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Abstract

Extensive increases in precipitation should have moistened the land surface, yet
persistent soil drying has contradicted this expectation over recent decades. Here, we
reveal that this hydrological paradox—more rainfall but drier soils—has emerged over
two-fifths of global land. In these regions, rising precipitation is accompanied by a shift
from low and moderate to heavy precipitation, channeling more water into rainfall that
is poorly retained by the soil and less able to sustain soil moisture. This drying effect of
increasing unevenness is roughly eleven times stronger than the wetting effect of
increased total precipitation, causing soils to dry despite a wetter climate. Our results
reveal the critical role of precipitation intensity distribution, rather than total amount,

in shaping this hydrological contradiction.
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A widespread drying trend in global surface soil has been observed in recent

6 worsening water crises’*%, and

decades! ™, leading to more frequent mega-heatwaves*
mounting threats to ecological and food security®!°. As the direct input!!, precipitation
has traditionally been regarded as the primary driver of soil moisture variability.
However, despite a clear increase in total precipitation over most land regions under
global warming—consistent with a theoretical rise of about 3% per kelvin'>—soil

moisture has continued to decline. This divergence between precipitation and soil

moisture reveals a potential paradox: more rainfall yet drier soils, as reported in regions

13,14 15,16

such as central North America and Central Asia

Beyond overall increases in precipitation, its temporal variability has risen

markedly!”??

, and recent work reports that this unevenness has a negative impact on
terrestrial water storage?*. Meanwhile, although increased atmospheric evaporative
demand has been proposed as a driver of soil moisture decline®>?, the change in actual
evapotranspiration remains highly uncertain at regional scales®”-?®. As such, a coherent
picture of the extent to which soil aridification is impacted by increased precipitation
amount and increased precipitation unevenness, together with the role of
evapotranspiration, remains unclear.

Here, we investigate the quantitative effects of precipitation amount and
unevenness on soil moisture trends across global land areas during 20002023 using
observation-based datasets. Our results reveal that the widespread intensification of

precipitation unevenness gives rise to paradoxical regions—spanning 42.4% of global

land—by overriding the effect of total precipitation. In particular, increases in heavy
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precipitation are identified as the primary drivers of enhanced precipitation unevenness.
By reducing the effective precipitation stored in the soil and increasing runoff losses,
this more concentrated precipitation distribution holds soil moisture and
evapotranspiration at lower values, reshaping their distributions. Our work addresses
the existing hydrological paradox by highlighting precipitation unevenness, providing
novel insight for future drought prediction and mitigation, and supporting sustainable

water management under climate change.
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Paradox of a wetter climate and drier soils

To ensure a robust assessment, we constructed ensemble means by averaging the
standardized time series from three precipitation datasets and five soil-moisture datasets,
respectively (see Methods). Over the past two decades, 67.8% of the global land surface
has experienced increasing precipitation (P+, Fig. 1a), yet soil moisture has declined
across 74.6% of the surface (SM—, Fig. 1b), with agreement from at least two of the
three precipitation datasets and three of the five soil-moisture datasets, respectively.
This divergence gives rise to a paradoxical hydrological regime (P+SM-), covering
42.4% of ice-free land and largely overlapping with drylands (deep orange in Fig. 1d).
The P+SM-— regime occurs with high probability across these regions in all 15
precipitation—soil moisture dataset combinations (Supplementary Fig. 2), confirming
that this widespread pattern is robust to dataset selection. Moreover, a similar
inconsistency exists between spatial trends in water availability (precipitation minus
evapotranspiration) and soil moisture (Supplementary Fig. 3), although earlier studies
have emphasized the drying effect of increased evapotranspiration®. These results
indicate that changes in total precipitation and evapotranspiration cannot fully explain

the observed soil drying.
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Fig. 1 | Trends in terrestrial precipitation, surface soil moisture, and their joint
distribution over 2000-2023.

a, Trends in the standardized ensemble mean of annual total precipitation (P) from CPC,
MSWEP and CHIRPS (see Methods). The boundaries correspond to the IPCC AR6 reference
regions®! (Supplementary Fig. 1), and the shading represents latitude-weighted averages
calculated over the terrestrial areas within each region. Black dots indicate regions with cross-
product agreement, where trends in at least two of the three precipitation products have the
same sign as the ensemble trend. The same convention applies hereafter. b, Similar to panel a,
but for annual mean surface soil moisture (SM) from GLEAM4, ERAS, ERA5-Land, ESA CCI
and GLDAS-Noah. Black dots require agreement from at least three products. ¢, Relationship
between annual total precipitation and precipitation unevenness (STD, defined as the standard
deviation of within-year daily precipitation and derived from the same three precipitation
products) across land. Color indicates mean soil moisture. d, Spatial distribution of three
hydrological regimes, defined by the signs of the ensemble trends in precipitation and soil
moisture (P+/P— and SM+/SM-). No region exhibits the P-SM+ regime. White crosses
highlight regions with concurrent increases in precipitation unevenness. Only regions showing
cross-product agreement in both P and SM are colored, while others are shown in gray.

Therefore, we propose that intensified unevenness in the temporal distribution of
precipitation is probably the main driver of this mismatch. This unevenness is
quantified by the standard deviation of precipitation, with higher values indicating
greater temporal concentration—more rainfall occurring on fewer wet days rather than

being evenly distributed. Between 2000 and 2023, all paradoxical regions have
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experienced increases in precipitation unevenness (white crosses in Fig. 1d,
Supplementary Fig. 4). The effect of precipitation unevenness on soil moisture is
opposite to that of total precipitation: higher unevenness leads to drying, whereas
increased precipitation promotes wetting (Fig. 1c). For instance, under similar total
precipitation, soil moisture can fall from 0.3 to 0.1 m® m™ as the precipitation
unevenness rises from about 1 to 10 mm. In clay soils, such a drop would cross from

t2939, shifting the soil from a

near field capacity to below the permanent wilting poin
plant-available state into severe water stress. This sensitivity is further quantified along
the precipitation gradient, where a 1 mm increase in unevenness corresponds to a soil
moisture decline of ~0.008, ~0.006, and ~0.003 m* m™ at annual precipitation of 400,
800, and 1200 mm, respectively, with drier regions being disproportionately vulnerable
to shifts in precipitation distribution.
Quantification of precipitation unevenness in soil drying

We quantify the relative contributions of precipitation amount and unevenness to
soil moisture using a random forest model based on the ensemble means of all variables
(see Methods, Supplementary Figs. 5-7). In most of paradoxical regions (P+SM—,
second quadrant in Fig. 2a), unevenness emerges as the dominant contributor, where its
negative contribution reaches nearly 11.4 times the positive contribution from
precipitation amount (Fig. 2¢). As a result, these regions continue to dry despite
increasing precipitation. Other regimes exhibit either synchronous drying (P—SM—;

26.8%, primarily distributed in the Americas and Australia) or synchronous wetting

(P+SM+; 24.4%, largely concentrated in monsoon-influenced regions), where
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precipitation is the dominant control on soil moisture but the negative contribution from
precipitation unevenness still exists. In the synchronous-drying regime, both declining
precipitation amount and increasing unevenness impose negative impacts on soil
moisture, with intensified precipitation variability amplifying the precipitation-driven
deficit by roughly 31.0% (Fig. 2d). The drying effect of precipitation unevenness
persists even where soils are net wetting. In the synchronous-wetting regime (Fig. 2b),
rising precipitation amount drives a strong positive soil moisture trend, yet intensifying
unevenness offsets roughly 44% of this gain. The observed wetting is therefore
markedly weaker than the precipitation increase alone would cause.

These results highlight that shifts in precipitation variability, rather than changes in
total precipitation or evapotranspiration, are central to soil moisture trends. Where
precipitation has already declined, an increase in its temporal concentration can amplify
soil drying. Where precipitation is increasing, the same shift can dampen the resulting
wetting, or even reverse it into net drying, thereby explaining the paradoxical drying

under wetter conditions.
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Fig. 2 | Precipitation unevenness drives soil moisture deficits across different regimes.

a, Relationship between annual trends in soil moisture (SM) and precipitation amount (P) for
all land regions with cross-product agreements. Point colors indicate the dominant driver of the
SM trend (defined as STD-dominated when |[STD contribution| > |P contribution|; otherwise, P-
dominated). Zero lines divide the four hydrological regimes defined by the signs of P and SM
trends. b, ¢, d, SHAP (Shapley Additive Explanations; see Methods) decomposition of the SM
trend for the consistent wetting regime (P+SM+), the paradoxical regime (P+SM—) and the
consistent drying regime (P—SM—). Bars show the mean contributions of total precipitation
(blue), precipitation unevenness (orange), and the unattributed component (UA, grey). Error
bars indicate the standard deviation, and grey lines mark the mean observed SM trend for the
regime. The x-axis lists contributing factors.

Redistribution of hydrological states

By partitioning precipitation into different intensity classes, we quantify how much

each class contributes to the increased unevenness. We find that the increase of
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unevenness comes predominantly from heavy-rainfall events in the tail of the
distribution (here defined as the 65th—100th percentile) rather than from ordinary rain
days within the paradoxical regime (Fig. 3a, see Methods). The most extreme 1%
(99th—100th) accounts for 63.89% of the total, and the heavy class as a whole
contributes 89.92%, indicating that the increase in the heavy precipitation is the main

driver of the increased precipitation unevenness in the paradoxical regime.

To understand how this heavy-rainfall-driven unevenness affects soil moisture,
Figure 3b further shows the shift in precipitation distribution within the paradoxical
regime. Precipitation distribution is becoming more polarized, as reflected in changes
in both annual frequencies and total amounts across intensity classes. Dry days are
increasing by 4.12 days per decade, while the heavy class is rising by 1.35 days per
decade. In contrast, low- to moderate-intensity days (0—65th) decline markedly, with
the weakest class (0-35th) showing the largest decrease at 4.49 days per decade.
Although the increase in heavy-rainfall frequency is relatively small, the annual
precipitation amount contributed by this class increases by a substantial 29.86 mm yr!
decade™!, exceeding the net increase in total annual precipitation (28.42 mm yr!

decade™).

Increased high-intensity rainfall may not effectively moisten the soil. Instead, it
can be lost as surface runoff or rapid drainage owing to the soil's limited water storage
capacity. Therefore, we examine whether heavy rainfall can exceed the threshold for
soil moisture saturation (here defined as soil water content at or above the 99th

percentile of each site's climatology), finding that on 73.5% of soil-saturation days,
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precipitation intensity exceeds the 65th percentile of its climatology (Fig. 3c, see
Methods). This indicates that rainfall events above this intensity often deliver more
water than is needed to saturate the soil. In other words, intensified heavy precipitation
(65th—100th percentile) tends to be wasted as ineffective precipitation once the soil

becomes saturated.

Most paradoxical regions show soil-saturating precipitation (Psa, the heavy class
defined above) increasing faster than total precipitation (i.e. the ratio of the Py trend to
the precipitation trend exceeds 1.0), indicating that a larger share of the increased
rainfall is delivered in runoft-prone heavy events (Fig. 3d). We further examine the
relationship between this ratio and annual mean soil moisture, finding that a higher ratio
corresponds to stronger drying: mean soil moisture declines by about 1.73x10* m* m™
per decade for every 0.1 increase in the ratio. In certain regions, owing to differences
in climatic background, the 65th-percentile threshold does not necessarily correspond
to soil moisture saturation, which may explain why the ratio falls below 1.0 there.

Nevertheless, the results remain consistent when different P, thresholds are used.

On the other hand, a disproportionate increase in heavy rainfall (ratio > 1) also
means fewer low- to moderate-intensity precipitation days and longer rain-free spells,
which reduce the replenishment of soil water and thus drive overall soil drying. For the
dry extreme, a 0.1 rise in the ratio corresponds to roughly 0.47 more days per decade

during which soil moisture remains below its 20th percentile (Supplementary Fig. 8).
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Fig. 3 | Hydrologic redistribution in the paradoxical P+-SM— regime.

a, Regional decomposition of trends in daily precipitation variance (squared precipitation
unevenness, see Methods) in the 17 P+-SM— regions. Colors indicate contributions of dry days
and five wet-day intensity categories. The rightmost bar shows the regime mean. b, Solid bars
show decadal trends in annual number of days in each category (left axis), and hatched bars
show decadal trends in annual precipitation amount contributed by each wet-day category (right
axis). ¢, Distribution of wet-day precipitation percentiles on soil-saturation days at global
FLUXNET sites, shown as a half-violin and box plot. d, Relationship between
Trend(Ps.)/Trend(P) and the annual mean soil moisture trend across the P+-SM— regions. P
denotes soil-saturating precipitation (65th—100th wet-day percentiles), and P denotes total
precipitation. The solid line shows the linear fit. e, Decadal trends in annual number of days in
each soil moisture category in the P+SM— regions. f, As in e, but for evapotranspiration
categories. Analyses cover 2000-2023. Bars in a, b, and e show means across datasets; error
bars indicate +1 standard deviation across datasets. Asterisks denote ordinary least-squares
trend significance: *p < 0.05, **p <0.01, ***p < 0.001.

Overall, the unevenness of precipitation, manifested as a polarization of the
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distribution, has reshaped the soil-moisture distribution in the paradoxical regime. As
rainless days grow more frequent and rainfall shifts further toward heavy events, the
soil spends markedly more time in extremely dry states, while the time in the wet states
is correspondingly shortened (Fig. 3e). As a result, the annual mean soil moisture
declines even though total precipitation increases. This decline propagates to
evapotranspiration, with low-evapotranspiration states becoming more common and
high-evapotranspiration states rarer (Fig. 3f). Correspondingly, the annual total
evapotranspiration decreases (—3.00 mm decade™) over the paradoxical regime,

indicating that it is not the actual driver of the soil moisture decline.

These findings reveal the key role of enhanced precipitation unevenness in driving
soil drying. Nevertheless, in real-world observations, other processes, such as increased
evaporative demand driven by global warming, also contribute to soil drying. To test
whether these observed changes can be produced by precipitation unevenness alone,
we design an idealized single-layer bucket-model experiment with the Even and Uneven
rainfall scenarios (Fig. 4, see Methods). Both scenarios use the same 900 mm total and
differ only in how rainfall is distributed over time, with precipitation unevenness of
10.0 mm and 16.0 mm in the Even and Uneven scenarios respectively. Rainfall is
apportioned into many light spells in the Even scenario (Fig. 4a), while in the Uneven
scenario, it falls in a few intense bursts (Fig. 4b). Relative to the Even scenario, runoff
in the Uneven scenario increases roughly fourfold (from 121.38 to 489.33 mm; Fig. 4c¢),
while the effective precipitation retained in the soil decreases by about 47% (from

778.62 to 410.67 mm). As a result, soil moisture in the Uneven scenario decreases by
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about 41% relative to the Even scenario (from 29.7% to 17.6%, Fig. 4a, b). Meanwhile,
consistent with the observations, the soil moisture distribution shifts toward longer dry
periods and shorter wet periods (Fig. 4d), with more low-evapotranspiration days (Fig.
4e). These results are consistent with 300 parameter perturbations (Fig. 4f-h),
indicating that concentration of the temporal structure of precipitation alone is sufficient
to reduce effective precipitation through runoff losses and to reshape the soil moisture
and evapotranspiration distributions.
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Fig. 4 | Effects of precipitation unevenness in an idealized bucket model.

Precipitation (P) partitioning, soil moisture (SM), and evapotranspiration (£) are compared
between the Even and Uneven scenarios, which differ only in precipitation unevenness (see
Methods). a, b, Daily time series of P, SM, and E in the Even (a) and Uneven (b) scenarios.
Precipitation is separated into effective (blue bars) and ineffective (runoff, grey bars)
components. The orange line and shading show SM, and the grey line shows E. ¢, Total effective
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and total ineffective precipitation in each scenario. d, e, Bars show Uneven — Even differences
in the number of days within SM (d) and E (e) quintile bins. Bins are defined using the
corresponding Even-scenario distribution; positive values indicate more days in the Uneven
scenario. f-h, Robustness of Uneven — Even to parameter perturbations in a 300-member
ensemble. Points and bars show medians and whiskers span the 5th to 95th percentiles. f,
Differences in total runoff, effective precipitation, and evapotranspiration (mm), together with
mean SM (percentage points) and days in the lowest SM quintile. g, h, Differences in the
number of days within SM (g) and E (h) quintile bins.

Discussion

This study reveals the key role of enhanced precipitation unevenness in shaping
the paradox of rising precipitation yet declining soil moisture. Across the paradoxical
regions that cover about 42.4% of the global land area, the soil moisture decline driven
by enhanced precipitation unevenness is about eleven times as large as the wetting
effect of increased total precipitation, producing a pronounced overall drying of soil
moisture. This enhanced unevenness stems mainly from the growing share of heavy
precipitation. By lowering the rainfall-to-soil-moisture conversion efficiency and
increasing the number of dry days, it holds soil moisture in dry states for longer and
reshapes the distribution of soil moisture. Our idealized model experiment further
confirms that precipitation unevenness alone can drive these changes in the soil
moisture distribution.

Notably, by redistributing rainfall from moderate, infiltration-effective events
toward runoff-prone heavy episodes®?, intensified unevenness not only suppresses

recovery from droughts but simultaneously heightens the risk of floods. This echoes the

33,34 35,36

frequent compound extremes”>”* and “weather whiplash” events®>*° observed in recent
years, highlighting the dual burdens and high vulnerability faced by ecosystems and

human societies. For example, in 2022, Southwest China experienced severe extreme
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rainfall following prolonged precipitation deficits**. The combination of soil droughts,
heatwaves, and floods caused local ecosystem disruption and temporary energy
shortages, with aggregate consequences substantially exceeding those of individual
extreme events. More concerningly, this hydrological paradox may extend beyond the
past two decades, becoming the new norm for terrestrial hydrology under future climate
scenarios. As warming continues, total precipitation will keep increasing, while
extreme precipitation is projected to increase even more strongly’’>° likely
exacerbating precipitation unevenness and the associated soil drying. The mismatch
between precipitation input and soil water storage may therefore continue to widen,
exposing traditionally secure regions to unprecedented water stress.

In this wetter yet drier world, the increase in annual precipitation totals may no
longer be a favorable signal for areas with a more uneven precipitation distribution.
Therefore, intensifying precipitation unevenness should be considered a key indicator
for projecting climate extremes, complementing traditional reliance on total rainfall. As
extreme events sharply rise, conventional climate indices based on precipitation
amounts—such as the Képpen climate classification*’ and Aridity Index*'—may fail to
accurately represent local climate realities. Many humid regions (e.g., the
Mediterranean and central North America) are experiencing unprecedented droughts,

heatwaves, floods, and even ecosystem collapse**™

, breaking the traditional
boundaries between dry and humid climates. Consequently, we advocate for the

integration of unevenness metrics into climate monitoring frameworks. Systematically

tracking hydrological variability with these tools can enable more timely adaptation



289  strategies and bolster resilience against climate change.
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Methods
Data

The primary datasets used in this study include precipitation data from CPC (0.5°
x 0.5°)*, CHIRPS (0.05° x 0.05°)*”*% and MSWEP (0.1° x 0.1°)*° (see Supplementary
Table 1), and surface soil moisture data from ERAS (0.25° x 0.25°)°°, ERAS5-Land (0.1°
x 0.1°)>!, ESA CCI (0.25° x 0.25°)*2, GLDAS-Noah (1° x 1°)*, and GLEAM4 (0.1° x
0.1°)>* (see Supplementary Table 2). Evapotranspiration data are obtained from ERAS
(0.25° x 0.25°). These datasets have been widely used and evaluated® %, The analysis
focuses on the period 2000-2023 and on the land areas between 60°S and 85°N,

excluding Greenland, Iceland and major inland water bodies.

We construct ensemble means of precipitation, soil moisture, and precipitation
unevenness using the products described above. For each product, annual values are
first calculated at the grid-cell level and then averaged within each AR6 land region
using area weights. To place the products on a common scale, the regional annual values
for each product are standardized and then averaged with equal weights across all
available products to construct the ensemble. Because CHIRPS v3 is limited to 60°S—
60°N, the precipitation and precipitation unevenness ensembles for the Russian Arctic
(RAR) include only CPC and MSWEP. For calculations using individual datasets, soil

moisture units are unified as m* m= (volumetric water content).

Temporal unevenness of precipitation and intensity-based decomposition

At grid cell g in year y, annual precipitation unevenness is quantified using the
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standard deviation of daily precipitation. This index, denoted by STD, is defined as:

1 n
STD,y = |VAR,, = \/ﬁz (pa — P)? )
a=1

where VAR is precipitation variance, n is the number of days in year y, pq is the

precipitation amount on day &, and p is the mean daily precipitation amount in year y.
Because all days of the year are considered, dry days (p,=0) also contribute to
precipitation unevenness.

For each ARG region r, the regional unevenness S7D;,, is defined as the square root
of the area-weighted mean of VAR over valid land grid cells within the region. Due to
the decomposability of VAR, we partition the daily precipitation intensity into different
categories C;...Cs: dry days and five wet-day (ps > 0) intensity classes, with the wet
days further stratified by their climatological percentile over 2000—2023 into Oth—35th,

35th—65th, 65th—95th, 95th—99th, and 99th—100th bins. This gives the decomposition:

6 1
STD? = VAR = Z VAR, VAR;, = — Z (pq — P)? (2)
=1 =

Further, for a time series x, we denote its ordinary least squares trend (OLS) as T(x).

Since OLS trend estimation is linear, this gives:

T(STD?) = T(VAR) = 26_ T(VARc,) 3

Thus the contributions of different intensity categories to the overall trend in

unevenness can be quantified.
Random forest

To examine how precipitation characteristics influence SM, we construct a year x

region panel covering all 43 land regions globally over 24 years. SM is the response
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variable, and the two predictors are annual total precipitation P and annual precipitation
unevenness STD. All variables use the standardized multi-product ensemble means
described above.

For each region we remove the climatological mean of every variable. A Random
Forest model® is then trained to predict the regional soil moisture anomaly SM~ from
the regional anomalies of precipitation amount and unevenness, P’ and STD’. Adding
the predicted anomaly SM' back to the regional mean yields the predicted soil
moisture SM . This design absorbs persistent regional differences such as
climatological soil moisture, vegetation, soil properties, and other slowly varying
geographic controls. Observed and predicted SM time series agree closely
(Supplementary Figs. 5-7), showing that the model robustly reproduces interannual soil
moisture variability.

To interpret the model, we apply the tree-based Shapley additive explanations
method (TreeSHAP®®) with path-dependent feature perturbation, which splits the
prediction for each sample into additive contributions. Let S/M\'l denote the prediction
for sample i. The decomposition gives:

SM', = o + dip + Pisro (4)

where ¢, is the model baseline, equal to SM’, and is constant across all samples.
Because anomalies are used in this model, ¢, equals zero. The SHAP values ¢; p and
¢; stp quantify the signed additive contributions of P and STD for sample i. All terms
have the same standardized units as soil moisture anomalies. The decomposition is

additive, supporting summary analyses across time, regions, or both, and can isolate the
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independent effects of interannual variability in P and STD on SM.
We decompose the predicted soil moisture SM trends for each region into:
T(SM) = T(SM') = T(¢p) + T (dsrp) (5)
where T(¢p) and T(¢srp) are the contributions of total precipitation and
precipitation unevenness, respectively.
We define the unattributed (UA) trend as the portion of the observed soil moisture
trend not explained by total precipitation or unevenness:
UA=T(M) —T(¢dp) — T(dbsrp) (6)
The UA component includes residual model-observation mismatches. This
decomposition allows clear quantification of the respective contributions of

precipitation amount and unevenness to observed soil moisture trends.
Soil-saturating precipitation

To evaluate the rainfall intensity linked to soil moisture saturation, we use daily
precipitation and shallow soil water content data (SWC_F _MDS 1, ~5 cm depth) from
FLUXNET®!. We set the soil saturation threshold as the 99th percentile of the site’s
historical values (2000-2023). A soil saturation day is defined as a day when the soil
moisture goes from being below the 99th percentile on the previous day to being at or
above the 99th percentile on the current day. In total, 5365 soil-saturation days across
551 sites are identified (Supplementary Fig. 9). On 3945 soil-saturation days (73.5% of
all), precipitation intensity exceeded the 65th percentile. Hence we define precipitation

in the 65th—100th percentile range as soil-saturating precipitation.
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Idealized bucket model

We use an idealized single-layer bucket model to isolate the effect of precipitation
unevenness on soil moisture under fixed total precipitation and evaporative demand.

Single-layer bucket models are widely used to simulate the land surface water balance

62,63 64,65

and generally show good agreement with observations

The model is updated at a daily time step. P; denotes precipitation on day ¢, S
denotes end-of-day water storage, So denotes initial storage, and Smax denotes the
maximum storage capacity. In this model, Sy and Su. are set to 30 and 40 mm,
respectively. Soil moisture SM, is calculated as S/Snax and expressed as a percentage.
Although the model does not include vegetation, evaporative water loss is referred to
as actual evapotranspiration E; for consistency with the terminology used throughout
the study. On each day, precipitation first replenishes soil-water storage. Precipitation
is retained as effective precipitation until storage reaches Sma, Whereas any excess
becomes runoff, here termed ineffective precipitation. Water then leaves the bucket
through actual evapotranspiration E;. E; equals the prescribed evaporative demand when
soil-water storage exceeds the critical threshold S”, set to 60% of Spay, but is limited by
available soil water when storage is below this threshold. After evapotranspiration, the

remaining water is recorded as the end-of-day storage S..

We compare two prescribed scenarios, Even and Uneven, over 200-day runs. Both
scenarios have a total precipitation of 900.0 mm and the same constant evaporative

demand of 7.0 mm day', but differ only in precipitation unevenness. The standard
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deviation of daily precipitation is 10.0 mm in the Even scenario and 16.0 mm in the

Uneven scenario.

To assess robustness, we run a 300-member perturbation ensemble while keeping
total precipitation fixed at 900.0 mm. We perturb evaporative demand, maximum
storage capacity Smax, initial storage Sy, critical threshold S*, and the timing and
amounts of individual precipitation events. The ensemble results are shown in Fig. 4f—

h.
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