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Abstract

This thesis presents a comprehensive investigation into healflocaseed urbaanalytics and
decisiommaking tools designed to mitigate the public health impacts of heat, specifically
within the context of transitioning toward healthier smart cities. Using Italy and the city of
Milan as case studies, the research adopts a holigiroagh to explore the key determinants

of heathealth risks, such as population vulnerability, environmental hazards, and residents'
exposure. The methodologies developed in this thesis are characterized by their flexibility,
offering both academic contutions and practical applications for addressing the increasing
public health challenges posed by rising temperatures.

The research is framed within the broader context of global efforts to combat climate
change, particularly reflecting the guidance of leading international organizations such as the
World Health Organization, Intergovernmental Panel on Climate ChangedW\ittions, and
World Meteorological Organization. This work aims at contributing to three specific
Sustainable Development Goals (SDGs): 1) it promotes SDG3 ("Ensure healthy lives and
promote weHbeing for all at all ages") by emphasizing cardiovaschkalth, one of the
leading causes of death globally; 2) by integrating sadian features at the neighbourhood
and municipal level with health determinants, it supports SDG11 ("Make cities and human
settlements inclusive, safe, resilient, and sustailpb® the research directly addresses
SDG13 ("Take urgent action to combat climate change and its impacts”) through its focus on
the health impacts of heat events. These interconnections highlight the importance of
comprehensive strategies that targetthearban sustainability, and climate resilience.

The thesis begins by proposing a novel municipadityel SDG3 index for Italy,
addressing disparities in data avhildy and spatial granularity while identifying significant
regional variations in public health performanthe SDG3 index for 7,900 municipalities is
calculated by mapping 29 Italian indicators to 28 official SDG3 indicators, covering 11 of the
13 SDG3 targets. The final SDG3 index is defined as the arithmetic mean of the scores for all
considered targets, \Witeach target score calculdtas the average of the normalized scores
(ranging from O to 1) of its indicators. The values of the index for Italy range between 0.595 in
Terragnolo (TrentindAlto Adige/S¢dtirol region) and 0.810 in Girasole (Sardinia region), with
median equal to 0.69Despite thdimitations in data quality and temporal accuracy, the SDG3
index provides a valuable tool for local policymakers to compare municipalities and tailor
public health interventions. By highlighting geographic disparities, in particular the gap
between three main maeeveas of Italy (northern, central and southern parts), this index serves
as a step toward more nuanced assessments of population health vulnerability.

A systematic review of the literature on heat effects on cardiovascular health reveals
substantial heterogeneity in the definitions of heat used acrossss{wdth a total of 21
combinations of indicator, method, and comparison threstoaidd in 54 articles), posing
challenges for comparability and metaalyses. Despite this variability, percenbiesed
thresholds, rather than absolute temperature values, emerged as the most commonly used
approach in heatklated healthstudies accounting for 46 outfo57 (80.7%) definitions
(multiple definitions were tested in some articleby address this inconsistency, the thesis
proposes a guideline for standardizing heat definitions in health research by integrating well
established statistical techniques, such as the distributed latjnean model and Poisson



regression. This guideline contributes to #dvancement of the field by enhancing the
consistency of studies on temperature hazards and public hHealtkever, the exclusion of
restrictedaccess articles and grey literature, along with the limitation of the publication period
to five years (2018022) in the systematic review, may introduce selection bias, potentially
overlooking emerging internation@énds in defining heat.

Using Milan as a case study, the research further investigates the impact of heat on
cardiovascular ambulance dispatches. By applying the proposed heat definition guideline to
ambulance dispatches data from May to September in the years2@P27the angbis
identifies the 9% percentile of annual mean daily apparent temperature distribution as the
proper heat threshold for Milaaccounting for key temporal factors that could significantly
alter ambulance dispatches distributipe., day of week, dayf year, and londerm trend The
corresponding relative risk is assessed at 1.11, with 95% confidence i(@eual to 1.09
1.14 The findings also reveal that certain emergencies, such as those fatal and which occur on
the street, are particularly susceptible to the effect of extreme tempenatiressociated
relative risk at 1.56 (95% CI [1.36.80]) and 1.25 (95% CI [1.16.34]), respectivelyThese
insights could have practical implications for emergency medical services, enabling better
resource allocation and preparedness during extreme weather conditions.

The thesis also explores the searan characteristics that influence cardiovascular
vulnerability to heat, using machine learning techniques, suchnasaks clustering and
hierarchical densitypased spatial clustering of applications with noise, and spatial regression
models.For each district of an urban environment, cardiovascular vulnerability to heat is
defined as percentage of emergencies which happened during heat in relation to all the
emergencies, and in Milan it reached the median of 15.05&,281-75" percentile equal to
13.99%16.08%. Regressioanalysis identifies key socirban variables, including mean
summer temperature, the density of drinking water fountains, the percentages of elderly,
female, and graduate residents, that significantly affect cardiovascular vulnerability during
heat. Theesearch produces a socidban vulnerability index, which is combined with medical
data to create a vulnerability map, offering valuable tools for urban planners and policymakers
to target intervetions in most highr i sk ar eas, found as encompe
districts, where more than 300,000 people regitkn, 20 districts, with a population of nearly
280,000 residents, are identified as resilient to heat in the context of cardiovascular health.

The final phase of the research involves the use of artificial intelligence to forecast daily
cardiovascular emergencies, withf@acus on meteorological parametere., mean daily
apparent temperature on the emergency day, on the previous day and two dayBgarlier
testing three machine learning algorithms (eXtreme Gradient BoostigBoost, CatBoost,

Long ShoriTerm Memory neural networkLSTM), the research demonstrates the potential of
artificial intelligence to predict the volume of neddy cardbvascular emergencies with strong
accuracy (mean absolute error equal to 10 cardiovascular emergencies, making it close to the
absolute random component of the corresponding -$ienees) confirming its better
performance compared to simpler, i.e., /machine learning, framework¥he application of
explainable artificial intelligence, derived from Shapley values, enhances transparency in the
mo d e | 0 s -mdkng progeass) nevealing that while temperature has minimal influence on
the predictionson mostdays, its impact sharply increasaisove approximately 25C. In
particular, the relationship between temperature and the forecasted number of emergencies



during heat days is well captured by a linear m@Bé&t0.79). These findings underscore the
importance of incorporating meteorological features into predictive models to improve the
accuracy of forecasts and the efficiency of EMS responses in extreme weather.

This thesis offers significant contributions to the development of smart, resilient cities
that proactively safeguard public health in the face of climate change, providing tangible
insights to the emergency medical services, urban planners and locamadiers, as well as
methodological solutions advancing the stwfti¢he-art. However, it also acknowledges
several limitations, including data temporal misalignment, the use of relative indices, and the
exclusion of certain urban are&surther applicatiorof the proposed framework is needed to
differentiate between findings that are generalizable and those that are specific to particular
geographical contexts, such as Mildruture research should focus on improving data
integration, enhancing spatiemporal resolution and expanding interdisciplinary
collaboration.
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1.1.Study background and research gaps
1.1.1. Climate change and human health

Natural and anthropogenic climate changes

The Earth's climate system is a dynamic interplay of various factors, relevant to atmosphere,
hydrosphere, cryosphere, lithosphere, and biosphere, which govern global weather patterns
over geological timescales (WMO, 2024). While weather can be definedase st at e of
at mosphere and ocean at a given moment in ti
guantities defined by averaging over time scales of many weather events, i.e., it is what you
expecto (Neelin, 2010).

The foundations of modern climatology trace back to ancient Greece, where conceptual
models linking climate with the inclination of the sun, grounded in the spherical shape of Earth,
emerged (Edwards, 2011). These early ideas persevered and significghtgnded
subsequent advancements in the field during the Scientific Revolution of thandié1
centuries, facilitated by experimental methods and technological breakthroughs such as the
discoveries of barometer and thermometer (Heymann, 2010). Theehury witnessed the
systematic development of scientific climatology and meteorology, with notable emphasis on
localized measurements, and Alexander von Humboldt as a pioneering figure in scientific
climatology during this period (Heymann, 2010).

At the beginning of the 20century, the first comprehensive map delineating Earth's
climate classes was created by Wladimir Képpen (Heymann, 2010). This classification system,
which categorized climates into descriptors such as "tropical" and "polar,” remains influential
to this dy (Heymann, 2010). Subsequently, thé"2@ntury saw a growing interest in the
physical climate system and its impacts on vital sectors such as vegetation, agriculture, and
human health. However, despite notable scientific adeaents regarding phenomena like ice
ages and carbon dioxide (@@oncentrations, they received relatively limited attention from
contemporaneous climatologists (Heymann, 2010). In the 1930s, the International
Meteorological Organization, the first worldwide climaggated institution founded in 1873,
superseded by ¢h World Meteorological Organization in the 1950s, acknowledged the
dynamic spatial and tempor al nature of cl i m
atmosphere above specific locats withinas peci fi ¢ period of ti meo,
of timeo recommended to be set at 30 years (

Throughout the second half of the6entury and particularly over the past two
decades, there has been a considerable increase irseobsiscollaboration and technological
advancements, leading to a more cohesive understanding of climate dynamics and enhanced
modeling capabilities basexh mathematical simulations (Edwards, 2011). This collaborative
endeavor has facilitated the generation of more nuanced and realistic predictions of climatic
changes, encompassing both natural variability and antheopo@mfluences. Consequently,
these refined climate projections have contributed to increased international attention to the
matter of climate and its impacts on the health and sustainability of ecosystems, biodiversity,
and human populations.

Centuries of studies on Earth climate contributed to the current knowledge of its
historical variability and underlying processes. One crucial factor influencingtéony
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climate variability are Earth movement changes, known as Milankovitch cycles (Buis, 2020).
These cycles involve periodic variations in Earth's orbit, axial tilt, and precession, which
collectively influence the distribution of solar radiation reaching pglenet's surface. In
particular, changes in Earth's tilt and orbital eccentricity can affect the intensity and seasonality
of sunlight received at different latitudes, leading to shifts in climate patterns over thousands
of years. As a result of these clgas in orbital parameters, but also in greenhouse gas
concentrations and volcanic activity, the planet has experienced cycles of glacial and
interglacial periods, characterized by alternating intervals of extensive ice cover and warmer
conditions (Paillard2001).

Another important aspect of Earth's climate system is the albedo effect (Stephens et al.,
2015), which describes how different surfaces reflect sunlight. Surfaces covered by ice and
snow have a high albedo, meaning they reflect a significant portionashing solar radiation
back into space. This reflection of sunlight helps to cool the planet and to maintain lower
temperatures in regions with extensive ice cover, such as polar regions. However, when
temperatures rise and ice melts, darker surfaces suem@and ocean absorb more sunlight,
leading to further warminga feedback loop that amplifies the initial warming trend.

All the changes in Earth's weather patterns over millions of years were driven by natural
processesnd they can be defined as #dAclimate ve
currentlyobserved natural phenomena include for example El Nifilo, North Atlantic Oscillation
and Indian Ocean Dipole which affect sea surface temperatures and atmospheric pressure.
However, recent human activity, altering the composition of the atmosphere, reshaped
climate changes, with all the consequent phenomena such as unprecedented rates of global
war mi ng, ozone hol e, or acid rain referred
2010).

Global warming

Trace gases represent a very small fraction
others, CQ@ methane (Ck), and nitrous oxide (?D), all of which have shown a continuous
increase in their concentrations since the beginning of measurements (between the 1950s and
1980s) to the present (Neelin, 2010). These gases, along with water vago)yratone (Q)
and chlorofluorocarbons (CFCs), constitute the greenhouse gases. When sunlight enters the
Earth's atmosphere, some of it is absorbed by the &atinface, warming it. The Earth's
surface then emits infrared radiation back into the atmosphere. The greenhouse effect is a
natural process in which greenhouse gases trap this infrared radiation (i.e., heat), leading to an
increase in the temperaturetbé planet's surface and lower atmosphere (Mitchell, 1989).
Theoretical premises regarding the importance of @@bsorbing infrared radiation
were hypothesized as early as 1827 by Joseph Fourier (Neelin, 2010). Subsequent interest in
this topic primarily emerged in the 2@entury, notably with the works of Swedish Nobel Prize
winner Svante Arrhenius and British engineer Guy Callendar. Despite employing different
methodologies, both Arrhenius and Callendar postulated a rise in global temperatures due to
increasing C@Ilevels and the resultant greenhouse eftdeymann, 2010). The popularization
of the concept of anthropogenic global warming accelerated in the late 1950s, thanks to the
scientific contributions of Roger Revelle and Charles David Keeling (Neelin, 2010). In 1958,
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Keeling initiated the monitoring of COconcentrations at the Mauna Loa Observatory in
Hawaii. This pioneering effort led to the creation of the Keeling Curve, which graphically
illustrates the continuous increase in JEvels over time. Subsequent measurements have
confirmed this trend on a global scale, extending to other trace gases as well (Neelin, 2010).
Human activities, such as the burning of fossil fuels for energy, industrial processes,
deforestation, and agricultural practices, have significantly increased atmospheric
concentrations of greenhouse gases since the Industrial Revolution (Neelin, 208 ®)ad
resulted in an unprecedently strong and fast heating tendency, exacerbating the greenhouse
effect and contributing to global warming (Mitchellm, 1989). Since the |dtedStury, when
widespread temperature monitoring began, the planet hasengetia notable rise in average
surface temperatures, with each of the last four decades surpassing the previous ones in terms
of warmth, with higher increase in temperatures over the land than the ocean (IPCC, 2023).
This trend is particularly pronouncédrecent decades, with theS2dentury witnessing some
of the warmest years on record. In particular, the global surface temperature during the initial
two decades of this century showed an increase of 0.99 °C compared to the period from 1850
to 1900 (IFCC, 2023), with the rise of 1.09 °C in global surface temperatures specifically for
the years 20112020 relative to the same baseline period of 18900 (IPCC, 2023).
Regarding the specific anthropogenic dimension of the phenomenon of global warming, as
graphically summarized in Figure 1.1, it is estimated that the range of huachared global
surface temperature rise from 183900 to 20102019 is between 0.8°C and 1.3°C, with the
best estimate of 1.07 °C (IPCC, 2023).
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Figure 1.1. Change in annual average global surface temperature as observed and simulated
using human and natural, and only natural factors between 1850 and 2020. Shaded area
represents 90% confidence interval for simulated values.
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Source: IPCC (2023). Summary for PolicymakersQlimate Change 2023: Synthesis Rep@ontribution of
Working Groups |, Il and Il to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change
[Core Writing Team, H. Lee and J. Romero (eds.)]. IPCC, Geneva, Switzerland, p. 6.

As highlighted in preceding paragraphs, the spatial dimension of global warming is another
aspect to consider in understanding its impacts. International organizations provide maps
depicting temperature anomalies, offering valuable insights into regiahsuri particularly
susceptible to the effects of global warming, thereby aiding in targeted mitigation and
adaptation efforts. Figure 1.2 is an example of surface air temperature anomaly in 2023, the
warmest year on record, which noted an increase df@if average temperature compared

to the 19912020 and of 1.48 °C compared to the second half Bfckitury (Copernicus,
2024). Despite notable local disparities, two expansive regions characterized by heightened
vulnerability emerge: the western part of Eurasia and North America. The presence of local
variability in temperature anomaly within theseiosg underscores the imperative for regional
investigations into the origins and impacts of global warming. By leveraging temperature
anomaly maps provide by international organizations, scientist, policymakers and
stakeholders can better identify and prioritize areas in need of targeted interventions to mitigate
and adapt to the impacts of global warming.
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Figure 1.2. Global surface air temperature anomaly in 2023 with respect tec 2@ average
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Source: Copernicu2024) Global Climate Highlights 202Retrieved from https://climate.copernicus.eu/glebal
climatehighlights2023 on 29/04/2024.

Impact of elevated temperature on human health

The implications of the warming trend are-faaching, encompassing alterations in weather
patterns, shifts in precipitation regimes, rising sea levels, and disruptions to ecosystems and
biodiversity, thus affecting virtually every aspect of the naturdllauman environment (Smith

et al., 2009). In particular, shifts in temperature and precipitation patterns alter growing seasons
and reduce crop yields, threatening food security, ecosystems face extinction due to habitat
destruction and changing environmt& conditions, diminishing biodiversity and disrupting
ecological relationships, and water scarcity intensifies as changing precipitation patterns and
melting glaciers affect freshwater availability, leading to increased competition for water
resources§mith et al., 2009).

All of the above impacts affect human health either directly or indirectly, with possible
consequences including the exacerbation of-episting chronic conditions (e.g.,
cardiovascular (CV) or respiratory), outbreak and spread of infectious diseasssingof
mental health or direct injuries and even death (Kim et al., 2014). Specifically, according to
the World Health Organization (WHO), 489,000 people died each year as a result of heatwaves
between 2000 and 2019, with more than one in three deathsring in Europe (WHO,
2024a). Accordingly, climate change impacts on human health have attracted the attention of
scholars, with almost a hundred systematic reviews analysing this topic published since 2007,
of which most published since 2014 (Rocquale021).

In particular, CV diseases are the leading cause of death worldwide, with ischemic
heart disease and stroke accounting for 27% of global deaths in 2019, particularly affecting
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middle- and highincome countries (WHO, 2024b). Moreover, medical evidence suggests that
the human CV system is susceptible to the effects of elevated temperatures (Crandall and
Wi | son, 2015; Crandal |l and Gonzal ez Alonso
temperatures can exacerbate chronic CV conditions such as hypertension, leading to an
increase in CV emergencies and hospitalizations during heat waves (Kenny et al., 2010; Maria
Bruno et al., 2017). The physiological stress imposed by heat can alser taggte
cardiovascular events, including myocardial infarction and stroke, thereby further straining
healthcare systems (Bhaskaran et al., 2009; Ranta et al., 2024). The physiological mechanisms
underlying these effects are complex and dissageific, nvolving factors such as central
hypovolemia, increased cardiac output, heart rate, and systemic vascular conductance
(Crandall and Wilson, 2015). Empirical research consistently showed a significant increase in
CV mortality associated with high temperasr (Singh et al., 2024; Liu et al.,, 2022;
Moghadamnia et al., 2017; Basu, 2009; Basu and Samet, 2002). However, the relationship
between heatwaves and CV morbidity, as indicated by hospital admissions, emergency
department visits, or ambulance calls, remainconsistent and varies among specific
populations, e.g., the elderly and urban residents, disproportionately bearing the burden of heat
related CV health impacts (Liu et al., 2022; Song et al., 2017; Turner et al., 2012). Moreover,
the economic costsf tieatrelated CV ilinesses and deaths are substantial, reducing labour
productivity, and exacerbating socioeconomic inequalities (Huang et al., 2023; Chiabai et al.,
2018; Roldan et al., 2015).

Although numerous studies have analysed the impact of elevated temperatures on CV
emergencies, significant research gaps remain. One major gap is the absence of a universal
definition of passive heat stress relevant to outdoor conditions. Various stadid#farent
temperatur e i ndicators and threshol ds to
comprehensive analysis of trends, which is crucial in the context of ongoing climate change
and projected temperature rises. Additionally, previous researchftbasfacused solely on
patientlevel medical data, neglecting environmental populaléwe| factors such as climate,
weather, pollution, behaviour, habits, and socioeconomic status. Nonetheless, these factors are
important determinants of human health (Mat et al., 2012; Huijts et al., 2017; Donkin et
al., 2018), with the external environment accounting for 9.8% of health outcomes, nearly as
much as healthcare (11.4%), with the most significant determinants including socioeconomic
conditions (19.1%), getics (22.1%), and behavioural factors (37.6%) (Rochat and Marty,
2018).

1.1.2. Urbanization and healthy smart cities

Historical context of urban settlements

While the history of urban settlements dates back to ancient civilizations, when the
development of agriculture played a crucial role in enabling permanent communities, the
Industrial Revolution, beginning in the lateM&ntury, marked a significant transformation

in their spread (Williamson, 1988). Technological innovations in manufacturing,
transportation, and communication led to unprecedented urban growth, particularly in Europe
and North America. As a matter of fachis period saw the developmeoft key urban
infrastructures, including railways, sewage systems, and electricity networks, which facilitated
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further urban expansion. The concentration of factories and the growth of the wddsag
population led to significant changes in the urban landscape, including the development of
distinct industrial districts and worker housing (Hopkins, 1986). Howetlee rapid
urbanization of that era also brought important social challenges, including overcrowding, poor
sanitary conditions, and the spread of infectious diseases (Neiderud, 2015).

In the latter half of the 20century, the transition from industrial to servizased
economies further transformed urban landscapes. The decline of manufacturing in many
Western cities led to deindustrialization and the rise of theipdsstrial city, characterized
by a focus onihance, technology, and creative industries (Gospodini, 2006). This period also
witnessed significant urban sprawl, driven by the expansion of suburban areas, partly due to
the proliferation of automobiles and the developnwdrextensive road networks (Gospodini,
2006). However, this urban sprawl brought further challenges of increased traffic congestion,
environmental degradation, and social disparities.

Urbanization has accelerated even more in tiec2htury. According to the United
Nations Human Settlements Programme (2022), the proportion of the global population
residing in cities doubled from 1950 to 2020. This significant demographic shift reflects the
widespread migration of people from rural udban areas, driven by the pursuit of better
economic opportunities, improved living standards, and access to services. The growth of urban
populations has been particularly pronounced in developing egwith Africa and Asia
experiencing rapid urbanization rates. In contrast, regions such as Europe and North America
have relatively more stabilized urban populations, with slower recent growth rates due to
already high levels of urbanization (United NasdHuman Settlements Programme, 2022). As
of 2023, it was estimated that approxi mately
4.6 billion people; Figure 1.3) resides in urban areas (World Bank, 2024), and this percentage
is expected to increagethe upcoming decades, specifically to estimated 70% by 2050 (United
Nations Human Settlements Programme, 2022).

Currently, Europe is one of the most urbanized regions in the world, with approximately
76% of European Union population living in urban areas in 2023 (Figure 1.3), noting an
increase of 17 percentage points compared to 59% in 1960 (World Bank, 2024)ghtével
of urbanization reflects a long history of urban development and the concentration of economic
activities in European cities, which, nevertheless, are characterized by a high degree of
diversity in terms of size, economic structure, and hisaibbackground. Major cities serve as
global financial and cultural hubs, while smaller urban areas and towns often play important
regional roles. Despite their economic strengths, European cities face several challenges,
including aging population and mafstructure, within and betweeittity sociceconomic
disparities relevant to unemployment, income inequality, and housing affordability, as well as
environmental sustainability, represented by carbon emissions, air quality, urban heat island
phenomenon (UH characterized by more elevated temperatures within the city compared to
its rural surroundings) and green spaces (Ehrlich and Overman, 2020; Clifton et al., 2016;
Nikolov and Botseva, 2018).
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Figure 13 Wor | dés and European Uniondés wurban popu
in 19602023 (World Bank, 2024)
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Urbanization and public health

The effects of urbanization have sparked considerable debate among researchers due to its
multifaceted influence on various aspects of society, including economic growth,
environmental sustainability and public health, presenting both opportunities dlehgbs
(Zhang et al ., 2023). Specifically, three ma
health can be distinguished (Zhang et al., 2023; Ye et al., 2022; Vlahov and Galea, 2002; Leon,
2008; Phillips, 1993):

- Access to healthcare: Urban environments typically offer superior access to healthcare
services compared to rural areas. Proximity to hospitals, clinics, and specialized medical
services facilitates improves health outcomes of residents and enhaneembatgement of
chronic patients, as the concentration of advanced medical technologies and medical
professionals in cities enables more rapid and accurate diagnosis and treatment.

- Health promotion: Urbanization promotes health by enhancing public infrastructure
like sanitation and clean water, and by offering recreational facilities that encourage physical
activity. In addition, social support systems and community engagementwppes in cities
contribute to improved welbeing.

- Wealth: Urbanization can also indirectly affect public health by increased education
and income, which have previously been found to positively influence human health.

On the other hand, urban environment can worsen health, mainly due to the three
following factors (Zhang et al., 2023; Ye et al., 2022; Vlahov and Galea, 2002; Leon, 2008;
Phillips, 1993):

- Urban lifestyle: Factors such as sedentslgaviour, unhealthy diets, and high stress
levels associated with urban living increase the risk ofg@mnmunicable illnesses, such as
CV diseases, diabetes, and obesity.
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- Socioeconomic conditions: Life in fagtaced urban environments, along with issues
such as social isolation, light and noise pollution, and high living costs, can contribute to mental
health problems such as depression and anxiety.

- Environmental factors: Urbanization is closely linked with increased air pollution due
to industrial activities, vehicular emissions, and construction. Poor air quality is a significant
public health concern in many cities, contributing to respiratosgadies such as asthma,
bronchitis, and chronic obstructive pulmonary disease, and presenting a risk factor for other
norrcommunicable diseases. As a matter of fact, cities are estimated to produce almost 70% of
global CQ emissions (Lugmaet al., 2023). In addition, due to the UHI, further exacerbated
by global warming, residents of urban areas are more susceptible to the effects of high
temperatures on adverse health events, including CV emergencies in particular.

Regarding the UHI phenomenon in particular, while it is vgeldied at the urban
versus rural scale (Shahmohamadi et al., 2011; Tan et al., 2010; Wong et al., 2013), recent
years have seen increased attention to-rityganalysis (Heaviside et al., 2Q10eilami et al.,

2018; Kim and Brown, 2021). This shift is due to the diverse sadian structure of large

cities, which results in varying exposure to hedited health hazards. These hazards include

not only heat exposure but also access to heaéthssrvices, prevalence of heat mitigation
infrastructures, characteristics of built infrastructure, and the presence of green spaces. As the
intra-city approach is still emerging, no standardized methodology has been established.
Consequently, various nteidologies have been implemented to assess the spatial variations
of UHI, its interaction with social, economic, and urban factors, and their combined impact on
human health (Deilami et al., 2018; Almeida et al., 2021).

Such analyses have served as initial attempts to create a vulnerability map of a city,
resulting in the development of various indices describing the vulnerability to heat (Bao et al.,
2015; Niu et al., 2021; Liet al., 2022; Szagri et al., 2023; Chealg 2021). These static maps
are valuable for urban planners, local policymakers, and medical services, as they provide
insights into the spatial distribution of environmental risk and offer a tangible numerical value,
comparable among spatial units. Hawe specifically regarding the medical dimension, the
lack of easily accessible medical data makes thewedd application of such indices a big
challenge, especially at a detailed geographical level (Heaviside et al., 2017; Conlon et al.,
2020; Niu efal., 2021). Such data are necessary either for the creation of the index itself, or for
its validation, as greater exposure to hazard (i.e., heat in this case) does not always result in a
proportionally increased risk of adverse health event (Niu &G#1). While data on mortality
or hospitalizations can be useful to this purpose, their spatial granularity is usually limited to
the hospital level or, at best, the patient's residence zip code. In this context, data from
ambulance dispatches could offeomising insights, as they provide more precise geolocation
of where emergencies occur.

Heatresilient smart cities

The term "smart city” first emerged in the late 1990s, encapsulating the vision of urban
environments enhanced by advanced technologies to improve quality of life, efficiency of
services, and sustainability (Anthopoulos, 2015). Smart cities leverage ationmand
communication technologies (ICT) to collect, analyse, and act upon data from various sources
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such as sensors, devices, and infrastructure. The ultimate goal is to create a more connected,
efficient, and responsive urban environment that meets the diverse needs of its residents, also
in the context of their health.

Regarding datdriven techniques relevant to human health, smart cities can leverage
wearable devices, I nternet of things (l1oT) s
to monitor residents' health in raahe (Ghazal et al., 2021; Mishrac®ingh, 2023). Data
collected from these sources provide insights into heart rate, blood pressure, and physical
activity levels, as well as into adverse health outcomes requiring medical intervention, such as
ambulance arrival or hospitalization, whichncbe used by researchers to identifyrisik
individuals and implement targeted interventions, thereby improving public health outcomes.
However, the use of sensitive personal data in this context is complicated by stringent data
protection regulations, drthe potential uncertainty of wearable devices regarding whether the
same individual is consistently using their device, as well as contextualization of the acquired
data.

Environmental sensing instead, one of the crucial components of smart city, is relatively
easy to access and implement (Ramiezeno et al.,, 2021). By deploying a network of
sensors to monitor conditions such as temperature, air quality, and humtdity can better
understand the i mpact of environment al fact
correlating heatwaves with spikes in CV emergencies enables the development of early
warning systems and preparedness plans to protect vulnerablatmoys.

Furthermore, predictive modelling, through the analysis of historical data and current
trends, allows smart cities to forecast extreme weather events, such as heatwaves, as well as
health outcomes, including ambulance calls and emergency departmen{Ghisizal et al.,

2021; Mishra and Singh, 2023). In addition, statistical analysis and unsupervised machine
learning can provide useful insights into ongoing trends in the impact of environmental factors
(e.g., of heat) on human health (e.g., on CV emergsjicenabling cities to implement
measures to safeguard residents from potential risk before its occurrence, with strategies
covering issuing heat warning messages, opening cooling centres, or adjusting public services.
These proactive strategies are etiakfor mitigating the health impacts of global warming.

By combining insights from advanced mathematical modelling performed on real
world data with domain knowledge, in order to create-hesitient cities, urban planners, local
policymakers, and medical services providers can also implementdongargetd strategies
to mitigate the impact of heat on human health in particular areas of a city. Such strategies can
include the incorporation of green spaces, cool roofs, pavements and walls, water installations,
and energy efficiency plans into urban projeds, well as the fostering of community
engagement and education about frektted health risks. Such strategies encourage proactive
measures, safeguarding urban populations from health risks associated with environmental
factors before they become sevanel require medical intervention. This represents a necessary
paradigm shift from a reactive approach, which relies solely on retrospective analysis and omits
the provision of tangible metrics, essential for developing a healthy smart city.
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1.2.Research questions and methodology overview

1.2.1 Research objectives and research questions

In response to the escalating threat of clincditange and its implications for public health,
there has been a growing recognition of the need to develop adaptive strategies and mitigation
measures. International initiatives such as the United Nations Framework Convention on
Climate Change (UNFCCC), tergovernmental Panel on Climate Change (IPCC), Conference
of the Parties (COP) meetings and the Sustainable Development Goals (SDGs) have
underscored the urgency of addressing climekated health risks. One of the most significant
international agreenmés aimed at addressing climate change is the Paris Agreement, adopted
in 2015 and signed by 195 countries, which aims to limit global warming to well below 2 °C
above prandustrial levels and to pursue efforts to limit the temperature increase to I.6 °C.
achieve these goals, countries have pledged to, among others, reduce greenhouse gas emissions
and enhance climate resilience, which can be largely achieved through initiatives targeted to
urban environments. In addition, the importance of climate @hamgsilient urban
environments and human wdléing is underscored by three SDGs, in particular: SDG3
(AEnsure healthy -bleivnegs faonrd aplrlo meott ealweldges 0)
human settlements inclusive, safe, resilientand sustanable and SDG13 (fAiTake
to combat <c¢limate change and its i mpactso).

However, despite global efforts to mitigate the anthropogenic climate change and adapt
to the warming trend, gaps remain in understanding the interactions between heat, health, and
urban environments, as described in section 1.1. In particular, thesedags:

- Absence of a static, periodically updated, hegdtlated index or indicator, allowing
for frequent analysis of national performance and comparisons at municipal level, as well as
necessary for the validation of more specific Hezdlth related indices.

- Lack of a globally standardized definition of heat or heatwave, which hinders
comprehensive analysis of trends and their comparison across different geographical locations.

- Predominant focus on patieleivel analyses regarding the impact of heat on CV
health, representing a reactive approach. This leaves popdktEnrisk assessment
underdeveloped, which is crucial for shifting towards a proactive approach in managing
vulnerability to heat, aiming to prevent residents from becoming patients.

- Insufficient spatial resolution in analyses of the impact of meteorological, social, and
urban characteristics on CV health, as well as of therdependencies, preventing to fully
capture the spatial dynamics within urban environments.

This PhD thesis seeks to address the above gaps by leveragirdyidiataapproaches to
examine the achievement of SDG3 in all the Italian municipalities, and in particular by
proposing a reproducible spatiemporal framework of analysis of the impacipasive heat
stress on CV emergencies in an urban environment, extending the focus to align with SDG11
and SDG13 as well. Recognizing the interconnections among these SDGs enhances the thesis's
relevance to contemporary challenges. Specifically, it adesesise following research
guestions (RQs):

1) Is it possible to construct a national municipalgyel SDG3 index and how do

Italian municipalities differ from each other?
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2) What are currently applied definitions of heat in CV health context, do they influence
the results, and how to standardize them?

3) How to quantify the impact of heat on CV events on a certain area by analysing the
geolocalized data relevant to CV ambulance dispatches?

4) What are the sociarban characteristics that could influence CV health in presence of
heat?

5) How can artificial intelligence be used to forecast CV emergencies in a big city
considering meteorological parameters?

By answering the above RQs, this study aims to:
- contribute to the statef-the-art by:

o developing the firsever SDG3 index for all Italian municipalities to quantify
their overall health vulnerability, proposing standardized methods for assessing
the representativeness of open data and downscaling them to finer geographical
resolutions (RQJX

0 proposing a universal approach for selecting temperature threshold for defining
heat in healthrelated studies, based on the most common strategies identified
in relevant literature (RQZ2);

0 introducing original methodological approaches for a holistic analysis of the
influence of heat on CV emergencies in urban environments, using geolocalized
ambulance dispatches as a proxy (RQ3, RQ4, RQ5).

- provide actionable sherand longterm insights for:

o Emergency medical services (EMS) which can benefit from comprehensive
maps that highlight areas where shifts in the spatial distribution of ambulance
calls for CV problems occur on heat days compared tehean days, and from
apredictive model for nextlay CV ambulance calls. These skerm insights
can enhance EMS preparedness during extreme weather conditions, thereby
improving overall efficiency (RQ3, RQ4, RQ5).

o Urban city planners who can gain insights into the urban characteristics that
significantly impact vulnerability to heat in the CV context. These findings can
inform longterm strategies regarding greenery and infrastructure development
to reduce this vulerability (RQ4).

0 Local policymakers who can access an overview of the achievement of SDG3
across all Italian municipalities. By comparing scores between municipalities,
targeted public health strategies can be implemented to foster the improvement
of health services (RQ1).

1.2.2. Methodology overview

In order to answer the RQs, there is a need to properly define hazard, exposure, and
vulnerability. In the specific context of this thesis, following the definitions provided by
Cardona et al. (2012), hazard, defined as a factor that can potentiallyheannsé.e., a CV
emergency), is represented by passive heat, i.e., the temperature above some threshold.
Exposure refers to the collection of elements within an area that may be affected by hazardous
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events, i.e., degree to which the residents of the city under consideration are subjected to
passive heat. Vulnerability is the inherent susceptibility of exposed residents to experience CV
emergency when subjected to passive heat, which can be measusedhe extent, by a
standardized index such as SDG3. Finally, the risk, i.e., the likelihood of harm occurring, is
determined by hazard, exposure and vulnerability.

In quantitative research, numerous approaches have been developed over the past
decades to assess risk and its determinants (Aven, 2016; Zio, 2018; Rausand, 2013). Among
these, the odds ratio (OR) is one of the most frequently used statistical methods in
epidemiology, providing a measure of association between two binary variables (Bland and
Altman, 2000). The odds represent the probability of an event occurring versus not occurring,
and the OR is the ratio of the odds between two groups, such as a G)éeoyan individuals
exposed to passive heat versus those not exposed. OR are typically estimated using logistic
regression models, which are wsllited for proportions and binary outcomes (Knol et al.,
2012).

A related concept is relative risk (RR), often mistakenly used interchangeably with OR.
RR is the ratio of incidence rates (i.e., risks) of an event, such as a CV emergency, between
two population groups, such as those exposed and not exposed to paasi{gldnel and
Altman, 2000). The statistical models commonly employed to estimate RR include Poisson,
guastPoisson, or negative binomial regression which deal with counts and ratios (Frome and
Checkoway, 1985; Gardner et al., 1995). Both RR and OR a&mpiiated as follows: a value
below 1 indicates that the event is less likely to occur with exposure to the hazard, a value
above 1 indicates the event is more likely to occur with exposure to the hazard, and a value of
1 implies no difference between expos to the hazard and nexposure.

In the specific context of estimating health risks associated with environmental factors,
Gasparrini et al. (2010) introduced distributed lag-hio@ar model (DLNM), which estimates
cumulative RR over specific lags, acknowledging that the health resfmasesk factor may
be delayed. Despite its stringent mathematical assumptions, as detailed in Chapter 4, the
DLNM has rapidly become a gold standard in environmental epidemiology, with its statistical
robustness validated through both simulated andwedt data (Gasparrini, 2014; Wang et
al., 2028).

Traditional statistical languages, such as R, provide a straightforward framework for
implementing models to estimate OR and RR. The prevalence of each method to estimate the
risk of a CV emergency in passive heat will be further overviewed in Chapted )la\NM
and Poisson regression will be applied in a case study in Chapter 4.

While the use of OR and RR provides valuable and intuitive insights into the association
between exposure and outcome, particularly for medical stakeholders, the growing significance
of health geomatics highlights the necessity of incorporating spatiabamnts in the
assessment of vulnerability and risk. Health geomatics involves the use of geoinformatics in
healthrelated research, covering the geography of the disease and of the healthcare system
(Boulos et al., 2001), with both concepts being inteneated and relevant to the contents of
this thesis. The former refers mostly to the exploration of spatial patterns of the disease itself,
while the latter aims to manage the spatial distribution of the health services, such as EMS
supply. Although intuitrely health geomatics is wesuited for analsing communicable
diseases, it has also demonstrated significant potential fecaramunicable diseases (Jia et
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al., 2019; Blangiardo et al., 2020; Tuoddkhasi and van Eeden, 2017; Sogno et al., 2020;
Andreeset al., 2024). Despite the recognition of spatial dependencies in epidemiology for
centuriesexempl i fied by John Snowds 1854 cholera
source of contamination in Londerthe systematic integration of spatial analyste health
research has been still underused in recent years (Boulos et al., 2001; Ostfeld et al., 2005;
Sogno et al., 2020). Consequently, there remains a lack of consensus on the optimal spatial
approaches in health research, particularly those tblaides environmental factors as well.

One of the fundamental challenges in spatial analysis is defining the spatial unit for
performing analyses. In this study, official administrative boundaries will be used as reference
polygons to ensure the reabrld applicability of the results, along thipoint data on medical
events. In the absence of predefined polygons, alternative spatial partitioning approaches
include introducing an adoc grid or applying a partitioning algorithm, such as the Voronoi
diagram (Zlatanova et al., 2020; Novaes et2009). While dealing with polygons, before
statistically quantifying various aspects, the subsequent step often involves defining spatial
neighbours, for which three primary strategies are recognized: rook, queen, and bishop
contiguity (Dubin et al., 2009 named after chess piece movements, as illustrated in Figure
1.4.

Figure 14. Rook, queen, and bishop contiguity first order neighbours
reference spatial unit - its neigbour

Rook contiguity Bishop contiguity Queen contiguity

To quantify spati al associations among polyg
which assesses spatial autocorrelation, i.e., the clustering (or dispersion) tendency of the data,
at both local and global levels (Kirby et al., 2017). Despiteintplecity, the index has been
successfully implemented to gain valuable hesdlhted insights (Auchincloss et al., 2012;
Lorant et al., 2001; Saffary et al., 2020). The mathematical details of this statistic will be
discussed in Chapter 2.

A more advanced approach for determining spatial relationships between independent
variables and a target variable (e.g., quantifying population vulnerability to a hazard) is the
regression modelling. Two main theoretical frameworks are commonly employed:
geographically weighted regression (GWR) and spatial regression (Kirby et al., 2017). GWR
operates on the principle that the relationship between independent and dependent variables
varies across locations, and therefore, it estimates ordinary leastssqDaf®) regression
separately for each spatial unit, defined by a spatial bandwidth. In contrast, spatial regression
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models account for three types of spatial dependencies: local (referring to the spatial unit and
its neighbours), global (referring to the spatial unit and all other spatial units), and in the error
term. These models estimate both direct and spillovectsfiof each independent variable on

the target variable, and they are further described in Chapter 5.

Spatial analysis is applicable to various aspects of this study, from analysing the spatial
clustering tendency of health indices to examining the spatial determinants of population
vulnerability to heat in the context of CV emergencies. From a softwaspgqutive, these
analyses can be implemented using traditional programming languages such as R or Python,
as well as specialized geographic information system (GIS) software like QGIS.

While traditional statistical methods provide valuable static results, such as for the
development of health indices or the estimation of risk and vulnerability, the current era of big
data necessitates more dynamic approaches that can be easily geharalizgpdated with
new information. To address this need, machine learning (ML) models are increasingly utilized
for public health problems for their ability to automatically learn and improve over time (dos
Santos et al., 2019; Mooney and Pejaver, 2018 k€t al., 2021). In this study, ML techniques
are employed for spatit@mporal analysis in particular. These techniques, which integrate
statistical methods with computer science principles, are typically implemented using the
Python programming language

Initially, unsupervised ML models will be applied for distanemd densitybased
clustering to uncover underlying patterns in the data. Disthased algorithms, such as k
nearest neighbours{kN) and support vector machines (SVM), aim to group datatpaito
clusters by minimizing the distance between point within each cluster, and maximizing the
distance between separate clusters. The choice of distance metric, such as Euclidean, cosine,
Manhattan, Chebyshev, or other (Pandit and Gupta, 2011), deperitie nature of the data.
Densitybased clustering, on the other hand, identifies densely populated regions within the
data space, classifying remaining points as noise. Therefore, both clustering approaches
inherently incorporate spatial dimension, mmakthem particularly relevant for healtblated
analyses, as explored in this study. These clustering techniques are further detailed and
implemented in Chapter 5 of this thesis.

Supervised ML, which covers regression and classification, is another paradigm applied
in this study. The focus in the following analyses is on regression models, which are commonly
based on linear and ndinear OLS regression, decision trees, SVM, orakwnetworks. In the
context of this thesis, supervised ML is utilized for tisexies prediction, with the spatial
dimension predefined by clustering, as discussed in Chapter 6. Additionally, there is growing
recognition of the importance of explainabtéfecial intelligence (XAl; Gerlings et al., 2022;

Loh et al., 2022), which enhances interpretability by providing insights into the contribution of
indi vidual variables to the model 6s output,
statistical modis. Accordingly, XAl framework is included in supervised ML modelling for

the purposes of this thesis.

In conclusion, to achieve the objectives outlined in section 1.2.1, this thesis will employ
a quantitative approach to assess the risk and vulnerability of the exposed population under
investigation, focusing on both general health outcomes and CV emiesgémnggered by
passive heat hazard. Traditional statistical methods will be integrated with ML modelling to
develop a comprehensive analytical framework and enhance the robustness of the results.
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The analyses use lItaly and in particular the city of Milan as applicative case studies.
The data for this research include CV ambulance dispatch records providédehyia
Regionale Emergenza Urgenza Lombaydidongside open datasets encompassing various
meteorological, health, social, demographic, and urban indicators.

1.3.Thesis outline

In light of ongoing global warming and urbanization, this thesis aims to address the research
guestions outlined in section 1.2.1 by applying the quantitative methodology detailed in section
1.2.2. The structure of the thesis is as follows.

Chapter 2 presents the calculation of an SDG3 index for all Italian municipalities. This
chapter offers a methodological overview of the index calculation and assesses the current
status of human health and wbk#ing across Italian municipalities, addiegsRQ1.

After assessing the overall health vulnerability, Chapters 3 through 6 focus specifically
on the relationship between elevated temperatures and CV outcomes. Chapter 3 provides a
systematic review of recent literature on the influence of passive heatemsa@V outcomes,
with particular attention to the definitions of heat used and their impact on results. In addition,
a framework for selecting the percentile threshold for defining heat is proposed. This chapter
addresses RQ2.

From Chapter 4, the focus narrows to the city of Milan, Italy. Building on the previous
chapter, a framework for defining heat is applied to data on ambulance dispatches for CV
problems in Milan from May to September 202022. These data are coupled with
meteorological data, including air temperature, relative humidity, and wind speed. The chapter
estimates the risk of CV emergencies during heat events, accounting for potential delayed
effects, and addresses both RQ2 and RQ3.

Chapter 5 introduces a finer spatial analysis of Milan by clustering its administrative
districts based on various soaidban features. The impact of these features on CV
vulnerability to heat, defined following the results from the previous chapteuaistitied
using spatial regression. A soaitban vulnerability to heat index is then developed and
applied to each district. The chapter also confronts this index with déyasigd clustering of
CV emergency data, revealing spatial shifts in their distion during heat days. This chapter
addresses RQ4.

Chapter 6 presents a forecasting model to predict the number of CV emergencies across
the city and within specific clusters, integrating methodologies from the previous chapters.
Additionally, a XAl analysis is conducted to assess the impact of meteaallegriables on
predictions during heat and nteat days, addressing RQ5.

Chapters 2 to 6 beginith a list of the publications on which they are based, followed
by afiHighlightso box outlining the RQ addressed and the main findings.

The thesis concludes with Chapter 7, summarizing the findings from Chapgers 2
highlighting their contributions to the state of the art, and discussing their implications for
medical, urban planning, and policymaking stakeholders. Future directiomafartemporal
research on the effects of heatwaves on public health in urban areas are also outlined.
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Chapter 2. Development of SDG3ndex for Italian municipalities
and geospatialanalysis of theresults

The content of this chapter is an elaborated version of the following publications:

- Nawaro, J., Gianquintieri, L., & Caiarit. G. (2024). Developing a Sustainable Development
Goal 3 (SDG3)ndex for Italianmunicipalities. InMedical Sciences Foruivol. 25, No. 1, p.
6). MDPI. https://doi.org/10.3390/msf2024025006

- Nawaro, J., Gianquintieri, L., & CaianiE. G. (2024). Analysis of the Sustainable
Development Goal 3 index for Italian municipalitieBublic Health 236, 386:395.
https://doi.org/10.1016/j.puhe.2024.08.014

Highlights:

f RO1:ls it possible to construct a national municipalgyel SDG3 index and how
do Italian municipalities differ from each other?

1 Substantial geographical variations in municipal performance across 13 officie
SDG3targets were highlighted, with municipalities in central, far Northeast an
Northwest Italy performing the best.

1 Methodological framework for calculating the SDG3 index under conditions of
scarcity was established.

1 Municipality-level SDG3 index for 7,900 Italian municipalities could provide a
valuable tool for local policymakers to inform evide+i@sed decisiemaking and
tailor public health interventions.
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2.1. Introduction

Urban indices can be a valuable tool in highlighting inequalities among the vulnerability level
of municipalities, and consequently identifying geographical areas where substantial action
needs to be taken. In this context, many complex urban healthandise accounting for
environmental, social, and economic factors, have been proposed in literature, and five main
purposes for their utilization have been definBdinforming policy and decisiemaking,2)
monitoring and evaluatior8) research4) berchmarking, and) communication with non
specialists, with most studies focusing on the first category (Kaltenthaler et al., 2004; Pineo et
al., 2018a). Such urban health indices have been commonly developed either for a single city,
to provide an overview of health inditors and their determinants, or for several ones, in order

to perform a scorbased quantitative comparison. Additionally, in recent literature an
increasing attention has been given to the application of attributing a score to lower urban
partitions than the whole city, such as neighbourhoods or districts (Pineo et al., 2018a).

Several attempts to provide a standardized set of indicators for the construction of an
urban health index were made by organizations such as the United Nations (UN), the United
States Department of Health and Human Services, the World Bank and the Veéaitd H
Organization (Rothenberg et al., 2015), with the latter also proposing the calculation of a
specific index called The Urban Health Index (Weaver et al., 2014). However, no universally
recognized standard exists, neither for the indicators nor fanétkeods used for the urban
health indicesd6d computation, thus existing i
these terms. Moreover, the lack of index validation is a very diffused limitation in the
development and use of such urban healtlices (Jiang et al., 2018; Kaltenthaler et al., 2004;
Pineo et al., 2018b).

After a 15years period (2006@015) in which the UN formulated the Millennium
Development Goals (MDGs), a set of eight international objectives, the Sustainable
Development Goals (SDGs) were adopted 8ddnuary 2016. The SDGs extend the MDGs
by the formulation of 17 goals, described by 169 targets, and since their establishment, multiple
studies have been developed with the purpose of assessing the current progress towards their
achievement (Lamichhané&., 2021; Lim et al., 2016; Schmiditaub et al.2017; Stanujkic
et al., 2020). Additionally, in 2012, the UN established the Sustainable Development Solutions
Network (SDSN) to foster innovation and collaboration towards achieving the SDGs at global,
regional, national, and local levels (SDSN, 20ZMe SDSN contributes to this aim by
publishing the Sustainable Development Report, which provides an overview of the total
progress towards achieving all 17 SDGs across 166 countries. In its most recent version (Sachs
et al., 2023), Italy was classified 24 out of 166 countries, preceded by 22 European states
and Japan. However, when accounting for the spillover effect, measuring the environmental
and social impact of actions within each country on trade, economy and finance, and security
of other countes, Italy's ranking shifted to 127 out of 166, with only six European Union
members characterized by a more positive global spillover effect. In addition, since 2018, the
Italian National Institute of Statistics (Istat) has been publishing yearly reportstoh e S D Gs 6
progress in Italy, accounting for all the official goals and reporting scores individually for all
the available indicators, implementing diverse geographical aggregations, including national,
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regional and provincial levels (Istat, 2@)3However, a municipal overview of the SDGs
progress is still missing.

The SGD3 (i.e., Ensure healthy lives and promote-haithg for all at all ages), is
described through 13 targets including 28 indicators, addressing various factors relevant to
public health access, n@mommunicable and communicable diseases, maternalclaitall
health, risk factors prevalence, and health financing and research. Additionally, a previous
study has identified SDG3 as one of the four fundamental SDGs (Fenner and Cernev, 2021).
According to the Sustainable Development Report (Sachs et al), 20R8s progress toward
SDG3 is described as fimoderately i mprovingo,
three indicators showing no progress is the
highlighting considerable local disparities lialy. Existing empirical analyses on SDGs in
Italy have tried to address this challenge by focusing on provincial level as the smallest
geographical unit; however, they have only covered a subset of targets and/or indicators.

Considering the aboveentioned research gaps, both in relation to SDG3 and more
broadly to urban health indices, the aim of this chapter is to develop a heath vulnerability index
based on SDGS3 targets, to be computed at municipal level for a whole c@talyryn this
study case). In order to enhance reproducibility, only official open data are used. Main
objectives of this index are to provide an overview of the current spatial distribution in the level
of achievement of SDG3 goals (i.e., health vulbgitst) and to highlight possible geographical
disparities along the territory through statistical comparison. Such index also aims at
overcoming the challenges in constructing an urban health index covering an entire country,
ultimately providing a standdised measure to validate other spatial analyses of health status.
Regardless of the specific study case, this work is relevant to international research as it
proposes original methodological solutions to overcome the challenges posed by limited data
avalability and insufficient geographical granularity, that represent very common issues when
addressing the countwise computation of urban health indices and, in particular, SDG3
assessment at municipality level. Accordingly, in this chapter, the Raddiessed, i.e., is it
possible to construct a national municipaligyel SDG3 index and how do Italian
municipalities differ from each other?

2.2. Materials and methods

2.2.1. Study area

ltaly is the 1@ largest country on the European continent, with an area of more than 300,000
km? and a population of nearly 60 million. As oft Danuary 2023, the country is
administratively divided into 20 regions, 107 provinces (including two autonomous provinces
of Trento and Bolzano) and 7,901 municipalities (Figure 2.1). The median number of
municipalities per region is 294 255" percentile: 2238394), spanning from 74 in Aosta
Valley to 1,504 in Lombardy, with a median population per municipality of 2,394ergsid
(25M-75" percentile: 974%6,223). For statistical purposes, the following classification of
municipalities have been defined by Istat:

- 12 municipalities in the centre of the metropolitan area: Turin (Piedmont region),
Milan (Lombardy), Venice (Veneto), Genoa (Liguria), Bologna (Erfl@nagna), Florence
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(Tuscany), Rome (Lazio), Naples (Campania), Bari (Apulia), Palermo (Sicily), Catania
(Sicily), Cagliari (Sardinia);

- 1,051 municipalities located in the same provinces as the abem&oned
metropolitan areas, constituting the 13.3% of all Italian municipalities;

- 3,253 municipalities with up to 2,000 residents (41.2%);

- 2,755 municipalities with 2,0010,000 residents (34.9%);

- 733 municipalities with 10,00%0,000 residents (9.3%);

- 97 municipalities with more than 50,000 residents (1.2%).

Figure 2.2 illustrates the geographical distribution of the abovementioned categories, while
Table 2.1 provides additional details on the largest municipalities in the centre of the
metropolitan areas and the largest provinces within these areas. Acconthisgclassification,

the regions of Molise, Aosta Valley, and Abruzzo have the highest proportion of municipalities
with fewer than 2,000 inhabitants, while Tuscany, Apulia, and EsRilienagna are
characterized by the highest percentage of municipalitiith more than 50,000 inhabitants.
Additionally, almost one in five Italians lives in a municipality with 10,000 residents,
making this category the most populous nationwide.

Among both the centres and the provinces of the metropolitan areas, Rome emerges as
the most populous, followed by Milan and Naples. In terms of land area, aside from the
municipality of Rome and its province, municipalities of Venice and Genoa rank am®ng
top three largest centres, while provinces of Turin and Palermo place among the top three
largest provinces. Concerning the number of municipalities within the province of the
metropolitan area, the provinces of Turin and Milan in the north of Italggole the province
of its capital, Rome.
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Figure 2.1. Administrative division of Italy onstJanuary 2023
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Figure 2.2. Geographical distribution of classes of municipalities defined by the Italian
National Institute of Statistics (Istat)
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Table 21. The largest municipalities and provinces of metropolitan areas in terms of
population, area covered and number of municipalities

Municipality in the centre of the
metropolitan area

Province of the metropolitan area

Population Rome Milan Naples province of province of province of
(number of (2,748,109; (1,354,196; (913,462; Rome Milan Naples
residents; % of 48.2%) 13.6%) 16.3%) (4,216,553;  (3,219,391; (2,969,571;
all regqi 73.9%) 32.4%) 53.1%)
residents)
Area (area; % of | Rome (1,285 Venice (416 Genoa province of province of province of
al | regi| km? 75%) km? 23%) (240 kmz Turin Rome Palermo
4.4%) (6,828kmz; (5,361kmz; (5,005kmz;
26.9%) 31.1%) 19.5%)
Number of N/A N/A N/A province of province of province of
municipalities Turin Milan (132; Rome (120;
(number; % of all (311; 26.4%) 8.8%) 31.7%)

regi onos
municipalities)

2.2.2. SDG3 datassources

To develop the SDG3 index, as a first step the indicators of each of the 13 SDG3 targets,
officially defined by WHO, were matched to available open data, published by Istat, Ministry
of Health, and Italian National Institute of Health (i.e., Istituto Sigperdi Sanita; ISS),

henceforth

referred

indicators with the official ones except for:
- four cases in which multiple Italian indicators were assigned to one official indicator
because the latter was specified with finer details (by age @r8up2 or by disease3.4.1),
or because it was too generic in its description (3.8.1 and 3.c.1);
- eight cases in which the official indicator (3.3.1, 3.5.2, 3.7.2, 3.8.1, 3.8.2, 3.a.1, 3.b.2,
3.c.1) was matched to a proxy, due to lack of specific available data among the Italian

indicators;

t o

as filtalian i ndi

cato

- 11 cases in which no Italian indicator was assigned to an official one (3.1.1, 3.1.2,
3.3.3,3.35,35.1,3.7.1,3.9.1, 3.9.2, 3.b.3, 3.d.1, 3.d.2) due to lack of data.
Coherently, data were available for 11 out of 13 official SDG3 targets. In Table 2.2, for each
SDGS3 target and indicator, the corresponding Italian indicator is reported, together with the
relevant source, the latest temporal update and the most depated level available.
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Table 22. SDG3 targets and indicators, together with the details of corresponding Italian indicators, when availabietel@Btional
Classification of Diseases; Istdltalian National Institute of Statistics, IS$talian National Institute of HealtiRegional data refer to 19
regions and two autonomous provinces of Bolzano and Trento.

SDG3 target SDG3 official indicator Italian indicator Data source Latgst . Spatial .
availability  granularity
3.1. Maternal 3.1.1. Maternal mortality ratio N/A N/A N/A N/A
mortality 3.1.2. Proportion of births attended by skilled N/A N/A N/A N/A
health personnel
, . 3.2.1. Mortality rate of children-8 years .
3.2, Neonatal and 3.2.1. Undeifive mortality rate old per 1,000 births Istat 2019 municipal
child mortality . 3.2.2. Neonatal (29 days old) mortality ~ Ministry of .
2.2.N I I . . 201 |
8 eonatal mortality rate rate per 10,000 live births Health 018 regiona
3n?|,n1fe(|:\]t:g] bzr Slfart]iiv: Tvslgie(;:atloen:mpderki . 3.3.1. Number of new HIV infections per ISS 2019 regional
e pop » Y S€X, ag y 1,000 residents >=15 years old g
populations
3.3.2. Tuberculosis incidence per 100,000 3.3.2. Tuberculosis incidence rate per  Ministry of 2008 geographical
3.3. Infectious population 100,000 residents Health area$
diseases 3.3.3. Malaria incidence per 1,000 population N/A N/A N/A N/A
3.3.4. Hepatitis B incidence per 100,000 3.3.4. Hepatitis B incidence rate per .
. . ISS 2022 |
population 100,000 residents regiona
3.3.5. Number of peop.le reqwnmgerventlons N/A N/A N/A N/A
against neglected tropical diseases
3.4.1(2). Mortality rate attributed to
cardiovascular diseases (ICD10: 13®) Istat 2019 municipal
per 1,000 residents
3.4. 3.4.1. Mortality rate attributed to cardiovascula 3.4.1(2). Mortality rate attributed to
Noncommunicable disease, cancer, diabetes or chronic respirator malignant neoplasms (ICD10: G@®7), Istat 2019 municipal
diseases disease per 1,000 residents
3.4.1(3). Mortality rate attributed to
diabetes mellitus (ICD10: E1B14) per Istat 2019 municipal

1,000 residents
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3.4.1(4). Mortality rate attributed to

respiratory diseases (ICD10: 3J099) per Istat 2019 municipal
1,000 residents
- . 3.4.2. Suicide mortality rate (ICD10: X60 .
3.4.2. Suicide mortality rate X84) per 1,000 residents Istat 2019 municipal
3.5.1. Coverage of treatment interventions
(pharmacological, .psychosomal and rehabilitati N/A N/A N/A N/A
and aftercare services) for substance use
3.5. Substance .
abuse disorders
3.5.2 Alcohol per c_ap_lta consumption (a_ge(_j 15 3.5.2. Residents >11 years old who regional and
years and older) within a calendar year in litres Istat 2022 category of
consume alcohol between meals (%) cT
pure alcohol municipality
3.6. Road traffic ~ 3.6.1. Death rate due to road traffic injuries 3.6.1. Mort_ahty rate in road accidents pe Istat 2021 municipal
10,000 residents
3.7.1. Proportion of women of reproductive age
(aged15-49 years) who have their need for N/A N/A N/A N/A
3.7. Sexual and  family planning satisfied with modern methods
ducti . 3.7.2(1). Mat I ific fertilit _
reproductive 3.7.2. Adolescent birth rate (aged-14 years; (1)- Maternal agspecific fertility Istat 2021 regional
health . rates pewomen 1014 years old (%)
aged 1519 years) per 1,000 women in that age e .
rou 3.7.2(2). Maternal agspecific fertility Istat 2021 regional
group rates per women 159 years old (%) 9
3.8_._1_(1). Bed_s in publlbpspltal.lsatlon Ministry of o
facilities (ordinary hospitalization) per 2021 provincial
. Health
1,000 residents
. 3.8.1(2). Pharmacies per 10,000 residen Ministry of 2021 municipal
3.8. Universal 3.8.1. Coverage of essential health services Health
health coverage T 9 3.8.1(3). Places in residential soeial
welfare andsociathealth facilities per Istat 2020 regional
100,000 residents
3.8.1(4). Antiinfluenza vaccination Ministry of 2022/2023  regional
coverage (%) Health
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3.8.2. Proportion of population with large

geographical

household expenditures on health as a share ¢ 3.8.2. Households who do not have enot Istat 2022 areaSand
. . money for health care (%) category of
total household expenditure or income coT
municipality
3.9.;. Mor.tallty rgte attributed to household ant N/A N/A N/A N/A
ambient aipollution
39 3.9.2. Mortality rate attributed to unsafe water,
T f itati lack of hygi
Environmental unsafe sanitation and. a(? 0 ygleng (exposur N/A N/A N/A N/A
health to unsafe Water, Sanitation and Hygiene for Al
(WASH) services)
3.9.3. Mortality rate attributed tanintentional 3.9.3. Mortality rate (ICBLO =X40, X43 Istat 2019 municipal
poisoning X44, X46-X49) per 1,000 residents P
3 4. Tobacco 3.a.1. Agestandardized prevalence of current 3.a.1. People=14 years old who smoke regional and
tobacco use among persons aged 15 years an . Istat 2022 category of
control cigarettes (%) ST
older municipality
3.b.1. Children obligatory vaccination
3.b.1. Proportion of the target population cover coverage (poliomyelitis, diphtheria,
by all vaccines included in their national tetanus, whooping cough, hepatitis B, ISS 2020 regional
programme hemophilus influenzae type B, measles,
mumps, rubella, chicken pox) (%)
3.b.2. Expenditure for social home care,
3.b. Medicines anc home care integrated with health service
vaccines 3.b.2. Total net official developmeassistance tc social and health vouchers, contributions -
. i i Lo Istat 2020 municipal
medical research and basic health sectors for health benefits, contributions for
mental illness, day care centers for peop
with mental distress per resident (EUR)
3.b.3. Proportion of health facilities that have a
core set of relevant essential medicines availal N/A N/A N/A N/A
and affordable on a sustainable basis
3.c. Health fé;ﬁéln)t'SSpeCIa“St practitioners per 10,0 Istat 2021 regional
financing and 3.c.1. Health worker density and distribution .
.C. . ( .
workforce 3.c.1(2). General practitioners per 10,00 Istat 2021 regional

residents
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3.c.1(3). Dentists peir0,000 residents Istat 2021 regional
3.c.1(4). Doctors in public hospitalization Ministry of o
facilities per 10,000 residents Health 2021 provincial
3.¢c.1(5). Nurses in public hospitalization Ministry of o
facilities per 10,000 residents Health 2021 provincial
3.c.1(6). Pharmacists per 10,000 resider Istat 2021 regional
3.d.1. .Internatlonal Health Regulations (IHR) N/A N/A N/A N/A
3.d. Emergency  capacity and health emergency preparedness
preparedness 3.d.2. Percentage of bloodstremfections due N/A N/A N/A N/A

to selected antimicrobiaksistant organisms

! Data available also for 2020, but ignored due to CO¥eleffect.
2 North, Centre, South, Islands.
3 Northwest, Northeast, Centre, South, Islands

42



Furthermore, the International Organization for Standardization (ISO) developed the ISO/TS
21564:2019 standard to ensure consistency and clarity in communication among stakeholders
involved in healthcare management and policymaking. Therefore, to obtaasure of the
matching quality between terminology resouncethe official and in the Italian indicatahe
ISO/TS 21564:2019 standard was applied, in which matching is defined as four possible levels
(ISO, 2023):

- 0: Exact match on semantic domain,

- 1: Fully inclusive overlap of semantic domain,

- 2: Nonrinclusive overlap of semantic domain,

- 3: No overlap.

2.2.3. SDG3 index computation

As the final goal was to obtain an SDG3 index able to describe the achievements at municipal
level, in case the data of the Italian indicators were available at a less detailed spatial level (i.e.,
provincial, regional, or in bigger areas) the same valag assigned to all the municipalities

being part of such geographical partition. In case the data were available only at regional or
bigger geographical area level, libey were separately reported for the different classes of
municipalities (see descriph in section 2.2.1), an original mathematical approach was
proposed. The value corresponding to such class was assigned as baseline to each municipality
in that class, then weighted by a coefficient calculated as follows:

OWREE 0 G NORO0E QLQN Ga QO

v
QQQQUWIRYIEeH
G (” WQEE 6 & OB O6 & QOQR Oa QO Q!

2.1

wherea is the less detailed geographical partition (i.e., regional or bigger geographical area),
andb is the more detailed geographical partition (i.e., class of municipality).

For example, for the Lazio region, the distribution of the 378 municipalities in the six
classes is: 1, 120, 121, 101, 32, 3. Assuming an ltalian indi(#taf smokers in 2022)
measuring 0.205 for the whole region, and baseline values of 0.185, 0.214, 0.188, 0.188, 0.192,
0.209 for each of the classes, respectively, the regional coefficient for Lazio is equal to:

®E QQUQUUOQQE o
& MO0 X Y (2.2)
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Accordingly, to each of the 378 municipalities in Lazio, the baseline value corresponding to its
class, weighted by 1.04, was assigned.

For each Italian indicator, once having derived the values forreadicipality, data
were normalised between 0 and 1, with O representing values related to poor health outcomes
and 1 being the best outcome.
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Regarding the calculation of scores relevant to each official indicator and target, if
multiple Italian indicators were used together for the computation of one official indicator, they
were averaged to compute the unique output, according to the ecqation

£ QRO VG @i 1D (2.3)

wheren is the total number of Italian indicators forming the official indicator.
Similarly, the score of each target was then calculated as the average of the official

indicatorsd scores included in it (equation
o &l NdE i B 2.4)

wheremis the total number of official indicators forming the SDG3 target.

To compute the final SDG3 index, as no specific guidelines for weighting are provided
by the UN, the output value was defined as the average of all the available targets (equation
2.5), an approach widely adopted in relevant literature (Guijarro and Bp28t8; Lafortune
et al., 2018), including in particular the SDSN Sustainable Development Report (Sachs et al.,
2023):

"YOINE QQ&—— (2.5)

wherel is the total number of SDG3 targets.

As a result, the final index can range from 0 to 1, with higher values corresponding to
a greater fulfilment of the SDG3 targets in the corresponding municipalityw®hdlow of
the index computation is graphically summarized in Figure 2.3.
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Figure 2.3. Workflow of SDG3 index computation for the Italian municipalities

Assigning values of each
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— data at municipal level:
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geographical area level:

each municipality -> the value
based on its class, multiplied by
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geogrpahical area (as defined in
section 2.3 - equation 1)

average of the official
indicators

Final SDG3 index defined
as the average of the targets

Ranking of Italian indicators:
0 -> poor health outcomes,
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of all Italian indicators
Each target defined as the
—

Each official indicator defined
as the average of the Italian
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Considering the hierarchical structuretioé proposed SDG3 index, the contribution of each i

th Italian indicator to the final index can be defined as follows:

whereN is the number of Italian indicators in tkerresponding-th official indicator M is the
number of official indicators in theorrespondinds-th official target andL is the total number

. p_p
U pp i %5
hh U U §)

of targets covered by available Italian data.
Consequently, the weight of each official indicator (covered by at least one Italian
indicator, otherwise its weight is zero) included in the SDG3 index can be calculated by the

following formula:

. P
U ~ %%
h §) V)

and the weight of each targebfered by at least one Italian indicator, otherwise its weight is
zerg can be expressed by the equation below:

. P
V) ~
U

Accordingly, these formulas allow to calculate the relative contributions of national
indicators, official indicators, and targets when applying the framework to other countries, with

varying data availability.

2.2.4. Statistical analysis and visualization

To analyse the characteristics of the indicators and the final index, data were summarised using

descriptive statistics, i.e., mean, populatieeighted mean, standard deviation, minimunt! 25
percentile, median, "percentile, maximum. Additionally, the Kolmogor@mirnov test was
to

applied

evaluate whet her

the final

ndex

Subsequently, KruskidWallis test with Bonferroni correction was performed to determine if
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the final index for all regions, and for all provinces within each region, originated from the
same distributions.

The legends on the maps describing quantitative outcomes were generated using the
guantile method, ensuring an equal distribution of municipalities across each class, with a total
of five or 10 classes set arbitrarily. In case this method led to a pamiigation due to the
valuesd distribution, the Jenks natur al bre
technique classifies data minimizing the variance within categories and maximizing the
variance between categories, and a total number of aiitheror 10 classes was applied,
arbitrarily selected to optimize the visualization. Values displayed on the legends were rounded
to three decimal places, or, when the difference in values of the subsequent classes was <0.001,
to four.

To analyse the clustering tendency of the final SDG3 index, and of the three targets
composed entirely of the Italian indicators with original data provided directly at municipal
level, Moran's Index (both global and local), with queen contiguity methetis(énd Aldstadt,
2004) wused to define neighbours, was applie
overall tendency to cluster by measuring the correlation coefficient between the variable values
in each municipality and its neighbours. Thigtistic corresponds to the slope of the ordinary
least squares (OLS) line fitted to the normalized scatterplot depicting the relationship between
the variable values in each municipality and the mean value of its neighbours. Significance (at
level equal t00.05) was determined using the pseudeajue derived from Monte Carlo
simulation, with a default value of 999 permutations (equation 2.6).

AiQoQd oo e (2.6)

To analyse local dependencies, Local Indicators of Spatial Autocorrelation (LISA) clusters
were derived fromthe ocal version of Moranés | and mapp
value in each municipality onthexx i s and t he mean of datss nei g
can be divided into four quadrants by drawing a horizontal and a vertical line coxtggpto
the mean values for each axis. Quadrants define the following clusters:

- top right corner, higthigh (HH) cluster, where the municipality with high variable
value is surrounded by municipalities with high mean of the values;

- bottom right corner, higfow (HL) cluster, where the municipality with high variable
value is surrounded by municipalities with low mean of the values;

- bottom left corner, lowow (LL) cluster, where the municipality with low variable
value is surrounded by municipalities with low mean of the values;

- top left corner, lowhigh (LH) cluster, where the municipality with low variable value
is surrounded by municipalities with high mean of the values.
Also in this case, the Monte Carlo simulation was used to assess the significance of
observations. I n each permutation for | ocal
assessed for significance remained fixed while all other values were shSifi@thr to the
global version, the pseudevalue was calculated according to equation 2.6.
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2.3. Results

The SDG3 index was calculated for the Italian municipalities existing afthanliary 2023,

excluding Misiliscemi in Sicily region, formerly part of Trapani municipality, as the
computation of indicator values was impossible for such municipality created by

di saggregating a cityods distridforatotdlbofée0ef or e,
municipalities.

2.3.1. Mapping between SDG3 official indicators and Italian indicators

Based on the ISO/T31564:2019, the results of the matching quality were the following: for
11 of the 28 official SDG3 indicators, no corresponding Italian indicator was found (level 3),
as presented in Table 2.2. For the remaining 17 official indicators, 29 Italian insliosgo
matched, of which 11 represented the exact match on semantic domain (quality level 0), while
nine indicators were assigned a quality level of 1, and nine indicators a quality level of 2. The
resulting quality of the matching process for each Italaticator to each SDG3 official
indicator, based on ISO/TS 21564:2019, is summarized in Figure 2.4.

Figure 24. ISO/TS 21564:2019 measures of the quality of matching (represented by the
colours where 0 is the best and 3 is the worst) of each Italian indicator included in the
computation for each of the 28 official SDG3 indicators, here summarized in the 13 SDG3
targets.
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A description of the basistatistical properties of the raw values (i.e., values assigned to each
municipality, as described the first black box in Figure 2.3) for the 29 Italian indicatas

well as relative weight of each Italian indicator, official indicator, and target in the final SDG3
index,is summarized in Table A2.1 ikppendix while the median, 25 and 7% percentile of

the raw values of selected Italian indicators, is reported in Tabl€@r3idering the 29 Italian
indicators, their contribution to the final SDG3 index varied from 1/88 (1.14%) for all the
national indicators forming official indicators 3.4atd 3.8.1, to 1/11 (9.09%) for Italian

indicators covering 3.5.2, 3.6.1, 3.9.3 and 3.a.1. Regarding the official indicators, covered by
Italian data, their weight ranged from 1/33 (3.03%) for indicators in t@&@etinfectious
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diseasedo 1/11 (9.09%) for indicators in targeis. Substance abus8.6. Road traffig 3.7.

Sexual and reproductive healtB.9. Environmental health3.a. Tobacco contrgland 3.c.

Health financing and workforceEach target score contributed by 1/11 (9.09%) to the final
SDG3 index for Italy.The distribution of allthe Italian indicators after normalization and
ranking, as described in section 2.2.3 (i.e., value 0 corresponding to the poorest health
performance, and valueilto the best performanceand of the SDG3 targets (calculated
according to equation 2.4 in section 2.2.3), is graphically presented in Figure 2.5, as boxplots
of the values obtained for 7,900 municipalities.

The maximum value exceeded the value of th& @Brcentile by one order of
magnitude in four indicators (the number of pharmacies (indicator 3.8.1(2) in Figure 2.5),
municipality expenditure for health services (3.b.2), mortality due to diabetes mellitus (3.4.1
(3)), and mortality for respiratory disses (3.4.1(4))), relevant to 56 unique municipalities, all
with less than 4,000 residents. This characteristic is illustrated in Figure 2.5 (top panel) by a
narrow interquartile range and a large number of outliers, represented by dots.

When consideringnfectious diseasgsarget 3.3), the lowest values were achieved by
hepatitis B (median incidence 0.189 infections per 100,000 residents; indicator 3.3.4 in Figure
2.5), followed by HIV (3.86or indicator 3.3.1), with both indicators available at regional level.
Tuberculosis instead had the highest incidence among the analysed diseases (10.8 for indicator
3.3.2), but data were only available for muégional aggregations (into four geograyathi
areas) and not recently updated (2008); consequently, its boxplot is characterised by the largest
interquartile range among all the Italian indicators.

With regards toNoncommunicable diseasg@arget 3.4) whose data were accessible at
municipal level, suicide reached the lowest median value (<0.1 per 1,000 residents; indicator
3.4.2 in Figure 2.5), followed by diabetes mellitus (0.205 for 3.4.1(3)), respiratory diseases
(0.785 for 3.4.1(4)), mlignant neoplasms (2.70 for 3.4.1(2)), and cardiovascular diseases (3.80
for 3.4.1(1)). As the interquartile range of all indicators of this target was relatively narrow,
with a high number of outliers, these chaesistics are also reflected in the boxplot for the
SDG3 targets (bottom panel of Figure 2.5).

For target 3.c.Health financing and workforge at regional level, the number of
specialists resulted in the highest median value (31.27 per 10,000 residents; indicator 3.c.1(1)
in Figure 2.5), followed by pharmacists (13.05 for 3.c.1(6)), dentists (8.35 for 3.c.1(3)) and
general practitioners (8.Gar 3.c.1(2)). The minimum number of specialists (24.2 per 10,000
residents) was also much higher than the other three groups, characterised by a minimum of
6.0 pharmacists, 5.71 dentists and 6.07 generatifiwaers. When considering the staff of
public hospitals, a median value of 16.04 doctors (indicator 3.c.1(4)) and 23.24 nurses
(indicator 3.c.1(5)) per 10,000 inhabitants at the provincial level was obtained.

The characteristics of indicatorsdé distri
target (bottom panel of Figure 2.5), defined as the average of the indicator scores. In particular,
four targets (i.e., 3.4, 3.6, 3.9, 3.b) show relatively narraerguartile ranges and a large
number of outliers, with the first three composed entirely of mortality rates provided at
municipal level. Of all 11 normalised and ranked targets, only four (i.e., 3.3, 3.8, 3.b, 3.c) had
a median below 0.5, with the lowesedian of 0.59 (target 3.5) among the remaining targets.
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Table 23. Median (29" i 75" percentile) of raw values (i.e., values assigned to each
municipality, as described in the first black box in Figure 2.3) of selected Italian indicators

Italian indicator

Median (2%'1 75" percentile)

3.3.1HIV infections (per 1,000 residents)

3.3.2 Tuberculosis incidence rate (per 100,000 residents)

3.3.4 Hepatitis B incidence rate (per 100,000 residents)

3.4.1(1) Mortality ratecardiovascular diseases (per 1,000 residents)
3.4.1(2) Mortality rate: malignant neoplasms (per 1,000 residents)
3.4.1(3) Mortality rate: diabetes mellitus (per 1,000 residents)
3.4.1(4) Mortality rate: respiratory diseases (per 1,000 residents)
3.4.2 Suicide mortality rate (per 1,000 residents)

3.8.1(2) Pharmacies (per 10,000 residents)

3.b.2 Municipality expenditure for health services (per resident) (EUR
3.c.1(1) Specialist practitioners per (10,000 residents)

3.c.1(2) General practitioners (per 10,000 residents)

3.c.1(3) Dentists (per 10,008sidents)

3.c.1(4) Doctors in public hospitalization facilities (per 10,000 resident
3.c.1(5) Nurses in public hospitalization facilities (per 10,000 resident:
3.c.1(6)Pharmacists (per 10,000 residents)

Figure 2.5. Top panelBoxplots of the considered 29 Italian indicators after normalization and
ranking, as described in section 2.2.3. Bottom panel: Boxplots of the 11 SDG3 targets (i.e., the

0.039 (0.032 0.064)
10.80 (2.60 10.80)
0.189 (0.079 0.191)
3.80 (2.59 5.37)
2.70 (1.89' 3.58)
0.205 (0.00G 0.533)
0.785 (0.277 1.286)
0.000 (0.00G 0.000)
4.16 (2.801 8.14)
11.70 (5.32 21.48)
31.27 (29.37 34.81)
8.01 (7.51i 8.63)
8.35 (8.25 8.73)
16.04 (12.70 18.64)
23.24 (10.83 31.47)
13.05 (12.46 15.85)

average of official indicators as described in equation 2.4 in section 2.2.3).
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2.3.2. SDG3 index for Italian municipalities
The values of the final i ndex, i . e. , t he ave

to 0.81. The lowest value was reached by Terragnolo in the province of Trento (FAdidino
Adige/Sudtirol region), with a population of 707, and the bgilby Girasole in the province

of Nuoro (Sardinia region) with a population of 1,350. The median value of the index was
0.697 (29-75" percentiles = 0.6810.719). When considering classes of municipalities (as
described in section 2.2.1), the highestdian was achieved by municipalities in the centre of
the metropolitan area (0.709), not much higher compared to those with up to 2,000 residents
(0.707), followed by those between 10,001 and 50,000 inhabitants (0.698), municipalities in
the province offte centres of the metropolitan areas (0.691), municipalities between 2,001 and
10,000 inhabitants (0.690), while the lowest score was achieved by those with a population of
more than 50,000 (0.683). In particular, among municipalities at the centrenoétitugolitan

area, the highest score was obtained by Cagliari, Sardinia (0.785), then Turin, Piedmont
(0.729), followed by Florence, Tuscany (0.726). The computed final index for each
municipality is visualized as colowoded information in Figure 2.6 end of categories
obtained with quantiles method) for the whole country, and in Figure A2.1 for each region
separately.
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Figure 2.6. Final SDG3 index computed for all the 7,900 Italian municipalities
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At the regional level, the highegbpulationweighted mean of the SDG3 index was obtained

for Sardinia (0.775), Molise (0.737) and Piedmont (0.721), while the lowest for the autonomous
province of Trento (0.635), the autonomous province of Bolzano (0.637), and Sicily (0.667).

The sameorde was al so reflected in the distribut
highest maxmin range within the same region was noted for Piedmont (0.154), Marche (0.131)

and Abruzzo (0.092). In general, municipalities located in the central, far Northedsfar

Northwest regions of Italy reached relatively high values. The boxplots of the SDG3 index at
regional level are plotted in Figure 2.7.
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Figure 2.7. Boxplots of the SDG3 index in the Italian regions. The width of the boxplot is
represented as proportional to the resident population.
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Italian territory, with a value of gMI=0.91 against the expected glB*10“. Concerning the

three targets with municipal granularity (i.e., 3.4, 3.6, 3.9), the outcome was significant only

for target 3.4Noncommunicable diseassBowing a small tendency to cluster (gMI=0.16).

The four types of spatial autocorrelation de
index and for target 3.4 are plotted iigle 2.8.
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Scores of single targets are presented in Figure2.219 Based on the geographical
distribution of the resulting values of the 11 SDG3 targets, it was possible to identify three
groups:

1) G1- high scores in northern municipalities, low scores in southern municipalities: 3.7
Sexual and reproductive healtB.8 Universal health coverage3.h Medicines and
vaccines

2) G2-low scores in northermunicipalities, high scores in southern municipalities: 3.3
Infectious disease8.5 Substance abuse

3) G3 - no clear geographical trend: 3.Neonatal and child mortality 3.4
Noncommunicable diseas&s6 Road traffic 3.9 Environmental health3.a Tobacco
control, 3.c Health financing and workforce

Figure 29.SDG3 targetsd scores for 7,900 Italian
municipalities scores are high and southern municipalities scores are low
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Figure 210.SDG3 targetso6 scores for 7,900 Italian
municipalities scores are low and southern municipalities scores are high
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Figure 211. SDG3 targetsd scores for 7,900 Italian
geographical trend emerges. For targetsRBoad traffic and 3.9Environmental healthJenks

natural breaks method was used to optimize the visualization; fOE@v@onmental health

nine classes instead of 10 were used to optimize the categorization.
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3.4. Noncommunicable diseases 3.a. Tobacco control 3.c. Health financing and workforce
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At municipal | evel, the standard deviation o
Colle (Piedmont region) to 0.391 in Bresimo (Trent&lto Adige/Sadtirol region). The
standard deviation for each Italian municipality is plotted in Figut2.2.

Figure212St andard deviation across all targetso
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Both the final SDG3 index and the target scores resulted not normally distributed. Therefore,
the municipal scores across regions, and across provinces in the same region, were statistically
compared using the Krusk&Vallis test. The municipal scores réed differently distributed
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across regions with statistical significance, both for single targets and for the final index. The
analysis of spatial patterns across provinces within each region was limited to the final SDG3
index, as the geographical granularity of the data hinderedatfalysis of each target
separately. The only regions where the distribution of municipal index did not vary among
provinces are Trentindlto Adige/Sudtirol and Abruzzo.

2.3.3. SDG3 index and cardiovascular mortality in Milan, Italy

As the forthcoming chapters of this thesis will centre on Milan, Italy, this section aims to
contextualize Milands performance within th
vulnerability and in particular CV vulnerability of its residents. Thexefdhe following
paragraphs provide an overview of Milan's position in the SDG3 index, specifically focusing
on indicator 3.4.1(1Mortality rate: cardiovascular diseases (per 1,000 residents).

Milan SDG3 index is equal to 0.702, with 3,575 municipalities (i.e., 45.25% of all
considered Italian municipalities) achieving a better performance, and 4,324 (54.73%)
characterized by a lower score. Milan rank&agong 12 municipalities in the centre of the
metropolitan area, so ranked its province among other provinces of the metropolitan areas,
while the Lombardy region, in which Milan is located, placetl &%ong all the 20 regions of
Italy. As previously illustrated in Figure 2.8, Milan is in hitpw LISA cluster, meaning that
it achieved a high SDG3 score, but it is surrounded by municipalities with low scores. Figure
2.13 provides a zoomed view of the SDG3 index values for the Lombardy region, with the
boundaries of Mi ltsgprodnse cimarlyhymakedp al i ty and

Figure 2.13. Final SDG3 index computed for all the 7,900 Italian municipalities, with a focus
on the Lombardy region
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In particular, regarding the indicator 3.4.1(Mortality rate: cardiovascular diseases (per
1,000 residents¥pr better interpretation, the following analyses will refer to its raw number,
not normalized between O and 1. As highlighted in section 2.3.1, among all the non
communicable diseases included in indicator 3Mdrtality rate attributed to cardiovascular
disease, cancer, diabetes or chronic respiratory dise@semortality rate reached the highest
median. The Italian median CV mortality rate was 3.80 per 1,000 residents, with the highest
median equal to 4.31 CV deaths per 1,000 residents reacheddnyalest municipalities (i.e.,

those with less than 2,000 residents), and with the lowest median of 3.42 reached by
municipalities in the provinces of the metropolitan areas, as shown in detail in Table 2.4.
Municipalities in the centre of the metropotitarea were characterised by the lowest standard
deviation of the values, equal to 0.5, reaching the highest value of'tipe2%ntile among all

the classes (i.e., 3.47 CV deaths per 1,000 residents), and the loWestr@@ntile (i.e., 4.09

CV deathsper 1,000 residents). As indicated by Kolmoge8mirnov test, mortality rate
attributed to CV diseases was not normally distributed in any of the municipality class and,
according to th&ruskal Wallis testthe distributions were different among them.

Table 24. Mortality rate attributed to cardiovascular diseases (International Classification of
Diseases code: 10@9) per 1,000 residents
Standard . 25" 75"

Municipality class Mean . Min . Median . Max
deviation percentile percentile

Municipalities in
the centre of the 3.82 0.5 3.11 3.47 3.79 4.09 4.87
metropolitan area
Province of the

. 3.78 2.28 0 2.55 3.42 457 20.2
metropolitan area
<= 2,000 residents 4.84 3.95 0 2.14 4.31 6.84 36.53
2’0.01| 10,000 3.99 1.76 0 2.77 3.82 4.96 22.76
residents
10,00150,000 3.50 1.02 0 2.79 3.47 4.16 7.25
residents
> 50,001 residents 3.72 0.64 1.91 3.38 3.71 412 5.41

Specifically, CV mortality in Milan reached 3.11 deaths per 1,000 residents, placing Milan in

the second quartile, at 8%ercentile, among all 7,900 municipalities in respect to the lowest

CV mortality rate, with 2,769 municipalities characterized by a lower rate. Milan had the lowest

CV mortality rate among all the municipalities in the centre of metropolitan area. However

Mil ands province, with a median rate of 2.86
the province of Cagliari, which had a lower median rate of 1.90 CV deaths per 1,000 residents.

At the regional level, Lombardy had a median CV mortality rat@.88 deaths per 1,000
residents, making it the thidowe st among |1t al y 6 s -AltoeAdigeo n s , f
(median rate of 2.53 deaths per 1,000 residents) and Valle d'Aosta (median rate of 2.71 deaths
per 1,000 residents). The spatial distributio®©¥ mortality rates is illustrated in Figure 2.14,
which zooms in on the Lombardy region and hi
and its province.
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Figure 2.14. (a) CV mortality rate (per 1,000 residents) computed for all the 7,900 Italian

municipalities, (b) with a focus on the Lombardy region
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The gMI for CV mortality rates indicated a slight tendency for clustering within Italy, with a

gMl value of 0.20 (expected gMI-% . 3

1 Ovalue) 0.@5nTthe LESA plusters derived

from the IMI for CV mortality rates are presented in Figure 2Mifan is located in a lowow
cluster, indicating that both the municipality of Milan and its surrounding municipalities

exhibited relatively low CV mortality rates.

Figure 2.15. (a) LISA clusters for CV mortality rate for all the 7,900 Italian municipalities, (b)
with a focus on the Lombardy region
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2.4. Discussion

In this study, a health vulnerability indéased on SDGB Ensure healthy lives and promote
well-being for all at all ageswas developed and applied at the granularity of the 7,900 Italian
municipalities. To do so, open data relevant to 29 Italian indicators at either municipal,
provincial, regimal, populatiorbased municipality class, and geographic area level were
utilized, to be matched to 11 out of the 13 SDG3 targets, those for which open data were
available. To the best of our knowledge, this is the first attempt to provide an SDG3 index at
the municipal level for a whole country, using a standardised measure to assess the quality of
the matching between officially defined indicators and available equivalents.

The scores for each municipality were calculated separately for the 11 SDG3 targets
(eventually averaging the corresponding Italian indicators if multiple), and their average
generated the final SDG3 index. In case of insufficient spatial granularitgpgteach was to
assign to each municipality the value of the corresponding lower available geographical level.
Alternatively, if raw values were provided on two geographical levels, a multiplication factor
was proposed to downscale the available datasiitgple statistical calculation enables
extension also in cases where data are reported with more than two different granularities.

As the available data were sometimes approximative, the quality of the matching
between the Italian and the official indicators was assessed using a common ISO standard, thus
exploring the quality of national indices on the base of internationally indicatelelines.

This evaluation revealed that, even eight years after the adoption of the SDGs, a significant
effort still needs to be made by the Italian institutions to properly provide information about all
the SDG3 indicators, in particular at municipaiel.

The statistical properties of the resulting indicators varied significantly and,
consequently, the geographical distribution of the scores relevant to the SDG3 targets was
heterogeneous, possibly described by three groups. Additionally, the proposeSCiBal
index showed a tendency to cluster. However, it may indicate a bias in the results, likely due
to the heterogeneity of data granularity. In general, the computed SDG3 index values indicated
that municipalities in the central portion of Italy are clktedased by a relatively good
ful fil ment o f SDG3. The significant di ffer e
provinces of the same region, emphasized the need to conduct the SDGs analyses at a detailed
geographical level.

Originally, the establishment of SDGs was driven by the objective of ending
deprivations, along with improving health and education, and fostering economic growth, with
a particular attention to the challenges of ongoing climate change (UN, 2023). UWpdimgd
the SDGs, researchers identified issues with indicator relevance (Hak et al., 2016; Rickels et
al., 2016), stating that out of the 169 targets which outline the 17 SDGs, 91 required further
specification (Lu et al., 2015). Coherently, different tetions were encountered when
creating the SDG3 index for Italy, including the following.

- Definition issues: It was unclear for two targets (RI8iversal health coveragand
3.c.Health financing and workforg¢avhat information should be taken into account, and hence
the indicators were selected mostly based on the availability of relevant data sources. However,
this can be partly explained considering that the SDGs were created for all UN member states,
that ae currently at different stages of development, without specifically identifying which
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health services would need to be considered essential worldwide. The rest of the SDG3 targets
are instead sufficiently well described by the official indicators, and they cover both the supply
of health services (e.g., beds in hospitalization facilitieplmarmacies) and the expected
demand for them (e.g., by monitoring smoking prevalence or the spread of infectious diseases).

- Spatial representativeness and information robustness: When gathering data for
specific indicators, especially regarding mortality in developed countries, information is
accessible through compulsory hospital record registration or administrative pes;edich
also facilitate the collection of data at a municipal level. However, the process is more complex
for other indicators. For instance, considering 3.8ldrtality rate attributed to household and
ambient air pollution such a cause of death i®tnstandardised in the International
Classification of Diseasd#CD). In addition, it should be noted that sedported data present
a range of challenges, notably with regard to their accuracy. While classifying oneself as a
Asmoker 6s noork efrmboncan be si mpl e, evaluating wh
asignf i cant portion of overal/l expenditureso i
typically precisely catalogued by their members, introducing a measurement bias; also, no
definition o f Asignificant portiono is given. Anot
SDGs indicators at the municipal level, such as hospital bed capacity, may not be practical. To
address this problem, a possible solution is to implement a gravity rdedigned to estimate
the flow of goods or services between two or multiple locations, to assess the accessibility of
the service based on physical distance (Shi et al., 2022; Ge et al., 2021; Delgado et al., 2022),
or to use data provided directly at avier granularity, which is the solution implemented in
this study.

- Fluidity of the goals: The UN draws attention directly towards this issue, with each
goal being linked to the others, considering both synergies andaffsdemongst them, a topic
that is furtherly discussed in the literature (Pradhan et al., 201gg<zet al., 2017; Bennich et
al., 2020; Wu et al., 2022 Alcamo et al., 2020; Scharlemann et al., 2020). The SDG3 shows
positive interactions with the vast majority of goals worldwide, in particular with SD&A
poverty, SDG5 Gender equality, SDG6Clean water and sanitation, and SDGIReduced
inequalities (Pradhan et al., 2017; Scharlemann et al., 2020). On the other hand, in Italy, SDG3
shows a major tradeff with SDG8- Decent work and economic growth, a relationship that
was also found, amongheers, in the United States, Spain and Sweden (Pradhan et al., 2017).
While some trad®ffs have been previously reported among different SDGs, no similar issues
have been identified within single goals.

- Quantitative measurement: Out of the 13 officially defined targets of SDG3, a precise
guantitative objective is formulated for only two of them, 38%.2030, reduce the global
maternal mortality ratio to less than 70 per 100,000 live birtasd 3.2.By 2030, end
preventable deaths of newborns and children under 5 years of age, with all countries aiming
to reduce neonatal mortality and und@rmortality to, at least, as low as 12 per 1000 live
births and 25 per 1000 live birthgespectively, thus prowvilg a quantitative reference
measur e. For the remaining goal s, i nstead,
Ai ncreaseo, Astrengthenod or Aguarantee acce
numerical outcomes. This same issue has besrtifd with reference to other objectives as
well (Kubiszewski et al., 2022; Biermann et al., 2017; Mustajoki et al., 2022), which, again,
can be partly explained by the global perspective of the SDGs. Under such circumstances,

60



rather than an index measuring indicators at a specific point in time, periodic changes in scores
could be considered, an approach that, however, is at present hindered for municipal data
available for Italian indicators by their temporal heterogeneitycesR018, Istat has released
yearly reports on all SDGs (yet not at the level of municipalities), which enables periodic
monitoring of the progress towards them in Italy. Nonetheless, there is a need to locally
benchmark the targets (Swain and Rangana@fil,; GilesCorti et al., 2020; Thomas et al.,
2021), allowing the assessment of how far individual cities are from achieving concrete results,
instead of a simple citgpecific comparison of progress over time.

2.4.1. Comparison of the Italian results with literature

Since the establishment of the SD@®arious studies were conducted to measure progress
towards SDG3 (or its single targets/indicators), mostly focusing on wide national or
international geographical areas, such as OECD countries (Braithwaite et al., 2020), least
developed Asian countries (B@iana et al., 2021) Souftsia and SukSaharan Africa (Nwani

and Ujah, 2023) or Latin America (Sanhueza et al., 2021). In particular for Italy, one study
discussed the statd-the-art in SDGs index development (Richiedei and Pezzagno, 2022),
while anotler one analysed the contribution of the Italian National Healthcare System to the
achievement of SDG3 (Pizzi et al.,, 2020). Additionally, six studies were published that
developed and proposed national SDGs indices, including SDG3, with four of themrayovid

it for the capital <cities of each province (
et al., 2020; Farnia et al. 2019), while the
2021) or macrearea scale (Dello Strologo et al., 2021).

Focusing on single indicators that constitute SDG3 targets, five papers in which they
are explicitly defined are available, with each of them covering different sets. The smallest one
accounted for five indicators only (life expectancy at birth, life etqreay at 65 years old, road
traffic deaths and injuries, suicide mortal
among which three were identical to those officially defined for SDG3. Two other studies
accounted for one additional indicator: matiarate (Cavalli et al., 2020), aligned with the
official 3.4.1 indicator (mortality rates associated with {tommunicable diseases such as
cardiovascular diseases, cancer, diabetes, or chronic respiratory diseases), and support to
elderly people (Farniat al., 2019), not included in official SDG3 indicators. The above papers
only included officially reported data, without any sedported information. A single study
(Dello Strologo et al., 2021), comparing the performance of Italy and Spain on-ar@aro
divisions, defined SDG3 as a set of nine indicators, either corresponding to or proxying the
following targets: 3.3Infectious disease$.4.Noncommunicable disease&s6.Road traffic
3.8.Universal health coverag®.9.Environmental health Fi nal |y, one study
2021) has matched 28 Italian indicators to 11 official targets, thus closely aligning with the
approach presented in this study. The main difference from this work is the geographical
granularity, as the reference comgs andeports the results at the regional level, while this
study aimed at a municipal granularity that was never reported before. Additionally, compared
to the stateof-art, a broader set of indicators was utilized, and the matching quality of indicators
was &sessed through an official standard (ISO/TS 21564).
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With regards to the spatial perspective,
al., 2019), with a large difference in the number of indicators included, generated maps for
SDGS3 scores. Interestingly, despite all indicators are referred to the 268 Substantial
discrepancies could be observed in the geographical distribution of the performance scores
reported for single targets, in particular internally to the northern regions (i.e., Piedmont,
TrentincAlto Adige/Sudtirol and Liguria). Similar edence emerges from our study (as also
graphically represented in Figures29 1 1) , with the standard de
exceeding 0.3 for selected northern municipalities. Also, for two of the three targets resulting
higher in the northern muripalities (3.7 Sexual and reproductive healtnd 3.bMedicines
and vaccinek those in Piedmont region were characterised by lower scores, despite this area
had one of the highest median final SDG3 index score. Moreover, a previous mapping of the
resuts at the provincial level (Farnia et al., 2019) revealed important score variations within
regions, in agreement with our study, as confirmed by the statistical tests conducted on the
SDG3 index. This strong spatial variability strengthens the neechttucbSDG3 analyses at
a more detailed geographic level. Nonetheless, some clear trends also emerged from both the
geographical analyses previously reported: the central areas of Italy demonstrated relatively
strong performance for the final SDG3 indicatehile the south achieved the lowest scores.
Once again, our results are in line and confirm these findings.

Several studies have quantitatively assessed the differences in various health, social,
and economic indicators across lItalian regions, particularly focusing on the $tarth gap
(Santana et al., 2020; Toth, 2014; Lynn, 2010; Mangano, 2010; Betti 2028, Bosa et al.,

2021). Notably, since the 1990s, the Italian National Health Service has been regionalized,
which potentially contributes to the spatial differences in SDG3 scores. A previous study
determined that this regionalization has further watkthe already existing NorBouth gap

in terms of residentsé6é satisfaction with rec
and regional healthcare deficits (Toth, 2014). Additionally, another study on Italian data found

a significant correldon (r=0.936) between intelligence quotient (1Q) and geographical latitude,
suggesting genetic admixture with populations that immigrated from the Near East and North
Africa as a possible cause (Lynn, 2010). Furthermore, regional 1Q showed a significant
negative correlation with infant mortality and a positive correlation with income level (Lynn,
2010). The financial dimension has also been identified as a factor influencing regional
inequalities in actual versus necessary spending on healthcare (Ma@@afp, Southern,

poorer regions are favoured in terms of publicly paid pharmaceuticals and medical visits, while
Northern, richer regions benefit more in terms of residential and hospital care (Mangano,
2010). Beyond the NortBouth gap in the health sect@ recent study also highlighted
considerable differences among regions in the Northeast, Northwest, and centre of Italy within
prevention, community health services, and hospital areas (Betti et al., 2023), which aligns
with our results. Besides the regalization of the public health system, the COVID
pandemic was also cited as a possible cause of these disparities (Betti et al., 2023; Bosa et al.,
2021).

Therefore, the existing spatial disparities in economic, social, and educational factors,
along with the regionalization of the national health system, can be identified as the main
drivers of the spatial differences in SDG3 targets found in this studgpiteeconsiderable
policy efforts towards SDGs achievement, which encompass, among others, accounting for the
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SDGs in the national budget document, issuing an official governmental statement endorsing
the implementation of the SDGs, and formulation of a lead government unit for the
coordination and implementation of the SDGs across ministries (Sachs et al.,tR6&8)s

still an important need for regional policy coordination.

2.4.2. Municipal SDG3 as an urban health index

Several urban health indices, not based on SDG3, have been developed since thé early 20
century (Pineo et al., 2018a; Luo et al., 2022; Lima et al., 2022; Kéks & Malgvist, 2021;
Rothenberg et al., 2014; Coles et al, 2017; Pampalon et al., 2010; Takano & Nakamura, 2001;
Costa et al., 2019; Sadler et al., 2019; Jiang et al., 2018; Yanuar21#®; Oliveira et al.,

2019, Ogojiaku et al., 2020; Ho et al., 2019; Maclagan et al., 2014; Pineo et al., 2018b; Delaney
et al., 2018; Yan et al., 2021; Reming&tral., 2015 Green et al., 2018; Marek et al., 2021).

A variety of topics were addressed, including oral health, child health, and distinguishing
between health indicators and health determinants. To understand the underlying health
components, diverset¢hniques were used, including principal component or factor analysis,
regression, expert opinions, or entropy, while only a small fraction of studies utilized the
arithmetic mean of the indicators. For SDG3 index, a complex data processing approach was
not necesary, as the indicators were qiefined, thereby making equal weighting appropriate.
This approach might, however, hinder results reliability in countries where a consistent
variability characterizes the distribution of the indicators composing a sege¢, & emerged

for Italy. Also, theapproach of equal weighting inherently penalizes health indicators for which
there is an abundance of national data, as their contributimeakenedoy the averaging
process. Similarly, it equalizes the contribution of targets with numerous indicators and those
with only a single indicator. Aus, his methodology is justifiable only under the assumption
that the number of indicatonscludedin each targetioes not reflect the relative importance of
healthaimswithin the framework of Agenda 2030

Among the previously developed health indices, none considered the existing limits
imposed by the regulations in a quantitative perspective, such as the numerical distance of
pollution concentration from air quality thresholds. Similarly, the SDG3 targets
characterised by the lack of quantitatively defined objectives. Therefore, an index based on
SDG3 can only be used for comparison among geographical units, but it is not representative
of the distance from the actual fulfilment of SDG3 objectives.

The aforementioned indices were predominantly developed for individual
cities/counties, with the purpose of providing a comprehensive overview of the overall health
status. Alternatively, when they were computed on entire countries, they only included majo
cities, selected municipalities, provinces, or a few categories based on population size. Two
studies only considered official geographic units more detailed than municipality level, namely
meshblock in New Zealand (Marek et al., 2021) or lower layegrsoqtput areas in the United
Kingdom (Green et al.,, 2018). Although such analyses used official administrative
subdivisions, they were affected by the modifiable areal unit problem (MAUP), a significant
possible source of bias (Schuurman et al., 2007k iBue also emerged in our work, with
some of the indicators having a maximum value considerably higher than"tpercgntile,
mostly due to rates resulting in municipalities with a very small number of inhabitants. Also,
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certain healtirelated data, such as hospital bed capacity or the number of medical specialists,
should be considered at a less detailed geographical level or be weighted with a gravity model,
even if the data are available at the municipal level, asrfezning is lost with a high spatial
granularity.

Previous studies have repeatedly identified a lack of national coverage at a more
detailed level as a limitation, further highlighted by the possible variation in relationships
among urban, village, and rural areas. In this work, only 10 out of 29 indicadald be
inferred by data sources provided at municipal level; as a consequence, it is not surprising that
the Morands | indicated a tendency to cl usH
provincial or regional borders, as can be observed uwr&i@.8. This conclusion is corroborated
by the fact that no correspondence with administrative boundaries can be observed for
indicators inferred from data that are fully provided at municipal scale. Another common
limitation of the abovementioned urbahealth indices, potentially overcame by SDG3 index,
is the impossibility to validate the results, with over half of them not being evaluated against
any official health data. In contrast, an SDG3 index, as the one developed in this study,
represents a watlide standardized measure of health status and, as such, could potentially be
set as the gold standard to validate other health indices, thus enabling a more comprehensive
analysis of national health interdependencies.

2.4.3. Limitations and conclusions

To the best of our knowledge, this is the first attempt to propose a reproducible SDG3 index
based on open data, computed at the municipal level, covering the whole territory of a country,
specifically Italy in this study case. This index enlightened disgs in Italy's current
sustainable health status, representing the underlying health vulnerability of the residents, thus
potentially enabling local policymakers to use it to comparatively evaluate the territorial
performance in terms of adoption of poés towards the fulfilment of SDG3 goals, and to
identify areas that require substantial action. This analysis revealed that the central, far
Northeast, and far Northwest parts of Italy were characterised by an overall good SDG3
performance, in contrasb the southern parts of the country; however, the results varied
depending on the target. Considering the city of Milan in particular, that will represent an
applicative case study in further chapters of this thesis, it placed in the middle of all Italian
municipalities in SDG3 index, while it was characterised by relatively better performance in
terms of CV mortality.

We highlighted the importance of calculating indices at the local level, as the results
significantly varied at high geographical granularity. Within the scope of this study, one of the
major challenges identified in advancing towards SDG3 achievemet#lynig the lack of
data, compounded by their insufficient temporal and spatial granularity. This deficiency
hinders the ability to conduct comprehensive statistical analyses, that are crucial for identifying
specific areas where targeted actions are iseees y . I n general, the 203
ALeave no one behindo necessitates increase:
performance at a detailed geographical level. Nonetheless, this study has already yielded
valuable insights which canugle local decisionmakers in developing and implementing
targeted strategies, thereby serving as a call to action for effective policymaking.
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This work holds global significance as well. It addresses the methodological difficulties
associated with data limitations at the national level. While its primary focus is within the
confines of a specific country, the study provides valuable insiglisthet management of
limited data sets and the assessment of their alignment with officially defined indicators, such
as those included in other SDGs. Therefore, its applicability extends beyond geographical
boundaries and SDG3, providing a relevant remiocinternational researchers facing similar
challenges.

The proposed framework, however, has some limitations. First, some of the data
sources were not provided at the scale of single municipalities and were impossible to
downscale, hindering a robust spatial statistical analysis of municipal performancejsvhich
the main desirable application. Furthermore, the significant differences in the number of
residents across municipalities resulted in computed rates that, despite being accurate, could
not be fully representative (thereby exemplifying the MAUP issAig)a consequence, equal
weighting, sensible to extreme values, may have further biased the results. Finally, differences
in the availability of date over time made it impossible to analyse the temporal trend in the
SDG3 index, which represents an essemtsgect embedded in the official target definition.
Also, possible indirect effects due to the COVID pandemic could have affected some
indicators, potentially biasing the results.

Consequently, the following challenges could be addressed in further research:

- Hierarchization of SDGs indicators and targets: The UN does not provide guidelines
for weighting, possibly implying either that all targets and indicators hold equal significance,
or that assigning specific weights universally across all UN member ptatess unfeasible.

In the latter scenario, future research could focus on assessing weights tailored to specific
groups of countries, such as Mediterranean nations or European Union members, in particular
by combining qualitative and quantitative methoelg}., Delphi interviews, multipleriteria
decision analysis, dimensionality reduction, and regression analysis. Additionally, to this
purpose, detailed sensitivity and statistical robustness analyses should be provided.

- Spatial monitoring of SDG3 achievement at local levels: Once detailed geographical
granularity of the data is ensured, deeper quantitative and qualitative analyses to unravel the
underlying drivers of spatial disparities will be crucial. Techniques saghspatial
econometrics, geographically weighted regression, and spatial autocorrelation analysis can
help identify and quantify the spatial patterns and influences of various -nelaltiid
indicators. Furthermore, using mixedfects models can allow ftine assessment of both fixed
and random effects across different spatial units, providing a more nuanced understanding of
local variations.

- Temporal monitoring of SDG3 achievement at local levels:fiftangs of this study
not only underscore the significant scarcity of available data but also highlight their temporal
unavailability. Serving as a call for public institutes to provide more comprehensive and
regularly updated data, this study can sewa @&atalyst for initiating a systematic temporal
assessment of annual progress at the municipality level for Italy. By establishing a robust
framework for ongoing monitoring, future research could contribute to a deeper understanding
of health and welbeing trends within communities, thereby informing more targeted policy
interventions and resource allocation strategies.
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- Call for policymaking: Even with partial data, relevant quantitative studies provide
insights that are sufficient for tailoring new local policies. Based on statistical results, future
gualitative research can formulate localized policy interventionshwbhan contribute to
achieving the broader objectives of Agenda 2030 at national level.
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Chapter 3. Heatwavedefinition and its impact on adverse
cardiovascular events: asystematicreview and aframework
proposal

The content of this chapter is an elaborated version of the following publications:

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sec¢hi M., & Caiani, E. G. (2023Heatwave
definition and impact on cardiovascular health: A systematic review.Public Health
Reviews44, 1606266 https://doi.org/10.3389/phrs.2023.1606266

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (2024). A data
driven framework for the definition of heat in CV research for better comprehension of climate
changes on human healtBuropean Heart Journal, 4Supplement_1), ehae6&578.
https://doi.org/10.1093/eurheartj/ehae666.3578

Highlights:

1 ROZ What are currently applied definitions of heat in CV health context, do
influence the results, and how to standardize them?

1 Systematic literature review of 54 studies analysing the impact of heat on CV
identified 21 different combinations of criteria, statistical methods, and compa
thresholds to define heat.

1 Percentilebased thresholds were found to be the more commonly used meth
defining heat, with thresholds ranging from th& &0 the 99" percentile.

1 Standardized datdriven framework for selecting percentile threshold for defir
heat in human health researdbased on DLNM and Poisson regressioms
proposed.
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3.1. Introduction

Due to climate change, extreme weather hazards such as heatwaves, drought, hurricanes, and
floods are becoming more frequent worldwide (Maxwell et al., 2019; National Academies of
Sciences, 2016; Ummenhofer and Meehl, 2017). As discussed in the Chabpteislreesis,
one of the effects of climate change is global warming, due to the increasing concentration of
greenhouse gases in the atmosphere (Houghton, 2005). The World Meteorological
Organization reported that the years 2@0D22 were the warmest eitgyear period since the
beginning of the measurements in 1850 (WMO, 2023), with 2023 being the warmest year on
record (Copernicus, 2024). Furthermore, apart from their frequency, heatwaves are increasing
also in intensity and duration (PerkiKgrkpatrick and Lewis, 2020; Steffen et al., 2014), with
their climatological characteristics related to rainfall and weak pressure gradient events
(Spensberger et al., 2020; Hunt, 2007). The Intergovernmental Panel on Climate Change
identified the risk of death antiness from heatwaves, especially in the vulnerable population
of urban areas, as one of the eight major risks related to global climate change (IPCC, 2022).
A negative impact of exposure to high temperatures on human health (i.e.,
cardiovascular (CV), cerebrovascular, infectious, mental and respiratory diseases) has been
recognised by several studies (Liu et al., 20&&llesteret al., 2023; Schneider and Breitner,
2016). In particular, passive heat stress can affect the human CV system by increasing the heart
rate and left ventricular contractility, and by reducing central blood volume, left ventricular

filling pressures and cebral perfusion (Crandallat@donz al ez Al onso, 2010)
people with a prexisting CV disease have been found more vulnerable to high temperatures,
as it reduces the organismdés ability to ther

review and metanalysis prowded evidence of the increased CV mortality and morbidity in
heat conditions based on past data (Liu et al., 2022). Also, other aspects were explored in
literature, from the projected effects of heat on health under different climate change scenarios
(Donget al., 2015; Gu et al., 2020; Hajat et al., 2014; Onozuka et al., 2019; Rodrigues et al.,
2020), to the effectiveness of heat warning systems in decreasing mortality (Toloo et al., 2013).
However, despite the abundance of studies on heat effects on CV health, surprisingly
there is not a unique definition of heat or heatwave, thus potentially hindering the comparison
of epidemiological studies. Also, the conditions required to trigger ahial@eat warning
systems vary by country, both in terms of meteorological indicators and applied thresholds
(Casanueva et al., 201®9)s a matter of fact, sinabe beginning of the Z0century, more than
150 thermal climate indices related to humanithehave been proposed in the scientific
literature (de Freitas and Grigorieva, 2015). Moreover, several attempts to standardize the
definition of heat were performed by comparing the prevalence and intensity of heatwaves
within a country, using muHperentile or absolute thresholds applied to a selected heat index,
focusing on a particular time of day or on daily aggregates (i.e., mean, maximum, minimum
value) (Perkins and Alexander, 2013; Robinson 2001; Smith et al., 2013; You et al., 2017).
Other studes also focused on using different definitions of heat and comparing the effects on
mortality in target population samples, reporting thresholds or meteorological indicators with
the most significant impact (Chen et al., 281%6ang et al., 2020; Tong et al., 2015). However,
all these attempts failed in the identification of a unique heat definition, even within the same
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geographical area, with this lack ofcammon definition hindering the synergic analysis of
trends and the comparison of reported results.

In light of the above considerations, the objective of this chapter is to conduct a
systematic review considering open access papers publishgeba period, when the attention
towards this topic has increased worldwide. The focus of the analysis Waseffects of heat
on CV health, primarily considering the applied definition of heat and, secondarily, assessing
whether such definition had an impact on the applied methodology and on the reported results.
In addition, based on these results, an attémptandardize the definition of heat is made at
the end of this chapter. These analyses address the RQ2: What are currently applied definitions
of heat used in research analysing its impact on CV health, do they influence the results, and
how to standarde them.

3.2. Methods: systematic review of the literature

In order to ensure transparency, reproducibility and effectiveness, a systematic review
approach (Aromataris & Pearson, 2014; Wright et al., 2007) was applied to select relevant
studies. The Preferred Reporting Items for Systematic Review andAviatgsis(PRISMA)
guidelines (Page et al., 2021) were followed. Three online databases of scientific literature were
examined PubMed, ScienceDirect and Scopuahere the first one covers biomedicine and

life science, while the other two provide an overview oftidigciplinary research. Databases

were queried in the title, abstract or keywo
fextreme weathero, paired with fAcardiovascul
Amyocar di al 0, i hiAyhpyeprotteennssiioonnocd., Only jour nal a

published between January 2018 and September 2022, and with full text open access
availability were included.

Additional filtering was performed on the base of-fetkt content. First, papers without an
explicit definition of heat were discarded. Then, only original studies with analytic study design
(i.e., cohort study, caseontrol study or caserossover studybased on official medical records
(i.e., reqgistered deaths, hospital admissions, emergency calls) were included, excluding those
based on personal perception (i.e., questionnaires). Finally, for comparison purposes, only
articles that reported the resudts relative risk (RR), odds ratio (OR), or incidence density ratio
(IDR) with a 95% confidence interval (Cl) were kepte characteristics of the included
studies can be described with the following Population, Exposure, Comparison, Oiitcome
PECO statement (Morgan et al., 2018): (P) Among humans of all ages, genders and ethnicities,
what is the effect of (E) exposure tedt versus (C) neheat conditions on (O) CV morbidity
and mortality.

The analysis of the resulting articles explored the following aspects:

1) Definition of heat, considering in particuldoree aspects:

o Indicators: meteorological parameters and measures included in the definition;

0 Methods: statistical method applied for the comparison between exposure groups;

o Comparison threshold: reference value applied to subdivide exposed and non
exposed groups.

The computed values of different heat indices, in relation to different air temperatures,

at the reference conditions, were also compared
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2) Main characteristics of the study design, such as the analysed outcome, medical data
source, geographic distribution, sample size and meteorological data source.
3) Quantification of the impact on CV health, consideringstatistical methods and the
reported results, in relation to the applied definition of heat.
All-cause CV diseases refer to the International Classification of Disg@&8scodes 390
459 (ICD-9-CM) or 100199 (ICD-10-CM). To address diseaspecific analyses, the results
among six groups of pathologies were grouped: myocardial infarction{[Cé&vde 121123),
ischemic (coronary) heart disease (including chest pain:l122)) stroke (160169),
hypertensive diseases (H15), heart failure (I50) and other diseases (i.e., chronic rheumatic
heart disease, owtf-hospital cardiac arrest, acute aortic dissection, arrhythmias).

I n the following text, the term Aheato i s
term Aoutcomeod describes the medical result
refers to the RR/OR/IDR reported in the studies. If a factor resultsa fAnegati ve e
healtho it means t hat-relatdédeegative ¥ eventisintreasedl A pi n g
reported plots were created with Plotly library (version 5.11.0) in Python (version 3.8.5).

3.3. Results

The adopted query resulted in the identification of 11,783 articles (3,602 in PubMed, 2,390 in
ScienceDirect and 5,791 in Scopus) in English language and published between January 2018
and September 2022. After title and/or abstract screening, 347 itemselected as possibly
relevant articles, of which 232 resulted unique. During the phase of full text screening, 146
studies were excluded as not relevant, due to the lack of an explicit definition of heat, not
focusing in the reported results on CV ount@s, or using a study design other than analytic.
Lastly, considering only articles reporting results (i.e., the influence of heat on CV health) as
RR, OR, or IDR with a 95% CI, 54 articles were finally selected for which full references are
provided in Tale A3.1. In this section, to ensure readability, references to these articles will
be cited in square brackets, with numbers corresponding to those listed in Table A3.1. Figure
3.1 shows the summary of this literature systematic selection process.
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Figure 3.1. Schematic of the results of the systematic literature selection process, including
open access papers published between 2018 and 2022, written in English language, and
resulting from the application of the selected query (see text for details)

Keywords search (studies in English

published in 2018-2022) [ n=11,783 |
Title and/or abstract screening,
duplicates removal

| n=232 |

1) heat definition included

Full text screening:
2) observational studies

N . = &
n=2386 ‘

Results reported as relative risk/
odds ratio/incidence density ratio

| n=54 |

3.3.1. Definition of heat

In total, 21 different combinations of criteria to define heat were found (Table 3.1), with only

three studies simultaneously testing and comparing more than one of them. The most frequently
used meteorological measure as heat indicator was air tempgeegaplied in 56 of 57 cases.

In 9 studies, air temperature was included in the computation of more complex indices, such

as AApparent Temperatureo [ 8, 19, 26,- 37, 4
equi valent daily tempter@dared [[B52A]], oby fAdai mhkric
humidity, water vapor pressure, dew point temperature, wind speed and/or heat radiation. The
relevant calculation formulas are summarised in Table 3.2, except for Perceived Temperature

[5] as it was not providein the relevant study. Only one study [40] used air masses (excluding

air temperature) to define heat days.

In the majority of cases (n=46), heat days were defined using thresholds on percentiles of
temperature distribution over a certain period, with temperature defined by daily mean,
minimum or maximum values. The three most frequent thresholds wérénga7), 9%

(n=13) and 978(n=11) percentiles. In 8 cases, the thresholds were set on absolute temperature
values, in the range 286 °C. In several studies, the threshold criterion was coupled with a
duration requirement (e.g., temperature above the threshold for at{eakty3. When the

study period was limited to the warmer months only, the considered temperature distribution
was either annual or periodic. The lowest value of heat threshold reported in literature was a
mean daily temperature of 20 °C [5], set in Austria, ehhe highest was a mean daily
temperature of 43 °C, set in Kuwait [39].
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As regards the threshelthsed identification of the neexposed groups for comparison,
this was selected based on:
- the minimum mortality temperature (MMT) or its equivalent (minimum hospital
admission temperature, minimum ambulance calls temperature etc.), derived from the relevant
minimum of the mathematical function applied to the temporal series,

- another percentile (i.e., the'5075", 90" percentile of the temperature distribution or the
15t percentile of heat index values),

- defining nonheat days (i.e., all days not classified as heat),

- mean temperature or arbitrary absolute value.

Table 31. Summary of indicators used to define heat. MMilinimum mortality temperature;
EHF - Excess Heat Factor. The total amounts to 57 articles, as three of 54 studies applied more
than one combination of different criteria. References as defined in Table A3.1

. . Number
Indicator Method Comparison threshold . References
of articles
[2,9, 10, 12
. 17, 21, 23, 28,
MMT or equivalent 21 32-34, 36, 39,
44, 46, 50, 52]
: another percentile 4 [8, 10, 30, 45]
percentile
non-heatwave 3 [24, 25, 51]
mean temperature 1 [18]
arbitrary absolute value 1 [41]
air temperature other 1 [27]
percentile and [3, 4,6, 11,
duration norrheatwave 8 20, 29, 38, 48]
MMT or equivalent 1 [53]
absolute value
non-heatwave 1 [4]
absolute value
ute vai nonheatwave 4 [1, 31, 43, 47]
and duration
other. i.e. EHF another percentile 1 [35]
non-heatwave 1 [7]
ar tgmperat_ur_e percentile another percentile 1 [22]
+relative humidity
) percentile non-heatwave 1 [42]
air temperature + wate — I
vapor pressure absolute V? ue nontheatwave 1 [54]
and duration
air temperature + dew , MMT or equivalent 1 [26]
. percentile -
point temperature another percentile 1 [37]
air temperature + MMT or equivalent 1 [19]
relative humidity + percentile .
wind speed another percentile 2 [8, 49]
air temperature,
humidity, wind speed, absolute value non-heatwaves 1 [5]

heat radiation
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air masses

- other air masses 1 [40]

Table 32. Calculation formulas for complex heat indicBeferences as defined in TaBla.1.

Heat index name Formula Abbreviations References
Discomfort Score 4 4xAOAOI A 4 -airtemperature, Kranc et al. [22]
C 4 x A O A-GvetAulb

temperature (derived from air
temperature and relative

humidity)
Pseudeequivalent 4 p®z60 4 - air temperature, Perl il
daily temperature 6 O water vapor pressure
Apparent p® TOEZ4 ¢c8z260 4 - air temperature, Jiang et al. [42]
Temperature 1 6 O water vapor pressure
Apparent 5 a 2 (, 0B T U 4 - air temperaturg,_ L? et al. [19],
Temperature 2 pmT 2 (- relative humidity, Liu et al.[8],

z R8s 7 3-wind speed Zhai et al. [49]
™]273 1

Apparent Ch L oI WT4 TBIp L O 4 -airtemperature, Moghadamnia
Temperature 3 24 AAx DT 1 4AAx DI- deiv foint et al. [37],

temperature Parliari et al.

(26]

It is worth noting that in four studies the heat definitions were used at national level for heat
warning systems (Table 3.3).

Table 33. National definitions of heat. Country column refers to the country in which the
definition is used at national level. EHIExcess Heat Factor as defined in Nairn and Fawcett
(2015). References as defined in Table A3.1.

Country

Heat definition Reference

Australia

EHF >= 8% percentile of the distribution of its positive values; Royé et al. [35]
whereO'00 ———— 4 2| Agph——
E

where4 is the air temperature at dégnd4 is the 9%
percentile of daily mean temperature distribution atE#ya
heatwave is detected for dydaysE p andE ¢ are
considered a heatwave as well.

Belgium

Daily maximum temperature > 25 °C for at least 5 consecutiv Alsaigali et al. [1]
days,including at least 3 days with daily maximum temperatul
>= 30 °C.

Latvia

18tlevel of heat: daily maximum temperature >= 27 °C and < : Pfeifer et al. [43]
°C for at least 2 consecutive days.
2"dlevel of heat: daily maximum temperature >=33 °C.
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Sweden Low intensity heatdaily maximum temperature >= 30 °C for 3 Oudinet al. [47]
consecutive days.
High intensity heat: daily maximum temperature >= 30 °C fol
consecutive days and/or daily maximum temperature >= 33 °
for 3 consecutive days.

For a deeper analysis and visual comparison of the different heat indexes summarised in Table
3.2, in Figure 3.2 they were plotted as a function of air temperature, with the other parameters
arbitrarily set to standard conditions (relative humidity=50%\drxspeed=1 m/s, water vapor
pressure=2.34 kPa, dry bulb temperature equal to air temperature and dew point temperature
calculated according to Lawrence (2005)).

From this graph, it can be noted that, in colder environments (120, ), Pseudo
equivalent daily temperature and Apparent Temperature 1, based on water vapor pressure,
reach significantly higher values compared to the other indexes, with a maxirfierardie
up to 7 °C. When the air temperature is closer to 30 °C, which is considered in many studies
as the threshold for heat days, there are no big differences among the indexes, except the
Discomfort Score, characterized by lower values. Above a \ailaér temperature equal to
30.4 °C, the differences among indexes increase progressively, with Apparent Temperature 2
and 3 rising to higher values due to their exponential/polynomial formulas.

Figure 3.2. Heat indexes as a function of air temperature as defined in Table 3.2, computed
assuming relative humidity=50%, wind speed=1 m/s, water vapor pressure=2.34 kPa and dew
point temperature calculated according to Lawrence (2005)

= Discomfort Score

== Pseudo-equivalent daily temperature
Apparent Temperature 1

== Apparent Temperature 2
Apparent Temperature 3

- - y=x

Heat index (°C)

0 10 20 30 40 50
Air temperature (°C)

3.3.2. Study characteristics

Among the selected articles, 27 (50%) were targeting the analysis of mortality, 25 (46.3%) of
morbidity and 2 (3.7%) of both these outcomes (Figure 3.3). In 21 (38.9%) studiss sl

CV diagnoses were considered, while in the remaining 33 (61.1%psttitd results were
stratified by specific CV disease. Additionally, regardless of the target outcome, in few studies
the impact of heat was also studied on specific subgroups, stratified by age (9 studies; 16.7%),
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by age adjusted for exposure to noise or chronic conditions (2 studies; 3.7%), or by presence
of a chronic condition alone (1 study; 1.9%).

Figure 3.3. Summary of articles by the outcome

Stratification
B all-cause
B cause-specific

25

20

15

10

Number of articles

1
et
——
Mortality Morbidity Both

Outcome

Among the studies including morbidity as a target, the majority (n=18) referred to hospital
admissions (including three on emergency hospital admissions), while the rest considered
emergency calls (n=4), emergency department visits (n=3), chest pain\asiérén=1), or
general practitioner consultations (n=1).

The sources of medical data wegreedominantly from national or regional public
offices (e.g. Thai Ministry of Public Health [6], Canadian Institute of Health Information [10],
Spanish Ministry of Health [36]), while other data providers included statistical bureaus (e.g.
Hellenic Statigtal Authority [26], Statbel [28], Swiss Federal Statistical Office [45]), hospital
management systems (e.g. Hong Kong Hospital Authority [17]) and selected medical facilities
or emergency service providers.

The geographical origin of the selected studies spanned areas from all six continents
(Figure 3.4), with 25 (46,3%) articles from Asia, 15 (27.8%) from Europe, 8 (14.8%) from
North America, 3 (5.6%) from Oceania, 2 (3.7%) from South America and 1 (1.8%) fr
Africa. The country covered with the highest number of studies was China, using either data
from single cities [8, 18, 19, 31, 41, 49, 53], individual provinces [12, 14, 34], or multiple cities
spread throughout the country [3, 13, 52]. Similarly, mltited States, studies alternatively
focused on single cities, such as Atlanta [42], counties, such as Shelby County [4], states, such
as New York [24], or wider geographic aggregations [27, 29, 48, 51]. In addition to the studies
from China and the Uretd States, three studies each were conducted using data from Australia
[7, 11, 21], Hong Kong [17, 25, 32], and Spain [16, 35, 36].
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Figure 3.4. Geographical distribution of the studies. Countries with at least three studies are
labelled with the corresponding number of articles.

The sample size of the target study group was explicitly reported in 40 (74.1%) articles;
alternatively, it was inferred multiplying the average daily incidence by the study period when
both characteristics were specified in the article (n=10; 18.5%)(1mM%6) studies it was not
possible to infer any information about sample size. The median sample size was slightly above
40,000 subjects, with a minimum of 939 individuals in a study about congestive heart failure
hospital admissions and mortality in Boist New York and Philadelphia [51], and a maximum

of 1,154,896 in an analysis of @huse CV morbidity in South Africa [50]. Sample size
distribution in the different geographical areas is reported in Figure 3.5.

Figure 35. Summary of selected articles divided by continent of interest for the analysis,
stratified by sample size of the examined study group; in 10 (18.5%) studies, the sample size
was inferred considering the average incidence and the study period.
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The median observation period was 10 years, with a minimum of 2 years for Israel [22],
Slovenia [54] and a Chinese study [49], and a maximum of 28 years for Germany [23]. Several
studies (n=22; 40.7%) analysed the influence of heat only in an arbitrafibed warmer
period of the year, beginning within Mardane and ending within Jw@ctober for the
Northern Hemisphere, while spanning from SepterN@rember to March for the Southern
Hemisphere. When narrowing the study period, the most frequentahteas MaySeptember

(n=9; 16.7%).

Regarding the use of meteorological data as explicative attributes in the analysis, dew
point/air temperature, relative humidity, wind speed, atmospheric/barometric pressure,
precipitation, sunshine duration, solar radiation and air pollution were utiliZleen the mean
values for each factor were reported (n=36; 66.7%), they were calculated averaging all records
from all measurement stations in the study area. In 9 (16.7%) studies, interpolated
meteorological maps (e.g., maps at ZIP code level [48]digwel [50] or at 2 km spatial
resolution [2]) were alternatively used.

Among the 13 (24.1%) studies for which th
were available, only two [14, 22] associated them with the meteorological conditions at the
event time, while Jiang et al. [52] linked the temperature with that at #ptaloocation, as
the majority of patients did not report their complete address.

3.3.3. Quantification of heat impact on cardiovascular health

To assess the impact of heat on CV health, the majority of articles (n=39; 72.2%) applied the
distributed lag nottinear model (DLNM), that describes the response to exposure accounting
for a delayed effect (Gasparrini et al., 2010). The number of testestdags up to 30 days,

with the most frequent choices being 21 (n=15; 27.8%), 3 (n=9; 16.7%) and 14 (n=5; 9.3%).
Other applied techniques included the generalized linear models (n=13; 24.1%), or a simplified
approach based on the comparison between inoidetes during heat and nbeat days (n=2;
3.7%). In several studies, mostly in those using only air temperature to define heat, the
statistical models were further adjusted by meteorological factors (n=9; 16.7%), by air
pollution (n=4; 7.4%) or by bottn=22; 40.7%).

In 14 studies (25.9%) a caseossover design, as proposed by Maclure (1991) was
applied. By using the same subjects as both cases and control at different points in time, this
design allows to control for tirmvariant characteristics, such as gendanedical history.

In the majority of studies, the results were reported as RR (n=44; 81.5%), and in the
remaining studies as OR (n=7; 13%) or IDR (n=3; 5.6%). The values of these three indicators
are approximately equal when the initial risk (i.e., prevalence of the disetisepopulation
under study in nofeat conditions) is relatively small (Alsaigali et al., 2022; Daeieal.,

1998; Zhangnd Kai, 1998), and are therefore comparable under this assumption.

Most of the results (n=37, 68.5%) showed a negative influence of heatéauak CV
health(i.e., an increase in risk in relation to the comparison threshold as indicated in Table 3.1)
in the range from 1.02 in Spain (95% CI: [1-D04]) [36] and New York State (95% CI: [1:01
1.04]) [24] to 1.47 (95% CI: [1.43.51]) in Jiangsu Province, China4], with two outliers
equal to 4.61 (95% CI: [3.6B.78]) [35] and 3.09 (95% CI: [1.78.55]) [39]. However, the
studies differed in the applied heat definitidrable 3.1). All studies that reported a negative
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effect of heat on CV health found this effect stronger if associated to a shorter lag, while this
relation seemed to weaken over time.

In diseasespecific analysis, the most consistent and significant results were reported
for stroke, varying from 1.20 (95% CI: [1.021.40]) [45] to 1.62 (95% CI: [1.301.88]) [12],
with the most frequently associated heat definition based on the catiobs of air
temperature, percentile and MMT equivalent. The strongest dispaséic result was found
for myocardial infarction (5.22, 95% CI: [2.1412.73]), with heat defined using Apparent
Temperature 2, percentile and MMT equivalent [19].

However, in 11 studies (20.4%) no statistically significant results were found, while in
6 (11.1%) a statistically significant decrease in the risk of developing a CV acute event during
heat was surprisingly reported. Of these 6, one study analysed alis€dses together [49],
on the base of hospital admissions in 22045 in Pingliang, China, defining heat as th& 95
percentile of annual Apparent Temperature 2 distribution and using the median of such
distribution as comparison threshold. The othedistithat reported a risk reduction during
heat referred to specific diseases, i.e., myocardial infarction [45], hypertensive diseases [42,
45], heart failure [11, 29, 45] and acute aortic dissection [41].

A complete summary of these results is presented in Figure 3.6 fcausik CV
outcomes and in Table 3.4 for specific CV diseases.

Figure 3.6. Summary of the influence of heat on-efluse cardiovascular outcomes. The
notationein the last column means that the sample size was inferred as not directly specified
in the relevant study. The lettesis| refer to the combination of criteria used to define heat
(MMT 1 minimum mortality temperature)a i air temperature + percentile + MMT or
equivalentp 1 air temperature + percentile and duration +-heatwavec i air temperature
+relative humidity+wind speed + percentile + MMT or equivalehi, air temperature +
percentile + nofheatwavef T air temperature + dew point temperatur percentile + MMT

or equivalentg 1 air temperature + percentile + another percentilé, air temperature +
absolute value and duration + nbeatwavej i air temperature + other + another percentile,

T air temperature +relative humidity+wind speed + percentile + another perceritilair
temperature + absolute value + MMT or equivaléntair temperature +water vapor pressure
+ absolute value and duration + Aeeatwave. References as defined in Table A3.1.

Saucy et al. [2] a RR/OR/IDR 95% CI  Sample size

A . 128 (111 -1.49) 24,886
l\‘i"llL:ll‘fI[.‘{l}I]’h . 118 (111 -124) 1,826,186
,_ . 125 (101 -155) 6081
Chenetal. [13] a . 122 (116 -1.28) 856,522
x}. etal. [14] a . 147 (143 -1.51) 1,000,014
Lietal. [19] ¢ . 105 (100 -111) 11,657
de Moraes et al. [20] b . 142 (127 -1.60) 151,001
Luetal [21]a . 114 (110 -1.19) 147,238
Lietal [24]d . 102 (101 -104) 416,707
Parliari et al. [26] f - 120 (1.08 -1.31) 21,811
Iranpour et al. [30] g . 107 (1.00 -1.16) 5639
Bietal. [31] A » 122 (113 -131) 32,227
Yatim et al. [33] a . 133 (116 -1.80) 15,581
Huetal. [34] a . 122 (115 -1.30) 328,323
Roy¢ et al. [35] i . 461 (3.67 -5.78) N/A
Iniguez et al. [36] a . 115 (1.08 -1.23) 732,851
Canetal. [38] b . 132 (118 -148) 71,180e
Alahmad et al. [39] a g 3.09 (172 -5.55) 15,609
Pfeifer et al. [43] . 126 (114 -141) 12865e
Lin et al. [44] a - 137 (1.00 -1.89) 9034 e
Zhai et al. [49] / . 058 (042 -081) 18022e
Scovronick et al. [50] a * 108 (102 -1.14) 1,154,896
Guo et al. [53] k * L9, (1050560, 779648
Perc¢ic et al. [54] / ® 114 (101 -1.30) N/A
Iiiguez et al. [36] a P 102 (1.00 -1.04) 504,23

0 1 6
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Table 34. Summary of the influence of heat on cagpecific cardiovascular outcomes. The
umn
the relevant study. MMT minimum mortality temperature. References as definetlable

not at. i
A3.1.

Study

on

e in

RR/OR/IDR

the ASampl e

95% ClI Sample size

sizeo col

Heat definition (indicator +

method + comparison threshold)

Myocardial infarction

Mortality
air temperature + percentile +
Saucy et al. [1] 1.67 (1.09- 2.55) 3248 MMT or equivalent
air temperature + percentile +
Xu et al. [14] 1.52 (1.42-1.62) 169,886 MMT or equivalent
air temperature + percentile +
Ma et al. [12] 1.40 (1.22-1.60) 98,516e MMT or equivalent
Ferreira etal. [15]  1.24 (1.16-1.32) 118,898 air temperature + percentile +
MMT or equivalent
Ferreiraetal. [15]  1.07 (1.00-1.15) 131,304 Girtemperature + percentile +
MMT or equivalent
. i + ile +
Ferreiraetal. [15]  1.05 (1.03-1.08) 118,898 air temperature + percentile
MMT or equivalent
Morbidity
air temperature + relative humidity
Li et al. [19] 5.22 (2.14-12.73) 3161 + wind speed + percentile + MMT
or equivalent
- " 7
Layton et al. [48] 1.53 (1.00-2.34) 608 air temperature percentile and
duration + norheatwave
air temperature + percentile +
Dang et al. [9] 1.36 (1.06-1.73) 3328 MMT or equivalent
air temperature + percentile +
Chen et al. [23] 1.14 (2.00- 1.29) 27,310 MMT or equivalent
air temperature + percentile +
Lam et al. [17] 1.14 (1.00-1.31) 53,769 MMT or equivalent
ir t t + tile +
Schulte etal. [45]  0.88 (0.82-0.95) 68,861 airtemperature + percentiie

another percentile

Ischemic (coronary) heart disease (incl. chest pain)

Mortality
- " T
Xu et al. [14] 152 (1.45-1.60) 295,829 air temperature + percentile
MMT or equivalent
Ma et al. [12] 1.49 (1.32-1.68) 164,080c o temperature + percentile +
MMT or equivalent
air temperature + percentile +
Saucy et al. [2] 1.30 (1.04-1.62) 10,521 MMT or equivalent
ir t ture + til d
Huang et al. [6] 1.22 (1.13-1.21) 25753 air femperature + percentrie an
duration + norheatwave
air temperature + percentile +
Chen et al. [13] 1.19 (1.11-1.28) 306,601 MMT or equivalent
Yin etal. 3] 117 (1.05-1.30) 306,601 air temperature + percentile and

duration + norheatwave
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air temperature + absolute value

Oudin et al. [47] 1.10 (1.01- 1.20) 68,299% and duration + noheatwave
Morbidity
air temperature + relative humidity
Li et al. [19] 1.99 (1.12- 3.51) 8006 + wind speed + percentile + MMT
or equivalent
. air temperature + percentile +
Lin et al. [44] 1.37 (1.00-1.89)  4455e MMT or equivalent
i + ile +
Guo et al. [25] 1.22 (1.11-1.34)  N/A alr temperature + percentiie + ron
heatwave
. air temperature + dew point
;\gg?hadamma etal. 1.09 (1.02-1.19) 15,094 temperature + percentile + anothe
percentile
i + ile +
Li et al. [24] 1.07 (1.03-1.11) 64,262 air temperature + percentile + ron
heatwave
air temperature + percentile +
. MMT ival i
Bai et al. [10] 1.06 (1.01-1.11) 1,389,057 or equivalent and air
temperature + percentile + anothe
percentile
air temperature + percentile and
Parry et al. [11] 1.04 (1.00- 1.08) 68,334 duration + norheatwave
air temperature + relative humidity
Lietal. [19] 1.01 (2.00-1.11) 14,447 + wind speed + percentile + MMT
or equivalent
Stroke
Mortality
air temperature + percentile +
Ma etal. [12] 1.62 (1.39- 1.88) 311,032 MMT or equivalent
air temperature + percentile +
Chen et al. [13] 141 (1.26-1.59) 415,227 MMT or equivalent
air temperature percentile +
Xu et al. [14] 1.39 (1.31-1.47) 412,567 MMT or equivalent
Yin et al. [3] 121 (1.04-1.40) 415,227 air temperature + percentile and
duration + norheatwave
Schulte etal. [45]  1.20 (1.02-1.40) 15,296 air temperature + percentile +
another percentile
Morbidity
- air temperature + absolute value
Alsaiqali et al. [1] 1.45 (1.04- 2.03) N/A and duration + noheatwave
air temperature + water vapor
Jiang et al. [42] 1.26 (1.01-1.48) 70,380e pressure + percentile + non
heatwave
Hypertensive diseases
Mortality
air temperature + percentile +
S tal. [2 1.91 1.20- 3.06 272 .
aucy etal. [2] ( ) 8 MMT or equivalent
i + ile +
Ma et al. [12] 1.89 (1.41-2.54)  40,435¢ air temperature + percentile
MMT or equivalent
- " T
Xu et al. [14] 1.85 (1.68-2.04) 75,557 air temperature + percentile

MMT or equivalent
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air temperature + percentile +

Schulte et al. [45] 1.18 (1.02-1.38) 17,142 _
another percentile
Morbidity
Li et al. [24] 1.04 (1.01-1.07) 220,058 oIrtemperature + percentile + ron
heatwave
air temperature + water vapor
Jiang eal. [42] 0.99 (0.98-0.99) 1,502,462  pressure + percentile + non
heatwave
i + ile +
Schulte etal. [45]  0.72 (0.64-0.81) 29,533 air temperature + percentiie

another percentile

Heart failure

Mortality
i + ile +
Schulte etal. [45]  1.22 (1.05-1.43) 14,753 alr temperature + percentiie
another percentile
Morbidity
- " -
Hopp et al. [29] 0.94 (0.90-0.98) 19,498 air temperature + percentile and
duration + norheatwave
air temperature + percentile and
P I [11 . .76- 0. 24,721 .
arry etal. [L1] 0.83 (0.76- 0.90) ' duration + norheatwave
irt t + tile +
Schulte etal. [45]  0.83 (0.76-0.90) 57,440 airtemperature + percentiie

another percentile

Other (i.e., chronic rheumatic heart disease, oubf-hospital
cardiac arrest, acute aorticdissection, arrhythmias)

Mortality
air temperature + percentile +
Xu et al. [14] 1.82 (1.31-2.51) 8171 MMT or equivalent
Morbidity
air temperature +relative humidity
Kranc et al. [22] 3.24 (1.90- 5.86) 12,401 . :
+ percentile + anotheyercentile
i + ile +
Lin et al. [44] 1.67 (1.23-2.26)  4583e air temperature + percentile
MMT or equivalent
air temperature + percentile +
Wang et al. [46] 1.40 (1.25-1.57) 100,254e MMT or equivalent
. irt t + tile +
Li et al. [24] 1.06 (1.01-1.11) 81,290 airtemperature + percentrie + non
heatwave
air temperature + percentile and
Parry et al. [11] 1.06 (1.00- 1.12) 32,682 duration + norheatwave
Yu et al. [41] 0.18 (0.01-0.55) 2120 air temperature + percentile +

arbitrary absolute value

Finally, to identify a possible correlation between the applied definition of heat and the reported
results relevant to the CV risk, an additional analysis was performed considering the percentage
deviation of the reported heat threshold from the meanatemperature, calculated as:

100* £ (3.1)
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This computation was feasible in 13 (24.1%) studies in which the absolute values of both
parameters were explicitly specified, and relevant results are presented in Figure 3.7. Excluding
three outliers (i.e., atause CV mortality in Kuwait [36], owdf-hospital cardiac arrest events

in Israel [22], and acute aortic dissection morbidity in China [41]), a slight trend of higher risk
with increasing deviation of the heat threshold from the mean annual temperature could be
observed, yet not with robust stétal evidence, with the coefficient estimated by ordinary
least squares linear regression equal to 0.0820(R9).

Figure 3.7. Relationship between the percentage deviation of the considered heat threshold
from the mean annual temperature and associated cardiovascular risk, subdividedweall

and causapecific mortality or morbidity. RRrelative risk; OR odds ratio; IDR- incidence
density ratio. Dot size is proportional to the duration of the observation period expressed as
number of years.
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3.4. Discussion

In this chapter, a systematic review of studies focusing on the impact of heat on CV morbidity
and/or mortality published in 204822 period was performed, in order to assess the latest
progresses made by the scientific community in this field. The foshtstudies were
conducted across all six continents, with a leading role of Asia (both in terms of number of
publications and of sample size), followed by Europe and North America. Source data spanned
from 1987 to 2021.

Despite having the same goal, the examined study settings were extremely
heterogeneous. Such heterogeneity could be noticed both in the definition of heat in the field
of CV health, but also in other aspects, such as the medical and meteorological dlatseuse
sample size, the observation periods, and the applied methodology for analysis. In addition,
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biases due to measurement error (Obradovich et al., 2018) or spatial autocorrelation (Pramanik
et al., 2022) could affect data generation and processing.

3.4.1. Applied definitions of heat

Already at the beginning of the 2&entury, Robinson (2001) pointed out that, due to the lack

of an unequivocal heat definition, it was difficult to assess if heatwaves varied in intensity or
prevalence, which further hindered research into climate change. The majority of heat indices
devdoped since the beginning of the2€entury was collected and organically presented in a
theoretical framework (de Freitas and Grigorieva, 2015). However, to the best of our
knowledge, a comparison of their viability in healfated studies is still missing. Moreover,

only a small fractioa of those indices uses exclusively meteorological factors, such as air
temperature, relative humidity and solar radiation (Moran et al., 2001) or air temperature,
dewpoint temperature, relative humidity, cloud cover, and wind speed (Watts and Kalkstein,
2004), whereas many other indices (e.g., Becker, 2000; Hamdi et al.; W&8€haire et al.,

2001; Nagano and Horikoshi, 2011; Staiger et al., 2012) are based also on human thermal
comfort factors (i.e., human metabolic rate), a type of data that is latiensive in terms of
collection and processing, thus hindering their application inlnegth related research. In

the examined recent literature, only one review focusing on heat definitions and addressing
their heterogeneity was found (Xu et al., @1t included 60 studies published in 268015
covering Asia, Australia, Europe and North America, considering the impact of heat on all
cause CV and respiratory mortality. As added value compared to that work, in this systematic
review including studie published later, the morbidity dimension was considered as well and
the stratification of risk by diagnosis was performed.

In line with this established knowledge, tweitiye unique combinations of indicators,
methods and comparison thresholds, with the purpose of defining heat days and to distinguish
them from norheat days, were identified in the studies selected for tiiswe Differently
from de Freitas and Grigorieva (2015), the majority of these studies used air temperature alone,
averaging the values obtained from measurement stations without applying spatial
interpolation. Other meteorological data (i.e., relative idityy water vapor pressure, dew
point temperature, wind speed and/or heat radiation) were eventually used only for a following
adjustment of the statistical models. In addition, even when a combined indicator was applied,
it is worth noticing that threeidf f er ent ver si ons of HAApparent
result of the application of simplified versions, depending on data availability, to the same
original index (de Freitas and Grigorieva,
be refered directly to a specific and standardized heat index.

The choice of the index to be considered for the analysis is strongly relevant in terms
of comparing results obtained in different studies. In fact, as shown in Figure 3.2, the values of
the different indexes as a function of temperature cannot be assubwethe same, except for
a narrow range around 30 °C.

Two main methods for setting the heat threshold were identified, namely using a
percentile of the indicatordéds distribution
reported threshold values varied in a range of 15 °C, making it impossiliéentulate a
universal threshold with this strategy. In addition, four national definitions implemented in heat
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warning systems were identified, one of which applied to a territory different from the country
when the criterion was defined.

These findings showing strong heterogeneity in heat definitions applied to research
studied published from 2018 to 2022 indicated that, despite the increased international interest
in climate change effects on health, there was no important progressharithenization and
standardization process towards a singular heat definition to be applied in the CV health. A
similar finding was already present in a former systematic review including 60 studies
published in the period 20€2015 (Xu et al., 2016), thdarther highlighting the lack of action
of the scientific community towards this problem.

It is important to assess if there is an overall trend, transversal to different settings, in
the relationship between the selected definition of heat and the related results in terms of impact
on CV health. In this perspective, Xu et al. (2016) notedahabdification of the threshold
value led to a more important change in mortality than the modification of heatwave duration,
which is consistent with our findings. In studies where multiple thresholds were tested, a higher
risk was usually reported forgher thresholds. This trend is in agreement with Xu et al. (2018),
who focused on heat definitions and five health events (i.e., ambulance service useseall
and causespecific emergency department attendances;caalte and causpecific
hospitaliations) in Brisbane, Australia. In that study, multiple heat definitions were tested,
combining three durations 42 days) and 10 percentiles (909" applied on mean and
maximum air temperature. The authors concluded that, for three of these fivedveslts, a
threshold selection with the 97percentile resulted in a significant association with heat
(regardless of duration and temperature indicator), while for the other two a significant
correlation was found with a threshold set t8 88 99" percentile (depending on temperature
indicator). Among the studies included in this review, it is worth noticing that two outliers with
very elevated health risk in athuse CV events were identified for Seville and Kuwait. The
former compared the 9perentile of a heat index distribution, accounting for the temperature
in time windows of up to 30 days, to it& fiercentile. The latter compared thé"3&rcentile
of daily mean air temperature distribution to the MMT. In both geographical areas, a very high
percentile threshold was considered even though both these territories are characterized by
particularly hot summers, thus focusing on extreme ewanlys in a seup that could partly
explain the outlier results.

3.4.2. Impact of heat on cardiovascular health

As a secondary target, this review also focused on the results of the analysis conducted in the
included studies aiming at assessing the impact of heat on CV health, i.e., the risk, thus
addressing the applicability and robustness of heat definitionsdswas specific purpose.

On this topic, Xu et al. (2016) concluded, pooling the results of their review, that an
increased mortality could be found in heat condition. Additionally, in the United States, the
relationship between temperature anecallse mortality resulted nestatonary from a spatial
point of view (Yang and Jensen, 2017). Moreover, in previous research on the effect of heat on
mortality and morbidity, both individual (e.g., age, gender, medical history, race, education
level, occupation) and communitgvel (e.g.,housing quality, medical care, air pollution)
characteristics were identified as effect modifiers (Choi et al., 2022; Kim and Kim, 2017;
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Madrigano et al., 2013; Medifiea m- n et al . , 2006 ; O6 Nei | | et
this regard, the casgossover method should present an advantage over traditional cohort or
casestudy designs, as it overcomes the betwgenson confoundindgactors. In the studies

here considered, the vast majority of results reported a negative impact of heatausedl

CV health, yet using different parameters (mainly RR, but also OR and IDR) computed from
different data sources (hospital admissionsergmancy calls, emergency department visits).
Regarding the spatial di mensi on, no specific
have been matched with the meteorological conditions at the time of the event, indicating a
research gap in spatialagsis of the impact of heat on CV health.

In CV diseasespecific analysis of both morbidity and mortality, an increased risk for
stroke and ischemic (coronary) heart disease was evidenced in all the examined studies. In the
case of the former, similar results have been previously reported, lzetraylarly strong for
ischemic stroke (Lavados et al., 2018; Lian et al., 2015), with possible explanations including
dehydration, increased blood viscosity, hemoconcentration, and elevated cholesterol levels
during heat (Lavados et al., 2018). In additiondications that a sudden and large increase in
temperature (i.e., @temperature>=5 AC) incre
the absolute temperature values, were given (Kyobutungi et al., 2005). The increased risk of
coronary arterydisease could be explained with endothelial dysfunction expressed as a
reduction of flowmediated vasodilatation associated with increased temperature (Nawrot et
al., 2005).

When patients are exposed to a hot environment, the CV system increases the cardiac
output to augment blood flow to the skin for cooling (Sankoff, 2015), thus increasing the heart
oxygen consumption and potentially generating a precipitation of eventsdowgocardial
infarction. An increased risk for this pathology was reported in 11/12 analysed studies.
Similarly, a previous study demonstrated that higher environmental temperatures were
associated with an increased risk in myocardial infarction (Bhaskair al., 2012), with an
influential effect during the first six hours after exposure. While it is known that acute
myocardial infarction and higher mortality can be triggered by heat exposure (Wang et al.,
2019), a recent study showed that patients tpkintiplatelet medication and betaceptor
blockers had elevated risk for heatated norfatal Ml compared to neasers of such
medications (Chen et al., 2022).

The increased risk found in 5/7 studies on hypertenstated outcomes may seem
contradictory as a response to heat, but it was explained with a possible interaction between
heat and ardinypertensive medications (Schulte et al., 2021).

When focusing on heart failure morbidity, a lower risk was apparently associated with
heat. However, one of these studies analysed also heart failure mortality and reported a higher
RR. This finding is in agreement with other reviews on the effects ofdme&tV diseases,
where a predominance of negative effects was reported for mortality, in contrast with an impact
on morbidity that was not always consistent (Liu et al., 2022; Abrignani et al., 2022; Cheng et
al., 2019; Cicci et al., 2022).

Among other causes, risk of aortic dissection was found reduced with heat, while risks
of outof-hospital cardiac arrest, chronic rheumatic heart disease and arrythmias were found
increased.
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3.4.3. Limitations and conclusions

This study has some limitations. Despite the selection of studies was conducted with the most
possible uniform approach with regards to the methodology, the heterogeneity of resulting
articles made any advanced matalysis unfeasible. The dissimilaritigisl not only concern

the main target of this work, which was the definition of heat, but also affected other factors as
well, such as the health outcomes or the characteristics of the studied population. The attempt
to generalise the results, neglectiregails such as the considered effect modifiers, may have
led to miss some particular trerdoreover, studying heat and heatwaves has consistent and
complex climatological implications, that were not considered in detail in this review, as the
focus was limited to the effects of heat on CV heal#stly, an inherent limitation of this study

is that it considered only open access publicationsavarbitrarily selected short time frame

of five years. However, this choice was madentorease accessibilitgnd tofocus on more

recent studies to capture the statg¢he-art relevant to the topic, as a previous systematic
review by Xu et al. (2016) covered previously published stubliesetheless, the exclusion of
potentially relevant studies from higimpact subscriptiofbased journals or from regions
where operaccess practices are less prevalent may have introduced additional bias (Logullo
et al., 2024). Notably, articles from thdsigh-impact journals could apply more standardized
definitions of heat, reducinghe heterogeneity observed in opmtess publicationsAs
literature search and data extraction was performed by a single person, this constitutes a
possible methodological limitation of this study approach.

Despite the abundance of recent research in this field, there is no single definition of
heat, together with a possible confusion introduced by the terminology and related different
formulas for the utilized heat indices. An international effort shoulddmelucted in order to
harmonize a common standard in representing and evaluating such type of data including the
definition of heatwave. This would allow better comparison among geographical areas and
analysis of trends in heatwaves intensity, duration@adalence, as well as the human heat
adaptation capabilitieSuch analyses could be incorporated into public health programs with
a twofold strategy: shofterm intervention, by developing automated systems capable to
analyse and predict, based on the current environmental variables on a given territory, the
possille immediate impact of heatwaves, to guide emergency services in a better organization
and deployment of available resources, as well as activating heat alert systeihosignétm
interventon, by highlighting those features for a certain territory that could influence the
citizenbs resilience, and planning according

3.5. Framework proposal for percentile threshold selection for heat definition

Accordingly, to fill the gap of lack of a standardized definition of heat, the followingstep
datadriven framework for selecting the percentile threshold on temperature for defining heat
in the context of studies on adverse CV outcomes is proposedbirdng the most common
approaches identified in the literature:

1) Selection of temperature lags based on the contour plot obtained by the DLNM.

As argued in previous sections, the DLNM is one of the most common models for the
analysis of the lagged effects of an environmental hazard, e.g., heat, on adverse health
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2)

events. In this context, lags are typically defined as days, representing the delay
between exposure and the observed outcome. The model, usually fitted using Poisson
regression, can be represented as follows:

® | B 1 ® rdL (3.2)

where® is the outcome at tim@| is the intercept(d is the exposure at time &
with abeing the lagf is the effect of the exposure at lagallowing for nonrlinear
relationships) is the maximum lag considere#, is a vector of other covariates at
time 0 (e.g., air pollution, calendar variables etc.) with associated coefficient

The underlying idea of the DLNM is the inclusion of a crbasis function,
allowing the model to account for the effects of exposure over both the exposure level
(nontlinear effect) and time lag (distributed lag). Following the equation 3.2, this cross
basis can be described as follows:

A B B 8& 26 & (3.3)

where6 @  are basis functions for the exposure (e.g., splines), capturing the non
linear effect® & are basis functions for the lag (e.g., splines or polynomial), capturing

the distributed lag effectqd is the number of basis functions for the exposure
dimension, an@& is the number of basis functions for lag dimension.

The RR is estimated at each temperature step (e’§) With reference to
previously defined baseline value, corresponding to the minimum of the best fitting
function (i.e., the MMT or its equivalent), or to an arbitrary value. One of the graphical
representations of the DLNM is the contour plot that visaalthe interaction between
the exposure and lag effects, showing how the risk, represented by RR, varies over both
dimensions. Based on this plot, lags characterised by increased RR are selected for
further analysis.

Estimation of the RR of having a CV emergency in heat versusheaindays by
Poisson regression considering th&-9@" percentile of the temperature distribution
for each lag.

Since DLNM involves a complex hyperparameter selection process and the inclusion
of smoothing functions, the next step, after identifying the lags when the RR is elevated,
is to perform Poisson regression. This regression model can estimaiRtloé
experiencing an adverse CV outcome specifically on heat days comparedheaton

days. For each lag, heat days are defined as those with temperatures exceedihg the 90
to 99" percentiles of the annual distribution, i.e., 10 percentiles are testeehadbn

days are defined as all days not classified as heat. Therefore, for each tested percentile
and lag, the following model is applied:

G Qon Tzrmoed i (3.4)
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3)

4)

5)

where' M WD @ is the binary indicator (equal to 1 if a heat day, equal to 0 if a non
heat day), with its estimated coefficiénti and, i as defined in equation 3.2.

In order to derive the RR associated with a heat day compared toleabn
day, the following formula is implemented:

YY A@P (3.5)

This information is graphically represented as a line chart, with the percentiles (from
90" to 99") on the xaxis and the associated RR on thaxjs, for each lag under
consideration.

Selection of the final lag based on thevatures of the 10 included percentiles.

The final lag, at which the heat threshold will be set, is arbitrarily selected based on a
visual and/or numerical comparison of the curves produced by the graph in the previous
step.

Calculation of the percentage change in RR from perceralpercentila+1.

For the selected final lag, a percentage change from percetdilpercentilei+1 is
calculated according to the following formula:

L wfw pB fw yh
N Qi @ Q &Xxs W zpmmb  (3.6)

Selection of the heat threshold, defined as the percentile from which all the next
percentiles are associated with a higher percentage change (as defined in equation 3.6),
or, if not existing, the percentile preceding the one with the highest percensagge ch

The two criteria above provide the final guidance for selecting the percentile threshold
at which the heat threshold should be set.

The primary advantages of the proposed framework are its foundation in a systematic review
of recent, relevant literature and its inherent flexibility, which allows for easy adaptation to
various population subamples (e.g., females, elderly individuads) well as to different
environmental hazards (e.g., air pollution) and health outcomes (e.g., respiratory diseases).
However, several arbitrary decisions remain regarding the selection of hyperparameters and
nonlinear functions in the DLNM, as well asetldetermination of the final lag. Additionally,

the proposed guidelines exclude the possibility of selecting thp&@entile, being one of the

most common choices in recent literature. Furthermore, the definitions provided are heuristic
and may not be applicable to all datasets; therefore, empirical testing is necessary. Accordingly,
this framework will be tested aridrther discussed in the next chapter focusing on heat effects
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on ambulance dispatches for CV problems in Milan, Italy in the period from May to September
20172022.
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Chapter 4. Influence of passiveheatstress oncardiovascular
emergencies in Milan, Italy

The content of this chapter is an elaborated version of the following publications:

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (262data

driven framework for the definition of heat in CV research for better comprehension of climate
changes on human healtEuropean Heart Journal, 45upplement_1), ehae6&578.
https://doi.org/10.1093/eurheartj/ehae666.3578

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (2023). Heatwaves
and cardiovascular emergencies in our city, in Italy:@ogid-19, Covid19 and posCovid-

19 characteristics and associated risk during heat Hayspean Heart
Journal 44(Supplement_2), ehad63909.https://doi.org/10.1093/eurheartj/ehad655.3009

Highlights:

1 RQ3 How to quantify the impact of heat on CV events on a certain area by
analysing the geolocalized data relevant to CV ambulance dispatches?

1 Heat definition guideline was tested using Mildaly as a case study, emphasizi
the importance of incorporating tinmelated factors and population exposure
characteristics into statistical modelling.

1 Key patient attributes, including gender, age, and emergency place and outcc
were examined, showing that fatal emergencies and those occurring on the si
represented the highest risk subgroups during heat days.

1 The COVID-19 pandemic significantly influenced CV ambulance dispatches,
affecting daily demand, patient characteristics, and the RR of CV emergencie
during heat days.
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4.1. Introduction

In Chapter 2, a comprehensive calculation of the SDG3 index for Italy was conducted. The
findings indicated that Milan's residents experience average overall health vulnerability, with
relatively low vulnerability in terms of cardiovascular (CV) mortaliges. Subsequently, a
systematic review of the literature explored the effects of heat on CV health in an international
context and, due to the lack of standardized definition of heat, a framework for selecting
percentile threshold to define heat days pragposed. The aim of this chapter is to empirically
test this framework on the territory of Milan, Italy, and to retrospectively analyse the impact of
heat on CV emergencies. Specifically, this chapter includes an overview of the data sources
and preprocssing analyses, and a quantification of the relative risk (RR) of CV events on heat
days compared to nedmeat days. The analyses in Chapters 5 and 6 will also focus on the city
of Milan, with the data preprocessing steps presented in this chapter bewantdb those
analyses as well.

As discussed in Chapter 3, while most studies reported an increased risk of CV
mortality with increased temperatures, the impact on morbidity remained less clear, thus
highlighting the importance of conducting regional analyses. Emergency medical services
(EMS), such as ambulance transportation, are a crucial component of the public healthcare
system, and can serve as a proxy for morbidity. Recent literature has addressed a range of
challenges in EMS management, including logistics, operations, effectiyemesthe balance
between demand and supply (Aringhieri et al., 2017). Aringhieri et al. (2017) identified the
greatest current challenge as the adoption of a holistic;ddiaen framework for EMS
management, highlighting a significant information gegarding patients' conditions before
an emergency event (e.g., festing health conditions, exposure to risk factors) and after it
(e.g., diagnosis details pesbspitalization).

However, despite these challenges, EMS data, characterized by the strength of
providing near realime information, have been successfully utilized in previous
epidemiological studies as a proxy for morbidity, offering valuable insights for public health
(Christensen et al., 2017; Petralli et al., 2012; Wang et al.,b20%aligren et al., 2022), in
particular while addressing specifically the impact of environmental hazards on EMS demand
(Xu et al., 202B; Sangkharatet al., 2019). Additionally, ambulance dispatch data are
geolocalized, allowing for more spatially detailed analyses, which is often not possible with
hospital data, as highlighted in Chapter 3. In light of the previously identified problem of lack
of hed definition in the context of CV health, a recent scoping review analysing the impact of
temperature on emergency ambulance calls for CV problems again highlighted the need to
identify the temperature threshold from which the increase in EMS demanceds (Gxstal
Romar et al., 2023).

Accordingly, to address the RQ3: How to quantify the impact of heat on CV events on
a certain area by analysing the geolocalized data relevant to CV ambulance dispatches, this
chapter applies the framework for defining heat, described in Chapter 3, ttanogbdispatch
data for CV emergencies in Milan using retrospective data from May to September during the
years 20172022. After defining heat, the analysis assesses the risk to residents, and their
specific subgroups, of having a CV emergency during hht respect to nofmeat days,
applying mathematical modelling. Additionally, this chapter provides an overview of the
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characteristics of CV emergencies and exam

temperaturgelated hazards, establishing a foundation for the analyses in the subsequent
chapters of this thesis.

4.2. Materials and methods

4.2.1. Study area

Milan, covering an area of 182 Kpis located in northern lItaly, at 45° North latitude and 9°
Eastlongitude. The city is situated in the Po Valley, thus with no significant differences in
elevation within its area, which is equal to 120 meters above the sea level. Milan is bounded to
the North by the Alps and to the South by the Apennines, a moutaiarbwhich protects it

from the major circulations coming from the northern and coastal regions. The obstruction to
air circulation, coupled with heavy traffic and industrialization, has made Milan one of the
most polluted cities in Europe (European Eamment Agency, 2024). The geographical
location of Milan within national context is presented in Figure 4.1.

Figure 4.1. (a) The location of Milan in national and regional geographical context, and (b)
borders of the city of Milan

N 0 100 200 km regional border

mm= | ombardy border
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(b)

The KoppenrGeiger climate classification identifies five primary climate groups, Ad.,
tropical,B 1 arid, C i temperateD i cold, ET polar, based on temperature and precipitation
patterns, to which further specifications are applied, creating a total of 30 categories (Peel et
al. 2007). Milan is located in th€fa zone, where each letter corresponds to the following
criteria:

- C (i.e., temperate climatethe average temperature of the hottest month above 10 °C
and the average temperature of the coldest month between 0 °C and 18 °C,
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- f (i.e., without dry season)the precipitation of the driest month in summer above 40
mm or above one third of the precipitation of the wettest month in winter, and the precipitation
of the driest month in winter above one tenth of the precipitation eofmttest month in
summer, where summer (winter) is defined as the warmer (coolemasith period of the
year,

- a(i.e., hot summer): the average temperature of the hottest month above 22 °C.

Most of the northern and centr@distern regions of Italy exhibit tiifa climate, which
is also prevalent on a global scale in the southeastern part of the United States, South America
and China, and the eastern part of Australia.

Milan has been characterized by a ldagn increase in the mean annual temperature,
albeit not consistent from year to year, from 13.16 °C in 2004 to 14.21 °C in 2015, with this
trend being in line with global temperature increase and expected to contithes future
(Michetti et al., 2022).

On P January 2023, Milan had a population of over 1.3 million inhabitants, with a
slight predominance of females (51.6%) (Istat, 2)2RBesidents over the age of 65 accounted
for 22.7% of Milan's total population, with 672 individuals surpassing the age of 100, while
children (i.e., aged-@8) covered 16% of the city's inhabitants. The population pyramid of
Milan is contracting (Figurd.2), characterizing populations with low birth and death rates and
a long life expectancy, indicating an aging popolat The dominant age class is-59 for
both men and women, with a total of 54,464 and 56,181 residents of these genders,
respectively, while the median age is 44 for men and 48 per women. Milan's population has
experienced a relatively small but staldedterm increase, rising by slightly more than 8%
between 2001 and 2023; in particular, the proportion of elderly people in the population has
remained relatively constant during this period (Istat, 2024).

Figure 4.2. Population pyramid for Milan on*January 2023 (Istat, 2023
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4.2.2. Emergency medical services data: ambulance dispatches

Ambulance dispatch data were provided upon request by the Regional Agency for Emergency
and Urgency (in ItalianAgenzia Regionale Emergenza UrgenZREU) which is the EMS
provider in the Lombardy region. Specifically, AREU is a public entity established under
Regional Law no. 33 of 3tDecember 2009, with organizational, administrative, and financial
autonomy (AREU, 2024). It is responsible for ensuring the delivery of essential healthcare
services in EMS outside of hospitals, blood transfusions, andcaheéchnsports, including

organ and tissue transplants, coordinating them primary atregranal scale, referring to the
Lombardy region, and, secondarily, at integional scale as well.

Additionally, AREU collaborates with civil protection authorities for laspale
emergencies, supports scientific research with healthcare organizations and research
institutions, provides technical assistance to the regional government, liaises voitianartid
regional health bodies, and partners with third sector and volunteer organizations to enhance
emergency services and community healthcare, with a focus on training and education.

Data provided for thpurposes of this thesis covered emergencies that occurred within
the city of Milan between May and September in the period-20P2, and that were classified
as CV upon receiving the emergency call through emergency nuinlié (European) or
118 (natioml), thus are used as proxy for CV morbidity. For each event, available information
included:

- gender of the patient,

- age of the patient,

- state of the patient upon ambulance arrival (i.e., regular, dead, refuses to be
transported, does not neednsport, recedes, other)

- approximate location relevant to the place of call (i.e., geographical latitude and
longitude),

- place of the event (i.e., home, street, seugdical facility, other medical facility,
workplace, hospital, public office, railway, school, sports facility, lake),

- time of the event (i.e., year, month, day and hour of the event).

The data were preprocessed to avoid inclusion of missing values in any of the above columns.
Ambulance data were analysed both in their raw form, where each row represented an
individual emergency, and in aggregated form, with each row correspondingatp and
columns representing the daily number of emergencies (total and in particular subgroups).

In addition, to estimate the actual presence of the city's resident population, accounting
in particular for the holiday effect, average traffic data were used, provided by the Lombardy
Region's Open Data portal (Regione Lombardia, 2022). This dataseteddhe daily number
of vehicles passing through 10 Milan roads in 2016. For the purpose of estimating resident
presence, the daily vehicle counts were averaged across all 10 roads to reflect an overall trend,
rather than focusing on interpreting absoldédly values. Subsequently, mean traffic for the
whole year was calculated, and for each day, the volume of traffic was standardized using the
annual mean, according to the following equation:

[ 0ME QNI BINEDEG— (4.1)

94



wheretraffici is the averaged traffic from 10 roads for dsgndmean traffids the mean traffic

for the whole year 2016. The obtained values were matched in their raw form with annual
ambulance data (in the months from May to September), without further adjustments for long
term trend, and their precise scope will be describegdtion 4.2.4.

4.2.3. Meteorological data

Open data for the years 202022 relevant to the meteorological factors (i.e., temperature at

2 meters above the surface, relative humidity and wind speed), and the air pollution (i.e., carbon
monoxide (CO), nitrogen dioxide (M) sulfur dioxide (S®), ozone (@), particulate matters

of less than 10 um in diameter (PM10) and particulate matters of less than 2.5 um in diameter
(PM2.5)) were obtained from the website of the Regional Agency for Environmental Protection
(in ltalian:Agenziaregionale perlapot e zi o n e ARPA)fodtherhdmbardy tegan
(ARPA, 2023a).

ARPA focuses on environmental prevention and protection, suppaoetgignal and
local institutions in areas such as air and noise pollution control, water protection, and
monitoring meteorological parameters, electromagnetic fields and soil contamination (ARPA,
2023b). Established by Regional Law 16/1999, ARPA has admaitiv® and financial
autonomy and uses its scientific expertise to gather and analyse data, supporting environmental
policy decisions for Lombardy's public entities.

ARPA promotes public transparency through information, communication, and
environmental education, enabling citizens, researchers and businesses to understand and
assess the state of their environment. It collaborates with regional and internationahresear
institutions and various local actors to address complex environmental issues. Additionally,
ARPA contributes to technicakientific working groups at the European, national, and local
levels, supporting the development of environmental policies arabures for pollution
control.

ARPA's services provide retime weather information with data from 318 monitoring
stations located within the Lombardy region. These data are publicly available in both raw and
analysed formats. In air quality management, ARPA operates 85 monitoringstatross the
region and uses mathematical models to predict and assess air pollution levels.

The choice of meteorological parameters enabled the calculation of apparent
temperature (AT) in its most complete definition, i.e., accounting for the highest number of
met eorol ogical factors, as defined iindexChapte
accounts not only for the air temperature, but also for cooling and heating capacities of relative
humidity and wind speed, thus representing more accurate perception of the temperature by
humans. The choice of air pollution variables was based@n influence on adverse CV
outcomes, reported by both theoretical and empirical studies (Bourdrel et al., 2017; Lee et al.,
2014). In particular, several previous works, as discussed in the previous chapter, adjusted the
model assessing the impact of gae heat by air pollution in order to differentiate the impact
of these two groups of environmental variables.

For each meteorological and air pollution variable, measurement stations were mapped,
and the Lombardy region was partitioned using the Voronoi diagram (Boots et al., 2009). The
Voronoi diagram is a way of dividing a plane into regions based on theadidtaia specific
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set of points, and it found application in different fields, including biology, geography, physics

and social sciences (Ju et al ., 2011). I n thi
an ARPA station for a particular variable. For eaebds there is a corresponding polygon that

contains all the points on the plane that are closer to that seed than to any other seed. For each
variable, minimum number of stations whose polygons allowed to cover the entire city of Milan

was considered.

For each meteorological parameter, hourly data were downloaded from the selected
stations. The final value of each parameter, i.e., air temperature, relative humidity and wind
speed, was calculated for each hour as the arithmetic mean of values from all stations
considered, ignoring missing values, as illustrated in Figure 4.3. Swrdlgdor each hour,
apparent temperature (AT) was calcul at ed, i
equation from Chapter 3:

5Y Y M —zepmvA LT mzo'Y 1 (4.2)

whereT is air temperature in °QRH s relative humidity in %, anW/Sis wind speed in m/s.

Figure 4.3. Schema of calculation of hourly final value for each meteorological indicator.
Absolute values are illustrative and do not represent true values of any of the indicators. NaN
T missing value; i number of stations considered; Statioii_hon-missing valie of an
indicator for station.

01-01-2017 Gl 5.9 5.2 01-01-2017 Z;‘zlStation_i
00 h 00 h n
01-01-2017 5.1 NaN 5.1 01-01-2017 " Station_i
o1 ) | n
01-01-2017 5.0 6.0 4.9 01-01-2017 ,'LIStation_i
02 h 02 h n
01-01-2017 5.3 6.0 5.1 01-01-2017 " Station_i
23h 23h n

Lastly, for each day fromsf1January 2017 to 31December 2022, mean, minimum and
maximum daily AT was calculated, as illustrated in Figure 4.4.
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Figure 44. Schema of calculation of mean, minimum and maximum daily apparent
temperature (AT). T temperature (°C), RH relative humidity (%), WS wind speed (m/s);
AT i - value of AT at hour.
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o o E ” T 23
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100
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23h Sr T_23+ 033+ 25224 6,105 + !/ W77 — 0.7 « WS_23 — 4
31-12-2022 | T_23 | RH_23 | WS_23 '
23h
01-01-2017 NEE AT min_ AT_i max AT i
s 0=is23 0s=is23
24
02-01-2017 223 AT i min_ AT _i max AT_i
0=i=s23 0=i<23
24
31-12-2022 23 AT min AT_i max AT_i
24 0sis23 0si<23

For air pollutants, due to the absence of higher temporal granularity, their daily mean values
from each measurement station were directly considered. Similar to the meteorological
parameters, the final daily value for each pollutant was the average-ofissing values of

all stations considered. Accordingly, in this case, no minimum and maximum daily value was
calculated, and the final value represented the mean daily value for each pollutant.

4.2.4. Statistical methods

Percentile threshold for defining heat

In this chapter, the framework for selecting temperature threshold for defining heat formulated
in the previous chapter was tested. To this purpose, mean daily AT was selected as the
meteorological indicator representing the environmental hazard, which was merged with the
time series of daily number of CV emergencies in Milan in ¥aptember period of 2017
2022. The first step of the framework required fitting the distributed laglinear model
(DLNM) to estimate the relative risk (RR) of having a CV emergency depending on AT with
respect to the reference AT value (estimated directly by the DLNM asttee function
minimum), accounting for a possible delayed effect. Fitting the DLNM required some arbitrary
choices to be made regarding the distribution family, the covariates inclusion, the smoothing
functions, and the hyperparameters. Based on previteuatlire, outlined in Chapter 3, the
following arbitrary choices were made:

- distribution familyi quastPoisson distribution,

- covariateg to account for longerm trend and seasonality: day of year, observation
order, day of week, and axcount for air pollution effects: CO, NG5, PM10, G, PM2.5,

- smoothing function$ natural spline for day of year, observation order and lags,
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- hyperparameters 6 degrees of freedom for day of year, 2 degrees of freedom for
observation order, 3 lags with 2 equally placed knots and 3 degrees of freedom.
Accordingly, the DLNM can be described in a form of the following equation:

w~cb. ttenmd degs 60r deawQ@GHNQ+S @+ P Mo+ (4.3)
O+ BM

wherey i CV dispatches in Mageptember 2022022 in Milan,cb.temp cross basis matrix
for AT for 3 lagsns(doy, 6) natural spline of day of year with 6 degrees of freedwtgrder,

2) 1 natural spline of the observation order with 2 degrees of freettwni, day of weekCO,
NOz, SQ, PMio, O3, PMs T mean daily pollutant levels (optional inclusion, as explained in
the following paragraph).

The resulting contour plot was reported for all the CV emergencies, as well as
separately for those in women, in elderly (i.e., above 65 years old), and stratified by severity:
requiring transportation to a hospital, fatal, and all others (hencefortm refdr t o- as fn
severeo). As sensitivity analysis, the model

After selecting lags for further analysis based of the contour plot, the next step was to
perform a Poisson regression which estimates the RR of having a CV emergency in heat days
(with heat definition threshold tested for 10 percentiles, from tHe®09") versus norheat
days, defined as all days not classified as heat. In case of data for Milan, traffic data were used
in order to account for the actual daily presence of the residents, especially important during
the holiday period. In particular, astdardized traffic, as calculated in equation 4.1, was
included as the offset for the Poisson regression model. The inclusion of traffic data was not
necessary in the DLNM, as that model directly used spline functions for day of the year. In
addition, a 9% confidence interval (Cl) was reported for each RR. If the Cl includes the value
of 1, the RR is not statistically significant; otherwise, it is considered statistically significant.

The subsequent three steps, i.e., the selection of the final lag based on the curvatures of
the 10 included percentiles, the calculation of the percentage change in RR from pericentile
percentilei+1, and the selection of the final heat threshold did not require any mathematical
adjustments, thus they were performed following the descriptions in the Chapter 3, section 3.5.

Characteristics of meteorological, air pollution and ambulance data

Descriptive statistics, including the mean, standard deviation, minimuih,p@tcentile,
median, 7% percentile, and maximum, were reported at various stages of the analysis to
summarise the distribution of meteorological, air pollution, and ambulance data. Spearman's
correlation coefficient (}) was wusedicat o exal
and air pollution variable, as the relationship between these factors was assumed to be non
linear (Zhang et al., 2017).

The KolmogorovSmirnov test was used to assess whether the daily number of CV
emergencies followed a normal distribution. Tinedated characteristics were visualized as
boxplots, grouped by year, month, day of the week, and heat days. Differences in the
distributions across these time dimensions were tested using the KWislkal test with
Bonferroni correction.
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The characteristics (i.e., number and percentage) of emergencies were subsequently
compared between heat and fieeat days, focusing on categories such as gender, age, severity
(i.e., fatal, requiring transportation to a hospital,4semere), and locatmo(i.e., at home, on the
street, and all other places). For each category, the percentage of emergencies occurring on
heat days was compared to the percentage of total emergencies on heat days, with statistical
differences tested using the @guare tesAdditionally, the RR of experiencing an emergency
on heat versus nelmeat days was calculated for each category using a Poisson regression model
with the offset as defined in the previous section.

Special attention was given to the impact of the Coronavirus Disease 2019 (€OVID
19) on CV health as studies have reported both direct and indirect effects of the pandemic on
CV outcomes. Direct effects primarily included triggering acute myocardial irgungy
worsening health outcomes in patients with-gxesting CV conditions (Xie et al., 2022;
Bansal, 2020; Zheng et al., 2020; Clerkin et al., 2020). Indirect effects, such as a decrease in
emergency calls for CV issues, have been observed, likely daartoof hospitalization and
potential COVID19 exposure (Goldberg et al., 2021; Chen et al., 2021; D'Ascenzi et al., 2021).
This, in conjunction with delays or cancellations of CV examinations during the pandemic,
further contributed to the worsening of@utcomes within the population (Khan et al., 2023;

Kiss et al., 2021).

Accordingly, three periods were defined: {8®VID-19 (i.e., years 2012019),
COVID-19 (i.e., years 202@021), and postEOVID-19 (i.e., year 2022). The pfeOVID-19
period served as the reference, and the characteristics of the emergencies, includiadythe
frequency, age distribution, percentage of female patients, and the percentages of fatal,
requiring transportation to a hospital, and 1s@vere emergencies, were compared separately
for the COVID19 and posCOVID-19 periods relative to the re&rce period. These
comparisons were conducted using thesthiare test for percentages and the Mafinitney
U test for distributions. Additionally, the RR of experiencing an emergency on heat versus non
heat days was calculated for each of the threegerio

Lastly, to examine the spatial distribution of the ambulance data, their geolocation was
visualized using heatmaps, with the radius arbitrarily set to 1,000 meters to ensure adequate
visual clarity. Separate heatmaps were generated for heat days ameahdays.

All maps were generated using QGIS software, while Python was employed for data
preprocessing, statistical analysis, and-apatial visualizations.

4.3. Results and discussion

In the analysed period of M&yeptember 2012022, there was a total of 64,881 CV
emergencies in Milan, of which 35,267 (54.36%) occurred in females, and 35,397 (54.56%)
involved individuals above 65 years old. Among all these emergencies, 1,484 (2.28%) ca
were fatal, 53,509 (82.47%) cases required hospitalization, and 9,888 (15.24%) cases were
classified as nosgevere. The mean daily AT during M&gptember period of the analysed
years ranged from 6.86 °C to 36.03 °C, with an average of 23.54 °C. A detaied
description of CV emergencies and meteorological parameters is provided in sections 4.3.2 and
4.3.3.
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4.3.1. Selecting temperature threshold for defining heat

The first step in heat definition framework applied in this study was to select the temperature
lags based on the contour plot obtained by the DLNM. The estimated effect for different levels
of AT, calculated with respect to the reference AT equal to O .@stimated directly by the
DLNM as the minimum of the resulting function) was the strongest at lag0, and persisted till
lagl (left panel of Figure 4.5). Interestingly, at lag2, the RR of a CV emergency was lower at
high temperatures than in referencenaitions, however, it was increased again at lag3.
Accordingly, the lags selected for further investigation were lags 0 and 1. The version without
the inclusion of air pollutants yielded very similar graph, as shown in the right panel of Figure
4.5; therebre, air pollutant will not be considered for further models.

Figure 4.5. Contour plot obtained through distributed lag +hioear model for cardiovascular
emergencies in Milan, Italy in Ma8eptember 202022, (a) with the inclusion of air
pollutants, and (b) without the inclusion of air pollutants.iRRlative risk estimatd against
reference mean daily apparent temperature of 19.6 °C
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Interestingly, while the contour plot for emergencies in women had a similar shape as those
including all the emergencies, it differed much whemsidering only elderly patients. For
individuals over 65 years old, the RR associated with high temperatures remained increased
across all lags, with the strongest effects observed at lags 0 and 3. When stratified by emergency
severity, lag0 was most inkntial for cases requiring hospitalization, which accounted for the
majority of the emergencies. However, lagl was associated with the highest increase in RR for
both fatal and noisevere emergencies. The contour plots for women, elderly patientsgand th
three levels of emergency severity are shown in Figure 4.6. When stratified by gender, age, or
severity, the reference AT varied, ranging from 18.4 °C for emergencies requiring
hospitalization to 23.5 °C for fatal emergencies. Additionally, the magndti&RR differed
substantially for fatal emergencies, where it exceeded the value of 3, compared to other cases,
where the maximum RR was approximately 1.40.
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Figure 4.6. Contour plot obtained through distributed lag +ioear model for cardiovascular
emergencies in Milan, Italy in Ma8eptember 20122022 for (a) female patients, (b) above 65
years old patients, (c) nesevere emergencies, (d) emergencies requiring waasion to
hospital, (e) fatal emergencies. RRrelative risk estimated against reference mean daily
apparent temperature.
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(e)
To ensure that the selected threshold for defining heat was applicable universally, Poisson
regression was conducted on all CV emergencies, without stratifying by gender, age, or
severity. Given that lags 0 and 1 were considered, the model was run wesifadldiving
definitions of lags for heat days:
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- only days when the mean daily AT exceededithgercentile (withi in range from

the90't099") of its annual distribution (referred
- days when the mean daily AT exceededithgercentile (with in range from the 90
to99" of its annual distribution and the foll

(referred to as #fAlags 0 or 10),
- days when the mean daily AT exceededithgercentile (with in range from 90 to
99" of its annual di stribution for that day e
As shown in Figure 4.7, the curves generated by these three criteria were similar,
confirming the robustness of the approach. Accordingly, lag0 was arbitrarily selected for
further analysis. Unsurprisingly, considering lags 0 and 1 (i.e., a minimurddwoeatwave)
resulted in the highest RR.

Figure 4.7. Relative risk estimated by Poisson regression for heat thresholds set frorff the 90
to 99" percentile of annual apparent temperature distribution for three lags considered (see text
for details). Shaded area represents 95% confidence interval.
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The percentage change from percenitite i+1 ranged from-0.29% from the 90 to 91
percentile, to 7.14% from the 980 99" percentile (Figure 4.8). From the'®percentile, all

the next percentiles were associated with a higher percentage change. Therefore, for Milan,
days with AT exceeding the 9percentile of its annual distribution were selected as heat days.
This approach classified 19 days as heat days each year, thus there were 114 heat days in total
in the analysed period of 202D22, wit all of them falling within the months from May to
September. All other days were classified as-heat days.
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Figure 4.8. Relative risk of a cardiovascular emergency associated with each percentile of the
apparent temperature distribution at lag0 in Milan, Italy. The blue shaded area represents a 95%
confidence interval. RR relative risk, Cli confidence interval.
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4.3.2. Meteorological characteristics and air pollution in the city of Milan

The approach for selecting the ARPA measurement stations resulted in the identification of 10
unique stations for meteorological parameters (nine foteanperature, eight for relative
humi dity, five for wind speed). I n particul g
from the application of the Voronoi diagram for wind speed was excluded, as it was located far
from the borders of the city of ldn and yielded a polygon which covered only a very small
area of the city. The polygons resulting from the Voronoi diagrams for each considered
meteorological parameter are mapped in Figure Ad4Apendix

For air pollutants, the selection of stations based on the Voronoi diagrams resulted in
the identification of stations for which the majority of daily observations were missing values.
Therefore, after the exclusion of these stations, a total of 10 umgasurement stations
(seven for CO, nine for NOtwo for SQ, three for @, four for PM10, three for PM2.5) was
selected. The geographical location of final ARPA measurement stations is mapped in Figure
4.9.
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Figure 49. Geographical location of ARPA measurement stations for meteorological
parameters and air pollutantsi &ir temperature, RH relative humidity, WS wind speed,
CO1 carbon monoxide, N&i nitrogen dioxide, S©i sulfur dioxide, Qi ozone, PM1Q
particulate matters of less than 10 um in diameter, PMparticulate matters of less than 2.5
pm in diameter.
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Overall, during the warmer months (i.e., from May to September) in the yeas2B2P7 the
mean daily AT was 23.54 °C, slightly higher than the mean daily air temperature over the same
period, which was 23.25 °C. In general, the minimum arfti@5scentile of AT were lower

than the corresponding values for air temperature, while the medifinpefgentile, and
maximum AT were higher. Milan was characterized by high humidity levels, with an average
relative humidity of 59.07%. Wind speeds were relatively hnd stable, ranging from 0.72

m/s to 3.15 m/s, with a 9575 percentile range of 1.30.81 m/s. A detailed summary of the
descriptive statistics for meteorological parameters and air pollutants is provided in Table 4.1.

Table 41. Descriptive statistics of mean daily values of meteorological parameters and air
pollutants in MaySeptember 2022022 in Milan, Italy. COi carbon monoxide, N©i
nitrogen dioxide, S@i sulfur dioxide, Q1 ozone, PM1G particulate matters of less than 10
pm in diameter, PM2.5 particulate matters of less than 2.5 um in diameter.

Parameter/ Mean Standard Minimum 250 Median 750 Maximum
statistics deviation percentile percentile

Apparent

temperature (°C) | 23.54 5.00 6.86 20.27 24.38 27.24 36.03
Air  temperature

(°C) 23.25 4.19 9.84 20.42 24.03 26.30 32.17
Relative humidity

(%) 59.07 11.79 27.63 50.92 58.69 66.56 96.12
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Wind speed (m/s)| 158 0.39 0.72 1.30 1.53 1.81 3.15

CO (mg/nd) 0.52 0.11 0.28 0.44 0.51 0.59 1.07

NO; (ug/nv) 29.49 9.68 8.50 22.25 28.51 35.30 77.17

SO (Hg/nT) 2.82 1.36 0.34 1.74 2.64 3.73 12.92

Os (ug/n) 75.88  20.38 15.75 62.15 76.71 90.22 132.75

PM10 (ug/nd) 21.77 8.23 5.00 16.00 20.47 26.00 62.50

PM2.5 (ug/nd) 12.19 4.87 2.67 9.00 11.33 14.75 39.50
The correlation between air pollutants and AT was highonlytddr ®=0. 72) , consi s
findings from previous studies (Abdullah et al., 2017; Porter and Heald, 2019). In contrast, the
correlation coefficients for other pollutants ranged fradm 16 f or NO to 0.39

shown in Figure 4.10. This finding pialy explains the minimal differences observed in the
contour plots of DLNM results when comparing models with and without the inclusion of air
pollutants.

Figure 4.10. Spearman correlation matrix for mean daily values of meteorological parameters
and air pollutants in Magpeptember 2022022 in Milan, Italy. ATi apparent temperature, T

T air temperature, RH relative humidity, WS wind speed, CQ carbon monoxide, N&
nitrogen dioxide, S@i sulfur dioxide, Q1 ozone, PM1G particulate matters of less than 10
pm in diameter, PM2.5 particulate matters of less than 2.5 um in diameter.
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Table 4.2 provides a detailed annual overview of the mean daily AT statistics for the months
from May to September, along with the corresponding annual heat thresholds. The year 2020
recorded the lowest median of mean daily AT, but no extremes in ang ofttar summary
statistics. The warmest year in terms of the minimum, tHep28centile and the median was
2022, while the 78 percentile and the maximum were higher in 2019. The lowest heat
threshold, corresponding to the9percentile of the annuahean daily AT distribution, was
observed in 2021 (27.68 °C) and the highest in 2022 (29.92 °C), with a difference of 2.24 °C
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between these years. The record high mean daily AT of 36.0 °C was registerétl am&7

2019. Although the difference in AT value for heat threshold across years is relatively big,
using separate thresholds each year is relevant as it reflects annual climate variability, making
such approach sensitive to the specific conditions of ge&h leading to a more accurate and
meaningful identification of heat events.

Table 42. Descriptive statistics of the mean daily apparent temperature inSdptember
20172022 in Milan, Italy. Heat threshold defined as th& pbrcentile of annual daily mean
apparent temperature distribution.

Year/statistics Minimum 25h Median 75n Maximum Heat
percentile percentile threshold
2017 7.92 °C 19.07 °C 23.53 °C 27.04 °C 32.8°C 28.34 °C
2018 11.82 °C 21.45 °C 24.8 °C 27.07 °C 32.19 °C 28.29 °C
2019 6.86 °C 19.26 °C 24,78 °C 28.13 °C 36.03 °C 29.27 °C
2020 10.46 °C 19.88 °C 23.12 °C 27.11°C 33.36 °C 28.68 °C
2021 12.93°C 20.01 °C 23.54 °C 26.08 °C 32.17 °C 27.68 °C
2022 13.61°C 23.03°C 25.96 °C 27.9°C 32.86 °C 29.92 °C

Considering the five heat indices from the previous chapter, analysed under reference
conditions (relative humidity=50%, wind speed=1 m/s) as a function of air temperature (Figure
3.2),Apparent Temperatured®vas lower than the air temperature up to approximately 25 °C.
However, under warmer conditions, it exceeded the air temperature, reaching significantly
higher values. As shown in Figure 4.11, during the warmest days of the period from May to
September 204 2022, AT was considerably higher than the@mnperature, particularly when
combined with high relative humidity. In contrast, during the cooler months of May and
September, AT was lower than the air temperature.
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Figure 4.11. Apparent temperature, air temperature and relative humidity in3&gmyember
20172022 in Milan, Italy
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4.3.3. Ambulance dispatches for cardiovascular problems in the city of Milan

Of the 64,881 CV emergencies, 7,974 (12.29%) occurred during the 114 heat days. Figure 4.12
shows the daily number of CV emergencies and the mean daily AT throughout the period from
May to September 2037022. A noticeable drop in the daily number of erearies occurred

each August, reflecting the holiday period for Italians. However, August was also characterized
by relatively high temperatures and the occurrence of heat days. This highlights the importance
of including traffic data in models that do ribtectly account for time trends. Specifically, in
further analyses, traffic data were used as an offset in Poisson regression models to estimate
the RR of CV emergencies on heat versusimeet days.



Figure 4.12. Daily number of cardiovascular emergencies in Maptember 2012022 in
Milan, Italy and mean daily apparent temperature. Heat days are marked in red. CV
cardiovascular, AT apparent temperature.
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Based on the KolmogoreSmirnov test, the dailjwumber of CV emergencies resulted not
normally distributed. The median daily number of emergencies during the analysed period was
71 (28M-75" percentile 6680). The highest median was reached in 2019 (76 emergencies),
with two particularly elevated outliers equal to 116 and 139, while the lowest median was
observed in 2020 (63 emergencies). In 2020, in addition to a low median, the distrdfution
daily emergencies was characterised by a relatively narrow interquartile range, as illustrated in
Figure 4.13 As indicated by the Krusk&Vallis test, the difference in the distribution across
years was statistically significant.

In terms of months, there was a statistically significant difference in the distribution of
daily CV emergencies across them. The highest median was observed in June (78
emergencies). On the contrary, August was the month with the lowest median daigr wiimb
emergencies (56 emergencies), exemplifying the holiday period effect, as shown in Figure
4.13.

The distribution of daily number of CV emergencies differed significantly also across
the days of the week. The highest median daily number was observed on Monday (74
emergencies). Conversely, the lowest median number of emergencies was observed at the
weekend- on Sunday (67 emergencies) closely followed by Saturday (68 emergencies).
Moreover, the second half of the week was characterised by particularly high outliers,
represented by dots in Figure 4.13.

When stratified by heat and ndweat days, the difference in the distribution of the daily
number of CV emergencies was not significant. The median reached 71 emergencies during
northeat days, and 70 during heat days, but with two outliers equal to d18@emergencies.

This similarity of median daily CV emergencies in both meteorological conditions further
illustrates the holiday effegt while both DLNM and Poisson regression (both adjusted for
time trends) estimated an increased RR with heat, absolunbers for daily ambulance
dispatches do not reflect such finding.

The distribution of the daily number of CV emergencies, stratified by temporal
variables (i.e., year, month, day of the week and heat days) was graphically summarised as
boxplots in Figure 4.13.

10¢



Figure 4.13. Summary of the distribution of the daily number of cardiovascular emergencies
in May-September 2022022 in Milan, Italy, stratified by year, month, day of the week and
heat days
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As estimated by Poisson regression with offset represented by traffic data, the RR of
experiencing a CV emergency on heat days compared tbheairdays was 1.11, with a 95%

Cl of 1.091.14, indicating statistical significance. The same RR was observddniale
patients, although with a slightly wider CI. Interestingly, the RR was slightly lower for elderly
patients, at RR=1.10. The median age of elderly patients was 82 years for both heat and non
heat days, while for nealderly patients, it was 45 on mteat days and 46 on heat days.

When divided by emergency severity, the highest RR was observed for fatal
emergencies (RR=1.56), followed by rsevere emergencies (RR=1.19), and those requiring
transport to a hospital (RR=1.09). Furthermore, the percentage of fatal emergencies that
occured on heat days (16.37%) was significantly higher than the percentage of all emergencies
that occurred on heat days (12.29%). These findings align with the results from the previous
chapter and the existing literature, which consistently reports amsegteisk for CV mortality
during heat events, while the impact on morbidity remains less clear.

Regarding the place of emergency, the highest relative risk (RR=1.25) was observed
for those occurring on the street, likely due to direct exposure to temperature hazard. Although
only 6,117 emergencies occurred on the street, representing 9.43% &E#®I1&52% of these
emergencies occurred on heat dayspercentage significantly higher than the proportion of
all the emergencies on heat days. The lowest RR equal to 1.08 was recorded for emergencies
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occurring at home, which accounted for the largest share of all emergencies (43,939
emergencies; 67.72%). Emergencies at other locations, such as social/medical facilities, public
offices, railways, schools, workplaces, sports facilities, or lakes, readRBdof 1.17. The RR

for all subgroups was statistically significant, and detailed results are provided in Table 4.3,
providing evidence of increased morbidity risk in heat conditions for Milan.

Table 43. Summary of characteristics of cardiovascular emergencies during heat (as defined
in section 4.2.1) and nemeat days of Mayseptember 2022022 in Milan, Italy, and the
corresponding relative risk of having a CV emergency in heat days in respeciteandays.

RR1 relative risk, Cli confidence interval.

Non-heat days (% of Heat days (% of total RR (95% CI)
total CV emergencies CV emergencies in
in each group) each group)

Total 56,907 (87.71%) 7,974 (12.29%) 1.11 (1.09 1.14p
Female 30,951(87.76%) 4,316 (12.24%) 1.11 (1.08 1.15)
Over 65 years old 31,107 (87.88%) 4,290 (12.12%) 1.10 (1.07% 1.14p
Non-severe 8,606 (87.03%) 1,282 (12.97%) 1.19 (1.12 1.269
Requiring transportation 7 461 (37.9504) 6,449 (12.05%) 1.09 (107 1.12§
to a hospital
Fatal 1,241 (83.63%) 243 (16.3798) 1.56 (1.361 1.80p
At home 38,692 (88.06%) 5,247 (11.94%) 1.08 (1.05 1.12p
On the street 5,290 (86.48%) 827 (13.529%) 1.25(1.161 1.34y
Other places (i.esocic
medical facility, other
medical facility,
workplace, hospital, 12,925 (87.18) 1,900 (12.82%) 1.17 (1.1% 1.23)
public office, railway,
school, sports facility,
lake)

ai significant difference in proportion of emergencies during heat days of a particular groupspitict to all
emergencies during heat days {shuare test)
b1 significant RR

In Milan, in pre COVID-19 period, the median daily number of emergencies was 73, reduced
to 66 in COVID 19, and back to the pandemic level (73) in poSEOVID-19. Also, the age
of patients in postCOVID-19 was significantly reduced by 2 years. Infb@0OVID-19 and
post COVID-19, compared to pré&€OVID-19, a significant reduction of around 3% in events
in women was observed. Additionally, stratifying by the severity of the emergencies, in both
COVID-19 and postCOVID-19, the fraction of emergenciesquiring transportation to a
hospital decreased significantly, while the percentage ofsegare and fatal emergencies
increased. The characteristic of CV emergencies in @@VID-19, COVID-19, and post
COVID-19 periods are summarized in Table 4.4.

The RR of experiencing a CV emergency on heat days was higher in {6©pi®-
19 period (RR=1.15) than during the COVID period (RR=1.09) and peSOVID-19 period
(RR=1.09), although all three RRs were statistically significant. Thus, despite a signific
decrease in daily CV emergencies during the CO¥®Dperiod, the negative impact of heat
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on CV health persisted. Monitoring these trends in the coming years will be essential to fully
understand the pandemic's effect on the demand for CV emergency services.

Table 44. Characteristic of cardiovascular emergencies irGiDd/1D-19 (reference period),
COVID-19, and postCOVID-19 periods. RR relative risk, Ci confidence interval.

pre-COVID -19 COVvID-19 postCOVID -19
(reference)

Median number of cases
per heat day25" -75" 72 (607 85) 63 (51.25 69.75} 78 (717 83.5)
percentile)
Median number of cases
per norheat day (28 - 73 (631 82) 66 (58.75 75¢ 72 (63i 81.75)
75" percentile)
Median age (25-75" 69 (48i 83) 69 (48i 83) 67 (461 83y
percentile)
Percentage of women 55.18% 53.44% 53.56%
Percentag_e of nesevere 13.6% 17.0798 16.8208
emergencies
Percentage of
emergencies requinng 84.43% 80.28% 80.69%
transportation to a
hospital
Percentage of fatal 1.97% 2.65% 2.58%
emergencies
RR of CV emergency or
heat versus neheat 1.15(1.11 1.18F 1.09 (1.041 1.14y¥ 1.09 (1.03 1.15¥
days (95% CI)

ai significant difference in distribution (MaAWhitney U test)
b1 significant difference in proportion (csiguare test)
¢ significant RR

Chapters 5 and 6 will focus on the geographical dimension of CV emergencies. Figure 4.14
provides a simple overview of their spatial distribution through two heatmaps, one for heat
days and another for ndreat days. A visuabxamination reveals distinct differences,
highlighting the importance of conducting spatial analyses. As the absolute number of CV
emergencies was considerably higher on-heat days compared to the 114 heat days, the
colour intensity on the heatmap fottieeme temperatures is mostly lower, however this change

is not uniform across the city. These differences will be further analysed, considering the
official administrative divisions of Milan and various socidan characteristics of specific
zones, whichare essential for capturing the underlying trends. The precise geolocation
obtainable from ambulance data offers a significant advantage over hospital data and can
provide valuable insights at the local level, benefiting both EMS management and urban
plaming.

112



Figure 4.14. Heatmap of CV emergencies in M&gptember 20122022 in Milan, Italy (a) on
nontheat days and (b) on heat days. Radius equal to 1,000 meters.
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4. 4. Limitations and conclusion

This chapter empirically tested the framewprkposed for selecting a percentile threshold on

the temperature to define heat, as formulated in the previous chapter. Utilizing retrospective
data on ambulance dispatches for CV problems in Milan, covering the period from May to
September in the years PB2022, the analysis led to the identification of th& p&rcentile

of the annual distribution of the mean daily AT as the heat threshold. Consequently, 19 days
each year were defined as fAheat dayso. Alth
by more than 2 °C among the years, defining heat days based on annual thresholds effectively
accounts for shotterm (intraannual) climate variability. Moreover, the corresponding RR of
having a CV emergency on heat days with respect teheahdays wasstimated by Poisson
regression, controlled by seasonal trend, and reported increased risk of CV morbidity for the
city of Milan, regardless of gender and age of the patient, as well as place and severity of the
emergency.

Furthermore, this chapter provided an overview of the data sources relevant to the
subsequent chapters (Chapters 5 and 6), detailing their preprocessing and primary
characteristics. It highlighted the utility of ambulance dispatch data as a proxy fodityorbi
offering significant advantages over traditional medical data, such as hospital records or
mortality statistics, which often lack detailed spatial information. The geographical dimension
of ambulance data enables a deeper analysis pertinent td#meaantext of this thesis, which
will be further explored in the following chapters. Additionally, the meteorological data were
examined, offering crucial climatic context for Milan and analysing the daily distribution of a
heat index, i.e., apparent teaempture, based on meteorological characteristics. Notably, it was
also demonstrated that the model assessing the impact of heat on CV emergencies yielded
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consistent results regardless of the inclusion of air pollutants, thus providing a rationale for
their exclusion from future analyses.

As CV emergencies possess an inherent temporal dimension, this chapter also
addressed timeelated characteristics. The results indicated significant variations in the
distribution of emergencies across years, months, and days of the week. Specifically, a
considerable decrease in emergency calls during holiday period highlighted the effect of
resident absence, while the COVI® pandemic resulted in a temporary decline in the daily
number of emergencies. Adjusting for these temporal factors is vital foradely estimating
the RR, as neglecting them could lead to unrepresentative findings. The potential of utilizing
traffic data as a proxy for resident presence in the city was also explored, offering a promising
path for future research.

However, this approach is not without its limitations. The classification of emergencies
as CV was based solely on the receiver's interpretation of the emergency call, which may not
reflect an official medical diagnosis. This lack of rigorous classifinatiecessitates closer
collaboration between the EMS and hospitals to ensure accurate data for further research.
Moreover, CV data for this thesis were restricted to ambulance dispatches, thereby excluding
selfpresentation at emergency departments. Suehodalld have provided additional insights
or confirmed the robustness of results derived from ambulance records. In addition,
meteorological data were subject to several limitations, primarily related to location sensitivity.
For instance, these data wearenstrained by the limited and spatially dispersed number of
measurement stations, which hindered the comprehensive averaging process required to derive
a representative value for the entire city. The uneven spatial distribution of these stations
impededthe calculation of daily AT values for different urban areas, limiting the analysis of
the urban heat island effect. Future research may benefit from integrating satellite data to
enhance the robustness of the methodology; however, such satellite datpresient
limitations, as remote sensing may be obstructed by cloud cover.

In conclusion, this chapter established a foundational understanding of the influence of
passive heat stress on CV emergencies in Milan through statistical modelling. The subsequent
chapters will delve into more comprehensive mathematical analyses paitticalar emphasis
on the spatial dimension, aiming to offer a holistic perspective on the impact of heat on public
health in urban environments.
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Chapter 5. Socicurban characteristics andcardiovascular
vulnerability to heat: a geospatialperspective

The content of this chapter is an elaborated version of the following publications:

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (2024).
Neighborhoodleterminants of vulnerability to heat for cardiovascular health: a spatial analysis
of Milan, Italy. Population and Environmem6(4), 25.https://doi.org/10.1007/s11140P4
004663

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Migliari, M., & Caiani, E. G. (20&8ospatial
analysis of socio-urban vulnerability to heat in the context of cardiovascularhealth.
Proceedings ofhe Sustainability in Energy and BuildingSEB)conferencdin press).

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Se¢hi M., & Caiani, E. G. (20245eptembegr
Spatialclustering ofambulancedispatches forcardiovasculaproblems duringheat andnon-
heatdays: Preliminarystudy for Milan, Italy.In 2024 IEEE 8th Forum on Research and
Technologies for Society and Industry Innovation (RT$pp. 6671). IEEE.
https://doi.org/10.1109/RTS161910.2024.10761157

Highlights:

1 RQ4: What arehe socieurban characteristics that could influence CV health in
presence of heat?

1 K-means clustering identified three geographically coherent clusters of Milan,
i.e., Central, Residential, and Peripheral, differing by sadian features.

1 Spatial and noispatial regression models assessed the direct and spillover effi
of sociourban characteristics on CV vulnerability to heat, identifying significan
effects of mean summer temperature, density of drinking water fountains, anc
demographis (percentages of elderly, female, and graduate residents).

1 Socicurban vulnerability to heat index derived from regression coefficients
enablel the creation of a vulnerability map highlighting highly and low vulnerak
districts ofthecity.
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5.1.Introduction

Currently, more than half of the world's population lives in cities, with this percentage being
projected to reach 70% by 2050 (World Bank, 2022). Urbanization, despite driving economic
devel opment due to citiesd hi g fesechallemgdsuct i v
include increased air pollution due to vehi
pollution generated from human activities, and heat waste from buildings, with all these factors
being associated with adverse health outcofabset al., 2021; OECD, 2020; Zhang, 2016).
Moreover, higher temperature has been observed in cities compared to their surroundings (i.e.,
urban heat island), and within the city comparing central districts to more peripherical
neighbourhoods (Kim & Brow2021), exposing urban populations to an intensified risk factor

for their CV health. Big cities, as centres of human activity, are not only experiencing the
physical manifestation of climate change, by are also confronted with the complex
interplay of socicurban vulnerabilities that could exacerbate the impact of heat events on
human health.

The effect of urbanisation on human health can be twofold: on one hand, the facilitated
access to healthcare allows for timely and appropriate assistance; on the other hand, the typical
conditions of polluted environment, social depravation and streg&fstlyle can undermine
health (Ebi et al., 2021; Minzel et al., 2022). While most of the research focuses on
understanding and treating diseases in patients, there is a growing recognition of the need for
preventive measures to keep urban residents framonhieg patients in the first place (Tong
and Ebi, 2019WHO, 2021). Clinical research is vital, but the challenges posed by climate
change and urbanization require a proactive approach, aiming to anticipate and address health
issues before they manifest in a severe way.

In particular, different patterns of social, cultural and physical segregation can be
recognised within large cities, each having its own particular heakkiant characteristics
(Minzel et al., 2022; Godfrey & Julien, 2005). Such inequalities highiighbheed to analyse
the determining factors with more spatial detail. For example, Bakhtsiyarava et al. (2023)
argued that further investigation is needed towards the spatial analysis of the impact-of socio
urban factors on health vulnerability to heatlasy found unexpected effects of population
density and income inequality on heatated mortality at the city level. Indeed, studies
conducted at higher geographical resolution have yielded clearer conclusions regarding all
cause, CV and cardiorespiratanortality, particularly concerning the effects of age, greenery,
and wealth (Morais et al., 2021; Murage et al., 2020; Silveira et al., 2021).

Spatial relationships in epidemiology have been known for centuries, however,
advanced geomatics methods were still rarely used in the first decade of theftigeogntury
(Auchincloss et al., 2012). Nevertheless, in recent years, spatial analyagingeechniques
such as clustering and spatial correlation detection, has been recognised as crucial in
epidemiological research (Baptista & Queiroz, 2019; Mena et al., 2018). Such spatially
disaggregated approaches can inform strategies to increasesilfence of the population
living in large cities to heat waves, in particular relating to CV diseases. Towards this goal, it
is important to assess whether the urban area can be clustered into smaller zones based on
sociourban features, and what is te#fect of these features and clusters on population
vulnerability to heat in the context of CV health.
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In recent years, numerous indices to assess -sooén vulnerability to heat were
developed (Ellena et al., 2020a; Li et al., 2022; Cheng et al., 2021; Krellenberg et al., 2017;
Dong et al., 2020; Macintyre et al., 2018; Sera et al., 2019). The most cometlbodologies
for the index calculation (Li et al., 2022; Cheng et al., 2021), however, lack direct connection
to reatworld health outcomes, making theoretical assessments that may not reflect actual
trends in mortality or morbidity during heat everfsirthermore, validation is a significant
limitation of the relevant articles, with only about one in four study testing their indices against
reatworld health data, covering heatlated, cardiovascular, cerebrovascular, respiratory, or
all-cause morbidyt or mortality data as reference (Li et al., 2022; Cheng et al., 2021). While
conducting geospatial analysis with aggregated morbidity and mortality data is very difficult,
as argued in previous chapters, the use of geolocalized information on the CN diuingat,
along with advanced spatial modelling, could enable this kind of study. Specifically,
geolocalized data originating from the local emergency medical system (EMS) could be used.
Despite the lack of information on official clinical diagnoses, imfation on health events
from EMS data can be considered as a valid proxy for the dpatiporal analysis of a
pathologic condition (in this case, CV health problems), as previously validated in the context
of COVID-19 (Gianquintieri et al., 2022; Gianaiieri et al., 2021).

Another major research gap of secidan vulnerability indices is the lack of practical
guidelines for applying them (Chen et al., 2021). Many studies do not provide specific
recommendations for urban areas needing urgent intervention. Addressing tikisgsgntial
for improving the indices' accuracy and practical utility in guiding urban planning and public
health responses.

Accordingly, to align with the proactive approach, the aim of this chapter is to propose
an analysis that identifies clusters of a large urban area based curd@eicharacteristics of
its neighbourhoods, and subsequently studies the direct and ineifects of such
characteristics on population vulnerability to heat for CV health. Beyond merely identifying
the spatial and nespatial behaviour of the determinants of vulnerability, the focus of this
chapter lies in quantifying and mapping such vulb#itees to create a comprehensive index
that could serve as a tool for public health intervention and urban planning. As such, this
chapter addresses the RQ4: What are the gsobian characteristics that could influence CV
health in presence of heat?

5.2. Materials andmethods

The following analyses will be performed for Milan, Italy, whose main climatic and
demographic characteristics were overviewed in Chapter 4. For administrative purposes, the
city is officially divided into 88 Nuclei of Local Identity (NIL) (Figure 5.1), wh represent
different districts with varying urban and sodemographic characteristics (Comune di
Milano, 2023a). In order to ensure reabrld applicability of this study, the NIL, which
represent the principal spatial division of Milan for local pyainaking, are the units used in

the following analyses, with the NIL 3 and 8 excluded as being entirely covered by city parks.
The official names of each NIL are listed in Table A5.Appendix



Figure 5.1. The 88 Nuclei of Local Identity (NIL) of Milan

N 0 2.5 5km mmmm NIL border
A T — 1 NiLidentification number

Regarding the meteorological parameters and ambulance dispatches, data from the Regional
Agency for Environmental Protection (ARPA) for the years 20022 and the Regional
Agency for Emergency and Urgency (AREU) for the period Naptember 2012022,
oveaviewed in the previous chapter, were used. Following previous results, heat days were
defined as those with the mean daily apparent temperature (AT) exceedin§ fher@tile

of its annual distribution, i.e., 114 days were classified as heat ddysyedrs 201-2022.

5.2.1. Cardiovascular vulnerability to heat

For the purpose of calculating the CV vulnerability to heat (CV_VtoH), ambulance data were
limited to the events that occurred at home only, in order to ensure consistency between each
emergency and the characteristics of the NIL of residence of thetpdienCV_VtoH for

each NIL was defined as the percentage of emergencies that happened during heat days and the
day after (in order to account for delayed effect of heat on fatal emergencies, as previously
illustrated in Figure 4.6), with respect to théatomumber of ambulance interventions in that

NIL during the whole observation period (M&eptember 20122022). The following formula

was used for this purpose:

b oo & P zpnnb (5.1)
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wheren is the total number of heat days.

5.2.2. Socieurban characteristics

Although there is not a standard set of sagioan characteristics to be included in Hegalth

related research, a significant impact of several features ohe@kh has been consistently
reported in relevant literature (Kreatsoulas & Anand, 2010; Mena et al., 2018; Nieuwenhuijsen,
2018; Sharma et al., 2004; Son et al., 2019). These features include: demographic
characteristics (e.g., gender (Achebak et al. 9204ge (Cicci et al., 2022)), soea@zonomic

status (e.g., education level (Zhou et al., 2017)), environment variables (e.g., temperature (Liu
et al., 2022), greenery (Murage et al., 2020)) and urban planning (e.g., connectivity (Adhikari
et al., 2021)).Accordingly, also accounting for open data availability relevant to Milan
(Comune di Milano, 2023b; Milano Geoportale, 2023), for each NIL, 11 sobian features

were computed, according to the formulas presented in Table 5.1.

Table 51. Description of the soctarban features computed for each Nucleus of Local Identity
(NIL), with the relevant formula and the reference year(s) for which the data were available

Feature Formula/description Data reference
year(s)

Built-up area (%) ol A0 pmmp 2012
0 € O0Xd OQ &

Non-residential buildings' volumg g€ ¢l Qi "QQDHSIQINICE GD o Q 2018
(m¥/m?) (6 QAT Q6
"Q QIQE € Qi QW 2016

Green roofs (%) 56 QBap] 'QZ(IP nmnp

Population density (people/Kin €0 0(‘ oosQ Dg;glz ,,QQ Qe ol 2020
0 € O 0Q W

where0 is the normalizationr-———) of all
Vegetation index NI'L6s values, 2012
Q QRE BH—,

01 BOQeiHQ ,

01 B4 iR
Mean summer land surface mean daytime Jur&ugust land surface 20132017
temperature (LST) (°C) temperature
Density of drinking water £ 660D NERODVE 0E O DT
' 2019
fountains (n/ krf) 0 £ o0 dQ &
i . Ty 1 .Q \"m‘
Cycle paths (km/kf) wooumdma £25%0 2022
0 € ouw 0dQ W
Residents >=65 (%) €00 wiQN QI QQQEUW'Q ®hd mz% _— 2020

0€ 0D NQQQE 0




£ 04 T a & i Q%,psn%lb 2020

Female residents (%) S GG 000 ¢
0¢ o £ ol

20 G GO GO ABI00 Qs o | 2011 (graduate
— e Zpnnb | I Qi QQ2O20 i
0¢€ 0w QQQE O i © £ o G QY

N

Graduate residents (%)

5.2.3. Statistical methods

Descriptive statistics (i.e., minimum and maximum, mean and standard deviation, meian, 25
percentile and #5percentile) was used to summarize the data. The Kolmog8muwnov test

was used to test whether the data follow normal distribution (alpha=0.05). Relative risk (RR)

was estimated by Poisson regression with traffic offset as defined in Chapter 4. Itoorder
graphically represent the distribution of a continuous variable on a map,-colded classes

were computed on the basis of the equal quantile method for a total of 5 classes. Spatial
autocorrelation was assessedexsi(m™Mprkantéls dl; ol
in detail in Chapter 2, section 2.2.4). Given the relatively small sample size (i.e., the number

of NIL), in order to balance type | and type Il errors, the significance level for both global
(gMl') and | ocal tatOMIKimaktoCha, 8029. | was se

K-means clustering of soctarban characteristics

The NIL were grouped into clusters, defined by their socian characteristics, applying the

k -means algorithm. This approach dividdgoints inN dimensions int&k clusters, with the

objective of minimizing the withitluster and maximizing the betweeluster scatter

(Hartigan & Wong, 1979). Thelneans al gorithm has been previo

neighbourhoods in a range of problems, includingevialmag ci ti esd® mobil ity
(Rahimi, 2022; da Silva et al., 2016), identifymmdpan sprawl (Liu et al., 20b8 finding heat
prone neighbourhoods (Wu et al.,, 20p2 or tackl ing districtsdo e\

social, economic, and demographic variables (Delmelle, 2015).

The optimal value ok was chosen within an arbitrarily selected range of values from
2 to 10, by comparing the outputs of the elbow method (Syakur et al., 2018), the silhouette
method (Yuan & Yang, 2019), the Davies Bouldin index (Bolshakova & Azuaje, 2003) and
the hierarchica c¢cl ustering with Wardds | inkage ( Mur
method graphically compares the difference in the error sum of squares (which equals 0 when
k=M) of clustering with eack, and thekf or whi ¢ h t Hoemsthe elboeidthe an gl e
optimal value. The silhouette coefficient, based on 4{olmater distance (i.e., mean distance
among points within the same cluster) and wataster distance (i.e., mean distance between a
point and the nearest cluster other ttieat to which the point belongs), ranges betwéesnd
1, where the higher the score, the more dense and well separated are the clusters. In this study,
the Euclidean distance metric was used. The Davies Bouldin index calculates the average
similarity betveen clusters, accounting for their diameter, i.e., mean distance between points
and the <cluster centroid, and for the diste
negative values, and lower score indicates better partition. The last method ssketitthe
optimal value ofk, i.e., hierarchical clustering, is in fact another clustering algorithm which
aims at building a hierarchy of clusters. For the purpose of this study, the agglomerative
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approach with Wardds | inkage was i mpl emented
merged together minimizing the total withttuster variance, and the optimal number of
clusters was read directly from the dendrogram.

After choosing thé& value, norparametric KruskaWallis and ManinWhitney U tests
were applied to investigate the significance of the differences in the distribution of eaeh socio
urban variable among cl| us tuerrbsan hcelnucsetfesrrstdh) .r e
Wallis test, the Bonferroni correction was implemented.

Regression analysis

To assess the impact of socior ban characteristics on NI LO®s
models were applied and compared, and the best performing one was chosen based on goodness
of fit measures.

The simplest model (linear multiple regression model with ordinary least squares
(OLS), m1) was defined as:

» O - (5.2)

whereY is the target variable to be modelled (in this study, CV_V&didefined by equation

5.1 in section 5.2.1X is a matrix of independent variables (in this study, sadian features
described in Table 5.1, section 5.2.B)js a vector of coefficients estimated using OLS
technique, andliis a vector of random error terms. The fulfilment of the OLS linear regression
assumptions was assessed by the Ramsey Regression Equation Specification Error Test
(RESET) test (linearity assumption), Shap\nlk test (error normality), Breusc¢lPagan test
(homoscedasticity), DurbiWatson test (error independence), and variance inflation factor
(VIF) (multicollinearity).

As we hypothesized a spatial relationship between the-soloan variables and the
CV_VtoH, this was tested by incorporating a spatial component into the statistical models. In
regression analysis, three forms of spatial interactions have been iderdiinetg the
independent variables (i.e., local), among the dependent variables (i.e., global) and among the
error terms (Halleck Vega & Elhorst, 2015). In order to potentially account for all these
interactions, the following models were applied, respelgtive
- spatially lagged X model (SLX; m2):

® O oO—- (5.3)
- spatial autoregressive model (SAR; m3):

®w "0 ol - (5.4)
- spatialerror model (SEM; m4):

®w ® o6h o6 _wod - (5.5)
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whereW is a matrix of spatial weightslis a vector of response parameters, patida-are
scalar parameters measuring the strength of spatial dependence. Accounting for mathematical
details, the assumptions of linear regression could be statistically tested only for the SLX
model.

Furthermore, three additional nested models obtained combining the above spatial
interactions were considered:
- spatial Durbin error model (SDEM; m5), combining SLX and SEM:

» O wd—0béh 6 _wob - (5.6)
- spatial Durbin model (SDM; m6), combining SAR and SLX:

®w "o O ow—- (5.7)
- Kelejian-Prucha model (m7), combining SAR and SEM:

O "o o6ho _wo - (5.8)

All these spatial models except SEM result in an estimation of the direct effect of a change in
the independent variable (i.e., one of the sarlman features) on the dependent variable (i.e.,
the CV_VtoH) for each unit (i.e., the NIL), along with an estiion of the indirect effect of

such change (limited to one specific unit) on the dependent variable in the neighbourhood (in
local models) or in all units (in global models) (Golgher & Voss, 2016; Halleck Vega & Elhorst,
2015). The total effect is defideas the sum of both direct and indirect effects (Golgher &
Voss, 2016). While the coefficient (i.e., tf® estimated in OLS nospatial regression
represents the change in the dependent variable associated withunitooleange in an
independent variable, the direct and indirect effects of spatial models do not have a
straightforward numerical meaning, atieey will be analysed with respect to their direction
(sign) and relative strength. To create the matrix of spatial weights between the NIL, i.e., to
define neighbours, the queen contiguity method was used (Getis & Aldstadt, 2004).

To determine the best model, the following tetep method was applied: 1) the
goodnessof-fit for each candidate model (n@patial OLS plus six selected spatial models)
was computed using the Akaike information criterion (AIC), and the model with westo
value was selected; 2) for the selected model, the likelihood ratio test was further applied to
decide if it should be restricted to its simpler version (either it is spatial espetial) or not.

Socicurban vulnerability to heat

Coefficients (i.e., thé for nonspatial model or the direct effect for spatial models) estimated
by the best regression model for statistically significant variableal(<0.05) were used to
calculate the soctarban vulnerability to heat (SU_VtoH) for each NIL. Pearson caticed

(r) was applied to examine the correlation between each significantigbein variable and
CV_VtoH. Moreover, the OLS regression was fitted to SU_VtoH (i.e., independent variable)
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and CV_VtoH (i.e., dependent variable), and the proportion of variation in CV_VtoH explained
by SU_VtoH was assessed by. R

Final map of low and highly vulnerable NIL was created combining the CV_VtoH and
SU_VtoH. Specifically, high values were defined as 3%p@rcentile of the distribution of
both vulnerabilities, while low values were defined as €5dércentile. This map was coleur
coded, with green and red tones indicating positive and negative health outcomes, respectively,
and with colour intensity representing the resident population of each NIL.

Hierarchical densitybasedspatial clustering of applications withnoise of ambulance

dispatches

Previous research has applied various techniques, inclueimggks, densithased and deep
learning clustering, to analyse ambulance dispatches in urban areas, focusing on their response
time optimization, patient characteristics analysis, and-tieghandareas identification (Desai

et al., 2023; Kamireddy and Keshavamurthy, 2016; Bharsakade et al., 2022). {bessity
clustering algorithms are particularly wsllited for this task as they identify clusters of
varying shapes and sizes and are robusbiserin the data, making them flexible and adaptive

to the inherent data structure (Campello et al., 2013). When combined with maps of additional
neighbourhood characteristics, such as SU_VtoH and CV_VtoH, these algorithms can provide
a comprehensive viesapable to integrate soeexonomic factors, environmental conditions,

and urban infrastructure. Accordingly, to cluster the CV ambulance dispatches (in this case not
limited to irhome emergencies) separately for heat anehea days, thieierarchicadensity
basedspatial clustering ofapplications withnoise (HDBSCAN) algorithm was employed and
visualized coupled with the map of low anighly vulnerable NIL, in order to further confirm

the robustness of the results.

Density-basedspatial clustering ofapplications withnoise (DBSCAN) directly clusters
points based on their density. It requires two hyperparameters: epsilon, which specifies the
maximum distance between two points to be considered neighbours, and the minimum number
of points (m_pts) required to form a demegion. The algorithm defines core objects as points
containing at least m_pts within the epsilon distance, with alkaooe objects classified as
noise. A cluster consists of all points 1) within #ysilon distance from the core point, or 2)
connected to a core point by a chain of points, each within the epsilon distance from the others.

HDBSCAN does not require specifying the epsilon parameter as it constructs the
mutual reachability graph, which stores the relationship between data points based on their
mutual reachability distance. Subsequently, it builds a minimum spanning tree, iwhich
hierarchically clustered using the singilgkage method. The optimal number of clusters is
then determined based on their stability (i.e., persistence of the cluster in the hierarchy) and
coherence (i.e., tightness and separation of data points fithicluster). The estimated
clusters include the dense clusters and the noise cluster.

For the purpose of this chapter, HDBSCAN was selected primarily for its automatic
tuning of hyperparameters. Moreover, it offers advantages relevant to emergency modelling,
including the capability to form arbitrarily shaped clusters robust to outliercuarly
important in the urban context (Cesario et al., 2023). Since the CV ambulance dispatches need
to be clustered based on longitude and latitude coordinates, the Haversine distance, measuring
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the angular distance between two points on the surface of the Earth, was chosen as the distance
metric. Two hyperparameters were explicitly specified: the distance metric and the minimum
cluster size. For the latter, the following arbitrary values weteded5, 50, 60, 70, 80, 90,

100 for the emergencies during heat days, and 300, 350, 400, 450 for the emergencies during
northeat days. The optimal minimum cluster size was determined based on thé Bawiem

index and visual examination.

For the map representing the rooise HDBSCAN clusters of CV emergencies for
heat and noimeat days, the underlying map included the classification in low and highly
vulnerable NIL regarding the CV_VtoH and SU_VtoH. Points representing individual
emergenies were displayed with 70% transparency to provide an overview of their density.

Once the emergencies that occurred during heat andheah days were clustered,
differences in the geographical locations of the clusters were visually assessed, and three
groups of zones (one zone does not necessarily correspond to one cluster) nwede def

- A: zones where clusters exist during foeat days but not during heat days;

- B: zones where clusters exist in both meteorological conditions, but with a
considerable spatial shift in point concentration;

- C: zones where clusters experience a considerable increase in spatial coverage during
heat days compared to nbeat days.

Subsequently, differences in the fraction of elderly (i.e., above 65 years old) and female
patients, as well as of fatal emergencies in heat days with respectheaixtays for the zones
belonging to the second (i.e., B) and the third (i.e., C) grofipetkabove were tested for
significance at alpha=0.05 using the-shuare test.

5.3. Results

The number of residents in the observed 86 NIL of Milan ranged from 104 (for NIL 84, located
in the northern part) to 62,347 (for NIL 21, in the nestistern part), with a median value of
15,170 residents (8575" percentile: 4,855 23,405). The NIL median area was 1.64%km
(1.09 knt - 2.66 kn¥), with the districts located further from the centre tending to have a larger
area. In the analysed period, there were a total of 64,881 CV emergencies, of which 43,919
(67.69%) occurred at home and could be neaipfp the NIL of occurrence (20 emergencies
happened at the NIL border and they were excluded from CV_VtoH calculation). Of these
emergencies, 6,669 (15.18%) happened during heat days and the following day, of which there
were a total of 145 days in theadysed period.

5.3.1. Socieurban characteristics and cardiovascular vulnerability to heat

The distribution of the focal sociarban characteristics among the 86 NIL, along with their
CV_VtoH, are summarised in Table 5.2. It is possible to notice a wide rangem@inof
values for each feature in all parameters, evidencing the large sgédia@dies that are typical

of a big city such as Milan. This finding corroborates the hypothesis that, in order to highlight
possible differences in the distribution of healated CV events within a big city, the
utilization of a more detailed geograpaligpartition can result in more interpretable and
accurate results than cilgvel analyses.
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Table 52. Descriptive statistics of the distribution of values among the 86 Nuclei of Local
Identity (NIL) in the city of Milan for each selected sociban feature and the cardiovascular
vulnerability to heat (CV_VtoH)

Feature/statistic Mean Standard Minimum 25h Median 750 Maximum
deviation percentile percentile

Built-up area (%) 19.34 11.31 0.72 10.51 18.16 27.84 47.34

Non-residential

buildings' volume 5.46 3.45 0.59 3.86 4.55 5.96 21.27

(m¥m?)

Green roofs (%) 3.10 2.7 0.0 1.27 2.77 4.08 17.14

Population density ¢ 151 418 32 3,888 8,434 13,630 26,993

(people/km)

Vegetation index 0.30 0.15 0.01 0.21 0.29 0.37 0.75

Mean summer land

surface temperature, 35.58 1.17 31.31 35.06 35.86 36.28 37.78

LST (°C)

Density of drinking

waterfountains (n/ 4.29 2.73 0.0 2.28 4.07 5.80 12.72

km?)

Cycle paths (km/k)  1.81 1.29 0.0 0.85 1.69 2.37 7.46

Residents >=65 (%) 20.86 5.29 5.53 17.61 21.72 24.38 31.80

Female residents (%) 49.85 6.73 12.54 48.90 51.67 52.86 54.99

g‘/[)‘;‘d“at“es'dems 1754 957 0.0 10.42 14.63 25.11 39.71

CV_VitoH (%) 15.05 4.59 0.0 13.99 15.05 16.08 33.33

To aggregate NIL that are similar by the considered features, an optimal number-airbanio
clusters needs to be defined. The silhouette method indikaBedvith a coefficient equal to

0.25; although the elbow point was not distinctly visible, that method also resuked as

the best choice (sum of the squared error equal to 555.15). As well, the dendrogram of
hierarchical clustering showed three clusters, while the Davies Bouldin index reached a local
minimum equal to 1.36 fd=3 (in the rang&=2+4), while the score was lower for akm=>5.

As the valuek=3 resulted viable or optimal according to all applied techniques, this was
assumed as the final choice for the number of clusters to be set iAntbans clustering
algorithm. As a result, 32 NIL, mainly located in the central portion of the city, assifoed

as part of the first sociarban clusteii Central (inhabited by 720,244 residents). 45 NIL
surrounding the city centre were part of the second aobtian clustef Residential (663,995
residents), and finally, 9 NIL in the periphery of the city were assigned to the thirdusbeio
clusteri Peripheral (8,227 residents). Each of these three-solan clusters showed a strong
geographical cohesion, and their spatial distributiongsalized in Figure 5.2. The Pearson
correlation coefficient between each pair of 11 saoitman features in the whole city and in

the three socikurban clusters is presented in Table A5.2.
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Figure 5.2. Geographical distribution of the Central, Residential, and Peripheralsdiaa
clusters obtained throughrkeans clustering of socior ban f eatures of Mil a
Local Identity (NIL)
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In Table 5.3, the median, the®25and the 798 percentiles of the distribution of the 11 sacio
urban features among NIL are reported separately for eachisban cluster. The results of

the ManAaWhitney U test, followed by the Krusk&Vallis test for multigroup comparison, at

the cluster level shweed significant differences (p<0.05) in all the considered saxbian
parameters, except for: % of elderly residents, similar for the Residential and the Central
clusters; cycle paths length and % of graduasidents, similar in Residential and Peripheral
clusters; vegetation index, similar in the Central and Peripheral clusters. However, no
significant difference was observed in the CV_VtoH among the three clusters.

Overall, the Central cluster was characterised by the highest values in mediap built
area, green roofs, population density, density of drinking water fountains, cycle paths, and
percentages of elderly, female and graduate residents. In addition, hlestmgean summer
LST was registered in that cluster. On the contrary, the Peripheral cluster was characterized by
the highest values of nane s i dent i al buil dingsdé volume and
remaining socieurban features. Values for the $kdential cluster were intermediate, except
for vegetation index, which had the maximum level.
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Table 53. Median (29-75" percentile) of the distribution of the soaioban features and the
cardiovascular vulnerability to heat (CV_VtoH) for the Nuclei of Local Identity (NIL)
composing each sociarban cluster

Feature/cluster Central Residential Peripheral
Built-up area (%) 29.32 (27.6435.51}%¢ 13.5(10.2917.98%° 2.2 (1.334.82f°

Non-residential buildings'

c b C
volume (i) 4.15 (3.574.59) 4.85 (4.146.12) 8.68 (6.6616.97
Green roofs (%) 3.84 (3.264.72y¢ 1.9 (1.233.64%® 0.0 (0.00.11)°
Population density p c b c
(people/krf) 16,056 (11,91117,534¥° 7,155 (3,8168,641} 540 (82828)
Vegetation index 0.25 (0.190.33% 0.34(0.27-0.46}%° 0.12 (0.070.24p

Mean summer land surface
temperature, LST (°C)
Density of drinking water

36.22 (35.986.5f°  35.62 (34.986.16]°  33.62 (33.2134.4f°

fountains (n/ ki) 5.59 (4.987.19f° 3.26 (2.274.94f° 0.07 (0.01.37)°
Cycle paths (km/kd) 2.34 (1.413.24)° 1.5 (0.691.96} 0.85 (0.241.29%
Residents >=65 (%) 22.4 (20.4423.84F 22.21 (17.725.66f  12.26 (8.7715.55°
Female residents (%) 52.94 (52.1653.78]°  51.11 (49.4652.40f° 43.39 (26.2446.64§°
Graduate residents (%) 26.16 (20.8732.34]°  11.51 (9.5814.56} 9.55 (7.3814.7f
CV_VtoH (%) 14.80 (13.4915.41) 15.47 (14.2916.40)  16.67(8.3322.22)

a - significant difference between Residential and Central clusters @VArnimey U testp-value<0.05)
b - significant difference between Residential and Peripheral clusters (Waitney U test, pralue<0.05)
¢ - significant difference between Central and Peripheral clusters (ViAmnimey U test, pralue<0.05)

Although differences in the distribution of CV_VtoH were found not significant, its highest
median was observed in the Peripheral cluster (16.67%), followed by the Residential (15.47%),
and then the Central (14.80%), with the same order considering ¢nguiattile range of the
CV_VtoH (equal to 13.89, 2.11 and 1.92, respectively). The RR instead was the highest in the
Residential cluster (RR=1.13, 95% CI [1-1A7]), followed by the Central cluster (RR=1.11,
95% CI [1.071.15]), and the Peripheral clustéor which the result was not statistically
significant (RR=1.06, 95% CI [0.85.32]). Moreover, in the Peripheral cluster, the observed
values of CV_VtoH were only either above thé"§@rcentile or below the Qpercentile of
the distribution of CV_VtoH for all NIL considered in the whole city of Milan. The CV_VtoH
in each NIL, together with the boxplots for each sagiban cluster, is shown in Figure 5.3.

Considering the whole city of Milan, the cumulated CV_VtoH, calculated dividing CV
emergencies in the whole city that happened during heat days and the following day by all CV
emergencies, was equal to 15.2%. This value was found exceeded in 24 olB3H8%4% (NIL
belonging to the Residential cluster, in 11 out of 32 (34.4%) NIL belonging to the Central
cluster, and in 5 out of 9 (55.6%) NIL belonging to the Peripheral cluster.

The gMI=0.218 (pvalue<0.01) revealed a small clustering tendency of the CV_VtoH
considering the whole city of Milan, and the LISA clusters were composed solely of the NIL
close to the city outside border.



Figure 5.3. Top panel: (a) Map of cardiovascular vulnerability to heat (CV_VtoH) in each
Nucleus of Local Identity (NIL), with reference to three seaiban clusters, and (b) LISA
clusters derived f r dhghhigh dlaillow-Mw, Hairmgrslow) Lhid e x . H
T low-high,gMIi gl obal Morands I ndex. Bottom panel
three socieurban clusters. The width of the boxplots is proportional to the logarithm of the
number of residents. Dashed lines within boxplots represent stathelaadion.
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The regression modelling aimed at assessing the impact of the 1-lisodba n f eat ur es o
CV_VtoH. For clarity of interpretation, the

on their mathematical meaning and are not representative lifatjue health outcomes: a
socicurban feature will be described to have a negative effect if an increase in its value is
related to a decrease in the CV_VtoH, while it will be described to have a positive effect if an
increase in its value is relateddno increase in CV_VtoH.

First, the analysis was performed considering the whole city (i.e., on the 86 NIL). Both
AIC and likelihood ratio test indicated the SLX (m2) as the best model (p<0.05). For the SLX
model, statistical tests indicated that the homoscedasticity and eepemiknce assumptions
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were satisfied; however, there was statistical evidence that assumptions of linearity and error
normality might be violated. Additionally, selected variables (hupltarea in norspatial and
spatially lagged versions, spatially lagged mean summer LS$paiahlly lagged percentage

of graduate residents), yielded VIF>10, suggesting that the model may, to some extent, suffer
from multicollinearity (for full model diagnostics see Figures ABA.3 in Appendiy. To

ensure the robustness of the results degaitential multicollinearity in the SLX model, the

sign and significance of all independent variables were compared with those from the OLS
model, which reached VIF<10 for all the independent variables. The sign and significance were
identical in both mods. Additionally, the modelling approach was repeated with a trimmed
set of independent variables, excluding the hipltarea variable. In this case as well, the best
model was the SLX model, with the sign and significance remaining identical in both its
original and trimmed versions.

At alpha=0.05, the SLX model estimated a significant direct effect for five features:
positive for mean summer LST and the percentages of elderly and graduate residents, and
negative for the percentage of female residents and the density of drinkingfouatiins.

Only the percentage of elderly and female residents showed a significant indirect effect, and
together with the prevalence of density of drinking water fountains, they had a significant total
spatial effect for the 86 NIL of Milan. It is worthoting that the percentage of elderly and
female residents reached particularly lowalues (p<0.01) and their total impact was the
strongest.

The regression analysis was also performed separately for each of the obtained socio
urban clusters. However, it was not possible to perform it on the Peripheral cluster, due to the
low number of NIL it contained.

For the Residential cluster, the best model determined to be thspatal OLS
regression (m1). This model satisfied the assumptions of independence of errors and no
multicollinearity, but the statistical test suggested possible problems in regaehtityinerror
normality and homoscedasticity. In case of this cluster, two urban (i.e., green roofs area and
density of drinking water fountains) features had a significant negative effect while two social
features (i.e., percentage of elderly and femestdents) had a positive and negative effect,
respectively, confirming the results obtained for the whole city.

For the Central cluster, the AIC and likelihood ratio test indicated the SDEM (m5) as
the best model. Also in this case, a possible multicollinearity problem emerged for spatially
lagged models. Therefore, the modelling approach was repeated, subsemuemilyg the
set of independent variables by those characterized by elevated VIF values. This led to the
confirmation of the robustness of the initial results, specifically by comparing them with the
SEM model, which included nine variables. The SEM resitisely aligned with the initiakp
values and reported an identical direction of impact for all significant independent variables.

Features with significant effects estimated by the SDEM model for the Central cluster
werenorr esi denti al buil dingsdé volume, green r
negative effect, and mean summer LST, which had a direct positive efféf ovitoH. No
significant indirect effects emerged.

The results from the regression analysis, either in the whole city or in the Residential
and Central clusters, is presented in Table 5.4. AdditionalhApipendixcontains the results
of each of seven tested models in each of three geographical partitions (FigurésA8%.1
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Table 54. Results of the regression analysis considering coefficient, direct, indirect and total
effects in all districts, and in districts grouped in Central and Residential@ta@a clusters.

SLX i spatially lagged X model, SDEM spatial Durbin error model, IG5 i ordinary least
squares.

Feature/Cluster

(model) All (SLX) Central (SDEM) Residential (OLS)
Direct effect (spatial
models) / estimated std std std
effect p-value effect p-value 1 p-value

coefficient (non
spatial model)

error error error

Built-up area (%) | 028 035 029 | 007 064 015] -053 018 0.39
Non-residential
buildings' volume | 0.16 026 014 | -127* <001 029 | 017 058 0.30
(m¥m?)
Green roofs (%) -0.18 0.15 0.13 | -0.29* 0.04 0.15 ] -0.32* 0.02 0.13
Population density | 0 5609 015 | 05+ 002 022| 052 016 0.36
(people/km)
Vegetation index | -0.13 035 014 | 008 064 017] -01 052 0.5
Mean S(f,‘(r:“)mer LST | 071+ <01 048 | 1.11* <001 036| 038 007 0.0
Density drinking water 4 5493 011 | 020 008 017 |-0.73* <001 021
fountains (n/ krf)
Cycle paths (km/k@) | 0.1 035 0.0 | 0.1 012 006 | -01 066 022
Residents >=65 (%) | 0.37* <0.01 0.12 | 023 054 037 | 0.39* 0.02 0.7
Female residents (%) -0.29* 0.02  0.13 | -0.07 091 060 | -1.16* 0.05 0.56
Graduateesidents (%) 0.46* 001 0.8 | -0.12 025 010| 017 058 0.1

Indirect effect

Built-up area (%) 0.06 0.93 0.70 | -0.07 0.93 0.81
Non-residential
buildings' volume -0.1 0.72 0.28 24 0.15 1.66
(m3m?)
Green roofs (%) -0.11 0.71 0.31 | -0.14 0.8 0.55
Population density | 5 44 921 035 | 074 018 055
(people/km)
Vegetation index 0.06 0.8 0.26 | -0.16 0.71 0.42
Mean S‘(E,’gmer LST1 016 069 040 | 065 052 1.01
Density drinking water
fountains (n/ ki) -0.52 0.08 0.30 0.35 0.4 0.41
Cycle paths (km/kd) | 027 034 028 | 011 076 0.38
Residents >=65 (%) | 0.64* 0.01 0.26 15 0.07 0.83
Female residents (%) -0.82* 0.02 0.35 0.13 0.94 1.66
Graduate residents (% -0.2 0.59 0.38 | -0.14 0.83 0.63

Total effect

Built-up area (%) -0.21 0.76 0.70 0.0 1 0.80
Nonrresidential
buildings' volume 0.06 0.88 0.36 1.13 0.52 1.74
(m¥m?)
Green roofs (%) -0.29 0.43 0.37 | -0.44 0.37 0.49

Population density | 14 561 035 | 024 063 0.50
(people/km)
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Vegetation index -0.07 0.8 0.27 | -0.08 0.85 0.41
Mean S(E,‘g‘)mer 'ST| 055 016 040 | 1.76 013 1.18
Density drinking waterl 7. 90> 032 | 063 022 052
fountains (n/kr)
Cycle paths (km/k@) | 0.17 053 0.28 | 021 059 0.39
Residents >=65 (%) | 1.01* <0.01 0.29 1.72 0.12 1.10
Female residents (%) -1.11* <0.01 0.40 0.07 0.98 2.13
Graduate residents (% 0.26 0.5 0.38 | -0.26 0.67 0.6

* significant results at alpha=0.05

5.3.2. Socieurban vulnerability to heat

Following the regression results, the SU_VtoH was computed separately for the Central,
Residential, and Peripheral clusters, as described in the following equations (equations 5.9
5.11). For each neighbourhood, the standardized values (the same asr tkeddgression
models) of the significant independent variables were multiplied by the coefficients estimated
from the regression models, i.e., by direct effect dr lopefficient For the Peripheral cluster's

NIL, the variables resulting significant for the entire city were utilized (equation 5.9), while for
the Central and Residential clusters, the variables significant for their respective models were
applied (equations 5.10 abdlL1, respectively). Subsequently, the obtained values of SU_VtoH
for all the 86 considered NIL were normalized between 0 and 1.

0 QiR da o i "o ¢ 0 (5.9)
& e b Qd QA1 GQQ QR a3ib "QQ 4 (N QAR i
2Q1 "0t QBDVE 6 & 0 GIKEA D YYI® ¢ b Qi Qa6 i 000

80t 08 @i "D £ O (5.10)
PP 0 VYR @QI QIQE £ PR ¢ & £ E QI QQDHITamIE
™®ZNE N6 & QOB Q0 O

YQi "QQ B0 QWA £ 'O (5.112)
™ @P Qa QA1 QPP @wiP Q4 G 6X QQ A wi
2Qi 0t QODHVE 6 & 0 G@A Q QIQE ¢ Qi

Examining the Pearson coefficient of each significant independent variable with CV_VtoH, in
the Central cluster population density reached the strongest value (r=0.54), followed by non
residenti al b u-0.92)d meay su@mew LT (1710.46), agrken roofs (r=
0.22). In contrast, in the Residential cluster the r was lower, with the highest value for drinking
water fountains (r=0.45) and green roofs (18.42), followed by % of female residents {r=
0.18) and the % of elderly residents (r=0.08)tHe Peripheral cluster, the r ranged from 0.60
for mean summer LST, t®.01 for % of graduate residents, with intermediate values for % of
female residents (¥8.45), drinking water fountains (#8.20), and % of elderly residents
(r=0.13).

Focusing on the Central and Residential clusters, the gMI did not yield statistical
significance in the Central cluster for CV_VtoH; however, its local version identified 8
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significant NILT two highthigh (HH), four highlow (HL), and two lowlow (LL). For each
significant independent variable, the gMI was significant, ranging from 0.165 for green roofs
to 0.308 for population density. This resulted in the identificationeoiggaphically varying
LISA clusters for each feature.

In contrast, in the Residential cluster the spatial distribution of CV_VtoH exhibited a
statistically significant but small tendency to cluster, with the statistic equal to 0.150. At local
level, only 6 significant NIL were identified. Among the four exaed independent variables,
the gMI was significant only for the % of female residents (gMI=0.166). This resulted in the
identification of 12 NIL forming LISA clusters at the local level, with six in HH cluster.

Gl obal Moranos | and the numerosity of ea
significant independent variable in the Central and the Residential clusters are summarized in
Table 5.5.

Table 55. G| obal Mor anods l ndex (. gMl) and signif
cardiovascular vulnerability to heat (CV_VtoH) and each significant independent variable in

the Central and the Residential sotidban clusters. HH high-high, LH 7 low-high, HL T

high-low, LL T low-low, n/ai not applicable.

Variable/cluster Central Residential

gMi HH LH HL LL gMlI HH LH HL LL
CV_VtoH 0.056 2 0 4 2 0.150* 3 0 1 3
Nonr esi denti al 0.197* 2 0 2 4 n/a na n/a n/la nla
volume
Population density 0.308* 4 0 1 3 n/a n/a n/a n/a nla
Mean summer LST 0.193* 4 1 2 4 n/a n/a n/a n/a nla
Green roofs 0.165* 3 2 0 1 -0.036 1 4 0 9
Drinking water fountains n/a na n/a nla nla 0.046 0 3 2 2
Elderly residents n/a nfa n/a n/a nla 0.013 3 1 5 2
Female residents n/a na n/a n/la nla 0.166* 6 1 2 3

* significant result (pvalue<0.1)

The SU_VtoHacross the city of Milan (thus without considering clusters separately) resulted
not normally distributed, with median value equal to 0.598(2%" percentile: 0.498.667).

The gMI=0.147 (pvalue <0.1) revealed a tendency to cluster, which was less pronounced than
the clustering tendency for CV_VtoH, however, the resulting LISA clusters were located in
more central parts of Milan. In particular, it the Central cluster, a substantial portion of

the eastern NIL exhibited a significant HH local sgadigocorrelation in SU_VtoH, totalling

7 HH neighbourhoods. Conversely, in the southern part of the city, within the Residential
cluster, 6 neighbourhoods formed LL clusters, covering a considerable area. The SU_VtoH and
the resulting LISA clusters for éhcity of Milan are mapped in Figure 5.4.
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Figure 54. (a) Geographical distribution of the soeuwsban vulnerability to heat (SU_VtoH)
in the whole city of Milan, andb) the corresponding LISA clusters. HHhigh-high, LL i
low-low, HL T high-low, LH T low-high,gMIT g | o b a | Morandés I ndex.
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The r between CV_VtoH and SU_VtoH resulted equal to 0.489. In particular, the highest
coefficient was observed in the least populous Peripheral cluster (r=0.72), followed by the
Residential (r=0.711) one, and then the Central cluster with a lower valodqiy. The
relationship between CV_VtoH and SU_VtoH is shown in Figure 5.5, accounting for the
number of residents in each NIL. The most populated NIL tended to achieve SU_VtoH values
similar to its median, with corresponding CV_VtoH levels around 15%y&ds smaller, in

terms of population, NIL showed a greater dispersion of values. The OLS regression model,
applied to both the entire city and separately to each cluster, indicated that SU_VtoH was able
to explain more than 50% of the CV_VtoH variancéhia Residential and Peripheral clusters,

but only slightly above 20% in the Central cluster.

Figure 55. Relationship between cardiovascular vulnerability to heat (CV_VtoH) and-socio
urban vulnerability to heat (SU_VtoH). Dot size is proportional to the logarithm of the number
of residents. Dashed lines represent the ordinary least squares regressiahdirvehiole city

and in the three socirban clusters.
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5.3.3. Mapping of low and highly vulnerable districts

In Figure 5.6, the NIL with high and low values for both CV_VtoH and SU_\igdie
highlighted. Specifically, high values were defined as ¥=g6ércentile of the distribution,
while low values were defined as <*4percentile. This categorization resulted in 18 highly
vulnerable and 20 low vulnerable NIL, inhabited by a total of 322,068 and 278,005 residents,
respectivel vy, accounting for 23% and 20% of
Examining the 18 highly vulnerable NIL, the majority, i.e., 10 NIL, were located in the
Residential cluster, 6 were part of the Central cluster, and the remaining 2 belonged to the
Peripheral cluster. However, in terms of population exposure, more thad0@l@sidents
(211,926 people; representing 65.8% of the total residents in highly vulnerable NIL) were
concentrated in the Central cluster, with less than 110,000 (108,251; 33.61%) living in the
Residential cluster, and less than 2,000 (1,891; <1%kiRé&nipheral part of the city.
A similar trend in terms of the number of NIL was observed for low vulnerable zones
i the majority (11 out of 20 neighbourhoods) belonging to the Residential, 5 to the Central,
and 4 to the Peripheral clusters. However, in this case, the majority ofghagan, almost
200,000 residents (194,834; 70.08% of the least vulnerable NIL population), lived in the
Residential part of the city, with only 80,000 (79,718; 28.68%) in the Central cluster, and
slightly over 3,000 (3,453; 1.24%) in the Peripheral elust

Figure 56. Geographical distribution of the Nuclei of Local Identity (NIL) with both
cardiovascular vulnerability to heat (CV_VtoH) and seaiban vulnerability to heat
(SU_VtoH) above the 60percentile of their distribution (red tones; highly vulnerable NIL),
or below the 40 percentile of their distribution (green tones; low vulnerable NIL).
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In order to further validate the above map, and to use the geolocalized ambulance data at their
finer resolution (i.e., the resolution of a single emergency), CV emergencies were spatially
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clustered accounting for their density by the HDBSCAN algorithm, considering separately the
emergencies that happened on heat days and eheatrdays.

During norheat days, HDBSCAN, with minimum cluster size equal to 300, estimated
25 nonnoise clusters of CV emergencies, with 24,108 ambulance dispatches (42.36% of total
dispatches during nelneat days) included in them. No significant cluster was fifiegtivithin
the Peripheral sociarban cluster. When considering CV emergencies during heat days, 18
nonnoise clusters were found, with minimum cluster size equal to 60, where a total of 3,294
emergencies (41.31% of all emergencies in heat days) happdre@mergencies forming
clusters during heat and nteat days are mapped in Figure 5.7. The underlying map
highlights highly and low vulnerable NIL, but it does not use colour intensity to represent the
number of residents in order to avoid visual clutte

Figure 5.7. Emergencies forming nemoise HDBSCAN clusters during heat and +iaat

days. Zone A zone where HDBSCAN clusters exist during #aat days but not during heat

days; zone B zone where HDBSCAN clusters exist in both meteorological conditions, but
with a considerable spatial shift in point concentration; zonezGnes where HDBSCAN
clusters experience a considerable increase in spatial coverage during heat days compared to
northeat days. CV_VtoH cardiovascular vulnerability to heat, SU_VtdHsocicurban
vulnerability to heat.
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Following the categorization defined in section 5.2.3, four zones where HDBSCAN clusters
were identified during noheat but not during heat emerged, denoted as zonégiAiFigure

5.7. In this case, they corresponded to four HDBSCAN clusters, in w668 @mergencies
happened, mostly within the area of the NIL
Om Morivioneo), 38 (ARi pamonti o), 53 (fiLor e
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these six NIL, two (NIL 38 and 56) were classified as low vulnerable in terms of CV_VtoH
and SU_VtoH.

In onezone (i.e., B5 in Figure 5.7) there was a considerable spatial shift between
emergencies in heat (270 emergencies) andhean days (2,101 emergencies). In iheat
weather conditions, an HDBSCAN cluster of emergencies was identified along the common
border of the NIL 49 ("Giambellino”) and 52 ("Bande Nere"), 50 ("Tortona”) and 51
("Washington"), and 7 ("MagentsSan Vittore") and 44 ("Navigli"). During heat days,
however, the vast majority of emergencies occurred only along the border of NIL 49 and 52,
thus with the exclusion of two low vulnerable NIL (50, 51).

In the northern part of Milan, three zones were detected where the HDBSCAN clusters
showed a considerable increase in spatial coverage during heat days comparetigat non
days. Starting from the most western zone (i.e., C6 in Figure 5.7), two HDBSCAtérslu
were identified during neheat days, covering a strip over the NIL 9 ("Garib&tépubblica"),

11 ("Isola™), 12 ("MaciachinMaggiolina”), and 14 ("NiguardaC" Granda"). The 737
emergencies were most densely located in the upper and lower pigshighlighted zone.
However, during heat days, only one HDBSCAN cluster of emergencies has been identified,
with 176 emergencies covering as densely the area of two previous HDBSCAN clusters, as the
area between them, corresponding to NIL 11.

The largest increase in spatial coverage during heat days comparedheatatays
was observed in the most central of the three zones (i.e., C7 in Figure 5.7).-theaton
meteorological conditions, two identified HDBSCAN clusters of 1,480 emergenaisglge
covered specific, but relatively small, areas of the NIL 10 ("Centrale"), 20 ("Loreto"), and 21
("Buenos AiresVenezia"). During heat days, however, a large HDBSCAN cluster of 518
ambulance dispatches was identified, with this cluster including emeiss that covered the
entire area of the three abeneentioned districts, of which two (i.e., NIL 20 and 21) were
considered as highly vulnerable.

Finally, in highly vulnerable NIL 19 ("Padova") one cluster was identified in both heat
and nonrheat days. It included 424 emergencies in-heat days and 109 emergencies in heat
days, while the area where the ambulances were called was larger duriegtrdrae
temperatures.

In terms of age, gender, and mortality outcome, as shown in Table 5.6, significant
differences were observed in the proportion of elderly patients only for zone C7, with 13.21
percentage points more elderly patients during heat days comparedteatatgs. Across
all other zones examined, a trend of higher proportions of patients above 65 years old during
heat days was also observed. No significant difference was found in the proportion of females,
and varying trends were noted depending on the zoneséail zones examined, during heat
days a higher fraction of emergencies resulted in fatalities compared-teeabdays, with a
significant difference in percentage observed in zones B5 and C6, with 2.29 and 2.22
percentage points more for both locatarspectively.
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Table 56. Fraction of elderly patients, female patients, and fatal emergencies in heat days with
respect to noimeat days in zones B5,

Condition/characteristics ewg:ggrzgfes % elderly % female % fatal
Zone B5

Heat 270 61.11% 54.07% 4.81%

Non-heat 2,101 60.73% 56.31% 2.52%
Zone C6

Heat 176 53.41% 55.11% 3.98%

Non-heat 737 52.1% 53.87% 1.76%
Zone C7

Heat 518 45.37% 52.90% 2.32%

Non-heat 1,480 32.16% 51.76% 1.42%
Zone C8

Heat 109 55.05% 55.96% 1.83%

Non-heat 424 54.95% 54.95% 1.42%

* significant difference in proportion with respect to FAoeat days (chéquare test,palue<0.05)

5.4. Discussion

In this study, a framework based on the application of different spatial models, designed to
analyse geolocated data originating from the EMS was proposed to estimate the direct and
indirect influence of sociirban characteristics on CV_VtoH in differguarts of the city, and

to subsequently calculate a vulnerability index accounting for both-sdoam factors and CV
emergencies, highlighting neighbourhoods where substantial action needs to be taken to protect
the residents. This framework aimed to aesfundamental research questions concerning

urban resilience to heat waves by proposing the further subdivision of a major urban area based
on socieurban characteristics of its neighbourhoods, and by estimating the effects of such
sociourban featuresopopul ati onsdé vulnerability to heat
aligning with the proactive approach to climate change and human health.

5.4.1. Novelties of the proposed framework

The use of geolocalized ambulance dispatches for CV events as a proxy signal represents, to
the best of our knowledge, a novel approach for the evaluation of the effects of neighbourhood
characteristics on CV health during heat. Such data allowed the tatropwof the CV_VtoH
with relatively high spatial granularity within a big city (i.e., at the level of the 86 NIL in which
Milan was subdivided). This approach highlights local differences among NIL, also those
within the same sociarban cluster, in tens of their CV_VtoH. These insights contrast to
models considering only the whole city, in which such differences would be smoothed out. In
fact, the CV_VtoH was characterized by high variability in its values (from 0% to 33%) among
NIL, thus confirming tle importance to study and quantify local disparities within a big city.
Multiple studies have analysed the influence of diverse neighbourhood characteristics
on human health (Arcaya et al., 2016; Malangh@l., 2016; Pérez et al., 2020; Roux et al.,
2016; Yen et al., 2009). However, few studies addressed the particular problem of CV_VtoH
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in this context (Bakhtsiyarava et al., 2023; Morais et al., 2021; Murage et al., 2020; Silveira et
al., 2021; Wu et al., 2011). This issue is particularly important due to the increasing prevalence
and intensity of heat waves. In previous research, neighbodlevel factors were examined
mainly using norspatial approaches, while few studies that accounted for geographical
dimension implemented spatial regression or geographically weighted regression (GWR)
(Morais et al., 2021; Wu et al., 2011). The GWRs®to examine spatial heterogeneity of the
analysed phenomenon by estimating the parameters in each unit of analysis; in contrast, spatial
dependences and patterns are modelled by spatial models (Diizgin & Kemeg, 2008) listed in
section 5.2.2. In the fidlof human health, considering the exposure to risk factors only in the
district of residence might limit the interpretation of the results (Tamura et al., 2019), and
applying spatial regression, a method that accounts for both direct and indirect p#dbts,
overcomes this limitation. Moreover, by applying the spatial models separately for clusters of
relatively similar districts, both the spatial nstationarity of the explicative variables (i.e., the
sociourban features) and the spatial behaviduthe target measure (i.e., CV_VtoH) were
taken into account and adjusted for.

In this study, a comprehensive guideline for the calculation of an urban vulnerability to
heat index tailored to human health was proposed. As such approach is relatively recent, there
is still a lack of a common standard in terms of methodology. Releuémgrability indices
proposed so far used different calculation techniques, from simple equal weighting to more
advanced spatial and ngpatial models, and covered a range of demographic, social, urban,
economic, infrastructural and environmental fac{&ltena et al, 2020a; Shrestha et al., 2016;
Macintyre et al., 2018; Sera et al., 2019; Krellenberg et al., 2017; Dong et al., 2020). The
methodology proposed in this study aligns with the urgent call for-sexgsrial collaboration
(Tong and Ebi, 2019Sharifi et al., 2021; Ebi and Hess, 2020), as the SU_VtoH calculation
explicitly accounts for the interdependencies among climate change, CV health, and social,
urban and demographic factors. Additionally, validation of the results with ddresgd
clugering conducted separately for heat and-heat days is another novelty with respect to
existing research.

5.4.2. Influence of sociaurban characteristics for the whole city of Milan

Considering the whole city of Milan, a significant positive effect (i.e., increased CV_VtoH
with larger values of the feature) was associated with the average summer land surface
temperature, to the percentage of elderly and graduate residents, aloagnegative effect

of the density of drinking water fountains and to the percentage of female residents. For two
social features (i.e., percentage of elderly and female residents), both the direct and indirect
effects were significant, resulting in a pamtarly strong and significant total effects.

A higher risk of CV pathologies, as well as a more frequent use of EMS during heat
has been repeatedly reported for older people compared to younger individuals (Cicci et al.,
2022; Katayama et al., 2022). A recent review (Son et al., 2019), which asgessactors
that modify the influence of heat on CV mortality, reported the strongest and significant effects
for age and sex, a weaker but significant effect for the education level, green space and
nei ghbour heoooai status,@red ia Beignificant evidence concerning population
density. In 107/142 (75.4%) studies, a higher mortality risk from heat exposure was found for
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the elderly, with a decrease in heart rate variability and maximum heart rate, and a series of
observed pathological alterations in aging CV tissues (North & Sinclair, 2012) proposed as
possible explanation.

In the same review, higher haalated mortality was reported for women in 37 (26.1%)
studies, for men in 12 (11.2%) studies, and without gender differences in 25 (17.6%) studies.
Several hypotheses to explain a greater vulnerability to heat in womesgiadlsp pre
menopausal women, are discussed in the literature. For fertile females, compared to men, a
|l ower Dbl oodébés viscosity, aggregation of red
different levels of hormones (Kameneva et al., 1999; StreBalobale et al., 2006) are
described, together with a higher heart rate increase and body heat storage, and a lower sweat
rate (Burse, 1979). The estimation of higher increase in CV risk in heat for women is opposite
of our results. However, several stuchéghlighted that, if standardizing CV fitness level, body
size, and acclimation state, gender differences tended to disappear, and if a lower sweat rate in
women is disadvantageous in ftyyy environments, it could result advantageous inwett
environmats (Kenney, 1985). This could be the case of the Milan hot climate, characterized
by high humidity, as overviewed in Chapter 4.

In this study, the strongest direct impact on CV_VtoH for Milan was recorded for the
average mean summer LST, which is concordant with established scientific knowledge. This
result is not surprising as CV vulnerability specifically to heat is addressduhriful
influence of high temperature on the risk of CV diseases has been found in many studies, as
reported in Chapter 3, especially after the 2003 European heatwave. This literature includes a
recent study analysing the mortality in Europe in summer 2022g which multiple record
breaking temperatures were registered, and over 60 thousandelagad deaths in 35
European countries were estimated (Ballester et al., 2023).

Two additional features were found to have a significant direct or total influence on
CV_VtoH for the whole city. The first one is the density of drinking water fountains, having a
negative direct and total effect, thus indicating how this simple urb&uréeeould result in
effective benefits for health. This finding is in agreement with previous research reporting the
importance of accessibility to drinking water fountains outside the house in reducing urban
CV_VtoH (Aminipouri et al., 2016; Komac et a2016; Arnberger et al., 2017). In fact, it is
recommended to increase cool fluid intake during heat, to reduce the high body temperature by
internal conductive heat transfer through cold ingested fluid (Jay et al., 2021).

The second relevant feature is the percentage of graduate residents, with an apparent
positive effect. This finding contrasts with other studies reporting a predominantly lower risk
of heatrelated morbidity or mortality among people with higher leveldafaation (Huang et
al., 2015; Zhou et al., 2017). In their review of 142 studies, Son et al. (2019) found 16 (11.3%)
studies in which higher risks were associated to those with no or lower education compared to
those with more education, with 3 (2.1%) sasdfinding the opposite and 7 (4.9%) studies
finding no difference. However, in a recent study focusing on-&@butable alicause
mortality in the city of Turin in the Northwest of Italy, for the period 198218, a mixed
effect of gender and eduoati was found. Heat increased the relative risk among men
(RR=1.66) with higher level of education and among women (RR=1.93) with lower level of
education (Ellena et al., 2080 In our study, the impact of the percentage of graduate residents
was significat only as a direct effect. A possible explanation could be related to the fact that
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more educated people tend to live closer to the city centre, where the highest temperatures are
recorded, negatively influencing the human health as discussed in one of the previous sections.
Another possible interpretation is related to our proxy variabkdl in the analysis (i.e., the
ambulance dispatches), as individuals with higher levels of education may be able to identify
symptoms more accurately and quickly leading to prompter calls to emergency services (Yan
et al., 2009).

5.4.3. Influence of sociaurban characteristics for particular clusters of Milan

In addition to the features with significant impact for the whole city, the percentage of green
roofs, population density and none si dent i al buil dingsd vol ume
particular clusters of Milan. Goodnes&fit measures indicatethat socieurban cluster

specific regression models performed better than wtigtenodels.

The nonspatial regression model proved to be the best fit for the Residential cluster,
characterised by intermediate median values for almost all-sdgém features, compared to
other two socieurban clusters. In this case, it is possible that theadpatationship was lost
with the clustering process. Spatial interactions were instead detected in the Central cluster,
where both local dependencies and dependencies in the error term emerged. These results
suggest the occurrence of more complex spagiationships in this area, not eliminated by the
clustering process.

The percentage of green roofs had a direct negative impact of similar strength for both
the Residential and the Central clusters. Green roofs contribute significantly to the decrease in
roof temperature and, to smaller extent, to the decrease in groumer&uome and in
temperature at 2 meters above the surface, with the highest reduction observed in the hottest
parts of cities (Blackngersoll et al., 2022; Sharma et al., 2018). This is in agreement with our
results, that estimated a significant direcpaut in clusters with high mean summer LST.

The observed influence of nane s i dent i al buil dingsd vol ur
interpreted in two opposite directions. On one side, such buildings could host service and
commercial centres, which are equipped with air conditioning, where people can thus
temporarily reduce the perceived heat during hot weather. On the other hand, these same
systems also produce additional heat outside; furthermoresesatential buildings include
factories as well. Their presence is significantly correlated, in theotgrat Lombardy region,
with high concentration of pollutants (Gianquintieri et al., 2023), such as PM2.5, that can
increase CV risk (Cambra et al.,, 2011). This second condition seems to characterize the
Peripheral cluster, where the highestmesidentia b ui | di ngsé vol ume was
corresponding to the usual location of factories in big cities. On the opposite, in the Central
cluster, composed by the areas including the core of commercial retail, thesmbential
buil di ngs 0 egativie direceeffécteod CVaVtaH. In this case we might infer that it
reflects more the cooling efficiency rather than an increase in temperature and industrial
poll utionds i mpact on human health.

Interestingly, population density was found to have a significant negative direct impact
on CV_VtoH for the Central cluster, while a positive direct effect emerged when considering
the whole city (though only marginally significantyplue=0.09). Using gaulation density as
an indicator in human healtielated studies lacks a clear rationale (Greenberg, 2023). It can
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correlate with various characteristics, such as social deprivation or the provision of health
services. Based on our findings, we hypothesize that when considering the entire city of Milan,
population density primarily reflects the attractiveness of thehbeurhood. This
attractiveness may include factors such as safety, green spaces, and proximity to various
services, which influence where people choose to reside. However, in the Central cluster,
comprising commercial and transportation hubs, and tomoisés, the calculated resident
population density may not fully capture the actual population density. As a result, this
discrepancy could potentially alter the regression results.

5.4.4. Highly and low vulnerable districts of Milan

In Milan, over 300,000 citizens resulted residing in highly vulnerable areas, with approximately
two-thirds living in the central part of the city. Interestingly, these vulnerable neighbourhoods
are located along the tracks of two major railway statiames, the Central station and the
Garibaldi station. These areas exhibit elevated mean summer LST, and four NIL, in the vicinity
of the Central train station, formed HH LISA clusters. Conversely, the less vulnerable zones
were primarily situated in the wesh part of the Central soeigban cluster. This low
vulnerable area encompassed two and three NIL in significant LISA clusters-oésidantial
buildings' volume and mean summer LST, respectively, with these features highly contributing
to the SU_VtoHn this part of the city. The Residential and Peripheral clusters exhibited less
geographical coherence in spatial distribution of highly vulnerable NIL. This observation
aligns with the nonsignificant clustering tendency of most independent variabtesit @an

also be partly explained by unique geometries and particular patterns of shared boundaries
among neighbourhoods in these two clusters. Nonetheless, a considerable number of highly
vulnerable NIL belonging to Residential or Peripheral cluster was esituatthe western part

of the city.

The obtained results emphasize theed for geospatially analysing socidan
vulnerability to heat concerning CV health in a major European urban area, while underscoring
the associated challenges. The most spatially coherent results were observed in the central part
of the city, predomiantly including historic districts where soaimban characteristics
extended beyond current neighbourhood boundaries, where, however, some undiscovered
spatial patterns persist (as indicated by spatial dependencies in the error term estimated by
SDEM). Caversely, residential neighbourhoods appeared more independent among each
other, lacking geographic clustering in the considered features.

Additionally, validation of the final map (i.e., Figure 5.6) with densiged clustering
of CV emergencies revealed some noteworthy disparities in spatial distribution patterns under
varying weather conditions, underscoring the importance of considsuoly factors in
emergency management strategies. In particular, cerdrtdiern districts exhibited larger
zones of high CV emergency density during kamts with respect to normal conditions.
Notably, zones G&8 encompassed only either neutral or highlilnerable, in terms of
CV_VtoH and SU_VtoH, areas, mainly located along the tracks of Central railway station,
characterized by particularly high temperature and low vegetation. Conversely, several central
southern neighbourhoods demonstrated signifiddDBSCAN clusters of emergencies
exclusively during notheat days, suggesting potential shifts in emergency patterns with
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climate conditions. All these clusters encompass either neutral or low vulnerable areas.
Interestingly, the part of the zone B5, where few significant points were identified during heat,
was characterized by a relatively high percentage of elderly peoplaldo with a high
prevalence of cycling paths and green roofs, with both NIL belonging to low vulnerable
categories. These findings further support the evidence that environmental and infrastructural
factors, such as temperature, vegetation cover, dmhuwtesign, significantly influence the
spatial distribution of CV emergencies during different weather conditionsheyshould be

taken into account for optimizing EMS. Moreover, effective clustering serves as a foundational
step towards the development of advanced models for optimizing ambulance stationing and
arrival times, essential for ensuring timely responses to emeigs under both normal and
extreme weather conditions, potentially leading to increased survival rates and improved
patient outcmes.

5.4.5. Limitations and conclusions

The proposed framework has some limitations. The first is related to the accuracy, temporal
validity and synchronicity of some of the included open data. The number of graduate residents
was available, but with latest update in 2011, and it was useditiorelo the total number of
residents in 2020, thus possibly producing biased percentages. Also, the mean summer LST
was obtained as an average for the period 2W¥, thus not reflecting possible recent
changes in the vegetation coverage and -lase] which could significantly impact local
temperature variations. Moreover, the relationship between LST and air temperature has been
found to be subject to spatial inconsistencies (Reiners et al., 2023), so it is still unclear if this
indicator can be used a proxy of urban heat exposure. The retrieved open data was put into
relation with the ambulance dispatches in the period -20P2, eventually resulting in an
additional, partial or total, temporal mismatch. Still, sasiban features can be consideted

have a relatively low frequency of variability, and the use of data collected within just a few
years of each other could therefore be considered as an acceptable error; nonetheless, the use
of updated data would be still recommendable and, when pmsshould be addressed in
future studies.

Furthermore, in this analysis, the NIL served as the reference unit of analysis. Their
boundaries were officially established by the city of Milan, yet without any specific
consideration for healtrelated aspects. Therefore, the NIL application may ekgntbe
modifiable areal unit problem (Flowerdew et al., 2008) in relation to sagban features and
CV vulnerability which indeed did not differ significantly across sagiban clusters. This
problem arises due to the inherent variability in spathdhat can occur when point (e.qg.,

CV emergencies) or continuous (e.g., LST) observations are aggregated into different areal
units, leading to potential changes in statistical relationships and outcomes. Different
aggregation schemes can yield diffeneatterns and associations, as smaller units may capture
local variability more accurately but could also introduce noise, while larger units may
oversimplify spatial patterns, smoothing or averaging continuous spatial patterns and thus
masking finescalevariability or hotspots. Also, the incorporation of the mean, affected by
outliers and nomormal distributions, in Moran's Index may have introduced biases in the
identification of spatial correlations Sensitivity analyses could help assess the robaktness
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results. However, in light of the practical relevance of our analysis for decrséers, the
NIL division was chosen as the official reference partition for local policymaking.

While our findings offer a map highlighting highly and low vulnerable zones,
representing a proactive approach, a notable challenge emerges regarding the practical
application of these results in re¢ahe scenarios, especially those regarding the HDBSCAN.
This challenge arises from the definition of heat days, which are identified as those with the
AT surpassing a percentile threshold of its annual distribution; accordingly, the classification
of a heat day could not be made in advance, posing difficuitianning strategies. Moreover,
not only the annual distribution of AT is unknown in advance, but also the mean daily AT for
future days could only be derived from weather forecasts, which introduces an additional
source of bias into the classificatiprocess. Consequently, relying on meteorological forecasts
and an approximative heat threshold, it could lead to inaccurate a priori determinations,
resulting in the preparedness for an incorrect spatial distribution of emergencies.

As the kmeans algorithm is a common technique for a series of problems, many
approaches for the selection of the optimal number of clusters have been proposed beyond what
was used here, including the gap statistic (Tibshirani et al., 2001), canopyimtuéteran, &

Yang, 2019) and the Calinskiarabasz index (Maulik & Bandyopadhyay, 2002). However, no
method allows the deterministic identification of a unique optimal solution (lkotun et al., 2023).
In this study, the optimal number of clustdersvas defined using a combination of four
decisional methods, all of them indicatingksf3 as an appropriate dimensioning, yet, some
uncertainty was still present. In fact, while the elbow point was not distinctly visible, the
DaviesBouldin index was relatively high, and the silhouette coefficient was close to zero, thus
indicating that thelusters may not be very well separated, and the observations may therefore
be close to the decision boundaries. Nonetheless, the results of the statistical testdtshowe
merits of such choice, with almost all the considered features showing significant differences
among the three clusters.

As real geographical coordinates were utilized for HDSCAN, the Haversine distance
was employed to account for Earth's curvature. This approach limited the dwmassaty
clustering analysis to just two features (i.e., longitude and latitude), while thsiorcbf other
factors and potential confounders might have provided further insights. Nevertheless, research
by Maria et al. (2020) indicates that the difference between the Haversine and Euclidean
distances, with the latter allowing for the inclusionmailtiple features, is small for relatively
small areas such as a city. Furthermore, as illustrated in Table 5.6, significant differences were
observed in the fraction of elderly patients and fatal emergencies, which suggests that
incorporating such featuseinto the clustering process could yield valuable insights.
Additionally, an arbitrary range of minimum cluster size for both heat aneheandays,
without any scientific rationale, was tested. Also, the identification of zones of interest relied
solely on visual analysis, potentially resulting in overlooked findings. Future research could
address these limitations by conducting further spatial distribution analyses relevant to
HDBSCAN results using statistical methods such as Ripley's L function omMbs | nde x .
Additionally, adjustments to the clustering algorithm could be made, including sensitivity
analyses of DBSCAN with respect to epsilon and m_pts based on the quantity of ambulances
and reachability time specifically for the city of Milan. Moreguwbe implementation of fuzzy
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clustering could be considered for increased flexibility, as well as a more detailed temporal
dimension, which could greatly benefit EMS management problems.

Regarding the regression analysis, due to the insufficient number of observations, the
socicurban cluster including the most peripheral NIL had to be excluded from elegédr
analysis, thus impeding the evaluation of possible differences in urbarulbmdan zones.

Given the underexplored nature of spatial regression modelling ingdian studies related

to health, common guidelines for model selection and restriction have yet to be established.
Consequently, our choice of a combination of AIC akelihood ratio for model selection may

have led to the selection of an unsuitable equation. Furthermore, the failure to meet several
model assumptions could introduce bias into our findings.

Finally, previous research showed that the spatial distribution of either mortality or
morbidity of CV diseases is heterogeneous (Mena et al., 2018), and in our study we did not
differentiate between fatal and néatal emergencies. Further research shaddtinue
addressing the spatial analysis of CV_VtoH and SU_VtoH, especially stratifying for morbidity
and mortality, which is crucial for the efficient management of EMS in the city.

In conclusion, in this study, a novel holistic framework to assess the direct and indirect
impact of socieurban characteristics on population CV_VtoH in different parts of a big city
was proposed, taking into account local variability through the applicat different spatial
models, and considering the geolocalized data originating from the EMS as a spatially dis
aggregated proxy for CV health issues. The proposed framework has the potential not only to
delineate areas of elevated CV and sasiman vinerability to heat but also to empower
policymakers, urban planners, and healthcare professionals with a tangible metric that informs
targeted interventions and resource allocation, ultimately equitably preventing urban citizens
from becoming patients.

Further research on relevant topic could address several underexplored areas in the
literature. First, incorporating behavioural factors like mobility patterns and access to cooling
resources into spatial vulnerability assessments could provide additisighls for equitable
heat resilience strategies. Second, conducting comparative studies across cities with different
socicurban and historical contexts could reveal commonalities and differences in
vulnerability, helping identify transferable best prees for global urban heat resilience.
Finally, engaging stakeholders, such as policymakers, urban planners, and community
members, ensures that findings are relevant, actionable, and tailored to local needs through
participatory approaches.
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Chapter 6. Impact of meteorological variables on daily
cardiovascular emergencies forecast: an explainable artificial
intelligence approach

The content of this chapter is an elaborated version of the following publication:

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (208pact of
meteorological variables on daily cardiovascular emergencies forecast during heat -and non
heat days: an explainable artificial intelligence approach. Manuscript submitta@Nb
Transactions on Computing for Healthcare

Highlights:

T RQ5:How can artificial intelligence be used to forecast CV emergencies in a k
city considering meteorological parameters?

1 XGBoost, CatBoost and LSTM algorithms demonstrated strong predictive
performance for CV emergency volume, with error rates nearing the random r
component of the time series.

1 XAl revealed minimal effects of temperature on CV emergency voluediction
on most days but a significant increase during the hottest days.

1 Tradeoff between prediction accuracy and spatalolution suggests that further
optimization of ML-based solutions is needed to capture the dynamics of urbal
environments.
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6.1. Introduction

The term Aartificial i ntelligence” (Al) has
engineering of making intelligent machines" (Azer and Guerrero, 2023). The main task of
machine learning (ML), a subset of Al, largely combining computer science and statistics, is
to build systems that automatically improve with experience. For manyriggroblems, this
approach represents a more timend costefficient scenario compared to designing
frameworks by anticipating every possible inputput pair (Helm et al., 2020). One of the

three main ML paradigms, along with unsupervised and reinfeeng is supervised ML that
handles labelled data in the attempt to predict or classify the correct output given the input,
finding potential applications in time series forecasting. Recent research has increasingly
focused on the implementation of ML mdslen this predicting task, providing evidence that
Al-based methods, that often do not require rigorous assumptions regarding the data, can
outperform traditional approaches, such as the autoregressive integrated moving average model
(ARIMA) or seasonal RIMA (SARIMA), particularly when applied to large datasets (Masini

et al., 2023; Cerqueira et al., 2019; Parmezan et al., 2019).

Nonetheless, even when ML algorithms achieve satisfactory performance, they are
often criticised for their lack of explainability and/or interpretability, especially in-high
applications, such as those related to healthcare (Leichtmann et al., &% rPand Joshi,
2022). However, since 2018 there has been a considerable increase in articles implementing
Al to address various problems in emergency medicine (Piliuk and Tomforde, 2023). While
traditional whitebox ML models, such as linear regression decision trees, are easily
interpreted by humans, more complex btack algorithms, including ensemble methods and
neural networks, often achieving better performance, sacrifice interpretability (Loyola
Gonzalez, 2019). To address this issue, receetireh applying Al techniques has underlined
the role of explainable artificial intelligence (XAl) capable of providing insights into the
decisionmaking process of the algorithm (Praveen and Joshi, 2022; Angelov et al., 2021).
Through the application of Xl approaches, the transparency and trustworthiness-dfidén
systems is enhanced, potentially leading to their wider adoption hweell scenarios. The
fundamental taxonomy of XAl techniques distinguishes between methods based on their stage
of implementation (i.e., anleoc and poshoc methods) and their scope (i.e., global and local
methods), with selected methods being megecific and the others moemgnostic
(Leichtmann et al., 2023).

In the context of emergency medical services (EMS), the problem of forecasting the
daily demand for hospital emergency department visits or ambulance calls has been studied
extensively using both traditional statistical models and ML approaches (Jiahg 2023;

Tang et al., 2021; Wargon et al., 2009). Due to the existing relation between environment and
health, as reported through theoretical empirical analyses in previous chapters, it would be
important to consider atmospheric variables in such fetega Interestingly, while in their
systematic review of articles published up to 2007 Wargon et al. (2009) concluded that the
inclusion of weather variables did not improve the model performance, a more recent review
(Jiang et al.,, 2023) including arted published up to 2021 provided evidence that
meteorological variables can influence the volume of patient arrivals in the emergency
department.
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As overviewed in Chapter 3, high temperatures have been shown to have a significant
impact on adverse health outcomes and, as a result of ongoing climate change, heat days are
becoming more frequent and intense, addingthfeatening risk. Accordingly eseral recent
papers have incorporated weather variables in the prediction of the demand for EMS
(Sudarshan et al., 2021; Nakai et al., 2021; Ramgopal et al., 2021; Ramgopal et al., 2019; Hu
et al., 2023; Martin et al., 2021; Wong 2023; Murtas et al., RO@2t relevant research
implementing XAl techniques in this context remains limited (Piliuk and Tomforde, 2023). In
addition, to the best of our knowledge, no study has specifically addressed the difference in the
algorithm's decisiormaking process betwa extreme and normal weather conditions.
Furthermore, there is still a limited consideration of the spatial dimension in EMS demand
forecasting, despite its recently acknowledged significance (Martin et al., 2021).

Given the escalating trend in global temperatures and the consequential strain on EMS
during heatwaves (Xu et al., 2023), it seems critical to consider weather variables in emergency
demand modelling, and to explain their role in the inference procesgldress the research
gaps described above, and to answer the RQ5: How can artificial intelligence be used to
forecast CV emergencies in a big city considering meteorological parameters, the aim of this
chapter is tweold: 1) to propose an XAl frameworkifthe prediction of the daily demand for
ambulance services; 2) to analyse the impact of the meteorological variables on the predicted
output with a focus on explaining the decisioaking process, separately for heat and-non
heat days.

6.2. Materials andmethods

The framework was tested on the city of Milan and separately on its threauslbaioclusters,

i.e., Central, Residential and Peripheral, obtained thougkdns clustering of the soaimban
features of 86 Nuclei of Local Identity of Milan, as describethe previous chapter. In this
chapter, EMS data covering the period Magptember 2022023 were used (i.e., including

one additional year than all the previous analyses). All CV emergencies were included, with
no further inclusion/exclusion criteriada® d on emergency pl ace, p
condition on ambulance arrival, etc. Accordingly, meteorological data to calculate apparent
temperature (AT) included the year 2023 as well (for calculation details please refer to Chapter
4). While heat daywere defined as those with mean daily AT above tife@Scentile of its

annual distribution (19 warmest days each year i.e., coherently with previous analyses), for the
purposes of this study ndreat days were selected as the 19 coldest days in filoel sy
September for each year.

6.2.1. Statistical processing and time series analysis

Basic summary statistics of the data were computed: mean, median, minimum, maxifum, 25
percentile and 5percentile. The Kolmogore$mirnov test was used to test whether the data
were normally distributed. Subsequently, the +panametric ManfWhitney U test and
KruskalWallis test with Bonferroni correction were performed to compare the distributions of
two or multiple groups, respectively, with the significance level set to 0.05.

The stationarity of the data on daily CV emergencies represented as a time series was
assessed by the Augmented Diclkayller test (alpha=0.05). The data relevant to the whole
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city was then decomposed into trend, seasonal component and residual, assuming the additive
trend. Subsequently, the distribution of the emergencies with regard terefisbed
characteristics (i.e., year, month, day of week and heat eheadtday) was rgphically
summarised as boxplots for each of the three sadian clusters.

6.2.2. Feature selection for predictive models

The choice of independent variables for the prediction models was determined on the basis of
previous relevant studies that outlined four main groups of features: (i) temporal variables, (ii)
lagged versions of the target variable, (iii) weather variadtes(iv) socieeconomic variables
(Sudarshan et al., 2021; Petsis et al., 2022).

Temporal features selected as independent variables for predictive modelling, allowing
to control for seasonality and loitgrm trend, based on descriptive analyses included in
Chapter 4, were: year, month, day of the week, day of the year and summepdriedKi.e.,
traditionally in August for Italy). As for the latter, a binary variable indicating the month of
August was considered (i.e., the value of 1 was assigned to all days in August, while 0 was set
for all the other days). In addition, a binagriable indicating the Coronavirus disease 2019
(COVID-19) period (i.e., 2020 and 2021) was included as independent variable for forecasting
models, as it was shown in Chapter 4 that it had a significant impact on the volume of daily
CV emergency calls.

As for the second group of features, the lagged version of the daily CV emergencies
expressed by its autocorrelation function (ACF) up to lag 30 was examined, both for the whole
city and separately for its three socidan clusters. The delay values irtgd in the modelling
were then determined based on the ACF.

Regarding the weather variables, the AT represented the relevant meteorological
feature of which three aggregates (i.e., mean, minimum and maximum), and three lags (i.e.,
|l ag0, | agl and | ag2) were consi dlaglédedcribingn t hi
the previous day), not to the future (i.e., lagl describing the next day), as in the case of
distributed lag notiner model performed in Chapter 4. Two common univariate feature
selection methods were applied (Remeseiro & Bdlamedo, 219):

- based on Pearson correlation: it calculates the correlation coefficient between the daily
CV emergencies and each of the candidate meteorological features, and the best variables are
those with the highest correlation with the target;

- based on mutual information: it calculates the mutual information by determining how
the joint distribution of the daily CV emergencies with each of the candidate meteorological
features is different from the product of the marginal distributions ottkiasables, and it
selects the variables that bring the highest information gain.

Lastly, as the predictive models were computed for the whole city and separately for its
three socieurban clusters obtained already accounting for 11 aatian characteristics, as
described in Chapter 5, no additional seeamnomic feature was considd as an independent
variable.
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6.2.3. Predictive modelling

Three ML algorithms, being a common choice for time series forecasting task, were tested and
compared: eXtreme Gradient Boosting (XGBoost), CatBoost and Long Bdront Memory

neural network (LSTM) (Han et al., 2019; Kontopoulou et al., 2023; Karinguda, €021).

Both XGBoost and CatBoost use ensemble methods on decision trees, while LSTM is a type
of recurrent neural network with increased memory capacity. All three algorithms are black
box models, meaning that their architectures do not give as arnpexplainable decisien
making process. As the objective of the prediction was the number of CV emergencies expected
for the next day, Mean Absolute Error (MAE) was selected to assess the model performance,
while Mean Absolute Percentage Error (MAPE) waso reported for better comparison
among geographical partitions.

To examine the changes in the performance metrics due to the inclusion of weather
variables, each model was evaluated separately with and without their inclusion, both for the
whole city and separately for its soaidban clusters.

The dataset, consisting of the time series for the target variable (i.e., daily number of
CV emergencies) and for a set of independent variables, was divided into a training set,
covering the period Mageptember 20122022, and the test set, consistindgvtay-September
2023. Each of the three models, for the whole city or for each-adoanm cluster, and with the
inclusion or exclusion of the weather variables, underwent hyperparameter tuning. For
XGBoost and CatBoost, a randomized search strategy witiid5crossvalidation was
implemented, training the models with a random combination of the defined hyperparameters,
while for LSTM, due to the computational effort, the hyperparameters were optimized by
randomized search without cregalidation. For LSTM the Adam optimizer, the rectified
linear unit (ReLu) activation function and one hidden layer were arbitrarily chosen. The
hyperparameters resulting in the lowest MAE on the test set were selected as optimal for the
predictive models. The tested rangé$iygperparameters are summarized in Table 6.1, where
the hyperparameter s names ggbaosi@hsenp&doedtrint o t he
2016),catboostProkhorenkova et al., 2018) akeras(Chollet et al., 2015) Python packages.

Table 6.1. Range of values considered in setting the hyperparameters for each tested prediction
model

Model Hyperparameters set
XGBoost n_estimators: [300, 500, 1000, 1500, 2000]
max_depth: [3, 5, 7]

learning_rate: [0.01, 0.1, 0.2, 0.3]
subsample: [0.8, 0.9, 1.0]
colsample_bytree: [0.8, 0.9, 1.0]

CatBoost iterations: [300, 500, 1000, 1500, 2000]
depth: [3, 5, 7]

learning_rate: [0.01, 0.1, 0.2, 0.3]
subsample: [0.8, 0.9, 1.0]
colsample_bylevel: [0.8, 0.9, 1.0]

LSTM batch_size = [8, 16, 32, 64]

num_epoch= [50, 100]

neuron number = [32, 64, 128]
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| dropout =[0.1, 0.2, 0.3]

For each model, the difference in predictive accuracy on the test set between its version with
and without the inclusion of the meteorological variables was assessed by the Meahalib

test at 0.05 significance level. This test was also used to absepsirwise difference in
predictive accuracy on test set between each combination of the models (i.e., XGBoost and
CatBoost, XGBoost and LSTM, CatBoost and LSTM) in each geographical partition.
Considering the performance of the models including theheeatariables, the one resulting

in the lowest MAE on the test set was selected as the final prediction model, whose decision
making process was then explained by XAl.

A sensitivity analysis of the final models for each geographical partition was conducted
by creating its five additional versions for the Magptember period of the years 204718,
20172019, 20172020, 20172021, and 201-2022. In each iteration, theskayear was used as
the test set, while the remaining years formed the training set. Each of the five models
underwent separate hyperparameter tuning.

In addition, the MAE on the test set from the ML models was compared against five
simpler prediction models. These simpler models included: (1) predicting the number of CV
emergencies during the test period(&¥ the meanand (2) the mediamumber observed
between May and September 202@22; an autoregressive model forecasting the number as
the same a) on the previous dagnd (4) a®bserved 7 days earlier; and (5) a moving average
model that calculates the number as the arithmetic mean of the fralmethe two preceding
days

6.2.4. Explainable artificial intelligence

To investigate the i mpact of the memakngr ol ogi
process, the SHapley Additive exPlanations (SHAP) technique, which is among the most
commonly used XAl techniques (Saranya & Subhashini, 2023), was selected.

The SHAP method applies the concept of Shapley values from cooperative game
theory, representing the average marginal contribution of each player in a game considering all
possible cooperations (Lundberg & Lee, 2017). The SHAP values estimatdobpdiet., after
model training) are the Shapley values for a conditional expectation function of the model and
they represent the contribution of each feature to the model prediction (Lundberg & Lee, 2017).
Specifically, the baseline prediction was the averagthe target variable (i.e., daily CV
emergencies) in the training set along Mégptember 2022022, while the actual model
prediction consisted in the sum of the baseline prediction and the SHAP values for all features.

The SHAP value is calculated for each feature for each prediction, making the SHAP a
local XAl technique. However, it is also possible to use it on a global scale by summarising
the impact of each variable on multiple predictions and visualising it asi@aty plot. The
technique is model agnostic, meaning that it can be applied to all the three tested algorithms,
i.e., XGBoost, CatBoost and LSTM.

The summary plot is a scatterplot that ranks the variables according to the strength of
their effect (i.e., the average of the absolute SHAP values), with the highest contributing
variables at the top of theakis. Each dot in it represents the SHAP valssociated with each
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prediction for the relevant feature; in addition, the dots are-colded on a continuous scale,
with red corresponding to a high feature value and blue to a low feature value. In this study,
the summary plot was shown separately for the predictionsairdags and neheat days in
each of the considered geographical partitions.

Another form of graphical representation is the dependence plot, showing the
relationship between a feature value (on thexis) and its SHAP value (on theaxis) for all
the observations. For the purposes of this study, the dependence plot was tisedifgrest
contributing meteorological variable. Predictions corresponding to heat days were highlighted,
and the ordinary least squares (OLS) regression line was fitted to them.

6.3. Results

6.3.1. Characteristics of apparent temperature and cardiovascular emergencies

The summary statistics for AT each year from 2017 to 2022 were reported in Table 4.2 in
Chapter 4. In 2023, heat threshold was set at AT=30.7 °C, i.e., the highest across all the years,
while no extremes in any other statistic were found for 2023.

In the period MaySeptember 2012023, there were a total of 75,728 CV emergencies
in Milan, of which 37,942 (50.1%) occurred in the Central cluster, 36,865 (48.68%) in the
Residential cluster and only 921 (1.22%) in the Peripheral cluster. During tigsethpkriod,
there were cumulatively 133 heat days, during which 9,268 (12.24%) CV emergencies
occurred, while 9,805 (12.95%) occurred during sheat days. Considering each cluster,
12.15% of the emergencies occurred on heat days in the Central cl@&83%1in the
Residential cluster and 12.16% in the Peripheral cluster.

The Augmented Dickeyruller test indicated that the time series of daily CV
emergencies were stationary for all the three sodian clusters. The time series of daily CV
emergencies for the whole city of Milan, decomposed into trend, seasonal computhent a
residual, are presented in Figure 6.1. The overall trend shows considerable decrease towards
August, and a rising trend from the end of August, illustrating the holiday effect, analysed in
Chapter 4. However, in 2020, possibly due to COMMD lockdownsand the fear of
hospitalization, this characteristic was less apparent, with the daily number of emergencies
relatively lower and stable throughout the months. In addition, a particularly large peak in the
trend of 2019 is noticeable, occurring onZ28/062019 when the mean daily AT recorded the
highest and the secottighest value in the analysed period, respectively.
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Figure 6.1. Time series of daily cardiovascular (CV) emergencies in Milan in-Biggtember
20172023, decomposed into trend, seasonal component and residual. Red dots indicate heat
days based on the applied criterion (see text for further detail). Mean daily appaneetature

(AT) is also shown overimposed to the daily emergencies.
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Based on the KolmogoreSmirnov test, the daily number of CV emergencies resulted not
normally distributed in both the whole city and in its three socan clusters. Themedian

daily number of CV emergencies in the whole city during the analysed period wad"715{25
percentile 6480). Stratifying by socikurban clusters and temporal variables, the highest
median in the Central cluster was reached in 2019 (39 emergencies), while in the Residential
cluster in both 2018 and 2019 (36 emergencies for both years). Thet lovegian was
observed in 2020 in the Central cluster (29 emergencies), and in both 2017 and 2020 in the
Residential cluster (33 emergencies for both ye&®) these clusters, in 2020, in addition to

a low median, the distribution of daily CV emergencies was characterised by a relatively
narrow interquartile range, as illustrated in Figure 6.2. The median daily number was equal to
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1 for all years in the Peripheral cluster. As indicated by the Krisfedlis test, the difference
in the distribution across years was statistically significant for both the Central and Residential
clusters, but not for the Peripheral cluster.

In terms of month, the highest median daily number of CV emergencies in both the
Central and the Residential clusters was observed in June (39 and 37 emergencies,
respectively). On the contrary, August was the month with their lowest median daily number
for both the Central (27 emergencies) and the Residential (28 emergencies) clusters.
Furthermore, May was the only month for which no outlier was observed in the Central and
the Residential clusters, as shown in Figure 6.2. The median daily number wabhagaime
for each month in the Peripheral cluster. There was a statistically significant difference in the
distribution across months for both the Central and Residential clusters, while the difference
was not significant for the Peripheral cluster.

The distribution of daily number of CV emergencies differed significantly across the
days of the week only for the Central cluster, in which the day with the highest median was
Tuesday (38 emergencies), while it was Monday for the Residential clusmégencies).
Conversely, the lowest median number was observed at the weekeBdinday in the Central
cluster (32 emergencies) and on Saturday in the Residential cluster (33 emergencies). In this
case as well, the median daily number was the sameadbr @day of week in the Peripheral
cluster. Moreover, the second half of the week was characterised by particularly high outliers
in all three sociaurban clusters, represented by dots in Figure 6.2.

When stratified by heat and ndweat days, the difference in the distribution of the daily
number of CV emergencies was significant only in the Residential cluster, where the median
reached 37 emergencies during #iwat days, and 34 during heat days, Witih an outlier
equal to 65 emergencies.

The distribution of the daily number of CV emergencies in each of the three socio
urban clusters, stratified by temporal variables (i.e., year, month, day of the week and heat
days) was graphically summarised as boxplots in Figure 6.2. The differeheedistribution
was statistically significant for the following variables, providing rationale for their inclusion
in the forecasting models:

- in the Central cluster for year, month and day of week

- in the Residential cluster for year and month;

- in the Peripheral cluster for none of the considered variables.
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Figure 6.2. Summary of the distribution of the daily number of cardiovascular (CV)
emergencies in Mageptember 2022023 for each of the three soaidban clusters of Milan
(i.e., Central, Residential, Peripheral), stratified by year, month, day of the week addyseat
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6.3.2. Feature selection for predictive modelling

The autocorrelation plots for daily CV emergencies for the whole city and separately for the
three socieurban clusters are presented in Figure 6.3. The ACF for the whole city showed a
strong autocorrelation at lag 1, equal to 0.46, decreasing up toMagrbit reached the value
of 0.34, and then increasing up to lag 7 at 0.41. The same pattern, although weaker in terms of
values, was observed in the second week. From the third week, the autocorrelation started to
decrease over time, again with a smakhlpat lag 21. In addition, in the fourth week, the
autocorrelation became not significant.

A similar pattern was found in the Central cluster, in which the ACF was the strongest
at lag 1 (0.43). For the next three lags, it reached similar values equal to 0.35, 0.36, and 0.34,
respectively, and it peaked at lag 7 reaching the value of 0.39. theosecond week, the
autocorrelation began to considerably decrease, with small peaks at lags 14 and 21. Given these
findings, the lags selected for the prediction model for both the whole city and for the Central
cluster were lags 1, 2 and 7.

The autocorrelation in the Residential cluster was much weaker, with a maximum of
0.26 at lag 1 and similar (0.24) at lag 2. At lag 3, the autocorrelation dropped to 0.18 and it
remained fairly stable and significant until lag 12, when it fell below i@he first time.
Therefore, for this cluster, only lags 1 and 2 were considered in the forecasting model.

In the case of the Peripheral cluster, the ACF did not provide any significant lag. Given
the very small number of daily CV emergencies and the lack of autocorrelation, no prediction
model was performed for this cluster.
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Figure 6.3. Autocorrelation plots for daily cardiovascular emergencies in-Begtember
20172023 in the whole city and for its three sceaidan clusters (i.e., Central, Residential,
Peripheral). Results outside the shaded area are significant at alpha=0.05.
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For the meteorological variables, three aggregates (i.e., mean, minimum and maximum), and
three lags (i.e., lag0, lagl and lag2) were considered. All six variables were highly correlated
to each other, with Pearson correlations ranging from r=0.78 to 9@=0e three best
parameters obtained by the two applied feature selection methods for the whole city, the Central
and the Residential clusters are summarised in Table 6.2. As the methods did not yield the same
set of variables, and given a high correlatonong the aggregates, the final three temperature
indicators were chosen arbitrarily as mean daily AT (i.e., lag0), mean daily AT at lagl (i.e.,
AT on the previous day), and mean daily AT at lag2 (i.e., AT two days before). Invaarel
application ofthe forecasting model, the value of the mean daily AT at lagO (i.e., the day for
which the daily number of CV emergencies needs to be predicted) could be derived from
existing meteorological forecasts.

Table 62. Apparent temperature aggregates returned by the feature selection methods in the
whole city, the Central cluster and the Residential cluster

Method/socicurban Whole city Central cluster Residential cluster
cluster
Pearson correlation mean, mean, mean,
minimum, minimum, minimum,
maximum maximum maximum
Mutual information lagl minimum, mean, lag 1 mean,
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lag 1 maximum, lag 2mean, lag 2 mean,
lag 2 mean, lag 2 minimum lag 2 maximum

In conclusion, five temporal variables and the COMI® binary variable were included as
independent variables in the prediction models. In addition, the lagged number of CV
emergencies was considered, with the lags chosen on the basis of the ACF.fBmalbgels

with weather features, three meteorological variables were incorporated in the set of
independent variables. The final variables included in each prediction model for the whole city,
the Central and the Residential clusters, together with tlesicription, are summarised in
Table 6.3. To take into account the lag in the prediction of the number of CV emergencies
assumed by the model, each annual time series for the prediction models started Bridviay 3
the Residential cluster, and on Ma¥ #r the whole city and the Central cluster. The total
number of variables included in the models was 12 for the whole city and the Central cluster,
and 11 for the Residential one.

Table 6.3. Final independent variables included in the prediction models for the whole city,
the Central cluster and the Residential cluster. ATapparent temperature, CV
cardiovascular.

Variable Socicurban cluster Description
Year An integer from 2017 to 2023
Month An integer from 5to 9
Day of the week An integer from O to 6
An integer from 123 (Residential cluster) or 128 (whole
Day of the year

city and Central cluster) to 273
A binary value of for COVID-19 period (202€2021)

COVID-19
and O for other years (202019, 20222023)
August A binary value of 1 for August and 0 for other months
(optlonally) Lag0 mean| Whole c!ty, C.entral, A float value of mean daily AT
daily AT Residential
(optionally)Lagl mean .
daily AT A float value of mean daily AT a day before
(optionally)Lag2 mean .
daily AT A float value of mean daily AT two days before

An integer number of CV emergencies which occurred
day before

An integer number of C¥mergencies which occurred
two days before

An integer number of CV emergencies which occurred
seven days before

Lagl CV emergencies

Lag2 CV emergencies

Lag7 CV emergencies| Whole city, Central

Accordingly, after excluding first eight days of May, 19 coldest days in the remaining period
were classified as neimeat days. The mean daily AT on Roeat days varied from 9.12 °C in
2019 to 21.95 °C in 2022, with average mean daily AT equal to 16.61 *c7/&5ercentile
15.12 °CG17.96 °C). Summary statistics of mean daily AT for heat aneheah days separately

for each year are reported in Table 6.4.



Table 64. Descriptive statistics of the mean daily apparent temperature during heat and non
heat days (as defined in section 6.2) in Milan, Italy.

Year Heat/non- | Minimum 25" percentile Median (°C) 75" percentile Maximum
heat days (°C) (°C) (°C) (°C)
2017 Heat 28.34 29.08 29.35 30.82 32.8
Non-heat 14.14 14.97 16.41 17.28 18.37
2018 Heat 28.29 28.96 29.43 31.38 32.19
Non-heat 12.22 15.74 17.93 18.97 20.32
2019 Heat 29.27 30.62 31.21 3341 36.03
Non-heat 9.12 13.82 16.56 16.98 18.07
2020 Heat 28.68 29.22 29.95 30.50 33.36
Non-heat 10.46 16.01 17.40 18.14 19.05
2021 Heat 27.68 28.44 28.90 29.55 32.17
Non-heat 13.10 15.20 16.32 18.47 19.06
2022 Heat 29.92 30.39 30.64 31.57 32.86
Non-heat 14.52 15.34 16.42 17.46 21.95
2023 Heat 30.7 31.20 32.75 33.58 34.36
Non-heat 14.57 16.43 18.96 20.06 21.07

6.3.3. Predictive modelling

The optimal hyperparameters, indicated by a randomized search, for XGBoost, GaaBdost
LSTM, are reported in Table 6.5, together with the resulting MAE on the test set (i.e., daily
CV emergencies in Mageptember 2023). All models except for CatBoost in the whole city
slightly improved their performance when also including weatheabks. However, the
difference in predictive accuracy between the model with and without meteorological features
was statistically significant only for XGBoost for the Residential cluster. Considering each
combination of geographical partition and inclusiof meteorological features, the resulting
MAE showed minimal differences, and the differences in predictive accuracy among the
models were not statistically significant in any of the three geographical partitions. As such, all
the model diagnostics indHollowing parts will refer to the XGBoost model, including the AT
features for the whole city, the Central and the Residential clusters.

Regarding the sensitivity analysis, performing XGBoost model with meteorological
variables for different sets of year resulted in MAE on the test set ranging from 8.52 CV
emergencies for the years 262020 to 11.64 CV emergencies for the years 220178 n the
whole city (Table A6.1 irAppendi®, from 5.83 to 7.34 CV emergencies for the years 2017
2022 and 2012018 respectively in the Central cluster (Table A6.2ppendiy), and from
5.66 to 6.89 CV emergencies for the years 200722 and 201-2018 respetively in the
Residential cluster (Table A6.3 Appendiy.
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Table 65. The optimal hyperparameters for XGBoost, CatBoost and LSTM trained on train
set (i.e., MaySeptember 20:2022), and the corresponding Mean Absolute Error (MAE) on
the test set (i.e., Mageptember 2023)

Model Socio Weather Optimal hyperparameters MAE on
urban variables test set
cluster

colsample_bytree = 1.0, learning_rate = 0.01, 9.61
yes max_depth = 3, n_estimators = 500,
. subsample = 1.0
Whole city colsample_bytree = 0.9, learning_rate = 0.01, 9.82
no max_depth = 7n_estimators = 300,
subsample = 0.8
colsample_bytree = 0.8, learning_rate = 0.01, 5.98
yes max_depth = 7, n_estimators = 500,
subsample = 0.9
XGBoost Central colsample_bytree = 1.0, learning_rate = 0.01, 6.07
no max_depth = 7, n_estimators = 500,
subsample = 0.8
colsample_bytree = 0.8, learning_rate = 0.01, 6.34
yes max_depth = 7, n_estimators = 300,
. . subsample = 1.0
Residential colsample_bytree = 0.9, learning_rate = 0.01, 6.71
no max_depth = 3, n_estimators = 500,
subsample = 0.8
iterations = 1500, depth = 3, learning_rate = 0.0] 9.63
yes
Whole city _subsgmple =1.0, colsample_bylgvel =0.8
no iterations = 300, depth = 3, learning_rate = 0.01,| 9.57
subsample = 0.9, colsample_bylevel = 1.0
iterations = 1500, depth = 3, learning_rate = 0.0] 5.67
yes
CatBoost Central subsample = 0.8, colsample_bylevel = 0.8
no iterations = 500, depth = 3, learning_rate = 0.01,| 5.77
subsample = 1.0, colsample_bylevel = 0.9
iterations = 2000, depth = 3, learning_rate = 0.0] 6.44
yes
Residential subsample = 0.8, colsample_bylevel = 0.9
no iterations = 1000, depth = 3, learning_rate = 0.1,| 6.61
subsample = 1.0, colsample_bylevel = 0.9
ves batch_size = 64yum_epoch = 50, 10.01
Whole city neuron number = 128, 64, 32, dropout = 0.3
no batch_size = 16, num_epoch = 50, 10.25
neuron number = 128, 128, 64, dropout = 0.3
yes batch_size = 64, num_epoch = 100, 6.32
LSTM Central neuron number = 128, 64, 64, dropout = 0.1
no batch_size = 8, num_epoch = 50, 6.53
neuron number = 128, 128, 128, dropout = 0.3
ves batch_size = 16, num_epoch = 50, 6.54
Residential neuron number = 128, 128, 64, dropout = 0.1
no batch_size = 16, num_epoch = 50, 6.64

neuron number = 128, 128, Gitppout = 0.3
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Regarding the comparison with simpler models, all of them yielded bigger MAE in each socio
urban cluster compared to XGBoost (Table 6.6).

Table 6.6.The Mean Absolute Error (MAE) on the test set (i.e., Nb@ptember 2023pr five
simpler models. For details see section 6.2.3.

Model i forecasted number of CV Socicurban cluster MAE on test set
emergencies equal to
Whole city 11.52
Mean (of the training set) Central 6.89
Residential 6.73
Whole city 11.61
Median (of the training set) Central 6.92
Residential 6.73
Whole city 13.41
The previous day Central 8.0
Residential 8.78
Whole city 12.53
7 days earlier Central 7.85
Residential 8.2
Whole city 12.3
Arithmetic mean of two preceding days Central 7.53
Residential 7.47

In general, XGBoodbrecast was able to capture the overall shape of the daily CV emergencies
curve, but it was unable to accurately predict peaks in any of the geographical partitions,
especially in the Residential cluster, as shown in Figure 6.4. The MAPE for all three
geographical partitions was higher during heat days (14.56%, 16.57%, 22.21% for the whole
city, the Central cluster and the Residential cluster respectively) than-lmeadvdays (10.89%,
15.93%, 16.68% respectively), but it was lower during the remainayg,d.e., days not
classified as heat nor ndreat (16.14%, 19.29%, 22.98%). However, in each geographical
partition, according to the Kolmogoré&mirnov test, the absolute percentage errors for both
heat and notheat days were not normally distributeshd their distribution in both defined
meteorological conditions was the same, as indicated by the-Wéiney U test. The
distribution of the absolute percentage errors is summarized in Figure 6.5. Its lowest median
during heat was reached for the whoigy (10.71%), then for the Central cluster (11.55%),
with the highest median for the Residential cluster (18.12%). Contrary to the mean (i.e.,
MAPE), the median absolute percentage error was lower during heat thpatatays in one
geographical partibini the Central cluster.
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Figure 64. True and predicted values of daily cardiovascular (CV) emergencies in May
September 2023 in the whole city, the Central cluster and the Residential cluster. Red dots
indicate heat days on the true values curve, orangé dotpredicted values curve. \fa dots
indicate norheat days on the true values curve, blue dats predicted values curve.
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Figure 6.5. Density plot and rug plot of absolute percentage errors on test set (i.e., May
September 2023) in the whole city, the Central cluster and the Residential cluster

6.3.3. Explainable artificial intelligence

The final step in the analysis was to explain the XGBoost algorithm using the SHAP method.
In the whole city and in the Residential cluster, the weather variables contributed more to the
decisionmaking process during heat than fiwat days, with mean daiAT at lag0 being the
strongest contributor. The distribution of SHAP values during heat andheeindays was
significantly different for themean daily AT at all lags (i.e., lags 0, 1 and 2) in all three
geographical partitionddoreover, the varyingantributions of temporal variables, as revealed

by SHAP, partially account for the superior performance of the ML model compared to simpler
forecasting approaches that rely exclusively on past values of the target variable during specific
periods such as one, two, or seven previous deggardless of other characteristics, e.g., day

of the year or holiday perio@he summarylot of the SHAP values is presented in Figure 6.6.

In the whole city, the mean daily AT at lag0 was the strongest contributor among all
the meteorological variables both during heat andhemat days. Considering the strength of
contribution of all the independent variables, it rose from fifth place dumamgheat days to
third place during heat days, with the difference of 0.8 in the median of the absolute SHAP
values. Specifically, the median SHAP value changed ffofduring norheat to 2.1 during
heat days, with higher feature value associated withigher positive contribution. The
maximum contribution of the mean daily AT at lag0 during heat days was equal to 9.04, ranking
as the fourtkhighest among all variables, following the lagl mean daily AT and the lagl CV
emergencies which exceeded the SHARie of 12 for three observations. Additionally, while
the lagl of the AT was the secolmvest contributing variable during ndreat days, it rose
by five positions during heat days. Interestingly, on-heat days, lower values of the lagl
and lag2 memadaily AT increased the forecasted number of CV emergencies.

The mean daily AT at lag0 was the highest contributing variable in the Central cluster
in nonheat days, and the thi#dghest during heat. On heat days, the SHAP values tended to
be concentrated around the median of 1.82, with a relatively narrovnexnange from 0.54
to 4. While during notheat days, the AT lagged by one day placed as the-ldvirelst
contributor, during heat days, the impact of its highest values on the model prediction was
considerable, reaching the maximum value of 6.04, the higimehg all 12 considered
variables.
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