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Understanding how precipitation extremes evolve relative to total precipitation has important 
implications for hydrology, water resources, and climate risk management. While previous studies 
have assessed trends in total precipitation and extremes separately, the changing balance between 
them remains underexplored globally. Here, we use the Extreme Precipitation Fraction (EPF)—the 
ratio of a year’s wettest daily precipitation event to its total annual precipitation—as a physically 
meaningful metric to quantify the dominance of extremes within annual rainfall totals. Using an 
ensemble of 25 CMIP6 global climate model simulations from the NASA NEX-GDDP dataset, we 
examine historical EPF patterns, projected trends under the high-emissions scenario. A first-order 
relative-change decomposition is then used to quantify the separate contributions of annual maximum 
daily precipitation and total annual precipitation to EPF trends. Results show that, historically, EPF 
values are highest in hot and cold deserts, where a single event contributes over 13–15% of annual 
rainfall, and lowest in tropical rainforest and monsoon zones (< 4%). Projected trends show a global 
shift toward more extreme-dominated regimes, particularly in dryland and Mediterranean climates. 
EPF increases exceed + 0.2 per decade in Mediterranean zones, where over 70% of grids show positive 
trends above + 0.1. In contrast, polar and high-latitude snow-dominated climates exhibit declining 
EPF values. Attribution of EPF trends to its individual contributions shows that changes in total 
annual precipitation dominate EPF trends in arid and Mediterranean regions (annual-maximum 
contribution < 45%), whereas changes in extreme precipitation contribute more strongly in humid 
temperate and monsoonal regions (> 54%). At high latitudes (> 67.5°N), changes in total precipitation 
account for more than 70% of EPF trends. These findings reveal that precipitation is increasingly 
delivered through fewer, more intense events in vulnerable regions, with implications for climate-risk 
assessment and adaptation planning.

Climate change is intensifying the global water cycle, with strong evidence that atmospheric warming increases 
the potential for heavy precipitation events, although observed responses vary regionally1–4. Because warmer air 
can hold more moisture (approximately 6–7% per °C of warming or more), the atmosphere has an enhanced 
capacity to produce intense rainfall5–8. Consistent with these thermodynamic expectations, many observational 
records and climate model simulations indicate increases in the frequency and intensity of heavy precipitation 
in numerous regions9–12, though decreases or mixed trends are also reported in some areas such as parts of 
the Mediterranean and southwestern North America13–16. This escalation of extreme rainfall translates into 
rising flood hazards17,18 and substantial societal and environmental impacts19–22, underscoring that intensifying 
precipitation extremes represent a pressing global concern23,24.

Precipitation changes under climate change can occur through different pathways, including shifts in total 
annual precipitation as well as changes in the intensity and frequency of extreme events. Observational records 
indicate increasing annual precipitation across many mid- to high-latitude and tropical regions, including 
large areas of North America, northern Europe, West Africa, and monsoonal Asia3,13,14,25–28, whereas several 
subtropical and arid regions—such as the Mediterranean basin, southern South America, and Central Asia—
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have experienced long-term drying trends13–16. These contrasting patterns reflect the combined influence of 
thermodynamic moisture increases and region-specific changes in atmospheric circulation and moisture 
transport29–32.

Changes in precipitation extremes exhibit similarly strong regional variability. Pronounced increases in 
heavy rainfall have been documented across the mid-latitudes of North America and much of Eurasia and South 
America33, while other regions show more heterogeneous or less consistent responses rather than clear long-term 
trends13–16. Climate model projections broadly reinforce this heterogeneous picture. Many regions are expected 
to experience intensification of heavy precipitation even where mean precipitation declines, particularly in 
Mediterranean and semi-arid climates15,34–36.

Beyond changes in mean and extreme precipitation considered separately, observational evidence indicates 
a systematic shift in how annual precipitation is distributed over time. Globally, the fraction of annual rainfall 
contributed by very heavy events has increased over the twentieth century3,37, indicating that precipitation is 
increasingly delivered through a smaller number of intense events. This tendency is consistent with climate 
projections and IPCC assessments attributing widespread intensification of heavy precipitation primarily to 
anthropogenic warming, while emphasizing regional variability in magnitude and direction of change35.

Despite growing recognition of these changes, most studies continue to analyze total precipitation and 
precipitation extremes as separate metrics. Analyzing these components independently can obscure an 
important structural shift in precipitation regimes. In many regions, an increasing share of annual precipitation 
is delivered during a small number of intense events. Such temporal concentration of rainfall has important 
hydrological implications, including amplified flood peaks, reduced soil moisture retention, and limited 
groundwater recharge34,35,38–43. For example, in parts of the Mediterranean, a single day’s rainfall can account 
for more than half of winter precipitation12,44,45. Conversely, decreases in total precipitation can amplify the 
relative contribution of extreme events even if those extremes do not intensify, highlighting the need to interpret 
precipitation extremes in relation to annual totals rather than in isolation.

To address this gap, we present a global-scale assessment of changes in the relationship between extreme 
and total precipitation using the Extreme Precipitation Fraction (EPF), defined as the ratio of the annual 
maximum daily precipitation to total annual precipitation. This metric captures the temporal concentration 
of precipitation—i.e., the extent to which a larger fraction of annual rainfall is delivered by fewer, more intense 
events. This provides a measure of event dominance within annual precipitation totals, complementing 
percentile- and wet-day-based metrics by explicitly linking extremes to total rainfall.

We analyze historical patterns and future trends in EPF across a multi-model ensemble of 25 CMIP6 
simulations and quantify how changes in annual maximum daily precipitation and total annual precipitation 
individually contribute to EPF trends using a first-order relative-change decomposition. This framework allows 
us to distinguish whether increasing EPF reflects intensifying extremes, declining background rainfall, or 
a combination of both. The following sections present the results, including historical evaluation, projected 
trends, robustness and agreement analyses, and trend decomposition (Sect.   2), followed by interpretation of 
hydroclimatic implications across climate regimes (Sect.   3) and concluding with key implications for water 
management under climate change (Sect.  4).

Results
We investigate spatial and climatic variations in precipitation characteristics by analyzing three metrics: (1) mean 
fraction of annual precipitation contributed by the single largest daily event—referred to here as the Extreme 
Precipitation Fraction (EPF), (2) trends in the EPF, and (3) the relative contributions of changes in extremes and 
changes in total annual precipitation to observed EPF trends. To better understand the relative contributions 
of these shifts, we decompose the EPF trend into two components: one attributed to changes in the extreme 
precipitation values and one to changes in total annual precipitation. The analysis is conducted at the grid-cell 
level using an ensemble of global climate models (GCMs), and results are aggregated by Köppen-Geiger climate 
classifications to enable a climate-based synthesis.

We start by examining the historical distribution and variability of Extreme Precipitation Fractions (EPFs). 
Given that the frequency, intensity, and temporal structure of precipitation extremes differ across climatic 
regimes, we assess EPF across Köppen-Geiger (KG) climate zones, continents, and latitudinal bands to capture 
global hydroclimatic diversity (see KG climate map in Fig. S1 of the Supplement).

Figure 1 presents an overview of EPF patterns during the historical period (1980–2014), derived from the 
multi-model ensemble of CMIP6 NASA NEX-GDDP simulations. The spatial map and climate-class ranking 
highlight pronounced differences across regions. The highest mean EPF values are observed in hot desert (BWh) 
and cold desert (BWk) zones, with averages of 0.153 and 0.139, respectively. Semi-arid steppe climates (BSh and 
BSk) also show elevated EPF values (~ 0.089–0.090), reflecting the episodic nature of rainfall in drylands.

Polar climates show more moderate EPF values relative to deserts and steppes. Polar climates such as ice 
cap (EF) display EPF values of 0.084. The latitudinal distribution highlights pronounced EPF maxima in the 
subtropical dry belts (approximately 20°–35° N/S). EPF peaks in both the Northern and Southern Hemisphere 
subtropics; however, the Northern Hemisphere maximum is stronger, reflecting the extensive dryland regions 
of North Africa, the Middle East, and Central Asia. Continental averages range from 0.048 in Europe to 0.175 
in Africa, with Oceania (0.105) and Asia (0.098) also showing relatively high values. Standard deviation map 
(Fig. 1e) and histograms indicate greater inter-model spread in transition zones—particularly parts of South 
America, Central Asia, and subtropical Africa.

To evaluate the ability of CMIP6/NEX-GDDP models to reproduce the observed relationship between 
extreme and annual precipitation, we validate historical EPF values against the Princeton Global Forcing 
dataset for 1961–2014 as shown in Fig. 2. The ensemble exhibits strong agreement with observations, with a 
near-zero global mean bias and most land grid cells falling within a narrow ± 0.05 EPF bias range. The spatial 
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distribution of mean error shows that model performance is particularly robust across mid-latitude regions of 
North America, Europe, and large parts of Asia, while the largest discrepancies occur over subtropical–tropical 
Africa and high-latitude Arctic regions, where precipitation processes are known to be more challenging for 
global climate models46–48. Additional discrepancies are apparent in regions of strong convective activity and 
complex topography, consistent with previously documented limitations in simulating precipitation intensity 
and variability49,50. Zonal averages further reveal that the ensemble accurately captures the observed latitudinal 
structure of EPF across tropical, subtropical, and midlatitude belts, with deviations increasing only toward the 
highest northern latitudes. Climate-zone evaluation confirms that a large majority of Köppen–Geiger climate 
classes exhibit high consistency between modeled and observed EPF, with most grid cells lying within the inter-
model range.

To assess how the structure of annual rainfall is evolving under climate change, we analyze trends in EPF 
under the high-emissions SSP585 scenario shown in Fig. 3. All EPF trends are expressed as percentage change 
per decade (% per decade). The global signal reveals a pronounced tendency toward more extreme-dominated 
precipitation regimes, particularly across dryland and Mediterranean-type climates. The strongest increases are 
projected in cold deserts (BWk: +0.26), while Mediterranean climates (Csa, Csb, Csc) consistently rank among 
the top intensifying classes, with trends exceeding + 0.20.

In contrast, polar and high-latitude snow-dominated zones show declining EPF trends. The steepest decreases 
occur in tundra (ET: − 0.14), ice cap (EF: − 0.13), and subarctic snow-dominated climates such as Dfd (–0.13) 
and Dsd (–0.16).

Fig. 1.  The spatial and latitudinal distribution of the Extreme Precipitation Fraction (EPF) during the 
historical period (1980–2014), based on multi-model means from CMIP6 NASA NEX-GDDP simulations. 
Panel (a) shows the global spatial distribution of mean EPF values. Panel (b) displays a latitudinal histogram 
of mean EPF values. Panel (c) presents a histogram of mean EPF values across five continents, annotated with 
continental averages. Panel (d) shows a ranked bar plot of the top 20 Köppen-Geiger climate classes based on 
their mean EPF values. Panel (e) maps the spatial standard deviation of EPF across models for each grid cell, 
highlighting areas of greater inter-model variation. Panel (f) presents a latitudinal histogram of EPF standard 
deviation. Panel (g) displays a histogram of EPF standard deviation across continents, showing the distribution 
and average variability within each region. Maps were generated using Python 3.11 (https://www.python.org/).
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The latitudinal distribution of EPF trends shows a clear meridional pattern, with negative trends dominating 
high northern latitudes and positive trends concentrated in the subtropical dry belts of both hemispheres. These 
latitude bands correspond to major desert belts and Mediterranean-type climates. Continental mean EPF trends 
further summarize this spatial variability. Oceania shows the largest mean increase (+ 0.15), followed by Africa 
(+ 0.055), while the Americas, Asia, and Europe exhibit near-zero or slightly negative mean trends. A similar 
analysis under the SSP245 scenario is provided in Fig. S2.

To assess whether EPF trends reflect broader changes in the upper tail of the precipitation distribution, 
we examined trends in the contribution of the wettest 1% of daily precipitation (Top-1%) as shown in Fig. 4. 
Under SSP585, Top-1% contributions increase across large portions of the globe. Strong positive trends are 
particularly evident in Mediterranean and temperate dry-summer climates (Csa, Csb), where mean increases 
reach approximately 0.7–0.8% per decade, as well as in cold-arid and semi-arid regions (e.g., BWk), where mean 
increases exceed 0.6% per decade.

In contrast, pronounced negative trends in the Top-1% contribution are concentrated in high-latitude and 
polar climates, including ET, EF, Dfd, and Dsd classes, with mean declines on the order of − 0.45 to − 0.55% 
per decade. These patterns indicate that reductions in upper-tail contributions are largely limited to cold 
regions, whereas lower-latitude regions more frequently exhibit stable or increasing values. Overall, the spatial 
distribution of Top-1% trends mirrors the heterogeneity of EPF changes under SSP585. Comparable but weaker 
and more noisy patterns are found for SSP245 as shown in Fig. S3, while corresponding analyses for the Top-5% 
metric under both scenarios are presented in the Supplementary Information (Figs. S4 and S5).

To address robustness and inter-model consistency, we next summarize EPF changes using a robust trend 
classification that combines field significance (FDR-adjusted p < 0.05) with agreement in the sign of change 
across the CMIP6 ensemble (≥ 60% of models). The results for SSP585 are shown in Fig. 5. Robust EPF increases 
occur across substantial portions of land areas in several climate regimes, reaching approximately 10–30% of 
grid cells within many warm continental, monsoonal, and semi-arid Köppen–Geiger classes (e.g., Dwa, Dwb, 
Dfa, BSk, and BWh).

Fig. 2.  Historical EPF Mean Error. Panel (a) shows spatial distribution of mean error (ME) between CMIP6/
NEX-GDDP ensemble-mean EPF values and EPF computed from the Princeton Global Forcing dataset (1961–
2014), with boxes presenting continental mean ME values. Colored points show ME at each land grid cell. 
Panel (b) depicts zonal mean, median, 25th, and 75th percentiles of ME, illustrating the latitudinal structure of 
model skill. Panel (c) summarizes the percentage of grid cells within the observational range across Köppen–
Geiger climate classes. The map was generated using Python 3.11 (https://www.python.org/).
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EPF increases are concentrated in mid-latitude and subtropical regions, where approximately 20% of grid 
cells within several climate classes exhibit statistically significant and model-consistent increases. Across the 
same classes, 30–55% of grid cells exhibit FDR-significant ensemble-mean EPF trends under SSP585. In contrast, 
robust EPF decreases primarily occur in high-latitude cold climates (e.g., Dfc, Dwc, Dsc, and Dfd), where 5–20% 
of grid cells show model-consistent declines. A corresponding robustness assessment for SSP245 (Fig. S6) shows 
similar spatial patterns but reduced spatial coverage, consistent with weaker forcing.

To provide a more nuanced understanding of climate change impacts on precipitation extremes beyond zonal 
averages, we analyzed the full distribution of EPF slopes pooled across all grid cells and all contributing CMIP6 
GCMs within each Köppen–Geiger (KG) climate class. Figure 6 presents the probability density functions of 
the EPF trend slopes for each Köppen-Geiger class, highlighting both the central tendency and dispersion 
of slope values arising from joint spatial heterogeneity and inter-model variability. Mediterranean climates 

Fig. 3.  The spatial and latitudinal distribution of trends in the EPF under the SSP585 scenario (2015–2100), 
based on multi-model ensemble-mean Sen slopes computed across all land grid cells from CMIP6 NASA 
NEX-GDDP simulations. EPF trends represent the rate of change in the share of annual precipitation falling in 
the single wettest day of the year (% per decade). Panel (a) shows the global spatial distribution of ensemble-
mean EPF trends at each grid cell. Panel (b) displays a latitudinal histogram of ensemble-mean EPF trends 
aggregated across all grid cells within each latitude band. Panel (c) presents a histogram of EPF trends across 
five continents, annotated with continental averages. Panel (d) shows a ranked bar plot of the top 20 Köppen-
Geiger climate classes based on their mean EPF trend computed across all land grid cells within each class. 
Panel (e) maps the spatial standard deviation of EPF trends across models for each grid cell, identifying areas 
of elevated inter-model spread. Panel (f) presents a latitudinal histogram of EPF trend standard deviation. 
Panel (g) displays a histogram of EPF trend standard deviation across continents, highlighting regional 
differences in uncertainty. Statistical significance and robustness of EPF trends—based on FDR-adjusted 
Mann–Kendall tests and inter-model agreement—are assessed separately and presented in Fig. 5. Maps were 
generated using Python 3.11 (https://www.python.org/).
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with dry summers (Csa, Csb, and Csc) exhibit among the highest average EPF trends, with mean slopes of 
approximately + 0.24, + 0.17, and + 0.21, respectively, and more than 70% of grid–model realizations in these 
zones experiencing increases greater than + 0.1. This strong upward shift in EPF slopes is not only evident in 
the mean but also in the heavy positive tail of their distributions, with 95th percentile values reaching as high as 
+ 0.7. The results under the SSP245 scenario are presented in Fig. S7.

In contrast, semi-arid and continental climates such as BSk and Dsb show more moderate mean slopes (+ 0.09 
to + 0.1) but still display considerable spread, with up to 45–50% of grid–model slope estimates showing positive 
slope values above + 0.1. Oceanic temperate zones like Cfb and high-elevation subtropical types like Cwc also 
exhibit positive mean slopes, though with more symmetric and narrowly centered distributions. Meanwhile, 
tropical and polar classes (e.g., Am, Af, ET, EF) show smaller mean trends and narrower density shapes. These 
distributions show that positive EPF trends are widespread within several climate classes. They also highlight 
spatial variability in EPF trends, particularly in arid and Mediterranean zones, which may be linked to local 
topographic, convective, or land-use dynamics.

To interpret EPF trends in terms of their contributing components, Fig. 7 decomposes the EPF trends into 
their constituent terms: the relative (percentage) changes in annual maximum daily precipitation and total 
annual precipitation. This decomposition reveals distinct spatial and climatic regimes. In tropical rainforest 
climates (Af), the contributions of annual maximum and total precipitation are nearly balanced—around 54% 
and 46%, respectively. In temperate humid zones (Cfa), the annual maximum daily precipitation dominates, 

Fig. 4.  Ensemble trend direction of Top-1% precipitation contribution under SSP585. Panel (a) shows global 
spatial distribution of the ensemble-mean Sen slope (% per decade) for the fraction of annual precipitation 
contributed by events exceeding the 99th percentile. Colors indicate the direction and magnitude of trends, 
with warm colors denoting increasing contributions from the most extreme events and cool colors indicating 
decreasing contributions. Panel (b) shows the zonal (latitudinal) mean profile, while panel (c) summarizes 
mean trends across Köppen–Geiger climate classes (top 20 by absolute magnitude). Results highlight increases 
in Mediterranean and semi-arid climates and decreases in high-latitude and polar regions. Corresponding 
analyses for SSP245 and for the Top-5% metric are provided in the Supplementary Information. The map was 
generated using Python 3.11 (https://www.python.org/).

 

Scientific Reports |        (2026) 16:18415 6| https://doi.org/10.1038/s41598-026-47708-y

www.nature.com/scientificreports/

https://www.python.org/
http://www.nature.com/scientificreports


contributing 55% on average to EPF changes—the highest among all climate classes—while similar contributions 
are observed in Dwa (54%) and Cwa (52%).

In contrast, arid and semi-arid regions such as hot and cold deserts (BWh, BWk) and cold steppe (BSk) 
show that EPF changes are primarily dominated by changes in total annual precipitation, with the contribution 
of the annual maximum ~ 40%. Mediterranean climates (Csa–Csc) show an even stronger dominance of total 
precipitation, where contributions from the annual maximum average around 38–44%, and the influence of total 
rainfall exceeds 55–60%.

These patterns are reflected in the latitudinal breakdown. Equatorial latitudes (2.5°S to 2.5°N) show near-
equal contributions (annual maximum: 53–55%), while mid-latitudes show a greater imbalance between the 
contributions of the annual maximum and total precipitation. For example, at 37.5°N, the annual maximum 
contribution is ~ 43%, and total precipitation accounts for ~ 57%. Notably, higher latitudes (> 67.5°N) exhibit a 
consistent decline in annual maximum influence, dropping from 37% at 67.5°N to only 27% at 82.5°N, indicating 
that in polar regions, EPF trends are overwhelmingly shaped by total precipitation changes, possibly due to 
transitions from snow to rain and reduced seasonality. These patterns highlight that EPF increases do not imply 
intensification of extremes per se, but rather reflect cases where the annual maximum changes more rapidly (or 
less slowly) than the annual total.

At the continental scale, the contribution of annual maximum precipitation remains below 45% on average, 
with Oceania showing the highest (43.4%) and Africa the lowest (40.1%). In polar regions (ET, EF) and snow-
dominated zones (e.g., Dfc, Dfd), both components contribute relatively equally, typically showing a 44–56% 
split, reflecting broader shifts in the precipitation regime—likely related to snow-to-rain transitions and changes 
in seasonality. These findings underscore the spatial heterogeneity in the contribution of annual maxima and 
total precipitation in changing EPF trends: while intensification of daily extremes is the primary contributor in 
many humid and temperate regions, changes in total annual precipitation dominate in arid, Mediterranean, and 
high-latitude environments. Analogous results under the SSP245 are presented in Fig. S8.

Fig. 5.  Robustness of projected EPF trends under SSP585. Panel (a) shows global map classifying EPF trend 
behavior by combining (i) field-significant ensemble-mean trends (FDR-adjusted p < 0.05) and (ii) inter-
model agreement in the sign of change (≥ 60% of CMIP6 models). Categories indicate robust increases/
decreases (significant + agreement), increases/decreases with agreement but not field-significant, and low-
agreement regions. Panel (b) summarizes dominance of robust changes across Köppen–Geiger climate classes. 
An analogous robustness analysis for SSP245, using the same criteria, is provided in Fig. S6. The map was 
generated using Python 3.11 (https://www.python.org/).
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Discussion
The results indicate that extreme precipitation fraction (EPF) is changing unevenly across different climate 
regions. This spatial variability is consistent with hydrological intensification under warming, which enhances 
the potential for stronger precipitation extremes but manifests differently depending on regional climate regimes 
and the relative responses of total versus extreme precipitation3,8,17,35. Rather than uniform increases, EPF 
responses exhibit strong regional structure, reflecting differences in baseline climate, precipitation regimes, and 
the relative behavior of extreme versus total precipitation3,14–52.

The historical validation exercise further reinforces the credibility of these projected EPF changes. By 
comparing CMIP6/NEX-GDDP simulations against the Princeton observational dataset, we show that the 
models reproduce the observed spatial distribution, latitudinal structure, and climatic-region patterns of 
EPF during the historical period. The small global mean bias, the high proportion of grid cells falling within 
observational bounds, and the strong agreement across continents collectively demonstrate that the ensemble 
captures the fundamental balance between extreme precipitation and total annual rainfall. This supports the 
credibility of the projected EPF patterns discussed below. Observational records already show upward trends 
in extreme precipitation in many regions over recent decades, including northern Europe, North America, 
parts of Asia, and the Mediterranean13,42,53–55. As a consequence, the “when it rains, it pours” phenomenon is 
expected to become more pronounced globally, raising important implications for floods, droughts, and water 
management23,37,43,56–59.

While the global trend is toward a higher fraction of rain falling in extreme events, the magnitude and 
reasons for these changes vary by climate. The analysis highlights especially strong or noteworthy changes in 
arid, polar, and Mediterranean zones. Arid regions receive very low total precipitation, but often in short, intense 
bursts (e.g., rare heavy rain in deserts). Our results reveal a consistent pattern across dryland regions, with 
both semi-arid steppe climates (BSh, BSk) and hyper-arid desert climates (BWh, BWk) showing clear increases 
in EPF. These patterns can be interpreted through changes in moisture availability. Warming temperatures 
allow the atmosphere to hold more water vapor, so when precipitation does occur in dry regions, it can be 
more intense10,17,60,61. Even regions that are projected to get drier in terms of mean rainfall can experience 
heavier individual rainstorms because of thermodynamic increases in moisture capacity (roughly ~ 7% more 
water vapor per °C of warming)61. Indeed, one global study finds all climate regions (including arid zones) 
show intensification of extreme precipitation by the late 21st century, although the magnitude of increase is 
larger in wetter regions and smaller in extremely dry regions17. Additional influences from circulation changes 

Fig. 6.  Probability distributions of EPF trend (ssp585) across Köppen-Geiger climate classes. Each panel shows 
the kernel density estimate of grid-level EPF slopes pooled across all grid cells and CMIP6 models belonging to 
a given climate class. Vertical dashed lines at ± 0.1 denote moderate positive and negative trends, and vertical 
solid lines indicate class means. Arrows and percentage labels indicate the proportion of grid cells with slopes 
greater than + 0.1 (red) and less than − 0.1 (blue), offering a view into the spatial dominance of extreme trends 
within each climate regime.
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may further reduce precipitation frequency while favoring episodic, high-intensity events, contributing to the 
observed EPF increases.

These shifts have important hydrological implications in dryland regions. Infrequent but intense rainfall 
events in deserts can trigger destructive flash floods and severe erosion62–64, while longer dry intervals between 
events may exacerbate drought conditions. Together, these effects complicate water management in arid and 
semi-arid environments.

Polar tundra (ET) and ice-cap (EF) regions show some of the most distinctive precipitation shifts under 
climate change65,66. These regions exhibit declining EPF trends, primarily because increases in total annual 
precipitation outpace changes in annual maximum daily precipitation rather than reflecting a reduction in 
extreme events themselves. Decomposition results consistently show that positive trends in total precipitation 

Fig. 7.  The spatial and latitudinal distribution of the mean contribution of the annual maximum (AM) daily 
precipitation to the trend in the Extreme Precipitation Fraction (EPF) under the SSP585 scenario, based on 
CMIP6 NASA NEX-GDDP multi-model simulations. The contribution is calculated as the percentage of the 
EPF trend that is attributable to changes in the annual maximum daily precipitation, providing insight into the 
dominant contributors of intensifying precipitation extremes. Panel (a) shows the global spatial distribution of 
the multi-model mean contribution values. Panel (b) displays a latitudinal histogram of these contributions. 
Panel (c) presents the distribution of contribution values across continents, annotated with average 
percentages. Panel (d) ranks the top 20 Köppen-Geiger climate classes by their average contribution values. 
Panel (e) maps the spatial standard deviation of the contribution values across models, illustrating areas of high 
inter-model spread. Panel (f) presents a latitudinal histogram of this standard deviation. Panel (g) displays a 
histogram of standard deviation across continents, summarizing regional uncertainty in the attribution of EPF 
trends. Maps were generated using Python 3.11 (https://www.python.org/).
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dominate EPF changes at high latitudes, consistent with enhanced moisture transport, increased rain-to-
snow ratios, and Arctic amplification34,35,67–70. As a result, the contribution of the annual wettest day to total 
precipitation decreases despite overall wetting.

The largest EPF increases are observed in Mediterranean-type climates, which are characterized by hot, dry 
summers and wetter winters. Our results show a strong increase in the fraction of rain from extreme events in 
these regions—among the largest increases of any climate zone. This is consistent with the Mediterranean being 
a well-known climate change hotspot where mean rainfall is declining but heavy rainfall is intensifying in certain 
seasons41. Climate projections uniformly show that the Mediterranean region will become drier on average, 
especially in the dry season. Annual precipitation can decrease by around 4% per °C of global warming, with 
summers seeing pronounced drying15,42. This reduction in mean rainfall, combined with higher temperatures, is 
already increasing drought frequency and severity42,71–73. Even as total precipitation drops, extreme precipitation 
events are expected to become more intense74,75. Observations have noted upward trends in heavy precipitation 
in parts of the northern Mediterranean42,75, and high-resolution models project further increases in extreme 
rainfall intensity particularly for rare, high-impact storms75. For example, one study found that 50-year return 
period daily rainfall extremes could double in magnitude across the Mediterranean by late century under 
business-as-usual emissions42.

Our EPF results indicate that the contribution of the single wettest day of each year to annual precipitation 
is projected to rise by 5–28% throughout the Mediterranean region42. Such changes substantially increase the 
risk of flash flooding following prolonged dry periods, while simultaneously exacerbating water scarcity, thereby 
amplifying hydroclimatic risk76–79.

Tropical climates and temperate humid (Cfa/Cfb) climates also show rising EPF in our analysis, though 
less dramatically than the above cases. In tropical rainforest and monsoonal regions, abundant moisture and 
convective activity mean extreme events are already common; future warming is expected to further intensify 
peak rainfall rates, often following Clausius–Clapeyron scaling8,12,35. However, changes in monsoon circulation 
or tropical storm frequency can modulate regional patterns12. Tropical areas are seeing heavier rainfall extremes, 
with observed increases in short-duration intensities and projections of more high-percentile rainfall as the 
climate warms12,14. These trends are expected to continue in future, linked to more frequent atmospheric 
moisture convergence and slow-moving storm systems in warmer climate33,80–83. One notable pattern in cold 
continental (D) climates is that the most extremely continental winter regions (e.g., subarctic interiors with 
very cold winters, Dfd/Dwd) showed a decrease in EPF in our analysis. These EPF declines are comparable 
to those observed in polar regions and reflect increases in total annual precipitation relative to changes in 
annual maximum daily precipitation34,67,84. In contrast, continental regions with pronounced wet seasons 
or storm activity (e.g., monsoonal or Mediterranean-influenced Dsa/Dsb climates) see EPF increases. These 
nuances illustrate that the response of precipitation extremes is an interplay of thermodynamics (which tends to 
universally increase moisture and extremes) and regional atmospheric dynamics (which can redistribute when 
and how rain falls)8,24,33.

Uncertainty remains an inherent component of regional climate projections, particularly in convective 
regions, areas of complex topography, and climate transition zones. To address this, the analysis combines bias-
corrected CMIP6 simulations with ensemble-based robustness diagnostics, including inter-model agreement 
and field-significant trend detection. This approach distinguishes coherent large-scale EPF signals from regions 
with high model disagreement. Despite local uncertainty, the consistent emergence of EPF increases in arid, 
semi-arid, and Mediterranean climates, and decreases at high latitudes across multiple models and diagnostics, 
indicates that the broad spatial patterns identified here are robust. Future work using convection-permitting and 
regional climate models will help refine EPF estimates at finer spatial scales and improve understanding of local 
precipitation processes.

Conclusion
Our global assessment of the Extreme Precipitation Fraction (EPF) reveals that climate change is driving a 
substantial change in precipitation regimes, with important hydrological implications. Using a decomposition 
framework applied to a multi-model ensemble of CMIP6 simulations, we demonstrate that EPF trends—and 
their underlying contributors—vary markedly across climate zones. The strongest increases in EPF are projected 
for arid, semi-arid, and Mediterranean climates, where declining total precipitation amplifies the fractional 
dominance of extreme events. In contrast, changes in extremes are primarily associated with EPF increases in 
many temperate and tropical regions. Meanwhile, polar climates are projected to experience decreasing EPF, 
reflecting increases in total annual precipitation that outpace changes in annual maximum daily precipitation, 
thereby reducing the relative contribution of the wettest day to the annual total.

The evolving patterns of EPF have profound hydrological consequences. In dryland regions, increasing 
reliance on a few intense rain events heightens flash flood risks while deepening drought vulnerability between 
events. In Mediterranean zones, the co-occurrence of drying trends and more concentrated rainfall threatens 
both water supply and flood resilience. In temperate and tropical regions, intensifying extremes will challenge 
the capacity of water infrastructure and demand adaptive management. Conversely, polar regions face rapid 
shifts in precipitation phase and seasonality, with potential disruptions to snowmelt-driven hydrology.

Our findings underscore the importance of moving beyond traditional metrics of mean precipitation 
or extreme event frequency alone. EPF provides a physically meaningful lens through which to assess the 
emerging structure of rainfall under climate change. By explicitly linking extremes to total precipitation, this 
metric highlights new forms of hydroclimatic risk that will increasingly shape water management challenges 
in a warming world. Future work should further refine EPF-based metrics for operational use, explore their 
variability at sub-seasonal timescales, and integrate them with impact-oriented hydrological models to better 
inform adaptation strategies.

Scientific Reports |        (2026) 16:18415 10| https://doi.org/10.1038/s41598-026-47708-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Data and methods
Data
This study utilizes daily precipitation projections from the NASA NEX-GDDP-CMIP6 dataset85, which provides 
bias-corrected simulations of global climate model (GCM) outputs from the Coupled Model Intercomparison 
Project Phase 6 (CMIP6) archive86. The NEX-GDDP-CMIP6 product applies the BCSD (Bias-Correction Spatial 
Disaggregation) method to correct systematic biases in CMIP6 outputs and downscale them to a 0.25° spatial 
resolution (~ 25 km), thereby enabling high-resolution impact assessments. The dataset spans the historical 
period (1950–2014) and future projections (2015–2100) under four shared socioeconomic pathways (SSPs).

We analyze simulations from 25 GCMs (one run per GCM) for which daily precipitation data were 
available in the NEX-GDDP-CMIP6 archive. The complete list of models is provided in Appendix Table S1 
in the Supplement. We selected the NASA NEX-GDDP-CMIP6 dataset for this analysis as it provides globally 
consistent, bias-corrected, and spatially downscaled daily precipitation data, which are essential for robust 
estimation of precipitation extremes and their contribution to trends. NEX-GDDP-CMIP6 corrects model biases 
relative to observations and improves the representation of both mean and extreme precipitation statistics at 
local scales85,87. The higher spatial resolution (0.25°) and bias correction make NEX-GDDP particularly suitable 
for calculating metrics such as the Extreme Precipitation Fraction (EPF), which are sensitive to the accuracy 
of daily precipitation extremes. Furthermore, NEX-GDDP is widely used in hydrological and climate impact 
assessments88–92, and provides a consistent, publicly available dataset across multiple GCMs, facilitating inter-
model comparison and robust ensemble statistics.

Climate regimes are defined using the global Köppen–Geiger climate classification of Beck et al. (2018)93, 
derived from observed temperature and precipitation climatologies and available at 1-km spatial resolution.

In regions characterized by extremely low or near-zero precipitation (e.g., hyper-arid deserts), daily 
precipitation values can be zero or undefined for extended periods, leading to missing (NA) values in derived 
precipitation metrics such as EPF and upper-tail contribution indices. These NA values reflect physically 
implausible or undefined metric calculations rather than data errors and are treated consistently across all 
models.

Bias correction of CMIP6 precipitation in NEX-GDDP
The CMIP6 simulations used in this study are obtained from the NASA NEX-GDDP dataset, which applies 
a quantile-mapping bias-correction approach to daily precipitation. Bias correction is performed separately 
for each calendar month by mapping the modeled historical precipitation distribution to the corresponding 
observational distribution, while preserving the rank structure of the modelled data. This method adjusts both 
light and heavy precipitation values in a distribution-consistent manner and is designed to correct systematic 
biases without modifying the long-term climate change signal or altering model-simulated trends. Because 
quantile mapping is applied to the entire precipitation distribution, both total annual precipitation and 
annual maximum daily precipitation are corrected using the same transformation function, ensuring physical 
consistency between the components of the EPF metric. Previous evaluations of NEX-GDDP have shown that 
this procedure preserves relative changes in means and extremes and does not artificially inflate or suppress 
projected trends.

To verify that bias correction does not distort EPF behavior, we compare bias-corrected CMIP6 EPF values 
against observations from the Princeton Global Meteorological Forcing Dataset (GMFD) dataset94,95. GMFD 
is a globally gridded, observation-based meteorological forcing dataset derived from a combination of station 
observations, satellite products, and reanalysis data, providing daily precipitation at 0.25° spatial resolution over 
land areas for the period 1948–2014. The dataset has been widely used for hydrological modeling, land-surface 
simulations, and climate model evaluation, and is commonly treated as a benchmark observational reference 
for global precipitation analyses. Using PGF daily precipitation, we compute EPF over the historical period and 
assess the ability of the NEX-GDDP ensemble to reproduce observed spatial patterns, latitudinal structure, and 
climate-regime variability of EPF.

Methodology
Extreme Precipitation Fraction (EPF)
To characterize the dominance of extreme precipitation events within the annual precipitation regime, we 
compute the Extreme Precipitation Fraction (EPF), following the approach of Papalexiou and Montanari (2019)3 
and similar recent studies9. For each grid cell and year, EPF is defined as:

	
EPFy =

P max
y

P tot
y

� (1)

where P max
y ​ is the maximum daily precipitation in year y, and P tot

y  is the total annual precipitation for that 
year. EPF thus provides a dimensionless measure (between 0 and 1) of the temporal concentration of annual 
precipitation into a single extreme event.

In addition to EPF, we analyze two complementary percentile-based indicators that describe how much of 
the annual precipitation is contributed by very rare but influential events. The first is the Top-1% metric, defined 
as the fraction of total annual precipitation contributed by days exceeding the 99th percentile of the annual 
daily distribution. The second is the Top-5% metric, defined analogously for days exceeding the 95th percentile. 
Together, EPF, Top-1%, and Top-5% characterize different aspects of the tail behaviour of precipitation and 
allow a more comprehensive assessment of changes in extreme precipitation dominance. Accordingly, EPF is 
not interpreted here as a standalone indicator of rainfall concentration, but as a descriptive measure of how 
annual precipitation is partitioned between the single largest daily event and the annual total. Its interpretation 
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is therefore explicitly supported by decomposition into changes in annual maximum precipitation and total 
annual precipitation, as well as by comparison with complementary upper-tail metrics (Top-1% and Top-5%). 
Throughout the analysis, EPF trends are examined jointly with changes in annual maximum precipitation, total 
annual precipitation, and broader upper-tail contributions (Top-1% and Top-5%).

Trend analysis
To assess long-term changes in EPF and its related extreme-precipitation metrics, we applied trend detection 
procedures to three diagnostic indicators derived from CMIP6 simulations: (1) EPF, (2) the contribution of 
precipitation events exceeding the 99th percentile of the annual distribution (Top-1% metric), and (3) the 
contribution of events exceeding the 95th percentile (Top-5% metric). All trend analyses are performed on 
the bias-corrected NEX-GDDP precipitation data described in Sect.   5.2. Trend estimation was performed 
independently for each grid cell, each CMIP6 model, and each emissions scenario.

We conduct a Mann–Kendall trend test96,97 at each grid point to evaluate the statistical significance of 
monotonic trends. The Mann–Kendall test is a non-parametric method widely used for trend detection in 
hydroclimatic time series, as it does not assume normality or linearity and is robust to outliers98.

For grid cells where a statistically significant trend (p < 0.05) is detected, we compute the Sen’s slope estimator99 
to quantify the magnitude of the trend. Sen’s slope calculates the median slope of all pairwise differences in 
values over time:

	
β = median

(
Xj − Xi

j − i

)
, ∀ j > i� (2)

where X  denotes EPF, Top-1%, or Top-5% values.
Trend estimation is performed for all grid cells regardless of statistical significance; significance testing is 

used solely to classify trends as significant or non-significant, not to determine whether slopes are computed.
The Mann–Kendall test was applied using two complementary approaches. First, trend estimation was 

performed independently for each CMIP6 model and each grid cell, enabling quantification of model-specific 
trends and providing the basis for assessing inter-model agreement. Second, for each grid cell we constructed an 
ensemble-mean time series by averaging across models using available (non-missing) values, and we applied the 
MK test to this ensemble-mean series. This ensemble-level trend represents the multi-model forced response. 
Because trend testing is conducted across tens of thousands of spatial grid cells, pointwise p-values may yield 
spurious significance due to multiple testing; therefore, ensemble-mean MK p-values were adjusted using the 
Benjamini–Hochberg False Discovery Rate (FDR) procedure (Wilks, 2006) to account for field significance. 
Robustness classifications were subsequently based jointly on ensemble significance and the fraction of 
models agreeing on trend direction. Only grid cells with an FDR-adjusted p < 0.05 were considered statistically 
significant, and all spatial maps mask non-significant cells accordingly, with the resulting field-significant and 
robust trend patterns summarized in Fig. S6.

Inter-model trend agreement and robustness assessment
To assess the robustness of projected trends, we evaluate inter-model agreement in trend direction using 
the model-specific slopes obtained from the grid-level trend analysis described above. For each grid cell, we 
compute the percentage of CMIP6 models exhibiting (i) positive trends, (ii) negative trends, and (iii) statistically 
significant positive or negative trends.

Building on the ensemble-mean trend and its FDR-adjusted significance, we then classify grid cells following 
IPCC AR6 conventions, integrating statistical significance and model agreement. Each grid cell is categorized as:

•	 Robust increase — ≥60% of models show a positive trend and the ensemble-mean trend is significant after 
FDR correction.

•	 Robust decrease — ≥60% of models show a negative trend and the ensemble-mean trend is FDR-significant.
•	 Low agreement — the ensemble-mean trend is FDR-significant, but inter-model sign agreement is < 60%.
•	 Non-robust — no FDR-significant ensemble-mean trend.

Trend decomposition
To better quantify how the observed EPF trends relate to changes in their constituent quantities, we apply a first-
order logarithmic decomposition of relative changes, which expresses variations in EPF as the sum of relative 
changes in annual maximum daily precipitation and total annual precipitation. This approximation is valid 
for small fractional changes and provides a straightforward accounting of how changes in each component 
contribute to the overall EPF trend.

The decomposition is applied independently at each grid cell and for each emissions scenario and is used solely 
as a descriptive tool to partition the EPF trend into contributions arising from changes in the annual maximum 
and the annual total. No causal interpretation, feedback, or interaction between components is implied. The 
resulting component contributions are interpreted alongside the robustness classifications described above.

Starting from the definition:

	 dlnEPF = dln (Pmax) − dln (Ptot)� (3)

which can be approximated as:
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dEPF
EPF

= dPmax

Pmax
− dPtot

Ptot
� (4)

Discretizing this expression over time leads to a linear decomposition of relative trends:

	
∆ EPF
EPF

≈ ∆ Pmax

Pmax
− ∆ Ptot

Ptot
� (5)

where ∆ Pmax, ∆ Ptot, ∆ EPF represent the Sen’s slope estimates of the respective variables over the analysis 
period. Here, the differential form is used as a first-order logarithmic approximation to finite changes over time. 
In practice, trends are estimated using Sen’s slope, and the decomposition represents an approximate linear 
partitioning of relative changes rather than an exact derivative.

The relative contribution of each component to the overall EPF trend is then computed as:

	
CRmax ≈ ∆ Pmax/Pmax

∆ EPF/EPF
× 100� (6)

	
CRtot ≈ − ∆ Ptot/Ptot

∆ EPF/EPF
× 100� (7)

By construction, the sum of the contributions equals 100%. The sign of each contribution indicates whether that 
component contributes in the same or opposite direction as the observed EPF trend.

Interpretation of EPF trends requires explicit consideration of relative (percentage) changes in its components. 
Because EPF is defined as the ratio of annual maximum daily precipitation to total annual precipitation, an 
increase in EPF does not imply that extremes necessarily intensify or that total precipitation necessarily declines. 
Rather, EPF increases whenever the fractional rate of change in the annual maximum exceeds that of the 
annual total. This includes cases in which both quantities increase (or decrease), provided their relative rates 
differ. Accordingly, EPF trends are interpreted here in terms of proportional changes, not absolute increases or 
decreases, and are analyzed jointly with a formal decomposition into their component contributions.

Data availability
We used the bias-corrected NASA NEX-GDDP-CMIP6 dataset 86 , which provides daily downscaled climate 
projections from 25 global climate models participating in CMIP6. The dataset is publicly available through the 
NASA Center for Climate Simulation (NCCS) at (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​c​s​.​n​​a​s​a​.​g​o​​v​/​s​e​r​​v​i​c​e​s​/​​d​a​t​a​-​c​​o​l​l​e​c​t​​i​o​n​s​/​​l​a​n​d​-​b​​a​
s​e​d​-​p​​r​o​d​u​c​t​​s​/​n​e​x​-​g​d​d​p​-​c​m​i​p​6).
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