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Abstract

Cities concentrate population, infrastructure, and economic assets, yet climate risk studies are still largely conducted at regional or national scales. We
provide the first global city-scale assessment of climate change emergence and coastal flood exposure across ~11,000 urban areas, distinguishing four city
typologies. Using the policy-relevant CORDEX-CORE ensemble of high-resolution regional models, we analyse projected climatic hazards. We show that many
cities experience stronger changes than the surrounding regional average and we quantify when projected climate signals emerge from historical variability
under high- and low- emission scenarios. Heat extremes have already emerged in most cities, while by 2050 all analyzed hazards will emerge everywhere.
Mitigation delays emergence, with heterogeneous benefits across city typologies and continents. Coastal flood exposure is strongly shaped by socio-
economic gradients, and flood protection reduces wealth-dependent disparities. These findings highlight the need to move beyond a megacity-centric view of
climate risk and include small and intermediate coastal cities in global adaptation planning.

Introduction

Urban areas are increasingly recognized as critical focal points of climate risk, where the interaction between anthropogenic activities, dense populations,
and modified land surfaces exacerbates the impacts of global climate change. According to the Sixth Assessment Report (AR6) of Intergovernmental Panel
on Climate Change Sixth Assessment Report (IPCC)’, urban exposure to climate hazards is increasing due to both global-scale climatic trends and the local
amplification of extremes through urbanisation processes. There is very high confidence that urban environments experience enhanced local warming as a
consequence of the urban heat island effect, leading to an intensification of heatwaves, and medium confidence of altered precipitation regimes that affect
both mean and extreme rainfall. There is high confidence that these changes contribute to stronger runoff events and flash flooding 2. Furthermore, drought
conditions are projected to intensify in many areas due to rising temperatures and changes in precipitation patterns, especially where urban water demand
and changes to the land surface exacerbate hydrological stress 3~5. Particularly, in cities situated at the urban-wildland interface, drying trends, increased
temperatures, and modifications in atmospheric circulation can also favor conditions favorable to wildfire activity. By combining the effects of temperature,
humidity, wind, and fuel dryness, compound indicators that integrate multiple climatic drivers, such as the Fire Weather Index (FWI) and heat-stress metrics
(e.g. NOAA HI), offer a helpful framework to evaluate these interacting hazards %’. These compound indicators show how risks to urban populations,
ecosystems, and infrastructure can be increased by concurrent changes in several climate variables.

Urbanized and densely populated areas in coastal cities are particularly vulnerable to flooding, as sea-level rise and storm surges combine with extreme
precipitation to produce compound flooding hazards. The frequency of extreme sea-level events has already increased substantially, and this trend is
projected to accelerate throughout the 21st century &. Consequently, virtually all urban areas face heightened risks to human health, infrastructure, and
economic systems °. Despite the clear relevance of urban land-atmosphere interactions for climate risk assessments, most large-scale studies to date have
relied on global climate model (GCM) ensembles. For instance, Guerreiro et al. (2018)'? analysed projections from the Coupled Model Intercomparison
Project Phase 5 (CMIP5) to assess future heatwave characteristics across European cities. However, GCMs typically operate at spatial resolutions of
approximately 100 km, which are insufficient to capture the fine-scale variability and feedback associated with urban land surfaces. As a result, urban-rural
contrasts and local amplification processes are only coarsely represented in these studies.

To resolve these local-scale processes, dynamical downscaling using regional climate models (RCMs) is commonly employed. Within the CORDEX
framework (Coordinated Regional Climate Downscaling Experiment '), global CMIP models are downscaled to regional domains, providing climate
projections at grid spacings of approximately 0.22° (~25 km) in CORDEX-CORE (Coordinated Output for Regional Evaluations) and 0.11° (~12 km) in EURO-
CORDEX. These simulations improve the representation of regional extremes and land-atmosphere interactions compared to GCMs 278 Such high-
resolution approaches have been applied extensively to examine the urban climate of individual cities or limited regions due to computational demand (e.g.,
19-24) However, large-scale or ensemble-based assessments covering multiple urban areas remain comparatively scarce, with only a few examples
addressing multi-city analyses or cross-model comparisons (e.g., 2°7%7).

Some recent studies have incorporated explicit urban parameterizations, such as urban canopy models (UCMs), within regional simulations, substantially
improving the representation of urban heat island characteristics and urban—rural contrasts. For example, Langendijk et al. (2025) 28 analysed global
megacities using CORDEX-CORE simulations with urban representations, while Zazulie et al. (2026)2° investigated extreme climate indices for 40 European
cities using EURO-CORDEX simulations including urban parameterizations. However, in CMIP5-driven CORDEX simulations, the urban fraction or urban mask
was not a mandatory output variable. Consequently, urban-focused analyses have been restricted to a relatively small subset of simulations and cities for
which explicit urban information was available. This has resulted in spatially limited assessments, typically covering around 40 cities, and leaving cities in
large portions of the world unexplored.

In the absence of a globally consistent dataset with explicit urban parameterizations, and while awaiting the next generation of CORDEX simulations driven
by CMIP6 models, there is a need for intermediate approaches that can provide a first-order, globally consistent representation of how climate extremes
affect cities worldwide.

To overcome this limitation and to deliver a first global overview of climate impacts on cities using the data currently available, the present study employs the
full ensemble of CMIP5-driven CORDEX-CORE and EURO-CORDEX simulations at 0.22° and 0.11° resolution, respectively. Rather than relying on model-based
urban masks, which are not implemented consistently across regions or for cities of all sizes, we combine these regional climate projections with
harmonised spatial information on urban extents from the Global Human Settlement Urban Centre Database (GHS-UCDB, Globe R2024A 39). Specifically,
urban polygons from GHS-UCDB are used to spatially extract and aggregate climate information from the CORDEX simulations over the locations
corresponding to each city. This approach does not explicitly represent urban canopy processes within the climate models, but it ensures methodological
consistency across continents and city sizes. It therefore represents an intermediate and pragmatic compromise, enabling a globally comparable
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assessment of climate extremes affecting urban areas under a common framework.

Using this framework, we analyse a suite of extreme indices derived from near-surface air temperature, maximum and minimum temperature (tas, tasmax,
tasmin), precipitation (pr), relative humidity (hurs) and surface wind (sfcWind), including compound indicators such as the NOAA Heat Index 2! and the Fire
Weather Index (FWI)32. To extend the assessment beyond atmospheric hazards, we further integrate two complementary global coastal flood hazard
datasets representing exposure with and without coastal protection measures. Through this multi-hazard approach, our study provides a globally consistent
assessment of projected climate extremes in urban areas, quantifying the timing of emergence of heat- and precipitation-related hazards under both RCP8.5
and RCP2.6, and assessing coastal flood exposure under a high-end RCP8.5 scenario. Coastal flood projections under RCP2.6 were not available in the
underlying dataset; while simulations for RCP4.5 exist, they produce results broadly comparable (not shown) to those obtained under RCP8.5 and are
therefore not discussed separately.This first-order global overview lays the groundwork for future analyses based on fully coupled urban-climate simulations.

Results

Extreme indices over cities

Cities in this study are classified according to the global urban typology developed by Montfort et al. (2026)33, which encompasses approximately 11,000
cities worldwide with at least 50,000 inhabitants. The dataset identifies four city types capturing major dimensions of urban development and climate
relevance: Type 1: “Development First”, characterized by low emissions and urgent development challenges; Type 2: “Urban Planning First”, representing
rapidly growing cities supported by robust infrastructure and governance structures; Type 3: “Mitigation First”, including high-emission cities with substantial
mitigation potential; and Type 4: “Megacities”, comprising globally significant metropolitan areas facing complex, cross-cutting socio-environmental
pressures (see Methods). The spatial distribution of cities analysed in this study is shown in Fig. 1.

To better characterise how climate change signals manifest at the city scale, we analysed how changes simulated for individual cities compared with the
corresponding ARG regional mean signal. Cities are unevenly distributed within regions and often located in climatically distinct sub-areas (e.g. coastal
zones, lowlands or orographic margins), and so their local climate response may differ in magnitude from the regional average. Using the Montfort et al
(2026)32 global dataset and the full ensemble of CORDEX-CORE simulations, we quantified, for each AR6 region and climate index (Table 1), including
temperature extremes (TN90p, TX90p), heat stress (HI41), energy-related degree days (HeatDD, CoolDD), precipitation extremes (CDD, RX1DAY), and fire
weather conditions (FWI), the percentage of cities (P) in which the projected change (Acity,i ) across models (N) exceeds the regional mean change
(Aregion,i ), while retaining the sign of the regional signal using equation (1). The change was computed as the difference between the far-future period
(2070-2100) and the historical reference period (1980-2010) :

100 xy

P v Li=1 [Sign(‘dregion,i) : (ﬂcity,i - A'region,i) ] >0 [1]

We show these percentages in Fig. 2: background colours indicate the sign of the regional mean change, while dot size and shading represent the proportion
of cities for which the change exceeds the regional mean in the same direction. The dot patterns reveal substantial intra-regional heterogeneity. For
temperature extremes (TX90p and TN90p), a large fraction of cities, often exceeding 50% and in several regions approaching 75-100%, experience stronger
changes than the regional mean, particularly in parts of Central and South America, Africa, and Asia. The amplification is even more pronounced for HI41 in
several tropical and subtropical regions, where the majority of cities show changes larger than the regional average. For precipitation-related indices
(RXTDAY and CDD), the spatial patterns are more variable. Some regions exhibit high percentages of cities with amplified changes, while others show a more
balanced distribution, suggesting that local-scale factors and spatial heterogeneity play a stronger role. Fire Weather Index (FWI) displays widespread
regional increases, with many regions, especially in Northern and Central South America and parts of Asia, showing a high proportion of cities with stronger-
than-regional amplification. Overall, this analysis highlights that regional mean values can mask significant sub-regional variability. In many AR6 regions and
across multiple indices, a majority of cities exhibit changes that exceed the corresponding regional average, underscoring the importance of city-level
assessments in complementing regional-scale climate projections.

ToE across types and regions

In climate science, the Time of Emergence (ToE) refers to the moment when the climate-change signal of a given variable exceeds the range of natural
variability, making the influence of anthropogenic forcing clearly detectable (see Methods). Analysing ToE across different hazard types and city typologies
allows us to disentangle whether the timing of climate signal detection is primarily controlled by the physical characteristics of each hazard or modulated by
regional and urban context.

In Fig. 3 the upper panel (a) shows when each hazard emerges across cities, while the lower panels illustrate, for each city typology, which hazards dominate
among those emerging before 2025 and before 2050. The timing of emergence varies substantially across hazards. Temperature-based extremes (TX90p
and TN90p) show universally very early emergence, with 100% of cities exceeding natural variability before 2025. Heat-related compound indices (HI41) and
drought/fire-related metrics (CDD and FWI) also emerge predominantly before mid-century, with 77%-90% of cities crossing the threshold before 2025 and
only a small fraction emerging after 2035. In contrast, precipitation extremes (RX1DAY) display later emergence: only 20% of cities emerge before 2025,
while 38% do so between 2035 and 2050 and 13% after 2050. Energy demand indicators show differentiated behaviour: Cooling Degree Days (CoolDD)
emerge almost universally before 2025 (99%), reflecting increasing cooling demand, whereas Heating Degree Days (HeatDD) exhibit a more gradual signal,
with 25% of cities emerging after 2035 and 17% after 2050. The lower panel (b) reveals that differences across city typologies (Megacities, Development-first,
Mitigation-first, and Urban-planning-first) are secondary compared to hazard-specific physical characteristics. Before 2025, temperature extremes dominate
across all typologies, consistently reaching 100% emergence. By 2050, nearly all hazards have emerged in most cities, though RX1DAY and, in some
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typologies, HI41 retain lower shares compared to thermodynamic indicators. Notably, mitigation-first cities show slightly delayed emergence for some hydro-
climatic hazards (e.g., HI41 and RX1DAY), whereas development-first and megacities display broader early emergence across compound and fire-related
indices. Overall, the figure highlights that the timing of emergence is primarily hazard-driven rather than city-typology-driven. Thermodynamic warming
signals (TX90p, TN90p, CoolDD) emerge earliest and most robustly, followed by heat stress and fire weather metrics, while precipitation extremes and cold-
related declines exhibit greater variability and later emergence. This sequential emergence pattern has implications for adaptation planning, suggesting that
cities worldwide are already locked into early and robust warming-related impacts, with hydro-climatic extremes becoming increasingly dominant toward
mid-century.

Figure 4 disaggregates the timing of hazard emergence by continent, highlighting regional contrasts in the sequencing of climate hazards. A clear and
consistent pattern emerges across all regions: temperature-based extremes (TX90p and TN90p) display universal early emergence, with 100% of cities
exceeding baseline variability before 2025 in every continent. This confirms the robustness and spatial coherence of the warming signal across diverse
climatic contexts. Cooling Degree Days (CoolDD) also show near-universal early emergence, reflecting increasing cooling demand across climatic zones.
Greater regional differentiation appears for hydro-climatic and compound hazards. For RX1DAY, early emergence before 2025 remains limited in most
continents (typically below 50%), with Europe showing particularly low early emergence (6%). However, by 2050, the vast majority of cities in all continents
have crossed the emergence threshold, indicating a delayed but widespread and fast intensification of extreme precipitation. CDD and FWI display strong
early signals in Africa, Asia, and parts of the Americas, where more than 80%-90% of cities show emergence before 2025. Australasia stands out for
comparatively lower early emergence of CDD (48%) and HI41 (55%), although both indices approach near-universal emergence by 2050. Europe exhibits a
distinct profile, with very early emergence of FWI (98%) but more moderate early emergence of HI41 (19%) and RX1DAY (6%), suggesting stronger regional
modulation of compound heat and precipitation extremes. Overall, the continental breakdown reinforces that while warming-related hazards emerge early
and consistently across the globe, precipitation and compound heat indicators exhibit stronger regional modulation in their timing. By 2050, however, most
hazards are projected to emerge in the majority of cities across all continents, indicating a progressive convergence of climate risk profiles despite differing
initial trajectories.

Figure 5 illustrates the effect of mitigation on the Time of Emergence, expressed as the difference in years between the RCP2.6 and RCP8.5 (AToE =
ToE_{RCP2.6} - ToE_{RCP8.5}). Positive values indicate a delayed emergence under the low-emission scenario relative to the high-emission pathway. Results
are shown as mean across cities, stratified by city typology (a) and by continent (b).

Across hazards, mitigation systematically delays the emergence of climate hazards, but the magnitude of this delay varies strongly by hazard, city typology,
and continent. Percentile-based temperature extremes (TX90p, TN90p) show only limited delays (typically <2 years), indicating that their emergence is
already largely locked-in across scenarios. In contrast, substantially larger delays are found for compound and cumulative heat indicators such as HeatDD
and HI41, for which mitigation can postpone emergence by more than 5-10 years in several regions and city typologies.

Hydrological and wildfire hazards (CDD, RX1DAY, FWI) exhibit intermediate and highly heterogeneous responses, with median delays ranging from 2 to more
than 10 years depending on the region. These delays are generally larger in North America, South and Central America, and parts of Europe, and smaller in
Africa, Australasia and Asia, consistent with the earlier emergence patterns shown in the previous figures. Differences among city typologies are
comparatively smaller than regional differences, suggesting that continental-scale climate dynamics appear to play a larger role in determining the mitigation
benefit than differences in urban development pathways.

Urban coastal flooding

In addition to climate extremes over land, coastal flooding represents one of the most direct and economically consequential pathways through which
climate change affects urban areas. Rising mean sea level, compounded by storm surge, tides, and wave setup, is projected to substantially increase the
frequency and magnitude of extreme coastal water levels during the 21st century®*3%. Beyond the intensification of extreme sea levels, recent work
emphasizes that the exposure of the built environment itself represents a critical and growing dimension of coastal climate risk3®
h37

, particularly in rapidly
urbanizing regions of the Global South®’. Given the high concentration of population, infrastructure, and economic assets in low-elevation coastal zones,
understanding the spatial distribution of flood exposure across coastal cities is critical for assessing future urban climate risk and inequalities in
vulnerability. Coastal flood risk is shaped not only by physical drivers, such as relative sea-level rise and extreme sea levels, but also by socio-economic
factors, including the spatial configuration of urban areas and the presence (or absence) of coastal protection. In this section, we therefore analyse projected
coastal flood exposure across a globally consistent sample of coastal cities, explicitly contrasting scenarios with and without flood protection. This allows
us to disentangle the extent to which future coastal flood exposure is driven by physical hazard intensification versus differences in adaptation capacity and
protection standards. The coastal flooding analysis relies on two global hazard datasets representing contrasting assumptions about coastal protection: a
no-protection scenario (NO_PROT 3%), which assumes the absence of coastal defence measures, and a protection scenario (PROT 28), which accounts for
existing coastal protection standards and their capacity to reduce flood impacts (see Methods). These studies provide spatially explicit projections of
coastal flooding under future sea-level rise scenarios, providing the basis for the flood hazard datasets used here.

The analysis focuses on a global set of approximately 1,000 coastal cities from Montfort et al (2026)33, covered in the coastal flood impact dataset of Kirezci
et al. (2020)° and Tiggeloven et al. (2020)38. Urban extents for each city were delineated using the GHS_UCDB_THEME_CLIMATE_GLOBE_R2024A% dataset
, which supplies consistent satellite-derived polygons of urban centres and is used to define the spatial footprint over which flood exposure is evaluated. For
each city and scenario, the percentage of flooded urban area was computed as the fraction of urban polygon pixels intersecting flood depths greater than
zero. This metric provides a consistent basis for comparing flood exposure across cities, continents, and protection scenarios. Figure 6 shows the
relationship between urban GDP in 2020 (source: 30) and the projected percentage of flooded urban areas in 2100 under the RCP8.5 scenario, for events
with a 100-year return period (RP), stratified by continent. For each region, two sets of points are displayed, corresponding to simulations without flood
protection (NO_PROT) and with protection (PROT). For both cases, the association between GDP and the percentage of flooded urban areas is quantified
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using Spearman’s rank correlation coefficient (p). Spearman’s p ranges between -1 and +1, where negative values indicate an inverse relationship and
positive values indicate a direct association between variables, while values closer to zero indicate weaker relationships. The corresponding p-values
represent the probability of obtaining a correlation at least as extreme as the observed one under the null hypothesis of no association, and are reported to
assess statistical significance; correlations with p < 0.05 are considered statistically significant.

Linear trend lines are shown to aid visual interpretation. Correlation coefficients and associated p-values are reported in each panel, based on city-level data
aggregated by continent. Across all continents, a negative relationship emerges between urban GDP and the fraction of flooded urban areas, particularly in
the absence of flood protection. Under the NO_PROT scenario, this relationship is statistically significant in all regions, with moderate correlations in Asia (p
=-0.30, p = 2.8x10-"%) and Europe (p = -0.27, p = 8.4x10%), and much stronger gradients in Africa (p = -0.60, p = 1.4x10-"") and Central & South America (p =
-0.55, p = 3.5x1077). North America also exhibits a significant negative association (p = -0.35, p = 7.0x10-3), while Australasia shows a moderate but
significant correlation (p = -0.50, p = 8.6x10-3), although based on a smaller sample. In contrast, under the PROT scenario, correlations systematically
weaken and often lose statistical significance, with non-significant relationships in Africa (p = -0.15, p = 0.13), Australasia (p = -0.05, p = 0.79), North
America (p = -0.16, p = 0.24), and Central & South America (p = -0.06, p = 0.60), while remaining modest but significant in Asia (p = -0.26, p = 2.4x107"2) and
Europe (p = -0.22, p = 7.5x10-3). Overall, these results suggest that, in the absence of protection, urban flood exposure would be strongly structured by socio-
economic gradients, whereas maintaining present levels of flood protection substantially reduces GDP-dependent disparities, effectively flattening the
relationship between wealth and flood impacts across most regions.

Figure 7 further refines the analysis by shifting from a continental aggregation to a classification by urban development typology, revealing important
differences in how economic capacity relates to flood exposure.

For Megacities, no statistically significant relationship emerges between urban GDP and the percentage of flooded area, either in the absence of protection
(NO_PRQT: p = +0.04, p = 0.82) or with protection (PROT: p = -0.02, p = 0.90). This lack of correlation is likely explained by the fact that megacities are, by
definition, characterized by uniformly high GDP levels, resulting in a limited economic gradient within this group. As a consequence, variations in flood
exposure among megacities are more plausibly driven by geographic and physical factors, such as coastal setting, deltaic location, or subsidence, rather
than differences in economic capacity. In contrast, cities classified as “Development first” exhibit a clear and robust negative relationship between GDP and
flooded urban area in the NO_PROT scenario (p = -0.30, p = 4.3x10-'°), which remains statistically significant but weaker when protection is included (p =
-0.17, p = 7.6x10-%). This suggests that, within this typology, wealthier cities will experience lower relative flood exposure, and that coastal protection
reduces both absolute flood impacts and their dependence on economic disparities. A similar but more pronounced pattern is observed for “Mitigation first”
cities, where the negative correlation is particularly strong in the absence of protection (p = -0.37, p = 4.3x10-"%) and becomes weak and only marginally
significant under protection (p = -0.10, p = 7.3x10-2). This indicates that, in mitigation-oriented urban systems, economic capacity strongly conditions flood
exposure when no defenses are present, whereas protection measures substantially reduce these differences. Finally, for cities categorized as “Urban
planning first”, correlations are weak and not statistically significant in both scenarios (NO_PROT: p = -0.08, p = 0.18; PROT: p = -0.04, p = 0.47), implying
that flood exposure in these cities is largely decoupled from GDP levels. This likely reflects the dominant role of spatial planning, land-use regulation, and
urban form in shaping flood risk, independently of economic size.

Overall, the analysis highlights that the relationship between economic wealth and flood exposure is highly contingent on urban development pathways: it is
strong in “Development first” and “Mitigation first” cities without protection, weak or absent in “Megacities” due to their uniformly high GDP, and largely
neutralized by effective coastal protection across all typologies. Building on the previous analysis of the GDP-exposure relationship, Fig. 8 provides a
complementary perspective by examining the full distribution of projected flooded urban areas across continents and time horizons. The figure shows the
percentage of flooded urban areas under RCP8.5 for 100-year return period events (RP100), comparing scenarios without protection (NO_PROT) and with
protection (PROT), and overlaying projections for 2030, 2050, and 2100. The upper panel (a) includes small and intermediate coastal cities, following the
classification of Cattaneo et al 20243, with populations between 50.000 and 1 million inhabitants.

The lower panel (b) focuses exclusively on large coastal cities (>1 million inhabitants, 167 cities in total). Across all continents, the NO_PROT scenario
exhibits a clear upward shift in both median and upper-tail flood exposure over time, with particularly pronounced increases by 2100 in Europe, Asia, and
Africa. The distributions are right-skewed, indicating that while many cities experience moderate impacts, a subset faces very high flooded area fractions. In
contrast, the PROT scenario substantially compresses the distributions toward near-zero exposure in most regions and time slices, markedly reducing both
median impacts and extreme outliers. When focusing on large cities (>1M inhabitants), overall flooded fractions are generally lower than those observed for
small and intermediate coastal cities, although regional contrasts persist. Asia remains the continent with the highest projected exposure even among large
cities, whereas Europe and North America show relatively limited impacts under protection scenarios. The strong reduction observed under PROT across all
continents reinforces the earlier finding that coastal protection plays a decisive role in moderating exposure disparities, effectively dampening both temporal
escalation and regional inequalities in projected flood impacts. Differences across the time horizons considered (2030, 2050, and 2100) remain relatively
limited in most regions, suggesting that the presence/absence of coastal protection exerts a stronger influence on projected exposure than the temporal
progression itself within the RCP8.5 scenario. A noteworthy pattern emerging from Fig. 8 is that the highest fractions of flooded urban areas are
predominantly associated with smaller and intermediate cities. In contrast, large metropolitan areas (> 1 million inhabitants) tend to exhibit comparatively
lower flooded fractions. This suggests that extreme proportional exposure is not primarily concentrated in the largest urban economies, but rather in smaller
coastal cities, which may be more spatially constrained, more directly exposed to low-elevation coastal zones, and less likely to benefit from historically
accumulated protection infrastructure.

Discussion

This study provides a globally consistent assessment of climate hazard emergence and coastal flood exposure across global cities, combining regional
climate projections with harmonised urban spatial definitions. By integrating CORDEX simulations to GHS-UCDB urban polygons, we develop a globally
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comparable framework for assessing urban climate risks across regions, city typologies, and socio-economic contexts, with the flexibility to incorporate the
next generation of CMIP6-CORDEX simulations as they become available. A central finding is the clear sequencing of hazard emergence. Temperature-
related extremes (TX90p, TN90p) and cooling demand indicators emerge earliest and most universally, often before 2025 in all cities. Heat stress (H141),
drought (CDD), and fire weather (FWI) follow shortly thereafter, while precipitation extremes (RX1DAY) and energy-demand indicators display later and more
heterogeneous emergence patterns. This hazard-specific timing is remarkably consistent across continents and urban typologies, indicating that physical
climate signal characteristics dominate over development pathways in determining when cities cross emergence thresholds. Differences across city
typologies are secondary compared to differences across hazard types. This suggests that, at the global scale, thermodynamic warming signals overwhelm
variations in governance orientation or development strategy when considering emergence timing.

Typologies become more relevant when examining exposure and socio-economic gradients. The coastal flooding analysis, based on the 100 yr return period
event, reveals a robust negative relationship between urban GDP and projected flooded area under the NO_PROT scenario. In the absence of protection,
lower-income cities are projected to systematically experience higher proportional exposure, with particularly strong gradients in Africa and Central & South
America. This indicates that physical hazard alone would likely amplify existing global inequalities in urban coastal risk. However, the maintenance of at least
present levels of coastal protection standards substantially weakens or neutralizes these gradients across most continents and typologies. Under the PROT
scenario, correlations between GDP and flooded fraction diminish markedly and often lose statistical significance. This demonstrates that adaptation, when
implemented effectively, has the potential to reduce wealth-dependent disparities in projected exposure. At the same time, the persistence of modest
correlations in some regions (e.g., Asia and Europe) indicates that protection will not fully eliminate structural inequalities. While megacities concentrate
population and economic assets, the highest relative flooded fractions are predominantly observed among smaller and medium-sized coastal cities. This
pattern suggests that relative spatial vulnerability may be more acute in smaller cities, which may lack extensive legacy protection systems. This finding
challenges a predominantly megacity-centric framing of global climate risk. Although large metropolitan areas remain critical nodes of systemic risk, the
distributional analysis highlights that proportional impacts, and potentially adaptation gaps, may be more severe in smaller urban centres. These cities may
have more limited fiscal capacity, weaker governance structures, and fewer resources for large-scale coastal protection, making them particularly vulnerable
to escalating sea-level rise. This finding reinforces the need to move beyond a megacity-centric perspective of climate risk and to explicitly account for small
and intermediate coastal cities in global adaptation planning.

By relying on harmonised global urban polygons rather than model-based urban masks, this study circumvents the lack of consistent urban parameterisation
across regional climate models. While the limitation of this approach is that it does not explicitly resolve urban canopy processes, it nevertheless ensures
spatial comparability and enables a first-order global assessment of how climate extremes intersect with real urban extents. The results therefore provide a
bridge between regional climate projections and city-scale risk analysis, pending the next generation of globally consistent urban-resolving simulations.
Taken together, the results indicate that (i) climate hazard emergence in cities is primarily hazard-driven and already underway for warming-related extremes,
(ii) coastal flood exposure without adaptation would strongly reinforce global socio-economic disparities, and (iii) effective protection measures can
substantially attenuate, but not entirely remove, these inequalities. The convergence of hazard emergence by mid-century across most continents suggests
that urban adaptation planning is very urgently needed, especially given the substantial lead-times for implementation of adaptation measures. At the same
time, the disproportionate relative exposure of smaller coastal cities underscores the need for inclusive, globally distributed adaptation strategies that extend
beyond the world’s largest metropolitan regions.

Methods

Selection of cities

City typologies, developed by Montfort et al. (2026)3% among approximately 11,000 cities worldwide with at least 50,000 inhabitants, are derived through a
data-driven Deep Embedded Clustering (DEC) ensemble approach that groups cities based on shared structural characteristics relevant for climate action,
including demographic scale and growth, socio-economic development, infrastructure conditions, and biophysical energy demand patterns. Stability
assessments across 30 independent clustering runs were performed to ensure robustness and reduce stochastic variability in the classification. The
resulting framework identifies four city types capturing major dimensions of urban development and climate relevance: Type 1: “Development First”,
characterized by low emissions and urgent development challenges; Type 2: “Urban Planning First”, representing rapidly growing cities supported by robust
infrastructure and governance structures; Type 3: “Mitigation First”, including high-emission cities with substantial mitigation potential; and Type 4:
“Megacities”, comprising globally significant metropolitan areas facing complex, cross-cutting socio-environmental pressures. Using this globally consistent
typology enables a systematic and transparent selection of case-study cities across all AR6 regions*?, ensuring representation of diverse urban contexts
rather than relying on ad hoc or literature-driven sampling. By explicitly accounting for population size and geographic distribution, the selection framework
balances representativeness and societal relevance, while helping to counteract long-standing biases in the scientific literature that tend to overrepresent
large cities in the Global North. Leveraging the full dataset of ~11,000 cities strengthens the generalisability of our findings and provides a structured basis
for linking local climate signals to broader global urban patterns.

CORDEX-CORE climate projections

In this analysis, we use all available CORDEX-CORE regional climate model simulations at 0.22° horizontal resolution over the North American (NAM), South
American (SAM), Central American (CAM), African (AFR), Australasian (AUS), Western Asian (WAS), Eastern Asian (EAS), and South-East Asian (SEA)
domains, and at 0.11° resolution over the EURO-CORDEX domain (Supplementary Table 1). The simulations are driven by CMIP5 global climate models and
provide continuous, daily, multi-decadal climate projections that enable a consistent multi-region and multi-city assessment of climate extremes.

Dedicated urban representations are not yet consistently available in regional climate simulations across all continents. Therefore, to ensure globally
consistent spatial coverage and multi-decadal simulations across all regions, this study relies on the CORDEX-CORE CMIPS regional climate simulations
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described above. Urban centers are identified using the Global Human Settlement Urban Centre Database (GHS-UCDB, Globe R2024A39), which provides
globally harmonised polygon geometries and associated metadata for urban areas derived from morphological built-up patterns and population-density
thresholds. The list of cities considered in this study is taken from Montfort et al. (2026)%3, and the corresponding urban polygon geometries are retrieved
from the GHS-UCDB database when available. This results in approximately 11,000 cities worldwide included in the analysis. For each city, the corresponding
polygon is spatially overlaid with the CORDEX regional climate model grids. Climate indicators are extracted from the regional model grids and spatially
aggregated over the grid cells intersecting each urban polygon. When at least five grid cells fall within the polygon, city-scale values are computed as the
mean across those cells. For smaller cities intersecting fewer grid cells, a fallback approach is applied based on nearest-neighbour sampling combined with
local spatial averaging, ensuring robust estimation of city-scale signals. City-level indicators are computed independently for each model simulation and
subsequently combined across the multi-model ensemble. By linking gridded climate projections to standardised urban polygons, the methodology ensures
spatial consistency, cross-regional comparability, and reproducibility of city-scale climate metrics.

Coastal flooding datasets

The coastal flooding analysis is based on two global coastal flood hazard datasets that represent contrasting assumptions regarding coastal
protection,following the methodological frameworks of Kirezci et al. (2020)3° (NO_PROT) and Tiggeloven et al. (2020)38 (PROT). The NO_PROT dataset
represents a counterfactual scenario in which no coastal protection measures are assumed to be in place. Coastal flood hazards are derived by combining
estimates of present-day global extreme sea level (ESL) simulations with IPCC AR5 projections of relative sea-level rise (RSLR) under different climate
scenarios. Extreme sea levels include the combined effects of astronomical tides, storm surge, and wave setup, and are estimated using different extreme
value analyses (EVA) (adopting the best tested Peaks-over-Threshold approach with Generalized Pareto Distribution) to the time series of total sea level as
the linear summation of aforementioned components tides, surge and wave setup. Future ESLs are obtained by superimposing probabilistic RSLR
projections onto present-day extremes. Flood-prone areas are identified using the high-resolution Multi-Error-Removed Improved-Terrain Digital Elevation
Model (MERIT DEM*") by using a GIS-based bathtub approach that maps areas below projected ESLs that are hydrologically connected to the ocean. Flood
impacts are then quantified by overlaying inundation maps with spatially explicit datasets of population and gross domestic product (GDP), enabling the
estimation of exposed assets and population. In contrast, the PROT dataset explicitly incorporates the presence of standards of coastal protection. Present-
day tide and storm surge information is derived from the GTSR*?, and tropical cyclone impacts are enhanced through the inclusion of synthetic cyclone
events based on the IBTrACS archive®?, improving the representation of extreme water levels in tropical regions. Extreme sea levels are modelled using a
Gumbel distribution. Coastal inundation is simulated using a GIS-based bathtub methodology similar in principle to NO_PROT, but with additional
refinements, including corrections for vertical datums, and attenuation of floodwaters as they propagate inland over MERIT DEM topography. Crucially, this
dataset integrates spatially explicit information on coastal defence standards from the FLOPROS database*, allowing the flood hazard to be conditioned on
existing protection levels. Future hazard projections account for regional RSLR estimates from Jackson & Jevrejeva (2016) #° under RCP4.5 and RCP8.5,
combined with land subsidence projections from the SUB-CR model*9, thereby representing both climatic and geophysical drivers of relative sea-level
change. Flood maps are generated for multiple return periods (2 to 100 years) and coupled with exposure and vulnerability functions to compute Expected
Annual Damages (EAD), enabling an assessment of adaptation benefits under different protection strategies.

We acknowledge that a direct quantitative comparison between coastal flood projections derived from different modelling frameworks should be interpreted
with caution, as such datasets may differ in terms of hydrodynamic models, digital elevation models, boundary conditions, and process representations (see
Supplementary Table 2 for a detailed comparison of the two methods). In particular, the NO_PROT and PROT datasets rely on distinct methodological
assumptions, including the representation of vertical land motion and coastal protection standards in PROT, which are only partially available at the global
scale. Nevertheless, despite these differences, comparing the two datasets remains informative for a relative assessment of the potential role of coastal
protection in modulating flood exposure. Rather than aiming at an exact inter-model attribution, our analysis focuses on contrasting flood extents under
scenarios with and without protection to identify robust, first-order patterns and broad-scale tendencies across regions and city typologies. This approach
allows us to place our results within the range of existing global coastal flood assessments and to highlight consistent signals that are relevant for large-
scale risk interpretation, while explicitly recognizing the underlying uncertainties.

The framework of the Time of Emergence

The concept of time of emergence (ToE) is widely used across disciplines to identify the point at which a forced signal becomes distinguishable from
background variability. In climate science, ToE marks the moment when the climate-change signal of a given variable exceeds the range of natural variability,
allowing the influence of anthropogenic forcing to be robustly detected. This framework can be applied to a wide range of climate hazards, including
temperature extremes, precipitation extremes, drought- and fire-related indices, and compound indicators. In this study, ToE is defined as the year in which
the change in a given hazard index exceeds the upper bound of its internal-variability envelope. This envelope is estimated using +2 standard deviations (o)
of the climate-model ensemble distribution over a historical reference period (1980-2010). ToE is then identified as the first year in which the 30-year running
mean of the ensemble-mean hazard index crosses this threshold. This approach follows the widely adopted +20 detectability criterion, which approximates a
95% confidence range for internal variability*’. By requiring the forced signal to exceed this threshold, we ensure that emergence is attributed to
anthropogenic climate change rather than to fluctuations expected under natural variability alone. To assess the robustness of the ToE estimates, we
complement this confidence-interval method with a signal-to-noise (S/N) analysis, in which emergence is detected once the forced change in the hazard

index exceeds the simulated interannual variability. We adopt S/N > 1 as our central criterion (signal larger than noise), consistent with previous studies”*748,
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Table

Table 1. Climate indices analysed in this study: climate indices include temperature extremes (TN90p, TX90p), heat stress (HI41), energy-related degree days
(heatDD, coolDD), precipitation extremes (CDD, RX1DAY), and fire weather conditions (FWI).

Index Description Input Units
variables
TN9O0p Warm nights: percentage of days when tasmin > 90th percentile of reference period (1980-2010) tasmin % of
days
TX90p Hot days: percentage of days when tasmax > 90th percentile of reference period (1980-2010) tasmax % of
days
H141 number of days with NOAA Heat Index > 41. The ‘Heat Index’ is a measure of how the hot weather "feels" to the tasmax, hurs  days
human body, when relative humidity is combined with the air temperature. The Index is computed from daily
relative humidity and maximum temperature, and the annual number of days with this index above a threshold of
41°C (category: danger) is provided as HI41.
heatDD Heating degree day: Describe the need for the heating energy requirements of buildings tas, tasmax, degree
tasmin day
coolDD Cooling degree day: Describe the need for the cooling (air-conditioning) requirements of building, used for energy  tas, tasmax, degree
consumption tasmin day
CDD Consecutive dry days: the largest number of consecutive days where daily precipitation is below a threshold of 1 pr days
mm
RX1DAY  Maximum 1 day precipitation pr mm
FWI Fire Weather Index tasmax, hurs,
pr, sfcWind
n.a.
Figures

Figure 1

Cities by typology

City typology
Megacities
Development first
Mitigation first
Urban planning first

Spatial distribution of cities: ~ 11,000 cities analysed in this study and classified into four typologies representing different urban development priorities: Type
1: “Development First’; Type 2: “Urban Planning First”; Type 3: “Mitigation First”; and Type 4: “Megacities”.
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Percentage of Cities with stronger change than the regional mean
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Figure 2

Percentage of cities exhibiting stronger changes than the AR6 regional mean. Background colors indicate the sign of the regional mean change. Dots
represent the percentage of cities within each AR6 region for which the magnitude of the local change exceeds the regional mean and has the same sign, i.e.
sign(Aregion)-(Acity - Aregion) > 0. Dot size and shading scale with the fraction of cities (25%, 50%, 75%, 100%). Results are based on the global dataset of
~11,000 cities and the full CORDEX-CORE ensemble. Empty cells are cells that include only one city.
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Time of Emergence (ToE)
a) [0 <2025  WEEN 20252035 ~ MEEE 2035-2050  NEEE >2050

ToE distribution by hazard and time window

Percentage of cities (%)

b)

Hazards emerging by city typology and time window

Megacities Development first Mitigation first Urban planning first

2025

2050

Hazard
B TX90p 0 CDD N RX1DAY HI41
[ TN9Op  mmm FWI " CoolDD [0 HeatDD

Figure 3

Time of emergence of climate hazards across cities and urban typologies. (a) Distribution of the time of emergence (ToE) of eight climate hazards across all
analysed cities, grouped into four time windows (<2025, 2025-2035, 2035-2050, >2050). Bars show the percentage of cities for which each hazard emerges
within a given time window. (b) Relative contribution of different hazards emerging in two periods (2000-2025 and 2025-2050) for each city typology
(development first, megacities, mitigation first, urban planning first). Pie charts indicate the proportion of hazards associated with each city typology,
highlighting shifts in dominant climate risks over time and differences in emergence patterns across urban development pathways.
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Hazards emerging by continent and time window
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Figure 4
Time of emergence of climate hazards across cities and regions. Continental distribution of emerging climate hazards across time windows. Pie charts

show the relative composition of climate hazards emerging in two time periods (2000-2025, top row, 2025-2050, bottom row) for cities grouped by
continent.
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a) Effect of mitigation on Time of Emergence by city typology (mean across cities)
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Figure 5

Effect of mitigation on the time of emergence of climate hazards across city typologies and continents. Bars show the median delay in the time of
emergence (AToE, years) between a low-emissions scenario (RCP2.6) and a high-emissions scenario (RCP8.5), computed across cities for each hazard. (a)
shows results aggregated by city typology, while the (b) shows the same metric aggregated by continent
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Flooded area vs GDP (2100, RCP8.5, RP100) - PROT vs NO_PROT by continent

® PROT @ NO_PROT

. a) Asia b) Europe
NO_PROT: p=-0.30, p=2.8e-16 NO_PROT: p=-0.27, p=8.4e-04

704 PROT: p=-0.26, p=2.4e-12 1/ PROT: p=-0.22, p=7.5e-03
Q\O/ 60 ¢
8 o ® o ° °
< 501 % oo @
c ..
8 w4 oo . .
) o ]
3 - se e
8 : ..
E 20 1 o ‘¢.0: 'o °

10 A

.’;‘» 3 38—
: ° ¢§§§=f‘3go L P W

¢) Africa d) Australasia

“TNO_PROT: p=-0.60, p=L.4e-11 TNO_PROT: p=-0.50, p=8.6¢-03
w0 PROT: p=-0.15, p=1.3¢-01 1 PROT: p=-0.05, p=7.9¢-01
8\0/ 60
3
5 501
S .-
-g 07 ° o’ . o
R ‘e e o«
-8 e 0% o‘
O 20 A S % e o °
LL ° ° °
| STy . ° . s e
10 ..':..’;_0~ N . ° .
0 - = s D P~

e) North America f) Central & South America

80

'NO_PROT: p=-0.35, p=7.0e-03 ['NO_PROT: p=-0.55, p=3.5e-07
704 PROT: p=-0.16, p=2.4e-01 1/ PROT: p=-0.06, p=6.0e-01
& w0+
8
5 501
c
8 w01
S ° .
g %01 . oo
k=) °® °
8 - . 1 e . .
LL ° ° o e e °
101 “ S et
0 , : 2 € %0 0 epe = —~ : . : : ; e
108 10° 10% 10t 10% 108 10° 10% 104 10%
Urban GDP 2020 (log scale) Urban GDP 2020 (log scale)
Figure 6

Flooded areas vs GDP across regions. Relationship between flooded urban area and urban GDP across cities in different continents under a high-end climate
scenario (2100, RCP8.5, 100-year return period)
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Flooded area (2100, RCP8.5, RP100) vs GDP - PROT vs NO_PROT by city typology
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Figure 7

Flooded areas vs GDP across city types. Relationship between flooded urban area and urban GDP across different city development typologies under a high-

end climate scenario (2100, RCP8.5, 100-year return period)
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Figure 8

Flooded areas vs Population. Flooded urban area (% of built-up land) for small/intermediate coastal cities (a), and for large cities (167 cities with >TM
inhabitants, (b)) under a 100-year return-period coastal flood event (RCP8.5), for 2030/2050/2100 and with vs. without coastal protection. Violin plots show
the distribution across cities grouped by continent, with the median value annotated.
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