively.
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Regarding Kn1, we employed urban stations with complete records across all years for
validation, totaling 553 and 366 stations for daytime and nighttime validation,
respectively (Supplementary Fig. 20c,d). We compared the observed urban Kur
derived from ground-based measurements with predicted values from model
estimations at corresponding pixel locations of urban stations. Our evaluations
indicated slightly lower accuracy of Kur compared to the absolute urban HI, with an R
value of 0.82 for daytime and 0.74 for nighttime, an RMSE value of 0.58 °C/decade
for daytime and 0.45 °C/decade for nighttime, an MAE value of 0.40 °C/decade for
daytime and 0.32 °C/decade for nighttime, and a bias of —0.12 °C/decade for daytime
and —0.10 °C/decade for nighttime. Concerning sub-continents, our assessments
revealed biases in Kur of —0.16 °C/decade for daytime and —0.15 °C/decade for
nighttime in Asian cities, —0.04 °C/decade for daytime and 0.12 °C/decade for
nighttime in African cities, and —0.02 °C/decade for daytime and —0.01 °C/decade for
nighttime in Latin American cities (Supplementary Fig. 23). These biases represent
approximately 26%, 24%, and 5% of the observed urban K1 in Asian, African, and
Latin American cities, respectively. The relatively larger estimation biases observed in
Asian and African cities are likely attributable to the more rapid urbanization in these
regions over recent decades', which may result in disturbances to their ground-based

observations in urban areas, such as through the relocation of monitoring stations’.

We further investigated the impacts of urban HI estimation error by re-examining the
K and browning-induced K (Bur) using an error injection strategy’. Specifically, we
first generated a random error field with 1-km resolution based on the absolute MAE
of urban HI as mentioned above (i.e., 0.82 °C for daytime and 0.62 °C for nighttime),

with the generated errors normally distributed with a mean of 0.0 °C and with
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standard deviations of 0.82 °C and 0.62 °C for daytime and nighttime, respectively.
Secondly, we re-produced a new urban HI dataset by superimposing this 1-km
resolution random error field on the original 1-km urban HI dataset. Finally, we re-
examined the Kur and fur across Global South cities using this newly generated urban
HI dataset, and compared them with the original results (Supplementary Fig. 28). Our
evaluations show that the Kur quantified based on this error-perturbed HI dataset is
0.43 + 0.01 °C/decade during the day and 0.39 + 0.01 °C/decade at night
(Supplementary Fig. 28a,c), deviating from the original results of < 0.01 °C/decade.
Additionally, the fur estimated based on these error-perturbed HI values is 0.021 +
0.002 °C/decade for both daytime and nighttime, also on well par with the original
estimates (Supplementary Fig. 28b,d). These assessments strongly support the

reliability of the generated urban HI dataset and the main findings of this study.

In practice, these significantly reduced estimation errors at the global scale compared

to those encountered at the per-pixel scale can be elucidated through the Bessel

formula with n denoting the sample number and J representing the error for

45 ( \/% ’
an individual pixel). This formula suggests that the impact of individual sample errors
could be mitigated through extensive averaging processes. For our current study, we
first averaged the HI of all available urban pixels for a city to quantify the city-scale
HI trend. Then, we aggregated these city-scale trends into global or regional
composites to reveal large-scale spatial patterns. These multi-averaging processes
could help dampen the impact of estimation error on HI trends at larger scales. Studies
that quantify global warming rates also evidence the significantly reduced estimation

error by multi-averaging processes. For instance, the global surface air temperature

has shown an average increase of around 0.11 °C/decade since 1850 (ref. 6). While
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153 the error associated with ground-based surface air temperatures from weather stations
154  is also of a comparable magnitude (i.e., around 0.1 °C), this does not imply that the
155 influence of site observation error would exert a similar impact on the quantification
156  of global warming rates.

157
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Note S2: Impacts from the limited number of urban stations on the accuracy of
generated 1-km resolution urban HI dataset

This study integrated in-situ measurements from > 9600 weather stations sourced
from the HadISD dataset to generate urban HI datasets at 1-km resolution for Global
South cities. One might raise concerns about the relatively sparse distribution of our
incorporated weather stations within these cities (Supplementary Fig. 1b), which may
introduce potential uncertainties into the estimation of urban HI due to high urban
heterogeneity. To address this, we performed an additional sensitivity analysis by
incorporating data from the Berkeley Earth dataset. Unlike HadISD, Berkeley Earth
offers a more extensive collection of ground-based observations globally (> 47,000
stations), with 3304 stations located on urban surfaces in the Global South — 2.5 times
the number in HadISD’ (Supplementary Fig. 1b). However, the Berkeley Earth dataset
solely provides in-situ surface air temperature (SAT) measurements and lacks
humidity data, precluding a direct assessment of the impact of urban station density
on the calculation of Kui. Consequently, we first generated 1-km resolution urban SAT
datasets across Global South cities using both the Berkeley Earth and HadISD
datasets, and then compared the urban warming rates (Ksar) derived from these two

sSources.

Our evaluations demonstrate that the Ksar derived from both the Berkeley Earth and
HadISD datasets exhibits remarkably similar spatial patterns and values across Global
South cities (Supplementary Fig. 24). The numerical differences between them are
only 0.01 °C/decade during the day (0.31 °C/decade for Berkeley Earth and

0.32 °C/decade for HadISD) and 0.03 °C/decade at night (0.31 °C/decade for

Berkeley Earth and 0.28 °C/decade for HadISD). This close alignment could be
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attributed to the relatively uniform distribution of weather stations provided by the
HadISD dataset across all geographic regions in the Global South, thereby ensuring

the accuracy of the generated 1-km resolution urban HI time-series data.
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Note S3: Possible uncertainties related to the choice of urban heat stress indices

In this study, we utilized the widely recognized Heat Index (HI; equations | and 2) as
a metric to characterize the trends in heat stress across cities in the Global South. One
may argue that the choice of heat stress metric could impact the main findings. To
address this concern, we conducted a sensitivity analysis by introducing the Wet-Bulb
Globe Temperature in shade conditions at stable wind (i.e., indoor WBGT; equation 3;
ref. 8), and the Humidex recognized by the Meteorological Service of Canada’ '
(equation 4). Following a similar approach as with HI, we initially generated 1-km
urban datasets for indoor WBGT and Humidex across Global South cities.
Subsequently, we quantified their long-term trends (Kwsgt and Kiumidex) and the

impacts of vegetation loss on these trends (fwscr and Srumidex), and compared them

with those obtained from our primary metric (i.e., HI).

Our sensitivity analysis reveals that alternative indices (i.e., HI, indoor WBGT, and
Humidex) yield consistent overall spatial patterns for both urban heat stress trends and
browning-induced impacts (Supplementary Figs. 3 and 25). Regarding magnitudes,
daytime and nighttime Kwscr are 0.18 °C/decade and 0.25 °C/decade, respectively
(Supplementary Fig. 3e,f), while for Kuumidex, these values translate to 0.36 °C/decade
during the day and 0.46 °C/decade at night (Supplementary Fig. 3g,h). Moreover, the
daytime and nighttime fwsct are 0.009 °C/decade and 0.011 °C/decade, respectively,
and those of Srumidex are 0.017 °C/decade and 0.019 °C/decade, respectively
(Supplementary Fig. 29). The observed disparities across these three indices may stem
from their varying sensitivities to air temperature (SAT) and humidity (RH). HI and
Humidex, which place greater emphasis on air temperature and relatively less on

13,14

humidity ", exhibit more pronounced trends than WBGT (Supplementary Fig. 30).
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Our current study did not utilize Humidex due to its dimensionless nature'®, limiting
its comparability with other temperature and heat stress indices. Furthermore, the
standard WBGT, rather than indoor WBGT, was not selected because its computation
incorporates additional intricate meteorological parameters such as wind speed and
radiation'®, which are challenging to obtain over urban landscapes from observations.
We recommend practitioners carefully consider their research objectives and data
accessibility when selecting heat stress metrics to ensure optimal decision-making and

application.

Equation for calculating HI:

(HI=A+B+C—-D—-E—-F+G+H-1
A = —42.379

B = 2.04901523 x SAT

C =10.14333127 x RH

D = 0.22475541 x SAT x RH

E = 6.83783 x 1073 x SAT?

F =5.481717 x 1072 x RH?

G =1.22874 x 1073 x SAT? x RH

H = 8.5282 x 10™* x SAT x RH?

\] = 1.99 x 107% x SAT? x RH?

(M

where SAT and RH denote surface air temperature (°F) and relative humidity (%),
respectively. Adjustments were made according to various SAT and RH ranges'’.
When the average of HI and SAT values is less than 80 °F, we quantified HI using the
following equation:

HI = 0.5 x [SAT + 61 + [(SAT — 68) X 1.2] + (0.094 x RH)]  (2)

Equation for calculating indoor WBGT:
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(WBGT = 0.7 X T, + 0.3 X SAT

T,=A+B—C+D—E

A = SAT x tan—[0.151977(RH + 8.313659)/2]

1 B = tan"1(SAT + RH) (3)
C = tan"'(RH — 1.676331)

D =0.00391838(RH)*/? tan~1(0.023101RH)

\E = 4.686035

where Ty, SAT, and RH denote wet bulb temperature (°C), surface air temperature

(°C), and relative humidity (%), respectively.

Equation for calculating Humidex:

1 1

775X e st — 10) (4)

Humidex = SAT + 0.5555 x (6.11 X e
where 74 denotes dewpoint temperature (°C) and was quantified using SAT (°C), and

RH (%).
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Note S4: Country-level assessment of the inequality in fur across the Global South
To reveal the inequality of urban heat stress trends induced by urban browning (fm),
we conducted a country-level assessment of the Gini coefficient'*'*!” of Sy (termed

Ginig), as per equation (5):

Ginig = 1 — 2 [, L(8)dB (5)
where L(f) represents the Lorenz curve of fu1. For each country, we normalized the
pur for all cities into the (0, 1) range and arranged them in the ascending order. The
cumulative value of fur (0, 1) was then calculated, based on which the Lorenz curve of
Pur was represented as the graphical relationship between cumulative fui (0, 1) and the
cumulative number of cities. Among different countries, larger Ginig values suggest
greater inequality in fur. Our analysis was limited to countries with at least ten cities

to ensure statistical validity.

Our analysis reveals a positive correlation between country-level Ginig and S
(Supplementary Fig. 31). Notably, cities in Ghana and Vietnam stand out with both
larger S (> 0.050 °C/decade; Fig. 13a,d) and higher Ginig (> 0.40; Fig. 13b.e).
Interestingly, we reveal a declining triangular relationship between Ginig and GDP per
capita across Global South countries (Fig. 13c.f). Specifically, Ginig exhibits a wide
range of values in economically disadvantaged countries (e.g., > 0.40 in Nigeria and
Vietnam, < 0.25 in Pakistan and India). In contrast, its values remain in a lower range
as economic status improves. Notably, countries like Nigeria, Colombia,
Turkmenistan, and Chile exhibit higher Ginig when compared with their peers of
similar economic status (Fig. 13c.f). This result may indicate disproportional green
space loss and a lack of planning and management, underscoring the urgency of

drawing attention to these specific cases.
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Note S5: Quantifying the increase in the number of ‘Danger’ days in Malaysian
cities due to vegetation loss

Our analysis shows that cities of Malaysia exhibit a daytime fur of 0.057 °C/decade.
Situated in tropical climates, these cities face high risks associated with urban
overheating. In this context, Sur has the potential to increase the number of ‘Danger’
days (HI > 41 °C; ref. 20), owing to the high sensitivity of the frequency of high

temperatures to changes in the mean value”'-*,

We further examined the fui-induced increase in ‘Danger’ days in Malaysian cities
over the past two decades. Specifically, we first screened in-situ SAT and RH
observations obtained from the HadISD dataset through rigorous quality control
procedures (see Materials and methods), and quantified daily HI during summer
daytime for all urban stations. We labeled those days with HI above 41 °C as
‘Danger’”’. To examine the fm-induced increase in ‘Danger’ days, we first conducted
an overlay analysis by combining the fur-induced HI amplification and the original
yearly HI, and then re-identified the number of ‘Danger’ days with HI exceeding

41 °C. Subsequently, we quantified the difference between these two identified heat
day numbers and examined the urban browning-induced increase in ‘Danger’ days in
Malaysian cities. Our analysis shows that the days labeled as ‘Danger’ have increased

from 1908 to 1964 (i.e., 56 days) in all Malaysian cities from 2003 to 2020.
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Note S6: Insights from China's and India's greening efforts for cooling cities

Our assessments reveal that over the past two decades, China's and India's cities have
undergone significant economic growth (Fig. 4c), yet accompanied by either
greening-induced cooling or marginal warming (Fig. 3a,b; Fig. 4c). In China, this is
likely driven by a nationwide policy framework that prioritizes the protection of green
infrastructure during urbanization, often referred to as ‘ecological civilization
construction’. Examples include the National Garden City program initiated in 1992
and its upgrade iterations”’, the 2004 National Forest City program alongside relevant
regulations®*, the 2014 Sponge City urban planning program”, and the 2016 National
Ecological Garden City program?®, which incentivize local authorities to protect and
cultivate urban green spaces, and has effectively mitigated excessive heat within
urban surfaces. Likewise, India has implemented national policies like the 2014 Urban
Greening Guidelines’, accompanied by localized initiatives including city-specific
greening programs and ecological restoration projects*®. While these successful
national policies may not be directly translatable to other Global South countries due
to differing socio-political and economic contexts, the context-specific, nature-
inspired insights and solutions from greening efforts in many Chinese and Indian
cities can offer valuable examples for cities with similar economic statuses or

constrained resources.

Specifically, urban vegetation typically provides more significant cooling benefits in
densely populated areas”. However, these areas often face limitations in space for
vegetation expansion. To address this, cities with greater economic resources can
draw valuable lessons from successful implementations in Beijing and Guangzhou,

China, and New Delhi, India. Effective strategies include repurposing abandoned or
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degraded lands into forest parks or national parks and implementing green roofs to
achieve urban cooling. Additionally, bolstering government investment, providing
green subsidies, and adopting a balanced approach to integrating native and non-
native species also represent effective strategies for urban greening efforts (e.g.,

Bangalore, India; ref. 30).

Conversely, in cities with more constrained resources, large-scale projects such as
converting abandoned mines and degraded sites may be less feasible due to socio-
political constraints (e.g., land use rights). In these contexts, focusing on small-scale
and dispersed greening strategies may be more practical’’. Cities like Luoyang and
Nanchong in China, and Varanasi in India offer actionable pathways, including
planting cost-effective vegetation along roadsides, community borders, and vacant
plots, as well as developing micro-greenspaces and pocket parks®****, In arid cities
with limited water resources, cultivating drought-resilient plants (e.g., Shihezi in
China) can be effective, while coastal cities might prioritize wind-resistant and salt-
tolerant species to establish protective forest belts (e.g., Fuzhou in China).
Economically constrained cities can also benefit from cost-effective initiatives such as
public awareness campaigns, urban gardening education, and affordable seedling

distribution™”.

Moreover, cities with lower economic resources can adapt successful strategies from
wealthier cities to their own socio-political and economic contexts*®. For instance, the
C40 Cities Climate Action Planning Group, which facilitates knowledge exchange
among diverse global cities (https://www.c40.org/cities/), demonstrates how resource-

constrained cities like Rio de Janeiro and Johannesburg have successfully
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implemented greening strategies by drawing insights from wealthier cities such as
repurposing abandoned sites and fostering community engagement®’**. These
examples underscore the potential for cross-city knowledge transfer to address

varying economic challenges.

However, it is essential to note that here we only qualitatively discussed the potentials
for knowledge exchange of urban greening concepts among cities to effectively
mitigating urban heat. Policymakers should adapt these nature-inspired concepts and
experiences to their specific local contexts to inform sustainable urban cooling

solutions.
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Note S7: Limitations of this study

We acknowledge several limitations in this study. First, our analysis of urban heat
stress trends is confined to the past two decades, which may be insufficient to fully
capture the long-terms dynamics of urban thermal environments and their interactions
with urban greening. This is particularly pertinent for Global South cities due to their
ongoing urbanization that began several decades ago’”*’. Second, while the inclusion
of a scaling factor (¢ucc) helps mitigate potential uncertainties arising from adapting a
rural-based HI-greenness relationship to urban contexts, this approach may be unable
to fully account for urban-rural differences owing to the more complex factors
influencing urban greenness (e.g., landscape patterns and phenological changes)
relative to their rural counterparts*'***. Additionally, urban browning results from a
multifaced interplay of various factors. However, the present study has merely
quantified the heat stress trends induced by overall observed urban browning, without
distinguishing the contributions of each specific factor. Third, substantial agricultural
expansion (e.g., oil palm cultivation and coffee farming) in transitional zones of many
Global South cities over recent decades have significantly altered regional greenness
and impacted local thermal environments*~*°, While such agricultural activities
should have a relatively minimal impact on our primary findings that focus on urban
cores, they may introduce uncertainties into our analysis of urban transitional zones
due to the lack of differentiation between the impacts from various types of

cultivation expansion.
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Note S8: Country typologies identified through four-quadrant plots from physical,
physiological, and socioeconomic perspectives

From a physical perspective, our analysis highlighted two distinct clusters of countries
(Fig. 4a; Supplementary Table 1). The first cluster comprises countries indicated by
higher browning (Kgvi1) but relatively lower browning-induced HI amplification (fmr),
including Venezuela, Thailand, and Uzbekistan. Conversely, the second category
involves countries with lower Kgvr yet relatively higher S, including Malaysia,
Brazil, Argentina, and Chile. From a physiological viewpoint, we pinpointed two
distinct categories of countries (Fig. 4b; Supplementary Table 2). The first category
encompasses countries with both higher fur and baseline urban HI values, including
Malaysia, Vietnam, and Indonesia. Comparatively, the second category includes
countries characterized by higher fur yet lower baseline urban HI values, including
Botswana, Ghana, Cote d'Ivoire, Colombia, Argentina, Brazil, and Mexico. From a
socioeconomic standpoint, our analysis also yielded two pivotal categories of
countries (Fig. 4c; Supplementary Table 3). The first category includes countries with
relatively slower economic growth but larger fur, including Botswana, Malaysia, Cote
d'Ivoire, Colombia, Brazil, and Mexico. In contrast, the second category consists of
countries experiencing more rapid economic growth but modest fui, including China,

India, Peru, Turkmenistan, and Uzbekistan.
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Part 1: Mapping urban heat stress trends in the Global South

— spatiolter_npgrall var?ab(lies temperature variables J

in-situ urban HI with quality e, latitude, longitude, (LST) -

. elevation
control (obtained from
I
I I
urban-related variables
(EVI, WSA, POP, NTL)

HadISD)

background climate variables
(Reanalysis SAT, DPT, PREP, RAD)

Spatiotemporal random forest (RF) prediction models
(i.e., RF models for daytime and nighttime HI prediction, respectively)

urban HI dataset with 1-km spatial resolution from 2003 to 2020 in Global South cities ‘

Accuracy of urban HI Accuracy of urban HI trends
(R, RMSE, MAE, bias) (R, RMSE, MAE, bias)

Quantification of urban Hl trends using linear regression models

Part 2: Quantifying urban browning-induced heat stress trends in the Global South

I
Urban vegetation change factors
(denoted by EVI of rural
surroundings

. Urbanization factors
I

Background climate factors denoted by logarithm of urban
(denoted by HI of populatio
rural surroundin

‘ Quantification of urban browning-induced HI trends (8,,) using least square-based statistical attribution approach

‘ Analysis of spatiotemporal patterns of 8, in Global South cities

Part 3: Identifying Global South cities that deserve urgent intervention strategies

Physical perspective cities with lower K:y, but higher 8,
(denoted by urban EVI trend) cities with higher K¢\, but lower 8,
urban browning-induced J“ Physiological perspective cities with higher 8y, but at higher heat risk
HI trends (6.) (denoted by urban Hi) cities with higher 8y, but at lower heat risk
Socioeconomic perspective cities with higher 8., but lower economic growth
(denoted by economic growth) cities with lower 8, but higher economic growth

407

408 Fig. S2 | Overall framework of our proposed method. This involves three main parts, i.e., mapping urban

409  heat stress trends (Kwur) in the Global South (Part 1), quantification and analysis of vegetation loss-induced
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410

411

412

413

414

415

impacts on Kur (Part 2), and identification of Global South cities or countries in dire need of intervention to
mitigate heat stress induced by urban browning (Part 3). Part 1 further includes the generation of 1-km
resolution urban HI dataset from 2003 to 2020, validation of the accuracy of urban HI and its long-term

trend, as well as the examination of spatiotemporal patterns of Ku1 across Global South cities.
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Fig. S3 | Spatiotemporal patterns of urban warming rates quantified based on
various temperature metrics across Global South cities. Urban warming trends
derived from satellite urban land surface temperature observations (termed Kisr; a
and b), urban surface air temperature data (termed Ksar; ¢ and d), wet-bulb globe
temperature in shade conditions at stable wind (termed KwggT; e and f), Humidex

(termed Knumidex; g and h), and HI (termed Kui; i and j).
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Fig. S5 | Contributions of background climate (BCC), urbanization (URB), and

urban greenness change (UGC) factors to Kur across Global South cities. (a to c)

display the daytime case, while (d to f) display the nighttime case.
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of the whiskers indicate one SD below and above the mean, respectively. In subplots
(a) and (b), the sample sizes of cities in the Central AS, West AS, East AS, South AS,
Southeast AS, Middle AF, North AF, South AF, West AF, East AF, Caribbean, Central
AM, and South AM are 64, 88, 902, 288, 118, 22, 142, 117, 80, 34, 25, 112, and 336,
respectively. In subplots (¢) and (d), the sample sizes of small, medium, large, and
mega cities are 1596, 397, 229, and 119, respectively. In subplots (e) and (f), the
sample sizes of LIC, LMIC, UMIC, and HIC cities are 20, 189, 1125, and 1007,

respectively.
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476  Fig. S10 | Browning-induced Kur attributable to the warming effect of surface air
477  temperature (SAT) and drying effect of humidity (RH) across Global South
478  cities. (a) and (b) are for daytime, and (¢) and (d) are for nighttime.
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Fig. S11 | Spatiotemporal patterns of urban browning-induced Ku1 (termed fur)
in cities of Global South and Global North, and their contrasts in mean fux
statistics. (a and ¢) are for daytime, and (b and d) are for nighttime. In subplots (c)
and (d), the circle denotes the mean value, while the upper and lower bounds of
whiskers represent the 95% confidence interval. In subplot (¢), the sample sizes for
cities in the Global North and Global South are 3246 and 2321, respectively; while in
subplot (d), the sample sizes for cities in the Global North and Global South are 3194

and 2261, respectively.
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501  for all countries during daytime (¢) and nighttime (f). Only the countries with ten or more selected cities

502  were included in this analysis to ensure statistical significance of the estimated Sur values.
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Fig. S14 | Categorization of city sizes based on quartiles of urban population
density, termed small cities (< 630 persons/km?), medium cities (630-1,977
persons/km?), large cities (1,977—4,430 persons/km?), and megacities (> 4,430

persons/km?), respectively.
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Fig. S15 | Number of valid observation days of LST, EVI, and WSA, and their associated proportions
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missing data) across Global South cities. To eliminate possible impacts arising from cloud contamination
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control bitmask layer, and further utilized these LST observations to mask WSA and EVI observations.
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Fig. S16 | Spatiotemporal patterns of annual mean Kur in urban Global South.

(a) is for daytime and (b) is for nighttime.

37 | 62



519
520

521

522

523

30°N

30°S

30°N

30°S

-~ 781 stations for nighttiﬁe Hi generation
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Fig. S20 | Accuracy assessments of urban HI and its associated trends (Kur)
across Global South cities. Scatterplots of the observed and predicted urban HI for
summer daytime (a) and nighttime (b); scatterplots of Kur calculated based on the
observed and predicted urban HI values for summer daytime (¢) and nighttime (d). N
denotes the number of samples used for cross-validation. R, RMSE, and MAE signify
the correlation coefficient, root mean square error, and mean absolute error between

the observed and predicted values, respectively.
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556  Fig. S23 | Accuracy assessments of urban HI trends (Kui) across cities in each
557  sub-continent. Scatterplots of the observed and predicted Kui for summer daytime
558  and nighttime across Asian cities (a and d), African cities (b and e), and Latin

559  American cities (¢ and f). N denotes the number of samples used for cross-validation.
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560 R, RMSE, and MAE represent the correlation coefficient, root mean square error, and

561  mean absolute error between observed and predicted values, respectively.
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Fig. S24 | Possible uncertainties arising from the relatively limited and sparsely

distributed urban stations. Spatiotemporal patterns of Ksar quantified based on in-

situ observations sourced from Berkeley Earth dataset (a and e) and HadISD dataset

(c and d), as well as their in-between differences (b and f); Statistical mean values of

Ksar quantified based on these two data sources (¢ and g). In subplots (d) and (h), the

center line represents the mean, while the lower and upper lines denote 25th and 75th

quantiles, respectively. The lower and upper bounds of the whiskers indicate one

standard deviation (SD) below and above the mean, respectively. The city sample size

for all boxes in subplot (d) is 2322, whereas the sample size for subplot (h) is 2,266.
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Fig. S25 | Spatiotemporal patterns of urban browning-induced heat stress trends
quantified using various temperature or heat indices across Global South cities.
Urban browning-induced heat trends derived from satellite urban land surface
temperature observations (termed frst; a and b), derived from urban surface air

temperature data (termed fsar; ¢ and d), derived from wet-bulb globe temperature in
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shade conditions at stable wind (termed fwscr; e and f), derived from Humidex

(termed Srumidex; g and h), derived from HI (termed Sur; i and j).
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Fig. S28 | Potential impacts from urban HI estimation error on the quantification
of Ky and fui. Spatiotemporal patterns of Kur and Sur quantified based on the bias-
perturbed 1-km resolution urban HI data, with (a and b) denoting the daytime case

and (¢ and d) denoting the nighttime case.
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Fig. S29 | Statistical characteristics of urban browning-induced heat trends
quantified using various temperature indices (i.e., fwBGT, SHumidex, Sur, Ssat, and
Prst). (a) is for daytime and (b) is for nighttime. The city sample sizes for fwagr,
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2267, respectively. The center line represents the mean, while the lower and upper
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610  Fig. S30 | Spatiotemporal patterns of the trends in urban surface air temperature
611  (Ksar; a and b), relative humidity (Krn; ¢ and d), and specific humidity (Ksu; e
612 and f) across Global South cities.
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624

C. Supplementary Tables

Table S1 | Country typologies depicting the relationships between Kgvi (decade™)
and fu1 (°C/decade; physical perspective), with the thresholds defined using the

mean values of Kevi and fur across all Global South countries.

Thresholds Country typologies

Kevi<—0.012 and  higher urban browning together with higher browning-

Pur > 0.030 induced heat stress amplification

Kevi<—0.012 and  higher urban browning yet with lower browning-induced heat
P <0.030 stress amplification

Kevi>—0.012 and  lower urban browning together with lower browning-induced
P <0.030 heat stress amplification

Kevi>—0.012 and  lower urban browning yet with higher browning-induced heat

P <0.030 stress amplification
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625 Table S2 | Country typologies depicting the relationships between urban HI (°C)
626 and fur (°C/decade; physiological perspective), with the thresholds defined using

627  the mean values of urban HI and fu1 across all Global South countries.

Thresholds Country typologies

urban HI > 33.6 and higher heat risk together with higher browning-induced
P> 0.030 heat stress amplification

urban HI > 33.6 and higher heat risk together with lower browning-induced
P <0.030 heat stress amplification

urban HI < 33.6 and lower heat risk together with lower browning-induced
P <0.030 heat stress amplification

urban HI < 33.6 and lower heat risk together with higher browning-induced

P> 0.030 heat stress amplification

628

629
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630

631

632

633

634

635

Table S3 | Country typologies depicting the relationships between economic

growth (%) and fu1 (°C/decade; physiological perspective), with the thresholds

defined using the mean values of economic growth and fu1 across all Global

South countries.

Thresholds

Country typologies

economic growth > 59%
and S > 0.030
economic growth > 59%
and fm < 0.030
economic growth < 59%
and fm < 0.030
economic growth < 59%

and S > 0.030

higher economic growth together with higher
browning-induced heat stress amplification
higher economic growth yet with lower
browning-induced heat stress amplification
lower economic growth together with lower
browning-induced heat stress amplification
lower economic growth yet with higher

browning-induced heat stress amplification
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