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Highlights 

• Exposure-only views on heat risk are systematically misleading.  

• Extreme heat risk is highly concentrated in specific Global South geographies.  

• Spatially explicit framework decomposes risk: hazard, vulnerability, coping capacity 

• High-resolution global assessment of 205 cities enables robust cross-city comparisons 

• UTCI-based Cooling Degree Days capture heat stress beyond air temperature alone 
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Most global heat assessments rely on exposure-only indicators. However, heat risk in cities 

extends beyond climatic extremes and is mediated by social vulnerabilities and infrastructural 

capacities that determine how populations experience and respond to heat. Here, we map heat 

risk globally in cities with populations over one million using a harmonised composite index 

disaggregated into hazard exposure, vulnerability, and coping capacity. Hazard exposure is 

characterised using the population-weighted Universal Thermal Climate Index (UTCI)-based 

Cooling Degree Days, which capture cumulative heat stress. Vulnerability and coping capacity 

are characterised by economic capacity, demographic structure, and infrastructural factors. The 

results show that over 95% of the highest-risk cities are concentrated in South and Southeast 

Asia and Sub-Saharan Africa. They also demonstrate that exposure alone is insufficient to 

predict risk. Several highly exposed cities (e.g., Bangkok, Jeddah) rank lower due to strong 

coping capacity, while others (e.g., Karachi, Faisalabad, Kaduna) face severe risk under 

moderate exposure. Our component-resolved risk analysis also reveals within-region 

heterogeneity, highlighting the need for spatially resolved, socio-economically contextualised 

approaches to heat adaptation by reducing exposure, addressing socioeconomic vulnerability, 

and investing in infrastructure to advance urban heat resilience in a rapidly warming world. 

Keywords 

Heat risk, Cooling Degree Days, climate adaptation, extreme heat, cooling  
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1. Introduction 

Extreme heat is emerging as one of the most dangerous and inequitable consequences of 

climate change (International Panel on Climate Change (IPCC), 2023). Heatwaves are 

increasing in frequency, duration, and intensity, driving excess mortality, infrastructure failures, 

and economic losses in cities worldwide (Ebi et al., 2021; Mora, Dousset, et al., 2017; World 

Bank, 2025). With over half of the global population currently residing in cities and projections 

indicating that two-thirds will do so by 2050, cities are becoming critical hotspots of climate 

impact (United Nations Department of Economic and Social Affairs, 2019). Cities face 

compound risk due to anthropogenic warming, land cover modification, population density and 

socio-economic disparities, which amplify the effects of rising temperatures (Jones, 2025; 

Tuholske et al., 2021). The 2022 IPCC report highlights that urban populations are at 

“disproportionately high risk” from rising temperatures, especially in areas where adaptive 

capacity is limited (International Panel on Climate Change (IPCC), 2023). 

Despite this growing threat, most global assessments of heat risk in cities remain exposure-

centric, relying on land surface temperature, heatwave metrics, heatwave frequency, or urban 

heat island intensity as proxies (D. Li & Bou-Zeid, 2013; L. Zhao et al., 2018). However, these 

measures capture only a partial view of the problem, as they describe climatological extremes 

without accounting for the social and infrastructural factors that shape impacts (Ye & Yang, 

2025). This limitation is at odds with the Intergovernmental Panel on Climate Change (IPCC)’s 

conceptualisation of risk, which emphasises that risk emerges from the interaction between 

hazard exposure, vulnerability, and response capacity (International Panel on Climate Change 

(IPCC), 2023).  

In response to the limitations of exposure-only approaches, recent studies have adopted 

composite heat vulnerability and risk indices that integrate social, demographic, economic, and 

built-environment dimensions across urban scales (Kumari R & Kitchley, 2024; Xiang et al., 
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2022; Xu et al., 2025). These include Heat Vulnerability Indices (HVI), which combine 

demographic sensitivity, socio-economic disadvantage, and environmental exposure; and 

Social Vulnerability Index (SoVI)-type approaches, which emphasise structural inequalities 

such as poverty, age, and access to services (Bao et al., 2015; Mah et al., 2023). More recent 

work extends this perspective by introducing concepts such as Summer Energy Poverty and 

Systemic Cooling Poverty, highlighting how access to and affordability of infrastructure, 

among other variables, shape households’ capacity to cope with extreme heat (Z. Chen et al., 

2025; Mazzone et al., 2023). While these approaches have significantly advanced 

understanding of urban heat vulnerability and socio-economic inequality, most applications 

remain focused on individual cities or regional contexts, with limited comparability across 

regions and nations. Studies such as Kumari R & Kitchley (2024), Uejio et al. (2011), Xiang 

et al. (2022) and Xu et al. (2025) provide detailed place-based assessments using locally 

tailored socio-demographic, environmental, and built-environment indicators that are closely 

aligned with local urban conditions. Some studies have extended HVI-type approaches across 

multiple cities, including comparative assessments across Indian cities (Rathi et al., 2022) and 

Australian capital cities (F. Li et al., 2024). However, even these comparative applications rely 

on region-specific datasets, administrative units, and locally adapted indicator weighting 

schemes, limiting methodological consistency and direct comparability across diverse urban 

settings globally. Consequently, despite important advances in composite heat-vulnerability 

assessment, existing HVI- and SoVI-type approaches remain limited in their capacity to 

support globally harmonised and directly comparable city-scale heat-risk assessment. To 

address this gap, the present study builds on the INFORM risk framework to develop a globally 

harmonised, heat-specific, component-resolved assessment using consistent datasets and 

methods across cities.  
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More broadly, cities with similar thermal profiles may experience vastly different health and 

infrastructure outcomes, depending on the social and physical systems in place (Rocha et al., 

2024). Environmental factors further complicate this picture: vegetation loss, for example, can 

intensify moist-heat stress in cities, reinforcing the need to include ecological buffers as 

determinants of risk (Du et al., 2025; Y. Li et al., 2024). Taken together, these insights point to 

a more integrated understanding of risk as emerging from the intersection of hazard exposure, 

socio-demographic and economic vulnerability, and the capacity of systems to cope or adapt 

(International Panel on Climate Change (IPCC), 2023; Vernaccini & Poljansek, 2017), a 

dynamic often overlooked in hazard-exposure-only approaches. 

Cities with moderate heat exposure may nonetheless suffer disproportionate impacts due to 

high levels of poverty, ageing populations, limited green cover, or unaffordable cooling 

infrastructure (Du et al., 2025; Hondula et al., 2015; Urban Climate Change Research Network 

(UCCRN), 2018).  Vulnerable groups, including older adults, children, informal workers and 

people with pre-existing conditions, are consistently shown to face elevated risks of heat-

related illness and mortality, regardless of absolute temperatures (Mitchell et al., 2016; Watts 

et al., 2017). Moreover, the spatial distribution of vulnerability within cities means that some 

neighbourhoods may experience far worse outcomes during heat events than others, even when 

ambient temperatures are comparable. This heterogeneity highlights the need for composite 

risk frameworks with spatially resolved socially contextualised risk assessments (International 

Panel on Climate Change (IPCC), 2023; Vernaccini & Poljansek, 2017). 

Despite these advances, few studies have operationalised this composite perspective to account 

for socio-demographic vulnerability, adaptive capacity and hazard metrics at the global city 

scale, despite calls for scalable frameworks and typologies to generalise insights across diverse 

urban contexts (Creutzig et al., 2025). The tendency to prioritise physical metrics in global 

modelling efforts may lead to underestimating or misidentifying the areas of highest need. 
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Several recent global efforts have mapped urban heat exposure or climate hazard risk, including 

high-resolution population–heat exposure datasets (Tuholske et al., 2021) and global 

projections of deadly heat events (Mora, Dousset, et al., 2017). While these studies have 

highlighted regions such as South Asia and West Africa as heat hotspots, they rely primarily on 

hazard or exposure indicators and cannot fully capture the moderating effects of vulnerability 

and coping capacity (Klein & Anderegg, 2021). Other indices, such as the Notre Dame 

Adaptation Initiative (ND-GAIN, 2021) urban adaptation index or national-scale INFORM 

(Vernaccini & Poljansek, 2017) risk scores provide insight into socio-economic fragility and 

systemic risk, but are typically available at the national scale and for multi-hazard contexts, 

rather than consistent comparison across cities globally. 

Taken together, existing approaches remain limited by three key challenges: (i) limited global 

comparability across cities due to differences in data sources, spatial scales, weighing schemes 

and indicator selection; (ii) limited integration of hazard exposure, vulnerability, and coping 

capacity within a globally consistent, heat-specific framework; and (iii) limited ability to 

compare how different combinations of these risk components shape city-level heat-risk 

pathways and inform policy-relevant assess. Addressing these gaps requires a harmonised 

framework that enables direct cross-city comparison while disentangling the relative 

contributions of different risk dimensions. Our work bridges these gaps by combining high-

resolution city-level data with the INFORM framework to deliver a globally harmonised 

multidimensional, heat-specific risk assessment at the city scale that extends composite 

vulnerability indices beyond local and regional applications by explicitly distinguishing hazard 

exposure, vulnerability, and lack of coping capacity, thereby enabling component-level 

attribution of distinct city-level heat-risk drivers. 

The urgency of integrating vulnerability and capacity into risk models to inform targeted 

interventions is increasingly evident. During the late-June to early-July 2025 heatwave, an 
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estimated 2,305 excess deaths occurred across 12 major European cities with a combined 

population of over 30 million people, and more than 80% of these deaths were among adults 

aged 65 years and older (Clarke et al., 2025). Looking ahead, projections indicate that heat-

related mortality in Europe will rise sharply, driven not only by intensifying climate hazards 

but also by demographic shifts, particularly population ageing (Wu et al., 2025).  

In this study, we adopt the INFORM Risk Index (Vernaccini & Poljansek, 2017), a composite 

framework developed by the European Commission, to assess heat risk at the city-scale, 

integrating heat-specific hazard indicators with socio-demographic vulnerability and coping 

capacity, enabling globally consistent, component-resolved risk diagnostics. Our approach 

builds on the recent methodological advances, including the European Commission’s Risk and 

Vulnerability Assessment Guide (Palermo et al., 2025), which also employs a multi-

dimensional framework encompassing hazard, vulnerability and adaptive capacity.  

In line with recent methodological guidance (International Panel on Climate Change (IPCC), 

2023; Palermo et al., 2025), hazard exposure refers to the intensity and spatial extent of heat 

related conditions affecting urban populations; vulnerability refers to the propensity of exposed 

populations to experience harm, shaped by socio-demographic and economic characteristics 

such as age, health status, and socio-economic disadvantage; and coping capacity as the ability 

of a system to manage and absorb adverse impacts in the short term, and to build adaptive 

capacity, which reflects a system’s longer-term ability to adjust, learn, and transform in 

response to evolving climate risks. While both are critical to resilience, coping capacity refers 

to immediate, tangible assets such as cooling infrastructure and urban greenery, whereas 

adaptive capacity encompasses broader factors such as institutional readiness, technological 

access, and social equity.  

This framework is aligned with the recently growing body of literature, which identifies a broad 

range of determinants shaping heat vulnerability and coping capacity, including informal 
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housing prevalence, building materials, occupational exposure, urban density, access to 

healthcare, and the spatial distribution of green and cooling infrastructure (Kumari R & 

Kitchley, 2024; Xiang et al., 2022; Xu et al., 2025). While these dimensions are conceptually 

important, their availability and comparability remain uneven at the global city scale. 

The integrated framework we present enables globally consistent, spatially explicit, and 

socially contextualised comparisons of city-level heat risk, allowing cross-city comparison of 

the relative roles of hazard exposure, vulnerability, and coping capacity, providing a diagnostic 

basis to inform urban adaptation planning. Building on this framework, the paper makes two 

primary contributions: 

• First, it develops a globally consistent, city-scale heat risk framework that integrates 

cumulative heat stress, socio-demographic vulnerability, and coping capacity within a 

single, component-resolved framework across large cities globally. In contrast to many 

existing HVI- and SoVI-type approaches, which are often locally calibrated, this 

enables systematic cross-city comparison while revealing how different combinations 

of hazard exposure, vulnerability, and infrastructural capacity shape risk outcomes.  

• Second, by disaggregating composite risk into its underlying components, the analysis 

enables empirical comparison of distinct pathways to high heat risk across cities, 

demonstrating where risk is driven primarily by exposure, amplified by social 

vulnerability, or exacerbated by limited coping capacity. This component-level insight 

provides a practical basis for targeting adaptation strategies to local risk drivers rather 

than applying uniform, hazard-focused responses. 

The article is structured as follows. Section 2 describes the data sources and methodological 

approach used. Section 3 presents the global results, including the spatial distribution of heat 

risk across cities and a component-resolved analysis highlighting regional patterns and intra-

regional heterogeneity. Section 4 discusses the implications of these findings for urban heat 
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adaptation, contextualises the results within the broader literature and policy landscape, and 

highlights the study limitations. Finally, Section 5 concludes by summarising the key insights, 

outlining policy relevance, and directions for future research.  
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2. Materials and methods 

The adapted heat risk framework in the study is summarised in Figure 1, which provides an 

overview of the three core dimensions of risk (hazard exposure, vulnerability, and lack of 

coping capacity) and their constituent indicators used in the city-level assessment. Together, 

these dimensions reflect the systemic nature of urban heat risk, in which climatic stress 

interacts with social sensitivity and infrastructural capacity to shape observed impacts across 

cities. A summary of the selected indicators is presented below.  

 

Figure 1 | Risk dimensions and components of the adapted framework.  

Hazard exposure is represented by population-weighted cooling degree days (CDD) derived 

from UTCI, together with land surface temperature anomalies that capture spatial patterns of 

thermal intensity. The UTCI is a heat stress metric that integrates air temperature, humidity, 

wind, and mean radiant temperature to provide a physiologically relevant measure of heat 

stress. It has been widely applied in both global and city-scale assessments of heat risk and 

health impacts (Di Napoli et al., 2018; Jian et al., 2024). UTCI-based CDDs measure 

cumulative outdoor heat stress by comparing daily UTCI values with a reference threshold 

(usually 65 °F or 18 °C) (Chakraborty et al., 2019; N. Zhao et al., 2017). 
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Vulnerability is characterised by demographic age structure (proportion of children < 4 and 

adults > 65) and economic capacity (inverse GDP per capita), reflecting consistent evidence 

that children and older adults experience elevated heat-related morbidity and mortality due to 

physiological susceptibility (Gasparrini et al., 2015; Masselot et al., 2023) and that lower-

income groups face disproportionate exposure and limited adaptation options (Uejio et al., 

2011; Voelkel et al., 2018). Air-conditioning (AC) penetration is also treated as part of 

vulnerability, as it is a key determinant of reduced heat-related mortality at the individual or 

household level, while unequal access to it reflects socio-economic susceptibility to heat 

impacts (L. Davis et al., 2021; L. W. Davis & Gertler, 2015; Mora, Counsell, et al., 2017); 

Finally, the lack of coping capacity is captured by the fraction of vegetation cover (expressed 

as Normalised Difference Vegetation Index (NDVI) and Fractional Tree Cover (FTC)), and 

electricity costs. Vegetation cover mitigates outdoor heat via shade and evapotranspiration and 

is strongly associated with lower exposure and mortality (Du et al., 2025; Y. Li et al., 2024). 

Electricity costs act as potential barriers or enablers to cooling access for low and high-

electricity-intensive cooling technologies (e.g., fans, evaporative coolers and ACs), 

constraining households’ ability to mitigate thermal stress (Falchetta et al., 2024; Mazzone et 

al., 2023).  

The selected indicators are both theoretically grounded and consistently available across 

globally harmonised, city-comparable datasets, enabling systematic cross-city analysis of near-

term resilience. We further acknowledge that coping capacity is inherently multidimensional 

and that not all relevant dimensions are consistently represented at this scale yet. More details 

about the indicator selection process for this study are provided in the Supplementary Note 2, 

including indicators excluded due to data constraints and those reserved for future work.  

The materials and methods used to operationalise this framework and derive the city-level heat 

risk index are further described below. 
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2.1 Material  

All data inputs were sourced from publicly available, peer-reviewed, or institutional datasets 

with global coverage. All datasets used are listed in Table 1, categorised by hazard exposure, 

vulnerability, lack of coping capacity, and boundaries.  

Table 1. Summary of data sources used for the analysis. References refer to the raw datasets 

used to derive the variables selected, which may involve additional processing or calculations. 

 Variable  Spatial 

resolution 

Temporal 

domain 

File 

format 

Reference 

Hazard 

Exposure 

Population-weighted 

Cooling Degree Days 

from Universal Thermal 

Climate Index 

(CDDUTCI) 

 11 km 2020 

 

GeoTIFF UTCI data: Jian et 

al. (2024) 

 1 km 2020 

 

GeoTIFF Population data: 

WorldPop (2018) 

Land surface 

temperature (LST) 

5.5 km 2020 GeoTIFF Wan et al. (2021) 

Vulnerability GDP per capita 10 km 2020 GeoTIFF Kummu et al. 

(2025) 

AC penetration 1 km 2020 GeoTIFF Falchetta et al. 

(2024) 

Age category 1 km 2020 GeoTIFF WorldPop (2018) 

Lack of 

coping 

capacity 

Normalized Difference 

Vegetation Index 

(NDVI) 

1 km 2020  Didan (2015) 

Fractional Tree Cover 

(FTC) 

 2020 GeoTIFF Liu et al. (2024) 

Electricity prices National 

Average 

2019 GeoTIFF World Bank Group 

(2021) 

Boundaries  Urban boundaries - - Shapefile  Florczyk A.J. et al. 

(2019) 

Population Population data 1 km 2020 GeoTIFF WorldPop (2018) 

 

2.2 Methods 

2.2.1 City heat risk framework 

This study presents a global comparative assessment of heat risk for cities with populations 

exceeding one million, encompassing 205 cities worldwide. Heat risk in cities is conceptualised 

as a composite function of three interrelated dimensions: hazard exposure, vulnerability, and 

lack of coping capacity, consistent with the INFORM Risk Index framework, the Sendai 

Framework for Disaster Risk Reduction, and the IPCC’s systemic risk approach (International 
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Panel on Climate Change (IPCC), 2023; Vaňo et al., 2025; Varquez et al., 2025; Vernaccini & 

Poljansek, 2017). 

To reflect the multiplicative interactions inherent in systemic risk processes, the composite heat 

risk score is calculated as the geometric mean of the three dimensions, following the INFORM 

Risk Index methodology described in Eq. (1): 

Risk = H1/3 × V1/3 × C1/3 Eq. (1) 

where H is the hazard exposure score, V is the vulnerability score, and C is the lack of coping 

capacity score. This geometric mean approach ensures a balanced view of risk by requiring that 

(1) hazard exposure, (2) vulnerability, and (3) lack of coping capacity are all taken into account, 

rather than focusing on just one dimension. It highlights that the hazard itself does not solely 

determine risk, but also the extent to which the system is exposed to it and how prepared or 

unprepared the system is to respond. Because the factors are multiplied together, a very high 

value in any one of them can significantly amplify the overall risk, underscoring the importance 

of addressing each component. The robustness of this aggregation choice is further assessed by 

comparing it with an additive formulation, which shows high consistency in city rankings. See 

Supplementary Note 3. 

2.2.2 Spatio-temporal resolution 

The analysis was conducted using a harmonised spatial framework covering 205 global cities, 

each with a population of at least 1 million. City boundaries were delineated based on 

population-weighted urban extents, allowing composite risk estimates to reflect the spatial 

distribution of urban populations, while recognising that some intra-urban variability may not 

be fully captured. The urban areas are delineated using the LandScan Urban Areas dataset from 

Natural Earth (version 4.0.0) (Patterson & Kelso, 2012). This dataset uses the Oak Ridge 

National Laboratory’s LandScan population grid to delimit urban areas globally at 

approximately 1 km² resolution. In this dataset, urban areas are defined as contiguous grid cells 
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exceeding a population density threshold of 200 persons/km², while cells with fewer than 200 

persons/km² are discarded (classified as rural). The spatial extent of each urban area was used 

to calculate the city statistics for the study. In this context, "cities" refers to urban areas that 

may include multiple adjacent municipalities. 

For each city, risk components are derived from gridded indicators at their native spatial 

resolutions (≈1–11 km), aggregated over the urban extent using indicator-appropriate. Thus, 

each city-level score summarises the distribution of high-resolution values across all grid cells 

within the urban area, enabling globally consistent cross-city comparison, and reflects the finest 

globally consistent datasets currently available for these dimensions. This approach enables a 

robust, globally comparable assessment of heat risk across cities. It should be noted that 

neighbourhood-scale inequalities are not captured in the present analysis. 

2.2.3 Indicator selection and normalisation 

Each risk dimension comprises a curated set of indicators selected based on their relevance to 

urban heat risk, global data availability, and methodological alignment with established disaster 

risk frameworks (International Panel on Climate Change (IPCC), 2023; Vernaccini & 

Poljansek, 2017). The resulting indicators define a core set for consistent cross-city 

comparison, rather than an exhaustive account of all absolute values of determinants 

influencing urban heat risk. As such, this framework represents a starting point for 

operationalising multidimensional urban heat risk in a globally comparable way. 

Building on this, to ensure cross-dimensional and cross-city comparability, all indicators were 

normalised to a common 0–1 scale based on their empirical ranges across the full urban sample. 

The direction of normalisation was determined by the indicator’s relationship to each 

dimension of hazard exposure, vulnerability and lack of coping capacity as described in Eq.(2) 

and Eq. (3): 
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For positively associated indicators:   X_norm=
(𝑋−𝑋𝑚𝑖𝑛)

(𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛)
 Eq. (2) 

For inversely associated indicators:    X_norm=
(𝑋𝑚𝑎𝑥−𝑋)

(𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛)
 Eq. (3) 

 

2.2.4 Calculation of risk components 

Within each dimension of hazard exposure, vulnerability and lack of coping capacity, the 

normalised variables (0-1) were aggregated using arithmetic means, followed by geometric 

aggregation of the three dimensions to derive the final composite index. Equal weighting was 

applied across all indicators and dimensions (Vernaccini & Poljansek, 2017). Table 2 

summarises the units used to assess each city's performance on the targeted risk component 

and presents the minimum, median, and maximum results for each city. 

Table 2. Summary of the variables  

 Variable Unit per city Minimum Median Maximum 

Hazard  

Exposure 

CDDUTCI Population-weighted 

mean (degree days) 

86 1467 4764 

LST Area-weighted mean (K) 279 301 314 

Vulnerability GDP per capita Area-weighted mean 

USD(PPP) 

808 8335 84502 

Adults>65 years Percentage (%) 0.01 0.09 0.3 

Children<4 years Percentage (%) 0.03 0.07 0.17 

AC penetration Area-weighted mean 0.04 0.41 0.92 

Lack of 

coping 

capacity 

NDVI Area-weighted mean 0.09 0.38 0.56 

Fractional Tree 

Cover (FTC) 

Percentage (%) 0 1.54 32.06 

Electricity prices Area-weighted mean 

USD (PPP) 

0.06 0.26 0.86 

Hazard Exposure (H): 

This dimension captures both the thermal intensity of urban environments and the degree of 

population exposure. The hazard exposure score (H) was computed as the arithmetic mean of 

two remote sensing-based indicators: the normalised annual number of population-weighted 

Cooling Degree Days (CDDUTCI), calculated using the UTCI including all environmental 
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variables affecting thermal stress (dry-bulb temperature, relative humidity, air speed, and mean 

radiant temperature) and the normalised annual mean land surface temperature(LST) as shown 

in Eq. (4).  

                              H = Mean (Population-weighted CDDUTCI, LST) Eq. (4) 

CDDUTCI was calculated using a mean degree-hour approach (CIBSE, 2006), summing hourly 

UTCI exceedances above a reference threshold (𝜃𝑏= 18 °C) across all hours in a day and 

dividing by 24 to yield daily degree-days as shown in Eq. (5): 

𝐷𝑖 =

∑ [𝜃0,𝑗 − 𝜃𝑏]
24

𝑗=1

24
, 𝜃0,𝑗 > 𝜃𝑏 

Eq. (5) 

where: 

Di is the daily cooling degree-days, 𝜃𝑏 is the reference threshold (18 °C), and 𝜃0,𝑗 is the hourly 

UTCI in hour j. When 𝜃0,𝑗 < 𝜃𝑏 the term is set to zero. Annual CDD was then obtained by 

summing Di across all days of the year. 

In this study, the 18°C threshold is used as a standard comparative reference within a degree-

day framework rather than as a universal epidemiological threshold for heat-health risk. As 

thermal thresholds vary across climatic and socio-cultural contexts, we tested sensitivity by 

recalculating CDDUTCI using 20°C and 22°C; results are reported in Supplementary Note 4. 

The analysis shows that, because this is a global comparison with CDD-based normalised data, 

the choice of threshold has limited influence on the results. As long as the underlying 

distribution used for normalisation remains consistent, varying the threshold does not 

substantially alter the overall patterns or conclusions. 

Vulnerability (V): 

Vulnerability captures demographic and socioeconomic conditions that increase susceptibility 

to heat-related illness and mortality. It is based on the arithmetic mean of three indicators: 

Inverse GDP per capita (INGDPpc) reflecting the economic capacity, proportion of population 
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under the age of 4 (Children<4) and the proportion of population over the age of 65 

(Adults>65), and inverse air conditioning penetration (INAC pene) as shown in Eq. (6). 

V = Mean(INGDPpc, Children<4, Adults>65, INACpene) 
Eq. (6) 

Lack of Coping Capacity (C): 

This dimension reflects limited infrastructure, ecological buffers, and financial means to 

mitigate or adapt to urban heat. It includes the arithmetic mean of three indicators: inverse 

Normalised Difference Vegetation Index (INNDVI), inverse fractional tree cover (INFTC), and 

electricity price adjusted for PPP (Elec_price) as described in Eq. (7). 

C = Mean(INNDVI, INFTC, Elec_price) Eq. (7) 

 

2.2.5 Sensitivity analysis.  

To evaluate the robustness of the index to key methodological assumptions, we conducted 

sensitivity analyses using alternative weighting schemes, an additive aggregation alternative 

(Supplementary Note 3), and alternative thresholds for CDD (18ºC, 20°C and 22°C, 

Supplementary Note 4). Robustness was assessed using changes in city rankings, Spearman 

rank correlations, top-decile overlap, and comparison of risk-score distributions.  
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3. Results 

3.1 The highest heat risk is concentrated in South Asia and Sub-Saharan Africa 

The global assessment of cities with more than 1 million inhabitants reveals the range of cities 

at risk of heat, as shown in Figure 2.  

 

Figure 2 | Global mapping of composite heat risk across cities worldwide with populations 

exceeding 1 million in 2020. a, Global map displaying composite heat risk scores for cities, 

where bubble size represents population. b, Radar plots show national-level means for hazard 

exposure, vulnerability, and lack of coping capacity for the cities at the highest risk, exceeding 

the 90th percentile of the risk score, in Pakistan, India, Nigeria, and Ghana. The dashed lines 

represent the mean values across the high-risk cities within each country. The radial axes 

indicate the relative intensity of each dimension, enabling comparison of risk profiles across 

countries. 

The results show that over 95% of cities above the 90th percentile in composite heat risk, facing 

the combined burden of hazard exposure, socio-demographic vulnerability, and limited coping 

capacity, are located in South and Southeast Asia and Sub-Saharan Africa, highlighting the 
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disproportionate clustering of heat risk in these regions. Specifically, India, Pakistan, Nigeria 

and Ghana host the largest number of cities with the composite risk scores exceeding the 90th 

percentile. The ranking for the top 50 cities is provided in Appendix A, with the full ranking in 

Supplementary Note 1.  

These spatial patterns are consistent with those reported in the World Bank Handbook on Urban 

Heat Management in the Global South (World Bank, 2025), which highlights these regions as 

priority areas for heat resilience planning. Our analysis advances this evidence base by 

systematically quantifying a globally consistent, city-level heat-risk index and disaggregating 

it into its three components. This approach is consistent with broad regional trends and also 

reveals substantial intra-regional heterogeneity, distinguishing cities where risk is driven 

primarily by exposure from those where vulnerability or weak coping capacity dominate. The 

convergence of demographic pressure, limited urban infrastructure, and high thermal exposure 

renders many of these cities as fragile to heat, motivating a closer examination of the underlying 

risk components. 

3.2 High exposure does not always translate to high risk 

While hazard exposure is a critical component of risk, it is not deterministic. Figure 3 illustrates 

this by breaking down the composite index into its three components: hazard exposure, 

vulnerability, and lack of coping capacity, revealing distinct spatial patterns across cities.  

This figure helps explain why several thermally stressed cities, including Kuala Lumpur 

(Malaysia), Bangkok (Thailand), Samut Prakan (Thailand), and Jeddah (Saudi Arabia), rank 

above the 90th percentile in hazard exposure yet do not fall within the top decile of composite 

risk (Figure 3a–c). Their comparatively high coping capacity, including greater urban greening, 

and relatively lower energy costs (Figure 3c), offset exposure and reduce their overall risk 

profile.  
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Figure 3 | Global mapping of heat risk components across cities worldwide with 

populations exceeding 1 million in 2020: (a) hazard exposure, (b) vulnerability, and (c) 

lack of coping capacity. a, Hazard exposure represented by population-weighted cooling 

degree days derived from UTCI, together with land surface temperature anomalies that capture 

spatial thermal intensity. b, Vulnerability based on age structure, economic capacity, fraction 

of air conditioning penetration. c, Lack of coping capacity captured through vegetation cover, 
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and electricity costs. The bubble size represents the population. Each corresponding table 

highlights the top ten cities by component score. Values are normalised to a 0–1 scale.  

The findings show that even under conditions of high ambient heat, stronger coping capacity 

is associated with lower composite risk. However, it should be noted that these city-level scores 

derived from high-resolution data inevitably mask intra-urban inequalities: low-income 

households, informal settlement residents, and other marginalised groups with limited or no 

access to cooling, including air-conditioning, secure housing or wages, reliable energy, or green 

space may still face disproportionately high heat-related risks, even in cities that appear 

relatively well buffered on average.  

3.3 Vulnerability and coping deficits are key amplifiers of risk  

The heat-risk components of the top 10 highest-risk cities are presented in Figure 4, with each 

city represented by a radar chart. The colours represent the dominant heat risk components 

across all panels: hazard exposure (orange), vulnerability (purple), and lack of coping capacity 

(blue). The dominant component is identified as the one with the highest normalised value. 

Cities with two or more similarly high component scores can be interpreted as having mixed 

risk profiles. This allows comparison of the dominant drivers of composite heat risk across 

cities. The complete list of cities is in Supplementary Note 1. 
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Figure 4 | Risk component profiles for the top 10 heat-risk cities. The colours represent the 

dominant heat risk components across all panels: hazard exposure (orange), vulnerability 

(purple), and lack of coping capacity (blue). 

The results reveal that top-risk cities exhibit diverse pathways to elevated heat risk. Some cities 

like Al Basrah (Iraq) experience compounded risk across hazard exposure, vulnerability, and 

limited coping capacity, whereas in cities such as Bamako (Mali) and Kano (Nigeria), heat risk 

is driven primarily by demographic fragility, and in Faisalabad (Pakistan) and Hyderabad 

(Pakistan) by infrastructural and adaptive capacity deficits. 

Notably, several cities with only moderate heat exposure below the 90th percentile are still 

ranked among the highest-risk urban areas due to compounding social and infrastructural 

vulnerabilities. Karachi (Pakistan), Faisalabad (Pakistan), and Kaduna (Nigeria) exemplify this 

pattern, with high scores in both vulnerability and lack of coping capacity. Contributing factors 

include high dependency ratios, low economic capacity, sparse urban vegetation, and limited 

access to cooling infrastructure. 

For instance, Hyderabad (Pakistan) exhibits high risk despite relatively moderate hazard levels, 

driven by low economic capacity, sparse green cover, and elevated electricity costs. Similarly, 

Kano (Nigeria) ranks high in demographic vulnerability due to its large share of children under 
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4 years of age and low economic capacity to access adaptive technologies. These cases show 

how non-climatic factors can amplify risk, transforming moderate heat exposure into high 

composite risk. 

3.4 Sensitivity of results to methodological assumptions 

Sensitivity analyses indicate that the main findings are robust to alternative methodological 

choices. Under alternative weighting schemes, city rankings remain highly consistent with the 

baseline specification, and overlap in the top decile of highest-risk cities indicates that coping 

capacity plays a greater role in shaping risk outcomes when it is weighted more heavily than 

other factors, although substantial overlap persisted. Similarly, recalculating CDDUTCI using 

20°C and 22°C thresholds, instead of the baseline 18°C, altered the absolute magnitude of 

exposure but did not materially change the overall spatial patterns or the relative ordering of 

cities, indicating that the threshold serves primarily as a comparative index rather than a 

determinant of the main conclusions. Detailed results are reported in Supplementary Notes 3 

and 4. 
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4. Discussion 

Heat risk in cities is not solely determined by temperature extremes but by the combined effects 

of environmental conditions, including humidity, mean radiant temperature, wind speed, socio-

demographic vulnerability and system-level capacity to cope. As a comparative diagnostic tool, 

the results suggest that global heat risk planning can benefit from moving beyond hazard-

centric approaches toward component-targeted strategies that explicitly address hazard 

exposure, vulnerability, and coping capacity. In this context, the use of UTCI strengthens the 

analysis by providing a more physiologically meaningful representation of heat exposure and 

helps explain differences in risk across cities that are not evident from temperature-based 

metrics alone. The 18°C base threshold, commonly used in studies, should be interpreted as a 

standardised comparative benchmark rather than a location-specific heat–health threshold, 

particularly as sensitivity analysis using alternative weightings and thresholds indicates that 

this choice influences absolute magnitudes more than the relative ranking of risk across cities 

(Supplementary Notes 3 and 4). 

More than 95% of cities above the 90th percentile risk are concentrated in South and Southeast 

Asia and Sub-Saharan Africa, where the urban populations are rapidly expanding, and resilient 

systems remain weak (Mora, Dousset, et al., 2017; Tuholske et al., 2021). This finding adds to 

recent projections indicating that the Global South will bear the brunt of future heat-related 

impacts due to overlapping exposure, vulnerability and limited coping capacity burdens (Grant 

et al., 2025; World Bank, 2025). These broad patterns are supported by evidence of increasing 

cooling demand and extreme heat exposure in the Global South (Lizana et al., 2026).  

This global assessment goes beyond identifying hotspots of population exposure by explaining 

why risk diverges between cities with similar thermal profiles. Compared with prior exposure-

dominant global assessments, this study advances the literature by combining globally 

harmonised hazard, vulnerability, and coping-capacity indicators within a single component-
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resolved framework, thereby enabling cross-city comparison not only of where heat risk is 

highest, but also of the distinct processes through which that risk is produced (ND-GAIN, 2021; 

Urban Climate Change Research Network (UCCRN), 2018). 

Our globally harmonised, component-resolved approach reveals that some highly exposed 

cities to extreme heat, including Kuala Lumpur (Malaysia), Bangkok (Thailand), and Jeddah 

(Saudi Arabia), are buffered by relatively strong coping capacity, including higher vegetation 

cover (Y. Li et al., 2024; Yang et al., 2024), and more affordable energy (World Bank Group, 

2021) for those who can afford it, preventing them from appearing in the highest risk decile. 

However, this apparent buffering should be interpreted with caution in relation to heat-related 

outcomes. For example, large-scale analyses show that heat-related mortality varies 

substantially across cities, even under comparable exposure conditions (Masselot et al., 2023), 

and is shaped by interacting stressors such as air pollution (Stafoggia et al., 2023) and the 

underlying population health (M. Chen et al., 2023). Lower composite risk in this analysis, 

therefore, reflects relative buffering capacity at the city scale rather than the absence of heat-

related impacts. This highlights the importance of interpreting the present framework as a 

comparative diagnostic tool for understanding relative risk drivers, rather than as a direct 

predictor.  

Conversely, several cities, including Karachi (Pakistan), Faisalabad (Pakistan), and Kaduna 

(Nigeria), face severe risk under moderate exposure due to the socio-economic vulnerability 

and infrastructural deficits. While air conditioning can reduce acute heat stress for those with 

access, reliance on it as a primary adaptation pathway is not sustainable, particularly given its 

high cost and energy-intensive requirements. Increased fossil fuel-based electricity demand, 

high global warming refrigerant gases, and waste heat emissions can exacerbate urban warming 

over time (Campbell et al., 2021; IPCC, 2023; Zhang et al., 2026). This highlights the 

importance of the sustainable cooling hierarchy which puts forward passive cooling approaches 
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and nature-based strategies, such as urban greening and shading, particularly in rapidly 

growing and resource-constrained cities, as the primary adaptation measures (Buo et al., 2023; 

Lizana et al., 2022; United Nations Environment Programme, 2025). In cities with higher 

coping capacity, greater access to cooling technologies and affordable electricity may increase 

reliance on energy-intensive adaptation measures such as air conditioning. While air 

conditioning can be essential during extreme heat, it may become maladaptive where passive 

and low-energy alternatives are sufficient (Khosla, 2025). Increased dependence on carbon-

intensive cooling systems can raise energy demand, greenhouse gas emissions, and waste heat, 

potentially reinforcing long-term urban warming and heat risk (Calvin et al., 2023). Identifying 

local determinants of risk can therefore help inform adaptation strategies that reflect local 

priorities while accounting for long-term sustainability trade-offs. 

In planning practice, component-specific risk profiles can help align interventions with 

dominant local risk drivers. Exposure-driven cities may prioritise urban climate-sensitive 

design measures that reduce thermal load, including shading, cool surfaces and ventilation 

corridors (Buo et al., 2023; Y. Li et al., 2024). Vulnerability-driven cities may require stronger 

public-health and social-protection measures, including heat-health early warning systems and 

targeted support for heat-sensitive populations (Ebi et al., 2021; Kotharkar & Ghosh, 2022). 

When coping capacity is limited, priorities may include access to affordable cooling, electricity 

resilience, passive cooling, and urban greening (United Nations Environment Programme, 

2025). This highlights the need for context-specific rather than uniform adaptation 

prescriptions. 

Current urban heat adaptation measures range from public health outreach to early warning 

systems and targeted support for sensitive groups such as children, the elderly, and outdoor 

workers. In cities where institutional adaptation is lagging, the results suggest that 

strengthening coping capacity may represent an important area for further policy attention 
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(Kotharkar & Ghosh, 2022; Y. Li et al., 2024; Yang et al., 2024). Analyses such as this study 

can help to inform and prioritise existing and new municipal heat action plans by indicating 

the relative roles and priorities among reducing exposure, reducing vulnerability, or increasing 

coping capacity. In practice, many cities, such as Ahmedabad (India) and Karachi (Pakistan), 

are already implementing coordinated heat plan measures such as advanced heat warnings, 

public communication, hydration points and surge capacity in health services. Ahmedabad’s 

plan combines an early warning system, public awareness campaigns, health-system 

preparedness and targeted interventions such as cool roofs in low-income neighbourhoods, and 

has been associated with substantial reductions in heat-related mortality (Ahmedabad 

Municipal Corporation, 2019; Knowlton et al., 2014). Karachi’s Heatwave Management Plan 

similarly sets out pre-, during- and post-event protocols, multi-agency coordination and 

communication strategies to protect vulnerable populations (Commissioner Karachi, 2017). 

Hyderabad in Sindh province (Pakistan), which ranks among our highest-risk cities, has 

recently been included in a provincial initiative to develop municipal heat action plans and 

establish temporary cooling and hydration points during extreme heat (Community Support 

Concern (CSSP), n.d.). By contrast, in other very high-risk cities in our study; Bamako (Mali), 

Al Basrah (Iraq), Kano (Nigeria) and Conakry (Guinea), available evidence highlights repeated 

severe heat impacts and high vulnerability, while documented city-level heat-action planning 

remains relatively limited, suggesting potential disparities between risk and implemented 

adaptation (Arrighi et al., 2025; Federal Ministry of Health (Nigeria), 2024; Global Center on 

Adaptation (GCA), 2022; World Bank, n.d.). 

Future changes in climate, demographics, and socio-economic conditions are likely to reshape 

patterns of urban heat risk. Increasing heat extremes will intensify hazard exposure, while 

continued urban population growth and demographic ageing may increase vulnerability. At the 

same time, socio-economic development may enhance coping capacity through improved 
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infrastructure and access to cooling, but uneven access could reinforce existing inequalities. 

Urban expansion and land-use change will further influence local heat conditions. Together, 

these trends suggest that future risk will depend not only on the changing climate but also on 

how vulnerability and coping capacity evolve. The present analysis, therefore, provides a cross-

sectional baseline, with future work needed to extend this framework to dynamic, scenario-

based assessments. 

Finally, our results help identify where short-term investments in coping capacity may provide 

important entry points for strengthening longer-term adaptive capacity, indicating potential 

areas for policy attention. Integrated adaptation–mitigation strategies may support larger 

exposure reductions than either alone, consistent with the importance of strengthening coping 

capacity over time (Georgescu et al., 2023; Tuholske & Chapman, 2024). 

4.1 Limitations of the study 

Our analysis is based on harmonised 2019–2020 global datasets and population-weighted 

urban extents from LandScan (Patterson & Kelso, 2012). Although these urban extents may 

differ from administrative boundaries, they were selected for comparability across cities; future 

work could test alternative delineations (e.g., GHSL Urban Centres) (Florczyk et al., 2019). 

The framework emphasises coping capacity as a proxy for near-term resilience, while longer-

term adaptive capacity (governance, institutional readiness) remains underrepresented due to 

data limitations. Importantly, the coping capacity indicators included in this study should not 

be interpreted as evidence of sustainable or low-carbon adaptation pathways, but rather as 

measures of short-term buffering capacity. In addition, several indicators also rely on broad 

proxies and may not capture local complexity; for example, electricity prices are based on 

national averages and should be interpreted as a comparative measure of cooling affordability 

rather than a city-specific indicator. 
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Although the sensitivity analyses indicate that the main results are robust to alternative 

weighting schemes, aggregation choices, and CDD thresholds, uncertainty remains due to 

methodological choices, including normalisation and weighting. No direct validation against 

independent outcome data was performed in the present study owing to the limited availability 

of globally comparable city-scale datasets on heat-related outcomes, including health 

(mortality and morbidity), economic impacts (heat-related losses), and environmental effects 

(energy demand and carbon emissions). The framework should therefore be interpreted as a 

comparative diagnostic tool for identifying relative risk drivers, rather than as a predictive 

model.  

The study focuses on cities with populations exceeding one million, and the findings may not 

be directly generalisable to smaller urban areas or peri-urban contexts. While this global 

framework allows for cross-city comparison, it does not capture intra-urban heterogeneity, such 

as neighbourhood-scale variations in exposure, infrastructure, or social vulnerability, which are 

necessary for targeted hyper-local level heat adaptation responses. However, as climate 

extremes intensify and urbanisation accelerates, the framework offers a scalable basis for 

diagnosing heat risk in cities and supporting more context-sensitive adaptation planning. 
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5. Conclusion  

This study presents a globally consistent, component-resolved assessment of heat risk in cities 

that moves beyond exposure-only approaches by integrating hazard, vulnerability, and coping 

capacity. Applied to 205 large cities (>1 million population), the framework enables direct 

comparison of both where risk is highest and the processes through which it arises. Based on 

the results, the following conclusions can be drawn: 

First, the highest composite heat risks are strongly concentrated in South and Southeast Asia 

and Sub-Saharan Africa, with more than 95% of cities in the top decile of the risk distribution 

located in these regions, particularly in India, Pakistan, Nigeria and Ghana. 

Second, hazard exposure alone is not predictive of overall risk, as some highly exposed cities 

like Bangkok (Thailand) and  Jeddah (Saudi Arabia) rank lower due to strong coping capacity,  

rank lower in the composite index due to stronger coping capacity. 

Third, vulnerability and coping deficits substantially amplify risk, such that cities with only 

moderate exposure can still rank among the highest risk where socio-economic and 

infrastructural constraints coincide, as observed in Karachi (Pakistan), Faisalabad (Pakistan) 

and Kaduna (Nigeria). 

Finally, by disaggregating risk into its component drivers, the framework reveals distinct 

pathways through which heat risk emerges in cities within the same country, highlighting the 

need for targeted, context-specific adaptation strategies. These findings provide a basis for 

aligning interventions with local risk profiles and prioritising actions across exposure 

reduction, vulnerability alleviation, and capacity building. 

Overall, this approach offers a scalable foundation for comparative heat risk assessment in 

cities. Future work should link such global analyses with finer-resolution local data and 
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validation metrics, including heat-related outcomes, to better capture realised impacts and 

support more effective adaptation planning. 
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Appendix A. Composite risk results for the top 50 cities. 

City 

Name 

Country 

Name 

Total 

Populatio

n 

Normalised 

Hazard Score 

Normalised 

Vulnerability 

Score 

Normalised 

LCA Score 

Composite 

Risk score 

Al Basrah Iraq 1114933 0.96 0.83 0.73 0.83 

Ahmadab

ad 

India 6721469 0.89 0.57 0.79 0.79 

Bamako Mali 3807302 0.9 0.9 0.71 0.78 

Nagpur India 2350840 0.86 0.54 0.71 0.76 

Quezon 

City 

Philippine

s 

17060195 0.87 0.73 0.55 0.70 

Baghdad Iraq 3638813 0.84 0.56 0.7 0.70 

Madurai India 1316792 0.99 0.72 0.67 0.73 

Faisalabad Pakistan 3770671 0.77 0.69 0.89 0.78 

Lagos Nigeria 12025166 0.91 0.8 0.57 0.76 

Hyderaba

d 

Pakistan 1366633 0.86 0.72 0.97 0.79 

Barranquil

la 

Colombia 2043439 0.91 0.63 0.64 0.78 

Ibadan Nigeria 3003695 0.91 0.88 0.53 0.73 

Port 

Harcourt 

Nigeria 1004315 0.9 0.79 0.53 0.74 

Conakry Guinea 1369142 0.88 0.83 0.77 0.77 

Bhopal India 1457813 0.75 0.66 0.65 0.75 

Ho Chi 

Minh City 

Vietnam 12102505 1.00 0.66 0.57 0.70 

Kaduna Nigeria 1101425 0.76 0.95 0.63 0.74 

Bandung Indonesia 5640818 0.77 0.73 0.5 0.71 

Port-au-

Prince 

Haiti 2756073 0.86 0.51 0.62 0.65 

Kanpur India 2949817 0.77 0.67 0.69 0.67 

Luanda Angola 12045280 0.85 0.81 0.58 0.72 

Cairo Egypt 18359205 0.68 0.51 0.76 0.69 

Pune India 6560440 0.74 0.62 0.66 0.66 

Kinshasa Congo, 

DRC 

6394123 0.84 0.84 0.45 0.67 

Manila Philippine

s 

17060195 0.87 0.73 0.55 0.69 

Patna India 1658600 0.75 0.77 0.72 0.73 

Manaus Brazil 2118792 0.96 0.52 0.39 0.66 

Lahore Pakistan 8440497 0.74 0.63 0.8 0.65 

Abidjan Cote 

d'Ivoire 

4436144 0.84 0.68 0.58 0.71 

Rawalpin

di 

Pakistan 2498182 0.59 0.64 0.87 0.69 

Hyderaba

d 

India 7781013 0.76 0.56 0.71 0.68 

Accra Ghana 5139757 0.77 0.65 0.76 0.7 

Bangalore India 10906703 0.64 0.65 0.68 0.69 

Hanoi Vietnam 3410323 0.75 0.63 0.58 0.65 

Kolkata India 14035780 0.82 0.64 0.59 0.66 

Jaipur India 3242035 0.78 0.62 0.77 0.7 

Palemban

g 

Indonesia 1321557 0.93 0.71 0.4 0.68 

Bangkok Thailand 16696153 0.98 0.38 0.52 0.61 

Benin 

City 

Nigeria 1003445 0.93 0.84 0.5 0.65 

Dar es 

Salaam 

Tanzania 4692228 0.74 0.73 0.54 0.7 
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Lucknow India 3307272 0.73 0.68 0.7 0.68 

Phnom 

Penh 

Cambodia 2201647 0.98 0.66 0.69 0.73 

Surabaja Indonesia 4914370 0.94 0.71 0.49 0.72 

Guayaquil Ecuador 1644302 0.79 0.73 0.47 0.67 

Mumbai India 15544429 0.73 0.53 0.6 0.63 

Goiania Brazil 1771384 0.74 0.53 0.54 0.61 

Merida Mexico 1071416 0.89 0.39 0.54 0.58 

Maputo Mozambi

que 

2034919 0.58 0.76 0.51 0.59 

Chennai India 9242295 0.79 0.64 0.62 0.64 
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