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Abstract 
 

This thesis presents a comprehensive investigation into healthcare-focused urban analytics and 

decision-making 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 holistic approach to explore the key determinants 

of heat-health risks, such as population vulnerability, environmental hazards, and residents' 

exposure. The methodologies developed in this thesis are characterized by their flexibility, 

offering both academic contributions 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 Change, United Nations, 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 well-being for all at all ages") by emphasizing cardiovascular health, one of the 

leading causes of death globally; 2) by integrating socio-urban features at the neighbourhood 

and municipal level with health determinants, it supports SDG11 ("Make cities and human 

settlements inclusive, safe, resilient, and sustainable"); 3) 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 target health, urban sustainability, and climate resilience. 

The thesis begins by proposing a novel municipality-level SDG3 index for Italy, 

addressing disparities in data availability and spatial granularity while identifying significant 

regional variations in public health performance. The 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, with each target score calculated as the average of the normalized scores 

(ranging from 0 to 1) of its indicators. The values of the index for Italy range between 0.595 in 

Terragnolo (Trentino-Alto Adige/S¿dtirol region) and 0.810 in Girasole (Sardinia region), with 

median equal to 0.697. Despite the limitations 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 macro-areas 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 across studies (with a total of 21 

combinations of indicator, method, and comparison threshold found in 54 articles), posing 

challenges for comparability and meta-analyses. Despite this variability, percentile-based 

thresholds, rather than absolute temperature values, emerged as the most commonly used 

approach in heat-related health studies, accounting for 46 out of 57 (80.7%) definitions 

(multiple definitions were tested in some articles). To 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 lag non-linear model and Poisson 
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regression. This guideline contributes to the advancement of the field by enhancing the 

consistency of studies on temperature hazards and public health. However, the exclusion of 

restricted-access articles and grey literature, along with the limitation of the publication period 

to five years (2018ï2022) in the systematic review, may introduce selection bias, potentially 

overlooking emerging international trends 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 years 2017-2022, the analysis 

identifies the 95th percentile of annual mean daily apparent temperature distribution as the 

proper heat threshold for Milan, accounting for key temporal factors that could significantly 

alter ambulance dispatches distribution, i.e., day of week, day of year, and long-term trend. The 

corresponding relative risk is assessed at 1.11, with 95% confidence interval (CI) equal 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 temperature, with associated 

relative risk at 1.56 (95% CI [1.36-1.80]) and 1.25 (95% CI [1.16-1.34]), respectively. These 

insights could have practical implications for emergency medical services, enabling better 

resource allocation and preparedness during extreme weather conditions. 

The thesis also explores the socio-urban characteristics that influence cardiovascular 

vulnerability to heat, using machine learning techniques, such as k-means clustering and 

hierarchical density-based 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%, with 25th-75th percentile equal to 

13.99%-16.08%. Regression analysis identifies key socio-urban 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. The research produces a socio-urban vulnerability index, which is combined with medical 

data to create a vulnerability map, offering valuable tools for urban planners and policymakers 

to target interventions in most high-risk areas, found as encompassing 18 of 86 Milanôs 

districts, where more than 300,000 people reside. Also, 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, with a focus on meteorological parameters, i.e., mean daily 

apparent temperature on the emergency day, on the previous day and two days earlier. By 

testing three machine learning algorithms (eXtreme Gradient Boosting - XGBoost, CatBoost, 

Long Short-Term Memory neural network - LSTM), the research demonstrates the potential of 

artificial intelligence to predict the volume of next-day cardiovascular emergencies with strong 

accuracy (mean absolute error equal to 10 cardiovascular emergencies, making it close to the 

absolute random component of the corresponding time-series), confirming its better 

performance compared to simpler, i.e., non-machine learning, frameworks. The application of 

explainable artificial intelligence, derived from Shapley values, enhances transparency in the 

modelôs decision-making process, revealing that while temperature has minimal influence on 

the predictions on most days, its impact sharply increases above approximately 25 °C. In 

particular, the relationship between temperature and the forecasted number of emergencies 
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during heat days is well captured by a linear model (R2=0.79). 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 local policymakers, as well as 

methodological solutions advancing the state-of-the-art. However, it also acknowledges 

several limitations, including data temporal misalignment, the use of relative indices, and the 

exclusion of certain urban areas. Further application of the proposed framework is needed to 

differentiate between findings that are generalizable and those that are specific to particular 

geographical contexts, such as Milan. Future research should focus on improving data 

integration, enhancing spatio-temporal 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 defined as ñthe state of the 

atmosphere and ocean at a given moment in time, i.e., it is what you getò, climate ñincludes all 

quantities defined by averaging over time scales of many weather events, i.e., it is what you 

expectò (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 significantly influenced 

subsequent advancements in the field during the Scientific Revolution of the 16th and 17th 

centuries, facilitated by experimental methods and technological breakthroughs such as the 

discoveries of barometer and thermometer (Heymann, 2010). The 19th century 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 20th century, the first comprehensive map delineating Earth's 

climate classes was created by Wladimir Köppen (Heymann, 2010). This classification system, 

which categorized climates into descriptors such as "tropical" and "polar," remains influential 

to this day (Heymann, 2010). Subsequently, the 20th century 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 advancements regarding phenomena like ice 

ages and carbon dioxide (CO2) concentrations, they received relatively limited attention from 

contemporaneous climatologists (Heymann, 2010). In the 1930s, the International 

Meteorological Organization, the first worldwide climate-related institution founded in 1873, 

superseded by the World Meteorological Organization in the 1950s, acknowledged the 

dynamic spatial and temporal nature of climate by defining it as ñthe average state of the 

atmosphere above specific locations within a specific period of timeò, with the ñspecific period 

of timeò recommended to be set at 30 years (Heymann, 2010). 

Throughout the second half of the 20th century and particularly over the past two 

decades, there has been a considerable increase in cross-sector collaboration and technological 

advancements, leading to a more cohesive understanding of climate dynamics and enhanced 

modeling capabilities based on 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 anthropogenic influences. 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 influencing long-term 
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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 the planet'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 changes 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 (Paillard, 2001).  

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 portion of incoming 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 such as land and ocean absorb more sunlight, 

leading to further warming - a feedback loop that amplifies the initial warming trend. 

All the changes in Earth's weather patterns over millions of years were driven by natural 

processes and they can be defined as ñclimate variabilityò (Neelin, 2010). Specifically, 

currently observed natural phenomena include for example El Niño, 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 the 

climate changes, with all the consequent phenomena such as unprecedented rates of global 

warming, ozone hole, or acid rain referred to as ñanthropogenic climate changeò (Neelin, 

2010). 

 

Global warming 
 

Trace gases represent a very small fraction of Earthôs atmospheric mass and include, among 

others, CO2, methane (CH4), and nitrous oxide (N2O), 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 vapour (H2O), ozone (O3) 

and chlorofluorocarbons (CFCs), constitute the greenhouse gases. When sunlight enters the 

Earth's atmosphere, some of it is absorbed by the Earth's surface, 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 temperature of the planet's surface and lower atmosphere (Mitchell, 1989). 

Theoretical premises regarding the importance of CO2 in absorbing infrared radiation 

were hypothesized as early as 1827 by Joseph Fourier (Neelin, 2010). Subsequent interest in 

this topic primarily emerged in the 20th century, 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 CO2 levels and the resultant greenhouse effect (Heymann, 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 CO2 concentrations 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 CO2 levels 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, 2010). This has 

resulted in an unprecedently strong and fast heating tendency, exacerbating the greenhouse 

effect and contributing to global warming (Mitchellm, 1989). Since the late 19th century, when 

widespread temperature monitoring began, the planet has experienced a 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 pronounced in recent decades, with the 21st century 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 (IPCC, 2023), with the rise of 1.09 °C in global surface temperatures specifically for 

the years 2011ï2020 relative to the same baseline period of 1850ï1900 (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 human-induced global 

surface temperature rise from 1850ï1900 to 2010ï2019 is between 0.8°C and 1.3°C, with the 

best estimate of 1.07 °C (IPCC, 2023). 

 



 20 

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. 

 
Source: IPCC (2023). Summary for Policymakers. In: Climate Change 2023: Synthesis Report.Contribution of 

Working Groups I, II and III 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 regions that are 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 of 0.6 °C in average temperature compared 

to the 1991-2020 and of 1.48 °C compared to the second half of 19th century (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 these regions underscores the imperative for regional 

investigations into the origins and impacts of global warming. By leveraging temperature 

anomaly maps provided 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 to 1991-2020 average 

 
Source: Copernicus (2024). Global Climate Highlights 2023. Retrieved from https://climate.copernicus.eu/global-

climate-highlights-2023 on 29/04/2024. 

 

Impact of elevated temperature on human health 
 

The implications of the warming trend are far-reaching, 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 natural and human 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 environmental 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 (Smith et al., 2009).  

All of the above impacts affect human health either directly or indirectly, with possible 

consequences including the exacerbation of pre-existing chronic conditions (e.g., 

cardiovascular (CV) or respiratory), outbreak and spread of infectious diseases, worsening of 

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 deaths occurring 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 (Rocque et al. 2021). 

 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 high-income countries (WHO, 2024b). Moreover, medical evidence suggests that 

the human CV system is susceptible to the effects of elevated temperatures (Crandall and 

Wilson, 2015; Crandall and Gonzalez Alonso, 2010; Gonz§lez Alonso, 2012). High 

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 also trigger acute 

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 disease-specific, involving 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 temperatures (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, remains inconsistent 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 costs of heat-related CV illnesses and deaths are substantial, reducing labour 

productivity, and exacerbating socioeconomic inequalities (Huang et al., 2023; Chiabai et al., 

2018; Roldán 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 studies use different 

temperature indicators and thresholds to define ñheatò or ñheatwave,ò impeding a 

comprehensive analysis of trends, which is crucial in the context of ongoing climate change 

and projected temperature rises. Additionally, previous research has often focused solely on 

patient-level medical data, neglecting environmental population-level factors such as climate, 

weather, pollution, behaviour, habits, and socioeconomic status. Nonetheless, these factors are 

important determinants of human health (Marmot 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%), genetics (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 late 18th century, 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 fact, this period saw the development of key urban 

infrastructures, including railways, sewage systems, and electricity networks, which facilitated 



 23 

further urban expansion. The concentration of factories and the growth of the working-class 

population led to significant changes in the urban landscape, including the development of 

distinct industrial districts and worker housing (Hopkins, 1986). However, the 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 20th century, the transition from industrial to service-based 

economies further transformed urban landscapes. The decline of manufacturing in many 

Western cities led to deindustrialization and the rise of the post-industrial city, characterized 

by a focus on finance, 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 development of extensive 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 the 21st century. 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 to urban 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 regions, with 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 Nations Human Settlements Programme, 2022). As 

of 2023, it was estimated that approximately 57% of the worldôs population (i.e., approximately 

4.6 billion people; Figure 1.3) resides in urban areas (World Bank, 2024), and this percentage 

is expected to increase in the 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). This high level 

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 historical background. 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 infrastructure, within- and between-city socio-economic 

disparities relevant to unemployment, income inequality, and housing affordability, as well as 

environmental sustainability, represented by carbon emissions, air quality, urban heat island 

phenomenon (UHI, 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 1.3. Worldôs and European Unionôs urban population as percentage of total population 

in 1960-2023 (World Bank, 2024) 

 
 

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 and challenges 

(Zhang et al., 2023). Specifically, three main areas of urbanizationôs positive impact on public 

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 enhances better management 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 engagement opportunities in cities 

contribute to improved well-being.  

- 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 sedentary behaviour, unhealthy diets, and high stress 

levels associated with urban living increase the risk of non-communicable illnesses, such as 

CV diseases, diabetes, and obesity. 
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- Socio-economic conditions: Life in fast-paced 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 respiratory diseases such as asthma, 

bronchitis, and chronic obstructive pulmonary disease, and presenting a risk factor for other 

non-communicable diseases. As a matter of fact, cities are estimated to produce almost 70% of 

global CO2 emissions (Luqman et 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 well-studied 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 intra-city analysis (Heaviside et al., 2017; Deilami et al., 

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

cities, which results in varying exposure to heat-related health hazards. These hazards include 

not only heat exposure but also access to healthcare services, 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 methodologies 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; Li et al., 2022; Szagri et al., 2023; Cheng et al., 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. However, specifically regarding the medical dimension, the 

lack of easily accessible medical data makes the real-world application of such indices a big 

challenge, especially at a detailed geographical level (Heaviside et al., 2017; Conlon et al., 

2020; Niu et al., 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 et al., 2021). 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 offer promising insights, as they provide more precise geolocation 

of where emergencies occur.  

 

Heat-resilient 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 information and 

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 data-driven techniques relevant to human health, smart cities can leverage 

wearable devices, Internet of things (IoT) sensors, and official medical services providersô data 

to monitor residents' health in real-time (Ghazal et al., 2021; Mishra and Singh, 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, which can be used by researchers to identify at-risk 

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, and the 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 (Ramírez-Moreno et al., 2021). By deploying a network of 

sensors to monitor conditions such as temperature, air quality, and humidity, cities can better 

understand the impact of environmental factors on residentsô health outcomes. For example, 

correlating heatwaves with spikes in CV emergencies enables the development of early 

warning systems and preparedness plans to protect vulnerable populations. 

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 department visits (Ghazal 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 emergencies), enabling 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 essential for 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 heat-resilient cities, urban planners, local 

policymakers, and medical services providers can also implement long-term targeted 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 projects, as well as the fostering of community 

engagement and education about heat-related health risks. Such strategies encourage proactive 

measures, safeguarding urban populations from health risks associated with environmental 

factors before they become severe and 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 climate change 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), Intergovernmental Panel on Climate Change (IPCC), Conference 

of the Parties (COP) meetings and the Sustainable Development Goals (SDGs) have 

underscored the urgency of addressing climate-related health risks. One of the most significant 

international agreements 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 pre-industrial levels and to pursue efforts to limit the temperature increase to 1.5 °C. To 

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 change, resilient urban 

environments and human well-being is underscored by three SDGs, in particular: SDG3 

(ñEnsure healthy lives and promote well-being for all at all agesò), SDG11 (ñMake cities and 

human settlements inclusive, safe, resilient and sustainableò), and SDG13 (ñTake urgent action 

to combat climate change and its impactsò). 

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, these gaps include: 

- Absence of a static, periodically updated, health-related 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 heat-health 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 patient-level analyses regarding the impact of heat on CV 

health, representing a reactive approach. This leaves population-level risk 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 their interdependencies, preventing to fully 

capture the spatial dynamics within urban environments. 

 

This PhD thesis seeks to address the above gaps by leveraging data-driven approaches to 

examine the achievement of SDG3 in all the Italian municipalities, and in particular by 

proposing a reproducible spatio-temporal framework of analysis of the impact of passive 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 addresses the following research 

questions (RQs): 

1) Is it possible to construct a national municipality-level 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 socio-urban 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 state-of-the-art by:  

o developing the first-ever 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 (RQ1); 

o proposing a universal approach for selecting temperature threshold for defining 

heat in health-related studies, based on the most common strategies identified 

in relevant literature (RQ2); 

o 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 short- and long-term 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 to non-heat days, and from 

a predictive model for next-day CV ambulance calls. These short-term 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 long-term strategies regarding greenery and infrastructure development 

to reduce this vulnerability (RQ4). 

o 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 potentially cause harm (i.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 measured, to some 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 CV emergency in individuals 

exposed to passive heat versus those not exposed. OR are typically estimated using logistic 

regression models, which are well-suited 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 passive heat (Bland and 

Altman, 2000). The statistical models commonly employed to estimate RR include Poisson, 

quasi-Poisson, or negative binomial regression which deal with counts and ratios (Frome and 

Checkoway, 1985; Gardner et al., 1995). Both RR and OR are interpreted 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 exposure to the hazard and non-exposure. 

In the specific context of estimating health risks associated with environmental factors, 

Gasparrini et al. (2010) introduced distributed lag non-linear model (DLNM), which estimates 

cumulative RR over specific lags, acknowledging that the health response to a risk 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 and real-world data (Gasparrini, 2014; Wang et 

al., 2021a).  

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 Chapter 3, and DLNM 

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 spatial components in the 

assessment of vulnerability and risk. Health geomatics involves the use of geoinformatics in 

health-related research, covering the geography of the disease and of the healthcare system 

(Boulos et al., 2001), with both concepts being interconnected 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 intuitively health geomatics is well-suited for analysing communicable 

diseases, it has also demonstrated significant potential for non-communicable diseases (Jia et 
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al., 2019; Blangiardo et al., 2020; Tuoane-Nkhasi and van Eeden, 2017; Sogno et al., 2020; 

Andrees et al., 2024). Despite the recognition of spatial dependencies in epidemiology for 

centuries - exemplified by John Snowôs 1854 cholera map, which helped him to identify the 

source of contamination in London - the systematic integration of spatial analysis into 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 that includes 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 real-world applicability of the results, along with point data on medical 

events. In the absence of predefined polygons, alternative spatial partitioning approaches 

include introducing an ad-hoc grid or applying a partitioning algorithm, such as the Voronoi 

diagram (Zlatanova et al., 2020; Novaes et al., 2009). 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 1.4. Rook, queen, and bishop contiguity first order neighbours 

 
 

To quantify spatial associations among polygons, the most common method is Moranôs Index, 

which assesses spatial autocorrelation, i.e., the clustering (or dispersion) tendency of the data, 

at both local and global levels (Kirby et al., 2017). Despite its simplicity, the index has been 

successfully implemented to gain valuable health-related 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 least squares (OLS) 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 spillover effects of 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 software perspective, 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 generalized and updated 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; Kino et al., 2021). In this study, ML techniques 

are employed for spatio-temporal 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 distance- and density-based 

clustering to uncover underlying patterns in the data. Distance-based algorithms, such as k-

nearest neighbours (k-NN) and support vector machines (SVM), aim to group data points into 

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), depends on the nature of the data. 

Density-based 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, making them particularly relevant for health-related 

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 non-linear OLS regression, decision trees, SVM, or neural networks. In the 

context of this thesis, supervised ML is utilized for time-series prediction, with the spatial 

dimension predefined by clustering, as discussed in Chapter 6. Additionally, there is growing 

recognition of the importance of explainable artificial intelligence (XAI; Gerlings et al., 2022; 

Loh et al., 2022), which enhances interpretability by providing insights into the contribution of 

individual variables to the modelôs output, offering a significant advantage over complex 

statistical models. Accordingly, XAI 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 emergencies triggered 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 Italy and in particular the city of Milan as applicative case studies. 

The data for this research include CV ambulance dispatch records provided by Agenzia 

Regionale Emergenza Urgenza Lombardia, alongside 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 

questions 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 well-being across Italian municipalities, addressing RQ1. 

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 heat on adverse CV 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 2017-2022. 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 socio-urban features. The impact of these features on CV 

vulnerability to heat, defined following the results from the previous chapter, is quantified 

using spatial regression. A socio-urban vulnerability to heat index is then developed and 

applied to each district. The chapter also confronts this index with density-based clustering of 

CV emergency data, revealing spatial shifts in their distribution 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 XAI analysis is conducted to assess the impact of meteorological variables on 

predictions during heat and non-heat days, addressing RQ5. 

Chapters 2 to 6 begin with a list of the publications on which they are based, followed 

by a ñHighlightsò box outlining the RQ addressed and the main findings. 

The thesis concludes with Chapter 7, summarizing the findings from Chapters 2-6, 

highlighting their contributions to the state of the art, and discussing their implications for 

medical, urban planning, and policymaking stakeholders. Future directions for spatio-temporal 

research on the effects of heatwaves on public health in urban areas are also outlined. 
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Chapter 2. Development of SDG3 index for Italian municipalities 

and geospatial analysis of the results 
 

 

 

 

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

- Nawaro, J., Gianquintieri, L., & Caiani, E. G. (2024). Developing a Sustainable Development 

Goal 3 (SDG3) index for Italian municipalities. In Medical Sciences Forum (Vol. 25, No. 1, p. 

6). MDPI. https://doi.org/10.3390/msf2024025006 
 

- Nawaro, J., Gianquintieri, L., & Caiani, E. G. (2024). Analysis of the Sustainable 

Development Goal 3 index for Italian municipalities. Public Health, 236, 386-395. 

https://doi.org/10.1016/j.puhe.2024.08.014  

 

 

 

 

 

Highlights: 
 

¶ RQ1: Is it possible to construct a national municipality-level SDG3 index and how 

do Italian municipalities differ from each other? 
 

¶ Substantial geographical variations in municipal performance across 13 official 

SDG3 targets were highlighted, with municipalities in central, far Northeast and far 

Northwest Italy performing the best. 
 

¶ Methodological framework for calculating the SDG3 index under conditions of data 

scarcity was established. 
 

¶ Municipality-level SDG3 index for 7,900 Italian municipalities could provide a 

valuable tool for local policymakers to inform evidence-based decision-making and 

tailor public health interventions. 

 

 

  

https://doi.org/10.3390/msf2024025006
https://doi.org/10.1016/j.puhe.2024.08.014


 34 

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 health indices, also accounting for 

environmental, social, and economic factors, have been proposed in literature, and five main 

purposes for their utilization have been defined: 1) informing policy and decision-making, 2) 

monitoring and evaluation, 3) research, 4) benchmarking, and 5) 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 indicators and their determinants, or for several ones, in order 

to perform a score-based 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 World Health 

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 for the methods used for the urban 

health indicesô computation, thus existing indices are characterized by a large heterogeneity in 

these terms. Moreover, the lack of index validation is a very diffused limitation in the 

development and use of such urban health indices (Jiang et al., 2018; Kaltenthaler et al., 2004; 

Pineo et al., 2018b). 

After a 15-years period (2000-2015) in which the UN formulated the Millennium 

Development Goals (MDGs), a set of eight international objectives, the Sustainable 

Development Goals (SDGs) were adopted on 1st January 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 (Lamichhane et al., 2021; Lim et al., 2016; Schmidt-Traub 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, 2024). The 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 as 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 countries, 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 reports on the SDGsô 

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, 2023b). However, a municipal overview of the SDGs 

progress is still missing. 

The SGD3 (i.e., Ensure healthy lives and promote well-being for all at all ages), is 

described through 13 targets including 28 indicators, addressing various factors relevant to 

public health access, non-communicable and communicable diseases, maternal and child 

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., 2023), Italy's progress toward 

SDG3 is described as ñmoderately improvingò, yet ñchallenges remainò. Within SDG3, one of 

three indicators showing no progress is the ñGap in life expectancy at birth among regionsò, 

highlighting considerable local disparities in Italy. 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 above-mentioned 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 SDG3 targets, to be computed at municipal level for a whole country (Italy in 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 vulnerability) 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 standardised 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 

availability and insufficient geographical granularity, that represent very common issues when 

addressing the country-wise computation of urban health indices and, in particular, SDG3 

assessment at municipality level. Accordingly, in this chapter, the RQ1 is addressed, i.e., is it 

possible to construct a national municipality-level SDG3 index and how do Italian 

municipalities differ from each other? 

 

2.2. Materials and methods 
 

2.2.1. Study area 
 

Italy is the 10th largest country on the European continent, with an area of more than 300,000 

km2 and a population of nearly 60 million. As of 1st January 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 (25th-75th percentile: 223-394), spanning from 74 in Aosta 

Valley to 1,504 in Lombardy, with a median population per municipality of 2,394 residents 

(25th-75th percentile: 977-6,223). 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 (Emilia-Romagna), 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 above-mentioned 

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 2,001-10,000 residents (34.9%); 

- 733 municipalities with 10,001-50,000 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. According to this classification, 

the regions of Molise, Aosta Valley, and Abruzzo have the highest proportion of municipalities 

with fewer than 2,000 inhabitants, while Tuscany, Apulia, and Emilia-Romagna are 

characterized by the highest percentage of municipalities with more than 50,000 inhabitants. 

Additionally, almost one in five Italians lives in a municipality with 10,001-50,000 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 among the 

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 Italy precede the province 

of its capital, Rome. 
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Figure 2.1. Administrative division of Italy on 1st January 2023 

 
 

Figure 2.2. Geographical distribution of classes of municipalities defined by the Italian 

National Institute of Statistics (Istat) 
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Table 2.1. 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 

(number of 

residents; % of 

all regionôs 

residents) 

Rome 

(2,748,109; 

48.2%) 

Milan 

(1,354,196; 

13.6%) 

Naples 

(913,462; 

16.3%) 

province of 

Rome 

(4,216,553; 

73.9%) 

province of 

Milan 

(3,219,391; 

32.4%) 

province of 

Naples 

(2,969,571; 

53.1%) 

Area (area; % of 

all regionôs area) 

Rome (1,285 

km²; 7.5%) 

Venice (416 

km²; 2.3%) 

Genoa 

(240 km²; 

4.4%) 

province of 

Turin 

(6,828 km²; 

26.9%) 

province of 

Rome 

(5,361 km²; 

31.1%) 

province of 

Palermo 

(5,005 km²; 

19.5%) 

Number of 

municipalities 

(number; % of all 

regionôs 

municipalities) 

N/A N/A N/A province of 

Turin  

(311; 26.4%) 

province of 

Milan (132; 

8.8%) 

province of 

Rome (120; 

31.7%) 

 

 

2.2.2. SDG3 data sources 
 

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 Superiore di Sanità; - ISS), 

henceforth referred to as ñItalian indicatorsò. The process resulted in matching the Italian 

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 group ï 3.7.2 or by disease ï 3.4.1), 

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; 

- 11 cases in which no Italian indicator was assigned to an official one (3.1.1, 3.1.2, 

3.3.3, 3.3.5, 3.5.1, 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 

SDG3 target and indicator, the corresponding Italian indicator is reported, together with the 

relevant source, the latest temporal update and the most detailed spatial level available.  
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Table 2.2. SDG3 targets and indicators, together with the details of corresponding Italian indicators, when available. ICD - International 

Classification of Diseases; Istat - Italian National Institute of Statistics, ISS - Italian National Institute of Health. Regional data refer to 19 

regions and two autonomous provinces of Bolzano and Trento. 

SDG3 target SDG3 official indicator Italian indicator  Data source 
Latest 

availability  

Spatial 

granularity  

3.1. Maternal 

mortality 

3.1.1. Maternal mortality ratio N/A N/A N/A N/A 

3.1.2. Proportion of births attended by skilled 

health personnel 
N/A N/A N/A N/A 

3.2. Neonatal and 

child mortality 

3.2.1. Under-five mortality rate 
3.2.1. Mortality rate of children 0-4 years 

old per 1,000 births 
Istat 2019 municipal 

3.2.2. Neonatal mortality rate 
3.2.2. Neonatal (0-29 days old) mortality 

rate per 10,000 live births 

Ministry of 

Health 
2018 regional 

3.3. Infectious 

diseases 

3.3.1. Number of new HIV infections per 1,000 

uninfected population, by sex, age and key 

populations 

3.3.1. Number of new HIV infections per 

1,000 residents >=15 years old 
ISS 20191 regional 

3.3.2. Tuberculosis incidence per 100,000 

population 

3.3.2. Tuberculosis incidence rate per 

100,000 residents 

Ministry of 

Health 
2008 

geographical 

areas2 

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 

population 

3.3.4. Hepatitis B incidence rate per 

100,000 residents 
ISS 2022 regional 

3.3.5. Number of people requiring interventions 

against neglected tropical diseases 
N/A N/A N/A N/A 

3.4. 

Noncommunicable 

diseases 

3.4.1. Mortality rate attributed to cardiovascular 

disease, cancer, diabetes or chronic respiratory 

disease 

3.4.1(1). Mortality rate attributed to 

cardiovascular diseases (ICD10: I00-I99) 

per 1,000 residents 

Istat 2019 municipal 

3.4.1(2). Mortality rate attributed to 

malignant neoplasms (ICD10: C00-C97), 

per 1,000 residents 

Istat 2019 municipal 

3.4.1(3). Mortality rate attributed to 

diabetes mellitus (ICD10: E10-E14) per 

1,000 residents 

Istat 2019 municipal 
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3.4.1(4). Mortality rate attributed to 

respiratory diseases (ICD10: J00-J99) per 

1,000 residents 

Istat 2019 municipal 

3.4.2. Suicide mortality rate 
3.4.2. Suicide mortality rate (ICD10: X60-

X84) per 1,000 residents 
Istat 2019 municipal 

3.5. Substance 

abuse 

3.5.1. Coverage of treatment interventions 

(pharmacological, psychosocial and rehabilitation 

and aftercare services) for substance use 

disorders 

N/A N/A N/A N/A 

3.5.2 Alcohol per capita consumption (aged 15 

years and older) within a calendar year in litres of 

pure alcohol 

3.5.2. Residents >11 years old who 

consume alcohol between meals (%) 
Istat 2022 

regional and 

category of 

municipality 

3.6. Road traffic 3.6.1. Death rate due to road traffic injuries 
3.6.1. Mortality rate in road accidents per 

10,000 residents 
Istat 2021 municipal 

3.7. Sexual and 

reproductive 

health 

3.7.1. Proportion of women of reproductive age 

(aged 15-49 years) who have their need for 

family planning satisfied with modern methods 

N/A N/A N/A N/A 

3.7.2. Adolescent birth rate (aged 10-14 years; 

aged 15-19 years) per 1,000 women in that age 

group 

3.7.2(1). Maternal age-specific fertility 

rates per women 10-14 years old (%) 
Istat 2021 regional 

3.7.2(2). Maternal age-specific fertility 

rates per women 15-19 years old (%) 
Istat 2021 regional 

3.8. Universal 

health coverage 
3.8.1. Coverage of essential health services 

3.8.1(1). Beds in public hospitalisation 

facilities (ordinary hospitalization) per 

1,000 residents 

Ministry of 

Health 
2021 provincial 

3.8.1(2). Pharmacies per 10,000 residents 
Ministry of 

Health 
2021 municipal 

3.8.1(3). Places in residential social-

welfare and social-health facilities per 

100,000 residents 

Istat 2020 regional 

3.8.1(4). Anti-influenza vaccination 

coverage (%) 

Ministry of 

Health 
2022/2023 regional 
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3.8.2. Proportion of population with large 

household expenditures on health as a share of 

total household expenditure or income 

3.8.2. Households who do not have enough 

money for health care (%) 
Istat 2022 

geographical 

areas3 and 

category of 

municipality 

3.9. 

Environmental 

health 

3.9.1. Mortality rate attributed to household and 

ambient air pollution 
N/A N/A N/A N/A 

3.9.2. Mortality rate attributed to unsafe water, 

unsafe sanitation and lack of hygiene (exposure 

to unsafe Water, Sanitation and Hygiene for All 

(WASH) services) 

N/A N/A N/A N/A 

3.9.3. Mortality rate attributed to unintentional 

poisoning 

3.9.3. Mortality rate (ICD-10 =X40, X43-

X44, X46-X49) per 1,000 residents 
Istat 2019 municipal 

3.a. Tobacco 

control 

3.a.1. Age-standardized prevalence of current 

tobacco use among persons aged 15 years and 

older 

3.a.1. People >=14 years old who smoke 

cigarettes (%) 
Istat 2022 

regional and 

category of 

municipality 

3.b. Medicines and 

vaccines 

3.b.1. Proportion of the target population covered 

by all vaccines included in their national 

programme 

3.b.1. Children obligatory vaccination 

coverage (poliomyelitis, diphtheria, 

tetanus, whooping cough, hepatitis B, 

hemophilus influenzae type B, measles, 

mumps, rubella, chicken pox) (%) 

ISS 2020 regional 

3.b.2. Total net official development assistance to 

medical research and basic health sectors 

3.b.2. Expenditure for social home care, 

home care integrated with health services, 

social and health vouchers, contributions 

for health benefits, contributions for 

mental illness, day care centers for people 

with mental distress per resident (EUR) 

Istat 2020 municipal 

3.b.3. Proportion of health facilities that have a 

core set of relevant essential medicines available 

and affordable on a sustainable basis 

N/A N/A N/A N/A 

3.c. Health 

financing and 

workforce 

3.c.1. Health worker density and distribution 

3.c.1(1). Specialist practitioners per 10,000 

residents 
Istat 2021 regional 

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

residents 
Istat 2021 regional 
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3.c.1(3). Dentists per 10,000 residents Istat 2021 regional 

3.c.1(4). Doctors in public hospitalization 

facilities per 10,000 residents 

Ministry of 

Health 
2021 provincial 

3.c.1(5). Nurses in public hospitalization 

facilities per 10,000 residents 

Ministry of 

Health 
2021 provincial 

3.c.1(6). Pharmacists per 10,000 residents Istat 2021 regional 

3.d. Emergency 

preparedness 

3.d.1. International Health Regulations (IHR) 

capacity and health emergency preparedness 
N/A N/A N/A N/A 

3.d.2. Percentage of bloodstream infections due 

to selected antimicrobial-resistant organisms 
N/A N/A N/A N/A 

1 Data available also for 2020, but ignored due to COVID-19 effect.  

2 North, Centre, South, Islands. 
3 Northwest, Northeast, Centre, South, Islands
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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 obtain a measure of the 

matching quality between terminology resources in the official and in the Italian indicator, the 

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: Non-inclusive 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 value was 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, but they were separately reported for the different classes of 

municipalities (see description 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: 

 

ὧέὩὪὪὭὧὭὩὲὸ 
ὺὥὰόὩ ὲzόάὦὩὶ έὪ άόὲὭὧὭὴὥὰὭὸὭὩί

ВὺὥὰόὩ ὲzόάὦὩὶ έὪ άόὲὭὧὭὴὥὰὭὸὭὩί  
 (2.1) 

 

where a is the less detailed geographical partition (i.e., regional or bigger geographical area), 

and b 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 Italian indicator (% of 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: 

 

ὧέὩὪὪὭὧὭὩὲὸ

 
πȢςπυzσχψ

πȢρψυzρ  πȢςρτzρςππȢρψψzρςρ πȢρψψzρπρ πȢρωςzσς  πȢςπωzσ
ρȢπτ  

(2.2) 

 

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 for each municipality, data 

were normalised between 0 and 1, with 0 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 equation 2.3: 

 

έὪὪὭὧὭὥὰ ὭὲὨὭὧὥὸέὶ ίὧέὶὩ 
В  

      (2.3) 

 

where n 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 

indicatorsô scores included in it (equation 2.4): 

 

ὸὥὶὫὩὸ ίὧέὶὩ 
В  

      (2.4) 

 

where m is 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 Poyatos, 2018; Lafortune 

et al., 2018), including in particular the SDSN Sustainable Development Report (Sachs et al., 

2023): 

 

ὛὈὋσ ὭὲὨὩὼ 
В

       (2.5) 

 

where l 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 municipality. The workflow 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 

 
Considering the hierarchical structure of the proposed SDG3 index, the contribution of each i-

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

ύȟȟ
ρ

ὔ
ᶻ
ρ

ὓ
ᶻ
ρ

ὒ
 

where N is the number of Italian indicators in the corresponding j-th official indicator, M is the 

number of official indicators in the corresponding k-th official target, and L is the total number 

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: 

ύȟ
ρ

ὓ
ᶻ
ρ

ὒ
 

and the weight of each target (covered by at least one Italian indicator, otherwise its weight is 

zero) can be expressed by the equation below: 

ύ
ρ

ὒ
 

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, population-weighted mean, standard deviation, minimum, 25th 

percentile, median, 75th percentile, maximum. Additionally, the Kolmogorov-Smirnov test was 

applied to evaluate whether the final index and targetsô scores followed a normal distribution. 

Subsequently, KruskalïWallis 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 

quantile 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 poor visualization due to the 

valuesô distribution, the Jenks natural breaks method (Chen et al., 2013) was used. This 

technique classifies data minimizing the variance within categories and maximizing the 

variance between categories, and a total number of either nine or 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 method (Getis and Aldstadt, 

2004) used to define neighbours, was applied. The global Moranôs I statistic quantifies the 

overall tendency to cluster by measuring the correlation coefficient between the variable values 

in each municipality and its neighbours. This statistic 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 to 0.05) was determined using the pseudo p-value derived from Monte Carlo 

simulation, with a default value of 999 permutations (equation 2.6). 

 

ὴίὩόὨέ ὴ ὺὥὰόὩ 
        

       (2.6) 

 

To analyse local dependencies, Local Indicators of Spatial Autocorrelation (LISA) clusters 

were derived from the local version of Moranôs I and mapped. The scatterplot, with the variable 

value in each municipality on the x-axis and the mean of its neighboursô values on the y-axis, 

can be divided into four quadrants by drawing a horizontal and a vertical line corresponding to 

the mean values for each axis. Quadrants define the following clusters: 

- top right corner, high-high (HH) cluster, where the municipality with high variable 

value is surrounded by municipalities with high mean of the values; 

- bottom right corner, high-low (HL) cluster, where the municipality with high variable 

value is surrounded by municipalities with low mean of the values; 

- bottom left corner, low-low (LL) cluster, where the municipality with low variable 

value is surrounded by municipalities with low mean of the values; 

- top left corner, low-high (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. In each permutation for local Moranôs I, the value for the municipality being 

assessed for significance remained fixed while all other values were shuffled. Similar to the 

global version, the pseudo p-value was calculated according to equation 2.6.  
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2.3. Results 
 

The SDG3 index was calculated for the Italian municipalities existing at the 1st January 2023, 

excluding Misiliscemi in Sicily region, formerly part of Trapani municipality, as the 

computation of indicator values was impossible for such municipality created by 

disaggregating a cityôs district. Therefore, the proposed index was computed for a total of 7,900 

municipalities. 

 

2.3.1. Mapping between SDG3 official indicators and Italian indicators 
 

Based on the ISO/TS 21564:2019, 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 indicators were 

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 Italian indicator to each SDG3 official 

indicator, based on ISO/TS 21564:2019, is summarized in Figure 2.4. 

 

Figure 2.4. 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. 

 
 

A description of the basic statistical properties of the raw values (i.e., values assigned to each 

municipality, as described in the first black box in Figure 2.3) for the 29 Italian indicators, as 

well as relative weight of each Italian indicator, official indicator, and target in the final SDG3 

index, is summarized in Table A2.1 in Appendix, while the median, 25th, and 75th percentile of 

the raw values of selected Italian indicators, is reported in Table 2.3. Considering 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 3.4.1 and 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 target 3.3. Infectious 
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diseases to 1/11 (9.09%) for indicators in target 3.5. Substance abuse, 3.6. Road traffic, 3.7. 

Sexual and reproductive health, 3.9. Environmental health, 3.a. Tobacco control, and 3.c. 

Health financing and workforce. Each target score contributed by 1/11 (9.09%) to the final 

SDG3 index for Italy. The distribution of all the Italian indicators after normalization and 

ranking, as described in section 2.2.3 (i.e., value 0 corresponding to the poorest health 

performance, and value 1 ï to the best performance), and 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 the 75th percentile 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 diseases (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 considering Infectious diseases (target 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 (3.86 for 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 multi-regional aggregations (into four geographical 

areas) and not recently updated (2008); consequently, its boxplot is characterised by the largest 

interquartile range among all the Italian indicators.  

With regards to Noncommunicable diseases (target 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)), malignant 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 characteristics are also reflected in the boxplot for the 

SDG3 targets (bottom panel of Figure 2.5). 

For target 3.c. (Health financing and workforce), 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 (8.01 for 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 general practitioners. 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 indicatorsô distribution are reflected in the boxplots of each SDG3 

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 narrow interquartile 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 lowest median of 0.59 (target 3.5) among the remaining targets. 
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Table 2.3. Median (25th ï 75th 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 (25th ï 75th percentile) 

3.3.1 HIV infections (per 1,000 residents) 0.039 (0.032 ï 0.064) 

3.3.2 Tuberculosis incidence rate (per 100,000 residents) 10.80 (2.60 ï 10.80) 

3.3.4 Hepatitis B incidence rate (per 100,000 residents) 0.189 (0.079 ï 0.191) 

3.4.1(1) Mortality rate: cardiovascular diseases (per 1,000 residents) 3.80 (2.59 ï 5.37) 

3.4.1(2) Mortality rate: malignant neoplasms (per 1,000 residents) 2.70 (1.89 ï 3.58) 

3.4.1(3) Mortality rate: diabetes mellitus (per 1,000 residents) 0.205 (0.000 ï 0.533) 

3.4.1(4) Mortality rate: respiratory diseases (per 1,000 residents) 0.785 (0.277 ï 1.286) 

3.4.2 Suicide mortality rate (per 1,000 residents) 0.000 (0.000 ï 0.000) 

3.8.1(2) Pharmacies (per 10,000 residents) 4.16 (2.80 ï 8.14) 

3.b.2 Municipality expenditure for health services (per resident) (EUR) 11.70 (5.32 ï 21.48) 

3.c.1(1) Specialist practitioners per (10,000 residents) 31.27 (29.32 ï 34.81) 

3.c.1(2) General practitioners (per 10,000 residents) 8.01 (7.51 ï 8.63) 

3.c.1(3) Dentists (per 10,000 residents) 8.35 (8.25 ï 8.73) 

3.c.1(4) Doctors in public hospitalization facilities (per 10,000 residents) 16.04 (12.70 ï 18.64) 

3.c.1(5) Nurses in public hospitalization facilities (per 10,000 residents) 23.24 (10.83 ï 31.47) 

3.c.1(6) Pharmacists (per 10,000 residents) 13.05 (12.46 ï 15.85) 

 

Figure 2.5. Top panel: Boxplots 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 

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 index, i.e., the average of all available targetsô scores, ranged from 0.595 

to 0.81. The lowest value was reached by Terragnolo in the province of Trento (Trentino-Alto 

Adige/Südtirol region), with a population of 707, and the highest by Girasole in the province 

of Nuoro (Sardinia region) with a population of 1,350. The median value of the index was 

0.697 (25th-75th percentiles = 0.681 - 0.719). When considering classes of municipalities (as 

described in section 2.2.1), the highest median 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 of the 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 centre of the metropolitan 

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 colour-coded information in Figure 2.6 (legend 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 

 
 

At the regional level, the highest population-weighted 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 same order was also reflected in the distribution of indexôs median across regions. The 

highest max-min 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 Northeast, and far 

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. 

 
 

The global Moranôs I (gMI) for the SDG3 index showed a strong tendency to cluster within the 

Italian territory, with a value of gMI=0.91 against the expected gMI=-1.3*10-4. Concerning the 

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

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

The four types of spatial autocorrelation deriving from local Moranôs I (lMI) for the final SDG3 

index and for target 3.4 are plotted in Figure 2.8. 

 

Figure 2.8. Final SDG3 index and target 3.4. Noncommunicable diseases spatial 

autocorrelation types (from local Moranôs Index as defined in section 2.2.4) 
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Scores of single targets are presented in Figures 2.9-2.11. 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 health, 3.8. Universal health coverage, 3.b. Medicines and 

vaccines.  

2) G2 - low scores in northern municipalities, high scores in southern municipalities: 3.3. 

Infectious diseases, 3.5. Substance abuse. 

3) G3 - no clear geographical trend: 3.2. Neonatal and child mortality, 3.4. 

Noncommunicable diseases, 3.6. Road traffic, 3.9. Environmental health, 3.a. Tobacco 

control, 3.c. Health financing and workforce. 

 

Figure 2.9. SDG3 targetsô scores for 7,900 Italian municipalities: targets for which northern 

municipalities scores are high and southern municipalities scores are low 
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Figure 2.10. SDG3 targetsô scores for 7,900 Italian municipalities: targets for which northern 

municipalities scores are low and southern municipalities scores are high 

 
Figure 2.11. SDG3 targetsô scores for 7,900 Italian municipalities: targets for which no clear 

geographical trend emerges. For targets 3.6. Road traffic, and 3.9. Environmental health, Jenks 

natural breaks method was used to optimize the visualization; for 3.9. Environmental health, 

nine classes instead of 10 were used to optimize the categorization. 
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At municipal level, the standard deviation of all targetsô scores ranged from 0.192 in Alice Bel 

Colle (Piedmont region) to 0.391 in Bresimo (Trentino-Alto Adige/Südtirol region). The 

standard deviation for each Italian municipality is plotted in Figure 2.12. 

 

Figure 2.12. Standard deviation across all targetsô scores 

 
 

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 KruskalïWallis test. The municipal scores resulted 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 hindered the analysis of each target 

separately. The only regions where the distribution of municipal index did not vary among 

provinces are Trentino-Alto Adige/Südtirol 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 Milanôs performance within this framework, highlighting the general health 

vulnerability and in particular CV vulnerability of its residents. Therefore, the following 

paragraphs provide an overview of Milan's position in the SDG3 index, specifically focusing 

on indicator 3.4.1(1) Mortality 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 ranked 8th among 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, placed 15th among all the 20 regions of 

Italy. As previously illustrated in Figure 2.8, Milan is in high-low 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-in view of the SDG3 index values for the Lombardy region, with the 

boundaries of Milanôs municipality and its province clearly marked. 

 

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(1). Mortality rate: cardiovascular diseases (per 

1,000 residents), for better interpretation, the following analyses will refer to its raw number, 

not normalized between 0 and 1. As highlighted in section 2.3.1, among all the non-

communicable diseases included in indicator 3.4.1. Mortality rate attributed to cardiovascular 

disease, cancer, diabetes or chronic respiratory disease, CV mortality 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 reached by the smallest 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 metropolitan area were characterised by the lowest standard 

deviation of the values, equal to 0.5, reaching the highest value of the 25th percentile among all 

the classes (i.e., 3.47 CV deaths per 1,000 residents), and the lowest 75th percentile (i.e., 4.09 

CV deaths per 1,000 residents). As indicated by Kolmogorov-Smirnov test, mortality rate 

attributed to CV diseases was not normally distributed in any of the municipality class and, 

according to the KruskalïWallis test, the distributions were different among them. 

 

Table 2.4. Mortality rate attributed to cardiovascular diseases (International Classification of 

Diseases code: I00-I99) per 1,000 residents 

Municipality class Mean 
Standard 

deviation 
Min  

25th 

percentile 
Median 

75th 

percentile 
Max 

Municipalities in 

the centre of the 

metropolitan area 

3.82 0.5 3.11 3.47 3.79 4.09 4.87 

Province of the 

metropolitan area 
3.78 2.28 0 2.55 3.42 4.57 20.2 

<= 2,000 residents 4.84 3.95 0 2.14 4.31 6.84 36.53 

2,001 ï 10,000 

residents 
3.99 1.76 0 2.77 3.82 4.96 22.76 

10,001 ï 50,000 

residents 
3.50 1.02 0 2.79 3.47 4.16 7.25 

> 50,001 residents 3.72 0.64 1.91 3.38 3.71 4.12 5.41 

 

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

the second quartile, at 35th percentile, 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, 

Milanôs province, with a median rate of 2.86 CV deaths per 1,000 residents, was surpassed by 

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 rate of 2.93 deaths per 1,000 

residents, making it the third-lowest among Italyôs regions, following Trentino-Alto Adige 

(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 distribution of CV mortality rates is illustrated in Figure 2.14, 

which zooms in on the Lombardy region and highlights the boundaries of Milanôs municipality 

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 

 
 

The gMI for CV mortality rates indicated a slight tendency for clustering within Italy, with a 

gMI value of 0.20 (expected gMI = -1.3 Ĭ 10 ) and a p-value < 0.05. The LISA clusters derived 

from the lMI for CV mortality rates are presented in Figure 2.15. Milan is located in a low-low 

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 index based on SDG3 ï Ensure healthy lives and promote 

well-being for all at all ages - was 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, regional, population-based 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 granularity, the approach 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 data. Its simple 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 indicated guidelines. 

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 municipal level. 

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 proposed final SDG3 

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 characterised by a relatively good 

fulfilment of SDG3. The significant differences in the scoreôs distribution, even across 

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). Upon adopting 

the SDGs, researchers identified issues with indicator relevance (Hák 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 limitations were encountered when 

creating the SDG3 index for Italy, including the following. 

- Definition issues: It was unclear for two targets (3.8. Universal health coverage and 

3.c. Health financing and workforce) what 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 are 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 facilities or pharmacies) 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 procedures, which 

also facilitate the collection of data at a municipal level. However, the process is more complex 

for other indicators. For instance, considering 3.9.1. Mortality rate attributed to household and 

ambient air pollution, such a cause of death is not standardised in the International 

Classification of Diseases (ICD). In addition, it should be noted that self-reported data present 

a range of challenges, notably with regard to their accuracy. While classifying oneself as a 

ñsmokerò or ñnon-smokerò can be simple, evaluating whether ñhealthcare expenses represent 

a significant portion of overall expendituresò is more complex, as household expenses are not 

typically precisely catalogued by their members, introducing a measurement bias; also, no 

definition of ñsignificant portionò is given. Another important issue is that reporting certain 

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 model, designed 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 a lower 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 and trade-offs amongst them, a topic 

that is furtherly discussed in the literature (Pradhan et al., 2017; Griggs et al., 2017; Bennich et 

al., 2020; Wu et al., 2022a; Alcamo et al., 2020; Scharlemann et al., 2020). The SDG3 shows 

positive interactions with the vast majority of goals worldwide, in particular with SDG1 ï No 

poverty, SDG5 - Gender equality, SDG6 - Clean water and sanitation, and SDG10 - Reduced 

inequalities (Pradhan et al., 2017; Scharlemann et al., 2020). On the other hand, in Italy, SDG3 

shows a major trade-off with SDG8 - Decent work and economic growth, a relationship that 

was also found, among others, in the United States, Spain and Sweden (Pradhan et al., 2017). 

While some trade-offs 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 

quantitative objective is formulated for only two of them, 3.1. By 2030, reduce the global 

maternal mortality ratio to less than 70 per 100,000 live births, and 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 under-5 mortality to, at least, as low as 12 per 1000 live 

births and 25 per 1000 live births, respectively, thus providing a quantitative reference 

measure. For the remaining goals, instead, targets are described as aiming to ñreduceò, 

ñincreaseò, ñstrengthenò or ñguarantee access toò the indicators concerned, without setting 

numerical outcomes. This same issue has been identified 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, 
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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 heterogeneity. Since 2018, 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 Ranganathan, 2021; Giles-Corti et al., 2020; Thomas et al., 

2021), allowing the assessment of how far individual cities are from achieving concrete results, 

instead of a simple city-specific comparison of progress over time. 

 

2.4.1. Comparison of the Italian results with literature 
 

Since the establishment of the SDGs, various 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 (Bedriñana et al., 2021) South Asia and Sub-Saharan Africa (Nwani 

and Ujah, 2023) or Latin America (Sanhueza et al., 2021). In particular for Italy, one study 

discussed the state-of-the-art in SDGs index development (Richiedei and Pezzagno, 2022), 

while another 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 them providing 

it for the capital cities of each province (DôAdamo et al., 2022; Puertas and Marti, 2023; Cavalli 

et al., 2020; Farnia et al. 2019), while the remaining two applying regional (DôAdamo et al., 

2021) or macro-area 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 expectancy at 65 years old, road 

traffic deaths and injuries, suicide mortality and infant mortality (DôAdamo et al., 2022)), 

among which three were identical to those officially defined for SDG3. Two other studies 

accounted for one additional indicator: mortality rate (Cavalli et al., 2020), aligned with the 

official 3.4.1 indicator (mortality rates associated with non-communicable diseases such as 

cardiovascular diseases, cancer, diabetes, or chronic respiratory diseases), and support to 

elderly people (Farnia et al., 2019), not included in official SDG3 indicators. The above papers 

only included officially reported data, without any self-reported information. A single study 

(Dello Strologo et al., 2021), comparing the performance of Italy and Spain on macro-area 

divisions, defined SDG3 as a set of nine indicators, either corresponding to or proxying the 

following targets: 3.3. Infectious diseases, 3.4. Noncommunicable diseases, 3.6. Road traffic, 

3.8. Universal health coverage, 3.9. Environmental health. Finally, one study (DôAdamo et al., 

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 computes and reports the results at the regional level, while this 

study aimed at a municipal granularity that was never reported before. Additionally, compared 

to the state-of-art, a broader set of indicators was utilized, and the matching quality of indicators 

was assessed through an official standard (ISO/TS 21564). 
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With regards to the spatial perspective, two studies (DôAdamo et al., 2021; Farnia et 

al., 2019), with a large difference in the number of indicators included, generated maps for 

SDG3 scores. Interestingly, despite all indicators are referred to the same SDG3, 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, 

Trentino-Alto Adige/Südtirol and Liguria). Similar evidence emerges from our study (as also 

graphically represented in Figures 2.9-2.11), with the standard deviation of targetsô scores 

exceeding 0.3 for selected northern municipalities. Also, for two of the three targets resulting 

higher in the northern municipalities (3.7. Sexual and reproductive health, and 3.b. Medicines 

and vaccines), 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 

results 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 need to conduct SDG3 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 indicator, while 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 Italian regions, particularly focusing on the North-South gap 

(Santana et al., 2020; Toth, 2014; Lynn, 2010; Mangano, 2010; Betti et al., 2023; 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 widened the already existing North-South gap 

in terms of residentsô satisfaction with regional hospital services, patientsô regional mobility, 

and regional healthcare deficits (Toth, 2014). Additionally, another study on Italian data found 

a significant correlation (r=0.936) between intelligence quotient (IQ) 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 IQ 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 (Mangano, 2010). 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 North-South gap in the health sector, a 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 regionalization of the public health system, the COVID-19 

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 study. Despite considerable 

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., 2023), there is 

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 the early 20th 

century (Pineo et al., 2018a; Luo et al., 2022; Lima et al., 2022; Kåks & Målqvist, 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; Yanuar et al., 2010; 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; Remington et al., 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, diverse techniques 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 necessary, as the indicators were pre-defined, 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 same target, as emerged 

for Italy. Also, the approach of equal weighting inherently penalizes health indicators for which 

there is an abundance of national data, as their contribution is weakened by the averaging 

process. Similarly, it equalizes the contribution of targets with numerous indicators and those 

with only a single indicator. Thus, this methodology is justifiable only under the assumption 

that the number of indicators included in each target does not reflect the relative importance of 

health aims within 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 are 

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 major 

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 layer super output 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., 2007). This issue also emerged in our work, with 

some of the indicators having a maximum value considerably higher than the 75th percentile, 

mostly due to rates resulting in municipalities with a very small number of inhabitants. Also, 
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certain health-related 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, as their meaning 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 indicators could be 

inferred by data sources provided at municipal level; as a consequence, it is not surprising that 

the Moranôs I indicated a tendency to cluster, with the clusters mostly corresponding to 

provincial or regional borders, as can be observed in Figure 2.8. 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 above-mentioned urban health 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 worldwide 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 disparities 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 policies 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 contrast to 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 achievement in Italy is 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 necessary. In general, the 2030 Agendaôs promise of 

ñLeave no one behindò necessitates increased attention towards a national analysis of SDG 

performance at a detailed geographical level. Nonetheless, this study has already yielded 

valuable insights which can guide 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 insights into the 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 resource for international 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 performance, which is 

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 issue). As 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 essential aspect embedded in the official target definition. 

Also, possible indirect effects due to the COVID-19 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 states proves 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 methods, e.g., Delphi interviews, multiple-criteria 

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 such as spatial 

econometrics, geographically weighted regression, and spatial autocorrelation analysis can 

help identify and quantify the spatial patterns and influences of various health-related 

indicators. Furthermore, using mixed-effects models can allow for the 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: The findings 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 serve as a catalyst 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 well-being 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 

qualitative research can formulate localized policy interventions which can contribute to 

achieving the broader objectives of Agenda 2030 at national level. 
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Chapter 3. Heatwave definition and its impact on adverse 

cardiovascular events: a systematic review and a framework 

proposal 
 

 

 

 

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. (2023). Heatwave 

definition and impact on cardiovascular health: A systematic review. Public Health 

Reviews, 44, 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 health. European Heart Journal, 45(Supplement_1), ehae666-3578. 

https://doi.org/10.1093/eurheartj/ehae666.3578 

 

 

 

 

 

Highlights: 
 

¶ RQ2: What are currently applied definitions of heat in CV health context, do they 

influence the results, and how to standardize them? 
 

¶ Systematic literature review of 54 studies analysing the impact of heat on CV health 

identified 21 different combinations of criteria, statistical methods, and comparison 

thresholds to define heat. 
 

¶ Percentile-based thresholds were found to be the more commonly used method for 

defining heat, with thresholds ranging from the 90th to the 99th percentile. 
 

¶ Standardized data-driven framework for selecting percentile threshold for defining 

heat in human health research, based on DLNM and Poisson regression, was 

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 Chapter 1 of this thesis, 

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 2015-2022 were the warmest eight-year 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 (Perkins-Kirkpatrick 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 and illness 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., 2021a; Ballester et 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 cerebral perfusion (Crandall and Gonzalez Alonso, 2010). Furthermore, 

people with a pre-existing CV disease have been found more vulnerable to high temperatures, 

as it reduces the organismôs ability to thermoregulate (Zhang et al., 2026). A recent systematic 

review and meta-analysis provided 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 

(Dong et 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 an alert in heat warning 

systems vary by country, both in terms of meteorological indicators and applied thresholds 

(Casanueva et al., 2019). As a matter of fact, since the beginning of the 20th century, more than 

150 thermal climate indices related to human health have 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 multi-percentile 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 studies 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., 2015a; Kang 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 of a common 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 published a 5-year period, when the attention 

towards this topic has increased worldwide. The focus of the analysis was on the effects 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 attempt to standardize 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 standardize 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 and Meta-Analysis (PRISMA) 

guidelines (Page et al., 2021) were followed. Three online databases of scientific literature were 

examinedï PubMed, ScienceDirect and Scopus ï where the first one covers biomedicine and 

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

were queried in the title, abstract or keywords using as keywords ñheat*ò, ñhigh temperature*ò, 

ñextreme weatherò, paired with ñcardiovascularò, ñheartò, ñischemicò, ñcardiacò, ñinfarctionò, 

ñmyocardialò, ñhypotensionò, ñhypertensionò. Only journal articles written in English, 

published between January 2018 and September 2022, and with full text open access 

availability were included.  

Additional filtering was performed on the base of full-text content. First, papers without an 

explicit definition of heat were discarded. Then, only original studies with analytic study design 

(i.e., cohort study, case-control study or case-crossover study) based on official medical records 

(i.e., registered 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 results as relative risk (RR), odds ratio (OR), or incidence density ratio 

(IDR) with a 95% confidence interval (CI) were kept. The characteristics of the included 

studies can be described with the following Population, Exposure, Comparison, Outcome ï 

PECO statement (Morgan et al., 2018): (P) Among humans of all ages, genders and ethnicities, 

what is the effect of (E) exposure to heat versus (C) non-heat conditions on (O) CV morbidity 

and mortality. 

The analysis of the resulting articles explored the following aspects: 

1) Definition of heat, considering in particular three aspects: 

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

o 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, considering the statistical methods and the 

reported results, in relation to the applied definition of heat. 

All -cause CV diseases refer to the International Classification of Diseases (ICD) codes 390-

459 (ICD-9-CM) or I00-I99 (ICD-10-CM). To address disease-specific analyses, the results 

among six groups of pathologies were grouped: myocardial infarction (ICD-10 code I21-I23), 

ischemic (coronary) heart disease (including chest pain; I20-I25), stroke (I60-I69), 

hypertensive diseases (I10-I15), heart failure (I50) and other diseases (i.e., chronic rheumatic 

heart disease, out-of-hospital cardiac arrest, acute aortic dissection, arrhythmias). 

In the following text, the term ñheatò is used as abbreviation of ñheatwaveò, while the 

term ñoutcomeò describes the medical result (i.e., the received diagnosis or death), and ñresultò 

refers to the RR/OR/IDR reported in the studies. If a factor results in a ñnegative effect on 

healthò it means that the risk of developing a health-related negative CV event is increased. All 

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 items were selected 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 outcomes, 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 Table 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) 

 
 

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 temperature, applied in 56 of 57 cases. 

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

as ñApparent Temperatureò [8, 19, 26, 37, 42, 49], ñPerceived Temperatureò [5], ñPseudo-

equivalent daily temperatureò [54] or ñDiscomfort Scoreò [22], by combining it with relative 

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 provided in 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 were 99th (n=17), 95th 

(n=13) and 97.5th (n=11) percentiles. In 8 cases, the thresholds were set on absolute temperature 

values, in the range 20-35 °C. In several studies, the threshold criterion was coupled with a 

duration requirement (e.g., temperature above the threshold for at least 2-5 days). 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, while the highest was a mean daily 

temperature of 43 °C, set in Kuwait [39]. 
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As regards the threshold-based identification of the non-exposed 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 50th, 75th, 90th percentile of the temperature distribution or the 

1st percentile of heat index values), 

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

- mean temperature or arbitrary absolute value. 

 

Table 3.1. Summary of indicators used to define heat. MMT - minimum 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. 

Indicator  Method Comparison threshold 
Number 

of articles 
References 

air temperature 

percentile 

MMT or equivalent 21 

[2, 9, 10, 12-

17, 21, 23, 28, 

32-34, 36, 39, 

44, 46, 50, 52] 

another percentile 4 [8, 10, 30, 45] 

non-heatwave 3 [24, 25, 51] 

mean temperature 1 [18] 

arbitrary absolute value 1 [41] 

other 1 [27] 

percentile and 

duration 
non-heatwave 8 

[3, 4, 6, 11, 

20, 29, 38, 48] 

absolute value 
MMT or equivalent 1 [53] 

non-heatwave 1 [4] 

absolute value 

and duration 
non-heatwave 4 [1, 31, 43, 47] 

other, i.e. EHF 
another percentile 1 [35] 

non-heatwave 1 [7] 

air temperature 

+relative humidity  
percentile another percentile 1 [22] 

air temperature + water 

vapor pressure 

percentile non-heatwave 1 [42] 

absolute value 

and duration 
non-heatwave 1 [54] 

air temperature + dew 

point temperature 
percentile 

MMT or equivalent 1 [26] 

another percentile 1 [37] 

air temperature + 

relative humidity + 

wind speed 

percentile 

MMT or equivalent 1 [19] 

another percentile 2 [8, 49] 

air temperature, 

humidity, wind speed, 

heat radiation 

absolute value non-heatwaves 1 [5] 
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air masses - other air masses 1 [40] 

 

 

Table 3.2. Calculation formulas for complex heat indices. References as defined in Table A3.1. 

Heat index name Formula Abbreviations References 

Discomfort Score 4 4ͅ×ÅÔÂÕÌÂ

ς
 

4 - air temperature,  

4ͅ×ÅÔÂÕÌÂ - wet bulb 

temperature (derived from air 

temperature and relative 

humidity) 

Kranc et al. [22] 

Pseudo-equivalent 

daily temperature 

4  ρȢυz 60 4 - air temperature,  

60 - water vapor pressure 

Perļiļ et al. [54] 

Apparent 

Temperature 1 

ρȢσ πȢωςz4 ςȢςz 60 4 - air temperature,  

60 - water vapor pressure 

Jiang et al. [42] 

Apparent 

Temperature 2 
4 πȢσσz

2(

ρππ
φzȢρπυ

Åz Ȣ ᶻ Ȣ

πȢχz 73 τ 

4 - air temperature,  

2( - relative humidity,  

73 - wind speed  

Li et al. [19],  

Liu et al. [8],  

Zhai et al. [49] 

Apparent 

Temperature 3 

ςȢφυσπȢωωτz4 πȢπρυσ

4zͅÄÅ×ÐÏÉÎÔ 

4 - air temperature,  

4ͅÄÅ×ÐÏÉÎÔ - dew point 

temperature 

Moghadamnia 

et al. [37], 

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 3.3. National definitions of heat. Country column refers to the country in which the 

definition is used at national level. EHF - Excess Heat Factor as defined in Nairn and Fawcett 

(2015). References as defined in Table A3.1. 

Country  Heat definition Reference 

Australia EHF >= 85th percentile of the distribution of its positive values; 

where ὉὌὊ 4 ÍzÁØρȟ

 
Ễ

, 

where 4 is the air temperature at day É and 4  is the 95th 

percentile of daily mean temperature distribution at day É. If a 

heatwave is detected for day É, days É ρ and É ς are 

considered a heatwave as well. 

Royé et al. [35] 

Belgium Daily maximum temperature > 25 °C for at least 5 consecutive 

days, including at least 3 days with daily maximum temperature 

>= 30 °C. 

Alsaiqali et al. [1] 

Latvia 1st level of heat: daily maximum temperature >= 27 °C and < 33 

°C for at least 2 consecutive days. 

2nd level of heat: daily maximum temperature >=33 °C. 

Pfeifer et al. [43] 



 74 

Sweden Low intensity heat: daily maximum temperature >= 30 °C for 3 

consecutive days. 

High intensity heat:  daily maximum temperature >= 30 °C for 5 

consecutive days and/or daily maximum temperature >= 33 °C 

for 3 consecutive days. 

Oudin et al. [47] 

 

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%, wind speed=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 (i.e., 0-20 °C), Pseudo-

equivalent daily temperature and Apparent Temperature 1, based on water vapor pressure, 

reach significantly higher values compared to the other indexes, with a maximum difference 

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 value of air 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) 

 
 

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%) studies, all-cause 

CV diagnoses were considered, while in the remaining 33 (61.1%) studies the 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 

 
 

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 centre visits (n=1), or 

general practitioner consultations (n=1).  

The sources of medical data were predominantly 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 Statistical 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 (1.9%) from 

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, in the United 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 United 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%); in 4 (7.4%) 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 Boston, New York and Philadelphia [51], and a maximum 

of 1,154,896 in an analysis of all-cause CV morbidity in South Africa [50]. Sample size 

distribution in the different geographical areas is reported in Figure 3.5. 

 

Figure 3.5. 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. 

 



 77 

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 arbitrarily defined warmer 

period of the year, beginning within March-June and ending within June-October for the 

Northern Hemisphere, while spanning from September-November to March for the Southern 

Hemisphere. When narrowing the study period, the most frequent interval was May-September 

(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 utilized. When 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], district level [50] or at 2 km spatial 

resolution [2]) were alternatively used.  

Among the 13 (24.1%) studies for which the eventsô location or patientsô home address 

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 the hospital location, 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 non-linear model (DLNM), that describes the response to exposure accounting 

for a delayed effect (Gasparrini et al., 2010). The number of tested lags varies 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 incidence rates during heat and non-heat 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 both (n=22; 40.7%). 

In 14 studies (25.9%) a case-crossover 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 time-invariant characteristics, such as gender or medical 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 disease in the population 

under study in non-heat conditions) is relatively small (Alsaiqali et al., 2022; Davies et al., 

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

Most of the results (n=37, 68.5%) showed a negative influence of heat for all-cause 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: [1.00-1.04]) [36] and New York State (95% CI: [1.01-

1.04]) [24] to 1.47 (95% CI: [1.43-1.51]) in Jiangsu Province, China [14], with two outliers 

equal to 4.61 (95% CI: [3.67ï5.78]) [35] and 3.09 (95% CI: [1.72ï5.55]) [39]. However, the 

studies differed in the applied heat definition (Table 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 disease-specific analysis, the most consistent and significant results were reported 

for stroke, varying from 1.20 (95% CI: [1.02 ï 1.40]) [45] to 1.62 (95% CI: [1.39 ï 1.88]) [12], 

with the most frequently associated heat definition based on the combinations of air 

temperature, percentile and MMT equivalent. The strongest disease-specific result was found 

for myocardial infarction (5.22, 95% CI: [2.14 ï 12.73]), 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 all CV diseases together [49], 

on the base of hospital admissions in 2014-2015 in Pingliang, China, defining heat as the 95th 

percentile of annual Apparent Temperature 2 distribution and using the median of such 

distribution as comparison threshold. The other studies that 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 for all-cause CV 

outcomes and in Table 3.4 for specific CV diseases.  

 

Figure 3.6. Summary of the influence of heat on all-cause cardiovascular outcomes. The 

notation e in the last column means that the sample size was inferred as not directly specified 

in the relevant study. The letters aïl refer to the combination of criteria used to define heat 

(MMT ï minimum mortality temperature): a ï air temperature + percentile + MMT or 

equivalent, b ï air temperature + percentile and duration + non-heatwave, c ï air temperature 

+relative humidity+wind speed + percentile + MMT or equivalent, d ï air temperature + 

percentile + non-heatwave, f ï air temperature + dew point temperature + percentile + MMT 

or equivalent, g ï air temperature + percentile + another percentile, h ï air temperature + 

absolute value and duration + non-heatwave, i ï air temperature + other + another percentile, j 

ï air temperature +relative humidity+wind speed + percentile + another percentile, k ï air 

temperature + absolute value + MMT or equivalent, l ï air temperature +water vapor pressure 

+ absolute value and duration + non-heatwave. References as defined in Table A3.1. 
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Table 3.4. Summary of the influence of heat on cause-specific cardiovascular outcomes. The 

notation e in the ñSample sizeò column means that it was inferred as not directly specified in 

the relevant study. MMT ï minimum mortality temperature. References as defined in Table 

A3.1. 

Study RR/OR/IDR 95% CI Sample size 
Heat definition (indicator + 

method + comparison threshold) 

Myocardial infarction   

Mortality  

Saucy et al. [1] 1.67 (1.09 - 2.55) 3248 
air temperature + percentile + 

MMT or equivalent 

Xu et al. [14] 1.52 (1.42 - 1.62) 169,886 
air temperature + percentile + 

MMT or equivalent 

Ma et al. [12] 1.40 (1.22 - 1.60) 98,516 e 
air temperature + percentile + 

MMT or equivalent 

Ferreira et al. [15] 1.24 (1.16 - 1.32) 118,898 
air temperature + percentile + 

MMT or equivalent 

Ferreira et al. [15] 1.07 (1.00 - 1.15) 131,394 
air temperature + percentile + 

MMT or equivalent 

Ferreira et al. [15] 1.05 (1.03 - 1.08) 118,898 
air temperature + percentile + 

MMT or equivalent 

Morbidity  

Li et al. [19] 5.22 (2.14 - 12.73) 3161 

air temperature + relative humidity 

+ wind speed + percentile + MMT 

or equivalent 

Layton et al. [48] 1.53 (1.00 - 2.34) 608 
air temperature + percentile and 

duration + non-heatwave 

Dang et al. [9] 1.36 (1.06 - 1.73) 3328 
air temperature + percentile + 

MMT or equivalent 

Chen et al. [23] 1.14 (1.00 - 1.29) 27,310 
air temperature + percentile + 

MMT or equivalent 

Lam et al. [17] 1.14 (1.00 - 1.31) 53,769 
air temperature + percentile + 

MMT or equivalent 

Schulte et al. [45] 0.88 (0.82 - 0.95) 68,861 
air temperature + percentile + 

another percentile 

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

Mortality  

Xu et al. [14] 1.52 (1.45 - 1.60) 295,829 
air temperature + percentile + 

MMT or equivalent 

Ma et al. [12] 1.49 (1.32 - 1.68) 164,980 e 
air temperature + percentile + 

MMT or equivalent 

Saucy et al. [2] 1.30 (1.04 - 1.62) 10,521 
air temperature + percentile + 

MMT or equivalent 

Huang et al. [6] 1.22 (1.13 - 1.21) 25,753 e 
air temperature + percentile and 

duration + non-heatwave 

Chen et al. [13] 1.19 (1.11 - 1.28) 306,601 
air temperature + percentile + 

MMT or equivalent 

Yin et al. [3] 1.17 (1.05 - 1.30) 306,601 
air temperature + percentile and 

duration + non-heatwave 
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Oudin et al. [47] 1.10 (1.01 - 1.20) 68,299 e 
air temperature + absolute value 

and duration + non-heatwave 

Morbidity  

Li et al. [19] 1.99 (1.12 - 3.51) 8006 

air temperature + relative humidity 

+ wind speed + percentile + MMT 

or equivalent 

Lin et al. [44] 1.37 (1.00 - 1.89) 4455 e 
air temperature + percentile + 

MMT or equivalent 

Guo et al. [25] 1.22 (1.11 - 1.34) N/A 
air temperature + percentile + non-

heatwave 

Moghadamnia et al. 

[37] 
1.09 (1.02 - 1.19) 15,094 

air temperature + dew point 

temperature + percentile + another 

percentile 

Li et al. [24] 1.07 (1.03 - 1.11) 64,262 
air temperature + percentile + non-

heatwave 

Bai et al. [10] 1.06 (1.01 - 1.11)  1,389,057 

air temperature + percentile + 

MMT or equivalent and air 

temperature + percentile + another 

percentile 

Parry et al. [11] 1.04 (1.00 - 1.08) 68,334 
air temperature + percentile and 

duration + non-heatwave 

Li et al. [19] 1.01 (1.00 - 1.11) 14,447 

air temperature + relative humidity 

+ wind speed + percentile + MMT 

or equivalent 

Stroke  

Mortality  

Ma et al. [12] 1.62 (1.39 - 1.88) 311,032 e 
air temperature + percentile + 

MMT or equivalent 

Chen et al. [13] 1.41 (1.26 - 1.59) 415,227 
air temperature + percentile + 

MMT or equivalent 

Xu et al. [14] 1.39 (1.31 - 1.47) 412,567 
air temperature + percentile + 

MMT or equivalent 

Yin et al. [3] 1.21 (1.04 - 1.40) 415,227 
air temperature + percentile and 

duration + non-heatwave 

Schulte et al. [45] 1.20 (1.02 - 1.40) 15,296 
air temperature + percentile + 

another percentile 

Morbidity  

Alsaiqali et al. [1] 1.45 (1.04 - 2.03) N/A 
air temperature + absolute value 

and duration + non-heatwave 

Jiang et al. [42] 1.26 (1.01 - 1.48) 70,380 e 

air temperature + water vapor 

pressure + percentile + non-

heatwave 

Hypertensive diseases  

Mortality  

Saucy et al. [2] 1.91 (1.20 - 3.06) 2728 
air temperature + percentile + 

MMT or equivalent 

Ma et al. [12] 1.89 (1.41 - 2.54) 40,435 e 
air temperature + percentile + 

MMT or equivalent 

Xu et al. [14] 1.85 (1.68 - 2.04) 75,557 
air temperature + percentile + 

MMT or equivalent 
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Schulte et al. [45] 1.18 (1.02 - 1.38) 17,142 
air temperature + percentile + 

another percentile 

Morbidity  

Li et al. [24] 1.04 (1.01 - 1.07) 220,058 
air temperature + percentile + non-

heatwave 

Jiang et al. [42] 0.99 (0.98 - 0.99) 1,502,460 e 

air temperature + water vapor 

pressure + percentile + non-

heatwave 

Schulte et al. [45] 0.72 (0.64 - 0.81) 29,533 
air temperature + percentile + 

another percentile 

Heart failure   

Mortality  

Schulte et al. [45] 1.22 (1.05 - 1.43) 14,753 
air temperature + percentile + 

another percentile 

Morbidity  

Hopp et al. [29] 0.94 (0.90 - 0.98) 19,498 
air temperature + percentile and 

duration + non-heatwave 

Parry et al. [11] 0.83 (0.76 - 0.90) 24,721 
air temperature + percentile and 

duration + non-heatwave 

Schulte et al. [45] 0.83 (0.76 - 0.90) 57,440 
air temperature + percentile + 

another percentile 

Other (i.e., chronic rheumatic heart disease, out-of-hospital 

cardiac arrest, acute aortic dissection, arrhythmias) 
 

Mortality  

Xu et al. [14] 1.82 (1.31 - 2.51) 8171 
air temperature + percentile + 

MMT or equivalent 

Morbidity  

Kranc et al. [22] 3.24 (1.90 - 5.86) 12,401 
air temperature +relative humidity 

+ percentile + another percentile 

Lin et al. [44] 1.67 (1.23 - 2.26) 4583 e 
air temperature + percentile + 

MMT or equivalent 

Wang et al. [46] 1.40 (1.25 - 1.57) 100,254 e 
air temperature + percentile + 

MMT or equivalent 

Li et al. [24] 1.06 (1.01 - 1.11) 81,290 
air temperature + percentile + non-

heatwave 

Parry et al. [11] 1.06 (1.00 - 1.12) 32,682 
air temperature + percentile and 

duration + non-heatwave 

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 mean annual temperature, calculated as:  

 

100* 
  ɀ   

  
      (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., all-cause CV mortality in Kuwait [36], out-of-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 statistical evidence, with the coefficient estimated by ordinary 

least squares linear regression equal to 0.002 (R2=0.19).  

 

Figure 3.7. Relationship between the percentage deviation of the considered heat threshold 

from the mean annual temperature and associated cardiovascular risk, subdivided as all-cause 

and cause-specific mortality or morbidity. RR - relative risk; OR - odds ratio; IDR - incidence 

density ratio. Dot size is proportional to the duration of the observation period expressed as 

number of years. 

 
 

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 2018-2022 period was performed, in order to assess the latest 

progresses made by the scientific community in this field. The identified studies 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 data used, the 

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 21st century, 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 

developed since the beginning of the 20th century 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 health-related studies is still missing. Moreover, 

only a small fraction 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., 1999 ; Malchaire 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 labour-intensive in terms of 

collection and processing, thus hindering their application in heat-health related research. In 

the examined recent literature, only one review focusing on heat definitions and addressing 

their heterogeneity was found (Xu et al., 2016). It included 60 studies published in 2001-2015 

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 studies published later, the morbidity dimension was considered as well and 

the stratification of risk by diagnosis was performed. 

In line with this established knowledge, twenty-one unique combinations of indicators, 

methods and comparison thresholds, with the purpose of defining heat days and to distinguish 

them from non-heat days, were identified in the studies selected for this review. 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 humidity, 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 three different versions of ñApparent Temperatureò were found, as a 

result of the application of simplified versions, depending on data availability, to the same 

original index (de Freitas and Grigorieva, 2015). Only the term ñPerceived Temperatureò can 

be referred 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 assumed to be the 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 indicatorôs distribution or its absolute value. However, in this latter case, the 

reported threshold values varied in a range of 15 °C, making it impossible to formulate 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 progress in the harmonization 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 2001-2015 (Xu et al., 2016), thus further 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) noted that a modification 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 for higher thresholds. This trend is in agreement with Xu et al. (2018), 

who focused on heat definitions and five health events (i.e., ambulance service uses, all-cause 

and cause-specific emergency department attendances, all-cause and cause-specific 

hospitalizations) in Brisbane, Australia. In that study, multiple heat definitions were tested, 

combining three durations (2-4 days) and 10 percentiles (90th-99th) applied on mean and 

maximum air temperature. The authors concluded that, for three of these five health events, a 

threshold selection with the 97th percentile 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 to 98th or 99th 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 all-cause CV events were identified for Seville and Kuwait. The 

former compared the 99th percentile of a heat index distribution, accounting for the temperature 

in time windows of up to 30 days, to its 1st percentile. The latter compared the 99th percentile 

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 events only, in a set-up 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 definitions towards this 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 and all-cause mortality resulted non-stationary 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 community-level (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; Medina-Ram·n et al., 2006; OôNeill et al., 2003; Yang et al., 2012). In 

this regard, the case-crossover method should present an advantage over traditional cohort or 

case-study designs, as it overcomes the between-person confounding factors. In the studies 

here considered, the vast majority of results reported a negative impact of heat on all-causes 

CV health, yet using different parameters (mainly RR, but also OR and IDR) computed from 

different data sources (hospital admissions, emergency calls, emergency department visits). 

Regarding the spatial dimension, no specific information on the patientôs home address could 

have been matched with the meteorological conditions at the time of the event, indicating a 

research gap in spatial analysis of the impact of heat on CV health. 

In CV disease-specific 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, being particularly 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 addition, indications that a sudden and large increase in 

temperature (i.e., ætemperature>=5 ÁC) increases the risk of ischemic stroke events, rather than 

the absolute temperature values, were given (Kyobutungi et al., 2005). The increased risk of 

coronary artery disease could be explained with endothelial dysfunction expressed as a 

reduction of flow-mediated 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 events towards myocardial 

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 (Bhaskaran et 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 taking anti-platelet medication and beta-receptor 

blockers had elevated risk for heat-related non-fatal MI compared to non-users of such 

medications (Chen et al., 2022). 

The increased risk found in 5/7 studies on hypertension-related outcomes may seem 

contradictory as a response to heat, but it was explained with a possible interaction between 

heat and anti-hypertensive 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 of heat on CV 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 out-of-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 meta-analysis unfeasible. The dissimilarities did 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, neglecting details such as the considered effect modifiers, may have 

led to miss some particular trend. Moreover, 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 health. Lastly, an inherent limitation of this study 

is that it considered only open access publications over an arbitrarily selected short time frame 

of five years. However, this choice was made to increase accessibility and to focus on more 

recent studies to capture the state-of-the-art relevant to the topic, as a previous systematic 

review by Xu et al. (2016) covered previously published studies. Nonetheless, the exclusion of 

potentially relevant studies from high-impact subscription-based journals or from regions 

where open-access practices are less prevalent may have introduced additional bias (Logullo 

et al., 2024). Notably, articles from these high-impact journals could apply more standardized 

definitions of heat, reducing the heterogeneity observed in open-access publications. As 

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 should be conducted 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 and prevalence, as well as the human heat 

adaptation capabilities. Such analyses could be incorporated into public health programs with 

a two-fold strategy: short-term intervention, by developing automated systems capable to 

analyse and predict, based on the current environmental variables on a given territory, the 

possible immediate impact of heatwaves, to guide emergency services in a better organization 

and deployment of available resources, as well as activating heat alert systems; mid-long term 

intervention, by highlighting those features for a certain territory that could influence the 

citizenôs resilience, and planning accordingly urbanistic interventions. 

 

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 following five-step 

data-driven framework for selecting the percentile threshold on temperature for defining heat 

in the context of studies on adverse CV outcomes is proposed, combining 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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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: 

 

ὣ  ‌  В ‍ὢ  ‎╩      (3.2) 

 

where ὣ is the outcome at time ὸ, ‌ is the intercept, ὢ  is the exposure at time ὸ ὰ, 

with ὰ being the lag, ‍ is the effect of the exposure at lag ὰ, allowing for non-linear 

relationships, ὒ is the maximum lag considered, ╩ is a vector of other covariates at 

time ὸ (e.g., air pollution, calendar variables etc.) with associated coefficient ‎. 

 The underlying idea of the DLNM is the inclusion of a cross-basis function, 

allowing the model to account for the effects of exposure over both the exposure level 

(non-linear effect) and time lag (distributed lag). Following the equation 3.2, this cross-

basis can be described as follows: 

 

‍ὢ  В В ὄ ὢ ὅz ὰ     (3.3) 

 

where ὄ ὢ  are basis functions for the exposure (e.g., splines), capturing the non-

linear effect, ὅὰ are basis functions for the lag (e.g., splines or polynomial), capturing 

the distributed lag effect, ά is the number of basis functions for the exposure 

dimension, and ὲ is the number of basis functions for lag dimension. 

The RR is estimated at each temperature step (e.g., 1 °C) 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 visualises the 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. 

 

2) Estimation of the RR of having a CV emergency in heat versus non-heat days by 

Poisson regression considering the 90th-99th 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 estimate the RR of 

experiencing an adverse CV outcome specifically on heat days compared to non-heat 

days. For each lag, heat days are defined as those with temperatures exceeding the 90th 

to 99th percentiles of the annual distribution, i.e., 10 percentiles are tested. Non-heat 

days are defined as all days not classified as heat. Therefore, for each tested percentile 

and lag, the following model is applied: 

 

ὣ  Ὡὼὴ‌  ‍ ὬzὩὥὸ Ὠὥώ  ‎╩      (3.4) 
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where ὬὩὥὸ Ὠὥώ is the binary indicator (equal to 1 if a heat day, equal to 0 if a non-

heat day), with its estimated coefficient ‍, ‌ and, ╩ as defined in equation 3.2. 

In order to derive the RR associated with a heat day compared to a non-heat 

day, the following formula is implemented: 

 

ὙὙ ÅØÐ ‍         (3.5) 

 

This information is graphically represented as a line chart, with the percentiles (from 

90th to 99th) on the x-axis and the associated RR on the y-axis, for each lag under 

consideration. 

 

3) Selection of the final lag based on the curvatures 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. 

 

4) Calculation of the percentage change in RR from percentile i to percentile i+1 . 

 

For the selected final lag, a percentage change from percentile i to percentile i+1  is 

calculated according to the following formula: 

 

Ὥᶅɴ ωπȟωρȟȣȟωψȟ   

ὴὩὶὧὩὲὸὥὫὩ ὧὬὥὲὫὩ 
      

   
ρzππϷ (3.6)  

 

5) 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 percentage change. 

 

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 sub-samples (e.g., females, elderly individuals) as 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 

non-linear functions in the DLNM, as well as the determination of the final lag. Additionally, 

the proposed guidelines exclude the possibility of selecting the 99th percentile, 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 and further 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 

2017-2022. 
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Chapter 4. Influence of passive heat stress on cardiovascular 

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. (2024). A data-

driven framework for the definition of heat in CV research for better comprehension of climate 

changes on human health. European Heart Journal, 45(Supplement_1), ehae666-3578. 

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: pre-Covid-19, Covid-19 and post-Covid-

19 characteristics and associated risk during heat days. European Heart 

Journal, 44(Supplement_2), ehad655-3009. https://doi.org/10.1093/eurheartj/ehad655.3009 

 

 

 

 

 

Highlights: 
 

¶ 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? 
 

¶ Heat definition guideline was tested using Milan, Italy as a case study, emphasizing 

the importance of incorporating time-related factors and population exposure 

characteristics into statistical modelling. 
 

¶ Key patient attributes, including gender, age, and emergency place and outcome, 

were examined, showing that fatal emergencies and those occurring on the street 

represented the highest risk subgroups during heat days. 
 

¶ The COVID-19 pandemic significantly influenced CV ambulance dispatches, 

affecting daily demand, patient characteristics, and the RR of CV emergencies 

during heat days. 

 

 

  

https://doi.org/10.1093/eurheartj/ehad655.3009
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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) mortality rates. 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 was proposed. 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 preprocessing analyses, and a quantification of the relative risk (RR) of CV events on heat 

days compared to non-heat 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 being relevant to 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, effectiveness, and the balance 

between demand and supply (Aringhieri et al., 2017). Aringhieri et al. (2017) identified the 

greatest current challenge as the adoption of a holistic, data-driven framework for EMS 

management, highlighting a significant information gap regarding patients' conditions before 

an emergency event (e.g., pre-existing health conditions, exposure to risk factors) and after it 

(e.g., diagnosis details post-hospitalization). 

However, despite these challenges, EMS data, characterized by the strength of 

providing near real-time 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., 2021b; Wallgren et al., 2022), in 

particular while addressing specifically the impact of environmental hazards on EMS demand 

(Xu et al., 2022b; Sangkharat et 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 heat 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 demand is noted (Gestal 

Roman² 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, to ambulance dispatch 

data for CV emergencies in Milan using retrospective data from May to September during the 

years 2017-2022. After defining heat, the analysis assesses the risk to residents, and their 

specific subgroups, of having a CV emergency during heat with respect to non-heat days, 

applying mathematical modelling. Additionally, this chapter provides an overview of the 
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characteristics of CV emergencies and examines the exposure of Milanôs residents to 

temperature-related 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 km2, is located in northern Italy, at 45° North latitude and 9° 

East longitude. 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 mountain barrier which 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 Environment 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  

 
 

The Köppen-Geiger climate classification identifies five primary climate groups, i.e., A ï 

tropical, B ï arid, C ï temperate, D ï cold, E ï 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 the Cfa zone, where each letter corresponds to the following 

criteria: 

- C (i.e., temperate climate) - the 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 of the wettest month in 

summer, where summer (winter) is defined as the warmer (cooler) six-month period of the 

year, 

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

Most of the northern and central-eastern regions of Italy exhibit the Cfa 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 long-term 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 continue in the future 

(Michetti et al., 2022).  

 On 1st January 2023, Milan had a population of over 1.3 million inhabitants, with a 

slight predominance of females (51.6%) (Istat, 2023a). Residents 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 0-18) covered 16% of the city's inhabitants. The population pyramid of 

Milan is contracting (Figure 4.2), characterizing populations with low birth and death rates and 

a long life expectancy, indicating an aging population. The dominant age class is 50-54 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 stable long-term 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 1st January 2023 (Istat, 2023a) 
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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 Italian: Agenzia Regionale Emergenza Urgenza; AREU) which is the EMS 

provider in the Lombardy region. Specifically, AREU is a public entity established under 

Regional Law no. 33 of 30th December 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, and medical transports, including 

organ and tissue transplants, coordinating them primary at intra-regional scale, referring to the 

Lombardy region, and, secondarily, at inter-regional scale as well. 

Additionally, AREU collaborates with civil protection authorities for large-scale 

emergencies, supports scientific research with healthcare organizations and research 

institutions, provides technical assistance to the regional government, liaises with national and 

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 the purposes of this thesis covered emergencies that occurred within 

the city of Milan between May and September in the period 2017-2022, and that were classified 

as CV upon receiving the emergency call through emergency numbers ï 112 (European) or 

118 (national), 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 need transport, recedes, other) 

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

longitude),  

- place of the event (i.e., home, street, socio-medical 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 corresponding to a day 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 dataset included the 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 absolute daily 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:  

 

ίὸὥὲὨὥὶὨὭᾀὩὨ ὸὶὥὪὪὭὧ 
 

      (4.1) 
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where traffici is the averaged traffic from 10 roads for day i, and mean traffic is 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 described in section 4.2.4. 

 

4.2.3. Meteorological data 
 

Open data for the years 2017-2022 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 (NO2), sulfur dioxide (SO2), ozone (O3), particulate matters 

of less than 10 µm in diameter (PM10) and particulate matters of less than 2.5 µm in diameter 

(PM2.5)) were obtained from the website of the Regional Agency for Environmental Protection 

(in Italian: Agenzia regionale per la protezione dellôambiente; ARPA) for the Lombardy region 

(ARPA, 2023a).  

 ARPA focuses on environmental prevention and protection, supporting regional 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 administrative 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 international research 

institutions and various local actors to address complex environmental issues. Additionally, 

ARPA contributes to technical-scientific working groups at the European, national, and local 

levels, supporting the development of environmental policies and measures for pollution 

control. 

ARPA's services provide real-time 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 monitoring stations across 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 

meteorological factors, as defined in Chapter 3 by ñApparent Temperature 2ò. Such heat index 

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 on their 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 passive 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 the distance to a 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). In this study, each point, called ñseedò, in this set represents 

an ARPA station for a particular variable. For each seed, 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. Subsequently, for each hour, 

apparent temperature (AT) was calculated, according to the ñApparent Temperature 2ò 

equation from Chapter 3: 

 

ὃὝ  Ὕ πȢσσz φzȢρπυzÅ Ȣ ᶻ
Ȣ πȢχz ὡὛ τ   (4.2) 

 

where T is air temperature in °C, RH is relative humidity in %, and WS is 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 

ï missing value; n ï number of stations considered; Station_i ï non-missing value of an 

indicator for station i. 

 
 

Lastly, for each day from 1st January 2017 to 31st December 2022, mean, minimum and 

maximum daily AT was calculated, as illustrated in Figure 4.4. 
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Figure 4.4. Schema of calculation of mean, minimum and maximum daily apparent 

temperature (AT). T ï temperature (°C), RH ï relative humidity (%), WS ï wind speed (m/s); 

AT_i - value of AT at hour i. 

 
 

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 of non-missing 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 May-September period of 2017-

2022. The first step of the framework required fitting the distributed lag non-linear 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 as the fitted 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 previous literature, outlined in Chapter 3, the 

following arbitrary choices were made: 

- distribution family ï quasi-Poisson distribution, 

- covariates ï to account for long-term trend and seasonality: day of year, observation 

order, day of week, and to account for air pollution effects: CO, NO2, SO2, PM10, O3, PM2.5, 

- smoothing functions ï natural spline for day of year, observation order and lags, 
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- hyperparameters ï 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: 

 

ώ ~ cb.temp + ns(doy,6) + ns(order,2) + dow + CO + NO2 + SO2 + PM10 + 

 O3  + PM2.5    

(4.3) 

 

where y ï CV dispatches in May-September 2017-2022 in Milan, cb.temp ï cross basis matrix 

for AT for 3 lags, ns(doy, 6) ï natural spline of day of year with 6 degrees of freedom, ns(order, 

2) ï natural spline of the observation order with 2 degrees of freedom, dow ï day of week, CO, 

NO2, SO2, PM10, O3, PM2.5  ï 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 (henceforth referred to as ñnon-

severeò). As sensitivity analysis, the model was repeated without the inclusion of air pollutants.  

 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 90th to 99th) versus non-heat 

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, standardized 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 95% confidence interval (CI) was reported for each RR. If the CI 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 percentile i to 

percentile i+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, minimum, 25th percentile, 

median, 75th 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 (ɟ) was used to examine the correlation between each meteorological 

and air pollution variable, as the relationship between these factors was assumed to be non-

linear (Zhang et al., 2017). 

 The Kolmogorov-Smirnov test was used to assess whether the daily number of CV 

emergencies followed a normal distribution. Time-related 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 Kruskal-Wallis test with 

Bonferroni correction. 
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 The characteristics (i.e., number and percentage) of emergencies were subsequently 

compared between heat and non-heat days, focusing on categories such as gender, age, severity 

(i.e., fatal, requiring transportation to a hospital, non-severe), and location (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 chi-square test. Additionally, the RR of experiencing an emergency 

on heat versus non-heat 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 (COVID-

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 injury and 

worsening health outcomes in patients with pre-existing 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 due to fears of hospitalization and 

potential COVID-19 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 CV outcomes within the population (Khan et al., 2023; 

Kiss et al., 2021). 

Accordingly, three periods were defined: pre-COVID-19 (i.e., years 2017ï2019), 

COVID-19 (i.e., years 2020ï2021), and post-COVID-19 (i.e., year 2022). The pre-COVID-19 

period served as the reference, and the characteristics of the emergencies, including their daily 

frequency, age distribution, percentage of female patients, and the percentages of fatal, 

requiring transportation to a hospital, and non-severe emergencies, were compared separately 

for the COVID-19 and post-COVID-19 periods relative to the reference period. These 

comparisons were conducted using the chi-square test for percentages and the Mann-Whitney 

U test for distributions. Additionally, the RR of experiencing an emergency on heat versus non-

heat days was calculated for each of the three periods. 

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 and non-heat days. 

All maps were generated using QGIS software, while Python was employed for data 

preprocessing, statistical analysis, and non-spatial visualizations. 

 

4.3. Results and discussion 
 

In the analysed period of May-September 2017-2022, 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 (2.29%) cases 

were fatal, 53,509 (82.47%) cases required hospitalization, and 9,888 (15.24%) cases were 

classified as non-severe. The mean daily AT during May-September period of the analysed 

years ranged from 6.86 °C to 36.03 °C, with an average of 23.54 °C. A more detailed 

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 19.6 °C (estimated directly by the 

DLNM as the minimum of the resulting function) was the strongest at lag0, and persisted till 

lag1 (left panel of Figure 4.5). Interestingly, at lag2, the RR of a CV emergency was lower at 

high temperatures than in reference conditions, 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; therefore, air pollutant will not be considered for further models. 

 

Figure 4.5. Contour plot obtained through distributed lag non-linear model for cardiovascular 

emergencies in Milan, Italy in May-September 2017-2022, (a) with the inclusion of air 

pollutants, and (b) without the inclusion of air pollutants. RR ï relative risk estimated against 

reference mean daily apparent temperature of 19.6 °C. 

 

Interestingly, while the contour plot for emergencies in women had a similar shape as those 

including all the emergencies, it differed much when considering 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 influential for cases requiring hospitalization, which accounted for the 

majority of the emergencies. However, lag1 was associated with the highest increase in RR for 

both fatal and non-severe emergencies. The contour plots for women, elderly patients, and the 

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 magnitude of 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 non-linear model for cardiovascular 

emergencies in Milan, Italy in May-September 2017-2022 for (a) female patients, (b) above 65 

years old patients, (c) non-severe emergencies, (d) emergencies requiring transportation to 

hospital, (e) fatal emergencies. RR ï relative risk estimated against reference mean daily 

apparent temperature. 

 

 

 
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 using the following 

definitions of lags for heat days: 
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- only days when the mean daily AT exceeded the ith percentile (with i in range from 

the 90th to 99th) of its annual distribution (referred to as ñlag0ò), 

- days when the mean daily AT exceeded the ith percentile (with i in range from the 90th 

to 99th) of its annual distribution and the following day, regardless of the second dayôs AT 

(referred to as ñlags 0 or 1ò), 

- days when the mean daily AT exceeded the ith percentile (with i in range from 90th to 

99th) of its annual distribution for that day and the following day (referred to as ñlags 0 and 1ò). 

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 minimum two-day heatwave) 

resulted in the highest RR. 

 

Figure 4.7. Relative risk estimated by Poisson regression for heat thresholds set from the 90th 

to 99th percentile of annual apparent temperature distribution for three lags considered (see text 

for details). Shaded area represents 95% confidence interval. 

 
 

The percentage change from percentile i to i+1  ranged from -0.29% from the 90th to 91st 

percentile, to 7.14% from the 98th to 99th percentile (Figure 4.8). From the 95th percentile, all 

the next percentiles were associated with a higher percentage change. Therefore, for Milan, 

days with AT exceeding the 95th percentile 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 2017-2022, with all of them falling within the months from May to 

September. All other days were classified as non-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 ï relative risk, CI ï confidence interval. 

 
 

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 for air temperature, eight for relative 

humidity, five for wind speed). In particular, one station (ñLacchiarella v. Moliseò) resulting 

from the application of the Voronoi diagram for wind speed was excluded, as it was located far 

from the borders of the city of Milan 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 A4.1 in Appendix. 

 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 unique measurement stations 

(seven for CO, nine for NO2, two for SO2, three for O3, four for PM10, three for PM2.5) was 

selected. The geographical location of final ARPA measurement stations is mapped in Figure 

4.9. 

 

 

 

 

 

 

 

 

 

 

 



 104 

Figure 4.9. Geographical location of ARPA measurement stations for meteorological 

parameters and air pollutants. T ï air temperature, RH ï relative humidity, WS ï wind speed, 

CO ï carbon monoxide, NO2 ï nitrogen dioxide, SO2 ï sulfur dioxide, O3 ï ozone, PM10 ï 

particulate matters of less than 10 µm in diameter, PM2.5 ï particulate matters of less than 2.5 

µm in diameter. 

 
 

Overall, during the warmer months (i.e., from May to September) in the years 2017ï2022, 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 and 25th percentile of AT were lower 

than the corresponding values for air temperature, while the median, 75th percentile, and 

maximum AT were higher. Milan was characterized by high humidity levels, with an average 

relative humidity of 59.07%. Wind speeds were relatively low and stable, ranging from 0.72 

m/s to 3.15 m/s, with a 25th-75th percentile range of 1.30ï1.81 m/s. A detailed summary of the 

descriptive statistics for meteorological parameters and air pollutants is provided in Table 4.1. 

 

Table 4.1. Descriptive statistics of mean daily values of meteorological parameters and air 

pollutants in May-September 2017-2022 in Milan, Italy. CO ï carbon monoxide, NO2 ï 

nitrogen dioxide, SO2 ï sulfur dioxide, O3 ï ozone, PM10 ï particulate matters of less than 10 

µm in diameter, PM2.5 ï particulate matters of less than 2.5 µm in diameter. 

 Parameter/ 

statistics 

Mean Standard 

deviation 

Minimum  25th 

percentile 

Median 75th 

percentile 

Maximum 

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) 1.58 0.39 0.72 1.30 1.53 1.81 3.15 

CO (mg/m3) 0.52 0.11 0.28 0.44 0.51 0.59 1.07 

NO2 (µg/m3) 29.49 9.68 8.50 22.25 28.51 35.30 77.17 

SO2 (µg/m3) 2.82 1.36 0.34 1.74 2.64 3.73 12.92 

O3 (µg/m3) 75.88 20.38 15.75 62.15 76.71 90.22 132.75 

PM10 (µg/m3) 21.77 8.23 5.00 16.00 20.47 26.00 62.50 

PM2.5 (µg/m3) 12.19 4.87 2.67 9.00 11.33 14.75 39.50 

 

The correlation between air pollutants and AT was high only for O3 (ɟ=0.72), consistent with 

findings from previous studies (Abdullah et al., 2017; Porter and Heald, 2019). In contrast, the 

correlation coefficients for other pollutants ranged from -0.16 for NO  to 0.39 for PM2.5, as 

shown in Figure 4.10. This finding partially 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 May-September 2017-2022 in Milan, Italy. AT ï apparent temperature, T 

ï air temperature, RH ï relative humidity, WS ï wind speed, CO ï carbon monoxide, NO2 ï 

nitrogen dioxide, SO2 ï sulfur dioxide, O3 ï ozone, PM10 ï particulate matters of less than 10 

µm in diameter, PM2.5 ï particulate matters of less than 2.5 µm in diameter. 

 
 

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 any of the other summary 

statistics. The warmest year in terms of the minimum, the 25th percentile and the median was 

2022, while the 75th percentile and the maximum were higher in 2019. The lowest heat 

threshold, corresponding to the 95th percentile of the annual mean 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 registered on 27th June 

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 each year, leading to a more accurate and 

meaningful identification of heat events. 

 

Table 4.2. Descriptive statistics of the mean daily apparent temperature in May-September 

2017-2022 in Milan, Italy. Heat threshold defined as the 95th percentile of annual daily mean 

apparent temperature distribution. 

Year/statistics Minimum  25th 

percentile 

Median 75th 

percentile 

Maximum Heat 

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), óApparent Temperature 2ô was 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 2017ï2022, AT was considerably higher than the air temperature, 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 in May-September 

2017-2022 in Milan, Italy 

 

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 2017-2022. A noticeable drop in the daily number of emergencies 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 not directly 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 versus non-heat days. 
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Figure 4.12. Daily number of cardiovascular emergencies in May-September 2017-2022 in 

Milan, Italy and mean daily apparent temperature. Heat days are marked in red. CV ï 

cardiovascular, AT ï apparent temperature. 

 
 

Based on the Kolmogorov-Smirnov test, the daily number of CV emergencies resulted not 

normally distributed. The median daily number of emergencies during the analysed period was 

71 (25th-75th percentile 60-80). 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 distribution of 

daily emergencies was characterised by a relatively narrow interquartile range, as illustrated in 

Figure 4.13. As indicated by the Kruskal-Wallis 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 daily number of 

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 non-heat days, the difference in the distribution of the daily 

number of CV emergencies was not significant. The median reached 71 emergencies during 

non-heat days, and 70 during heat days, but with two outliers equal to 116 and 139 emergencies. 

This similarity of median daily CV emergencies in both meteorological conditions further 

illustrates the holiday effect ï while both DLNM and Poisson regression (both adjusted for 

time trends) estimated an increased RR with heat, absolute numbers 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.  
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Figure 4.13. Summary of the distribution of the daily number of cardiovascular emergencies 

in May-September 2017-2022 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 to non-heat days was 1.11, with a 95% 

CI of 1.09-1.14, indicating statistical significance. The same RR was observed for female 

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 non-elderly patients, it was 45 on non-heat days and 46 on heat days. 

When divided by emergency severity, the highest RR was observed for fatal 

emergencies (RR=1.56), followed by non-severe emergencies (RR=1.19), and those requiring 

transport to a hospital (RR=1.09). Furthermore, the percentage of fatal emergencies that 

occurred 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 an increased risk 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% of all cases, 13.52% of these 

emergencies occurred on heat days ï a percentage 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, reached a RR of 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 4.3. Summary of characteristics of cardiovascular emergencies during heat (as defined 

in section 4.2.1) and non-heat days of May-September 2017-2022 in Milan, Italy, and the 

corresponding relative risk of having a CV emergency in heat days in respect to non-heat days. 

RR ï relative risk, CI ï confidence interval. 

 Non-heat days (% of 

total CV emergencies 

in each group) 

Heat days (% of total 

CV emergencies in 

each group) 

RR (95% CI) 

Total 56,907 (87.71%) 7,974 (12.29%) 1.11 (1.09 ï 1.14)b 

Female 30,951 (87.76%) 4,316 (12.24%) 1.11 (1.08 ï 1.15)b 

Over 65 years old 31,107 (87.88%) 4,290 (12.12%) 1.10 (1.07 ï 1.14)b 

Non-severe 8,606 (87.03%) 1,282 (12.97%) 1.19 (1.12 ï 1.26)b 

Requiring transportation 

to a hospital 
47,060 (87.95%) 6,449 (12.05%) 1.09 (1.07 ï 1.12)b 

Fatal 1,241 (83.63%) 243 (16.37%)a 1.56 (1.36 ï 1.80)b 

At home 38,692 (88.06%) 5,247 (11.94%) 1.08 (1.05 ï 1.12)b 

On the street 5,290 (86.48%) 827 (13.52%)a 1.25 (1.16 ï 1.34)b 

Other places (i.e., socio-

medical facility, other 

medical facility, 

workplace, hospital, 

public office, railway, 

school, sports facility, 

lake) 

12,925 (87.18) 1,900 (12.82%) 1.17 (1.12 ï 1.23)b 

a ï significant difference in proportion of emergencies during heat days of a particular group with respect to all 

emergencies during heat days (chi-square test) 

b ï 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 pre-pandemic level (73) in post- COVID-19. Also, the age 

of patients in post- COVID-19 was significantly reduced by 2 years. In both COVID-19 and 

post- COVID-19, compared to pre- COVID-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 post- COVID-19, the fraction of emergencies requiring transportation to a 

hospital decreased significantly, while the percentage of non-severe and fatal emergencies 

increased. The characteristic of CV emergencies in pre- COVID-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 the pre-COVID-

19 period (RR=1.15) than during the COVID-19 period (RR=1.09) and post-COVID-19 period 

(RR=1.09), although all three RRs were statistically significant. Thus, despite a significant 

decrease in daily CV emergencies during the COVID-19 period, 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 4.4. Characteristic of cardiovascular emergencies in pre-COVID-19 (reference period), 

COVID-19, and post- COVID-19 periods. RR ï relative risk, CIï confidence interval. 

 pre-COVID -19 

(reference) 

COVID -19 post-COVID -19 

Median number of cases 

per heat day (25th -75th 

percentile) 

72 (60 ï 85) 63 (51.25 ï 69.75)a 78 (71 ï 83.5) 

Median number of cases 

per non-heat day (25th -

75th percentile) 

73 (63 ï 82) 66 (58.75 ï 75)a 72 (63 ï 81.75) 

Median age (25th -75th 

percentile) 
69 (48 ï 83) 69 (48 ï 83) 67 (46 ï 83)a 

Percentage of women 55.18% 53.44%b 53.56%b 

Percentage of non-severe 

emergencies 
13.6% 17.07%b 16.82%b 

Percentage of 

emergencies requiring 

transportation to a 

hospital 

84.43% 80.28%b 80.6%b 

Percentage of fatal 

emergencies 
1.97% 2.65%b 2.58%b 

RR of CV emergency on 

heat versus non-heat 

days (95% CI) 

1.15 (1.11 ï 1.18)c 1.09 (1.04 ï 1.14)c 1.09 (1.03 ï 1.15)c 

a ï significant difference in distribution (Mann-Whitney U test) 

b ï significant difference in proportion (chi-square test) 

c ï 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 non-heat days. A visual examination reveals distinct differences, 

highlighting the importance of conducting spatial analyses. As the absolute number of CV 

emergencies was considerably higher on non-heat days compared to the 114 heat days, the 

colour intensity on the heatmap for extreme 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 socio-urban characteristics of specific 

zones, which are 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 

planning. 
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Figure 4.14. Heatmap of CV emergencies in May-September 2017-2022 in Milan, Italy (a) on 

non-heat days and (b) on heat days. Radius equal to 1,000 meters. 

 
 

4.4. Limitations and conclusion 
 

This chapter empirically tested the framework proposed 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 2017-2022, the analysis led to the identification of the 95th percentile 

of the annual distribution of the mean daily AT as the heat threshold. Consequently, 19 days 

each year were defined as ñheat daysò. Although the resulting temperature thresholds varied 

by more than 2 °C among the years, defining heat days based on annual thresholds effectively 

accounts for short-term (intra-annual) climate variability. Moreover, the corresponding RR of 

having a CV emergency on heat days with respect to non-heat days was estimated 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 for morbidity, 

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 to the urban context 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 temperature, 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 time-related 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 COVID-19 pandemic resulted in a temporary decline in the daily 

number of emergencies. Adjusting for these temporal factors is vital for accurately 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 classification necessitates 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 

self-presentation at emergency departments. Such data could 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 were constrained 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 

impeded the 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 data also present 

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, with a particular 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. Socio-urban characteristics and cardiovascular 

vulnerability to heat: a geospatial perspective 
 

 

 

 

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). 

Neighborhood determinants of vulnerability to heat for cardiovascular health: a spatial analysis 

of Milan, Italy. Population and Environment, 46(4), 25. https://doi.org/10.1007/s11111-024-

00466-3 
 

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Migliari, M., & Caiani, E. G. (2024). Geospatial 

analysis of socio-urban vulnerability to heat in the context of cardiovascular health. 

Proceedings of the Sustainability in Energy and Buildings (SEB) conference (in press). 
 

- Nawaro, J., Gianquintieri, L., Pagliosa, A., Sechi, G. M., & Caiani, E. G. (2024, September). 

Spatial clustering of ambulance dispatches for cardiovascular problems during heat and non-

heat days: Preliminary study for Milan, Italy. In 2024 IEEE 8th Forum on Research and 

Technologies for Society and Industry Innovation (RTSI) (pp. 66-71). IEEE. 

https://doi.org/10.1109/RTSI61910.2024.10761157 

 

 

 

 

 

Highlights: 
 

¶ RQ4: What are the socio-urban characteristics that could influence CV health in 

presence of heat? 
 

¶ K-means clustering identified three geographically coherent clusters of Milan, Italy, 

i.e., Central, Residential, and Peripheral, differing by socio-urban features. 
 

¶ Spatial and non-spatial regression models assessed the direct and spillover effects 

of socio-urban characteristics on CV vulnerability to heat, identifying significant 

effects of mean summer temperature, density of drinking water fountains, and 

demographics (percentages of elderly, female, and graduate residents). 
 

¶ Socio-urban vulnerability to heat index derived from regression coefficients 

enabled the creation of a vulnerability map highlighting highly and low vulnerable 

districts of the city. 
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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 

development due to citiesô higher productivity, creates many challenges. These challenges 

include increased air pollution due to vehiclesô emissions and industrial development, noise 

pollution generated from human activities, and heat waste from buildings, with all these factors 

being associated with adverse health outcomes (Ebi et 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 & Brown, 2021), 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, but they are also confronted with the complex 

interplay of socio-urban 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 stressful lifestyle can undermine 

health (Ebi et al., 2021; Münzel 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 from becoming patients in the first place (Tong 

and Ebi, 2019; WHO, 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 health-relevant characteristics 

(Münzel et al., 2022; Godfrey & Julien, 2005). Such inequalities highlight the need 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 heat, as they found unexpected effects of population 

density and income inequality on heat-related mortality at the city level. Indeed, studies 

conducted at higher geographical resolution have yielded clearer conclusions regarding all-

cause, CV and cardiorespiratory mortality, 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 the twenty-first century 

(Auchincloss et al., 2012). Nevertheless, in recent years, spatial analysis, including techniques 

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 increase the resilience 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 

socio-urban features, and what is the effect of these features and clusters on population 

vulnerability to heat in the context of CV health.  



 117 

In recent years, numerous indices to assess socio-urban 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 common methodologies 

for the index calculation (Li et al., 2022; Cheng et al., 2021), however, lack direct connection 

to real-world health outcomes, making theoretical assessments that may not reflect actual 

trends in mortality or morbidity during heat events. Furthermore, validation is a significant 

limitation of the relevant articles, with only about one in four study testing their indices against 

real-world health data, covering heat-related, cardiovascular, cerebrovascular, respiratory, or 

all-cause morbidity 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 CV burden of heat, 

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, information on health events 

from EMS data can be considered as a valid proxy for the spatio-temporal analysis of a 

pathologic condition (in this case, CV health problems), as previously validated in the context 

of COVID-19 (Gianquintieri et al., 2022; Gianquintieri et al., 2021).  

Another major research gap of socio-urban 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 this gap is essential 

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 on socio-urban characteristics of 

its neighbourhoods, and subsequently studies the direct and indirect effects of such 

characteristics on population vulnerability to heat for CV health. Beyond merely identifying 

the spatial and non-spatial behaviour of the determinants of vulnerability, the focus of this 

chapter lies in quantifying and mapping such vulnerabilities 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 socio-urban characteristics that could influence CV 

health in presence of heat?  

 

5.2. Materials and methods 
 

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), which represent 

different districts with varying urban and socio-demographic characteristics (Comune di 

Milano, 2023a). In order to ensure real-world applicability of this study, the NIL, which 

represent the principal spatial division of Milan for local policymaking, 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 A5.1 in Appendix. 
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Figure 5.1. The 88 Nuclei of Local Identity (NIL) of Milan 

 
 

Regarding the meteorological parameters and ambulance dispatches, data from the Regional 

Agency for Environmental Protection (ARPA) for the years 2017-2022 and the Regional 

Agency for Emergency and Urgency (AREU) for the period May-September 2017-2022, 

overviewed in the previous chapter, were used. Following previous results, heat days were 

defined as those with the mean daily apparent temperature (AT) exceeding the 95th percentile 

of its annual distribution, i.e., 114 days were classified as heat days in the years 2017-2022. 

 

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 the patient. The CV_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 the total number of ambulance interventions in that 

NIL during the whole observation period (May-September 2017-2022). The following formula 

was used for this purpose: 

 

ὅᾠὠὸέὌ 
В             

    
ρzππϷ     (5.1) 
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where n is the total number of heat days. 

 

5.2.2. Socio-urban characteristics 
 

Although there is not a standard set of socio-urban characteristics to be included in heat-health 

related research, a significant impact of several features on CV health 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., 2019), age (Cicci et al., 2022)), socio-economic 

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 socio-urban features 

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

 

Table 5.1. Description of the socio-urban 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 (%) 
ὦόὭὰὸόὴ ὥὶὩὥ

ὸέὸὥὰ ὥὶὩὥ
ρzππϷ 2012 

Non-residential buildings' volume 

(m3/m2) 

ὲέὲὶὩίὭὨὩὲὸὭὥὰ ὦόὭὰὨὭὲὫίὺέὰόάὩ

ὦόὭὰὸόὴ ὥὶὩὥ
 

2018 

 

Green roofs (%) 
ὫὶὩὩὲ ὶέέὪί ὥὶὩὥ

ὦόὭὰὸόὴ ὥὶὩὥ
ρzππϷ 

2016 

 

Population density (people/km2) 
ὲόάὦὩὶ έὪ ὶὩίὭὨὩὲὸί

ὸέὸὥὰ ὥὶὩὥ
 2020 

Vegetation index 

       
,  

 

where ὔ is the normalization (
 

) of all 

NILôs values,  

ὫὶὩὩὲ ὥὶὩὥ is  
 

 
, 

ὸὶὩὩ ὥὺὩὲόὩ is 
   

 
, 

ὸὶὩὩ ὲόάὦὩὶ is  
   

 
. 

2012 

Mean summer land surface 

temperature (LST) (°C) 

mean daytime June-August land surface 

temperature 
2013-2017 

Density of drinking water 

fountains (n/ km2) 

ὲόάὦὩὶ έὪ ὨὶὭὲὯὭὲὫ ύὥὸὩὶ ὪέόὲὸὥὭὲί

ὸέὸὥὰ ὥὶὩὥ
 2019 

Cycle paths (km/km2) 
ὧώὧὰὩ ὴὥὸὬί ὰὩὲὫὸὬ

ὸέὸὥὰ ὥὶὩὥ
 2022 

Residents >=65 (%) 
 ὲόάὦὩὶ έὪ ὶὩίὭὨὩὲὸίφυ ώὩὥὶί έὰὨ

ὸέὸὥὰ ὶὩίὭὨὩὲὸί
ρzππϷ 2020 
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Female residents (%) 
 ὲόάὦὩὶ έὪ ὪὩάὥὰὩ ὶὩίὭὨὩὲὸί

ὸέὸὥὰ ὶὩίὭὨὩὲὸί
ρzππϷ 2020 

Graduate residents (%) 
 ὲόάὦὩὶ έὪ ὫὶὥὨόὥὸὩ ὶὩίὭὨὩὲὸί

ὸέὸὥὰ ὶὩίὭὨὩὲὸί
ρzππϷ 

2011 (graduate 

ὶὩίὭὨὩὲὸί , 2020 

(ὸέὸὥὰ ὶὩίὭὨὩὲὸί) 

 

5.2.3. Statistical methods 
 

Descriptive statistics (i.e., minimum and maximum, mean and standard deviation, median, 25th 

percentile and 75th percentile) was used to summarize the data. The Kolmogorov-Smirnov 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. In order to 

graphically represent the distribution of a continuous variable on a map, colour-coded classes 

were computed on the basis of the equal quantile method for a total of 5 classes. Spatial 

autocorrelation was assessed using both global and local Moranôs Index (Moranôs I; described 

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 I and type II errors, the significance level for both global 

(gMI) and local (lMI) Moranôs I was set at 0.1 (Kim and Choi, 2021). 

 

K-means clustering of socio-urban characteristics 
 

The NIL were grouped into clusters, defined by their socio-urban characteristics, applying the 

k -means algorithm. This approach divides M points in N dimensions into k clusters, with the 

objective of minimizing the within-cluster and maximizing the between-cluster scatter 

(Hartigan & Wong, 1979). The k-means algorithm has been previously applied to cluster citiesô 

neighbourhoods in a range of problems, including evaluating citiesô mobility or accessibility 

(Rahimi, 2022; da Silva et al., 2016), identifying urban sprawl (Liu et al., 2018b), finding heat-

prone neighbourhoods (Wu et al., 2022b) or tackling districtsô evolution based on a set of 

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

The optimal value of k 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 hierarchical clustering with Wardôs linkage (Murtagh & Legendre, 2014). The former 

method graphically compares the difference in the error sum of squares (which equals 0 when 

k=M) of clustering with each k, and the k for which the curveôs angle forms the elbow is the 

optimal value. The silhouette coefficient, based on intra-cluster distance (i.e., mean distance 

among points within the same cluster) and inter-cluster distance (i.e., mean distance between a 

point and the nearest cluster other than that to which the point belongs), ranges between -1 and 

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 between clusters, accounting for their diameter, i.e., mean distance between points 

and the cluster centroid, and for the distance between clustersô centroids. It reaches non-

negative values, and lower score indicates better partition. The last method used to select the 

optimal value of k, 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 Wardôs linkage was implemented, meaning that observations were successively 

merged together minimizing the total within-cluster variance, and the optimal number of 

clusters was read directly from the dendrogram. 

After choosing the k value, non-parametric KruskalïWallis and MannïWhitney U tests 

were applied to investigate the significance of the differences in the distribution of each socio-

urban variable among clusters (henceforth referred to as ñsocio-urban clustersò). For Kruskal-

Wallis test, the Bonferroni correction was implemented. 

 

Regression analysis 
 

To assess the impact of socio-urban characteristics on NILôs CV_VtoH, several regression 

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: 

 

 ὣ  ὢ‍  ‐  (5.2) 

 

where Y is the target variable to be modelled (in this study, CV_VtoH, as defined by equation 

5.1 in section 5.2.1), X is a matrix of independent variables (in this study, socio-urban features 

described in Table 5.1, section 5.2.2), ɓ is a vector of coefficients estimated using OLS 

technique, and Ů is 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), ShapiroïWilk test (error normality), BreuschïPagan test 

(homoscedasticity), Durbin-Watson test (error independence), and variance inflation factor 

(VIF) (multicollinearity). 

As we hypothesized a spatial relationship between the socio-urban 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 identified: among 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, respectively: 

- spatially lagged X model (SLX; m2): 

 

  ὣ  ὢ‍ ὡὢ— ‐ (5.3) 

 

- spatial autoregressive model (SAR; m3): 

 

  ὣ  ”ὡὣ ὢ‍ ‐ (5.4) 

 

- spatial error model (SEM; m4): 

 

  ὣ  ὢ‍ όȟ    ό  ‗ὡό‐  (5.5) 
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where W is a matrix of spatial weights, ɗ is a vector of response parameters, and ɟ and ɚ 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:  

 

  ὣ  ὢ‍ ὡὢ— όȟ    ό  ‗ὡό‐ (5.6) 

 

- spatial Durbin model (SDM; m6), combining SAR and SLX:  

 

  ὣ  ”ὡὣ ὢ‍ ὡὢ— ‐ (5.7) 

 

- Kelejian-Prucha model (m7), combining SAR and SEM: 

 

  ὣ  ”ὡὣ ὢ‍ όȟ  ό  ‗ὡό‐ (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 socio-urban features) on the dependent variable (i.e., 

the CV_VtoH) for each unit (i.e., the NIL), along with an estimation 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 defined as the sum of both direct and indirect effects (Golgher & 

Voss, 2016). While the coefficient (i.e., the ɓ) estimated in OLS non-spatial regression 

represents the change in the dependent variable associated with a one-unit change in an 

independent variable, the direct and indirect effects of spatial models do not have a 

straightforward numerical meaning, and they 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 two-step method was applied: 1) the 

goodness- of-fit for each candidate model (non-spatial OLS plus six selected spatial models) 

was computed using the Akaike information criterion (AIC), and the model with the lowest 

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 or non-spatial) or not.  

 

Socio-urban vulnerability to heat 
 

Coefficients (i.e., the ɓ for non-spatial model or the direct effect for spatial models) estimated 

by the best regression model for statistically significant variables (p-value<0.05) were used to 

calculate the socio-urban vulnerability to heat (SU_VtoH) for each NIL. Pearson correlation 

(r) was applied to examine the correlation between each significant socio-urban 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 R2. 

Final map of low and highly vulnerable NIL was created combining the CV_VtoH and 

SU_VtoH. Specifically, high values were defined as >=60th percentile of the distribution of 

both vulnerabilities, while low values were defined as <=40th percentile. This map was colour-

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 density-based spatial clustering of applications with noise of ambulance 

dispatches 
 

Previous research has applied various techniques, including k-means, density-based and deep 

learning clustering, to analyse ambulance dispatches in urban areas, focusing on their response 

time optimization, patient characteristics analysis, and high-demand areas identification (Desai 

et al., 2023; Kamireddy and Keshavamurthy, 2016; Bharsakade et al., 2022). Density-based 

clustering algorithms are particularly well-suited for this task as they identify clusters of 

varying shapes and sizes and are robust to noise in 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 view capable to integrate socio-economic factors, environmental conditions, 

and urban infrastructure. Accordingly, to cluster the CV ambulance dispatches (in this case not 

limited to in-home emergencies) separately for heat and non-heat days, the hierarchical density-

based spatial clustering of applications with noise (HDBSCAN) algorithm was employed and 

visualized coupled with the map of low and highly vulnerable NIL, in order to further confirm 

the robustness of the results. 

Density-based spatial clustering of applications with noise (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 dense region. The algorithm defines core objects as points 

containing at least m_pts within the epsilon distance, with all non-core objects classified as 

noise. A cluster consists of all points 1) within the epsilon 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, which is 

hierarchically clustered using the single-linkage 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 within the cluster). 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 outliers, particularly 

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 were tested: 45, 50, 60, 70, 80, 90, 

100 for the emergencies during heat days, and 300, 350, 400, 450 for the emergencies during 

non-heat days. The optimal minimum cluster size was determined based on the DaviesïBouldin 

index and visual examination. 

For the map representing the non-noise HDBSCAN clusters of CV emergencies for 

heat and non-heat days, the underlying map included the classification in low and highly 

vulnerable NIL regarding the CV_VtoH and SU_VtoH. Points representing individual 

emergencies were displayed with 70% transparency to provide an overview of their density. 

Once the emergencies that occurred during heat and non- heat 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) were defined: 

-  A: zones where clusters exist during non-heat 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 non-heat 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 respect to non-heat days for the zones 

belonging to the second (i.e., B) and the third (i.e., C) group defined above were tested for 

significance at alpha=0.05 using the chi-square 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 north-eastern part), with a median value of 

15,170 residents (25th-75th percentile: 4,855 - 23,405). The NIL median area was 1.64 km2 

(1.09 km2 - 2.66 km2), 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 mapped to 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 the analysed period. 

 

5.3.1. Socio-urban characteristics and cardiovascular vulnerability to heat 
 

The distribution of the focal socio-urban characteristics among the 86 NIL, along with their 

CV_VtoH, are summarised in Table 5.2. It is possible to notice a wide range (min-max) of 

values for each feature in all parameters, evidencing the large spatial differences 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 heat-related CV events within a big city, the 

utilization of a more detailed geographical partition can result in more interpretable and 

accurate results than city-level analyses. 
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Table 5.2. Descriptive statistics of the distribution of values among the 86 Nuclei of Local 

Identity (NIL) in the city of Milan for each selected socio-urban feature and the cardiovascular 

vulnerability to heat (CV_VtoH) 

Feature/statistic Mean Standard 

deviation 

Minimum  25th 

percentile 

Median 75th 

percentile 

Maximum 

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

Non-residential 

buildings' volume 

(m3/m2) 

5.46 3.45 0.59 3.86 4.55 5.96 21.27 

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

Population density 

(people/km2) 
9,131 6,418 32 3,888 8,434 13,630 26,993 

Vegetation index 0.30 0.15 0.01 0.21 0.29 0.37 0.75 

Mean summer land 

surface temperature, 

LST (°C) 

35.58 1.17 31.31 35.06 35.86 36.28 37.78 

Density of drinking 

water fountains (n/ 

km2) 

4.29 2.73 0.0 2.28 4.07 5.80 12.72 

Cycle paths (km/km2) 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 

Graduate residents 

(%) 
17.54 9.57 0.0 10.42 14.63 25.11 39.71 

CV_VtoH (%) 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 of socio-urban 

clusters needs to be defined. The silhouette method indicated k=3, with a coefficient equal to 

0.25; although the elbow point was not distinctly visible, that method also resulted in k=3 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 for k=3 (in the range k=2÷4), while the score was lower for any k>=5. 

As the value k=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 in the k-means clustering 

algorithm. As a result, 32 NIL, mainly located in the central portion of the city, were classified 

as part of the first socio-urban cluster ï Central (inhabited by 720,244 residents). 45 NIL 

surrounding the city centre were part of the second socio-urban cluster ï Residential (663,995 

residents), and finally, 9 NIL in the periphery of the city were assigned to the third socio-urban 

cluster ï Peripheral (8,227 residents). Each of these three socio-urban clusters showed a strong 

geographical cohesion, and their spatial distribution is visualized in Figure 5.2. The Pearson 

correlation coefficient between each pair of 11 socio-urban features in the whole city and in 

the three socio-urban clusters is presented in Table A5.2. 
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Figure 5.2. Geographical distribution of the Central, Residential, and Peripheral socio-urban 

clusters obtained through k-means clustering of socio-urban features of Milanôs 86 Nuclei of 

Local Identity (NIL) 

 
 

In Table 5.3, the median, the 25th, and the 75th percentiles of the distribution of the 11 socio-

urban features among NIL are reported separately for each socio-urban cluster. The results of 

the Mann-Whitney U test, followed by the Kruskal-Wallis test for multi-group comparison, at 

the cluster level showed significant differences (p<0.05) in all the considered socio-urban 

parameters, except for: % of elderly residents, similar for the Residential and the Central 

clusters; cycle paths length and % of graduate residents, 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 median built-up 

area, green roofs, population density, density of drinking water fountains, cycle paths, and 

percentages of elderly, female and graduate residents. In addition, the highest mean summer 

LST was registered in that cluster. On the contrary, the Peripheral cluster was characterized by 

the highest values of non-residential buildingsô volume and by the lowest values for all the 

remaining socio-urban features. Values for the Residential cluster were intermediate, except 

for vegetation index, which had the maximum level.  
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Table 5.3. Median (25th-75th percentile) of the distribution of the socio-urban features and the 

cardiovascular vulnerability to heat (CV_VtoH) for the Nuclei of Local Identity (NIL) 

composing each socio-urban cluster 

Feature/cluster Central Residential Peripheral 

Built-up area (%) 29.32 (27.64-35.51)ac 13.5 (10.29-17.98)ab 2.2 (1.33-4.82)bc 

Non-residential buildings' 

volume (m3/m2) 
4.15 (3.57-4.59)ac 4.85 (4.14-6.12)ab 8.68 (6.66-16.97)bc 

Green roofs (%) 3.84 (3.26-4.72)ac 1.9 (1.23-3.64)ab 0.0 (0.0-0.11)bc 

Population density 

(people/km2) 
16,056 (11,911-17,534)ac 7,155 (3,816-8,641)ab 540 (82-828)bc 

Vegetation index 0.25 (0.19-0.33)a 0.34 (0.27-0.46)ab 0.12 (0.07-0.24)b 

Mean summer land surface 

temperature, LST (°C) 
36.22 (35.98-36.5)ac 35.62 (34.99-36.16)ab 33.62 (33.21-34.4)bc 

Density of drinking water 

fountains (n/ km2) 
5.59 (4.98-7.19)ac 3.26 (2.27-4.94)ab 0.07 (0.0-1.37)bc 

Cycle paths (km/km2) 2.34 (1.41-3.24)ac 1.5 (0.69-1.96)a 0.85 (0.24-1.29)c 

Residents >=65 (%) 22.4 (20.44-23.84)c 22.21 (17.72-25.66)b 12.26 (8.77-15.55)bc 

Female residents (%) 52.94 (52.16-53.78)ac 51.11 (49.46-52.40)ab 43.39 (26.24-46.64)bc 

Graduate residents (%) 26.16 (20.87-32.34)ac 11.51 (9.58-14.56)a 9.55 (7.38-14.7)c 

CV_VtoH (%) 14.80 (13.49-15.41) 15.47 (14.29-16.40) 16.67  (8.33-22.22) 

a - significant difference between Residential and Central clusters (Mann-Whitney U test, p-value<0.05) 

b - significant difference between Residential and Peripheral clusters (Mann-Whitney U test, p-value<0.05) 

c - significant difference between Central and Peripheral clusters (Mann-Whitney U test, p-value<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 the interquartile 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 [1.10-1.17]), followed by the Central cluster (RR=1.11, 

95% CI [1.07-1.15]), and the Peripheral cluster, for which the result was not statistically 

significant (RR=1.06, 95% CI [0.85-1.32]). Moreover, in the Peripheral cluster, the observed 

values of CV_VtoH were only either above the 80th percentile or below the 20th percentile 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 socio-urban 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 out of 45 (53.3%) 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 (p-value<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.  
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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 socio-urban clusters, and (b) LISA 

clusters derived from local Moranôs Index. HH ï high-high, LL ï low-low, HL ï high-low, LH 

ï low-high, gMI ï global Moranôs Index. Bottom panel: Boxplots of the CV_VtoH in each of 

three socio-urban clusters. The width of the boxplots is proportional to the logarithm of the 

number of residents. Dashed lines within boxplots represent standard deviation. 

 

 
 

The regression modelling aimed at assessing the impact of the 11 socio-urban features on NILôs 

CV_VtoH. For clarity of interpretation, the terms ónegativeô and ópositiveô effect are used based 

on their mathematical meaning and are not representative of qualitative health outcomes: a 

socio-urban 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 related to an 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 error independence 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 (built-up area in non-spatial and 

spatially lagged versions, spatially lagged mean summer LST and spatially 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 A5.1-A5.3 in Appendix). To 

ensure the robustness of the results despite potential 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 models. Additionally, the modelling approach was repeated with a trimmed 

set of independent variables, excluding the built-up area 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 drinking water fountains. 

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 worth noting that the percentage of elderly and 

female residents reached particularly low p-values (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 the non-spatial OLS 

regression (m1). This model satisfied the assumptions of independence of errors and no 

multicollinearity, but the statistical test suggested possible problems in regard to linearity, error 

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 female residents) 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, subsequently trimming 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 results closely aligned with the initial p-

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 

were non-residential buildingsô volume, green roof area and population density, with a direct 

negative effect, and mean summer LST, which had a direct positive effect on CV_VtoH. 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. Additionally, the Appendix contains the results 

of each of seven tested models in each of three geographical partitions (Figures A5.1-A5.3). 
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Table 5.4. Results of the regression analysis considering coefficient, direct, indirect and total 

effects in all districts, and in districts grouped in Central and Residential socio-urban clusters. 

SLX ï spatially lagged X model, SDEM ï spatial Durbin error model, OLS ï ordinary least 

squares. 

Feature/Cluster 

(model) 
All (SLX)  Central (SDEM) Residential (OLS) 

 

Direct effect (spatial 

models) / estimated 

coefficient (non-

spatial model) 

 

effect p-value 
std 

error 
effect p-value 

std 

error 
‍ p-value 

std 

error 

Built-up area (%) -0.28 0.35 0.29 0.07 0.64 0.15 -0.53 0.18 0.39 

Non-residential 

buildings' volume 

(m3/m2) 

0.16 0.26 0.14 -1.27* <0.01 0.29 0.17 0.58 0.30 

Green roofs (%) -0.18 0.15 0.13 -0.29* 0.04 0.15 -0.32* 0.02 0.13 

Population density 

(people/km2) 
0.26 0.09 0.15 -0.5* 0.02 0.22 0.52 0.16 0.36 

Vegetation index -0.13 0.35 0.14 0.08 0.64 0.17 -0.1 0.52 0.15 

Mean summer LST 

(°C) 
0.71* <0.1 0.18 1.11* <0.01 0.36 0.38 0.07 0.20 

Density drinking water 

fountains (n/ km2) 
-0.24* 0.03 0.11 0.29 0.08 0.17 -0.73* <0.01 0.21 

Cycle paths (km/km2) -0.1 0.35 0.10 0.1 0.12 0.06 -0.1 0.66 0.22 

Residents >=65 (%) 0.37* <0.01 0.12 0.23 0.54 0.37 0.39* 0.02 0.17 

Female residents (%) -0.29* 0.02 0.13 -0.07 0.91 0.60 -1.16* 0.05 0.56 

Graduate residents (%) 0.46* 0.01 0.18 -0.12 0.25 0.10 0.17 0.58 0.31 

 

Indirect effect 

 

         

Built-up area (%) 0.06 0.93 0.70 -0.07 0.93 0.81    

Non-residential 

buildings' volume 

(m3/m2) 

-0.1 0.72 0.28 2.4 0.15 1.66    

Green roofs (%) -0.11 0.71 0.31 -0.14 0.8 0.55    

Population density 

(people/km2) 
-0.44 0.21 0.35 0.74 0.18 0.55    

Vegetation index 0.06 0.8 0.26 -0.16 0.71 0.42    

Mean summer LST 

(°C) 
-0.16 0.69 0.40 0.65 0.52 1.01    

Density drinking water 

fountains (n/ km2) 
-0.52 0.08 0.30 0.35 0.4 0.41    

Cycle paths (km/km2) 0.27 0.34 0.28 0.11 0.76 0.38    

Residents >=65 (%) 0.64* 0.01 0.26 1.5 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    

Non-residential 

buildings' volume 

(m3/m2) 

0.06 0.88 0.36 1.13 0.52 1.74    

Green roofs (%) -0.29 0.43 0.37 -0.44 0.37 0.49    

Population density 

(people/km2) 
-0.18 0.61 0.35 0.24 0.63 0.50    
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Vegetation index -0.07 0.8 0.27 -0.08 0.85 0.41    

Mean summer LST 

(°C) 
0.55 0.16 0.40 1.76 0.13 1.18    

Density drinking water 

fountains (n/km2) 
-0.76* 0.02 0.32 0.63 0.22 0.52    

Cycle paths (km/km2) 0.17 0.53 0.28 0.21 0.59 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. Socio-urban 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 ï 

5.11). For each neighbourhood, the standardized values (the same as used for the regression 

models) of the significant independent variables were multiplied by the coefficients estimated 

from the regression models, i.e., by direct effect or by ‍ coefficient. 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 and 5.11, respectively). Subsequently, the obtained values of SU_VtoH 

for all the 86 considered NIL were normalized between 0 and 1. 

 

ὖὩὶὭὴὬὩὶὥὰ ὅὰόίὸὩὶ ὛὟͅὠὸέὌ

πȢσχzϷ ὩὰὨὩὶὰώ ὶὩίὭὨὩὲὸίπȢςωzϷ ὪὩάὥὰὩ ὶὩίὭὨὩὲὸίπȢςτ

ὨzὶὭὲὯὭὲὫ ύὥὸὩὶ ὪέόὲὸὥὭὲίπȢχρzὒὛὝπȢτφzϷ ὫὶὥὨόὥὸὩ ὶὩίὭὨὩὲὸί  

 

(5.9) 

 

ὅὩὲὸὶὥὰ ὅὰόίὸὩὶ ὛὟͅὠὸέὌ

ρȢρρzὒὛὝπȢςωzὫὶὩὩὲ ὶέέὪίρȢςχzὲέὲ ὶὩίὭὨὩὲὸὭὥὰ ὦόὭὰὨὭὲὫί

πȢυz ὴέὴόὰὥὸὭέὲ ὨὩὲίὭὸώ 

 

(5.10) 

 

ὙὩίὭὨὩὲὸὭὥὰ ὅὰόίὸὩὶ ὛὟͅὠὸέὌ

πȢσωzϷ ὩὰὨὩὶὰώ ὶὩίὭὨὩὲὸίρȢρφzϷ ὪὩάὥὰὩ ὶὩίὭὨὩὲὸίπȢχσ

ὨzὶὭὲὯὭὲὫ ύὥὸὩὶ ὪέόὲὸὥὭὲίπȢσςzὫὶὩὩὲ ὶέέὪί 

(5.11) 

 

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-

residential buildingsô volume (r=-0.52), mean summer LST (r=0.46), and green 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 (r=-0.42), followed by % of female residents (r=-

0.18) and the % of elderly residents (r=0.08). In the Peripheral cluster, the r ranged from 0.60 

for mean summer LST, to -0.01 for % of graduate residents, with intermediate values for % of 

female residents (r=-0.45), drinking water fountains (r=-0.20), 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 NIL ï two high-high (HH), four high-low (HL), and two low-low (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 identification of geographically 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 examined 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. 

Global Moranôs I and the numerosity of each LISA cluster for CV_VtoH and for each 

significant independent variable in the Central and the Residential clusters are summarized in 

Table 5.5. 

 

Table 5.5. Global Moranôs Index (gMI) and significant LISA clusters numerosity for 

cardiovascular vulnerability to heat (CV_VtoH) and each significant independent variable in 

the Central and the Residential socio-urban clusters. HH ï high-high, LH ï low-high, HL ï 

high-low, LL ï low-low, n/a ï not applicable. 

Variable/cluster Central Residential 

 gMI HH LH HL LL  gMI HH LH HL LL  

CV_VtoH 0.056 2 0 4 2 0.150* 3 0 1 3 

Non-residential buildingsô 

volume 

0.197* 2 0 2 4 n/a n/a n/a n/a n/a 

Population density  0.308* 4 0 1 3 n/a n/a n/a n/a n/a 

Mean summer LST 0.193* 4 1 2 4 n/a n/a n/a n/a n/a 

Green roofs  0.165* 3 2 0 1 -0.036 1 4 0 9 

Drinking water fountains n/a n/a n/a n/a n/a 0.046 0 3 2 2 

Elderly residents n/a n/a n/a n/a n/a 0.013 3 1 5 2 

Female residents n/a n/a n/a n/a n/a 0.166* 6 1 2 3 

* significant result (p-value<0.1) 

 

The SU_VtoH across the city of Milan (thus without considering clusters separately) resulted 

not normally distributed, with median value equal to 0.596 (25th-75th percentile: 0.498-0.667). 

The gMI=0.147 (p-value <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, within the Central cluster, a substantial portion of 

the eastern NIL exhibited a significant HH local spatial autocorrelation 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 the city of Milan are mapped in Figure 5.4. 
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Figure 5.4. (a) Geographical distribution of the socio-urban vulnerability to heat (SU_VtoH) 

in the whole city of Milan, and (b) the corresponding LISA clusters. HH ï high-high, LL ï 

low-low, HL ï high-low, LH ï low-high, gMI ï global Moranôs Index. 

 
 

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 value (r=0.461). 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%, whereas 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 variance in the Residential and Peripheral clusters, 

but only slightly above 20% in the Central cluster. 

 

Figure 5.5. 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 regression line in the whole city 

and in the three socio-urban 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_VtoH were 

highlighted. Specifically, high values were defined as >=60th percentile of the distribution, 

while low values were defined as <=40th percentile. This categorization resulted in 18 highly 

vulnerable and 20 low vulnerable NIL, inhabited by a total of 322,068 and 278,005 residents, 

respectively, accounting for 23% and 20% of Milanôs population. 

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 than 210,000 residents 

(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%) in the Peripheral part of the city. 

A similar trend in terms of the number of NIL was observed for low vulnerable zones 

ï 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 of the population, 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 cluster. 

 

Figure 5.6. Geographical distribution of the Nuclei of Local Identity (NIL) with both 

cardiovascular vulnerability to heat (CV_VtoH) and socio-urban vulnerability to heat 

(SU_VtoH) above the 60th percentile of their distribution (red tones; highly vulnerable NIL), 

or below the 40th percentile of their distribution (green tones; low vulnerable NIL). 

 
 

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 on non-heat days. 

During non-heat days, HDBSCAN, with minimum cluster size equal to 300, estimated 

25 non-noise clusters of CV emergencies, with 24,108 ambulance dispatches (42.36% of total 

dispatches during non-heat days) included in them. No significant cluster was identified within 

the Peripheral socio-urban cluster. When considering CV emergencies during heat days, 18 

non-noise 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) happened. The emergencies forming 

clusters during heat and non-heat 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 clutter. 

 

Figure 5.7. Emergencies forming non-noise HDBSCAN clusters during heat and non-heat 

days. Zone A - zone where HDBSCAN clusters exist during non-heat 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; zone C - zones where HDBSCAN 

clusters experience a considerable increase in spatial coverage during heat days compared to 

non-heat days. CV_VtoH ï cardiovascular vulnerability to heat, SU_VtoH ï socio-urban 

vulnerability to heat. 

 

 

Following the categorization defined in section 5.2.3, four zones where HDBSCAN clusters 

were identified during non-heat but not during heat emerged, denoted as zones A1-A4 in Figure 

5.7. In this case, they corresponded to four HDBSCAN clusters, in which 3,668 emergencies 

happened, mostly within the area of the NIL 27 (ñPorta Romanaò), 30 (ñMecenateò), 37 (ñEx 

Om Morivioneò), 38 (ñRipamontiò), 53 (ñLorenteggioò), and 56 (ñForze Armateò). Out of 
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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 one zone (i.e., B5 in Figure 5.7) there was a considerable spatial shift between 

emergencies in heat (270 emergencies) and non-heat days (2,101 emergencies). In non-heat 

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 ("Magenta- San 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 compared to non-heat 

days. Starting from the most western zone (i.e., C6 in Figure 5.7), two HDBSCAN clusters 

were identified during non-heat days, covering a strip over the NIL 9 ("Garibaldi-Repubblica"), 

11 ("Isola"), 12 ("Maciachini-Maggiolina"), and 14 ("Niguarda- C  ̈ Granda"). The 737 

emergencies were most densely located in the upper and lower parts of the highlighted 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 compared to non-heat days 

was observed in the most central of the three zones (i.e., C7 in Figure 5.7). In non-heat 

meteorological conditions, two identified HDBSCAN clusters of 1,480 emergencies densely 

covered specific, but relatively small, areas of the NIL 10 ("Centrale"), 20 ("Loreto"), and 21 

("Buenos Aires-Venezia"). During heat days, however, a large HDBSCAN cluster of 518 

ambulance dispatches was identified, with this cluster including emergencies that covered the 

entire area of the three above-mentioned 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 non-heat days. It included 424 emergencies in non-heat days and 109 emergencies in heat 

days, while the area where the ambulances were called was larger during the extreme 

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 compared to non-heat days. 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 zone. Across all zones examined, during heat 

days a higher fraction of emergencies resulted in fatalities compared to non-heat days, with a 

significant difference in percentage observed in zones B5 and C6, with 2.29 and 2.22 

percentage points more for both locations respectively. 
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Table 5.6. Fraction of elderly patients, female patients, and fatal emergencies in heat days with 

respect to non-heat days in zones B5, C6-C8 

Condition/characteristics 
Number of 

emergencies 
% 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 non-heat days (chi-square test, p-value<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 socio-urban characteristics on CV_VtoH in different parts of the city, and 

to subsequently calculate a vulnerability index accounting for both socio-urban factors and CV 

emergencies, highlighting neighbourhoods where substantial action needs to be taken to protect 

the residents. This framework aimed to answer fundamental research questions concerning 

urban resilience to heat waves by proposing the further subdivision of a major urban area based 

on socio-urban characteristics of its neighbourhoods, and by estimating the effects of such 

socio-urban features on populationsô vulnerability to heat for different clusters within the city, 

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 computation of 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 socio-urban cluster, in terms 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 the 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; Malambo et al., 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, neighbourhood-level factors were examined 

mainly using non-spatial 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 GWR aims 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 (Düzgün & Kemeç, 2008) listed in 

section 5.2.2.  In the field of 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 effects, partly 

overcomes this limitation. Moreover, by applying the spatial models separately for clusters of 

relatively similar districts, both the spatial non-stationarity of the explicative variables (i.e., the 

socio-urban features) and the spatial behaviour of the 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. Relevant vulnerability indices 

proposed so far used different calculation techniques, from simple equal weighting to more 

advanced spatial and non-spatial models, and covered a range of demographic, social, urban, 

economic, infrastructural and environmental factors (Ellena 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 cross-sectorial collaboration 

(Tong and Ebi, 2019; Sharifi 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 density-based 

clustering conducted separately for heat and non-heat days is another novelty with respect to 

existing research. 

 

5.4.2. Influence of socio-urban 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, along with a negative 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 particularly 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 assessed the factors 

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 

neighbourhoodôs socio-economic status, and a non-significant 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 heat-related 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 women, especially pre-

menopausal women, are discussed in the literature. For fertile females, compared to men, a 

lower bloodôs viscosity, aggregation of red blood cells and their deformability, as well as 

different levels of hormones (Kameneva et al., 1999; Stramba-Badiale 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 studies highlighted 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 hot-dry environments, it could result advantageous in hot-wet 

environments (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 addressed. A harmful 

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 2022, during which multiple record-

breaking temperatures were registered, and over 60 thousand heat-related 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 urban feature could 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 al., 2016; 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 heat-related morbidity or mortality among people with higher level of education (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%) studies finding the opposite and 7 (4.9%) studies 

finding no difference. However, in a recent study focusing on heat-attributable all-cause 

mortality in the city of Turin in the Northwest of Italy, for the period 1982ï2018, a mixed-

effect of gender and education 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., 2020b). In our study, the impact of the percentage of graduate residents 

was significant 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 variable used 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 socio-urban 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 non-residential buildingsô volume showed a significant effect in 

particular clusters of Milan. Goodness-of-fit measures indicated that socio-urban cluster-

specific regression models performed better than whole-city models.  

The non-spatial regression model proved to be the best fit for the Residential cluster, 

characterised by intermediate median values for almost all socio-urban features, compared to 

other two socio-urban clusters. In this case, it is possible that the spatial relationship 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 spatial relationships 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 ground temperature and in 

temperature at 2 meters above the surface, with the highest reduction observed in the hottest 

parts of cities (Black-Ingersoll et al., 2022; Sharma et al., 2018). This is in agreement with our 

results, that estimated a significant direct impact in clusters with high mean summer LST.  

The observed influence of non-residential buildingsô volume on CV_VtoH could be 

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; furthermore, non-residential buildings include 

factories as well. Their presence is significantly correlated, in the territory of 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 highest non-residential buildingsô volume was found, as possibly 

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, the non-residential 

buildingsô volume had a negative direct effect on CV_VtoH. In this case we might infer that it 

reflects more the cooling efficiency rather than an increase in temperature and industrial 

pollutionôs impact 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 significant, p-value=0.09). Using population density as 

an indicator in human health-related 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 the neighbourhood. 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 tourist zones, 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 stations, i.e., 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 western part of the Central socio-urban cluster. This low 

vulnerable area encompassed two and three NIL in significant LISA clusters of non-residential 

buildings' volume and mean summer LST, respectively, with these features highly contributing 

to the SU_VtoH in 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 non- significant clustering tendency of most independent variables, and it can 

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 situated in the western part 

of the city. 

The obtained results emphasize the need for geospatially analysing socio-urban 

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, predominantly including historic districts where socio-urban 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). Conversely, 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 density-based clustering 

of CV emergencies revealed some noteworthy disparities in spatial distribution patterns under 

varying weather conditions, underscoring the importance of considering such factors in 

emergency management strategies. In particular, central-northern districts exhibited larger 

zones of high CV emergency density during heat-days with respect to normal conditions. 

Notably, zones C6-C8 encompassed only either neutral or highly vulnerable, 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 significant HDBSCAN clusters of emergencies 

exclusively during non-heat 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 people but also 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, and urban design, significantly influence the 

spatial distribution of CV emergencies during different weather conditions, and they should 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 emergencies under both normal and 

extreme weather conditions, potentially leading to increased survival rates and improved 

patient outcomes. 

 

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 used in relation to 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 2013-2017, thus not reflecting possible recent 

changes in the vegetation coverage and land-use, 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 as a proxy of urban heat exposure. The retrieved open data was put into 

relation with the ambulance dispatches in the period 2017-2022, eventually resulting in an 

additional, partial or total, temporal mismatch. Still, socio-urban features can be considered to 

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 possible, should 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 health-related aspects. Therefore, the NIL application may exemplify the 

modifiable areal unit problem (Flowerdew et al., 2008) in relation to socio-urban features and 

CV vulnerability which indeed did not differ significantly across socio-urban clusters. This 

problem arises due to the inherent variability in spatial data that can occur when point (e.g., 

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 different patterns 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 fine-scale variability or hotspots. Also, the incorporation of the mean, affected by 

outliers and non-normal distributions, in Moran's Index may have introduced biases in the 

identification of spatial correlations Sensitivity analyses could help assess the robustness of 
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results. However, in light of the practical relevance of our analysis for decision-makers, 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 real-time 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 difficulties in planning 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 classification process. 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 k-means 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), canopy clustering (Yuan, & 

Yang, 2019) and the Calinski-Harabasz index (Maulik & Bandyopadhyay, 2002). However, no 

method allows the deterministic identification of a unique optimal solution (Ikotun et al., 2023). 

In this study, the optimal number of clusters k was defined using a combination of four 

decisional methods, all of them indicating of k=3 as an appropriate dimensioning, yet, some 

uncertainty was still present. In fact, while the elbow point was not distinctly visible, the 

Davies-Bouldin index was relatively high, and the silhouette coefficient was close to zero, thus 

indicating that the clusters may not be very well separated, and the observations may therefore 

be close to the decision boundaries. Nonetheless, the results of the statistical tests showed the 

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 density-based 

clustering analysis to just two features (i.e., longitude and latitude), while the inclusion of 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 inclusion of multiple 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 features into the clustering process could yield valuable insights. 

Additionally, an arbitrary range of minimum cluster size for both heat and non-heat days, 

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 or Moranôs Index. 

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. Moreover, the 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 

socio-urban cluster including the most peripheral NIL had to be excluded from cluster-level 

analysis, thus impeding the evaluation of possible differences in urban and suburban zones. 

Given the underexplored nature of spatial regression modelling in socio-urban studies related 

to health, common guidelines for model selection and restriction have yet to be established. 

Consequently, our choice of a combination of AIC and likelihood 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 non-fatal emergencies. Further research should continue 

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 socio-urban characteristics on population CV_VtoH in different parts of a big city 

was proposed, taking into account local variability through the application of 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 socio-urban vulnerability 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 additional insights for equitable 

heat resilience strategies. Second, conducting comparative studies across cities with different 

socio-urban and historical contexts could reveal commonalities and differences in 

vulnerability, helping identify transferable best practices 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. (2024). Impact of 

meteorological variables on daily cardiovascular emergencies forecast during heat and non-

heat days: an explainable artificial intelligence approach. Manuscript submitted to ACM 

Transactions on Computing for Healthcare. 

 

 

 
 
 

Highlights: 
 

¶ RQ5: How can artificial intelligence be used to forecast CV emergencies in a big 

city considering meteorological parameters? 
 

¶ XGBoost, CatBoost and LSTM algorithms demonstrated strong predictive 

performance for CV emergency volume, with error rates nearing the random noise 

component of the time series. 
 

¶ XAI revealed minimal effects of temperature on CV emergency volume prediction 

on most days but a significant increase during the hottest days. 
 

¶ Trade-off between prediction accuracy and spatial resolution suggests that further 

optimization of ML-based solutions is needed to capture the dynamics of urban 

environments. 
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6.1. Introduction 
 

The term ñartificial intelligence" (AI) has been defined by John McCarthy as "the science and 

engineering of making intelligent machines" (Azer and Guerrero, 2023). The main task of 

machine learning (ML), a subset of AI, largely combining computer science and statistics, is 

to build systems that automatically improve with experience. For many learning problems, this 

approach represents a more time- and cost-efficient scenario compared to designing 

frameworks by anticipating every possible input-output pair (Helm et al., 2020). One of the 

three main ML paradigms, along with unsupervised and reinforcement, 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 models in this predicting task, providing evidence that 

AI -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 ARIMA (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-risk 

applications, such as those related to healthcare (Leichtmann et al., 2023; Praveen and Joshi, 

2022). However, since 2018 there has been a considerable increase in articles implementing 

AI to address various problems in emergency medicine (Piliuk and Tomforde, 2023). While 

traditional white-box ML models, such as linear regression or decision trees, are easily 

interpreted by humans, more complex black-box algorithms, including ensemble methods and 

neural networks, often achieving better performance, sacrifice interpretability (Loyola-

Gonzalez, 2019). To address this issue, recent research applying AI techniques has underlined 

the role of explainable artificial intelligence (XAI) capable of providing insights into the 

decision-making process of the algorithm (Praveen and Joshi, 2022; Angelov et al., 2021). 

Through the application of XAI approaches, the transparency and trustworthiness of AI-driven 

systems is enhanced, potentially leading to their wider adoption in real-world scenarios. The 

fundamental taxonomy of XAI techniques distinguishes between methods based on their stage 

of implementation (i.e., ante-hoc and post-hoc methods) and their scope (i.e., global and local 

methods), with selected methods being model-specific and the others model-agnostic 

(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 (Jiang et al., 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 forecasting. 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 articles 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, adding life-threatening risk. Accordingly, several 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., 2022), but relevant research 

implementing XAI 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 decision-making process between 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 process. To address 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 two-fold: 1) to propose an XAI framework for the 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 decision-making process, separately for heat and non-

heat days.  

 

6.2. Materials and methods 
 

The framework was tested on the city of Milan and separately on its three socio-urban clusters, 

i.e., Central, Residential and Peripheral, obtained though k-means clustering of the socio-urban 

features of 86 Nuclei of Local Identity of Milan, as described in the previous chapter. In this 

chapter, EMS data covering the period May-September 2017-2023 were used (i.e., including 

one additional year than all the previous analyses). All CV emergencies were included, with 

no further inclusion/exclusion criteria based on emergency place, patientôs age, gender, 

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 days were defined as those with mean daily AT above the 95th percentile of its 

annual distribution (19 warmest days each year i.e., coherently with previous analyses), for the 

purposes of this study non-heat days were selected as the 19 coldest days in the period May-

September for each year. 

 

6.2.1. Statistical processing and time series analysis 
 

Basic summary statistics of the data were computed: mean, median, minimum, maximum, 25th 

percentile and 75th percentile. The Kolmogorov-Smirnov test was used to test whether the data 

were normally distributed. Subsequently, the non-parametric Mann-Whitney U test and 

Kruskal-Wallis 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 Dickey-Fuller 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 to time-related 

characteristics (i.e., year, month, day of week and heat or not-heat day) was graphically 

summarised as boxplots for each of the three socio-urban 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 variables and (iv) socio-economic variables 

(Sudarshan et al., 2021; Petsis et al., 2022). 

Temporal features selected as independent variables for predictive modelling, allowing 

to control for seasonality and long-term trend, based on descriptive analyses included in 

Chapter 4, were: year, month, day of the week, day of the year and summer break period (i.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 binary variable 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 socio-urban clusters. The delay values included 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., 

lag0, lag1 and lag2) were considered. In this case, a ñlagò refers to the past (i.e., lag1 describing 

the previous day), not to the future (i.e., lag1 describing the next day), as in the case of 

distributed lag non-liner model performed in Chapter 4. Two common univariate feature 

selection methods were applied (Remeseiro & Bolon-Canedo, 2019): 

- 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 of these variables, 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 socio-urban clusters obtained already accounting for 11 socio-urban characteristics, as 

described in Chapter 5, no additional socio-economic feature was considered 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 Short-Term Memory 

neural network (LSTM) (Han et al., 2019; Kontopoulou et al., 2023; Karingula et al., 2021). 

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 output an explainable decision-

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) was also 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 socio-urban 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 May-September 2017-2022, and the test set, consisting of May-September 

2023. Each of the three models, for the whole city or for each socio-urban cluster, and with the 

inclusion or exclusion of the weather variables, underwent hyperparameter tuning. For 

XGBoost and CatBoost, a randomized search strategy with 5-fold cross-validation 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 cross-validation. 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 ranges of hyperparameters are summarized in Table 6.1, where 

the hyperparametersô names correspond to the names defined in the xgboost (Chen & Guestrin, 

2016), catboost (Prokhorenkova et al., 2018) and keras (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 Diebold-Mariano 

test at 0.05 significance level. This test was also used to assess the pairwise 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 the weather variables, 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 XAI.  

A sensitivity analysis of the final models for each geographical partition was conducted 

by creating its five additional versions for the May-September period of the years 2017-2018, 

2017-2019, 2017-2020, 2017-2021, and 2017-2022. In each iteration, the last year 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 as (1) the mean and (2) the median number observed 

between May and September 2017ï2022; an autoregressive model forecasting the number as 

the same as (3) on the previous day and (4) as observed 7 days earlier; and (5) a moving average 

model that calculates the number as the arithmetic mean of the values from the two preceding 

days. 

 

6.2.4. Explainable artificial intelligence 
 

To investigate the impact of the meteorological variables on the algorithmôs decision-making 

process, the SHapley Additive exPlanations (SHAP) technique, which is among the most 

commonly used XAI 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 estimated post-hoc (i.e., 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 average of the target variable (i.e., daily CV 

emergencies) in the training set along May-September 2017-2022, 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 XAI 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 as a summary 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 the y-axis. Each dot in it represents the SHAP value associated with each 
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prediction for the relevant feature; in addition, the dots are color-coded 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 predictions on heat days and non-heat 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 the x-axis) and its SHAP value (on the y-axis) for all 

the observations. For the purposes of this study, the dependence plot was used for the highest 

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 May-September 2017-2023, 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 the analysed period, 

there were cumulatively 133 heat days, during which 9,268 (12.24%) CV emergencies 

occurred, while 9,805 (12.95%) occurred during non-heat days. Considering each cluster, 

12.15% of the emergencies occurred on heat days in the Central cluster, 12.33% in the 

Residential cluster and 12.16% in the Peripheral cluster. 

The Augmented Dickey-Fuller test indicated that the time series of daily CV 

emergencies were stationary for all the three socio-urban clusters. The time series of daily CV 

emergencies for the whole city of Milan, decomposed into trend, seasonal component and 

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 COVID-19 lockdowns and 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 on 27-28/06/2019 when the mean daily AT recorded the 

highest and the second-highest value in the analysed period, respectively. 

 

 

 

 

 

 

 

 

 

 

 



 152 

Figure 6.1. Time series of daily cardiovascular (CV) emergencies in Milan in May-September 

2017-2023, decomposed into trend, seasonal component and residual. Red dots indicate heat 

days based on the applied criterion (see text for further detail). Mean daily apparent temperature 

(AT) is also shown overimposed to the daily emergencies. 

 

 
 

Based on the Kolmogorov-Smirnov test, the daily number of CV emergencies resulted not 

normally distributed in both the whole city and in its three socio-urban clusters. The median 

daily number of CV emergencies in the whole city during the analysed period was 71 (25th-75th 

percentile 61-80). Stratifying by socio-urban 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). The lowest median was 

observed in 2020 in the Central cluster (29 emergencies), and in both 2017 and 2020 in the 

Residential cluster (33 emergencies for both years). For 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 Kruskal-Wallis 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 was again the same 

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 cluster (36 emergencies). 

Conversely, the lowest median number was observed at the weekend - on Sunday 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 same for each day of week in the Peripheral 

cluster. Moreover, the second half of the week was characterised by particularly high outliers 

in all three socio-urban clusters, represented by dots in Figure 6.2. 

 When stratified by heat and non-heat 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 non-heat days, and 34 during heat days, but with 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 difference in the distribution 

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 May-September 2017-2023 for each of the three socio-urban clusters of Milan 

(i.e., Central, Residential, Peripheral), stratified by year, month, day of the week and heat days 
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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 socio-urban 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 to lag 5 when it 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 small peak at 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. From the second 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 0.10 for the 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. 



 156 

Figure 6.3. Autocorrelation plots for daily cardiovascular emergencies in May-September 

2017-2023 in the whole city and for its three socio-urban clusters (i.e., Central, Residential, 

Peripheral). Results outside the shaded area are significant at alpha=0.05. 

 
 

For the meteorological variables, three aggregates (i.e., mean, minimum and maximum), and 

three lags (i.e., lag0, lag1 and lag2) were considered. All six variables were highly correlated 

to each other, with Pearson correlations ranging from r=0.78 to r=0.99. The 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 correlation among the aggregates, the final three temperature 

indicators were chosen arbitrarily as mean daily AT (i.e., lag0), mean daily AT at lag1 (i.e., 

AT on the previous day), and mean daily AT at lag2 (i.e., AT two days before). In a real-world 

application of the forecasting model, the value of the mean daily AT at lag0 (i.e., the day for 

which the daily number of CV emergencies needs to be predicted) could be derived from 

existing meteorological forecasts.   

 

Table 6.2. Apparent temperature aggregates returned by the feature selection methods in the 

whole city, the Central cluster and the Residential cluster 

Method/socio-urban 

cluster 

Whole city Central cluster Residential cluster 

Pearson correlation mean, 

minimum, 

maximum 

mean,  

minimum,  

maximum 

mean,  

minimum,  

maximum 

Mutual information lag1 minimum, mean, lag 1 mean, 
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lag 1 maximum, 

lag 2 mean, 

lag 2 mean, 

lag 2 minimum 

lag 2 mean, 

lag 2 maximum 

 

In conclusion, five temporal variables and the COVID-19 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. Finally, for models 

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 their description, 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 on May 3rd for 

the Residential cluster, and on May 8th for 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. AT ï apparent temperature, CV ï 

cardiovascular. 

Variable Socio-urban cluster Description 

Year 

Whole city, Central, 

Residential 

An integer from 2017 to 2023 

Month An integer from 5 to 9 

Day of the week An integer from 0 to 6 

Day of the year 
An integer from 123 (Residential cluster) or 128 (whole 

city and Central cluster) to 273 

COVID-19 
A binary value of 1 for COVID-19 period (2020-2021) 

and 0 for other years (2017-2019, 2022-2023) 

August A binary value of 1 for August and 0 for other months 

(optionally) Lag0 mean 

daily AT 
A float value of mean daily AT 

(optionally) Lag1 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 

Lag1 CV emergencies 
An integer number of CV emergencies which occurred a 

day before 

Lag2 CV emergencies 
An integer number of CV emergencies which occurred 

two days before 

Lag7 CV emergencies Whole city, Central 
An integer number of CV emergencies which occurred 

seven days before 

 

Accordingly, after excluding first eight days of May, 19 coldest days in the remaining period 

were classified as non-heat days. The mean daily AT on non-heat days varied from 9.12 °C in 

2019 to 21.95 °C in 2022, with average mean daily AT equal to 16.61 °C (25th-75th percentile 

15.12 °C-17.96 °C). Summary statistics of mean daily AT for heat and non-heat days separately 

for each year are reported in Table 6.4. 
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Table 6.4. 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-

heat days 

Minimum 

(°C) 

25th percentile 

(°C) 

Median (°C) 75th percentile 

(°C) 

Maximum 

(°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 33.41 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, CatBoost, and 

LSTM, are reported in Table 6.5, together with the resulting MAE on the test set (i.e., daily 

CV emergencies in May-September 2023). All models except for CatBoost in the whole city 

slightly improved their performance when also including weather variables. 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 inclusion of 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 in the following 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 2017-2020 to 11.64 CV emergencies for the years 2017-2018 in the 

whole city (Table A6.1 in Appendix), from 5.83 to 7.34 CV emergencies for the years 2017-

2022 and 2017-2018 respectively in the Central cluster (Table A6.2 in Appendix), and from 

5.66 to 6.89 CV emergencies for the years 2017-2022 and 2017-2018 respectively in the 

Residential cluster (Table A6.3 in Appendix). 
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Table 6.5. The optimal hyperparameters for XGBoost, CatBoost and LSTM trained on train 

set (i.e., May-September 2017-2022), and the corresponding Mean Absolute Error (MAE) on 

the test set (i.e., May-September 2023) 

Model Socio-

urban 

cluster 

Weather 

variables 

Optimal hyperparameters MAE on 

test set 

XGBoost 

Whole city 

yes 

colsample_bytree = 1.0, learning_rate = 0.01, 

max_depth = 3, n_estimators = 500, 

subsample = 1.0 

9.61 

no 

colsample_bytree = 0.9, learning_rate = 0.01, 

max_depth = 7, n_estimators = 300, 

subsample = 0.8 

9.82 

Central 

yes 

colsample_bytree = 0.8, learning_rate = 0.01, 

max_depth = 7, n_estimators = 500, 

subsample = 0.9 

5.98 

no 

colsample_bytree = 1.0, learning_rate = 0.01, 

max_depth = 7, n_estimators = 500, 

subsample = 0.8 

6.07 

Residential 

yes 

colsample_bytree = 0.8, learning_rate = 0.01, 

max_depth = 7, n_estimators = 300, 

subsample = 1.0 

6.34 

no 

colsample_bytree = 0.9, learning_rate = 0.01, 

max_depth = 3, n_estimators = 500, 

subsample = 0.8 

6.71 

CatBoost 

Whole city 

yes 
iterations = 1500, depth = 3, learning_rate = 0.01, 

subsample = 1.0, colsample_bylevel = 0.8 

9.63 

no 
iterations = 300, depth = 3, learning_rate = 0.01, 

subsample = 0.9, colsample_bylevel = 1.0 

9.57 

Central 

yes 
iterations = 1500, depth = 3, learning_rate = 0.01, 

subsample = 0.8, colsample_bylevel = 0.8 

5.67 

no 
iterations = 500, depth = 3, learning_rate = 0.01, 

subsample = 1.0, colsample_bylevel = 0.9 

5.77 

Residential 

yes 
iterations = 2000, depth = 3, learning_rate = 0.01, 

subsample = 0.8, colsample_bylevel = 0.9 

6.44 

no 
iterations = 1000, depth = 3, learning_rate = 0.1, 

subsample = 1.0, colsample_bylevel = 0.9 

6.61 

LSTM 

Whole city 

yes 
batch_size = 64, num_epoch = 50, 

neuron number = 128, 64, 32, dropout = 0.3 

10.01 

no 
batch_size = 16, num_epoch = 50, 

neuron number = 128, 128, 64, dropout = 0.3 

10.25 

Central 

yes 
batch_size = 64, num_epoch = 100, 

neuron number = 128, 64, 64, dropout = 0.1 

6.32 

no 
batch_size = 8, num_epoch = 50, 

neuron number = 128, 128, 128, dropout = 0.3 

6.53 

Residential 

yes 
batch_size = 16, num_epoch = 50, 

neuron number = 128, 128, 64, dropout = 0.1 

6.54 

no 
batch_size = 16, num_epoch = 50, 

neuron number = 128, 128, 64, dropout = 0.3 

6.64 
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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., May-September 2023) for five 

simpler models. For details see section 6.2.3. 
 

Model ï forecasted number of CV 

emergencies equal to 

Socio-urban cluster MAE on test set 

Mean (of the training set) 

Whole city 11.52 

Central 6.89 

Residential 6.73 

Median (of the training set) 

Whole city 11.61 

Central 6.92 

Residential 6.73 

The previous day 

Whole city 13.41 

Central 8.0 

Residential 8.78 

7 days earlier 

Whole city 12.53 

Central 7.85 

Residential 8.2 

Arithmetic mean of two preceding days 

Whole city 12.3 

Central 7.53 

Residential 7.47 

 

In general, XGBoost forecast 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 in non-heat days (10.89%, 

15.93%, 16.68% respectively), but it was lower during the remaining days, i.e., days not 

classified as heat nor non-heat (16.14%, 19.29%, 22.98%).  However, in each geographical 

partition, according to the Kolmogorov-Smirnov test, the absolute percentage errors for both 

heat and non-heat days were not normally distributed, and their distribution in both defined 

meteorological conditions was the same, as indicated by the Mann-Whitney U test. The 

distribution of the absolute percentage errors is summarized in Figure 6.5. Its lowest median 

during heat was reached for the whole city (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 than non-heat days in one 

geographical partition ï the Central cluster. 
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Figure 6.4. 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, orange dots ï on predicted values curve. Violet dots 

indicate non-heat days on the true values curve, blue dots ï on 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 

decision-making process during heat than non-heat days, with mean daily AT at lag0 being the 

strongest contributor. The distribution of SHAP values during heat and non-heat days was 

significantly different for the mean daily AT at all lags (i.e., lags 0, 1 and 2) in all three 

geographical partitions. Moreover, the varying contributions 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 days, regardless of other characteristics, e.g., day 

of the year or holiday period. The summary plot 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 and non-heat days. Considering the strength of 

contribution of all the independent variables, it rose from fifth place during non-heat 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 from -1.3 during non-heat to 2.1 during 

heat days, with higher feature value associated with a higher positive contribution. The 

maximum contribution of the mean daily AT at lag0 during heat days was equal to 9.04, ranking 

as the fourth-highest among all variables, following the lag1 mean daily AT and the lag1 CV 

emergencies which exceeded the SHAP value of 12 for three observations. Additionally, while 

the lag1 of the AT was the second-lowest contributing variable during non-heat days, it rose 

by five positions during heat days. Interestingly, on non-heat days, lower values of the lag1 

and lag2 mean daily AT increased the forecasted number of CV emergencies. 

The mean daily AT at lag0 was the highest contributing variable in the Central cluster 

in non-heat days, and the third-highest during heat. On heat days, the SHAP values tended to 

be concentrated around the median of 1.82, with a relatively narrow min-max range from 0.54 

to 4. While during non-heat days, the AT lagged by one day placed as the third-lowest 

contributor, during heat days, the impact of its highest values on the model prediction was 

considerable, reaching the maximum value of 6.04, the highest among all 12 considered 

variables. 








































































































