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Summary  

Extreme temperatures have a profound effect on the health of the most susceptible populations, in 

particular older adults. While adaptive capacity is known to reduce temperature-related health risks, its 

influence on identifying the most vulnerable regions remains underexplored. We address this gap by 

computing and mapping vulnerability as a function of extreme temperature, age composition (65+), and 

the human development index (HDI) at the subnational level across Europe. We calculate the relative 

change in vulnerability, measured as person-days of exposure, with the inclusion of HDI as a 

multiplicative scaling factor. Our results indicate that vulnerability is largely driven by exposure to 

extreme cold. However, after incorporating adaptive capacity we find Eastern and Southern Europe to be 

highly vulnerable areas, whereas vulnerability in Northern regions is lower than previously estimated. 

These findings underscore the importance of incorporating cold exposure and adaptive capacity in the 

analysis of population vulnerability to temperature extremes.  
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1.       Introduction  

The co-occurrence of climate change-related increase in temperatures and an aging global population are 

expected to increase temperature-related vulnerability over the next century, and are already impacting 

health and mortality around the world [1], [2], [3].  Driven both by exposure rates and by population 

characteristics, vulnerability may be unevenly distributed within and across countries. Older adults (ages 

65+) are particularly sensitive to extreme temperatures [4], [5], [6], [7], and the likelihood of temperature-

related illnesses or mortality may be compounded if a given place has an increased proportion of highly 

sensitive individuals. Yet, it remains unclear the extent to which a region’s adaptive capacity may alter 

overall vulnerability [8].  

Previous research has predominantly focused on disparities in vulnerability in older adults, due to heat 

exposure within the US [1], globally [9], and on the rural-urban gradient in Europe and other country 

contexts [3], [10]. In the US, global warming and population aging is expected to determine highly 

vulnerable locations in areas such as Florida, and parts of the rural Midwest by 2050 [1]. At the global level, 

Africa and Asia are predicted to become the most vulnerable to heat, mostly due to population growth and 

population ageing [9]. Importantly, these world regions are also the least adapted to face such environmental 

exposures lacking critical adaptive capacity. For Europe, Fastl et al. [10] discuss spatial inequalities in heat 

exposure across the European rural-urban gradient. The authors stress how older adults in urban areas are 

more exposed to heat extremes, but in rural areas individuals might be less adapted to face such exposure. 

From a global perspective, Chen et al. [3] project spatial heterogeneity in adverse temperature exposure and 

attributable mortality in urban areas. With anticipation of driving factors such as low income and city size, 

this study discusses the importance of targeted adaptive capacity strategies to effectively manage hot and 

cold temperature risks for aging populations [3]. However, a clear gap remains in studies estimating 

vulnerability due to cold exposure, adaptive capacity programming and on the European context – which 

is experiencing faster population ageing and warming compared to other global regions and could 

experience sudden cooling due to the collapse of the Atlantic meridional overturning circulation (AMOC) 

[11], [12], [13].  

With uneven impacts of climate change, this work addresses several existing limitations in this field. First, 

previous works often exclude cold temperatures [1], [9]. While the narrative of temperature related deaths 

are intuitively linked to heat, Gasparrini et al. and others find that exposure to cold is a larger driver of 

attributable mortality [14], [15]. Second, temperature-related vulnerability research often fails to consider 

the role of adaptive capacity. Empirical work details the relation between health [16], [17], [18], standard 

of living [19], [20], [21], [22], education [4], [23], [24], income [25], [26], [27], and a place’s ability to 

respond to a given hazard. Finally, no consensus has been reached on what measures can be used as 

quantitative proxies for adaptive capacity, particularly in a cross-country context  [28]. For instance, Lloyd 

et al. use life-expectancy [29], Das et al. create a composite index for the Indian Bengal Delta composed of 

literacy rates, housing, sanitation, and agriculture (among others) [30], while Weis et al. focus on asset-

based resources such as workforce, social networks and property insurance in Granada [31].  

Our analysis pivots around the concept of vulnerability as developed by the IPCC [32], defined as a function 

of exposure, sensitivity, and adaptive capacity. This framework has been applied in climate research [30])  

and utilized in epidemiological studies [33], although the definition and analytical approach to quantifying 

vulnerability is varied. For our analysis, we combine three sub-indices (exposure, sensitivity, and adaptive 

https://www.zotero.org/google-docs/?yo3QpW
https://www.zotero.org/google-docs/?R9qxQr
https://www.zotero.org/google-docs/?xkaorn
https://www.zotero.org/google-docs/?QFtpa9
https://www.zotero.org/google-docs/?yBf65G
https://www.zotero.org/google-docs/?f8iaKa
https://www.zotero.org/google-docs/?Swk9Nd
https://www.zotero.org/google-docs/?qVY1ps
https://www.zotero.org/google-docs/?9L5hHf
https://www.zotero.org/google-docs/?p6VGuQ
https://www.zotero.org/google-docs/?DIMXyV
https://www.zotero.org/google-docs/?3u10yI
https://www.zotero.org/google-docs/?gV8R80
https://www.zotero.org/google-docs/?fAmfCp
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https://www.zotero.org/google-docs/?lvvA5e
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capacity) together multiplicatively, similar to the approach used by others [31], [34]. We define exposure 

as the extent to which a location is subjected to a hazard (such as adverse climate conditions), sensitivity as 

the degree to which the population is susceptible to such hazards, and adaptive capacity as the population’s 

ability to cope with or respond to these hazards. We operationalized the concept of vulnerability (VESA) 

according to the following equation: 

𝑉 =  𝐸 ∗  𝑆 ∗  𝐴, 

where E represents Exposure, S represents Sensitivity, and A represents Adaptive Capacity. 

With this operationalization of vulnerability, we first calculate vulnerability across Europe by sensitive 

person-days of exposure to extreme temperature. Second, we measure vulnerability with the introduction 

of the Human Development Index (HDI) as a proxy of adaptive capacity. Third, we offer a comparison of 

adaptive capacity results with the use of additional proxies of resilience (i.e., a self-constructed Health 

Adaptive Capacity (HAC) Index, GDP, and life expectancy at birth).  

We address two research aims: (1) understanding the geographic distribution of vulnerability across Europe 

by sensitive person-days of exposure to extreme hot and cold temperatures and (2) evaluating differences 

in computed vulnerability with the inclusion of a term for adaptive capacity. We further compare various 

potential indicators as proxies of adaptive capacity.  

2.     Results  

Multiplicatively combining exposure and sensitivity, we map vulnerability (Fig. 1c) at the subnational 

(NUTS 3) level and separately examine each component: the average number of extreme temperature days 

in a year (Fig. 1a) and the mean proportion of the population aged 65 and over per 100,000 (Fig. 1b) from 

2014-2020. Extreme temperature is defined as a UTCI temperature above 26° or below 0° Celsius (79°F 

and 32°F respectively). The most vulnerable regions, measured as person-days of exposure, occur 

predominantly in Northern Europe. There is no consistent North-South spatial patterning in the rate of older 

adults, however, the highest exposures among NUTS 3 regions are located in Scotland and Scandinavia, 

suggesting that temperature exposures are a main contributor to spatial disparities in European 

vulnerability.  

https://www.zotero.org/google-docs/?6khnLT
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Figure 1: Extreme temperature, susceptibility and vulnerability in Europe. Figure 1a. The relative mean number of 

exposure days in a year (low, mid, high) to extreme temperatures both hot and cold are represented in purple. The north-south 

gradient in exposure is similar to that seen for vulnerability as a whole. Figure 1b. Aging population, measured as the proportion 

of the population aged 65+.  Figure 1c. Vulnerability, computed as person-days of exposure are represented for each region (figure 

1c is the product of figure 1a and 1b). Under this metric, the most vulnerable regions are primarily located in Northern Europe.  

Extreme cold exposure as main contributor to spatial disparities in Europe 

We find that extreme cold appears to be a large driver of spatial disparities in European temperature 

vulnerability  (Fig. 2a). The distribution of cold days does not mirror hot days. In areas that experience cold 

winters, the number of cold days is typically larger than the number of hot days occurring in regions that 

experience hot summers (Fig. 2b). Across Europe the median number of extreme cold days in a year within 

a NUTS 3 region is 99.43 days while the  median number of extremely hot days is 5.43 days. Most regions 

experience fewer than 25 extreme heat days in a year, yet more than 75 percent of regions experience greater 

than 50 cold days (see SI figure A.1 for spatial distribution of hot and cold days).  
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Figure 2: Cold as compared to heat exposure. Figure 2a. Spatial distribution of cold extremes. The shade of blue represents 

the relative number of days (low, mid, high) in a year designated as an extreme cold day (< 0℃), averaged over the period 2014-

2020. Extreme cold is most prevalent in Northern Europe: Scotland, Poland and Scandinavia. Figure 2b. Distribution of hot and 

cold days across Europe, the median and interquartile range of the yearly average number of hot and cold days in each NUTS 3 

region. Most regions (75%) have fewer than 25 extreme heat days a year, but greater than 50 extreme cold days.  

Adaptive capacity changes spatial disparities in temperature vulnerability 

Comparing the change in vulnerability with the inclusion of adaptive capacity (Fig. 3a), we find that 

vulnerability may be overestimated in many regions of Europe when adaptive capacity is not included in 

the computation (Fig. 3b-c). For this calculation, we utilize the Human Development Index (HDI) as a 

proxy for adaptive capacity for two primary reasons. First, the HDI is a composite indicator incorporating 

measures of population health (life expectancy), knowledge (years of schooling), and standard of living 

(GNI per capita). Second, gridded estimates of the HDI are available [35], allowing us to analyze 

vulnerability at a small (NUTS 3) spatial scale (SI figure A.2). We scale the measure of adaptive capacity 

such that NUTS 3 regions with a measure of HDI below the European average have increased vulnerability 

when accounting for adaptive capacity, and thus, regions with above average HDI have reduced 

vulnerability. As such, this measure of vulnerability should be interpreted as relative to the European 

average.  

While incorporating HDI does not increase the range of Europe-wide differences in vulnerability, it does 

reduce the overall vulnerability of the areas with the highest number of person-days of exposure (Fig. 3c). 

In particular, regions with the highest values of vulnerability are overestimated (Norway, Northern 

Germany, parts of the UK) while some previously mid-ranked regions experience a large increase in 

calculated vulnerability when considering adaptive capacity. We see this particularly in Eastern Europe: 

Romania, Northern Bulgaria, Northern Serbia, Poland, Hungary and to a lesser extent in the Czech 

Republic. The impact of adaptive capacity operates primarily on the country-scale. While there exists some 

https://www.zotero.org/google-docs/?4Mwy9f
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within-country variation - in particular, large cities (London, Paris) have noticeably higher HDI - a greater 

proportion of variance in HDI is attributable to between-country differences (89%) as compared to within-

country (i.e. between) NUTS 3 region differences (11%). Overall, across the distribution of vulnerability 

values, omitting adaptive capacity results in smaller overestimates, and larger underestimates, of adaptive 

capacity (Fig. 3c). However, the difference in the density distribution demonstrates that vulnerability is 

predominantly overestimated when adaptive capacity is omitted from the calculation. 

 

Figure 3: Change in vulnerability with the inclusion of adaptive capacity. Figure 3a. The percent change between V=E*S 

and V = E*S*A. Northern and Western Europe see a decrease in calculated vulnerability, while Eastern and Southern Europe are 

deemed more vulnerable with the new equation. Figure 3b. Vulnerability = E*S*A. Figure 3c. Relative changes in numerical 

value of vulnerability, when using different components (E*S vs E*S*A) for each NUTS 3 region is displayed, by (adjusted) 

person-days of exposure on the x-axis. NUTS 3 regions are displayed ranked by vulnerability (from low to high) along the y-axis. 

The change in vulnerability between the two equations is denoted by the gray lines. Note that the distribution of numerical values 

for vulnerability has a near-identical range for both equations. Given that the peak of the distribution is noticeably lower we 

conclude that vulnerability of many of the regions is overestimated when adaptive capacity is not included. 

Quantifying Adaptive Capacity 

Adaptive capacity is multifaceted, with no single measure likely to capture all aspects of a population's 

ability to adapt to environmental threats. We compare four alternative measures of adaptive capacity: the 
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composite Human Development Index (HDI), a constructed Health Adaptive Capacity (HAC) index, GDP, 

and life expectancy at birth. As different proxies, each measure highlights a different perspective on 

elements that contribute to adaptive capacity. This analysis was conducted at the NUTS 2 level due to data 

constraints: life-expectancy and many of the variables included in the composite HAC index are only 

available at a NUTS 2 spatial resolution (see SI figure A3). Nevertheless, our comparison of measures of 

adaptive capacity at the NUTS 2 level likely reflects the relationship at the NUTS 3 level as well. We 

assessed the proportion of variance in HDI attributed to each spatial level (country-level, NUTS 2 and 

NUTS 3) using a multilevel model with random intercepts at the NUTS 2 and country level, finding that 

the largest proportion of variance in HDI is attributable to between-country differences (79%). Within-

country, but between NUTS 2, differences account for 20 percent  of the total variance in HDI. Meanwhile, 

differences between NUTS 3 within a NUTS 2 region account for only 1 percent of variability.  

Table 1. Spearman correlation coefficient between proxies of adaptive capacity, displays the mean (range) of the pairwise 

correlation coefficients across the years considered: 2012-2021 for HAC, 1990-2015 for HDI, 1990-2022 for life expectancy, and 

GDP from 2000-2022. Only years for which both measures are available are included in each pairwise comparison. Life expectancy 

has a low correlation with the other measures (on average <0.55), while GDP, HDI and HAC have a strong correlation (on average 

>0.82). The two composite indicators produce similar results and likely capture more aspects of adaptive capacity than life 

expectancy alone. 

 GDP HAC HDI 

Life expectancy at 

birth  

0.545 (0.457 - 0.716) 0.378 (0.324 - 0.481) 0.527 (0.383 - 0.637) 

GDP  0.841 (0.832 - 0.849) 0.822 (0.803 - 0.844) 

HAC   0.857 (0.849 - 0.864) 

 

Calculating a pairwise correlation (Table 1) between each proxy of adaptive capacity revealed that the two 

multidimensional indicators, HDI and the HAC Index, are highly correlated with each other and with GDP 

per capita (𝜌>0.8) across all years. This may be because GDP is used in the construction of these composite 

indicators and may be the most influential factor. Alternatively, the strong correlation may be because 

economic advantage leads to better healthcare and infrastructure access. However, life expectancy, while 

crucial as an indicator of the health status of a population, was found to have low correlation with the other 

adaptive capacity measures on average (on average 𝜌<0.55). Similar results hold for life expectancy at age 

65 (SI Table A.4). This discrepancy underscores the importance of considering multiple metrics when 

assessing adaptive capacity.  

 

3.  Discussion and Conclusion  

In this paper, we deepen our understanding of climate-related spatial inequality and adaptive capacity by 

descriptively analyzing extreme temperature vulnerability across Europe. We began by defining extreme 

temperature vulnerability as a function of extreme temperature exposures and the proportion of older adults 



8 

within a NUTS 3 region. We then accounted for the adaptive capacity of a said region when computing 

extreme temperature vulnerability. In sum, our results have  three main takeaways.  

First, we find that extreme cold temperatures appear to be a large driver of spatial disparities in European 

vulnerability to extreme temperatures. While extreme heat has been the primary focus of studies on the 

demographic implications of extreme temperatures [1], [9], our findings suggest extreme cold is most 

prevalent throughout Europe. Thus, cold may currently be a larger driver of temperature related health and 

mortality risk in Europe. This finding is consistent with prior work in the region which has found higher 

rates of cold induced mortality and morbidity compared to extreme heat [6], [14], [36].  

Second, adaptive capacity should be included in the operationalization of vulnerability, as without adaptive 

capacity vulnerability may be overestimated in many regions of Europe. Incorporating HDI as a 

multiplicative scaling factor does not increase Europe-wide differences in vulnerability, rather regions with 

high person-days of exposure are less vulnerable and mid-rank areas are identified as relatively more 

vulnerable. This approach allows researchers to evaluate relative vulnerability across a study region in a 

manner that reflects individual’s lived experiences of extreme temperature, captures resiliency strategies, 

and more accurately identifies regions at high risk for temperature-related health outcomes. In particular, 

Eastern Europe is identified as being at high risk of adverse events related to extreme temperature, a finding 

consistent with the literature on heat and cold attributed mortality in Europe [37], [38], [39]. 

Third, applying a scaled HDI as a measure of adaptive capacity allows us to map capacity at a fine spatial 

resolution across multiple countries. HDI is a rough proxy that captures many (but not all aspects) of health 

related resiliency and infrastructure including GDP, as can be seen from the high correlation with HAC. 

Subnational estimates of GDP may also be an alternative proxy when data to produce composite indicators 

are not available; although other proxies such as life expectancy should be treated with caution. Life 

expectancy, for example, reflects mortality patterns in a population and does not measure negative health 

outcomes that do not result in death (e.g. heat stroke, hypothermia). Thus, it likely underestimates the health 

impacts of extreme temperatures.  

Our analysis does not come without limitations. First, like other studies on the health and mortality 

implications of extreme temperatures, our definition of hot and cold days may not fully reflect the hazard 

of a temperature in a given region. For example, we define any temperature below 0° degrees Celsius as 

extremely cold, based on the risk categories defined by the UTCI, which may not be threatening 

temperatures in places that regularly experience sub-zero temperatures such as Northern Scandinavia. 

Second, subnational estimates of HDI require some amount of data imputation and may not capture the full 

range of factors that mitigate the impacts of extreme temperatures, such as the availability of heating and 

cooling technologies [9], [40]. Nevertheless, our study provides evidence that suggests adaptive capacity 

influences vulnerability to extreme temperatures. We encourage future studies to further refine measures 

of adaptive capacity and improve data collection and integration. Third, our analytical strategy does not 

analyze specific temperature related health or mortality outcomes. While there is a large body of literature 

suggesting extreme hot and cold temperatures are associated with increased negative health outcomes and 

mortality, we do not investigate if the association between extreme temperature and health is of a similar 

magnitude in this study. If, for example, extreme heat is associated with larger increases in mortality and 

negative health outcomes in comparison to extreme cold, our results may be overestimating the impact of 

extreme cold on overall vulnerability. Nevertheless, our mapping of spatial disparities in vulnerability due 

https://www.zotero.org/google-docs/?voofTs
https://www.zotero.org/google-docs/?xEl6al
https://www.zotero.org/google-docs/?hQFUQY
https://www.zotero.org/google-docs/?qIsAQh
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to heat and cold resembles that of existing studies on mortality in Europe [14]. Fourth, we are unable to 

measure the geographical distribution of other populations that may be more susceptible to extreme 

temperatures, such as those with chronic conditions, due to data limitations. Our results may be biased if 

regions tend to have fewer older adults and more people with chronic conditions. Finally, with our 

construction of vulnerability, we are unable to quantify numeric differences in extreme vulnerability. We 

instead focus on ranking NUTS 3 regions based on their overall score which does not account for the 

magnitude of differences in vulnerability across places. However, this method is useful for understanding 

which places are more or less vulnerable compared to the rest of Europe. 

Despite the above-mentioned limitations, our methodological approach supports the need for continued 

investigation of temperature-related health vulnerability, with special attention to adaptive capacity. Key 

factors (e.g, age, pre-existing health conditions, severe material and social deprivation) are known to 

influence older individual climate vulnerability, yet the role of population resiliency remains understudied 

[41]. While Europe is a relatively data-rich context, our incorporation of adaptive capacity proxies in this 

analysis is a result of time-intensive exploration of imputation and modeling processes. Improvements to 

data availability (e.g., geographic scaling, spatial and temporal coverage) are greatly needed to better 

understand vulnerability inequalities across places. With more available data, the assessment of population 

health vulnerability to adverse climate exposures should be extended globally, particularly for regions 

experiencing extreme temperatures alongside low adaptive capacity. In all, investments in data 

accessibility, medical resource services, and policy programming related to adaptive capacity are needed to 

adequately address inequalities in vulnerability. Our innovative comparison of two vulnerability calculation 

approaches offers a useful methodological basis for future research, and furthers our understanding of place-

based vulnerability. 

 

4. Data and Methods  

We calculate vulnerability across Europe by sensitive person-days of exposure to extreme temperature by 

integrating high-resolution temperature data from the Copernicus Data Store and demographic data from 

Eurostat to compute vulnerability from 2014 to 2020 [42]. We use the Universal Thermal Climate Index 

(UTCI) to construct measures of extreme heat and cold. The UTCI is a measure of temperature that better 

represents how the human body experiences a temperature as it offsets the temperature by humidity, wind, 

and solar radiation. We compute a weighted spatial average of the temperature grid cells within each 

subnational  (i.e., NUTS 3) region to generate a daily measure of temperature, and subsequently, the number 

of extremely cold and hot days in a year at a fine spatial resolution. Following UTCI guidelines for moderate 

thermal stress, we denote days above 26° degrees Celsius as moderately to extremely hot and days below 

0° degrees Celsius as moderately to extremely cold [43]. Temperature data did not include European 

territories overseas (e.g. French Departements d’Outre Mer) and the UK Shetland Islands.  

To measure the sensitive population in each region, we draw demographic data from Eurostat at the NUTS 

3 geographic level. We compute the average rate of adults 65 years and older per 100,000 inhabitants from 

2014 to 20201. At age 65, adults are past the eligible age for retirement across most European countries, 

 
1 2014 is the earliest year at which population data is available at this spatial resolution 

https://www.zotero.org/google-docs/?B8x8NZ
https://www.zotero.org/google-docs/?pAqMaj
https://www.zotero.org/google-docs/?7hQ6rt
https://www.zotero.org/google-docs/?FAqAbm
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and have taken their pension [44], [45], [46]. The spatial distribution of older adults is very similar if we 

consider age 75 or older (SI figure A.5). Only three countries had regions with missing data, for fewer than 

3 years (Serbia missing 2014-2016, Sicily 2019-2020, and the UK 2020).  

A quantitative measure of vulnerability is calculated as person-days of exposure per 100,000 people for a 

NUTS 3 region. This is obtained by multiplying the rate of older adults per 100,000 people by the average 

extreme temperature days across the study period (2014-2020). High values of vulnerability thus reflect 

higher exposure and (or) greater susceptibility. Pooling across years enables us to capture long-term 

regional differences in vulnerability, as well as produce estimates that are less sensitive to single-year 

fluctuations in temperature.  

To investigate the second research aim, we measure the change in vulnerability with the introduction of the 

adaptive capacity term. We operationalize adaptive capacity by considering the Human Development Index 

(HDI) measure for each region. HDI is a composite-based indicator consisting of measures representing 

longevity and health (life expectancy at birth), knowledge (years of schooling), and standard of living (GNI 

per capita) created by the United Nations Development Program at a national scale [47]. As such, HDI is 

an appropriate measure of capacity as it captures an estimate of a region’s economic resources (a key 

component of a region’s ability to institute adaptation measures such as social services and infrastructure), 

average population health, and the resources of the individuals residing in that region. HDI is a unit-less 

value, ranging from 0 (low capacity) to 1 (high capacity). Subnational, gridded estimates of HDI have been 

produced by incorporating subnational-level data from Eurostat, where available, alongside imputation, to 

downscale national measures of HDI  [35]. We aggregated gridded HDI to the NUTS 3 level by taking a 

spatial mean of values for all grid cells overlapping the NUTS region polygons, weighted by the proportion 

of overlap between a given grid and polygon.  

We adjust vulnerability to account for a region’s adaptive capacity by transforming HDI into an ‘adaptive 

capacity multiplicative factor’ that is centered at 1 and alters vulnerability based on adaptive capacity 

relative to the rest of Europe. The adaptive capacity multiplicative factor allows us to interpret vulnerability 

such that a region with 20 percent higher adaptive capacity than the EU average is considered to have a 

vulnerability (with respect to the EU) reduced by 20 percent. We define the adaptive capacity multiplicative 

factor for a given region as: 

𝐴 =  
1 −  𝐻𝐷𝐼

𝐸𝑢𝑟𝑜𝑝𝑒𝑎𝑛 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐻𝐷𝐼
 

 

Our calculation of vulnerability is as follows: 

V = Avg. Number of Days per Year * Pop. 65+ per 100,000 * A 

We further compare four potential proxies of adaptive capacity: HDI, Health Adaptive Capacity Index 

(HAC), Gross Domestic Product, and life expectancy at a NUTS 2 spatial resolution2. GDP per capita is a 

proxy for economic development and standard of living, and it reflects the overall capacity of a place to 

 
2 Other than HDI, data for these measures is only available at a NUTS 2 spatial resolution 

https://www.zotero.org/google-docs/?mSNsWA
https://www.zotero.org/google-docs/?XWhx0c
https://www.zotero.org/google-docs/?Z5KWoA
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respond to environmental or social challenges [48]. We use life expectancy at birth as it indirectly captures 

the health status of a population and the efficacy of health care. As such it might be considered as an 

indicator of the resources and well-being of a population [49]. In a supplemental analysis we consider life 

expectancy at age 65 as an indicator of the health of older adults. We also create an alternative 

multidimensional measure of adaptive capacity, that we denominate the Health Adaptive Capacity (HAC) 

Index. Our HAC Index includes a component for (1) health care and (2) well-being. This measure is based 

on the IPCC definition of adaptive capacity [50]. Variables included to capture various dimensions of health 

care and well-being are drawn from the World Health Organization (WHO) Operational Framework (health 

workforce and infrastructure) [51], and are widely accepted in the climate-health related adaptation 

literature [52], [53], [54], [55]. The HAC Index was developed3 by following the guidelines of the COIN 

tool for composite indicator design developed by the European Commission [56]. We provide a detailed 

description of the steps taken to create the HAC Index in the Supplementary Information in Section B. 

Measures are compared by constructing a pairwise rank-rank comparison and calculating a Spearman 

correlation coefficient. That is, we test for whether the relative ordering of regions by adaptive capacity 

differs between two indicators. Correlations were calculated for each year that data for both indicators in 

the pairwise comparison were available. It should be noted that the timeframe for data availability at the 

NUTS 2 level differs for each measure: 2012-2021 for HAC, 1990-2015 for HDI, 1990-2022 for life 

expectancy, and GDP from 2000-2022. 

To analyze geographic differences in adaptive capacity, we compare the within-country to the between-

country variation in HDI values across Europe. In addition, this allows us to assess the extent to which our 

intercomparison of proxy measures at the NUTS 2 level may be reflective of the NUTS 3 level. We compute 

the proportion of variance in HDI (i.e., within-country compared to between-country difference) by 

extracting the variance at each level from a null multilevel model for HDI with country-level (and NUTS 2 

level) random intercepts. Following Boing et al., the proportion of variance in HDI attributed to each level, 

i, is defined as 
𝑣𝑎𝑟(𝑖)

𝑣𝑎𝑟(𝑡𝑜𝑡𝑎𝑙)
 [57]. 

5. Resource Availability 

Data Availability  

This paper analyzes existing, publicly available data, accessible from the following sources:  

● Temperature data are available from [Copernicus] 

(https://cds.climate.copernicus.eu/datasets/derived-utci-historical?tab=overview).  

● HDI raster data are available from Dryad Data with [DOI:10.5061/dryad.dk1j0]  

(https://datadryad.org/stash/dataset/doi:10.5061/dryad.dk1j0).  

● NUTS and country shapefiles are available from Eurostat at [Eurostat_NUTS] 

(https://ec.europa.eu/eurostat/web/gisco/geodata/statistical-units/territorial-units-statistics) and 

[Eurostat_Country] (https://ec.europa.eu/eurostat/web/gisco/geodata/administrative-

units/countries).  

 
3 See Supplementary Information for methodology 

https://www.zotero.org/google-docs/?ISfzkm
https://www.zotero.org/google-docs/?Sfwz3l
https://www.zotero.org/google-docs/?crxtJk
https://www.zotero.org/google-docs/?6N5gnP
https://www.zotero.org/google-docs/?aLUqsz
https://www.zotero.org/google-docs/?73Uyf4
https://www.zotero.org/google-docs/?VrPid0
https://cds.climate.copernicus.eu/datasets/derived-utci-historical?tab=overview
https://datadryad.org/stash/dataset/doi:10.5061/dryad.dk1j0
https://ec.europa.eu/eurostat/web/gisco/geodata/statistical-units/territorial-units-statistics
https://ec.europa.eu/eurostat/web/gisco/geodata/administrative-units/countries
https://ec.europa.eu/eurostat/web/gisco/geodata/administrative-units/countries
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● Life expectancy and GDP are also available from Eurostat through the R package eurostat with 

[DOI:10.32614/CRAN.package.eurostat](https://cran.r-

project.org/web/packages/eurostat/index.html).  

Data Availability 

All original code has been deposited on GitHub at https://github.com/haskellcraigz/VESA_NotJustHeat 

and will be made publicly available as of the date of publication. 

 

Lead Contact 

Requests for further information and resources should be directed to and will be fulfilled by the lead 

contact, Zoé Haskell-Craig (zjh235@nyu.edu). 
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Supplementary Information 

Section A:  

A.1 Spatial distribution of extreme heat and cold across Europe for the study period  

 

Figure A1: Average yearly number of extreme temperature days, stratified by (A) heat (above 26°C) and (B) cold (below 0°C).  
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A.2 Spatial distribution of adaptive capacity 

 

Figure A2: Values of the adaptive capacity multiplicative factor across Europe. Here we use HDI as a proxy for adaptive 

capacity, and scale A such that a value of 1 indicates a region shares the EU mean HDI. High values of A indicate low adaptive 

capacity.  
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A.3 Spatial distribution of four proxies of adaptive capacity 

 

 

Figure A3: Mean values of (A) HDI, (B) GDP, (C) HAC, and (D) life expectancy at birth at a NUTS 2 resolution.  
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A.4 Life expectancy at age 65 as a proxy for adaptive capacity 

Table A.4 displays the mean and range of the correlation between other proxies of A (GDP, HAC, and HDI) and life expectancy 

at age 65.  

 GDP HAC HDI 

Life expectancy age 65 0.488 (0.377 - 0.711) 0.380 (0.317 - 0.491) 0.540 (0.385 - 0.713) 

 

 

A.5 Comparison of age threshold to define older adults 

 

Figure A.5 The spatial distribution of the proportion of the population aged 75 and over (A) and aged 65 and older (B). The 

variance between NUTS 3 regions within each country is displayed (C-D). Although the proportion of the population aged 65+ is 

much higher, the distribution of relatively older and younger populations across Europe is very similar for both age cut-offs.  
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Section B: Constructing the HAC  

To complement our use of standard measures of economic development (e.g. HDI) to define adaptive 

capacity, we constructed a Health Adaptive Capacity (HAC) Index. Our index goes beyond commonly 

accepted resiliency proxy measures by including factors related to the health sector that are  relevant to the 

context of aging populations. Our use of composite based indicators fills a literature gap by better 

understanding resilience to extreme temperatures over time [1], [2]. The HAC Index was developed by 

following the guidelines of the COIN tool for composite indicator design produced by the European 

Commission (Becker et al., 2022), using the R package COINr, which provides a highly flexible 

environment for the creation and analysis of composite indicators and scoreboards. Our tool is specifically 

designed based on a five-year aggregation spanning the period from 2012 to 2021, focusing on NUTS 2 

regions in Europe. Below, we provide a description of the steps carried out to develop our composite based 

indicator (Figure B1). 

 

 

Figure B1. Development and operationalization of the Health Adaptive Capacity (HAC) Index.  This flowchart shows all the 

steps carried out to develop this composite based indicator. 

B.1 Conceptual Framework 

The framework for our HAC index is based on two key components: health care and well-being. Each 

component consists of four indicators. Thus, the organization of our HAC index includes a total measure 

value of eight indicators (Figure B2). The health care component encompasses the availability and 

accessibility of healthcare infrastructure and personnel. These resources are crucial for a population's 

capacity to cope with health crises, and additionally enhances a region's ability to provide timely and 

effective medical care. Our second component, well-being, is a critical determinant of a population's 

adaptive capacity, as it allows us to consider the socioeconomic conditions influencing how well individuals 

https://www.zotero.org/google-docs/?fw16GI


22 

and communities adapt to environmental changes and recover from health-related shocks. The selection of 

the indicators comprising these two components was based on the availability of data and a review of 

climate-health adaptive capacity literature [3], [4]. All of the indicators included in the final version of the 

index were selected based on our review of the literature. The four health care component indicators consist 

of distance to hospitals [5], [6], [7], [8] the European Quality of Government Index (EQI) [9], [10], 

employment in technology [11], [12], [13], and the number of hospitals [14], [15]. While the well-being 

component indicators include primary household income [16], [17], [18], GDP [19], [20], tertiary 

population education [21], [22], [23], and employment rate [24], [25]. The combination of health care and 

well-being components within the HAC Index provides a comprehensive proxy of a NUTS 2 region's health 

adaptive capacity, considering  the health system and  socio-economic context of a given place. 

 

Figure B2. Theoretical framework  of the Health Adaptive Capacity (HAC) Index.  The HAC Index structure (entailing 

components, denominations and dimensions and respective weights) 

B.2 Methodology  

The following sections describe how we progressed through the steps outlined in Figure B1 to 

operationalize the HAC Index. 

B.2.1 Data processing  

Most of the data used for our analysis was obtained by the Eurostat database, which contains a wide range 

of freely available and accessible statistical information from European Union (EU) and EU candidate 

countries. Additional data were obtained from open-source databases, as detailed in Table B3. We used a 

threshold of less than 30 percent missing data to select the indicators composing the final version of the 

HAC index, to ensure reliability and non-distortion of results [26]. We used both Pearson and Spearman 

correlation to check for redundancy among the variables, and we also used Cronbach Coefficient Alpha to 

measure internal consistency in the set of individual indicators for each index component. 

 

https://www.zotero.org/google-docs/?7Uvbdy
https://www.zotero.org/google-docs/?CE07Yv
https://www.zotero.org/google-docs/?Bknx9q
https://www.zotero.org/google-docs/?gyb4eH
https://www.zotero.org/google-docs/?iuD0zv
https://www.zotero.org/google-docs/?oZHGaE
https://www.zotero.org/google-docs/?VerHfA
https://www.zotero.org/google-docs/?FkOUh2
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https://www.zotero.org/google-docs/?DskiOd
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Table B3. List of indicators included in the Health Adaptive Capacity (HAC) Index, including the variable name, description, 

source, unit of reference, polarity (i.e. directionality of the indicator) and the years for which data on the indicator is available.   

B.2.2 Missing data imputation and outlier handlings 

For indicators missing less than 30 percent of observations (across all years, regions) we performed missing 

data imputations.. When a variable was available for all regions but not for all years, we performed a Last 

Observation Carried Forward (LOCF) and Next Observation Carried Backward (NOCB) approach. We 

decided not to average between the two approaches given the nature of the dataset, where missing values 

typically appear as consecutive years rather than isolated points, in order to address missing data at the 

boundaries and reduce distortion in smoothed data. For example, if region A was missing data for 2016, we 

filled it using the nearest available data from the region, either the 2015 value or, if that was also missing, 

the 2017 value. When data was missing for all years of a NUTS 2 region, we conducted a multiple 

imputation with the R package MICE, using predictive mean matching (PMM). PMM is a semi-parametric 

approach for imputing missing data, which allows us to preserve the distribution and relationships among 

variables that are key factors in the development of composite based indicator [27], [28], [29], [30]. The 

distribution of the indicators remained largely unchanged before and after LOCF/NOCB and PMM multiple 

imputation (Figure B4), as  demonstrated by performing three  statistical tests (a Kolmogorov-Smirnov test, 

a Wilcox test, and a t-test) comparing values pre and post imputation (Table B5). This suggests that the 

data imputation process had minimal impact on these indicators. 

 

 

https://www.zotero.org/google-docs/?hq9T9X
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Figure B4. Distribution before and after imputation of the indicators composing the  Health Adaptive Capacity (HAC) 

Index. The distribution before and after the application of the two imputation methods: Last Observation Carried Forward (LOCF) 

and Next Observation Carried Backward (NOCB) and MICE with predictive mean matching (PMM). 
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Table B5. Statistical tests assessing significance before and after imputation for the indicators composing the  Health 

Adaptive Capacity (HAC) Index. Three tests, the Kolmogorov-Smirnov test, the Wilcox test, and the t-test, are computed to 

assess significant change between imputed and original values for three statistical measures (Mean, Median and Standard 

Deviation). 

After data imputation, we treat our set of indicators to remove outliers and adjust heavily skewed 

distributions. The process involves Winsorizing data up to a specified limit to adjust extreme values, 

followed by a logarithm transformation if the distribution remains skewed. As a threshold of reference for 

skewness, we followed: (1) absolute skewness > 2.0 and kurtosis > 3.5 or (2) kurtosis is very high > 10. 

Only two indicators initially failed the skewness and kurtosis test (i.e., number of hospitals and primary 

household income). However, after Winsorizing just two data points per indicator, all indicators met the 

required thresholds, eliminating the need for any further transformation. With this approach, we are sure to 

stabilize variance and we are able to control for outliers. 

B.2.3 Data Normalization 

To compare between indicators and produce an index that incorporates variables with different scales and 

units, we normalize each indicator according to min-max normalization (scale 1 to 100). This technique 

allows us to maintain the original distribution of the data and the proportional differences between values. 

While other methods for data normalization exist (e.g., z-scores, distance to a benchmark, balance of 

opinions, etc.), min-max normalization presents several advantages when compared with other methods. 

First, min-max normalization makes interpretation straightforward and it is suitable for comparisons and 

rank entities (e.g., NUTS 2 regions or countries). Second, since we aim to equally weight each normalized 

variable, min-max normalization ensures that each variable contributes to the indicator within the same 

range. Third, the min-max normalization method does not rely on distributional assumptions and does not 

require a benchmark, which is not clearly defined in this context.. 
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B.2.4 Data Weighting and Aggregation 

We applied equal weights for aggregating indicators into each component to produce the final index score. 

This method is suitable in the absence of strong theoretical or empirical reasons to prioritize one indicator 

over another and it importantly ensures that each dimension is equally represented in the final score. This 

weighting method is largely used in multi-dimensional indices (HDI etc.) since it allows interpretability 

and neutrality in the construction of composite indicators [31], [32]. For aggregation purposes, we use the 

weighted arithmetic mean. 

B.2.5 Tests for Robustness 

Through Monte Carlo simulations, we conducted a series of sensitivity analyses to examine whether 

changes in methodology would significantly impact the results of the HAC Index. We tested the application 

of different alternatives in the method development, including normalization techniques (z-score 

standardization versus min-max scaling) and aggregation methods (arithmetic and geometric mean) (Figure 

B6) . 

Figure B6. Uncertainty range for NUTS 2 region in terms of  the  Health Adaptive Capacity (HAC) Index scores.  This 

plot arranges the units according to their nominal ranks and displays the median rank across all replications of the uncertainty 

analysis (Monte Carlo Analysis with N=100), along with the 5th and 95th percentile rank values for 2014. The ranks are the 

focus of an uncertainty analysis testing different alternatives in the method development, including normalization techniques, 

aggregation methods and indicator weighting methods. 

 

B.3 Visualization 

The HAC index aggregated into two five-year periods (2012-2016 and 2017-2021) reveals distinct and 

temporally-consistent spatial patterns in adaptive capacity levels, highlighting a noticeable divide not only 

between Northern and Southern countries, but also between Western and Eastern European nations 

(Figure B7). 

https://www.zotero.org/google-docs/?VP4pT8
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Figure B7. Spatial representation of  the  Health Adaptive Capacity (HAC) Index scores. The green color on the scale 

represents higher adaptive capacity, while red indicates lower adaptive capacity. The legend spans a range from 1 to 100, 

transitioning from red to green.. 
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