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A B S T R A C T

Background: While vegetation type, population density and proximity to greenspaces have been linked to human 
health, what type and location of greenspace matter most have remained unclear. In this context, there are 
question marks over investment-style metrics.
Objectives: This paper aims at establishing what vegetation type may matter most in modifying heat-mortality 
associations, and what the optimal buffer distances of total and specific types of greenspace exposure associ-
ated with reduced heat-related mortality risks are.
Methods: We conducted small-area analyses using daily mortality data for 286 Territory Planning Units (TPUs) 
across Hong Kong and 1 × 1 km gridded air temperature data for the summer months (2005–2018). Using a case 
time series design, we examined effect modifications of total and specific types of greenspaces, as well as 
population-weighted exposure at varying buffer distances (200–4000 m). We tested the significance of effect 
modifications by comparing relative risks (RRs) between the lowest and highest quartiles of each greenspace 
exposure metric; and explored the strength of effect modifications by calculating the ratio of RRs.
Results: Forests, unlike grasslands, showed significant effect modifications on heat-mortality associations, with 
RRs rising from 0.98 (95 %CI: 0.92,1.05) to 1.06 (1.03, 1.10) for the highest to lowest quartiles (p-value = 0.037) 
The optimal distances associated with the most apparent effects were around 1 km for population-weighted 
exposure, with the ratio of RRs being 1.424 (1.038,1.954) for NDVI, 1.191 (1.004,1.413) for total greenspace, 
and 1.227 (1.024,1.470) for forests. A marked difference was observed in terms of the paired area-level and 
optimal distance-based exposure to total greenspace and forests under extreme heat (p-values < 0.05).
Discussion: Our findings suggest that greenspace, particularly nearby forests, may significantly mitigate heat- 
related mortality risks.

1. Introduction

Due to global climate change, extreme heat events are becoming 
more frequent, intense, and longer in duration, leading to numerous 

impacts on the urban environment and population health 
(Intergovernmental Panel On Climate Change (IPCC), 2023). Heat- 
related mortality and morbidity are among the most direct and serious 
consequences of extreme heat. This has spurred action to combat heat 

* Corresponding author at: Department of Urban Planning and Design, Xi’an Jiaotong-Liverpool University, 111 Renai Road, Suzhou 215123, China.
E-mail addresses: Jinglu.Song@xjtlu.edu.cn (J. Song), Antonio.Gasparrini@lshtm.ac.uk (A. Gasparrini), diwei3-c@my.cityu.edu.hk (D. Wei), yilu24@cityu.edu.hk

(Y. Lu), kejiahu@zju.edu.cn (K. Hu), fischer@liverpool.ac.uk (T.B. Fischer), mark.nieuwenhuijsen@isglobal.org (M. Nieuwenhuijsen). 

Contents lists available at ScienceDirect

Environment International

journal homepage: www.elsevier.com/locate/envint

https://doi.org/10.1016/j.envint.2024.108950
Received 17 April 2024; Received in revised form 17 July 2024; Accepted 12 August 2024  

mailto:Jinglu.Song@xjtlu.edu.cn
mailto:Antonio.Gasparrini@lshtm.ac.uk
mailto:diwei3-c@my.cityu.edu.hk
mailto:yilu24@cityu.edu.hk
mailto:kejiahu@zju.edu.cn
mailto:fischer@liverpool.ac.uk
mailto:mark.nieuwenhuijsen@isglobal.org
www.sciencedirect.com/science/journal/01604120
https://www.elsevier.com/locate/envint
https://doi.org/10.1016/j.envint.2024.108950
https://doi.org/10.1016/j.envint.2024.108950
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Environment International 191 (2024) 108950

2

extremes in cities (Gasparrini et al., 2015, 2017; J. Wang et al., 2024). 
Nature-based solutions, such as urban forests, parks, street trees, lawns, 
shrubs, and gardens, collectively known as ‘greenspace’ (Panno et al., 
2017; Swanwick et al., 2003), have shown great potential for mitigating 
climate-driven extreme events, contributing to adaptation and resilience 
(Kabisch et al., 2016; Zhao et al., 2022), and fostering human health and 
well-being in the context of urban settlements (Kabisch et al., 2017).

While there is now a relatively well-established evidence base for the 
potential of greenspaces to reduce heat-related mortality risks globally 
and regionally (Choi et al., 2022; Sera et al., 2019), protective effects 
remain inconclusive in studies at the local scale. While some intra-city 
studies suggest that living in greener areas has the potential to 
decrease health and death risks related to heat (Burkart et al., 2016; 
Harlan et al., 2013), some have also reported an absence of decreased 
heat mortality risk connected with residential greenspace (Gronlund 
et al., 2016; Madrigano et al., 2013; Xu et al., 2013). This variability is 
likely dependent on the availability of high-resolution data and the 
designs of statistical and computational methods (Gasparrini et al., 
2022). While past studies that mainly relied on relevant data aggregated 
at a broader spatial scale may have overlooked the spatial contrasts of 
mortality risk and potential modifiers across fine-scale units (Choi et al., 
2022; Sera et al., 2019), small-area analyses often have low statistical 
power (Murage et al., 2020; Son et al., 2016; Song et al., 2022). 
Importantly, although urban greening has a long history in some cities, 
its connection to heat mitigation strategies is not always clear. As the 
latter are proposed to be most effective when devised locally (Madrigano 
et al., 2015), understanding the exact effect of greenspace across fine- 
scale units is crucial for being able to provide a bridge between the 
two (Kabisch et al., 2016).

Even though urban greening is suggested to be a promising strategy 
to limit the negative health impacts of extreme heat, much remains to be 
learned about how to best promote and implement it (Hondula et al., 
2018). Reviews of existing epidemiological studies generally conclude 
that simply by greening cities can the impacts of heat on health be 
mitigated (Schinasi et al., 2018; Son et al., 2019). However, city plan-
ners, politicians, and others involved in urban greening often require 
hard evidence demonstrating the health benefits of greenspace accord-
ing to specific pathways (Markevych et al., 2017; Nieuwenhuijsen, 
2018) and actionable information like investment-style metrics 
(Hondula et al., 2018; Iungman et al., 2023).

In terms of the existing professional literature, to date most authors 
have focused on an assessment solely of a single and simple measure of 
greenspace, such as the normalized difference vegetation index (NDVI) 
(Burkart et al., 2016; Madrigano et al., 2013; Son et al., 2016; Song et al., 
2022; Zhang et al., 2021) or the proportion of greenspace (Gronlund 
et al., 2016; Pascal et al., 2021; Xu et al., 2013; Zanobetti et al., 2013). 
Though effective at assessing the overall level of greenspace in an area, 
these measures alone cannot capture the full spectrum of greenspace and 
do not take into account other factors that may influence heat-related 
health risks (Choi et al., 2022; Wu et al., 2018). Earlier research sug-
gests that vegetation type, population density, and distance to green-
spaces significantly impact public health (Ekkel & De Vries, 2017). 
However, their exact effects are unclear and appear to be dependent on 
specific pathways (i.e., heat mitigation) (Markevych et al., 2017). For 
example, as different vegetation types differ in their abilities to mod-
erate temperatures (i.e., trees versus grass) (Bowler et al., 2010), the 
associated potential for heat mitigation will likely differ. However, what 
is currently poorly understood is how and to what extent different types 
of vegetation mitigate heat impacts on public health. In addition, a few 
studies have considered using population-weighted greenspace expo-
sure (Heo et al., 2021) or calculating the average NDVI or percent tree 
cover within a specific buffer size around local residents (Madrigano 
et al., 2015; Pereira Barboza et al., 2023; Xu et al., 2013) to assess 
greenspace exposure more accurately. A recent study has also shown 
that street greenery may have higher health benefits against heat (Song 
et al., 2023). The more apparent effect modification is probably because 

street greenery could better represent the daily exposure to the acces-
sible and proximate greenspace of local residents. However, it is still 
being established how proximate greenspace, or more specifically, what 
buffer size best represents the pathway linking greenspaces to heat 
health risk reduction and how exactly it works when considering pop-
ulation distribution in particular. These missing links weaken the po-
tential for evidence to have an impact on decision-makers and on the 
creation of greenspace policies that will positively benefit health.

This paper reports on effect modifications of greenspace exposure on 
heat-mortality associations across the smallest planning units (i.e., 
Territory Planning Unit, TPU) in Hong Kong, using high-resolution data 
and case time series design. The authors aimed at extending existing 
knowledge by examining what vegetation types matter most in modi-
fying heat-mortality associations, and what the optimal buffer distances 
of total and specific types of greenspace exposure associated with 
reduced heat-related mortality risks are.

2. Material and methods

2.1. Study design

We linked daily death records for 286 TPUs in Hong Kong during the 
summer months from June to October for the period 2005–2018 to TPU- 
specific daily temperatures derived from a 1 × 1 km gridded air tem-
perature dataset. An extended case time series (CTS) model was then 
fitted in order to explore the effect modifications of area-level exposure 
to total and specific types of greenspace on heat-mortality associations. 
To identify optimal buffer distances, the population-weighted green-
space exposure and the associated increase in heat mortality risks were 
calculated within various buffer distances from residential areas 
(considering population distributions). In addition, the effect modifi-
cations of two sets of greenspace exposure metrics were compared by 
investigating the differences between the greenspace at the area level 
and exposed persons within the optimal buffer distance.

2.2. Data and exposure assessment

2.2.1. Daily mortality, weather and air pollution data
Individual mortality data were obtained from the Census and Sta-

tistics Department of Hong Kong from 2005 to 2018 for the months June 
to October. These anonymous records include information on date and 
underlying cause of death, and place of residence (in 3-digit TPU code). 
The cause of death was defined based on the Tenth Revision of the In-
ternational Statistical Classification of Diseases, Injuries and Causes of 
Death (ICD-10). To retain a sufficient number of cases and to maximize 
the statistical power of analysis, the present study did not conduct 
further stratification by cause of death and include all-cause mortality 
that covers all known deaths during the study period. TPUs are the 
smallest planning units in Hong Kong’s town planning system. As of the 
2016 census, Hong Kong was divided into 291 TPUs, each with an 
average area of 3.88 km2 and typically housing around 25,000 residents 
(Hong Kong Census and Statistics Department (HKCSD), 2016). During 
the study period, five boundary changes occurred, affecting 11 TPUs. To 
maintain consistency in our analysis, TPUs that experienced boundary 
changes were merged with adjacent ones. This consolidation process 
resulted in a final set of 286 units for subsequent analysis. Individual 
mortality data with TPU identifiers were aggregated as TPU-specific 
daily series of all-cause mortality counts. Daily air temperatures and 
relative humidity during the study period were obtained from the Hong 
Kong Headquarter (HKO) station, the most representative urban station 
with a complete dataset for the study period (H. C. Ho et al., 2020).

Hourly concentration data of ozone (O3) and respirable suspended 
particles (particular matters with an aerodynamic diameter smaller than 
or equal to 10 µm, PM10) were obtained from the 11 general stations in 
Hong Kong (Hong Kong Environmental Protection Department 
(HKEPD), 2023). Based on hourly monitoring data, the 24-hour daily 
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average concentration of ozone and PM10 for each station were calcu-
lated before identifying the daily average values across all 11 stations.

2.2.2. Gridded dataset of air temperature and population
Unlike traditional analyses relying solely on aggregated time series 

and temporal contrasts, this study employed a high-resolution gridded 
air temperature dataset to examine heat-mortality associations. The 
dataset was obtained following three steps. First, the daily gridded air 
temperature data across Hong Kong were extracted from the high- 
resolution and long-term (HLRT) daily gridded dataset, which pro-
vides daily maximum and minimum air temperatures on a 1 × 1 km grid 
across China from 1961 to 2019 (Qin et al., 2022). Figure A1 illustrates 
the spatial structures, with average daily maximum and minimum 
summer temperatures during the study period superimposed on the TPU 
boundaries. Second, the extracted dataset underwent a bias correction 
against the observation data from HKO through a previously docu-
mented quantile data mapping approach (Qian & Chang, 2021; Yoshi-
kane & Yoshimura, 2023). Third, the gridded daily maximum and 
minimum temperature data were averaged to derive the daily mean 
temperature on a 1 × 1 km grid.

To accurately measure human exposure (Qi et al., 2012; Sadeghi 
et al., 2022), we calculated the population-weighted daily temperature 
for each TPU. We first resampled the original 1 × 1 km mean daily 
temperature into a 100 × 100 m grid through a bilinear algorithm to 
match the WorldPop data at 100 m resolution (Tatem, 2017). The cor-
responding TPU-specific daily temperature series were then derived by 
calculating the population-weighted average of the values of all grid 
cells intersecting TPU boundaries.

2.2.3. Greenspace exposure assessment
All available Landsat images with a 30 × 30 m resolution, spanning 

from 2005 to 2018, were acquired and processed using the Google Earth 
Engine (GEE) platform. Low-quality Landsat imagery including pixels 
affected by clouds and cloud shadows was identified based on the pixel 
quality assessment (QA) band. To obtain could-free imagery, affected 
pixels were excluded by the cloud mask provided with the QA band 
(Bian et al., 2020). The resulting cloud-free Landsat image collection 
was subsequently utilized to calculate the normalized difference vege-
tation index (NDVI), a widely-used index of vegetation presence and 
density. The NDVI equals the difference between near-infrared and 
visible radiation divided by the sum of the two (Tucker, 1979). The 
resulting index ranges between − 1 and 1, with higher values indicating 
denser vegetation (Weier and Herring, 2000). The annual NDVI com-
posite was calculated using the Maximum Value Compositing (MVC) 
technique (Holben, 1986). It was then used to estimate the average 
NDVI of each grid cell over the study period (Figure A2). By averaging 
the values of all grid cells within the TPU boundary, a long-term TPU- 
specific NDVI was produced, which was used as a proxy of greenspace 
exposure at the area level.

The total and factions for three types of greenspace at 30-m resolu-
tion were quantified, using the GlobeLand30 in 2010, including forest, 
shrub and grassland (Figure A3). The GlobeLand30 dataset is the first 
open-access, high-resolution map of Earth’s land cover data developed 
and released by the National Geomatics Center of China and comprises 
ten types of land cover (J. Chen et al., 2017). TPU-specific exposure to 
the total and specific types of greenspace were measured by the pro-
portion of the total and each type of greenspace within a TPU. Due to the 
minimal shrub in Hong Kong (Figure A3), this study mainly focused on 
two specific vegetation types: forest and grassland.

In addition to the area-level greenspace exposure, population- 
weighted exposure metrics were calculated within various buffer dis-
tances ranging from 200 m to 4 km in each TPU. For the NDVI-based 
exposure metric, first the original 30 m annual NDVI composite was 
resampled to a 100 m resolution to match the annual WorldPop data 
from 2005 to 2018. Then, the annual population-weighted NDVI-based 
exposure was calculated within varying buffer sizes for each TPU 

following Eq. (1) (Chen et al., 2022a). The resulting annual exposure 
metrics were averaged over the study period to represent the TPU- 
specific NDVI-based exposure. For exposure metrics based on the land 
cover map, first the total and then the factions for three types of 
greenspace were extracted from the GlobeLand30 in 2010. Data were 
then resampled on a 100 × 100 m grid to match the corresponding 
population data in the same year. The population-weighted exposure 
was calculated to the total and different types of greenspace within 
various buffer distances following Eq. (1). 

GE(d) =
∑n

i=1Popi × GE(d)i∑n
i=1Popi 

where Popi represents the population of the grid i, and GE(d)i represents 
the corresponding NDVI or the proportion of total or a specific type of 
greenspace (i.e., forest, shrub, and grassland) within a buffer distance of 
d meters for that grid (i = 200, 400, 600, …, 4000 m); n donates the total 
number of grids within a given unit (i.e., a TPU in this study), and GE(d)
denotes average greenspace exposure per person for that unit at a buffer 
distance of d meters.

2.3. Statistical analysis

A novel CTS design was used to assess the association between 
temperature and total mortality across small areas, fitting the TPU- 
specific series by a conditional Poisson regression. The CTS modeling 
framework incorporates the self-matched structure in case-only design 
into a classical time series form and is well suited for small-scale 
epidemiological studies (Gasparrini, 2021). Here, the daily mortality 
of each TPU was defined as the event-type outcome and was linked to 
the corresponding daily temperature of that unit. A bi-dimensional 
spline distributed lag nonlinear model (DLNM) with a cross-basis term 
was fitted, accounting for the nonlinear exposure–response associations 
and lagged dependencies simultaneously. Specifically, the exposur-
e–response curve was modeled using a natural cubic spline with two 
internal knots at the 50th and 90th percentiles of summer temperatures, 
and the lagged effects of heat, using a natural spline with one knot 
placed on the log scale up to 3 days. The model also accounts for tem-
poral trends, using a matching stratum defined by year, month and TPU, 
indicators of days of a week and holidays, natural splines of days of the 
year with 4 degrees of freedom, and an interaction term with year in-
dicators, as done in a past study (Gasparrini, 2022). The bi-dimensional 
temperature-lag response curve was then reduced to a one-dimensional 
overall temperature-mortality association by cumulating the risk over 
the lag dimension. The minimum mortality temperature (MMT) was 
identified, corresponding to the temperature value for the minimum 
temperature-mortality risk. Mortality risks under extreme heat were 
then summarized by computing the relative risks (RR) and related 95 % 
CIs at the 99th temperature percentiles versus the MMT, respectively.

The CTS models could be further extended by introducing an inter-
action term with time-invariant terms to investigate the effect modifi-
cations. In this instance, a linear interaction was included between the 
cross-basis temperature and each greenspace exposure metric into the 
CTS models to separately explore the effect modification of total and 
specific types of greenspace. Based on univariate interaction models, the 
pooled exposure–response curves at the lowest and highest quartiles of 
each greenspace exposure metric were first predicted for extracting the 
RRs under extreme heat (at the 99th temperature percentile versus the 
MMT). Next, the p-value between the lowest and highest quartiles of 
each greenspace exposure metric was calculated, using the Wald-test to 
explore the significance of the effect modification for each metric. In 
addition, the difference in the temperature-mortality associations was 
predicted, expressed as the ratio of RRs, between the lowest and highest 
quartiles of each greenspace exposure metric at the 99th temperature 
percentile. The ratio of RRs was used as a proxy of the strength of effect 
modification for each metric, following a previously described method 
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(Pascal et al., 2021; Qiu et al., 2021; Schinasi et al., 2018). A higher ratio 
of RRs indicates stronger effect modifications. The significance and 
strength of effect modifications of the population-weighted exposure 
was also explored for total and specific types of greenspace at various 
buffer distances, ranging from 200 m to 4 km. The estimated results 
allowed for an identification of the optimal exposure distance to the 
total and each type of greenspace. Finally, the ratios of RRs for the 
paired area-level exposure and the population-weighted exposure 
within the optimal distance for the total and specific types of greenspace 
were also explored. The Wald test was used to explore if there was a 
significant difference between two sets of exposure metrics.

Spearman’s correlation analyses were adopted to identify potential 
confounding effects of the socioeconomic status (SES) and blue space 

exposure, based on their correlations with greenspace exposure metrics. 
A set of variables, including age, education, income, and distance to 
coast were selected as proxies of SES and that of blue space exposure 
following a literature review (Burkart et al., 2016; Song et al., 2022). 
Details on data sources and definitions are provided in the appendix
(Table A1). Sensitivity analyses were then performed by including each 
SES variable and the variable of blue space exposure into the univariate 
interaction model as a potential modifier, and by including daily relative 
humidity, daily concentration of O3 and PM10 at 0–1 lag days to control 
the confounding effects of other time-varying variables. All analyses 
were performed in R v4.3.1. The CTS models were fitted using the dlnm 
and gnm packages. The Wald test was performed using the metaphor 
package. Two-tailed p-value < 0.05 was considered to be statistically 

Fig. 1. Average population-weighted summer temperature (◦C) in 2005 (top) and 2018 (bottom) at a 100 m × 100 m grid overlaid by the boundaries of 286 TPUs.
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significant.

3. Results

3.1. Characteristics of study area

The analysis included 221,919 deaths from all causes across 286 
TPUs during the summer months (June to October) from 2005 to 2018. 
Of these, 213,505 deaths (over 95 % of all-cause mortality) were 
attributed to non-accidental diseases. The average daily mean temper-
ature was 28.0 ◦C, ranging from 18.9 ◦C to 32.2 ◦C. The 99th percentile 
of temperature distributions was 31.2 ◦C. The mean daily relative hu-
midity was 77.78 %. The mean daily concentrations of air pollution were 
41.73 μg/m3 for O3 and 44.69 μg/m3 for PM10 at 0–1 lag days. 
Fig. 1 shows the average population-weighted summer temperatures at 
a 100 m × 100 m grid in the two years. As expected, the summer tem-
perature exhibits a geographical gradient, with higher values in densely 
populated areas. Table 1 provides a statistical summary of NDVI and 
proportions of total greenspace, forest land and grassland at the TPU 
level.

The overall cumulative temperature-mortality relationship estimates 
have a minimum value at 26.7 ◦C, corresponding to the MMT. Signifi-
cantly increased risks were observed under extreme heat, with RRs being 
1.040 (95 %CI: 1.009,1.072) at the 99th percentile (31.2 ◦C), compared 
to MMT.

3.2. Effects of various area-level greenspace exposure metrics on heat- 
mortality associations

The upper panel in Fig. 2 displays the exposure–response curves 
predicted at the lowest and highest quartiles of each area-level green-
space exposure metric—namely, NDVI and proportions of total and 
specific types of greenspace—using the univariate interaction models. 
TPUs at the highest quartile of area-level exposure to total greenspace 
show a lower heat-related mortality risk (indicated with the red vertical 
dot-dashed line) compared to TPUs at the lowest quartile, with the RR 
rising from 1.00 (95 %CI: 0.94, 1.06) to 1.05 (95 %CI: 1.02, 1.08) for 
NDVI, and 0.99 (95 %CI: 0.93, 1.06) to 1.06 (95 %CI: 1.02, 1.10) for the 
proportion of total greenspace, albeit not significant considering the 
returned p-values > 0.05. A similar pattern can be observed for the forest 
land with more apparent effect modifications under extreme heat, with 
the RR rising from 0.98 (95 %CI: 0.92, 1.05) to 1.06 (95 %CI: 1.03, 1.10) 
for the highest to lowest quartiles (p-value = 0.037), while for grassland 
no differences were found in the heat tail.

The lower panel of Fig. 2 shows the ratio of RRs between the lowest 
and highest quartiles of different exposure metrics—namely, NDVI and 
proportions of total and specific types of greenspace—over the whole 
range of summer temperatures. The ratio of RRs indicates the difference 
in the temperature-mortality associations for the highest and lowest 
quartiles of greenspace exposure, and can be interpreted as a measure of 
the strength of the effect modifications for each area-level greenspace 
exposure metric. In this instance, the area-level exposure to total 
greenspace presents a promising but insufficient effect to limit the im-
pacts of extreme temperature, with the ratio of RRs being 1.170 (95 %CI: 
0.958, 1.429) for NDVI, and 1.001 (95 %CI: 1.000, 1.002) for the 

proportion of total greenspace under extreme heat. For specific vege-
tation types, similar results were observed, with the ratio of RRs being 
1.001(95 %CI: 1.000,1.002) for forest land and 1.001 (95 %CI: 
0.996,1.005) for grassland under extreme heat.

3.3. Effects of population-weighted greenspace exposure at varying buffer 
distances on heat-mortality associations

Fig. 3 provides a graphical representation of the significance and 
strength of effect modifications for the population-weigthed exposure to 
total and specific types of greenspace within a varying buffer distance 
under extreme heat, expressed by the RRs (the upper panel) and the ratio 
of RRs (the lower panel) between the lowest and highest quartiles of 
each exposure metric at the 99th temperature percentle. The population- 
weighted NDVI demonstrates significant effect modifications on the 
heat-mortality relationship across buffer distances ranging from 800 m 
to 1400 m (p-values < 0.05). The optimal effect is observed at approxi-
mately 1000 m, with a ratio of RRs being 1.424 (95 %CI: 1.038,1.954). 
In other words, people living in areas corresponding to the lowest 
quartile of the optimal distance-based NDVI could face a heat-related 
mortality risk 1.424 times higher than those living in areas with the 
highest quartile.

A similar scale of effects was observed for the population-weighted 
proportion of total greenspace and that of forest land, with significant 
effect modifications on heat-mortality associations within a buffer dis-
tance ranging from 800 m to 1400 m, and 800 m to 1600 m, respectively. 
The presence of total greenspace and forest land also shows similar 
gradient regarding the strength of effect modifications. A sharp increase 
was observed in the curves of the ratio of RRs for both with an increase 
of the buffer distance to 1000 m, followed by a decrease beyond 1000 m. 
The curve of the ratio of RRs for grassland presents a sharp decrease as 
the buffer distance rises, though the effect remains insignificant for 
buffers of different sizes, ranging from 200 m to 4000 m, as confirmed by 
the returned p-values > 0.05.

3.4. Difference between the effects of area-level and population-weighted 
greenspace exposure within the optimal distance

Table 2 shows the ratio of RRs for the lowest to highest quartiles of 
greenspace exposure, depending on specific metrics estimated at the 
area level and within the optimal distance. The returned p-values of the 
difference in the ratios of RRs between each paired greenspace exposure 
metric suggested little difference in the effect modifications between 
area-level NDVI and population-weighted NDVI within the optimal 
distance (p-value > 0.05). In contrast, a marked difference was observed 
in terms of the paired area-level and population-weighted exposure to 
total greenspace and forest land under extreme heat (p-values < 0.05). 
No significance was established for grassland.

3.5. Results of correlation and sensitivity analyses

According to results of Spearman’s correlation analyses (Figure A4), 
NDVI, the proportion of total greenspaces, and the proportion of forest 
land were highly correlated with each other (Spearman correlation r >
0.88). However, no explicit association was observed for the three 
indices with the proportion of grassland (r < 0.28). There was a weak to 
non-explicit association between socio-economic variables and green-
space exposure indices, as well as between the variable of blue space 
exposure and greenspace exposure indices (r < 0.33). In addition, no 
significant difference was observed between the RR curves of the high 
and low SES levels considering the three selected variables (Figure A5). 
There was little evidence of significant effect modifications of SES var-
iables under extreme heat (at the 99th temperature percentile, 31.2 ◦C), 
as confirmed by returned p-values > 0.05 of Wald-test (Table A2). 
Therefore, the confounding effect of each SES variable would be, if 
present, minimal to that of each greenspace metric. Similar results were 

Table 1 
Statistical summary of NDVI and proportions of total greenspace, forest land and 
grassland at the TPU level.

Metrics Mean SD Min P25 P50 P75 Max

NDVI 0.46 0.18 0.10 0.32 0.48 0.61 0.74
% total 

greenspace
52.88 38.36 0.00 10.00 61.07 91.33 100.00

% forest land 46.80 35.95 0.00 7.18 47.86 82.24 100.00
% grassland 4.11 8.23 0.00 0.00 0.00 4.77 54.39

J. Song et al.                                                                                                                                                                                                                                     



Environment International 191 (2024) 108950

6

observed for the variable of blue space exposure (Figure A5 & Table A2).
Sensitivity analyses also show that similar effect modifications of 

exposure to total and specific types of greenspace were observed after 
controlling for relative humidity and concentrations of O3 and PM10, 
for both area-level indices and population-weighted indices at varying 
buffer distances (Figs. A6 & A7, Table A3). This is the indication of the 
robustness of the analyses.

4. Discussion and conclusion

This study has comprehensively characterized the health benefit of 
greenspace exposure protection from heat by using high-resolution 
temperature data and exploring the effects of different types of green-
spaces. This study is also unique in having simultaneously assessed the 
effect modifications of area-level greenspace exposure, as well as 
population-weighted greenspace exposure within varying buffer 

Fig. 2. The relative risks (RRs) (the upper panel) and the ratio of RRs (the lower panel) between the lowest and highest quartiles of each area-level greenspace 
exposure metric over the whole summer temperature, with 95 % confidence intervals. The area-level greenspace exposure was assessed by the average value of a) 
NDVI; and the proportion of b) Total greenspace; c) Forest land; d) Grassland for each TPU. The RRs and the ratio of RRs under extreme heat (at the 99th temperature 
percentile, 31.2 ◦C) were indicated in the red dot-dashed line.

Fig. 3. The relative risks (RRs) and the ratio of RRs between the lowest and highest quartiles of each population-weighted greenspace exposure metric within a buffer 
distance ranging from 200 m to 4000 m under extreme heat (at the 99th temperature percentile, 31.2 ◦C), with 95 % confidence intervals. The greenspace exposure 
was assessed based on population-weighted metric in terms of: a) NDVI; b) Total greenspace; c) Forest land; d) Grassland.
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distances.
Variations in heat-related mortality were established for different 

vegetation types. The RRs were significantly higher in areas categorised 
as being in the lowest quartile of forest land exposure, although the 
between-group difference was limited in terms of the ratio of RRs. 
However, such variation was not significant in terms of grassland 
exposure across TPUs. This is probably because, in addition to evapo-
rative cooling, shading from trees can immdediately intercept solar ra-
diation, and thus create local cool areas beneath the tree canopies (Oke, 
1989). An empirical study in Hong Kong found that trees were more 
effective than grass surfaces in cooling pedestrian areas (Ng et al., 2012). 
Another possible explanation is that the amount and size of grassland in 
Hong Kong is too small to provide residents with enough open public 
space. Previous studies indicated that people were less likely to visit or 
use small-size greenspaces, which may constrain the health benefits of 
ground vegetation in Hong Kong (Ekkel & De Vries, 2017).

A novel finding is the variation in the health benefits of population- 
weighted greenspace exposure against heat at varying buffer distances. 
The results are unique in showing the buffer distance that is best suited 
for representing the pathway linking greenspace to heat health risk 
reduction, and how it may vary by exposure metrics and specific types of 
greenspace. The effect modifications were found to be strongest when 
considering exposure to the nearby total greenspace and forest land. 
There appears to be no empirical support from past studies for a specific 
cut-off value for distance that could represent the greenspace-heat 
health pathways. However, our findings are consistent with other 
studies that report significant protective associations between physical 
health and nearby greenspaces (Browning & Lee, 2017; Gullón et al., 
2023; Hajna et al., 2023).

The exact mechanisms that lead to the changing effects of greenspace 
at varying buffer distances cannot be fully elaborated on. The underlying 
reasons are connected with direct and indirect pathways linking 
greenspace to health impacts of heat. Greenspaces are thought to 
decrease heat mortality risk directly via cooling processes. A few studies 

have reported the extension of the cooling effect of a green area beyond 
its boundary, indicating a general cooling effect rather than only 
localized cooling (Bowler et al., 2010). Therefore, temperatures for local 
residents at a specific site would be affected by surrounding greenspace 
within a certain radius of their location. Our findings suggest that a 
buffer distance of 1000 m is best suited for representing the pathway 
linking greenspace exposure to death risk from heat. Ziter et al. (2019)
observed a more apparent cooling effect of the canopy at broader scales. 
This finding corresponds to the attenuated effect modifications of 
greenspace at small buffer distances shown in Fig. 3.

In addition, vegetation might also affect air movements and heat 
exchange (Bonan, 1997). This effect can be expected to depend on the 
type of vegetation. In terms of vegetation’s wind sheltering effect 
(Gunawardena et al., 2017), trees may block air ventilation and retain 
warm air beneath the canopies, thus probably offsetting the localized 
cooling effects from evapotranspiration and shading; in contrast, an 
open grass field that provides low resistance to air flow may promote 
cooling by convection (Bowler et al., 2010). Such difference in the 
cooling mechanism may partially explain the lower values at the left tail 
of the curve of forest land exposure, and the difference in the trend of 
forest and grassland in the bottom panel of Fig. 3.

For the indirect pathways, nearby trees and greenspaces are more 
frequently visited by residents than distant ones (Browning & Lee, 2017; 
Fouad et al., 2023; Schindler et al., 2022; Wong, 2009). More frequent 
visits can lead to better mental and physical health via increases in 
physical activity, reduction in stress, and mitigation of heat and air 
pollution exposure (better thermoregulation and physiological mecha-
nisms to resist heat impacts) (Lim, 2020). Therefore, the drop of visits to 
distant greenspaces and consequently reduced health benefits may lead 
to a decline in the effect modifications of greenspace exposure at a large 
buffer distance shown in the bottom panel of Fig. 3.

Comparisons of paired area-level and population-weighted green-
space exposure demonstrate that the estimates of the effect modification 
of greenspaces are sensitive to the choice of metrics. As with the tradi-
tional approaches, the effect modifications of greenspace on heat- 
mortality associations were mainly estimated based on the area-level 
exposure metrics regardless of population distribution or the effects of 
varying buffer distances (Burkart et al., 2016; Son et al., 2016). Previous 
studies had reported insignificant effect modifications of greenspaces on 
heat impacts by using area-level metrics (Gronlund et al., 2016; Song 
et al., 2022). These findings raise concerns about the potential for 
exposure misclassification in their deprivation of the exposure–response 
association for the study population. The absence of effect modifications 
may simply reflect exposure misclassifications (Gronlund et al., 2016).

A significant disparity was observed in the estimated effects of 
exposure to total greenspace and forest land by using area-level and 
population-weighted indices within the optimal buffer distances. Find-
ings indicate a possibility of a more significant pathway of population- 
weighted exposure to nearby trees and greenspaces, besides area-level 
exposure. This pathway has important implications for population- 
level heat mitigation strategies. Planting trees or greening should 
happen within walkable distances (around 1000 m) to local residents, in 
addition to the purposeful increase of area-level presence of vegetation.

Meanwhile, the limited effect modifications of greenspace exposure 
at small buffer distances suggest that urban greening should occur at a 
broader scale rather than very close to residents. The findings challenge 
some proposed strategies for improving general health by having 
greenspace within a five-minute walk (Blanck et al., 2012) or a buffer of 
500 m or less (Browning et al., 2022) to residents. However, the findings 
have important implications for heat mitigation strategies through 
urban greening. First, planting trees or greening in targeted locations 
where people live—such as individual or clusters of trees adjacent to a 
house or yard, or along a well-used walking path—may benefit different 
domains of physical health (Rojas-Rueda et al., 2019). However, deci-
sion makers need to understand that protective effects against heat may 
be small if the surrounding area has a low canopy and is less vegetated. 

Table 2 
The ratio of relative risks (RRs) between the lowest and highest quartiles of each 
paired greenspace exposure metrics at the area level and within optimal expo-
sure distance under extreme heat, and the p-value for the difference in the ratio of 
RRs between each paired greenspace exposure metrics.

Variables Exposure 
metrics

Ratio of RRs 
(95 % CI)

p-value for the 
difference in  
Ratios of RRs

NDVI Area level 1.170(0.958,1.429) 0.304
Within 
optimal 
distance

1.424(1.038,1.954)

Total greenspace Area level 1.001(1.000,1.002) 0.045
Within 
optimal 
distance

1.191(1.004,1.413)

Forest land Area level 1.001(1.000,1.002) 0.028
Within 
optimal 
distance

1.227(1.024,1.470)

Grassland Area level 1.001(0.996,1.005) 0.494
Within 
optimal 
distance

1.488(0.477,4.638)

Note: Ratio of RRs is short for the ratio of relative risks between the lowest and 
highest quartiles of each greenspace exposure metric. Exposure metrics at the 
area level refer to the mean value of NDVI or the proportion of the total or 
specific type of greenspace within each TPU, while those within optimal distance 
indicating a population-weighted mean value of NDVI or the proportion of the 
total or specific type of greenspace at the optimal buffer distance within each 
TPU. The optimal distance was 1000 m for NDVI, the proportion of total 
greenspace, and the proportion of forest land, and 200 m for the proportion of 
grassland under extreme heat (at the 99th temperature percentile, 31.2 ◦C).
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Second, as the compact building footprints in high-density cities prob-
ably limit the ability of tree canopies to flourish, greenspaces may not be 
directly accessible to all those who might benefit during periods of very 
high temperatures (Ziter et al., 2019). According to our findings, nearby 
greenspace at a broader scale may help buffer declined health benefits 
due to the shortage of vegetation cover at a finer scale, allowing for more 
flexible planning and design solutions for urban greening in compact 
cities, like Hong Kong.

As one of the first attempts to explicitly link heat health risk reduc-
tion to greenspace exposure considering the varying effects by vegeta-
tion type and at buffers of different sizes, the empirical findings 
presented in this paper have some limitations. Firstly, this study 
computed the effect estimates, using aggregated data at small-area level. 
The findings are potentially susceptible to the “ecological fallacy”. 
Future studies are thus advised to explore the impacts of the size of 
analysis units (Kwan, 2012). Second, heat-related mortality risks are 
affected by various factors, residual confounding cannot be fully ruled 
out. Genetic factors, accidents, or injuries could be among these factors 
and merit further investigation once relevant data become available. 
Other meteorological factors, including precipitation, atmospheric 
pressure, and wind directions, were not included due to data unavail-
ability for the entire period. This limitation presents opportunities for 
future research. Third, to maintain sufficient statistical power, we did 
not differentiate the effect modifications of greenspace exposure by 
cause of death or age group. Nonetheless, given a larger dataset, such 
stratification would be worth considering in further research. Fourth, 
the results were computed over a relative long study period. The tem-
poral variations in risks and the estimated effects were not accounted for 
in the present study but all have significant potential to be a focal point 
for continued work. Fifth, while this study incorporated the most recent 
insights in greenspace exposure assessment (Chen et al., 2022a; Chen 
et al., 2022b), the proliferation of new data sources and emerging 
technologies offer potential for further refinement. The Green View 
Index, derived from street-view imagery, provides pedestrian-level 
perspectives of urban greenery, complementing traditional aerial mea-
sures (R. Wang et al., 2019). Urban forest composition and canopy 
structure, particularly tree species diversity, merit consideration due to 
their varying cooling efficiency and allergenic potential.. Additional 
factors include greenspace size, shape and spatial patterns (Kong et al., 
2014; Masoudi et al., 2019), as well as the actual greenspace utilization 
(James et al., 2015) and the combined effects of these factors.

Moreover, this study derived risks at low and high levels of green-
space exposure through univariate models. Other factors that might 
explain the spatial differences in heat-mortality associations across 
analysis units (TPUs) were not accounted for, such as the differential air 
pollution levels and topological conditions across space. Further devel-
opment of more advanced models thus need to disentangle the effect 
modifications of various space-varying factors, including air pollution 
exposure and elevation. Additionally, prior studies have documented 
that the health benefits of greenspace exposure can vary depending on 
the specific health outcomes being studied (Yang et al., 2021). There-
fore, there is uncertainty regarding the generalization of our findings to 
other health outcomes, such as heat-related morbidity. Lastly, although 
the analysis made use of high-resolution temperature data linked with 
small-area information, these were produced by machine learning ap-
proaches. In this context, uncertainty was neither quantified nor 
considered in the analysis.

In conclusion, nearly all extant small-scale studies that have inves-
tigated the effect modifications of greenspace on the heat-mortality as-
sociation have focused primarily on the area-level metrics of greenspace 
regardless of the population distribution and the scale of effects. This 
paper extended existing research by demonstrating that vegetation 
types, population distribution, and distance to greenspaces have 
important roles to play in heat-mortality associations. Specifically, the 
effects of greenspace are most significant at a buffer distance of 1000 m 
under extreme heat, independent of metrics used but vary by vegetation 

type. The findings provide insight into the optimal buffer sizes for rep-
resenting the specific health pathway between greenspace and heat 
impact mitigation. Furthermore, these findings may provide insights 
into the reason for non-significant results observed in previous studies 
that employed area-level metrics only, irrespective of the population 
distribution or the scale of effect (Gronlund et al., 2016; Madrigano 
et al., 2013; Xu et al., 2013). The authors believe that particular in-
terventions in residential greenspace within a walkable distance (around 
1000 m) could effectively reduce heat exposure and vulnerability, 
thereby, decrease the likelihood of mortality from heat. If these findings 
are replicated, such implications will be of importance to urban planners 
and designers as they seek to achieve maximal health benefits through 
informing measures of modifiers to specific pathways and threshold 
effects for each.
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Appendix A 

Table A1 
Descriptive statistics of socioeconomic variables and the variable of blue space exposure in Hong Kong.

Variables Mean SD Min P25 P50 P75 Max

% older adults 1 14.57 3.81 6.15 11.46 14.57 17.38 24.05
% low education 2 9.1 2.91 4.51 7.01 8.67 10.7 20.71
% low income 3 3.16 0.89 0.95 2.64 3.09 3.45 8.3
Distance to coast 4 (m) 1631.58 1833.62 1.42 352.12 946.66 2144.72 8310.27

Note: Data for each variable were obtained from the 2006 and 2016 Hong Kong censuses (Hong Kong Census and Statistics Department (HKCSD), 2006, 2016). The 
smallest census units with available data in the two rounds of censuses were large TPUs, in which adjacent TPUs with small populations were merged into a large unit. 
Owing to the limited inland water body in Hong Kong, the distance to coast of each TPU was selected as a proxy for blue space exposure and was represented by the 
shortest Euclidean distance from the population-weighted centroid of each TPU to the coastlines. The population data were obtained from the WorldPop dataset (100 
m × 100 m). The coastlines of Hong Kong were obtained from the iB5000 Topographical Dataset of the Hong Kong Lands Department (2014).
1 Percent of people aged > 65 years.
2 Percent of people aged > 15 years with educational attainment only at primary school or below.
3 Percent of the working population with monthly income below the poverty line (i.e., HKD$2000 in 2006 and HKD$4000 in 2016, according to the poverty indicator 
in Hong Kong (Hong Kong Census and Statistics Department (HKCSD), 2023)).
4Population-weighted distance to the coastline.

Table A2 
Relative risks (RRs) (95 % CI) for mortality associated with the lowest and highest quartiles of each variable of socioeconomic status (SES) and the variable of blue 
space exposure, the p-value for a likelihood test, and the ratio of RRs (95 % CI) between the two quartiles.

Variables of SES RRs (95 % CI) 
(99th vs. MMT)

Ratio of RRs (95 % CI) p-value for inter-quartile difference

Lowest Quartile Highest Quartile

% older adults 1 1.055 (1.002,1.111) 1.052 (1.012,1.093) 1.001 (0.991,1.010) 0.923
% low education 2 1.052 (0.993,1.113) 1.053 (1.017,1.089) 1.000 (0.995,1.005) 0.9809
% low income 3 1.060 (1.015,1.107) 1.051 (1.017,1.086) 1.011 (0.965,1.059) 0.7658
Distance to coast4 (m) 1.070 (1.028,1.114) 1.046 (1.011,1.081) 1.001 (1.000,1.003) 0.3863

Note: Ratio of RRs is short for the ratio of relative risks between the lowest to highest quartiles of each variable. Data for each SES variable were obtained from the 2006 
and 2016 Hong Kong censuses (Hong Kong Census and Statistics Department (HKCSD), 2006, 2016). The smallest census units with available data in the two rounds of 
censuses were large TPUs, in which adjacent TPUs with small populations were merged into a large unit. Owing to the limited inland water body in Hong Kong, the 
distance to coast of each TPU was selected as a proxy for blue space exposure and was represented by the shortest Euclidean distance from the population-weighted 
centroid of each TPU to the coastlines. The population data were obtained from the WorldPop dataset (100 m × 100 m). The coastlines of Hong Kong were obtained 
from the iB5000 Topographical Dataset of the Hong Kong Lands Department (2014).
1 Percent of people aged > 65 years.
2 Percent of people aged > 15 years with educational attainment only at primary school or below.
3 Percent of the working population with monthly income below the poverty line (i.e., HKD$2000 in 2006 and HKD$4000 in 2016, according to the poverty indicator 
in Hong Kong (Hong Kong Census and Statistics Department (HKCSD), 2023)).
4Population-weighted distance to the coastline.

Table A3 
The ratio of relative risks (RRs) between the lowest and highest quartiles of each paired greenspace exposure metrics at the area level and within optimal 
exposure distance under extreme heat after controlling for the effects of daily relative humidity, O3 and PM10 concentrations at 0–1 lag days, and the p-value 
for the difference in the ratio of RRs between each paired greenspace exposure metrics.

Variables Exposure metrics Ratio of RRs 
(95 % CI)

p-value for the difference in Ratios of RRs

NDVI Area level 1.173(0.961,1.433) 0.252
Within optimal distance 1.463(1.062,2.017)

Total greenspace Area level 1.001(1.000,1.002) 0.043
Within optimal distance 1.194(1.006,1.416)

Forest land Area level 1.001(1.000,1.002) 0.027
Within optimal distance 1.229(1.025,1.473)

Grass land Area level 1.001(0.996,1.005) 0.474
Within optimal distance 1.518(0.485,4.750)

Note: Ratio of RRs is short for the ratio of relative risks between the lowest and highest quartiles of each greenspace exposure metric. Exposure metrics at the 
area level refer to the mean value of NDVI or the proportion of the total or specific type of greenspace within each TPU, while those within optimal distance 
indicating a population-weighted mean value of NDVI or the proportion of the total or specific type of greenspace at the optimal buffer distance within each 
TPU. The optimal distance was 1000 m for NDVI, the proportion of total greenspace, and the proportion of forest land, and 200 m for the proportion of 
grassland under extreme heat (at the 99th temperature percentile, 31.2 ◦C).
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Fig. A1. Average summer temperature during 2005 to 2018 at a 1 × 1 km grid of Hong Kong, overlaid with the boundaries of the 286 TPUs.
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Fig. A2. Average values of NDVI during 2005 to 2018 at a 30 × 30 m grid of Hong Kong, overlaid with the boundaries of the 286 TPUs based on Landsat images.

Fig. A3. Map of the total and specific types of greenspace in Hong Kong based on the GlobeLand30 data (30 × 30 m) in 2010.
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Fig. A4. Spearman’s correlation coefficients between area-level indices of greenspace exposure and socio-economic variables, and the variable of blue 
space exposure.

Fig. A5. The relative risks (RRs) (the upper panel) and the ratio of RRs (the lower panel) between the lowest and highest quartiles of each variable of socioeconomic 
status (SES) and the variable of exposure to water over the whole summer temperature, with 95 % confidence intervals. The SES variables include: a) % older adults 
(>65 years); b) % low education; c) % low income for each TPU; d) Distance to coast (m). The RRs and the ratio of RRs under extreme heat (at the 99th temperature 
percentile, 31.2 ◦C) were indicated in the red dot-dashed line.
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Fig. A6. The relative risks (RRs) (the upper panel) and the ratio of RRs (the lower panel) between the lowest and highest quartiles of each area-level greenspace 
exposure metric over the whole summer temperature after controlling for the effects of daily relative humidity, O3 and PM10 concentrations at 01 lag days, with 95 % 
confidence intervals. The area-level greenspace exposure was assessed by the average value of a) NDVI; and the proportion of b) Total greenspace; c) Forest land; d) 
Grass land for each TPU. The RRs and the ratio of RRs under extreme heat (at the 99th temperature percentile, 31.2 ◦C) were indicated in the red dot-dashed line.

Fig. A7. The relative risks (RRs) and the ratio of RRs between the lowest and highest quartiles of each population-weighted greenspace exposure metric within a 
buffer distance ranging from 200 m to 4000 m under extreme heat (at the 99th temperature percentile, 31.2 ◦C) after controlling for the effects of daily relative 
humidity, O3 and PM10 concentrations at 01 lag days, with 95 % confidence intervals. The greenspace exposure was assessed based on population-weighted metric in 
terms of: a) NDVI; b) Total greenspace; c) Forest land; d) Grass land.
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