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Abstract

With a warming climate and most of the population living in urban areas, heat exposure
due to the urban heat island (UHI) poses a significant threat to human health. This study
examines the spatial relationships between UHI, tree canopy cover (TCC), and building
fraction (BF) and their influence on heat-related mortality among older adults (>65 years)

in Gothenburg and Stockholm, Sweden.

TCC and BF were calculated, and UHI was modelled, all aggregated at the Demographic
Statistical Areas (DeSO) level. Areas were subsequently classified as high or low for
each variable. Poisson regression was used to examine the relationship between high and

low areas and mortality on optimal and heat days.

The results showed that the highest UHI and BF, and lowest TCC are found in urban
centres in both Gothenburg and Stockholm. The strongest spatial relationship among the
variables was found for UHI and BF (R? = 0.86). The overall risk of dying was found to
be 7% higher on heat days than on optimal days. Between the high/low classes, no
statistical significance was found for any variables, but a trend was found showing high
UHI and BF and low TCC being associated with higher heat-related mortality risk. The
small differences between the three variables in relation to mortality suggest the
possibility of using TCC or BF as a proxy in planning and policy instead of UHI, for

more accessible and actionable indicators.

Keywords: Heat-related mortality;, Urban heat island; Tree canopy cover, Building

fraction; TARGET model; Older adults
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1. Introduction

Increasing global temperatures present a growing challenge, bringing extreme weather
conditions that are expected to increase (Gulev et al., 2021). One of the greatest threats to
human health stemming from climate change is heat stress, resulting from more frequent
and intense heatwaves (Meade et al., 2020; Liithi et al., 2023). Extreme heat negatively
impacts people’s health, for instance, through dehydration or through ischemia, where
blood is redirected to the skin for cooling, potentially reducing blood flow to vital organs
(Mora et al., 2017). Extreme temperatures are also associated with increased heat-related
mortality — a pattern already documented over recent decades and projected to intensify

(Vicedo-Cabrera et al, 2021).

At the same time, urbanisation continues globally, with more than half of the population
living in urban areas (United Nations, 2025), a number even higher in Sweden, where
88% lives in urban settlements (2023; Statistics Sweden [SCB], 2024). With this
urbanisation, the built-up areas are also expanding, increasing the built-up land use per
capita (Hou et al., 2026; United Nations, 2025; van Vliet et al., 2024). People living in
urban areas are more exposed to heat due to the urban heat island (UHI). The materials
and geometry of urban environments, such as the building fraction (BF), increase heat
storage and reduce ventilation, resulting in higher urban temperatures and greater human
heat exposure (Oke, 1982). The UHI effect is mainly a nocturnal phenomenon, and
therefore expands the exposure to heat into the night, hindering important heat recovery
(Gong et al., 2026). For instance, Simpson et al. (2025) showed that around half of
heat-related deaths in Greater London in the summer of 2018 were attributable to UHI.
One of the primary strategies to reduce urban heat is the use of vegetation, which cools
through both shading and evapotranspiration (Yu et al., 2020; Yu et al., 2025). For
instance, a commonly used guideline is to have a tree canopy cover (TCC) of at least

30% in residential areas (Konijnendijk, 2022).

Older adults are at higher risk of health issues related to high temperatures due to their
decreased ability for thermal regulation (Meade et al., 2020; Romanello et al., 2025).
Older adults are consistently identified as one of the most vulnerable groups in terms of
heat-related mortality (Ballester et al., 2023; Romanello et al., 2025; Scovronick et al.,
2024; World Health Organisation [WHO], 2021). Therefore, it is an important group to



account for in planning to enhance public health, especially since the demographic is
changing with an ageing population, both globally and in Sweden (SCB, 2025a; SCB,
2025b; United Nations, 2023).

Since urban areas are complex, there are inter-city differences in the UHI intensity, and it
is important to find these to know where implementations are most needed (Ho et al.,
2023; Zhang et al., 2022; Zou et al., 2021). Therefore, more research is needed to find

local patterns of UHI and their effects on older adults in a Swedish context.

1.1 Aim and Research Questions

This study aims to analyse spatial patterns and relationships between urban heat island
(UHI), tree canopy cover (TCC), and building fraction (BF), and how they affect the
mortality of older adults (>65 years) in the high-latitude urban areas of Gothenburg and
Stockholm, Sweden. TCC and BF have been calculated, and UHI has been modelled
using the climate model, The Air-temperature Response to Green/blue-infrastructure
Evaluation Tool (TARGET), all at the Demographic Statistical Areas (DeSO) level, and
then compared with the mortality of older adults during heat days. This is done to
understand the inter-urban impact UHI has on the heat-related mortality amongst older
adults, which can inform urban planning and indicate especially vulnerable areas. The
aim will be answered using the research questions: (1) How does the spatial variation of
UHI, TCC, and BF look in Gothenburg and Stockholm at the DeSO level? (2) How does
higher UHI intensity, TCC, and BF affect heat-related mortality among older adults in
Gothenburg and Stockholm?



2. Background

2.1 Urban Warming

Urban heat island (UHI) is primarily a nocturnal phenomenon describing temperatures
being higher in urban areas than surrounding areas (Oke, 1982; Stewart & Oke, 2012).
UHI occurs due to differences in energy fluxes in and outside the city. The energy fluxes

change because of different surface characteristics and urban geometry (Oke, 1982).

The thermal characteristics of urban surfaces differ from those of rural settings, reflecting
and storing heat differently. Thermal conductivity and heat capacity determine the heat
storage of a material, and these characteristics tend to be higher in urban materials.
Therefore, urban surfaces absorb the heat during the daytime and slowly release the heat
during the nighttime (Molina et al., 2020). There is an uneven cooling between urban and
rural areas, driven by differences in geometry and materials, causing urban areas to cool
more slowly, defining the UHI (Oke, 2017). Therefore, the UHI extends heat exposure
into the nighttime, which may impair physical recovery from heat stress (Gong et al.,
2026). It has been observed that hot nights have their own effects and contribute to
heat-related mortality, where both intensity and duration matter (Royé¢ et al., 2025).

Urban geometry plays a significant role in the intensity of UHI in many ways. The walls
of buildings expose more surface area to the sun, absorb heat, and trap heat by
exchanging energy fluxes between them (Oke, 1982). More dense urban areas heighten
the temperature, leading to decreased cooling during nights (Yang et al., 2020). The
morphology may also alter wind patterns, which influences the temperature (Yang et al.,
2021). Limited ventilation can contribute to the accumulation of warm air, whereas
airflow promotes the exchange of warm air with cooler surrounding air (Oke et al., 2017).
Anthropogenic heat, i.e., the heat humans supply (e.g., electrical, heating, etc.), also
impacts the heat in urban areas and intensifies the UHI, which is especially evident where

people live and produce heat (Qian et al., 2023; Zhou et al., 2025).

Further, urban areas have a greater proportion of impervious surfaces, which intensify

UHI (Gao et al., 2021) due to their high thermal capacity, leading to elevated surface



temperatures and heat storage that is subsequently released (Oke, 1982). Conversely, one
of the most advocated mitigation strategies for high urban temperatures is to integrate
more greenery into urban areas (e.g., Marando et al., 2022; Yu et al., 2020; Zhang et al.,
2022; Zou et al., 2021). Trees provide shade, reducing temperatures by blocking
incoming solar radiation and limiting surface warming. Additionally, vegetation cools the
surrounding air through evapotranspiration, removing energy from the near-surface
environment (Oke et al., 2017; Yu et al., 2020; Yu et al., 2025). The cooling effect of tree
coverage is not uniform, but Marando et al. (2022) found that 16% tree canopy cover is
needed for a 1°C reduction in cities, and Zaerpour et al. (2025) demonstrate that a 10%
increase in tree cover decreases the temperature by around 0.8°C on the city scale. A
commonly cited benchmark is a minimum of 30% TCC to achieve meaningful benefits

(Croeser et al., 2024; Konijnendijk, 2022).

Since the UHI is dependent on the spatial characteristics, mitigation strategies have to
account for this to find strategies to lower the UHI. While greenery can reduce UHI,
urban areas are complex, calling for the need for location-specific mitigation strategies
(Manoli et al., 2019; Zhang et al., 2022), since there are many factors influencing the
UHI (Yang et al., 2016). For instance, the cooling effect of vegetation and water bodies
depends not only on their own characteristics, but also on the surrounding urban area
(Zhang et al., 2022), while evapotranspiration depends on climatic conditions and water
availability (Yu et al., 2025; Yu et al., 2026). Moreover, the distribution of vegetation is
often uneven and requires a more balanced implementation to ensure that its benefits are

distributed to areas with the greatest need (Marando et al., 2022; Ribeiro et al., 2023).

2.2 Urban Climate Modelling

There are different approaches to analysing urban climate. Field measurements were the
first way of analysing the UHI phenomenon, by Howard in 1818, and have been used by
many since then (Mirzaei & Haghighat, 2010; Oke et al, 2017). Since urban areas are
unique to themselves (Cuerdo-Vilches et al., 2023), modelling poses a way of finding
microclimate differences often faster and cheaper than traditional measurements can
(Viera Zezzo et al., 2023). Models are essential to actually find the complexity of urban
climate (Oke et al., 2017).



Many studies are currently using different simulations to model urban climate, and the
three most common simulation approaches are: numerical models, using physical
attributes and equations; empirical models, using gathered data in their calculations; and
physical models, creating a physical model resembling real-life for measurements
(Ahmed et al, 2025; Oke et al., 2017). Of these, numerical models are used and being
developed the most (Ahmed et al., 2025). While all approaches have limitations, such as
numerical needing validation, physical having scaling challenges, and empirical having
limited generalisation possibilities, there are many benefits to using models (Ahmed et
al., 2025). Despite the cost and speed, models enable possibilities to simulate different
scenarios, which can help in planning aspects (Viera Zezzo et al., 2023). For instance,
new planning initiatives can be tested before they are implemented to investigate their
impact. Though different models operate on different scales, it is therefore essential to

use the right model under the right circumstances (Oke et al., 2017; Viera Zezzo et al.,

2023).

Though many models are complex and demand expert knowledge to be run, as well as
needing great computational resources, lessening the accessibility (Chen et al., 2026).
Some models have therefore been introduced to have more user-friendly, but still

sufficient, models, such as TARGET (Chen et al., 2026).

2.3 Heat, Health, and Older Adults

Heat in urban areas is a great threat to human health (Meade et al., 2020; Simpson et al.,
2025; WHO, 2021). Exposure to heat places significant strain on the body that can lead to
several adverse health effects. For instance, the body dilates blood vessels and increases
blood flow to the skin when exposed to heat to release excess heat, which can cause
ischemia, as blood flow to vital organs is reduced. Dehydration is another common
consequence of heat stress, thickening the blood, increasing the risk of stroke and other
cardiovascular complications (Mora et al., 2017). Though a problem for all groups in
society, certain groups are more vulnerable to heat, such as pregnant women, people with
pre-existing health conditions, and older adults (Scovronick et al., 2024; WHO, 2021).
Older adults have been proven to be at greater risk for health issues and mortality from
heat exposure (Ballester et al., 2023; Mora et al., 2017; Scovronick et al., 2024; WHO,
2021). This is partly due to a reduced thermoregulatory capacity (Meade et al., 2020;



Romanello et al., 2025). Older adults have reduced sweat gland function, attenuated skin
blood flow due to changes in the skin coming with age, and reduced cardiovascular
adjustments, resulting in less blood flow to the skin, which leads to the physiological
responses to heat being reduced (Kenney & Munce, 2003; Meade et al., 2020). Further,
older adults often have age-associated diseases, making them even more vulnerable
(Meade et al., 2020). It has also been shown that the perception of heat reduces for older
adults, reducing their adaptive behaviour in heat (Millyard et al., 2020; Wu et al., 2023),

and that their thermal responses to heat are slower (Wu et al., 2023).

Furthermore, in high-latitude regions, such as Sweden, populations are less accustomed
to high temperatures due to historically cooler climates; the adaptation to the increasing
heat may be insufficient (Tobias et al., 2021), underscoring the importance of examining

heat-related health impacts in these regions.



3. Methodology

3.1 Study Area

The study area includes the urban areas of Gothenburg, including Partille and Md&Indal,
and Stockholm, including Soédertilje, Upplands Vasby and Sollentuna (Fig. 1).
Demographic statistical areas (DeSO) were used in this study as administrative borders,
and are small nationwide divisions that include around 700 to 2,700 people per DeSO
(SCB, n.d). In total, 330 DeSOs are included in the Gothenburg area, containing around
800,000 inhabitants (2024), and 993 DeSOs (10 DeSOs were removed due to lack of
mortality data) in the Stockholm area, containing around 2.0 million inhabitants (2024;
SCB, 2026). Stockholm is a bigger city than Gothenburg, both in terms of inhabitants and

geographical size.

The selected cities are located within the warm temperate zone, based on the 1991-2020
climate normal period, characterised by relatively mild winters, with mean temperatures
of around 1-2°C, and summers with mean temperatures around 18°C (SMHI, n.d), while
maximum summer temperatures may exceed 30°C (SMHI, 2024). Although both cities
are located along the coast, Gothenburg is situated on the west coast whereas Stockholm
is located on the east coast, resulting in slightly milder climatic conditions in Gothenburg
compared with Stockholm (SMHI, n.d). This is partly due to the stronger influence of
prevailing westerlies, which contribute to greater ventilation and a more maritime climate
in Gothenburg. In contrast, Stockholm is characterised by a larger archipelago, creating a
more sheltered environment. Additionally, Gothenburg experiences higher annual
precipitation, approximately 800—1000mm, compared with 400—600 mm in Stockholm
(SMHI, n.d).

10
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Figure 1. Study area, Gothenburg (left) and Stockholm (right), with DeSO boundaries (red) and land cover.
Overview map of Sweden from Natural Earth (2024). Note: different scales for Gothenburg and Stockholm.

3.2 Data

3.2.1 Geodata

Geodata over the two study areas originates from Light Detecting and Ranging (LiDAR)
scans from the Swedish Land Survey (Lantmditeriet) done between 2018 and 2023, that
has been converted into raster data with a 2x2 metres resolution. Three rasters were used:
Digital Elevation Model (DEM), Digital Surface Model (DSM), and Landcover (LC).
The LC is divided into seven categories: grass, paved, deciduous trees, evergreen trees,
bare soil, water, and buildings. Two vector files were used: a polygon file over buildings
and their classifications, used to locate residential buildings, originating from the
Swedish Land Survey, and polygons over DeSO areas, used as geographic units of
analysis within the cities, collected from Statistics Sweden (SCB). For more details of

pre-processing of the data, see Lindberg et al., 2025.
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3.2.2 Mortality Data

Data on daily all-cause mortality for residents aged >65 for the period 2006 to 2019
originates from the Swedish National Cause of Death Register. The data provided for this
study have been aggregated to the DeSO level and divided into deaths occurring at
optimal temperatures and deaths occurring at high temperatures, using a lag of 3 days to
account for the delayed physiological response to heat. The optimal temperatures are
considered and restricted to the 80th and 90th percentiles (n = 476 days) of the daily
maximum air temperature, and high temperatures at or above the 95th percentile (n = 238
days). The daily maximum air temperature used for dividing optimal and heat days has
been extracted from the Swedish Meteorological and Hydrological Institute (SMHI) open
data repository, for the same years as the mortality data, where one meteorological station

has been used per study area (stations 71420, Gothenburg, and 98210, Stockholm).

3.2.3 Climate Data for Modelling UHI

Climate forcing data used in the TARGET model is ERAS, a global climate reanalysis
dataset with hourly temporal resolution, one for each city, with data over May 2018
(Copernicus Climate Change Service [C3S]), since that time represents a warm and dry
period in Sweden. Downloaded as an .epw, it was first processed in the UMEP
pre-processing tool, Processing Existing Data, and then through code fixed to match the
right input needed for TARGET. Six climate variables were used from the ERAS as input
to TARGET: air temperature, relative humidity, wind speed, pressure, incoming

shortwave radiation, and incoming longwave radiation (Chen, n.d.).

3.3 Modelling Urban Heat Island

3.3.1 Model description

The Air-temperature Response to Green/blue-infrastructure Evaluation Tool (TARGET)
is an urban climate tool that provides calculations of climate variables in urban
environments. TARGET needs an input of land fractions (buildings, water, trees, asphalt,
concrete, irrigated grass, and dry grass), local canyon morphology (building height and
street width), and meteorological forcings (air temperature, relative humidity, wind speed,
air pressure, and incoming short- and long-wave radiation) (Broadbent et al., 2019).

Using this, TARGET first calculates the energy fluxes for the different surfaces, then the

12



surface temperature, to finally get the air temperature at street level (Broadbent et al.,

2019).

TARGET was designed to be accessible to planners and policymakers outside of
research, since the preexisting models were more complex, computer-heavy, and less
user-friendly (Broadbent et al., 2019). It can, therefore, easily estimate how urban
planning affects the temperature. The model evaluates the Green-Blue infrastructure in
urban areas and can be used to test different heat reduction implementation scenarios
(Broadbent et al., 2019). For instance, TARGET does not account for horizontal
advection or anthropogenic heat fluxes (Chen et al., 2026). Though less complex,
Broadbent et al. (2019) show that the model performs as accurately as other, more

complex models.

3.3.2 Data Processing and Analysis: Modelling of UHI

To concentrate on areas where people live, and make the DeSOs more even in size, the
residential buildings in each DeSO were extracted, and then a 300 metre buffer was
applied around the buildings, following the 3-30-300 theory of Konijnendijk (2022).
Therefore, the modelations do not represent the entire DeSO area, but rather where
people in that DeSO actually live. In each buffer, from each DeSO, the land fractions and
canyon morphology were calculated to be used in the TARGET model. TARGET
requires different land uses than those the LC contains. Therefore, deciduous and
evergreen trees were first joined together into one category, and from this, TCC was
calculated. The category “paved” from the LC was split into concrete and asphalt, with
75% to asphalt and 25% to concrete. In the same sense, grass was divided into dry grass
and irrigated grass, which was set to 80% dry grass and 20% irrigated grass. These
fractions follow the default provided by UMEP (Urban Multi-scale Environmental
Predictor [UMEP], n.d.). Building fraction (BF) and water fraction were calculated
directly from the LC data. Bare soil, which was negligible in both cities, was excluded as
TARGET does not account for it. The two canyon morphologies were also calculated for
each 300 metre buffer. The building height was calculated by subtracting the DEM from
the DSM and taking the mean height in each area. The street width was calculated using

the wall area index and plan area index of each buffer. A resolution of 300 meters was

13



used, which acted as the street width in areas calculating a greater width or plan area

index than the resolution, something only affecting some DeSO areas.

After the calculations, TARGET was run for each city, using the calculations and the
forced meteorological file for the whole of May 2018, representing a hot and dry period
in Sweden. A 7-day spin-up starting on the 23rd of April was used to stabilise surface
temperature values for different surface types before the analysis period (Broadbent et al.,
2019). The output from TARGET underestimates the temperature, and therefore, the

temperatures have been used in a relative sense, as will be discussed later.

3.3.3 Processing of data

The difference between the temperature modelled by TARGET and the forcing data
(ERAS) was calculated for each DeSO, to create comparability, and since UHI mainly is
a nocturnal phenomenon, only nighttime was used, counted using incoming shortwave
radiation as a separator between night and day. The average was then calculated for each
DeSO, giving each DeSO one value for the predicted UHI intensity. Thereafter, the UHI
temperatures, BF, and TCC from both cities, Gothenburg and Stockholm, were joined
into one table. Each DeSO was divided into two classes, high and low, for each variable
according to its median. The variables TCC and BF were used since the two variables
affect UHI, and have previously been used to analyse their influence on heat-related
mortality among older adults in these cities (Lonn, 2026), making them interesting

variables to compare with the UHI.

Calculations and simulations were automated in Visual Studio Code using Python 3.12.7.

3.3.4 Sensitivity Analysis

Sensitivity analyses have been conducted to analyse the impact of the decision on the
resolution used, and the fraction divisions of paved land use into asphalt and concrete,
and of grass into dry grass and irrigated grass. The sensitivity analysis was conducted by
using only one DeSO (1480C2020) in the city centre of Gothenburg. For the paved and
grass divisionings, six different fractions were tested: 0/100, 20/80, 40/60, 60/40, 80/20,
and 100/0 percent. For the resolution sensitivity analysis, five different resolutions were

tested: 50, 100, 200, 300, and 400 metres. The resolution affects the width of the urban

14



canyon, one of the input numbers needed by TARGET. Since only some DeSOs are
affected by the change in resolution, the DeSO used (1384C1250) is different from the

DeSO in the other sensitivity analysis.

3.2 Statistical Analysis

Poisson Regression was used to analyse the relationship between heat-related mortality
and high and low classes of UHI, TCC, and BF. An interaction model was used to
compare the relative risk (RR), defined as the increase in mortality risk on heat days
compared with optimal days, between the two classes (high/low). This was done to
determine whether the RR differed significantly between the classes, resulting in a

p-value for interaction (p-interaction).

To account for the difference in the number of days between heat days (n = 238) and
optimal days (n = 476), the Poisson regression models included an offset for the number
of days. Since Gothenburg and Stockholm were analysed together, city was included as a
covariate to account for baseline differences in mortality between the cities. Similarly,
DeSO was included as a covariate to account for differences in baseline mortality

between neighbourhoods.

An additive model was used to estimate an overall RR, independent of the variables and
the high and low classes, using the same offset and covariates. In addition, class-specific
RR values with 95% confidence intervals were calculated for all three variables and

classes. The statistical analyses were performed in RStudio version 2024.12.0+467.

The spatial relationships between UHI, TCC, and BF were visualised using scatterplots.
Additionally, cross-tabulations were used to calculate the percentage of DeSOs within
each classification combination (HH: both variables high; HL: first variable high, second

low; LH: first variable low, second high; LL: both variables low).
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4. Results

Sensitivity analysis revealed no substantial difference across the tested parameter

settings, and default values were therefore retained (see Appendix A).

4.1 Spatial patterns

Figure 2 displays the city centre of Gothenburg, its UHI intensity, TCC, and BF. Where
TCC is lower, both UHI and BF are higher, and vice versa. Higher BF and UHI can be
seen in built-up areas and areas close to parks, containing higher TCC. Note that UHI has

negative values, which will be discussed later.

TCC Fraction

l 0.62

0

Figure 2. Urban Heat Island (UHI), Building Fraction (BF), and Tree Canopy Cover (TCC) in Gothenburg
city centre.

BF Fraction

The city centre of Stockholm presents the same pattern as Gothenburg; areas with lower
TCC have higher BF and UHI (Figure 3). The centre displays lower TCC, and therefore
higher BF and UHI. Note that UHI has negative values, which will be discussed later.
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Figure 3. Urban Heat Island (UHI), Building Fraction (BF), and Tree Canopy Cover (TCC) in Stockholm
city centre.

Figure 4 displays the high and low classes of UHI, TCC, and BF used in the mortality
analysis. More DeSOs are classified as high UHI in Stockholm than in Gothenburg. The
spatial patterns show that UHI and BF have more areas classified as high in relation to
urban centres, whereas TCC has areas classified as low in relation to these urban centres.
While Gothenburg has one bigger urban area, Stockholm has several urban centres,

reflected by the spatial distribution of the three variables.
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Figure 4. Urban Heat Island (UHI), Tree Canopy Cover (TCC), and Building Fraction (BF) divided into
high and low. Note: different scales for Gothenburg and Stockholm.
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4.3 Relationships Between UHI, TCC, and BF

The relationship between TCC and UHI is shown in Figure 5, illustrating a negative
relationship, with a greater TCC resulting in lower UHI values. The relationship is
funnel-shaped, with a greater distribution of the UHI intensity with lower TCC. Using a
logarithmic trend line, the R? equals 0.342, suggesting that approximately 34% of the
variation in UHI can be explained by the TCC.

¥}

R2=0.342

0.5

Temperature Differences Between DeSOs

0.7

Tree Canopy Cover

Figure 5. Scatterplot showing the relationship between Tree Canopy Cover (TCC) and the temperature
differences of Urban Heat Islands (UHI). A logarithmic trendline is used, with R? = 0.342.

Figure 6 illustrates a positive relationship between BF and UHI, where higher BF values
are associated with higher UHI values. Fewer DeSOs exhibit high BF values, though
these appear to have a strong effect on UHI. The polynomial trendline suggests that
approximately 86% (R* = 0.864) of the variation in UHI is explained by BF, indicating a

strong relationship.
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Figure 6. Scatterplot showing the relationship between Building Fraction (BF) and Urban Heat Island
(UHI). A polynomial trendline is used, with R? = 0.864.

A negative relationship between TCC and BF is shown in Figure 7, where higher TCC is
associated with lower BF. A slight funnel-shaped distribution is observed. With a
logarithmic trendline, an R*value of 0.545 suggests that TCC explains approximately
54% of the variation in BF.
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Figure 7. Scatterplot showing the relationship between Tree Canopy Cover (TCC) and Building Fraction
(BF). A logarithmic trendline is used, with R? = 0.545.

The relationships between the UHI, TCC, and BF, classified as high and low, are shown
in Table 1. UHI and BF co-vary strongly, with the strongest relationship with 40.1% of
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DeSOs classified as HH (high—high) and 39.3% as LL (low—low). TCC displays an

inverse association with both variables; high TCC are predominantly associated with low

UHI and low BF, and vice versa.

Table 1. Cross-tabulation showing the relationships between DeSOs classified as high or low for Urban
Heat Island (UHI), Tree Canopy Cover (TCC), and Building Fraction (BF). HH = both variables high; HL
= first variable high and second variable low; LH = first variable low and second variable high; LL = both
variables low. Values are shown as percentages for each row.

Relation HH (%) HL (%) LH (%) LL (%)
UHI-TCC 16.5 33.6 33.9 16.1
UHI-BF 40.1 10.0 10.7 39.3
BF-TCC 11.6 39.1 38.8 10.6

Note: HH = both variables high, HL = first variable high/second low, LH = first variable low/second
high, LL = both variables low.

4.4 Mortality Analyses

Overall, mortality was 7% higher during heat days compared to optimal days (RR =1.07,
95% CI: 1.05-1.10, p-value <0.001). Class-specific results are presented both in Table 2
and Figures 8-10, where BF upholds the greatest impact on heat-related mortality (ARR =
0.05), followed by UHI ( ARR = 0.03), and lastly TCC (ARR = 0.02). None of the
p-interaction values is significant (p >0.05), indicating that the heat-related risk is similar

across low and high classes for each exposure variable.
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Table 2. Heat-related mortality risk overall and by exposure class (high/low), together with the number of
deaths, confidence interval (CI), and p-value. Footnotes indicate p-interaction from likelihood ratio tests.
RR = relative risk; CI = confidence interval; UHI = Urban Heat Island; TCC = tree canopy cover, BF =
building fraction.

Exposure Class Deaths Deaths RR p-value
variable (low/high) | (optimal days) | (heat days) 95% CI)

Overall — 18 433 9878 1.07 (1.05-1.10) <0.001
UHI" Low 8805 4664 1.06 (1.02-1.10) 0.001
UHI" High 9628 5214 1.08 (1.05-1.12) <0.001
TCC? Low 9461 5134 1.09 (1.05-1.12) <0.001
TCC? High 8972 4744 1.06 (1.02-1.10) 0.002
BF? Low 8449 4417 1.05 (1.01-1.08) 0.016
BF? High 9984 5461 1.09 (1.06-1.13) <0.001

!p-interaction = 0.376; *p-interaction = 0.299; *p-interaction = 0.071
Note: Different number of days for optimal days (n = 476) and heat days (n = 238).

Heat-related mortality for high and low classes for UHI is illustrated in Figure 8. The
trend is showing how high UHI has a greater RR than lower UHI (Class 1: RR = 1.06;
Class 2: RR = 1.09), though the difference is not statistically significant (p >0.05).
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Figure 8. Heat-related mortality risk by Urban Heat Island (UHI) classes, high and low. Relative Risk (RR)
is the mortality during heat days compared to optimal days. Error bars set to 95% confidence intervals.

The heat-related mortality for high and low TCC shows a slight trend where lower TCC
is associated with a higher risk of heat-related mortality (Class 1: RR = 1.08; Class 2: RR
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= 1.06), suggesting a protective impact from TCC in relation to heat-related mortality.

However, the difference between classes was not statistically significant (p >0.05).
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Figure 9. Heat-related mortality risk by Tree Canopy Cover (TCC) classes, high and low. Relative Risk

(RR) is the mortality during heat days compared to optimal days. Error bars set to 95% confidence
intervals.

The heat-related mortality risk for BF shows a trend where lower BF is associated with a
lower risk of heat-related mortality (Class 1: RR = 1.05, Class 2: RR = 1.10), signifying
that denser areas heighten the heat-related mortality risk. However, the difference

between the two classes was not significant (p >0.05).

1.10

1.05

Relative Risk (RR)

low high
Building Fraction

Figure 10. Heat-related mortality risk by Building Fraction (BF) classes, high and low. Relative Risk (RR)
is the mortality during heat days compared to optimal days. Error bars set to 95% confidence intervals.
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5. Discussion

5.1 Patterns and relationships of UHI, TCC, and BF

The pattern of UHI in both Gothenburg and Stockholm is as expected, with high UHI in
urban centres and low moving further away (Figures 2 & 3). While Gothenburg has one
centre with the highest UHI class, Stockholm has several hotspots (Figures 2 & 3), which
is logical since the Stockholm area has many smaller city centres and, with a greater
number of DeSOs, the distribution can be more geographically dispersed. Viewing the
two city centres, it is evident that lower TCC is associated with higher BF and UHI
intensity (Figures 3 & 4). Likewise, this pattern is shown by the three scatterplots
(Figures 5, 6, & 7). TCC displays a negative relationship with both UHI and BF (Figures
5 & 7), and UHI and BF have a positive relationship (Figure 6). It is also evident through
the cross-tabulation, demonstrating how the highest combination is for HH and LL for

UHI and BF (Table 1).

Figure 5 illustrates a funnel-shaped relationship between TCC and UHI, where up to a
TCC of approximately 0.2, the UHI intensity is fairly dispersed, whereas at higher TCCs
it becomes less dispersed. It seems that before a TCC of 0.2, other land use and factors
matter more. For instance, water bodies or other greenery, such as grass, may contribute
to lower UHI values in some areas (Yang et al., 2016). After approximately a TCC of 0.2,
TCC appears to become a more dominant factor in reducing the UHI intensity, resulting
in greater homogeneity in the data. Notably, at TCC values above approximately 30%,
further increase in TCC appears to have a diminishing effect on UHI reduction (Figure
5). This is reflected in the R? being moderate (0.3421), meaning that TCC explains about
34% of the UHI. Furthermore, Zhang et al. (2022) have shown how TCCs have different
cooling abilities depending on the surrounding urban spatial form, such as building

fraction, which might explain some of the dispersion.

The BF and UHI are much more correlated, with an R? of 0.8621. This signifies that BF
has a great impact on the TARGET model to calculate UHI, a greater impact than TCC
has on the UHI. There is research supporting this; for instance, Khamchiangta & Dhakal

(2019) found that the most important drivers for UHI are impervious surfaces and
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buildings. In this sense, it is also important to acknowledge that in areas with high
building fractions, there are most often high fractions of other impervious surfaces, such
as asphalt and concrete, land uses that increase the UHI intensity. The stronger
correlation between BF and UHI may mostly be explained by the exclusive use of
nocturnal UHI in this study. During nighttime, the cooling effect of trees is reduced
compared to daytime; instead, stored heat and urban geometry become relatively more

important drivers of urban temperature (Chen et al, 2020).

The R? of 0.545 between TCC and BF indicates a moderate correlation, suggesting that
the relationship is not completely uniform, which is expected given the complexity of
urban environments (Manoli et al., 2019; Zhang et al., 2022). That they are negatively
correlated makes sense, since building dense areas often display low TCC (McDonald et
al., 2023). This also makes reaching TCC levels that benefit the population, such as the
3-30-300 theory (Konijnendijk, 2022), particularly challenging in dense urban areas, as
space is often allocated to competing uses, such as roads, parking, or utility clearance
(Croeser et al., 2024). Nevertheless, since a lower BF and higher TCC clearly benefit
UHI reduction, implementation is especially needed in the urban centres where BF is
high, and TCC is low (Figures 2, 3, & 4). However, lowering BF and increasing TCC in
already built-up areas is challenging. It is therefore important to consider these aspects in
new urban projects — yet this seems to be the opposite nowadays, as dense modern areas
have the greatest lack of TCC among different residential typologies (Bécklin et al.,
2024).

5.2 Mortality Analysis

The overall mortality risk is 7% higher on heat days than on optimal days for older adults
in Gothenburg and Stockholm (Table 2), stating that there is a greater risk for mortality
among older adults due to heat. This is an important aspect to emphasise and amplify,
given the changing climate, where temperatures are predicted to rise. Furthermore, this is
especially important in the Swedish context, where the population and buildings are

accustomed to a colder climate (Tobias et al., 2021).

In this study, Gothenburg and Stockholm were analysed together as a combined unit.

While city-specific results are available in Appendix B, the combined analysis was
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prioritised for the main presentation. Combining the cities increased the sample size and
generally improved the statistical significance of the interactions between high and low
classes. As the trends were consistent and the differences were small between the cities, a

combined presentation was deemed clearer and more coherent.

For UHI, there is a trend towards higher UHI signifying greater risk for heat-related
mortality (Figure 8). The trend is the same for BF, where higher BF signifies greater risk
(Figure 10). Notably, UHI and BF show the highest correlation in the cross-tabulation,
with the majority of DeSOs falling in the HH and LL categories (Table 1), confirming
that both display a similar pattern in the mortality analysis. Conversely, TCC displays the
opposite relation; a higher TCC indicates lower heat-related mortality risk (Figure 9),
where the fractions correspond to heat patterns where areas with low TCC or high BF
tend to have higher temperatures. There is not a great difference between the exposure
variables, and their increases across classes (BF: ARR = 0.05; UHI: ARR = 0.03; and
TCC: ARR = 0.02), but with BF showing a slightly greater difference.

However, it is crucial to note that the interaction between classes was not statistically
significant for any of the variables (p-interaction >0.05), indicating that there might not
be any difference in mortality between DeSOs classified as high or low according to
UHI, TCC, or BF. Though the class-specific RR are all showing a trend, but lacking the
significance, so it is not possible to say if there is a difference in risk between the two

classes.

The method used may not fully capture the variance in heat-related mortality, potentially
due to limited data or model constraints. Another method may have been more suitable
for this specific dataset, for instance, Distributed Lag Non-Linear Models (DLNM).
DLNM is commonly used to analyse heat-related health issues; for instance, Wicki et al.
(2024) used DLNM and found that UHI elevated the risk of heat-related mortality by
approximately 26%. Furthermore, an important aspect is that when dividing days into
optimal and heat days, the daily temperature maximum was used. However, since this
study is looking at nocturnal UHI, it might have been more suited to use nighttime
temperatures. Even though the daytime affects the nighttime temperature, warming the
urban area, so that stored heat is released during nighttime, creating the UHI,

temperatures during nighttime do not have to be completely uniform with the daytime
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temperatures. Other weather conditions can have an impact during nighttime. Therefore,
using a nocturnal temperature for dividing optimal and heat days would be interesting to

aSScEss.

There can also be other factors related to heat-related mortality, factors beyond the scope
of this study. Other factors include the dwelling environment, the housing thermal
properties, and the indoor temperature, which have a great impact on mortality (Taylor et
al., 2015). Taylor et al. (2015) found that even though the UHI intensity is similar in two
areas, the indoor temperature can be very different, due to, for instance, ventilation,
insulation, and building materials, and therefore affecting the temperature exposure for
people. Another factor shown to impact vulnerability to heat is socioeconomic status
(SES), where people with lower SES have a greater risk for heat stress, which can be due
to neighbourhoods being less green (Slesinski et al., 2024). Access to air conditioning is
another factor, since it has been shown to significantly reduce heat-related mortality (Sera

et al., 2020).

Since TCC, BF, and UHI show similar relationships with heat-related mortality, TCC or
BF may serve as practical proxies for UHI in planning and policy contexts. It is important
to use climate indicators that are understandable and can be integrated into planning for
non-experts as well (de Groot-Reichwein, 2018). TCC may therefore be a useful planning
indicator for identifying areas suitable for urban heat mitigation interventions, since it
represents modifiable urban characteristics that can be directly addressed through
planning and greening strategies, making it a more direct indicator for planners and

policymakers (Beaumont et al., 2022).

5.3 Limitations and Future Research

One limitation is that the TARGET model does not account for anthropogenic heat (Chen
et al., 2026), which is an important component of the surface energy balance.
Anthropogenic heat has been shown to be a driver of UHI, particularly during nighttime
(Qian et al., 2023; Zhou et al., 2025), meaning that areas might have received different
UHI classifications had it been accounted for. However, other studies suggest that

anthropogenic heat has a lesser impact compared to urban geometry, density, and land
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cover (Khamchiangta & Dhakal, 2019). Given this duality, the role of anthropogenic heat

in UHI needs further investigation.

Furthermore, the UHI values produced by TARGET were negative in some areas,
indicating that the modelled temperatures were lower than the ERAS forcing data. This is
likely attributable to the nature of ERAS, which uses a larger grid size covering both
urban and surrounding rural areas, representing a spatial mean of the two. In contrast, the
meteorological forcing file should be represented by an open area with minimal buildings
(Broadbent et al., 2019). As a result, TARGET underestimates the UHI temperatures,
particularly in areas with high vegetation. This does not reflect an error in the data, but
rather a limitation of using ERAS as meteorological forcing. The TARGET output

therefore, remains valid for relative comparisons, as applied in this study.

While this study provides a foundation for using UHI, TCC and BF to identify areas in
need of heat mitigation in a Swedish context, more research is needed to confirm these
relationships. A key limitation is that none of the interaction tests was statistically
significant (p >0.05; Table 2). Alternative methods, such as DLNM, may better capture
the variations in this data set, as discussed earlier. Additionally, statistical significance
might be achieved with a larger dataset. Moreover, using a geographically broader study
area, by including more Swedish cities, may further strengthen the generalisability of the

findings and represent an important direction for future research.
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6. Conclusion

This study aimed to examine spatial patterns and relationships between UHI, TCC, and
BF in Gothenburg and Stockholm, Sweden, as well as their relationship with heat-related
mortality among older adults (aged >65).

Spatially, higher UHI is located in urban centres in Gothenburg and Stockholm, areas
displaying low TCC and high BF. The positive relationship between UHI and BF is
strong (R* = 0.86), while the negative relationship between TCC and both UHI and BF is
moderate, suggesting that the TARGET model favours the use of BF over TCC to model

nocturnal UHI, consistent with existing literature.

While DeSOs with high UHI and BF, and low TCC show a tendency toward greater
heat-related mortality risk, they are all very similar in how much of an impact they make
on the relative risk (RR). However, more research is needed to confirm this, as the
findings indicate a trend; there was no statistically significant difference between high
and low classes for any of the variables. Adding more cities to gain a bigger dataset or

using another statistical method is suggested to address this limitation.

This study identifies urban centres in Gothenburg and Stockholm as the most exposed to
UHI and in need of mitigation. However, given the challenge of modifying already
built-up areas, it is important to incorporate these considerations into planning new
residential areas. Given the high correlation between the variables and their similar
patterns in relation to mortality, this study suggests that it might be sufficient to use TCC
and BF for identifying areas of higher heat-related mortality risk in a Swedish context,

offering more accessible alternatives to UHI modelling in planning and policy.
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Appendix A Sensitivity Analysis for Model Parameters

Table A1 shows how a higher fraction of concrete and a lower fraction of roads result in a
slightly lower UHI, with a range of 0.08 degrees. The same goes for a higher fraction of
irrigated grass, which lowers the temperatures very slightly from having more dry grass,
with a range of 0.02. For the resolution, the pattern is not as clear, with temperatures only

shifting 0.02 degrees, without a clear trend.

Table Al. Results from the sensitivity analyses, showing the change in UHI intensity depending on the
division of the land use “paved” into concrete and road, the land use “grass” into dry and irrigated grass,
and the different resolutions.

Type of sensitivity analysis UHI Night (°C)

Paved Divisions
% Concrete % Road

0 100 -0.65
20 80 -0.63
40 60 -0.62
60 40 -0.60
80 20 -0.59
100 0 -0.57

Grass Divisions
% Dry grass % Irrigated grass

0 100 -0.61
20 80 -0.61
40 60 -0.62
60 40 -0.62
80 20 -0.63
100 0 -0.63
Resolution (m)
50 -1.17
100 -1.15
200 -1.17
300 -1.16
400 -1.16

Viewing the sensitivity analysis, the difference in all of the three cases was minimal, with
the highest difference for the change in the concrete and road fractions of 0.08 degrees.
Because of the small differences, the fractions used for concrete (25%) and road division
(75%) and for dry (80%) and irrigated grass (20%) are considered adequate. For the

resolution, the resolution only matters when the plan area index (PAI) or wall area index
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(WAI) exceeds the resolution, and in those cases, the width used in the model will be set
to the resolution. However, the impact on the UHI intensity does not appear to be
substantial, and therefore, a resolution of 300 metres is considered appropriate,

particularly since this width is representative of real-life street dimensions.
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Appendix B City-Specific Analyses

Exposure
variable

Gothenburg

Overall
UHI!
UHI'
TCC?
TCC?
BF?

BF?
Stockholm
Overall
UHI*
UHI*
TCC?
TCC?
BF®

BF¢

Class
(low/high)

Low
High
Low
High
Low

High

Low
High
Low
High
Low

High

Deaths
(optimal days)

5255
2542
2713
2572
2683

2592

2663

7075
5875
7303
6783
6395
6086

7092

Deaths
(heat days)

2803
1341
1462
1387
1416

1358

1445

13178
3100
3975
3659
3416
3178

3897

RR (95% CI)

1.067 (1.019-1.117)

1.06 (0.99-1.13)
1.08 (1.01-1.15)
1.08 (1.01-1.15)
1.08 (1.01-1.15)

1.05 (0.98-1.12)

1.09 (1.02-1.16)

1.074 (1.043-1.105)

1.06 (1.01-1.10)
1.09 (1.05-1.13)
1.08 (1.04-1.12)
1.07 (1.02-1.11)
1.04 (1.00-1.09)

1.10 (1.06-1.14)

'p-interaction = 0.649; *p-interaction = 0.645; *p-interaction = 0.454;
*p-interaction = 0.296; >p-interaction = 0.739; ®p-interaction = 0.0850
Note: Different number of days for optimal days (n = 476) and heat days (n = 238).

p-value

0.0057
0.112
0.0210
0.0232
0.0999

0.163

0.0123

<0.001
0.0153
<0.001
<0.001
0.002

0.0473

<0.001

44



	Heat-Related Mortality among Older Adults:  
	 
	1. Introduction 
	1.1 Aim and Research Questions 

	2. Background 
	2.1 Urban Warming 
	2.2 Urban Climate Modelling 
	2.3 Heat, Health, and Older Adults  

	3. Methodology 
	3.1 Study Area 
	3.2 Data 
	3.2.1 Geodata 
	3.2.2 Mortality Data 
	3.2.3 Climate Data for Modelling UHI 

	3.3 Modelling Urban Heat Island 
	3.3.1 Model description 
	3.3.2  Data Processing and Analysis: Modelling of UHI 
	3.3.3 Processing of data 
	3.3.4 Sensitivity Analysis 

	3.2 Statistical Analysis 

	4. Results 
	4.1 Spatial patterns 
	4.3 Relationships Between UHI, TCC, and BF  
	4.4 Mortality Analyses 

	5. Discussion  
	5.1 Patterns and relationships of UHI, TCC, and BF 
	5.2 Mortality Analysis  
	5.3 Limitations and Future Research 

	6. Conclusion  
	7. References 
	Appendix A Sensitivity Analysis for Model Parameters 
	Appendix B City-Specific Analyses  

