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Increasing probability of extreme rainfall
preconditioned by humid heatwaves in
global coastal megacities
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Poulomi Ganguli'>J & Bruno Merz?®

Hot—wet compound events, the sequential occurrence of humid hot days followed by extreme rainfall,
can cause catastrophic consequences, often exceeding the impacts of the isolated occurrence of
each event. The urban-coastal microclimate is confounded by complex interactions of land-sea
breeze circulations, urban effects of convection and rainfall, and horizontal advection of moisture,
which can favor the hot-wet compound occurrence. We present the first observational assessment
(1951-2022) of summertime hot-wet compound events across global coastal megacities. We find a
significant (P < 0.001) increase in the frequency of hot-wet compound events in both hemispheres: on
average, ~3 events in the 1950s to 43 events in the 2020s. Cities with upward trends in the frequency of
hot-wet compound events are situated < 30 km from coasts, with cities in the southern hemisphere
showing faster hot-to-wet transition times (<3 days) than cities in the northern hemisphere. Further, 26
out of 29 sites show increased extreme precipitation, reaching 153%, when humid heat amplitude
rises from the 50th to 90th percentiles. Understanding hot-wet compound interactions over the
world’s coasts is highly relevant for climate change impact assessment and informing climate

adaptation.

Most megacities are located in the coastal zone, with about 40% of the
world’s population residing within 100 km of the coast'. Globally, coastal
areas are at increased risk of flooding due to relative sea level rise, land
subsidence, and altered storm intensity and frequency’™. In addition, the
world coastlines are also hotspots of humid heat stress’. Increased urbani-
zation can alter the wind direction in coastal areas due to changes in the
density and height of buildings, which reduces the sea breeze in the fall,
whereas increased surface temperature at night in urban areas often leads to
decreased land breeze®. Observations showed a latitudinal pattern of heat-
waves over the coasts with a robust increase in severity in the past decades
due to increasing air temperature and reduced wind speed, often leading to
slower-moving heatwave events, elevating the risk of ecosystem productivity
reduction, rising energy consumption, and capacity needs’. Further, coastal
heatwaves are often accompanied by persistent high sea surface tempera-
ture, resulting in exposure to high temperature and humidity in cities close
to coasts’. Moreover, globally, coastal precipitation peaks in the boreal
summer’. The superposition of heat stress, humidity, and precipitation may
lead to hot-wet compound events—the sequential occurrence of humid hot
days and extreme rainfall. Such events can pose a significant threat to coastal
communities and cause greater damage than the isolated occurrence of

either of these extremes. For instance, a heatwave could massively increase
the number of people who need medical assistance and trigger power
blackouts". In such a vulnerable period, extreme rainfall and flooding could
place additional stress on the critical infrastructure™'’, for instance, by
interrupting traffic and water provision.

During summer, temperature and precipitation are generally antic-
orrelated over the interior part of the continent but positively correlated over
oceans and near the coasts'>”’. Coasts are transition areas where local
characteristics also affect the interplay between temperature, humidity, and
precipitation. Extreme humid heatwaves often lead to high atmospheric
instability and moisture convection, increasing the likelihood of precipita-
tion extremes'*. High atmospheric instability, moisture, and frontal systems
jointly mediate rainfall extremes that follow heatwaves'”. There is growing
evidence of the co-occurrence of humid heatwaves and extreme precipita-
tion in several regions from observations, such as in China'*”, India",
Australia®, and the USA”, and global climate projection scenarios™ .
These assessments, however, are limited to either smaller spatial domain
focusing on particular country””™' or coarse-resolution gridded observa-
tions [e.g, 0.5° spatial resolution in CRU grid-based observations in
Europe” and China***, and 2.5° observational records from the India
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Meteorological Department over the Indian Mainland™, ERA5 re-analysis
based runs as a proxy for observations over the Mediteranean™, Germany™'
and China"*, and coupled model intercomparison phase 6 (CMIP6) climate
model outputs over the entire globe™ . Re-analysis data, which are often
used as a proxy for observations, show large biases in relative humidity”, a
key element to determine humid heat. Extreme humid heatwaves are highly
localized in space and time, and their peaks are typically underestimated by
re-analysis products and climate models (Fig. S11 in Raymond et al. ** and
Freychet et al. ). Likewise, re-analysis products often over/underestimate
summer precipitation extremes'>*!, despite their ability to simulate the
annual and seasonal patterns of observed precipitation. Further, a notable
bias of CMIP6 models in simulating the magnitude of precipitation
extremes has been found for the tropics, arid and semi-arid regions, in
particular for the South Asian and West African monsoon seasons**",
Although several studies have assessed projected changes in hot-wet
compound events using the latest generation climate models (e.g., CMIP6 in
refs. 26,32-35,44), they have considered large spatial domains, such as the
national scale or the entire globe, without considering finer-scale features.
They have often relied on coarser spatial (1-2.8°) and temporal (often
monthly) resolutions. For the coasts, the results of these studies need to be
interpreted with caution since they often fail to capture small-scale but
important details, such as local coastlines and orography, which influence
thermal gradients and rainfall patterns®.

Several studies have investigated hot-wet compound events, but they
have not specifically examined the distinct characteristics of these events at
the coasts'*'******%, Coastal cities, which have generally more moderate
climates than inland cities, can experience severe consequences from
hot-wet compound events'*. They can lead to complex hazards that damage
coastal infrastructure, alter coastline features, and disrupt ecosystems. Cli-
mate change alters the timing of the individual drivers of hot-wet com-
pound events, thereby affecting the response times (i.e., delay between two
peaks) of humid heatwaves and the following extreme precipitation, which
impacts the frequency of such events. To our knowledge, hot-wet com-
pound events have not been investigated so far across densely urbanized
global coastal megacities, particularly in the tropics, which are hotspots of
deadly humid heat stress””*". Previous analyses emphasizing coastal areas
have either focused solely on humid heat stress® or examined interactions
between wind and precipitation extremes”, as well as heatwaves—extreme
sea levels™. Using reanalysis and observations, so far, only a few studies have
investigated hot-wet compound events on a global and continental scale.
Sauter et al. '** used hourly rainfall observations from the global sub-daily
rainfall dataset’” and reanalysis-based ERAS5 temperature datasets to
investigate mechanisms behind hot-wet compound events across Australia,
Japan, the United States, Central and Southern Europe, and India. You et al.
* used coarse resolution (2.5° x 2.5°) re-analysis-based gridded time series
to analyze hot-wet compound events at a global scale. However, trends in
the frequency and the timing of both extremes, which may alter the response
time between the two extremes, remain poorly understood. Short response
times, characterized by the quick succession of a humid heatwave followed
by intense rainfall, pose significant challenges for disaster management. The
rapid shift from hot to wet conditions in densely populated, low-lying
coastal areas poses a substantial risk to environmental planning and
resource allocation. Therefore, understanding the covariability between
humid heat stress and subsequent rainfall will help to provide more credible
multi-hazard risk assessments, improving monitoring and real-time fore-
casting of such events.

To fill these knowledge gaps, we address the following research ques-
tions, specifically for coastal megacities: (1) Does the timing, ie., the
occurrence throughout the year, of the singular and the compound hot-wet
events change over time, and how does this change affect the response time?
(2) Does the frequency of hot-wet compound events change? (3) How does
the likelihood of extreme precipitation preconditioned by humid heat
change with increasing heat stress levels? Here, we develop the first obser-
vational assessment (1951-2022) of hot-wet compound event character-
istics, such as frequency, response time, and timing, during the warm season

over global coastal megacities (Fig. 1 and Table S1). By utilizing ground-
based observations, our study provides more reliable insights into hot-wet
compound events across coastal megacities, aiding in the evaluation of
climate models for impact assessment, and complementing ongoing efforts
on large-scale compound event assessments*>”. This research supports
coastal hazard management and mitigation efforts and identifies hotspot
locations along the coasts where humid heatwaves and extreme rainfall are a
recurring problem.

Results

Frequency of hot-wet compound events across coastal
megacities

The frequency of hot-wet compound events shows distinct regional dif-
ferences across global coastal megacities (Fig. 1). About 62% of sites (18 out
of 29) show more than one hot-wet compound event/year. Hot-wet
compound events are most prevalent across the coasts of Southeast Asia and
the northeastern United States, except for Taipei, with the frequency
exceeding 2 events/year. The highest frequency of hot-wet compound
occurrence was observed in Miami in the northeastern USA, with 2.6
events/year, followed by Bangkok in Thailand, with 2.28 events/year. Cities
with rare compound events (<0.5 events/year) include San Francisco in the
Pacific Northwest, Antalya in Turkey with a Mediterranean climate, and
Casablanca in Northwest Africa with a mild Mediterranean climate. All
three cities demonstrate asynchronous patterns in the timing of heatwave
peaks and extreme rainfall. Heatwave peaks typically occur in June and July,
while extreme rainfall tends to peak in January. As a result, hot-wet com-
pound events are rare in these cities.

Trends in mean timing of singular climate stressors vs hot-wet
compound events

In the northern hemisphere, the mean timing of humid heatwaves (Fig. 2a)
is primarily concentrated in June, followed by July. In the southern hemi-
sphere, humid heatwaves occur on average from December to January. The
highest values of wet-bulb temperature (median of around 29 °C) are found
close to 20° N latitude. Heatwave amplitudes decrease strongly towards the
Arctic and more gradually towards the Antarctic.

Rainfall extremes (Fig. 2b) occur on average in July in monsoon-
dominated Asia and South Africa, where the summer accounts for at least
55% of total annual precipitation®. In the humid subtropical areas of North
America, for example, in Washington DC and Miami, where summers are
typically long, hot, and humid, rainfall extremes also tend to occur in July. In
the extra-tropical region (=30°) over Europe, the mean timing of extreme
precipitation varies between July and November. Over the hot-summer
Mediterranean region™, in the Middle East and the Pacific northwest United
States, the mean timing of extreme precipitation is primarily concentrated in
the winter season (December—February). Extreme rainfall across the Pacific
Northwest United States during the cool season is mainly attributed to
landfalling atmospheric rivers that can produce heavy orographic pre-
cipitation during the passage of mountainous areas of mid-latitude
regions™”’. In the humid subtropical climate regions of the southern
hemisphere, i.e., along the coasts of Australia and South America, the mean
timing of extreme precipitation is mainly during January—March, with the
exception along the New Zealand coast in Auckland, where extreme rainfall
mainly occurs in winter (June). This could be a consequence of the frequent
atmospheric rivers in winter (June-August)*. The changes in precipitation
extremes with latitude are more erratic compared to the changes in heat-
wave amplitude. The highest values (~45 mm/day) are found around 20° N,
roughly at the same latitudes where the highest heatwave amplitudes occur.

The trends in mean timing of humid heatwaves (Fig. 3) show a sta-
tistically significant delay over 52% of sites (15 out of 29), especially over
extra-tropical regions and southern Europe, the eastern Mediterranean
region, the northwest coast of Africa, and the Pacific northwest coast of
California in the northern hemisphere. Most of the sites in the southern
hemisphere show a significant delayed arrival of humid heatwaves except
for Rio de Janeiro, where the delay is statistically insignificant. Earlier
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Fig. 1 | Locations of 29 megacities near the sea. Shades of the circle show the
occurrence frequency of ‘hot-wet’ compound events determined by total event
frequency during the analysis period (1951-2022) divided by the common number
of years available for temperature and precipitation observations. A hot-wet com-
pound event is sampled when an extreme precipitation follows a humid heatwave

within a time window ¢t € (—1, 7) days (see “Methods” for details). The area
encompassed within +£23.5° N (S) demarcates the tropics (dashed black lines).
Likewise, areas within 23.5° N to 35° N (—23. 5 to —35° S) show the northern
(southern) subtropical region (dashed red lines).

arrivals of humid heatwaves are found at only 10% of the sites (3 out of 29),
and all these trends are statistically insignificant. The probability density
function (PDF) of trends in the mean timing in humid heatwaves shows a
distinct asymmetry with an elongated right tail of up to 3% decade™,
equivalent to 5.6 days/decade ™.

The trends in the mean timing of precipitation extremes (Fig. S1) are
subtle and range from —0.1 to 4-0.09 days/decade, which is much smaller
compared to trends in the mean timing of humid heatwaves. Like the
heatwaves, a higher number of sites (59%; 17 out of 29) show a delayed
arrival of precipitation extremes, particularly sites in the subtropics and
mid-latitudes of the northern hemisphere. For two coastal megacities,
Manila in the Philippines and Alexandria in Egypt, we find a statistically
significant trend towards earlier arrival of precipitation extremes. Most sites
in the southern hemisphere show a delayed arrival of precipitation extremes.

The mean timing (Fig. 4) of hot-wet compound events is primarily
clustered in June, during which >40% (12 out of 29) of sites experience
humid heat-extreme rain events. These sites are typically located on the
Atlantic coasts of Europe and North America, while on the Pacific coast, the
mean timing occurs from April to May. Across the northern hemisphere,
the mean timing of hot-wet compound events is distributed from March to
August, while in the southern hemisphere, the mean timing is clustered
between December and January.

The trends in the timing of hot-wet compound events (Fig. 5) are
mainly delayed. Around 80% (23 out of 29) of sites show a delayed
arrival of hot-wet compound events, with an average of 6 days/decade.
The sites with significantly delayed timing are primarily concentrated
across midlatitudes in both hemispheres, ranging from 4.23 to
15.6 days/decade. A few sites, mainly in the tropics, show an earlier
arrival of hot-wet compound events, ranging from —0.32 to —3.6 days/
decade, although none of these trends is statistically significant. Fur-
ther, the trends in the timing of humid heat (>40% of gauges showing
delays exceeding 5 days/decade) have alarger influence on the trends in

the timing of hot-wet compound events compared to trends in the
timing of extreme rainfall.

Megacities are susceptible to hot-wet compound events

To identify hotspots that are susceptible to the sequential occurrence of
hot-wet compound events, we quantify (i) the upper tail dependence
strength between the two extremes, (ii) the average annual frequency of
hot-wet compound events, (iii) trends in response times, i.e., the elapsed
time between the sequential events; and (iv) precursor coincidence rates to
assess the fraction of precipitation extremes that are preceded by humid
heatwave amplitudes within AT = 7-day time window (see “Methods”). The
map of upper tail dependence between heatwave amplitude and extreme
rainfall (Fig. 6a) shows statistically significant dependence for 41% of the
sites (12 out of 29) with a median value of around 0.2. The highest upper tail
dependence (0.53) and P-value of 0.015 is found for Cape Town in South
Africa. Further, around 24% of the sites (7 out of 29) experience > 2 com-
pound events/year. Manila in the Philippines, followed by Miami on the
eastern North American coast, shows the largest annual frequency of
hot-wet compound events; both reported > 3 events yearly.

The mean response times of hot-wet compound events (Fig. 6b) vary
from around 2 days to over 5 days. 31% of the sites (9 out 0of 29) have a mean
response time of >3.5 days. These gauges are primarily located in the tropics
and mid-latitudes. Thirty-four percent of the sites (10 out of 29) show mean
response times of <3 days, indicating a rapid transition from the humid
heatwave to the precipitation extreme. These sites are located between 34°
and 60° in both hemispheres. This is in agreement with an earlier
assessment ', which showed that extreme rainfall following a heatwave is
more likely in mid to high latitudes than elsewhere. These regions are
characterized by temperate to polar climates with high temperatures and
high moisture during the summer, providing a favorable condition for high
atmospheric instability and moisture during heatwave termination. The
mean response time of sites in the southern hemisphere is relatively short
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Fig. 2 | Mean timing of singular events. a Mean timing of humid heatwaves. The
histogram in the inset shows the global distribution of the frequency of humid
heatwave amplitude in different months, with shades indicating mean timing.
The arrow length is proportional to the variability in the event timing—a small
(large) arrow length indicates low (high) variability. The arrow direction

indicates the mean timing of the event in terms of the day of the year counted
from 1st January, whereas the shade shows the mean month (or the season) of
occurrence. Right panel: latitudinal transect showing the distribution of humid
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heatwave amplitudes across temperate (gray), subtropical (pink), and tropical
(green shades) climate regions. The median and interquartile range of heat-
wave amplitudes are derived from the heatwave amplitude of all heatwave
episodes for a given site. b Mean timing of extreme precipitation. The inset
shows the global distribution of the monthly frequency of extreme precipita-
tion. The shades on the pie charts apply to both panels and indicate the mean
timing of the events. Right panel: same as in Fig. a, but for extreme
precipitation.

and often <3 days. The distribution of response times of hot-wet compound
events for the sites in the southern hemisphere shows a skewed distribution
with a mean value of <2 days (Fig. 6b, inset). In contrast, the mean response
times of sites in the northern hemisphere have a relatively flat distribution.
The mean response times at northern hemisphere gauges vary from 2.5 days
to 5.25 days, whereas the mean response times in the southern hemisphere
are smaller than 3 days for all four cities. Our finding of small transition
times for sites across southern Australia agrees with Sauter et al. °, who
showed a high likelihood of extreme rainfall following heatwaves due to the
predominance of frontal systems driving the rainfall extremes. The transi-
tions from hot-to-wet compound events closely follow the mean timings of
the heatwaves and extreme precipitation, leading to shorter or longer
response times. Trends in response times are mostly insignificant (Fig. 6b).
Only at two sites in the mid-latitudes, ie., Hamburg in Germany and
Southampton in the United Kingdom, we detect statistically significant
(P> 0.95) increasing trends. Four sites, located in the subtropics and close to
the subtropical climate region, show a statistically significant (P <0.05)
decreasing trend in response times.

Next, the precursor coincidence rate between humid heatwaves and
precipitation extremes varies between 1.4% and 5.1% in the northern
hemisphere and between 4.2% and 5.7% in the southern hemisphere (Fig.
7a). This means that around 3% and 5% of all humid heatwaves are followed
by an extreme rainfall event in the northern and southern hemisphere,
respectively. While the likelihood of sequential occurrence of hot-wet

compound events is higher over the selected sites across the southern
hemisphere, the northern hemisphere sites show a higher variability. The
highest coincidence rate (5.1%) is observed in Singapore, followed by
Shanghai (4.9%). The lowest rates are found for Casablanca (1.4%) and
Taipei (1.7%), both sites located in the northern hemisphere sub-tropics. All
four gauges in the southern hemisphere show a precursor coincidence rate
of >4%, with the highest value (5.7%) in Buenos Aires and Melbourne. All
four sites are located within a 20 km radius of the coastline. Sites with higher
(>3%) coincidence rates are clustered around less than 30 km radius from
the coastline (Fig. 7b). However, a few coastal megacities with >10 M
inhabitants (17%, 5 out of 29) show precursor coincidence rates of >3%,
despite being further from the coast. Hence, the scatterplot between pre-
cursor coincidence rate versus distance of megacities from the coastline
suggests a highly nonlinear relationship, which is probably a consequence of
local influences, such as local land-sea feedback processes.

Growing frequency of hot-wet compound events in recent
periods

Over the northern hemisphere, the frequency of hot-wet compound events
during the boreal summer shows an increasing trend (P < 0.001) at the rate
of 0.18 decade 'station” " during the period 1950-2022 (Fig. 8a, upper
panel). The total number of hot-wet compound events increased from ~2
events in the early 1950s (i.e., 0.08 events per station and year) to 37 events in
the 2020s (ie., 1.48 events per year and station). The 90th percentile
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Fig. 3 | Shift in the mean timing of humid heatwaves. The inset shows the fre-
quency of the long-term trend in the timing of humid heatwaves. Statistical sig-
nificance of shifts in timing was evaluated via a resampling-based approach with
N =2000 bootstrap runs. Significance of trends is reported at P-value < 0.05 for

earlier onset and P-value > 0.95 for delayed arrival of events. Upward triangles
show significant delays, downward triangles show significant earlier arrivals; cir-
cles show insignificant changes. Shades of the markers represent the change
magnitude.
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Fig. 4 | Mean timing of hot-wet compound events. The colors indicate the mean timing, and the arrow length is proportional to the variability in the event timing. The
arrow direction indicates the mean timing of the event in terms of the day of the year counted from 1st January.

probability contour (Fig. S2, top panel) of the two-dimensional distribution
of AHWMI,; (Accumulated daily Heat Wave Magnitude Index) versus the
standardized daily anomaly of the following rainfall using nonparametric
kernel density estimator shows that in the tropics around 81% of the
hot-wet compound events are associated with moderate to super-extreme

humid heatwave events™ that are followed by >1 — SD departure from
mean rain events. Notable examples include the 1991 and 2003 heatwaves
that resulted in >4 — SD extreme rainfall events in Mumbai on the western
coast of India and in the Bangkok metropolitan area in Thailand, respec-
tively. In 1987, 2002, and 2019, record-breaking high temperatures in
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value < 0.05 for earlier onset and P-value > 0.95 for delayed arrival of events. Upward
triangles show significant delays, downward triangles show significant earlier arrivals;
circles show insignificant changes. Shades of the markers represent the change magnitude.

Bangkok resulted in very-extreme to super-extreme humid heatwave events
with AHWMI;values in the range 36.5—53.4. Two of these events (1987 and
2002) were associated with extreme rainfall of around 1 — SD. Over the
mid-latitudes, only 20% (128 out of 638) of rain events with >1 — SD
departure from the mean rainfall are preceded by moderate to extreme
humid heatwaves. Over the northern sub-tropics, ~8% (17 out of 207) rain
events are associated with < —1 — SD. The downward shift of the 90th
percentile contour suggests that heatwaves in this region are more often
associated with below-average rainfall events.

Over the southern hemisphere, the frequency of hot-wet compound
events during summer shows a statistically significant increasing trend
(P<0.001) at a rate of 0.17 decade 'station " during the period 1975-2022
(Fig. 8a, lower panel). The total number of hot-wet compound events
increased from ~1 event in the early 1980s (i.e., ~0.3 events per station and
year) to 6 events in the 2020s (i.e., ~1.5 events per year and station). Like in
the northern hemisphere, the 90th percentile probability contour of
AHWMI,; vs the standardized anomalies of the subsequent rainfall shows
several extreme rainfall events that are associated with moderate to extreme
humid heatwaves. Examples include Sydney in the subtropical southern
hemisphere, where the 2001 and 2017 moderate heatwaves are followed by
>4-SD rains. Another example is the 2017 event in Buenos Aires with
rainfall > 2-SD departure from normal, which was preceded by an extreme
humid heatwave with an AHWMI; value of ~17.

A three-way comparison between trends in frequency, distance to the
coast, and population size (Fig. 8b) shows no clear relationships. The largest
increase of 1.08 events/decade is observed for Manila, which is directly
located at the coast, and there is a negative correlation (Spearman correla-
tion: p = —0.23) between trend slope and distance to coast. However, this
correlation is statistically insignificant. The correlation between trend slope
and population size is also insignificant (Spearman correlation: p = —0.005).

Higher likelihood of extreme rainfall in response to warming

Figure 9 maps the relative changes in the exceedance probability of
precipitation extremes (P > pgo) with an increase in heatwave amplitude
from its median to 90th percentile sampled temperature extremes,

considering humid heatwaves as the conditioning driver. We observe a
modest (5%) to substantial (153%) increase in the exceedance prob-
ability of extreme precipitation as peak humid heat intensity increases
from the 50th to the 90th percentiles. More than a 50% increase in
extreme precipitation likelihood is observed across the four cities located
between 33° and 44° (Pisa, Cape Town, and Casablanca in the Northern
hemisphere and Melbourne in the Southern hemisphere). These cities
are situated in or near the mid-latitudes, where high moisture levels,
atmospheric instability following a heatwave, and frontal systems are
likely to lead to extreme rainfall®.

The highest increase (153%) is observed in Casablanca in northwest
subtropical Africa, followed by Pisa (80% increase) in the northern
temperate region. Melbourne (61%) in southeastern Australia shows the
largest increase in exceedance probability among the sites in the southern
hemisphere. We find substantial expected increases in precipitation
extremes in response to an increase in peak humid heatwave amplitude,
especially for sites located across the temperate and subtropical climate
regimes. Our findings agree with earlier literature'**. Humid heat-
waves are associated with high temperature and high humidity. The high
temperature increases the atmosphere’s capacity to hold moisture. The
increased moisture in the atmosphere can result in more condensed
moisture, favorable for heavy rainfall. The heat forcing combined with
moisture accumulation can contribute to atmospheric instability and
trigger convection’*®, leading to heavy rain after the end of a heatwave'®.
Additionally, the end of a heatwave can be associated with a shift from a
large-scale atmospheric blocking to circulation anomalies with the pas-
sage of fronts and thunderstorms, which act as triggers for heavy rain®'.
Frontal systems can bring additional moisture and trigger convection.
The areas that are most prone to hot-wet compound events are in non-
arid mid and high latitudes, where high summer temperatures and
abundant moisture are more common. These regions also tend to have
more frontal systems'”. Among the 29 global megacities, only two sites in
the northern hemisphere, namely Singapore in the tropics and Los
Angeles in the subtropics, show no change, whereas San Francisco,
located in the mid-latitudes, shows a decrease in exceedance probability.
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Distributions of Annual Frequency and Upper Tail Dependence

™o M= AL
(a) c

60"
50"

40°

z z z Zz

n 0o 0o n

0 02 04
Upper Tail Dependency

- OMe_an response time < 3

(i

days O

Annual frequency of
compound events > 2

100" W

0.10

0.15 0.20
Distributions of res

0.25

60" E 100" E 140" E 180" E

0.30
ponse tim

0.35
es and t

0.40
heir Trends

0.45

70"

(b)

60"
50"

40°

z z z Zz

nw u u u

40°

50° 0 2 6
Response times (days)

60"

e

32

Significant decrease
in response time

Significant increase
in response time

O

70°

180" W 140" W 100" W 20" W

20'E 60 E 100" E 140" E 180" E

Response times (days)

L
25

|
3

3.5

Fig. 6 | Spatial Distributions of Annual Frequency, Upper Tail Dependence, and
Transition Times from Hot-to-Wet Compound Events. a Upper tail dependence
between humid heatwave amplitude and extreme rainfall. Shaded markers, varying
from light yellow to dark red, show statistically significant (P-value < 0.10) upper tail
dependence, while white circles show either negative or insignificant upper tail
dependence. The inset shows the distribution of upper tail dependence across the
sites with a median value close to 0.2. b Spatial distribution of mean response (delay)
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time and trends in response times. A shorter response time represents a faster
transition from the humid heatwave to the extreme rainfall. The edge colors in blue
(red) in the circles indicate sites with significant decreases (increases) in response
time. The inset compares the distributions of response times in the northern (in solid
black line) vs southern (in dashed black line) hemispheres. While response times
vary strongly across the northern hemisphere, most sites in the southern hemisphere
show a response time of 1 day.

Regional differences and way forward

Our study has provided the first observational assessment of humid
heatwave-extreme rainfall compound events for low-lying and densely
populated coastal megacities. For the past seven decades and aggregated
over all 29 sites, we find a significant increase in the number of hot-wet
compound events, from ~3 events in the 1950s (rolling mean of 1950-1954)
to ~43 events in the 2020s (rolling mean of 2016-2020). By fitting a copula-

based conditional probability model, we show that for most of the sites (26
out of 29 megacities), the likelihood of extreme rainfall increases with
increases in humid heatwave amplitudes. This could be because warmer air
can contain more water vapor, which is a key ingredient for precipitation

Sites across the southern hemisphere and the US eastern coast emerge
as hotspots of hot-wet compound events owing to their shorter and often
declining trends in response time and their high (>4%) summer precursor
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Precursor Coincidence Rates of Warm-wet Compound Events

Three-way Linkage of Summer Precursor Coincidence, Proximity to
Sea and Population
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Fig. 7 | Precursor Coincidence Rates of Hot-Wet Compound Events and their
Relationship with Distance to Coastline and Population. a Spatial distribution of
the precursor coincidence rate of hot-wet compound events during the summer
season. Statistical significance of event coincidence was evaluated using

N =10,000 bootstrap runs at a 5% significance level. b Precursor coincidence
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proportional to the population of the urban agglomerate in 2020. Shades of the markers
indicate significant upward and downward trends in hot-wet event frequency.

coincidence rates: Cape Town in South Africa and Melbourne in Australia
show an increase of more than 50% in the exceedance probability of extreme
rainfall in response to an increase in peak humid heat stress. Further, Buenos
Aires and Sydney show significant upward trends in the frequency of
hot-wet compound events with a 20-34% increase in exceedance prob-
ability of peak precipitation in response to an increase in peak humid heat
stress. Likewise, Miami and Washington, DC show high summer precursor
coincidence rates with significant decreasing trends in response times. Sites
that emerged as ‘cold spots’ of hot-wet compound events show lower

summer precursor coincidence rates and no significant changes or even
increasing trends in response times. Those include a few sites in north-
western Europe (Hamburg and Southampton), North Africa (Casablanca),
the Mediterranean (Antalya), and the western Indian subcontinent
(Mumbai). In contrast, sites across the western Pacific coast, such as San
Francisco and Los Angeles, show no changes or a modest decrease in pre-
cipitation peaks with elevated heat stress. An increasing likelihood of pre-
cipitation extremes in response to increasing humid heatwave amplitude in
most of the sites in the subtropical region could be a consequence of recent
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shifts in subtropical highs, i.e., semi-permanent high-pressure systems
(anticyclone) over the subtropical oceans during the summer in recent
years, resulting in a higher temperature contrast of land vs ocean, and
regionally-enhanced summer rainfall when it moves close to continents”. In
the temperate climate regions, the increasing likelihood of extreme rainfall
with increasing humid heatwave amplitude could be due to larger moisture
availability in this region as compared to other climate regions™.

We find significant delays in the mean timing of humid heatwaves
at 52% (15 out of 29) of the megacities, while changes in the timing of
extreme precipitation are small. This is in agreement with an earlier
assessment® that reported shifts in timing of extreme precipitation by
only a few days for most regions across the globe. 68% of sites show a
significant shift in the timing of extreme precipitation, with smaller
changes compared to the changes in the timing of temperature. Sites in
Africa show larger shifts, with ranges between —0.10 and 0.09 days/
decade. Further, changes in the mean response time between heatwave
and the following extreme rainfall are also rather small. Four out of
29 stations show a significant decrease in response time, including the
sites at the eastern coasts of North and South America. Our analyses
show that in the northern hemisphere, ~25% (269 out of 1056) of the
hot-wet compound events are characterized by moderate to super-
extreme humid heatwaves followed by >1 — SD rainfall; among these,
the tropics contribute the most (~50% of the events), whereas the
subtropics contribute the least (~17%). Overall, sites across the
southern hemisphere show a higher (4.2-5.7%) summer precursor
coincidence rate, with the highest coincidence rate observed in the
Melbourne and Buenos Aires areas. All four southern hemisphere
gauges are located within a 20 km radius of the coast. The intensifi-
cation of rainfall extremes across rapidly developing coastal megacities
is influenced by the increased urbanization mediating the land-sea
contrast of the coasts, by the urban heat island effect and ocean
warming, and by changes in synoptic circulations, for example, the
monsoon and Boreal Summer Intra-seasonal Oscillation®* .

However, previous assessments® ™ have solely focused on mean and

extreme precipitation events and their intra-seasonal variability, and
have not considered the interactions between humid heat and extreme
rainfall.

One possible mechanism for the heatwave peak intensity in the Pacific
Northwest of North America is the strengthening and development of an
atmospheric blocking high (a large, slow-moving high-pressure system),
due to an increase in atmospheric water vapor content due to climate
change®*. In summer, heatwaves form primarily due to blocking-induced
large-scale subsidence, leading to cloud-free skies and persistent radiative
warming of the ground®”’. Further, Mo et al. ' suggested that an increase in
atmospheric water vapor content is linked with upstream atmospheric
rivers, ahead of extreme heatwaves in the Pacific Northwest US, resulting in
more persistent and severe heatwaves. The convergence of a strong high-
pressure ridge and a warm-season landfalling atmospheric river, which
induces moisture and heat transport, can affect the inland heat dome
development during the summer. Further, delayed shifts in the timing of
heatwave peak intensity and precipitation extremes in Southeast Australia
are consistent with an earlier assessment’”. Furthermore, the shift in the
timing of humid heat conditions during the late-monsoon season in South
Asia is often linked with monsoon breaks, including the delayed arrival of
monsoon”’. Recently, Dong et al. ”* showed that globally, over the northern
hemisphere, compared with the reference period 1981-2000, the average
change to delayed termination of heatwaves (up to +14 days) during
2001-2020 was about twice the average change to earlier onset (up to
-7 days). The assessment of Dong et al. * showed that over the northern
hemisphere, about 75% of sites show delayed mean termination of heat-
waves; of this, about 39% of sites showed both delayed average onset and
termination days of humid heatwaves. While the assessment of Dong et al. ”*
exclusively covers gauges across the northern hemisphere, their findings
support our insight into delayed shifts in the timing of humid heatwave
peaks over the northern hemisphere. Further, analyzing a century
(1925-2016) record, Oliver et al. ”* have shown that there has been an
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increase in global average marine heatwave frequency and duration,
resulting in an over 50% increase in annual marine heatwave days globally.
An increase in the intensity and duration of marine heatwaves also affects
the intensity, persistence, and timing of summer heatwaves in coastal
megacities*”. This increases the likelihood of moisture-laden heatwaves
with reduced wind speeds, particularly in high-latitude coastal regions".

In tropical regions, while extreme precipitation primarily occurs dur-
ing monsoon seasons, the monsoon-dominated regimes are experiencing an
expansion with intensification of rains and a prolonged monsoon season. In
contrast, sites close to mid-latitude (for example, Alexandria) often
experience an earlier shift in the timing of precipitation extreme’. This
seasonal shift is possibly attributed to the increased frequency of southern-
circulation weather types during spring’’. On the other hand, a delayed shift
in the timing of extreme precipitation is likely linked to the shift in large-
scale atmospheric circulations, as observed in earlier assessments’”” from
both hemispheres. Shifts in the North Atlantic Oscillation (NAO) since the
1980s may have resulted in the delayed arrival of extreme precipitation in
the Northern hemisphere mid-latitude, especially over northwestern
Europe’. The shift in the NAO pattern could possibly be due to polar
warming’’. The mean timing of warm-wet compound events (Fig, 5) closely
follows the timing of their causal drivers, the individual climate stressors,
heatwaves, and extreme precipitation (Figs. 3 and S1), which explains the
early onset or delay in the timing of hot-wet compound events.

Since previous studies have primarily used reanalysis-based meteor-
ological records or precipitation records of varying temporal resolutions to
analyze hot-wet compound events at a global and continental scale, a direct
comparison of these studies with our study may not be possible. Further,
none of these assessments exclusively focus on coasts but report results on a
continental scale. A qualitative comparison of these studies with ours shows
an agreement and disparities in the following fronts: (1) Both You et al. *
and Sauter et al. *°, and our study reveal that the northeastern United States
shows a higher likelihood of extreme rainfall following heatwaves with a
summer precursor coincidence rate of over 4.3% and an average frequency
of over 1.6 events/year, whereas western coasts of the US show lower like-
lihood with precursor coincidence rates of 3.1-3.6% and an average fre-
quency of less than an one event/year. In contrast to previous assessments,
we also find a shorter response time from heatwave to extreme rainfall of
<3 days, which shows a statistically significant decreasing trend across this
region. While an increase in peak heatwave amplitude from the 50th to 90th
percentile results in about a 12-20% increase in exceedance probability of
extreme rainfall for the northeast US gauges, an increase in heatwave
amplitude for the western US leads to no changes in extreme precipitation
for Los Angeles and even 27% decline in extreme precipitation for San
Francisco coast. In the western coast of the US, while hot summer drives
aridity by increasing evaporative demand, the onset of the rainy season in
this area is sometime during October-December™’, with a mean peak timing
during January-February (Fig. 2). The asynchronicity between the timings
of heatwave amplitude and peak precipitation leads to a decline in extreme
precipitation likelihood following the heatwaves for the western coast of the
US. (2) Both Sauter et al. * and our assessment show an increased like-
lihood of extreme rainfall following a heatwave on the southeastern coast of
Australia. Further, we find a high summer precursor coincidence rate of
>4.5% across these sites. (3) For the tropics, although we find a higher
frequency of hot-wet compound events in Southeast Asia than in South
Asia, overall, we find no significant increase (limited to <30%) in the like-
lihood of extreme precipitation in response to increased heatwave intensity.
Our finding of no significant increase corroborates with Sauter et al.*’, which
could be explained by the fact that the air is substantially less enriched with
moisture during heatwaves, making it less conducive for hot-wet com-
pound events in the tropics. Further, (4) Our finding of a lower likelihood of
increase in extreme rainfall exceedance (around 12%) following moderate to
high-intensity heatwaves on the East coast, compared to the West coast
(approximately 47%), agrees with Sauter et al. **. However, in contrast to
Sauter et al. *, we find a higher summer precursor coincidence rate between
humid heatwaves and precipitation extremes on the eastern coast of India

(>3%) compared to the western coast (2.6%). This may be due to the
development of intense marine heatwaves in the northern Bay of Bengal
(215° N latitude) bordering the eastern coastal plains of India from June to
September®'. This may affect the development of humid heatwaves over
land by drawing moisture from the ocean® and resulting in temperature-
driven convective precipitation following an intense heatwave™.

While station-based observations are often limited by the homogeneity
and continuity of the records, and biases due to observational procedures,
relocations, and changes in instrumentation types, their primary strength is
their ability to precisely capture the local climatic, topographic, and land-use
effects that may mediate extremes”. On the other hand, re-analysis and
climate model-based datasets provide complete, consistent, and long-term
time series, although they often under/overestimate extremes™™*'. Most of
the present-generation Earth system models, including global storm-
resolving models, cannot adequately capture fine-scale climatic features
near the coasts, such as the representation of humidity that controls the
severity of humid heat stress**". Formal hypothesis-based research, com-
bining different observational products, reanalysis, and climate-model
simulations, could improve our understanding of the generation and
changes of hot-wet compound events and the role of influencing factors
such as the urban footprint. We hope that the derived insights can support
climate model evaluations and provide a better understanding of the phy-
sical mechanisms linking heatwaves to extreme rainfall, which can aid in
improved representations of atmospheric moisture and humidity terms in
model parameterizations such that models can capture the complex inter-
actions of hot-wet compound events and their dependence strengths'®.
This would provide valuable information for climate adaptation policies®.

A few assessments” ™ have shown an increasing likelihood of tem-
porally compound tropical cyclones across the coasts of the eastern US and
Southeast Asia”**, which can possibly exacerbate the frequency of hot-wet
compound hazards by altering severe to exceptional heatwave character-
istics and the preceding storm cyclogenesis*”', potentially impacting their
compound interactions. The hydro-climatology of coastal megacities is
complex due to interactions between land and marine heatwaves®, tele-
connection patterns®’, land-sea thermal contrasts™, concurrent heatwaves
and the following or preceding tropical cyclone-induced low-pressure
genesis”**”', dynamic interactions between near-shore salinity anomalies
and marine heatwaves™, city shape, density and height of buildings, and
orographic orientation*”, all of which can impact the singular and the
hot-wet compound events. However, understanding the effects of these
physical mechanisms on hot-wet compound events is beyond the scope of
this study. Future research should focus on identifying the role of drivers in
changing the occurrence frequency and severity of hot-wet compound
events and understanding the relative contributions of urbanization and
climate change to changing characteristics across different climates and
regions.

Methods

Analysis period and domain

Our analysis considers the boreal (March-September)” and austral
(November-February) summer during 1951-2022 for the three climate
regions™: Tropics (23.5° N-23.5° S), subtropics (23.5° N-35° N and 23.5°
$-35°8S), and mid-latitudes (35° N-60° N and 35° S-60° S). Over the northern
hemisphere, summer varies from March to September. In South Asia,
heatwaves typically occur from March to June (Table S1 in Justin et al. **)
with the highest mortality count observed from May to June. Heatwaves in
northern Africa are primarily clustered from March to May, with occasional
extremes in September'**'"". In the Persian Gulf and South Asia, the wet-
bulb temperature, the integrated measure of heat and humidity together, is
consistently high during May-June and July-August™'”. In Europe, per-
sistent heatwaves are observed during June to September'*>'**, while in the
US, heatwaves are mostly confined to June-July'**'”. In contrast, the austral
summer spans from November to February'®'”, with peak heatwaves
during December-February'**'”. Initially, we selected 34 cities within a
100 km radius of the coastline (Table S1) with a minimum distance to the
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coast of ~2.0 km (Manilla in the Philippines) and a maximum distance of
~75km (Washington Dulls International airport, Washington DC in the
United States), spatially distributed across all three climate regions.

Observation-derived records

We analyze hot-wet compound events during summer seasons over global
coastal megacities that are located within a 100 km radius of the coast''’ and
are the center of major economic (trade and finance, marine transportation)
activities, tourism industries, and recreation (Table S1). Our choice of the
cities is motivated by earlier studies™''’ and further modified based on the
availability of quality-controlled, high-resolution meteorological records
and their population size. Of the cities analyzed, 69% belong to large
metropolitan areas with a population of >1.5 M, 24—metropolitan areas
with a population between 0.5M and 1.5 M, whereas only 7% belong to
small urban areas with a population < 0.2 M'"". The selection of sites is not
uniform globally due to data availability. Those megacities are selected
within a 100 km radius distance from the coast for which quality-controlled
sub-daily meteorological records are available, such as dry-bulb, dew point
temperature, sea-level pressure, and daily precipitation. Although a few
studies have used quality-controlled station-based records” or high-
resolution gridded observations'*'", they have considered daily max-
imum air temperature and do not analyze humid heat, which has more
serious consequences for living organisms than dry heat alone''*"''°. Further,
the primary components of humid heat metrics, surface air temperature,
and especially humidity series, often suffer from inhomogeneities in station-
based records; in several cases, they are unavailable. Following earlier
studies®™, we examine humid heat stress using station-based sub-daily
(ranges from 1- to 3-hourly) HadISD (Hadley Centre Integrated Surface
Database) observational time series'” for the period 1951-2022. HadISD
is a station-based product providing quality-controlled, homogeneous,
high-resolution (hourly, 3-hourly) records of near-surface air tem-
perature (2-m height), dewpoint temperature, sea-level pressure, and
precipitation. Several checks are implemented to discard stations with
excessive and obvious typographical or instrumental errors, as well as
individual occurrences of these issues. However, precipitation in
HadISD observations is not quality controlled. HadISD has been widely
used in analyzing humid heat stress globally’*'*"'*'*, We sampled sub-
daily time series of dry-bulb temperature (DBT), dew-point tempera-
ture, and mean sea-level pressure and topographic information, such as
elevation. Following Raymond et al. **, we performed detailed clima-
tological and meteorological tests to screen the hydrometric data. The
selected megacities provide the best available quality-controlled at-site
records and have been used in earlier assessments™'"’.

We obtained station-based daily precipitation time series from two
quality-controlled, global-scale in-situ observational networks: (i) Global
Surface Summary of the Day (GSOD) dataset archived at NOAA’s National
Climate Data Centre'” (i) Global Historical Climatology Network-daily
(GHCN-d)"*’. GHCN-d observations have a sensitivity of 0.1 mm and
undergo a series of quality checks'. GSOD offers automated quality-
controlled data products, where random errors are removed and corrections
are implemented to account for changes in instrumentation, station relo-
cation, and changes in time of observations'?%. These datasets have been
extensively used to analyze extreme precipitation in regional-scale'**'** and
global-scale studies'”. After carefully investigating both sources, we selected
for each site a long and reasonably complete, quality-controlled daily pre-
cipitation time series from either GSOD or GHCN-d, depending on the
quality and length of the observed series (see Table S1). The temperature and
precipitation observational networks are situated within a 25 km radius with
amedian radius of 1.9 km (Table S1). The population data for cities for 2020
were retrieved from the World Urbanization Prospects: The 2018

Revision'”.

Identification of singular and compound events
We use the Davies-Jones method'**'* and a revised MATLAB-based
implementation'” following the corrections indicated in ref. 129, to

determine sub-daily wet-bulb temperature. Following Russo et al. ', a
humid heatwave episode is identified as a period of at least three consecutive
days when the daily maximum wet-bulb temperature, HW,;, exceeds a daily
percentile-based variable threshold. As a threshold, we use the 90th per-
centile of HW, smoothed with a 31-day moving average filter'”' throughout
the summer season. Since the daily threshold time series appears to be a
jagged curve, resulting in several short-duration heatwave episodes, fol-
lowing the literature'**""", a centered moving average of 31 days (i.e., 15-
day) was applied as a smoothing filter. The peak intensity, i.e., the amplitude
of a heatwave episode (h,), is the hottest day of a humid heatwave'”. To
assess the severity of a humid heatwave event, we determine the accumu-
lated daily Humid Heatwave Magnitude Index” (AHWMI,;), defined as the
sum of the daily humid heatwave magnitude, HWMI,; (described in Eq. 1)
over the duration of a heatwave episode. It thus accounts for the severity of
temperature anomalies exceeding a certain normalized threshold
throughout the duration of the heatwave episode™. The HWMI,; during the
d-day heatwave episode is defined as follows:

n
AHWMI, = > HWMI,, d € [3,n) (1)
d=1
TE if HW >HW s,

Where, HWMI,; = { AWss~HWos,
0if HW <H Wasp

HWs, and HW;s,, are the 25th and 75th percentile values of HW,
values during the summer months of the analysis period. AHWMI,; values
are used to classify heatwave conditions: normal or no heatwave conditions
(0-5), moderate (>5-10), severe (>10-15), extreme (>15-30), very extreme
(>30-50), and super extreme (>50-80) conditions™.

A daily precipitation extreme (pg) for a site is defined if the daily
precipitation magnitude exceeds the 90th percentile of all wet days during
the analysis period'”. A hot-wet compound event is identified when the
peak intensity of a humid heatwave precedes the daily precipitation extreme
within a window of ¢ € [—1, 7] days. The response time of the event is defined
as the duration between the day of the heatwave peak and the day of the
precipitation extreme within the t € [—1, 7] days window. Since the warmest
day of a heatwave may not necessarily occur on the first day of the event, a
time window of t € [—1, 7] days was selected to sample the peak heatwave
intensity and the following py, event. Although extreme rainfall following
the summertime heatwaves is caused by localized convection, it may not
occur on the next day. Hence, a time window is required to consider this
lagged effect’®"**'*. The precipitation can attain its maximum peak during
the initial development phase of a heatwave episode. A lagged response
between high temperatures and storms may stem from atmospheric cir-
culation, shifts in the synoptic environment, and land-sea atmospheric
feedback’®'. Further, a heatwave often follows a slow-moving tropical
cyclone. An elevated air temperature within a week of the tropical cyclone
landfall is caused by changes in the atmospheric circulation because of the
development of an anticyclonic pattern, resulting in warm air subsidence,
leading to a heatwave episode'**'”". A comparison of lag times (Fig. S3)
shows positive lagged responses for 83% (971 out of 1166 event pairs) of
compound occurrences and 10% (111 out of 1166 event pairs) occurrences
on the same day, implying either po, events follow (or precedes) heatwave
amplitudes on the same day with a time lag of a few hours. Only 7% (84 out
of 1166 event pairs) of pyy events precede heatwave amplitude, indicating
they are possibly tropical cyclone-heatwave compounded events. Following
refs. 138,139 single and compound events are separated by at least three days
to be identified as independent events. To ensure adequate sample lengths to
investigate trends in the occurrence of hot-wet compound events, we
consider only sites with at least ten hot-wet compound events. According to
this criterion, 29 out of 34 sites were finally retained, with the total number of
hot-wet compound events varying from 12 to 122 during the analysis
period.

Further, we investigate the dependence strength in the tails of com-
pound extremes using the non-parametric Capéraa-Fougeres—Genest
upper tail correlations'’. The statistical significance of the upper tail
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correlation is determined by drawing N = 10,000 random bootstrap samples
and then computing the P-value (i.e., the probability of observing a stronger
dependence strength by chance) from the simulated bootstrap samples
using the typical percentile-based approach. To increase the power of the
statistical test, we report the statistical significance at the 10%
significance level.

Analyzing changes in the seasonality of singular and compound
extreme events

We employ directional statistics to analyze changes in the seasonality (or
timing) of single climate stressors, heatwaves, and extreme precipitation
events’>"*". We use two seasonality indices, i.e., the weighted mean occur-
rence day and its circular variability that quantify the average event timing
and the variability in the timing, respectively'*’. For n events, the weighted
mean occurrence day of singular climate stressors is determined using the
following equations'*

_ Z:’:l hy - cosé; Z?:1 hy, - siné; (22)
X5 = T 5 = T a
0 izt hg, Yo s hg

_ \Deg * COSO; _ " 1P - SInG;

%y = > iz1Poo s = > iz1Poo (2b)

> im1Poo > 1P

Following the literature”’, the mean occurrence day of the compound
events is determined using the simple circular mean of the individual cli-
mate stressors.

Where, 8; = J; 2, ] indicates Julian dates ranging from 1 to 365 for
regular years, and 1 to 366 for leap years, lis the number of days in a calendar
year, and m indicates the observed events.

The mean directional angle is determined by refs. 143,77

tan™! (%) if X3>0andy;>0

180 — tan™"(§) if X5 <0 and y; >0

>l
I

180 +tan‘1(}%)if5c5<0andj/6<0 3)
360+tan—1(§—§)gfx5>0andya<o

n/2if Xg = 0andys>0

3m/2if X5 = 0andys<0

The weighted mean occurrence day is WMOD = § x (ﬁ) 4)

Where, [ denotes the average number of days in, a year, considering the
number of days in leap and non-leap years. The variability in the event
timing is determined using circular variance, o® = —2 log(W,),
where W, = \/Xs* + 5"

Trends in the timing of heatwave amplitude and daily extreme pre-
cipitation are investigated using the nonparametric adjusted Theil-Sen
estimator for slope, 8, which is the median of the difference in event dates
over all possible combinations of time stamps (i and j) within the time
series”’

_Lf(]] _]i)>7/2
Lif g, =J)<ij2 - (4

0, otherwise

=T+
B = median []]]—V} , wherey =

We evaluate trend significance via a resampling-based approach with
N=2000 bootstrap runs'*. Significance of trends is reported at P-value <
0.05 for earlier onset (negative trend) and P-value > 0.95 for delayed arrival
(positive trend) of events.

Analyzing precursor coincidence rates of hot-wet

compound events

For analyzing response (i.e., coincidence) rates between the drivers of
hot-wet compound events, we employ event coincidence analysis (ECA),
which tests for the sequential occurrence of humid heatwaves preceding
extreme precipitation. We analyze response rates between heatwave
amplitudes at times tf‘“'k(i =1,...,Ny i) and precipitation extremes
tf ‘k(s)(j = 1,....; N, (¢)) within a coincidence interval AT = 7-day. For a
given site k, N,  and N, ;(¢) indicate the counts of humid heatwaves and
precipitation extremes during summers in both hemispheres. We obtain the
precursor coincidence rate r,(AT, ), which represents the fraction of
humid heatwave amplitudes that are preceding po, events, i.e., precipitation
magnitude that exceeds the € threshold and has occurred within the AT time
window during the summer season'*’:

Ny |:N o ko)

T’P(AT, &) = m ; ¢ J; I{O,AT} <tf’k(€) - t?‘f.k):| ©

i= 1""'7th,k;j: 17""7Np7k(8); r, € (0, 1)

¢(.) indicates the heavy side function ¢(x) = 0 forx <0 and ¢(x) = 1,
otherwise. I(.) is the indicator function with I(x) =1 for x€ (0, AT) or 0
otherwise. Values of 7, close to 0 indicate that the two drivers do not
coincide, while values close to 1 show that most h; events precede a pgy event.
We evaluate the statistical significance of event coincidence using a
bootstrap-based approach with N=10,000 bootstrap runs at a 5%
significance level.

Conditional bivariate model

We determine the relative changes in exceedance probability of extreme
rainfall (pgy) events, preconditioned on humid heat stress, when the heat-
wave amplitude, ki, increases from its median value to the 90th percentile for
a given site, using a copula-based conditional probability approach':
P(Pgg > pog|Hp > haiaoy) — P(Pog > Pog| Hp > haisoimy)- The copula-based
joint probability distribution of pyy and h, reads as follows

Fp 1, (Po0> ha) = CIFp, (Pog); Fry (hy)] (7)

Where C(.) is the cumulative distribution function (CDF) of the bivariate
copula function with marginal CDFs of peak humid heatwave intensity,
Fy (h,) and heatwave preconditioned precipitation extreme, Fp_(pg)),
respectively. Copulas represent multivariate distribution functions using
univariate probability distributions (i.e., marginal CDFs) of any form and
serve as a mapping tool from the variable space to the sample space that is
uniformly distributed in [0,1]. Copulas are a powerful tool to model the
dependence of random vectors. The conditional likelihood of
P(Pgy>pog| Hp>h 50 ) is given as follows'*

1 — Fp, (pyy) — Fiy, (ha) + ClFp, (Pyo), Fiy, (ha)]
1= Fy,(hy)

P(Pog>pog[Hp>hyson) =

®)

We consider a wide range of bivariate copula families, namely the
Clayton, (flipped) rotatory Clayton, Frank, Gumbel-Hougaard, Plackett,
and Student’s ¢ copulas for modeling dependence between the two drivers,
hgzand pgy. We use the maximum pseudo-likelihood method to estimate the
parameters of the copula family'"”. Following ref. 148, the copula families are
selected based on the maximum P-values (Table S2 and Fig. $4), which is
based on the Crdmer-von Mises type goodness-of-fit test'*’ that compares
the empirical (C,,,,,) vs the parametric copula (Cg) probabilities through
V1(C,,, — Cy), where n is the number of compound events. For modeling
the marginal distributions of the drivers, we consider commonly used
univariate probability distributions, namely the gamma, log-normal, gen-
eralized extreme value (GEV), log-logistic, and Weibull distributions. We
select the best-fitted univariate probability distribution based on the
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minimum Akaike information criterion (AIC) with small sample
correction”’, while we evaluate the goodness-of-fit of the selected dis-
tributions using the Kolmogorov-Smirnov goodness-of-fit test (Tables
S3 and S4; and Figs. S5 and S6).

Data availability

Station-based sub-daily (ranges from 1- to 3-hourly) HadISD observational
time series is obtained from the Met Office Hadley Centre Observations
repository:  https://www.metoffice.gov.uk/hadobs/hadisd/v341_202402p/
download.html, daily precipitation time series are obtained from (1) Glo-
bal Surface Summary of the Day (GSOD) dataset archived at NOAA’s
National Climate Data Centre available at: https://www.ncei.noaa.gov/
access/search/data-search/global-summary-of-the-day (2) Global Histor-
ical Climatology Network-daily (GHCN-d) available at: https://www.ncei.
noaa.gov/data/global-historical-climatology-network-daily/access/.  The
population data for urban agglomerations is publicly available at: https://
population.un.org/wup/Download/.

Code availability
Computer codes used in this study can be made available from the corre-
sponding author upon request.
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