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Most of the world’s streams remain ungauged—a longstanding hydrologic
challenge. Here we develop aglobally scalable, seasonally resolved
framework that classifies catchments according to the complexity of how

rainfallis converted into runoff across events, yielding three functional
types: simple, intermediate and complex. Applied to over 80,000 gauged
and ungauged catchments, it reveals that functional complexity is the global
norm: catchments draining 87% of the evaluated ungauged land area are
classified as complex in the dormant season, with the number of complex
catchmentsincreasing by 63% in the growing season. Africaand much of

Asia (exceptJapan) remain predominantly complex year round, Europe
reaches 94% complex in the growing season, the US Pacific Northwest and
Canada’s British Columbia retain simple clusters, and southeastern South
Americaand southeastern Australia show notable transitions from complex
tointermediate, demonstrating that catchment functional type is not fixed.
Greater urban and agricultural land cover, together with less persistent
rainfall, are associated with greater functional complexity. These findings
provide ablueprint for prioritizing streamflow gauging in under-represented
complex catchments and for guiding model structural selection,
transferability and predictionin ungauged catchments, ensuring that models
are neither simpler than necessary nor more complex than required.

Rainfall-to-runoff transformation is at the heart of today’s
water-security challenges, fromriverine floods and infrastructure fail-
ure to contaminant pulses that jeopardize drinking water and aquatic
ecosystems' . A streamflow hydrograph is best viewed as a sequence
of distinct runoff pulses separated by smoother baseflow’. These short,
event-scale pulses most directly capture the dynamic nature of hydro-
logic responsein rain-dominated catchments and are often composed
of amix of overland flow, subsurface stormflow and groundwater con-
tributions across many landscape types®®. They encode information
on how rainfall characteristics interact with antecedent wetness, veg-
etation and catchment physical controls to shape landscape-stream

hydrologic connectivity and runoff production®**. The timing and
magnitude of these pulses, governed by the rainfall-runoff relation-
ship, determine the severity and onset of floods''¢, the mobilization
of weathering-derived and biogeogenic solutes, contaminants, and
sediments into stream networks ", and the timing and magnitude
of groundwater recharge” . Yet despite their centralimportance, the
functional mapping from rainfall to runoff—and how it varies across
catchments and over time—remains poorly characterized across much
of the globe™*%,

Recent syntheses have advanced understanding by demonstrating
rainfall-runofflinkages in a few hundred gauged catchments” . Yet
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the greatest challenge lies in ungauged catchments. Gauged catch-
ments represent only a small fraction of global streams and rivers®,
meaning that most of the world’s flowing waters remain unmeasured®.
This data scarcity perpetuates the ‘ungauged catchment problem’ as
one of hydrology’s grand challenges*?***: the need to forecast floods,
protect water quality and plan resilient supplies is often most urgent
precisely where hydrometric observations are absent. Identifying
the rainfall-runoff functional relationship in ungauged catchments
is therefore critical for developing models that anticipate floods®,
track contaminant mobilization?, safeguard ecosystems’® and guide
climate-robust management®. It is also critical for advancing hydro-
logic theory®*** and designing effective monitoring networks*%*.,

Across disciplines, classification provides a powerful frame-
work to synthesize diverse knowledge, reveal hidden patterns and
generalize beyond individual case studies*”. Though early discus-
sions in the hydrologic sciences called for functional classification
of rainfall-runoff transformation*"*, progress has been limited,
particularly when applied to ungauged catchments. Such functional
classification, ifit could be done, could inform every stage of analysis
inungauged catchments: guiding model structure, supporting region-
alization, optimizing observation network design and strengthening
theoretical foundations.

Here, we develop aglobally scalable functional classification that
categorizes (un)gauged rain-dominated catchments along agradient
of rainfall-runoff response complexity into three functional types
(simple, intermediate and complex), evaluated separately for dor-
mant and growing seasons. The seasonal separation is motivated by
experimental evidence that rainfall-runoff relationships can differ
substantially between dormant and growing periods owing to changes
in antecedent moisture, evapotranspiration demand and vegetation
activity***. Building on a new pilot method developed by Sharif and
Ameli*’, we first apply the classification to rain-dominated gauged
catchmentsacross 62 countries, which are not regulated by large dams
(see the Methods for details of study catchments). Catchment areas
range from 0.25 km”t0 232,850 km? (median 299 km?), and the major-
ity of catchments have at least 30 years of daily rainfalland streamflow
records (with minimal missing data), typically spanning 1979-2020.
We extract rainfall-runoff events from the daily time series (Methods),
yielding 2,030,569 events across seasons.

For each catchment and season, we quantify the rainfall-runoff
relationship by regressing total event rainfall volume against run-
off volume, where strong linear fits indicate simple behaviour, and
strong segmented-linear fits capture a threshold-like pattern in the
rainfall-runoffrelationship (Methods). Following Sharif and Ameli*°,
functional classes are assigned to each catchment separately for dor-
mant and growing seasons using goodness-of-fit (R?) criteria: ‘simple’
where rainfall volume linearly explains more than 75% of the variance
of runoff volume, ‘intermediate’ where either the linear fit explains
50-75% of variance or the segmented-linear fit explains more than
75%, and ‘complex’ where neither fit explains more than 50% (linear)
or 75% (segmented-linear) of variance. Extended Data Fig. 1 shows
examples of these three functional classes. The conceptual under-
pinning of these R? thresholds is grounded in Dooge’s*® theory of
catchment functional behaviour, which posits that any catchment’s
rainfall-runoffresponse reflects two competing signals: arepeatable
(deterministic) component that produces consistent responses to
similar rainfallinputs, and a variable (stochastic) component arising
from changing antecedent conditions and storm characteristics.
The R? of the linear model measures the balance between these two
components—high R?indicates that the repeatable signal dominates
(simple behaviour), while low R? indicates that event-to-event vari-
ability overwhelms the repeatable signal (complex behaviour) (see the
Methods for more detail). A jackknife resampling analysis confirms
that the classification of gauged catchmentsis robust to subsampling,
demonstrating that the assigned labels are not driven by outliers

and are not overly sensitive to the selected R* thresholds (Methods;
Supplementary Table 4).

Next, we extend the classification to 77,585 ungauged rain-
dominated catchments, spanning 97 countries (Methods). Indoing so,
two season-specific XGBoost machine learning classifiers are trained
and tested on the gauged catchments, using their known functional
labels as targets. Predictor variables include climatic metrics (aridity
index (Al), seasonality index, rainfall persistence indices and effective
precipitation (P-AET)), topographicindices (slope, elevation patterns
and geomorphic form/shape factors), geologic attributes (lithol-
ogy type and depth to bedrock) and land cover fractions (cropland,
urban, forest and bare earth) (Methods; Supplementary Table 1 and
Supplementary Figs. 2-9). Complementary analysis confirms that
gauged and ungauged catchments occupy the same densely sam-
pled region of predictor space, and that the XGBoost model pre-
dominantly interpolates within its training domain when applied
to ungauged catchments (Methods; Supplementary Text 6 and
Supplementary Fig. 14).

XGBoost model performance is assessed using k-fold cross-
validation, with precision and specificity metrics measuring the recov-
eryofthe three functional classes (Methods). Two season-specific mod-
els reproduce each catchment’s true class with acceptable precision
and specificity across seasons, continents and test catchments held
out during model training (Methods; Supplementary Tables 2 and 5).
Following validation, each season’s model is applied to the ungauged
catchments: for each catchment, we compute the predictor variables
described above usingitsboundary polygon and predict its functional
class using the trained and validated XGBoost model. This exercise
provides a proof of concept: given only aboundary polygon, users can
infer whether their catchment behaves as (non)complex in dormant
and growing seasons, without requiring local streamflow data.

Prevalence of functional complexity across
gauged and ungauged catchments globally

Our results show that across gauged catchments, 62% are complex
in the dormant season and 75% in the growing season; intermedi-
ate catchments account for 34% (dormant) and 23.5% (growing);
and simple catchments for just 4% and 1.5%, respectively (Fig. 1 and
Extended DataFig.2).In North America (dormant), simple catchments
cluster in the Pacific Northwest and western Canada, intermediate
behaviour dominates the eastern USA and complex systems span the
central USA (Fig. 1d). In Europe (dormant), simplicity is largely con-
fined to western and northern UK, intermediate behaviour appears
inlreland, as well as western Germany, and complexity is widespread
across France, and central and eastern Germany and Denmark, and
southeastern UK (Fig. 1c). Outside the Northern Hemisphere (dor-
mant), Africa, Latin America and the Caribbean and southern Asia
are predominantly complex, with small pockets of intermediate or
simple systems (for example, in Tasmania, New Zealand, southern
South Africaand southeastern South America) (Fig. 1). These patterns
persist into the growing season but shift towards greater complexity
(Extended Data Fig. 2): many intermediate catchments transition to
complex—402in Europe and 314 in the USA (Extended Data Fig. 3).
Conversely, while complexity remains the dominant mode, portions
ofLatin America and the Caribbean (143 catchments) and Oceania (66
catchments) shift from complex tointermediate (Extended DataFig. 3).
Our first key finding, therefore, is that complex runoff generation is
the global norm for gauged rain-dominated catchments, with limited
regions exhibiting persistently simple behaviour and some clear sea-
sonal (dormant-to-growing) modulation in transition zones.

Our second key finding is the overwhelming dominance of func-
tional complexity in ungauged catchments. In the dormant season,
streams draining 87% of the evaluated ungauged land area (121 mil-
lion km? out of 139 million km?) are classified as complex, with only
11.5% intermediate and 1.5% simple (Fig. 2). During the growing season,
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Fig. 1| Functional complexity prevails in gauged catchments during the
dormantseason. a, The global distribution of simple (blue), intermediate
(green) and complex (red) behavioural classes among gauged catchments.

b-e, Continental insets of functional classes covering Latin America and the
Caribbean (b), Europe (c), North America (d) and Oceania (e). North America:
simple catchments concentrate in the Pacific Northwest and western Canada,
intermediate catchments in the eastern USA and complex catchments across
the central USA. Europe: simple behaviour is limited to the western and northern

UK, intermediate behaviour dominates Ireland and western Germany, and
complexity is widespread across France, central and eastern Germany and
Denmark, and the southeastern UK. Southern Hemisphere: complex catchments
dominate, with pockets of intermediate or simple systems in Tasmania, New
Zealand and southeastern South America. Credit: basemaps, Esri, TomTom,
Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors and the GIS User
Community.

complexity intensifies: at the global scale, the number of catchments
labelled as complexincreases by 63%, while the number of catchments
labelled as simple decreases by 73% (Fig. 3 and Extended Data Fig. 4).
Spatial patterns largely mirror those observed in gauged systems. For
example, in North America, the Pacific Northwest and western Brit-
ish Columbia (Canada) contain the highest concentration of simple

catchments during the dormant season (Fig. 2b). Yet even here, inter-
mediate catchments expand and new complex catchments appear
acrossthe states of Washington and Oregon during the growing season
(Extended Data Fig. 4b). The eastern USA is predominantly interme-
diate in the dormant season (Fig. 2a), where 940 catchments tran-
sition to complex behaviour during the growing season (Fig. 3 and
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Fig.2| Complex catchments drain 121 million km?ofungauged rain-
dominated land globally in the dormant season. a, A global map of simple
(blue), intermediate (green) and complex (red) classifications for 77,585
ungauged rain-dominated catchments across 97 countries; the legends report
the count and total drainage area by class within each region. Globally, complex
catchments drain 121 million km? (87%), intermediate 16 million km? (11.5%) and
simple 2 million km? (1.5%) of the 139 million km?of ungauged land evaluated in
this study. Africa and southern Asia are predominantly complex, while in Japan
intermediate behaviour dominates. b, The US Pacific Northwest and British
Columbiainset highlights a broad band of simple catchments along the steep,
humid Coast Mountains. ¢, In Europe, complex catchments prevail in France,

Spain, Belgium, eastern Denmark, eastern Germany, and much of Eastern
Europe, intermediate catchments cluster in Ireland, northern and western UK,
northeastern France, and the western portions of Denmark, Germany, and
Italy, and simple catchments are confined to parts of northernand western

UK andIreland, and to select areas of northern Spain. d,e, Latin Americaand
the Caribbean (d) and Oceania (e) are dominated by complex catchments,
withintermediate patchesin southeastern South Americaandin easternand
southeastern Australia. Aninteractive version of this global map is available via
https://h-sharif.github.io/stormflow-behavior/. Credit: basemaps, Esri, TomTom,
Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors and the GIS User
Community.

Extended DataFig.4a). The central USA remains functionally complex
inboth seasons (-1,013 complex catchments) (Fig. 3).

In Europe, 74% of ungauged catchments (4,320) are already
complex in the dormant season, especially across most of France,
Belgium, Spain, and eastern Germany and Denmark. Intermediate

behaviour (22.5%) is concentrated inIreland, the northernand western
UK, northeastern France and the western portions of Denmark, Ger-
many and Italy. Simple catchments (3.5%) appear mostly in northern
Spainandin parts of Ireland and the northern and western UK (Fig. 2c).
By the growing season, Europe becomes overwhelmingly complex
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Fig. 3 | Increased functional complexity from dormant to growing seasons

is the prevailing global trend in ungauged catchments, though functional
simplification emergesinsome regions. The bars show the transition of
ungauged catchments between functional classes from dormant (left letter
onthexaxis label) to growing (right letter) seasons, with classes denoted as S
(simple), I (intermediate) and C (complex). Numbers above each bar give the
count of catchments following each transition pathway, and bar heights show
their percentage within each region. Globally, from dormant to growing season,
simple catchments decline by 73%, intermediate catchments increase by 55%
and complex catchments increase by 63% (from 15,277 to 24,968). The dominant

global pattern s the intermediate-to-complex transition (I-C), from dormant

to growing season, most pronounced in Europe (1,175 catchments) and the

USA (940). Conversely, Latin America and the Caribbean (862 catchments) and
Oceania (630) show an opposite trend, with catchments shifting from complex
tointermediate (C-1). Across all continents, the majority of catchments classified
as complexinthe dormant season remain complex in the growing season (C-C),
underscoring the prevalence and persistence of functional complexity globally.
BC denotes the Canadian province of British Columbia; the Salish Sea region
includes transboundary catchments spanning the western USA and Canada.

(Extended DataFig.4), with 94% of catchmentsin the complex class and
1,175 catchments shifting from intermediate to complex (Fig. 3), across
parts of northeastern France, western Germany, Denmark and Italy.

Africa and southern Asia are dominantly complex, and
Japan is dominantly intermediate, in both seasons (Fig. 2 and
Extended Data Fig. 4). Latin America and Oceania display more bal-
anced distributions of intermediate and complex behaviour, despite
the relative dominance of complexity. Importantly, in these regions,
the net seasonal shiftis opposite tothatin Europe and North America:
between the dormant and growing seasons, more catchments transi-
tion from complex to intermediate (862 in Latin America and 630 in
Oceania) than fromintermediate to complex (279 and 174, respectively;
Fig. 3). Transitions from complex to intermediate generally occur
across southeastern South America and eastern and southeastern
Australia (Extended Data Fig. 4).

These results underscore the prevalence of rainfall-runoff com-
plexity across continents, covering both the majority of catchments
and the majority of land area, and reveal two contrasting seasonal signa-
tures: while most regions intensify towards complexity in the growing
season, a few shift the other way, towards intermediate behaviour.

Climatic and physiographic variables associated
with functional behaviour

The question stemming from our analysis then becomes: what cli-
mate and physiographic variables are associated with the three
functional classes? Comparisons of variable distributions across the
three functional classes of gauged catchments (Extended DataFig. 5),
together with the results of variable importance rankings from the
XGBoost machine learning classification trained on gauged catch-
ments (Supplementary Table 3), highlight the mostinfluential climatic,
geological, land cover and topographic controls on functional classi-
fication. Alllines of evidence converge on the same finding: climate is

the dominant control on catchment functional complexity, while land
cover, topography and geology fine-tune the response at local scales.
The strongest discriminator in both seasons is rainfall persistence
(RW;), ametric that captures the fraction of time in each season with
non-negligible rainfall and thereby indicates whether wetness condi-
tions were persistently wet or alternated between wet and dry states.
Simple catchments experience frequent non-negligible rainfall, main-
taining persistently wet conditions. Complex catchments, by contrast,
arecharacterized by the infrequent occurrence of non-negligible rain-
fall (Extended DataFig. 5). Simple catchments are also wetter overall,
withalower Al (median Al of =0.3) and higher long-term average P-AET
(median P-AET of =2 mm day™) compared with complex catchments
(median Al near1and median P-AET of 0.6 mm day™).

Land cover, including cropland and urban fractions, exhibits
strong importance, particularly for classifying functional behav-
iour during the growing season (Supplementary Table 3), with
increased human modification associated with greater complexity
(Extended DataFig. 5). Simple catchments are generally smallerinarea
thanintermediate and complex catchments (Extended DataFig. 5), with
catchment area playing a moderate role in distinguishing among the
three classes (Supplementary Table 3). Complex catchments tend to
exhibitgreater depth-to-bedrock thanintermediate catchments, which
may indicate greater subsurface storage capacity that can support
a wider range of antecedent wetness states, potentially making the
rainfall-runoffresponse more dependent on prior storage conditions.
Simple catchments tend to occur in steeper terrain that promotes
rapid runoff response and more efficient landscape-stream connec-
tivity (Extended Data Fig. 5). These findings explain why regional
patterns of functional behaviour largely align with broad climatic
gradients, while local exceptions emerge where land cover, geology
or topography appear to modulate storage, hydrologic connectivity
and runoff production.
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Seasonal transitions in functional behaviour are closely tied to
variability in rainfall persistence, captured here as seasonal variationin
RW..Supplementary Fig.10 shows that catchments transitioning from
complextointermediate inthe Southern Hemisphere (C-I) experience
increased rainfall persistence from the dormant to the growing season,
thereby sustaining wet state for longer and producing simpler runoff
responsesinthe growing season. By contrast, catchments shifting from
intermediate to complexinthe Northern Hemisphere (I-C) experience
an overall decline in rainfall persistence during the growing season,
leading to more time-variable wetness conditions. These patterns
reinforce the finding that rainfall persistence is the primary climatic
control on both seasonal classification (Supplementary Table 3) and
seasonal transition, with the direction of transition depending on
whether rainfall persistence increases or decreases across seasons.
Localgeology, land cover and topography may further modulate these
regional patterns, explaining why not all catchments within a region
follow the same trajectory.

Discussion and conclusions

Applicability and uncertainties of the classification

Our classification provides a globally scalable, data-driven diagnostic
of rainfall-runoff functional behaviour across rain-dominated catch-
ments. Several boundary conditions define where it can be applied
with confidence. First, the classification focuses on event-scale rain-
fall-runoffbehaviour, the component of the hydrograph that captures
most streamflow variability and governs floods, hydrologic connectiv-
ity and solute transport. The inter-event baseflow component is not
classified here, asitis generally smoother and less variable. As catch-
ment hydrologic function is expressed mainly through event-scale
responses™***°, the classification captures the most informative
component of streamflow behaviour, as confirmed by its ability to
explain full-hydrograph model performance (Supplementary Text 1
and Supplementary Fig. 11).

Second, the classification is restricted to rain-dominated catch-
ments (snow fraction <10%). Snow-dominated catchments are excluded
because their functional behaviour is governed by snowmelt-runoff
processes’, and reliable daily snowmelt observations/simulations
arenotavailable at the global scale. Including such catchments would
introduceinconsistent data quality and uncertain target labels, which
would reduce the robustness of machinelearning predictions acrossall
catchments®**, Rain-dominated catchments represent approximately
72% of the global land area below 60° N latitude, where the vast major-
ity of the world’s population, agriculture and water infrastructure are
concentrated (Supplementary Fig. 1), making the classification broadly
applicable at continental to global scales. Third, the classification does
not directly apply to catchments influenced by large dams (Methods;
Supplementary Text5), although it can provide abaseline characteriza-
tion of their underlying non-regulated behaviour.

Finally, while the classification is global, its regional reliability
depends on the availability of sufficient gauged catchments within
each functional class. Evaluation of model uncertainty (Methods;
Supplementary Table 5) confirms that precision and specificity are
consistently high, and classification uncertainty is low, across most
regions and classes. However, inregions where agiven class is sparsely
represented—notably the simple classin Africaandin Latin Americaand
the Caribbean—classification uncertainty is higher, and predictions of
the simple class in these regions should be interpreted with caution.
Reassuringly, when the classificationis collapsed to the binary framing
of complex versus non-complex, model performance is strong with
minimal uncertainty across all regions and both seasons, indicating
that the fundamental distinction between complex and non-complex
catchmentsis reliably resolved globally.

Within these conditions and uncertainties, the classification offers
actionable guidance for both model structural design and monitoring
network prioritization, as discussed in the following sections.

Implications for model structural design

Classifying catchments into functionally simple, intermediate and
complex types provides a practical foundation for hydrologic model
design. Our classificationreflects the degree of time-variancein catch-
ment hydrologic function as demonstrated by Sharif and Ameli*° for
asubset of gauged catchments used in this study: simple catchments
exhibit a near time-invariant rainfall-runoff functional relationship,
whereas complex catchments show strongly time-variant behaviour, in
which similar rainfallinputs can produce different responses. Taherian
and Ameli* mechanistically showed that this functional time-variance
arises because runoff-generation processes are spatially heterogeneous
withina catchment: different parts of the catchment operate through
different mechanisms, and the antecedent wetness state determines
which parts dominate atagiven event, so the effective catchment-scale
rainfall-runoff function varies between events.

This mechanistic picture translates directly into structural
choices for both flexible conceptual modelling platforms (for exam-
ple, FUSE*® and SUMMA®) and more recent hybrid physics-informed
deep learning models™ °. In complex catchments, the spatial mosaic
of runoff-generation processes motivates laterally distributed model
compartments, and antecedent-state-driven shifts inwhich processes
dominate motivate time-variant parameterizationin hybrid architec-
tures. Simple catchments, by contrast, can be adequately represented
withlumped, parsimonious models, and over-specifying their structure
risks equifinality®".

Our supplementary modelling experiment supports this directly
(Supplementary Text 1 and Supplementary Fig. 11). A lumped parsi-
monious conceptual hydrology model succeeds in simulating sim-
ple catchments but fails in complex ones, a structural failure that
no amount of calibration can overcome®”. Model complexity should
therefore be matched to functional behaviour, neither simpler than
necessary nor more complex than required, and our classification
provides a diagnostic to guide this choice. Supplementary Text 2 pro-
videsamore detailed discussion of how this classification guides model
design across modelling platforms.

Implications for monitoring network design

Our functional classification also guides where to install new gauges or
enhance existing networksinungauged and poorly gauged catchments
(Supplementary Text 3), with priority given to complex catchments,
whose underlying processes remain the least understood”®, Supple-
mentary Text 4 and Supplementary Figs. 12 and 13 reveal a mismatch
between the functional composition of experimental catchment net-
works—the proportion of simple, intermediate and complex sites they
contain—and the composition of the ungauged landscapes they are
meantto represent.In Europe, Asiaand Oceania, experimental sites are
roughly equally distributed between intermediate and complex catch-
ments, whilein the USA, intermediate experimental sites outnumber
complex ones by nearly two to one. Yet in all four regions, ungauged
catchments are overwhelmingly complex, particularly during the
growingseason. In Africaand Latin America, although the majority of
experimental sites are already complex, their small absolute numberis
insufficient to represent the full diversity of complexity that dominates
these regions. Closing the gap between where we observe catchment
behaviour and where complexity prevails is essential for building a
global hydrologic theory that represents the world’s catchments.

Towards acommon functional diagnostic for global
catchment hydrology

Our framework provides global, observation-based evidence that func-
tional complexity is the norm across rain-dominated catchments and
translates this empirical patterninto acatchment-level diagnostic that
assigns each gauged and ungauged catchment its functional type in
each season. It offers acommon language for comparing catchments
across regions and modelling traditions, a longstanding aspiration
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of comparative hydrology®*®, and provides actionable guidance for

two persistent challenges: identifying where models should account
for functional complexity®®*® and closing global gaps in streamflow
observation*’, Because the diagnostic is derived from data rather
than from any particular modelling tradition, it can inform the struc-
tural design of conventional conceptual models, flexible modelling
platforms, hybrid physics-informed deep learning architectures
and Earth system models. More broadly, it provides a foundation for
matching model structure to catchment functional behaviour and
for directing monitoring effort to where it is most needed. This can
help ensure that hydrologic models are neither simpler than neces-
sary nor more complex than required, while observation networks
prioritize under-represented catchments whose behaviour remains
least understood.

Methods
Gauged and ungauged study catchments and their attributes
We assembled overlapping daily streamflow and precipitation records
for non-regulated, rain-dominated gauged catchments distributed
across six continents (and 62 countries). These 4,306 study gauged
catchments spanned catchment areas from 0.25 km? to 232,850 km?.
The majority of catchments had at least 30 years of daily records over
1979-2020. Non-regulated catchments were identified by excluding
those containing large dams (Supplementary Text 5). We further com-
piled aglobal set of 77,585 ungauged, rain-dominated catchments with-
outstreamflow observations across 97 countries. All of these gauged and
ungauged catchments have catchment-averaged snow fractions below
10%, ensuring minimal snow influence (Supplementary Methods 1).
For each gauged and ungauged catchment, we derived a
common set of long-term catchment-scale predictor attributes
(Supplementary Table 1) spanning four domains: (1) long-term cli-
maticindices—Al, seasonality index, asynchronicity index, P-AET and
rainfall persistence indices computed separately for dormant and
growing seasons, (2) topographic attributes—median topographic wet-
nessindex (TWI), meanslope, topographic ruggednessindex, and the
shape andscale parameters of gammadistributions fitted to pixel-scale
topographic attributes, capturing within-catchment topographic het-
erogeneity, (3) geologic attributes—median depth to bedrock and the
two most prevalent lithological classes and (4) land cover fractions of
bareearth, urban, forest and cropland. Dormant and growing seasons
were identified from satellite-derived phenological transition dates,
and rainfall-runoffevents were tagged accordingly. Full details of data
sources and derivation of climatic, topographic, geologic and land
cover attributes are provided in Supplementary Methods 1.

Functional classification of gauged catchments

Classification of gauged catchments into simple, intermediate and
complex typeswas performed in two steps. First, we extracted storm-
flow (or runoff) events separately for the dormant and growing seasons.
Second, we applied linear and segmented-linear regression models
tothe event data, assigning each catchment to abehavioural class for
each season.

Event identification of gauged catchments. We followed the
event-detection approach of the ref. 30, which employs detrended
moving-average cross-correlation analysis’ on daily rainfall and
streamflow time series. Events were defined by two parameters—mini-
mum rainfall intensity (R,;,) and maximum moving-average window
length (L,,,,)—for whichwe used R,;, =1.2 mmday™andL,,,, = 16 days.
Sensitivity tests conducted in ref. 71 indicate that behavioural classi-
fication s largely insensitive to these settings. After initial detection,
we filtered out: (1) events with runoffratios >1, (2) events shorter than
1day or longer than 15 days and (3) catchments with fewer than 15
eventsinaseason. Thisyielded 947,991 dormant-season and 1,082,578
growing-season events across gauged catchments.

Classification criteria of gauged catchments. Our classification
builds on the framework proposed by Dooge*®, who suggested that
catchment functional behaviour canbe viewed as the superposition of
deterministic and stochastic components. When the deterministic part
dominates, the catchment behaves with a functionality proximate to
the domain of deterministic organized simplicity; when the stochastic
part dominates, the system follows unorganized complex functional
behaviour. Following hislead, and building upward from the simplest
functional form as recommended by Dooge’?, we use the R? of the
linear regression between event rainfall volume and runoff volume
as the metric that reflects the competition between deterministic (or
simplicity) dominance and stochastic (or complexity) dominanceina
catchment’s rainfall-runoffrelationship.

For each catchment and season, we regressed event-scale rainfall
volume against runoff volume. Catchments with a (single segment)
linear fitof R 0.75were labelled as simple, reflecting a consistent rain-
fall-runoffrelationship in which the deterministiccomponent clearly
dominates. Those with R of linear fit between 0.50 and 0.75 or those
exhibiting strong threshold behaviour were classified asintermediate.
The strong threshold behaviour was identified via segmented-linear
regression analysis: statistically significant breakpoint(s) were
detected via a score test”, and up to three segments (or two break-
points) were iteratively fit. If the segmented model achieved R?> 0.75,
the catchment was classified asintermediate, indicating threshold-like
behaviour. Note that we also evaluated the validity of the nonlinear
sigmoid function™ in explaining the rainfall-runoff relationship.
However, no catchment showed strong validity (R*> 0.75) of such a
functional form beyond what was identified using a segmented-linear
model. Catchments failing both criteria (linear R?< 0.50 and segmented
R*<0.75) were deemed complex, indicating that stochastic dynamics
overwhelm the deterministic signal, suggesting temporally inconsist-
entrainfall-runoff behaviour.

The R*> 0.75 threshold for simplicity is conservative—substantially
higher than thresholds used in previous works to characterize simplic-
ity of runoff generation (for example, Ross et al.” used an R* threshold
of 0.45). This conservatism is deliberate: a stricter threshold ensures
that only catchments with clearly dominant deterministic behaviour
arelabelled as simple, reducing the risk of misclassification that could
propagate through the machine learning model and compromise the
model’s predictionsin ungauged catchments. Median R*values confirm
clear separation among the three classes: in the dormant (growing)
season, simple catchments exhibit a median linear model R*= 0.80
(0.79), intermediate catchments exhibit a median segmented-linear
model R?=0.80 (0.80), while complex catchments exhibit weak linear
or segmented-linear relationships (median R?«0.5).

Jackknife resampling analysis for evaluating classification robust-
ness of gauged catchments. To evaluate the robustness and certainty
ofthe functional classification of gauged catchments, we performeda
jackkniferesampling analysis for each gauged catchment and season. In
eachround, 80% of theidentified runoff events were randomly selected
without replacement, and the regression-based classification proce-
dure described in the previous section was repeated on this reduced
sample—thatis, the linear and segmented-linear models were refit, R?
values were recomputed and the functional class (simple, intermediate
or complex) was re-assigned using the same thresholds. This process
wasrepeated 100 times per catchment per season, yielding adistribu-
tion of classifications across 100 resamples. The certainty of the origi-
nal classification was then quantified as the fraction of the 100 rounds
in which the assigned functional class matched the class obtained
using the original full samples of events. A high certainty percentage
indicates that the classification is stable, not driven by specific event
subsets or outliers, and that the R* thresholds used for classificationare
robust giventhe underlying data. Alow percentage would suggest that
the catchment’s R? values fluctuate across the threshold boundaries
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under resampling, indicating that the classification is highly sensitive
to selected thresholds for that particular catchment.

Theresults demonstrate high classification robustness across all
three functional classes in both seasons (Supplementary Table 4). In
the dormant season, the median certainty was 98% for simple, 96% for
intermediate and 100% for complex catchments. In the growing season,
median certainty was 86% for simple, 92% for intermediate and 100%
for complex catchments. The 25th percentile (Q25) values remained
above 84% (78%) in all classes of dormant (growing) seasons, indicating
that even the least stable catchments retained their classification in
thelarge majority of resampling rounds. Complex catchments exhib-
ited the highest stability, with a Q25 value of 96% (dormant) and 98%
(growing), reflecting the strong separation of these catchments from
the R? thresholds. Overall, these results confirm that the three-class
classification is robust to subsampling, that assigned labels are not
artifacts of particular event subsets and that the R? thresholds deline-
ate stable, meaningful boundaries in the data.

Machine learning-based extrapolation framework for
ungauged catchments classification
Predictor-space transferability assessment. Before training and
applyingamachine learning classifier to extrapolate functional classes
to ungauged catchments, it is essential to verify that the ungauged
catchments reside within the same region of predictor space as the
gauged training catchments. Without such verification, the classi-
fier may be applied to catchments whose attribute combinations fall
outside the training domain, leading to unreliable extrapolation. To
assess this, we performed a density-based clustering analysis using
the DBSCAN algorithm”, which identifies dense regions in mul-
tidimensional predictor space and labels points in sparse areas as
noise, without requiring a predefined number of groups. All gauged
and ungauged catchments were projected into the same predictor
space defined by the predictor variables used in the XGBoost model
(Supplementary Table 1), and DBSCAN was applied separately for
dormant and growing seasons across 12 trials, each with a different
DBSCAN parameter combination to ensure that the conclusions are not
sensitive to parameter choice (see Supplementary Text 6 for details).
The results demonstrate strong predictor-space overlap
between gauged and ungauged catchments in both seasons
(Supplementary Fig. 14). The primary transfer domain—the
well-sampled region where both gauged and ungauged catchments
aredensely represented—consistently contained the majority of both
gauged (median ~-67%) and ungauged (median ~-83%) catchments
across all 12 trials. Notably, gauged catchments were more likely to
be classified as noise than ungauged ones, indicating that the train-
ing data covers a slightly wider territory in predictor space than the
prediction domain. No sparse training domain was identified in any
dormant-season trial, and it appeared in only 1 of 12 growing-season
trials. These results confirm that the XGBoost model will predomi-
nantly beinterpolating within its well-sampled training domain when
applied to ungauged catchments (see Supplementary Text 6 for
detailed results).

XGBoost model algorithm. We used gradient-boosted decision trees
(XGBoost) to predict the catchment’s functional class for each season
from physiographic and climatic predictor variables. XGBoost con-
structs an ensemble of shallow decision trees by sequentially fitting
each new learner to the residuals of the preceding model, utilizing a
learning rate and subsampling to manage the bias-variance trade-off™.
Model development followed a multistage process. First, we conducted
200 trials for each season, randomly partitioning the gauged catch-
mentsinto training and testing sets at 70/30 (100 trials) and 80/20 (100
trials) ratios to assess sensitivity to the training sample size. Within
each trial, fivefold stratified cross-validation was used to monitor mul-
ticlass log-loss and identify the optimal number of boosting rounds.

To prevent overfitting, we implemented early stopping with a patience
of 20 rounds of stagnant validation loss, with a maximum cap of 100
boostingiterations.

Key hyperparameters were identified throughapreliminary hyper-
parameter search by minimizing cross-validated log-loss: anetaof 0.3,
amaximum tree depth of 8and a subsample ratio of 0.6 yielded the best
cross-validated performance for both dormant and growing-season
models. These parameters were then fixed across all 200 trials for
each season. For each trial, model performance was evaluated on the
held-out test set, and the model’s performance metrics were quantified
across the global dataset and within each region (see below).

XGBoost model predictor variables (inputs). Predictor variables
comprised long-term climatic, topographic, geological and land cover
attributes (Supplementary Methods 1 and Supplementary Table 1),
each of which is known to influence water balance and catchment
storage-release processes. Climatic inputs included aridity, asyn-
chronicity index, P-AET and rainfall persistence indices. Topographic
metrics captured average slope, TWland distributional heterogeneity
via gamma-fit parameters for slope, TWI, elevation and topographic
ruggednessindex. Geological descriptors comprised the two dominant
lithology classes and median depth to bedrock. Land cover variables
included the percentages of the catchment area as cropland, urban,
forest and bare-earth cover. Once the models were developed for the
gauged catchments, we used the same set of predictor variables for the
ungauged catchments to classify each ungauged catchment during
both dormant and growing seasons.

Evaluation of the XGBoost model performance and uncertainty.
We evaluated how well the machine learning-based seasonal classifi-
ersrecover the ground-truth functional labels of gauged catchments
using two complementary metrics: precision—the share of catchments
predicted asagiven class that truly belong to that class—and specific-
ity—the share of catchments not in a given class that are correctly
recognized as such. For eachclass i

TruePositives;
TruePositives; + FalsePositives;

Precision; =

while specificity is

True Negatives;
True Negatives; + False Positives;

Specificity; =

In these equations, true positives and false positives refer to
correctly and incorrectly predicted behavioural classes based on
ground-truth data, respectively. True negatives are catchments truly
not belonging to class i that are correctly predicted as not belonging
to it. This pair of metrics provides an intuitive readout of errors on
bothsides—falseinclusions (precision) and false exclusions (specific-
ity)—whichis particularly helpfulina multiclass setting where adjacent
classes may exhibit similar hydrologic characteristics (for example,
simple versusintermediate). Forillustration, a precision of 80% for the
simple class means that 80% of catchments predicted as simple were
truly simple based on ground truth. Specificity, in turn, measures how
wellnon-targets arerejected: aspecificity of 80% for the complex class
indicates that 80% of truly non-complex catchments (simple or inter-
mediate) were correctly identified as non-complex; similarly, a speci-
ficity of 95% for the simple class means that 95% of truly non-simple
catchments (intermediate or complex) were correctly identified as
non-simple, with only 5% misclassified as simple.

We reported both metrics for the three-class problem (simple,
intermediate and complex) and for a binary framing that separates
catchments with the dominance of stochasticity (complex) from more
deterministic catchments (non-complex: simple and intermediate).
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To aid interpretation, we adopted problem-agnostic benchmarks
fromthe classifier-evaluationliterature. For three-class classification,
eachclass precision and specificity values >60% are acceptable, >70%
are strong and >85% are excellent—reflecting the added difficulty of
multiclass separation when adjacent classes are not sharply separated
(for example, simple versus intermediate). For the binary complex
versus non-complex task, >70% is acceptable, >80% strong and >90%
excellent. These ranges accord with general guidance for classifier
assessment under class imbalance and overlapping class characteris-
tics, which caninflate misclassification rates””,

For withheld test catchments not used in model training, the
dormant-season binary split (complex versus non-complex) yields
precision of 0.84 for complex and 0.75 for non-complex, with
specificity between 0.74 and 0.84 (Supplementary Table 2). The
growing-season binary split yielded a precision of 0.84 for complex
and 0.69 for non-complex. For the three-class problem on withheld
test catchments, all dormant- and growing-season metrics remain at
>0.60, with complex class precision equal to 0.84 during both seasons
(Supplementary Table 2).

Beyond this global assessment, we examine how model perfor-
mance and uncertainty vary across regions. We reported precision
and specificity for each region and functional class across the 200
cross-validation trials (Supplementary Table 5). We quantified classi-
fication uncertainty by the spread between the Q25 and 75th percentile
(Q75) of precision and specificity across the 200 trials: narrow spreads
combined with high median values for a given class indicate low clas-
sification uncertainty, while wide spreads or low median values for a
classindicate that the model’s ability to reliably identify the given class
inthatregionis uncertain. Low classification uncertainty implies that
the model can be confidently used to regionalize functional classes
to ungauged catchments in that region, whereas high classification
uncertainty indicates that regionalized predictions for the affected
class should be interpreted with caution.

In Europe, North America and Oceania, precision and specificity
are consistently highwith low classification uncertainty across all three
functional classesin both seasons (Supplementary Table 5). In Europe,
dormant-season median precision ranges from 0.88 (simple) to 0.96
(complex), with Q25 values of precision and specificity remaining above
0.86 and 0.90 across all classes. Growing-season performance was
similarly strong, with complex catchments achieving a median preci-
sion of 0.98 and simple catchments maintaining amedian precision of
0.91.InNorth America, dormant-season median precision exceeds 0.82
forall classes, with Q25-Q75 differences typically less than 0.05. In the
growing season, complex and intermediate classes maintain median
precision above 0.87 with narrow Q25-Q75 ranges, and simple catch-
ments achieve amedian precision of 0.79 (Q25 of 0.71) with specificity
of1.00. Oceania exhibits comparable performance, with median pre-
cisionranging from 0.77 to 0.90 across classes in the dormant season
and remaining above 0.79 in the growing season.

By contrast, Africa and Latin America and the Caribbean show
strong performance for complex and intermediate classes but
higher classification uncertainty for the simple class. In Africa, the
dormant-season simple class has amedian precision of only 0.50 with a
Q25-Q75range of 0.50-0.63, and in Latin America and the Caribbean,
amedian of 0.60 with a Q25-Q75 range of 0.50-0.70. These moder-
ately low median values and wide ranges indicate that predictions
of simplicity in these regions are not as reliable as in other regions
and classes—the model’s ability to correctly identify simple catch-
ments varies across trials, indicating higher classification uncertainty
and suggesting that regionalization of the simple class to ungauged
catchments in these regions should be interpreted with caution. In
the growing season, this uncertainty persists for the simple class: in
Latin America and the Caribbean, median precision is 0.80 with an
interquartile range of 0.20, and in Africa, the median is 0.75 with an
interquartile range of 0.31. These wide ranges contrast sharply with the

narrow Q25-Q75 spreads of less than 0.05 observed for the same class
inEurope and NorthAmerica, and probably reflect the genuine scarcity
of simple catchmentsin these predominantly complex regions rather
thanadeficiency inthe model. Importantly, when the classificationis
collapsed toabinary framing (complex versus non-complex), median
precision exceeds 0.79 and specificity exceeds 0.75 with minimal
interquartile ranges across all regions and both seasons, confirming
that the model reliably distinguishes complex from non-complex
catchments globally.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

A comprehensive dataset—including daily streamflow and climate time
series used to delineate runoff (stormflow) events across gauged catch-
ments, the event catalogue itself and detailed physical and climatic
attributes for both gauged and ungauged catchments—is available via
Figshareat https://figshare.com/s/24fca5b7d89829035ff1 (ref. 79). The
package includes a README that documents each dataset.

Code availability

The codefor the trained model used to extrapolate functional classes
to ungauged catchments is available via GitHub at https://github.
com/h-sharif/stormflow-behavior. Itincludes an R script for executing
the notebook, along with the R Markdown notebook itself. AREADME
intherepository outlines the file structure and provides instructions
for reproducing the results. In addition, global interactive maps of
functional classes (both seasons) for 77,585 ungauged catchments ana-
lysedin this study are available via GitHub at https://h-sharif.github.io/
stormflow-behavior. Finally, auser-friendly computer applicationthat
classifies catchments from uploaded boundary polygons—returning
season-specific labels—has been compiled and is available at https://
rainfall-runoff.eoas.ubc.ca/.
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Extended Data Fig. 2 | Functional complexity prevails in gauged catchments
during the growing season. (a) Global distribution of simple (blue),
intermediate (green), and complex (red) behavioral classes among gauged
catchmentsin the growing season. (b-e) Continental insets of functional
classes covering Latin America and the Caribbean, Europe, North America,

and Oceania. South and Central America: complexity dominates, with dense
clusters of intermediate systems across southeastern South America. Europe:
widespread complex behavior across France, Germany, Denmark, Ireland, and

the southeastern UK; simple and intermediate catchments remain confined

to small parts of the western and northern UK. North America: a pronounced
shift toward complexity dominance in the eastern U.S. from dormant to

growing season. Oceania: complexity dominates, with intermediate patches in
southeastern Australia and simple patches in Tasmania. Credit: basemaps, Esri,
TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors and the GIS
User Community.
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Extended Data Fig. 5| Climate dominates functional behavior, with
topography, land cover, and geology fine-tuning regional patterns. Boxplots
compare the distributions of key climatic and physiographic variables among
simple (S, n=183), intermediate (I, n =1,464), and complex (C, n = 2,659) gauged
catchments during the dormant season. In each boxplot, the center line indicates
the median; box bounds indicate the 25th and 75th percentiles; and whiskers
extend to the most extreme data points within 1.5 x the interquartile range

from the box; databeyond the whiskers are not shown. Pairwise comparisons
were performed using two-sided Wilcoxon rank-sum tests. Because most
p-values fall below the numerical precision of the test, significance is reported
by threshold rather than as exact values (p > 0.05: ns; p < 0.05:*; p < 0.01: **;

p <0.001: **; p < 0.0001: ***). Rainfall persistence indices (RWsand RW,;),
which capture the fraction of time in each season with non-negligible rainfall,
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show the strongest separation, with simple catchments persistently wet,
complex catchments more variable, and intermediate catchments falling in
between. Aridity Index (Al) and effective precipitation (P-AET) provide measures
of overall water availability, again separating wetter simple catchments from
drier complex ones. Topographic, geologic, and land cover variables refine this
climatic template. Simple catchments are generally smaller than intermediate
and complex catchments. Complex catchments have greater depth to bedrock
thanintermediate catchments, and simple catchments tend to occurin

steeper terrain. Land cover attributes further modulate functional behavior:
catchments with higher percentages of cropland and urban cover tend to exhibit
greater functional complexity. The variables shown here are among the most
important predictors of catchment classification identified by the XGBoost
machine-learning model (see Supplementary Table 3).
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Muggeo, V. M. R. Testing with a nuisance parameter present only under the alternative: a score-based approach with application to
segmented modelling. J. Stat. Comput. Simul. 86, (2016).

3- Machine learning model development for extrapolation of functional classes was conducted using the publicly available and executable
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Study description We developed and applied a globally scalable classification framework to characterize rainfall-stormflow functional relationships in
both gauged and ungauged natural basins. The framework assigns basins into three behavioral classes (simple, intermediate,
complex) using event-scale rainfall-runoff relationships, evaluated separately for dormant and growing seasons. The study comprises
gauged catchments (experimental units), each with more than 30 years of continuous daily rainfall and streamflow records, providing
millions of stormflow events that serve as replicates.

Research sample Our research sample comprises 4306 rain-dominated gauged catchments distributed across six continents (62 countries). Because
the study aims to diagnose rainfall-stormflow functional behavior, we restricted analyses to rain-dominated basins and excluded
non-rain-dominated (snow-dominated) systems using a catchment-average snow fraction <10% (computed from the proportion of
days with air temperature <0 °C). To isolate natural behavior, we further screened for minimal Dam regulation (no major dams). Each
included catchment has >30 years of daily precipitation and streamflow records (typically ~1979-2020). The sample is intended to
represent non-regulated rain-dominated drainage basins globally; it supports model training/validation and subsequent extrapolation
to ungauged, rain-dominated catchments. Streamflow came from national and international archives (e.g., GRDC and CAMELS family
datasets), and climate drivers from gridded reanalyses/products as detailed in the manuscript’s supplementary document.

Sampling strategy We assembled all available gauged basins that met our pre-set inclusion criteria (rain-dominated, non-regulated) across the global
archives described in the supplementary docuemnt. No statistical method was used to predetermine sample size; instead, we
maximized coverage subject to these filters to ensure representativeness. The resulting 4306 catchments span six continents and
cover wide gradients in climate, geology, and topography (see Table S1). This breadth provides both statistical power (with more
than 2 million identified stormflow events across seasons) and geographic and physiographic diversity sufficient to train and validate
robust season-specific classifiers and to justify extrapolation to the ungauged, rain-dominated catchments analyzed.
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Data collection Streamflow and meteorological data for gauged catchments were drawn from public domain hydrometric archives (e.g., CAMELS,




Data collection GRDC datasets and national agencies). Event extraction and attribute derivation followed a standardized algorithm applied across all
catchments. Ungauged basin attributes (climatic, topographic, geologic) were derived from globally available datasets (e.g., EM-
Earth, global DEMs, lithological maps)

Timing and spatial scale  Compiled data spans 1970-2020, with most gauged records covering 1979-2020. Daily time series of rainfall and streamflow were
used to identify more than 2 million stormflow events across gauged basins. Spatially, the study covers six continents (North America,
South America, Europe, Africa, Asia, Oceania), with catchment sizes ranging from <10 km? headwaters to >10,000 km? regional
basins. Seasonal classification was performed separately for dormant and growing seasons within each hemisphere.

Data exclusions Catchments were excluded if they (i) were not rain-dominated, (ii) showed evidence of reservoir or dam regulation. These inclusion/
exclusion criteria were pre-established to isolate non-regulated, rain-dominated catchment behavior and to ensure data quality—a
routine and widely accepted practice in hydrology and water resources.

Reproducibility Reproducibility was ensured by (i) applying a consistent workflow to all catchments worldwide, (ii) using standardized and publicly
available datasets, and (iii) validating machine learning models with cross-validation and independent test sets. Supplementary HBV
modeling further independently verified the classification framework’s accuracy, showing consistent differences in model adequacy
across functional classes. All datasets, code, and interactive classification maps are publicly available, allowing independent
replication of our analyses
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Randomization Randomization is not applicable in this study. Our work is based on existing hydrometric and climatic datasets rather than
experimental allocation of samples. Catchments were not randomly assigned to groups but instead classified into functional
categories (simple, intermediate, complex) according to their observed rainfall-runoff relationships.

Blinding Blinding is not relevant in this study. All analyses were conducted using publicly available streamflow, climate, and catchment
attribute datasets. The classification framework was applied algorithmically without subjective interpretation, and the evaluation
metrics (precision, specificity) were computed automatically.

Did the study involve field work? []ves X No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a 7 Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines [] Flow cytometry
Palaeontology and archaeology [ ] MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Plants

Seed stocks item is not relevant to our study

Novel plant genotypes  item is not relevant to our study

Authentication item is not relevant to our study
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