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A B S T R A C T   

Heatwaves pose a protracted health risk depending on its intensity and exposure time. Not only cities but 
countryside areas are also exposed to risk of summertime heat which has not been recently updated at the bucolic 
scale. This study aims to associate temperature and mortality and explore its temporal variation. A Poisson 
regression model combined with a distributed lag non-linear model was applied over daily mortality and 
maximum temperature data from 1981 to 2018 to formulate the lagged response of summer temperature. The 
relative risk (RR) and mortality attributable fraction (AF) with respect to minimum mortality temperature 
(MMT) in Southeast England and Aberdeenshire, UK was calculated. The RR and AF for high and extreme (95th 
and 99th percentile) temperature with respect to MMT have increased (RR– 1% and 7%; AF– 1.33 and 1.9 times, 
respectively) in Southeast England but reduced in Aberdeenshire (RR– 2% and 6%; AF– 0.49 and 0.15 times, 
respectively) in last two decades. However, lagged risk persists for very extreme temperature after several days of 
exposure at both sites and the hazard cannot be underestimated and neglected. Hence, action is needed to update 
the heat action plan for extreme temperature management formulating appropriate heat-mitigation strategies 
focused on vulnerable populations.   

1. Introduction 

Global warming due to anthropogenic emission of green-house gases 
has induced climate change which is disturbing and will continue to 
impact the ecology, energy balance and surface temperature of our 
environment (First, 2018; IPCC, 2021). Anthropogenic climate change is 
already affecting many weather and climate extremes in every region 
across the globe. The increase in the global surface temperature provides 
evidence of attribution to human influenced observed changes in the 
frequency, magnitude, intensity, extent, and duration of natural extreme 
events such as heavy precipitation, floods, agricultural and ecological 
droughts, land and marine heatwaves, tropical cyclones, as well as re-
ductions in Arctic sea ice, snow cover and permafrost (Debele et al., 
2019; IPCC, 2021; Russo et al., 2014; Sahani et al., 2019). Extreme heat 
or heatwaves were the deadliest in the recent decades than any other 
extreme weather event and have caused far more casualties in Europe 
(Debele et al., 2019; Kumar et al., 2020). 

Heatwave is a period of extremely hot days when the surface or air 
temperature of an area is higher than its geographical historical 

threshold, usually between 90th and 99th percentile of temperature 
time-series. For the United Kingdom (UK), it has been defined as at least 
three consecutive days when daily maximum temperature breaches the 
threshold defined for each county (McCarthy et al., 2019). The severity 
of a heatwave depends on several factors including its relative and ab-
solute intensity and duration. In the last two decades, heat extremes 
have caused a tremendous impact on human health (e.g., mortality and 
thermal discomfort), ecology (e.g., through triggering forest fires), and 
agriculture (e.g., through reducing crop and livestock productivity). 
Heatwaves have devastating effects on human well-being specially in 
urban areas where air pollution and urban heat island (UHI) exacerbate 
the problem (Tiwari et al., 2021). Kalisa et al. (2018) established that air 
pollutants (O3, PM10, and NO2) increase with increasing temperatures, 
particularly during heatwave. A progressive and strong increase in pe-
riods of extremely high temperatures i.e., risk of heatwave in terms of 
frequency and intensity in future has been shown all over Europe 
(Forzieri et al., 2016; Guerreiro et al., 2018; IPCC, 2021). For example, 
in 2019, a heatwave (38.7 ◦C) broke the UK’s maximum ever observed 
temperature of 38.5 ◦C set in 2003. About 892 excess deaths were 
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observed (Brimicombe et al., 2021). The incidences of UK heatwaves are 
anticipated to rise where summer temperatures are predicted to be 5 ◦C 
hotter by 2070 (Lowe et al., 2018). Yet actions to prepare for and adapt 
to these risks are few and the UK policymakers have been heavily 
criticised for leaving the country woefully unprepared (Howarth et al., 
2018; Brimicombe et al., 2021). This has attracted much attention for 
research on current and future health impacts of rising temperature. 
Extreme ambient heat or temperature has been associated in many 
studies with the all-cause (Kim et al., 2019) or specific-cause (Yin et al., 
2018) mortality and morbidity (Heo et al., 2018). The association varies 
spatially and temporally because of the changes in climatic conditions 
and human physiological adaptations (Hu et al., 2019; Martínez-Solanas 
& Basagaña, 2019). Temperature threshold for occurrence probability of 
heatwaves is higher in warmer regions because of difference in adap-
tation characteristics of the inhabitants. Different demographic factors 
also affect the risk associated with extreme temperature exposure such 
as age, sex, pre-existing disease condition, access to cooling facilities, 
type of dwelling and other socioeconomic conditions (Rohat et al., 
2019). 

The effect of temperature on mortality and its gradient (e.g., slope, 
threshold) must be separately studied with differing spatiotemporal 
characteristics of regions to estimate updated health-effects burden 
associated with rising temperature. This, together with demographic 
and socioeconomic characteristics of regions, will help policymakers 
plan proper heat risk management, as well as effective adaptation and 
mitigation strategies. There are two mitigation measures that can be 
considered: grey/engineering-based solutions and nature-based solu-
tions. Implementation of passive cooling design systems while retrofit-
ting terraced houses (Ozarisoy, 2022; Taylor et al., 2018a; Taylor et al., 
2018b), cool roofs (Imran et al., 2018), using fans or ACs are amongst 
the engineering-based solutions. Staying indoors can help alleviate the 
heat risk during a heatwave period, but which again depends on 
thermal-energy performance of the building (Pyrgou et al., 2017; Taylor 
et al., 2018b). Alam et al. (2016) correlated building energy ratings with 
heat related mortality and morbidity, suggesting that risk can be 
reduced significantly if building energy ratings are upgraded. However, 
environmentally friendly and cost-effective nature-based solutions 
(NBS) are increasingly becoming popular to regulate urban temperature 
due to their positive and enduring environmental impacts (Debele et al., 
2019). For example, green roofs (Imran et al., 2018) and vegetated 
patches as green infrastructure, such as mixed forest, grasslands, mixed 
shrublands and their various combinations are effective in reducing UHI 
effects and impacts of heatwaves (Imran et al., 2018, 2019). Other 
natural solutions include green walls/façades, urban forest, parks, water 
bodies like ponds, lakes, and rivers, which have capacity to contribute to 
achieving sustainable development goals as well (Martín et al., 2020). 
NBS have several other co-benefits (Kumar et al., 2021), e.g. they help 
alleviate atmospheric pollutants also. They can fulfil the requirement of 
additional measures as recommended by Kalisa et al. (2018) to reduce 
air pollutant concentrations during emergency responses when a heat-
wave is forecasted. NBS through their co-benefits can escort human 
societies towards sustainable sustenance and development (Sahani 
et al., 2019). 

Table 1 presents recent work in heat-health relationship assessment 
across the world. Temperature effects have been associated with asthma 
in the USA (Figgs, 2019) and China (Liu et al., 2021). Cardiovascular 
and respiratory mortality burden was investigated in Bangkok, Thailand 
(Phosri et al., 2020) and Spain (Royé et al., 2020). Future heat risk has 
also been formulated e.g., in Germany (Huber et al., 2020), and for 
circulatory disease in Portugal (Royé et al., 2020). The morbidity or 
mortality association with hot or cold temperature has been done in 
many places, including Asia (Ingole et al., 2022; Phosri et al., 2020) 
middle east (Sharafkhani et al., 2020) and Africa (Faye et al., 2021). 
Wellenius et al. (2017) studied heat-related health-effects in New En-
gland, US where heat index (based on apparent heat considering hu-
midity effect also) was shown to be associated with mortality and 

Table 1 
Past studies assessing the heat-health relationship with method used, required 
data and its duration.  

Place Aim and method Data(Duration) Reference 

South Africa Analyse time- 
series and 
association of 
daily Tmax with 
daily deaths using 
DLNM 

Daily Tmax data and 
deaths 
(1997 and 2013) 

Scovronick et al. 
(2018) 

Douglas 
County NE 
(USA) 

Associate asthma 
with heatwave 
using 
retrospective, 
observational, 
case-control 
design, and 
conditional 
logistic regression. 

Temperature (T), 
Emergency 
department visits 
(EDV), air pollution 
(2011–2012) 

Figgs (2019) 

China Predict heat-stroke 
occurrence for 
heatwave using 
random forest 
model 

Heatstroke cases, 
socioeconomic 
status factor, 
normalised 
difference 
vegetation index 
(2012–2014) 

Wang et al. (2019) 

Spain Observe temporal 
change in cold 
days attributable 
mortality using 
GLM and meta- 
analysis 

Mortality, 
population, T 
(1983–2013) 

Díaz et al. (2019) 

South Korea Compare risk 
based on heatwave 
definition using 
DLNM and meta- 
analysis 

Mortality, 
morbidity, T, RH 
(2011–2014) 

Heo et al. (2018) 

Taiwan Identify proper 
thresholds for a 
heat warning 
using modified 
GAM and risk ratio 
increments of 
threshold 

Hospital admission, 
EDV, T, RH, wind 
speed, and solar 
radiation 
(2000–2014) 

Cheng et al. (2019) 

Cangnan 
(China) 

Observe impact of 
heatwave on 
outpatient visits of 
respiratory disease 
using time- 
stratified case- 
crossover study 
(conditional 
Poisson regression 
model) 

Daily patient, 
meteorological, air 
pollution index 
(July 2010– Oct 
2012) 

Zhang et al. (2019) 

Zhejiang 
province 
(China) 

Associate 
temperature 
variability and 
mortality utilising 
time series 
modelling (GLM), 
random-effects 
meta-analysis, RR 
calculation, and 
sensitivity analysis 

Temperature and 
RH, PM2.5, human 
settlement index, 
mortality 
(2009–15) 

Hu et al. (2019) 

South Korea Observe temporal 
change in heat 
related mortality 
utilising time- 
stratified case- 
crossover analysis, 
and multivariate 
meta-regression 
analysis 

Mortality, T 
(1998–2013) 

Kim et al. (2019) 

Adelaide 
(Australia) 

Relate work 
related illness to 
ambient T using 
time-stratified 

Workers’ 
compensation 
claims, weather 
data (2003 – 2013) 

Varghese et al. 
(2019) 

(continued on next page) 
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Table 1 (continued ) 

Place Aim and method Data(Duration) Reference 

case-crossover 
study combined 
with a DLNM 

China Associate 
heatwave and 
mortality by 
Poisson regression 
model and random 
effect meta- 
analysis 

Mortality and daily 
Tmax (2007–2013) 

Yang et al. (2019) 

Brazil Associate 
temperature 
variability and 
cardiac 
arrhythmia by 
time-stratified 
case-crossover, 
and random-effect 
meta-analysis 

Hospitalisation for 
arrhythmia and 
weather conditions 
(2000–2015) 

Zhao et al. (2019) 

Queensland 
(Australia) 

Associate cause 
specific EDV with 
heatwaves in 
urban and rural 
area by quasi- 
Poisson GAM with 
a DLNM and 
random effect 
meta-analysis 

EDV, air pollution 
and climatic 
conditions 
(2013–2015) 

Xu et al. (2019) 

Spain Observe temporal 
change in heat 
related mortality 
and efficiency of 
Heat Health 
Prevention Plan 
(HHPP) using 
DLNM and 
multivariate meta- 
analysis 

Mortality, weather, 
HHPP 
(1993–2013) 

Martínez-Solanas 
and Basagaña 
(2019) 

12 major cities 
(Germany) 

Investigate future 
changes in 
temperature- 
related mortality 
using DLNM 

Daily death counts 
and historic and 
projected daily 
mean temperatures 
(1993–2015) 

Huber et al. (2020) 

Barcelona, 
Bilbao, 
Madrid, and 
Seville 
(Spain) 

Assess the effects 
of heatwave 
intensity on 
mortality (natural, 
respiratory, and 
cardiovascular 
causes) using a 
two-component 
heat index, called 
excess heat factor 
through DLNM 
framework 

Meteorological 
data and daily 
natural mortality 
(1990–2014) 

Royé et al. (2020) 

Lisbon and 
Porto 
(Portugal) 

Evaluate the 
future 
temperature- 
attributable 
mortality due to 
circulatory system 
diseases by age 
groups (under 65 
and 65+ years) 
using DLNM 
assuming quasi- 
Poisson 
distribution 

Daily deaths due to 
diseases of the 
circulatory system, 
WRF simulated 
daily temperature 
(1991–200, 
2051–2065 and 
2085–2099) 

Rodrigues et al. 
(2020) 

Urmia (The 
Northwest of 
Iran) 

Examine effect of 
physiological 
equivalent 
temperature index 
variations on 
mortality using 
DLNM 

Daily number and 
causes of deaths, 
metrological and 
air pollutant data 
(2010–2015) 

Sharafkhani et al. 
(2020) 

Phosri et al. (2020)  

Table 1 (continued ) 

Place Aim and method Data(Duration) Reference 

Bangkok 
(Thailand) 

Investigate the 
association 
between short- 
term exposure to 
diurnal 
temperature range 
and hospital 
admissions for 
cardiovascular and 
respiratory 
diseases quasi- 
Poisson GLM 
combined with 
DLNM 

daily 
meteorological 
variables and daily 
hospital admissions 
from (2006–2014) 

Hong Kong Find cause-specific 
mortality due to 
cold and hot 
temperature using 
DLNM 

Daily mean data on 
T, RH, air 
pollutants, 
(nitrogen dioxide, 
sulphur dioxide, 
ozone and PM2.5) 
and deaths 
including gender, 
age, and causes 
(2006–2016) 

Liu et al. (2020) 

United States Explore 
relationship 
between exposure 
to outdoor 
temperatures and 
cognitive 
functioning in 
ageing adults by 
DLNM 

Temperature 
exposure and 
cognitive scores 
(2003 and 2007) 

Khan et al. (2021) 

Bandafassi 
(Senegal) 

Find the most 
suitable heatwave 
definition and 
analyse its effect 
on total, age-, and 
gender-specific 
deaths using GAM 
and DLNM 

Daily weather 
station data and 
daily mortality 
count (1973 to 
2012) 

Faye et al. (2021) 

10 cities in 
Thailand, 
Korea and 
China 

Assess mortality 
burden of hot and 
cold temperature 
using time-series 
regression with 
DLNM 

apparent 
temperature, RH 
and daily counts 
non-accidental 
death (2000–2016, 
varying) 

Cao et al. (2021) 

Hefei (China) Associate cold 
spells with 
childhood asthma 
using Poisson’s 
GAM combined 
with a DLNM 

Hospitalised 
childhood asthma 
patients, daily 
meteorological 
data, ambient 
pollution data 
(2013–2016) 

Liu et al. (2021) 

Adelaide 
(South 
Australia) 

Assess health and 
economic burden 
of morbidity with 
heatwaves using 
DLNM 

Daily EDV and 
associated costs 
(2014–2017) 

Wondmagegn 
et al. (2021) 

Pune (India) Explore mortality 
burden due to non- 
optimum 
temperature 
through DLNM 

Mortality, daily 
mean T, 
(2004–2012) 

Ingole et al. (2022) 

Bucharest, 
Cluj-Napoca, 
Constanța, 
Iași, and 
Timișoara 
(Romania) 

Analyse the 
impact of extreme 
temperatures on 
human mortality 
in the five most 
populated cities of 
Romania utilising 
DLNM. 

Daily natural 
mortality, daily 
minimum, and 
maximum air 
temperatures 
(1999–2016) 

Scripcă et al. 
(2022)  
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morbidity. Anderson et al. (2013) analysed 21 algorithms of calculating 
heat indices and compared them with Steadman’s apparent tempera-
ture. It was found that most of the indices were closely correlated to each 
other and lesser difference was observed between algorithm index and 
Steadman’s apparent temperature except for cool weather and low 
relative humidity (RH) conditions. Russo et al. (2014) introduced a new 
Heatwave Magnitude Index for spatial and temporal comparison of 
heatwaves in historical and future time considering three scenarios of 
greenhouse gas emission (Representative Concentration Pathway, RCP 
2.6, 4.5 and 8.5) using daily maximum temperature (Tmax) data from 
reanalysis and 16 AR5 CMIP5 used model output. Guo et al. (2018) 
studied excess mortality associated with heatwaves in future due to 
climate change for 412 communities across 20 countries under different 
RCPs (RCP2.6, 4.5, 6.0 and 8.5), three population variant scenarios 
(low, medium and high) with two adaptation scenarios (full adaptation 
and no adaptation). Full adaptation considered the same method of 
threshold temperature formulation (95 percentile), and thus the 
threshold also increased with increased future temperature predicted by 
five General Circulation Models (GCMs). It was found that tropical and 
sub-tropical countries will be at more risk in future than temperate re-
gions. Heatwave intensity was shown to have more impact than the 
duration of heatwave. Associated mortality is underestimated during 
heatwave health impact assessment whilst using geographical mean 
temperature, so population weighted temperature was used for finding 
the contribution of UHI to mortality during a 10-day heatwave period in 
August 2003 in West-midland, UK (Heaviside et al., 2016). They used 
high resolution (1 km x 1 km) Weather Research and Forecasting (WRF) 
model simulated temperature for present and UKCP09 temperature data 
for future and found that 0.5– and 3–times (50%– and 300%–) of 2003 
total heat-related mortality attribution to UHI, respectively, by 
comparing the health impacts for urban and rural land use-based tem-
perature simulations. 

These published literatures show a need for nonlinear statistical 
modelling approaches that can quantify recent nonlinear heat attribut-
able mortality risk at various scales. Most of the past studies (Table 1) 
have used time-stratified case cross-over analysis combined with 
generalised additive models (GAM) for temperature attributable mor-
tality risk evaluation (Sahani et al., 2019) and have been performed for 
cities and urban areas, with very few focusing on bucolic regions of the 
world (Xu et al., 2019). Most of the past studies on heatwave risk 
assessment or its impact were confined to urban and megacity level e.g., 
London (Hajat et al., 2002 ), Birmingham (Tomlinson, 2011), Queens-
land (Xu et al., 2019), Paris (Lemonsu et al., 2015). Heatwaves’ impact is 
well known to be more pronounced in urban and built areas but how the 
risk varies in semi-urban, suburban and rural areas is not vastly 
explored. Across the globe, hot days are getting hotter and more 
frequent, whilst experiencing fewer cold days. As a result, heatwaves are 
becoming a more common challenge in small cities, towns and in the 
landscape areas too. If intense heatwaves are frequent for long, the 
environment responds in numerous ways. This will bring dramatic 
changes to the landscape and habitable environments through: (a) 
triggering wildfires; (b) agricultural drought/water shortages (rainfall 
deficiency); and (c) farmland and agriculture degradation (losing out on 
grassland, certain vegetables, such as lettuce, etc.). For instance, Fer-
ranti et al. (2016) studied how the extreme temperatures triggered 
heatwaves can cause numerous problems for railway infrastructure, 
such as track buckling, sagging of overhead lines, and the failure of 
electrical equipment in Southeast (SE) England. The risk may have been 
ignored considering lesser UHI effect in rural areas. Therefore, there is a 
need to conduct risk assessment of heatwaves for more bucolic land-
scapes. There have been nationwide studies of relative risk (RR)/excess 
death due to heat in the UK utilising not so very recent data and not 
specifically focusing on a particular suburban region of the UK (Green 
et al., 2012; Hajat et al., 2002;Johnson et al., 2005; Rooney et al., 1998; 
Zhang et al., 2018b). Therefore, the study areas used in this paper are 
“Britain’s forgotten landscapes/semi-natural areas”. Novelty of this 

work lies in its bucolic nature of study region as compared to the 
megacities and the development of methodology utilising recent data 
that can characterise the temperature-mortality association in summer. 
Also, the risk posed by heatwaves develops with time due to changing 
demographics and climate. The weather-related extreme events affect 
human health differently within the population and between geographic 
locations based on different adaptive factors, e.g., social, physiological, 
and economic (Ingole et al., 2022). The adaptability of the people de-
velops with time and geographically. Therefore, it becomes interesting 
and necessary to see these risk variations on different timescales and in 
various types of geographical regions with varying climatology. There 
has been limited study utilising most recent data to see the temporal and 
spatial trend in risk variation over time as the risk develops over time 
and is a function of location specific historic temperature and acclima-
tised population living there. However less research has been done on 
the heatwave related mortality in this region or a similar landscape re-
gion but with different climate. Therefore, there is a requirement to do 
such risk assessment using recent up-to-date data on climate and pop-
ulation characteristics, which is fulfilled by this research. We argue that 
the proper heatwave associated damage and losses need to be studied to 
support policymakers to make proper and real-time mitigation strate-
gies. The above-mentioned research gaps have been addressed in 
existing literature by associating mortality of a climatic region with 
ambient temperature using recent data (mortality, temperature, and 
RH) and using the distributed lag non-linear model (DLNM) to estimate 
the association and its temporal variation. A demonstration of this 
methodology is presented after applying to case studies focusing on SE 
England, and Aberdeenshire, Scotland in the UK for analysing the 
impact of extreme temperature and evaluation of the RR of heat and its 
attributed mortality as attributable fraction (AF) of total deaths. 

Generalised linear models (GLM) are more adaptable compared to 
general linear models for examining non-normally distributed data. 
Knowing that most of the environmental data are non-normal, GAM is a 
more powerful analytical method than conventional linear models. 
When GAM is applied, the error pattern is specific resulting in lower and 
more reliable p-values (Ravindra et al., 2019). DLNM provides a 
modelling framework to associate non-linear and delayed effects in 
time-series data, such as temperature. It can be applied to any family 
distribution and link function within GLM, with extensions to GAM or 
models based on generalised estimating equations (Gasparrini, 2011). 
Thus, the overall goal of this study is to develop an integrated statistical 
approach to estimate the non-linear association between extreme tem-
perature and mortality utilising GAM. This goal is achieved by (i) 
formulating the exposure–response associations of temperature and 
mortality by the developed and demonstrated DLNM model, (ii) quan-
tifying the resulting RR and AF of mortality due to excess heat, and (iii) 
analysing their temporal variation in two geographically and meteoro-
logically different study sites in the UK. Specifically, the 
temperature-mortality association in summer is characterised and the 
developed methodology is applied for SE England, and Aberdeenshire, 
Scotland in northeast UK as case studies to demonstrate the statistical 
modelling approach based on recent data. These two regions exemplify 
bucolic sites of contrasting characteristics – highly populated region (SE 
England) and a sparsely populated site (Aberdeenshire) with approxi-
mately half the population density as the former. The impact of extreme 
temperature was analysed and the RR of heat and its attributed mortality 
as AF of total deaths were evaluated. 

2. Methodology 

2.1. Study regions 

The investigated areas are the SE region of England and Aberdeen-
shire of Scotland in the UK (Supplementary Information, SI Figure S1). 
SE England was the most impacted area during the summer 2003 
heatwave, ozone concentration was repeatedly breached and attributed 
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to excess mortality (Francis et al., 2011). It was also one of the most 
significantly affected areas during 2013 heatwaves amongst the nine 
regions of England (Green et al., 2016). In Scotland, even springs are 
getting hotter (URL 01, 2022), with 23.6 ◦C recorded at Aboyne in 
Aberdeenshire on March 27, 2012. North-east of Scotland also experi-
enced one of the hottest days with temperatures hitting 27 ◦C on July 25, 
2019 (Undorf et al., 2020). These two areas were selected for this study 
because they are representatives of typical semi-urban and lesser 
built-up regions of the UK and impacted by heatwaves, unlike other city 
focused studies (Hajat et al., 2014; Tomlinson et al., 2011; Xu et al., 
2019; Lemonsu et al.,2015). Also, the areas are chosen based on their 
availability of synchronous data for mortality, temperature and hu-
midity at the smallest possible spatial level and sufficiently large study 
duration. The geographical and climatological description of these two 
study sites is given in SI Table S1. 

2.1.1. SE England 
SE England is the most populous and the third largest of the nine 

Government Office regions of England which makes it relatively less 
dense compared to very populous and urbanised, nearby city London. 
More than 80% of the land is considered rural in SE England (Purple-EU, 
2022). It consists of nine counties of Buckinghamshire, East Sussex, 
Hampshire, the Isle of Wight, Kent, Oxfordshire, Berkshire, Surrey, and 
West Sussex. Most of the area is below 100 m above sea level but the hill 
and downland landscapes include large areas over 100 m. Minimum 
temperatures usually occur around sunrise and Tmax are normally 2 to 3 
h after midday. The number of hours of bright sunshine is controlled by 
the length of day and by cloudiness. Despite good precipitation, the 
region can be subject to dry periods that place demands upon water 
supplies and require conservation measures such as summer hosepipe 
bans, which triggers and amplifies the occurrence of heatwaves. SE 
England is also furthest from the paths of most Atlantic depressions, with 
their associated cloud, wind, and rain, so the climate is relatively 
quiescent. The frequency and strength of deep areas of low pressure is 
greatest in the winter half of the year, especially from December to 
February. Over most inland areas of the region the average is around 1–2 
days per year but exposed places along the south coast experience about 
10 gales in an average year (URL 02, 2022, UK Met-Office, 2022). 

2.1.2. Aberdeenshire 
Aberdeenshire is located on the north-eastern coast of Scotland. It is 

one of the 32 council areas of Scotland and more than 90% of the area is 
classified as rural (Scottish Government, 2022). Its population has risen 
by about 15% from 226,220 in 1998 to 260,780 in 2020. Although 0.3% 
decrease is projected due to natural change (more deaths than births), 
total net migration would cause the population to increase by 2.8% over 
the next 10 years (NRS, 2022). Aberdeenshire is 6313 km2, comprising 
approximately 8% of Scotland’s territory (Aberdeenshire Council, 
2010). Agriculture is the primary land use in the region, ranging from 
arable along the coast to marginal grazing in the uplands. There is some 
forest, mostly small pockets throughout the landscape, more commonly 
in the hills but trees are still visible in the arable areas. Agriculture is the 
predominant land use in Scotland, covering around 70% of the land 
area. Woodland currently covers around 18% of Scotland, most of which 
is coniferous plantation. Large areas are used primarily for sporting 
activities (deer and grouse). Only about 2.5% of the country is urban and 
much of this is in the Central Belt. Aberdeenshire is the 4th most 
economically vulnerable council of Scotland. Total Gross Value Added 
(GVA) for Aberdeenshire in 2021 was £16,845 m (12.3% of Scottish 
output). Prior to the pandemic (i.e., 2019), the economy grew by 1.0% 
each year on average. Manufacturing and construction industries 
showed less consistent growth since the 2008 economic downturn (URL 
03 2022). It is projected that GVA for all the industries will increase by 
2031 from 0.5 to 4% except public administration and defence and 
mining and quarrying, where a decrease of 0.3 to 2% respectively is 
projected (URL 04, 2022). The climate of Aberdeen is oceanic, with cold, 

rainy winters and cool, cloudy summers. Aberdeenshire region is char-
acterised by a generally dry climate, with portions of the coast receiving 
25 inches (64 cm) of moisture annually. Summers are mild, and winters 
are typically cold here. The wind often blows, and can sometimes be 
stormy, especially in the colder half of the year. The sea, which for the 
latitude is not very cold in winter, remains cold in summer. The sky is 
often cloudy, and rainfall is frequent. The length of the days varies 
greatly between the different months of the year (URL 05, 2022; URL 06 
,2022). 

2.2. Data and sources 

38-year (1981–2018, based on sufficient longest possible and freely 
available data for all the parameters and most of the places and/or 
meteorological stations) daily mortality and meteorological data (tem-
perature and RH) was utilised for summer period starting 1 June and 
ending 30 September of each year based on previous work by Gasparrini 
et al., 2016 and Green et al., 2016 where they identified the period as the 
four warmest months of the year using average monthly temperatures. 
Year-wise data was checked for synchronisation of mortality data with 
meteorological data. If the first and last day were not synchronous with 
filled data, then the data was further checked at month/day level to find 
the exact missing or extra values. Since more than one station and 
maximum temperatures over all the stations (average in case of RH) 
were used for both study sites, there was no missing data for temperature 
and RH. 

2.2.1. Mortality data 
All-cause daily individual death record data for 1981–2018 from the 

Office of National Statistics for SE England using the area code 
(E12000008) and from National Records of Scotland for Aberdeenshire 
were obtained. Arbuthnott et al., 2018 and Lee et al. (2018) amongst 
others have also used these data sources for their studies. The area code 
was used to filter the data for the interested study area. For missing data, 
the average of previous and next day values was taken. There was no 
more than one day of data missing between two dates. 

2.2.2. Meteorological data 
The daily Tmax data were obtained from respective 29 weather sta-

tions situated in nine counties of SE England: Berkshire (1), Buck-
inghamshire (1), East Sussex (3), Hampshire (8), Isle of Wight (3), Kent 
(5), Oxfordshire (5), Surrey (2), West Sussex (1). For Aberdeenshire, 
daily Tmax data were taken from four stations (Balmoral, Fyvie Castle, 
Craibstone and Dyce). The weather stations were chosen based on data 
availability over the study period and the stations for which data was not 
available for the required time-period were neglected and not included 
in the analysis. Centre for Environmental Data Analysis website (CEDA, 
2021; Lee et al., 2018; Zhang et al., 2018b) was utilised for account 
creation and getting approval for this temperature data acquisition. The 
duration of available data was the selection criteria for the station’s 
inclusion. Data from each year was pooled to form a long time-series. 
Where 24-h daily maximum was there in data, it was taken as it was. 
But when the day was split into two 12-h parts, Tmax for the day was 
taken from 12-h data reported at 9 PM which is day-time temperature 
and ideally should be higher than the night-time. 

SE England hourly RH (%) data for the mentioned duration was 
obtained using the two R packages devtools (Hadley et al., 2021) and 
worldmet (David, 2021) from National Oceanic and Atmospheric 
Administration (NOAA, 2021) for the Gatwick, Charlwood and Odhiam 
meteorological stations through their respective areal/station codes and 
converted into daily average. Using a similar procedure, for the case of 
Aberdeenshire, RH data was obtained from Dyce station. Since Aber-
deenshire had only one station, average of previous and next day values 
was taken for missing data. For more than one day missing data, the 
average of the same corresponding day in previous and next year was 
taken. 
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2.3. Statistical model approach 

Nowadays many statistical models are available in the literature 
which have been developed to capture the variability in the data 
assuming either linear or nonlinear association between the predictor 
and predictand. Therefore, the application and accuracy of these models 
depend on their nature (model section/assumption), length of time- 
series and research objectives. For instance, for accurately assessing 
the impact of the maximum temperature on mortality, linear regression 
models would not represent the phenomenon as the effects are non- 
linear. Scott (1981) and many more have used Quasi-Poisson and Pois-
son distributions to model the association between extreme temperature 
and mortality rates (Table 1). The mortality rates can be also modelled 
using other distributions, such as Gamma, and Inverse Gaussian distri-
butions. For this analysis, it is assumed that the daily number of deaths 
follows Poisson distribution with mean µ and standard deviation σ 
because the daily average and the standard deviation of the number of 
deaths are not equal. Mortality risk of temperature depends both on 
immediate and on the exposure of previous days (i.e., lag effect). 
Therefore, distributed-lag models have often been used for investigating 
the temperature effects on health over days or weeks after exposure. 
Likewise, a Poisson regression model combined with a DLNM was used 
to examine the association between summer (June, July, August, and 
September) daily Tmax and mortality (Wang et al., 2014), and RH as 
confounder. The DLNM is based on a “cross-basis” function, which es-
timates non-linear effects of temperature at each lag and across lags. The 
model can also calculate the cumulative effect of a delayed contribution 
of temperature on various health outcomes, such as mortality (Gas-
parrini et al., 2017). 

Non-linear and the lagged effect of summer temperature on all-cause 
deaths over two weeks (14 days) of lag was estimated. Equally spaced 3 
internal knots were used for lag using natural cubic spline function with 
intercept. 1 internal knot was used with no intercept for temperature 
distribution using basis function. Long-term and seasonal trend of daily 
mortality was dealt using a natural cubic spline of time with 1 degrees of 
freedom (df) per year (Wang et al., 2014; Li, Li, Tian, Guo & Pan, 2018; 
Chung et al., 2009). Natural cubic spline for RH as confounder was taken 
with 2 df. Hence, the developed statistical model helped derive mini-
mum mortality temperature (MMT) from the overall cumulative 
exposure-response association. MMT was used as the reference tem-
perature to calculate mortality RR (Li et al., 2018). It is generally 
considered a heatwave threshold within 50th to 99th percentile values 
of temperatures. In this study, hot temperature has been limitedly 
defined as the temperatures higher than MMT and heatwave as tem-
perature higher than 95th and 99th percentiles of the summer temper-
atures, considered as high and extreme temperatures, despite the 
accepted heatwave definition for the UK (McCarthy et al., 2019) to keep 
the analysis simple. Such analysis, considering the heatwaves as 2–3 
consecutive days above threshold is beyond the scope of current work. 
Temperature attributable total number of deaths is given by the sum of 
the contributions from all the days of the time-series, and its ratio with 
the total number of deaths generates the total AF. The study calculated 
the absolute (numbers) and relative (fraction) excess deaths attributable 
to temperature reported as attributable number (AN) and fraction (AF) 
of death respectively following methods developed by Gasparini and 
Leone (2014). The 95% confidence intervals (CI) as the measure of 
model uncertainty can be analysed and presented using normal 
approximation method. The study analysed SE England and Aberdeen-
shire first considering the entire time-series of whole 38-year duration, 
then by splitting the data into two sub-periods of 19 years (1981–1999 
and 2000–2018) and in 8 smaller sub-periods (1981–1985, 1986–1990, 
1991–1995, 1996–2000, 2001–2005, 2006–2010, 2011–2015, 
2016–2018) to see the temporal variation in RR and AF considering 
different time-periods. The data was decomposed into sub-time series to 
see the temporal trend and effect of data duration on results of RR and 
AF. The R-project software (R Core Team, 2021) enabled us to work with 

the “dlnm” package to create the non-linear exposure–response associ-
ations of extreme temperature and mortality. 

Although mean temperature was shown better than maximum tem-
perature in predicting heatwave impact on morbidity by Bai et al. 
(2014), Xu, Cheng, Hu and Tong (2018) argues that maximum tem-
peratures show a positive correlation between occurrence of 
heat-related diseases, especially at short lag effects. Therefore, we used 
maximum temperature instead of mean or minimum in the present study 
for the following reasons: (1) It has been used in many heatwave defi-
nitions across the world (Heo, Bell and Lee, 2018; Ma, Xu, Peng & Kan, 
2011), (2) Many studies have used this matrix for such analysis (Bet-
taieb, Toumi, Leffondre, Chlif & Salah, 2020; de’Donato et al., 2018; Li 
et al., 2018; Martínez-Solanas & Basagaña, 2019; Zhang, Li, Ma & Pan, 
2018a) and (3) Inappropriate instrument handling generally has re-
percussions on minimum temperature recordings (Scovronick et al., 
2018). We present additional supplementary analyses (SI Table S2) 
using the mean temperature to compare the robustness of the study 
results. 

2.4. Model selection 

Model selection from amongst a set of candidate models involves 
quantifying both the model performance on the training dataset (log- 
likelihood) and the complexity of the model. Examples include the 
Akaike and Bayesian Information Criterion (AIC and BIC) and the 
Minimum Description Length. The benefit of these information criterion 
statistics is that they do not require a hold-out test set, although a lim-
itation is that they do not take the uncertainty of the models into account 
and may end-up selecting models that are too simple. AIC and BIC differ 
by the way they penalise the number of parameters of a model. More 
precisely, BIC criterion will induce a higher penalisation for models with 
an intricate parameterisation in comparison with AIC criterion. We used 
AIC (− 2✕ln(likelihood) + 2✕k, where k is the number of the estimated 
parameters) as a model selection rule because of the problem of 
nonparametric regression, where the functional form of dependence 
between the dependant variable and the regressor is not expressible in 
terms of finitely many unknown parameters. Also, AIC does not depend 
directly on sample size and is robust in selecting the most suitable model 
using the simulation study (Wang & Liu, 2006). Although BIC is more 
useful in selecting a correct model, AIC is more appropriate in finding 
the best model for predicting future observations (Chakrabarti & Ghosh, 
2011). AIC has the advantage of testing the significance of the differ-
ences between the functions of different model specifications (Akaike, 
1973). The other advantage of using AIC is that the model does not need 
to be nested for the analysis to be valid, unlike other single-number 
measurements of model fit like the likelihood-ratio test. However, the 
disadvantage of AIC is that it can only provide a relative test of model 
quality, does not and cannot provide a test of a model that results in 
information about the quality of the model in an absolute sense. So, if 
each of the tested statistical models are equally unsatisfactory or ill-fit 
for the data, AIC would not provide any indication from the onset. 
Moreover, AIC presents the danger of overfitting. Here, the AIC was used 
as the goodness-of-fit statistics for model selection. The smaller AIC 
values are, the better fit the model gives. Initially, around 34 models (SI 
Table S3) were built by varying the degrees of freedom for time trends 
and humidity as confounders, and the number of knots and degrees of 
freedom for lag and temperature variables. Finally, the model with 
smaller AIC value was chosen for further analysis (SI Table S3). The final 
model has 5 parameters (temperature, lag, RH, time, and seasonal trend) 
with 2 df for RH and 1 df for time and seasonal trend each, and 14 days 
of lag. 

The model for the above analysis is shown in Formula (1): 

Yt ∼ quasi − Poisson(μt) (1) 

Yt is daily death on day t following a quasi-Poisson distribution 
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logE[Yt] = α + βTt;l + ns(Time; n / year) + Dow + ns (RH; df = 2)
(2)  

where, t denotes the observation date; E[Yt] denotes the expected value 
of the number deaths on day t and Yt complies with quasi-Poisson dis-
tribution; α is the intercept; β is the coefficient; Tt,l denote the “cross- 
basis” of daily maximum temperature; l is the maximum lag days; RH 
denotes relative humidity on day t. ns is the natural spline function; 
Time is used to control for the long temporal trend and seasonality 
confounding; n describes the degrees of freedom (df) assigned to time 
per year for the best model fit; Dow (Dow =1,2,⋯,7) stands for day of 
the week on day t. 

3. Results and discussion 

3.1. Descriptive statistics 

There is an increasing trend analysed in the maximum temperature 
for SE England in the whole time-series (1981–2018) with p-value of 
0.01386 at 5% significance level (Figure S2.a). Similarly, an insignifi-
cant increasing trend with p-value: 0.5792 was found for the maximum 
temperature of Aberdeenshire (Figure S2.c). A positive correlation 

between maximum yearly temperature and mortality was found in SE 
England (Figure S2.b) while a weak negative correlation is obtained for 
Aberdeenshire (Figure S2.d). Summer daily deaths, Tmax and RH in SE 
England and Aberdeenshire during the whole study period 1981–2018 
and during the sub-periods are provided in SI Table S4. In SE England, 
average daily deaths were around 198 for the whole period with a total 
of 917,892. The average daily deaths remained almost similar 
throughout the various sub-periods, varying from minimum 185 in 
2005–2010 to maximum 204 in 1986–1990. The number of daily deaths 
in Aberdeenshire was lower (5 and total 24,618) for 1981–2018, and 
similarly for the other sub-periods. This is due to the smaller size and 
lesser population of the region. 

During 1981–2018, average daily Tmax in SE England was 23 ◦C and 
higher as expected than Aberdeenshire where it was 18 ◦C due to dif-
ference in meteorology and geographical location. However, the RH was 
quite similar in both places in all study durations, varying from mini-
mum nearly 50 to maximum almost 100%. Comparing first and last sub- 
periods of study (i.e., 1981–1999 and 2000–2018 or 1981–1985 and 
2016–2018), the mean daily Tmax has risen (though fluctuating) by 1 ◦C 
in both places, 23 to 24 in SE England and 18 to 19 ◦C in Aberdeenshire, 
which is evidence for global warming (Brimicombe et al., 2021). Rising 
temperature could be linked to atmospheric black carbon (BC) 

Fig. 1. RR of all-cause mortality along daily Tmax ( ◦C) and lag days for the two sub-periods (A) 1981–1999 and (B) 2000–2018 in SE England, and RR of all-cause 
mortality along daily Tmax ( ◦C) and lag days for the two sub-periods (C) 1981–1999 and (D) 2000–2018 in Aberdeenshire. 
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concentration. Singh et al. (2018) found that urban and traffic contri-
butions are significant in atmospheric BC concentration, however 
showing its decreasing trend in the UK from continuous observations 
over a period of 7 years (2009–2016) at 7 stations. Ciupek, Fuller, 
Quincey, Green and Butterfield (2019) also found same results for 
2009–2018 BC data. Comparing total deaths and total population re-
veals that in 1991, ~0.32% of population died which changed to 
~0.28% in 2018 for both SE England and Aberdeenshire. This can be 
either due to people’s physiological adaptations towards changing 
climate or due to changes in infrastructure and heat management 
practices during summer. To enhance the understanding of this phe-
nomenon and to look for the actual fraction of these daily and total 
number deaths caused by high or extreme temperature, lagged exposure 
and response association are analysed and discussed further. 

3.2. Temperature-mortality association 

Overall effect of temperature on mortality for two sub-periods 
1981–1999 and 2000–2018 is given in Fig. 1 which shows a 3-D rep-
resentation of lagged effect of daily Tmax exposure in terms of RR with 
respect to MMT in SE England and Aberdeenshire. 3-D plot summarises 
the overall relationship in the two-dimensions but uncertainty in the 
estimates is difficult to include. The plots show a very strong and im-
mediate effect of heat and suggest a more delayed and harvesting effect 
for extremely hot temperatures. It is evident from Fig. 1(A) that RR for 
very high temperatures within a lag of around 2–3 days is quite high and 
increases exponentially for SE England. The risk, however, reduces and 
becomes nearly constant around a lag of 5 or more days. It is also seen 
that RR is higher in the second sub-period than first, Fig. 1(B). The sit-
uation is quite different in case of Aberdeenshire, Figs. 1(C and D) where 
the RR has reduced in the second sub-period and showing a varying 
pattern of lagged effect for very high temperatures indicating a stronger 
harvesting effect than in SE England, especially for the duration 
1981–1999. The response effect in terms of mortality will become 
clearer from an overall cumulative risk considering the effect from all 
the lag of 14 days (Section 3.3). 

3.3. Overall cumulative RR 

Table 2 shows overall cumulative RR of high and extreme tempera-
tures in different study periods with respect to their respective MMT in 
SE England and Aberdeenshire. MMT is 2 ◦C higher for SE England (26.5 
◦C) than Aberdeenshire (24.5 ◦C) for the whole study period 1981–2018, 
and the trend is similar for other sub-periods due to geographical dif-
ferences. In SE England, the RR for high and extreme temperatures is 
1.02 and 1.07 i.e., 2 and 7 percent more death risk than at MMT of 26.5 
◦C, respectively. The result is comparable with past studies: RR ~1.3 
(Armstrong et al., 2011 and Hajat, Vardoulakis, Heaviside & Eggen, 
2014) with data used until 2006 only (SI Table S5).This implies not 
much improvement has been made in the last decade for the heat risk 
reduction. For the second (19-year) sub-periods, the risk for high tem-
perature has increased by 1% and for extreme temperature by 7% 
showing increased deaths due to extreme heatwaves. Considering 5-year 
sub-periods, the RR value has increased by 6% for high temperature but 
decreased by 4% for extreme temperature. This difference is due to the 
difference in the study-period duration. First period (1981–1985) 
comprised 5 years and so could have more extremely hot days than the 
last period of 3 years (2016–2018). In Aberdeenshire, the RR for 
1981–2018 seems none (1.00) for high temperature but 4% excess risk 
for extreme temperature compared to that at MMT. In contrast to SE 
England, Aberdeenshire reflects a decrease in RR in both sub-periods 
(19-year and 5-year) considered. A 2 and 6% decrease was noted 
respectively for high and extreme temperature RR in 2000–2018 than in 
1981–1999. 50% reduction in RR for high temperature and a large 
reduction (3.91 to 1.29) for extreme temperature were seen while 
considering 5-year first period and 3-year last period, which again points 
towards very hot summers consisting of heatwaves in 1981–1985 in the 
UK. 

The decrease in RR in Aberdeenshire could be linked to the shutting 
down of coal mines in most parts of the UK. Coal mining was the 
backbone of the UK economy for decades in regions of north England, 
Midlands, Wales and Scotland. But the closure of collieries from the 
1970s onwards collapsed the industry with Britain’s last deep coal mine, 
North Yorkshire’s Kellingley Colliery, closing in December 2015. The 
government ramps up plans for all coal-fired power stations to shut 

Table 2 
MMT, 95th and 99th percentile of temperatures, and RR of these high and extreme temperatures in SE England and Aberdeenshire with 95% CI during different time- 
periods. (a–95th percentile of temperature, b – 99th percentile of temperature). λ denotes statistically significant value at the P<0.05 (5%) level and Ψ denotes 
P<0.0001.   

SE England Aberdeenshire 

Year MMT 
[95%, 99%] 

RRa 

[95% CI] 
RRb 

[95% CI] 
MMT 
[95%, 99%] 

RRa 

[95% CI] 
RRb 

[95% CI] 
1981–2018 26.5 

[29.9, 32.3] 
1.02 
[1.00–1.03] 

1.07 λ, Ψ 

[1.04–1.09] 
24.5 
[24.6, 26.7] 

1.00 
[1.0–1.0] 

1.04 λ 

[0.92–1.19] 
1981–1999 26 

[29.5, 31.6] 
1.02 
[0.99–1.04] 

1.04 λ 

[1.01–1.08] 
23.5 
[24.8, 26.6] 

1.02 
[0.96–1.08] 

1.09 λ, Ψ 

[0.85–1.4] 
2000–2018 27 

[30.1, 32.9] 
1.03 λ 

[1.01–1.05] 
1.11 λ, Ψ 

[1.07–1.15] 
25 
[24.3, 26.8] 

1.0 
[0.98–1.03] 

1.04 λ 

[0.89–1.21] 
1981–1985 27 

[29, 31] 
1.01 
[0.99–1.02] 

1.11 λ, Ψ 

[0.99–1.23] 
23 
[25, 27] 

1.50 λ, Ψ 

[1.15–1.94] 
3.91 λ, Ψ 

[1.83–8.35] 
1986–1990 24 

[29, 32] 
1.04 λ 

[0.98– 1.09] 
1.09 λ, Ψ 

[0.99–1.19] 
23 
[24, 26] 

1.06 λ, Ψ 

[0.89–1.26] 
1.47 λ, Ψ 

[0.65–3.31] 
1991–1995 27 

[30, 32] 
1.00 
[0.97– 1.03] 

1.00 
[0.93–1.07] 

27 
[25, 28] 

1.09 λ, Ψ 

[0.66–1.82] 
1.00 
[0.90–1.12] 

1996–2000 25 
[30, 31] 

1.03 λ 

[0.98– 1.08] 
1.05 λ 

[0.96–1.14] 
19 
[24, 26] 

1.20 λ, Ψ 

[0.91–1.58] 
1.39 λ, Ψ 

[0.84–2.29] 
2001–2005 25 

[31, 32] 
1.04 λ 

[0.98– 1.11] 
1.14 λ, Ψ 

[1.03–1.26]  
25 
[24, 26] 

1.04 λ 

[0.94–1.16] 
1.01 λ 

[0.93–1.09] 

2005–2010 26 
[30, 33] 

1.04 λ 

[0.98– 1.11] 
1.12 λ, Ψ 

[1.03–1.21] 
19 
[24, 27] 

1.07 λ, Ψ 

[0.75–1.53] 
0.98 
[0.68–1.42] 

2011–2015 25 
[29, 32] 

1.08 λ, Ψ 

[1.03– 1.13] 
1.05 λ 

[0.97–1.13] 
22 
[24, 26] 

1.02 
[0.91–1.13] 

1.14 λ, Ψ 

[0.54–2.4] 
2016–2018 26 

[31, 34] 
1.07 λ, Ψ 

[0.99– 1.15] 
1.07 λ, Ψ 

[0.96–1.19] 
24 
[25, 27] 

1.00 
[0.94–1.07] 

1.29 λ, Ψ 

[0.74–2.26]  
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down by 2025 (URL, 07 2022). Coal mining areas are hot in summers as 
coal being black in colour is a good absorber but poor radiator of heat. 
Unlike sand which heats up fast and cools down quickly, coal absorbs the 
heat and their cooling time is much more than the heating up time and 
therefore likely to keep their surroundings warmer. 

The overall cumulative effect of summer temperature, summing up 
the contribution for the 14 days of lag considered in the analysis for the 
two sub-periods 1981–1999 and 2000–2018, is shown in Figs. 2(A and 
B) for the two studies areas SE England and Aberdeenshire respectively. 
For SE England, the MMT is 1 ◦C higher (27 ◦C) than in the second sub- 
period 2000–2018. Also, RR has increased for all hot days where more 
extreme temperatures were experienced in later periods. In Aberdeen-
shire, the range of Tmax exposure is similar in both sub-periods. MMT has 
increased by 1.5 (23.5 to 25) ◦C but RR has reduced in the later period. 
The overall plot did not tell us about varying lagged effects at a specific 
high or extreme temperature and vice-versa. So, the effects of high and 
extreme temperature along lags 0 and 7 for a better assessment of the 
relationship has been discussed in Section 3.4. 

3.4. Impact of lagged effects 

Figs. 3 and 4 represent the RR at specific lag days (0 and 7) and 
specific temperature corresponding to approximately 95th and 99th 
percentiles of temperature distribution for the two sub-periods in SE 
England and Aberdeenshire. For SE England, the temperature-mortality 
relationship seems to change along the lags for 95th and 99th percentile 
of temperature, Figs. 3(A and B). After the immediate impact (lag 0), the 
effect is delayed until day 5 and for only extreme hot temperature (99th 
percentile), a possible harvesting effect is indicated, starting after 5 days 
of lag. Although there is clearly a harvesting effect, the risk is clearly 
larger for the 99th percentile. In Fig. 3(C), for immediate effect (lag 0), 
the second sub-period had contrastingly lesser risk than the previous one 
for all hot temperatures, indicating either an immediate adaptive 
response by the population in terms of physiological change or heat 
mitigation strategy application. For mild hot or warm temperatures at 
lag 0, the risk has clearly reduced in the second period, indicating better 
‘warmer temperature’ adaptation. However, a delayed response and 
increased RR was observed for lag 7 for all hot temperatures in the 

second time-period, Fig. 3(D). In this case, an increased ‘cold’ risk in the 
first period has been transferred to increased ‘heat’ death in the 2nd 
period. This means that a clear transition from excess death due to cold 
to excess death due to heat in SE England, during the study period. This 
implies that although the immediate risk was reduced in 2000–2018, it 
still has a lagged effect which is shown in later days, and so the effect of 
very high temperatures cannot be ignored. 

For Aberdeenshire, the harvesting effect of temperature was quite 
mixed for the two sub-periods and two high and extreme temperatures, 
Figs. 4(A and B). In general, increasing lagged effect RR was observed at 
different lag days (1, 4, 10, 12 etc.) for the two sub-periods and for the 
two temperatures. Extreme temperatures have led to delayed effects 
from day 4–11, with an overall reduced RR compared to previous 
period. Immediate effect (lag 0) and delayed effect (lag 7) have been 
shown in Figs. 4(C and D) for the two sub-periods. Clearly, and in 
contrast to SE England, the immediate effect (RR) of hot temperature has 
increased for the second sub-period pointing to the fact that the popu-
lation is not equipped with immediate heat mitigation facilities or have 
not developed such adaptive features. Also, while the risk was negligible 
in the first period for lag 7, it is pronounced now in the second sub- 
period. This shows that although the overall risk has decreased in 
Aberdeenshire, the immediate and delayed effect for high temperature 
persists. 

3.5. AF of deaths 

AF of deaths resulted from the above discussed RR of high temper-
atures compared to the risk at MMT is shown in Table 3. Here, the AF is 
reported for all the hot days, high and extreme temperatures i.e., tem-
peratures more than MMT, 95th and 99th percentile temperature 
respectively. In SE England, a total of 0.34% deaths could be attributed 
to overall hot days in summer when the temperature was more than 
MMT, and mortality AF of 0.29% and 0.15% could be attributed to days 
hotter than 95th and 99th percentile of temperature for the whole period 
1981–2018. The values are lesser (0.15, 0.15, 0.11%) for Aberdeenshire 
respectively. Considering 19-year sub-periods, the AF has increased for 
SE England but has decreased for Aberdeenshire, as was the case in RR. 
The increases are 1.11, 1.33 and 1.9 times in SE England and the 

Fig. 2. Overall cumulative RR of death for summer temperature in SE England and Aberdeenshire during 1981–1999 and 2000–2018.  
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decreases are 0.51, 0.49 and 0.15 times for hot, high, and extreme 
temperatures respectively. The findings were similar considering the 5- 
year sub-period as well. SI Figure S3 presents the temporal change in RR 
and AF considering 5-year duration sub-periods in SE England 
(Figures S2 (a) and (b)) and Aberdeenshire (Figures S2 (c) and (d)). The 
result is a bit different here. The RR of 99th percentile temperature is 
lesser in the last period (2016–2018) than in the first period 
(1981–1985) in SE England and so the AF. The reason can be a lesser 
number of years in the last period or more extreme heat exposure during 
the first 5 years. For Aberdeenshire, the result is consistent i.e., 
decreased from first to last 5-year sub-period. Fig. 5 summarises the 
overall variation in RR and AF of 95th and 99th percentile of tempera-
ture for the duration 1981–1999 and 2000–2018 for SE England and 
Aberdeenshire, where overall RR and AF has increased for SE England 
but reduced for Aberdeenshire in later sub-period. However, this 
reduction cannot be taken as a relief because while looking at lagged 
effects, an increased risk for high and extreme temperatures was still 
found. 

The results/magnitude of the RR and its significance between two 
regions are different because of two reasons: developed adaptive 

capacity of the population over time due to changing climate and the 
geographical variation in the climate conditions of the two places (SI 
Figure S4) which determines the input data/climatological features such 
as temperature, RH, and mortality (see SI Table S1, S4). As shown in 
Figure S4 the main air mass controlling/affecting SE England (located in 
south Britain) is tropical continental air which is characterised by cold 
winters and warm summers and usually the temperature is over 30 ◦C in 
day and 15 to 20 ◦C at night (in summer season). The Aberdeenshire 
region which is in Northeast of Britain is affected by air mass coming 
from the polar continent having cold winters and cool summers 
(Figure S4). For instance, the two regions are having different climatic 
characteristics with maximum temperature varying from 14.1 to 38.5 ◦C 
in SE England and from 9 to 29.9 ◦C in Aberdeenshire while humidity 
varying from 52.59 to 100% (SE England) and 42.34 to 97.71% (Aber-
deenshire), respectively. The other descriptive statistics of the two re-
gions are reported in SI Table S4. Therefore, in our risk model, 
temperature is the main model parameter that portrays the mortality 
associated with heatwave and thus the higher the temperature the 
higher in the heat and mortality. In 2011, Aberdeenshire area under 
arable management has declined by about 13% and rough grazing by 

Fig. 3. RR variation for the duration 1981–1999 and 2000–2018 with lag at (A) 95th and (B) 99th percentile of temperature (29.5, 30.1 and 31.6, 32.9 ◦C 
respectively) and with temperature at (C)Lag 0 and (D) lag 7 day in SE England. 
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around 21% (or about 800,000 ha), whereas permanent (sown) pasture 
has increased since 1982 (URL 08, 2022). The change of land use/trends 
(URL 09, 2022) in terms of new tree painting for England and Scotland 
(1981–2018) against maximum yearly temperature is presented in SI 
Figure S5. The result showed that as the land cover in the form of trees 
declined through time, maximum yearly temperature over the two study 
areas were increasing. This indicates that the heatwave impact was 
increasing as the number of tree planting decrease over time. 

The risk of death has increased in SE England and though the risk has 
decreased in Aberdeenshire, the lagged effect shows that people still 
need to prepare and manage heat risk as they lack the adaptive capacity 
for immediate response. A transition from ‘cold attributable death’ to 
‘heat related death’ has occurred in SE England whereas this transition is 
unclear in Aberdeenshire. Nevertheless, given the evidence for a 
‘southward shift’ of climate in Europe (Rohat et al., 2019) it is likely that 
Aberdeenshire will eventually experience this transition soon. It is 
therefore necessary to learn public health and urban planning lessons 
(Taylor et al., 2018a; Taylor et al., 2018b) from regions further south 
(de’Donato et al., 2018). The action plans may also be taken by 
considering similar site locations where such research is carried out, 
especially in the same latitude such as Canada, Finland or Norway and 
this should guide the future studies. It is further recommended to 
identify the hot-spots of the vulnerable population and devise 

context-specific heat mitigation strategies for both study areas. Hence, 
this research calls upon national and local government authorities to 
update their heat action plans (SE England) and/or create new plans 
(Aberdeenshire) for extreme temperature management, and for the UK. 

4. Summary, conclusions and future work 

The updated risk and mortality attributed to high temperatures are 
less studied in more countryside areas, unlike many city-focused studies 
due to more UHI phenomenon. Therefore, this research focuses on SE 
England and Aberdeenshire as two bucolic representative study sites 
differing in their geography and demography to fill the research gap in 
risk assessment of summer temperature at bucolic sites triggered heat-
wave. 38-year (1981–2018) daily all-cause mortality and maximum 
temperature were associated using DLNM to obtain RR and AF of deaths 
owing to temperature higher than MMT. The data was split into sub- 
periods to see the temporal variation in RR and AF, also these were 
compared between the two sites. The key conclusions drawn from this 
study are as follows:  

• RR is higher in the 2000–2018 sub-period than in 1981–1999 in SE 
England. Overall, RR for very high temperatures within a lag of 
around 2–3 days is quite high and increases exponentially. The risk, 

Fig. 4. RR variation for the duration 1981–1999 and 2000–2018 with lag at (A) 95th and (B) 99th percentile of temperature (24.8, 24.3 and 26.6, 26.8 ◦C 
respectively) and with temperature at (C) lag 0 and (D) lag 7 day in Aberdeenshire. 
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however, reduces and becomes nearly constant around a lag of 5 or 
more days.  

• The RR has reduced in the second sub-period in Aberdeenshire but 
showed a varying pattern of lagged effect for very high temperatures 
indicating a stronger harvesting effect than in SE England.  

• In SE England, the RR for high and extreme (95th and 99th 
percentile) temperatures are 2 and 7 percent higher than at MMT 
respectively. In Aberdeenshire, these are negligible and excess 4% 
respectively.  

• The risk for high and extreme temperature has increased by 1% and 
7% in SE England, but it has decreased by 2% and 6% in Aber-
deenshire considering two 10-year sub-periods.  

• Similarly, the AF has increased for SE England but has decreased for 
Aberdeenshire. The increases are 1.11, 1.33 and 1.9 times in SE 
England and the decreases are 0.51, 0.49 and 0.15 times for hot, 95th 
and 99th percentile temperatures respectively considering the two 
sub-periods. 

Table 3 
Percentage and number of deaths (AF and AN) linked with hot, high, and extreme temperatures in SE England and Aberdeenshire during 1981–2018 and its sub- 
periods with 95% CI. (a = hot, b = 95th percentile, c = 99th percentile temperatures).   

SE England Aberdeenshire  

AFa 

(ANa) 
[95% CI] 

AFb 

(ANb) 
[95% CI] 

AFc 

(ANc) 
[95% CI] 

AFa 

(ANa) 
[95% CI] 

AFb 

(ANb) 
[95% CI] 

AFc 

(ANc) 
[95% CI] 

1981–2018 0.34 (3157) 
[0.18–0.51] 

0.29 (2672) 
[0.20–0.39] 

0.15 (1346) 
[0.11–0.19]  

0.15 (38) 
[− 0.32–0.55]  

0.15 (38) 
[− 0.30–0.59] 

0.11 (27) 
[− 0.17–0.38] 

1981–1999 0.26 
(1232) 
[0.02–0.52] 

0.19 
(913) 
[0.04–0.34] 

0.07 
(346) 
[0.01–0.13] 

0.36 
(42) 
[− 0.7–1.28] 

0.34 
(40) 
[− 0.67–1.24] 

0.17 
(20) 
[− 0.36–0.56] 

2000–2018 0.55 
(2476) 
[0.32–0.79] 

0.45 
(2026) 
[0.30–0.60] 

0.21 
(957) 
[0.15–0.27] 

0.17 
(22) 
[− 0.37–0.64] 

0.17 
(22) 
[− 0.36–0.59] 

0.15 
(19) 
[− 0.32–0.55] 

1981–1985 0.31 (373) 
[0.00–0.63] 

0.30 (359) 
[− 0.01–0.58] 

0.15 (184) 
[0.00–0.30] 

5.38 (156) 
[2.41–8.15] 

4.56 (133) 
[2.02–6.58] 

2.00 (58) 
[0.92–2.91] 

1986–1990 0.64 (791) 
[− 0.08–1.35] 

0.36 (451) 
[− 0.01–0.71] 

0.14 (170) 
[− 0.01–0.27] 

1.45 (44) 
[− 1.76–4.05] 

1.40 (42) 
[− 1.80–4.11] 

0.76 (23) 
[− 0.78–2.09] 

1991–1995 0.01 (14) 
[− 0.37–0.38] 

0.00 (4) 
[− 0.32–0.28] 

− 0.01 (− 7) 
[− 0.15–0.13] 

0.03 (1) 
[− 0.54–0.48] 

0.19 (6) 
[− 0.88–1.01] 

0.03 (1) 
[− 0.53–0.48] 

1996–2000 0.35 (426) 
[− 0.29–1.01] 

0.19 (231) 
[− 0.12–0.51] 

0.06 (71) 
[− 0.09–0.21] 

2.64 (83) 
[− 2.11–6.89] 

1.52 (47) 
[− 0.49–3.30] 

0.60 (19) 
[− 0.45–1.42] 

2001–2005 0.93 (1128) 
[0.10–1.77] 

0.64 (770) 
[0.26–0.99] 

0.35 (429) 
[0.22–0.46] 

0.40 (13) 
[− 0.46–1.07] 

0.46 (15) 
[− 0.28–0.97] 

0.40 (13) 
[− 0.46–1.01] 

2005–2010 0.57 (648) 
[− 0.04–1.17] 

0.42 (476) 
[0.09–0.71] 

0.17 (188) 
[0.03–0.29] 

0.85 (28) 
[− 4.00–4.92] 

0.16 (5) 
[− 1.47–1.41] 

− 0.13 (− 4) 
[− 1.02–0.49] 

2011–2015 0.61 (717) 
[0.16–1.08] 

0.23 (270) 
[− 0.06–0.53] 

− 0.10 (− 114) 
[− 0.28–0.08] 

0.43 (15) 
[− 1.98–2.28] 

0.40 (14) 
[− 2.06–2.29] 

0.31 (11) 
[− 1.27–1.54] 

2016–2018 0.97 (706) 
[− 0.16–1.96] 

0.40 (289) 
[− 0.10–0.80] 

0.05 (40) 
[− 0.16–0.24] 

1.42 (32) 
[− 1.30–3.41] 

1.43 (32) 
[− 1.56–3.66] 

1.15 (26) 
[− 0.76–2.58]  

Fig. 5. Plot showing overall temporal variation in RR and AF of 95th and 99th percentile of summer temperature (T) for the duration 1981–1999 and 2000–2018 for 
SE England and Aberdeenshire. For the simplicity in visualisation, only upper confidence intervals for AFs are plotted. 

J. Sahani et al.                                                                                                                                                                                                                                  



Sustainable Cities and Society 80 (2022) 103758

13

• In SE England, lag 0 RR for 2000–2018 was lesser than 1981–1999 
for all hot temperatures, indicating either an immediate adaptive 
response or heat mitigation strategy application. However, a delayed 
response and increased RR was observed for lag 7.  

• In contrast, in Aberdeenshire the lag 0 RR of hot temperature was 
higher in the second sub-period pointing to the fact that the popu-
lation is not equipped with immediate heat mitigation facilities or 
have not developed such adaptive features. Also, significant 
increased risk in the second sub-period for lag 7 shows that however 
the risk has decreased in Aberdeenshire overall but the delayed effect 
for high temperature remains. 

There are some limitations of this study that were not considered. For 
example, various vulnerability factors of the population were not 
considered. Meteorological data availability is not comparable between 
the two sites (29 stations in 19,096 km2 area in SE England versus 4 
stations in 6313 km2 area in Aberdeenshire). The latter might explain 
the greater variation in Aberdeenshire. Housing conditions have not 
been considered. It is to be noted that there has been a gradual 
improvement to energy efficiency (due to better insulation and better 
heating systems) in the housing stock, especially in SE England, enabling 
better response for immediate adaptation (lag 0). This research could be 
taken ahead by segregating the type of mortality (by disease or age of 
people or any other socio-economic factor responsible for heat vulner-
ability) and associating that with high temperature to find out the risk 
for a particular section of vulnerable population, which can help 
formulate a more focused heat mitigation plan. A few authors (Faye 
et al., 2021; Guo et al., 2017; Yang et al., 2019) have used consecutive 
days definition for heatwave and its risk formulation and such analysis is 
proposed for current studies’ extended research. Future study can 
consider the impact of other environmental conditions such as black 
carbon which has a positive contribution to intensify the impact of 
heatwave and keep it for much longer. Such trends are most likely linked 
to local and national policy initiatives (e.g., promotion of sustainable 
mode of transport, strict emission standards from transport and 
non-transport sector, and development of Ultra Low Emission Zone). 
Cutting carbon emissions remains vital to protect people from the 
fast-rising risks of the climate crisis, in particular deadly heatwaves. Eqn 
(1)-2 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

This work has been carried out under the framework of OPER-
ANDUM (OPEn-air laboRAtories for Nature baseD solUtions to Manage 
hydro-meteo risks) project, which is funded by the Horizon 2020 under 
the Grant Agreement No: 776848. Prashant Kumar and Jeetendra Sahani 
thank the University of Surrey for an ORS Award to support the PhD 
research of Jeetendra Sahani. 

Supplementary materials 

Supplementary material associated with this article can be found, in 
the online version, at doi:10.1016/j.scs.2022.103758. 

References 

Akaike, H. (1973). Information theory and an extension of the maximum likelihood 
principle. In B. N. Pertaran, & F. Csaaki (Eds.), International Symposium on 
Information Theory (2nd ed., pp. 267–281). Budapest, Hungary: Acadeemiai Kiadi.  

Alam, M., Sanjayan, J., Zou, P. X., Stewart, M. G., & Wilson, J. (2016). Modelling the 
correlation between building energy ratings and heat-related mortality and 
morbidity. Sustainable Cities and Society, 22, 29–39. 

Arbuthnott, K., Hajat, S., Heaviside, C., & Vardoulakis, S. (2018). What is cold-related 
mortality? A multi-disciplinary perspective to inform climate change impact 
assessments. Environment International, 121, 119–129. 

Armstrong, B. G., Chalabi, Z., Fenn, B., Hajat, S., Kovats, S., Milojevic, A., et al. (2011). 
Association of mortality with high temperatures in a temperate climate: England and 
Wales. Journal of Epidemiology and Community Health, 65, 340–345. 

Anderson, G. B., Bell, M. L., & Peng, R. D. (2013). Methods to calculate the heat index as 
an exposure metric in environmental health research. Environmental Health 
Perspectives, 121, 1111–1119. 

Bai, L., Ding, G., Gu, S., Bi, P., Su, B., Qin, D., et al. (2014). The effects of summer 
temperature and heat waves on heat-related illness in a coastal city of China, 
2011–2013. Environmental Research, 132, 212–219. 

Bettaieb, J., Toumi, A., Leffondre, K., Chlif, S., & Salah, A. B. (2020). High temperature 
effect on daily all-cause mortality in Tunis 2005–2007. Revue d’Epidemiologie et de 
Sante Publique, 68, 37–43. 

Brimicombe, C., Porter, J. J., Di Napoli, C., Pappenberger, F., Cornforth, R., Petty, C., & 
Cloke, H. L. (2021). ‘Heatwaves: an invisible risk in UK policy and research’. 
Environmental Science and Policy, 116, 1–7. 

Cao, R., Wang, Y., Huang, J., He, J., Ponsawansong, P., Jin, J., … Li, G. (2021). ‘The 
mortality effect of apparent temperature: a multi-city study in Asia’. International 
journal of environmental research and public health, 18, 4675. 

Chakrabarti, A., & Ghosh, J. K. (2011). AIC, BIC and recent advances in model selection. 
Philosophy of Statistics, 7, 583–605. 

CEDA (2021). https://www.ceda.ac.uk (accessed on 19th–29th September 2019, 
10th–15th July 2021). 

Cheng, Y. T., Lung, S. C. C., & Hwang, J. S. (2019). New approach to identifying proper 
thresholds for a heat warning system using health risk increments. Environmental 
Research, 170, 282–292. 

Chung, J. Y, Honda, Y., Hong, Y. C., Pan, X. C., Guo, Y. L., & Kim, H. (2009). ‘Ambient 
temperature and mortality: an international study in four capital cities of East Asia’. 
Science of the total environment, 408, 390–396. 

Ciupek, K., Fuller, G., Quincey, P., Green, D., & Butterfield, D. (2019). Recent 
Developments in the UK Black Carbon Network Long Term Changes in BC/EC ratios doi. 
Http://www.empirblackcarbon.com/wp-content/uploads/sites/24/2019/09/439 
3111_EAC2019_poster_K_Ciupek.pdf. 

Debele, S. E., Kumar, P., Sahani, J., Marti-Cardona, B., Mickovski, S. B., & Leo, L. S. 
(2019). Nature-based solutions for hydro-meteorological hazards: Revised concepts, 
classification schemes and databases. Environmental Research, 179, Article 108799. 

David, Carslaw. (2021). worldmet: Import Surface Meteorological Data from NOAA 
Integrated Surface Database (ISD). R package version 0.9.5. https://CRAN.R-project. 
org/package=worldmet. 

de’Donato, F., Scortichini, M., De Sario, M., De Martino, A., & Michelozzi, P. (2018). 
Temporal variation in the effect of heat and the role of the Italian heat prevention 
plan. Public health, 161, 154–162. 

Díaz, J., Carmona, R., Mirón, I. J., Luna, M. Y., & Linares, C. (2019). Time trends in the 
impact attributable to cold days in Spain: Incidence of local factors. Science of The 
Total Environment, 655, 305–312. 

Faye, M., Dème, A., Diongue, A. K., & Diouf, I. (2021). Impact of different heat wave 
definitions on daily mortality in Bandafassi, Senegal. PloS one, 16, Article 0249199. 

Ferranti, E., Chapman, L., Lowe, C., McCulloch, S., Jaroszweski, D., & Quinn, A. (2016). 
Heat-related failures on southeast England’s railway network: Insights and 
implications for heat risk management. Weather, Climate, and Society, 8, 177–191. 

Figgs, L. W. (2019). Emergency department asthma diagnosis risk associated with the 
2012 heat wave and drought in Douglas County NE, USA. Heart and Lung, 48, 
250–257. 

First, P. J. (2018). Global warming of 1.5 C - An IPCC Special Report on the impacts of 
global warming of 1.5 C above pre-industrial levels and related global greenhouse 
gas emission. pathways, in the context of strengthening the global response to the 
threat of climate change, sustainable development, and efforts to eradicate poverty. 
https://www.ipcc.ch/sr15/. 

Forzieri, G., Feyen, L., Russo, S., Vousdoukas, M., Alfieri, L., Outten, S., … Cid, A. (2016). 
‘Multi- hazard assessment in Europe under climate change’. Climate Change, 137, 
105–119. 

Francis, X. V., Chemel, C., Sokhi, R. S., Norton, E. G., Ricketts, H. M. A., & Fisher, B. E. A. 
(2011). ‘Mechanisms responsible for the build-up of ozone over South East England 
during the August 2003 heatwave’. Atmospheric Environment, 45, 6880–6890. 

Gasparrini, A. (2011). Distributed lag linear and non-linear models in R: The package 
dlnm. Journal of Statistical Software, 43, 1–20. 

Gasparrini, A., Guo, Y., Hashizume, M., Lavigne, E., Tobias, A., Zanobetti, A., et al. 
(2016). Changes in Susceptibility to Heat during the Summer: A Multicountry 
Analysis. American Journal of Epidemiology, 183, 1027–1036. 

Gasparrini, A., Guo, Y., Sera, F., Vicedo-Cabrera, A. M., Huber, V., Tong, S., … 
Ortega, N. V. (2017). ‘Projections of temperature-related excess mortality under 
climate change scenarios’. The Lancet Planetary Health, 1, e360–e367. 

Gasparrini, A., & Leone, M. (2014). Attributable risk from distributed lag models. BMC 
Medical Research Methodology, 14, 1–8. 

Green, H. K., Andrews, N. J., Bickler, G., & Pebody, R. G. (2012). Rapid estimation of 
excess mortality: Nowcasting during the heatwave alert in England and Wales in 
June 2011. Journal of Epidemiology and Community Health, 66, 866–868. 

Green, H. K., Andrews, N., Armstrong, B., Bickler, G., & Pebody, R. (2016). Mortality 
during the 2013 heatwave in England - How did it compare to previous heatwaves? 
A retrospective observational study. Environmental Research, 147, 343–349. 

J. Sahani et al.                                                                                                                                                                                                                                  

https://doi.org/10.1016/j.scs.2022.103758
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0001
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0001
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0001
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0002
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0002
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0002
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0003
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0003
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0003
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0004
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0004
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0004
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0005
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0005
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0005
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0006
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0006
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0006
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0007
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0007
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0007
http://refhub.elsevier.com/S2210-6707(22)00089-0/optwaI6QFFlQb
http://refhub.elsevier.com/S2210-6707(22)00089-0/optwaI6QFFlQb
http://refhub.elsevier.com/S2210-6707(22)00089-0/optwaI6QFFlQb
http://refhub.elsevier.com/S2210-6707(22)00089-0/optZqYD1px53M
http://refhub.elsevier.com/S2210-6707(22)00089-0/optZqYD1px53M
http://refhub.elsevier.com/S2210-6707(22)00089-0/optZqYD1px53M
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0008
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0008
https://www.ceda.ac.uk
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0010
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0010
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0010
http://refhub.elsevier.com/S2210-6707(22)00089-0/optxQOV1WG2FO
http://refhub.elsevier.com/S2210-6707(22)00089-0/optxQOV1WG2FO
http://refhub.elsevier.com/S2210-6707(22)00089-0/optxQOV1WG2FO
http://www.empirblackcarbon.com/wp-content/uploads/sites/24/2019/09/4393111_EAC2019_poster_K_Ciupek.pdf
http://www.empirblackcarbon.com/wp-content/uploads/sites/24/2019/09/4393111_EAC2019_poster_K_Ciupek.pdf
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0012
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0012
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0012
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt4dYGRlVyt6
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt4dYGRlVyt6
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt4dYGRlVyt6
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0013
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0013
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0013
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0014
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0014
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0014
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0015
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0015
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0016
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0016
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0016
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0017
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0017
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0017
http://refhub.elsevier.com/S2210-6707(22)00089-0/opthe9MHHYVHp
http://refhub.elsevier.com/S2210-6707(22)00089-0/opthe9MHHYVHp
http://refhub.elsevier.com/S2210-6707(22)00089-0/opthe9MHHYVHp
http://refhub.elsevier.com/S2210-6707(22)00089-0/opthe9MHHYVHp
http://refhub.elsevier.com/S2210-6707(22)00089-0/opthe9MHHYVHp
http://refhub.elsevier.com/S2210-6707(22)00089-0/optj3fI4qvu9L
http://refhub.elsevier.com/S2210-6707(22)00089-0/optj3fI4qvu9L
http://refhub.elsevier.com/S2210-6707(22)00089-0/optj3fI4qvu9L
http://refhub.elsevier.com/S2210-6707(22)00089-0/optRwpymQ1StR
http://refhub.elsevier.com/S2210-6707(22)00089-0/optRwpymQ1StR
http://refhub.elsevier.com/S2210-6707(22)00089-0/optRwpymQ1StR
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0018
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0018
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0019
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0019
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0019
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQd7IfI96Vt
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQd7IfI96Vt
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQd7IfI96Vt
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0020
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0020
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0021
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0021
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0021
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0022
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0022
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0022


Sustainable Cities and Society 80 (2022) 103758

14

Guerreiro, S. B., Dawson, R. J, Kilsby, C., Lewis, E., & Ford, A. (2018). Future heat-waves, 
droughts and floods in 571 European cities. Environmental Research Letters, 13, 
p.034009. 

Guo, Y., Gasparrini, A., Armstrong, B. G., Tawatsupa, B., Tobias, A., Lavigne, E., et al. 
(2017). Heat Wave and Mortality : A Multicountry, Multicommunity Study. 
Environmental Health Perspectives, 125, 87006. 

Guo, Y., Gasparrini, A., Li, S., Sera, F., Vicedo-Cabrera, A. M., de Sousa Zanotti Stagliorio 
Coelho, M., et al. (2018). Quantifying excess deaths related to heatwaves under 
climate change scenarios: A multicountry time series modelling study. PLoS 
Medicine, 15, 1–17. 

Hadley, W., Jim, H., Winston, C., & Jennifer, B. (2021). devtools: Tools to Make 
Developing R Packages Easier. R package version 2.4.3. https://CRAN.R-project.org/ 
package=devtools. 

Hajat, S., Kovats, R. S., Atkinson, R. W., & Haines, A. (2002). Impact of hot temperatures 
on death in London: A time series approach. Journal of Epidemiology and Community 
Health, 56, 367–372. 

Hajat, S., Vardoulakis, S., Heaviside, C., & Eggen, B. (2014). Climate change effects on 
human health: Projections of temperature-related mortality for the UK during the, 
and 2080s. Journal of Epidemiology and Community Health, 68, 641–648. 

Heaviside, C., Vardoulakis, S., & Cai, X. M. (2016). Attribution of mortality to the urban 
heat island during heatwaves in the West Midlands, UK. Environmental Health, 15, 
49–59. 

Heo, S., Bell, M. L., & Lee, J.-T. T. (2018). Comparison of health risks by heat wave 
definition: Applicability of wet-bulb globe temperature for heat wave criteria. 
Environmental Research, 168, 158–170. 

Howarth, C., Brooks, K., & Kythreotis, A. P. (2018). ‘Co-producing UK climate change 
adaptation policy: An analysis of the 2012 and 2017 UK Climate Change Risk 
Assessments’. Environmental Science and Policy, 89, 412–420. 

Hu, K., Guo, Y., Yang, X., Zhong, J., Fei, F., Chen, F., et al. (2019). Temperature 
variability and mortality in rural and urban areas in Zhejiang province, China: An 
application of a spatiotemporal index. Science of The Total Environment, 647, 
1044–1051. 

Huber, V., Krummenauer, L., Peña-Ortiz, C., Lange, S., Gasparrini, A., Vicedo- 
Cabrera, A. M., … Frieler, K. (2020). ‘Temperature-related excess mortality in 
German cities at 2◦ C and higher degrees of global warming’. Environmental Research, 
186, 109447. 

Imran, H. M., Kala, J., Ng, A. W. M., & Muthukumaran, S. (2018). Effectiveness of green 
and cool roofs in mitigating urban heat island effects during a heatwave event in the 
city of Melbourne in southeast Australia. Journal of Cleaner Production, 197, 
393–405. 

Imran, H. M., Kala, J., Ng, A. W. M., & Muthukumaran, S. (2019). Effectiveness of 
vegetated patches as Green Infrastructure in mitigating Urban Heat Island effects 
during a heatwave event in the city of Melbourne. Weather and Climate Extremes, 25, 
Article 100217. 

Ingole, V., Sheridan, S. C., Juvekar, S., Achebak, H., & Moraga, P. (2022). Mortality risk 
attributable to high and low ambient temperature in Pune city, India: A time series 
analysis from 2004 to 2012. Environmental Research, 204, Article 112304. 

IPCC. (2021). Summary for Policymakers. In V. Masson-Delmotte, P. Zhai, A. Pirani, 
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Royé, D., Codesido, R., Tobías, A., & Taracido, M. (2020). Heat wave intensity and daily 
mortality in four of the largest cities of Spain. Environmental Research, 182, Article 
109027. 

Rooney, C., McMichael, A. J., Kovats, R. S., & Coleman, M. P. (1998). Excess mortality in 
England and Wales, and in Greater London, during the 1995 heatwave. Journal of 
Epidemiology and Community Health, 52, 482–486. 

Russo, S., Dosio, A., Graversen, R. G., Sillmann, J., Carrao, H., & Dunbar, M. B. (2014). 
Magnitude of extreme heat waves in present climate and their projection in a 
warming world. Journal of Geophysical Research: Atmospheres, 199, 12.500–512.512. 

Sahani, J., Kumar, P., Debele, S., Spyrou, C., Loupis, M., Aragão, L., et al. (2019). Hydro- 
meteorological risk assessment methods and management by nature-based solutions. 
Science of The Total Environment, 696, Article 133936. 

Scottish Government (2022). https://www.gov.scot/publications/scottish-government-u 
rban-rural-classification-2016/pages/5/ (accessed on 30 January 2022). 

Scott, W. F. (1981). Some applications of the Poisson distribution in mortality studies. 
Transactions of the Faculty of Actuaries, 38, 255–263. 

Scovronick, N., Sera, F., Acquaotta, F., Garzena, D., Fratianni, S., & Wright, C. Y. (2018). 
The association between ambient temperature and mortality in South Africa: A time- 
series analysis. Environmental Research, 161, 229–235. 

Scripcă, A. S., Acquaotta, F., Croitoru, A. E., & Fratianni, S. (2022). The impact of 
extreme temperatures on human mortality in the most populated cities of Romania. 
International Journal of Biometeorology, 66, 189–199. 

Sharafkhani, R., Khanjani, N., Bakhtiari, B., Jahani, Y., Entezarmahdi, R., & 
Farajzadeh, H. (2020). The effect of physiological equivalent temperature index 
variations on mortality in Urmia (The Northwest of Iran). Urban Climate, 32, Article 
100595. 

Taylor, J., Wilkinson, P., Picetti, R., Symonds, P., Heaviside, C., & Macintyre, H. L. 
(2018a). Comparison of built environment adaptations to heat exposure and 
mortality during hot weather, West Midlands region, UK. Environment International, 
111, 287–294. 

Singh, V., Ravindra, K., Sahu, L., & Sokhi, R. (2018). Trends of atmospheric black carbon 
concentration over the United Kingdom. Atmospheric environment, 178, 148–157. 

Taylor, J., Symonds, P., Wilkinson, P., Heaviside, C., Macintyre, H., Davies, M., et al. 
(2018b). Estimating the influence of housing energy efficiency and overheating 
adaptations on heat-related mortality in the West Midlands, UK. Atmosphere, 9, 190. 

Tiwari, A., Kumar, P., Kalaiarasan, G., & Ottosen, T. B. (2021). The impacts of existing 
and hypothetical green infrastructure scenarios on urban heat island formation. 
Environmental Pollution, 274, Article 115898. 

UK Met Office (2021). https://www.metoffice.gov.uk/binaries/content/assets/metoffice 
govuk/pdf/weather/learn-about/uk-past-events/regional-climates/southern-englan 
d-climate-met-office.pdf (accessed on 1st October 2021). 

Tomlinson, C. J., Chapman, L., Thornes, J. E., & Baker, C. J. (2011). Including the urban 
heat island in spatial heat health risk assessment strategies: a case study for 
Birmingham, UK. International journal of health geographics, 10, 1–14. 

Undorf, S., Allen, K., Hagg, J., Li, S., Lott, F. C., Metzger, M. J., et al. (2020). Learning 
from the 2018 heatwave in the context of climate change: Are high-temperature 

J. Sahani et al.                                                                                                                                                                                                                                  

http://refhub.elsevier.com/S2210-6707(22)00089-0/optEVlvG9psXQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/optEVlvG9psXQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/optEVlvG9psXQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0023
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0023
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0023
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0024
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0024
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0024
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0024
http://refhub.elsevier.com/S2210-6707(22)00089-0/optpkq5LL2jEQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/optpkq5LL2jEQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/optpkq5LL2jEQ
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0025
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0025
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0025
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0026
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0026
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0026
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0027
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0027
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0027
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0028
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0028
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0028
http://refhub.elsevier.com/S2210-6707(22)00089-0/optrfwuxu0Qht
http://refhub.elsevier.com/S2210-6707(22)00089-0/optrfwuxu0Qht
http://refhub.elsevier.com/S2210-6707(22)00089-0/optrfwuxu0Qht
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0029
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0029
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0029
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0029
http://refhub.elsevier.com/S2210-6707(22)00089-0/optz6UwRdBLBR
http://refhub.elsevier.com/S2210-6707(22)00089-0/optz6UwRdBLBR
http://refhub.elsevier.com/S2210-6707(22)00089-0/optz6UwRdBLBR
http://refhub.elsevier.com/S2210-6707(22)00089-0/optz6UwRdBLBR
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0030
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0030
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0030
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0030
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0031
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0031
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0031
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0031
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0032
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0032
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0032
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0033
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0034
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0034
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0034
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0035
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0035
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0035
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0036
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0036
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0036
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0037
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0037
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0037
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0039
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0039
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0039
http://refhub.elsevier.com/S2210-6707(22)00089-0/optmPvxnTsKLn
http://refhub.elsevier.com/S2210-6707(22)00089-0/optmPvxnTsKLn
http://refhub.elsevier.com/S2210-6707(22)00089-0/optmPvxnTsKLn
http://refhub.elsevier.com/S2210-6707(22)00089-0/optmPvxnTsKLn
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0040
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0040
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0040
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQBDyA5pI1b
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQBDyA5pI1b
http://refhub.elsevier.com/S2210-6707(22)00089-0/optQBDyA5pI1b
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0041
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0041
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0041
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0042
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0042
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0042
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0043
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0043
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0043
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0044
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0044
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0045
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0045
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0046
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0046
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0046
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0046
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0047
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0047
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0047
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0048
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0048
https://www.ncdc.noaa.gov/isd
https://www.nrscotland.gov.uk
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0051
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0051
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0051
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0053
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0053
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0053
https://www.purple-eu.org/home/about/members/south-east-england/
https://www.purple-eu.org/home/about/members/south-east-england/
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0055
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0055
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0055
https://www.r-project.org/
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0057
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0057
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0057
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0058
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0058
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0058
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0059
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0059
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0059
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0060
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0060
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0060
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0061
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0061
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0061
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0062
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0062
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0062
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0063
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0063
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0063
https://www.gov.scot/publications/scottish-government-urban-rural-classification-2016/pages/5/
https://www.gov.scot/publications/scottish-government-urban-rural-classification-2016/pages/5/
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt4UyZc37GdF
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt4UyZc37GdF
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0066
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0066
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0066
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0067
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0067
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0067
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0068
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0068
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0068
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0068
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0069
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0069
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0069
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0069
http://refhub.elsevier.com/S2210-6707(22)00089-0/optzlnM6FPYlT
http://refhub.elsevier.com/S2210-6707(22)00089-0/optzlnM6FPYlT
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0070
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0070
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0070
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0071
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0071
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0071
https://www.metoffice.gov.uk/binaries/content/assets/metofficegovuk/pdf/weather/learn-about/uk-past-events/regional-climates/southern-england-climate-met-office.pdf
https://www.metoffice.gov.uk/binaries/content/assets/metofficegovuk/pdf/weather/learn-about/uk-past-events/regional-climates/southern-england-climate-met-office.pdf
https://www.metoffice.gov.uk/binaries/content/assets/metofficegovuk/pdf/weather/learn-about/uk-past-events/regional-climates/southern-england-climate-met-office.pdf
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt3fZz3LB04w
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt3fZz3LB04w
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt3fZz3LB04w
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0073
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0073


Sustainable Cities and Society 80 (2022) 103758

15

extremes important for adaptation in Scotland? Environmental Research Letters, 15, 
Article 034051. 

URL 01 (2022). https://archive.news.stv.tv/archive/1412135-spring-heatwave-in-scotl 
and-as-temperatures-to-rise-to-20c.html (accessed on 1st October 2021). 

URL 02 (2022). https://www.holiday-weather.com/aberdeen/averages/ (accessed on 
1st October 2021). 

URL 03 (2022). https://archive2021.parliament.scot/S5_Education/Inquiries/PSE026_A 
berdeen_City-Aberdeenshire_Councils.pdf. 

URL 04 (2022). https://www.skillsdevelopmentscotland.co.uk/media/47091/rsa-repor 
t-aberdeen-city-and-shire.pdf. 

URL 05 (2022). https://www.climatestotravel.com/climate/scotland/aberdeen 
(accessed on 1st October 2021). 

URL 06 (2022). https://weather-and-climate.com/average-month 
ly-Rainfall-Temperature-Sunshine,aberdeen-uk,Scotland (accessed on 1st October 
2021). 

URL 07 (2022). https://www.nsenergybusiness.com/features/coal-mining-uk/ (accessed 
on 31 January 2022). 

URL 08 (2022). https://www.environment.gov.scot/media/1211/land-land-use-an 
d-management.pdf. 

URL 09 (2022). https://www.gov.uk/government/statistical-data-sets/live-tables-on-la 
nd-use-change-statistics. 

Varghese, B. M., Barnett, A. G., Hansen, A. L., Bi, P., Hanson-Easey, S., & Heyworth, J. S. 
(2019). The effects of ambient temperatures on the risk of work-related injuries and 
illnesses: Evidence from Adelaide, Australia 2003–2013. Environmental Research, 
170, 101–109. 

Wang, C., Chen, R., Kuang, X., Duan, X., & Kan, H. (2014). ‘Temperature and daily 
mortality in Suzhou, China: a time series analysis’. Science of the Total Environment, 
466, 985–990. 

Wang, Y., & Liu, Q. (2006). Comparison of Akaike information criterion (AIC) and 
Bayesian information criterion (BIC) in selection of stock–recruitment relationships. 
Fisheries Research, 77, 220–225. 

Wang, Y., Song, Q., Du, Y., Wang, J., Zhou, J., Du, Z., et al. (2019). A random forest 
model to predict heatstroke occurrence for heatwave in China. Science of The Total 
Environment, 650, 3048–3053. 

Wellenius, G. A., Eliot, M. N., Bush, K. F., Holt, D., Lincoln, R. A., & Smith, A. E. (2017). 
Heat-related morbidity and mortality in New England: Evidence for local policy. 
Environmental Research, 156, 845–853. 

Wondmagegn, B. Y., Xiang, J., Dear, K., Williams, S., Hansen, A., Pisaniello, D., et al. 
(2021). Impact of heatwave intensity using excess heat factor on emergency 
department presentations and related healthcare costs in Adelaide, South Australia. 
Science of The Total Environment, 781, Article 146815. 

Xu, Z., Cheng, J., Hu, W., & Tong, S. (2018). Heatwave and health events: A systematic 
evaluation of different temperature indicators, heatwave intensities and durations. 
Science of The Total Environment, 630, 679–689. 

Xu, Z., FitzGerald, G., Guo, Y., Jalaludin, B., & Tong, S. (2019). Assessing heatwave 
impacts on cause-specific emergency department visits in urban and rural 
communities of Queensland, Australia. Environmental Research, 168, 414–419. 

Yang, J., Yin, P., Sun, J., Wang, B., Zhou, M., Li, M., et al. (2019). Heatwave and 
mortality in 31 major Chinese cities: Definition, vulnerability and implications. 
Science of the Total Environment, 649, 695–702. 

Yin, P., Chen, R., Wang, L., Liu, C., Niu, Y., Wang, W., et al. (2018). The added effects of 
heatwaves on cause-specific mortality: A nationwide analysis in 272 Chinese cities. 
Environment International, 121, 898–905. 

Zhang, A., Hu, W., Li, J., Wei, R., Lin, J., & Ma, W. (2019). Impact of heatwaves on daily 
outpatient visits of respiratory disease: A time-stratified case-crossover study. 
Environmental Research, 169, 196–205. 

Zhang, B., Li, G., Ma, Y., & Pan, X. (2018a). Projection of temperature-related mortality 
due to cardiovascular disease in Beijing under different climate change, population, 
and adaptation scenarios. Environmental Research, 162, 152–159. 

Zhang, Y., Yu, Y., Peng, M., Meng, R., Hu, K., & Yu, C. (2018b). Temporal and seasonal 
variations of mortality burden associated with hourly temperature variability: A 
nationwide investigation in England and Wales. Environment International, 115, 
325–333. 

Zhao, Q., Coelho, M. S., Li, S., Saldiva, P. H., Hu, K., & Abramson, M. J. (2019). 
Temperature variability and hospitalization for cardiac arrhythmia in Brazil: A 
nationwide case-crossover study during 2000–2015. Environmental Pollution, 246, 
552–558. 

J. Sahani et al.                                                                                                                                                                                                                                  

http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0073
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0073
https://archive.news.stv.tv/archive/1412135-spring-heatwave-in-scotland-as-temperatures-to-rise-to-20c.html
https://archive.news.stv.tv/archive/1412135-spring-heatwave-in-scotland-as-temperatures-to-rise-to-20c.html
https://www.holiday-weather.com/aberdeen/averages/
https://archive2021.parliament.scot/S5_Education/Inquiries/PSE026_Aberdeen_City-Aberdeenshire_Councils.pdf
https://archive2021.parliament.scot/S5_Education/Inquiries/PSE026_Aberdeen_City-Aberdeenshire_Councils.pdf
https://www.skillsdevelopmentscotland.co.uk/media/47091/rsa-report-aberdeen-city-and-shire.pdf
https://www.skillsdevelopmentscotland.co.uk/media/47091/rsa-report-aberdeen-city-and-shire.pdf
https://www.climatestotravel.com/climate/scotland/aberdeen
https://weather-and-climate.com/average-monthly-Rainfall-Temperature-Sunshine,aberdeen-uk,Scotland
https://weather-and-climate.com/average-monthly-Rainfall-Temperature-Sunshine,aberdeen-uk,Scotland
https://www.nsenergybusiness.com/features/coal-mining-uk/
https://www.environment.gov.scot/media/1211/land-land-use-and-management.pdf
https://www.environment.gov.scot/media/1211/land-land-use-and-management.pdf
https://www.gov.uk/government/statistical-data-sets/live-tables-on-land-use-change-statistics
https://www.gov.uk/government/statistical-data-sets/live-tables-on-land-use-change-statistics
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0083
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0083
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0083
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0083
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt0ZyQmOR9Dg
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt0ZyQmOR9Dg
http://refhub.elsevier.com/S2210-6707(22)00089-0/opt0ZyQmOR9Dg
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0087
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0087
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0087
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0088
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0088
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0088
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0089
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0089
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0089
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0090
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0090
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0090
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0090
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0092
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0092
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0092
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0093
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0093
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0093
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0094
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0094
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0094
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0095
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0095
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0095
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0096
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0096
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0096
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0097
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0097
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0097
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0098
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0098
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0098
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0098
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0099
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0099
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0099
http://refhub.elsevier.com/S2210-6707(22)00089-0/sbref0099

	Heat risk of mortality in two different regions of the United Kingdom
	1 Introduction
	2 Methodology
	2.1 Study regions
	2.1.1 SE England
	2.1.2 Aberdeenshire

	2.2 Data and sources
	2.2.1 Mortality data
	2.2.2 Meteorological data

	2.3 Statistical model approach
	2.4 Model selection

	3 Results and discussion
	3.1 Descriptive statistics
	3.2 Temperature-mortality association
	3.3 Overall cumulative RR
	3.4 Impact of lagged effects
	3.5 AF of deaths

	4 Summary, conclusions and future work
	Declaration of Competing Interest
	Acknowledgements
	Supplementary materials
	References


